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1 Introduction

The concentration of economic activity among highly profitable firms has garnered

increasing attention due to their impact on labor markets (Autor, Dorn, Katz, Patter-

son, and Van Reenen, 2020). These firms contribute to wage inequality by paying

a wage premium for similar workers compared to less profitable firms (Card, Car-

doso, Heining, and Kline, 2018). One line of research quantifies firms’ labor market

power as a determinant of profits and wages (Berger, Herkenhoff, and Mongey, 2022;

Lamadon, Mogstad, and Setzler, 2022), but generally abstracts from product market

power and worker bargaining power as alternative drivers. Another line quantifies

product market power as a determinant of profits and examines its welfare impli-

cations (De Loecker, Eeckhout, and Unger, 2020; Edmond, Midrigan, and Xu, 2023),

but largely abstracts from imperfect labor market competition and bargaining, leaving

firm wage premia and the welfare implications of bargaining power unaddressed.

This paper presents a structural framework where firms have both product and

labor market power, and workers have collective bargaining power. A central the-

oretical insight is that the wedge between wages and the marginal revenue prod-

uct of labor—the labor wedge—can be decomposed into three components: price-cost

markups, monopsony markdowns, and bargaining power. The model also highlights

identification challenges in distinguishing bargaining power from markdowns using

standard approaches, and proposes a novel method to address them. In a quantitative

version of the model, I show how firm heterogeneity—productivity, product quality,

and non-wage amenities—and shocks to them affect firm wage premia. I further for-

malize the conditions under which strengthening worker power improves welfare.

Using detailed French administrative data, which include measures of output prices

and hours worked, I estimate markups, markdowns, bargaining power, and firm het-

erogeneity, and quantify their effects on wages and welfare.

My main findings highlight the importance of firms’ product market characteristics

and workers’ bargaining power in determining firm wage premia and welfare. Two

key empirical facts in the French data are inconsistent with a standard monopsony

model—where differentially productive firms operate in competitive product markets

and do not bargain with workers: (i) high-wage firms charge higher output prices and

markups, and (ii) they pay workers a larger share of their marginal revenue product.
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My model accounts for these facts and yields several novel insights.

First, the elasticity of firm wage premia to idiosyncratic shocks depends on the

nature of the shock. When products are more differentiated, consumers value qual-

ity over price, leading to weaker passthrough of productivity gains—but stronger

passthrough of quality improvements—to wages. Second, although higher markups

can amplify wage dispersion through rent-sharing, they also restrict output and labor

demand, which dampens wage premia dispersion. Quantitatively, this dampening ef-

fect dominates. Third, product market power accounts for the majority—over 80%—

of the welfare losses associated with firm market power. Finally, increasing worker

bargaining power improves welfare mainly by offsetting the distortions induced by

markups, though it increases wage inequality between firms. Giving workers full bar-

gaining power closes less than one-third of the welfare gap between the decentralized

market economy and the welfare-maximizing planner’s economy.

In Section 2, I develop a flexible partial equilibrium framework with imperfect

competition in both product and labor markets. Firms differ in productivity, prod-

uct quality, and amenities. They face upward-sloping labor supply and downward-

sloping product demand, but the model does not commit to a specific micro-foundation

at this point.1 Firms set prices as a markup over marginal cost. Wages are determined

through bargaining between workers and firms, taking into account profits generated

by imperfect competition. Workers at each firm bargain over wages collectively with

their employer—in line with a key feature of French wage-setting institutions and a

source of tractability for the model.2 In equilibrium, a firm’s wage equals its marginal

revenue product of labor multiplied by a labor wedge. A higher labor wedge implies

that workers capture a larger share of their marginal revenue product.

The first main contribution of this paper is to show that the labor wedge is driven

by price markups, bargaining power, and monopsony markdowns. Prior work that

quantifies firms’ labor market power largely abstracts from markups and bargaining

(Berger et al., 2022; Lamadon et al., 2022). My model nests monopsony as a special

case—when workers have no bargaining power, the labor wedge corresponds to the

1These may arise for reasons such as search frictions or product/workplace differentiation (Burdett
and Mortensen, 1998; Gourio and Rudanko, 2014; Card et al., 2018)

2Bhuller, Moene, Mogstad, and Vestad (2022) show that firm-level collective bargaining is prevalent
among OECD countries. The model does not feature individual bargaining and I discuss this limitation
in Appendix C.1.
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monopsony markdown. However, when workers have some bargaining power and

firms have product market power, workers can capture a share of the profits from

markups through wages. This rent-sharing channel implies that the labor wedge in-

creases with markups. Recent studies that integrate product and labor market power

focus on wage-posting models and do not feature bargaining, thus abstracting from

this rent-sharing channel (Kroft, Luo, Mogstad, and Setzler, 2024; Deb, Eeckhout, Pa-

tel, and Warren, 2024). In those models, markups only reduce labor demand as firms

restrict output, thereby reducing wages by moving down the labor supply curve.

One key implication is that workers’ collective bargaining power can offset the

effects of firm product and labor market power on labor demand. Without bargain-

ing, firms exploit monopsony power by restricting employment and product market

power by limiting output. Worker power shifts some profits to workers, compelling

firms to expand production and employment. I show that sufficiently strong worker

power can eliminate the labor wedge entirely. Recent work quantifying the macroe-

conomic impact of markups and markdowns does not incorporate bargaining (Berger

et al., 2022; Edmond et al., 2023). Strengthening worker power may attenuate firm

market power and improve welfare. I explore this idea quantitatively in Section 7.

In Section 3, I show that my model raises new challenges for separately estimat-

ing monopsony markdowns and bargaining power. Recent advances in the literature

show that, using the “production approach”, monopsony markdowns can be directly

estimated as the wedge between wages and marginal revenue products of labor (Yeh,

Macaluso, and Hershbein, 2022). However, my model clarifies that this approach only

recovers markdowns when workers have no bargaining power. Meanwhile, the “rent-

sharing” literature measures worker bargaining power by estimating the passthrough

of profits to wages, using instruments such as export demand or innovation-based

shocks (Van Reenen, 1996; Kline, Petkova, Williams, and Zidar, 2019; Garin and Silve-

rio, 2024). This approach often relies on wage bargaining models that do not feature

firm monopsony power (Card et al., 2018).3 In such models, reservation wages are

independent of firm-specific shocks, ensuring the validity of instruments for profits.

In contrast, in my model, workers without bargaining power earn endogenous, firm-

specific monopsony wages that move with the same shocks affecting firm profits. As a

3One exception is Kline et al. (2019), who motivate their analysis with a monopsony model. Card
et al. (2018) also explain how a monopsony model could interpret those rent-sharing estimates.
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result, existing instruments violate the exclusion restriction in my setting.

The model suggests a new path forward to disentangling workers’ collective bar-

gaining power from monopsony markdowns. Rather than estimating bargaining power

from a wage equation as in the rent-sharing literature, I exploit the labor wedge equa-

tion, which avoids the problem of unobserved monopsony wages. This approach re-

lies on the property that labor wedges increase with markups when workers have

bargaining power. Given measures of labor wedges and markups, the main identifi-

cation challenge is addressing unobserved monopsony markdowns, which are firm-

specific and endogenous to firm size and amenities. While firm size is observed in the

data, amenities are not. To address this, I propose a theory-consistent control func-

tion approach: firms’ wage bill and employment jointly proxy for amenities, based on

the idea that firms with better amenities attract more workers at a given wage. This

monotonicity assumption underpins my control function strategy. With an estimate of

bargaining power, firm-specific monopsony markdowns can then be recovered.

Implementing my approach begins with measuring labor wedges and markups. I

do this by applying the production approach of De Loecker and Warzynski (2012) and

Yeh et al. (2022). This approach involves estimating production functions using a con-

trol function method to account for unobserved firm productivity, following Acker-

berg, Frazer, and Caves (2015). I then separate labor wedges from markups by noting

that labor wedges specifically distort labor demand, while markups distort all input

demands. This approach offers some flexibility as it does not require researchers to

commit to one specific market structure across product and labor markets.

Section 4 presents the detailed French micro-data I use to estimate markups, mark-

downs, bargaining power, and firm wage premia. The firm balance sheet panel data

contains essential variables for production function estimation. To measure labor in-

puts and to estimate firm wage premia, I use the matched employer-employee panel

data, which has the advantage of including data on hours worked, allowing me to ac-

count for differences in hours across firms. I complement these datasets with survey

data on firm×product-level prices for manufacturing firms. The survey data helps

address the common challenge of unobserved input and output prices in production

function estimation (De Loecker, Goldberg, Khandelwal, and Pavcnik, 2016).

Section 5 presents my main empirical findings. I estimate a median labor wedge of
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0.62 and a median monopsony markdown of 0.45 for French manufacturing firms. The

difference is due to worker bargaining power and markups. I estimate that workers

capture about 12% of firm profits, similar to the typical range summarized in Jäger,

Schoefer, Young, and Zweimüller (2020). These results suggest that not accounting for

worker bargaining power would understate firm monopsony power.

Comparing my labor wedge estimates with those from existing studies that use the

production approach underscores the importance of accounting for hours worked in

measures of labor inputs. My estimates are lower than those of Yeh et al. (2022) and

Mertens (2020), who measure labor inputs by employment and report labor wedges of

around 0.70 for median US and German manufacturing firms. When I measure labor

inputs as employment, I find median labor wedges of 0.71, significantly narrowing

the gap between my original estimates and those from existing literature. This dis-

crepancy reflects an upward bias in estimated labor output elasticities when hours are

omitted, as employment understates total labor input and larger firms tend to have

longer average work hours.

My estimates reveal two novel empirical relationships between firm wage premia

and firm market power. First, high-wage firms tend to charge higher output prices

and markups, a pattern that persists even within narrow industries and cannot be

explained by models with only productivity heterogeneity. Second, high-wage firms

tend to have higher labor wedges, paying a larger share of marginal revenue products

as wages. This finding is inconsistent with monopsony models without bargaining

or product market power (Card et al., 2018), where labor wedges equal monopsony

markdowns and typically decline with firm wage premia. My model accounts for this

pattern through positive worker bargaining power, which allows workers to capture

part of the product market rents.

In Section 6, I develop a quantitative general equilibrium version of my model to

quantify the role of firm market power, worker bargaining power, and the sources of

firm heterogeneity in shaping wages and welfare. In this model, product markets are

oligopolistic and labor markets oligopsonistic, following Atkeson and Burstein (2008)

and Berger et al. (2022). The model implies that markups and markdowns are deter-

mined by firms’ product and labor market shares. I use the empirical counterparts of

these structural relationships to calibrate the underlying preference parameters.
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A key advantage of the French data is that it includes output prices and hours

worked, which allows me to measure both product quality and amenities. I measure

these based on the model-implied relationship between firms’ sales and wage-bill mar-

ket shares and their corresponding output prices and (hourly) firm wage premium.

The model’s first contribution is to show how firm heterogeneity and firm-specific

shocks shape wage premia. Section 7 decomposes the passthrough of a shock into

three parts: (i) a direct effect on labor demand; (ii) a market power effect from changes

in markups and markdowns, governed by worker bargaining power; and (iii) a firm

size effect capturing general equilibrium spillovers. A key insight is that the size of

the direct effect depends on the nature of the shock. Productivity shocks generate

larger passthrough to wages than equally sized quality shocks when products are close

substitutes, because sales are more sensitive to prices than to quality.

Quantitatively, a 1% productivity shock has a passthrough of 0.99, compared to 0.24

for a quality shock, mainly reflecting high substitutability across varieties. Nonethe-

less, quality heterogeneity generates more wage variance than productivity hetero-

geneity. Most empirical studies, which do not distinguish between shocks, find pass-

through below 0.3 (Card et al., 2018; Lamadon et al., 2022). My findings suggest that

the wage effects of innovation depend on whether innovations improve productivity

or product quality, and on the degree of product differentiation.

The model’s second contribution is to formalize and quantify how workers’ col-

lective bargaining power affects welfare when firms have product and labor market

power—an idea long discussed by economists but rarely formalized (Stansbury and

Summers, 2020). Comparing the decentralized and welfare-maximizing social plan-

ner’s equilibra, I show that markups and markdowns reduce welfare by (i) acting as

uniform taxes on aggregate labor demand, and (ii) generating misallocation. Rais-

ing worker bargaining power helps correct both distortions by redistributing profits

to workers, which counteracts firm market power and compels firms to increase pro-

duction and employment. However, even full worker power cannot fully restore effi-

ciency, since markups also distort non-labor input demand.

Section 7 shows that markups and markdowns reduce welfare by 46% in consumption-

equivalent terms, with markups alone accounting for over 80% of the loss. Misalloca-

tion explains about 63% of the welfare cost of markups. Markups also affect wages,
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potentially raising them through rent-sharing but may also reduce them by restricting

labor demand. Quantitatively, the latter dominates: equalizing markups raises both

average wages and wage variance by 39% and 97%, while increasing welfare by 24%.

Strengthening worker bargaining power improves welfare, but less so than elimi-

nating markups entirely. Increasing bargaining power from 12% to 50% yields wage

gains comparable to those from removing markups, but achieves only one-quarter of

the welfare gain (10% vs. 38%). Granting workers full bargaining power raises welfare

by 13%, closing less than a third of the gap to the planner’s equilibrium. The remainder

reflects distortions to non-labor input demand that bargaining alone cannot address.

2 A Partial Equilibrium Model of Firm & Worker Power

I now set up a model of the labor market in which heterogeneous firms have labor and

product market power, and workers have bargaining power. The model serves several

purposes: (i) to structurally interpret regression-based estimates of firm wage premia;

(ii) to clarify the role of worker bargaining power in determining labor demand and

wages; (iii) to guide how firm market power and worker bargaining power may be

estimated from the data (in Section 3). In Section 6, I close the model in general equi-

librium and impose further structure to quantify the implications of firm and worker

power for wages and welfare.

2.1 Model environment

Labor supply. Let Φj be the piece-rate wage per efficiency unit of labor paid by firm j.

A worker i with efficiency Ei obtains a wage Wij = EiΦj. Taking logs, this wage equa-

tion has a log-additive structure reminiscent of the “AKM” regression due to Abowd,

Kramarz, and Margolis (1999): wij = ei + ϕj, where lowercase letters denote variables

in logs. The piece-rate wage (ϕ) is the firm-specific wage (premium).

Efficiency units of labor in the firm are Hj = ĒjLj, where Ēj denotes average ef-

ficiency and Lj denotes amount of labor. Let the upward-sloping labor supply curve

facing each firm be Hj = H(Φj, Aj). The firm-specific labor supply shifter Aj repre-

sents non-wage amenities and is taken as given by the firm. I assume that the labor

supply function is twice differentiable and monotonically increasing in Φj and Aj.
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Product demand. Let the downward-sloping demand curve for firm j’s output be

Yj = G(Pj, Dj). The price charged by firm j is Pj. Firms take as given the demand

shifter for its goods Dj, capturing its product quality. The goods demand function is

twice differentiable and monotonically decreasing in Pj and increasing in Dj.

Production technology. Firms operate a general production function with diminish-

ing marginal returns to each input Yj = ΩjF(Kj, Mj, Hj). Ωj is the Hicks-neutral pro-

ductivity, Kj are physical capital, Mj are material inputs, and Hj are units of effective

labor. The production function is twice differentiable and satisfies F(Kj, Mj, 0) = 0.

The markets for capital and materials are perfectly competitive with prices Pk and Pm.

Wage determination. An important institutional feature of wage bargaining in France

is that firms with at least 50 employees are legally required to bargain annually with

their employees, who are represented by labor union representatives (see Appendix

A). That is, workers bargain collectively with their employer j on a per-period basis.

Firm-level collective bargaining is not unique to France—as Bhuller et al. (2022) show,

this institutional feature has become increasingly common among OECD countries.

Modeling firm-level collective bargaining between workers and their employers re-

quires defining the workers’ collective threat if wage negotiations were to break down.

I assume that workers can threaten to go on a collective one-period strike, halting pro-

duction and leading to zero profits for firms at the cost of zero wages for that period.

Since the model is static and bargaining occurs every period, the bargaining problem

with the same workers is repeated next period. As we will see, this collective threat

allows workers to demand a wage above the level that would prevail in a monop-

sony, with the extent depending on workers’ bargaining strength.4 This approach is

similar to recent work on labor unions. For example, Taschereau-Dumouchel (2020)

models unionized firms as paying higher wages than non-unionized firms because of

workers’ ability to collectively quit into unemployment if no agreement is reached.

I assume that bargaining is efficient in the sense that workers and firms jointly

decide on wages, prices, materials, and capital to maximize total profits, taking into

account the product demand curve and labor supply curve.5 Let Πj be firm profits.

4Another reason workers may be able to demand wages above the monopsony level is if workers’
individual outside options improve. I discuss this point further in Appendix C.1.

5When capital is a production input and capital investments are sunk, an important concern is
whether workers can holdup their employers and extract rents. However, recent evidence suggests
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Worker bargaining power is κ ∈ [0, 1]. The collective bargaining problem is:

max
Φj,Pj,Mj,Kj

(
ΦjHj

)κ(
Πj

)1−κ

subject to Hj = H(Φj, Aj), Yj = G(Pj, Dj), and Yj = ΩjF(Kj, Mj, Hj). The firm’s profit

is Πj = PjYj −ΦjHj − PmMj − PkKj. When workers have no bargaining power (κ = 0),

they have no influence on the firm’s input and price/wage-setting decisions.

2.2 How bargaining affects firm wage premia and labor demand

2.2.1 Firm wage premia

Solving the bargaining problem gives the following firm-specific wage (premium):

Φj = κ

(
PjYj − PmMj − PkKj

Hj︸ ︷︷ ︸
Profits per effective labor

)
+ (1 − κ) λjMRPHj︸ ︷︷ ︸

Monopsony
wage

(1)

The first term represents profits per effective labor, also frequently referred to as “quasi-

rents” in the rent-sharing literature (Card et al., 2018). The second term is the monop-

sony wage, which is a markdown (λj) below the marginal revenue product of effective

labor (MRPHj). The monopsony markdown λj =
ξ j

1+ξ j
is a function of labor supply

elasticities ξ j = ξ(Hj, Aj), whose specific functional form depends on the microfoun-

dation for the labor supply curve.

Equation (1) shows that the firm wage premium is a weighted average of two com-

mon wage-setting mechanisms: a pure bargaining outcome and a pure monopsony

outcome. When workers have no bargaining power (κ = 0), firms set wages unilat-

erally taking into account the labor supply curve. As a result, workers are paid the

monopsony wage, as is the case in wage-posting models of the labor market (Berger

et al., 2022; Lamadon et al., 2022; Kroft et al., 2024). When workers have some bargain-

ing power (κ ∈ (0, 1)), they are able to extract a share of the firm profits. Therefore,

bargained wages are a top-up over the monopsony wage. When workers have full

bargaining power (κ = 1), they capture the full profits. Thus, higher worker bar-

gaining power redistributes profits generated by imperfect product and labor market

competition from firms to workers. This redistribution of profits also impacts firm

that such holdup problems tend to be small (see, for example, Card, Devicienti, and Maida (2014)).
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labor demand, as I show next.

2.2.2 Labor demand

To see how markups, markdowns, and bargaining affect firm labor demand, consider

a different representation of the firm wage premium equation (1):

Φj = ΛjMRPHj = Λjµ
−1
j MPHj (2)

where the marginal revenue product of effective labor is MRPHj = µ−1
j MPHj =

µ−1
j αh,j

PjYj
Hj

. Let MPHj = αh,j
PjYj
Hj

denote the value of the marginal product of labor.
PjYj
Hj

is the revenue per effective worker, αh,j is the output elasticity with respect to la-

bor inputs, and µj =
ρj

ρj−1 is the price-cost markup, which is a function of the price

elasticities of demand ρj = ρ(Yj, Dj). The labor wedge (Λj) is the share of MRPHj that

workers receive as wages.

Markups as negative labor demand shifters. Notice that in equation (2) markups

directly drive a wedge between wages and marginal products of labor (MPHj). Be-

cause markups enter inversely, a higher markup represents a negative labor demand

shift, capturing the idea that monopolists reduce output, and hence labor demand. In

a model where firms have both product and labor market power but workers have

no bargaining power, all else equal, a markup-induced negative labor demand shift

moves firms down the labor supply curve, thus reducing wages (Kroft et al., 2024).

The role of wage bargaining and firm market power in determining the labor wedge.

A key insight of the model is that the difference between wages and the marginal rev-

enue product of labor—the labor wedge (Λj)—can be expressed as:

Λj = κ

(
1 −

αm,j + αk,j

µj

)
µj

αh,j
+ (1 − κ)λj (3)

The first term reflects the profits per unit of MRPH (“product market rents” hence-

forth) captured by workers through bargaining—a rent-sharing term. In contrast with

the role of markups as negative labor demand shifters, this term increases with markups,

as higher markups increase the profits that workers can appropriate. Thus, markups

can also act as positive labor demand shifters by raising the labor wedge (Λj). This

rent-sharing term introduces a new channel through which markups affect labor de-
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mand and wages relative to models without bargaining (Kroft et al., 2024).

The second term arises from the monopsony markdown (λj), representing firm

monopsony power when workers have no bargaining power (κ = 0). When κ = 0,

the labor wedge is equal to the monopsony markdown Λj = λj, as workers do not

capture any profits. When κ > 0, the labor wedge exceeds the monopsony markdown.

Thus, the labor wedge captures the idea that worker bargaining power can offset firm

monopsony power, with pure monopsony as a special case (Lamadon et al., 2022).

Additionally, since the labor wedge increases with markups, higher markups make

worker bargaining power more effective at countering firm monopsony power.

3 Estimating Markups, Markdowns, Bargaining Power

The model in Section 2 relates firm wage premia (Φj) to labor wedges (Λj), markups

(µj), markdowns (λj), and worker bargaining power (κ). This section provides a de-

tailed description of my approach to estimating these objects.

3.1 Estimating firm wage premia

A common method for estimating firm wage premia is to recover firm effects from an

AKM regression (Abowd et al., 1999), typically assuming firm effects are fixed over time

and identifying them through worker mobility across firms. However, as I explain

in the next subsection, measuring firms’ efficiency units of labor over time requires

estimating time-varying firm wage premia. A practical challenge is the limited worker

mobility in short panels, which leads to noisy firm effect estimates and an upward

bias in their variance. To address both the need for time variation and the lack of

mobility, I implement the k-means classification approach of Bonhomme, Lamadon,

and Manresa (2019) (“BLM” henceforth).6

I first classify firms into groups using a k-means clustering algorithm, then esti-

mate a version of the AKM regression replacing firm effects with firm-group effects.

Specifically, I estimate the following regression:

ln Wit = χ′
itβ + ιi + ϕg(j(i,t),t)t + νit

6I compare the estimated variance of firm wage premia between the Bonhomme et al. (2019) k-means
clustering and Kline, Saggio, and Solvsten (2020) leave-out approaches in Table 9.
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where i denotes the individual, j(i, t) denotes the firm that employs i at time t, g(j, t)

denotes the group of firm j at time t, ιi are worker fixed effects, ϕg(j(i,t),t) are firm-group

effects that vary by t, and χit includes age polynomials and part-time status. When

there are as many firm-groups as there are firms, this regression converges to the AKM

regression. The firm-group fixed effects are identified by workers who switch between

firm-groups. Relative to the AKM regression, this procedure has the advantage that

it substantially increases the number of switchers used to identify firm-group effects,

enabling wage premia to be more precisely estimated.7

To classify firms with similar wage premia, I group firms based on the similarity of

their internal wage distributions. Conditional on a log-additive wage structure, firms

with similar firm and worker effects should exhibit similar internal wage distributions.

If two firms have similar distributional shapes but different average wages, they likely

differ in firm effects. Conversely, if average wages are similar but distributional shapes

differ, they are assigned to different groups. In practice, I apply the clustering algo-

rithm by 2-digit sector over overlapping 2-year windows, allowing wage premia to

vary over time. More details on the clustering procedure and the underlying restric-

tions of the AKM framework are provided in Appendix B.1.

3.2 Estimating labor wedges and price-cost markups

Estimation approach in theory. Having estimated firm wage premia, I now apply the

production approach to separately estimate markups and labor wedges (De Loecker

and Warzynski, 2012; Yeh et al., 2022). I start by estimating production functions

to obtain output elasticities. Let the production function for each sector s be yjt =

fs(k jt, mjt, hjt; β)+ωjt. Lowercase letters represent the natural log counterparts of vari-

ables written in uppercase letters, β is the set of production function parameters, and

ωjt is the firm’s Hicks-neutral productivity. The firm-specific output elasticities with

respect to capital, material inputs, and effective labor are: αk,jt :=
∂yjt
∂kjt

, αm,jt :=
∂yjt
∂mjt

, and

αh,jt :=
∂yjt
∂hjt

. Consistent with the model, I measure effective labor as Hjt = ĒjtLjt, where

the average efficiency of workers per hour is the ratio of the firm’s average wage to

the firm wage premium at a given time t, Ējt =
W̄jt
Φjt

, and log Ējt is normalized to have

7See Bonhomme, Holzheu, Lamadon, Manresa, Mogstad, and Setzler (2023) for a systematic assess-
ment of the importance of clustering firms before estimating firm effects.
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a mean of 0 in the cross-section.8,9

Next, I disentangle firms’ markups from their labor wedges using the fact that

markups distort the demand for all inputs, while labor wedges only distort labor de-

mand. This requires: (i) choosing a flexible input, and (ii) assuming firms are price

takers for that input. Assuming materials meet these conditions, markups are the sole

distortion to material demand, and labor wedges are the sole distortion to labor de-

mand relative to materials. Markups and labor wedges can then be expressed as:

µjt = αm,jt
PjtYjt

Pm,tMjt
and Λjt =

ΦjtHjt

Pm,tMjt
·

αm,jt

αh,jt
=

W̄jtLjt

Pm,tMjt
·

αm,jt

αh,jt
(4)

Thus, both can be separately identified using data on the material cost share and the

wage-bill-to-materials ratio, along with estimates of output elasticities. In Appendix

B.7 and B.8, I examine the assumptions that material inputs are flexible and firms take

their prices as given.

Identification challenges. Obtaining estimates of output elasticities requires estimat-

ing production functions, which entails several challenges: unobserved firm produc-

tivity and unobserved output/input prices. I now address them in turn.

First, firm productivity ωjt is unobserved but determines input choices, implying

that OLS estimates of production function parameters are biased. To address this,

I implement the control function approach (Ackerberg et al., 2015), which corrects

for this endogeneity by allowing researchers to indirectly observe firm productivity—

through the inversion of firms’ optimal demand for a fully flexible input.

Second, when estimating production functions, researchers often do not observe

firms’ output and input prices, which may lead to biased estimates of output elastic-

ities (Klette and Griliches, 1996; De Loecker and Goldberg, 2014). To address unob-
8As I discuss in Appendix C.1, my model abstracts from the sequential auction wage-setting mecha-

nism of Cahuc, Postel-Vinay, and Robin (2006), which allows incumbent workers and new hires—who
are otherwise identical—to receive different wages as incumbents accumulate outside offers. In such
cases, equation (2) may be misspecified. However, in Appendix B, I show that my empirical findings
are robust to focusing on hiring wages only, following the approach of Di Addario, Kline, Saggio, and
Solvsten (2020), thereby allowing for differential pay between incumbents and new hires.

9Implicit in the efficiency units specification of the production function, I assume that worker types
are perfect substitutes, although average worker efficiency and firm productivity are complements.
When workers are imperfect substitutes, the log-additive AKM regression is misspecified—an interac-
tion term between the worker and firm effect needs to be present. I address this issue in two ways.
First, I show that when workers change employers, the changes in AKM firm effects are very similar to
the unconditional wage changes, following Sorkin (2018). Second, in Appendix E, I provide an exten-
sion that distinguishes between two skills. I find that the results of this extension are similar to those
reported in Section 5.
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served heterogeneity in output prices, I use data on output prices from a large sur-

vey of French manufacturing firms (see Section 4 for details). For unobserved hetero-

geneity in input prices—specifically capital and materials—I follow the approach of

De Loecker et al. (2016), who show that, under the assumption that firms are pricetak-

ers in input markets, output prices can be used to control for input price variation. In

my model, however, firms have monopsony power in labor markets, leading to unob-

served monopsony markdowns. To ensure the validity of the De Loecker et al. (2016)

approach in this context, I additionally control for firm wage premia. Further details

on how I address unobserved output and input prices are provided in Appendix B.3.

Input price control function. To aid the exposition that follows, I begin with a few no-

tational definitions. Let x̃jt = {k̃ jt, m̃jt} denote capital and material input expenditures

and px,jt = {pk,jt, pm,jt} the corresponding input prices. When firms are pricetakers

in the markets for these inputs, a control function for their unobserved prices can be

expressed as Bs(px(pjt, Zjt), x̃jt, hjt; β, ζ), following De Loecker et al. (2016). The vector

β denotes production function parameters and ζ input price parameters. The vector

Zjt contains firm wage premia and a set of (5-digit) sector×location fixed effects.

Productivity control function. The first step in deriving the productivity control func-

tion is to obtain the first-order condition for materials: m̃jt = ms(ωjt, k̃ jt, hjt, µjt, pjt, Zjt).

I invert this function to obtain the control function for productivity:10

ωjt = ωs(hjt, k̃ jt, m̃jt, µjt, pjt, Zjt) (5)

This relies on the following assumptions:

Scalar unobservability. The firm’s idiosyncratic Hicks-neutral productivity ωjt is the only un-

observable variable determining firm material input demand.

Monotonicity. Conditional on the variables in the control function, material input demand is

monotonically increasing in ωjt.

The productivity control function (5) highlights a key identification challenge in

settings with imperfect competition: it depends on prices and markups, µjt = µ(Pjt, Djt),

which are typically unobserved. When prices and markups are not observed, the ma-

terial input demand function generally cannot be inverted—violating the scalar un-

10Under the assumption that firms are pricetakers for capital and material inputs, De Loecker et al.
(2016) show that these input price differences are absorbed by output prices and a set of sector-location
fixed effects. Therefore, they do not appear directly in the productivity control function.
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observable assumption—unless all variation in prices and markups is driven by ωjt.

In the French data, I observe output prices. Additionally, if markup heterogeneity is

driven by ωjt or by regional and sectoral differences in product market competition,

these are absorbed by the control function.

