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Abstract

This paper develops and tests a quantitative general-equilibrium model to study how sort-
ing and segmentation in the labor market shape firms’ monopsony power, aggregate efficiency,
and the distribution of welfare across heterogeneous workers. Firms (workers) are heteroge-
neous in productivity (ability), and intrafirm spillovers imply that firm productivity depends
on the average quality of the workforce. This mechanism creates a trade-off between firm size
and composition: hiring lower-ability workers reduces a firm’s average productivity, endog-
enizing labor market segmentation by worker ability. These forces generate localized compe-
tition, with firms primarily competing against others targeting similar workers. Less (more)
productive firms exert greater labor-market power over lower- (higher-) ability workers. Us-
ing matched employer–employee data for Italy and Germany, I document that (i) high-paying
firms impose higher hiring thresholds, (ii) low- (high-) paid workers are disproportionately
employed in low- (high-) paying, smaller (larger) firms, (iii) concentration indices are non-
monotonic across the worker-pay distribution, and (iv) exogenous increases (decreases) in
workforce average quality causally raise (lower) firm-level productivity. Calibrated to the data,
the model reproduces these moments and shows that, relative to a homogeneous-labor bench-
mark, segmentation reduces aggregate misallocation by weakening the link between firm size
and market power. Competition is weakest at the tails of the ability distribution, where work-
ers face more concentrated labor markets and larger welfare losses.
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1 Introduction

The study of labor market power has attracted growing attention in research and policy for its
potential implications for wage suppression, aggregate efficiency, and welfare. The U.S. Trea-
sury’s State of Labor Market Competition Report (2022) argues that employer concentration and an-
ticompetitive practices can depress productivity, reduce wages and exacerbate income dispari-
ties. A complementary and growing body of research links rising wage inequality to patterns
of worker–firm sorting and ability segmentation,1 documenting that high-ability workers tend to
match with high-wage firms while low-ability workers cluster in low-wage firms (e.g., Song et al.,
2019). Yet we know far less about how sorting and segmentation determine who competes for whom
in the labor market—and, in turn, how these forces govern firms’ labor-market power. This paper
asks: how do sorting and segmentation influence competition for workers across firms? What are
the aggregate efficiency costs of labor-market power, and which workers—low, middle, or high
ability—bear them?

To answer these questions, I develop and test a quantitative general-equilibrium model of
monopsony in segmented labor markets, where firms compete for workers who differ in ability
and where competition is shaped by labor market sorting and segmentation. The model is deliber-
ately parsimonious: with a small number of interpretable parameters, it reproduces key empirical
regularities and isolates a clear mechanism through which sorting generates segmentation, and
segmentation shapes monopsony distortions.

Sorting arises from production complementarities between worker ability and firm produc-
tivity, while intrafirm spillovers generate segmentation. Workers not only contribute to output
but also occupy a scarce, firm-specific resource subject to decreasing returns—for example, office
workspace. Given this production structure, hiring an additional worker affects output through
two distinct channels. The first is a size effect: expanding employment directly raises output.
The second operates through firm-level productivity—or, equivalently, the quality of the firm’s
output—which now depends on the average output of its workers.

As a result, a worker’s marginal product depends on the ability mix of coworkers: adding a
low-ability worker is particularly costly for high-productivity firms employing many high-ability
workers.This interaction gives rise to a size–quality trade-off: high-productivity firms exclude
low-ability workers, narrowing their employment options—i.e., their choice sets—and segment-
ing the labor market into distinct ability clusters. Low-ability workers become crowded into low-
productivity firms—although these firms are smaller—while high-ability workers cluster in high-
productivity firms. From a competition standpoint, segmentation localizes rivalry: firms primar-
ily compete with others of similar productivity that target the same range of worker abilities.

I bring the model to administrative linked employer–employee data from Italy (including also
balance-sheet information) and Germany. Four empirical patterns emerge. (i) High-productivity

1Sorting refers to high-ability workers disproportionately employed by high-wage (or high-productivity) firms,
whereas segmentation describes high- and low-ability workers clustering in separate firms.
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firms exhibit higher ability thresholds for hiring. (ii) low- (high-) ability workers are dispropor-
tionately employed in low- (high-) productivity, smaller (larger) firms. (iii) Ability-specific concen-
tration indices—the sufficient statistic for competition over each ability type—are non-monotonic
across the ability distribution. (iv) Exogenous shocks to workforce composition, using unexpected
worker deaths, causally affect firm-level revenue productivity: positive (negative) changes in the
average ability of the workforce raise (lower) productivity.

A calibrated version of the model, estimated on these moments, replicates the empirical pat-
terns and quantifies the efficiency and distributional consequences of monopsony. Two main mes-
sages arise. First, distortions armay be disconnected from firm size. Because firms compete over
ability-specific choice sets, even small, low-productivity firms can exert substantial monopsony
power over the workers they employ. Segmentation therefore weakens the link between dis-
tortions and productivity, reducing aggregate misallocation and narrowing the efficiency losses.
Second, competition is weakest at the tails of the ability distribution. Low-ability workers face re-
stricted choice sets that depress competition and their welfare, while top-ability workers receive
concentrated offers from a few top firms, also limiting competition.

Model Overview. The model features three types of agents: workers, firms, and entrepreneurs.
There is a continuum of workers who differ in latent ability, and a continuum of local labor mar-
kets, each containing a heterogeneous number of firms. Within each market, firms are granular
and differ in their baseline productivity exogenous type, which is drawn from a distribution. All
firms are owned by a representative entrepreneur, who receives income from firms’ profits and
capital rents, and determines aggregate capital accumulation. Since product market power is not
central to the analysis, final goods are assumed to be perfect substitutes, implying no markups.2

Worker supply is modeled through a preference heterogeneity framework, building on D. Berger
et al. (2022, hereafter BHM). Workers first choose a local labor market and then select a firm
from their available choice set within that market. These choices maximize indirect utility, which
depends on wages and idiosyncratic taste shocks that capture factors such as moving costs, com-
muting distance, or preferences for firm culture. From the worker’s perspective, preference het-
erogeneity implies that jobs are differentiated. Consequently, firms face upward-sloping labor
supply curves for each worker type, which they internalize when setting employment levels.

Firms engage in strategic interactions within each local labor market, competing à la Cournot
by choosing employment schedules across worker ability types. Heterogeneity in markdowns
is modeled following Atkeson and Burstein (2008). Larger labor market power arises when a
firm commands a substantial market share for a given worker type. Because firms compete over
workers’ choice sets. Intuitively, when a firm is large from the perspective of a worker—relative
to the worker’s available alternatives—it internalizes the lower elasticity of substitution across

2Production is allowed to exhibit decreasing returns to scale. Hence, monopolistic competition with a constant
markup could be incorporated without loss of generality. In that case, firms would choose prices that apply a con-
stant markup over marginal cost and optimize a decreasing-return revenue function instead of a decreasing-return
production function. All results would remain unchanged under this alternative formulation.
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markets and can therefore exert greater market power.
Optimal wages take the form of firm–worker-specific markdowns relative to the efficient wage,

defined as the worker’s marginal product of labor.3 In each market, concentration indices are
directly linked to the average markdown by worker ability and therefore capture the intensity
of competition faced by different worker types. Throughout the paper, aggregate production in-
efficiency refers to the loss in total output arising from the misallocation of labor across firms
due to market power. In contrast, welfare losses are evaluated at the level of worker ability and
entrepreneurs, comparing their respective outcomes to those under the efficient allocation that
would prevail in the absence of labor market power.

Production and Segmentation. The key innovation of the model lies in the firm’s production
function, which generates labor market segmentation and endogenizes workers’ choice sets as a
function of their abilities. A firm’s realized productivity4 is endogenous, determined by the aver-
age output produced by its workforce, where each worker’s output depends on their ability and
the firm’s exogenous type. Employing higher-ability (lower-ability) workers increases (reduces)
a firm’s productivity by raising (lowering) the average output of its workforce. Under this pro-
duction structure, hiring an additional worker affects output through two channels. The first is
a size effect: expanding employment directly increases output. The second operates through firm-
level productivity, which depends on the average output of the existing workforce. This second
effect can offset the first: if the new worker’s output falls below the firm’s current average, overall
productivity declines, and the firm may optimally choose not to hire even at a one-cent wage.

The model nests three transparent benchmark environments with distinct empirical signa-
tures, obtained by taking limiting cases of key parameters. First, when worker output depends
solely on firm productivity rather than worker ability, the model nests the BHM benchmark, which
assumes homogeneous labor in production. In this case, market shares and concentration indices
are constant across ability: more productive firms are uniformly larger for every worker type, and
labor market power distortions are entirely driven by firm heterogeneity. Second, when worker
output is supermodular but not log-supermodular—yielding a production function similar to that
in Helpman et al. (2010)—the equilibrium allocation of workers to firms, and therefore firms’ labor
market power, coincides with the homogeneous-labor case up to a renormalization. Third, when
the production function features no decreasing returns to labor, within-firm spillovers disappear,
and the production function corresponds to that of Costinot and Vogel (2010)5. If worker output is

3Throughout the paper, I refer tow =MPL as the efficient wage, whereMPL denotes the marginal revenue product
of labor. These wages are efficient in the sense that they would implement the Planner’s allocation in a decentralized
economy. Under labor market power, the actual wage becomes a markdown over the MPL, expressed as w = µMPL,
where µ is the firm’s endogenous markdown. A value of µ closer to one implies a smaller markdown and thus a wage
nearer to the competitive benchmark. Conversely, a lower µ indicates stronger market power and a larger markdown.
In general, µ depends on the firm-level labor supply elasticity ϵ, as w = ϵ

ϵ+1
MPL. Hence, a lower elasticity leads to a

smaller µ and a greater markdown. Larger markdowns do not necessarily imply lower wages, since wages depend on
both µ and MPL: a firm with a sufficiently high MPL may still offer high wages despite a sizable markdown.

4Or product quality, as the two concepts are isomorphic in the context of this model.
5This does not necessarily correspond to the same revenue function in Costinot and Vogel (2010), particularly when
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log-supermodular, the allocation of workers to firms is characterized by sorting but not segmen-
tation: high-productivity firms hire relatively more high-ability workers, but also more of every
worker type. Consequently, concentration indices rise with ability, welfare losses increase with
ability, and labor-market distortions remain closely linked to firm productivity.

When within-firm spillovers are present and worker output is log-supermodular, the resulting
size–quality trade-off induces segmentation in the labor market. In equilibrium, depending on
the calibration, high-ability workers cluster in high-wage firms (sorting), while low-ability work-
ers face limited employment opportunities and are concentrated in low-type firms (segmentation).
From the perspective of these workers, such firms may appear large and exert considerable mar-
ket power, even if they are small relative to the aggregate economy, as competition occurs within
their ability-specific choice sets. This segmentation localizes competition: firms primarily compete
with others of similar exogenous productivity that target the same range of worker abilities.

Empirical Evidence. I present empirical evidence consistent with the model’s key mechanisms.
These patterns, drawn from matched employer–employee data for Italy and Germany, can be
viewed either as stand-alone empirical facts or through the lens of the model, and they provide
moments for calibration and validation.

The main dataset is the matched employer–employee panel for Italy (INPS, 1974–2024), merged
with CERVED balance-sheet data (1996–2018). As a complementary source, I use the German
Sample of Integrated Employer–Employee Data (SIEED) from the Institute for Employment Re-
search (IAB). The Italian analysis focuses on non-managerial workers and defines firms at the
location–commodity–sector level. Results are reported under two alternative definitions of local
labor markets—(i) 3-digit industry × commuting zone and (ii) 3-digit occupation × commuting
zone—while the German analysis uses occupation–location markets.6

Worker and firm unobservable heterogeneity are inferred from wage variation using a two-
way fixed-effects decomposition à la Abowd et al. (1999, AKM), extended with a K-means clus-
tering of firms. The empirical analysis can be viewed through two complementary lenses. From
a model-free perspective, the estimated worker and firm-cluster effects capture persistent het-
erogeneity in pay outcomes, summarizing stable differences in wages across workers and firms.
From a model-based perspective, these fixed effects are interpreted as empirical signals of the un-
derlying structural types. I show that the within–local labor market rankings based on AKM fixed
effects closely reproduce the ordering of model-implied worker and firm types, supporting their
use as valid indirect inference measures of rank heterogeneity.

Fact 1: Hiring Thresholds. Higher-ranked firms hire workers characterized by higher min-
imum worker fixed effects. The minimum fixed effect rises almost linearly with firm rank: top-
decile firms hire workers about 0.6–0.8 standard deviations in the worker fixed effect distribution

monopolistic competition in product markets is assumed.
6In the version of the SIEED data to which I have access, industry codes are available only at the 2-digit level,

motivating the use of occupation–location markets.
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above those in the bottom decile. The relationship is stronger when local markets are defined by
occupation and remains robust to alternative specifications and controls for hiring intensity. The
same pattern is observed in the German data.

Fact 2: Segmentation. Employment-share matrices computed within local labor markets show
that low-rank workers concentrate in low-rank, smaller firms, while high-rank workers cluster
in high-rank, larger firms. Bottom-decile workers allocate about three times more employment to
bottom-decile firms than to top-decile firms, and the reverse holds for top-decile workers. The pat-
tern displays a gradual and ordered shift: as worker rank increases, employment moves steadily
from lower- to higher-rank firms. Segmentation is sharper under the occupation-based market
definition and persists across alternative measures of firm rank—such as revenue productivity,
average wage, or co-worker composition. The same pattern is observed in the German data, indi-
cating that segmentation is a pervasive and robust feature of labor markets.

