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Abstract

We propose and test a theory of individual worker hold-up power to explain

why workers in high-wage occupations earn a larger wage premium at productive

firms than do workers in low-wage occupations. We derive a model where firms

set wages and produce using a novel generalization of Kremer (1993)’s O-Ring

production function. Workers have greater hold-up power at productive firms if

(i) labor inputs are organized into indivisible positions, (ii) separations by experi-

enced incumbent workers generate multiplicative output losses, and (iii) workers

learn position-specific skills while on the job. This creates an efficiency wage

motivation, where productive firms are incentivized to share rents to improve re-

tention, and differentially so in occupations where experienced workers are more

able to disrupt production. Using Danish administrative data, we report a range

of empirical evidence supporting the model’s predictions. We discuss implications

for wage inequality, the gender wage gap, and the effects of minimum wages.

Note: Due to a pending update in a data use agreement, some summary statistics and

empirical evidence reflect an out-of-date sample and will be noted in the draft. Results

will be updated upon renewed data access.
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1 Introduction

There is a long-established empirical finding that some firms and industries systematically

pay higher wages, and that at least part of this premium reflects rents (Krueger and Summers,

1988; Sorkin, 2018). Historically, firm wage premia were strongly correlated with firm size

(Brown and Medoff, 1989; Song et al., 2019), and both high- and low-educated workers

benefited similarly from employment at large firms (Song et al., 2019), consistent with a

common firm wage premium (Abowd et al., 1999).

More recent evidence points to a different pattern. The large-firm wage premium has

declined in the US (Bloom et al., 2018) and is very small in Denmark (Bloesch et al.,

2025). At the same time, changes in firm productivity have a stronger effect on the wages of

workers in high-wage occupations and those more attached to the firm.1 Figure 1a reports a

similar pattern across occupations in the cross-section in Denmark from 2008-2019, plotting

individual worker hourly wages by occupation against firm value added per worker. The

figure shows the steepest slope of wages to firm productivity for managers, an intermediate

slope for middle-wage occupations, and the flattest slope for low-wage occupations. Figure

1b shows that with the exception of very small firms, the relationship between firm size and

wages is weak for all occupations. These patterns lead us to ask: why would productive

firms, but not necessarily large firms, share rents with workers in high-wage occupations,

but not with workers in low-wage occupations?

To answer this question, we derive a novel model where productive firms share rents

only with workers in occupations where workers have individual hold-up power. At a high

level, a worker has individual hold-up power if their job is important to the firm and if the

worker is hard to replace. More precisely, workers have individual hold-up power when (i)

labor in production is organized into distinct, differentiated positions that are decided in

advance of hiring and training workers, (ii) firm output is disrupted in a multiplicative way

when a worker’s job is not performed or is not performed well, and (iii) workers’ skills are

position-specific, i.e., skills are acquired on the job and are not transferable across positions

or firms. Together, these properties mean that if a worker unexpectedly separates, the firm’s

production is disrupted, and no other worker can step in and fully perform the separated

worker’s job. If output disruptions from losing an experienced worker are larger at higher

productivity firms, then a worker in a given occupation can hold up more output at a

high productivity firm than at a low productivity firm. The threat of worker turnover

and incomplete contracts incentivize productive firms to pay higher wages to decrease this

1See Juhn et al. (2018), Kline et al. (2019), Friedrich et al. (2019), Chan et al. (2020), Maibom and Vejlin

(2021), Garin and Silvério (2024).
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differentially costly turnover, but only in occupations where workers have this hold-up power.

Figure 1: Wages, Firm Productivity, and Firm Size by Occupation

(a) Wages and Firm Productivity by Occupation (b) Wages and Firm Size by Occupation

This figure reports the average wage of workers in three broad occupation groups, ordered by either their

firm’s log value added per worker or log firm size in terms of full-time equivalent workers. Averages are

taken from 2008-2019, and each dot represents approximately equal numbers of full-time equivalent workers.

Middle-Wage Occupations include professionals and technicians, and low-wage occupations include crafts,

assembly, administrative, service, and manual occupations.

For intuition, consider a simple example of a restaurant with two positions, using only

a cook and a waiter (with a non-working owner). The production function is Leontief: if

the tasks in either position are left undone, then the restaurant sells nothing. Suppose also

that training a new cook takes longer than training a waiter, as even a cook with industry

experience must take time to learn the new recipes. In this setting, the cook has hold-up

power, but the waiter does not. Both positions are essential in production, but only the cook

acquires position-specific skills, while the waiter is replaceable. If the restaurant becomes

more popular and can charge higher prices, the amount of profit that the cook can hold up

increases, and the owner will be incentivized to raise the cook’s pay. The waiter’s pay, on

the other hand, will be set to the going market rate.

While the previous example is limited to a firm with only two positions, our more general

model formalizes these intuitions in firms with a continuum of positions, diminishing returns

to labor, and multiple occupations. We derive a novel production function with three key

features: (i) labor is divided into “positions” that can be filled with at most one worker

at a time, (ii) a firm’s output depends both on the number of workers and on the share of

positions filled with experienced workers, as each new position introduces a potential new

possible failure point in production, and (iii) losses of experienced workers decrease output in
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a way that is proportionate to the firm’s output per worker. The cost of losing an experienced

worker differs across occupations, generating variation in hold-up power across occupations.

We then embed firms with this production function into a static equilibrium labor mar-

ket, where each period has multiple stages. First firms decide the number of positions in

each occupation they will produce with, and then firms set wages and hire workers. After

being hired, workers learn skills that are specific to their position, and only one worker can

learn their position’s skills at a time. After these workers become experienced, they draw

idiosyncratic disutility of remaining with the firm, which is private information and is not

contractable. Workers can quit their jobs and rematch with firms who are re-filling their

positions, but these matches are less productive, and so firms are incentivized to pay high

wages to avoid this costly turnover. This incentive to pay high wages is particularly strong at

high productivity firms for workers in high-hold up occupations, as the multiplicative nature

of our production function makes these separations differentially costly.

Our model generates variation in firm productivity in a way that is non-standard for

the rent-sharing literature, revealing an important relationship between rent-sharing, firm

productivity, and firms’ labor share. Unlike in models with linear production functions or

models with inelastic labor supply curves, in our model a firm’s total factor productivity has

no effect on wages and affects only the firm’s size. Instead, variation in output per worker

is largely driven by firms’ output elasticity of labor: firms with a low output elasticity of

labor have high measured output per worker and low labor share of value added. Due to the

multiplicative nature of our production function, the output costs of losing an experienced

worker with hold-up power is greater at firms with a low output elasticity of labor (and

therefore low labor share and high productivity). Because these firms have greater costs of

turnover, they are differentially incentivized to pay high wages, but only to workers with this

hold-up power. Thus, rents are the greatest for workers with hold-up power in firms with

low labor shares.

At its core, our story is one of efficiency wages (Katz, 1986): a firm pays high wages

to decrease worker turnover, which increases output given the number of workers. This

efficiency wage motivation is stronger in occupations where incumbents are harder to replace,

and differentially so in hard-to-replace occupations at more productive firms. Our two main

contributions therefore are (i) to develop a tractable model of individual hold-up power

in multi-worker firms where this efficiency wage motivation differs systematically across

occupations and firm productivity but not firm size, and (ii) to empirically test the model’s

predictions. The key testable prediction of our model is that the occupations where workers

earn more at productive firms, both in steady state and in response to long-run changes in

firm productivity, are the same occupations where the cost of worker separations is higher
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at more productive firms. Additionally, our model makes three predictions about levels: the

level of turnover costs is higher in higher-hold up occupations, workers in higher hold-up

occupations earn a higher level of wages conditional on education, and large firms have no

differential incentive to pay high wages. We find support for all of these predictions.

We test the model’s predictions using Danish administrative data and in US job postings

data. First, we estimate the relationship between wages and firm productivity across occu-

pations in the cross-section and find that managers exhibit the steepest wage-productivity

gradients, followed by middle-wage occupations, while low-wage occupations show the weak-

est relationship. Consistent with the model, firm size has little explanatory power for wages

once firm productivity is taken into account. We then estimate the pass-through of persistent

productivity shocks to wages using an instrumental variables approach (Card et al., 2018;

Juhn et al., 2018; Maibom and Vejlin, 2021). We deviate from the previous literature by

instrumenting changes in the labor share with longer changes in firm value added per worker,

which we show isolates the kind of productivity innovations that generate rent sharing in

our model. We find a similar pattern as in the cross-section: pass-through of persistent

productivity changes to wages is highest for managers and lowest for low-wage occupations.

Next, we estimate the effect of worker separations on firm profits using worker deaths

(Isen, 2015; Jäger, 2016; Bertheau et al., 2021). We find that profit losses are largest for

managers, moderate for middle-wage occupations, and smallest for low-wage occupations.

Moreover, these losses are more sensitive to firm productivity in high wage occupations,

providing direct evidence of individual hold-up power.

Finally, using US job posting data, we construct a measure of task differentiation at

the occupation level, following the intuition of Lazear (2009) that specific skills are unique

combinations of general skills. We show that occupations with more differentiated task

requirements from other jobs in the firm, our proxy for position-specificity, exhibit both

higher wage levels and greater pass-through of productivity to wages. We also find that

conditional on our task differentiation score, more educated occupations do not show higher

pass-through of productivity to wages. This provides evidence that position specific skills,

rather than general skills, is more predictive of rent-sharing.

While our model shares with models of wage bargaining and multi-worker firms the

feature that wages can depend on firms’ inframarginal productivity, our model differs in key

ways. Our model differs from Stole and Zwiebel (1996) because rent sharing survives even

when firms choose their quantity of labor.2 Relative to Wong (2025) where wages depend on

2In Stole and Zwiebel (1996), when firms can choose their quantity of labor, they over-hire to equalize

wages with workers’ outside options, and so there is no difference in wages across high and low productivity

firms in steady state.
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profits per worker due to collective bargaining, in our model workers can individually extract

higher wages at firms with high inframarginal productivity due to individual hold-up power.

Our model differs from monopsony-based models of rent sharing. In such models, work-

ers earn rents at productive firms because firms with high total factor productivity are

constrained by an upward sloping labor supply curve, endogenously generating both high

value added per worker and high wages. These monopsony-based models make predictions

about rent sharing that are at odds with empirical evidence. Models with isolelastic labor

supply curves (Lamadon et al., 2019; Chan et al., 2020) imply a pass-through of value added

per worker to wages of 1, which is far above empirical estimates (Card et al., 2018). Models

with firms’ labor supply elasticity declining with firm size can achieve realistic rent sharing

but predict that the firm size-wage premium is steeper for large firms and that large firms

have higher pass-through of TFP shocks to wages, which contradicts empirical evidence from

Bloom et al. (2018) and Chan et al. (2024), respectively. In contrast, our model of individual

worker hold-up can rationalize empirical estimates of pass-through of value added per worker

to wages between 0-0.2 and is consistent with evidence from Bloesch et al. (2025) that firms

do not need to pay higher wages to become larger in the long run.

The rest of the paper is organized as follows. Section 2 presents the model and derives its

main predictions. Section 3 describes the data. Section 4 presents our empirical evidence:

cross-sectional evidence, pass-through regressions, task differentiation scores, and the effect

of worker deaths on firms. In Section 5 we estimate our hold-up power parameters for three

broad occupation groups. We discuss implications for inequality, the minimum wage, and

the gender wage gap in Section 6. Section 7 concludes.

2 Model

In this section, we derive a repeated static model where workers learn position-specific skills

while on the job, and multi-worker firms trade off wage costs against the retention of expe-

rienced workers.

We begin by describing the firm’s production function, which is the most novel feature

of the model. We then describe the environment and timing, and then we characterize the

firm’s problem and equilibrium. We show that firms with a low output elasticity of labor

have high measured output per worker. Variation within a firm in the output elasticity of

labor generates co-movement between firms’ output per worker and wages, with a steeper

slope for occupations with greater hold-up power.
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2.1 Production Function

We now introduce the production function. Firms are denoted j and occupations are denoted

k. Each firm is endowed with a technology that determines its total factor productivity Aj,t,

the elasticity of output with respect to capital and labor inputs, respectively βj,t ∈ [0, 1) and

αj,t ∈ (0, 1) with αj,t + βj,t < 1, and the within-labor weights on each occupation σjk,t, with∑
k σjk,t = 1. We assume that Aj,t, βj,t, αj,t, and σjk,t may change over time.

Firms have four inputs into production: the capital stock Kj,t, the number of positions

for each occupation Pjk,t, the number of experienced “senior” workers Sjk,t, and the number

of inexperienced “junior” workers Jjk,t. The firm’s output will depend on both the number

of workers Jjk,t +Sjk,t and the composition of workers, defined here as the share of positions

that are filled with experienced S workers. Firm j’s value added function is

Yj,t = Aj,tK
βj,t

j,t

∏
k∈K(j)

(Sjk,t + Jjk,t)︸ ︷︷ ︸
# of

workers

×
(
Sjk,t

Pjk,t

)δk+
hk
αj,t

︸ ︷︷ ︸
share of positions with
experienced workers


σjk,tαj,t

. (1)

where Yj,t, is firm j’s value added in period t. We impose δk ≥ 0, hk ≥ 0, and δk + hk > 0.

Firms are limited to have no more workers than positions: Sjk,t + Jjk,t ≤ Pjk,t. The number

of workers must be non-negative, so 0 ≤ Sjk,t ≤ Pjk,t and 0 ≤ Jjk,t ≤ Pjk,t − Sjk,t.

The overall structure builds on standard Cobb Douglas production: firms have total

productivity Aj,t, and output increases with capital inputs according to elasticity βj,t. To-

tal output increases with respect to labor inputs according to elasticity αj,t, within which

occupations have weights σjk,t.

Within each occupation, labor inputs are increasing in the total number of workers

Sjk,t + Jjk,t, where senior and junior workers are treated similarly. The second term is

the composition term
Sjk,t

Pjk,t
, which is the fraction of positions that are filled with experi-

enced senior workers at the time of production. As the firm loses senior workers given the

number of positions, the composition term falls with elasticity δk + hk/αj, where δk and hk

are occupation-specific constants, and αj is the same parameter as the output elasticity of

labor for firm j. While we have not introduced wages yet, it will later become clear that δk

represents turnover costs that are proportionate to wages, while hk represents turnover costs

that are proportionate to the firm’s total output per worker.

The constraint that there can be at most one worker per position Sjk,t+Jjk,t ≤ Pjk,t gives

the composition term in the production function bite. Intuitively, to increase production,

firms needs to open more positions. However, every new position opens a new failure point,

6



and with this functional form, failure to perform any given job can affect output by more

than just “at the margin.”

To further illustrate the role of the composition term
Sjk,t

Pjk,t
and its related parameters δk

and hk, we will define and characterize the marginal products of junior and senior workers.

Define the marginal product of a junior worker as
∂Yj,t

∂Jjk,t
and let Njk,t ≡ Jjk,t + Sjk,t denote

the total number of workers. The marginal product of a junior worker is

MRP J
jk,t ≡

∂Yj,t
∂Jjk,t

= σjk,tαj,t
Yj,t
Njk,t

.

This term resembles the marginal product of labor under standard Cobb-Douglas production.

We will later show that when firms are optimizing, firms equalize the marginal product of a

junior worker with the wage: MRP J
jk,t = wjk,t.

Next consider how output would change if the firm lost a senior S worker but did not

replace them with a junior worker, which we define as the “marginal product of a senior

worker”
∂Yj,t

∂Sjk,t
:

MRP S
jk,t ≡

∂Yj,t
∂Sjk,t

=σjk,tαj

(
1 +

(
δk +

hk
αj

)(
Sjk,t

Pjk,t

)−1
)

Yj,t
Njk,t

=MRP J
jk,t +

(
δkMRP J

jk,t + hk
σjk,tYj,t
Njk,t

)(
Sjk,t

Pjk,t

)−1

︸ ︷︷ ︸
Additional Output Losses

.

This term shows that losing a senior worker means losing both “regular” marginal product

MRP J
jk,t as well the term hk

σjk,tYj

Nj,k
, which is output per worker scaled by occupation k’s

weight in labor σjk,t. We will explain the intuition of this term momentarily. Lastly, there

is an additional term
(

Sjk,t

Pjk,t

)−1

, which shows that losing senior workers gets more costly as

the proportion of senior workers to positions falls further.

