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We propose a theory of how market power affects wage inequality. We ask how
goods and labor market power jointly determine the level of wages, the skill premium,
and wage inequality. We then use detailed microdata from the U.S. Census Bureau
between 1997 and 2016 to estimate the parameters of labor supply, technology, and
the market structure. We find that a less competitive market structure lowers the aver-
age wage of high-skilled workers by 11.3%, and of low-skilled workers by 12.2%, con-
tributes 8.1% to the rise in the skill premium, and accounts for 54.8% of the increase
in between-establishment wage variance.
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1. INTRODUCTION

WAGE INEQUALITY IN THE UNITED STATES has risen sharply since the 1980s. The skill
premium, the ratio of the average wage of workers with college education or more over
the average wage of workers with up to a high school education, has risen from 50%
in 1980 to nearly 100% in recent years.1 Furthermore, recent work has highlighted the
significant role played by heterogeneous firms in shaping the evolution of wage inequality.
Most of the rise in wage inequality is due to the increase in between-firm inequality.2 Over
the same period, there has been a corresponding rise in market power.3
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In this paper, we set out to answer the question: How does market power affect wage
inequality? The answer to this question has far-reaching welfare implications and is not
merely an intellectual curiosity. If we attribute a substantial role to market power, then
absent other frictions, wage inequality is inefficient—there is too much inequality—and
there is a role for inequality-reducing policy that is Pareto improving and that raises wel-
fare for all. Instead, if there was no market power, the amount of wage inequality would
be Pareto efficient and there would only be a role for policy based on equity grounds and
redistribution, without any scope for efficiency enhancing intervention.4

The starting point of our analysis is the canonical supply and demand framework of
Katz and Murphy (1992), which we augment in two dimensions. First, we depart from the
representative firm framework and explicitly account for the role of firm heterogeneity
in technology. This setup permits us to study the evolution of wage inequality within and
between establishments. Second, our economy incorporates oligopolistic output markets
as well as oligopsonistic labor markets with heterogeneous markups and markdowns that
are determined endogenously. In doing so, we develop a tractable, quantitative general
equilibrium model where a finite number of firms, each owning a set of heterogeneous
establishments, compete in a market. This allows us to measure the macroeconomic im-
plication of market power on the level of wages as well as wage inequality. To the best
of our knowledge, this is the first paper to study the implications of firm heterogeneity,
output market power, and input market power on wage inequality.

Each of these two modifications is crucial for the results we get. First, we adjust the tech-
nology with the objective to build a model that can account for the heterogeneity of skill
ratios across establishments that we see in the microdata. To that effect, we assume a non-
Hicksian, Constant Elasticity of Substitution (CES) production function where each es-
tablishment has skill-specific productivities. For example, some establishments are highly
productive with low-skilled workers but not the high-skilled (cleaning and security com-
panies, for example); other establishments are disproportionately productive with high-
skilled workers (such as biotech firms); and yet other establishments are productive with
workers of both skill types.

Second, those firms owning heterogeneous establishments exert market power by com-
peting in both goods and labor markets with few competitors. Our setup builds on Atke-
son and Burstein (2008) to model the goods market and on Berger, Herkenhoff, and
Mongey (2022) for the labor market, where the market structure crucially depends on a
finite number of firms competing in a market. Our theoretical and computational con-
tribution is to solve the structural model with both goods and labor market power. This
gives rise to endogenous, establishment-specific markups and markdowns; therefore, mar-
ket power in our setup depends not only on the (a) household substitutability/preference
parameters but also on (b) the market structure as well as on (c) the dispersion of the
technology among competitors. Employment of high- and low-skilled workers, together
with their wages, is determined in general equilibrium.

Market power in the input and the output market has implications for both the wage
levels and wage inequality. On the one hand, the presence of monopsony power induces
firms to hire workers at wages lower than their marginal revenue product. On the other
hand, even output market power has implications for wages. A firm with market power in

4While market power is the only source of inefficiency in our framework, in reality there are other poten-
tial sources of inefficiency that increase wage inequality and reduce welfare, such as market incompleteness,
uninsurable wage volatility, risk, and frictional reallocation of labor brought about by biased technological
change.
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the output market sets its price above its marginal cost. This higher price, in conjunction
with a downward sloping product demand curve, implies that the equilibrium quantities
demanded are lower, which in turn reduces the demand for labor. Therefore, through
a general equilibrium effect, wages decline when economy-wide output market power
increases.

We estimate each of these determinants of market power using rich establishment-level
data from the U.S Census Bureau. We combine data from the U.S. Longitudinal Busi-
ness Database (LBD) and the Longitudinal Employer-Household Dynamics (LEHD) to
construct a database that contains establishment-level employment, wages, and revenue
between 1997 and 2016.

One of the main novelties of our approach is that we estimate a stochastic model of the
market structure jointly with the technology. Since it is virtually impossible to measure
directly how units of input are transformed into quantities of output, it is common prac-
tice to use the structure of a model in conjunction with observables in production such
as input expenditures and revenues to estimate unobservable technology. Similarly, at a
macroeconomic level, it is impossible to measure how firms compete, how many competi-
tors there are, and who competes against whom. Therefore, we take a similar approach
to the estimation of the market structure as we do to the estimation of technology. Our
model shows a systematic relationship between market structure, revenue, and the wage
bill. Both revenue and the wage bill are directly observed in our data. We exploit this
structural link by relying on a stochastic model of competition to estimate the market
structure.

Our approach of randomly assigning establishments within an industry to compete is
a clear shortcut to the standard Industrial Organization (IO) approach that diligently
measures and models the identity of the competitors, how they compete, what actions they
take, and which prices they set. Unfortunately, we cannot apply a similar approach to the
macroeconomy with a vast variety of industries, markets, and technologies. For example,
the market for dry-cleaning services or coffee shops is a neighborhood block, whereas for
a furniture retailer like IKEA it is the entire metropolitan area. Our stochastic approach
to measuring the market structure is therefore more akin to measuring the economy-wide
Solow residual via growth accounting than to the direct measurement of the number of
cars produced per worker in an assembly plant.

The main results from our estimation are the following. First, our estimates of market
structure highlight declining competition, as measured by the decline in the estimated
number of firms competing in a market, which results in an increase in market power.
The implied markup distribution shows a sharp increase in the upper tail and a rise in
the sales-weighted markup from 1.682 to 2.160 between 1997 and 2016. Meanwhile, the
markdowns for high-skilled and low-skilled workers is virtually unchanged, with a very
modest increase from 1.420 to 1.435 and 1.419 to 1.437, respectively. Second, and con-
sistent with the existing literature, we find strong evidence of Skill-Biased Technological
Change (SBTC).

In our counterfactual exercise, we find that a change in the market structure accounts
for 8.1% of the increase in the aggregate skill premium and 54.8% of the increase in
between-establishment inequality. Furthermore, we find that the decline in competition
leads to a decline in average wages for high-skilled workers by 11.3% and for low-skilled
workers by 12.2% relative to their 1997 values.5 Consistent with Katz and Murphy (1992),

5In related work, De Loecker, Eeckhout, and Mongey (2021) and Deb, Eeckhout, Patel, and Warren (2022)
found similar effects on the wage level from an increase in market power.
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we also find strong evidence of SBTC’s contribution to aggregate skill premium and wage
inequality even when firms are heterogeneous.

We interpret our exercise also as an attempt to explain the fall in the labor share. Ex-
planations for the declining labor share proposed in the literature include: 1. the rise in
firm product market power (De Loecker, Eeckhout, and Mongey (2021)); 2. the rise in
labor market power (Berger, Herkenhoff, and Mongey (2022)); 3. automation and tech-
nological change (Acemoglu and Restrepo (2019), Karabarbounis and Neiman (2014));6

4. increasing firm inequality with reallocation towards superstar firms (Autor, Dorn, Katz,
Patterson, and Van Reenen (2020)); 5. rent sharing and the decline in the share accruing
to labor due to the demise of unions (Stansbury and Summers (2020)). Our model incor-
porates elements of each of these explanations with the exception of rent sharing as we
do not explicitly model bargaining over surplus.7 Our quantitative exercise produces esti-
mates regarding the contribution to the labor share of product and labor market power (1.
and 2.), the distribution of technologies (3.), and how they evolve over time. Since market
power and the distribution of technologies determines the equilibrium firm size distribu-
tion and how it evolves over time, our analysis also includes the rise of firm inequality
(4.).

Related Literature

A growing literature highlights the role of firms and establishments in the rise of wage
inequality.8  Song et al. (2018) showed the increase in the dispersion of earnings between
firms accounts for two thirds of the increase in wage inequality in the U.S. Similarly, Barth
et al. (2016) found that much of earnings inequality is due to increased dispersion of earn-
ings among establishments. In our setup, in addition to the role of increasing technologi-
cal differences between establishments in affecting wage inequality, we have skill-specific
wages that vary by establishment due to monopsony power. As a result, while changes in
technology will have profound implications for wage inequality, our setup also allows us
to study how the extent of competition or market structure in the economy affects within-
and between-establishment inequality.9

Our model takes into account both output and input market power and is complemen-
tary to the recent literature that examines its role in explaining firm and/or worker-level
rents (Kroft, Luo, Mogstad, and Setzler (2023), Lamadon, Mogstad, and Setzler (2022)),
as well as the role of technical change and imperfect competition in the labor market
on inequality (Lindner, Muraközy, Reizer, and Schreiner (2022)). The main feature of
our model is that markups and markdowns are variable and endogenous, as in Atkeson
and Burstein (2008), Melitz and Ottaviano (2008), Edmond, Midrigan, and Xu (2015),
Edmond, Midrigan, and Xu (2023), Amiti, Itskhoki, and Konings (2019), De Loecker,
Eeckhout, and Mongey (2021), and Baqaee and Farhi (2019) for markups, and Berger,

6Technological change includes the changing price of capital in the presence of capital-skill complementarity
as in Krusell, Ohanian, Ríos-Rull, and Violante (2000).

7In our model, declining union membership is likely to be captured either by our estimates of labor substi-
tutability or by the technology parameters.

8See Card, Heining, and Kline (2013) for Germany; Barth, Bryson, Davis, and Freeman (2016) and Song
et al. (2018) for the United States; and Håkanson, Lindqvist, and Vlachos (2021) for Sweden. See also Cortes
and Tschopp (2023) who argued that an increase in the price sensitivity of consumer demand can lead to an
increase in between-firm wage inequality.

9Our method using firm-level technologies builds on Patel (2021), who relied on similar tools to analyze job
polarization in France.
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Herkenhoff, and Mongey (2022) and Azkarate-Askasua and Zerecero (2024) for mark-
downs. Our paper is also related to work on both input and output market power as in
Azar and Vives (2021) and Tong and Ornaghi (2022). In our framework, markups and
markdowns are heterogeneous and the distribution of productivities has aggregate im-
plications as in the literature on the granular origins.10 A key innovation of our model
is to solve for heterogeneous markups and markdowns jointly with strategic interaction
while allowing for rich heterogeneity in the productivity distribution, in general equilib-
rium. Finally, our work is also related to estimation of markups and markdowns as in De
Loecker, Eeckhout, and Unger (2020), Hershbein, Macaluso, and Yeh (2022), Kirov and
Traina (2022), Tortarolo and Zarate (2018), and Mertens (forthcoming).