Fact 3: Concentration and Worker Rank. Labor market concentration varies non-monotonically
along the worker fixed-effect distribution. Defining local markets by occupation, wage-bill Herfind-
ahl–Hirschman indices (HHIs), computed by worker-rank decile within markets, fall from 0.17
among low-rank workers to 0.13 in the middle deciles before rising again to about 0.16 for top-
rank workers, displaying a clear U-shape. Under the industry definition, concentration is flatter
but follows the same qualitative pattern, declining from roughly 0.28 to 0.26 in mid-deciles and
increasing to about 0.32 at the top. Further disaggregation of industry markets by occupational
group (white- versus blue-collar) shows higher average concentration among white-collar jobs
(0.36 versus 0.30) and a similarly U-shaped profile. Overall, concentration is strongest for workers
at both tails of the rank distribution and weakest for those in the middle.

Fact 4: Productivity Effects of Worker Deaths. Finally, I test causally whether firm revenue
productivity7 responds to changes in the firm’s average worker fixed effect. Using unexpected
deaths of above- versus below-average workers as quasi-random shocks, I estimate a stacked
difference-in-differences design comparing treated firms to matched controls. Following the death
of a below- (above-) average worker, the firm’s average worker fixed effect increases (decreases),
and revenue productivity rises (falls) by about 3–5% over the subsequent two to three years. These
results provide direct causal evidence that firm-level productivity is causally affected by the firm’s
average worker fixed effect, consistent with the model’s within-firm spillover mechanism.

Model calibration. I calibrate the model in three steps, using the industry–commuting zone
definition of local labor markets, which enables the use of firm-level balance-sheet information.

First, a small set of macro and technology parameters is fixed externally, and production-
function parameters are estimated directly from firm-level data.

7Firm revenue productivity is computed using standard production function estimation following Ackerberg et al.
(2015) and the available balance sheet data.
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Second, I estimate the two labor-supply elasticities governing worker mobility within and
across markets. The within-market elasticity is identified through a quasi-experimental design
exploiting unexpected worker deaths as exogenous firm-level labor-demand shocks affecting new
hires. The across-market elasticity is calibrated to match the cross-sectional relationship between
firm-level labor wedges and market shares. In the model, the firm’s average wage equals the
average marginal product times a markdown wedge—combining the mean markdown with a
covariance term between markdowns and worker type—and equals one in the absence of mark-
downs.8 Firms in smaller markets have larger market shares and thus face wedges farther from
one, as weaker competition allows them to impose larger markdowns. The across-market elastic-
ity is therefore disciplined by the empirical slope of labor wedges with respect to market shares for
a given estimate of the within market elasticity.9 10 Finally, the remaining parameters—governing
worker and firm heterogeneity and the degree of complementarities in production—are calibrated
by indirect inference. I simulate a synthetic employer–employee panel from the model and jointly
match key moments: (i) the standard deviation of worker fixed effects, (ii) the employment-
weighted wage-bill HHI, (iii) the share of top-quartile workers employed by top-quartile firms
within markets, (iv) the share of bottom-quartile workers employed by bottom-quartile firms
within markets. The calibrated model provides a close quantitative match to both targeted and
untargeted moments. Beyond reproducing the moments used for calibration, it successfully repli-
cates untargeted features such as the observed dispersion of firm size, the relationship between
hiring thresholds and measures of firm quality, heterogeneity in HHI indeces by worker AKM
ranks, and the joint distribution of worker and firm types. As a benchmark, I also re-calibrate two
versions of a homogeneous-labor model that shut down worker heterogeneity and revert to the
BHM benchmark. Calibration 1 matches the aggregate HHI index but implies too little firm-level
heterogeneity, whereas Calibration 2 matches firm-level heterogeneity more closely but generates
substantially higher concentration indices.

Results. The calibrated model serves as a measurement device for three closely related objects:
markdowns by worker type, firm-level wedges in the labor share, and the associated efficiency
and welfare losses. In the data, average markdowns by ability can only be approximated indi-
rectly using HHI-based formulas and AKM worker fixed effects, which are noisy proxies and
typically grouped into coarse bins; the model instead recovers µ(a) at the underlying ability level.
Similarly, firm-level wedges (i.e., the distortion that labor market power imposes on the firm-level
labor share) could potentially be identified in the data using cost shares, but caution is required
to interpret those estimated wedges as actual wedges, since both their level and dispersion are

8A stronger covariance implies that firms underpay workers with higher marginal products, lowering the labor
share and increasing the wedge’s distance from one.

9This calibration strategy parallels Edmond et al. (2023), who discipline markups using similar cross-sectional vari-
ation.

10I rely on the correlation between labor wedges and market shares rather than their level because balance-sheet
data report revenues but not quantities. This precludes direct estimation of firm-specific output elasticities, although
they can be controlled for via high-dimensional industry and size fixed effects (see Ridder et al. (2025)).
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confounded by measurement error and other distortions; the structural model isolates the labor-
market-power component. Finally, mapping these wedges into aggregate efficiency and welfare
losses for different worker types requires the full equilibrium structure.

Measurement. The model delivers rich implications for the distribution of markdowns across
workers and firms. On average, workers take home roughly 72.5% of their marginal product of la-
bor, with markdowns varying systematically in worker ability: high-ability workers receive about
70.5% of their marginal product, and the take-home share is not monotonic in worker ability, and
maximized for workers whose log ability lies roughly one standard deviation below the mean.
At the firm level, the mean and median firm-level wedge are very similar across the baseline and
both BHM calibrations, but the revenue-weighted mean is markedly lower in BHM Calibration 2
(0.68 versus 0.73 in the baseline), indicating that larger-revenue firms in that benchmark operate
with lower wedges and hence generate a stronger impact of labor market power on the aggre-
gate labor share. Across productivity deciles, the wedges in the BHM specifications are mono-
tonically decreasing in firm productivity, while in the baseline calibration they display a mildly
non-monotonic profile, reflecting the fact that labor market segmentation alters the correlation
between firm productivity and distortions.

Misallocation. I compare the decentralized equilibrium with labor market power to the Pareto-
efficient allocation corresponding to the planner’s solution. Under the baseline heterogeneous-
worker calibration, aggregate misallocation reduces output by 3.63% relative to the efficient allo-
cation. The first BHM calibration generates welfare losses similar in magnitude to the baseline
(3.58%), while the second BHM calibration implies a substantially larger output loss of 5.33%. De-
composing these losses reveals that once within-market misallocation is eliminated, the remaining
GDP losses across the baseline and BHM Calibration 1 and 2 are nearly identical (3.33%, 3.31%,
and 3.52%, respectively). This pattern indicates that inefficiencies decline more sharply under
BHM Calibration 2 and that the additional inefficiency in BHM Calibration 2 is driven by stronger
within-market misallocation. In contrast, labor market segmentation in the baseline model damp-
ens the extent to which firm heterogeneity translates into within-market distortions. The baseline
calibration also attributes a sizeable fraction of the remaining loss to distortions in aggregate and
cross-market labor supply: when aggregate labor supply is set to its efficient level, output is only
1.87% below the efficient benchmark, and when the cross-market misallocation is removed, ag-
gregate inefficiency falls to 2.10% of efficient output.

Welfare distribution. Welfare effects are large and heterogeneous. Entrepreneurs benefit sub-
stantially from labor market power: in the baseline calibration, they would need to reduce their
consumption by roughly 66.5% to attain the same utility level they would enjoy if workers were
paid their marginal product. Workers, by contrast, experience welfare losses ranging from about
42% at the tails of the ability distribution to 37% for middle-ability workers. These welfare losses
are largest at the tails of the ability distribution. High-ability workers face highly concentrated
markets dominated by a small set of large, high-paying firms. Low-ability workers, in turn, are
excluded from most employers and obtain jobs only in a limited set of low-productivity, smaller
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firms, so their effective labor market is also highly concentrated. These welfare costs stem entirely
from imperfect competition, not redistributive motives.

Overall, the analysis shows that labor market segmentation not only dampens within market
misallocation but also reshapes the distribution of welfare losses across workers, with the largest
welfare costs borne by workers at the extremes of the ability distribution.

The remainder of the paper is organized as follows. I first review the related literature. Sec-
tion 3 develops the theoretical framework, characterizing firm behavior, worker sorting, and equi-
librium with labor market power. Section 4 describes the data and presents the key empirical
evidence that motivates and disciplines the model. Section 5 outlines the calibration, estimation,
and validation of the model parameters. Section 6 presents the main quantification exercises, eval-
uating the aggregate efficiency and welfare implications of labor market power under the baseline
calibration and relevant counterfactuals.

2 Related Literature

Monopsony and oligopsonistic labor markets. This paper contributes to the literature on monop-
sony and oligopsonistic labor markets, building on classical treatments of monopsony power
(Robinson, 1933) and equilibrium search models with frictions (Burdett and Judd, 1983; Man-
ning, 2003), as well as recent quantitative and empirical work using matched employer–employee
data.

A growing body of research employs the preference heterogeneity approach to model worker
labor supply, an approach consistent with extensive empirical evidence (Card, 2022). Recent con-
tributions estimate firm-specific labor supply elasticities, markdowns, and concentration effects
(Card, Cardoso, et al., 2018; Lamadon et al., 2022; Azar et al., 2022; Sharma, 2023; Haanwinckel,
2023; D. W. Berger et al., 2023). Bils et al. (2025) develops a model combining Roy-style selec-
tion with monopsony power. Related work examines the interaction of monopsony with labor
market institutions such as minimum wages (D. Berger et al., 2025), documents implications for
gender wage differences (Sharma, 2023), and demonstrates how trade exposure causally affects
concentration indices (Felix, 2021).

Methodologically, this paper builds on the oligopsony framework developed by Card, Car-
doso, et al. (2018) and D. Berger et al. (2022), which provide tractable quantitative models of im-
perfect competition across firms and local labor markets. The present paper departs from this
literature in three fundamental ways.

First, I introduce endogenous choice sets determined by worker ability and firm production de-
cisions. Existing models typically assume workers can access any firm within their market, a limi-
tation acknowledged in recent reviews (Card, 2022; Manning, 2021). In contrast, this paper recog-
nizes that high-productivity firms actively exclude low-ability workers through a microfounded
mechanism of intrafirm spillovers, while low-ability workers face severely restricted employment
opportunities. This fundamentally alters rivalry across firms: competition occurs not over the en-
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tire labor market but within ability-specific segments, reshaping the distribution of market power
across the ability distribution.

Second, I shift the analytical focus from aggregate or firm-level measures of monopsony to
the question of who competes for whom. By explicitly modeling heterogeneity in both worker abil-
ity and firm productivity—combined with log-supermodular complementarities and within-firm
spillovers—the model generates equilibrium segmentation where workers face different sets of
competing employers. This allows me to characterize ability-specific concentration, document
that labor market power varies non-monotonically across the worker distribution, and show that
welfare losses are largest at the tails rather than being monotonic in ability.

Third, I provide novel empirical evidence from matched employer–employee data for Italy
and Germany documenting hiring thresholds, ability-specific segmentation patterns, and non-
monotonic concentration profiles. Critically, I establish a causal link between workforce com-
position and firm productivity using unexpected worker deaths as quasi-experimental shocks,
validating the model’s intrafirm spillover mechanism.

Misallocation and aggregate costs of micro distortions. This paper also relates to the literature
quantifying aggregate output and welfare losses from micro-level distortions and misallocation
(Harberger, 1954; H. Hopenhayn and Rogerson, 1993; Restuccia and Rogerson, 2008; Hsieh and
Klenow, 2009; H. A. Hopenhayn, 2014; Baqaee and Farhi, 2020; Edmond et al., 2023). A large em-
pirical tradition uses production function estimation to recover firm-level wedges from observable
data—such as markups from cost shares and revenue—and map these into aggregate productivity
losses (e.g., De Loecker et al., 2020; Bond et al., 2021; Wu et al., 2025; Ridder et al., 2025).

I bring this perspective to labor market power by using the calibrated model as a measure-
ment device to recover ability-specific markdowns and firm-level wedges in the labor share, and
to trace how these distortions translate into aggregate misallocation and heterogeneous welfare
losses. A key contribution is extending the cost-share approach to environments with heteroge-
neous markdowns by worker ability, showing that the observed firm-level wedge equals the aver-
age markdown contaminated by a covariance term between markdowns and worker types. This
decomposition reveals that firms may exhibit large wedges not only because they impose high
average markdowns, but also because they disproportionately underpay high-marginal-product
workers.

Moreover, I demonstrate that once sorting and segmentation are introduced, the tight link be-
tween firm size, productivity, and distortions implicit in homogeneous-labor models is broken.
Segmentation dampens within-market misallocation relative to homogeneous-labor benchmarks,
yet substantial welfare losses persist—particularly for workers at the tails of the ability distribu-
tion. These losses arise purely from unequal exposure to imperfect competition rather than from
redistributive concerns, and cannot be captured by models that abstract from worker heterogene-
ity or assume uniform market access.
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Intrafirm spillovers, segmented labor markets, and assortative matching. This paper is related
to empirical work using matched employer–employee data to study firm and worker heterogene-
ity, co-worker interactions, peer effects, and firm-specific wage components (Abowd et al., 1999;
Moretti, 2004; Mas and Moretti, 2009; Card, Heining, et al., 2013; Song et al., 2019; Bender et al.,
2018; Lamadon et al., 2022), and to theoretical contributions on sorting, segmentation, and as-
sortative matching between workers and firms (Becker, 1973; Teulings, 1995; Shimer and Smith,
2000; Saint-Paul, 2001; Yeaple, 2005; Helpman et al., 2010; Costinot and Vogel, 2010; Eeckhout and
Kircher, 2018; Freund, 2022; Haanwinckel, 2023; Bils et al., 2025).