To see why hk affects output per worker multiplicatively, consider the case where the

firm j only produces using one occupation k, and evaluate
∂Yj,t

∂Sjk,t
at the point where every

position is filled with a senior worker Sjk,t = Pjk,t:

MRP S
jk,t

∣∣∣∣
Sjk,t=Pjk,t,|K(j)|=1

=MRP J
jk,t(1 + δk) + hk

Yj,t
Nj,t︸ ︷︷ ︸

Multiplicative losses
in output per worker

Therefore, when an occupation has hk > 0, the disruption to output from losing a senior

worker is multiplicative in the firm’s average product or output per worker. As we alluded

to previously that we will have the result, MRP J
jk,t = wjk,t, δk reflects turnover costs in
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units of wages. Thus our two parameters δk and hk respectively capture “marginal” versus

“inframarginal” turnover costs, of which only the latter depends on the total productivity

of the firm.

2.2 Environment and Timing

We now describe the model environment and timing. There are three key features that

help give workers hold-up power. First, the number of positions is decided in advance

and is fixed for the rest of the period. Second, workers become experienced S workers by

learning position-specific skills while on the job, and each position can be occupied by at

most one worker at a time. Third, limited commitment by workers means that workers do

not internalize the costs that firms bear when workers leave the firm.

Let there be a mass 1 of firms and mass 1 of workers. Workers denoted i are differentiated

by their skill level s ∈ S, with population shares ϕs. Firms employ workers in occupations

k ∈ K. Each occupation k can use only one type of worker s(k), but workers in skill group

s may work in potentially multiple different occupations.3

To employ workers, firms must first create “positions”, which can be thought of as a

set of tasks that, once bundled together into a position, must be performed by one person.

Define Pjk,t as the number of positions for firm j in occupation k in period t. The number

of positions is created at the beginning of the period and cannot be changed for the rest of

the period. Additionally, only one worker at a time can be productive in a position.

At the beginning of the period, all workers start unemployed. Firms begin by choosing

their level of capital inputs Kj,t and the number of positions {Pjk,t}. The firm pays a rental

rate rK per unit of capital. After capital and positions are chosen, unemployed workers and

positions match within each skill market. On the firm side, the total number of positions

available to workers of skill group s is Ps,t =
∑

j

∑
k∈s Pjk,t. The number of matches in a

skill sub-market is the minimum of the measure of positions and measure of unemployed

searchers. We will focus on “slack” equilibria where the measure of positions in each skill

sub-market s is weakly less than the measure of unemployed searchers, so each position will

be matched to a worker with probability 1.4

After firms have matched their positions with workers, firms pay a small onboarding cost

ϵk for each hired worker. Now that workers are in their respective positions, they learn how

3For example, this could mean that managerial and professional occupations draw from college educated

workers, while production and services jobs employ non-college workers. Our model assumes that all college

workers can equally work in managerial and professional jobs. Thus we abstract from occupation-specific

skills, and workers are differentiated in their overall skill level and whether they have position-specific skills.
4We verify that this is in fact an equilibrium outcome.
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to do their particular job: i.e., they learn skills that are position-specific while on the job,

so firms have Pjk,t trained workers. After workers have been hired, firms choose a wage for

each occupation wjk,t. Firms are subject to an equal-pay constraint for all workers within

an occupation, so senior and junior workers within an occupation are paid the same wage.5

Firms commit to pay wjk,t for the period.

After workers have learned their job-specific skills, workers have an opportunity to quit

their job, knowing that they will have an opportunity to re-match before production occurs.

Workers draw job-specific disultility of labor χijk,t, which is private information and is not

known by the firm. Let the value of quitting be Vs(k),t, which is common for all workers of

the same skill group s. Note that workers employed in different occupations k but have the

same skill s have the same value of their outside option. Trained workers will quit if the

value of quitting exceeds the value of utility from remaining in their job:

U(wjk,t, χijk,t) < Vs(k),t.

From the firm’s perspective, any individual workers’ quit probability is random, but the

total quit rate Q(wjk,t, Vs(k),t) is a function of the firm’s wage for that occupation k and the

outside value, with ∂Q
∂w

< 0. Then the number of senior workers in each occupation is who

stay in firm j is

Sjk,t = (1−Q(wjk,t, Vs(k),t))Pjk,t.

As the last step before production, firms have an opportunity to hire “junior” replacement

workers Jjk,t for the positions that were just vacated. The replacement workers come from

a pool of both workers who had a job earlier in the period and quit as well as workers who

were never successfully matched in the first round of hiring. Matching is again random. As

with hiring workers earlier in the period, firms have to pay the ϵk onboarding cost for each

replacement worker. Firms are also limited to one worker per position, so Jjk,t+Sjk,t ≤ Pjk,t.

Once replacement “junior” workers are hired, then the firm produces and pays wages. If

workers are re-hired as replacement workers, their utility is just wjk,t. If workers are unem-

ployed after the second round of matching, they consume their skill-specific unemployment

benefits bs. Workers’ value Vs of being unemployed before the second round of matching is

just their expected consumption at the end of the period. Thus we have

Vs = bs +

∑
k∈s
∫
j
Jjk,t(wjk,t − bs)

ϕs −
∑

k∈s
∫
j
Sjk,t

,

5In Appendix A.6 we relax this assumption in a partial equilibrium exercise, allowing firms to pay re-

placement workers their outside option.
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where ϕs−
∑

k

∫
j
Sjk,t is the measure of unemployed workers of skill level s during the second

round of matching. The timing of the model can be summarized by the following figure

Figure 2: Model Timing

Firms Inherit
Aj,t, αj,t,
βj,t, {σjk,t}

Begin
period

Firms Choose
Positions,
Capital

{Pjk,t}, Kj,t

Matching,

Workers Learn
Skills OTJ

Firms
Decide
Wages

{wjk,t}

Workers
Quit or
Stay

{Sjk,t}

Firm Hires
Replacement
Workers

{Jjk,t}

Production
Wages Paid
Benefits Paid

End Period

Parameterization To close the model, we parameterize the workers’ utility function and

labor disutility draw. Let the utility of a trained worker i staying in firm j in occupation k

be

U(wjk,t, χijk,t) =
wjk,t

χijk,t

.

Let χijk,t be distributed Pareto (1, γs(k)). This means that for the value of the outside option

Vs(k), the worker will stay if

Vs(k) ≤
wjk,t

χijk,t

⇔ χijk,t ≤
wjk,t

Vs(k)
.

Therefore the worker will stay according to the following probability:

P [stay] = 1−
(
Vs(k)
wjk,t

)γs(k)

.

Using the law of large numbers, that means that the firm’s retention function 1 − Q(wjk,t)

will be

Sjk,t =

(
1−

(
Vs(k)
wjk,t

)γs(k)
)
Pjk,t.

2.3 Firm’s Problem and Equilibrium

We now state the firm’s problem. We derive the firm’s optimal wage, the pass-through

elasticity from productivity to wages, and the surplus of the match to the firm. All of these

results hold in partial equilibrium. Then we characterize the equilibrium.
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Firm’s Problem The firm’s problem is

max
Kj,t,{Pjk,t},

{wjk,t},{Sjk,t},{Jjk,t}

Aj,tK
βj,t

j,t

∏
k∈K(j)

(Sjk,t + Jjk,t)

(
Sjk,t

Pjk,t

)δk+
hk
αj,t

σjk,tαj,t

− rKKj,t −
∑
k

wjk,t(Jjk,t + Sjk,t)

−
∑
k

ϵk(Jjk,t + Pjk,t)

Sjk,t =

(
1−

(
Vs(k)
wjk,t

)γs(k)
)
Pjk,t if wjk,t > Vs(k)

= 0 otherwise

Jjk,t + Sjk,t ≤ Pjk,t. (2)

Firms maximize value added minus capital costs, wage costs, and onboarding costs, subject

to the constraints that the number of senior workers equals the share of trained workers that

are retained, and that firms can have at most one worker per position.

Next, we derive the key equations from the model and map them into equations that can

be estimated using our data.

Optimal Wages To get closed form solutions, we take the limit as ϵk → 0 ∀k. 6 In this

limit, optimal wages are

w∗
jk,t =

(
1 + γs(k)

(
δk +

hk
αj,t

)) 1
γs(k)

Vs(k). (3)

This equation captures the key force in the model: firms trade off wage costs with turnover

costs. As both δk and hk increase, turnover costs rise, incentivizing firms to pay higher wages

to avoid this costly turnover. A higher value of δk increases only the level of wages. A higher

value of hk raises the level of wages but also interacts with the output elasticity of labor αj,t:

when the output elasticity of labor αj,t is lower, firms will generally have a higher output per

worker and there are higher turnover costs for occupations with hk > 0. Therefore to avoid

the higher turnover costs, firms that employ occupations with hk > 0 with lower values of

αj,t will pay higher wages. Taking elasticities, we have

εwjk,αj
=

−hk
αj + γs(k)(αjδk + hk)

(4)

Thus, changes in firms’ output elasticity of labor affects wages only if workers have hold-up

power hk > 0.

6For ϵk = 0 the number of positions would not be pinned down, since training workers would be completely

free. However, the expression for optimal wages is not closed-form when ϵk > 0. Therefore, we take the limit

of ϵk → 0, which gives us a closed form expression for wages while preserving the unique solution.
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Note in equation (3) that total factor productivity Aj,t has no effect on wages. Instead,

total factor productivity only affects firm size. Define the total number of workers Njk,t ≡
Jjk,t + Sjk,t. Optimal employment for occupation k is

N∗
jk,t =

σjk,tαj,t

w∗
jk,t

Aj,t

(
βj,t
rK

)βj,t∏
k

σjk,tαj,t

w∗
jk,t

(
S∗
jk,t

P ∗
jk,t

)δk+
hk
αj,t

σjk,tαj,t
1

1−αj,t−βj,t

.

As this expression shows, total factor productivity Aj,t affects the optimal number of workers

but has no effect on wages.

In practice, what would be the source of variation in αj,t over time within a firm? One

explanation could be that the capital and labor intensity of production changes over time, i.e.,

βj,t rises while αj,t falls. Another possibility is that a firm’s market power changes over time,

changing the βj,t + αj,t. Recall that Yj() is a firm’s value added function, not necessarily its

revenue function. In Appendix A.7, we provide a microfoundation of finite product demand

where low αj,t can arise from product market power, which lowers the elasticity of value

added with respect to labor.

Pass-through of Productivity to Wages When trying to estimate the relationship

between wages and productivity, we will not be able to directly observe αj. However, we can

observe output per worker (i.e., firm’s average product of labor APL) and the firm’s labor

share of value added. To map the model’s results to observables, we first highlight a few

relationships that arise when firms are optimizing.

First, we have the intermediate results that junior workers are paid their marginal product

of labor and firms replace every worker who quits:

MRP J
jk,t = wjk,t

Jjk,t = Pjk,t − Sjk,t.

This also means that αj,t will be equal to the labor share, and that the share of value added

that is spent on the wages of workers in occupation k will be σjk,tαj,t:

Labor Sharej,t ≡
∑

k wjk,t(Sjk,t + Jjk,t)

Yj,t
=
∑
k

σjk,tαj,t = αj,t. (5)

Define output per worker as APLj,t ≡ Yj,t∑
k Njk,t

. Output per worker also rises as the output

elasticity of labor falls αj,t. The elasticity of measured output per worker APLj,t with respect

to αj,t is

εAPLj ,αj
= −1−

∑
k

Njk

Nj

(
hk

αj + γs(k)(δkαj + hk)

)
,

12



which is strictly negative and weakly less than −1. Thus, optimizing firms with low output

elasticities of labor have high measured output per worker.

Combining expressions, we can derive the elasticity of wages with respect to observed

output per worker due to variation in αj: ε
(αj)
wjk,APLj

= εwjk,αj
/εAPLj ,αj

.

ε
(αj)
wjk,APLj

=

hk
αj + γs(k)(δkαj + hk)

1 +
∑
ℓ

Nℓ

Nj

(
hℓ

αj + γs(ℓ)(δℓαj + hℓ)

)
︸ ︷︷ ︸

Firm-level denominator: employment-weighted pass-through

. (6)

The numerator is simply the (minus) elasticity of wages with respect to the firm’s output

elasticity of labor αj,t. The denominator takes into account that as αj,t changes, the optimal

composition of employment shifts, since changes in αj,t affect the relative optimal wages

of different occupations within the firm, and therefore the optimal employment in each

occupation. Importantly, the elasticity of wages to output per worker ε
(αj)
wjk,APLj

for each

occupation k has the same denominator, so within a firm, occupations with higher values of

hk will have higher pass-through of (measured) productivity to wages.

In total, variation in the firm’s returns to scale αj,t moves wages, the labor share, and

output per worker. In Section 4.2, we will use an instrumental variables strategy to estimate

εwjk,αj
for each occupation using these pass-through formulas.

Firm Surplus from Senior Workers When we turn to empirics, we will use worker

separations in different occupations at high- and low- labor share firms to build evidence for

which occupations give workers hold-up power.

In the model, firms find it optimal to replace the workers who quit: Jjk,t = Pjk,t − Sjk,t.

However, the firm is indifferent between replacing the final (or marginal) worker at the point

of Jjk,t = Pjk,t − Sjk,t, since the marginal product of the last junior worker MRP J
jk,t is equal

to the wage wjk,t. Thus, regardless of whether the firm replaces a worker, the surplus in the

match to the firm from retaining a senior worker is just the senior worker’s marginal product

minus their wages. This will be useful when we later estimate the profit losses of firms losing

a single worker.

As a share of the worker’s wage, the surplus of the match to the firm is:

MRP S
jk − wjk

wjk

=

(
δk +

hk
αj

)(
Sjk,t

Pjk,t

)−1

.

When firms are optimizing, the share of experienced workers who stay in the firm will

be Sjk,t/Pjk,t =
(
γ
(
δk +

hk

αj

))
/
(
1 + γ

(
δk +

hk

αj

))
. Thus when firms are optimizing, the
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surplus of retaining an experienced worker as a fraction of their wage will be

MRP S
jk,t − wjk,t

wjk,t

=
1

γs(k)
+ δk +

hk
αj,t

. (7)

As mentioned earlier in Section 2.1, δk is the turnover cost in units of wages, and so a higher

value of δk increases the surplus to the firm as a fraction of the wage. A higher value of hk

raises the surplus relative to the wage but is scaled by the inverse of the firm’s labor elasticity

αj. Lastly, the match surplus to the firm as a share of the worker’s wage depends on the

workers’ quit elasticity γs(k). This result stems from the fact that losing senior workers gets

more costly as the senior share
Sjk,t

Pjk,t
falls. With a lower value of γs(k), workers are less wage

sensitive, so firms know they can offer lower wages without losing as many workers. This

means that firms end up exploiting this monopsony power more and choose a lower value

of
Sjk,t

Pjk,t
. At these lower values of

Sjk,t

Pjk,t
, losing an additional worker is more costly. Thus, the

presence of γs(k) in this equation shows that when firms have more monopsony power, firms

exploit this power more, resulting in greater turnover by incumbent workers, which makes

the marginal incumbent worker more valuable.

Equilibrium An equilibrium is a set of capital {Kj}j, positions {Pjk}j,k, wages {wjk}j,k,
senior workers {Sjk}j,k, junior workers {Jjk}j,k, and outside options {Vs}s such that (i) firms

maximize profits and (ii) workers maximize utility.

Note that the labor market does not need to clear. Indeed, as δk and hk increase, firms

choose higher wages and fewer positions, generating unemployment in equilibrium. This is

characteristic of efficiency wage models, which we will explain more in Section 2.6.

2.4 Summary of Predictions

This model yields six main predictions. (i) Workers in high hold-up occupations should

earn higher wages compared to workers with similar outside options but in lower hold-up

occupations. (ii) Firms with higher productivity as measured by value added per worker

should pay higher wages in the cross-section, but only to workers in occupations with hold-

up power. (iii) Conditional on firm productivity, wages should not be related to firm size. (iv)

Persistent changes in firm productivity should pass through more strongly to workers’ wages

in high hold-up occupations. (v) Profit losses associated with involuntary worker separations

from the firm’s perspective should be larger for workers in high hold-up occupations. (vi)

Profit losses from involuntary separations should be larger at lower labor share firms in high

hold-up occupations.
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2.5 Discussion of Key Assumptions

In this section, we show that relaxing any of the three key assumptions - (i) position-specific

rather than firm-specific skills, (ii) only one worker can learn position-specific skills at a

time, (iii) multiplicative output losses following the separation of an experienced incumbent

— eliminates the effect of hk on wages. Intuitively, these assumptions ensure that experienced

incumbents have an exclusive ability to perform the tasks in their position in the current

period, and no other worker can replace them in the short run. If any of the assumptions

are relaxed, turnover becomes purely a cost at the margin rather than a disruption to the

firm’s inframarginal productivity, eliminating hold-up power.