However, variation in idiosyncratic demand Djt, uncorrelated with TFP, can still

induce markup variation. To address this, I impose more structure on the drivers of

markups and include additional controls for them. Drawing on models of oligopolistic

competition (Edmond, Midrigan, and Xu, 2015), I control for export status and market

shares. Motivated by customer capital models (Gourio and Rudanko, 2014), I include

firm age. Finally, I include a third-order polynomial in output prices to account for

potential nonlinearities in the price-markup relationship. The identifying assumption

is that these controls adequately capture markup variation unrelated to TFP.

Estimation. I estimate translog production functions for each 2-digit manufacturing

sector, allowing output elasticities to vary across firms and over time:

yjt = βk,sk jt + βh,shjt + βm,smjt + βkk,sk2
jt + βhh,sh2

jt + βmm,sm2
jt

+ βkh,sk jthjt + βkm,sk jtmjt + βhm,shjtmjt + βkhm,sk jthjtmjt + ωjt

I maintain the assumption that production functions are the same across firms within

2-digit sectors and are constant over time. In Appendix B.6, I discuss the choice of

estimating translog production functions in detail.

I estimate the production functions following the two-step GMM approach (Acker-

berg et al., 2015). In the first-stage, I combine the productivity and input price control

functions with the production function and estimate the following by OLS:

yjt = Ψs(k̃ jt, hjt, m̃jt, pjt, Zjt; β, ζ) + ϵjt (6)

With a slight abuse of notation, the vector Zjt now also includes year effects, export sta-

tus, market shares, and firm age, in addition to firm wage premia and sector×location

fixed effects. This step estimates and removes the residual term ϵjt, capturing measure-

ment error and productivity shocks that are unobserved by the firm and are therefore

orthogonal to input choices.11

In the second stage, I estimate the production function parameters β and input-

11I approximate Ψ(.) with a third-order polynomial using each variable except dummy variables.
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price-related parameters ζ by forming moment conditions. Firm productivity ωjt can

be written as a function of the parameters to be estimated {β, ζ}:

ωjt(β, ζ) = Ψ̂jt − fs(k̃ jt, hjt, m̃jt; β)− Bs(px(pjt, Zjt), x̃jt, hjt; β, ζ)

Let the law of motion for the log of Hicks-neutral productivity be:

ωjt = gs(ωjt−1) + ϖjt (7)

where gs(.) is a flexible function and ϖjt is a productivity shock.12 Combining equa-

tion (6) and the law of motion for productivity (7) gives productivity shocks ϖjt as a

function of the parameters of interest:

ϖjt(β, ζ) = ωjt(β, ζ)− gs(ωjt−1(β, ζ))

I then form the following moment conditions:

E[ϖjt(β, ζ)Xjt] = 0

where Xjt includes current and lagged capital, lagged effective labor, lagged material

inputs, lags of the squared factor inputs, lagged interaction terms between the factor

inputs, lagged output prices, lagged market shares, lagged export status, lagged firm

age, lagged wage premia, and the interaction terms between lagged output prices and

lagged factor inputs. Under the timing assumption on the productivity process, these

lagged variables are orthogonal to current productivity shocks. In addition, capital

inputs are assumed to be dynamic and pre-determined, therefore firms’ current capital

input demand are also orthogonal to current productivity shocks.

An important caveat to note is that identifying material output elasticities is chal-

lenging: Gandhi, Navarro, and Rivers (2020) show that, with perfectly competitive

product markets, the only source of variation that identifies material output elastici-

ties is time-series variation in material prices. I address this concern in Appendix B.9.

3.3 Estimating bargaining power and monopsony markdowns

Section 2 shows that labor wedges (Λ) are not generally equal to monopsony mark-

downs (λ), except in the absence of worker bargaining power (κ). Disentangling the

12I let gs(.) be linear. I approximate B(.) with a third-order polynomial using each variable except
dummy variables. Dummy variables enter linearly.
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two requires knowledge of κ. I now discuss the identification challenges commonly

encountered when estimating κ, the additional challenge posed by my model, and a

novel estimation approach that addresses this challenge.

Common identification challenges and existing solutions. The rent-sharing litera-

ture typically estimates the elasticity of wages with respect to measured profits per

worker (Card et al., 2018), based on a wage equation structurally similar to equation

(1). The key distinction is that, in the absence of worker bargaining power (κ = 0),

workers receive a reservation wage Φr
j = Φr(Φc, Aj), which reflects a competitive out-

side option (Φc) and a firm-specific non-wage amenity (Aj). In contrast, in equation

(1), if κ = 0, workers receive the monopsony wage Φmonop
j = λjMRPHj.

For both wage equations, an OLS regression of firm-level average wages (Wj =

ĒjΦj) on quasi-rents (Qrent
j =

PjYj−PkKj−Pm Mj
Hj

) will give an upward-biased estimate of

κ. The reasons are: (IC1.) unobserved worker heterogeneity, (IC2.) common shocks

that shift firms’ labor demand, and (IC3.) differences in amenities across firms.

To address IC1, the literature typically focuses on rent-sharing estimates for work-

ers who do not switch firms (“stayers”), using matched worker-firm panel data to

control for unobserved worker heterogeneity. To address IC2 and IC3, the literature

proposes a set of instruments for Qrent
j and makes the case that they are relevant, id-

iosyncratic (to address IC2), and orthogonal to firm amenities (to address IC3).13

A new identification challenge. Estimating κ using the more general wage equa-

tion (1) introduces an additional identification challenge: any idiosyncratic shock that

shifts Qrent
j will also affect the monopsony wage Φmonop

j at the same time, implying

that the exclusion restriction cannot be satisfied. This is because both Qrent
j and Φmonop

j

are determined by firm productivity, product quality, and amenities. Thus, applying

existing instruments to estimate worker bargaining power will yield biased estimates

of κ in the context of my model.

An alternative approach to estimating worker bargaining power. I propose a theory-

consistent approach to estimating κ that avoids the presence of unobserved monop-

sony wages. Instead of using the wage equation (1), my approach exploits the struc-

tural relationship between price markups and labor wedges given by equation (3).

13See Card et al. (2018) for a survey of this literature. Recent work used idiosyncratic export demand
shocks or patent shocks as instruments (Garin and Silverio, 2024; Kline et al., 2019).
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Following equation (3), define product market rents as µ̃jt ≡
(

1 − αm,j+αk,j
µj

)
µj

αh,j
=(

PjtYjt−Pm,t Mjt−Pk,tKjt
Pm,t Mjt

)
αm,jt
αh,jt

. Suppose that labor wedges (Λjt), markdowns (λjt), and out-

put elasticities (αh,jt, αm,jt) are observed.

Then, according to equation (3), conditional on monopsony markdowns (λjt), vari-

ation in product market rents (µ̃jt) identify worker bargaining power. The intuition is

straightforward: when workers have bargaining power, they capture a share of rents

generated by markups. When κ = 0, variation in µ̃jt do not directly affect Λjt.

While the production function estimation provides estimates of Λjt and µ̃jt, monop-

sony markdowns λjt remain unobserved at this stage. As discussed in Section 2, mark-

downs may depend on firm size and amenities: λjt = λ(Hjt, Ajt). This introduces an

endogeneity concern: product market rents may be correlated with markdowns, bi-

asing inference about κ. However, firm size is observed. Therefore, using the labor

wedge equation (3) in place of the wage equation (1) shifts the core identification chal-

lenge from unobserved monopsony wages Φmonop
jt to unobserved amenities Ajt. This

mirrors an identification challenge (IC3) faced in the rent-sharing literature.

Before addressing unobserved amenities, it is worth noting one advantage of us-

ing the labor wedge equation (3) instead of the wage equation (1): under certain con-

ditions, unobserved amenities do not pose a challenge for identifying κ. Specifically,

even when monopsony markdowns depend on firm size, if worker preferences are

multiplicatively separable in wages and amenities, then markdowns do not depend di-

rectly on amenities. This is because, in this case, amenities shift the level of labor

supply without affecting its elasticity. Therefore, unobserved amenities do not bias es-

timation of κ via the labor wedge equation. This multiplicative separability is a com-

mon modeling assumption for amenities (Card et al., 2018; Lamadon et al., 2022).14

However, in general, amenities may not be multiplicatively separable from wages.

For this more general case, I propose a control function approach to address unob-

served variation in amenities. My approach relies on the following assumption:

Assumption. The firm-specific labor supply function Hjt = H(Φjt, Ajt) is monotonically in-

creasing in the value of its amenities Ajt, conditional on Φjt.

Under this assumption, the control function for amenities can be written as Ajt =

14Analogously for product markets, it is also a common modeling approach for quality or demand
shifters, e.g. Hottman, Redding, and Weinstein (2016).
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A(Hjt, ΦjtHjt). The idea behind the amenity control function is that variation in un-

observed amenities can be controlled for jointly by employment and wage bills. The

intuition is that amenities shift labor supply, which breaks the direct correspondence

between wages and employment in the labor supply curve. The bargaining weight

κ is then identified from variation in markups, conditional on firm size in terms of

employment and wage bills.

I implement equation (3) as an OLS regression of the estimated labor wedges (Λ̂jt)

on estimated product market rents ( ˆ̃µjt) and an approximation of the markdown func-

tion λ(.). I approximate λ(.) with a 4th-order polynomial in (effective) labor and wage

bills. In my baseline implementation, I include sector×year fixed effects to absorb

sector-specific time trends and firm fixed effects to absorb any unmodelled time in-

variant firm characteristics.15 Finally, I compute monopsony markdowns using the

estimated bargaining parameter: λ̂jt =
1

1−κ̂

(
Λ̂jt − κ̂ ˆ̃µjt − ˆ̃ϵjt

)
, where ˆ̃ϵ is a residual.

My approach to estimating bargaining power is subject to several key limitations.

First, measuring both labor wedges and product market rents requires estimating out-

put elasticities, which is challenging in the context of flexible production functions,

as discussed in Section 3.2. Since these elasticities enter multiplicatively into the cal-

culations of Λjt and µ̃jt, any mismeasurement will mechanically bias the estimated κ

upward. I refer to this as multiplication bias, and I address it in Appendix B.10. Second,

my baseline analysis assumes that labor is a flexible input. However, if firms face labor

adjustment costs, these will be absorbed into the labor wedge, potentially biasing the

estimated κ. In Appendix B.11, I quantify the potential impact of labor adjustment fric-

tions and incorporate this into a robustness check of my estimation strategy. Finally,

while in one sense my markdown estimation approach is more general than exist-

ing production-based approaches—it does not impose κ = 0—it is more restrictive in

another—it imposes that all variation in markdowns reflect firm size and amenities.

4 Administrative datasets from France

Implementing the estimation approach described above requires three types of data.

Firm wage premia are estimated using matched employer-employee data, which track

15While these controls are demanding, they do not eliminate identifying variation in product market
rents if firm productivity and quality are not perfectly correlated. I illustrate this point in Appendix B.5.
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workers over time and across different firms. Labor wedges and markups are esti-

mated using firm balance sheet data and a survey of firm-product level output prices.

I describe the data sources below and the estimation sample in Appendix A.3.

Firm balance sheet data. My source for firm balance sheet information is the Fichier

approché des résultats d’Esane (FARE) dataset, available from 2008 to 2019. FARE is com-

piled by the fiscal authority of France, Direction Générale des Finances Publiques (DGFiP),

from compulsory filings of firm annual accounting information. The dataset contains

balance sheet information for all firms in France. From these datasets, I obtain informa-

tion on variables such as sales, employment, material input and capital expenditure. I

provide details on measurement in Appendix A.2.

Output price data. To obtain output prices at the firm level, I use the Enquête Annuelle

de Production (EAP), available from 2009 to 2019. These are survey data compiled by

the national statistical institute of France, Institut National de la Statistique et des Études

Économiques (INSEE). The dataset contains firm-product-level sales and output for all

manufacturing firms with at least 20 employees or with sales exceeding 5 million Eu-

ros, and a representative sample of manufacturing firms with less than 20 employees.

More specifically, for each year, firm, and ten-digit product code combination, the

survey reports the unit of account (e.g., kilograms, meters, and pieces), total quantity

sold, and total revenue. I define a product as the combination of a ten-digit product

code and a unit of account, treating firms that report different units of account for the

same product code as producing a different product. I drop firm-product combina-

tions for which either quantity or revenue is missing.

COMPUTING FIRM-LEVEL OUTPUT PRICES. Let g denote a product, Gjt the set of prod-

ucts sold by firm j in year t, and Jgt the set of firms that sell product g in year t. I

compute the firm-level output price as:

Pjt = ∑
g∈Gjt

Wjgt
Pjgt

P̄gt
, with Wjgt =

PjgtYjgt

∑g∈Gjt
PjgtYjgt

, P̄gt = ∑
j′∈Jgt

(
Pj′gtYj′gt

∑j′′∈Jgt Pj′′gtYj′′gt

)
Pj′gt

That is, I first compute firm-product prices (Pjgt) for each year by dividing firm-product

revenues by the corresponding quantities. I then normalize the firm-product price

measure by dividing it by the sales-weighted average price of the particular product

across all firms in a given year (P̄gt). The firm-specific output price (Pjt) is then com-
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puted as the sales-weighted (Wjgt) average of the price index (
Pjgt
P̄gt

) across all products

sold by a given firm. This procedure follows De Ridder, Grassi, and Morzenti (2021).

It is important to note that my framework does not model multiproduct firms, and

therefore I do not construct theory-based firm-level price indices. Moreover, com-

paring output across firms is complicated by product differentiation, making price

measurement inherently difficult (see De Loecker and Syverson (2021)).

Matched employer-employee data. I use annual French administrative data on em-

ployed workers from 1995 to 2018, compiled by INSEE under the Déclarations Annuelles

de Données Sociales (DADS). These data are based on mandatory employer reports and

provide worker-level information, including age, gender, earnings, hours, and occu-

pational category. A key advantage is that hours worked are observed, enabling the

construction of hourly wages and addressing concerns that earnings variation simply

reflects hours variation. Observing hours also allows for more accurate measurement

of firm-level labor inputs, beyond headcount employment.

I use two DADS datasets. The first is DADS-Panel, a panel of all private-sector

workers born in October, which I use to estimate firm wage premia, thanks to the panel

structure and employer identifiers. The second is DADS-Postes, a broader dataset cov-

ering all jobs in France but with only partial panel structure: each job appears for at

most two periods under the same identifier. While this limits its use for wage premium

estimation, I use DADS-Postes to k-means cluster firms, following the procedure de-

scribed in the previous section, thereby maximizing the coverage of firms for which

wage premia can be estimated via the DADS-Panel.

5 The Characteristics of High and Low-Wage Firms

5.1 The distribution of firm wage premia and firm market power

Firm wage premia. Table 9 reports statistics about firm wage premia. The variance is

modest, accounting for 5.2% of wage dispersion, similar to the numbers for the United

States, Sweden, Austria, Norway, and Italy from Bonhomme et al. (2023). Neverthe-

less, the dispersion of firm wage premia is a quantitatively important deviation from

the law of one wage. Column 2 in Table 9 shows that a firm at the 90th percentile of
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the firm wage premium distribution pays a given worker a wage that is on average

30% more than a firm at the 10th percentile. This difference amounts to approximately

4 Euros per hour or 25% of the hourly wage of the median French worker in 2016. The

interquartile range is 15%, similar in magnitude to the typical estimate for the costs of

job displacement (Schmieder, Von Wachter, and Heining, 2018).

Markups and labor wedges. The first row of Table 1 shows that markups are hetero-

geneous across firms. I estimate a median markup of 1.33. De Loecker and Warzyn-

ski (2012) estimate markups using Slovenian manufacturing data and find median

markups between 1.10 and 1.28. De Loecker et al. (2020) find markups at the 75th per-

centile between 1.30 and 1.60 in 2016 in the US economy, while my estimates for French

manufacturing is 1.60 in 2016. Edmond et al. (2023) report an interquartile range for

markups of 1.31-0.97=0.34. The interquartile range for my estimates is 0.46.

The second row of Table 1 describes the distribution of labor wedges (Λ), which

captures the wage-setting power of employers relative to their employees. Most French

manufacturers appear to have significant wage-setting power, although France has

one of the highest national minimum wages.16 Half of the firms in my sample pay less

than two-thirds of workers’ marginal revenue products as wages. I also find substan-

tial dispersion of labor wedges across firms. Firms at the 75th percentile of the labor

wedge distribution pay workers 76% of their marginal revenue productivity. At the

25th percentile, workers obtain half of their marginal revenue productivity.

Table 1: Summary statistics for measured markups and labor wedges.

Mean Median 25th Pct 75th Pct Var Var (i) Var (ii)
Markups (µ) 1.33 1.33 1.14 1.60 0.09 0.05 0.03
Labor wedge (Λ) 0.60 0.62 0.50 0.76 0.11 0.08 0.05
Number of firms 14,342

This table reports the summary statistics in 2016 for the measured price-cost markups and la-
bor wedges. They are obtained by implementing my baseline approach: three-input translog
production function taking into account input prices, output prices, and markup heterogene-
ity. Variances are reported for the log of the corresponding variable. The column Var (i) re-
ports the variances corrected for measurement error following Krueger and Summers (1988)
and Kline et al. (2020), while the column Var (ii) reports the variances between firm-groups.
Markups and labor wedges are winsorized by 2%.

The set of direct estimates of labor wedges is small. I compare my estimates to

16In 2016, about 15% of French workers are earn (close to) the minimum wage. In manufacturing, the
corresponding number is 10%. See Appendix A for a description of French wage-setting institutions.
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those of Yeh et al. (2022) and Mertens (2020), whose estimates are methodologically

the closest to mine.17 They estimate that the median US and German manufacturing

firm pay 0.73 and 0.68 of the marginal revenue product of labor as wages. For the

median French manufacturing firm the corresponding number is 0.62.

The role of hours and output price data. What explains the difference between my

labor wedge measures for France and those for the US and Germany? As in Yeh et al.

(2022) and Mertens (2020), I estimate gross output translog production functions to

measure labor wedges. However, my implementation differs in several ways. First,

the availability of output price data for French manufacturing firms makes it possi-

ble to: (i) measure output in terms of quantities; (ii) address unobserved input price

variation; and, (iii) maintain the scalar unobservable assumption when markups and

output prices are unobserved. Second, the availability of data on worker-level hours

worked allows me to measure labor inputs in three ways: employment, total hours,

or total effective hours (my baseline measure). Measuring labor inputs as total hours

accounts for the contribution of hours to firm output, while measuring labor as total

effective hours further accounts for the contribution of worker efficiency.

To assess whether methodological or measurement differences drive differences in

labor wedge estimates, I compare their levels and dispersion across alternative speci-

fications and definitions of output and labor. This comparison is shown in Table 11. I

now focus on rows (1), (2), and (3), which report labor wedges obtained using a “ba-

sic” production function specification that does not address points (i), (ii), and (iii); the

only difference across these rows is how labor inputs are measured.

My main finding is that the choice of labor input measure significantly affects both

the level and dispersion of measured labor wedges. Using total hours yields lower

labor wedges with substantially less dispersion than using employment. When labor

is measured as total effective hours, the median labor wedge is 0.64; it rises to 0.68 with

total hours and to 0.71 with employment. This difference in labor input measurement

explains much of the gap between my labor wedge estimates and those of Yeh et al.

(2022) and Mertens (2020). Furthermore, the 90-10 labor wedge difference is much

17However, the interpretation of these labor wedges differ between my paper and those in Yeh et al.
(2022) and Mertens (2020). In the aforementioned papers, labor wedges are interpreted as monopsony
markdowns, corresponding to the case where workers do not have bargaining power (κ = 0) in my
framework in Section 2. Allowing κ > 0 also helps rationalize that about 7% of firms have a labor
wedge greater than 1. Indeed, firms with Λ > 1 tend to have much higher markups.
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larger when using employment (0.70) instead of effective hours (0.60).

Similarly, both the level and dispersion of measured markups fall when I measure

labor inputs as total hours instead of employment. When measured as employment,

the median markup is 1.41 and 90-10 difference is 1.14. Instead, when measured as

total hours, the median markup is 1.39 and 90-10 difference is 1.10. When measured

as total effective hours, the corresponding numbers fall further to 1.37 and 1.05.

These findings suggest that using employment instead of hours or effective hours

understates the level of firm labor market power and overstates their dispersion. This

distinction is important because recent models of labor and product market power

emphasize that the level of labor wedges or markups acts as a uniform tax on labor de-

mand across firms, while dispersion leads to misallocation of labor (Berger et al., 2022;

Edmond et al., 2023). Since data on hours are not consistently available across coun-

tries, these findings imply that researchers should interpret the estimated moments of

labor wedges and markups with caution. In Appendix B.4, I discuss two reasons for

why using employment in place of total hours leads to upward-biased measures of

labor wedges: (i) omitted variable bias (average hours); and (ii) mismeasurement of

output elasticities, even with known production function parameters.

The availability of output price data also enables the estimation of richer specifica-

tions that account for output and input price biases, as well as potential violations of

scalar unobservability. I discuss these additional results in Appendix B.4.

5.2 Prices, markups, and labor wedges among high-wage firms

I now present empirical patterns between firm wage premia and firm market power

that are not readily explained by existing labor market monopsony models where

firms operate in competitive product markets and do not bargain.

To document how output prices, markups, and labor wedges vary across high-

wage and low-wage firms, I separately regress log output prices (pjt), markups (µjt),

and labor wedges (Λjt) on deciles of firm wage premia (ϕjt), controlling for 5-digit

sector×year fixed effects, and TFPQ. The estimated coefficients are shown in Figure 1.

I find similar patterns when I do not control for differences in TFPQ (see Figure 24).

Figure 25 also shows similar patterns when I compare by firm size (sales).

Figure 1 shows that high-wage firms tend to charge higher output prices and markups.
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While theory suggests that more productive firms charge higher markups (Atkeson

and Burstein, 2008) and pay higher wages (Card et al., 2018), productivity alone can-

not explain these patterns: more productive firms should charge lower output prices,

contrary to the data. Indeed, the positive correlation between prices, markups, and

wage premia persists even after conditioning on productivity, pointing to differences

in product quality as a key driver of wage premia.

Figure 1: Prices, markups, and labor wedges by high-wage status, conditional on TFP.

Notes: This figure shows how log output prices, price-cost markups, and labor wedges vary by deciles
of firm wage premia relative to firms in the first decile, controlling for TFP(Q) and 5-digit sector×year
fixed effects. Decile 10 represents high-wage firms. Confidence intervals at the 95% level are plotted.

The figure also shows that high-wage firms pay a larger share of the marginal rev-

enue product of labor as wages (i.e., higher labor wedges). This pattern is inconsistent

with monopsonistic models where workers have no bargaining power, in which the

labor wedge coincides with the monopsony markdown and typically declines with

wages (Burdett and Mortensen, 1998; Berger et al., 2022; Lamadon et al., 2022).18 How-

ever, as equation (3) shows, when workers have bargaining power (κ > 0), labor

wedges increase with markups—consistent with the observed empirical patterns.

5.3 Worker bargaining power & firm monopsony markdowns

Worker bargaining power. My estimates, reported in Table 2, suggest that worker

bargaining power is relatively low: workers obtain around 12% of firm profits.19

18The model in Berger et al. (2022) allows monopsony markdowns to rise with wages when jobs
across labor markets are closer substitutes than jobs within the same labor market.

19Table 25 in Appendix D reports these estimates by sector. The sector-specific bargaining power are
estimated using my baseline regression specification (following column (4) in Table 2). In all 2-digit
French manufacturing sectors, I find that worker bargaining power is below 0.3.
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Column (1) presents the pooled OLS estimate of bargaining power, yielding an

estimate of approximately 0.14. Under the following conditions (also mentioned in

Section 3.3), this is an unbiased estimate of κ: (i) monopsony markdowns are homoge-

nous across firms (λjt = λt); (ii) the labor wedges do not reflect labor adjustment costs;

and (iii) no mismeasurement of labor wedges and product market rents. Column (2)

additionally includes firm fixed effects, and returns a similar estimate of around 0.13.

Although this specification continues to rely on conditions (ii) and (iii), it relaxes con-

dition (i), allowing for firm-specific monopsony markdowns (λjt = λj) as long as these

markdowns do not exhibit firm-specific trends over time.

Table 2: Estimated worker bargaining power.

Labor wedge (Λjt)
(1) (2) (3) (4) (5) (6)

Product market rents (µ̃jt) 0.136 0.126 0.136 0.125 0.131 0.071
(0.007) (0.009) (0.007) (0.009) (0.006) (0.036)

Sector×year fixed effects ✓ ✓ ✓ ✓ ✓ ✓
Firm fixed effects ✓ ✓ ✓
Control for λ(.) ✓ ✓ ✓ ✓
IV for measurement error ✓ ✓
Observations 102,777 99,791 102,777 99,791 79,424 76,747

This table reports the estimated workers’ bargaining power parameter. Even columns
controls for firm fixed effects. Columns (3) through (6) controls for differences in monop-
sony markdowns reflecting differences in amenities. Columns (5) and (6) instruments
measured product market rent µ̃jt with its lag to address classical measurement error.
Bootstrapped standard errors are reported in parentheses.

Columns (3) and (4) implement the control function approach described in Sec-

tion 3.3 to address unobserved amenities. These specifications accommodate the case

where amenities are proportional labor supply shifters and do not directly determine

markdowns (see the discussion on multiplicative separability in Section 3.3), but also

the more general case where amenities may directly affect markdowns. I continue to

find a bargaining power estimate of around 0.12 to 0.14, suggesting that amenities do

not have a significant direct impact on monopsony markdowns.

Finally, columns (5) and (6) further instrument measured product market rents us-

ing their lags. As outlined in Section 3.3 and discussed in Appendix B.10, measure-

ment error in labor wedges and product market rents will be positively correlated

since they depend on the same variables. This correlation could mechanically bias
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the bargaining power estimates upward. Under a classical measurement error as-

sumption, using lagged product market rents as instruments corrects this bias. These

specifications return estimates between 0.13 and 0.07, which align with those from

the rent-sharing literature, typically finding values between 0.05 and 0.15 (Card et al.,

2018; Jäger et al., 2020). However, studies using external, innovation-based instru-

ments tend to find larger values, around 0.30 (Van Reenen, 1996; Kline et al., 2019).

It is important to note two caveats that I address in detail in Appendix B. First,

the inclusion of firm fixed effects does not adequately address the presence of labor

adjustment costs, which are unobserved, time-varying, likely correlated with product

market rents, and directly determine labor wedges. I address this concern in Appendix

B.11. Second, when output elasticities are not well-identified, any biases that arise in

their estimation will be serially correlated, mechanically causing an upward bias in κ̂.

In this case, using lagged product market rents as instruments does not adequately

address the mechanical upward bias. I address this concern in Appendix B.10.

Monopsony markdowns. I compute the implied monopsony markdowns taking the

bargaining power estimate from specification (4) in Table 2 as my baseline estimate.20

Table 3 reports the estimated monopsony markdowns. At the median, the markdown

is 45% of the MRPL, implying significant monopsony power. The corresponding firm-

specific labor supply elasticities are 0.54, 0.82, and 1.33 at the 25th, 50th, and 75th

percentiles. These estimates are similar to those found for the US labor market us-

ing the Burdett-Mortensen model by Webber (2015), who reports firm-specific labor

supply elasticities of 0.44, 0.75, and 1.13 at the same percentiles. In an oligopsonistic

setting, Berger et al. (2022) find labor supply elasticities ranging from 0.76 to 3.74 in the

US. Meanwhile, a meta-analysis by Sokolova and Sorensen (2020), covering over 700

studies, finds a median labor supply elasticity of around 1.10. My median markdown-

implied labor supply elasticity (0.82) is somewhat lower than this benchmark.

There is a significant difference between the median labor wedge (0.62) and me-

dian monopsony markdown (0.45), which is accounted for by bargaining power and

markups. The production approach to estimating markdowns yields estimates of

monopsony markdowns only when workers have no bargaining power. When bar-

20Since the monopsony markdowns are measured after estimating worker bargaining power, their
accuracy depends on the extent to which it is possible to obtain unbiased and precise estimates of κ. I
compare the inferred markdowns under different values of κ in Appendix B.10.
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gaining power is positive, these estimates instead reflect labor wedges. Consequently,

production-based markdown estimates that do not account for bargaining power un-

derstate the true extent of firm monopsony power.

Table 3: The distribution of monopsony markdowns.

Summary statistics Mean Median 25th Pct 75th Pct Var Var (i) Var (ii)
Markdowns (λjt) 0.46 0.45 0.35 0.57 0.04 0.02 0.01

This table reports the summary statistics in 2016 for the estimated monopsony markdowns. Mark-
downs are computed using the estimated bargaining parameter κ from specification (4) in Table 2.
The column Var (i) reports the variances corrected for measurement error following Krueger and
Summers (1988) and Kline et al. (2020), while the column Var (ii) reports the variances for firm-
groups. Each variable is winsorized by 2%.

Figure 2: Monopsony markdowns by high-wage status and firm size.

Notes: The figures shows how monopsony markdowns vary by deciles of firm wage premia and em-
ployment relative to firms in the first decile, controlling for 2-digit sector×year fixed effects. Decile 10
represents high-wage or large firms. Confidence intervals are at the 95% level.

How do monopsony markdowns differ across firms and over time? Figure 2 shows

how markdowns vary by deciles of firm wage premia and employment. I find that

markdowns increase with firm wage premia, although this gradient is quite flat. When

I compare markdowns by firm size, I find that larger firms have lower markdowns—

larger firms have more monopsony power. The negative relationship between mark-

downs and firm size is consistent with the predictions of monopsonistic or oligopson-

istic labor market models in which markdowns vary endogenously, such as Gouin-

Bonenfant (2022), Berger et al. (2022), and Jarosch, Nimczik, and Sorkin (2024). Over-

all, Figure 27 shows that there are no significant trends observed, though markdowns

show a slight increase over the sample period, suggesting a slight increase in labor

market competition.
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6 A General Equilibrium Model of Firm & Worker Power

The previous section provides descriptive evidence on firm market power and worker

bargaining power. However, it leaves several key questions unanswered: What are the

sources of firm heterogeneity that shape the observed distributions of wages and mar-

ket power? How important are markups in determining wages? And, can strengthen-

ing worker bargaining power lead to welfare improvements?

Answering these questions requires specifying the sources of product and labor

market power in the model in Section 2. I assume that product varieties and workplace

amenities are both horizontally and vertically differentiated, leading to firm market

power in these markets. The specific functional form that I adopt for consumption and

labor supply preferences are both nested-CES. I assume that product and labor market

structures are oligopolistic and oligopsonistic, giving rise to firm-specific markups and

markdowns that depend on their market shares (Atkeson and Burstein, 2008; Berger

et al., 2022). Firms differ in productivity, quality, and amenities.21

6.1 Environment

There is a continuum of product markets g ∈ [0, G] and local labor markets s ∈ [0, S].