Relative to this literature, I make both empirical and theoretical contributions. Empirically,
I document novel facts on assortative matching, labor market segmentation, firm-level hiring
thresholds, and ability-specific concentration patterns using matched employer–employee data
from Italy and Germany. Theoretically, I develop a deliberately parsimonious general-equilibrium
model that rationalizes these empirical regularities within a unified framework with a transparent
mechanism: intrafirm spillovers in production generate endogenous segmentation, which in turn
shapes the distribution of monopsony power across worker types.

The model is intentionally tractable. With a small number of interpretable parameters, it iso-
lates how sorting generates segmentation, and how segmentation shapes monopsony distortions,
while nesting several benchmark environments—including Helpman et al. (2010) and Costinot
and Vogel (2010)—as special cases. This parsimony enables the model to flexibly match empir-
ically disciplined segmentation patterns that distinguish it from existing frameworks, without
sacrificing analytical clarity.

I validate the core spillover mechanism using an event-study design based on unexpected
worker deaths, providing causal evidence that changes in workforce composition affect firm-level
productivity. The calibrated model reproduces a wide range of targeted and untargeted empirical
moments, demonstrating that the parsimonious structure captures essential features of segmented
labor markets. The framework then serves as a measurement device to characterize competition
across ability-specific segments, recover ability-specific markdowns that vary non-monotonically
with worker type, and quantify both the aggregate efficiency costs of monopsony and their het-
erogeneous incidence across the worker-ability distribution.
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3 The Model

This section develops a general-equilibrium model of sorting and segmentation in the labor mar-
ket and characterizes the resulting steady-state equilibrium. Time is dynamic, but I suppress time
subscripts except when describing agents’ problems. All analytical derivations and proofs appear
in Appendix A.

3.1 Environment

Agents — The economy consists of households (workers) whose abilities take discrete values
a ∈ A, where A is a countably infinite set. Abilities are distributed according to a cumulative
distribution function Fa with probability mass function fa(a). The economy also contains a col-
lection of firms and a representative entrepreneur.

Local labor markets are indexed by j ∈ [0, 1]. Each market draws a random number of firms
mj ∼ Fm, which is the only ex ante source of heterogeneity across markets. Firms differ in baseline
productivity zij , where i indexes firms within market j, and productivities are drawn from Fz .

Income and rents — Firms are owned by the representative entrepreneur, who receives profits
as lump-sum payments and accumulates capital that is subsequently rented to firms. Workers
supply labor and earn wage income. The entrepreneur earns profits and capital rents.11

3.2 Workers

Each worker derives utility from consumption and disutility from supplying labor. Preferences
are concave, and labor disutility follows a nested-CES specification—building on D. Berger et al.
(2022) (hereafter BHM)—described in detail below. Utility is expressed in per-capita terms and
scaled by the population density of ability type a, denoted fa(a). Since product-market power
is not central to the analysis, final goods are assumed to be perfect substitutes, implying no
markups.12 The consumption good is the numéraire.

Each household of type a receives a set of job offers that depends on its ability. Let Sj(a) denote
the set of firms offering jobs to ability type a in local labor market j; this choice set is determined
endogenously in equilibrium. The household allocates labor supply nijt(a) across firms in its
choice set and chooses consumption bundles cijt(a) to maximize discounted utility, taking wages

11For tractability, I impose a sharp distinction between workers—who earn almost exclusively from labor in-
come—and the entrepreneur, who receives profits. This assumption is consistent with evidence from the Survey of
Consumer Finances, which shows that most households rely primarily on labor income, whereas a small subset derives
the bulk of its income from capital. For example, the capital-to-labor income ratio is roughly 0.05 for college-educated
workers and below 0.02 for high-school–educated workers D. Berger et al., 2025.

12Allowing for monopolistic competition with a constant markup would not alter any results. Firms would set prices
as a constant markup over marginal cost and maximize a decreasing-return revenue function rather than a production
function. All equilibrium conditions remain unchanged.
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{wijt(a)} and choice sets {Sj(a)} as given:

U0(a) = max
{nijt(a), cijt(a)}t≥0

∞∑
t=0

βtU

(
Ct(a)

fa(a)
,
Nt(a)

fa(a)

)

=

∞∑
t=0

βt
[( Ct(a)

fa(a)(1− σ)1/(1−σ)

)1−σ
−
( Nt(a)

fa(a)(1 + 1/φ)1/(1+φ−1)

)1+1/φ
]
.

(1)

Aggregate consumption and labor supply are given by

Ct(a) :=

∫ 1

0

mj∑
i=1

cijt(a) dj, Nt(a) :=

[∫ 1

0
njt(a)

θ+1
θ dj

] θ
θ+1

,

where market-level labor input is

njt(a) :=

[ ∑
i∈Sj(a)

nijt(a)
η+1
η

] η
η+1

, η > θ > 0.

The household’s period budget constraint is

Ct(a) =

∫ 1

0

∑
i∈Sj(a)

wijt(a)nijt(a) dj.

Discussion. The nested-CES labor-supply system embeds the broader class of preference het-
erogeneity models microfounded by BHM13 and surveyed in Manning (2021) and Card (2022).14

Workers consider both wages and idiosyncratic taste shocks when choosing employers. These un-
observed components capture differences in commuting costs, firm culture, work environment,
and relocation costs, generating imperfect substitutability across firms. Thus, workers do not nec-
essarily supply labor to the highest-wage firm but to the employer that maximizes indirect utility.

The parameter η governs the elasticity of substitution among firms within a market, while
θ governs substitution across markets. When η > θ, intra-market mobility is easier than inter-
market mobility. As η → ∞, firms within a market become perfect substitutes, and the worker
allocates all labor to the highest-wage firm in Sj(a). As θ → ∞, markets become perfect substi-
tutes. The neoclassical monopsony model arises as the special case η = θ.

13Appendix A.1 extends the BHM microfoundation showing that it’s unaltered by the endogenous choice set Sj(a).
14Following BHM, the labor-supply structure arises from workers’ discrete choices along three margins: (i) employ-

ment, (ii) selection across markets, and (iii) selection across firms within a market. Assuming correlated Gumbel taste
shocks yields the nested-CES structure, where θ governs dispersion across markets and η governs dispersion across
firms within a market.
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Optimality conditions. In steady state, the first-order conditions deliver the inverse labor-supply
system: (

N(a)

g(a)

)1
φ
+σ

=W (a) 1−σ, wij(a) =
(nij(a)
nj(a)

)1/η(nj(a)
N(a)

)1/θ
W (a). (2)

Given aggregate labor supply, firm-level labor supply depends on two wage indices: the mar-
ket index wj(a) and the aggregate index W (a), defined by

wj(a)nj(a) =
∑

i∈Sj(a)

wij(a)nij(a), W (a)N(a) =

∫ 1

0
wj(a)nj(a) dj.

Using these definitions and (2) yields

wj(a) =
( ∑
i∈Sj(a)

wij(a)
1+η
)1/(1+η)

, W (a) =
(∫ 1

0
wj(a)

1+θ dj
)1/(1+θ)

.

I focus on a steady state in which employment by ability type is constant over time. One
interpretation is that, in each period, a random fraction of workers separates and is instantly re-
placed by new hires of the same type. The steady-state allocation is thus a continual reshuffling of
workers across firms, under which the inverse labor-supply relationships in (2)—and their micro-
foundation in Appendix A.1—apply isomorphically to the flow of new hires.

3.3 Representative Entrepreneur

The representative entrepreneur e has monotonic preferences over consumption of the final good
and chooses next-period capital Kt+1 and consumption bundles cijt(e) to maximize discounted
utility. The entrepreneur rents capital to firms, which demand kijt, and receives their profits πijt
as lump-sum payments. Given an initial capital stock K0, the problem is

U0(e) = max
{Kt+1, cijt(e)}t≥0

∞∑
t=0

βtU(Ct(e)) =

∞∑
t=0

βt
(
Ct(e)

1− σ

)1−σ

, (3)

subject to the budget constraint

Ct(e) +Kt+1 − (1− δ)Kt = Πt +RtKt. (4)

Aggregate entrepreneurial consumption, capital services, and profits are

Ct(e) :=

∫ 1

0

mj∑
i=1

cijt(e) dj, Kt :=

∫ 1

0

mj∑
i=1

kijt dj, Πt :=

∫ 1

0

mj∑
i=1

πijt dj.
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Optimality condition. In steady state, the entrepreneur’s Euler equation for capital accumula-
tion is

1 = β(R+ 1− δ). (5)

3.4 Firms

Firm (i, j) is endowed with an exogenous type zij , drawn from Fz . A worker of ability a ∈ A
employed at firm ij produces ϕ(a, zij) units of output when combined with one unit of capital.

Let kijt denote capital. Total employment and the induced ability distribution are hijt =∑
a∈A nijt(a) and gijt(a) = nijt(a)/hijt.
Output is produced according to

yijt = Egijt [ϕ(a, zij)]
(
k1−γ
ijt h

γ
ijt

)α
, Egijt [ϕ(a, zij)] ≡

∑
a∈A

ϕ(a, zij) gijt(a). (6)

Firms thus have an exogenous technological component zij , but realized productivity is en-
dogenous and reflects the ability composition of their workforce.

Quantitative specification. In the quantitative analysis, the worker–firm productivity function
ϕ(a, z) is assumed to follow a constant-elasticity-of-substitution (CES) form:

ϕ(a, z) =
[
(1− ωa) z

ρ−1
ρ + ωa a

ρ−1
ρ

] ρ
ρ−1

, ρ ≤ 1, ωa ∈ [0, 1]. (7)

This specification delivers a flexible degree of complementarity between firm productivity z and
worker ability a. For ρ < 1, ϕ(a, z) is log-supermodular, generating stronger sorting and segmen-
tation patterns.

Special cases. The CES structure in (7) nests several benchmark production functions:

1. Cobb–Douglas benchmark. When ωa = 0, worker output depends solely on firm produc-
tivity and ϕ(a, z) = z. Firm-level output reduces to

y = z (k1−γhγ)α.

In this limit, the production structure of BHM is nested.15

2. Multiplicative complementarities. As ρ→ 1, the CES aggregator becomes log-linear, yield-
ing

ϕ(a, z) = z1−ωaaωa , ⇒ y = z1−ωa Eg(a)[a
ωa ] (k1−γhγ)α.

15While the production function coincides with BHM, the income distribution differs. In D. Berger et al., 2022,
a representative household receives wages, profits, and capital rents. In the present framework, entrepreneurs own
capital and collect profits, whereas workers earn only wages; equilibrium allocations may therefore differ through rent
sharing and, with income effects in labor supply, through aggregate employment responses.
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This corresponds to a production structure similar to Helpman et al. (2010), where output
depends on the interaction between firm productivity and the (appropriately weighted) av-
erage worker ability.

3. Additive aggregation. When α = γ = 1, output exhibits constant returns to the number of
workers, and labor enters through efficiency units ϕ(a, z). The production function reduces
to the additive form in Costinot and Vogel (2010):

y =
∑
a∈A

ϕ(a, z)n(a),

Discussion. Appendix A.2 provides a microfoundation for the production structure in which
workers share a common firm-level resource (e.g., capital equipment or workspace) that is al-
located uniformly across employees.16 Under this interpretation, ϕ(a, z) represents the output
produced by a type-aworker at a firm with type z when combined with a standardized amount of
common resources, and Eg(a)[ϕ(a, z)] is realized firm productivity as the average of these individ-
ual outputs. This mechanism builds upon theories proposed by Kremer, 1993, Saint-Paul, 2001,
and Helpman et al., 2010, and is closely related to theories of sorting and productivity interactions
such as Shimer and Smith, 2000 and Eeckhout and Kircher, 2018.

In later sections, I provide direct empirical evidence consistent with this mechanism. Using
plausibly exogenous worker exits due to unexpected deaths, I show that the loss of a lower-ability
worker increases firm-level TFPR, whereas the loss of a higher-ability worker reduces it. These
asymmetric responses point to within-firm congestion or dilution effects: employing workers
whose ability lies below the firm’s average lowers the productivity-relevant aggregate, a pattern
that cannot arise under a purely additive production structure.

More broadly, the specification offers a parsimonious way to capture a variety of channels
through which the composition of a firm’s workforce influences measured productivity. These
include within-firm spillovers documented in coworker-composition studies Moretti, 2004; Gen-
naioli et al., 2013; Bender et al., 2018 as well as peer and social-pressure effects operating within
production units Ichino and Maggi, 2000; Falk and Ichino, 2006; Bandiera et al., 2010; Mas and
Moretti, 2009. While the model does not explicitly incorporate the full structure of these mecha-
nisms, it is constructed to capture their central implications in a stylized and parsimonious form.
As developed in later sections, the framework reproduces rich patterns of sorting and segmenta-
tion with a small number of interpretable parameters, while also encompassing standard bench-
mark environments as limiting cases.