Position-Specific Skills vs. Firm-Specific Skills In our model, workers must learn

the skills for a particular position. This limits the number of workers who can be trained

to the number of positions, exposing the firm to the large costs of separations after workers

have learned their position’s skills. Suppose instead that skills were firm-specific so firms

could train more workers than positions. In this environment, firms would train enough

employees to ensure that the number of experienced workers who remain equals the number

of positions. Firms would then trade off wage costs against expected training costs rather

than against disruptions to production. Since firms could ensure that Sjk,t/Pjk,t = 1, then

firms would never face inframarginal losses, and firms with different average products would

pay the same wages.7

Indivisible Positions/One Worker per Position Our model relies on the assumption

that only one worker can learn a position’s specific skills at a time, which we see as the static-

problem analogue to learning-by-doing. Suppose instead that the firm could train multiple

workers in the same position. In this case, for very important positions, firms could ‘double

up’ by training two workers and paying to have a back-up worker ready in case the first

worker leaves. In this case, firms would not be exposed to inframarginal losses due to losing

the one worker who can do the tasks of a position. Furthermore, positions are indivisible in

the sense that if a position is vacated, the firm cannot divide up the tasks associated with a

position or re-assign them to other workers.

Multiplicative Production. If workers have position-specific skills but output is not

individually complementary (i.e., hk = 0), then worker separations do not disrupt the firm’s

inframarginal output. In this case, higher productivity firms do not pay higher wages, and

7In this extension, wages would satisfy (1− w−γ)2 = ϵγw−γ−1 and not depend on δk, hk, or αk.
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the elasticity of wages with respect to output per worker satisfies εwjk,APLj
= 0. Without

complementarities, there is no economically meaningful distinction between position-specific

and firm-specific skills.

Incomplete Contracts One assumption of this model is that workers cannot post a bond

(Shapiro and Stiglitz, 1984; Dickens et al., 1989), which employers could revoke if workers

were trained and then quit before production. If this were available, firms could require a

sufficiently high bond that workers would never quit, resulting in firms never facing extra

output losses from losing senior workers. If there is no threat of inframarginal losses, then

productive firms would have no incentive to pay higher wages.

2.6 Relation to the Literature

Efficiency Wage Interpretation At its core, this model is an efficiency wage model:

when firms pay a higher wage, firms get more output per worker. DefineXjk,t ≡
(

Sjk,t

Pjk,t

)δk+ hk
αj,t ,

so value added is Yj,t = Aj,tK
βj,t

j,t

(∏
k∈K(j)Njk,tXjk,t

)σjk,tαj,t

. As an efficiency wage model,

the Solow efficiency wage conditions holds when firms are optimizing:

εXjk,wjk
= 1,

which is equivalent to the optimal wage condition in equation (3). This condition states

that when firms are optimizing, a one-percent increase in wages at the margin raises output

per worker by exactly one percent, reflecting the trade-off between higher wage costs and

improved retention of experienced workers.

Our model differs from the famous Shapiro and Stiglitz (1984) shirking model in a key

way: in our model, retention of a given worker is probabilistic, while in the Shapiro and

Stiglitz (1984), firms need only to satisfy a known no-shirking condition. This probabilistic

feature of retention in our model helps generates rent sharing: since productive firms have

more to lose from losing an experienced worker in a high hk occupation, productive firms

have a stronger incentive to pay high wages to improve retention. In a model like Shapiro and

Stiglitz (1984), firms would need only to satisfy the worker’s no-shirking condition, which

does not vary with firm productivity, and so wages would not vary with firm productivity.

Comparison with Existing Rent Sharing Models The two most common families

of models in which firms share rents with workers are monopsony models and bargaining

models.
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In monopsony models, workers earn rents at productive firms because firms with high

total factor productivity are constrained by an upward sloping labor supply curve, endoge-

nously generating both high value added per worker and high wages. Models with isolelastic

labor supply curves (Lamadon et al., 2019; Chan et al., 2020) imply a pass-through of value

added per worker to wages of 1, which is far above empirical estimates (Card et al., 2018).

Models with firms’ labor supply elasticity declining with firm size can achieve realistic rent

sharing Kline (2025) but predict that the firm size-wage premium is steeper for large firms

and that large firms have higher pass-through of TFP shocks to wages, which contradicts

empirical evidence from Bloom et al. (2018) and Chan et al. (2024), respectively. Monopsony

models as an explanation for rent sharing also are at odds with evidence from Bloesch et al.

(2025) who find that firms do not need to pay higher wages to become larger in the long

run.

The main bargaining model with multi-worker firms is Stole and Zwiebel (1996). In this

model, wages can depend on average firm productivity, as firms and workers take into ac-

count what workers’ marginal product would be if rounds of negotiations broke down. This

relationship between average productivity and wages is stronger for workers with higher bar-

gaining power. However, this dependence of wages on average productivity (in steady state)

only arises in a special case of the model where employment is fixed. When firms can choose

employment, firms intentionally over-hire to lower the worker’s marginal product, driving

the bargained wage down to the worker’s outside option. Thus, the version of Stole and

Zwiebel (1996) that is most comparable to our model, when firms can choose employment,

does not generate a relationship between firm average productivity and wages.

Relation to Incentive Pay Our model is distinct from standard models of incentive pay,

in which firms use explicit performance-contingent compensation schemes to align workers’

efforts with firm objectives. In incentive pay models, higher pay can raise output by inducing

greater effort along a measurable performance margin, and compensation is explicitly tied

to individual or team performance outcomes.

In contrast, the wage premia in our model do not arise from effort provision or moral

hazard. Instead, higher wages increase output by improving the retention of experienced

workers whose separation would disrupt production. Because skills are position-specific and

production features complementarities, the firm benefits from paying higher wages even when

worker effort is fixed. Wages, therefore, serve as a retention device rather than as an incentive

for higher effort.
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2.7 Mapping to Estimation

In this subsection, we describe how we use our model to motivate empirical exercises that

will be useful for estimating model parameters.

Persistent vs Transitory Shocks and Pass-through Estimation Later in Section 4.2

we will use pass-through regressions similar to Juhn et al. (2018) and Card et al. (2018) that

distinguish between persistent and transitory shocks to productivity. In the model presented

in Section 2, variation in αj,t generates persistent changes in output per worker, but there

are no shocks that generate transitory shocks to output per worker.

Therefore in Appendix A.3, we extend the model to have unanticipated changes in TFP

that generate transitory productivity innovations that also affect wages. Specifically, we

decompose Aj,t = A0
j,tzj,t into a component A0

j,t that is known prior to firms choosing their

capital and positions and a surprise component zj,t that is learned after capital and the

number of positions is chosen, but before wages are set. Fluctuations in zj,t therefore affect

output and optimal wages (as higher z increases the value of retaining workers), but firms are

not able to bring average productivity back down by hiring more workers within a period. We

show that this extension motivates the instrumental-variables estimation that we perform in

Section 4.2 if the variance of zt shocks is sufficiently small.

One of the challenges with estimating pass-through elasticities is that many different

shocks may affect output per worker and wages in ways that are different that variation

in αj,t. For example, variation in βj,t or σjk,t could move output per worker but does not

change optimal wages. The following proposition shows that instrumenting changes in the

labor share with longer differences in output per worker isolates the effect of persistent

variation in the output elasticity αj on wages. In the following proposition, we outline an

estimation procedure that isolates the effect of variation on the output elasticity αj on wages.

Proposition 1 Let W (z, α) and θ(z, α) be vectors of first difference in observed log wages

and firms’ log labor share, respectively, as generated by the model. Also let Z be a vector of

long differences in measured log output per worker, where the time period of Z covers the

first differences of wages and labor but does not share end points. Assume that hk, δk, and

γs(k) remain fixed.

For small shocks to zj,t and small variation in αj,t, a regression of changes in wages on

changes in the labor share, instrumented with longer periods of changes in output per worker,

approximates the elasticity εwjk,αj

(Z ′θ)−1(Z ′W ) ≈ −hk
αj + γs(k)(αjδk + hk)

. (8)
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This result holds even with shocks to Aj,t or changes in σjk,t, since neither has a persistent

effect on the firm’s labor share. We also show in Appendix A.3 that the instrumental variable

regression sweeps out transitory measurement error in output, similar to Juhn et al. (2018),

as well as persistent measurement error in wages.

Estimation of Firm Surplus Using Exogenous Separations In equation (7) we de-

rived the surplus in the match to the firm as a function of workers’ wages and other pa-

rameters. Thinking ahead to estimation, we now show that the size of this surplus can be

measured by estimating the effect of exogenous worker separations on the firm’s value added

less the wage bill.

Proposition 2 Define firm j’s wage bill as WBj,t ≡
∑

k

∑
i∈k wijk,t. Suppose a senior

worker in occupation k at firm j separates exogenously. Regardless of whether or not the

firm replaces the worker, the per-period profit loss to the firm from losing worker i is given

by

∆(Yj,t −WBj,t) ≈ −wijk,t

(
1

γs(k)
+ δk +

hk
αj,t

)
. (9)

Proof: see Appendix A.4. This proposition states that in response to an exogenous worker

separation, the change in value added net of the wage bill relative to the deceased worker’s

prior wage equals the match surplus share of the worker’s prior wage. This result holds in

the model regardless of whether the firm replaces the exogenously separated worker, since

at the margin, replacement workers are paid their marginal product wjk,t =MRP J
jk,t.

Indirect Inference Equations (8) and (9) show how to map moments based on observ-

ables (value added, value added per worker, labor share, wages, and wage bill) back into

parameters. In practice, we will estimate three moments for each occupation: the effect of

worker deaths on profits at low labor share firms, the effect of worker deaths on profits at

high labor share firms, and pass-through elasticities. Taking as given external evidence on

separation elasticities to pin down γ, the model has three moments and two parameters, so

our model will be over-identified.

3 Data

In the empirical part of this paper, we use two different sources of data: administrative data

on workers and firms from Denmark from 2008 to 2019, and job posting data in the US from

Lightcast from 2010 to 2018.
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3.1 Danish Administrative Data

We use administrative data from Denmark on workers and firms from 2008-2019 to generate

a merged employer-employee panel data set. For the worker data, we use the IDAN registry,

which reports workers’ earnings, hours, occupation, firm, and establishment.8 Beginning in

2008, wage information is drawn from the e-indkomst monthly online reporting database,

which is regarded as highly reliable. We also use the BFL database, which reports similar

information to IDAN but on a monthly level. The demographic registries provide information

on age and education. The timing of worker deaths is obtained in the DOD registry, which

records the date of all deaths in Denmark.

For firm data, we use the FIRM registry, which is an annual dataset containing data on

firm sales, value added, employment (measured in full-time equivalents), gross salaries, and

gross profits. The unit of observation is the firm, which is identified by the variable cvrnr

rather than by establishments, which are identified with arbnr, as firm financial variables

such as value added are reported only at the firm level. Financial data is reported from May

of year t to April of year t+ 1.

In our empirical exercises, we use overlapping samples of Danish firm and worker data.

In the section estimating the effect of worker deaths, we use data from 1,331 firms that

experienced one worker death during the sample period, all of which have between 5 and 100

full-time equivalent employees, as well as up to five matched control firms. The summary

statistics for this sample can be found in the first three rows of Table 1. On average, the

firms in the sample employ [45.9] full-time equivalent workers and produce approximately

[$4.3] million in value added.

In the pass-through exercises, we use a much larger sample of workers and firms, including

all full-time workers employed at a private sector firm that report value added and industry

and employ, on average, at least five full-time equivalent workers. Summary statistics on the

firms in this sample can be found in the bottom three rows of Table 1. There are [100,993]

unique firms, with [8,081,081 worker]×year observations. There are approximately [1 million

worker]× firm observations per year, out of a labor force of about [2.5] million.9

8Many workers’ occupations change in 2009 but are the same in years 2008 and 2010. For workers whose

employer is the same between 2008-2010 and the occupation is the same in 2008 and 2010, we impute the

occupation in 2009.
9Public-sector employment, part-time employment, and self-employment account for the remainder of the

workforce.
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Table 1: Firm Summary Statistics

Note: The following table reflects data from an out-of-date sample. Results will be

updated upon renewed data access.

Deaths Sample - Firms

N =1218 mean sd

Full Time Equivalent (FTE) 45.9 23.7

Value Added ($, million) 4.327 3.894

VA-salaries ($, million) .851 2.936

Pass-through Sample - Firms

Average taken across: Firms Workers

N= 8,081,081 mean sd mean sd

Full Time Equivalent (FTE) 75.9 346 1,794 3,966

Value Added ($, million) 9.14 63.1 221.6 661

VA/Worker ($, thous) 106.7 389 116.3 178

[This table reports summary statistics for the firm samples used in the deaths and pass-through analyses.

In the deaths analysis, we restrict our attention to firms with an average number of full-time equivalent

employees between 5 and 100 in the three years before the death. The average firm has 45.9 workers and

produces approximately $4.3 million worth of value added each year (deflated to 2005 dollars). In the pass-

through sample, we use larger firms, restricting attention to firms with an average of at least 5 full-time

equivalents over the sample. The average firm in the sample has 76 full-time equivalent employees, but the

mean of firm size across workers is 1,794 employees. Value added per worker is similar depending on if we

weight by firms or workers, at about $100,000 per worker.]

Grouping Occupations Danish occupations are categorized according to the Danish In-

ternational Standard Classification of Occupations, or DISCO codes, which consists of ten

one digit occupation groups. We exclude agricultural and armed forces occupations from

the analysis. Summary statistics on workers’ wages, average tenure, differentiation score

(which we will explain in Section 4.3), average years of schooling, and share of employment

by DISCO group in the 2008-2019 pass-through sample are shown in Table 2.
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Table 2: Mean Characteristics of 1-Digit Occupation Groups

(1) (2) (3) (4) (5)

DISCO Group Log Wage Tenure Diff. Score Educ Emp Share Broad Group
Managers 5.77 7.6 1.89 14.8 5.9 Manager

(.54) (7.1) (.45) (2.2)

Professionals 5.59 5.7 1.41 16.2 13.6 Mid-wage
(.36) (5.6) (.84) (2.2)

Technicians 5.38 6.3 0.62 14.5 15.7 Mid-wage
(.35) (6.3) (.77) (1.9)

Crafts 5.26 6.6 -0.01 13.5 13.2 Low-wage
(.34) (6.8) (.84) (1.9)

Assembly 5.23 7.2 -0.87 12.4 11.5 Low-wage
(.23) (6.9) (1.27) (2.3)

Administrative 5.15 6.4 -0.02 13.5 10.6 Low-wage
(.30) (6.6) (.74) (2.0)

Service 4.91 3.6 -2.01 12.2 15.7 Low-wage
(.37) (4.3) (.88) (2.1)

Manual 5.03 4.5 -1.51 11.9 13.8 Low-wage
(.37) (5.3) (.89) (2.5)

This table reports summary statistics for 1-digit DISCO occupation groups in Danish matched employer–

employee data, using the sample described in Section 3. The data cover the period 2008–2019 and include

workers employed at firms with an average of at least 5 employees that report value added. All statistics

are computed at the worker level and then averaged within occupation groups. Log wages are annual log

earnings deflated to 2005 prices. Tenure measures years of tenure with the current employer. Diff. Score is a

standardized measure of task differentiation, with higher values indicating occupation where a job’s requires

skills differ from the required skills of other jobs in the firm, which we will explain in Section 4.3. Educ

reports average years of completed schooling. Emp Share reports the average share of total employment

accounted for by each occupation group over the sample period. The final column maps each DISCO group

into the broad occupation categories.

Throughout the paper, we divide workers into three broad occupation groups: managers

(DISCO group 1), professionals and technicians are grouped into “middle-wage” occupations

(1-digit DISCO codes 2 and 3), and crafts, assembly, administrative, service, and manual

occupations are grouped into “low-wage occupations” (1-digit DISCO codes 7, 8, 4, 5, and

9, respectively).

At the top of the labor market, both managers and professionals exhibit high wages, high

levels of education, and high levels of within-firm task differentiation. We nevertheless dis-

tinguish managers from professionals and technicians because we conjecture that managerial

inputs may be more complementary in production than non-managerial inputs. We com-

bine other occupation groups based on occupational characteristics and worker flows across
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occupation groups.