Each product and local labor market contains an exogenously given finite number of

firms ng and ns. Each firm j belongs to one product market and one local labor market.

Labor supply. The representative household maximizes utility by choosing the amount

of numeraire final goods to consume C and effective labor to supply to each firm Hjs:

U = max
{C,Hjs}

C − H1+φ

1 + φ

subject to the budget constraint C = ΦH + Π, where Φ is the aggregate wage index

and Π are aggregate profits. Jobs across and within markets are imperfect substitutes.

Aggregate labor supply H is a composite of market-level labor supply Hs, with a con-

stant elasticity of substitution ν, governing the degree of horizontal job differentiation

across markets. Within each market, the market-level labor supply is a composite of

firm-specific labor supply with a constant elasticity of substitution η, governing the

21Appendix C.7 shows that CES-implied measures of quality and amenities are closely aligned with
those implied by variable elasticity of substitution (VES) preferences, which nests CES as a special case.

29



degree of horizontal job differentiation within markets. The aggregate and market-

level labor supply aggregators are:

H =

[ ∫ S

0
Ã− 1

ν
s H

ν+1
ν

s ds
] ν

ν+1

and Hs =

[ ns

∑
j=1

Ã
− 1

η

js H
η+1

η

js

] η
η+1

where Ãs are market-level labor supply shifters such that
∫

s Ãs ds = 1, and Ãjs are

firm-specific labor supply shifters such that ∑ns
j=1 Ãjs = 1. When η ≥ ν, jobs within

markets are closer substitutes than jobs across markets. When η → ∞ (ν → ∞), there is

no job differentiation within (between) markets. The firm-specific labor supply curve:

Hjs = Ãjs ÃsΦ
η
jsΦ

ν−η
s Φ−νH (8)

I refer to Ajs ≡ Ãjs Ãs as amenities. This provides a microfoundation for the labor

supply curve in Section 2, Hjs = Hs(Φjs, Ajs), where the subscript s on the function

Hs(.) accommodates the endogenous market-wide and economy-wide aggregates.

Product demand. The competitive final good producer produces good Y by combin-

ing the output of firms in each product market. The CES goods aggregator across

markets and within markets are:

Y =

[ ∫ G

0
D̃

1
θ
g Y

θ−1
θ

g dg
] θ

θ−1

and Ys =

[ ng

∑
j=1

D̃
1
σ
jgY

σ−1
σ

jg

] σ
σ−1

where D̃g are market-level demand shifters such that
∫

g D̃g dg = 1, and D̃jg are firm-

specific demand shifters such that ∑
ng
j=1 D̃jg = 1. The within-market and between-

market elasticities of substitution between goods are σ and θ. When σ ≥ θ, goods

within a market are more substitutable than goods across markets. When σ → ∞

(θ → ∞), there is no product differentiation within (between) markets. Firms face the

following inverse goods demand curve:

Yjg = D̃jgD̃gP−σ
jg Pσ−θ

g Y (9)

where I refer to Djg ≡ D̃jgD̃g as product quality. This provides a microfoundation for

the product demand curve in Section 2, Yjg = Gg(Pjg, Djg), where the subscript g on the

function Gg(.) accommodates the endogenous market- or economy-wide aggregates.

Resource constraint. Final goods can be consumed by the representative household

or used as factor inputs—capital and material—such that Y = C + K + M, where
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K =
∫

g ∑
ng
j Kjg dg and M =

∫
g ∑

ng
j eτjg Mjg dg are aggregate capital and material use.22

Firm level production technologies are Yj = ΩjK
αk
j Mαm

j Hαh
j .

Wage bargaining. The wage bargaining problem is as described in Section 2.

6.2 The Social Planner’s Equilibrium

In this section, I characterize the distortions caused by firm market power and show

how worker bargaining power can improve social efficiency. The social planner chooses

capital, materials, and labor at each firm to maximize household utility, subject to

the same preferences, production technologies, and resource constraint as the market

economy. I write the planner’s problem formally in Appendix C.4.

Definitions. Let µ denote the common price-cost markup and λ the common monop-

sony markdown that would prevail if firms had identical market power. Define the

common labor wedge (Λ) as the labor wedge that would arise under this common

markup and markdown: Λ ≡ κµ̃ + (1− κ)λ, where µ̃ ≡
(

1 − αk+αm
µ

)
µ
αh

represents the

corresponding product market rents.

Social efficiency under firm market power. To understand how firm product and

labor market power distort social efficiency, I compare the aggregate labor demand

conditions in the planner’s economy and the market economy:

Planner’s equilibrium Market equilibrium

Hφ = αh
Y
H Hφ = Λ

µ Θαh
Y
H

This comparison shows that the planner’s choice of labor allocation equalizes the

marginal disutility of labor supply and the marginal product of labor. In contrast,

the market allocation deviates from this benchmark due to two wedges: a uniform tax

( Λ
µ ) and a misallocation tax (Θ), both of which depend on κ.

22Material price heterogeneity helps the model to match the empirical firm size distribution. There
is broad evidence that material prices vary across firms due to differences in quality. For example, the
literature on input trade liberalization shows that firms use inputs of different quality and that tariff
reductions lead some firms to import higher quality inputs, raising their productivity and size (Kugler
and Verhoogen, 2012; Fieler, Eslava, and Xu, 2018). Material quality heterogeneity can be accommo-
dated by my model; the estimation approach in Section 3 accounts for material input quality hetero-
geneity by using output price data, following De Loecker et al. (2016). For the same reason, my model
can also accommodate capital quality heterogeneity, but I do not model this explicitly. However, not
all sources of firm heterogeneity can be accommodated by my model. For example, my model cannot
accommodate heterogeneous monopsony power in material and capital markets due to the absence of
input price data. More detailed discussions are available in Section 3.
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The uniform tax reflects how firm market power proportionally lowers labor de-

mand across all firms. This result generalizes existing findings: Edmond et al. (2023)

show this for markups (µ), and Berger et al. (2022) show it for monopsony markdowns

(λ). I extend these insights to environments with worker bargaining power: the com-

mon labor wedge (Λ)—hence, the uniform tax—depends on κ.

The misallocation tax shows that dispersion in markups and markdowns—thus,

labor wedges—lead to misallocation of labor across firms. It is defined as:

Θ ≡
∫

g

[
∑
j∈g

(
Λjg/Λ
µjg/µ

)
PjgYjg

PgYg

]
PgYg

PY
dg

The distortion term
Λjg/Λ
µjg/µ captures firm-level deviations from the common labor wedge

and markup. These deviations are weighted by firm size, measured by revenue shares.

When larger firms face lower labor wedges and/or charge higher markups, then Θ <

1, indicating misallocation and lower aggregate labor demand. If all firms share the

same markup and markdown, then Θ = 1, so labor is efficiently allocated across firms.

Conditions for social efficiency. Under what conditions do the market’s and the

planner’s aggregate labor demand conditions coincide? The comparison above shows

that they coincide when (i) firms are price-takers in both product and labor markets

(µjg = 1 and λjg = 1), and (ii) workers are wage-takers (κ = 0, so Λjg = 1). Under

these conditions, the uniform tax and the misallocation tax are both equal to one.

Worker bargaining power offsets the uniform tax. I now show that worker bargain-

ing power can help close the gap between the market and planner equilibria by coun-

teracting the effect of firm market power as a uniform tax on aggregate labor demand.

Following from the definitions above, the uniform tax can be expressed as:

Λ
µ

= κ
µ̃

µ
+ (1 − κ)

λ

µ

This expression shows that the uniform tax is a weighted average of two polar cases.

When κ = 0, it reflects the full effect of firms’ common component of market power,
λ
µ , a “double market power” effect, as termed by Kroft et al. (2024). When κ = 1,

workers behave as monopolist wage-setters and fully capture the rents generated by

firms’ product market power.

For values of κ ∈ [0, 1], there exists a level of worker bargaining power that ex-
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actly offsets the uniform tax: Λ
µ = 1 when κ = κ̄ ≡ µ−λ

µ̃−λ ∈ [0, 1]. At this threshold,

the opposing effects of firms as monopsonist wage-setters and workers as monopolist

wage-setters exactly cancel out. Moreover, κ̄ decreases with the common markup µ,

implying that it is easier to eliminate the uniform tax when markups are high—since

higher markups increase the rents available for workers to extract.

Worker bargaining power offsets the misallocation tax. I now show that worker

bargaining power can also reduce the misallocation of labor caused by dispersion in

monopsony markdowns (i.e., λjs ̸= λ). To isolate this effect, I assume for now that

firms charge a common markup, so µjg = µ. The misallocation tax then simplifies to:

Θ
∣∣
µjg=µ

=
∫

g

[
∑
j∈g

(
Λjg

Λ

)
PjgYjg

PgYg

]
PgYg

PY
dg where

Λjg

Λ
=

κµ̃ + (1 − κ)λjs

κµ̃ + (1 − κ)λ

When larger firms exert more monopsony power (i.e., cov(λjs, PjgYjg) < 0), the misal-

location tax becomes distortionary: Θ
∣∣
µjg=µ

< 1. This reflects that large firms employ

too little labor relative to the planner’s solution. However, with full worker bargaining

power (κ = 1), the labor wedge becomes uniform across firms despite heterogeneity

in markdowns:
Λjg
Λ

∣∣
κ=1 = 1. In this case, bargaining neutralizes the allocative ineffi-

ciencies induced by dispersion in monopsony power, i.e., Θ
∣∣
µjg=µ,κ=1 = 1.

When markups are also dispersed (µjg ̸= µ), the effect of worker bargaining power

on allocative efficiency becomes ambiguous. To illustrate this, consider the case where

larger firms not only exert more monopsony power but also charge higher markups:

cov(λjs, PjgYjg) < 0 and cov(µjg, PjgYjg) > 0.

When workers have no bargaining power, the distortion term in the misallocation

tax becomes
Λjg/Λ
µjg/µ

∣∣
κ=0 =

λjs/λ

µjg/µ , which is negatively correlated with firm size. In this

case, Θ
∣∣
κ=0 < 1, and large firms are too small relative to the planner’s choice.

In contrast, when workers have full bargaining power, the distortion term becomes
Λjg/Λ
µjg/µ

∣∣
κ=1 =

1−(αk+αm)µ
−1
jg

1−(αk+αm)µ−1 , which is positively correlated with firm size. In this case,

Θ
∣∣
κ=0 > 1, implying that large firms too large relative to the planner’s choice. This is

because, when workers fully extract the rents from product market power, firms are

compelled to over-produce.

Limits of worker bargaining power in achieving full social efficiency. Although

worker bargaining power can mitigate distortions to labor demand, it cannot achieve

full efficiency. This is because bargaining only directly affects labor demand—through
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labor wedges—but markups also directly distort the demand for capital and materi-

als. Therefore, the presence of markups generates inefficiencies that bargaining power

alone cannot correct.

6.3 Calibrating the model

I now describe my calibration approach. The calibrated parameter values are reported

in Table 4. I first calibrate parameters that govern markups and markdowns (θ, σ, ν, η),

then measure product quality (Djg) and amenities (Ajs).

Parameters related to markups. The relationship between markups and product mar-

ket shares in this model can be written as:

ρ−1
jg ≡

µjg − 1
µjg

=
1
σ
+

(
1
θ
− 1

σ

)
PjgYjg

∑
ng
j′ Pj′gYj′g

I calibrate the within-market elasticity of substitution (σ) to match the level (median) of

estimated markups, and the between-market elasticity of substitution (θ) to match the

passthrough of product market shares to estimated markups. Product market shares

are measured as sales shares within 5-digit sectors.

Parameters related to markdowns. The relationship between oligopsonistic mark-

downs and wage bill shares in this model can be written as:

ξ js ≡
λjs

1 − λjs
= η + (ν − η)

ΦjsHjs

∑ns
j′ Φj′sHj′s

I calibrate the within-market elasticity of substitution (η) to match the level (median) of

estimated markdowns, and the between-market elasticity of substitution (ν) to match

the passthrough of labor market shares to estimated markdowns. Labor market shares

are measured as wage-bill shares within 5-digit sectors×commuting-zone pairs.

Appendix C.6.1 provides further detail on the calibration of the markup/down-

related parameters and discusses model fit. Appendix C.6.2 discusses the measure-

ment issues surrounding market shares.

Calibrating heterogeneous productivity, quality, and amenities. Firm productivity

(TFPQ) is estimated directly from the data in Section 3. Given the parameters govern-

ing product demand and labor supply curves, I back out firm heterogeneity in product

quality and amenities. The product and labor market shares of a given firm are:
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PjgYjg

PgYg
= Djg

(
Pjg

Pg

)1−σ

and
ΦjsHjs

ΦsHs
= Ajs

(
Φjs

Φs

)1+η

Using these equations to measure quality and amenities requires measuring firm-

level output prices and (hourly) wage premia. A key advantage of the French admin-

istrative data over many existing datasets (e.g., the US LEHD and Census data) is that

it allows one to do so, instead of relying on earnings data, for example.

I compute Djg such that ∑
ng
j Djg = 1 and Ajs such that ∑ns

j Ajs = 1. Similarly, the

sectoral product demand and labor supply shifters (Dg and As) are measured using

the relative size of sectors: PgYg
PY = Dg

(Pg
P
)1−θ and Φs Hs

ΦH = As
(Φs

Φ

)1+ν. Appendix C.7

compares the quality and amenity measures under non-CES preferences that nest the

CES as a special case, finding that CES-implied measures are closely aligned with non-

CES-implied measures.

Table 4: Calibrated parameters.

Parameter Value Source
Frisch labor supply elasticity φ 0.25 Chetty (2012)
Between-market e.o.s. (labor) ν 0.67 Calibrated
Within-market e.o.s. (labor) η 0.97 Calibrated
Between-market e.o.s. (product) θ 1.21 Calibrated
Within-market e.o.s. (product) σ 5.16 Calibrated
Worker bargaining power κ 0.12 Estimated (see Section 3.3)
Number of firms within goods markets ng [71, 28, 125] FARE-EAP sample
Number of firms within labor markets ns [2, 1, 3] FARE-EAP sample
Labor elasticity of output αh 0.47 Average of estimates
Material elasticity of output αm 0.47 Average of estimates
Capital elasticity of output αk 0.06 1 − αh − αm
Log TFPQ ωj [0.00, -0.07, 0.89] Production function estimation
Log product quality dj [0.00, 0.08, 3.80] Sales shares
Log non-wage amenities aj [0.00, -0.04, 0.83] Wage bill shares
Log material price heterogeneity τj [0.00, -0.16, 2.96] Firm size distribution (eff. labor)

Notes: This table reports the calibrated values of the model parameters. The abbreviation “e.o.s.”
means “elasticity of substitution”. The numbers in the brackets represent the mean, median, and
standard deviation, respectively. TFPQ, quality, amenities, and material price heterogeneity have
been de-meaned.

Other parameters. The parameter value for the Frisch labor supply elasticity is ob-

tained from Chetty (2012). I calibrate workers’ bargaining power to 0.12 using my

estimates in Table 2 from specification (4). The number of firms within each 5-digit sec-

tor is obtained from my FARE-EAP sample. The production function parameters are

calibrated as the average of my production function estimates. Finally, material price

heterogeneity τj is calibrated to match the firm size distribution (in efficiency units of
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labor). Combined with the calibrated values of non-wage amenities, the model exactly

reproduces the empirical firm wage premium distribution.

7 Quantitative Findings

In this section I use the calibrated model for three main exercises. First, I describe how

the measured product quality and amenities vary across high-wage and low-wage

firms. Second, I decompose the passthrough of firm heterogeneity to wage premia into

various channels and quantify their contributions. Third, I quantify the importance of

firm market power and worker bargaining power for wages and welfare.

7.1 Product quality and amenities among high-wage firms

Analogously to Section 5, I compare (log) product quality and amenities across deciles

of firm wage premia, controlling for 5-digit sector×year fixed effects. Figure 26 in Ap-

pendix D shows that the difference between high-wage and low-wage firms in quality

and amenities are larger than the difference in productivity (TFPQ). While firms in

the top decile of the wage premium distribution are on average 15% more productive

than firms at the bottom decile, they have over 100% greater quality. That is, for a

given price, firms in the top decile can sell over 100% more goods than firms in the

bottom decile. Amenities also increase slightly more steeply with firm wage premia

than productivity, consistent with the findings of Lamadon et al. (2022) for US firms.

7.2 On the passthrough of firm heterogeneity to wages

In this section, I show that the degree of product differentiation governs the extent

of productivity passthrough relative to product quality passthrough. I also show

how firm size dampens the passthrough of firm-specific shocks, leading to a smaller

passthrough among large, high-wage firms. Finally, I show that product quality is as

important as productivity in explaining firm wage premia.

How firm heterogeneity affects firm wage premia. I write wage premia (in logs) from

the model of Section 6 as:
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ϕj =
(σ − 1)

1 + η + αh(σ − 1)
ωj +

1
1 + η + αh(σ − 1)

(
djg − ajs

)
− αm(σ − 1)

1 + η + αh(σ − 1)
τj︸ ︷︷ ︸

direct effect

+
1 + αh(σ − 1)

1 + η + αh(σ − 1)

labor wedge︷ ︸︸ ︷
log
(

κµ̃jg + (1 − κ)λjs

)
− σ

1 + η + αh(σ − 1)

markups︷ ︸︸ ︷
log µjg︸ ︷︷ ︸

variable market power effect

+
(σ − θ)pg + (η − ν)ϕs

1 + η + αh(σ − 1)︸ ︷︷ ︸
firm size effect

+
1

1 + η + αh(σ − 1)
log
(

Y
Φ−νH

)
︸ ︷︷ ︸

general equilibrium effect

+ ᾱ︸︷︷︸
constant

(10)

The first line of equation (10) shows the direct effect of firm heterogeneity on wage

premia, reflecting its impact on a firm’s labor demand and/or supply. A higher la-

bor output elasticity αh reduces the passthrough of productivity, product quality, and

amenities, since a smaller increase in employment can now achieve a given increase

in output. When jobs within markets are closer substitutes (higher η), the passthough

of firm heterogeneity becomes smaller, because a smaller wage increase is sufficient to

achieve a given increase in employment.

The substitutability of product varieties (σ) affects the passthrough of productivity

and product quality in opposite directions. When σ is higher, productivity passthrough

increases, while quality passthrough decreases. Intuitively, with higher σ, product va-

rieties become closer substitutes, making consumers more price-sensitive. This mag-

nifies the impact of productivity heterogeneity on labor demand and wages, making

productivity a more significant determinant of wage premia in high-σ environments.

The second line shows that endogenous changes in labor wedges and markups in

response to firm-specific shocks also affect wage premia. I refer to this as the variable

market power effect. A higher markup can raise wage premia through rent-sharing—by

increasing the labor wedge—with the magnitude of this effect depending on the level

of worker bargaining power, κ. However, a higher markup can also reduce wage pre-

mia by inducing the firm to restrict output and reduce labor demand. The passthrough

elasticity of firm-specific shocks to wages thus depends on the relative strength of

these opposing forces.

In addition, labor wedges depend on monopsony markdowns. A positive firm-

specific productivity shock raises firm size, increasing the firm’s monopsony power

and widenening its markdown. This leads to incomplete passthrough of the shock to

wage premia, as shown by Berger et al. (2022). In my model, the magnitude of this
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markdown effect is attenuated by worker bargaining power: higher κ reduces the sen-

sitivity of labor wedges to monopsony power, thereby increasing wage passthrough.

The third line shows that firm wage premia depend on market-level price and wage

indices. This firm size effect arises when firms are large relative to the markets they

belong (i.e., they are not atomistic). When firms are large, their price and wage-setting

actions have spillover effects on their competitor’s actions. For example, if a large firm

reduces prices, it lowers the market-level price index, forcing its competitors to also

reduce prices. Since σ > θ, a lower sectoral price index induces firms to produce and

hire less, reducing wages. Similarly, given that η > θ, a higher sectoral wage index

forces firms to pay higher wages.

The final term reflects the general equilibrium effects on wage levels, which im-

pact all firms equally and thus do not affect the distribution of firm wage premia. The

numerator, aggregate output Y, captures the effect of aggregate product demand on

wages, while the denominator, Φ−νH, represents an endogenous aggregate labor sup-

ply shifter (see equation (8)). Together, these general equilibrium effects capture the

role of markups and markdowns in distorting aggregate labor demand.

Quantitative results. I now present the passthrough elasticities of firm wage premia

with respect to firm-specific productivity, quality, and amenity shocks. To compute

the passthrough of a shock, I randomly select one firm from each sector and assign

it a 1% positive shock, while holding general equilibrium aggregates constant. I then

compute the average elasticity of wages to the shock across shocked firms. Panel (A)

of Table 5 presents the passthrough elasticities.

The passthrough of a productivity shock is 0.99, around four times larger than

the passthrough of a product quality shock, as the last column of Panel (A) shows.

Columns one through five decomposes this difference, showing that the direct effect

accounts for most it. Given the calibrated value of σ, the direct effect is larger for

productivity passthrough. However, for sufficiently low σ, the passthrough of product

quality can be higher than that of productivity, as Table 26 in Appendix C shows.

The variable market power channel also plays a role in the passthrough of produc-

tivity shocks. The first row of columns two and three in Table 5 shows how variable

markups and markdowns contribute to the productivity passthrough. A higher pro-

ductivity leads to higher markups, leading to an increase in rent-sharing (higher labor
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wedges) but also a stronger incentive to restrict output. Overall, the output restriction

effect dominates, implying that increased markups dampen the passthrough.

Table 5: Passthrough of firm heterogeneity to firm wage premia.

Panel (A) Channels Total
Direct Var. market power Firm size passthrough

∆ log Λ −∆ log µ ∆ps ∆ϕs
∆ Productivity 1.07 0.02 -0.08 -0.07 0.06 0.99
∆ Product quality 0.26 0.01 -0.02 -0.02 0.01 0.24
∆ Amenity -0.26 0.01 -0.02 -0.02 0.01 -0.28

Panel (B) Firm wage premium distribution
10th pct. 50th pct. 90th pct.

∆ Productivity 1.06 1.07 0.78
∆ Product quality 0.25 0.26 0.19
∆ Amenity -0.26 -0.26 -0.32

This table reports the passthrough of firm heterogeneity to firm wage premia. The
passthrough measures are with respect to a positive 1% shock. Panel (A) decomposes the
total passthrough into different effects. The final column presents the total passthrough,
which is the sum of columns 1 through 5. Panel (B) looks at the passthrough at different
percentiles of the firm wage premium distribution.

The firm size channel may further amplify or dampen the passthrough of produc-

tivity shocks. Given the calibrated σ, the reduction in sectoral output prices reduces

the passthrough elasticity by -0.07. However, given the calibrated substitutability of

jobs within sectors η, the response of the market-level wage index is 0.06, amplifying

the productivity passthrough.

The total passthrough of an amenity shock is larger than that of a product quality

shock. Table 5 shows that the direct effect of an amenity shock is the mirror image of a

product quality shock (-0.26 compared to 0.26). However, while variable markups and

sectoral price indices dampen the passthrough of positive quality shocks, they amplify

the passthrough of positive amenity shocks. This is because an increase in the value

of amenities allows the firm to hire workers at a lower wage, effectively acting as a

negative shock to production costs and expanding the size of the firm.

Given the above discussion on the role of markups, markdowns, bargaining, and

sectoral price indices in determining the wage passthrough, a shock of a given size

should have a different passthrough at different points in the wage premium distri-

bution. Panel (B) of Table 5 shows that productivity and quality passthrough are sub-

stiantially smaller for firms in the 90th percentile, while the amenity passthrough is
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larger. In comparison, firms at the 10th and 50th percentiles have a passthrough that is

well-approximated by the direct effect only.

7.3 Decomposing the dispersion of firm wage premia

I now decompose the cross-sectional dispersion of firm wage premia and find that

product quality is the main driver, closely followed by productivity and amenities.

To quantify the contributions of each source of firm heterogeneity to wage pre-

mium dispersion, I introduce one source at a time into the model. I then compare the

implied variance of wage premia to that of the baseline economy, which exactly repro-

duces the wage premium distribution in the data. Table 6 shows the contribution of

each source of heterogeneity.

Introducing heterogeneity in only product quality generates a larger wage pre-

mium dispersion than introducing only productivity or amenity heterogeneity. Prod-

uct quality is thus a larger contributor to wage premium dispersion than productivity

and amenities. Nevertheless, productivity and amenities play an important role in

driving wage premia.

Table 6: Importance of firm heterogeneity for firm wage premia.

Panel (A) Counterfactual
Vary only TFP Vary only quality Vary only amenity

V(ϕcounterfactual)
V(ϕbaseline)

152.8 160.7 40.6

This table reports the contribution of different sources of firm heterogeneity to the variance
of firm wage premia. Each column shows the variance of wage premia when only one source
of heterogeneity is present, compared to the baseline model in which all sources are active.
Note that the variance of ϕbaseline is the same as the variance of ϕdata.

7.4 The impact of worker bargaining power and firm market power

on wages and welfare

Section 6.2 discussed how firm product and labor market power distort social effi-

ciency, and highlighted the role of worker bargaining power in mitigating these effi-

ciency losses. In this section, I present a quantitative evaluation of these insights.

Wages and welfare. To compare the implications of variable markups/downs to con-

stant markups/downs, I implement subsidy schemes that induce firms to choose the
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same markups/downs—without altering welfare through other channels—in an en-

vironment where workers have bargaining power. This extends the results in Edmond

et al. (2015). The details of the derivations are in Appendix C.5.

I measure welfare in consumption-equivalent terms. Let household utility be U(C, H)

in the baseline economy and U(C∗, H∗) in a counterfactual economy. The consumption-

equivalent welfare gain in percentages (ĉ) is measured as U(C∗, H∗) = U((1+ ĉ)C, H).

Table 7 presents my findings.

Table 7: Effects of worker bargaining power and firm product and labor market
power on wages and welfare.

Counterfactuals
(1) (2) (3) (4) (5) (6) (7) (8) (9)

µj = 1 λj = 1 µj = 1,
µj = µ̄ λj = λ̄

µj = µ̄,
κ = 0.2 κ = 0.5 κ = 1.0

λj = 1 λj = λ̄
%∆V(ϕj) 98 23 112 97 24 112 5 26 49
%∆Φ 97 83 302 39 10 55 20 97 225
ĉ × 100 38 9 46 24 2 27 3 10 13

This table reports percentage changes in the variance of firm wage premia, the aggregate wage
index, and aggregate welfare across a range of counterfactual simulations. Welfare gains ĉ are
expressed in consumption-equivalent terms. Simulations with constant markups fix markups at
µ = σ

σ−1 , while those with constant monopsony markdowns fix markdowns at λ = η
1+η .

To assess how far stronger worker bargaining power can go in improving welfare, I

begin by evaluating the social planner’s equilibrium, which eliminates both markups

and monopsony markdowns. Column 3 shows that eliminating both markups and

monopsony markdowns leads to a 112% increase in the dispersion of firm wage pre-

mia, a 302% increase in average wages, and a 46% welfare gain. Comparing columns

1 and 3 shows that over 80% of the welfare gain comes from removing markups.

Column 4 shows that removing markup dispersion alone—by setting constant CES

markups (µ = σ
σ−1 )—delivers a 24% welfare gain and increases average wages and

wage premia dispersion by 39% and 97%. This implies that about 63% of the welfare

cost of markups stems from misallocation. In contrast, equalizing monopsony mark-

downs has little effect on welfare (column 5), though a wide markdown in levels does

reduce welfare significantly (column 2).

Can higher worker bargaining power (κ) offset these distortions? Column 8 shows

that raising κ from 0.12 to 0.50 raises average wages by as much as removing markups

(column 1), but with two key differences. First, it increases wage premia dispersion
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much less, suggesting that worker power mainly offsets the uniform tax component

of market power, not the misallocation from markup dispersion. Second, it yields a

much smaller welfare gain (10% vs. 38%), because a higher κ corrects only distortions

to labor demand, not those that directly affect capital or material demand.

For the same reason, giving workers full bargaining power does not restore the

planner’s equilibrium. This raises welfare by 13% (column 9), which is under one-

third of the welfare gains from implementing the planner’s equilibrium (column 3).

8 Conclusion

This paper develops a structural model to analyze how firm market power and worker

collective bargaining power shape wages and welfare. A central insight is that the la-

bor wedge between wages and the marginal revenue product of labor reflects not only

monopsony power but also markups and bargaining power. As a result, markups can

either amplify wage premia via rent-sharing or suppress wage dispersion by reduc-

ing labor demand. The model also shows that stronger worker bargaining power can

improve welfare under firm market power. In addition, it highlights the challenges of

separately estimating bargaining and monopsony power using existing approaches,

and offers an alternative approach for doing so.

Quantifying the model yields several findings. First, the degree of product differ-

entiation governs how productivity or quality shocks pass through to wages. Second,

markup dispersion reduces wage premium dispersion, as its negative labor demand

effect outweighs the rent-sharing channel. Third, while increasing worker bargain-

ing power improves welfare, even full bargaining power cannot restore full efficiency,

since it does not address the distortionary effect of markups on non-labor inputs.
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A Appendix: Institutions, Data, and Measurement

A.1 Wage determination in France

Wages in France are mainly determined at three levels of aggregation—the national

level, the industry level, and the firm level. At the national level, the French gov-

ernment sets the national minimum wage. At the industry level, labor unions and

employers’ organizations negotiate industry wage floors. At the firm level, wage bar-

gaining occurs between an individual firm and labor union representatives, represent-

ing the collective group of employees at the firm. This allows firms to depart upwards

of the national minimum wage or industry wage floor.

The national minimum wage as of 2016 is 9.67 Euros per hour. In the same year,

approximately 15% of workers in the French economy are minimum wage workers,

defined as workers earning at, or at most 5% above, the minimum wage. In the man-

ufacturing sector, on which the analysis in the paper is based, approximately 10% of

workers are minimum wage workers.