Firm’s Problem. Given the specified production function, firms are infinitesimal with respect to
the aggregate economy but granular within local labor markets. They treat aggregate quantities

16For intuition, consider a division where workers share office space, equipment, or support staff that cannot be tai-
lored to individual ability levels. Even when workers differ in productivity, management cannot differentially allocate
these shared inputs, so each worker effectively receives an identical bundle.
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Nt(a) and Wt(a) as exogenous, while internalizing the impact of their own hiring decisions on
market-level variables njt(a) and wjt(a). The equilibrium features Cournot competition: each
firm takes competitors’ employment choices n∗−ijt as given. Each firm maximizes profits takingRt

and the labor supply as given, choosing capital kijt and the number of workers of each ability type
nijt(a). An equivalent interpretation is that the firm chooses the number of job slots to open, hijt,
and a workforce composition rule gijt(a) ∈ [0, 1] specifying how these slots are allocated across
abilities.17

Given this representation, the firm’s problem is

πijt = max
nijt(a), kijt

{
Egijt(a)[ϕ(a, zijt)] (k

1−γ
ijt h

γ
ijt)

α −Rtkijt − hijt Egijt(a)[wijt(a)]
}
, (8)

subject to gijt(a) =
nijt(a)
hijt

≥ 0,
∑

a nijt(a) = hijt, and the inverse labor-supply condition (2).
The first-order condition for capital is

(
Egij(a)[ϕ(a, zij)]

) 1
1−α(1−γ)

h
γα

1−α(1−γ)

ij =
Rkij

(1− γ)α
. (9)

Let Z =
(
α(1−γ)

R

) (1−γ)α
1−(1−γ)α . Substituting the optimal kij , hiring an additional worker of type a

affects output through two channels.
First, total employment h rises, generating a positive size effect: ∂y

∂h
dh

dn(a) =
∂y
∂h .18 This term coin-

cides with the marginal product if all workers are homogeneous with productivity Egijt(a)[ϕ(a, zijt)].
19

Second, hiring affects the firm’s endogenous productivity through ∂y
∂Egijt(a)

[ϕ(a,zijt)]

dEgijt(a)
[ϕ(a,zijt)]

dn(a) ,20

which is negative whenever the worker’s productivity is below the firm average. Combining both
channels gives a compact expression for the marginal product of labor:

MPLij(a | Egijt(a)[ϕ(·)], h) =MPLij

[
1− 1

αγ

(
1− ϕ(zij , a)

Egijt(a)[ϕ(a, zijt)]

)]
,

MPLij ≡ Zαγ
(
Egijt(a)[ϕ(a, zijt)]

) 1
1−α(1−γ)h

α−1
1−α(1−γ) .

(10)

17For notational simplicity I suppress firm and competitor indices below. When writing wijt(nijt(a)),
it should be understood as a function of own hiring, competitors’ hiring, and aggregate quantities:
wijt(a, nijt(a), n

∗
−ijt, Nt(a),Wt(a)).

18Differentiating output with respect to total employment gives

∂y

∂h
= Zαγ

(
Egijt(a)[ϕ(a, zijt)]

) 1
1−α(1−γ) h

α−1
1−α(1−γ) .

19Under homogeneous labor, y = z(k1−γhγ)α, implying MPL = Zαγz
1

1−α(1−γ) h
α−1

1−α(1−γ) .
20

∂y

∂Egijt(a)[ϕ(a, zijt)]

dEgijt(a)[ϕ(a, zijt)]

dn(a)
= Z

(
Egijt(a)[ϕ(a, zijt)]

) 1
1−α(1−γ) h

α−1
1−α(1−γ)

(
1− ϕ(zij , a)

Egijt(a)[ϕ(a, zijt)]

)
.
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For expositional simplicity, I will refer to this expression as MPLij(a).
Under decreasing returns to labor (αγ < 1), the productivity term in (10) may outweigh the

positive size effect, so that hiring additional low-ability workers—whose productivity ϕ(zij , a)

falls sufficiently below the firm average—reduces the marginal product of labor; if the decline in
endogenous productivity dominates the scale gain, the marginal product can even turn negative.
Microfoundationally, each worker not only contributes to output but also occupies a spot—an
equal share of the firm’s resources (e.g., capital). When returns are decreasing, occupying a spot
entails a shadow cost: additional hires dilute resources per worker, lowering average productivity.
Under constant returns, this dilution effect vanishes—firms can scale up proportionally, and a
worker’s marginal product reverts to ϕ(a, z).

Intra-Firm Spillovers. The production structure generates intra-firm spillovers because each
worker’s marginal product depends on the firm-level productivity term Egijt(a)[ϕ(a, zijt)]. Hold-
ing total employment h fixed, the sensitivity of MPLij(a) to changes in firm productivity is

∂MPLij(a)

∂Egijt(a)[ϕ(a, zijt)]
=

[
ϕ(a, zij)− Egijt(a)[ϕ(a, zijt)] ·

1− αγ

α(1− γ)

]
.

Because this expression is linear in ϕ(a, zij), there exists a threshold ability a∗ such that firm-level
productivity improvements reduce the marginal product of workers with a < a∗ and increase it
for those with a > a∗. Linearity further implies that spillover intensity rises with worker ability:
productivity gains amplify intra-firm heterogeneity by disproportionately raising the marginal
products of high-ability workers.

Under decreasing returns to labor, expanding employment imposes a shadow cost by diluting
the firm’s effective resources. As firm efficiency rises, this shadow cost strengthens and depresses
the marginal products of all worker types, especially those with low ability. At the same time,
the firm’s capital first-order condition implies that higher efficiency induces greater capital ac-
cumulation, which increases marginal products across the board. When this capital–productivity
channel dominates the shadow-cost effect, high-ability workers experience net productivity gains,
generating positive intra-firm spillovers.

Under constant returns to labor, capital is absent and the resource-dilution mechanism disap-
pears. In this case, each worker’s marginal product is independent of the firm’s composition, and
intra-firm spillovers vanish.

Firm Wages. If the marginal product of a worker is positive, the standard rearrangement of the
firm’s first-order condition with respect to employment nij(a) yields a Lerner-type condition: the
equilibrium wage equals an endogenous markdown µij(a) ≤ 1 applied to the marginal product of
labor. When MPLij(a) ≤ 0, the firm does not hire the worker, implying wij(a) = 0. Proposition 1,
proved in Appendix ??, characterizes the resulting wage schedule.
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Proposition 1. Let the marginal product of a worker of type a be given by equation (10). A firm optimum
exists, and the maximizing wage schedule satisfies

wij(a) =

µij(a) ·MPLij(a) if MPLij(a) > 0,

0 if MPLij(a) ≤ 0,
(11)

where

µij(a) =
ϵij(a)

ϵij(a) + 1
, ϵij(a) :=

∂ logwij(a)

∂ log nij(a)

∣∣∣∣∣
n∗
−ij(a)

−1

, (12)

and ϵij(a) denotes the inverse elasticity of firm-specific labor supply. Under the assumed structure,

ϵij(a) =

[
1

η
+

(
1

θ
− 1

η

)
sij(a)

]−1

, sij(a) =
wij(a)nij(a)∑

i∈Sj(a)
wij(a)nij(a)

. (13)

Lemma 1. Under no capital in production (γ = 1), the wage structure in equation (11) is also sufficient
for firm maximization.21

Proposition 1 implies that the firm’s problem can be expressed as a fixed-point system. Given
initial employment choices {nij(a)} and competitors’ allocations n∗−ij(a), one can recover Egijt(a)[ϕ(a, zijt)]

and hij , update marginal products and wages, and iterate until convergence.

Firm Labor Market Power. In the model, firm labor market power is captured by firm–worker–
specific markdowns, which measure the wedge between a worker’s marginal product of labor and
the wage paid.22 The markdown µij(a) is determined by the firm–worker employment elasticity
ϵij(a), which reflects worker ability, firm characteristics, and the competitive environment. In
equilibrium, ϵij(a) depends on the firm’s wage share among all employers of ability-a workers in
market j, following D. Berger et al., 2022 and Atkeson and Burstein, 2008.

Firms compete for each worker type against type–specific wage indexes. Importantly, competi-
tion occurs within a worker’s relevant choice set. Consequently, a firm may be macroeconomically
small yet large relative to the subset of employers available to a particular worker type. When a
firm represents a substantial share of that set, it internalizes the worker’s outside option, and the
markdown is shaped by the lower elasticity of substitution θ. Conversely, when the firm is small

21The sufficiency result is established by first proving the existence of a maximum through a coercivity argument and
then showing that any candidate satisfying the first-order conditions is unique. Uniqueness follows from partitioning
the domain into two exhaustive regions: in the first, profits are strictly concave; in the second, a single-crossing property
rules out multiple optima. This ensures both necessity and sufficiency of the wage schedule when capital is fixed or
absent.

When capital is freely adjustable (γ ̸= 1), the single-crossing argument cannot be derived analytically because capital
accumulation generates cross-type positive spillovers. In that case, sufficiency is verified numerically.

22The standard interpretation is that increasing employment forces the firm to raise wages for all inframarginal
workers. In this environment—where firms set wages by worker type—an equivalent probabilistic interpretation ap-
plies: raising the wage increases the probability of hiring but also raises the wage in all states in which the worker
would have accepted anyway. The smaller the elasticity of labor supply to the firm, the larger this inframarginal cost.
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within the choice set (sij(a) ≈ 0), the markdown is governed primarily by the within-market
elasticity η, as in standard oligopsonistic models.

The following proposition relates the average wage and average MPL to profits and mark-
downs under oligopsonistic behavior, and shows how markdowns shape firm profits and the
labor share.

Proposition 2 (Firm-Level Quantities). Define the firm-level labor market power wedge:

ψ̃ij = µij + covgij

(
µ,

ϕ

Egij(a)[ϕ(a, zijt)]

)
≤ 1,

where the covariance is taken with respect to gij . Let MPLij(a) denote the marginal product of type-a
labor, MPLij the average marginal product, wij the average wage, and lsij the labor share. Then:

MPLij = αγ
yij
hij

, πij =
[
1− α(1− γ)− αγ ψ̃ij

]
hijMPLij ,

wij =MPLij · ψ̃ij , lsij = αγ · ψ̃ij .

Absent markdowns, ψ̃ij = 1, and the average wage equals the average marginal product. In
this benchmark, the firm’s labor share and profits coincide with those implied by a Cobb–Douglas
technology with homogeneous labor: labor receives a constant share αγ of revenue, while profits
account for the remaining share 1− α, despite the presence of worker heterogeneity.

The labor-market-power wedge ψ̃ij determines the gap between the firm’s average marginal
product and its average wage. It has two components. The first reflects the firm’s average mark-
down, so ψ̃ij (and thus the labor share) falls as the firm exercises greater monopsony power. The
second component—the covariance term—captures a second-order effect: markdowns reduce the
labor share more strongly when their covariance with workers’ relative output, ϕ

Egij(a)
[ϕ(a,zijt)]

, is

more negative. This covariance is taken with respect to the within-firm distribution of worker
abilities.

Intuitively, a more negative covariance between markdowns µ and worker output ϕ means
the firm underpays workers with higher relative MPLij(a), who account for a disproportionate
share of total wage payments. Shifting earnings away from these high-MPL workers compresses
the right tail of the within-firm earnings distribution, lowers the labor share, and raises profits.
In an economy with sorting, more productive firms exhibit a stronger covariance between worker
output and market shares, further contributing to a second-order reduction in their labor share.

Proposition 2 also informs the empirical measurement of markdowns. The production-function
approach recovers firm-level markdowns by comparing a plant’s marginal revenue product of la-
bor with its wage (e.g., Yeh et al., 2022; Kirov and Traina, 2021). The proposition shows that, in
the presence of unobservable workforce heterogeneity, this empirical measure corresponds to the
model-consistent labor-market-power wedge ψ̃ij , which differs from the average markdown be-
cause it incorporates the covariance term. With sorting, more productive and larger firms may
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therefore display higher ψ̃ij not only due to higher average markdowns but also because of a
stronger covariance between markdowns and workers’ relative output. Importantly, ψ̃ij remains
the relevant sufficient statistic for assessing how labor market power shapes the firm-level labor
share.

Definition 1 (Steady-State General Equilibrium). Given primitives {Fa, Fm, Fz}, parameters (σ, φ, α, γ),
and technology ϕ(a, z), a steady-state general equilibrium is a collection of allocations and prices

{nij(a), kij , πij , wij(a), K, C(a), C(e), R}i,j,a

such that:

(i) Households. For each ability a ∈ A, households satisfy the optimality conditions in (2),
determining equilibrium labor supply N(a) and firm-level allocations {nij(a)}i,j .

(ii) Capital markets. The steady-state return to capital satisfies the Euler equation (5), and ag-
gregate capital equals the sum of firm-level capital,

K =

∫ 1

0

mj∑
i=1

kij dj.

(iii) Firms. Each firm (i, j) maximizes profits taking R and labor supply as given, choosing
{nij(a)}a and kij according to the first-order conditions (9)–(10) and the wage condition
(11).

(iv) Feasibility. Aggregate goods-market clearing holds:

∫ 1

0

mj∑
i=1

yij dj =
∑
a∈A

C(a)fa(a) + C(e).

Individual consumption equals individual income:

C(a) =

∫ 1

0

∑
i∈Sj(a)

wij(a)nij(a) dj, C(e) = Π + (R− δ)K,

where total profits are

Π :=

∫ 1

0

mj∑
i=1

πij dj.

Lemma 2. A steady-state equilibrium exists.

Definition 2 (Planner’s Problem). The social planner chooses allocations {C(a), C(e), K, nij(a), kij}i,j,a
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to maximize weighted social welfare:

W =
∑
a∈A

ψ(a)U(C(a), N(a)) fa(a) + ψ(e)U(C(e)) ,

subject to the resource constraint

∑
a∈A

C(a)fa(a) + C(e) +K =

∫ 1

0

mj∑
i=1

yij + (1− δ)K,

and the feasibility conditions defining nij(a), hij , gij(a), and Φij .

Proposition 3 (Efficiency Without Markdown). If all firms pay no markdowns (µij(a) = 1 for all
i, j, a), so that

wij(a) =MPLij(a),

then the decentralized equilibrium satisfies the planner’s first-order conditions and hence coincides with the
planner’s allocation.