Institutional Setting Denmark is known for its “flexicurity” model of labor market insti-

tutions, characterized by a generous welfare state and high union density, but with limited

employment protections, high labor mobility, and industry-level collective bargaining. There

is no statutory national minimum wage. Instead, minimum wages are negotiated at the in-

dustry level through collective bargaining between labor unions and employer organizations,

while firms retain considerable scope to set individual wages above these negotiated minima.

Labor mobility, measured by hiring and separation rates, is high by OECD standards and

is more similar to the US than to most continental European economies (Caldwell and Har-

mon (2019)). In recent decades, firm-level bargaining has become increasingly important in

determining wages (Dahl et al. (2013)).

3.2 Lightcast Job Posting Data

We use vacancy data from Lightcast, which covers nearly the entire universe of online job

postings in the United States from 2010-2018. The job postings include information such

as location, employer, and 6-digit SOC occupation codes. Further, the job postings include

detailed information about the skill requirements posted with every vacancy, which Lightcast

cleans and categorizes into broad skill categories. We describe merging the 6-digit SOC codes

used by Lightcast to Danish ISCO in Section 4.3.

The Lightcast data have several advantages for our analysis. Most importantly, the

standardized skill information is derived directly from the text of job postings, allowing us

to measure skill requirements at a highly detailed level. This level of detail is essential because

we construct an index of how unique a job’s skill requirements are relative to other positions

within the same firm. Our measure therefore captures differences in skill requirements across

positions, even within the same occupation and firm.10

4 Empirical Evidence

This section presents the main empirical evidence. We first estimate the pass-through of

persistent productivity changes to wages and then examine the effects of worker deaths on

firm profits.

10Jensen (2024) use Danish job vacancy data provided by HBS Economics and classify the text of job

postings into nine broad skill categories, which is too coarse for our purposes. Bagger et al. (2022) use

vacancy data from Jobindex A/S, which are useful for measuring the number of vacancies but do not provide

the detailed skill classifications available in Lightcast.

23



4.1 Cross-Sectional Evidence

We begin by documenting cross-sectional empirical relationships predicted by the model.

First, Figure 3 reports the cross-sectional relationship between firms’ log value added per

worker and the firms’ labor share of value added. Both of these statistics are calculated as

the average from 2008-2019. The two variables are negatively related: firms with a high

value added per worker have low labor shares, with an elasticity of around -0.5.

Figure 3: Firm Value Added per Worker and Labor Share

This figure reports the relationship between log firm value added per worker and firm labor share. Variables

are constructed as a firm-level average between 2008 and 2019.

Next, we report the elasticity of wages with respect to firm size and firm productivity in

the cross-section, both for all occupations and separately for our three occupation groups.

We restrict our sample of workers to workers who have been in their firm for at least two full

years. Because we are starting with descriptive evidence and are not using our instrumental

variables strategy yet, we want a measure of output per worker that approximates αj,t. To

do so, we construct a measure of output Ŷj,t that is residualized to remove variation due to

the composition of its occupations. We explain how we residualize value added per worker

in Appendix B.2. Our full cross-sectional specification takes the form:

log(wijk,t) = ωN logNj,t + ωY Ŷj,t +
∑
k∈K

ωk Ŷj,t × 1{i ∈ k}+Xiβ + Zjτ + Fkθ + eijk,t, (10)

where Xi is a vector of person controls, Zj is a vector of firm controls, Fk denotes detailed

occupation fixed effects, and eijk,t is a person-firm-occupation-year error.
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Table 3: Cross-Sectional and Pass-Through Estimates by Occupation Group

Note: The following table reflects data from an out-of-date sample. Results will be

updated upon renewed data access.

logw
OLS

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

Productivity Ŷ .075** . . .
(.005)

logFTE . .015** . -.023**
(.003) (.003)

Ŷ × 1{Managers} . . .249** .292**
(.015) (.012)

Ŷ × 1{Middle Wage} . . .072** .116**
(.007) (.007)

Ŷ × 1{Low Wage} . . .042** .093**
(.007) (.006)

Occ FE Digit 3 3 3 3
Observations (Thous.) 5,108 5,108 5,108 5,108
R-squared .472 .458 .483 .486
Clustered SE’s Firm Firm Firm Firm

Standard errors in parentheses
** p < 0.01, * p < 0.05

This table reports estimates for equation (10). The first column reports including results including only

firm productivity, and the second column reports results including only firm size. The third column includes

firm productivity interacted with dummies for each broad occupation group, and the fourth column again

includes firm size as a control. The standard deviations for average Ŷ and the log of FTE are 0.63 and 1.96,

respectively. All regressions include individual worker controls, firm age, workers’ lagged tenure, years of

education, years of education squared, potential experience, interactions of education and potential experi-

ence, as well as dummies for sex, year, and 1-digit industry code.

We report results for equation (10) in Table 3. In the first column, we set ωN = ωk = 0 ∀k
and include only our measure of output per worker, showing that the elasticity of wages with

respect to output per worker is about .075. The second column reports the regression that

includes only log number of full-time equivalent employees (ωY = ωk = 0 ∀k), which reports

an elasticity of .015. Column 3 includes as regressors firm productivity interacted with a

dummy for our three large occupation groups, excluding the coefficient on firm size (ωN = 0).

Similar to what we saw in Figure 1a, managers have the steepest slope of wages with respect

to firm productivity, followed by middle-wage occupations, and low-wage occupations have

the flattest slope. Column 4 includes the full specification, which steepens the slope of wages

with respect to output per worker for each occupation. Confirming the patterns in Figure

1, managers have the steepest slope of wages with respect to productivity, middle-wage
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occupations have a substantially lower slope, and low-wage occupations have the smallest

slope.

4.2 Pass-through of Persistent Productivity Changes to Wages

From the model, we are interested in changes in wages due to shifts in the firm’s output

elasticity of labor, as these are the shifts that generate persistent changes in output per

worker persistent rent-sharing for workers with hold-up power. We focus on the elasticity

of wages of each occupation k with respect to the labor elasticity αj because it is strictly a

function of parameters, whereas the elasticity of wages with respect to output per worker

depends on the composition of occupations and the source of variation. As described in

Proposition 1, we can recover the elasticity of wages for each occupation k with respect to

the labor elasticity αj by instrumenting changes in the labor share with longer changes in

output per worker. Define ∆3xt ≡ xt+2 − xt−1 and ∆7xt ≡ xt+4 − xt−3. We implement

various versions of the pass-through regression using:

∆3 logwijk,t =
∑
k∈K

τk ∆3Yj,t × 1{i ∈ k}+Xiβ + Zjτ + Fkθ + eijk,t, (11)

where ∆3Yj,t is the difference in firm-level regressor Y from period t − 1 to t + 2, Xi is a

vector of person controls, Zj,t is a vector of firm controls, Fk denotes detailed occupation

fixed effects. We run specifications where Y may be log value added per worker, residualized

value added, and the firm labor share. The sample of workers include workers who were in

the firm continuously from period t−3 to t+2, so that the worker had at least two full years

of tenure with the firm and stayed in the firm throughout the measured duration. Standard

errors are clustered at the firm level.

We choose a horizon of s = 2, so we take differences of wages and the labor share over

three years. Taking longer horizons of changes in wages and the labor share should reduce the

share of the variance due to temporary shocks and measurement error, making our estimates

more precise. For our instrument, we choose seven year changes in value added per worker.

Building on the argument in Juhn et al. (2018), if temporary shocks or measurement error

last for more than one year, using a wider bracket of time periods for the instrumental

variable filters out the effects of the temporary shocks or measurement error. Using a seven

year window for the instrument for three year differences in the dependent and independent

variable will sweep out variation from lagged effects of temporary shocks.

Columns (1) and (2) of Table 4 report OLS regression of three year changes in log wages

on three year changes in value added per worker and residualized value added. Managers have

higher pass-through of productivity to wages than middle-wage and low-wage occupations.
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The pass-through elasticities are fairly small, between one-fifth and one-third of the cross-

sectional elasticities. Column (3) reports the regression of three year changes in log wages on

three year changes in the firm’s labor share. These point estimates are all negative as would

be implied by the pass-through elasticity in equation 4. However, all the point estimates

are close to 0, consistent with positive bias that would mechanically arise from wages being

both on the left and right hand sides of the equation.

Table 4: Within-Firm Pass-through of Productivity to Wages

OLS IV
∆3 logw ∆3 logw ∆3 logw ∆3 logw ∆3 logw

(1) (2) (3) (4) (5)
Manager .051*** .049*** -.009** -.277*** -.327***

(.004) (.003) (.004) (.055) (.052)
Middle Wage .018*** .019*** -.006*** -.107*** -.129***

(.002) (.002) (.002) (.035) (.023)
Low Wage .018*** .018*** -.001 -.053*** -.076***

(.002) (.002) (.002) (.021) (.021)
Constant .044*** .045*** .043*** . .

(.011) (.011) (.011)

Independent Variable ∆3 log(Y/N) ∆3Ŷ ∆3 Lab Sh ∆3 Lab Sh ∆3 Lab Sh

Instrument . . . ∆7 log(Y/N) ∆7Ŷ
Observations 1,854,716 1,821,646 1,869,005 892,550 804,977
R-squared .049 .050 .046 -.010 -.018

Robust standard errors in parentheses
*** p < 0.01, ** p < 0.05, * p < 0.10

This table reports estimates of equation (11). All regressions include worker controls, firm controls, detailed

occupation fixed effects, and year fixed effects. Columns (1)–(3) report OLS estimates using three-year

changes. Columns (4)–(5) report IV estimates of the semi-elasticity of wages with respect to the labor share,

instrumenting three-year changes in the labor share with seven-year changes in log value added per worker

or residualized value added. Robust standard errors are clustered at the firm level.

Columns (4) and (5) of Table 4 report the IV estimates where the independent variable

is the three year change in the labor share. In column (4), the instrument is seven year

changes in log value added per worker. In Column (5), the instrument is seven year changes

in the residualized measure of value added. Managers have a semi-elasticity of wages with

respect to the labor share of -.327, middle-wage occupations have a semi-elasticity of -.129,

and low-wage occupations have a semi-elasticity of -.076. The results from column (5) are

reported graphically in Figure 4.
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Figure 4: Pass-through Semi-Elasticity of Labor Share to Wages, Three Occupation Groups

This figure reports the results of the IV pass-through estimation using equation (11) for three broad oc-

cupation groups. Managers exhibit the steepest coefficient, with a point estimate of -.327. Middle-wage

occupations (professionals and technicians) have an intermediate coefficient of -.129, while low-wage occu-

pations (crafts, assembly, administrative, service, and manual jobs) have the smallest coefficient at -.076.

4.3 Supporting Evidence: Task Differentiation in US Job Postings

In the previous section, we showed that managers have the highest pass-through of produc-

tivity to wages, followed by middle-wage occupations, with low-wage occupations having the

lowest pass-through. Through the lens of our model, this would suggest that managers have

the greatest hold-up power h, while low-wage occupations have the lowest hold-up power.

In this section, we use more granular information about occupations to provide evidence

that supports our hypothesis that heterogeneity in hold-up power is driving pass-through of

productivity changes to wages. As we explained in Section 2, one of the key features that give

workers hold-up power is that skills are position-specific, and so it is hard for other workers

even with the same firm to perform each others’ tasks. Therefore we want to measure, for

each occupation, on average how different are tasks in a given job are from the tasks of other

jobs within the firm.

To achieve this, we construct a“differentiation score” using online job postings from

Lightcast for each 6-digit SOC occupation. To construct the differentiation score, we apply

a clustering algorithm that allocates job postings within an establishment to clusters based

on the set of skill subcategories associated with each posting. The algorithm is called ROCK

(Guha et al. (2000)), or “RObust Clustering using linKs,” and is designed for clustering cat-

egorical data.11 Lightcast, formerly Burning Glass Technologies, extracts and standardizes

11A common application is to cluster transaction data in which sets of goods are frequently purchased
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the skills listed in job postings and organizes them into a hierarchical taxonomy consisting of

individual skills, skill subcategories, and broader skill categories. The intermediate level, skill

subcategories, is the level of aggregation that we use in the ROCK clustering algorithm.12

Specifically, each posting is represented by a vector of indicators for whether a skill from

each subcategory appears in the posting. Examples of the relationship between individual

skills, skill subcategories, and skill categories are provided in Appendix Figure ??. There are

442 distinct skill subcategories in the processed data. An example allocation of job postings

to ROCK clusters is shown in Appendix Figure B.2.

To compute the differentiation score by detailed (6-digit SOC) occupation, we aggregate

three statistics across establishments: (i) the share of job postings assigned to a nonmissing

ROCK cluster (ii) among clustered postings, the log of the posting-weighted average cluster

size and (iii) the share of clustered postings assigned to relatively small clusters, defined as

clusters containing no more than 15 postings. We then take the first principal component of

these three measures and orient its sign so that higher values indicate greater differentiation.

The three components capture whether postings are difficult to group with other postings at

the same establishment and, conditional on being grouped, whether they belong to relatively

small or large groups of jobs with similar skill requirements. Summary statistics for the

differentiation score by occupation, aggregated to the 1-digit DISCO level, are reported in

column (3) of Table 2. We construct these statistics by merging U.S. SOC occupations to

DISCO codes in the Danish administrative data,13 and then computing weighted averages

of the differentiation scores within each DISCO group.

Consistent with our hypothesis about different levels of hold-up power, managers exhibit

the highest levels of task differentiation, followed by middle-wage occupations (professionals

and technicians). Low-wage occupations, including crafts, assembly, administrative, service,

and manual jobs, have substantially lower differentiation scores on average. This pattern mir-

rors differences in estimated hold-up power across occupation groups while also highlighting

meaningful heterogeneity in task differentiation among occupations with similar average lev-

els of education. At the detailed occupation level, examples of differentiation scores include

“Computer and Information Systems Managers” (1.67), “Pharmacists” (-0.27), “Construc-

tion Equipment Operators” (0.49), and “Cooks, fast food” (-2.21).

Next, we will estimate similar pass-through regressions as in the previous section, but

together.
12The earlier Burning Glass taxonomy referred to this intermediate level as “skill clusters.” In the current

Lightcast data, the corresponding fields are labeled “skill subcategories.” We use the latter terminology to

distinguish these taxonomy categories from the clusters produced by the ROCK algorithm.
13A special thanks to Eskil Heinesen for providing the crosswalk of U.S. SOC occupations to Danish ISCO

codes.
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now including our task differentiation measure as an interaction term. Additionally, we

will compare our task differentiation measure with the average level of education in an

occupation, showing that task differentiation does a better job of predicting pass-through

than education.

4.3.1 Levels and Pass-through: Task Differentiation vs. Education

We now estimate regressions of the level of wages on firm productivity, average occupa-

tional education levels, average occupational task differentiation, and interactions of our

occupation-specific measures and firm productivity according to the following specifications:

log(wijk,t) =η1Ŷj,t + η2Educk(i) + η3Diffk(i) +Xiβ + Zjτ + eijk,t (12)

log(wijk,t) =η1Ŷj,t + η2Educk(i) × Ŷj,t + η3Diffk(i) × Ŷj,t +Xiβ + Zjτ + Fkθ + eijk,t. (13)

The specification in equation (12) estimates the effect of workers being more educated on

average in an occupation or the level of task differentiation on the level of wages. Estimates

are reported in the first three columns of Table 5. After controlling for both individual and

average occupational education, an occupation that is one standard deviation above average

in task differentiation will pay around 5 percent higher wages than an occupation with an

average level of task differentiation.

The specification in equation (13) includes occupation fixed effects and interaction terms

of firm productivity and average occupational education and task differentiation. Column

4 of Table 5 reports the interaction regress including only the interaction on regression,

finding that the elasticity of wages with respect to value added per worker residuals is .014

percentage points higher for every year of average educational attainment. Column 5 includes

only the interaction term on task differentiation, showing that a one-standard deviation

in task differentiation increases the pass-through elasticity by .030. When including both

average education and task differentiation in Column 6, we have that the coefficient on the

interaction between task differentiation and firm productivity is positive and statistically

significant, while the coefficient on the interaction term with education is effectively zero.