Collective wage bargaining between individual firms and their employees is preva-

lent. The 1982 Auroux Laws require firms in which a labor union representative is

present to bargain over wages with the union annually. Among firms with 50 employ-

ees or more, the presence of at least one union representative is a binding legal require-

ment.23 Even among firms with fewer than 50 employees, the presence of union rep-

resentatives is common. According to the French Ministry of Labor, among firms with

23See Garicano, Van Reenen, and Lelarge (2016) for further details about the specific restrictions faced
by firms with at least 50 employees.
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20 to 49 employees, 34% had at least one labor union representative in 2010 (Naouas

and Romans, 2014). Among firms with 11 to 19 employees, the corresponding number

is 22%.

The vast majority of union-employer bargaining occurred at the firm level, rather

than at the establishment level. Only 9% of multi-establishment firms negotiated

wages with their employees at the establishment level. Among workers employed

by firms with at least 20 employees, 70% of them are covered by firm level collective

bargaining agreements. These collective bargaining agreements extend to all workers

within the firm, regardless of whether the worker holds a union membership (Fougere,

Gautier, and Roux, 2016).

A.2 Data and measurement

To estimate production functions using FARE-EAP-DADS (2009-2016) firm balance

sheet, output price, and matched employer-employee data from France, I measure the

key variables in the following way:

▶ Sales revenue (PY): measured by the variable CATOTAL in FICUS, and REDI R310

in FARE.

▶ Efficiency units of labor (H = ĒL): the DADS provides the number of hours

worked for each worker under NBHEUR, which enables the researcher to mea-

sure total hours (L) at a given firm. The average efficiency of workers (Ē) is then

measured as the difference between the unconditional mean wage and the firm

wage premium, according to the theory.

▶ Capital (K): measured as total fixed physical assets under variable names IM-

MOCOR in FICUS, and IMMO CORP in FARE.

▶ Materials (M): the French balance sheet data provides a breakdown of mate-

rial inputs into three components – materials purchased to be used as inputs in

production (ACHAMPR in FICUS, REDI 212 in FARE), goods purchased to be

resold (ACHAMAR in FICUS, REDI 210 in FARE), and purchase of services (de-

tails provided next). I correct for changes in inventory for materials to be used in

production (using VARSTMP in FICUS, REDI 213 in FARE) and for goods pur-
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chased to be resold (VARSTMA in FICUS, REDI 211 in FARE). I measure M as

the sum of these variables, except services.

▶ Services (O): measured as AUTACHA in FICUS, and REDI 214 in FARE. These

variables include the costs of outsourcing and advertising.

▶ Hourly wages (W): measured by dividing BRUT by NBHEUR in DADS.

▶ Output prices (P): PRODFRA defines the ten-digit product codes, C UNITE VAR

gives the quantity and revenue indicator, and VAL REF gives the values in quan-

tity and revenue terms. These variables are obtained from EAP.

▶ Market shares: measured within 5-digit sectors.

A.3 Estimation sample

I restrict firm-level observations from the FARE data to manufacturing firms whose

output prices are observed in the EAP. I include only firms with at least 5 employees. I

harmonize all industry codes to the latest available version (Nomenclature d’activités

Française, NAF rév. 2) and exclude 2-digit sectors with fewer than 300 observations.

For both of the DADS datasets, I focus on workers aged 16 to 65, who hold either a

part-time or full-time principal job (jobs in which workers are paid for at least 30 days

of work and at least 120 hours of work that year). I use only years 2009-2016, since

INSEE reports that wages are recorded with errors in 2017 and 2018. I keep workers

in almost all 1-digit occupational categories, except farm workers. The included occu-

pational categories are top management, senior executives and technical professions,

middle management, non-supervisory white-collar workers, and blue-collar workers.

Occupation codes are harmonized and updated to the latest version (PCE-ESE 2003).

Workers whose wages fall outside 3 standard deviations of the mean are excluded.

Firm wage premia in the wage regression are only identified for the sets of firms

connected by worker mobility. I focus on the largest connected set of firms. In prac-

tice, due to the clustering of firms into groups using the DADS-Postes, my analysis

pertains to the largest connected set of firm-groups, of which very few firms are not a

part. After clustering firms into groups, I link the DADS-Postes and DADS-Panel via

the firm identifier to allocate each firm-year observation a firm-group identifier and
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construct the estimation sample for firm wage premia. I estimate firm wage premia on

this sample. Figure 22 in Appendix D shows that larger firms pay higher wage premia.

After estimating firm wage premia, I collapse the dataset to the firm level and link

it to the FARE-EAP balance sheet and output price data to construct the estimation

sample. I implement the production function estimation routine on this sample. The

summary statistics in Table 8 in Appendix A.4 show that there is significant price dis-

persion within narrowly defined sectors. Figure 23 in Appendix D further shows that

this price dispersion is positively correlated with firm size.
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A.4 Summary statistics

Table 8: Summary statistics of observed firm characteristics.

Sales Employment Sales per hour Prices Prices Prices
(’000e) (’000e) (2-digit) (5-digit)

10th percentile 2,561 8 0.08 -1.50 -1.21 -0.87
25th percentile 3,794 13 0.10 -0.30 -0.34 -0.31
Median 5,853 27 0.15 0.26 0.14 0.07
Mean 24,237 90 0.19 0.00 0.00 0.00
75th percentile 12,355 59 0.22 0.49 0.46 0.37
90th percentile 34,780 167 0.33 0.84 0.91 0.82
Std. deviation 148,810 369 0.40 0.97 0.89 0.81

This table reports the summary statistics for firm-level sales, employment, sales per hour, and output
prices. Sales and sales per hour are denoted in 2009 prices. Output prices are in logs, normalized to
zero at the mean, and winsorized by 5% on either side of the distribution. The last two columns, with
‘2-digit’ and ‘5-digit’ in parentheses, display variation in log output prices within 2-digit and 5-digit
sector classifications.

Table 9: Dispersion of firm wage premia.

BLM AKM KSS
MN All MN All MN All

Var(ϕ)
Var(w)

3.7% 5.2% 10.6% 15.8% 4.6% 7.2%
Var(ϕ) 0.008 0.011 0.016 0.024 0.006 0.011
90-10 ratio 1.23 1.30 1.35 1.43 - -
75-25 ratio 1.12 1.15 1.16 1.20 - -
90-50 ratio 1.10 1.14 1.15 1.20 - -
50-10 ratio 1.12 1.14 1.17 1.19 - -
# firms 14,599 271,272 9,669 167,078 9,669 167,078
# firm-groups 399 3,276 9,669 167,078 9,669 167,078

This table reports the dispersion of firm wage premia in 2016. Columns labeled
‘MN’ are estimates for manufacturing firms while columns labeled ‘All’ include all
private sector firms in my sample. Columns labeled ‘BLM’ apply the Bonhomme
et al. (2019) clustering approach, columns labeled ‘AKM’ apply Abowd et al. (1999),
and columns under ‘KSS’ apply the Kline et al. (2020) leave-out approach.
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Table 10: Summary statistics for 2-digit French manufacturing sectors.

Sector # Observations Sales share Employment share Average ϕ Price-cost markups Labor wedges
Textile 4,902 1.5% 2.1% 2.88 1.36 0.69
Apparel 4,060 1.7% 2.5% 2.85 1.40 0.71
Leather 1,695 1.4% 1.7% 2.80 1.31 0.86
Wood products (except furniture) 6,161 1.6% 2.3% 2.85 1.19 0.54
Paper and publishing 4,094 2.7% 2.8% 2.89 1.27 0.57
Recorded media 7,573 1.3% 2.3% 2.90 1.67 0.79
Chemicals 6,417 16.7% 9.5% 2.96 1.24 0.47
Pharmaceutical 381 4.7% 2.0% 3.01 1.10 0.20
Rubber & plastics 12,662 9.1% 11.6% 2.91 1.29 0.61
Non-metallic minerals 8,194 5.9% 6.5% 2.90 1.27 0.54
Basic metals 3,408 7.4% 5.5% 2.94 1.25 0.55
Fabricated metals (except machinery) 21,145 6.9% 10.0% 2.91 1.37 0.62
Computers, electronic, & optical 4,123 5.5% 6.2% 2.95 1.28 0.62
Electrical equipment 5,463 7.2% 7.4% 2.92 1.23 0.58
Machinery & equipment 10,204 9.7% 9.8% 2.94 1.11 0.44
Motor vehicles 3,927 7.3% 7.0% 2.94 1.14 0.55
Other transport equipment 668 4.4% 3.3% 2.92 1.05 0.41
Furniture 7,191 1.8% 3.0% 2.88 1.42 0.72
Other manufacturing 2,984 1.7% 2.3% 2.91 1.36 0.70
Repair & installation of machinery 3,669 1.5% 2.2% 2.89 1.37 0.58
Total 118,921 100% 100% - - -

This table reports the summary statistics for manufacturing sectors in my sample (2009-2016). The last two columns report the average price-cost markup
and labor wedges in each sector.
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B Appendix: Estimation

B.1 K-means clustering of firms into groups

Specifically, let g(j) ∈ {1, 2, ..., G} denote the cluster of firm j, and G the total number

of clusters. The k-means algorithm finds the partition of firms such that the following

objective function is minimized:

min
g(1),...,g(J),H(1),...,H(G)

J

∑
j=1

Nj

∫ (
F̂j(ln Wij)− Hg(j)(ln Wij)

)2
dγ(ln Wij)

where H(g) denotes the firm-group level cumulative distribution function for log

wages at group g, F̂j is the empirical CDF of log wages at firm j, and Nj is the em-

ployment size of firm j. The total number of groups G is the choice of the researcher.

I choose sector-specific G such that the variance of log wages between firm-groups

captures at least 95% of the unconditional between-firm variance. This choice is moti-

vated by the following consideration: having a coarse classification of firms into fewer

groups leads to many more workers who switch between firm-groups, which substan-

tially improves the precision of firm wage premium estimates. However, this comes

at the cost of potentially averaging away considerable amounts of multidimensional

firm heterogeneity within firm-groups.

B.2 AKM restrictions: Exogenous mobility and log-additivity

AKM regressions rely on the assumption that worker mobility is as good as random

conditional on observed worker characteristics, worker fixed effects, and firm fixed

effects. Formally, E(νit|χit, ιi, ϕg(j(i,t),t)t) = 0. This assumption rules out worker mobil-

ity based on wage realizations due to the residual component of wages. In addition,

AKM regressions impose log additivity of the worker and firm components of wages.

If these assumptions are reasonable approximations, then one should observe system-

atic worker mobility up and down the firm wage quartiles. Moreover, workers should

experience approximately symmetric wage changes as they move along the firm wage

quartiles, given the log additive regression specification. On the other hand, in struc-

tural models of worker-firm sorting based on comparative advantage (Eeckhout and
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Kircher, 2011), worker mobility is based on the match-specific component of wages,

which is captured by the residual component of wages in the AKM regression. In this

class of models the AKM regression is misspecified in the sense that the wage gains

depend on value of the particular worker-firm match, for example, if highly skilled

workers have a comparative advantage in high productivity firms. In the event-study

exercise show in Figure 3, I compare the changes in mean log wages for workers who

move between firms in different quartiles of coworker pay, following Card et al. (2018).

Figure 3 shows that workers who move up firm quartiles experience a wage gain sim-

ilar in magnitude to the wage loss of workers who move down firm quartiles.

An alternative way to assess the AKM regression specification is to compare the

changes in residual wages to changes in firm effects, following Sorkin (2018). This is

similar to the above method. I run the following regression among all employer-to-

employer transitions:

wr
it − wr

it−1 = α0 + α1

(
ϕg(j(i,t)) − ϕg(j(i,t−1))

)
+ ϵit ∀ (i, t), g(j(i, t)) ̸= g(j(i, t − 1))

where wr
it = wit − x′it β̂ denotes residualized wages and ϕg(j(i,t)) are the firm-group

fixed effects. If the AKM regression is not mis-specified, the estimated coefficient α̂1

will equal 1. I find α̂1 = 0.902, with a standard error of 0.012. To see this visually,

Figure 4 plots the changes in residual wages and the changes in firm fixed effects in

100 bins of changes in firm fixed effects. In models of assortative matching based on

comparative advantage (Lopes de Melo, 2018), worker mobility is strongly driven the

residual component of the AKM regression, implying that AKM regressions are mis-

specified. As Sorkin (2018) shows, these models predict that worker mobility entails

a wage gain, regardless of the direction of mobility in terms of the estimated firm

effects, as workers move to firms at which they have a comparative advantage: there

is a V-shape around zero changes in firm effects. The patterns of wage changes upon

changes in firm fixed effects shown in Figure 4 do not resemble a V-shape around zero.

Another way to assess the log additivity assumption is to group worker and firm

fixed effects into 10 deciles each, generating 100 worker-firm fixed effect deciles, then

plot the mean estimated residuals within each worker-firm fixed effect decile. If the

firm wage premium depends strongly on the worker’s unobserved ability type, log ad-

ditivity would be severely violated, and one should observe that the estimated resid-
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uals systematically varies across worker-firm fixed effect deciles. Figure 5 shows that

the mean estimated residuals are approximately zero across worker-firm fixed effect

deciles, with the exception of the very top deciles of high-wage workers who are em-

ployed at low-wage firms at the very bottom deciles.

As a further robustness check, I follow Bonhomme et al. (2019) and run the BLM

regression with worker-firm interactions, but with only 20 firm groups and 6 worker

groups to maintain computational tractability.

Figure 3: Worker mobility and wage changes by quartiles of coworker effects.

Figure 4: Wage changes from worker mobility by deciles of changes in firm premia.
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Figure 5: Mean estimated residuals by worker-firm deciles (2016)
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B.3 Unobserved prices in production function estimation

When estimating production functions, a common challenge researchers face is that

output and input prices are not observed. As discussed in detail by Klette and Griliches

(1996) and De Loecker and Goldberg (2014), these unobserved prices may lead to bi-

ased estimates of output elasticities as well as firm productivity.24 The French micro-

data contains information about the prices and quantities of goods sold by manufac-

turing firms, making it possible to address unobserved output prices. These output

price data also make it possible to address unobserved input price heterogeneity, as

De Loecker et al. (2016) show. In this section, I explain how I address these challenges.

In Appendix B.4, I find that addressing neither of the biases that stem from unobserved

output and input prices turns out to produce similar estimates of output elasticities as

estimations that attempt to address both.

Unobserved output prices. Unobserved output prices may introduce an output price

bias into the estimation of production function parameters because output prices are

correlated with input choices (Klette and Griliches, 1996).25 In practice, the produc-

tion function that is frequently estimated takes the form (abstracting from input price

heterogeneity for now):

pjt + yjt = fs(k jt, hjt, mjt; β) + pjt + ωjt

where pjt + ωjt is revenue TFP (TFPR) and ωjt is quantity TFP (TFPQ). Intuitively, all

else equal firms that set higher prices tend to sell less output, reducing the demand for

inputs. This potential negative correlation between output prices and input demand

introduces a downward bias in the estimated output elasticities. In practice, to address

unobserved output prices, researchers have obtained price data (the approach taken in

this paper) and/or added more structure on the product demand-side (see De Loecker

and Goldberg (2014) for a detailed discussion of the relevant tradeoffs).

However, unobserved output prices do not always bias the estimated output elas-

ticities. As De Loecker and Warzynski (2012) explain, if price variation reflects Hicks-

neutral productivity, it is absorbed by the productivity control function; only demand-

24Although the production approach to markup estimation requires estimates of output elasticities,
this approach does not rely on any one particular method of estimating those elasticities.

25When output prices are observed, they are typically specific to certain industries, such as beer
brewing (De Loecker and Scott, 2024).
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or quality-driven price variation uncorrelated with TFPQ introduces bias. Despite

this potential bias, revenues can be more appropriate than quantities when comparing

differentiated products, provided that quality-driven price variation is controlled for.

De Loecker et al. (2016) explicitly incorporate quality differences into the production

function and develop a framework to address them (more on this below).

Nevertheless, the output price data for French manufacturing firms is useful for

several reasons. First, the data makes it possible to compute a firm-level price index to

directly address the output price bias (see Section 4). Second, the data helps account

for quality differences uncorrelated with TFPQ and address the associated input price

heterogeneity (De Loecker et al., 2016). Third, the data makes it possible to measure

TFPQ and quality to quantify their separate contributions to wage dispersion—a goal

of the quantitative analysis in Section 7.

I measure firm-level prices pjt using French administrative data on firm-product-

year level prices for manufacturing firms. I then compute firm-year level output yjt

as revenue divided by my measure of firm-level prices. As De Loecker and Goldberg

(2014) explain in detail, although the availability of output prices may help alleviate

the biases from unobserved prices, incorporating them into production function esti-

mation also brings other challenges. In particular, the output price data are often at the

firm-product level; properly aggregating them into firm-level price indices requires a

theory of multi-product firms that goes beyond the scope of this paper. In Section 4,

I provide further detail on a measure of standardized firm-level output prices that I

implement, proposed by De Ridder et al. (2021). Appendix B.4 shows that the markup

and labor wedge estimates are not materially affected by whether output is measured

in revenues or (a measure of) quantities.

Unobserved input prices. Researchers rarely observe firms’ input prices directly, so

deflated input expenditures are typically used in place of quantities. This poten-

tially introduces an input price bias in the estimated production function parameters

(De Loecker and Goldberg, 2014). Conditional on observing firms’ output prices, the

commonly estimated production function becomes:

yjt = fs(k̃ jt, h̃jt, m̃jt; β) + B(px,jt, x̃jt; β, ζ) + ωjt

where x̃jt = {k̃ jt, h̃jt, m̃jt} represents the set of input expenditures (denoted with a
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tilde) and px,jt = {pk,jt, ϕjt, pm,jt} the set of input prices. The function B(.) captures the

influence of unobserved input prices, with its functional form depending on the func-

tional form of the production function f (.). The parameters ζ must then be estimated

to account for unobserved input prices.

Relative to most datasets, the French administrative data includes hours and wages

at the worker level, allowing me to measure effective labor hjt. However, capital and

material quantities are not observed. The production function I estimate becomes:

yjt = fs(k̃ jt, hjt, m̃jt; β) + Bs(px,jt, x̃jt, hjt; β, ζ) + ωjt

where the set of input expenditures is now x̃jt = {k̃ jt, m̃jt} and the set of unobserved

input prices is px,jt = {pk,jt, pm,jt}. Because the prices of material and capital inputs

are unobserved, as is the case in most existing datasets, I work under the standard as-

sumption that firms are pricetakers in these input markets (De Loecker and Goldberg,

2014). To the extent that firms in different sectors and locations face different material

and capital input prices, I control for sector and location fixed effects in the production

function estimation routine.26

However, input prices may differ across firms due to differences in input qual-

ity. As De Loecker et al. (2016) show, under a large class of consumer demand func-

tions used in International Trade, Industrial Organization, and Macroeconomics, out-

put prices increase monotonically with output quality, which increases monotonically

with input quality. Under the assumption that higher quality inputs come with higher

input prices, one can then build a control function for unobserved input prices using

output prices. Specifically, let input prices px,jt = px(djt, Gj) depend on output qual-

ity djt and fixed sector-location characteristics Gj. De Loecker et al. (2016) show that

the control function for input prices px,jt = px(pjt, Zjt) can be written as a function of

output prices pjt and a vector Zjt containing sector-location fixed effects Gj.

Relative to De Loecker et al. (2016), I allow labor markets to be imperfectly com-

petitive. This implies that monopsony markdowns will affect output prices through

marginal costs. Therefore, for output prices to be valid proxies for input prices, the

input price control function needs to account for monopsony markdowns. I do so by

including firm wage premia in Zjt in the input price control function. The function

26This can be the case, for example, due to differences in market access by location.
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B(.) can then be written as:

Bs((pjt, Zjt)× {1, x̃jt, hjt}; β, ζ)

which is a function of output prices pjt and the vector of controls Zjt, and their inter-

actions with input expenditures x̃jt and effective labor hjt. Since input expenditures x̃jt

only enter the function B(.) as interaction terms with output prices and other controls

Zjt, the production function parameters β are identified. This identification insight

from De Loecker et al. (2016) does not hinge on functional form assumptions for f (.).27

27I refer interested readers to De Loecker et al. (2016) for derivations of this identification result. The
reason that input expenditures do not enter B(.) as lone variables is that the control function for input
prices is built only from the consumer demand side.
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B.4 On the role of data on hours and prices

The French matched employer-employee data (DADS) and production survey of man-

ufacturing firms (EAP) offer three key pieces of information: worker-level hours worked,

worker mobility between employers, and output prices. Data on hours worked allows

me to measure labor inputs as total hours. Data on workers’ employer switches allows

me to measure the total effective hours at a firm as the difference between the firm-

level average hourly wage and firm wage premium (see Section 2). Data on output

prices allows me to measure output in quantities instead of revenues, to address unob-

served input price heterogeneity stemming from input quality differences (De Loecker

et al., 2016), as well as to include controls for markups and output prices in the produc-

tivity control function. I compare the labor wedges and markups that I obtain under

different specifications or measurements of labor inputs and output and arrive at two

main findings.

1. Role of hours data: I find that measuring labor as total hours (or effective hours) in-

stead of employment results in a lower level and smaller dispersion of labor wedges and

markups. This finding may be useful to keep in mind when interpreting production-

based labor wedge and markup measures, particularly in light of an important insight

of recent macroeconomic models of labor and product market power: the level of labor

wedges or markups act as a uniform proportional tax on firms, while the dispersion

leads to resource misallocation across firms (Berger et al., 2022; Edmond et al., 2023).

Rows (1), (2), and (3) of Table 11 present the results when I estimate a basic speci-

fication that does not account for output price bias, input price bias, or markups in the

productivity control function—only the measure of labor inputs differs. The mean and

median labor wedge are lower when labor inputs are measured as total hours or total

effective hours. The interquartile range and 90-10 difference for both labor wedges and

markups are also smaller when hours data is used. Rows (7), (8), and (9) show that the

same findings emerge in my baseline specification, which addresses output price bias,

input price bias, and the presence of markups and output prices in the productivity

control function.

To see how failing to account for variation in labor hours across firms could bias

labor wedge and markup estimates, consider the following example. For brevity, I

drop all firm and time subscripts. Let l, h, and h̄ denote employment, total hours, and
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average hours in logs at a given firm. Suppose the production function consists of only

labor and materials (m):

y = f (m, h) + ω = f (m, l + h̄) + ω

I now discuss two sources of bias when data on hours is not available.

Figure 6: Average hours (in logs) by firm size.
Note: This figure presents how log average hours vary across firm size deciles, controlling for 2-digit
sector×year fixed effects. Vertical bars are 95% confidence intervals.

OMITTED VARIABLE BIAS. This equation shows that measuring labor inputs as em-

ployment instead of total hours leads to average hours (h̄) being an omitted variable.

If workers at larger firms work longer hours, then the production function param-

eter estimates (and returns to scale) will be biased upwards. Figure 6 shows that,

within two-digit manufacturing sectors, average hours are higher at larger firms. In

this case, material output elasticities will be upward-biased, leading to upward-biased

markups. However, labor output elasticities will also be upward-biased, so it is am-

biguous in which direction measured labor wedges will be biased. When I use em-

ployment instead of total effective hours, I find a 0.02 increase in the median returns

to scale.

MISMEASUREMENT. When output elasticities depend on labor inputs, mismeasure-

ment of labor inputs will also bias the output elasticities, even if production function

parameters are known. The bias in measured output elasticities then lead to biased la-

bor wedges and markups. Consider the following more specific example. Let f (m, h)

be translog with constant returns to scale:
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y = βm + (1 − β)h − σmh
2

(m − h)2 + ω

where σmh is the elasticity of substitution between materials and labor. Materials and

labor are substitutes when σmh < 0, and complements when σmh > 0. Suppose the

production function parameters (β, σmh), TFPQ (ω), materials (m), and employment (l)

are known, but not average hours h̄. Let measured output elasticities be denoted with

a hat. Then, the relationship between actual and measured output elasticities are:

Materials: α̂m = αm + σmhh̄

Labor: α̂h = αh − σmhh̄

where σmhh̄ is the source of the mismeasurement. In this case, the returns to scale

is not affected. However, the sign of the bias on materials and labor output elastic-

ities go in opposite directions and depends on the elasticity of substitution between

materials and labor. Suppose materials and labor are complements (σmh > 0). Then,

measured material output elasticities will be upward-biased, while measured labor

output elasticities will be downward-biased. In turn, this implies that both measured

markups (µ̂) and labor wedges (Λ̂) will be biased upwards—recall that µ̂ = α̂m
PY

Pm M

and Λ̂ = α̂m
α̂h

WL
Pm M . These biases are consistent with the results from comparing rows

(1), (2), and (3), as well as the comparison of rows (7), (8), and (9).

2. Role of output price data: I find that output and input price biases appear to

partially offset each other. Specifications that address neither of the biases that stem

from unobserved output nor input prices deliver broadly similar labor wedges and

markups as specifications that address both. However, addressing only output price

bias without addressing input price bias leads to biased labor wedges and markups.

I start with the comparison between row (3) and row (9). In row (3), I implement a

“basic” version of production function estimation that does not address potential out-

put and input price bias, or the presence of markups and output prices in the produc-

tivity control function. In contrast, the baseline implementation in row (9) addresses

all three potential sources of bias. In both rows (3) and (9), I measure labor inputs as

total effective hours. The measured labor wedges and markups are slightly higher in

levels and dispersion with the basic implementation compared to my baseline imple-

mentation.
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Comparing row (3) with row (4), where the only difference is that row (4) mea-

sures output in quantity terms, leads to substantially different levels and dispersion of

markups and labor wedges. Correcting for output price bias appears to lead to lower

and more dispersed markups, and higher and more dispersed labor wedges. In par-

ticular, correcting only for output price bias increases the median labor wedge from

0.64 to 0.77. Comparing row (4) with row (5) shows that controlling for output prices

and markup proxies (market shares, firm age, and export status) in the productivity

control function reduces the measured labor wedges. Comparing row (4) with row

(6) shows that controlling for unobserved input price variation using output prices,

following De Loecker et al. (2016), returns similar labor wedges and markups as the

“basic” and baseline implementations in rows (3) and (9).

Why might addressing the output price bias only, but not the input price bias, lead

to significantly lower markups and higher labor wedges? In what follows, I show

that this could be the case when these two sources of bias offset each other, a point

discussed in detail in De Loecker and Goldberg (2014) and De Loecker and Syverson

(2021). Consider again the production function:

y = f (m, h) + ω

⇒ ỹ = f (m̃ − pm, h) + ω + p

where ỹ and m̃ represent log sales and log material expenditure. Let both output prices

p = p(d) and material prices pm = pm(d) be a function of output quality d.

OUTPUT PRICE BIAS. Suppose productivity, material quantities, and labor are ob-

served, but not output prices p. Then, the production function estimates are upward-

biased if output quality d is not perfectly correlated with productivity ω. This is be-

cause, all else equal, firms with higher output quality attract higher demand, charge

higher prices, and demand more inputs, resulting in a positive correlation between

input choices and unobserved output prices.

INPUT PRICE BIAS. Suppose productivity, output quantities, and labor are observed,

but not material prices pm. Then, the production function estimates are downward-

biased if output quality d is not perfectly correlated with productivity ω. This is be-

cause, all else equal, firms with higher output quality attract higher demand and pur-

chase higher-quality material inputs. This generates a positive correlation between
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material choices and unobserved material prices.

Indeed, in the basic specification that does not address any of the potential sources

of bias (row (3)), I find a median returns to scale of 1.01, which reduces to 0.97 when I

address only the output price bias (row (4)). This suggests the presence of input price

bias. Although there is no reason ex-ante to expect the output and input price biases

to offset each other, the comparison between rows (3), (4), (5), (6), and (9) appear to

support this interpretation.
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Table 11: Measures of markups and labor wedges with and without data on hours and prices.

Markups Labor wedges
Specification h measure y measure Mean Median 75-25 90-10 Mean Median 75-25 90-10

(1) Basic Emp. Sales 1.46 1.41 0.54 1.14 0.71 0.71 0.34 0.70
(2) Basic Hours Sales 1.43 1.39 0.52 1.10 0.67 0.68 0.31 0.64
(3) Basic E. hours Sales 1.39 1.37 0.52 1.05 0.62 0.64 0.29 0.60
(4) Basic E. hours Quantity 1.39 1.32 0.54 1.19 0.80 0.77 0.55 1.19
(5) Markup+price in control function E. hours Quantity 1.34 1.32 0.73 1.98 0.72 0.66 0.76 1.80
(6) Input price controls only E. hours Quantity 1.28 1.32 0.48 1.05 0.55 0.61 0.29 0.65
(7) Baseline Emp. Quantity 1.40 1.37 0.50 1.07 0.68 0.68 0.32 0.65
(8) Baseline Hours Quantity 1.37 1.35 0.49 1.03 0.64 0.65 0.29 0.59
(9) Baseline E. hours Quantity 1.33 1.33 0.47 0.97 0.60 0.62 0.26 0.51

This table reports the measured markups and labor wedges when production functions are estimated with and without data on hours and/or output
prices. All markup and labor wedge measures are trimmed by 1% on either side of their distributions. The ‘baseline’ specification refers to the specification
estimated in Section 3, which includes output prices and controls for markups in the control function, and uses output prices to address unobserved quality-
driven input price variation (De Loecker et al., 2016). The ‘basic’ specification neither controls for markups and output prices in the control function, nor
addresses unobserved input quality differences. In row (5), the specification ‘Markup+price in control function’ includes output prices and controls for
markups (i.e., market shares, firm age, export status) in the control function, but does not address input price bias. In row (6), the specification ‘Input price
controls only’ addresses both input and output price biases, but does not address the presence of markups in the control function, leading to violations of
the scalar unobservable assumption. The columns ‘h measure’ and ‘y measure’ show the measure of labor and output used in the estimated production
function. ‘E. hours’ means effective hours.
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B.5 On the identification of worker bargaining power

In Section 3.3, I propose a method for estimating workers’ bargaining power (κ) based

on the labor wedge equation (3), which specifies the theory-implied relationship be-

tween labor wedges and product market rents (henceforth, “markups”). One key chal-

lenge in identifying κ using this equation is the need to address unobserved amenities

(to the extent that they determine monopsony markdowns). In that section, I pro-

pose a control function approach to address this challenge, using data on wages and

employment to control for variation in amenities.

A natural question is: once wages and employment are included as controls, is

there any variation left in markups to identify workers’ bargaining power? In this

section, I provide an example to illustrate that if firm productivity (Ωj) and product

quality (Dj) are not perfectly correlated—both between firms as well as within firms

over time—then, in theory, there will be residual variation in markups to identify κ.