3.5 Market Equilibrium: Sorting, Segmentation, and Labor Market Power

I now examine how different parameterizations of the model generate distinct patterns of sorting
and segmentation in the labor market. These mechanisms determine the intensity of competition
across firms for different worker types and, in turn, shape the allocation distortions and welfare
effects induced by labor-market power. Whenever a firm pays a worker less than their marginal
product, it attracts too few workers of that type relative to the efficient allocation, who are mis-
allocated either toward other firms or toward leisure. As established in Proposition 3, such mis-
allocation reduces aggregate welfare and redistributes income from workers to the entrepreneur.
To illustrate the underlying mechanisms, I analyze a single labor market with a random realiza-
tion of firm productivities and a fixed aggregate labor supply. The market contains one hundred
firms whose productivities are drawn from a lognormal distribution, while worker abilities fol-
low a discretized lognormal distribution. The baseline calibration for this exercise is reported in
Table 1. I then vary one parameter at a time to trace how sorting, segmentation, and markdown
heterogeneity emerge in equilibrium under alternative parameter configurations. The results in
this subsection are qualitative in nature: they are designed to elucidate the model’s mechanisms
rather than deliver quantitative predictions.

Parameter ρ ωa γ α η θ σa σz
Value 0.35 0.85 0.70 0.94 10 0.50 0.33 0.40

Table 1: Baseline calibration parameters for the illustrative labor-market exercise.

Definition 3 (Market Equilibrium). Fix the labor-supply density in market j as fa(a). A market
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equilibrium is a collection of employment shares {qij(a)} satisfying

qij(a) =
wij(a)

η∑
i′∈Sj(a)

wi′j(a)η
, Sj(a) = {i :MPLij(a) > 0},

with wages given by wij(a) = µij(a)MPLij(a). The efficient equilibrium satisfies the same system
with µij(a) = 1, i.e. wij(a) =MPLij(a).

Linking markdowns and concentration. Before examining the equilibrium benchmarks, it is
useful to establish two preliminary results.

Lemma 3 (Ability–specific average inverse markdown). For ability type a in market j, let µij(a)−1 =

MPLij(a)/wij(a) denote the inverse markdown and let sij(a) be firm i’s wage bill share for that type. Then

∑
i

sij(a)µij(a)
−1 =

MPLj(a)

W j(a)
= 1 +

1

η
+
(1
θ
− 1

η

)
HHIj(a),

where HHIj(a) =
∑

i sij(a)
2. Thus the wage-bill–weighted, ability-specific average inverse markdown

depends directly on market concentration.

Lemma 4 (Finite–sample decomposition of concentration). Let mj(a) be the number of firms hiring
ability a in market j, and let CVj(a) be the coefficient of variation of wij(a)

1+η across those firms. Then

HHIj(a) =
1

mj(a)

[
1 + CVj(a)

2
]
.

Hence market concentration reflects both the size of a worker’s choice set and the dispersion in effective wage
offers across firms.

Together, Lemma 3 and Lemma 4 show how average markdowns by ability type are shaped
by market concentration, the number of available employers, and the heterogeneity of effective
wage offers within a market.

Equilibrium under Homogeneous Labor and Supermodular Technology. I begin with the bench-
mark case of homogeneous labor, as in BHM, obtained by setting ωa = 0. Because all workers con-
tribute identically to production, the economy exhibits neither sorting nor segmentation. Higher
firm productivity zij raises the marginal product of every worker uniformly. More productive
firms therefore pay higher wages and hire the same share of each ability type, expanding propor-
tionally across the entire workforce. These firms capture a larger market share for every worker
type and exert greater market power symmetrically across the ability distribution. Since more
productive firms apply larger markdowns, they pay wages that fall further below the efficient
benchmark and operate at inefficiently small scale relative to the planner’s allocation. I refer to
this as the firm-size distortion, to distinguish it from the additional distortions that arise once work-
ers differ in productivity.
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Next, consider the case where ωa > 0 but let ρ → 1, so that worker-level output is super-
modular but not log-supermodular. Under the ρ → 1 specification, after defining the firm-level
productivity term z̃ij := z1−ωa

ij Egij(a)[a
ωa ]/āij , firm output and worker’s marginal product can be

written as

yij = z̃ij āij

(
k
(1−γ)
ij hγij

)α
, MPLij(a) = z̃ij k

α(1−γ)
ij hγα−1

ij

[
a− (1− α)āij

]
.

Let ā be the average ability in the market, computed using the exogenous aggregate labor supply
density. In the limit ρ → 1, when firms hire the same density of workers equal to the market
density of labor supply, they share the same average ability āij = ā, and the dependence of the
marginal product on ability a enters multiplicatively through a term common to all firms for a
given a.

Lemma 5 (Equilibrium invariance from ωa = 0 to ρ→ 1). Let {qij(a)} denote the equilibrium assign-
ment under ωa = 0. Let ā be the average ability in the market, given the exogenous aggregate labor supply,
and assume that al > (1 − α)a23. Define the renormalized firm productivities z̃ij = z 1−ωa

ij
Eg(a)[a

ωa ]

ā .
Then the same assignment {qij(a)} constitutes a market equilibrium under the ρ → 1 technology yij =

z̃ij āij

(
k
(1−γ)
ij hγij

)α
.

When ρ → 1, worker ability scales firm productivity proportionally across all firms, preserving
relative productivities and thereby leaving equilibrium allocations unchanged. The two equi-
libria—under homogeneous labor (ωa = 0) and under the multiplicative-in-ability technology
(ρ→ 1)—are isomorphic up to a renormalization: they feature identical market shares, markdowns,
welfare allocations, and distributions of distortions across firms. Ability heterogeneity affects all
firms symmetrically and therefore does not alter the equilibrium mapping between productivity,
market power, and welfare. Panel (a) of Figure 1 reports the employment market shares for three
selected firms in terms of their z, the least, the median, and the highest z within the market dis-
tribution. As predicted by the lemma, higher quality firms employ more of each labor type, in a
uniform manner. The market shares with ωa = 0 are identical up to a renormalization and are
therefore omitted.

Equilibrium under Sorting and No Spillovers. Consider the benchmark with no decreasing
returns to labor (α = γ = 1), so that within-firm spillovers are absent and the marginal product
reduces to the worker–firm production term, MPLij(a) = ϕ(a, zij). Let ωa > 0 and ρ < 1 so that
ϕ(a, z) is log-supermodular and strictly increasing in both worker ability a and firm productivity
z. For any given ability, more productive firms therefore offer higher marginal products. Panel
(b) and Panel (c) of Figure 1 report the resulting market shares and concentration indices for this
benchmark economy. More generally, the core results below hold whenever MPLij(a) is log-
supermodular and increasing in (a, z), regardless of whether α = γ = 1.

23If this condition does not hold, the only difference is that worker types with negative marginal product are not
hired by any firm under ρ→ 1, whereas they would be hired under ωa = 0.
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Lemma 6 (Monotonicity of employment shares in firm productivity). Fix an ability type a. If
MPLij(a) is (weakly) increasing in zij and µij(a) is (weakly) decreasing in the wage-bill share, then
for any zi′j > zij ,

qi′j(a) ≥ qij(a),

with strict inequality whenever either MPLij(a) increases strictly in zij or µij(a) is strictly decreasing.
Hence employment shares qij(a) are (weakly) increasing in firm productivity.

Lemma 7 (Positive assortative matching). Let zi′j > zij . If MPLij(a) is log-supermodular, then for
any a′ > a,

qi′j(a
′)

qij(a′)
>

qi′j(a)

qij(a)
.

Hence higher-ability workers are relatively more likely to work in more productive firms.

Proposition 4. Under the same assumptions, the concentration index HHIj(a) =
∑

i qij(a)
2 is strictly

increasing in ability: for any a′ > a,HHIj(a′) > HHIj(a).Higher-ability workers are therefore employed
in more concentrated segments of the market and face greater firm-level labor market power.

With complementarities in production, high-z firms have a comparative advantage in high-a
workers and, in the absence of spillovers, an absolute advantage for every worker type. Conse-
quently, high-z firms employ more workers of all types, and disproportionately more of the high-
ability ones, as illustrated in Panel (b) of Figure 1. This pattern generates an HHIj(a)—and hence
welfare losses—that rise with ability. Higher-ability workers are therefore subject to stronger mar-
ket power and experience larger welfare losses relative to the efficient benchmark.
Regarding firm-size distortions, high-z firms apply larger markdowns across all worker types and
are distorted for each of them. In the efficient allocation, these firms would employ more workers
of every type—particularly of higher-ability types, for which their market shares are largest. Firm-
size distortions are thus positively correlated with firm productivity, as illustrated in Panel (c) of
Figure 1.

Market Equilibrium under Within-Firm Spillovers. Figure 2 reports market shares, size distor-
tions, HHI indices, and firm ability thresholds (i.e., the minimum ability level employed by each
firm) under the production structure specified in this model, using the calibration in Table 1, for
labor market supply fixed and from a discretized log-normal distribution. The equilibrium is now
characterized by a rationing of workers’ choice sets: access to the most productive firms is pre-
cluded for workers at the lower end of the ability distribution. The following lemma establishes a
sufficient condition for this outcome.

Lemma 8. If the equilibrium marginal product of labor MPLij(a) is log-supermodular in (a, zij), then
(i) realized productivity Egij(a)[ϕ(a, zij)] is weakly increasing in firm productivity, and (ii) the screening
threshold ãij , defined as the minimum worker ability among employees, is weakly increasing in zij .
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Spillovers within firms alter the allocation of workers across productivity levels. The marginal
product of low-ability workers may be higher in low-productivity firms than in high-productivity
ones, since the negative externality they impose on productivity in the latter outweighs the pos-
itive scale effect from firm size. As a result, low-ability workers are segregated into low-type
firms, which have limited ability to pay high wages. The labor market thus exhibits both sorting
and segmentation: high-ability workers are more likely to be employed by high-type firms, while
high- and low-ability workers cluster respectively within high- and low-type firms. Competition
among firms becomes localized, as each firm specializes in a specific segment of the ability distri-
bution and competes primarily with nearby firms in productivity space targeting similar worker
types. Firms at the lower end of the productivity distribution therefore hire mainly low-ability
workers facing restricted choice sets. Following Lemma 4, strong segmentation implies that when
low-ability workers are concentrated in low-productivity firms—and when such firms are rela-
tively few—competition for these workers weakens. Each low-productivity firm internalizes that
it constitutes a large share of the choice set of low-ability workers, even if it is small in the ag-
gregate economy, and therefore exercises greater monopsony power, paying wages below the effi-
cient level. Conversely, more productive firms shift their market-share mass toward higher-ability
workers. As these firms extend offers to highly skilled workers, competition again diminishes: al-
though these workers do not face restricted choice sets, offers from high-productivity firms dom-
inate their outside options—an outcome analogous to Proposition 4.

Turning to production distortions, segmentation weakens the correlation between firm produc-
tivity and the magnitude of distortions. Panel (c) of Figure 2, relative to Panel (b) of Figure 1,
illustrates how the firm-size distortion varies under a baseline parametrization that induces la-
bor market segmentation. As segmentation intensifies, less productive firms acquire greater labor
market power, and the firm size distortion flattens. Because aggregate output losses from misallo-
cation are particularly severe when distortions rise with firm productivity (Restuccia and Roger-
son, 2008; H. A. Hopenhayn, 2014), and present in market equilibrium only if there is dispersion
in market power, breaking this positive correlation reduces the aggregate efficiency cost of labor
market power.24

Taking stocks. The different model environments discussed above generate distinct equilibrium
predictions for realized market shares and concentration patterns across the ability distribution.
In the next section, I turn to the data to examine how market shares and the HHIj(a) index vary
empirically with worker ability. I then use these empirical moments to benchmark and quan-
tify the welfare and production-efficiency effects of labor market power, comparing them to the
homogeneous-worker BHM economy.

24If aggregate output is Y =
∑

i yij , then Y
Yeff

=
∑

i

yij
yij,eff

yij,eff
Yeff

, which is a weighted average of firm-level output
losses. Hence, total output losses are larger when firm-level distortions are concentrated among the most productive
firms, which have greater revenue shares.
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(a) Employment market shares (b) Employment market shares

(c) Size distortion by firm type (d) HHI index by worker log-ability

Figure 1: Equilibrium Market Shares, Size Distortions, and HHI Index Across Benchmark Param-
eterizations

Notes:
This figure is divided into four panels, labeled a–d, and reports equilibrium outcomes for alternative benchmark
parameterizations of the model. Panels (a) and (b) display employment market shares for three selected firms—the
bottom, median, and top firm in the productivity distribution—by worker log-ability, under the supermodular
worker-level output (ρ→ 1) and the sorting case without spillovers (α = γ = 1), respectively. Panel (c) depicts the size
distortion, measured as the log deviation of firm employment from the efficient level, in the sorting case without
spillovers (α = γ = 1). Panel (d) reports the corresponding Herfindahl–Hirschman index (HHIj(a)) across the ability
distribution. Markdowns by worker ability are not reported, as they are a mirror image of the market-share
distribution across abilities, and the average markdown by worker log-ability is similarly a mirror image of the
HHIj(a) pattern. When ωa → 0, market shares and distortions coincide—up to a rescaling—with those in the ρ→ 1

case and are therefore omitted. In both the ωa = 0 and ρ→ 1 environments, the HHIj(a) index is flat across the
ability distribution and thus not reported. Likewise, the firm-size distortion for ωa = 0 exhibits the same shape as in
the α = γ = 1 economy and is omitted for brevity. All simulations use the calibration reported in Table 1, with one
parameter tilted at a time relative to the baseline to isolate each theoretical mechanism.
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(a) Employment market shares (b) Size distortion by firm type for different ωa

(c) HHI index by worker log-ability (d) Ability threshold by firm type

Figure 2: Equilibrium Employment Market Shares, Firm-Size Distortions, Concentration, and
Ability Thresholds at the Baseline Calibration

Notes:
This figure summarizes equilibrium outcomes at the baseline calibration reported in Table 1. Panel (a) shows
equilibrium employment market shares for three representative firms—the bottom, median, and top firm in the
productivity distribution—by worker log-ability. Panel (b) reports the corresponding firm-size distortions, measured
as the log deviation of equilibrium employment from the efficient allocation, for the baseline ωa and a lower one
ωa = 0.5. Panel (c) displays the Herfindahl–Hirschman index (HHIj(a)) across the worker log-ability distribution,
summarizing market concentration by ability. Panel (d) plots the ability threshold ãj , defined as the minimum worker
ability employed in firm j, as a function of firm type z. Markdowns by worker ability are omitted because they mirror
the market-share distribution across abilities, and the average markdown by worker log-ability is similarly a mirror
image of the HHIj(a) pattern. All results are computed at the baseline parameter values from Table 1.
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4 Empirical Evidence

4.1 Data Sources

This section introduces the empirical evidence that informs the analysis. The evidence can be
interpreted in two complementary ways. First, it provides a set of model-free empirical facts
about sorting, segmentation, and wage-setting in labor markets. Second, these facts can be viewed
through the lens of the theoretical framework developed in this paper.