This suggests that higher task differentiation, not higher overall education levels, predicts

that wages rises with productivity more in the cross-section.
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Table 5: Task Differentiation and Education: Wage Levels

Note: The following table reflects data from an out-of-date sample. Results will be

updated upon renewed data access.

logwt

Levels - OLS
(1) (2) (3) (4) (5) (6)

Ŷt .121*** .130*** .118*** .112*** .107*** .106***
(.009) (.010) (.009) (.006) (.006) (.009)

Educ Yearsj .094*** .074***
(.002) (.003)

Diff. Scorej .109*** .047***
(.005) (.005)

Ŷt × Educ Yearsj .014*** .002
(.003) (.002)

Ŷt ×Diff. Scorej .030*** .028***
(.003) (.002)

Occupation FE No No No Yes Yes Yes
Observations (Thous.) 4,091 4,091 4,091 4,091 4,091 4,091
R-squared .397 .373 .493 .490 .491 .491
Clustered SE’s Firm Firm Firm Firm Firm Firm

This table reports OLS results for equation (12) and (13). Sample sizes are smaller than in Table 3 because

this table only includes occupations with successfully merged differentiation scores. Controls in each regres-

sion include the firm age, workers’ lagged tenure, individual years of education, years of education squared,

potential experience, interactions of education and potential experience, as well as dummies for sex, year,

and 1-digit industry code.

Next, we estimate pass-through of productivity to wages, including interaction terms on

average education and task differentiation. The regressors are three year changes in the firm

residualized value added ∆3Ŷj,t, as well as interactions between these productivity changes,

the differentiation score, and average occupational education attainment. The instruments

are the seven year changes in residualized productivity and corresponding interactions, and

we include detailed occupational fixed effects to absorb time-invariant differences in wage

levels across occupations. We estimate:

∆3 log(wijk,t) = χ1∆3Ŷj,t+χ2∆3Ŷj,t×Educj+χ3∆3Ŷj,t×Diffj+Xiβ+Zjτ+Fkθ+eijk,t (14)

Table 6 reports IV estimates of the pass-through of firm productivity shocks to wages,

interacted with occupation-level characteristics. Column (1) includes interactions between

productivity changes and average occupational education and shows that higher-education

occupations do not exhibit significantly higher pass-through. Column (2) instead interacts

productivity changes with the task differentiation score and shows a strong, positive, and sta-
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tistically significant relationship between task differentiation and pass-through. Column (3)

includes both interaction terms simultaneously. After conditioning on average occupational

education, the interaction between productivity changes and task differentiation remains

positive and statistically significant.

Table 6: Task Differentiation and Education: Pass-Through

Note: The following table reflects data from an out-of-date sample. Results will be

updated upon renewed data access.

∆3 logwt

Pass-through - IV

(1) (2) (3)

∆3Ŷt .063*** .058*** .058***

(.008) (.008) (.008)

∆3Ŷt × Educ Yearsj .005 -.003

(.004) (.004)

∆3Ŷt ×Diff. Scorej .016*** .020***

(.006) (.006)

Observations (Thous.) 935 935 935

R-squared .023 .022 .022

Standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

This table reports estimates for equation (14). Controls in each regression include the firm age, workers’

lagged tenure, individual years of education, years of education squared, potential experience, interactions

of education and potential experience, as well as dummies for sex, year, and 1-digit industry code.

Taken together, these results indicate that task differentiation is a much stronger predic-

tor of heterogeneity in wage pass-through than average occupational education. We interpret

this pattern as evidence that individual hold-up power is not determined solely by traditional

measures of skill or education: workers in highly educated occupations need not exhibit high

hold-up power if the production process lacks complementarities or if skills are not posi-

tion specific. This is particularly relevant for our highest earning occupations: managers,

professionals, and technicians. Managers have no higher education than the other two occu-

pation groups but exhibit substantially higher task differentiation and higher pass-through

elasticities.

In the next section, we will provide further evidence that separations by managers and

middle-wage occupations generate greater profit losses than for low-wage occupations, and

consistent with our theory of differences in hold-up power, that the profit losses are higher
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at low-labor share firms.

4.4 Firm Profit Losses from Worker Deaths

In this section, we estimate the effect of worker deaths on value added net of the wage bill

relative to the deceased worker’s prior wage using a matched event study specification with

a continuous treatment intensity. We estimate the effect for our three broad occupation

groups, and we split firms into high- and low-labor share firms. We find that losses in value

added net of the wage bill are the greatest following manager deaths and the least following

deaths of low-wage workers. We further find that losses are higher at low labor share firms

than at high labor share firms for managers and middle-wage occupations, consistent with

higher levels of hold-up power for these two occupation groups.

Sample and Variable Construction Our sample includes deaths between 2008 and

2016 and firm outcomes from 2005 to 2019. We restrict the sample to deaths of non-owner

workers14 who were employed at the firm in the month prior to the death and who worked

at least 100 hours in that month.15 We restrict attention to firms with 5 to 100 full-time

equivalent employees to ensure that the effect of a worker death is large relative to the typical

variance of output and profit. Given the length of our sample, we use an event window of

seven periods, denoted s = −3, ..., 3, with the death occurring in period s = 0. Firms k are

matched to five control firms based on exact year and 1-digit industry in period s = -3. The

selected control firms minimize the sum of squared differences in log firm size (measured

in full-time equivalent workers), log wage bill, and log value added in periods s = -3. We

construct the control group by averaging outcomes across the matched firms using equal

weights. Treated firms are excluded from the potential controls.

We match treated to control firms in period s = −3 because matching on the period

immediately preceding the death would induce mechanical mean reversion in our setting.

Our empirical analysis compares worker deaths across firms with high and low labor shares,

but measured labor shares are affected by transitory productivity shocks and measurement

error. Firms classified as low labor share based on period s = −1 are therefore likely to

have unusually high value added net of the wage bill in that period relative to otherwise

similar firms. Matching in the same period would consequently pair treated firms with

14Individuals in this sample are very unlikely to be employers: our deaths sample is derived from the BFL

database, where very few workers have a value of “A” for the variable type, indicating that the individual is

the owner of a firm.
15Other studies such as Bertheau et al. (2021) and Jäger (2016) restrict the sample to exclude deaths

where the worker had a long-term illness or had prior visits to the hospital.
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controls that have systematically different labor shares, leading to spurious convergence

after the matching period. To avoid this issue, we construct the matched sample using firm

characteristics measured in period s = −3 and then evaluate pre-trends over periods s = −2

and s = −1. The absence of differential pre-trends provides evidence that the matching

procedure successfully removes these mechanical differences before the worker death occurs.

We will estimate the effect of worker deaths on two different outcomes: value added and

the wage bill. Let Oj,t be a given outcome in year t, where t is calendar time. We construct

a within-match j, within-period t difference Õj,t = (Otreated
j,t −Ōcontrol

j,t )/Nj,t−1, where Ōcontrol
j,t

is the average outcome of the matched control firms that are matched to firm j, and Nj,t−1

is the number of full-time equivalent workers in the year prior to the shock. wj,t−1 is the

prior annual wage of the deceased worker at firm j, and w̃j,t−1 = wj,t−1/Nj,t−1 scales the

size of the shock by the firm’s prior size. We scale both sides by firm size Nj,t−1 to reduce

heteroskedasticity, as the variance of (Otreated
j,s − Ōcontrol

j,s ) increases with firm size.

Monetary values are deflated into 2005 Danish kroner and converted to dollars using 6

DKK/USD. We winsorize the differences in value added net of the wage bill Õj,s at the 2.5th

and 97.5th percentiles separately for pre- and post-treatment observations. Note that deaths

occur within the s = 0 period, so the coefficient β0 will reflect a partial treatment effect.

Specification and Results To first build descriptive evidence about worker deaths, we

estimate an event study specification. Let t be calendar time and s be event time, where a

worker death occurs in period s = 0. We estimate

Õj,t = ψj +
3∑

s=−3
s ̸=−1

βs ·Dj,t−s · w̃j,t−1 + εj,t, (15)

pooling across deaths by workers in all occupations. The regression in equation (15) recovers

a dynamic sequence of coefficients βs that trace out the effect of a worker separation over

time.

Figure 5 reports the results of equation (15), pooling across occupation groups and using

both value added and the wage bill as outcome variables. In the year of the death, value

added falls by about 70% of the workers’ salary and the wage bill falls by around 45% of

the deceased worker’s salary. Effects are smaller in period 0 because deaths occur during

the fiscal year of the firms, so the effects of the death are not felt for the entire year. By

period 1, value added falls by over 130% of the deceased worker’s salary, and the wage bill

falls by around 80% of the deceased worker’s salary. Value added and the wage bill remain

persistently depressed three years after the death. Visually inspecting the pre-trends suggests
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that firms that experience worker deaths are on similar trajectories as firms without worker

deaths in terms of value added and their wage bill.

Figure 5: Effect of Worker Death on Firm Value Added and Wage Bill

This figure reports event-study estimates of the effect of worker deaths on firm outcomes using equation (15).

The figure plots the estimated coefficients βs from a regression of within-match differences in firm outcomes

on event-time indicators interacted with the size of the shock, pooling across occupation groups. Outcomes

are measured as value added and the wage bill, expressed in units of the deceased worker’s prior annual

wage. Each point represents the estimated effect in period s relative to the pre-treatment period, with s = 0

denoting the year of death. Standard errors are clustered at the match level and 95% confidence intervals

are shown.

Next, we estimate the effect of worker deaths on value added net of the wage bill sepa-

rately for our three occupation groups. We estimate the following regression

Õj,t =ψ
j
k +

∑
k

−2∑
s=−3

βk,s ·Dk
j,t−s · w̃k

j,t−1 +
∑
k

βk,post ·Dk,post
j,t · w̃k

j,t−1 + εj,t, (16)

where Oj,t = Y treated
j,t −WBtreated

j,t , Ōcontrol
j,t is the average value added net of the wage bill

of the matched control firms that are matched to firm k, Õj,t = (Otreated
j,t − Ōcontrol

j,t )/Nj,t−1,

Dk
j,t−s is an indicator for event time s at firm j where the deceased worker’s occupation is

occupation k, Dk,post
j,t is an indicator for event time s ∈ {0, 1, 2, 3} at firm j for occupation

k, and w̃k
j,t−1 is the wage of the deceased worker in firm j in occupation k in the year prior

to their death. The coefficient βk,post captures the average effect of a death of a worker in

occupation k on value added net of the wage bill over the treatment periods from s = 0 to

s = 3.
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Figure 6a reports the estimates of the effect of a worker death on firms’ value added net

of the wage bill for each occupation group, measured as annual losses expressed in years of

prior wages. Pooling all occupations, the average annual loss of value added net of the wage

bill is around .5, indicating that profits fall by 50% of workers’ prior salary in response to a

death. For managers the effect is the highest, with profit losses around 90% of workers’ prior

salary. For middle-wage occupations, losses are close to 60% of workers’ prior salary. For

low-wage occupations, the point estimate for profit losses is around 30% of workers’ prior

salary, but this is not statistically significant.

Finally, we estimate the effect of worker deaths on value added net of the wage bill by

occupation and by firm labor share, splitting the sample between firms that have a labor

share above or below 0.8. This division roughly splits the sample in half between high and

low labor share firms. We estimate:

Õj,t = ψj
k+
∑
k

−2∑
s=−3

βlow
k,s ·Dk

j,t−s · {α̃j,t−3 > .8} · w̃k
j,t−1 +

∑
k

βlow
k,post ·D

k,post
j,t · {α̃j,t−3 > .8} · w̃k

j,t−1

+
∑
k

−2∑
s=−3

βhigh
k,s ·Dk

j,t−s · {α̃j,t−3 < .8} · w̃k
j,t−1 +

∑
k

βhigh
k,post ·D

k,post
j,t · {α̃j,t−3 < .8} · w̃k

j,t−1

+εj,t, (17)

where the notation is the same as before, except that we separately estimate the effects of

workers deaths for firms with labor shares in period t− 3 that are above and below 0.8.

Figure 6b plots estimates for {βhigh
k,post} and {βlow

k,post}. Recall that firms with low labor

shares have high productivity, and firms with high labor shares have low productivity, so the

superscript high refers to productive, low labor share firms. We find that deaths by managers

and workers in middle-wage occupations at high-productivity (low labor share) firms generate

large and statistically significant profit losses, but the effects are not statistically significant

in low-productivity firms. For workers in low-wage occupations, worker deaths do not have

a significant effect on firm profits at either high or low productivity firms. We report the

point estimates for this figure in a table in Appendix A.5.

Bertheau et al. (2021) also estimate the effects of worker deaths on firm profits in Den-

mark. Our analysis differs in a few ways. Because we do not have access to the SPELLS

dataset, it is difficult to identify prior to 2008 which workers are still employed at the time

of their death. To deal with this smaller sample in terms of years of data, we have two other

differences in our methodology. First, we include worker deaths at firms with up 100 full-time

equivalent workers, while Bertheau et al. (2021) limit their analysis to firms with 30 workers

or fewer. The challenge of using larger firms is that the variance of profit changes becomes
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large relative to the size of the shock due to a worker death. We address this by scaling

our treatment intensity by in the inverse of firm size, which reduces heteroskedasticity and

increases precision. We also scale the treatment intensity of the shock with workers’ prior

wage, as advised by our theory. Additionally, our sample of worker deaths uses all deaths,

similar to Smith et al. (2019), rather than including only unexpected deaths as Bertheau

et al. (2021) do, as using unexpected deaths would reduce our already small sample by over

60%. Finally, our theory motivates us to look at different effects of worker deaths by firm

labor share, which is not the focus of Bertheau et al. (2021).

Figure 6: Effect of Death on Value Added Net of the Wage Bill, in Units of Prior Wages of

the Deceased Worker

(a) by Occupation
(b) by Occupation and Labor Share

This figure reports event-study estimates of the effect of worker deaths on firm value added net of the wage

bill using equation (16) and (17). Estimates are expressed in units of the deceased worker’s prior annual

wage and reported as average per-year losses over the treatment periods s = 0 to s = 3. Results are shown

separately for the three occupation groups used throughout the paper: managers, middle-wage occupations,

and low-wage occupations. Panel (b) further splits the sample by labor share, comparing low- and high-labor

share firms. Error bars denote 95% confidence intervals.

Overall, our estimates support the hypothesis that workers in higher-wage occupations

also have greater hold-up power, which makes exogenous separations of workers more costly

at more productive, lower labor share firms. As previously discussed, we will use these

estimates of the effect of worker deaths as well as our pass-through elasticities to estimate
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hk and δk for our three occupation groups.

5 Parameter Estimation

We now estimate our turnover costs parameters hk and δk for our three broad occupation

groups. We estimate these parameters with a hybrid of indirect inference and moment

matching.

We begin by externally calibrating various parameters. We set γ = 2 to match the

general finding in that the elasticity of separation rate with respect to firm-specific wages

are around 2 Bassier et al. (2022). We parameterize the model so there are two types of

firms H and L that have common values of {σjk,t} and Aj but differ in their average value of

αj. Let the population of H firms be ζH and the population of L firms be 1− ζH . Firms are

subject to TFP shocks and follow a process of shocks to αj,t. We normalize the population

of each set of firms to 0.5. Because firms have a Cobb-Douglas production structure, we can

calibrate the occupation shares σMG, σMW , and σLW to match empirical wage bill shares.

We normalize the value of unemployment b = 0. Lastly, after we estimate hk and δk for

each occupation, we can directly back out the populations of C and NC workers needed

to generate the relative wage differences we see in the data between workers in low-wage

occupations versus in managerial and middle-wage occupations.

Table 7: Calibrated Parameters

Parameter Value Target moment Target Value Source Model Value

A 1 Total Factor Productivity - Normalization -
γ 2.00 Separation Elasticity -2.1 Bassier et al. (2022) -2
αH 0.63 Labor Share, High Wage Firms 0.63 Figure 3 0.63
αL 0.83 Labor Share, Low Wage Firms 0.83 Figure 3 0.83
σMG 0.096 Wage Bill Share, Managers 0.096 Table 2 0.096
σMW 0.358 Wage Bill Share, Mid-wage 0.358 Table 2 0.358
σLW 0.546 Wage Bill Share, Low-wage 0.546 Table 2 0.546
ϕC 0.36 Relative wage C vs NC 1.53 Table 2 1.55
ζH 2/3 Emp Share with WBj/V Aj < .8 0.57 Figure 3 0.60
b 0.00 Normalization

To estimate our parameters of interest, we simulate the model and calculate pass-through

elasticities and costs of worker deaths in the model, comparing model-generated moments

with the pass-through estimates in Figure 4 and the profit losses from worker deaths by

occupation and at high- and low-labor share firms in Figure 6(b).