One of the challenges of the framework proposed by Katz and Murphy (1992)—which
assumes perfectly competitive labor and output markets, an aggregate production func-
tion with a representative firm, and technological change as the sole driver of wage
inequality—is that it does not easily account for the decline or stagnation of real wages.
In the last decades, wages for the lowest skilled workers have fallen. SBTC increases the
demand for skills, and if SBTC means that there is technological progress—skilled work-
ers do not only become more productive relative to unskilled workers, all workers become
more productive in absolute terms—this must necessarily lead to an increase in real wages
for all, though relatively more so for the high skilled. It is unlikely that technology has re-
gressed and workers have become less productive, especially in the current decades of fast
technological innovation. In a model with rising market power, the general equilibrium
effect on wages naturally results in a decline in real wages, which is possible even if there
is an increase in labor productivity.

In addition to our explanation based on the rise of market power, complementary work
has focused on the role of technological change in a competitive setting to explain the fall
in real wages relative to productivity and the rise of skill premium. Those explanations
build not only on a change in Total Factor Productivity (TFP), but also posit changes in
the output elasticities of labor, particularly of low-skilled labor, often due to changing
capital prices or automation.11 Specifically, Krusell et al. (2000) showed how increased
capital intensity by firms directed to high-skilled workers can raise the marginal product
of high-skilled workers relative to that of low-skilled workers, leading to an increase in the
skill premium. In recent work, Acemoglu and Restrepo (2022) showed how changes in au-
tomation and task displacement can account for changes in the U.S. wage structure and
explain the rise of skill premium.12 We view these approaches with competitive markets as
complementary to our explanation based on market power. Our main innovation relative
to these papers is to highlight the additional channel of market power (both in the output
and labor markets) that can simultaneously rationalize stagnating wages and an increase
in wage inequality without technological regress. While we do not explicitly model inter-
action between capital and labor (as in Krusell et al. (2000)) or automation of tasks (as
in Acemoglu and Restrepo (2022)), technological differences across producers and their
change over time play a central role in the evolution of market power. In addition to these

10See Gabaix (2011), Grassi (2017), Baqaee and Farhi (2019), Acemoglu, Carvalho, Ozdaglar, and Tahbaz-
Salehi (2012), Carvalho and Tahbaz-Salehi (2019), Carvalho and Grassi (2019), and Burstein, Carvalho, and
Grassi (2020).

11See Krusell et al. (2000), Acemoglu and Restrepo (2018), Acemoglu and Restrepo (2019), and Acemoglu
and Restrepo (2022).

12In Krusell et al. (2000), low-skilled wages may decline due to declining price of capital and strong capital-
skill complementarity while Acemoglu and Restrepo (2022) showed that real wages can stagnate in the pres-
ence of rapid automation.
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technological differences, we further explore the role of changes in market structure in
shaping wage inequality. Therefore, market power in our setup embodies the underly-
ing technological changes along with competitiveness of the economy in determining the
evolution of the wage inequality.

2. MODEL SETUP

Environment

We consider a static economy. There are two types of agents: a representative house-
hold and heterogeneous establishments. The representative household supplies labor in
an oligopsonistic labor market and consumes goods produced in an oligopolistic goods
market. Establishments are organized in a continuum of markets indexed by j; the mea-
sure of markets is J. Each market contains a finite number of establishments Ij indexed by
i ∈ {1� � � � � Ij} that are owned by N firms indexed by n ∈ {1� � � � �Nj}. The set of establish-
ments i owned by each firm n in market j is denoted as: Inj ={i|i in firm n� in market j}.13

Goods and jobs are differentiated between and within markets, for both output and input
markets. An establishment hires two inputs: high-skilled,Hinj , and low-skilled, Linj , work-
ers to produce final goods, Yinj , where subscripts i, n, and j identify the establishment,
firm, and market, respectively.

Preferences

The representative household chooses consumption and its supply of labor to both
high- and low-skilled labor markets. The utility of consumption as in Atkeson and
Burstein (2008) and the disutility of labor supply as in Berger, Herkenhoff, and Mon-
gey (2022) have a double nested Constant Elasticity of Substitution (CES) aggregator
for quantities within and across markets. Goods i within a market are close substitutes
with elasticity η; goods between markets j are relatively less substitutable with elastic-
ity θ. These elasticities are ranked η > θ, indicating that the household is more willing
to substitute goods within a market (Pepsi vs. Coke) than across markets (soda vs. laun-
dry detergent). Similarly, in the labor market, the household has CES preferences over
employment in the high-skilled and low-skilled labor markets.14 The elasticities of sub-
stitution within the market are given by {η̂L� η̂H} and between the markets are given by
{θ̂L� θ̂H}, with η̂L > θ̂L and η̂H > θ̂H , indicating that jobs within a market (barista at two
coffee stores) are more substitutable than jobs in different markets (barista vs. mechanic).
The household maximizes its static utility:

max
Cinj�Linj �Hinj

C − 1

φ̄
1
φL
L

L
φL+1
φL

φL + 1
φL

− 1

φ̄
1
φH
H

H
φH+1
φH

φH + 1
φH

� s.t. PC =LWL +HWH +�� (1)

where C, H, and L are the CES indices for aggregate consumption and employment of
high- and low-skilled workers, respectively. P ,WH , andWL are the CES aggregated indices

13We think of this multi-establishment setup as a metaphor for different ways of modeling market power,
including collusion, common ownership, firms with a changing product mix... The modeling choice to have
multi-establishment firms is for practical reasons. This setup allows us, first, to change the market structure
without changing preferences, and second, to randomly assign establishments under different market struc-
tures without changing their number.

14In what follows, we use employment and jobs interchangeably.
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for the prices of output and wages of skill groups H and L, respectively.15 Observe that
the aggregate and the market-specific quantities are normalized by the size of the market
to neutralize the love-for-variety effects in the model.

C =
(∫

j

J− 1
θ C

θ−1
θ

j dj

) θ
θ−1

� Cj =
(∑

i

I− 1
η C

η−1
η

inj

) η
η−1

� (2)

S =
(∫

j

J
1
θ̂S S

θ̂S+1
θ̂S

j dj

) θ̂S
θ̂S+1

� Sj =
(∑

i

I
1
η̂S S

η̂S+1
η̂S

inj

) η̂S
η̂S+1

� S ∈{H�L}� (3)

Technology

The starting point is Katz and Murphy (1992), but with a heterogeneous technology
that is specific to the establishment and skill type:

Yinj =
[
(ALinjLinj)

σ−1
σ + (AHinjHinj)

σ−1
σ

] σ
σ−1 � (4)

where AHinj and ALinj are the factor-augmenting technology jointly distributed according
to G(AHinj�ALinj) and σ is the elasticity of substitution.

In our framework, the composition of workers across establishments varies for two rea-
sons: (1) technology is factor-specific, and (2) there is monopsony power in both labor
markets.

Equilibrium

In the decentralized general equilibrium economy, a representative household maxi-
mizes utility by choosing consumption of the final good, the price of which is normalized
to 1, and supplying high- and low-skilled labor to each establishment in the economy.
Firms maximize profits by choosing the amount of high- and low-skilled labor to hire and
supply the goods for the household. The household owns all the firms in the economy
and claims all its profits. In equilibrium, the product market, the high-skilled, and the
low-skilled markets clear. The formal definition of equilibrium is as follows:

DEFINITION 1: An equilibrium in this economy satisfies:
1. Given prices, wages, and aggregate profits, the quantities {Yinj}, {Hinj}, and {Linj}

maximize the household’s utility given the budget constraint;
2. Given the inverse demand and inverse labor supply functions from household opti-

mization, the quantities {Yinj}, {Hinj}, and {Linj} maximize firm profits;
3. The product market and the high- and low-skilled labor markets clear.

Market Structure

Each establishment with productivity (AHinj , ALinj) belongs to a particular market j
and there are Ij establishments in each market j. We define the market structure, N , as
the total number of firms competing in a market. Since firms have market power in all

15We denote aggregate high- and low-skilled labor computed by summing over workers as: S = ∫
j

∑
i Sinj dj,

S ∈{H�L}.
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three markets: the output market, low-skilled, and high-skilled labor markets, we need to
define what is the relevant set of firms competing in each market. A key assumption that
makes our model tractable is that the set of firms competing in the goods market and the
two labor markets are exactly the same.16 Finally, we assume that each firm n in market j
owns a set of establishments denoted by Inj that are assigned to a firm stochastically. The
key idea is that despite this random assignment of ownership of establishments to firms,
the model preserves some key properties as we vary N . Since N measures the extent of
competition in a market, a decline in N would translate to an increase in market power
in both the output and input markets.

3. SOLUTION

Solution of the Household’s Problem

Given product prices, Pinj , and wages,WLinj andWHinj , the household chooses consump-
tion bundles, Cinj , and the labor supply, Linj and Hinj , to maximize utility subject to the
budget constraint. The household’s optimal solution for consumption and labor supply is

Cinj = 1
J

1
I
P−η
inj P

η−θ
j PθC� (5)

Sinj = 1
J

1
I
W

η̂S
SinjW

θ̂S−η̂S
Sj W

−θ̂S
S S� (6)

where S ∈ {H�L}. Note that these equilibrium demand and supply functions depend not
only on the price (wage) set by the establishment i, but also on its relative magnitude to
the market price (wage) index. The aggregate and market price indices are defined as
follows:

P =
(∫

j

1
J
P1−θ
j dj

) 1
1−θ
� Pj =

(∑
i

1
I
P1−η
inj

) 1
1−η
� (7)

WS =
(∫

j

1
J
W

1+θ̂S
Sj dj

) 1
1+θ̂S
� WSj =

(∑
i

1
I
W

1+η̂S
Sinj

) 1
1+η̂S

� (8)

From the solutions in equations (5) and (6), we can write the inverse demand function
and inverse labor supply functions as

Pinj =
(

1
J

) 1
θ
(

1
I

) 1
η

Y
− 1
η

inj Y
1
η− 1

θ

j Y
1
θ P� (9)

WSinj =
(

1
J

)− 1
θ̂S

(
1
I

)− 1
η̂S

S
1
η̂S
inj S

1
θ̂S

− 1
η̂S

j S
− 1
θ̂S WS� (10)

Given that firms compete in Cournot competition in both product and input markets,
optimal output prices and wages will also depend on other establishments in the market.

16We make this assumption to simplify the computation of the model’s equilibrium, given the strategic inter-
action between firms in these markets. In reality, one can imagine a firm n having a different set of competitors
in the output market and each of the two labor markets. Recent work by Gutiérrez (2022) makes progress in
this direction by allowing distinct boundaries for product and labor markets.
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In particular, note that Pinj and WSinj will depend on the output choices Y−inj and input
choices S−inj , where the subscript −inj denotes all other establishments in a market j
except establishment i.