In the subsequent calibration, I use a subset of these empirical moments as targets to disci-
pline the model quantitatively, while leaving others deliberately untargeted to serve as validation
moments.

4.1.1 Italian Data

Social Security Data (INPS). The main dataset used in the empirical analysis is the matched
employer–employee microdata for Italy obtained through the VisitINPS Scholars access to the
administrative archives of the Istituto Nazionale della Previdenza Sociale (INPS). The VisitINPS
panel covers the universe of private-sector dependent employees whose employers make social-
security contributions over the period 1983–2024. To account for major changes in labor-market
institutions over this horizon, I divide the data into rolling sample windows aligned with the tim-
ing of key institutional breaks25 . The data exclude the self-employed, public employees, agricul-
tural workers, and contractors. Each administrative spell record contains a harmonized employer
identifier, spell start and end dates, gross labor income (including bonuses and overtime), contrib-
utory weeks, contract type, and qualification codes distinguishing blue- and white-collar workers
from managers. Both employers and employees are observed at the municipality level, which is
aggregated into commuting zones following the official crosswalk provided by the institute. The
worker-level data are merged with an anagraphic registry providing demographic information
such as year of birth and, when applicable, year of death. A corresponding firm registry supplies
legal form, industry classification, geographic location, year of foundation, and year of exit where
available.

The dataset includes two distinct firm identifiers: (i) an enterprise identifier that aggregates all
establishments owned by the same legal entity, and (ii) a location–commodity sector identifier that
captures the specific activity–location unit within the enterprise. Each location–commodity sector
identifier is uniquely associated with one industry and one commuting zone, though it does not
necessarily coincide with an establishment identifier, as multiple establishments within the same
location–sector combination appear under a single code. The activity–location identifier provides
a more appropriate definition of the relevant local labor market in which firms compete for work-

25I divide the sample into six rolling windows corresponding to major phases of the Italian labor market: (i) 1983–
1990 (pre-Euro, pre-Treu reforms), (ii) 1991–1997 (early 1990s crisis and social pacts), (iii) 1998–2007 (Eurozone entry
and the Biagi reform), (iv) 2008–2013 (global financial crisis and sovereign-debt crisis), (v) 2014–2019 (Jobs Act and
subsequent recovery), and (vi) 2020–2024 (COVID-19 and the subsequent inflation shock).
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ers. Accordingly, I adopt the location–commodity sector identifier as the firm unit throughout the
analysis; henceforth, the term firm refers to this unit.

I apply a set of sample restrictions to construct an annual panel suitable for analysis. The
core sample includes full-time individuals aged 20–65 and excludes managers26, apprentices, and
special categories (e.g., aviation workers), retaining only white- and blue-collar employees.

I further restrict the sample to private, for-profit employers—corporations, partnerships, profit-
oriented cooperatives, and sole proprietorships—excluding public entities, non-profit organiza-
tions, religious or educational institutions, and other residual legal forms. These excluded cat-
egories operate under distinct objectives, wage-setting mechanisms, and regulatory frameworks
that are not comparable to those governing market-based employment relationships. Each obser-
vation contains information on total compensation and weeks worked during a job spell. Because
hours of work are not observed, restricting attention to full-time jobs minimizes the confounding
effect of hours dispersion that could otherwise bias measures of hourly pay. Wages for each spell
are computed as the sum of regular and excess taxable income plus figurative events,27 and are
deflated to 2022 euros. Each worker is assigned to a single job per year, corresponding to the spell
with the highest annual earnings. The resulting measure of the worker’s annual wage is the real
weekly wage from that spell. Observations with implausibly low weekly wages (below €50) are
excluded. Firm-level employment is measured as the total number of headcounts derived from
these selected job spells.

Occupation and Education Extract (ISCO Codes). A separate extract from the INPS archives
provides detailed information on workers’ occupation and education, coded according to the
International Standard Classification of Occupations (ISCO). These variables are derived from
mandatory employer notifications filed when contracts are initiated or modified. Since 2010, em-
ployers have been required to report ISCO codes for all new contracts and subsequent contract
changes, so coverage increases steadily from that year onward. The data are therefore available
primarily for movers—workers who change employer or contract—and are used to enrich worker-
level education and occupation information whenever present. Because these variables are not
universally observed, analyses relying on occupation or education data are based on the subset of
movers.

CERVED Balance-Sheet Data (Firm-Level Analysis). The analysis is complemented with firm-
level financial information from the CERVED database, merged to the INPS data via the enterprise
identifier. CERVED provides annual balance-sheet variables—including total assets, turnover,

26Managers are excluded because managerial quality may primarily reflect into firm-level productivity and organi-
zational decisions (Lucas Jr, 1978), rather than the production-side labor market mechanisms modeled here. Moreover,
managers’ labor supply decisions are unlikely to follow the behavioral mechanisms assumed in the model, and empir-
ical evidence on managerial labor-supply elasticities remains limited.

27Figurative events (eventi figurativi) are administrative imputed earnings recorded by INPS for periods in which
workers receive social insurance benefits—such as short-time work, sickness, or parental leave—during which contri-
butions are credited even though no direct wage payment occurs.
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value added, revenue, wage bill, legal form, year of foundation, and firm status (active, sus-
pended, or closed)—for the universe of incorporated businesses in Italy over the period 1996–2018.
Because CERVED financials are reported at the enterprise level rather than by location–commodity
sector, each enterprise is linked to the location–commodity sector with the highest cumulative em-
ployment across years, thereby assigning it to a unique local labor market. Intermediate inputs
are measured using the accounting definition of value added (revenues minus intermediate con-
sumption), and the capital stock is constructed as the sum of tangible and intangible assets.

Summary statistics. For the period 2014–2019, the final analysis sample comprises 1,566,564
unique firms and 12,951,361 unique workers. The mean worker age is 42 years. The median
weekly wage is €427 and the mean weekly wage is €477, with a standard deviation of log wages
equal to 0.47. At the firm (location–commodity sector) level, the median firm employs two work-
ers while the mean firm employs nine; the standard deviation of log employment is 1.12. The
average firm age is 18 years.

4.1.2 German Data

To complement the Italian analysis, I use the German Sample of Integrated Employer–Employee
Data (SIEED) provided by the Institute for Employment Research (IAB). Using a second country is
informative both empirically—by highlighting institutional and market differences—and theoret-
ically, by showing whether the model’s mechanisms are specific to Italy or general across settings.

The SIEED contains a representative 1.5% sample of all German establishments, covering com-
plete employment biographies of workers, including periods when they are not employed by
sampled establishments. Establishments are categorized by ownership type, 2-digit industry, and
geographic location (141 labor markets). Worker information includes total earnings, days worked
annually, and detailed characteristics such as education, occupation, employment status (part- or
full-time), age, nationality, and sex. The dataset also includes establishment and worker fixed
effects estimated on the full administrative sample following Card, Heining, et al., 2013.28

Following the original construction, I divide the data into five overlapping periods—1985–1992,
1993–1999, 1998–2004, 2003–2010, and 2010–2017. From the spell-level data, I build an annual
panel following a similar cleaning procedures as for Italy. The sample is restricted to individ-
uals aged 20–60 who are fully employed in establishments located in West Germany, with real
daily wages above €10. I exclude vocational training, freelance, and part-time jobs to mitigate the
confounding effect of hours dispersion. When multiple employment spells overlap, I retain the
highest-paying spell as the main job for that year. Wages, recorded on a daily basis, are deflated
to 2015 euros, and top-coded observations are adjusted using standard imputation methods.

The final dataset spans 1985–2017 and, in the last period (2010–2017), includes 887,497 unique
establishments and 2,575,727 workers. The mean establishment employs 5.5 workers, with stan-

28See Lochner et al., n.d. for further documentation.
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dard deviation of log employment distribution equal to 0.95. The mean log wage is 4.5—approxi-
mately €90 per day—with a standard deviation of 0.48. The average worker age is 42 years.

4.1.3 Local Markets, Worker Types, and Firm Heterogeneity

Local Labor Market Definition. Each firm is assigned to a local labor market. Because this as-
signment is inherently discretionary, I employ two alternative definitions. The first defines a local
labor market as the intersection of a 3-digit industry and a commuting zone, as in D. Berger et al.,
2022 and Yeh et al., 2022. The second defines it as the intersection of a 3-digit occupation and a
commuting zone, as in Felix, 2021. Since the boundary between these categories is partly arbitrary,
I report results under both definitions whenever possible to limit the influence of classification-
driven differences. When the local labor market is defined by occupation, I redefine the firm iden-
tifier at the occupation level—that is, each firm–occupation pair is treated as a distinct unit—so
that the number of firm identifiers mechanically increases relative to the industry-based definition.
For analyses requiring firm financial variables—available only at the enterprise level—I use the 3-
digit industry–commuting-zone definition as the baseline. There are 271 three-digit industries, 145
three-digit occupations, and 724 commuting zones, yielding a total of 77,078 distinct markets un-
der the industry–commuting-zone definition and 66,810 under the occupation–commuting-zone
definition. For the German data, I use a definition that combines three-digit occupation and 141
local labor markets for a total of 14550 local labor markets.

Indirect Inference Identification of Unobservable Types. A central challenge in studying labor-
market sorting and wage determination is that much of the relevant heterogeneity is unobservable
to the researcher. Because this heterogeneity cannot be directly measured in administrative data,
it must instead be inferred from the structure of wage variation across workers and firms. To do
so, I estimate a two-way fixed-effects decomposition of workers’ log wages, separating individual
heterogeneity from firm-specific wage components (Abowd et al., 1999; Card, Heining, et al., 2013;
Song et al., 2019; Bonhomme et al., 2022).

To operationalize this idea, I estimate an additive wage equation of the form29

logwa,ij,t = αa + ψJ(a,t) + x′atβ + ϵa,ij,t, (14)

where logwa,ij,t denotes the log real daily wage of worker a in year t in firm ij, αa is a worker-
specific component capturing time-invariant ability, ψJ(a,t) is a firm-specific (or firm-type–specific)
pay premium associated with the employer J(a, t), xat is a vector of time varying observable char-
acteristics, and ϵa,ij,t is an idiosyncratic residual. The covariate vector xat includes year and profes-
sion (white- vs. blue-collar) fixed effects, along with a flexible polynomial in age and experience
fully interacted with profession. This specification allows for distinct life-cycle and experience
profiles across occupational groups, ensuring that the estimated fixed effects capture persistent

29Appendix B.5 contains additional information on how the empirical estimation is implemented.
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worker and firm heterogeneity rather than systematic differences in age–earnings profiles.
For the Italian data, J(a, t) indexes the firm cluster identified through the discretization proce-

dure of Bonhomme et al., 2022, rather than a specific firm. I estimate worker and firm effects using
this clustering approach, which extends the standard Abowd et al., 1999 framework to mitigate
the well-known limited mobility bias. Specifically, I apply a pre-estimation K-means clustering
algorithm to the distribution of residualized log wages at the firm level. This procedure groups
firms into a finite number of latent “types” that approximate the underlying firm heterogeneity
relevant for pay-setting and sorting. While firms are discretized into K-means clusters, worker
effects are estimated individually, as in Lamadon et al., 2022.

For the German data, J(a, t) refers to the actual establishment employing worker a in year
t. Because the full administrative universe is not accessible, I rely on the AKM-style worker and
establishment fixed effects pre-estimated by the Institute for Employment Research (IAB) on the
complete German administrative sample following Card, Heining, et al., 2013.

The usual interpretation of the worker and firm fixed effects is as latent components of pro-
ductivity. The worker effect αa captures persistent, portable productivity, whereas the firm effect
ψ reflects persistent pay premia associated with firm-specific productivity, rents, or labor market
power. The economic framework developed in this paper does not impose the log-additive wage
equation of the AKM form in (14), but instead allows for heterogeneous markdowns, complemen-
tarities, and spillover effects across workers within firms. The log-linear AKM specification can
thus be interpreted as a convenient empirical approximation to the richer data-generating process
implied by the model. In Appendix B.5, I show using model-simulated data that the within–local
labor market rankings of worker and firm types obtained from the AKM fixed effects closely align
with the corresponding rankings of the structural types, z and a30. This correspondence supports
the use of AKM-based rankings within local labor markets as indirect inference valid proxies for
latent heterogeneity.