The simulated panel is then used to run the auxiliary IV regressions. For each occupation

j ∈ {G,M, S}, the model pass-through moment is the IV coefficient in

∆3 logwjk,t = τj∆3LSj,t + ujk,t,
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where LSj,t is the firm-level labor share in levels. The regressor ∆LSj,t is instrumented with

the seven-period change in log value added per worker. The resulting simulated IV coeffi-

cients (τG, τM , τS) are the model counterparts to the empirical pass-through semi-elasticities.

The worker-death moments are computed analytically. For occupation k, the model

moment at firm type j ∈ {H,L} is

βj
k(θ) = −

(
1

γ
+ δk +

hk
αj

)
.

The estimator minimizes a diagonal, standard-error-weighted distance between the em-

pirical and model moments:

θ̂ = argmin
θ

∑
k

(
τk(θ)− τ̂k

σ̂τk

)2

+
∑
k

(
βL
k (θ)− β̂low

k,post

σ̂kL

)2

+
∑
k

(
βH
k (θ)− β̂high

k,post

σ̂kH

)2

.

Our estimates for hk and δk can be found in Table 8a. We find hmanagers = .282, hmiddle-wage =

.078, and hlow-wage = .043. Our estimation procedure consistently finds δk = 0 for each

occupation.

Because we have three empirical moments and only two parameters for each occupation,

the model is over-identified, and there are benefits and downsides to using either the pass-

through or profit losses estimates to inform our parameters. With worker deaths, we have

quasi-experimental evidence, but the estimates are very imprecise and the point estimates

lie outside of the range of values that can be generated by the model. With pass-through

estimation, the moment is coming from an equilibrium correlation, but the standard errors

are smaller. Our estimator naturally puts more weight on empirical estimates that are more

precise, and so the estimated values of {hk} are largely determined by the pass-through

elasticities. Estimation details can be found in Appendix A.5.

6 Implications

6.1 The Skill Premium and Wage Inequality

A distinct feature of efficiency wage models is that wages are pushed above market clearing

levels. As we saw in Table 2, occupations with more educated workers also endow workers

with more hold-up power, potentially widening the gap in wages between more- and less-

educated workers. How much of the skill premium can be accounted for by higher skill

workers being employed in occupations with greater hold-up power?

To answer this question, we solve for a counterfactual equilibrium where managers and

middle-wage occupations have the same hold-up power as low-wage occupations, setting
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Table 8: Equilibrium Wages and Employment

(a) Baseline

Occupation ĥ δ̂ w̄High α w̄Low α Employment Level Employment Share

Manager 0.282 0.000 1.219 1.288 0.059 0.063
Mid-Wage 0.078 0.000 1.028 1.051 0.267 0.286
Low-Wage 0.043 0.000 0.692 0.702 0.609 0.651

(b) Alternative Equilibrium: Less Hold-up Power

Occupation halt δalt w̄High α w̄Low α Employment Level Employment Share

Manager 0.043 0.000 1.070 1.084 0.072 0.076
Mid-Wage 0.043 0.000 1.070 1.084 0.270 0.284
Low-Wage 0.043 0.000 0.724 0.733 0.609 0.640

(c) Binding Minimum Wage for the Low-Wage Occupation

Occupation h δ w̄High α w̄Low α Employment Level Employment Share

Manager 0.282 0.000 1.214 1.283 0.059 0.066
Mid-Wage 0.078 0.000 1.024 1.047 0.267 0.296
Low-Wage 0.043 0.000 0.733 0.733 0.577 0.639

hG = hM = hS = .043. Table 8b reports average wages and employment for the three

occupations. Compared to our baseline estimated values, lowering the hold-up power of

managers and middle-wage occupations compresses the wage distribution: average manager

wages fall from around 1.10 to .96, average wages for middle-wage occupations rise from .92

to .96, and wages in low-wage occupations rise from .745 to .785.

This compression happens for two reasons. First, for managers who start with a lot of

hold-up power, decreasing hold-up power allows firms to pay lower wages. This increases the

quantity of labor demanded for managers, which increases the marginal product of labor of

the other occupations. Both employing more managers and increasing the marginal product

of middle-wage occupations increases demand for middle-wage occupations, raising wages

in equilibrium. Similarly, greater employment of managers and middle-wage occupations

increases demand for low-wage occupations, driving up equilibrium wages. In our baseline

model, the average college worker earns wages that are 55% higher than non-college workers.

When hold-up power is reduced such that managers and middle-wage occupations have

the same hold-up power as low-wage occupations, then the average wage in equilibrium of

college workers is only 48% higher than non-college workers. Thus greater hold-up power in

occupations where workers are more highly educated increases the skill premium.
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While accounting for changes in wage inequality over time is beyond the scope of this

paper, we speculate that “de-specification” of non-college workers (Stansbury and Summers,

2020; Edmond and Mongey, 2019) may have contributed to rising college wage premiums

over time.

6.2 Gender Wage Gap

While our focus on three broad occupation groups helped with estimating model parameters,

there is potentially a great deal of heterogeneity in hold-up power within these broad occu-

pation groups. If men and women are allocated differently across occupations with different

hold-up power, this could contribute to the gender wage gap.

Across all individuals, the average occupational differentiation score for men is 0.40 and

-0.41 for women. In Figure B.3 of Appendix B.4, we show that even within 1-digit oc-

cupations, women are much more concentrated in 4-digit occupations that have low task

differentiation. Using our coefficient from Table 5 that a one standard deviation increase

in task differentiation is associated with a 4.7 percent increase in wages, the 0.81 standard

deviation difference between the task differentiation score of men’s and women’s occupation

would alone generate a 3.8 percent gender wage gap. This can account for the majority of

the between-occupation component of the gender wage gap.

Different levels of hold-up power, if well-proxied by task differentiation, could help explain

why men earn higher wage premia at high paying firms than women (Card et al., 2016).

Plugging in an average task differentiation score of 0.40 for men and -0.41 into our pass-

through results from Table 6 would imply that men would have a pass-through elasticity of

productivity to wages of .066 and women would have a pass-through elasticity of only .050.

Thus, men may earn differentially more at high-paying, high-productivity firms because men

are in the occupations where productive firms are incentivized to share rents.

6.3 Minimum Wage

In our model, firms are able to elastically increase the number of workers without having to

increase wages, as wages affect the average tenure of workers but not the number of workers

that a firm employs. This differs from monopsonistic models of rent sharing, where high

wages help attract a greater number of workers. One of the key predictions of monopsony

models is that marginal increases in the minimum wage above the decentralized wage should

increase employment. This is no longer true in our model, as a higher minimum wage

increases the cost of labor, which decreases labor demand. Table 8c reports the equilibrium

wages and employment when a minimum wage increases the average wage of workers in the
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low-wage occupation by 10%. As a result of the higher minimum wage, employment falls

by 10%. Thus, the presence of rent-sharing does not necessarily imply positive employment

effects of small minimum wage increases on employment.

7 Conclusion

In this paper, we show that the combination of individual production complementarities

and position-specific skills generates hold-up power for individual workers, and firms are

incentivized to share rents with workers in high hold-up occupations. Our model predicts

that occupations in which pass-through of productivity to wages is the highest are also

occupations where worker turnover is more costly and differentially so at high productivity

firms. We find that managers exhibit both the highest hold-up power and pass-through,

while low-wage service, manual, and administrative jobs have the smallest measure on both

dimensions. We show that a model where heterogeneous hold-up power is the source of rent

sharing has implications for the skill premium, the employment effect of minimum wages,

and the gender wage gap.

Establishing that workers have different degrees of individual hold-up power opens multi-

ple avenues for future research. One direction to explore is if position specificity and hold-up

power are changing over time. Among less educated workers, the composition of jobs has

been shifting away from moderate hold-up jobs, like in crafts and assembly occupations, to

low hold-up service occupations. A further question is if automation has not only decreased

the share of work in moderate hold-up, blue collar occupations, like in manufacturing, but

also decreased the specificity of workers in these occupations as well.

Individual worker hold-up power may also be a useful framework for exploring the borders

of the firm, workplace fissuring, and internal pay equity constraints. The observation that

industry pay premia in the US were once uniform across occupations (Dickens and Katz

(1987)) but now firm premia in the US only benefit college educated workers (Bloom et al.

(2018)), combined with the pay losses from outsourcing documented in Goldschmidt and

Schmieder (2017), suggest that changes in internal pay equity constraints may be important

for explaining changes in wage inequality. In particular, knowing which occupations have

individual hold-up power may predict which workers benefit from erosion of internal pay

constraints. Individual hold-up power may also be useful for understanding the boundaries

of the firm, as employers may use the boundary of the firm to mitigate hold-up power while

outsourcing the lower hold-up jobs.
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A For Online Publication: Theory Appendix

A.1 Deriving Large Firms with Complementarities from General-

ized O-ring

Consider the O-Ring production function described in Kremer (1993), in which production

is composed of N tasks. Let qℓ ∈ {0, 1} be an indicator of whether task ℓ was successfully

performed. Then total firm output takes the form:

Y = KβN

N∏
ℓ∈1

qℓ,

with β ∈ [0, 1). The defining feature of this production function is extreme complementarities

that each position has with the rest of firm output. This generates the extreme result that

total output is lost if a single worker fails to do their job:

∆Y

∆qℓ

∣∣∣
qi=1∀i ̸=ℓ

= KβN.

This is an extreme assumption that if a single task is not performed, the firm loses its

entire output. Additionally, larger firms that produce with more tasks N have more to lose

from a single non-performing worker. To soften this extreme form of complementarities, we

introduce a generalized O-ring production function.

Generalized O-Ring Consider a generalization of the O-Ring production function such

that if a single worker fails to perform a given task j, the firm loses a fraction of total output

that scales inversely with the size of the firm, rather than total output. Consider a function

of the form:

Yj = AjK
βj

j

∏
k

(Sjk + Jjk)
σjk,tαj

∏
k∈K(j)

Pjk−Sjk∏
p=0

Pjk − p− σjk,t(δkαj + hk)

Pjk − p
(18)

In the case of one occupation |K(j)| = 1, this production function nests the O-ring production

function when αj = 1, δk = 0, and hk = Pjk. That is, if losing one senior worker knocks

out the output of all Pjk positions, then our production function is equivalent to the O-ring

production in Kremer (1993).

Next we show that our production function from equation (1) of the main text approxi-

mates this multiplicative production in equation (18).
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log Yj = logAj + βj logKj +
∑
k

(σjk,tαj) log(Sjk + Jjk) +
∑

k∈K(j)

Pjk−Sjk∑
p=0

log

(
Pjk − p− σjk,t(δkαj + hk)

Pjk − p

)

= logAj + βj logKj +
∑
k

(σjk,tαj) log(Sjk + Jjk) +
∑

k∈K(j)

Pjk−Sjk∑
p=0

log

(
1− σjk,t(δkαj + hk)

Pjk − p

)

≈ logAj + βj logKj +
∑
k

(σjk,tαj) log(Sjk + Jjk) +
∑

k∈K(j)

Pjk−Sjk∑
p=0

−σjk,t(δkαj + hk)

Pjk − p

= logAj + βj logKj +
∑
k

(σjk,tαj) log(Sjk + Jjk)− σjk,t(δkαj + hk)
∑

k∈K(j)

Pjk−Sjk∑
p=0

1

Pjk − p

≈ logAj + βj logKj +
∑
k

(σjk,tαj) log(Sjk + Jjk)− σjk,t(δkαj + hk)
∑

k∈K(j)

∫ Pjk−Sjk

p=0

1

Pjk − p
dp

= logAj + βj logKj +
∑
k

(σjk,tαj) log(Sjk + Jjk) + σjk,t(δkαj + hk)
∑

k∈K(j)

log (Pjk − p)

∣∣∣∣Pjk−Sjk

p=0

= logAj + βj logKj +
∑
k

(σjk,tαj) log(Sjk + Jjk) + σjk,t(δkαj + hk)
∑

k∈K(j)

(log(Sjk)− log (Pjk)) .

Exponentiating again, we have

Yj ≈ AjK
βj

j

∏
k∈K(j)

(Sjk + Jjk)
σjk,tαj

(
Sjk

Pjk

)σjk,t(αjδk+hk)

= AjK
βj

j

∏
k∈K(j)

(Sjk + Jjk)

(
Sjk

Pjk

)(
δk+

hk
αj

)σjk,tαj

Thus our production function in equation (1) approximates the multiplicative function in

equation (18).

A.2 Deriving the Pass-Through Elasticities

Firms solve equation (2) from the main text. The firm’s Lagrangian is:

L = AjK
βj,t

j,t

∏
k∈K(j)

(Sjk,t + Jjk,t)

(
Sjk,t

Pjk,t

)(
δk+

hk
αj,t

)σjk,tαj,t

− rKKj,t −
∑
k

wjk,t(Sjk,t + Jjk,t)−
∑
k

ϵk(Jjk,t + Pjk,t)

+
∑
k

λjk,t

[
Sjk,t −

(
1−

(
Vs(k)
wjk,t

)γs(k)
)
Pjk,t

]
+
∑
k

µjk,t [Pjk,t − Sjk,t − Jjk,t] .
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The first order conditions (substituting back in for Yj) are:

∂L
∂Kj,t

: βj,t
Yj,t
Kj,t

− rK = 0

∂L
∂Jjk,t

: σjk,tαj,t
Yj,t
Njk,t

− wjk,t − ϵk − µjk,t = 0

∂L
∂Sjk,t

: σjk,tαj,t
Yj,t
Njk,t

+ σjk,tαj,t

(
δk +

hk
αj,t

)
Yj,t
Sjk,t

− wjk,t + λjk,t − µjk,t = 0

∂L
∂Pjk,t

: − σjk,tαj,t

(
δk +

hk
αj,t

)
Yj,t
Pjk,t

− ϵk − λjk,t

(
1−

(
Vs(k)
wjk,t

)γs(k)
)
+ µjk,t = 0

∂L
∂wjk,t

: − (Sjk,t + Jjk,t)− λjk,tPjk,tγs(k)V
γs(k)
s(k) w

−γs(k)−1

jk,t = 0

with complementary slackness conditions

µjk,t ≥ 0,

Pjk,t − Sjk,t − Jjk,t ≥ 0,

µjk,t (Pjk,t − Sjk,t − Jjk,t) = 0.

Deriving εwjk,t,αj,t
Combining the first order conditions on S and J yields

−λjk,t = σjk,t (αj,tδk + hk)
Yj,t
Sjk,t

+ ϵk.

Plugging this expression for λjk,t into the first order condition on Pjk,t and using
Sjk,t

Pjk,t
=

1−
(

Vs(k)

wjk,t

)γs(k)
yields

µjk,t =σjk,tαj,t

(
δk +

hk
αj,t

)
Yj,t
Pjk,t

+ λjk,t

(
Sjk,t

Pjk,t

)
+ ϵk

=σjk,tαj,t

(
δk +

hk
αj,t

)
Yj,t
Pjk,t

+ ϵk −
(
σjk,t (αj,tδk + hk)

Yj,t
Sjk,t

+ ϵk

)(
Sjk,t

Pjk,t

)
=ϵk

(
1− Sjk,t

Pjk,t

)
.

Since 1−Sjk,t/Pjk,t = (Vs(k)/wjk,t)
γs(k) > 0, ϵk > 0 implies that µjk,t > 0, so by complementary

slackness, firms re-fill all their positions Jjk,t + Sjk,t = Pjk,t. In the limit when ϵk → 0, the

shadow value of the vacancy constraint converges to zero, but the limiting equilibrium is the

full-rehiring allocation, which we use throughout the remainder of the derivation.

Plugging the expression for λjk,t into the first order condition on wjk, and taking the

limit as ϵk → 0, we have

Sjk,t + Jjk,t =

(
σjk,t(δkαj,t + hk)

Yj,t
Sjk,t

)
γs(k)

(
Vs(k)
wjk,t

)γs(k)

w−1
jk,tPjk,t
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Using the limiting full-rehiring allocation Sjk,t + Jjk,t = Pjk,t, this becomes

wjk,t = σjk,t
Yj,t
Sjk,t

(δkαj,t + hk)γs(k)

(
Vs(k)
wjk,t

)γs(k)

.

We then make use of µjk,t = 0. The first order condition on Jjk,t can be written as

wjk,t =αj,tσjk,t
Yj,t
Sjk,t

Sjk,t

Sjk,t + Jjk,t
.