Solution of the Firm’s Problem

Taking as given the inverse demand function in equation (9) and the inverse labor sup-
ply function for each type of worker in equation (10), firm n in market j chooses the
optimal production plan for each of its establishments with the choice of the quantity of
inputs Hinj and Linj to maximize profits:

�nj = max
Hinj�Linj

∑
i∈Inj

(PinjYinj −WHinjHinj −WLinjLinj)� (11)

There are three important features of the firm’s maximization problem. First, as in mod-
els of monopolistic and monopsonistic competition, firms internalize the effect of their
own quantity choices on their prices and wages. Second, given the multi-establishment
setup, firms internalize the ownership structure and take into account interactions be-
tween quantity choices across the different establishments owned by it and its effect on
prices. Finally, given Cournot competition, firms also internalize the quantity choices of
the other −n firms in the market and strategically choose their quantities, such that our
equilibrium is characterized by an intersection of best response functions.17

The first-order condition with respect to a given skill, Sinj , S ∈{H�L} is[
Pinj + ∂Pinj

∂Yinj
Yinj +

∑
i′∈Inj\i

(
∂Pi′nj

∂Yinj
Yi′nj

)]
∂Yinj

∂Sinj︸ ︷︷ ︸
Marginal Revenue Product of Labor (MRPLSinj )

=
[
WSinj + ∂Wsinj

∂Sinj
Sinj +

∑
i′∈Inj\i

(
∂WSi′nj

∂Sinj
Si′nj

)]
︸ ︷︷ ︸

Marginal Cost of Labor (MCSinj )

� (12)

where Inj \ i is the set of all other establishments owned by firm n, except establishment
i. Factoring out Pinj and WSinj , we can express the above equation as

PinjY
1
σ
ij A

σ−1
σ
Sinj S

− 1
σ

inj

[
1 + εPinj

] =WSinj

[
1 + εSinj

]
� (13)

where εPinj is the inverse demand elasticity and εSinj denotes the inverse labor supply elas-
ticity for skill S. In Appendix A.2 of the Supplemental Material (Deb, Eeckhout, Patel,
and Warren (2024)), we derive each of these elasticities. We further show that the inverse
demand elasticity is equal to

εPinj ≡
∂Pinj

∂Yinj

Yinj

Pinj
+

∑
i′∈Inj\i

(
∂Pi′nj

∂Yinj

Yi′nj

Pinj

)
= −

[
1
θ
snj + 1

η
(1 − snj)

]
� (14)

17Because there is a continuum of other markets −j, market j is infinitesimally small relative to the economy
and there is no strategic interaction across markets.



612 DEB, EECKHOUT, PATEL, AND WARREN

where snj = ∑
i∈Inj sinj is the sales share of the firm in market j and sinj = PinjYinj∑

i PinjYinj
is the

sales share of establishment i in market j.18 Similarly, in the labor markets, the inverse
labor supply elasticity for each skill satisfies

εSinj ≡
∂WSinj

∂Sinj

Sinj

WSinj

+
∑
i′∈Inj\i

(
∂WSi′nj

∂Sinj

Si′nj

WSinj

)
=

[
1

θ̂S
eSnj + 1

η̂S
(1 − eSnj)

]
� (15)

where eSnj = ∑
i∈Inj eSinj is the wage bill share of firm n in market j and eSinj = WSinjSinj∑

i WSinjSinj
is

the wage bill share of establishment i in market j for each input S ∈{H�L}.
The firm’s inverse demand elasticity εpinj < 0 directly determines the markup μinj , which

is the ratio of the price over the marginal cost. Similarly, we define the markdown δSinj for
each skill as the ratio of its marginal revenue product to its wage, which is pinned down
by the inverse labor supply elasticity εSinj :

μinj = 1
1 + εPinj

� δSinj = 1 + εSinj� (16)

Note that the markup (markdown) is the same for all the establishments owned by a
given firm and is determined by the sum of sales shares (payroll share) of each establish-
ment. The firm faces a non-zero residual inverse demand elasticity, εpinj , and inverse labor
supply elasticity, εSinj , because it has market power. Under perfect competition, εpinj and
εSinj are zero and the firm sets marginal product equal to the wage. Here, firms that have
a large share snj of revenue in their market j face an inverse demand elasticity εpinj ≈ − 1

θ
.

The residual inverse demand is steep as the firm faces virtually no competition within the
market and only from goods in other markets, which are not very substitutable. As a re-
sult, those firms have high market power. Instead, firms that have a small market share
snj face a relatively flat residual inverse demand with inverse elasticity εpinj ≈ − 1

η
(recall

that η> θ). Those firms face steep competition from firms that produce close substitutes.
As a result, their market power is limited. Similar arguments apply in the labor market:
firms with a large employment share eSnj for skill S will have a steeper inverse labor sup-
ply function with εSinj = 1

θ̂S
, while for firms with low employment share, the inverse labor

supply function will be flatter with an elasticity εSinj = 1
η̂S

as η̂S > θ̂S .
The skill premium in our model is defined as the ratio of the high-skilled wage over the

low-skilled wage. In order to assess how market power affects the skill premium, we take
the log-ratio of the first-order conditions and get the following equation:

ln
(
WHinj

WLinj

)
= ln

(
δLinj

δHinj

)
+ σ − 1

σ
ln

(
AHinj

ALinj

)
− 1
σ

ln
(
Hinj

Linj

)
� (17)

Equation (17) expresses the establishment-level skill premium, defined as the ratio of
high-skilled to low-skilled wages paid at each establishment. Note that there is no direct
role of εPinj , and therefore of markups μinj , in affecting the establishment-specific skill
premium. At face value, this equation looks very similar to the skill premium equation

18Throughout, we use capital S to index high- and low-skilled and small s to refer to sales-share of a firm or
an establishment.
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that Katz and Murphy (1992) estimated. In particular, with no labor market power, δLinj =
δHinj = 1, and no heterogeneity, it is exactly identical:

ln
(
WH

WL

)
= σ − 1

σ
ln

(
AH

AL

)
− 1
σ

ln
(
H

L

)
�

However, there are fundamental conceptual differences. First, we explicitly account for
heterogeneity in the productivity of skills at each establishment in our framework. Sec-
ond, equation (17) holds at the establishment level. Third, we allow for input markets to
be imperfectly competitive. This implies that in addition to the race between the tech-
nology ratio, AH/AL, and the skill ratio, H/L, in determining the evolution of the skill
premium as postulated by Tinbergen (1974) and later formalized by Katz and Murphy
(1992), our model features an additional force that may influence the evolution of the
skill premium. The term δL/δH measures the markdown for low-skilled workers relative
to that of high-skilled workers. The joint implication of these differences is that we have
an entire distribution of establishment-specific skill premia in our model, with the addi-
tional force of differential monopsony power affecting the evolution of the skill premium.

Finally, in order to calculate the aggregate skill premium, we define the input share-
weighted average wages for each skill as WS = ∫

j

∑
i SinjWSinj dj/S , where S = ∫

j

∑
i Sinj dj

denotes the aggregate workers of a given skill. Hence, we define the aggregate skill pre-
mium as follows:

κ= WH

WL

= L
H ×

∫
j

∑
i

HinjWHinj dj∫
j

∑
i

LinjWLinj dj

� (18)

The fundamental insight here is that wages WH and WL adjust in equilibrium to changes
in the market structure as well as technology.

Computing the Equilibrium

This large economy with heterogeneous establishments, market power, and non-Hicks-
neutral technology does not have an analytical solution. We therefore solve the economy
computationally using the algorithm specified in Appendix A.3 of the Supplemental Ma-
terial. Because in our model the market definitions for labor and product markets coin-
cide, we can solve a system of I × 2 equations, separately for each of the J markets. The
algorithm fully specifies the equilibrium allocation of establishment-level quantities, Hinj ,
Linj , and Yinj , and establishment-level prices WHinj , WLinj , and Pinj , and aggregates them
to market and economy-wide prices and quantities. In addition, it allows us to compute
establishment-level markups μinj and markdowns δLinj and δHinj , as well as aggregate them
to economy-wide measures of market power.

Model Summary

Table I summarizes the model variables in four categories. Category I lists the ex-
ogenous parameters of the model and categories II, III, and IV specify the endogenous
establishment/firm-level, market-level, and economy-wide variables, respectively.
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TABLE I

SUMMARY OF MODEL VARIABLES.

I: Primitives

η Output market: within-market substitutability η̂S Input market: within-market substitutability
θ Output market: between-market substitutability θ̂S Input market: between-market substitutability
N Number of firms competing in each market φS Skill S aggregate labor supply elasticity
J Total number of markets φ̄S Skill S labor supply shifter
I Total number of establishments in each market ASinj Skill S productivity at establishment i

II: Endogenous variables—Establishment and Firm

Sinj Employment of skill S at establishment i Yinj Output in establishment i
WSinj Wage of skill S at establishment i Pinj Output price in establishment i
eSinj Wage bill share of skill S in establishment i sinj Sales share of establishment i
eSnj Wage bill share of skill S in firm n snj Sales share of firm n
δSinj Markdown of skill S in establishment i μinj Markup of establishment i

III: Endogenous variables—Market

Sj CES employment skill S in market j Yj CES output in market j
WSj CES wages skill S in market j Pj CES price in market j

IV: Endogenous variables—Aggregate

S CES employment skill S Y CES output
WS CES wages skill S P CES price
δS Skill S specific aggregate markdown μ Aggregate markup
S Total number of skill S workers � Aggregate profit
WS Average skill-specific worker-weighted wages

Comparative Statics

We compute the economy for a series of comparative statics exercises where we change
market structure N and evaluate the impact this has on the key equilibrium features of
the economy.19

In Figure 1, we report six panels. In panels A and B, we show that as the number of
competitors declines, the average sales-weighted markup (aggregate markup) and the
average sales-weighted markdowns (aggregate markdowns) increase. As the number of
competitors declines, the sales and the wage bill shares of the establishments in the mar-
ket approach 1 and markups and markdowns approach their respective upper bounds.
Panel C shows the average (worker-weighted) wages of high- and low-skilled workers,
WH and WL, respectively. The decline in wages is a result of an increase in both markups
and markdowns. For both skills, when markdowns increase, establishment-specific wages
decline as establishments charge a larger markdown over wages relative to the marginal
revenue product of labor. Meanwhile, an increase in markups leads to a decline in wages
through a reduction in aggregate demand for labor as in De Loecker, Eeckhout, and
Mongey (2021) and Deb et al. (2022), which is a general equilibrium effect. The com-
bined effect of an increase in markups and markdowns in our model is that the average
wages of both skills decline. Panel D shows the decline in welfare as an increase in market
power reduces the utility from aggregate consumption more than the increase in utility
from supplying lower labor in response to the decline in wages.