For this purpose, I now revisit the model presented in Section 2, but with a mi-

nor simplification: firms’ production functions now depend only on employment (in

efficiency units), Yj = ΩjHj. Then, solving the collective bargaining problem posed

in Section 2 yields the following labor wedge equation: Λj = κµj + (1 − κ)λj, where

markups µj = µ(Yj, Dj) depend on firm size (output) and product quality, and monop-

sony markdowns λj = λ(Hj, Aj) depend on firm size (employment) and amenities.

Since the model features firm heterogeneity in productivity (Ωj), amenities (Aj), and

product quality (Dj), the solution for firms’ choice of employment and wages can be

written as:

Hj = H(Ωj, Aj, Dj) and Φj = Φ(Ωj, Aj, Dj)

which, given the monotonicity assumptions made in Section 2, can be inverted and

combined to yield:

Ωj = Ω(Hj, Φj, Dj) and Aj = A(Hj, Φj, Dj) (B.5-1)

These equations show the implied set of (Ωj, Aj) for a given set of (Hj, Φj, Dj).

To see that there there will be residual variation in markups to identify κ, consider

two firms, j and j′, with the same observed wage and employment: Φj = Φj′ = Φ̄ and

Hj = Hj′ = H̄. Substituting the equations (B.5-1) into the labor wedge equation yields:

Λj = κµ(Ω(H̄, Φ̄, Dj)H̄, Dj) + (1 − κ)λ(H̄, Φ̄)
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Therefore, as long as firm productivity and product quality are not perfectly corre-

lated, two firms with the same observed employment and wages can charge different

markups—there is residual variation in markups for identifying κ.

Nevertheless, in practice it could be that, once firm size and wages are controlled

for, there is little variation left in markups to identify κ. Reassuringly, Table 2 shows

that the bargaining power estimates are stable across specifications that include or

omit labor and wages.
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B.6 The choice of production functions

B.6.1 Translog vs Cobb-Douglas

In Section 3, I estimate translog production functions to obtain firm-specific output

elasticities, which are used to measure markups and labor wedges. The Cobb-Douglas

production function is a simpler alternative that allows one to document how markups

and labor wedges vary across firms without having to estimate production functions.

The advantage is that one can sidestep the challenges of estimating gross output pro-

duction functions (Gandhi et al., 2020). However, this requires assuming that output

elasticities do not vary across firms.

In this section, I provide suggestive evidence that output elasticities vary system-

atically across firms, and show that they can lead to a spurious negative correlation

between markups and firm size. I then show that Cobb-Douglas-implied markups

decline with firm size, which is inconsistent with a body of evidence showing smaller

price passthrough of cost shocks among larger firms (Amiti, Itskhoki, and Konings,

2014). I show that my estimates of translog output elasticities vary systematically

across firms and are stable over time, leading to markup estimates that increase with

firm size and are stable over time. Moreover, the estimated translog output elastici-

ties closely track the input cost shares, which can be readily computed in the data and

directly correspond to output elasticities under certain conditions.

I first examine whether output elasticities are likely to vary systematically across

firms by looking at input cost shares. In my model in Section 2, the material and labor

cost shares can be written as:

CSm,jt =
αm,jt

αk,jt + αh,jt + Λjtαh,jt
and CSh,jt =

Λjtαh,jt

αk,jt + αh,jt + Λjtαh,jt

where the cost shares are measured as the expenditure on an input divided by total

costs. Total costs are measured as the sum of material, labor, and capital expendi-

ture, where capital expenditure is measured as expenditure on capital investments.

These cost shares map directly into firm-specific output elasticities (CSm,jt = αm,jt,

CSh,jt = αh,jt) if the following assumptions hold: constant returns to scale and per-

fectly competitive input markets. In my model, labor markets are imperfectly compet-

itive, implying that observed input cost shares do not directly correspond to output
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elasticities—disentangling output elasticities from labor wedges requires estimating

production functions. Nevertheless, output elasticities are key components of input

cost shares. Therefore, the evidence on cost shares presented in this section is sugges-

tive of how actual output elasticities vary across firms.

Figure 7: Material and labor cost shares across firms.
This figure shows how material and labor cost shares vary across quantiles of firm size (sales or em-
ployment) and labor productivity, conditional on 2-digit sector×year fixed effects. Confidence intervals
at the 95% level are plotted.

Figure 7 plots the material and labor cost shares against firm size (measured as

sales and employment) and labor productivity (measured as sales per hour). Material

cost shares increase systematically with firm size and labor productivity, while labor

cost shares decrease with firm size and labor productivity. Moreover, Table 12 shows

that there is substantial dispersion in cost shares within 2-digit sectors. These patterns

suggest that material and labor output elasticities vary systematically across firms.

Table 12: The distribution of material and labor cost shares.

Cost shares Mean Median 10th Pct 25th Pct 75th Pct 90th Pct Variance
Material 0.56 0.57 0.32 0.45 0.69 0.78 0.04
Labor 0.35 0.33 0.16 0.24 0.44 0.56 0.03

This table reports the summary statistics for the material and labor cost shares, conditional on
2-digit sector×year fixed effects.
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To the extent that the cross-sectional correlations between cost shares and firm size

are driven by output elasticities, assuming Cobb-Douglas production functions will

lead to systematic biases in the measurement of markups and labor wedges. To il-

lustrate this, I write the relationship between Cobb-Douglas markups µCD
jt and “true”

markups µjt (markups obtained without assuming homogenous output elasticities) as:

µCD
jt = µjt

αCD
m

αm,jt

where µCD
jt ≡ αCD

m
PjtYjt

Pm,t Mjt
and µjt = αm,jt

PjtYjt
Pm,t Mjt

. The covariance between Cobb-Douglas

markups and firm size can then be written as:

CV(log µCD
jt , log sizejt) = CV(log µjt, log sizejt)− CV(log αm,jt, log sizejt) (11)

Therefore, the covariance between Cobb-Douglas markups and firm size will be downward-

biased if material output elasticities (αm,jt) increase with firm size.

Similarly, the relationship between Cobb-Douglas labor wedges and “true” labor

wedges is:

ΛCD
jt = Λjt

(
αCD

m
αm,jt

)(
αh,jt

αCD
h

)
where ΛCD

jt ≡ αCD
m

αCD
h

Φjt Hjt
Pm,t Mjt

and Λjt =
αm,jt
αh,jt

Φjt Hjt
Pm,t Mjt

. The covariance between Cobb-Douglas

labor wedges and firm size can be written as:

CV(log ΛCD
jt , log sizejt) = CV(log Λjt, log sizejt)− CV(log αm,jt, log sizejt)

+ CV(log αh,jt, log sizejt)
(12)

Therefore, covariance between Cobb-Douglas labor wedges and firm size will also be

downward-biased if material output elasticities increase with firm size, or if labor output

elasticities decrease with firm size.

Figure 8 shows how different markup measures vary by firm size and labor pro-

ductivity. The first column shows that Cobb-Douglas markups decline steeply with

firm size and labor productivity, which is inconsistent with existing evidence on lower

passthrough of cost shocks to prices among large firms (see, e.g., Amiti et al. (2014)).

As shown above, this negative correlation may be due to Cobb-Douglas markups cap-

turing a positive correlation between material output elasticities and firm size.

Without estimating production functions, I now attempt to assess the extent to
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which Cobb-Douglas markup measures are likely to understate the relationship be-

tween actual markups and firm size. Suppose that material output elasticities are pos-

itively correlated with firm size. Then, equation (11) shows that controlling material

output elasticities will increase the correlation between Cobb-Douglas markups and

firm size. Although material output elasticities are not observed, under the assump-

tion that production functions exhibit constant returns to scale, they depend on the

capital-material and labor-material ratios, αm,jt = αm(
Kjt
Mjt

,
Hjt
Mjt

).28 This suggests that

the correlation between Cobb-Douglas markups and firm size would increase if one

controls for these input ratios.

Figure 8: Cobb-Douglas and Translog (log) markup measures across firms.
This figure shows how different log markup measures vary by firm size (sales or employment) and
labor productivity quantiles, conditional on 2-digit sector×year fixed effects. Confidence intervals at
the 95% level are plotted.

The second column of Figure 8 shows that the slope between Cobb-Douglas markups

and firm size becomes positive upon controlling for capital-material and labor-material

ratios. The third column shows that markups implied by the estimated translog pro-

duction functions are also increasing with firm size (without controlling for input ra-

28Similarly, the labor output elasticity can be written as αh,jt = αh(
Kjt
Hjt

,
Mjt
Hjt

). Suppose labor out-
put elasticities decrease with firm size, then equation (12) suggests that the correlation between Cobb-
Douglas labor wedges and firm size will increase if one controls for the relevant input ratios.
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tios). Figure 9 shows that a similar pattern holds for labor wedges: the Cobb-Douglas

labor wedges decline with firm size more steeply than the translog counterpart.

Figure 9: Cobb-Douglas and Translog (log) labor wedge measures across firms.
This figure shows how different log labor wedge measures vary by firm size (sales or employment) and
labor productivity quantiles, conditional on 2-digit sector×year fixed effects. Confidence intervals at
the 95% level are plotted.

Finally, I show that the estimated translog output elasticities vary across firms in

a similar way compared to the input cost shares, and that they are stable over time.

Table 13 shows that the translog material output elasticities are on average lower than

their cost shares, while labor output elasticities are higher than their cost shares. This

is what one would expect if labor wedges are below 1. Consistent with the fact that

material cost shares increase with firm size depicted in Figure 7, Figure 10 shows that

translog material output elasticities are also increasing with firm size, while these pat-

terns are inverted for translog labor output elasticities. Further, Figure 11 shows that

both the distribution of translog material and labor output elasticities are stable over

time. This implies that the translog markup and labor wedge measures are also stable

over time (see Figure 14).
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Table 13: The distribution of output elasticities.

Elasticities Mean Median 10th Pct 25th Pct 75th Pct 90th Pct Variance
Material 0.47 0.48 0.30 0.39 0.57 0.66 0.02
Labor 0.47 0.46 0.28 0.37 0.56 0.65 0.02
Capital 0.05 0.05 0.02 0.04 0.07 0.09 0.00

This table reports the summary statistics for the output elasticities, conditional on 2-digit
sector×year fixed effects.

Figure 10: Translog output elasticities across firms.
This figure shows how output elasticities vary across quantiles of firm size (sales or employment) and
labor productivity, conditional on 2-digit sector×year fixed effects. Confidence intervals at the 95%
level are plotted.

Figure 11: Translog output elasticities over time.
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B.6.2 Leontief production function

Section 3.3 proposes a method for separately estimating worker bargaining power

(κ) and firm monopsony power (λj). Identification of κ relies on the property that

markups (µj) transmit into labor wedges (Λj) when workers have some bargaining

power. Implementing this approach therefore requires firm-level estimates of markups

and labor wedges. However, this approach does not hinge on a specific method for

obtaining these estimates.

In Section 3.2, I obtain these estimates using the production-based approach fol-

lowing De Loecker and Warzynski (2012) and Yeh et al. (2022), assuming a gross output

production function. Under this approach, firm markups and labor wedges are de-

rived from the first-order conditions for materials and labor, given estimated output

elasticities. These estimates are valid under relatively mild assumptions on prefer-

ences and product market competition.

A natural question is how my bargaining power estimation approach adapts when

the production function is Leontief in materials—that is, when material inputs are non-

substitutable. In such settings, the materials first-order condition does not hold, so the

standard production approach is no longer applicable without further modifications.

Alternative identification strategies are therefore needed to estimate markups and la-

bor wedges.

Rubens (2023) offers important guidance in such cases. They show that, when pro-

duction functions are Leontief in materials, the production approach can still deliver

estimates of markups and markdowns if it is combined with either a specific model

of (O1) input supply or (O2) output demand. In this section, I explain that, in my

model, O1 is insufficient to separately identify labor wedges and markups. O2 is a

more promising alternative for doing so, but it requires a different type of data and

entails conceptual challenges that go beyond the scope of this paper.

Imposing a model of labor supply (O1). This option is not sufficient to separately

identify markups and labor wedges—thus workers’ bargaining power—because labor

wedges differ from monopsony markdowns when κ > 0. To see this, consider the

implications of a Leontief production function in materials. In this case, the labor
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share of value-added implied by the model in Section 2 is:

ΦjHj

PjYj
= αh,j

(
κ
(
1 −

αk,j

µj

) µj

αh,j
+ (1 − κ)λj

)
︸ ︷︷ ︸

=Λj

µ−1
j

where PjYj now denotes nominal value-added instead of revenues, and (αh,j, αk,j) are

the labor and capital output elasticities of a value-added production function. Impos-

ing a model of labor supply makes it possible to estimate labor supply elasticities and

the implied monopsony markdowns (λj). However, even with estimates of monop-

sony markdowns and output elasticities, the expression above shows that µj and Λj

are still not separately identified without additional information on κ. In other words,

imposing a labor supply model alone cannot disentangle the effects of product market

power from those of worker bargaining power.

Imposing a model of output demand (O2). In contrast to O1, the labor wedge expres-

sion implies that, when production functions are Leontief in materials, labor wedges

remain identified if markups and labor output elasticities are observed. This makes

it possible to implement the estimation strategy for κ described in Section 3.3, even

under non-substitutability in material inputs.

This alternative of strategy is therefore a promising path forward. Obtaining markup

estimates by estimating demand systems has a long-standing tradition (Berry, Levin-

sohn, and Pakes, 1995). This demand-based approach provides estimates the own-

price and cross-price demand elasticities, allowing researchers to compute markups.

However, estimating demand systems requires detailed product-level prices, quan-

tities, and product characteristics, such as supermarket scanner data. Moreover, ap-

plying this demand-based approach to estimate markups for manufacturing firms re-

quires modeling the mapping between the prices charged by producers and the prices

paid by final consumers. I refer interested readers to De Loecker and Scott (2024) for a

detailed discussion on the challenges involved when combining the production-based

and demand-based approaches to estimate markups.
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B.7 The choice of flexible inputs

The production function approach to markup estimation requires selecting a flexible

input to measure markups with. When implementing this approach, I assume that

materials are flexible inputs, as is standard in the literature (De Loecker and Warzyn-

ski, 2012). However, another natural candidate for the flexible input is electricity con-

sumption. Relatedly, electricity prices may be less subject to potential monopsony

power by buyer firms, compared to materials. However, after analyzing firm-level

electricity consumption data from the French Survey of Energy Consumption in In-

dustry (EACEI), I find that the measurement error in electricity consumption is likely

much larger than in materials. Combined with the small share of electricity expendi-

tures in revenue, this leads to highly dispersed and unreliable markup estimates.

The EACEI survey data provides information on energy consumption and pur-

chase for French manufacturing firms from 1983 to 2021. The survey includes approx-

imately 5,000 firms per year. For each year and plant combination, I observe the total

amount of electricity consumed (in megawatt hours, MwH) and total expenditure on

electricity (in Euros). I aggregate the data to the firm-year level. I drop firms with

missing or negative values of electricity consumption and expenditure. I then link this

survey to my estimation sample (EAP-FARE 2009-2016). However, this significantly

reduces the sample size in my estimation sample to 28,081.

Table 14: The cost and revenue shares of electricity and materials.

Materials Electricity
Mean Median Variance Mean Median Variance

Cost share 0.58 0.60 0.03 0.02 0.01 0.00
Revenue share 0.40 0.41 0.03 0.01 0.01 0.00
log Revenue

Input expenditure 1.06 0.90 0.45 4.90 4.90 0.99

This table reports the cost and revenue shares of electricity. In this table, costs are mea-
sured as the sum of wage bills, material expenditure, capital investments, and electricity
expenditure. The variances are across firms within 2-digit sectors. The sample consists of
firms that are surveyed in the EACEI energy consumption data and the EAP-FARE output
price and balance sheet data.

The survey reveals that electricity expenditure is a small share of total costs and

revenue among French manufacturing firms. Table 14 shows that the cost share and

revenue share of electricity is about 1% at the median French firm in this sample. In

comparison, the cost and revenue shares of material inputs are many times larger, at
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60% and 41%.

This small revenue share of electricity presents a challenge for using it as a flexible

input to measure markups. Even a small amount of measurement error in electric-

ity expenditure can cause large variability in the resulting markup estimates, since

markups are calculated as the output elasticity of the flexible input multiplied by the

inverse of its revenue share.

Table 14 shows that the revenue-to-electricity-expenditure ratio (in logs) is much

more dispersed than the revenue-to-material expenditure ratio. Moreover, the last

row of Table 15 shows that electricity consumption growth is much more volatile than

materials growth. When examining the comovement of electricity consumption with

other factor inputs, I find that materials exhibit a stronger comovement with capital

and labor compared to electricity consumption (see the third and fourth rows of Table

15). Taken together, these descriptive evidence is suggestive of larger measurement

error in electricity expenditure.

Table 15: Firm-level comovement of factor inputs.

%∆ Capital %∆ Labor %∆ Materials %∆ Electricity
%∆ Capital 1.00
%∆ Labor 0.13 1.00
%∆ Materials 0.11 0.09 1.00
%∆ Electricity 0.04 0.04 0.06 1.00
Variance 0.02 0.03 0.10 0.18

This table reports the Pearson correlation coefficients between the firm-level growth
rates of capital, effective labor, materials, and electricity consumption.

B.8 Monopsony in the market for materials

In Section 3, I measure markups and labor wedges under the assumption that firms

have no monopsony power in material inputs. If firms have monopsony power in ma-

terial markets, then even if one has data on actual material and labor output elastici-

ties, the material and labor first-order conditions do not deliver the correct measures

of markups and labor wedges; they will be contaminated by a material monopsony

wedge. These first-order conditions become:

µjt = λm,jtαm,jt
PjtYjt

Pm,jtMjt
and Λjt = λm,jt

αm,jt

αh,jt

ΦjtHjt

Pm,jtMjt
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where λm,jt =
ϵm,jt

1+ϵm,jt
is the monopsony markdown for materials, which depends on

the material supply elasticity ϵm,jt.

I now show that, in the presence of material monopsony power, it is still possible to

obtain correct measures of markups and labor wedges—not contaminated by material

markdowns—if production functions are estimated using material expenditure instead

of quantities. Without material price data, one recovers the output elasticity with re-

spect to material expenditure when estimating production functions. In what follows,

I derive this material expenditure output elasticity and show that (a) it is equal to the

composite elasticity α̃m,jt ≡ λm,jtαm,jt when firms have material monopsony power,

and (b) it is equal to the material quantity output elasticity αm,jt when firms are pric-

etakers in material markets. Therefore, when firms have material monopsony power,

the correct markup and labor wedge measures can still be obtained, although one

cannot disentangle material monopsony power from material (quantity) output elas-

ticities.

Consider the following upward-sloping material supply curve: Mjt = V(Pm,jt).

The inverse material supply curve, expressed as a function of material expenditure, is:

Pm,jt = Ṽ(M̃m,jt), where M̃jt ≡ Pm,jtMjt. Variables written in lowercase letters are in

logs. The production function takes the form:

yjt = f (k jt, hjt, mjt) + ωjt

= f (k jt, hjt, m̃jt − ṽ(m̃jt)) + ωjt

where the second equality uses the inverse material supply curve. The output elastic-

ity with respect to material expenditure is:

α̃m,jt ≡
∂yjt

∂m̃jt
= αm,jt

(
1 −

∂ṽ(m̃jt)

∂m̃jt

)

What remains to be shown is that the term
(

1 − ∂ṽ(m̃jt)

∂m̃jt

)
is equal to the material mark-

down. From the inverse material supply curve, the elasticity of material prices with

respect to material expenditure is:

∂pm,jt

∂m̃jt
=

∂pm,jt

∂mjt

(
∂M̃jt

∂Mjt

)−1

Pm,jt (B6(a))

and the partial derivative of material expenditure with respect to material quantities

78



is:
∂M̃jt

∂Mjt
=

(
1 +

(
∂mjt

∂pm,jt︸ ︷︷ ︸
≡ ϵm,jt

)−1)
Pm,jt (B6(b))

Combining equations (B6(a)) and (B6(b)) gives λm,jt ≡
ϵm,jt

1+ϵm,jt
=
(

1 − ∂ṽ(m̃jt)

∂m̃jt

)
. There-

fore, the output elasticity with respect to material expenditure is equal to the com-

posite elasticity α̃m,jt ≡ λm,jtαm,jt. When firms have no material monopsony power,

so that λm,jt = 1 and Pm,jt = Pm,t, the output elasticity with respect to material ex-

penditure or quantities are the same. This result shows that estimating production

functions based on material expenditures rather than quantities recovers the output

elasticity with respect to material expenditure, which hinders the measurement of ma-

terial markdowns, but not markups or labor wedges.

The presence of material markdowns has implications for the use of material inputs

as a proxy variable when estimating production functions. Given the material supply

equation faced by the firm, the material input FOC can be written as:

M̃jt =

(
1 −

∂ṽ(m̃jt)

∂m̃jt

)
Pjtµ

−1
jt αm,jtΩjtF

(
Kjt, Hjt,

M̃jt

Ṽ(M̃m,jt)

)

Thus, the control function for productivity (Ωjt) is formed on material expenditure

rather than quantities. The presence of material markdowns do not violate the scalar

unobservable assumption if firm size (expenditure on materials) is a sufficient statistic

for material markdowns, analogous to the implication that firm size in terms of wage-

bill shares are sufficient statistics for labor market monopsony markdowns in recent

models such as Berger et al. (2022).

In deriving these results, I abstract from material price differences driven by quality

heterogeneity. In the presence of quality heterogeneity, there will be material price

dispersion across firms even when firms do not have material monopsony power. The

lack of material price data will cause an input price bias, as discussed in Section 3.

De Loecker et al. (2016) develop an approach to addressing input price bias using

output price data, and I implement their approach to address this concern.
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B.9 Alternative methods for production function estimation

The production approach to markup measurement requires estimating the output elas-

ticity of a flexible input (De Loecker and Warzynski, 2012) (DLW henceforth). In Sec-

tion 3, I estimate a translog gross output production function to obtain the flexible

input’s (materials) output elasticity. As Bond and Söderbom (2005) and Gandhi et al.

(2020) show, this output elasticity is challenging to identify, particularly in the con-

text of gross output production functions and perfectly competitive goods markets.

In such cases, persistence in material prices is the only source of persistence in ma-

terial input choices, which is crucial for the identification of the material output elas-

ticity. However, De Ridder et al. (2021) show that with imperfectly competitive prod-

uct markets—a key feature of my model—variation in output prices and productivity

shocks to firms’ competitors generate additional variation in firms’ material input de-

mand, which aids the estimation of the material output elasticity.

To more directly address the identification concern raised in Gandhi et al. (2020),

I compare my baseline estimates of output elasticities to those estimated using two

alternative methods that aim to address this identification challenge: (i) control func-

tion method with constant returns to scale production functions (Flynn, Gandhi, and

Traina, 2019), and (ii) dynamic panel method (Blundell and Bond, 1998).

Table 16: Output elasticities under alternative production function estimation methods.

DLW FGT BB
Mean Median Var Mean Median Var Mean Median Var

Material 0.47 0.48 0.03 0.48 0.49 0.04 0.36 0.37 0.02
Labor 0.47 0.46 0.03 0.43 0.42 0.04 0.34 0.33 0.02
Capital 0.05 0.05 0.00 0.08 0.08 0.00 0.07 0.07 0.00
Returns to scale 0.99 0.98 0.00 1.00 1.00 0.00 0.78 0.79 0.02

This table reports the estimated output elasticities under alternative production function approaches. My
baseline approach follows De Loecker and Warzynski (2012), referred to as DLW. This table also presents
estimates from implementing constant returns to scale (Flynn et al. (2019); FGT) and dynamic panel meth-
ods (Blundell and Bond (1998); BB). All output elasticities are trimmed by 1% on either side of their
distribution.

In the context of imperfectly competitive output markets, Flynn et al. (2019) (FGT

henceforth) show that the challenge of identifying the material output elasticity can

be recast as a challenge of separately identifying returns to scale from the level of

markups. They further show that under the restriction of constant returns to scale, the
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material output elasticity is identified. Table 16 compares my baseline estimates of the

output elasticities to those obtained under constant returns to scale. Comparing the

first three columns with the middle three columns shows that my baseline estimates

(based on DLW) and those using FGT are similar. Figure 12 shows that material output

elasticities estimated with either DLW or FGT both increase with firm size (as defined

by sales). The figure also shows that the implied markups and labor wedges increase

with firm size. Figures 13 and 14 further show that the estimated material output

elasticities, markups, and labor wedges are stable over time.

Figure 12: Output elasticities, markups, and labor wedges by firm size under DLW
and FGT.
This figure compares the estimated output elasticities, markups, and labor wedges using two methods:
(i) my baseline approach following De Loecker and Warzynski (2012), and (ii) the Flynn et al. (2019)
approach which imposes a constant returns to scale restriction. Firm size quantiles are defined based on
sales. The plots control for 2-digit sector×year fixed effects. Vertical bars are 95% confidence intervals.

As an alternative to the control function method, the dynamic panel data method

of Blundell and Bond (1998) (BB henceforth) circumvents the need to select a proxy

variable, instead relying on a log-linear AR(1) process for Hicks-neutral productivity

to identify production function parameters. In practice, the estimated output elastici-

ties and returns to scale are much lower compared to my baseline estimates, as shown

in Table 16. This leads to markup measures that fall below 1 for most firms in my
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sample. Because the BB method requires first-differencing input and output data (and

their lags), it significantly reduces variation in the data that can be used for identifi-

cation since cross-sectional variation in factor inputs are differenced away. Further,

attenuation bias due to measurement error is exacerbated in dynamic panel meth-

ods. In a Monte Carlo simulation comparing control function methods and dynamic

panel methods when the true production function has constant returns to scale, Yeh

et al. (2022) also find that dynamic panel methods tend to estimate far lower returns

to scale. The practical difficulty of obtaining reasonable estimates of production func-

tion parameters using dynamic panel methods is also discussed in De Loecker and

Syverson (2021).

Figure 13: Time-series of material output elasticities under DLW and FGT.
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Figure 14: Time-series of markups and labor wedges under DLW and FGT.
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B.10 Multiplication bias

The key estimating equation (3) for worker bargaining power requires first measuring

labor wedges (Λ) and product market rents (µ̃). Measuring them requires data on ma-

terial expenditure as well as estimates of material and labor output elasticities (αm, αh).

Because these variables appear on both sides of the estimating equation multiplica-

tively, any measurement error or estimation bias in these variables will be positively

correlated and, therefore, lead to a mechanical upward bias of the bargaining power

estimate κ̂. I refer to this bias as multiplication bias.

There are two reasons why the output elasticities could be measured with error,

conditional on the production function specification. First, material and labor output

elasticities are functions of factor inputs, and these inputs could be measured with er-

ror. Second, the parameters governing the material and labor output elasticities could

be estimated with a bias due to the difficulties of identifying the flexible input’s output

elasticity (Gandhi et al., 2020).

To see how biased or mismeasured output elasticities can affect κ̂, consider the

following example. As a reminder, I denote measured or estimated parameters or

variables with a hat. Let the true markdown be constant and homogenous, λjt = λ.

Let ϵbias
jt be the source of bias (such as measurement errror or estimation biases), such

that
α̂m,jt
α̂h,jt

=
αm,jt
αh,jt

ϵbias
jt . Let ϵ̃jt be a random error uncorrelated with ˆ̃µjt. The estimating

equation becomes:

ΦjtHjt

Pm,tMjt

α̂m
jt

α̂h
jt︸ ︷︷ ︸

Λ̂jt

= κ

(
PjtYjt − Pm,tMjt − Pk,tKjt

Pm,tMjt

)
α̂m

jt

α̂h
jt︸ ︷︷ ︸

ˆ̃µjt

+(1 − κ)λ + ϵ̃jt

Then, an OLS regression of Λ̂jt on ˆ̃µjt will give an upward-biased estimate of κ:

κ̂OLS = κ + (1 − κ)
CV(λϵbias

jt , µ̃jtϵ
bias
jt )

V(µ̃jtϵ
bias
jt )

≥ κ, where κ ∈ [0, 1]

Therefore, the upward bias is larger when the true κ is smaller, and one may estimate

positive worker bargaining power even when κ = 0.29

29Here, I have assumed that λj = λ, so there is only one source of bias—the multiplication bias,
which biases κ̂ upwards. If λj is endogenous and depends on firm size and amenities, then monopsony
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In the rest of this section, I discuss several attempts to address this concern, de-

pending on the source of the bias (ϵbias). First, under a classical measurement error

assumption, I obtain an upper bound estimate of the measurement error in (α̂m/α̂h)

and simulate the extent of bias on κ̂. Second, I follow a well-established tradition of

using instrumental variables to address measurement error. In the same simulation,

I show that instrumenting product market rents using their lags ( ˆ̃µjt−1) recovers the

true κ. I therefore also report estimates when product market rents are instrumented

using their lags. However, this lags-as-IV strategy does not address the multiplication

bias when ϵbias are serially correlated. This is the case when the parameters governing

the output elasticities are estimated with bias. This is a concern since the produc-

tion function estimation literature has shown that identifying the output elasticities of

flexible inputs is not trivial (see, for example, Bond and Söderbom (2005) and Gandhi

et al. (2020)). To address this concern, I propose an alternative estimating equation that

avoids having to first estimate output elasticities. However, as I explain later in this

section, this alternative requires approximating a more complex, potentially highly

nonlinear function.

Measurement error and instrumental variables. Assuming that the source of bias on

κ̂ is classical measurement error in the output elasticities, I now use the panel struc-

ture of the data to infer the size of the measurement error. I then use this variance to

simulate the likely extent of bias for a given distribution of µ̃jt, and known λ and κ.

Let the log of the ratio of material-to-labor output elasticities be xjt ≡ log
αm,jt
αh,jt

, and

let it be measured with error: x̂jt = xjt + εme
jt , where x̂jt is the observed measure and

εme
jt = log ϵme

jt is classical measurement error. Following Krueger and Summers (1988),

I compute the within-firm variance as Vj(x̂jt) = Vj(xjt) + V(εme
jt ). Suppose that xjt is

highly persistent (or fixed) over time, so that Vj(xjt) ≈ 0. Then, taking the average

of the firm-level variance gives E[Vj(x̂jt)] = V(εme
jt ). This provides an upper bound

estimate of the extent of measurement error, because any within-firm variation in xjt

will be attributed to V(εme
jt ).