Plugging this into the previous expression yields

αj,tσjk,t
Yj,t
Sjk,t

Sjk,t

Sjk,t + Jjk,t
= σjk,t

Yj,t
Sjk,t

(δkαj,t + hk)γs(k)

(
Vs(k)
wjk,t

)γs(k)

Imposing full rehiring Sjk,t+Jjk,t = Pjk,t and
Sjk,t

Pjk,t
=
(
1−

(
Vs(k)

wjk,t

)γs(k))
, the above expression

becomes

1−
(
Vs(k)
wjk,t

)γs(k)

=

(
δk +

hk
αj,t

)
γs(k)

(
Vs(k)
wjk,t

)γs(k)

Rearranging yields out optimal wage expression

w∗
jk,t =

(
1 + γs(k)

(
δk +

hk
αj,t

)) 1
γs(k)

Vs(k).

Therefore the elasticity of wjk,t with respect to αj,t is

εwjk,αj
=

−hk
αj,t + γs(k)(δkαj,t + hk)

.

Deriving ε
(αj)
wjk,APLj

Recall that if firms fully rehire, so Sjk,t + Jjk,t ≡ Njk,t = Pjk,t. In the

limit as ϵk → 0 costs go to zero, the employment FOC implies

wjk,tNjk,t = αj,tσjk,tYj,t.

Therefore,

APLj,t =
Yj,t∑
kNjk,t

=
Yj,t∑

k
αj,tσjk,tYj,t

wjk,t

=
1

αj,t

1∑
k

σjk,t

wjk,t(αj,t)

.
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Taking logs,

log(APLj,t) = − log(αj,t)− log

(∑
k

σjk,tw
−1
jk,t(αj,t)

)
,

∂ log(APLj,t)

∂αj,t

= − 1

αj,t

+

∑
k σjk,tw

−2
jk,t(αj,t)

∂wjk,t

∂αj,t∑
k σjk,tw

−1
jk,t(αj,t)

,

εAPLj ,αj
= −1 +

∑
k σjk,tw

−1
jk,t(αj)εwjk,t,αj∑

k σjk,tw
−1
jk,t(αj)

= −1 +
∑
k

Njk,t

Nj,t

εwjk,αj,t
.

Thus,

ε
(αj)
wjk,APLj

= εwjk,αj
εαj ,APLj

=
εwjk,αj∑

ℓ
Njℓ

Nj
εwjℓ,αj

− 1
.

Substituting in the expression for εwjk,αj
gives

ε
(αj)
wjk,APLj

=

hk

αj+γs(k)(δkαj+hk)

1 +
∑

ℓ
Nℓ

Nj

(
hℓ

αj+γs(ℓ)(δℓαj+hℓ)

) .
A.3 Transitory Shocks and Instrumental Variables Derivation

Timing with Transitory Shocks The timing within a period is the same as in Section 2,

except that firms draw an unanticipated productivity shock zt after choosing the number of

positions but before choosing wages. Let zt = exp(ϵzt ) where ϵ
z
t is drawn from a distribution

with mean zero and standard deviation σz. The timing of the model becomes

Figure A.7: Model Timing

Firms Inherit
Aj,t, αj,t,
βj,t, {σjk,t}

Begin
period

Firms
Choose

Positions,
Capital

{Pjk,t}, Kj,t

Matching,

Workers Learn
Skills OTJ Shock

{zj,t}

Firms
Decide
Wages

{wjk,t}

Workers
Quit or
Stay

{Sjk,t}

Firm Hires
Replacement
Workers

{Jjk,t}

Production
Wages Paid
Benefits Paid

End Period

Firms now solve their problem in two steps and use backward induction. Towards the

end of the period, the firm has already chosen its capital Kj,t and number of positions {Pjk,t}

51



and needs to decide its wages {wjk,t}, retention {Sjk,t}, and rehiring {Jjk,t} conditional on

the realization of zj,t. Firms solve

max
{wjk,t},{Sjk,t},{Jjk,t}

zj,tAj,tK
βj,t

j,t

 K∏
k=1

(Sjk,t + Jjk,t)

(
Sjk,t

Pjk,t

)δk+
hk
αj,t

σjk,tαj,t

−
∑

k∈K(j)

wjk,t (Sjk,t + Jjk,t)

(19)

subject to:

Probability of retaining workers: Sjk,t =

(
1−

(
Vs(k)
wjk,t

)γs(k)
)αj,tδk+hk

if wjk,t ≥ Vs(k)

=0 otherwise (20)

One worker per position: Jjk,t + Sjk,t ≤Pjk,t (21)

The solution to the above problem gives the firm a policy rule for wages w∗
jk,t(zj,t), retention

S∗
jk,t(zt), and rehiring J∗

jk,t(zj,t) as a function of the shock zj,t. Then at the beginning of the

period, firms choose the capital stock Kj,t and the number of positions for each occupation

{Pjk,t} taking into account the optimal policy rules and integrating over the distribution of

zj,t. Thus at the beginning of the period, firms solve

max
{Pjk,t},Kj,t

∫
zj,t

[
zj,tAj,tK

βj,t

j,t

 K∏
k=1

(
S∗
jk,t(zj,t) + J∗

jk,t(zj,t)
)(S∗

jk,t(zj,t)

Pjk,t

)δk+
hk
αj,t

σjk,tαj,t

− rKKj,t

−
∑

k∈K(j)

ϵkPjk,t −
∑
k

w∗
jk,t(zj,t)

(
S∗
jk,t(zj,t) + J∗

jk,t(zj,t)
) ]
dΓz(zj,t | zj,t−1),

(22)

Response of Wages To Shocks For sufficiently small shocks, we can use the envelope

theorem, which tells us that locally
∂Πj,t

∂zj,t
= Yj,t. Since positions are chosen before the real-

ization of zj,t, the firm chooses them based on expected profits. Around the deterministic

optimum, mean-zero productivity shocks affect expected profits only to second order. Ac-

cordingly, for sufficiently small shocks we approximate the optimal number of positions by

its deterministic value: P ∗
jk,t(zj,t−1) ≈ P ∗

jk,t(z̄j,t).

Log-linearizing around this deterministic number of positions Pjk,t, we can characterize

how wages respond to realizations of zj,t. In general, optimal wages are increasing in z:
∂wjk,t

∂zj,t
> 0. Using hatted variables to denote percent deviations, the percent deviation of

wages with respect to shocks to z yields

ŵjk,t =
ẑj,t +

∑
k′ ̸=k σk′αj ŵjk′,t

γs(k) + 1− σjk,tαj +
αj

δkαj+hk

. (23)
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where the response ŵjk,t depends both on the shock zj,t and the response of the wages of

other occupations ŵjk′,t. Notice that the denominator includes the term
αj

δkαj+hk
, which can

be rewritten as
(
δk +

hk

αj

)−1

. This is the inverse of the firm’s total turnover costs, which

means that the response of wages to unanticipated shocks is increasing in turnover costs.

Define total turnover costs τjk ≡ δk +
hk

αj
. This implies that the responsiveness of wages to z

shocks is increasing in total turnover costs
∂2ŵjk,t

∂zj,t∂τj,k
> 0.

The intuition is the following. A higher value of z increases the productivity of all

workers, which the firm cannot offset by creating more positions in the short run. In the

limit as turnover costs δk +
hk

αj
→ 0, replacement workers become as productive as the trained

workers they replace. Therefore for occupations with very low turnover costs, a higher value

of z has no impact on the costs of losing a senior worker. As the replacement costs parameters

δk +
hk

αj
get bigger, the difference in productivity between incumbents and replacement hires

relative to the zero-shock wage widens with larger values of z, motivating firms to raise wages

by more.

Statistical Model of Wages Let w̃ be the observed wage, w∗ is the true wage, ewj,t is

a common firm-by-period measurement error, and ewi,t is a worker-by-period measurement

errors.

w̃ijk,t =w
∗
jk,tEw

i,tE
w
j,t

log w̃ijk,t = logw∗
jk,t + ϵwi,t + ewj,t.

For sufficiently small shocks, current variables w∗
jk,t and Y

∗
j,t can be decomposed in approxi-

mation into a deterministic component and shock component:

w∗
jk,t =w̄

∗
jkZ

w
αj,t,h

(zj,t)

Y ∗
j,t =Ȳ

∗
j Z

Y
αj,t,h

(zj,t)

N∗
j,t =N̄

∗
j

where Zw
αj,t,h

(zj,t) and ZY
αj,t,h

(zj,t) are functions that govern how wages and output deviate

from the no-shock wage and output levels as a (αj and hk specific) function of zj,t. In logs,

these are

logw∗
jk,t = log w̄∗

jk + zw(zj,t)

log Y ∗
j,t = log Ȳ ∗

j + zY (zj,t)

We estimate an IV where we instrument the log labor share with output per worker, where the

instrument ∆3
Y ∗
j,t

N∗
j,t

is the three-period difference in output per worker. Our results would hold
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with longer differences, as long as the changes in Y/N are wider than and not overlapping

with changes in wages. The key assumption is that changes in this variable are orthogonal

to changes in measurement error and changes in Z() are uncorrelated over time.

βIV =
cov(∆ log w̃ijk,t,∆3

Y ∗
j,t

N∗
j,t
)

cov(∆ log
Nj,t

∑
i∈j w̃ijk,t

Yj,t
,∆3

Y ∗
j,t

N∗
j,t
)

Breaking up the log wage expression:

∆ log w̃ijk,t =
(
logw∗

jk,t + zw(zj,t) + ϵwi,t + ewj,t

)
−
(
logw∗

jk,t−1 + zw(zj,t−1) + ϵwi,t−1 + ewj,t−1

)
=

1

γs(k)

[
log

(
1 + γs(k)

(
δk +

hk
αj,t

))
− log

(
1 + γs(k)

(
δk +

hk
αj,t−1

))]
+∆zw(zj,t, zj,t−1) + ∆ϵwi,t +∆ewj,t

≈ −hk
αj,t−1 + γs(k)(δkαj,t−1 + hk)

αj,t − αj,t−1

αj,t−1

+∆zw(zj,t, zj,t−1) + ∆ϵwi,t +∆ewj,t,

where the approximation makes use of small changes αj,t. The log labor share is

log
Nj,t

∑
i∈j w̃ijk,t

Yj,t
= log

Nj,t

∑
iw

∗
jk,tZ

w
αt,h

(zj,t)Ew
i,tE

w
j,t

Ȳ ∗
j Z

Y
αj ,h

(zj,t)

= log
Nj,tw

∗
jk,tZ

w
αt,h

(zj,t)E
w
j,t

∑
i Ew

i,t

Ȳ ∗
j Z

Y
αj ,h

(zj,t)

= logαj,t + log
Zw

αt,h
(zj,t)E

w
j,t

∑
i Ew

i,t

ZY
αj ,h

(zj,t)

≈ logαj,t + zwαt,h(zj,t) + ewj,t +
∑
i

ϵwi,t − zYαj ,h
(zj,t),

where the approximation assumes small shocks to zj,t. The first difference of the log labor

share is:

∆ log
w̃ijk,tNj,t

Yj,t
≈ αj,t − αj,t−1

αj,t−1

+∆zwαt,h(zj,t, zj,t−1) + ∆ewj,t +
∑
i

∆ϵwi,t −∆zYαj ,h
(zj,t, zj,t−1)

Plugging these expressions into the original βIV formula, and noting that under the model

assumptions that measurement error and transitory productivity shocks are orthogonal

to longer changes in output per worker Cov(∆zw,∆3
Y
N
) = 0, Cov(∆ϵwi,t,∆3

Y
N
) = 0, and
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Cov(∆ewj,t,∆3
Y
N
) = 0, we have

βIV =
cov
(

−hk

αj,t−1+γs(k)(δkαj,t−1+hk)

αj,t−αj,t−1

αj,t−1
+∆zw(zj,t, zj,t−1) + ∆ϵwi,t +∆ewj,t,∆3

Y ∗
j,t

N∗
j,t

)
cov
(

αj,t−αj,t−1

αj,t−1
+∆zwαt,h

(zj,t, zj,t−1) + ∆ewj,t +
∑

i ∆ϵ
w
i,t −∆zYαj ,h

(zj,t, zj,t−1),∆3
Y ∗
j,t

N∗
j,t

)
=
cov
(

−hk

αj,t−1+γs(k)(δkαj,t−1+hk)

αj,t−αj,t−1

αj,t−1
,∆3

Y ∗
j,t

N∗
j,t

)
cov
(

αj,t−αj,t−1

αj,t−1
,∆3

Y ∗
j,t

N∗
j,t

)
=

−hk
αj,t−1 + γs(k)(δkαj,t−1 + hk)

.

Thus, under the maintained assumptions, the IV estimand identifies the structural wage

pass-through elasticity derived in the previous subsection.
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A.4 Proof: Estimating Surplus

Recall proposition 2:

Define firm j’s wage bill as WBj,t ≡
∑

k

∑
iwij,t. Suppose a senior worker in occupation

k at firm j separates exogenously. Regardless of whether or not the firm replaces the worker,

the per-period profit loss to the firm from losing worker i is given by

∆(Yj −WBj) ≈ −wijk

(
1

γs(k)
+ δk +

hk
αj

)
.

Proof: Let S∗
jk,t be the number of senior workers in firm j in occupation k that the firm

would have without an additional exogenous separation, and let Yj,t(S
∗
jk,t) denote output

absent the additional exogenous separation. Define ∆S
jk,t as the measure of workers who are

exogenous separated after endogenous separations have occurred. Suppose that firms replace

their exogenously separated workers. Then output in period t is

Yj,t =Yj,t(S
∗
jk,t)

(
Sjk,t

S∗
jk,t

)σjk,t(αj,tδk+hk)

=Yj,t(S
∗
jk,t)

(
S∗
jk,t −∆S

jk,t

S∗
jk,t

)σjk,t(αj,tδk+hk)

≈Yj,t(S∗
jk,t)

(
1− σjk,t (δkαj,t + hk)

∆S
jk,t

S∗
jk,t

)

Using the first-order approximation above,

Yj,t(S
∗
jk,t −∆S

jk,t)− Yj,t(S
∗
jk,t) ≈ −Yj,tσjk,t(αj,tδk + hk)

∆S
jk,t

S∗
jk,t

.

Using the firm’s optimality condition,

wjk,tNjk,t = σjk,tαj,tYj,t,

and full rehiring, Njk,t = Pjk,t, we can rewrite this as

∆Yj,t ≈ −wjk,t

(
δk +

hk
αj,t

)
Pjk,t

S∗
jk,t

∆S
jk,t.

At the firm’s optimum,

S∗
jk,t

Pjk,t

=
γs(k)

(
δk +

hk

αj,t

)
1 + γs(k)

(
δk +

hk

αj,t

) .
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Thus the output loss from an exogenous separation is

∆Yj,t ≈ −wjk,t

(
1

γs(k)
+ δk +

hk
αj,t

)
∆S

jk,t.

Since the separated worker is replaced by a junior worker who is paid the same wage, then

the wage bill is unchanged.

∆WBj,t = 0.

Hence firm surplus changes by

∆(Yj,t −WBj,t) ≈ −wjk,t

(
1

γs(k)
+ δk +

hk
αj,t

)
∆S

jk,t.

Now suppose instead that firms do not replace their exogenously separated worker with

a junior worker. Then when a worker is exogenously separated, output is

Yj,t =Yj,t(S
∗
jk,t)

(
Sjk,t

S∗
jk,t

)σjk,t(αj,tδk+hk)
(
Sjk,t + Jjk,t
S∗
jk,t + J∗

jk,t

)σjk,tαj

≈Yj,t(S∗
jk,t)

(
1− σjk,t (δkαj,t + hk)

∆S
jk,t

S∗
jk,t

− σjk,tαj,t

∆S
jk,t

N∗
jk,t

)
Again using the firm’s optimality condition, we can rewrite the two terms as

∆Yj,t ≈ −wjk,t

(
δk +

hk
αj,t

)
N∗

jk,t

S∗
jk,t

∆S
jk,t − wjk,t∆

S
jk,t.

Since the firm does not replace the separated worker, the wage bill falls by

∆WBj,t = −wjk,t∆
S
jk,t.

Hence firm surplus changes by

∆(Yj,t −WBj,t) = ∆Yj,t −∆WBj,t

≈ −wjk,t

(
δk +

hk
αj,t

)
N∗

jk,t

S∗
jk,t

∆S
jk,t.

Once again at the firm’s optimal choice for S∗
jk,t/Pjk,t and full rehiring, then

∆(Yj,t −WBj,t) ≈ −wjk,t

(
1

γs(k)
+ δk +

hk
αj,t

)
∆S

jk,t.