19In the comparative statics exercise, we assume Ij = I = 32 ∀j and Nj = N ∀j. In addition, we consider
N ∈{2�4�8�16�32} such that each firm owns the same number of establishments given by I/N .
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FIGURE 1.—Comparative statics. Notes: These comparative statics are produced using parameter values
outlined in Table II and Table III, and with log(ASinj) ∼ N (μS�σ2

S ) with μH = 1�2, μL = 1, σH = 1, and
σL = 0�8. We show the effect of a declining N on aggregate markup and aggregate skill-specific markdowns
(panels A and B), aggregate skill-specific wages (panel C), welfare (panel D), aggregate skill premium (panel
E), and change in within- and between-establishment inequality (panel F).

In panel E, we see that a reduction in the number of competitorsN leads to a rise in the
aggregate skill premium κ. Similarly to the canonical model, an increase in the technology
ratio, AHinj/ALinj , increases the skill premium and an increase in the skill ratio, Hinj/Linj ,
reduces it. However, in addition to these two competing forces, our model also allows
for market power, such that an increase in the relative monopsony power, δLinj/δHinj ,
also increases the skill premium. This increase in the relative monopsony power of firms
may come from one of three sources: (1) changes in the technology G(AHinj�ALinj); (2)
changes in the substitutability parameters (η̂S� θ̂S); (3) changes in market structure N .
Furthermore, how a change inN leads to a change in the skill premium will depend on its
interaction with the underlying substitutability parameters and productivity distribution.

We first isolate the interaction between N and substitutability parameters in deter-
mining the skill premium. We consider a setup with homogeneous establishments where
AHinj = AH and ALinj = AL for all establishments while varying only N . Given this, in
Proposition 1, we derive a closed form expression for the aggregate skill premium which
is a function of productivity ratio AH/AL, skill-specific labor supply substitutability pa-
rameters (η̂S� θ̂S), wage bill shares, and constants {σ� φ̄S�φ}. Specifically, we use the fact
that in the homogeneous establishment case, the wage bill shares for each skill can be
expressed solely as a function of the number of competitors, given by 1/N .

PROPOSITION 1: In the homogeneous establishments case, the skill premium is given by

κ=
[(
AH

AL

) σ−1
σ+φ

×
(
φ̄L

φ̄H

) 1
σ+φ]

×

⎡
⎢⎢⎣

1 + 1

θ̂L

1
N

+ 1
η̂L

(
1 − 1

N

)

1 + 1

θ̂H

1
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+ 1
η̂H

(
1 − 1

N

)
⎤
⎥⎥⎦

σ
σ+φ

� (19)
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Then the skill premium elasticity is decreasing, that is, ∂κ
∂N
/( κ

N
) < 0, iff(

1 + 1
η̂L

)(
1

θ̂H
− 1
η̂H

)
<

(
1 + 1

η̂H

)(
1

θ̂L
− 1
η̂L

)
�

PROOF: In Appendix A.5. Q.E.D.

Proposition 1 illustrates that, for identical establishments, a decrease in N results in an
increase in the skill premium if (1+ 1

η̂L
)( 1

θ̂H
− 1

η̂H
) < (1+ 1

η̂H
)( 1

θ̂L
− 1

η̂L
). The intuition is that

as the number of competitors declines, firms increase the markdown for both skills as they
constitute a larger share of the labor market for both skills. However, as N declines and
firms can exert relatively higher monopsony power over low-skilled workers compared to
high-skilled workers, this leads to an increase in the skill premium.

Proposition 1 holds for homogeneous establishments. With heterogeneous establish-
ments, in addition to the substitutability parameters {η̂S� θ̂S}, the underlying distribution
of AH and AL within each market also plays an important role in determining the direc-
tion of the change in skill premium as N declines. In markets where AH is much more
unequally distributed relative to AL, a decline in the number of competitors leads to
a more than proportional increase in low-skilled markdowns δL relative to high-skilled
markdowns δH , which results in an increase in skill premium. For instance, consider a
market with two establishments, where establishment 1 is more productive in AH com-
pared to establishment 2, AH1 > AH2, while both establishments are equally productive
in AL. This implies that establishment 1 hires most of the high-skilled workers in the
market, resulting in employment shares in the high-skilled labor market to be more dis-
persed than in the low-skilled labor market. As a result, establishment 1 has a markdown
for high-skilled labor close to the upper bound, δH1 ≈ θ̂H+1

θ̂H
, while establishment 2 has

high-skilled markdowns close to the lower bound, δH2 ≈ η̂H+1
η̂H

.
Now consider a change in the market structure where a single firm owns both these

establishments, with an employment share for both skill levels of 1. Since they are owned
by a single firm, both establishments have identical markdowns at their respective upper
bounds, δH = θ̂H+1

θ̂H
and δL = θ̂L+1

θ̂L
.20 As a result, δH increases only for establishment 2

while δL increases for both establishments. Consequently, the low-skilled wage decreases
relatively more than the high-skilled wage, making the skill premium increase. Since we
have reason to believe that there is substantial heterogeneity across establishments in
our data, we expect both the underlying technology and the substitutability parameters to
influence the skill premium as N declines.

Finally, panel F in Figure 1 shows that total log wage inequality as well as within- and
between-establishment inequality, increase as N declines. The mechanism behind the in-
crease in within-establishment inequality is similar to the intuition for an increasing skill
premium since the model has only two skill types at each establishment. For between-
establishment inequality, decreasing N increases markups and markdowns for all estab-
lishments, but smaller establishments see the largest increases. While this leads to a de-
cline in the aggregate wage in the economy, small establishments reduce their wages more
relative to the reduction in the aggregate wage, resulting in a more dispersed log wage

20Overall, the magnitude of increases in δL and δH and therefore how δL/δH changes at each establishment
depends on the upper bounds of markdowns for each skill.
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distribution across establishments. While there is also some reallocation of workers from
small to large establishments, the large leftward shift at the bottom of the establishment
wage distribution dominates such that the between-establishment component of wage in-
equality increases, as N declines.

4. QUANTITATIVE ANALYSIS

In what follows, we proceed with the quantitative analysis, estimating the model pa-
rameters and analyzing the determinants of market power. We provide an overview of
our data and outline our strategy for the estimation of the skill-specific substitutability
parameters in the labor market, the technology distributions, and the market structure.
Thereafter, we assess their role in the evolution of wage inequality.

Data

The data we use to estimate our model combine establishment-level information from
the Longitudinal Business Database (LBD) with characteristics of the workers at these
establishments from Longitudinal Employer-Household Dynamics (LEHD). For our ex-
ercise, we use data from LEHD for 20 states to derive measures of the composition of
skill types and wages within each firm. We split workers into categories of high education
(which we will refer to as “high-skilled”) as those who attained some college education
or above and low education (“low-skilled”) as those who attain a high school education
or less. We take the firm-level ratio of high- to low-skilled employment and payroll per
worker from LEHD and use these measures to split LBD employment and payroll into
the same skill-specific ratios, but at the establishment level.21 This breaks up total payroll
and employment in LBD into a measure of skill-specific average wages and employment,
along with measures of total revenue, industry classification (NAICS), ownership struc-
ture, and geography (MSA) from 1997 to 2016.22 For full details about our sample and
data, see Appendix B of the Supplemental Material.

Market Definition

In order to estimate the model, we need to define a market. In the Industrial Organi-
zations literature, this is the key ingredient. Given our interest in the macroeconomics of
market power, it is impossible to observe the market structure for each individual firm in
different industries and geographies.23 Since detailed information is unavailable to pre-
cisely define a market, we instead rely on the structure of our model and a stochastic
notion of market definition. Our market definition is stochastic in that we randomly as-
sign establishments within an industry to define a market. Subsequently, we randomly
assign establishments within a market to N competing firms, which we estimate using our

21We use the education composition of workers via LEHD as a supplement to the LBD establishment-level
data. We do not use the worker-level data to measure the response of worker wages to changes in market
structure directly, such as in Lamadon, Mogstad, and Setzler (2022).

22In what follows, we refer to 2-digit NAICS code (NAICS 2) as a sector, 6-digit NAICS industry code
(NAICS 6) as an industry, and the collection of 32 establishments randomly assigned within each NAICS 6
industry as a market. We deflate all values to 2002 dollars.

23There is too much variation in the market structure across industries and geography and there is mechan-
ical variation over time. For a discussion of the problems with using NAICS codes and geographical areas to
pin down the market definition, see Eeckhout (2020).
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model and the data. For instance, even if an industry contains a large number of estab-
lishments, if N is small, the extent of the competition is weak. While this approach to
defining a market is much less detailed than the traditional approach, it does allow us to
make progress in studying market power in the macroeconomy. The main idea is that we
remain agnostic about which firms compete and that is something we cannot observe, just
like Total Factor Productivity (TFP). But if we observe revenue and costs, we derive the
number of competitors consistent with the model that gives rise to those revenues and
costs, and hence profits and markups. Just like the Solow residual, we derive the number
of competitors as an outcome.

With this random assignment, if the number of firms N competing within a market is
smaller, the model predicted markups and markdowns will be higher, firm revenue will be
higher, and wages will be lower. The objective is to use the observed revenue and wages
from the data to estimate N . As mentioned above, we also make the assumption that the
market structure is the same for both the input and output markets.

Quantifying the Model

We quantify our model in two steps. First, we estimate the parameters that de-
termine the labor supply elasticity for high- and low-skilled workers, namely, η̂S and
θ̂S� S ∈ {H�L}, using the microdata and an instrumental variable strategy. These pa-
rameters, along with the ones calibrated externally in Table II, are held constant for
both 1997 and 2016. Second, we jointly estimate the nonparametric distribution of tech-
nology G(AHinj�ALinj) separately for 1997 and 2016 and our measure of competition
in the model, N , in 2016. To estimate the unobservable establishment-level technolo-
gies, we leverage the structure of our model which links them to high- and low-skilled
employment—observed directly in the microdata—through the first-order conditions
(FOCs). We estimate N such that it matches the moments of the sales-weighted rev-
enue over wage bill distribution between the data and the model using the method of
moments.

Step 1. Estimating labor market elasticities. In the first step, we estimate (η̂S , θ̂S) sep-
arately for each of the two skills. The inverse labor supply elasticity εSinj = (1/θ̂S)eSnj +
(1/η̂S)(1 − eSnj) is a function of (a) the within-market (η̂S) and the between-market
(θ̂S) labor substitutability parameters and (b) the skill-specific establishment-level em-
ployment (Sinj) in each market j, where

eSnj =
∑
i∈Inj

eSinj =
∑
i∈Inj

S
1+η̂S
η̂S

inj /
∑
i∈j
S

1+η̂S
η̂S

inj �

TABLE II

EXTERNALLY CHOSEN OR CALIBRATED PARAMETERS.

Variable Value Description Source

θ 1.20 Between-market elasticity De Loecker, Eeckhout, and Mongey (2021)
η 5.75 Within-market elasticity De Loecker, Eeckhout, and Mongey (2021)
σ 2.94 Elasticity of substitution Acemoglu and Autor (2011)
φH 0.25 High-skilled labor supply elasticity Chetty, Guren, Manoli, and Weber (2011)
φL 0.25 Low-skilled labor supply elasticity Chetty et al. (2011)
I 32 Total number of establishments Externally set
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While establishment-level employment is directly observed in the microdata, we need to
estimate the two labor substitutability parameters to calculate the elasticity.