Given a measure of the size of the measurement error, I assess the potential size of

the multiplication bias. I simulate the relationship between labor wedges and product

markdowns bias κ̂ downwards when firms with high product market rents (higher µ̃j) also have more
monopsony power (lower λj). While the two sources of bias work in opposite directions, there is no
reason a priori to expect them to cancel out.
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market rents for a known κ and estimate κ with and without the presence of measure-

ment error. For this purpose, I continue to assume that monopsony markdowns are

constant and homogenous across firms, and calibrate it to λ = 0.5. I then take the esti-

mated distribution product market rents as the true distribution and compute the im-

plied Λjt under different values of κ. Next, I draw a sequence of εme
jt from N (0, V(εme

jt )),

where V(εme
jt ) is estimated from the previous step, and multiply µ̃jt and Λjt by ϵme

jt . I

then compare the difference between the true κ and those estimated by OLS (with and

without the presence of measurement error). Without measurement error, the OLS

estimator for κ is unbiased under the assumption of a constant and homogenous λ.

Table 17 compares the true κ and the OLS estimate of κ for different sizes of mea-

surement error. The estimate of the size of measurement error following Krueger and

Summers (1988) is V(εme) = 0.102. For measurement error of this size, panel (a) shows

that the OLS estimate of κ is close to the true κ, with an upward bias of around 0.007.

Panels (b) and (c) show that for much larger measurement error the bias is also much

larger, although the size of the bias declining in the level of κ.

Table 17: Effect of measurement error on estimated worker bargaining power.

True κ
0.05 0.10 0.15 0.20 0.25 0.30 0.35

Panel (a) V(ϵme)=0.102
OLS 0.058 0.107 0.157 0.206 0.256 0.306 0.355
IV 0.050 0.100 0.150 0.200 0.250 0.300 0.350
Panel (b) V(ϵme)=0.20
OLS 0.076 0.125 0.173 0.222 0.270 0.319 0.368
IV 0.051 0.100 0.151 0.200 0.251 0.300 0.350
Panel (c) V(ϵme)=0.30
OLS 0.101 0.148 0.195 0.243 0.290 0.337 0.384
IV 0.050 0.100 0.150 0.200 0.250 0.300 0.350

This table compares the true and estimated workers’ bargaining power parameter in the presence of
measurement error in material expenditures or output elasticities.

A well-established approach to addressing measurement error in the explanatory

variable is to use instrumental variables (IV). The instrument needs to be correlated

with the explanatory variable and be orthogonal to the measurement error. Under a

classical measurement error assumption, product market rents can be instrumented

using their lags. Table 17 compares the OLS and IV estimates of κ, where the the IV is
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lagged product market rent. In all three panels, the instrument successfully recovers

the true κ.

An alternative estimating equation for worker bargaining power. The strategy above

of using lagged product market rent as an IV to address the multiplication bias in-

duced by measurement error relies on the assumption of classical measurement error.

This is a strong assumption; if the production function parameters are not identified,

then the bias in the estimated output elasticities will be serially correlated. This causes

κ̂ to be upward-biased and lagged product market rent is no longer a valid instru-

ment. To avoid having to first estimate the output elasticities (α), I propose using an

alternative estimating equation to (3). I rearrange the baseline estimating equation (3)

to obtain:

ΦjtHjt

Pm,tMjt
= κ

(
PjtYjt − Pm,tMjt − Pk,tKjt

Pm,tMjt

)

+ (1 − κ)λ(Hjt,H−1(Hjt, ΦjtHjt))
αh(Kjt, Mjt, Hjt)

αm(Kjt, Mjt, Hjt)

(13)

Compared to equation (3), estimating equation (13) does not require estimates of out-

put elasticities. However, equation (13) includes a more complicated term to approx-

imate (λ(.)αh(.)/αm(.)).30 In practice, I approximate λ(.)αh(.)/αm(.) with a fourth-

order polynomial. Similar to the baseline equation (3), this alternative equation is

also not immune to measurement-error-induced multiplication bias because material

expenditure and wage bills appear on both sides of the equation and these may be

measured with error. Therefore, when estimating κ using equation (13), I also instru-

ment all right-hand-side variables using their lags under a classical measurement error

assumption.

Table 18 presents the bargaining power estimates from implementing equation

(13). Columns (1) through (3) show that controlling for the term λ(.) αh(.)
αm(.)

and firm

fixed effects are important, as they substantially reduce the estimated bargaining power.

Indeed, column (4) shows that a specification that controls for both λ(.) αh(.)
αm(.)

and firm

fixed effects gives an estimated κ of 0.149, close to my baseline estimate of 0.125 in col-

umn (4) of Table (2). Column (6) shows that additionally using lagged left-hand-side

30Note that, if the production function were Cobb-Douglas, then we need only approximate λ(.),
which would make equation (13) more attractive than equation (3).
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variables to address multiplication bias due to classical measurement error further re-

duces the estimated κ to 0.137.

Table 18: Estimated worker bargaining power using an alternative equation.

Φjt Hjt
Pm,t Mjt

(1) (2) (3) (4) (5) (6)
PjtYjt−Pm,t Mjt−Pk,tKjt

Pm,t Mjt
0.248 0.248 0.131 0.149 0.129 0.137

(0.012) (0.010) (0.007) (0.007) (0.009) (31.563)
Sector×year fixed effects ✓ ✓ ✓ ✓ ✓ ✓
Firm fixed effects ✓ ✓ ✓

Control for λ(.) αh(.)
αm(.)

✓ ✓ ✓ ✓

IV for measurement error ✓ ✓
Observations 104,865 101,941 104,865 101,941 81,482 78,818

This table reports the estimated worker bargaining power parameter using the alternative
estimating equation (13). When controlling for the term λ(.) αh(.)

αm(.)
, I use a second-order

polynomial of its arguments: capital, materials, effective labor, and wage bills. Boot-
strapped standard errors are reported in parentheses. In columns (5) and (6), all left-hand-
side variables are instrumented with their lags.

Taken together, these findings suggest that measurement error in factor inputs and

estimation biases due to challenges in identifying production function parameters do

not result in significant upward bias in my estimates of worker bargaining power.

Nevertheless, it is useful to compare how measured monopsony markdowns depend

on the value of inferred worker bargaining power.

Measured monopsony markdowns under different values of worker bargaining

power. To compare measured markdowns under different values of κ, I start by deriv-

ing an upper and lower bound for κ. Given the estimated µ̃jt and Λjt, we can obtain

upper and lower bounds for κ by noting that λjt ∈ [0, min{1, Λjt}]. The labor wedge

equation (3) can be rearranged as follows:

κ =
Λjt − λjt

µ̃jt − λjt

In this expression, κ is decreasing in λ. Since the maximum value λjt can take is Λjt,

the lower bound for κ is 0. Since the minimum value λjt can take is 0, the upper bound

for κ is
Λjt
µ̃jt

. Because firms are assumed to have the same bargaining parameter, I set

the upper bound as the level of κ such that λjt = 0 for at most a quarter of firms. The
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bounds on worker bargaining power are then κ ∈ [0, 0.28].

Table 19 shows the summary statistics of measured markdowns for different values

of κ. The table shows that the mean and median markdowns decrease steeply with κ.

Therefore, the larger the estimated κ is, the greater the labor market power firms are

inferred to have.

Table 19: Measured monopsony markdowns under different κ.

Measured λ
κ 0.05 0.10 0.15 0.20 0.25
Mean 0.54 0.47 0.40 0.31 0.21
Median 0.55 0.48 0.41 0.33 0.25
25th percentile 0.46 0.39 0.30 0.20 0.09
75th percentile 0.64 0.58 0.52 0.45 0.38
75-25 difference 0.18 0.19 0.22 0.25 0.31

This table compares the distribution of measured monopsony markdowns un-
der different values of worker bargaining power κ.

Figure 15: Implied monopsony markdowns by firm wage premia and firm size.
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How does the value of κ affect the correlation between measured monopsony mark-

downs and firm characteristics? The first panel of Figure 15 shows that the correlation

between markdowns and firm wage premia is relatively flat across different values of

κ, although this correlation flips from positive to negative as κ increases. The second

panel of Figure 15 shows that measured markdowns decline with firm size for each

value of κ, although the relationship between monopsony markdowns and firm size

is also relatively flat.

On the determinants of the implied monopsony markdown. One observation from

Figure 15 is that the implied monopsony markdown widens sharply with the value of

worker bargaining power. To clarify this pattern, I describe how each component of

the labor wedge equation affects: (a) the level of the implied monopsony markdown,

and (b) the sensitivity of the implied markdown with respect to bargaining power.

In the baseline model in Section 2, workers’ collective outside options are assumed

to be zero wages in the event of a (temporary) strike. To explore the implications of

this assumption, consider a more general version of the collective bargaining problem

in which the outside option is firm-specific and potentially non-zero. The problem

becomes:

max
Φj,Pj,Mj,Kj

(
(Φj − Φo

j )Hj

)κ(
Πj

)1−κ

subject to the labor supply curve Hj = H(Φj − Φo
j , Aj), product demand curve Yj =

G(Pj, Dj), and production technology Yj = ΩjF(Kj, Mj, Hj), with firm profits Πj =

PjYj −ΦjHj − PmMj − PkKj. Let Φo
j denote an arbitrary, non-zero, firm-specific outside

option faced by workers employed by firm j. In this setup, the labor wedge becomes:

Λj =
κµ̃j + (1 − κ)λj

1 − (1 − κ)(1 − λj)
Φo

j
Φj

or, rearranging: λj =
Λj
(
1 − (1 − κ)

Φo
j

Φj

)
− κµ̃j

(1 − κ)
(
1 −

Φo
j

Φj

)
As before, µ̃j are product market rents, which depend on markups. When worker

outside wages are zero (Φo
j = 0), this labor wedge expression becomes equation (3).

This labor wedge expression shows how product market rents, outside options,

and worker bargaining power affect the level of the implied λj, all else equal:

▶ A higher worker bargaining power (κ) implies a lower λj, i.e., wider markdown.

▶ A higher markup—hence, product market rent (µ̃j)—implies a wider markdown.

▶ A higher outside option (
Φo

j
Φj

) also implies a wider markdown.
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To understand the sharp widening in implied monopsony markdowns when κ in-

creases, as shown in Figure 15, it is useful to write the partial derivative of λ with

respect to κ:
∂λj

∂κ
= −

(
1 −

Φo
j

Φj

)
(µ̃j − Λj) ≤ 0

This derivative is negative since Λj ≤ µ̃j and Φo
j ≤ Φj. This expression shows that:

▶ A higher markup—hence, µ̃j—increases the impact of κ on the implied λj.

▶ A higher outside option (
Φo

j
Φj

) reduces the impact of κ on the implied λj.

The direction of the effect of workers’ collective outside options on the level of

the implied markdowns is therefore ambiguous. On one hand, higher outside op-

tions widen the implied markdowns (holding other parameters constant); on the other

hand, they dampen the sensitivity of the implied markdowns to bargaining power.

This ambiguity raises the conceptual question: how should workers’ outside op-

tions be modeled? What gives workers the leverage to demand wages above the

monopsony level? One natural approach is to model outside offers as arriving through

on-the-job search, allowing workers to use outside options to renegotiate wages when

they arise (Cahuc et al., 2006). However, this leads to a model of individual wage bar-

gaining in which outside options vary within firms. I discuss this alternative in Ap-

pendix C.1.

91



B.11 Labor adjustment costs

The estimated labor wedge Λ̂jt could capture labor adjustment costs. I now derive

labor wedges in the presence of labor adjustment costs and discuss how labor adjust-

ment costs could bias the estimated bargaining power κ̂ and the inferred monopsony

markdown λ̂jt. I then attempt to assess the magnitude of this source of bias and incor-

porate labor adjustment costs in my estimation of κ. In this section, I will use the term

‘employment’ to mean effective labor (Hjt).

Specification of labor adjustment costs. There are two alternatives—convex and non-

convex cost functions—and they have different implications for the observed distribu-

tion of employment growth. The former implies that employment growth rates should

be smooth and centered around zero. The latter implies that employment growth rates

should be multimodal—most firms do not adjust employment, but when they do, they

tend to make lumpy adjustments. In the French data, employment growth rates are

smoothly distributed around zero (see Figure 16), hence I specify convex labor adjust-

ment costs. Specifically, I work with quadratic adjustment costs in the derivations of

labor wedges below.

Figure 16: Distribution of employment growth rates.

A deterministic model of firm growth with labor adjustment costs. I now use a styl-

ized model to show that labor adjustment costs: (i) imply that labor wedges depend

on firms’ current and future employment growth rates; (ii) imply that one will find

Λj ∈ [0, 1] even if product and labor markets were perfectly competitive; (iii) disap-

pear as firms grow towards their optimal sizes—that is, Λj grows as firms grow.
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For simplicity, suppose that firms face a constant elasticity goods demand function

Pjt = Y−1/σ
jt , a constant elasticity labor supply curve Φjt = H1/η

jt , and operate a pro-

duction technology that uses only labor inputs Yjt = ΩjHjt. Further, assume that firm

productivity Ωj is heterogeneous across firms but constant over time. Consider the

following wage bargaining problem:

max
Hjt

(
ΦjtHjt

)κ(
V(Ωj, Hjt−1)− Vo(Ωj, Hjt−1)

)1−κ

(14)

subject to the labor supply curve and production technology. The firm’s surplus is

V(Ωj, Hjt−1)− Vo(Ωj, Hjt−1). If workers and firms reach an agreement on the terms

of employment, the value function of the firm is:

V(Ωj, Hjt−1) = PjtYjt − ΦjtHjt − C(Hjt, Hjt−1, Φjt) + βV(Ωj, Hjt)

where β is the discount factor and the quadratic adjustment costs are C(Hjt, Hjt−1, Φjt) =

γ
2

( Hjt
Hjt−1

− 1
)2ΦjtHjt. If workers and firms do not arrive at an agreement, the firm’s

value function becomes:

Vo(Ωj, Hjt−1) = βV(Ωj, Ho
jt)

where Ho
jt are the workers that firms carry over from time t to t + 1 if no agreement

was reached at t. I assume that Ho
jt = Hjt−1, the stock of workers available to the firm

at t + 1 if workers and firms do not agree at t is equal to employment at t − 1, so no

new hires are added at t. Workers supply no labor at t if an agreement is not reached

at t, and so there is no production, no wage expenditure, and no adjustment cost in

that time. The FOC with respect to labor combined with the envelope theorem gives:

Φjt =
µ−1Ω

σ−1
σ

j H− 1
σ

jt + β
Vjt−Vo

jt
Hjt[(

1 + γ
2 g2

h,jt

)
+ (1 − κ)λ

(
γgh,jt(1 + gh,jt)− βγgh,jt+1(1 + gh,jt+1)2(1 + gΦ,jt+1)

)]

where the firm’s surplus can be written as:

Vjt − Vo
jt = PjtYjt − ΦjtHjt − C(Hjt, Hjt−1, Φjt) + β

[
V(Ωj, Hjt)− V(Ωj, Ho

jt)
]
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To simplify the FOC, I approximate the last term in the firm’s surplus as follows:

V(Ωj, Hjt)−V(Ωj, Ho
jt) ≈

∂V(Ωj, Ho
jt)

∂Ho
jt

(Hjt − Ho
jt) = γgh,jt+1(1+ gh,jt+1)

2Φjt+1(Hjt − Hjt−1)

where the last equality uses the envelope condition and the assumption that Ho
jt =

Hjt−1. We can now define the labor wedge as the ratio of firm-specific wages over

their marginal revenue product of labor:

Λjt ≡
Φjt

MRPHjt
=

κµ + (1 − κ)λ

Γjt
(15)

where the wedge induced by labor adjustment costs (Γjt) can be written as:

Γjt ≡
(

1 +
γ

2
g2

h,jt

)
+ (1 − κ)λ

(
γgh,jt(1 + gh,jt)− βγgh,jt+1(1 + gh,jt+1)

2(1 + gΦ,jt+1)

)
− κγβgh,jt+1(1 + gh,jt+1)

2(1 + gΦ,jt+1)gh,jt

The presence of adjustment costs imply that the labor wedge depends on current and

future employment growth rates.

How will the labor wedge evolve over the firm’s lifecycle? Suppose all firms begin

their life with one employee. Due to convex adjustment costs, firms cannot instanta-

neously achieve their optimal size, but must grow towards it gradually. I now solve the

firm’s problem backwards from time T̄j, defined as the time at which firm j achieves

its optimal steady state size. With this understanding, I now drop the subscript j for

brevity. At time t = T̄, firm size is such that Ht+1 = Ht = Ho
t ; firms no longer grow,

and the labor wedge becomes Λ̄ = κµ + (1 − κ)λ. At time T̄ − 1, just before the firm

achieves its optimal size, the labor wedge is:

ΛT̄−1 =
ΦT̄−1

µ−1Ω
σ−1

σ H− 1
σ

T̄−1

Comparing time T̄ with T̄ − 1, we have that:

ΛT̄
ΛT̄−1

=
ΦT̄ H

1
σ

T̄

ΦT̄−1H
1
σ

T̄−1

=

(
HT̄

HT̄−1

) 1
η +

1
σ

≥ 1 ⇒ ΛT̄ ≥ ΛT̄−1, since HT̄ ≥ HT̄−1.
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where the second equality uses the labor supply curve. Therefore, the labor wedge at

steady state is larger than that one period before the firm achieves is steady state size.

Extending this logic further back in time implies that the firm’s labor wedge grows

towards Λ̄ = κ + (1 − κ)λ over time as firms grow towards their steady state size.

Main implications. This stylized model provides some guidance on how labor adjust-

ment costs might bias the bargaining power and markdown estimates, and how one

might assess the extent to which labor wedges reflect labor adjustment costs:

(1.) All else equal, older firms have a higher labor wedge than younger firms, be-

cause they are closer to their optimal size. As firms grow closer to their optimal

size, Λ converges to κµ + (1 − κ)λ from below. The extent to which firms’ la-

bor wedges rise as they age, conditional on their latent type, therefore contains

information about the magnitude of labor adjustment costs in measured labor

wedges.

(2.) Similarly, all else equal, growing firms have a lower labor wedge than non-

growing firms (Λjt further below 1), because they are further from their optimal

size.

(3.) The above stylized example abstracts from variable markups, although my esti-

mation of worker bargaining power relies on the presence of variable markups.

To the extent that firms charge higher markups as they grow larger (towards

their optimal size), there will be a positive correlation between markups and

measured labor wedges, implying that CV(µ̃jt, (1/Γjt)) > 0. Therefore, not ac-

counting for labor adjustment costs could lead to an upward biased κ estimate.

(4.) The presence of labor adjustment costs implies that one would overstate firm

monopsony power λ for a given labor wedge Λ, markup µ, and bargaining

power κ.

Incorporating labor adjustment costs into my baseline model. The previous model

is stylized. It assumes that markups (µ) and markdowns (λ) are constant and ho-

mogenous, and that labor is the only factor input. I now incorporate labor adjustment

costs into my structural framework in Section 2 for guidance on: (i) how to assess the

extent to which labor wedges reflect labor adjustment costs; (ii) how to account for
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labor adjustment costs when estimating bargaining power. I use the same quadratic

labor adjustment cost function as the one above. The firm’s state variables are now

Zjt = {Ωjt, Djt, Ajt, Hjt−1, Kjt}, where capital Kjt is pre-determined.

Labor wedge. With labor adjustment costs, the labor wedge in my model (see equation

(3)) becomes:

Λjt =
κµ̃jt + (1 − κ)λjt

Γjt
(16)

where the wedge induced by labor adjustment costs is:

Γjt ≡
(

1 +
γ

2
g2

h,jt

)
+ (1 − κ)λ

(
γgh,jt(1 + gh,jt)− βγEt

[
gh,jt+1(1 + gh,jt+1)

2(1 + gΦ,jt+1)

])
− κγβEt

[
gh,jt+1(1 + gh,jt+1)

2(1 + gΦ,jt+1)

]
gh,jt

and µ̃jt ≡
(

1 − Pm,t Mjt+Pk,tKjt
PjtYjt

)
µjt

αh,jt
are product market rents.

Estimating equation for bargaining power. To assess whether labor adjustment costs might

significantly bias my bargaining power estimates downwards, I derive the estimating

equation for worker bargaining power than accounts for labor adjustment costs:

1 + log Λjt ≈ κµ̃jt + (1 − κ)λjt − log Γjt (17)

Compared to the original estimating equation (3), this new equation includes the “ad-

justment cost wedge” Γjt. The derivation of equation (17) relies on the following first-

order approximations:

log
[
κµ̃jt + (1 − κ)λjt

]
≈ κµ̃jt + (1 − κ)λjt − 1 , and

log Γjt ≈
γ

2
g2

h,jt + (1 − κ)λ

(
γgh,jt(1 + gh,jt)− βγE

[
gh,jt+1(1 + gh,jt+1)

2(1 + gΦ,jt+1)

∣∣∣∣Zjt

])
− κγβE

[
gh,jt+1(1 + gh,jt+1)

2(1 + gΦ,jt+1)

∣∣∣∣Zjt

]
gh,jt

I discuss next how I use equation (17) to assess the magnitude of labor adjustment

costs and estimate worker bargaining power.

Assessing the extent to which the labor wedge (Λjt) reflects labor adjustment costs (Γjt).

In light of the discussion above on how labor wedges are expected to differ by firm age
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and employment growth rates (see main implications (1.) and (2.) of the deterministic

model), I now compare the estimated labor wedges log Λ̂jt along these two observed

firm characteristics. Motivated by equation (17), I run the following regression:

log Λ̂jt = Categoryjt +X ′B + ε jt

where Categoryjt refers categories of firm age and employment growth rates to which

firm j belongs at time t. Firm age is defined by ten groups of 5-year increments,

starting at the age group between 0 to 5 years old. Employment growth rate cat-

egories are defined in terms of deciles. The vector of controls X includes product

market rents ˆ̃µjt, firm size as measured by employment and wage bills (implied by

λjt = λ(Hjt,H−1(Hjt, ΦjtHjt))), firm fixed effects, and sector×year fixed effects. I re-

strict the sample to a balanced panel of firms that appeared in every year between

2009 and 2016, and on average experienced a positive growth rate in employment in

this time frame. I present the findings in Figures 17 and 18. Each figure contains four

panels. In panel (a), X includes firm size controls and sector×year fixed effects. In

panel (b), X additionally includes product market rents. In panel (c), X additionally

includes firm fixed effects. In panel (d), X additionally includes both product market

rents and firm fixed effects.

Figure 17 presents how labor wedges vary depending on the age of the firm. Panel

(a) shows that labor wedges increase with firm age. Panels (b), (c), and (d) show that

controlling for product market rents or looking at within-firm variation significantly

flattens the profile of labor wedges across firm age. A similar pattern holds when

looking at employment growth rates, as Figure 18 shows. When I control for product

market rents or look at within-firm variation (or both), the profile of labor wedges

along firm employment growth rates largely flattens. Overall, these findings suggest

that while labor adjustment costs may be present, they seem unlikely to be the main

determinant of labor wedges or to significantly affect the bargaining power estimates.

Nevertheless, I now attempt to account for labor adjustment costs when estimating

worker bargaining power.

97



Figure 17: Labor wedges by firm age.
Note: Panel (a) includes firm size controls and sector×year fixed effects. Panel (b) additionally includes
product market rents. Panel (c) additionally includes firm fixed effects, but not product market rents.
Panel (d) additionally includes both product market rents and firm fixed effects. Vertical bars are 95%
confidence intervals.
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Figure 18: Labor wedges by employment growth rate.
Note: Panel (a) includes firm size controls and sector×year fixed effects. Panel (b) additionally includes
product market rents. Panel (c) additionally includes firm fixed effects, but not product market rents.
Panel (d) additionally includes both product market rents and firm fixed effects. Vertical bars are 95%
confidence intervals.
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Accounting for labor adjustment costs when estimating worker bargaining power (κ).

I now adapt my approach (proposed in Section 3) to estimating bargaining power to

account for labor adjustment costs using equation (17). The control function approach

taken to address unobserved amenities when estimating κ is unchanged—the monop-

sony markdowns can still be written as a function of firm size in employment and

wage bills λ(Hjt,H−1(Hjt, ΦjtHjt)). However, the presence of the labor adjustment

wedge (Γjt) introduces the following component into equation (17):

E
[

gh,jt+1(1 + gh,jt+1)
2(1 + gΦ,jt+1)︸ ︷︷ ︸

≡gadj
j,t+1

∣∣∣∣Zjt

]

Therefore, the estimation procedure is now complicated by the presence of expected

future employment and wage growth rates (gh,jt+1 and gΦ,jt+1), which are unobserved.

To address unobserved future employment and wage growth rates, I replace the

t + 1 growth rates expected at time t with the actual growth rates at t + 1 in the expec-

tation term above. That is, I compute the realized version of the term in expectations

above, gadj
j,t+1 ≡ gh,jt+1(1+ gh,jt+1)

2(1+ gΦ,jt+1). I then note that, under the assumption

of rational expectations, expected growth rates (E
[
gadj

j,t+1

∣∣Zjt
]
) are on average equal to

realized growth rates (gadj
j,t+1). Under this assumption, deviations of actual growth rates

from their expectations can be thought of as random expectation errors, or “measure-

ment error”. This gives a lower bound estimate for κ due to attenuation bias.

In an alternative approach to addressing the unobserved expected future growth

rates, I project realized growth rates at time t + 1, gadj
j,t+1, on the firm’s state variables

Zjt to compute the expected future growth rates at time t, E
[
gadj

j,t+1

∣∣Zjt
]
. That is, I use

the predicted future growth rates at time t (ĝadj
j,t+1) in place of the expected growth rates

(E
[
gadj

j,t+1

∣∣Zjt
]
) in equation (17). However, among the state variables, quality Djt and

amenities Ajt are unobserved. When computing the predicted future growth rates

ĝadj
j,t+1, I can only project gadj

j,t+1 on Ω̂jt+1, Hjt, and Kjt+1. Therefore, to the extent that

a higher current quality or amenity raises expected future growth rates, these will be

omitted variables that upward bias the estimated κ. This gives an upper bound estimate

for κ.

Table 20 shows the estimates of worker bargaining power under regression spec-

ifications that use realized future growth rates (columns 1 and 2), and those that use
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Table 20: Estimates of κ, controlling for quadratic labor adjustment costs.

Labor wedges (Λjt)
(1) (2) (3) (4)

Product market rents (µ̃jt) 0.159 0.100 0.159 0.100
(0.005) (0.007) (0.005) (0.007)

Controls for E
[
gadj

j,t+1

∣∣Zjt
]

Realized Realized Predicted Predicted
Sector×Year FE ✓ ✓ ✓ ✓
Firm FE ✓ ✓
Observations 68,623 65,952 68,623 65,952

This table presents estimates of worker bargaining power (κ) that accounts for quadratic
labor adjustment costs. I control for expected future growth rates, E

[
gadj

j,t+1

∣∣Zjt
]
, induced

by the presence of labor adjustment costs, in two ways, using realized gadj
j,t+1 (denoted

as “Realized”) and using predicted gadj
j,t+1 (denoted as “Predicted”). Bootstrapped stan-

dard errors in parentheses. All regressions in this table include fourth-order polynomials
of employment and wage bills to address unobserved amenities, following the control
function approach for monopsony markdowns detailed in Section 3.3.

predicted future growth rates (columns 3 and 4). Column 2 shows that the point esti-

mate for κ of 0.100 is similar to my baseline estimate in column 4 of Table 2 of 0.125.

Column 4 in Table 20 shows that the estimates are similar when I use predicted future

growth rates in place of realized growth rates.
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B.12 Estimating labor wedges using hiring wages only

A caveat for the results presented in Section 5 is that firm wage premia and labor

wedges are estimated for all workers; both new hires and incumbent workers. As

discussed in Section 3, it may be important to allow the wages of incumbent workers

to be determined separately from those of new hires. In this section, I estimate labor

wedges using hiring wages only, following Di Addario et al. (2020). I do not take a

stance on the wage-setting protocol for incumbent workers.

To repeat the main estimation exercise of this paper, I first k-means cluster firms

into groups using only hiring wages (Wn) and estimate firm wage premia (ϕn). To

estimate production functions taking into account differences in worker efficiency, I

compute the average worker efficiency at each firm using the following relationship:

Wn
jt = Ēn

jtΦ
n
jt. The rest of the estimation routine is as described in Section 3.

Once production functions and price-cost markups are estimated, labor wedges are

measured as follows:

Λn
jt =

Wn
jtLjt

PjtYjt
· µjt · α−1

h,jt

Λn represents the labor wedges for new hires.

Table 21 below shows that the estimated price-cost markups are similar to those

estimated using all workers in Table 1 in Section 5. However, the estimated labor

wedges are lower in this case: new hires are paid a lower share of their marginal

revenue product than incumbent workers. This is consistent with the findings of Kline

et al. (2019), who show that patent-induced labor productivity shocks pass through to

incumbent workers’ wages, but not the wages of new hires.
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Table 21: Summary statistics for estimated firm wage premia and labor wedges in
2016 (using hiring wages only).

Mean Median 25th Pct 75th Pct Var Var (i) Var (ii)
Firm wage premium 2.97 2.97 2.91 3.02 0.01 0.00 0.02
Labor wedges 0.68 0.71 0.54 0.89 0.16 0.09 0.11
Markups 1.33 1.33 1.14 1.60 0.09 0.05 0.03
# firms 14,342

This table reports the summary statistics for estimated firm wage premia and labor
wedges using hiring wages only (Di Addario et al., 2020). Variances are reported for
the logarithms of those variables. The column Var (i) reports the variances corrected for
measurement error following Krueger and Summers (1988) and Kline et al. (2020), while
the column Var (ii) reports the variances for firm-groups. Markups and labor wedges are
winsorized by 2%.

B.13 Bootstrapped standard errors

In Section 3.3, I use the labor wedge equation (3) to estimate worker bargaining power

(κ). Implementing this equation requires measuring labor wedges (λj) and product

market rents (µ̃j), which requires estimating production functions. Tables (2), (18), and

(20) therefore report bootstrapped standard errors for the κ estimates. I now describe

the bootstrapping procedure I implement to compute those standard errors:

i. For each two-digit French manufacturing sector, I randomly sample (with re-

placement) 90% of firms. For each sampled firm, I extract their entire panel in

the time span that I observe them (2009-2016).

ii. I estimate the production function for each two-digit sector using the sampled

firms and compute the labor wedges (λj) and product market rents (µ̃j).

iii. I then implement the labor wedge equation (3) on only the sampled firms to

estimate κ, then compute their λj and µ̃j.