Thus, whether or not firms hire a replacement worker, the change in value added net of the

wage bill is the same. We attain the result in Proposition 2 when the increment of lost senior

workers ∆S
jk,t = 1.
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A.5 Estimation Details

The exercise estimates the occupation-specific turnover parameters in a version of the hold-

up model with two firm types and three occupations. The two firm types differ in their

production-function curvature, αH and αL, where H denotes the high-wage, low-α firm type

and L denotes the low-wage, high-α firm type. The three occupations are managers G,

middle-wage workers M , and low-wage workers S. Managers and middle-wage workers draw

from the same skill market and share the value VC , while low-wage workers draw from a

separate skill market with value VNC . These groups are based on managers, professionals,

and technicians having on average more than two years of college, and all other occupations

having fewer than two years of college, as reported in Table 2 of the main text.

Parameters The estimated parameter vector is

θ = (δG, δM , δS, hG, hM , hS) .

Each occupation has its own value of both δk and hk. The remaining parameters are cali-

brated. In particular, the code sets

γ = 2, αH = .63, αL = .83,

with the share of H firms ζH = 2/3. These labor shares are based on the average of the top

four and bottom four bins from Figure 3. Production shares are σG = .096, σM = .358, and

σS = 1− σG − σM .

Empirical Moments The empirical moments are the three occupation-specific pass-through

semi-elasticities and two sets of worker-death moments. The pass-through moments are in-

terpreted as semi-elasticities: changes in log wages with respect to changes in the level of

the labor share. The empirical moments used in the code are:

Managers Middle-Wage Low-wage
Pass-through semi-elasticity −0.33 −0.13 −0.08
Death moment, low-wage firms −0.30 −0.15 −0.45
Death moment, high-wage firms −1.72 −0.90 −0.08

The empirical moment from the pass-through regressions is τ̂k from Section 4.2. The empir-

ical moment for the losses from worker deaths is taken from β̂k,high
post and β̂k,low

post from Section

4.4.
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Model Moments For a candidate parameter vector θ, the code first solves the stationary

equilibrium, which pins down occupation-firm wages, employment, and the two worker values

VC and VNC .

Firms are subject to two shocks. First, firms alternate between αj + ∆α
t and αj − ∆α

t

with probability 0.1 each period, where ∆α = 0.01. Firms also randomly draw a value of

z ∈ [.99, 1.01], each with probability 0.5. The equilibrium is solved taking into account the

stationary distribution of shocks to z and α.

The pass-through moments are simulated. The code fixes random draws for the TFP

shock, the alpha-switching process, and wage measurement error so that the objective func-

tion is deterministic across evaluations. For each unique value of realized α and TFP A, the

code solves the nonlinear wage system after employment is chosen based on firms’ expectation

of TFP.

The simulated panel is then used to run the auxiliary IV regressions. For each occupation

j ∈ {G,M, S}, the model pass-through moment is the IV coefficient in

∆ logwjk,t = τj∆LSj,t + ujk,t,

where LSj,t is the firm-level labor share in levels. The regressor ∆LSj,t is instrumented with

the three-period change in log value added per worker. The resulting simulated IV coefficients

(τG, τM , τS) are the model counterparts to the empirical pass-through semi-elasticities.

The worker-death moments are computed analytically. For occupation k, the model

moment at firm type j ∈ {H,L} is

βj
k(θ) = −

(
1

γ
+ δk +

hk
αj

)
.

Thus the high-wage-firm death moments use αH , while the low-wage-firm death moments

use αL.

Criterion Function The estimator minimizes a diagonal, standard-error-weighted dis-

tance between the empirical and model moments:

θ̂ = argmin
θ

∑
k

(
τk(θ)− τ̂k

σ̂τk

)2

+
∑
k

(
βL
k (θ)− β̂low

k,post

σ̂kL

)2

+
∑
k

(
βH
k (θ)− β̂high

k,post

σ̂kH

)2

.

The optimization is performed over the logs of the six parameters, so the estimated values

of δk and hk are constrained to be positive.
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A.6 Relaxing Equal Wages between Senior and Junior Workers

In this section, we relax the assumption that firms have to pay all workers the same wage.

Instead, we impose that firms pay the same wage to all experienced incumbents, but the

firm can pay replacement workers their outside option. Since workers’ value if unmatched in

the second round of matching is just the unemployment benefit bs, and since all firms make

take-it-or-leave-it offers, all firms can re-fill all their positions by paying wJ
jk,t = bs(k). This

means that a worker’s value of quitting is Vs(k) = bs.

With firms being able to pay replacement workers a separate wage, the firm’s problem

becomes

max
Kj,t,{Pjk,t},

{wjk,t},{Sjk,t},{Jjk,t}

Aj,tK
βj,t

j,t

∏
k∈K(j)

(Sjk,t + Jjk,t)

(
Sjk,t

Pjk,t

)δk+
hk
αj,t

σjk,tαj,t

− rKKj,t −
∑
k

ϵk(Jjk,t + Pjk,t)

−
∑
k

wJ
jk,tJjk,t −

∑
k

wS
jk,tSjk,t

s.t. Sjk,t =

(
1−

(
Vs(k)
wjk,t

)γs(k)
)
Pjk,t

Jjk,t + Sjk,t ≤ Pjk,t

Vs(k) ≤ wJ
jk,t ifJjk,t > 0.

We then calculate the same equilibrium as in Section 5, except that we set the unem-

ployment benefit bs = .5 ∀s. We then solve in partial equilibrium what firms would pay if

they could pay wjk,t = bs(k). Figure A.8 plots the level of wages
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Figure A.8: Optimal Wage Under Equal Wages wJ
jk = wS

jk and Outside Option Matching

wJ
jk = bs(k)

This figure plots the optimal wage for trained workers w∗
jk under different values of the degree of hold-up

power hk, the underlying curvature that determines average product αj , and wage policies for untrained

workers. The black lines indicate the assumption in the main text, that untrained workers receive the same

wage as trained workers. The red lines indicate that untrained workers receive their unemployment benefit

bs. For any value of hj , firms pay a substantially lower wage level to trained workers if the untrained workers

just get their outside option. However, the slope of wages with respect to α−1
j is functionally identical across

the assumptions on wages for untrained workers.

A.7 Finite Product Demand

In the main text, we wrote the firm’s problem in terms of value added, and we did not specify

whether overall curvature in the value added function came from finite product demand

elasticities or sub-unity returns to scale. In this section, we derive a microfoundation for our

value added function where firms can have a low labor elasticity of value added αj in part

because of low product demand elasticities. In this world, firms with high markups will have

high measured value added per worker and low labor shares.

Final goods firms competitively bundle intermediate goods using a modified CES pro-

duction function, where yj is the quantity of good i, qj is the quality of good i and Dj is an

exogenous product demand shifter:

Y =

(∫
j

Djy
σ−1
σ

j qj

) σ
σ−1

.

The final goods bundler takes intermediate good price pj and quality qj as given and chooses
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quantities {yj}:

max
{yj}

=

(∫
j

Djy
σ−1
σ

j qj

) σ
σ−1

− pjyj.

Taking first order conditions yields

Djqjy
− 1

σ
j ∝ pj.

We can normalize the demand for a single good to be:

y
1
σ
j = Dj

qj
pj
.

Production Let each firm’s production function be constant returns to scale with physical

elasticity α̃j with respect to labor and 1 − α̃j with respect to capital. The quantity of firm

j’s output depends only on capital inputs and the quantity labor used:

yj,t = Ãj,tK
1−α̃j,t

j,t

∏
k∈K(j)

(Sjk,t + Jjk,t)
σjk,tα̃j,t

The quality of firms’ output depends on how well-staffed the firm is with experienced workers

relative to the number of positions within an occupation. Specifically,

qj,t =
∏

k∈K(j)

(
Sjk,t

Pjk,t

)σjk,thk

.

Total revenue is therefore

pjyj =Djy
σ−1
σ

j qj

=Dj

Ãj,tK
1−α̃j,t

j,t

∏
k∈K(j)

(Sjk,t + Jjk,t)
σjk,tα̃j,t

σ−1
σ ∏

k∈K(j)

(
Sjk,t

Pjk,t

)σjk,thk

=DjÃ
σ−1
σ

j

K1−α̃j,t

j,t

∏
k∈K(j)

(Sjk,t + Jjk,t)×
(
Sjk,t

Pjk,t

) hk
σ−1
σ α̃j,t

σjk,tα̃j,t


σ−1
σ

.

With Aj = Ã
σ−1
σ , βj,t = (1− α̃j)

σ−1
σ
, and αj = α̃j

σ−1
σ
, this model is equivalent to the model

in the main text when δk = 0. Under this extension, the formulas for optimal wages and the

labor share are identical to equations (3) and (5) of the main text, respectively. Thus, a low

output elasticity of labor can be due to market power, high capital share, or low physical

returns to scale, and our model is unchanged.
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B For Online Publication: Empirical Appendix

B.1 Additional Death Results

Figure B.1: Profit Losses Relative to Prior Wage: Heterogeneity

(a) Worker Tenure (b) Firm Size (c) # of Workers in Same Occ

The figure reports the effect of worker deaths on firm profits relative to the prior wage of the deceased

worker, looking at various dimensions of heterogeneity. Panel (a) splits workers between workers who have

at least two full years of tenure in the firm and workers who have less than two years of tenure at the time

of their death. Panel (b) splits firms between 5-30 full-time-equivalent workers (FTE) and firms with 31-100

FTE. Panel (c) splits deaths by the number of workers in the same occupation as the deceased worker. The

results suggest that losing workers with greater tenure is more costly, but neither firm size nor the number

of workers in the same occupation generates a significant difference in the cost of a worker death.

B.2 Residual Productivity Measure

In this appendix section, we describe our process for residualizing firm output per worker.

The goal is to have a measure of firm-level productivity that we can use in cross-sectional

regressions of wages on productivity. To make this measure as informative as possible, we

want three features. First, we want a measure of output per worker that approximates the

output elasticity of labor αj,t. Second, we want to remove variation in output per worker due

to the composition of workers, e.g., an engineering firm should have a higher value added per

worker than a cleaning services firms simply because the engineering firm hires workers with
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higher wages. Third, our measure should not use firm-specific wage data, since the outcome

variable of our regressions of interest is wages.

The measure we will use is value added net of the firm’s predicted wage bill. Let w̄k,t be

the average wage of workers in occupation k in period t and let WBj,t denote the wage bill.

Define also ŵjk,t ≡ wjk,t/w̄k,t, where ŵjk,t are firm j specific deviations from the occupation-

wide average wage. Manipulating the expression WBj,t = αj,tYj,t, we have

log Yj,t − log
∑
k

Njk,tw̄k,t︸ ︷︷ ︸
Ŷj,t

=− logαj,t + log

∑
kNjk,tw̄k,tŵjk,t∑

kNjk,tw̄k,t

The left hand side is our measures of log value added minus log predicted wage bill. On the

right hand side is − logαj,t plus a measure that is the wage-bill weighted deviations of firm j

wages from the occupation-specific average wage. By subtracting out the predicted wage bill,

we are removing variation in output per worker due to different wages across occupations

and differences across firms in their distribution of wages.

What remains in our residualized Ŷ term is log
∑

k Njk,tw̄k,tŵjk,t∑
k Njk,tw̄k,t

, which is the wage bill-

weighted average deviation of wages from their occupational averages. The variation in this

term will be much smaller than the variation in the log predicted wage bill log
∑

kNjk,tw̄k,t

because the (wage bill-weighted) variance of within-occupation average wages across firms is

much smaller than the (employment weighted) variation of wages across occupations.

To calculate this residualized measure in the data , we first compute the predicted wage

bill based on the occupational composition of hours worked in the firm:

W̃Bj,t =
∑
k

hoursjk,tw̄j,t,

where hoursjk,t is the total number of hours reported worked by workers in occupation j at

firm k in year t, and w̄j,t is the economy-wide average of wages of workers in occupation j

in year t. We then run an OLS regression to obtain a predicted level of value added, given

the firm’s predicted wage bill and controls:

Ỹj,t = ξ1W̃Bj,t + ξ2Zj,t,

where Zj,t are controls including industry and year fixed effects, as well as the log number

of hours worked by workers without an assigned occupation. Then residual value added is:

Ŷj,t = log Yj,t − log Ỹj,t.
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B.3 Construction of the Differentiation Score

ROCK Clustering Algorithm Once a threshold is defined, the ROCK algorithm com-

putes the similarity of all points, and the points become neighbors if their similarity exceeds

the threshold θ. Next, the ROCK algorithm creates links, defined as the number of common

neighbors between points. Then, using this measure of links across points, the algorithm

categorizes observations into clusters.

Alternative Specificity Measures We create two measures of position specificity using

the Lightcast data. The first measure we construct is the average number of unique skill

clusters listed in a job posting by occupation. While simple, we believe that the skill count

measure will have informational content about the difficulty of replacing a worker, beyond

what the wage level of the worker would imply. The first row of Table 2 provides summary

statistics of the mean number of unique skills by occupation: a job posting will on average

have 4.2 unique skill clusters posted, with a standard deviation of 1.49. Many low-wage

services jobs fall near the bottom of this range: job postings for “Dishwashers” list a mean

of 1.86 unique skill clusters, while “Database Administrator” job postings list a mean of 8.18

unique skill clusters.

Lightcast Job Clustering Examples (
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Table 9: Examples from the Lightcast Skill Taxonomy

Skill Category Skill Subcategory Skill

Information Technology Database Architecture and Administration Database Administration

Information Technology Operating Systems Linux

Finance General Finance Financial Services

Media and Communications Writing and Editing Writing

Information Technology Databases Sybase (Software)

Information Technology Query Languages SQL (Programming Language)

Physical and Inherent Abilities Critical Thinking and Problem Solving Troubleshooting (Problem Solving)

Administration Administrative Support and Clerical Tasks Administrative Functions

Information Technology Databases SAP Sybase Adaptive Server Enterprise

Information Technology Scripting Scripting

Information Technology Database Architecture and Administration SQL Server Integration Services (SSIS)

Information Technology Scripting Languages Perl (Programming Language)

Engineering Automotive Technologies Automotive Service Excellence (ASE) Certification

Marketing and Public Relations Digital Marketing Email Marketing

Business Business Management Management

Administration Office and Productivity Equipment and Technology Microsoft Office

Sales General Sales Practices Sales

Administration Office and Productivity Equipment and Technology Microsoft PowerPoint

Marketing and Public Relations Digital Marketing Search Engine Marketing

Media and Communications Communication Communication Strategies

Administration Office and Productivity Equipment and Technology Microsoft Outlook

Customer and Client Support Customer Service Customer Service

Administration Office and Productivity Equipment and Technology Microsoft Excel

Marketing and Public Relations Social Media Social Media

Physical and Inherent Abilities Critical Thinking and Problem Solving Problem Solving

Marketing and Public Relations Marketing Strategy and Techniques Interactive Marketing

Sales Account Management Account Management

Business Business Operations Business Objectives

Physical and Inherent Abilities Personal Attributes Decisiveness

Marketing and Public Relations Web Analytics and SEO Search Engine Optimization

Media and Communications Communication Verbal Communication Skills

Business Project Management Project Management

Business Project Management Project Stakeholders

Media and Communications Communication Persuasive Communication

Business Project Management Project Schedules

Business Business Continuity Contingency Planning

Information Technology System Design and Implementation Systems Development Life Cycle

Physical and Inherent Abilities Personal Attributes Systems Thinking

Administration Administrative Support and Clerical Tasks Taking Meeting Minutes

Business Risk Management Risk Mitigation

Physical and Inherent Abilities Critical Thinking and Problem Solving Innovation

Economics, Policy, and Social Studies Policy Analysis, Research, and Development Advocacy

Manufacturing and Production Product Development New Product Development

Media and Communications Communication Presentations

Administration Scheduling Scheduling

Business Project Management Project Scoping

Business Project Management Project Proposals

Business Process Improvement and Optimization Capability Maturity Model

Business Project Management Project Planning

Media and Communications Communication Communication

Notes: The table presents 50 rows from a Lightcast file as an illustrative example of their skill taxonomy. The ROCK algorithm uses indicators

defined at the intermediate skill subcategory level.
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B.4 Task Differentiation and Women’s Employment Share by Oc-

cupation

Figure B.3: Task Differentiation and Women’s Employment Share by Occupation

This figure reports the share of workers in an occupation who are women and the occupation’s differen-

tiation score, separately for detailed 4-digit DISCO codes within broad 1-digit DISCO occupation groups.

Managers, professionals, assembly, and manual occupations show the steepest negative relationship between

task differentiation and the share of workers in each occupation who are women.
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