We estimate these parameters by relying on the inverse labor supply equation of our
model in equation (10). In order to take the model to the data, we add to it an error
term and a time subscript, t.24 Rewriting the expression by taking logs on both sides, we
get

lnW ∗
Sinjt = kjt +

(
1

θ̂S
− 1
η̂S

)
lnSjt + 1

η̂S
lnSinjt + εSinjt� (20)

where lnW ∗
Sinjt = lnWSinjt + εSinjt and kjt = lnJ

1
θ̂S
t I

1
η̂S
jt S

− 1
θ̂S

t Wt .25

The error term, εSinjt , in equation (20) has the potential to capture misspecification that
may be attributed to non-pecuniary factors such as distance to work or interactions with
co-workers and supervisors, as argued by Card, Cardoso, Heining, and Kline (2018), or to
the impact of labor market institutions that are not accounted for in our model, such as
the minimum wage.26

While we remain agnostic about the true source of this misspecification, we account
for the fact that the error term is potentially correlated with employment. To address
the bias stemming from this correlation, we devise an instrumental variable strategy to
estimate our parameters of interest. We build on the recent work of Berger, Herkenhoff,
and Mongey (2022) and Giroud and Rauh (2019) and exploit state-level corporate taxes
as a source of exogenous variation shifting the demand curve in our model. We provide
further details about our instrument below. Closest to our approach is the recent work
of Felix (2022), who also relied on a similar strategy to estimate the labor substitutability
parameters using the labor supply equation directly.27

We make the following set of assumptions to identify our parameters of interest:

ASSUMPTION 1: εSinjt = αSinj + εSinjt .
ASSUMPTION 2: εSinjt ⊥⊥ τX(i)t .

ASSUMPTION 3: νjt ⊥⊥ τ̄jt , where kjt = kj + kt + νjt and τ̄jt = 1
Ij

∑
i∈j τX(i)t .

τX(i)t denotes the corporate tax faced by an establishment i in state X at time t and τ̄jt
denotes the average tax rate of a given market j at time t.28 Assumption 1 states that the
error term is composed of an establishment fixed effect, αSinj , and an establishment and

24We add the time subscripts since we will exploit time-series variation in wages and employment at the
establishment level and taxes at the state level in our estimation. More details below.

25In our estimation exercise, we let the total number of establishments in a market to change, as observed
in the data..

26In a slight abuse of notation, εSinj denotes measurement error in log wages for skill S, while εSinj denotes
the inverse labor supply elasticity for skill S.

27In Appendix C of the Supplemental Material, we show identification of the labor substitutability param-
eters in the simpler case without endogeneity. We also provide results from Monte Carlo experiments that
demonstrate the ability of our estimator to parse out the true structural parameters in simulations.

28We use corporate taxes to estimate the labor substitutability parameters in our model, relying on insights
from Giroud and Rauh (2019). However, we remain agnostic on the channels through which corporate taxes
affect firm-level labor demand. Interested readers can refer to Berger, Herkenhoff, and Mongey (2022) Sec-
tion 2 (Estimation), who modeled financing of capital through debt as one potential mechanism of how taxes
may affect labor demand.
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time-specific error term, εSinjt . We rely on this assumption to exploit within-establishment
variation over time in estimating η̂S . Assumptions 2 and 3 are our key identifying as-
sumptions. Assumption 2 is required for the exogeneity of our tax instrument, τX(i)t , that
it is uncorrelated with the error term. Finally, Assumption 3 implies that the average
market-level taxes are independent of νjt . Assumptions 2 and 3 extend the exogene-
ity of our instrument to the estimation of the across-market substitutability parameter
θ̂S .

Under these assumptions, we can identify η̂S and θ̂S using the following moments in
the data:29

η̂S = E(S̃injt × τX(i)t)

E
(
W̃ ∗

Sinjt × τX(i)t

) �
θ̂S =

[
E
({
�Sjt − (kj + kt)

} × τ̄jt
)

E(lnSjt × τ̄jt) + E
(
W̃ ∗

Sinj × τX(i)t

)
E(S̃inj × τX(i)t)

]−1

�

(21)

where we denote

S̃injt = lnSinjt − 1
Ij

∑
i∈j

lnSinjt� W̃ ∗
Sinjt = lnW ∗

Sinjt −
1
Ij

∑
i∈j

lnW ∗
Sinjt�

�Sinjt = lnW ∗
Sinjt −

1
η̂S

lnSinjt� �Sjt = 1
Ij

∑
i∈j
�Sinjt �

Estimation

We use Two-Stage Least Squares (2SLS) on the following equation to get the estimate
of η̂S and θ̂S :

lnW ∗
Sinjt = kjt + γS lnSjt +βS lnSinjt + αSinj + εSinjt︸ ︷︷ ︸

εSinjt

� (22)

where we define βS = 1
η̂S

and γS = ( 1
θ̂S

− βS). From equation (22), we notice that while
we observe wages and employment in the data, we do not directly observe the estab-
lishment fixed effect αSinj and market-year specific constants, kjt and Sjt , which are both
functions of our structural parameter η̂S and θ̂S . We need to control for these unob-
served variables to avoid omitted variable bias stemming from them. We control for αSinj
by including establishment fixed effects in our estimation. To control for kjt and Sjt , we
include an interaction of market and year fixed effects. Together, these two controls allow
us to exploit within-establishment variation while controlling for time shocks that vary by
market. Finally, to control for endogeneity arising from correlation between the log of
employment and the error term, we instrument lnSinjt with state corporate taxes, τX(i)t .
We think of the time-series variation in taxes as an exogenous shock to a firm’s labor de-
mand which helps us identify the parameters of the labor supply equation faced by the
firm.

29Refer to Appendix C for derivation..
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Once we get an estimate of βS (and implicitly η̂S) from equation (22), we proceed to
estimate γ by relying on the following equation:

�Sjt = kjt + γS lnSjt + εSjt = kj + kt + γS lnSjt + ν̃jt � (23)

where kjt = kj + kt + νjt , ν̃jt = νjt + εSjt , and εSjt = Ejt (εSinjt).
We control for kj and kt by including market and year fixed effects, respectively, in

our specification.30 To address the issue of endogeneity due to potential correlation be-
tween lnSjt and ν̃jt , we instrument lnSjt by τ̄jt , the average tax rate in a given market j.
Intuitively, we exploit plausibly exogenous variation in market-level average tax rates over
time to estimate γS .

Next, to estimate the labor disutility parameter, we rely on the aggregate labor supply
equation of the household for each skill, written in logs as follows:31

lnWst = 1
φS

ln
1
φ̄St

+ 1
φS

lnSt� (24)

We calibrate the value of the Frisch elasticity, φS , to be equal to 0.25 (see Chetty et al.
(2011)) for both high- and low-skilled workers. This allows us to estimate the value of φ̄St ,
one for each year, by inverting equation (24).

Finally, once all the key parameters of interest are estimated, and given the skill-specific
employment observed in the microdata, we calculate wages by using equation (10). The
difference between the model implied wages and the ones observed in the data is precisely
the measurement error denoted in equation (20).

Estimation Sample

To estimate the within- and between-market substitution parameters, we rely on the
panel dimension of our merged LBD-LEHD data. We estimate these parameters for the
tradeable sector between 1997 and 2011.32 We extend our stochastic assignment proce-
dure to account for the panel dimension of our data. To do so, we first randomly assign
establishments to markets, conditional on NAICS 6 in 1997, such that there are at most
32 establishments in each market. Once assigned to a market, the establishment always
remains in it as long as we observe it in the data. For every subsequent year starting from
1997, we again randomly assign the establishments that we did not observe previously
(i.e., the new entrants) to one of the existing markets created in 1997. As a result, the size
and the composition of the markets evolve randomly over time given the entry and exit of
establishments from markets. Our baseline estimates are based on this sample.33

30Notice that if we were to control for kjt by including an interaction of market-year fixed effects, we would
no longer be able to identify γS as there will not be any variation in lnSjt . Giroud and Rauh (2019) have
argued that market size (Ij) may be correlated with taxes, which can be a threat to the identification of γS in
our framework. However, this correlation is unlikely to hold in our data since we define a market as a NAICS
6 industry, which contains multiple states as opposed to a single state. In our framework, given that we control
for market and year fixed effects, we only require ν̃jt to be uncorrelated with taxes for identification of γS to
hold.

31We assume there is no measurement error in aggregate wages, that is, lnW ∗
st = lnWst .

32We do not have state tax data beyond 2011.
33To see our estimation results without random assignment, refer to Appendix D of the Supplemental Ma-

terial.
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Clustering

We provide two sets of estimates for the standard error. The first estimate does not
cluster the standard error at any level, while the second estimate clusters the standard
error at the state level for the estimate of η̂S and the market level for the estimate of
θ̂S .34 The clustering for η̂S takes into account the possibility that unobserved shocks may
be correlated across establishments within a state and over time while the market-level
clustering of θ̂S accounts for the potential correlation of market-specific shocks over time.

Step 2. Estimating the distribution of technologies andN . Equipped with the estimates
of within- and across-market labor substitutability parameters, we proceed to jointly esti-
mate N , the total number of firms competing in a market, and the distribution of produc-
tivities, G(AHinj�ALinj).

To do so, we guess a value for the total number of competitors in each market, de-
noted Ng. Conditional on Ng, we randomly assign I establishments to Ng firms within
each market and back out the joint distribution of technology using the FOCs stated in
equation (25). Finally, we estimate the optimal number of competitors, denotedN∗, using
Simulated Method of Moments (SMM).

We begin by outlining how we back out the technology distribution conditional on Ng

and then provide further details concerning SMM. Our approach to estimating the tech-
nology distribution nonparametrically starts from the FOCs in equation (25), for each
skill:

PinjY
1
σ
injA

σ−1
σ
Sinj S

− 1
σ

inj

[
1 + εPinj

] =WSinj

[
1 + εSinj

]
� S ∈{H�L}� (25)

Observe that we can rewrite the FOCs solely in terms of employment, Sinj , time-invariant
model parameters, and skill-specific technology parameters, ASinj . To do so, we first re-
place output market elasticity (εPinj) and input market elasticities (εSinj) in the FOCs by
equation (14) and equation (15), respectively. These elasticities are functions of the rev-
enue share (snj) and the wage bill share (eSnj) which can be expressed as a function of
output and employment, as follows:

snj =

∑
i∈Inj

PinjYinj

∑
i

PinjYinj
=

∑
i∈Inj

Y
η−1
η

inj

∑
i

Y
η−1
η

inj

� eSnj =

∑
i∈Inj

WSinjSinj

∑
i

WSinjSinj
=

∑
i∈Inj

S
η̂S+1
η̂S

inj

∑
i

S
η̂S+1
η̂S

inj

�

Finally, we substitute out prices (Pinj), wages (WSinj), and output (Yinj) from the two
FOCs by using equations (9), (10), and (4).