I repeat steps (i.) to (iii.) 500 times and compute the bootstrapped standard errors.
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C Appendix: Theory

C.1 Discussion: Individual outside options

In my model in Section 2 (and Section 6), I explore the role of worker bargaining power

when without which firms would behave as monopsonist wage-posters.31 Since a

monopsonist chooses a wage on the labor supply curve that makes the marginal worker

indifferent between the firm and its next best competitor, the marginal worker and all

inframarginal ones are individually willing to accept the monopsonist’s wage offer.

What, then, might grant those workers the power to ask for wages above the monop-

sony wage?

One approach could be to follow the model of on-the-job search and individual

bargaining of Cahuc et al. (2006), allowing firms to renegotiate wages with individual

employees on a case-by-case basis, depending on the specific outside offers their em-

ployees receive. This would introduce worker-specific outside options into the wage

bargaining problem.

Incorporating on-the-job search and an individual wage bargaining protocol that

accounts for heterogeneous outside options is appealing: it would allow researchers

to study the implications of specific labor market arrangements (such as non-compete

agreements) that may impede employer-to-employer transitions or individual work-

ers’ ability to trigger wage renegotiations with their employers.

However, incorporating these interesting aspects is also very challenging in the

type of environment in Section 2: firms have labor market power and product market

power. The presence of product market power implies that firms have decreasing-

returns-to-scale revenue functions, which brings a set of complications with modeling

labor market power from an on-the-job search and individual bargaining perspective.

One key challenge, as Mortensen and Vishwanath (1991) point out, is that the pres-

ence of decreasing returns in combination with on-the-job search can lead to no equi-

librium or multiple equilibria.32 Therefore, I abstract from on-the-job search as a mi-

crofoundation for labor supply curves—and hence labor market power—in my model.

31Here, I use the term ‘monopsonist’ in the sense that firms have wage-setting power, instead of the
literal sense of having only one buyer.

32Bilal and Lhuillier (2025) develop a recent approach to solving this problem, which requires that
firm employment monotonically increases with their productivity. However, the presence of non-wage
amenities in my model violates this monotonicity requirement.
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The presence of decreasing returns also introduces challenges with modelling bi-

lateral bargaining between an individual worker and a firm: the marginal product of

all workers in a firm now depends on the bargaining outcome with one worker. If

bargaining breaks down with that worker, the marginal product (and hence, wages)

of their coworkers increase. This makes the bargaining problem more complex than

with constant returns (Stole and Zwiebel, 1996). This individual bargaining problem

becomes yet more complex if one allows the possibility that firms may derive market

power from their size (i.e., firms are non-atomistic), as in the more specific version of

my model in Section 6 or other recent non-bargaining models (Atkeson and Burstein,

2008; Berger et al., 2022). In such environments, the firm’s outside option not only

has to account for how an impasse in bargaining with one worker would affect the

wages of its other employees, but also how its product and labor market competitors

would respond to those wage changes, which in turn affects its own employment and

production decisions, as well as wage bargaining problem.

The modeling approach taken in this paper—that workers collectively bargain with

the employer—avoids these challenges and is consistent with French labor market in-

stitutions. This distinction between individual and collective bargaining is important,

as it is determines both the workers’ and firm’s relevant outside options in the wage

bargaining process. In my model, I assume that workers can collectively threaten to go

on a one-period strike by temporarily halting production, thereby penalizing their em-

ployer with zero profits while incurring a zero payoff themselves over the duration of

the strike (since no output is produced).33 Since the model is static and bargaining oc-

curs every period, the bargaining problem with the same workers is repeated next pe-

riod. This collective bargaining enables workers to demand a wage above the monop-

sony wage, with the extent depending on workers’ bargaining strength. This approach

is similar to recent work on labor unions. For example, Taschereau-Dumouchel (2020)

models unionized firms as paying higher wages than non-unionized firms because of

workers’ ability to collectively quit into unemployment if no agreement is reached.

Nevertheless, the more conventional approach to modeling wage bargaining is be-

tween an individual worker and a firm (i.e., individual bargaining).
33While going on strike is not the same as quitting into unemployment, this zero payoff assumption is

consistent with the lack of wage response from large increases in unemployment insurance levels (Jäger
et al., 2020), and the lack of response of reservation wages to changes in the potential unemployment
benefit duration (Le Barbanchon, Rathelot, and Roulet, 2019).
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Firm-level collective wage bargaining is consistent with French labor market in-

stitutions. French labor market institutions stipulate that firms with at least 50 em-

ployees must bargain annually with a union representative who represents workers

at that firm (see Appendix A.1). For such firms, the presence of at least one union

representative is a binding legal requirement. Firm-level collective wage bargaining

is not only a French institution. As Bhuller et al. (2022) point out, the vast majority of

workers in Europe are covered by collective bargaining agreements (see their Figure 1)

and collective bargaining at the firm-level has become a prevalent approach to wage

determination in OECD countries (see their Figure 2). However, as Bhuller et al (2022)

also note, not all countries allow a full-scale strike in wage negotiations.34

By modeling bargaining power as arising from workers’ ability to take collective

action, the model is more closely tied to the discussion on whether raising worker

bargaining power through strengthening pro-worker institutions could lead to wel-

fare gains (see, e.g. Stansbury and Summers (2020)), where topics such as collective

bargaining agreements, unionization, profit-sharing plans, and workers on corporate

boards are a central focus. However, as discussed above, the omission of on-the-job

search and individual-level bargaining also means that my model is not well-suited

for analyzing the implications of policies that might strengthen individual bargaining

positions, such as banning non-compete agreements.

An interesting avenue for future work could be to incorporate a wage renegotiation

game (such as Cahuc et al. (2006)) between an individual worker and their employer

to compare the relative importance of individual and collective wage bargaining in de-

termining the size of firms’ labor market power. In such an extension, the collectively

bargained wage can be thought of as a base wage at a given employer, and the realized

wage an individual worker receives may deviate upwards depending on the outside

offers they receive. However, attempts at such an extension would require addressing

the tractability challenges described by Mortensen and Vishwanath (1991) and Stole

and Zwiebel (1996).

34For example, in Norway and Sweden, a full-scale strike is not allowed, though workers may reduce
production substantially without halting it altogether.
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C.2 Firm wage premia with outside wages

As before, workers bargain collectively with their employer j and bargaining is effi-

cient: workers and firms jointly choose wages, prices, materials, and capital to max-

imize total rents, taking into account the product demand curve and labor supply

curve. Firms have an outside option of zero profits. The firm-specific labor supply

curve is now Hj = H(Φj − Φo, Aj); workers do not supply labor unless firms pay

at least the exogenous outside wage Φo. Workers and firms maximize the following

Nash product:

max
Φj,Pj,Mj,Kj

(
(Φj − Φo)Hj

)κ(
Πj

)1−κ

subject to Hj = H(Φj − Φo, Aj), Yj = G(Pj, Dj), and Yj = ΩjF(Kj, Mj, Hj). The firm’s

profit is Πj = PjYj − ΦjHj − PmMj − PkKj. The firm-specific wage premium is:

Φj = Φo + κ

(
PjYj − PmMj − PkKj

Hj
− Φo︸ ︷︷ ︸

Total rents per effective labor

)
+ (1 − κ)

[
λj(MRPHj − Φo)

]
︸ ︷︷ ︸

Monopsony wages

(18)

Equation (18) shows that the firm wage premium is again a weighted average of

a pure bargaining outcome and a pure monopsony outcome. When κ = 0, workers

receive a mark down of monopsony rents in addition to the outside wage. The mark-

down λj is determined by the firm-specific labor supply elasticity. In this case, workers

do not receive rents from the firm’s product market power. When κ = 1, workers re-

ceive the total amount of rents generated by firms’ labor and product market power.

Firm wage premia can be written in exactly the same form as in equation (2). The

labor wedge Λj in this case is:

Λj =
1

1 − (1 − κ)(1 − λj)
Φo

Φj

[
κ

(
1 −

αm,j + αk,j

µj

)
µj

αh,j
+ (1 − κ)λj

]
(19)

Labor wages are therefore higher when workers have outside wages, all else equal.

Estimating workers’ bargaining power. In Section 3, I proposed a control function

approach to address unobserved variation in amenities when estimating bargaining

power. The estimating equation assumed that outside wages are zero. I now adjust

the estimating equation to account for positive outside wages. The adjusted estimating
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equation is:

Λ̃jst = κMjst + (1 − κ)λ(Hjst,A(Hjst, ΦjstHjst)) + ϵ̃jst

where Λ̃jst ≡
Φjst−Φo

jst
MRPHjst−Φo

jst
, Mjst ≡

(
1−

αm,j+αk,j
µj

) µj
αh,j

MRPHjst−Φo
jst

MRPHjst−Φo
jst

, and ϵ̃ is a residual cap-

turing measurement error. As in Section 3, I approximate the markdown function λ(.)

with a 4th-order polynomial in employment and wage bills. The markdowns are then

computed using the estimated bargaining parameter: λjst =
1

1−κ̂

(
Λ̃jst − κ̂Mjst − ˆ̃ϵjst

)
.

Implementing the estimation procedure requires measuring the outside wage. One

option is to set Φo equal to the level of unemployment benefits. However, Jäger et al.

(2020) show that even large reforms to unemployment benefit levels in Austria did not

materially affect wages. Similarly, Le Barbanchon et al. (2019) show that extending the

potential unemployment benefit duration in France did not affect reservation wages

reported by jobseekers. Because the model implies that firms paying below the outside

wage will not hire any workers, I set the outside wage to the minimum observed wage.

The estimated workers’ bargaining power using this measure of outside wages is

reported in Table 22. These estimates are smaller than the ones that assume zero out-

side wages in Table 2. I then compute the implied monopsony wage markdown, tak-

ing the estimated bargaining power in column (4) of Table 22. The wage markdowns

at the median firm is 0.45 under Φo = 0 in Table 3. The markdowns at the median firm

computed with the current measure of Φo is 0.47.

Table 22: Estimated worker bargaining power (when workers have outside wages).

Labor wedge (Λjt)
(1) (2) (3) (4) (5) (6)

Product market 0.088 0.051 0.088 0.050 0.093 0.071
rents (µ̃jt) (0.003) (0.003) (0.003) (0.003) (0.003) (0.014)
Sector×year fixed effects ✓ ✓ ✓ ✓ ✓ ✓
Firm fixed effects ✓ ✓ ✓
Control for λ(.) ✓ ✓ ✓ ✓
IV for measurement error ✓ ✓
Observations 101,584 98,624 101,584 98,624 78,434 75,788

This table reports the estimated workers’ bargaining power parameter when workers
have outside wages. Even columns controls for firm fixed effects. Columns (3) through
(6) controls for differences in monopsony markdowns reflecting differences in ameni-
ties. Columns (5) and (6) instruments measured product market rent µ̃jt with its lag
to address classical measurement error. Bootstrapped standard errors are reported in
parentheses.
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Table 23: The distribution of monopsony markdowns (with non-zero outside wages).

Summary statistics Mean Median 25th Pct 75th Pct Var Var (i) Var (ii)
Markdowns (λjt) 0.50 0.47 0.36 0.60 0.16 0.16 0.07

This table reports the summary statistics in 2016 for the estimated monopsony markdowns when
workers have outside wages. Variances are reported for log monopsony markdowns. The column
Var (i) reports the variances corrected for measurement error following Krueger and Summers
(1988) and Kline et al. (2020), while the column Var (ii) reports the variances for firm-groups. Each
variable is winsorized by 2%.

C.3 Firm wage premia with Stole & Zwiebel (1996) bargaining

Consider a setting in which firms bargain individually with their employees. Workers

supply one unit of labor inelastically. Firms produce goods with only labor inputs. The

labor market is characterized by search frictions. Firms post vacancies Vj subject to a

convex vacancy posting cost c(Vj). The product market is imperfectly competitive;

firms face the following product demand curve Yj = P−σ
j . The production function

is Yj = ΩjH
αh
j . There are no idiosyncratic shocks to firms. Firms steady state size

is Hj = q
δ̄
Vj, where q is the job-filling rate and δ̄ is the separation rate. Firms post

vacancies to maximize profits:

max
Vj

PjYj − ΦjHj − c(Vj)

subject to the product demand curve and the firm size constraint. The solution to the

Stole and Zwiebel (1996) bargaining problem is then:

(1 − κ)(Φj − Φo
j ) = κ(MRPHj −

∂Φj

∂Hj
Hj − Φj)

Solving this differential equation yields the following firm wage premium equation:

Φj =

(
κµα−1

h

(1 − κ)µα−1
h + κ

)
MRPHj + (1 − κ)Φo (20)

where markups are constant µ = σ
σ−1 and the marginal revenue product of labor is

MRPHj = µ−1αh
PjYj
Hj

.

Comparison with collective (efficient) bargaining. When αk = αm = 0 and labor

supply is completely inelastic (as is the case when deriving equation (20) under Stole-
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Zwiebel bargaining), the firm wage premium equation under collective bargaining

(18) becomes:

Φj = κµα−1
h MRPHj + (1 − κ)Φo (21)

Comparing equation (21) with equation (20) shows that, under collective (efficient)

bargaining, workers are able to extract a higher share of MRPH as wages than under

individual bargaining, since 1
(1−κ)µα−1

h +κ
≤ 1.

C.4 The Social Planner’s problem

The planner maximizes: :

max
Hj,Kj Mj

C − H1+φ

1 + φ

subject to:

C + K + M = Y, Y =

[ ∫ 1

0
D̃

1
θ
g Y

θ−1
θ

g dg
] θ

θ−1

, Yg =

(
∑
j∈g

D̃
1
σ
jgY

σ−1
σ

jg

) σ
σ−1

K =
∫

g
∑
j∈g

Kjg dg, M =
∫

g
∑
j∈g

Mjg dg, Yj = ΩjK
αk
j Mαm

j Hαh
j

H =

[ ∫ 1

0
Ã− 1

ν
s H

ν+1
ν

s ds
] ν

1+ν

, Hs =

(
∑

j
Ã
− 1

η

js H
η+1

η

js

) η
η+1

The planner’s aggregate and firm-level labor allocations are characterized by:

Hφ = αh
Y
H︸︷︷︸

MPL

and Hφ

(
Hjs

Hs

) 1
η
(

Hs

H

) 1
ν

= αh
Yjg

Hjs︸ ︷︷ ︸
MPLjs

D̃
1
θ
g D̃

1
σ
jg

(
Yjg

Yg

)− 1
σ
(

Yg

Y

)− 1
θ

C.5 Market power and misallocation: subsidizing firm size

In Section 6, I assess the importance of variable markups, markdowns, and worker

bargaining power for wages and welfare. To implement either the social planner’s

equilibrium or an efficient allocation of factor inputs across firms, I derive a set of sub-

sidies that accomplish this goal, following Edmond et al. (2023). These subsidies are

meant as a tool to quantify the aggregate welfare effects of markups or markdowns,

and to quantify how far raising worker bargaining power can go in raising aggregate

welfare. My model does not speak to the distributional welfare effects of these subsi-
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dies as I do not model household heterogeneity. In what follows, I start by deriving

the output and labor subsidies that offset firm market power when workers have no

bargaining power (κ = 0). I then show how the subsidies are affected when workers

have some bargaining power. I assume that these subsidies are financed by a lump

sum tax on the household.

Case 1: No worker bargaining power. Suppose workers have no bargaining power

(κ = 0). For a given set of size-based subsidies Ty(Yjg) and Th(Hjs), the firm now

maximizes:

max
Φjs,Yjg,Kj,Mj

Πgross
j = PjgYjg − ΦjsHjs − PkKj − Pm,jMj + Ty(Yjg) + Th(Hjs)

subject to the production function Yj = ΩjK
αk
j Mαm

j Hαh
j , labor supply curve (8), and

product demand curve (9).

Equalizing or removing markups. The first-order conditions for capital and materials are:

Capital FOC:

(
Pjg + Yjg

∂Pjg

∂Yjg
+ T′

y(Yjg)

)
αk

Yjg

Kj
= Pk

Materials FOC:

(
Pjg + Yjg

∂Pjg

∂Yjg
+ T′

y(Yjg)

)
αm

Yjg

Mj
= Pm,j

The term Yjg
∂Pjg
∂Yjg

captures the distortion induced by the firm’s price-setting power. As

in Section 6, let ρjg be the price elasticity of demand. A subsidy schedule that satisfies:

T′
y(Yjg) = −Yjg

∂Pjg

∂Yjg
=

1
ρjg

Pjg

offsets the firm’s price-setting power, inducing the firm to behave as a pricetaker in

the product market. Alternatively, a subsidy schedule that satisfies:

T′
y(Yjg) =

(
1

ρjg
− 1

σ̄

)
Pjg (22)

induces firms to charge a constant markup µ̄ = σ̄
σ̄−1 . Any level of constant markups

can be implemented by an appropriate choice of the policy parameter σ̄. For example,

σ̄ → ∞ induces firms to behave as pricetakers. The output subsidy schedule is then
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Ty(Yjg) =
∫

T′
y(Yjg) dYjg. These results have been shown by Edmond et al. (2023).

Equalizing or removing monopsony markdowns. I now write the first-order condition for

labor to show that an appropriately chosen labor subsidy schedule can offset firm’s

labor market power:

Labor FOC:

(
Pjg + Yjg

∂Pjg

∂Yjg
+ T′

y(Yjg)

)
αh

Yjg

Hjs
= Φjs + Hjs

(
∂Hjs

∂Φjs

)−1

− T′
h(Hjs)

The term Hjs

(
∂Hjs
∂Φjs

)−1
captures firms’ wage-setting power and distorts labor alloca-

tions away from the social planner’s allocation. A labor subsidy schedule that satis-

fies:

T′
h(Hjs) = Hjs

(
∂Hjs

∂Φjs

)−1

=
1

ξ js
Φjs

offsets firms labor market power, where ξ js is the labor supply elasticity. Alternatively,

a labor subsidy schedule that satisfies:

T′
h(Hjs) =

(
1

ξ js
− 1

η̄

)
Φjs (23)

induces firms to mark wages down by a constant λ̄ = η̄
1+η̄ . That is, η̄ is a policy

parameter than can be chosen to implement a specific level of the constant markdown

λ̄. The labor subsidy schedule is then Th(Hjs) =
∫

T′
h(Hjs) dHjs. These results extend

the results in Edmond et al. (2023), whose model does not feature imperfect labor

market competition.

Case 2: Positive worker bargaining power. I now derive the output and labor sub-

sidies that address firm product and labor market power when workers have some

bargaining power κ > 0. For convenience, I restate the bargaining problem between

workers and their employer:

max
Φjs,Yjg,Kj,Mj

(
ΦjsHjs

)κ(
Πgross

j

)1−κ

subject to the production function Yj = ΩjK
αk
j Mαm

j Hαh
j , labor supply curve (8), and

product demand curve (9). The gross profits are Πgross
j = PjgYjg − ΦjsHjs − PkKj −
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Pm,jMj + Ty(Yjg) + Th(Hjs).

Equalizing or removing markups. To equalize or remove only markup-induced distor-

tions, one can use the same output subsidy schedule as in Case 1 (where κ = 0),

because the first-order conditions for capital and materials are the same. However,

when workers have bargaining power, workers will appropriate some of the profits

due to the output subsidy. That is, workers benefit directly from the output subsidy,

and not only through the effects of the subsidy on the firm’s pricing behavior. There-

fore, to isolate the welfare effects solely from equalizing markups, an appropriate set

of labor taxes on the firm needs to be designed. To see this, consider the wage equation

under output subsidies, but without any labor taxes:

Φjs = κQrent
js + (1 − κ)

[(
ξ js

1 + ξ js

)(
1 − 1

ρjg
+

T′
y(Yjg)

Pjg

)
αh

PjgYjg

Hjs

]
+ κ

Ty(Yjg)

Hjs
(24)

where Qrent
js ≡ PjgYjg−PkKj−Pm,j Mj

Hjs
. Equation (24) is almost identical to the original wage

equation (1) where there are no output subsidies; the main differences are that (i)

markups are now offset by the output subsidy (T′
y(Yjg)), and (ii) workers capture some

of the output subsidies to the firm because they have bargaining power (κ
Ty(Yjg)

Hjs
). With

labor taxes, this equation becomes:

Φjs = κQrent
js + (1 − κ)

[(
ξ js

1 + ξ js

)(
1 − 1

ρjg
+

T′
y(Yjg)

Pjg

)
αh

PjgYjg

Hjs

]

+ κ

(
Ty(Yjg)

Hjs
+

Th(Hjs)

Hjs

)
+ (1 − κ)T′

h(Hjs)

(25)

Equation (25) shows that to isolate the welfare effects of equalizing markups, without

capturing the direct effect of the output subsidy through worker bargaining power—

that is, without capturing κ
Ty(Yjg)

Hjs
—the appropriate labor tax must satisfy:

κ

(
Ty(Yjg)

Hjs
+

Th(Hjs)

Hjs

)
+ (1 − κ)T′

h(Hjs) = 0 (26)

Equalizing or removing monopsony markdowns. Suppose that a policymaker wishes only

to equalize or remove markdowns and is not interested in markups (Ty(Yjs) = 0).

Then, given equation (24), the labor subsidy schedule that achieves the policymaker’s
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goal of implementing a monopsony markdown of λ̄ must satisfy:

(1 − κ)T′
h(Hjs) = (1 − κ)

(
1

ξ js
− 1

η̄

)
Φjs − κ

(
1 +

1
ξ js

)
Th(Hjs)

Hjs
(27)

The first term on the right-hand side of the equality addresses firm monopsony power.

When η̄ → ∞, the subsidy removes monopsony markdowns entirely, although it does

not remove the labor wedge Λjs because workers are still able to appropriate profits

from markups. The second term takes into account that workers are able to capture

a part of the labor subsidy given to the firm. If workers have no bargaining power

(κ = 0), then the labor subsidy reduces to the one in Case 1: T′
h(Hjs) =

(
1

ξ js
− 1

η̄

)
Φjs.

Finally, if the policymaker also chooses output subsidies to equalize markups, then

the labor subsidy that implements constant monopsony markdowns must satisfy:

(1 − κ)T′
h(Hjs) = (1 − κ)

(
1

ξ js
− 1

η̄

)
Φjs − κλ−1

js
Ty(Yjg) + Th(Hjs)

Hjs
(28)

Welfare effects of the output and labor subsidies. The output and labor subsidies

only affect the household’s budget constraint by affecting firms’ input demand decisions—

they do not otherwise directly affect the household’s budget constraint. There are two

reasons for this. First, because the output and labor subsidies are financed by a lump

sum tax on the representative household, the subsidies do not distort household con-

sumption and labor supply decisions. Second, because firm profits (inclusive of the

subsidies) are rebated to the household in full, the total amount of taxes paid by the

household is fully compensated by the subsidies that return to the household in the

form of firm profits. To see this, define Π as net profits (which does not include the

subsidies), and gross profits as net profits plus the output and labor subsidies:

Πgross =
∫

g
∑
j∈g

(
PjgYjg − PkKj − Pm,j Mj

)
dg −

∫
s
∑
j∈s

ΦjsHjs ds︸ ︷︷ ︸
≡Π

+
∫

g
∑
j∈g

Ty(Yjg) dg +
∫

s
∑
j∈s

Th(Hjs) ds

Then, the household’s budget constraint under the subsidies is:

C = ΦH + Πgross − Ttotal
y − Ttotal

h

= ΦH + Π
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where Ttotal
y =

∫
g ∑j∈g Ty(Yjg) dg and Ttotal

h =
∫

s ∑j∈s Th(Hjs) ds are the lump sum

taxes on the household. The subsidies therefore only affect the household budget con-

straint through firms’ input demand conditions. These subsidies are meant as a tool

to assess the aggregate welfare effects of firm market power. In a richer setting that

considers household heterogeneity, the implementation of such taxes and subsidies

can have direct distributional implications that my model does not address.

115



C.6 Calibrating markup and markdown-related parameters

C.6.1 Calibration details

Section 6.3 briefly describes the calibration of the preference parameters (θ, σ, ν, η) un-

derlying price markups and monopsony markdowns based on the model equations:

Markups:
µjg − 1

µjg
=

1
σ
+

(
1
θ
− 1

σ

)
PjgYjg

∑
ng
j′ Pj′gYj′g

Markdowns:
λjs

1 − λjs
= η + (ν − η)

ΦjsHjs

∑ns
j′ Φj′sHj′s

In this section, I describe the implementation of these equations in more detail and

assess how well the variable markups implied by these equations fit the relationship

between my empirical markup estimates and measured market shares.

Product demand parameters. To calibrate the within-sector elasticity of substitution

between varieties (σ), I first measure product market shares as the share of sales within

5-digit sectors. I then run a pooled OLS regression of the inverse price elasticity of de-

mand (ρ̂−1
jg )—computed using the estimated markups—on market shares, controlling

for market×year fixed effects. This gives an estimate for the passthrough of market

shares to markups ̂(1
θ −

1
σ

)
. I compute an economy-wide σ as the median of the inverse

of ρ̂−1
jg − ̂(1

θ −
1
σ

) PjgYjg

∑
ng
j′ Pj′gYj′g

. To calibrate the between-sector elasticity of substitution (θ),

I compute the inverse of ̂(1
θ −

1
σ

)
+ 1

σ using the calibrated σ. Appendix C.6.2 discusses

the measurement of market shares and presents values of σ by 2-digit sectors.

Labor supply parameters. Analogous to the calibration of the product demand pa-

rameters, I run a pooled OLS regression of the firm-specific labor supply elasticity

(ξ̂−1
js )—computed using the estimated monopsony markdowns—on labor market shares,

controlling for market×year fixed effects. I measure labor market shares as the share

of wage bills within 5-digit sectors×commuting-zone pairs. This gives a market share

passthrough estimate ̂(ν − η). Next, I compute an economy wide η as the median of

ξ̂−1
js − ̂(ν − η)

Φjs Hjs

∑ns
j′ Φj′s Hj′s

. To obtain ν, I measure ̂(ν − η) + η using the calibrated value

of η. In Appendix C.6.2, I find similar parameter values for η and ν when I widen the

definition of a local labor market to a 2-digit sector×commuting-zone.

Model fit. The nested-CES product demand (labor supply) structure imposes a specific
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relationship between markups (markdowns) and market shares. The first panel of Fig-

ure 19 shows how the estimated markups and the calibrated nested-CES markups vary

by sales market share quantiles. The orange line shows that the estimated markups

increase particularly steeply with market shares among the top two quantiles. The

calibrated nested-CES markups are generally able to capture this pattern, particularly

the markups of firms in the top quantile of market shares.

Figure 19: Nested-CES markups and monopsony markdowns.

Notes: This figure shows how estimated markups (markdowns) and nested-CES markups (mark-
downs) vary by sales (wage-bill) market share. Markup estimates, markdown estimates, and market
share measures are residualized by the market×year fixed effects. Firms in the top 5% of the market
share distribution are in bin 20. The numbers in square brackets are the median market share within
each bin.

The second panel of Figure 19 shows how the estimated monopsony markdowns

and the calibrated nested-CES markdowns vary by wage-bill market share quantiles.

Both the estimated markdowns and the calibrated markdowns are relatively flat across

the market share quantiles.
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C.6.2 Alternative measures of product and labor market shares

The nested-CES model presented in Section 6 imposes strong restrictions on markups

and markdowns. First, markups and markdowns are a function of sales market shares

and wage-bill market shares. Second, their relationship with market shares follow a

specific functional form. In this section, I discuss the measurement issues regarding

market shares and how they may affect the inferred preference elasticities and welfare

calculations. My discussion below maintains the following assumptions: (i) product

demand and labor supply preferences are nested-CES, and (ii) product and labor mar-

ket structures are oligopolistic and oligopsonistic.

Market share measurement. The implementation of the markup equation implied

by the nested-CES model requires measuring market shares for a given definition of

product markets. Defining a product market is not straightforward, as researchers do

not generally observe the direct competitors of a firm. I define a product market as

a 5-digit manufacturing sector, as is standard in the literature (De Ridder et al., 2021;

Amiti and Heise, 2024). There are 211 5-digit sectors. Under this definition, I use

firm-level total revenues to compute market shares in my baseline implementation in

Section 6.3.

There are two main challenges to measuring market shares in a world with interna-

tional trade. First, if firms export across national borders, their exports do not compete

directly with the output of domestic firms within the same market. Not accounting for

exports may therefore overstate the market share of large firms. To address this con-

cern, in Table 24, I report the values of the preference parameters (θ, σ) that I obtain

when I measure market shares using domestic revenues. This is possible because the

FARE firm balance sheet data breaks down firm-level total sales into domestic sales

and exports, although the data does not contain any additional information about ex-

ports (e.g. destination). Overall, I find similar parameter values for (θ, σ) compared to

my baseline calibration.

Second, market share measures that do not account for import competition will

overstate the market share of domestic firms.35 I now show that, in the presence of

import competition, my calibration approach may understate degree of passthrough

35See, for example, Amiti and Heise (2024), who show that accounting for foreign competition flattens
the trend of rising market concentration in the US economy.
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of market shares to markups
(1

θ − 1
σ

)
, and overstate the between-market elasticity

of substitution (θ). To see this, let the true market share of a firm j in sector g be

sy
jgt =

PjgtYjgt

∑
ng
j′ Pj′gtYj′gt+PFgtYFgt

, where PFgtYFgt are competing imports from foreign firms,

and the measured market share be ŝy
jgt =

PjgtYjgt

∑
ng
j′ Pj′gtYj′gt

. The relationship between the

true market share and the measured market share is sy
jgt = γ̂gt ŝ

y
jgt, where γ̂gt ≡

∑
ng
j′ Pj′gtYj′gt

∑
ng
j′ Pj′gtYj′gt+PFgtYFgt

∈ [0, 1]. The relationship between markups and market shares can

then be written as:
µ̂jg − 1

µ̂jg
=

1
σ
+

(
1
θ
− 1

σ

)
γ̂gt ŝ

y
jgt

Therefore, the estimated market share passthrough becomes ̂(1
θ −

1
σ

)
γ̂gt, which is less

than
(1

θ −
1
σ

)
. Understating the market share passthrough does not necessarily affect

the inferred σ, because σ is measured using 1
σ =

µ̂jg−1
µ̂jg

− ̂(1
θ −

1
σ

)
γ̂gt ŝ

y
jgt. However, it

would lead to an upward-bias in the inferred θ, because this parameter is measured as

the inverse of ̂(1
θ −

1
σ

)
γ̂gt +

1
σ .