Alternative Measures of Firm Heterogeneity. While worker heterogeneity is inferred from esti-
mated fixed effects, firm heterogeneity can be measured in several complementary ways that are
consistent with the model. In the main analysis, I use the firm pay-premium type—derived from
the clustering—as the baseline measure of firm heterogeneity. For robustness, I also consider al-
ternative indicators, including (i) firm revenue productivity from balance-sheet data, (ii) the firm’s
average wage, and (iii) the average characteristics of co-workers, measured as the mean co-worker
wage or mean co-worker fixed effect.

Firm-level revenue productivity is estimated from the CERVED balance-sheet data using the
semiparametric production-function estimator of Levinsohn and Petrin, 2003, with the correction
proposed by Ackerberg et al., 2015 (details in Appendix B.6). Specifically, I estimate Cobb–Douglas
value-added production functions separately by three-digit industry and obtain firm-level log

30Ranking firms and workers within a local labor market ensures that most of the variation in their pay fixed effects
reflects differences in underlying heterogeneity rather than differences in competitive environments.
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productivity ωij as the residual term.31

Following Foster et al., 2008, ωij represents firm revenue productivity. Although this mea-
sure is based on value-added data and thus reflects revenue rather than physical productivity, the
two concepts are tightly linked, and their within–local labor market rankings are effectively inter-
changeable. Accordingly, I use the ranking in firm revenue productivity as an empirically valid
proxy for the underlying firm type.

4.2 Market Shares

I begin by examining how workers of a given type are allocated across firms of different types,
providing the empirical counterpart to the theoretical market shares implied by the model. For
each year, I compute the employment share of workers in a given decile of the within-year worker
fixed-effect distribution who are employed in firms belonging to a specific decile of the firm fixed-
effect distribution. Decile assignments are performed separately for each local labor market and
each year, and the resulting matrices are averaged over the 2014–2019 period to obtain a repre-
sentative allocation of worker types across firm types. To ensure balanced decile partitions and to
avoid distortions arising in very small markets, I restrict the Italian sample to local labor markets
with at least 200 workers and 200 firms.

Figure 3 summarizes the Italian employment-share matrices in visual form. For each worker
fixed-effect decile, the figure reports the distribution of employment shares across firm deciles
under two alternative definitions of local labor markets: industry–commuting zones (panel a) and
occupation–commuting zones (panel b). The full employment-share tables underlying the figure
are provided in Appendix C.132.

31The estimation controls for year fixed effects, treating value added as output, employment as the freely variable
input, capital as the state variable, and material inputs as the proxy for unobserved productivity shocks. The procedure
follows the approach of Levinsohn and Petrin, 2003, originally pioneered by Olley and Pakes, 1996, and incorporates
the correction proposed by Ackerberg et al., 2015. A third-degree polynomial approximation to the control function is
used to obtain firm-specific estimates of log productivity ωij as the residual.

32Closely related matrices appear in other papers such as Card, Heining, et al. (2013). The main difference is to
classify worker and firm types within each local labor market—the relevant competitive environment in the model.
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(a) Industry–Commuting Zone LLM Classification (b) Occupation–Commuting Zone LLM Classifica-
tion

Figure 3: Employment Market Shares Across Worker Fixed-Effect Deciles

Notes: The figure reports, for each worker fixed-effect decile, the distribution of employment shares across
firm fixed-effect deciles in Italy. Both firms and workers are ranked by their AKM fixed effect. Workers and
firms are ranked within their local labor market, defined either by industry–commuting zones (panel a) or
occupation–commuting zones (panel b). The full underlying matrices are provided in Appendix C.1.

In the absence of segmentation, workers would be evenly distributed across firm types, with
larger shares in higher ranked firms. Instead, the data reveal substantial segmentation: low-ranked
workers concentrate disproportionately in low-ranked firms, and high-ranked workers cluster
in high-ranked firms. The gradient is smooth across the worker distribution, with higher-decile
workers progressively more likely to be employed in higher-decile firms. High-type firms also
employ a larger overall share of the workforce.

Quantitatively, when local labor markets are defined by industry–commuting zones, bottom-
decile workers allocate 15.0% of their employment to bottom-decile firms but only 5.8% to top-
decile firms, even though bottom-decile firms collectively employ just 6.1% of all workers while
top-decile firms employ 11.4%. Conversely, top-decile workers allocate 23.6% of their employment
to top-decile firms and only 5.1% to bottom-decile firms.

Segregation intensifies when local labor markets are defined by occupation–commuting zones:
the bottom–bottom share increases to 21.3%, and the top–top share rises to 22.9%. These mag-
nitudes imply pronounced clustering of low-ability workers in low-type firms and high-ability
workers in high-type firms within each labor market.

Comparable results are obtained using administrative data from Germany—reported in Ap-
pendix C.1—. There, the bottom–bottom employment share is 18.2% (versus 7.6% in top-decile
firms) and the top–top share is 17.4% (versus 7.4% in bottom-decile firms). The persistence of
strong top–top and bottom–bottom clustering across institutional contexts confirms that segmen-
tation is a general feature of labor markets rather than specific to Italy. As in the Italian case,
low-quality workers are disproportionately employed in low-quality firms, even though these
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firms account for a smaller share of total employment.
Additional robustness exercises—reported in Appendix C.1—replace the firm fixed effect with

alternative measures of firm quality, such as realized revenue productivity or mean co-worker
wages. These specifications deliver closely aligned patterns: bottom-type workers continue to
match disproportionately with bottom-type firms, and top-type workers remain concentrated in
top-type firms. The magnitudes vary modestly across definitions but consistently indicate strong
segmentation.

Fact 1. Both the Italian and German labor markets exhibit strong segmentation: low-quality workers are
concentrated in low-quality firms, while high-quality workers are clustered in high-quality, larger firms.

4.3 Hiring Thresholds

A key implication of the model developed in Section 3 is that, in the presence of within-firm
spillovers, higher-quality firms set higher ability thresholds—defined as the minimum worker
ability among their hires.

I test this prediction empirically by examining how firms’ hiring standards correlate with mea-
sures of firm quality. The analysis is restricted to firms and workers transitioning between firms
within markets containing at least ten such firms or workers to ensure meaningful decile rankings.
This restriction provides comparable measures of worker and firm quality and limits confound-
ing from employment frictions such as firing costs. Between 2014 and 2019, the data include an
average of 1,828,121 worker transitions, corresponding to 22% of all workers. In the German data,
the share of switchers is similar, with an annual average of 251,412 worker transitions.

For each firm i located in labor market j and year t, I indirectly infer its hiring threshold as the
minimum worker fixed effect among new hires from the job market:

ãij,t = min{α | α ∈ new hires of firm i in market j at time t},

where α denotes the worker fixed effect.33 To ensure comparability across markets, I standardize
each firm’s threshold so that results are expressed in standard deviations of the local labor market
worker fixed-effect distribution.34 I then estimate the following empirical relationship between
firms’ hiring thresholds and their position in the local firm-type distribution:

ãij,t = β0 + f(Firm Decileij,t) + β log(New Hiresij,t) + γm + γt + εij,t, (15)

where ãij,t is the standardized minimum worker fixed effect among new hires at firm i in market
j and year t. Firm decile is again measured by its position in the within local labor distribution,
and f(·) denotes a fully nonparametric specification based on firm-decile dummies.

33As an alternative, I also use the average fixed effect among new hires (as in Carrillo-Tudela et al., 2023). Results
are nearly identical, but the minimum-based measure is preferred as it more directly reflects the firm’s hiring threshold.

34Market and year fixed effects already ensure that the relationship is estimated within local labor markets.
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The only control included in the preferred specification is log(New Hires) included for two
main reasons. First, it absorbs temporary hiring shocks or firm expansions that mechanically
lower the minimum observed hire as firms become less selective (Carrillo-Tudela et al., 2023).
Second, because the dependent variable is a minimum order statistic, larger hiring cohorts me-
chanically generate lower minima even absent true changes in selectivity. Controlling for hir-
ing intensity therefore isolates the structural link between firm quality and screening behavior.
Year (γt) and market (γm) fixed effects absorb aggregate and local conditions. Alternative control
sets—including worker composition, firm age, and additional firm observables—are presented in
Appendix C.2 and yield highly similar results.

Figure 4 plots the nonparametric relationship implied by equation (15). Each panel shows es-
timates obtained under the preferred specification for Italy, using three alternative firm-type mea-
sures: the AKM firm fixed effect, the average worker fixed effect among incumbent employees,
and the average incumbent log wage. Across all definitions, the relationship is nearly perfectly
linear and strongly positive: higher-quality firms hire strictly higher-minimum-ability workers.

Quantitatively, when defining local labor markets by industry–commuting zones, firms in the
top decile set hiring thresholds approximately 0.64 standard deviations above those of bottom-
decile firms. When local markets are defined by occupation–commuting zones, segmentation is
stronger, with an implied difference of roughly 0.84 standard deviations between the top and
bottom deciles. Results for Germany exhibit the same qualitative patterns and are presented in
Appendix C.2.

Fact 2. Higher-ranked firms impose higher screening thresholds: they hire workers with systematically
higher minimum fixed effects. This relationship is nearly linear, robust across alternative firm-type mea-
sures, and strongest when local labor markets are defined by occupations.
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(a) Industry–Commuting Zone LLM Classification (b) Occupation–Commuting Zone LLM Classifica-
tion

Figure 4: Nonparametric Estimates of Hiring Thresholds by Firm Decile

Notes: Each panel reports nonparametric point estimates and 95% confidence intervals from in-
dicator regressions of the standardized hiring threshold on firm–decile dummies, as specified in
equation 15. The dependent variable, ãij,t, is the market–year standardized minimum worker
fixed effect among new hires. For each local labor market, firms are ranked according to three al-
ternative measures of firm type: (i) the AKM firm fixed effect, (ii) the average worker fixed effect
of incumbent employees, and (iii) the average log wage of incumbent employees. Decile 1 is the
omitted category, so coefficients are interpreted relative to the lowest-type firms under each rank-
ing. All specifications include year and local-market fixed effects and control for log(New Hires).
Standard errors are heteroskedasticity-robust and clustered at the firm level (industry sample)
or at the firm×occupation level (occupation sample).

4.4 Concentration Indices by Worker AKM

From Lemma 3, the average markdown faced by workers of a given ability within a local labor
market depends on the wage-bill Herfindahl–Hirschman Index (HHI) by worker ability and the
corresponding labor supply elasticities. Hence, HHI indices capture the degree of labor market
power exerted over each worker-ability type and are tightly linked to the associated welfare losses.
Moreover, a key implication of the model developed in Section 3 is that when labor markets are
segmented and low-ability workers are disproportionately employed by low-quality firms, the re-
lationship between worker ability and market concentration need not be monotonic. This pattern
arises not only from the extent of segmentation itself but also from the dispersion of wage offers
within each segment of the labor market, as characterized in Proposition 435.

I therefore empirically examine wage-bill HHI indices across the worker ability distribution.
This analysis provides an indirect measure of the intensity of labor market power faced by differ-
ent types of workers and signals how segmentation and wage dispersion shape the concentration

35For instance, if markets were segmented but the underlying distribution of firm productivity were Pareto rather
than log-normal, HHI indices for low-ability workers would not necessarily exceed those for high-ability workers. In
that case, the thick left tail of the productivity distribution would imply a large number of low-productivity firms hiring
low-ability workers, thereby limiting concentration and market power at the bottom of the ability distribution.
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of employment across firms within each local labor market.
In the data, I approximate this distribution by discretizing each local labor market into ten

ability deciles based on the within-market worker fixed-effect distribution and computing the
local wage-bill HHI for each decile. I then aggregate these local HHI measures to the national
level by weighting each market’s HHI by its total employment in the corresponding ability group.
This procedure yields an empirical counterpart to the theoretical relationship between worker
ability and market concentration, albeit in an approximate form. The approximation arises for two
reasons. First, AKM worker fixed effects capture heterogeneous worker quality only indirectly.
Second, the use of ten ability deciles necessarily averages over heterogeneity within each group,
smoothing finer variation in worker types.

Figure 5 displays how aggregate market concentration varies with worker fixed-effect deciles.
There is a marked level difference between the two definitions of local labor markets: concentra-
tion is systematically higher when markets are defined by industry.36

When local labor markets are defined by industry, the wage-bill HHI index is relatively stable
across the worker-ability distribution, averaging around 0.281. The index reaches a minimum
of 0.266 in the second decile and rises gradually to about 0.315 for the top decile. By contrast,
when markets are defined by occupation, concentration levels are substantially lower on average
(mean HHI of 0.16) and display a more pronounced nonmonotonicity: the index declines sharply
from 0.17 in the first decile to 0.134 around the fifth decile, before increasing modestly to 0.16 in the
upper part of the ability distribution. This pattern indirectly signals that labor market power—and
the associated markdowns and welfare losses—may be non monotonic across the worker ability
distribution.

I further examine whether these patterns differ systematically between high-skill and low-
skill segments of the labor market. Understanding this distinction is important because one might
argue that segmentation has limited macroeconomic relevance if it does not extend to the broader
workforce but rather is something specific of high-skill workers. The distinction is also relevant for
policy: high-skill labor markets may be differentially affected by interventions such as minimum
wage policies or collective bargaining institutions. To assess the scope of these effects, I separate
the sample into white- and blue-collar occupations, as classified in the dataset, and replicate the
analysis for each group separately.37

As shown in Panel (b) of Figure 5, concentration is higher overall among white-collar workers,
with an average HHI of 0.36 compared to 0.30 among blue-collar workers. Both groups exhibit a
U-shaped relationship between HHI and worker fixed effects: concentration is lowest for middle-
ranked workers (around the second and third deciles, with HHI values near 0.28 for blue-collar

36This difference partly reflects the underlying distribution of firms per labor market. The number of firms across
Italian local labor markets is more left-skewed under the industry definition, with over 30% of markets containing a
single firm, compared to roughly 20% under the occupation-based definition.