Consequently, for each establishment i, we have two FOCs, one for each skill. Given
our assumption that there are I establishments in each market, we have a system of 2 × I
equations to pin down 2 × I unknown values of AHinj and ALinj within each market j.
We solve this system of equations for each market j ∈ {1� � � � � J} to pin down an estimate
of G(AHinj�ALinj). Since we estimate the model for 1997 and 2016, we get a different
estimate ofG(AHinj�ALinj) for each year. The algorithm that we use in practice that helps
us achieve this objective is outlined in Appendix A.4.

34We cluster at the state level to estimate η̂S since our instrument’s variation (i.e., state-level taxes) is at
that level, as suggested by Abadie, Athey, Imbens, and Wooldridge (2023). We would like to acknowledge an
anonymous referee for bringing this to our attention.
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Our procedure allows us to back out a distribution of technology that is consistent with
the equilibrium value of employment for each establishment observed in the microdata.
Note that the technology distribution that we estimate allows us to perfectly match the
distribution of employment in the data. Using the estimated technology distribution, we
can calculate revenues, prices, output, and wages in the model. While prices and output
are not directly observed in the data, revenue and wages are. Unlike employment, which
is directly obtained from the data, revenues and wages differ between the model and the
data as the model revenues and wages are obtained from solving for the model equations
using the estimated productivity parameters and other structural parameters.

To estimate N , we start from the aforementioned observation that for every guess of
Ng ∈ {2�4�8�16�32}, we recover a distribution of technology that is consistent with the
distribution of employment in the data.35 Thereafter, holding employment and wages
fixed, our theory suggests a monotonically declining relationship between the ratio of
revenue over wage bill and N . To see this, note that the revenue over wage bill for each
establishment in the model can be written as

Rinj

WHinjHinj +WLinjLinj
≡ψinj = [ωHinj ×μinj × δHinj] + [ωLinj ×μinj × δLinj]� (26)

where ωSinj = WSinjSinj

WHinjHinj+WLinjLinj denotes the wage bill share of skill S in the establishment.
Equation (26) says that holding employment at each establishment fixed at their level ob-
served in the data and the corresponding wages implied by the labor supply function, a
decline in N leads to an increase in the revenue share snj and the skill-specific wage bill
share eSnj of each firm. This is because each firm now owns a greater number of establish-
ments in its market. For any given values of within- and between-market substitutability in
the product and the labor markets, this increase leads to an increase in the market power
of firms in both the input and the output markets and increases the wedge between rev-
enue and wage bill.36 Consequently, we estimate N by minimizing the distance between
the sales-weighted revenue over wage bill in the data and the model:

N∗ = min
N∈{2�4�8�16�32}

[∫
j

∑
i

mD
injψ

D
inj dj −

∫
j

∑
i

mM
inj(N)ψMinj(N) dj

]2

� (27)

where mD
inj = Rinj∫

j

∑
i Rinj dj

denotes the sales-share of establishment i in the data while mM
inj

denotes the same quantity in the model.
Finally, as our production function abstracts from capital and intermediate inputs, we

adjust the revenue in the data to make it comparable to our model. To do so, we multiply
the revenue in the data by a constant αN such that RAdj�Data

inj = αN ×RData
inj , where RAdj�Data

inj

35We consider only five values of N as N = 2k where k ∈ {1�2�3�4�5} for two main reasons. First, given
Cournot competition, the model is already close to a competitive economy at high values of N above 16.
Second, while this characterization of N is coarse, this allows us to compute the economy for only symmetric
patterns of ownership where each firm owns I/N establishments within a market, yielding a computationally
feasible estimation of N and a clean counterfactual.

36To gain some intuition for how we identify the number of competitors, in the simplest setting with Cournot
competition amongst identical firms, there is a direct relation between the margin ((p− c)/p with price p and
marginal cost c) and the inverse of the number of firms and the consumer price elasticity in absolute value (see
Horowitz (1971)). For a given elasticity, an increase in the measured margins implies a decline in the number
of firms competing.
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denotes the adjusted revenue in the data andRData
inj is the unadjusted revenue in the data.37

We pin down the value of αN such that N = 16 in 1997.38 In 2016, we hold the value of
αN constant and estimate N by matching the sales-weighted distribution of revenue over
wage bill in the data and the model.39 Our estimate of αN is 0.314 which is in line with the
estimates found in the literature on production function estimation.40

5. RESULTS

In this section, we present the results of our analysis, including the estimates of labor
market substitutability parameters for each skill, and the findings related to the distri-
bution of establishment-specific technology and market structure, respectively. We find
evidence that low-skilled workers have a lower substitutability within and across markets.
We also find evidence of Skill-Biased Technological Change amidst a broad decline in
competition.

Estimates of Labor Substitutability Parameters

In Table III, Panel A, we present the OLS and the IV estimates of our reduced form
parameters βS = 1

η̂S
and γS = 1

θ̂S
− 1

η̂S
. For both the skills and for both η̂S and θ̂S , we

find that the OLS estimates of parameters are biased downward compared to the IV.
More importantly, the OLS estimate for βS is not consistent with the theory as it shows
a negative relationship between wages and employment. The IV corrects for the bias and
shows that the corresponding structural parameters in Panel B of Table III are in line with
the theory: η̂L > θ̂L and η̂H > θ̂H , that is, within-market substitutability is greater than the
between-market substitutability.

We find that the estimate of the within-market substitutability parameter for high-
skilled workers, η̂H , is 2.53 while that of low-skilled workers, η̂L, is 2.42. These estimates
imply that jobs within a market have similar substitutability for high- and low-skilled
workers. Furthermore, we find that the estimate of between-market substitutability for
the high-skilled worker, θ̂H , is 2.02 while that of the low-skilled worker, θ̂L, is 1.85. This
implies that jobs across markets are less substitutable for low-skilled workers, which can
be interpreted as indicating that the mobility cost for low-skilled workers to move across
markets is relatively high compared to that of high-skilled workers.

37We assume that the gross revenue in the data is generated using a Cobb–Douglas production function.
The function takes the form Ỹinj = Y

αN
inj K

αK
inj M

αM
inj , where Yinj = [(AHinjHinj)

σ−1
σ + (ALinjLinj)

σ−1
σ ]

σ
σ−1 . In this

function, Kinj represents capital, Minj represents materials, and αN + αK + αM = 1. Gross revenue can be ex-
pressed as R̃inj = μinjδLinjWLinjLinj +μinjδHinjWHinjHinj +μinjPMMinj +μinjPKKinj = αNR̃inj +αMR̃inj +αKR̃inj .
In our model where only labor is considered as input, the revenue Rinj is given by μinjδLinjWLinjLinj +
μinjδHinjWHinjHinj . In this case, we have Rinj = αNR̃inj .

38Given the monotonic relation between revenue over wage bill in the model and N , there exists an αN
such that the sales-weighted revenue over wage bill in the data (after adjustment using αN ) exactly equals the
sales-weighted revenue over wage bill in the model.

39Note that in our framework, αN , the output elasticity of labor, is held fixed for the duration of our analysis.
This is in line with the evidence by De Loecker, Eeckhout, and Unger (2020) who showed that the output
elasticity of Cost of Goods Sold (COGS), which includes labor and materials, is roughly constant between
1997 and 2016 for U.S. Compustat data. However, we note that the elasticity could have changed over time,
due to increased automation in production, for example.

40Closest to our specification is the work of Loecker (2011) and Doraszelski and Jaumandreu (2013), both
of whom relied on a Cobb–Douglas production function with capital, intermediate inputs, and labor. Both
found the output elasticity of labor to be in the range of 0.17 and 0.334.
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TABLE III

ESTIMATES OF REDUCED-FORM PARAMETERS: TRADEABLES WITH RANDOM SAMPLING.

A. OLS and Second-Stage IV Estimates

OLS IV OLS IV
(1) (2) (3) (4)

βH −0�180 0�396 γH 0�111 0�100
SE 0�0007 0�062 SE 0�0003 0�005
State-level SE (0�002) (0�104) Market SE (0�003) (0�041)

βL −0�110 0�414 γL 0�072 0�127
SE 0�0007 0�057 SE 0�0003 0�005
State-level SE (0�003) (0�116) Market SE (0�003) (0�041)

Market x Year FE Yes Yes Market FE Yes Yes
Establishment FE Yes Yes Year FE Yes Yes

B. Structural Parameters

η̂H −5�55 2�53 θ̂H −14�37 2�02
η̂L −9�10 2�42 θ̂L −26�24 1�85

C. First-Stage Regressions for the IV

τHX(i)t – −0�012 τ̄Hjt – −0�061
SE 0�0009 SE 0�0008
State-level SE (0�004) Market SE (0�009)

τLX(i)t – −0�014 τ̄Ljt – −0�066
SE 0�0009 SE 0�0008
State-level SE (0�006) Market SE (0�009)

Market x Year FE – Yes Market FE – Yes
Establishment FE – Yes Year FE – Yes

No. of obs (High-Skilled) 1,147,000 1,147,000 70,000 70,000
No. of obs (Low-Skilled) 1,147,000 1,147,000 70,000 70,000

Note: Non-clustered standard errors, denoted SE, are reported without parentheses while clustered standard errors are reported
with parentheses. The significance stars correspond to clustered standard errors. Estimates of γS in columns 3 and 4 are conditional
on the estimates of columns 1 and 2, respectively. Number of observations is common for both the first and the second stage. The
number of observations reflects rounding for disclosure avoidance. τS

X(i)t denotes the coefficient in front of taxes in the first-stage

regression for the estimate of βS . The same instrument is used separately, first to estimate βH and then to estimate βL .

Berger, Herkenhoff, and Mongey (2022) also estimated a model of oligopsony in the
labor market without the distinction between high- and low-skilled types. Their estimate
for the within-market substitutability is equal to 10.85 while for between-market substi-
tutability it is 0.42. To get to their estimates, they relied on Indirect Inference.41

In contrast, we take a different approach. While we use the same instrument, we exploit
the log-linearity of the labor supply function to estimate the substitutability parameters.
This is similar to the approach adopted by Felix (2022), who relied on (a) the import

41Apart from the methodological difference in the estimation, three additional differences lead to different
estimates of the labor substitutability parameters between our work and the results in Berger, Herkenhoff, and
Mongey (2022). First, because we have no information on the market, we randomly assign our firms to mar-
kets drawn from industry classifications instead of assuming the market is a particular industry classification.
Second, our estimates of the labor supply function are at the establishment level while Berger, Herkenhoff,
and Mongey (2022) estimated it at the firm level. Last, in our baseline, our labor markets are considered to be
national while Berger, Herkenhoff, and Mongey (2022) considered local labor markets defined by NAICS 3 x
MSA.
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tariff reductions as an exogenous variation to estimate the within-market substitutability
parameter and (b) cross-market variation in import competition to estimate the between-
market substitutability parameter in a model of oligopsonistic labor markets.