How might the biases induced by unobserved import competition affect the wel-

fare calculations in Section 7.4? Section 6.2 shows that the dispersion of markups re-

duce welfare by misallocating factor inputs across firms. In the nested-CES model, the

lower bound for markups is µmin = σ
σ−1 and the upper bound is µmax = θ

θ−1 . The

responsiveness coefficient 1
θ −

1
σ governs whether a firm with a given market share is

closer to µmin or µmax. Therefore, the downward bias in the responsiveness of markups

to market shares
(1

θ −
1
σ

)
and the resulting upward bias in the between-market elastic-

ity of substitution (θ) reduces the possible extent of markup dispersion. In turn, this

will understate the welfare cost of markups operating through the misallocation chan-

nel. In this case, one can read the welfare costs of markups in Section 7.4 as a lower

bound.

On the labor market side, the measurement of wage-bill market shares for local la-

bor markets are less susceptible to issues concerning international trade. In my base-

line calibration, I define a local labor market as a 5-digit sector and commuting zone

pair. There are 211 5-digit sectors and 507 commuting zones in my sample, leading

to 16,651 local labor markets. This approach follows Berger et al. (2022), who define

local labor markets by 3-digit NAICS and commuting zone pairs. In Table 24, I also

present the calibrated labor market preference parameters (ν, η) when I define local
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labor markets at the more aggregated 2-digit sector×commuting-zone level.

Table 24: Elasticities of substitution between goods (σ) and between jobs (η) by
2-digit French manufacturing sectors.

Within-market elasticities of substitution σ η
Manufacturing sectors (1) (2) (3) (4)
Textile 3.45 3.45 0.00 0.00
Apparel -3.11 -3.12 0.00 0.00
Leather -7.19 -7.11 1.19 1.17
Wood products (excluding furniture) 6.82 6.74 0.68 0.72
Paper and publishing 4.44 4.41 0.82 0.87
Recorded media 2.43 2.43 1.60 1.50
Chemicals 41.24 7.88 0.77 0.66
Pharmaceutical 26.61 42.01 -0.06 0.16
Rubber & plastics 4.98 4.98 1.11 0.96
Non-metallic minerals 4.00 3.94 0.44 0.66
Basic metals 5.23 4.80 0.99 0.86
Fabricated metals (excluding machinery) 3.54 3.54 1.16 0.94
Computers, electronic, & optical 7.33 5.10 1.07 0.94
Electrical equipment 55.15 5.54 0.84 0.78
Machinery & equipment 13.34 12.42 0.62 0.55
Motor vehicles -747.12 -13.95 0.84 0.82
Other transport equipment 8.69 8.68 0.02 0.16
Furniture 3.35 3.36 1.21 1.21
Other manufacturing 3.36 3.34 0.90 0.95
Repair & installation of machinery 4.29 4.42 0.97 0.84
Economy-wide 5.16 4.57 0.97 0.85
Between-market elasticities of substitution θ ν

1.21 1.23 0.67 0.40
This table reports calibrated values of the elasticities of substitution between goods
(σ) and between jobs (η) for 2-digit sectors (2009-2016). The 2-digit sector-specific
parameters are obtained by implementing the method described in Section 6.3 for
each 2-digit sector. My baseline measures of (σ, η) are reported columns (1) and (3)
in the row ‘Economy-wide’. In columns (1) and (2), a product market is defined as a
5-digit sector. Market shares are measured using firm-level total sales in column (1),
and as domestic sales in column (2). In column (3), a local labor market is defined as
a 5-digit sector×commuting-zone pair. In column (4) a local labor market is a 2-digit
sector×commuting-zone pair. Labor market shares are measured as a firm’s wage-
bill share in columns (3) and (4).
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C.7 Measuring quality and amenities under variable elasticity of sub-

stitution

In Section 6.3, I measure firm heterogeneity in product quality and non-wage ameni-

ties under the assumption of CES preferences. An important concern is whether the

measured degree of heterogeneity depends heavily on the assumed preference struc-

ture. In this section, I measure these sources of heterogeneity using other well-known

preference structures that nest the CES as a special case. Specifically, I compare the

CES-implied measures with two, more general, classes of variable-elasticity-of-substitution

(VES) product demand and labor supply systems: (i) Pollak (1971) additively separa-

ble preferences and (ii) Kimball (1995) preferences.36 My main finding is that the im-

plied firm heterogeneity under these two alternative preference structures are closely

correlated with my baseline measures based on the CES structure.

In what follows, I maintain the assumption that the product demand aggregator

over product markets, and the labor supply aggregator over labor markets, are CES.

That is, at the aggregate level, the model structure is as in Section 6. However, at the

product and labor market-level, the aggregator over firms are now VES instead of CES.

The VES preference structure implies that markups and markdowns are firm-specific

and depends on firm size, even if market structures are monopolistic and monopson-

istic.37 As such, in this section I assume that firms behave monopolistically in product

markets and monopsonistically in labor markets.

C.7.1 Pollak’s additive preferences

Let the aggregator over firms (product varieties) in market g be:

Yg = ∑
j∈g

D̃
1
σ
jg

(
σ

σ − 1

)
(Yjg + δy)

σ−1
σ

where ∑j∈g D̃jg = 1. The parameter δy ≥ 0 governs the extent of the departure from

CES, with δy = 0 giving the CES demand system. Solving for the expression for market

shares gives:

36These preferences have been used extensively in research in international trade and macroe-
conomics. See, for example, Morlacco and Arkolakis (2017), Arkolakis, Costinot, Donaldson, and
Rodrigues-Clare (2019), and Edmond et al. (2023).

37See Morlacco and Arkolakis (2017) for a detailed exposition of these demand systems.
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PjgYjg

∑j′∈g Pj′gYj′g
=

D̃
1
σ
jg(Yjg + δy)−

1
σ Yjg

∑j′g D̃
1
σ
j′g(Yj′g + δy)−

1
σ Yj′g

(29)

and the price elasticity of demand is:

ρPollak
jg = σ

(
1 +

δy

Yjg

)
(30)

As δy → 0, the price elasticity of demand and markups converge to the CES case:

ρPollak
jg → σ and µPollak

jg =
ρPollak

jg

ρPollak
jg −1

→ σ
σ−1 . When δy > 0, the price elasticity of demand

decreases with firm size, while markups increase with firm size.

One feature of Pollak preferences is that price elasticities of demand (ρPollak
jg ) are

infinitely large, and so markups (µjg − 1) are approximately zero, for small firms (see

equation (30)).38 That is, small firms are approximately pricetakers. This implication

appears to be inconsistent with my baseline markup estimates in Table 1, as most firms

charge markups significantly above zero. However, the nested-CES product demand

system in Section 6 avoids this inconsistency, as even small firms can charge non-

negligible markups in that set up.

Analogously, let the labor supply aggregator over firms in labor market s be:

Hs = ∑
j∈s

Ã
− 1

η

js

(
η

η − 1

)
(Hjs + δh)

1+η
η

where ∑j∈s Ãjs = 1. The parameter δh ≥ 0 governs the extent of the departure from

CES. Solving for the labor market shares gives:

ΦjsHjs

∑j′∈s Φj′sHj′s
=

Ã
− 1

η

js (Hjs + δh)
1
η Hjs

∑j′s Ã
− 1

η

j′s (Hj′s + δh)
1
η Hj′s

(31)

and the labor supply elasticity:

ξPollak
js = η

(
1 +

δh

Hjs

)
(32)

When δh > 0, larger firms face lower labor supply elasticities and are able to mark

down wages below the marginal revenue product of labor further. Just as for markups,

38Other popular VES preferences also share this feature, for example, the Kimball demand system.
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the Pollak labor supply system implies that small firms face infinitely large labor sup-

ply elasticities, and therefore, pay wages that are approximately the full marginal rev-

enue product of labor (λPollak
js = 1). This implication is also inconsistent with my

baseline markdown estimates in Table 3, which shows that most firms would have

non-negligible monopsony power in the absence of worker bargaining power. By con-

trast, the nested-CES labor supply system in Section 6 avoids this inconsistency.

Calibration and comparison. To compare my quality and amenity measures based on

the CES structure to those obtained under the Pollak VES structure, I must first cali-

brate the parameters (δy, δh, σ, η). To do so, I use moments from my baseline markup

and markdown estimates, µ̂jg and λ̂js. Symbols with a hat are estimates. I main-

tain the same definition of a product market (5-digit sector) and labor market (5-digit

sector×commuting-zone) as in Section 6. Because the Pollak product demand and

labor supply systems nest the CES system I use in Section 6, I maintain the same cali-

brated values of σ and η as in my baseline calibration.

To calibrate the extent of the departure from CES in the Pollak product demand

system, δy, I use equation (30). I write this equation in relative terms, comparing a

firm j to the median firm in the markup distribution:

ρ̂Pollak
jg

ρ̂Pollak
µ,pct50

=

(
1 +

δy

Yjg

)/(
1 +

δy

Yµ,pct50

)
(33)

where ρ̂Pollak
jg ≡ µ̂jg

µ̂jg−1 . The parameter δy is then calibrated to match the covariance

between firm size Yjg and ratio of price demand elasticities
ρ̂Pollak

jg

ρ̂Pollak
µ,pct50

. This moment is

informative about the degree of departure from CES in the Pollak demand system, be-

cause CES (in combination with monopolistic competition) implies that price demand

elasticities should be independent of firm size.

Similarly, I use equation (32) to calibrate the extent of the departure from CES in

the labor supply system. I express this equation in relative terms, comparing a firm j

to the median firm in the markdown distribution:

ξ̂Pollak
js

ξ̂Pollak
λ,pct50

=

(
1 +

δh

Hjs

)/(
1 +

δh

Hλ,pct50

)
(34)
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where ξ̂Pollak
js ≡ λ̂js

1−λ̂js
. I then calibrate the parameter δh to match the covariance be-

tween firm size Hjs and ratio of labor supply elasticities
ξ̂Pollak

js

ξ̂Pollak
λ,pct50

.

Figure 20: Measured product quality and non-wage amenity under nested-CES and
Pollak’s additively separable (VES) preferences in 2016.
Note: Each data point is a firm.

Finally, given the calibrated parameters (δy, δh, σ, η), I measure firm heterogeneity

in product quality using equation (29), and heterogeneity in non-wage amenities using

equation (31). Figure 20 shows how the CES-based and VES-based (Pollak) measures

of firm heterogeneity in quality and amenities compare. The left-hand-side panel of

the figure shows that CES-based and Pollak-based quality measures correlate strongly

with each other—they are centered around the 45-degree line. Similarly, CES-based

and Pollak-based amenity measures correlate strongly with each other. The larger

CES-Pollak disparity for quality measures compared to amenity measures arises be-

cause my markup estimates increase more sharply with firm size, while markdown

estimates decrease at a slower rate with firm size (see Figure 12).

C.7.2 Kimball preferences

Let the aggregator over firms (product varieties) in market g be:

1 = ∑
j∈g

D̃jgΥ

(
Yjg

D̃jgYg

)
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where ∑j∈g D̃jg = 1. The function Υ(.) is homothetic, satisfies Υ(1) = 1, Υ′ > 0,

Υ′′ < 0, and nests CES preferences as a special case. Solving for the expression for

market shares gives:

PjgYjg

∑j′∈g Pj′gYj′g
= Υ′

(
Yjg

D̃jgYg

)
Yjg

Yg
D−1

g (35)

where Dg ≡ ∑j∈g Υ′( Yjg

D̃jgYg

)Yjg
Yg

is an endogenous demand shifter that is determined in

general equilibrium.

Operationalizing the Kimball preferences requires making an assumption on the

functional form of Υ(.). I follow the common approach of assuming that Υ(.) is an

upper incomplete gamma function (Klenow and Willis, 2016). That is:

Υ(x) = 1 + (σ − 1) exp
(

1
δy

)
(δy)

σ
δy −1

[
Gamma

(
σ

δy ,
1
δy

)
− Gamma

(
σ

δy ,
x

δy
σ

δy

)]

where, with a slight abuse of notation, the parameter δy ≥ 0 now governs the degree

of departure of Kimball preferences from the CES; δy → 0 takes the preferences to the

CES limit. With this functional form, one can write the a firm’s product market share

as:
PjgYjg

∑j′∈g Pj′gYj′g
= D̃jg exp

[
1
δy − 1

δy

(
Yjg

D̃jgYg

) δy
σ
]

Yjg

D̃jgYg
D−1

g (36)

and the price elasticity of demand as:

ρKimball
jg =

σ

1 − δy log
(Pjg

Pg
Dg
) (37)

As δy → 0, the price elasticity of demand and markups converge to the CES case:

ρKimball
jg → σ and µKimball

jg =
ρKimball

jg

ρKimball
jg −1

→ σ
σ−1 . When δy > 0, the price elasticity of

demand decreases with firm size, while markups increase with firm size.

Similarly, one can model the aggregator over firms in each labor market s as Kim-

ball:
1 = ∑

j∈s
ÃjsL

(
Hjs

ÃjsHs

)
where ∑j∈s Ãjs = 1. The function L(.) is homothetic, satisfies L(1) = 1, L′ > 0,

L′′ > 0, and nests CES preferences as a special case. However, operationalizing the

implied equations for labor supply (elasticities) requires assuming a functional form
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that satisfies these conditions; one that is symmetric to the upper incomplete Gamma

function of Klenow and Willis (2016). This is a challenging task, and to the best of my

knowledge, no analogous function for labor supply has yet been developed. As such,

I focus on comparing the Kimball-implied measures product quality heterogeneity to

those implied by CES below.

Calibration and comparison. As with the calibration of the Pollak preference param-

eters, I maintain the same calibrated value of σ as in Section 6.3, as well as the same

definition of product and labor markets. To calibrate the extent of the departure from

CES in the Kimball product demand system, δy, I rearrange the equation (37) for the

price elasticity of demand as:

1
ρ̂Kimball

jg
=

1
σ
− δy

σ
log Pjg +

δy

σ
log
(Dg

Pg

)
(38)

where ρ̂Kimball
jg ≡ µ̂jg

µ̂jg−1 . To calibrate the parameter δy, I first estimate the ratio δy

σ by run-

ning an OLS regression of the inverse of the price elasticity of demand 1
ρ̂Kimball

jg
on output

prices log Pjg, treating the last term in the equation, δy

σ log
(Dg

Pg

)
, as a sector×year fixed

effect. Then, given the estimate δ̂y/σ, I measure δy as σ(δ̂y/σ). Finally, given these

calibrated preference parameters, I measure firm heterogeneity in product quality us-

ing equation (35). This requires simultaneously solving for the general equilibrium

quantities Pg, Yg, and Dg.

Figure 21 shows that CES-based and Kimball-based quality measures are closely

aligned with each other, as they are approximately centered around the 45-degree line.

However, it is worth noting that the Kimball demand system implies a higher quality

measure than the CES for high-quality firms, but a lower quality measure than the CES

for low-quality firms. Thus, the Kimball preference system implies a larger dispersion

in product quality than the CES.
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Figure 21: Measured product quality under nested-CES and Kimball (VES) preferences
in 2016.

127



D Appendix: Additional Tables and Figures

Figure 22: Firm wage premia by deciles of firm size and labor productivity.

Figure 23: Output prices by deciles of firm size and labor productivity.

Figure 24: Output prices, markups, and labor wedges by high-wage status.

Notes: This figure shows how output prices, price-cost markups, and labor wedges vary by deciles
of firm wage premia relative to firms in the first decile (low-wage firms). These are unconditional
correlations. Decile 10 represents high-wage firms. Confidence intervals at the 95% level are plotted.
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Figure 25: Output prices, markups, and labor wedges by deciles of firm size.

Notes: This figure shows how output prices, price-cost markups, and labor wedges vary by deciles of
firm size (measured as sales) relative to firms in the first decile. These are unconditional correlations.
Decile 10 represents large firms. Confidence intervals at the 95% level are plotted.

Table 25: Estimates of worker bargaining power and monopsony
markdowns by 2-digit French manufacturing sectors.

Manufacturing sectors κ λ
Apparel 0.27 0.21
Repair & installation of machinery 0.24 0.27
Leather 0.21 0.49
Other transport equipment 0.18 0.25
Motor vehicles 0.16 0.38
Machinery & equipment 0.16 0.29
Chemicals 0.16 0.28
Other manufacturing 0.15 0.49
Textile 0.13 0.49
Wood products (except furniture) 0.13 0.41
Pharmaceutical 0.12 0.12
Furniture 0.11 0.58
Fabricated metals (except machinery) 0.10 0.48
Recorded media 0.08 0.63
Computers, electronic, & optical 0.08 0.52
Electrical equipment 0.08 0.49
Non-metallic minerals 0.08 0.46
Rubber & plastics 0.07 0.52
Basic metals 0.05 0.49
Paper and publishing 0.04 0.53

This table reports estimates of worker bargaining power and median
monopsony markdowns for 2-digit sectors (2009-2016).
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a

Figure 26: Measured firm heterogeneity by high-wage status.

Notes: This figure shows how measured TFPQ, product quality, and non-wage amenities vary by
deciles of firm wage premia relative to firms in the first decile (low-wage firms), controlling for 5-digit
sector×year fixed effects. All variables are in logs. Decile 10 represents high-wage firms. Confidence
intervals at the 95% level are plotted.

Figure 27: Monopsony markdowns over time (2009-2016).
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Table 26: Competition and the direct component of shock passthrough.

Shocks σ = 1.1 σ = 5 σ = 10 η = 1 η = 5 η = 10
∆ TFPQ 0.05 1.05 1.48 1.07 0.53 0.32
∆ product quality 0.50 0.26 0.16 0.26 0.13 0.08
∆ amenity -0.50 -0.26 -0.16 -0.26 -0.13 -0.08

This table reports the size of the direct component of shock passthrough under
different degrees substitutability of product varieties and jobs. The passthrough
measures are with respect to a positive 1% shock. When varying σ in the first three
columns, η is kept at the baseline calibrated value of 0.97. When varying η in the
last three columns, σ is kept at the baseline calibrated value of 5.16.
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E Appendix: Extension with Two Skill Types

One limitation of the current analysis is that the model does not feature skill hetero-

geneity. Allowing for heterogeneous skill may shed light on the extent of differences in

bargaining power and monopsony power by skill. Moreover, if skill compositions dif-

fer across firms, then my baseline model may mismeasure labor wedges, subsequently

affecting the bargaining power and markdown estimates. In this section, I extend the

analysis in Section 5 to a setting with two skill types—high-skill and low-skill occu-

pations. This extension allows the composition of skills to differ across firms. My

findings suggest that my baseline estimates in Section 5, which do not allow for skill

heterogeneity, masks interesting differences in bargaining power (higher for high-skill

workers) and monopsony markdowns (lower for high-skill workers) between skills,

but captures the firm-level average markdown and labor wedge well.

E.1 Model environment

Skill-specific labor supply. Let the subscript o = {0, 1} denote high-skill (o = 1) and

low-skill (o = 0) labor, and let Φoj be the firm-specific wage premium for skill o. A

worker i with efficiency Ei and skill o obtains a wage Wioj = EiΦoj. Efficiency units of

labor of skill o in the firm is Ho,j = Ēo,jLo,j, where Ēo,j denotes average efficiency and

Lo,j denotes amount of labor. The upward-sloping labor supply curve facing each firm

is Ho,j = Ho(Φo,j, Ao,j). The skill and firm-specific labor supply shifter Ao,j represents

the non-wage amenities at a firm j for skill o and is taken as given by the firm.

Product demand. As in the baseline model, the downward-sloping demand curve

for firm j’s output is Yj = G(Pj, Dj), where Pj is the price and Dj is a demand shifter

(product quality), which is taken as given by the firm.

Production technology. Firms operate a general production function with diminish-

ing marginal returns to each input Yj = ΩjF(Kj, Mj, H0j, H1j), where the main change

compared to my baseline model is that the production function now features two skill

types. This production function allows skill compositions to differ across firms due to

(i) skill-specific complementarities or substitutabilities with non-labor inputs, and (ii)

non-homotheticities in skills.

As before, Ωj is the Hicks-neutral productivity term, Kj are physical capital, and
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Mj are material inputs. I maintain the assumption that the markets for capital and

material inputs are perfectly competitive with prices Pk and Pm.

Wage determination. Workers of each skill type bargain collectively with their em-

ployer j. I maintain the assumption that bargaining is efficient—workers and firms

jointly decide on wages, prices, materials, and capital to maximize total profits, taking

into account the product demand curve and labor supply curves.

Denote high-skill workers’ bargaining power as κ1 and low-skill workers’ bargain-

ing power as κ0. The employer’s bargaining power is then 1 − κ0 − κ1. As before,

in the event that firms and their employees do not arrive at an agreement, I assume

that firms do not produce and have an outside option of zero profits; workers do not

supply labor and have an outside option of zero wages. The worker-firm bargaining

problem is:

max
Φ0j,Φ1j,Pj,Mj,Kj

(
Φ1jH1j

)κ1(
Φ0jH0j

)κ0(
Πj

)1−κ0−κ1

subject to Hoj = Ho(Φoj, Aoj), Yj = G(Pj, Dj), and Yj = ΩjF(Kj, Mj, H0j, H1j). The

firm’s profit is Πj = PjYj − Φ0jH0j − Φ1jH1j − PmMj − PkKj.

Skill-specific labor wedges. Solving the worker-firm bargaining problem gives the

following skill-specific labor wedge equation at firm j:

Λo,j = κo

(
1 −

PkKj + PmMj + Φo′,jHo′,j

PjYj

)
µj

αo,j
+ (1 − κ0 − κ1)λo,j

= κo

(
1 −

αk,j + αm,j + αo′,jΛo′,j

µj

)
µj

αo,j
+ (1 − κ0 − κ1)λo,j , s.t. o ̸= o′

(39)

where the α’s are output elasticities, λ’s are monopsony markdowns, and Λ’s are labor

wedges. This equation is analogous to the one in the baseline model (see equation

(3)). As the bargaining power of workers with skill o approaches zero, their labor

wedge converges to the monopsony markdown. If, instead, workers of type o have

some bargaining power, then they are able to capture some of the profits generated by

markups, as well as profits from the employer’s monopsony power over workers of

the other skill type o′.
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E.2 Estimating firm market power and worker bargaining power

Defining high-skill and low-skill occupations. I use the one-digit occupation classifi-

cations in the DADS matched employer-employee data set to define low-skill occupa-

tions as blue-collar occupations (e.g. maintenance workers and welders) and admin-

istrative support occupations (e.g. clerical workers and secretaries); I define high-skill

occupations as senior staff in top management positions (e.g. head of logistics or hu-

man resources), employees in supervisory roles (e.g. accounting and sales managers),

and technical workers (e.g. IT and quality control technicians).

Estimating firm wage premia. Let the subscript o = {1, 0} denote high-skill and

low-skill labor. The estimation procedure is as described in Section 3.1. However,

firm-group effects are now occupation-specific:

ln Wit = ιi + ϕg(j(i,t)),t + Occo(i,t) × ϕg(j(i,t)),t + χ′
itβ + νit

where i denotes the individual, j denotes the firm, g(j) denotes the group of firm j

at time t, o(i, t) denotes worker i’s occupational group at time t, ιi are worker fixed

effects, ϕg(j(i,t)) are firm-group fixed effects, and χit is a vector of time-varying worker

characteristics.

Estimating skill-specific labor wedges. Under the assumption that material inputs

are flexible and that firms are pricetakers in material markets, the labor wedges can be

measured as:

Λo,j =

(
Φo,jHo,j

PmMj

)(
αm,j

αo,j

)
(40)

The key challenge to identifying the skill-specific labor wedge is to separately estimate

them from skill-specific output elasticities.

To estimate the skill-specific output elasticities, I estimate a production function of

the form:

yj = ᾱ0 f (k j, mj, h0,j) + ᾱ1h1,j + ωj

where, as a reminder, variables lowercase letters are in logs. This functional form as-

sumes that high-skill labor are complements to the bundle of inputs comprised of cap-

ital, materials, and low-skill labor. This assumption is motivated by a large literature
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in macroeconomics on capital-skill complementarities (Krusell, Ohanian, Rios-Rull,

and Violante, 2000), and on the complementarity between imported inputs and skills

in international trade (Verhoogen, 2008). This Cobb-Douglas functional form in high-

skill labor and the bundle of other inputs also mitigates the dimensionality problem

associated with adding more factor inputs into the production function; with a flex-

ible functional form such as the translog, the number of parameters to be estimated

increases exponentially with the number of factor inputs. I approximate f (.) with a

translog functional form. This accommodates the possibility that low-skill labor are

substitutes with capital and materials.

Estimating this production function gives the high-skill output elasticity ᾱ1 and

low-skill output elasticity ᾱ0
∂ f

∂h0,j
. With these in hand, I back out the skill-specific labor

wedges using equation (40).

Estimating skill-specific bargaining power and monopsony markdowns. My ap-

proach to estimating skill-specific worker bargaining power, which is motivated by

the need to avoid the unobserved endogenous monopsony wages, is as described in

Section 3.3. The estimating equation is equation (39), restated below for convenience:

Λo,j,t = κo

(
1 −

Pk,tKj,t + Pm,tMj,t + Φo′,j,tHo′,j,t

Pj,tYj,t

)
µj,t

αo,j,t︸ ︷︷ ︸
≡µ̃o,j

+(1− κ0 − κ1)λ(Ho,j,t, Ao,j,t) , s.t.

where o ̸= o′ and µ̃o,j are profits that can be appropriated by workers of skill o (as a

share of revenues). As before, the main challenge to disentangling worker bargain-

ing power (κo) from monopsony markdowns (λo,j,t) is the presence of unobserved

amenities (Ao,j,t). To address the unobserved amenities, I apply the same insight

from Section 3.3 that firm size in terms of employment and wage-bills jointly con-

trols for unobserved amenities, λ(Ho,j,t, Ao,j,t) = λ(Ho,j,t,H−1
o (Ho,j,t, Φo,j,tHo,j,t)).39 As

before, I approximate the function λ(.) with a fourth-order polynomial. Given the

estimated bargaining power parameters, monopsony markdowns are measured as

λo,j,t =
Λo,j,t−κ̂oµ̃o,j,t

1−κ̂0−κ̂1
.

39Note that, even when amenities vary across firms, they do not necessarily affect monopsony mark-
downs directly. This is the case when amenities are multiplicatively separable from wages in work-
ers’ labor supply functions. Under multiplicative separability, the control function for amenities is not
needed. See the discussion in Section 3.3.
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Main results. Table 27 reports the estimated firm wage premia, labor wedges, and

monopsony markdowns by skill type. Comparing the first and second rows shows

that high-skill workers receive higher wages, but have similar wage dispersion. Com-

paring the third and fourth rows shows that the average level of labor wedges are

similar for high-skill and low-skill workers. However, there is much more dispersion

in labor wedges among the high-skill. The labor wedges of the high-skill are higher

than those of the low-skill at the 75th percentile, but lower than those of the low-skill at

the 25th percentile. The fifth row shows the firm-level weighted average labor wedge

(Λ f ), where the weights are the employment share of a skill type within the firm. The

level of the average firm-level labor wedges are higher than my baseline estimates.

Table 27: Summary statistics for estimated firm wage premia, labor
wedges, and monopsony markdowns by skill type.

Variable Mean Median 25th Pct 75th Pct Var
ϕ1 3.17 3.16 3.08 3.25 0.02
ϕ0 2.62 2.61 2.54 2.70 0.02
Λ1 0.70 0.54 0.30 0.91 0.41
Λ0 0.66 0.67 0.54 0.84 0.33
Λ f 0.75 0.69 0.54 0.91 0.21
λ1 0.36 0.27 0.05 0.56 0.23
λ0 0.42 0.47 0.30 0.63 0.15
λ f 0.48 0.47 0.31 0.64 0.11

This table reports the summary statistics for estimated firm wage premia, la-
bor wedges, and wage markdowns by skill group. Monopsony markdowns
are computed using the estimated bargaining power parameters in specifi-
cations (2) and (4) in Table 28 as the baseline.

Table 28 reports the estimates of worker bargaining power by skill type. Compar-

ing the first two columns to the last two columns, I find that high-skill workers obtain

a larger share of firm profits than low-skill workers. The sixth and seventh rows of Ta-

ble 27 report the distribution of monopsony markdowns received by each skill group.

The level of monopsony markdowns for high-skill workers are lower than that for

low-skill workers, although the labor wedge for high-skill workers is higher. The last

row of Table 27 shows that average firm-level markdown is similar to my baseline

estimates in Table 3, which do not distinguish between skills.

Finally, I compare how labor wedges and monopsony markdowns vary across

deciles of firm wage premia. Firm wage premia are computed as within-firm weighted
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averages of the skill-specific firm wage premium at a given firm, with weights being

the employment share of a given skill-group in the firm. Figure 28 presents the find-

ings. Consistent with the finding that high-skill workers have a higher bargaining

power, the labor wedges of high-skill workers are increasing in wage premia more

steeply than for low-skill workers. As such, the firm-level (weighted) average labor

wedge is also increasing with firm wage premia, consistent with my baseline estimates

in Figure 1. Figure 28 also shows that high-wage firms tend to have slightly more

monopsony power than low-wage firms—monopsony markdowns mildly decrease

with firm wage premia. The opposite appears to be the case for high-skill workers,

as monopsony markdowns rise with firm wage premia. The firm-level (weighted) av-

erage monopsony markdown has a flat profile across firm wage premia, in line my

baseline estimates in Figure 2.

Taken together, these results suggest that my baseline estimates approximate a

firm-level average labor wedge and average monopsony markdown.

Table 28: Estimated workers’ bargaining power.

Labor wedge High-skill Low-skill
(1) (2) (3) (4)

µ̃o,j 0.139 0.104 0.065 0.085
(0.000) (0.001) (0.001) (0.001)

Sector×year fixed effects ✓ ✓ ✓ ✓
Firm fixed effects ✓ ✓
Number of firms 85,349 82,089 85,349 82,089

This table reports the estimated workers’ bargaining power by skill group. Sector
fixed effects are at the 5-digit level. Block bootstrapped standard errors are reported
in parentheses.
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Figure 28: Skill-specific labor wedges and monopsony markdowns high-wage status.

Notes: This figure shows how skill-specific labor wedges and monopsony markdowns vary by deciles
of firm wage premia relative to firms in the first decile, controlling for 5-digit sector×year fixed effects.
Firm wage premia are constructed at the firm level by computing weighted average of skill-specific
wage premia within firms, with the weights being the employment share of each skill-group within the
firm. Decile 10 represents high-wage firms. Vertical bars are 95% confidence intervals.
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