Finally, Table III, Panel C provides the first-stage estimates of our IV. In both cases, we
find that the first stage is negative and statistically significant. In the case of the estimation
of βS , when we use taxes as an instrument for changes in labor demand, we find that taxes
are negatively correlated with employment at the establishment level. This reduced form
relationship between employment and taxes is consistent with the evidence presented
in Giroud and Rauh (2019) and Berger, Herkenhoff, and Mongey (2022). We also find
a similar relationship when we estimate γS , where in the first stage we find a negative
correlation between average market employment and average market-level taxes.

Robustness of Elasticity Estimates

The baseline model estimates the labor substitutability parameters by randomly assign-
ing establishments to markets within a given NAICS 6, without considering the interac-
tions between geography (e.g., MSA) and NAICS. These choices could lead to two con-
cerns: First, the estimates of the labor substitutability parameters could be influenced by
the random assignment itself, and second, labor markets may not be correctly specified.
To address these concerns, we conduct two robustness exercises in Appendix D of the
Supplemental Material. In both of these exercises, we change the method of assignment
of establishments to markets. In the first exercise, a market is defined as the entire NAICS
6 industry, while in the second, a market is defined as NAICS 3 x MSA. We find similar
estimates, although when markets are defined as NAICS 3 x MSA, without random as-
signment, the estimate of η̂S loses statistical significance when we cluster standard errors
at the state level.

TFP Distribution

In Table IV, we report aggregate moments of the estimated skill-specific technology.
We show that there is an increase in the level and variance of these technologies over
time, for both high- and low-skilled workers. The variance of the distribution of produc-
tivities for high-skilled workers is higher compared to low-skilled workers in both years. In
Figure A6 in Appendix E, we plot the density of lnAHinj and lnALinj .42 Inspection of the

TABLE IV

MOMENTS OF THE TECHNOLOGY DISTRIBUTION.

lnAHinj lnALinj

Variance Variance ln AHinj
ALinj

Mean Total Within Between Mean Total Within Between Mean Variance

1997 8.70 21.71 7.23 14.48 8.20 21.33 7.34 13.99 0.50 1.11
2016 8.89 28.54 7.13 21.41 8.26 26.11 7.07 19.04 0.63 1.12

Note: We decompose the total variance for lnALinj and lnAHinj into within and between NAICS 6 industries. More details about
the decomposition are provided in Appendix E.2.

42We also plot the densities of skill-specific employment, lnHinj and lnLinj , in Figure A5 in Appendix E as
they are the primary heterogeneous input used in the estimation of the model.
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distributions of skill-specific technologies confirms this increasing variance and significant
heterogeneity. The variance of technology and its increase over time have an important
implication for heterogeneity in establishment-level markups and markdowns as well as
trends in wage inequality. We explore the quantitative implications of these results in our
counterfactual experiments in Section 6.

We also decompose the total variance of lnAHinj and lnALinj into within and between
NAICS 6 industries in Table IV. The details of the decomposition are provided in Ap-
pendix E.2. We find that in 1997, roughly one-third of the total variance in lnAHinj and
lnALinj is within NAICS 6 industries, while the remaining two-thirds is attributed to be-
tween NAICS 6 industries. In 2016, the contribution of between-industry variance in
productivity increases to roughly three-fourths of the total variance. More importantly,
we find that between 1997 and 2016, we have observed an increase in total variance of
lnAHinj and lnALinj . This increase is exclusively due to an increase in between-industry
variance in establishment-level productivity and a mild decline in within-industry produc-
tivity differences. This is supportive of the recent evidence by Haltiwanger, Hyatt, and
Spletzer (2022), who showed that of the total change in the variance of earnings, the
between-industry change in variance explains about 62%. Our results provide a ratio-
nale for their finding: the rise in between-industry earnings is potentially due to a rise in
between-industry dispersion in technology.

Consistent with the literature, we also find strong evidence in support of Skill-Biased
Technological Change. In Figure 2a, we show that the mean of the distribution of relative
productivities in 2016 increased compared to 1997. The mean of ln(AHinj/ALinj) has in-
creased from 0.50 to 0.63 and the variance has remained effectively unchanged as shown
in Table IV. Meanwhile, in Figure 2b, we show that the 2016 CDF of relative productivi-
ties first-order stochastically dominates the distribution in 1997.

FIGURE 2.—Estimated distribution of relative skill-specific technology. Notes: Panels (a) and (b) show the
probability density function and the cumulative density function of the ratio of ln AHinj

ALinj
, respectively. For the

distributions of lnAHinj and lnALinj as well as the underlying skill-specific employment distributions lnHinj

and lnLinj , see Appendix E.1. Variables are truncated at the 5th and 95th percentiles before plotting kernel
densities.
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TABLE V

ESTIMATES OF THE MARKET POWER AND LABOR SUPPLY PARAMETERS.

Average Markdown

N φ̄H φ̄L Average Markup High-Skilled Low-Skilled

1997 16 166�900 180�800 1.682 1.420 1.419
2016 4 96�430 64�760 2.160 1.435 1.437

Note: The average markup is the sales-weighted average markup estimated from our model. The average markdown is the sales-
weighted markdowns for high- and low-skilled workers.

Estimated Market Structure, Markups, and Markdowns

Table V reports that our estimated value of N has declined substantially between the
two endpoints of our data: N was 16 in 1997 while it has declined to 4 in 2016, imply-
ing that any given firm competes with fewer other firms, on average, in a market.43 We
remain agnostic about the source of this decline. For example, this decline in N can be
due to a rise in common ownership—large investors owning shares in competing firms.
In their recent work, Ederer and Pellegrino (2022) showed that in the United States, the
“network of common ownership has a hub-and-spoke structure with a large proportion
of firms sharing significant overlap and the remainder of largely unconnected firms at the
periphery.” This evidence is in line with the declining estimate of N that we document in
the paper.

We find that the estimated N in 2016 is low relative to 1997. We rationalize this finding
as follows. Our model has two forces that can drive the wedge between revenue over
the wage bill, which has increased over time, as shown in Table VI. These forces are
technological change and N .

While there has been an increase in the variance of the distribution of technology over
time, the underlying heterogeneity cannot fully explain the increase in the wedge between

TABLE VI

MODEL FIT.

1997 2016 �

Data Model Data Model Data Model

Skill Premium 1.515 1.468 1.734 1.642 0.219 0.174
Inverse Wage Bill Share 2.524 2.524 3.290 3.444 0.766 0.920

Total Log Wage Variance 0.285 0.308 0.366 0.336 0.081 0.028
Within Establishment 0.046 0.047 0.052 0.050 0.006 0.003
Between Establishment 0.238 0.261 0.314 0.286 0.075 0.025

Note: The Inverse Wage Bill Share is defined as
∫
j
∑
i minj

Rinj∑
S WSinjSinj

dj, where minj = Rinj∫
j
∑
i Rinj dj

is the revenue weight and

Rinj∑
S WSinjSinj

denotes the revenue over the wage bill share for a given establishment. For the data value, Rinj =RAdj�Data
inj = αNRData

inj

where αN = 0�314. Section 6 outlines the decomposition of the overall log wage variance into a within-establishment component and
a between-establishment component.

43The decline in N is also consistent with the evidence of increasing concentration as measured by the
Herfindahl–Hirschman Index (HHI). See, for example, Autor et al. (2020).
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revenue and the wage bill.44 The residual increase in this wedge is explained by a decline in
N which leads to higher market power for firms.45 Recently, De Loecker, Eeckhout, and
Mongey (2021) also estimated a model of imperfect competition with strategic interaction
in the output market and showed that competition in the aggregate economy has declined.

Table V shows that this decline in competition which we estimate leads to an increase
in sales-weighted average markup from 1.682 in 1997 to 2.160 in 2016. While markdowns
for both skills are substantial, we find that they increase only marginally.46 One of the
main factors contributing to the higher increase in markups compared to markdowns is
the difference in the within- and across-market substitutability parameters between the
product and labor markets. These parameters indicate that the range between the upper
and lower bounds of markups is significantly larger than that of markdowns.47

Figures A8a, A8b, and A8c in Appendix E show the distribution of unweighted
establishment-level markups and the markdowns for each skill level. The distributions
of markups and markdowns have shifted to the right in 2016 compared to 1997, with a
much more substantial shift for markups compared to the markdowns. The main insight
is that the variance of markups has increased substantially.

Model Fit

Our model does reasonably well matching the level and the change of skill premium
between 1997 and 2016 (Table VI). The model underpredicts the levels slightly, but tracks
the data closely when it comes to the change over time. Furthermore, in Figure A7 in
Appendix E, we show that the model skill premium distribution has a close fit to the data
in both 1997 and 2016.

For the sales-weighted average of the revenue over the wage bill, the relevant compar-
ison is for the year 2016 since we match this quantity between the data and the model in
1997 by construction to estimate αN , the output elasticity of labor. This is the key moment
that we target to estimate N . As shown earlier, the wedge between revenue and the wage
bill informs us about the market power of firms in their market. We find that the model
provides a reasonable fit for this moment in the data.

Finally, we evaluate our model’s fit to the data with respect to the variance of log wages.
We find that our model generates 34.6% of the total change in the variance in log wages,
50% of the change in within-establishment variance, and 33% of the change in between-
establishment variance.

44In our estimation strategy, the distribution of technology is a function of both the underlying employment
distribution in the data and the market structure N .

45The effect of N on the wedge is highly nonlinear in a model with Cournot competition. In other words,
the increase in the wedge when N moves from 16 to 8 is lower than its increase when N moves from 8 to 4.
Consequently, N needs to be as low as 4 for our model to match the observed wedge in the data.

46Qualitatively speaking, this increase in markup is consistent with the rise of markup documented by De
Loecker, Eeckhout, and Unger (2020), who used Compustat data and relied on the production function esti-
mation to get their results. With regard to markdowns, we observe a marginal increase in the sales-weighted
markdowns, while Hershbein, Macaluso, and Yeh (2022), using the Census of Manufacturers (CMF), found a
more pronounced increase in average markdowns since 1997.

47In addition, the functional forms of markups and markdowns in the model differ. In our model, markups
are defined as μinj = [1 − 1

θ
snj − 1

η
(1 − snj)]−1, while markdowns for a given skill S ∈ {H�L} are defined as

δSinj = [1 + 1
θ̂S
esnj + 1

η̂S
(1 − esnj)]. When comparing these two expressions, it is evident that even if the wage bill

share and the sales share were identical, the implied markups and markdowns would differ due to differences
in the functional form.
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TABLE VII

COUNTERFACTUAL EXERCISES ON SKILL PREMIUM AND WAGES.

Skill Premium

Level % Contr. WH WL

(1) (2) (3) (4)

1997 1.468 0�00 100�00 100�00
N 1.480 8�05 88�71 87�85
AHinj , ALinj 1.934 268�97 231�49 175�48
φ̄H , φ̄L 1.242 −128�74 93�71 110�59
N and AHinj , ALinj 1.956 281�61 204�57 153�28
N and φ̄H , φ̄L 1.255 −121�26 83�16 97�15
AHinj , ALinj and φ̄H , φ̄L 1.631 94�83 218�58 196�51
2016 1.642 100�00 193�20 171�60

Note: Column (2) (titled % Contribution) is constructed as follows:
κCF−κR1997
κ2016−κ1997

× 100, where κ denotes the level of the skill

premium and κCF denotes the counterfactual under consideration. κR1997, WH , and WL denote, respectively, the level of the skill
premium, high-, and low-skilled wages, of the seed that corresponds to the median change in the total variance of wage inequality in
Table VIII. WH and WL are normalized to 100 in 1997. Values in column (1) are rounded to three decimal points.

6. COUNTERFACTUALS

Given the estimated parameters of the model, we perform a set of counterfactual ex-
periments to quantify the effect of market structure and technological change to wage
inequality. We show in Tables VII and VIII how these factors contribute to the changes
in aggregate skill premium, wage levels, and between-establishment inequality.

To do so, we hold fixed the assignment of establishments to markets that we applied
to back out the skill-and-establishment-specific productivity distributions in Section 4.
Because in each counterfactual we investigate the role of different market structures, we

TABLE VIII

COUNTERFACTUAL EXERCISES ON WITHIN- AND BETWEEN-ESTABLISHMENT INEQUALITY.

Levels % Contribution of total change

Total Within Between Total Within Between
(1) (2) (3) (4) (5) (6)

1997 0.308 0.047 0.261 0�00 0�00 0�00
N 0.329 0.048 0.282 51�79 29�67 54�80
AHinj , ALinj 0.400 0.087 0.313 305�71 1337�67 181�60
φ̄H , φ̄L 0.293 0.027 0.266 −76�43 −656�67 −6�80
N and AHinj , ALinj 0.416 0.089 0.327 360�36 1399�33 235�60
N and φ̄H , φ̄L 0.308 0.028 0.280 −25�71 −642�67 48�40
AHinj , ALinj and φ̄H , φ̄L 0.356 0.050 0.306 145�36 99�33 150�80
2016 0.336 0.050 0.286 100�00 100�00 100�00

Note: Columns (4)–(6) are calculated as follows:
dCF−dR1997
d2016−d1997

× 100, where d ∈ {Total�Within�Between} and CF denotes the

counterfactual under consideration. dR1997 in the numerator denotes the level of total, within-, or between-establishment inequality

pertaining to the seed that corresponds to the median change in the total variance of wage inequality. TotalR1997 is equal to 0.315,

WithinR1997 is equal to 0.047, and BetweenR1997 is equal to 0.268. Values in columns (1)–(3) are rounded to three decimal points.
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need to reassign establishments to firms within a given market. To account for the possible
influence of this random assignment, we employ a bootstrap-style procedure.48

Quantifying the Effect of N

To quantify the effect of N , we perform the following experiment: we hold all parame-
ters of the model fixed to their estimated values in 1997 and change N from its value of
16 in 1997 to its estimated value of 4 in 2016. We find that the skill premium goes up from
1.468 to 1.480 in this counterfactual, implying that the change in the market structure
accounts for 8.1% of the rise in the skill premium.

Intuitively, a decline inN leads to an increase in average markdowns for high- and low-
skilled workers. However, this increase is relatively larger for low-skilled workers, which
translates to an increase in the aggregate skill premium.

We find that the decline in competition in both output and input markets has signifi-
cant effects on the level of average high- and low-skilled worker-weighted wages. Our re-
sults show that if only 4 firms were competing in 1997 instead of 16, average high-skilled
workers’ wages would decrease by 11.3% and average low-skilled workers’ wages would
decrease by 12.2% relative to their 1997 levels.

The level of wages drops despite the small changes in the average markdown of high-
and low-skilled workers because of the general equilibrium effect of the rise in the market
power of firms in the product market. Since firms are exerting monopoly power in the
goods market, the resulting increase in markups leads to a fall in the demand for goods
and therefore labor. In Deb et al. (2022), we took this insight further and showed that the
rise in output market power of firms accounts for 75% of the wage stagnation, and can
account for the decoupling of productivity and wage growth in the U.S.

Quantifying the Effect of AHinj and ALinj

As previously mentioned, the parameters of the model were fixed to their values in 1997
and the technology distribution estimated in 2016 was subsequently fed into the model.
We find that this shift in the technology distribution accounts for approximately 269.0%
of the total change in the skill premium. Changes in the productivity distributions are an
important source of wage growth for both high- and low-skilled workers, and relatively
more for high-skilled. This evidence is in line with the previous literature highlighting the
role of Skill-Biased Technological Change as being an important driver of the rise in the
skill premium.

With regard to the level of wages, our counterfactual exercise demonstrates that the
average wage for high-skilled workers would have increased by 131.5%, while the average
wage for low-skilled workers would have increased by 75.5%. These increases in wages
stem from improved productivity for both high- and low-skilled workers, as outlined in
Table IV. To answer the question of how much market power is impeding wage gains from
productivity improvements, we shift both technology and N jointly and compare it to the

48Specifically, within each market, we randomly reassign establishments to firms 41 times. In each assign-
ment, we divide the 32 establishments within each market into N firms. For each of these reassignments, we
calculate our counterfactual experiments of interest. We then rank these assignments based on the change in
total wage inequality between 1997 and 2016. We present the results corresponding to the assignment with the
median change in total wage inequality. To account for the variability arising from random assignments, we
have added supplementary tables in Appendix F. These additional results present the 5th and 95th percentiles
for each of the counterfactual scenarios we conducted.
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counterfactual where we only shift the technology distribution. We find that the increase
in average high- and low-skilled wages would have been 104.6% and 53.3%, respectively,
instead of 131.5% and 75.5%. This implies that market power impedes wage gains by 26.9
percentage points (pp) for high-skilled workers and 22.2 pp for low-skilled workers.

Labor Supply

In addition to technology and market structure, wages in our model are determined by
endogenous labor supply. The parameter φ̄S captures the disutility cost of the household
from supplying one additional unit of labor, and the estimated values reflect the increase
in the relative supply of high-skilled workers. In the absence of technological change and
market structure, our results suggest that changes in labor supply would have led to an
increase in low-skilled wages, a decrease in high-skilled wages, and a decline in the aggre-
gate skill premium.

Within and Between-Establishment Inequality

We perform the same decomposition as Song et al. (2018) at the establishment level
to quantify how much of the change in within- and between-establishment inequality
can be attributed to changes in market structure and technology. We focus primarily on
between-establishment inequality since our measure of within-establishment inequality is
incomplete. Specifically, our measure depends exclusively on one dimension of worker
heterogeneity, which is high and low skill.49

Let log wages of a worker z, in establishment i, in period t, be denoted by wzit .50 Then,
the decomposition can be written as follows:

Varz(wzit) =
∑
i

ωit

{
Hit (wHit −wit)2 +Lit (wLit −wit)2

Hit +Lit
}

︸ ︷︷ ︸
Within establishment

+
∑
i

ωit

[
wit −wA

t

]2

︸ ︷︷ ︸
Between establishment

� (28)

where ωit is the employment share of establishment i in the economy, wit is the average
establishment wage, and wA

t is the average wage in the economy.
The variance of (log) earnings increases over time, both in our model and in the data.

Roughly 10.7% of the total increase in the variance of earnings is due to an increase in
within-establishment inequality, compared to 7.4% in the data, while the remaining 89.3%
of the increase is due to an increase in between-establishment inequality, compared to
92.6% in the data.51

To isolate the role of N and the technology distribution in explaining the rise in within-
and between-establishment inequality, we perform the same counterfactual experiments
as in Table VII. As noted earlier, our model explains 34.6% of the variation in log wages,

49Our analysis does not include other sources of heterogeneity, such as human capital and efficiency, which
may account for differences in within-establishment wages and changes therein. Therefore, we collapse a lot
of the within-establishment inequality, which leads to such small numbers in Table VI.

50To simplify notation, we remove subscripts n and j that indicate the firm and the market to which estab-
lishment i belongs. In equation (28), we sum over all establishments in the economy.

51The within-establishment inequality constitutes a small part of total inequality as we collapse all wage
heterogeneity within an establishment to just two wages, of high- and low-skilled workers, both in the data and
in the model.
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half of the variation in the within-establishment component, and one-third of the varia-
tion in the between-establishment component in the data. Of this increase, we find that
the decrease in N can explain 29.7% of the total change in within-establishment inequal-
ity and 54.8% of the total change in between-establishment inequality in our model.52

We also find that Skill-Biased Technological Change has increased within-establishment
inequality by 1337.7% and between-establishment inequality by 181.6%—contributing to
the bulk of the observed increase in between-establishment inequality.53

7. CONCLUSION

In this paper, we address the question of how the rise in market power affects wage
inequality. We provide a theoretical model that augments the canonical supply-demand
framework of Katz and Murphy (1992) to incorporate rich heterogeneity between firms,
as well as market power through strategic interaction in the product and labor markets.
In addition to the race between the technology and the relative skill supply as postulated
by Tinbergen (1974), our model highlights an additional channel that affects the skill
premium: the relative monopsony power over different skills. This enables us to show how
an increase in market power, through declining competition, affects the skill premium and
wage inequality.

To quantify the effect of market power, we take our model to microdata from the U.S.
Census Bureau. We estimate the parameters pertaining to within- and between-market
substitutability of workers directly from the upward-sloping labor supply equation faced
by establishments.

Furthermore, in our estimation approach, we remain agnostic about the true definition
of a market. The key restriction we face is that it is impossible to observe which firms
are competing with whom in the macroeconomy. To address these issues, we estimate
a stochastic model of competition by randomly assigning establishments to markets and
firms within industry classification. When we apply our framework to the microdata, we
can estimate an economy-wide productivity distribution consistent with the observed em-
ployment distribution. Our estimates provide evidence of increased dispersion in technol-
ogy, Skill-Biased Technological Change, and a less competitive market structure between
1997 and 2016.

Our counterfactual exercises show that a less competitive market structure alone ex-
plains 8.1% of the rise in the skill premium, as well as a decline in average equilibrium
wage level for high-skilled workers by 11.3% and for low-skilled workers by 12.2%. This
large effect of market power on the wage level is arguably the biggest impact of mar-
ket power on wages and the distribution of income between firm owners and workers.
Finally, we also find that a decline in competition explains 54.8% of the total change in
between-establishment inequality in our model.

52Given that these counterfactuals stem from our specific structural model, our findings are contingent on
our choice of the production technology. Specifically, while we integrate a significant level of heterogeneity into
our production function with two skill inputs and an establishment-specific TFP parameter for each skill, we
abstract from alternate advancements in the literature which account for capital-skill complementarity (Krusell
et al. (2000)), automation of tasks (Acemoglu and Restrepo (2022)), and complementarities among coworkers
within the firm (Freund (2022)) which can also contribute to rising wage inequality.

53Note that the large percentage increase in within-establishment inequality is due to a very small change in
that measure over time.
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