37The five most frequent two-digit occupations among white-collar workers are office clerks, commercial qualified profes-
sions, social science specialists, financial and administrative clerks, and research and education professionals. Among blue-collar
workers, the five largest occupations are craft and skilled metal workers, drivers, elementary occupations, semi-skilled machine
operators, and qualified professions in commerce and services.
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and 0.33 for white-collar jobs) and higher at both tails of the distribution. At the bottom decile,
HHI equals 0.30 for blue-collar and 0.37 for white-collar workers, while at the top decile it rises
again to 0.32 and 0.36, respectively. The same heterogeneity is also reported for occupation in Ap-
pendix C.3. There, the mean HHI under the occupation-based market definition is approximately
0.18. The index displays a non-monotonic pattern across the ability distribution: it falls from about
0.21 in the lowest decile to roughly 0.5 near the second decile, then rises back to about 0.18 among
the highest deciles.

Fact 3. The relationship between labor market concentration and worker AKM rank is U-shaped: wage-
bill HHI indices are lowest for middle-ranked workers and higher at both ends of the rank distribution.
Concentration levels are systematically larger for white-collar relative to blue-collar jobs.

(a) HHI: Industry vs. Occupation LLM classifica-
tion

(b) HHI: Blue- vs. White-Collar Jobs

Figure 5: Employment weighted HHI Indices by Worker Fixed-Effect Decile

Notes: The figure plots employment-weighted wage-bill Herfindahl–Hirschman indices (HHI) by worker
fixed-effect decile, computed within each local labor market as the sum of squared firm wage-bill shares for
workers in a given ability decile. Panel (a) reports results separately for labor markets defined by industry
(blue line) and by occupation (red line). Panel (b) reports results separately for blue-collar (blue line) and
white-collar (red line) jobs, where local labor markets are defined by industry–commuting zones.

4.5 Event Study: Productivity Effects of Unexpected Worker Deaths

I now test the model’s central mechanism—that firm-level productivity depends on the average
quality of the workforce, and that increases (decreases) in average worker quality lead to corre-
sponding increases (decreases) in firm-level productivity. To identify this relationship, I exploit a
quasi-random natural experiment based on unexpected non-managerial worker deaths, which gener-
ate plausibly exogenous shocks to a firm’s production workforce ability composition38 .

The identifying intuition is directly tied to the theory: if a firm’s realized productivity depends
on the average quality of its workforce, the unanticipated exit of a worker whose quality lies below

38The use of worker or manager deaths as a source of exogenous variation builds on earlier studies, including Jaravel
et al. (2018), Azoulay et al. (2019), Bennedsen et al. (2020), Sauvagnat and Schivardi (2024), and Jäger et al. (2024).
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the firm average should raise the firm’s average ability and thereby increase its realized revenue
productivity. Conversely, the loss of an above-average worker should lower average ability and
reduce productivity. Worker unexpected deaths provide a powerful identification strategy be-
cause they induce sudden and plausibly exogenous separations, unrelated to contemporaneous
firm-level conditions such as hiring waves or demand shocks that could otherwise affect produc-
tivity.

In addition to shifting the average quality of the workforce, worker deaths generate an ex-
ogenous demand for replacement hires. This feature allows me to use the same events to esti-
mate labor-supply elasticities at the firm level, as explained in detailed in Section 5. I next de-
scribe the sample construction and empirical strategy used for all death events. The sample em-
ployed to study firm-level productivity is necessarily smaller, as it is limited to firms with available
balance-sheet data over roughly twenty years rather than the full forty-year horizon covered by
the worker-level panel.

4.5.1 Sample construction and matched comparison group

Identifying death events. Death events are identified using the anagraphic registry, assigning
the event year d to the calendar year reported in the registry’s date-of-death record.39 To avoid
spurious records, I drop cases with post–death employment records, which plausibly reflect re-
porting errors.

To enhance the plausibility of exogeneity, I restrict the sample to deaths that are sudden and
unlikely to reflect long-term health deterioration. The sample is limited to workers younger than
60 years of age who were employed full time in the year of death and during the four preced-
ing years (d − 4, . . . , d). The data record the total number of figurative weeks—weeks in which
social-security contributions are credited without actual work activity, corresponding to periods
of sickness, maternity leave, unemployment benefits, or other legally protected absences. To ex-
clude deaths preceded by protracted illness or labor-market detachment, I restrict the sample to
workers with zero figurative weeks in the event year and in each of the four years prior. Finally,
I retain only firm–year observations with a single worker death to ensure that results are not con-
founded by larger accidents or disasters that could have independent effects on firm outcomes.

Firm-level and sample-size restrictions. To ensure that worker deaths represent sharp, idiosyn-
cratic shocks rather than marginal fluctuations, the analysis focuses on firms of stable, small-to-
medium size. I retain firms whose average employment in the four years preceding the event
lies within the interval [3, 30], so that the exit of a single worker meaningfully alters the firm’s
workforce composition. Firms exhibiting inconsistent post-death employment records—such as
continued employment activity more than 30 days after the reported death date—are excluded to
remove spurious or misreported cases.

39Employer notifications reporting deaths are available from 2005 onward and are used as a robustness check.
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Treatment definition and position indicator. For each death, I construct an indicatorL = 1{α̂a <

α̂ij,d−1}, which equals one if the deceased worker’s fixed effect from the AKM decomposition, α̂a,
is lower than the firm’s pre-event mean α̂ij,d−1 of its workforce. Hence, L = 1 (“left”) denotes the
loss of a below-average (low-quality) worker, while L = 0 (“right”) indicates the loss of an above-
average (high-quality) worker. The firm-level average is measured in the year preceding the death
(d− 1) to avoid using a contemporaneous value that may already be affected by the shock.

Comparison pool and matched sampling procedure. To construct a control group of placebo
death events, I draw from a pool of worker–firm pairs that never experienced a valid death in
any event year. This restriction prevents contamination of the control group by treated units and
thus avoids the “forbidden comparisons” emphasized in recent event-study research (Goodman-
Bacon, 2021; Sun and Abraham, 2021).

Each treated worker–firm pair—corresponding to an actual death in year d—is matched to a
placebo worker–firm pair observed in the same year that never experienced a death and satisfies
the same pre-event sample restrictions. The matching is performed exactly on gender, two-year
age group, the side relative to the firm’s pre-period mean (L, left or right), and the decile of the
worker’s distance from the firm’s average fixed effect (α̂a − α̂ij,d−1). At the firm level, I match on
the pre-period employment bin and on the decile of the firm’s average worker fixed effect, both
computed as the mean values over the four years preceding the event (d − 4 to d − 1). Matching
is conducted separately for each event year to ensure temporal comparability. When multiple
candidate controls satisfy all matching conditions, I select the control with the smallest absolute
difference in worker fixed effects |α̂a − α̂ij,d−1|.

The resulting design yields a 1:1 matching without replacement within each event year: every
treated pair is matched to a single control pair in the same year d, and each control unit is used
at most once per year. Placebo firms and workers may, however, serve as controls for different
treated events in other years. Throughout the analysis, T = 1 denotes an actual worker death,
while T = 0 indicates a placebo (control) event.

Balance, acceptance rate, and final sample. The matching procedure achieves a very high match-
ing rate: 98.9% of treated worker–firm pairs are successfully matched to a placebo event, yielding
a final sample of 34,030 matched events (17,015 treated and 17,015 controls). Observations for
which no valid match is found are excluded. Table B.21 reports pre-event summary statistics
showing that the matching produces a well-balanced comparison group across all key character-
istics. Among below-average (L = 1) worker deaths, treated and control units are nearly identical
in average worker fixed effects (−0.140 vs. −0.137), age (45.8 vs. 45.7 years), experience (25.1 vs.
24.4 years), and log wages (−0.134 vs. −0.161). For above-average (L = 0) worker deaths, the
treated and control samples are likewise balanced in worker fixed effects (0.178 vs. 0.174), age
(50.1 vs. 50.0 years), experience (28.3 vs. 27.5 years), and log wages (0.282 vs. 0.076). Occupation
shares are also virtually identical across groups: 20.7% white-collar among low-side events, and
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27.2% white-collar among high-side events. Regarding gender composition, deaths are predom-
inantly male dominated, with a share of femal of 15.4% in the low-side events and 11.2% in the
high-side events40. These similarities confirm that the matched sampling procedure effectively
balances observed worker and firm characteristics prior to the event.

Empirical model. I implement a stacked dynamic event-study design that flexibly traces the evo-
lution of outcomes around the event. The unit of observation is the firm-event ij observed in
relative event time t = τ − dij , where dij denotes the year of the death (or its matched placebo).
The outcome variable is expressed as a deviation from its pre-event mean, yij,t ≡ Yij,t − Y ij,pre,
so that coefficients can be interpreted relative to the pre-death level. This transformation also ab-
sorbs any time-invariant heterogeneity across firms, ensuring that identification relies solely on
within-firm variation over event time. The estimating equation is

yij,t =
∑
τ ̸=−1

[
γτ1{t = τ}+ γLτ 1{t = τ}Lij + βτ 1{t = τ}Tij + βLτ 1{t = τ}TijLij

]
+ εij,t. (16)

where Tij = 1 if the firm experienced an actual death and Tij = 0 for the matched placebo, and
Lij = 1 if the deceased worker’s fixed effect is below the firm’s pre-event average (a “low-side”
death). The coefficients βτ trace the dynamic response of firms that lose above-average work-
ers (L = 0), while βLτ measures the additional differential effect for firms losing below-average
workers (L = 1). I omit the relative year τ = −1 as the reference period.

Standard errors are clustered at the death-event level to account for serial correlation in firm
outcomes and for shared shocks within matched pairs (Abadie and Spiess, 2022). The event win-
dow is restricted to t ∈ [−3,+5] years around the death, ensuring balanced coverage across firms.
The plotted coefficients correspond to β̂τ for high-quality (L = 0) worker losses and β̂τ + β̂Lτ for
low-quality (L = 1) losses.

Worker quality is conceptually a continuous treatment, since the impact of a worker’s depar-
ture depends on the exact magnitude of the departing worker’s fixed effect relative to the firm
mean. As Callaway et al. (2024) note, causal interpretation of continuous treatments requires
stronger forms of the parallel-trends assumption. To avoid these additional requirements, I dis-
cretize the treatment into two groups—L = 1 versus L = 0—which identifies the average treat-
ment effect for firms losing below- versus above-average workers under standard difference-in-
differences assumptions.41

Identification assumptions. Identification relies on the assumption that worker deaths are as
good as random shocks to firms’ labor supply. Under this assumption, treated and control firms
would have followed parallel outcome trends in the absence of a worker death. The dynamic

40Gender is mechanically identical across groups, as exact matching was performed on this variable.
41The treatment could be discretized more finely to reflect variation in shock size, but the available sample limits

statistical power as the number of bins increases.
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specification directly tests the plausibility of this assumption by allowing for pre-event coefficients
that trace potential differences in trends before the death.

The design embeds two layers of identification. The first difference-in-differences, captured
by the coefficients βτ , compares outcomes of treated and matched control firms that lose work-
ers of similar quality (L = 0) before and after the event. The second layer, represented by βLτ ,
adds a triple-difference dimension by comparing how post-event differences between treated and
control firms vary across losses of high- and low-ability workers (L = 1 versus L = 0). This triple-
difference identifies the causal effect of a shift in the average quality of the workforce—holding
constant the overall shock of a worker exit—under the assumption that, absent the death, high-
and low-L firms would have experienced parallel changes in outcomes. Together, these assump-
tions imply that the estimated effects can be interpreted as the causal impact of an exogenous exit
of a worker—below or above the firm’s average quality, as measured by the worker’s AKM fixed
effect—induced by an unexpected death.

4.5.2 Results: effect on Firm-Level Revenue Productivity

The analysis of firm-level revenue productivity is restricted to the period 1996–2018, for which
CERVED balance-sheet data are available. The outcome variable is the log of firm revenue produc-
tivity, ωij,t, estimated from value-added production functions following Ackerberg et al. (2015) as
described in Section 4.1.3. The resulting panel includes approximately 10,000 worker–firm event
pairs per event time.

Table B.22 presents pre-event (t = −1) summary statistics—reporting means, medians, and
standard deviations—for treated and control firms separately by L group. The matching proce-
dure yields highly comparable treated and control firms across all dimensions. Firm size, age, and
productivity are closely aligned: the average firm employs about ten workers, is roughly 15–16
years old, and has an average log revenue productivity around 1.25. The distributions of firm pay
premia, employment shares, and worker fixed effects are also nearly identical across treatment
status.

Dynamic specification. Figure 6 visualizes the estimated event-time coefficients from the dy-
namic difference-in-differences specification in equation (16). Each coefficient measures the de-
viation in firm revenue productivity, yij,t, relative to the pre-event period (t = −1). Panel (a)
plots the estimated coefficients β̂τ for treated firms that lost above-average workers (L = 0), while
Panel (b) shows the corresponding linear combination β̂τ + β̂Lτ , which captures the total effect for
firms that lost below-average workers (L = 1). Shaded areas denote 95% confidence intervals, and
standard errors are clustered at the firm-death event level.

The coefficients for the two pre-event years (t = −3 and t = −2) are close to zero and statis-
tically insignificant, indicating no systematic differences in pre-treatment trends between treated
and control firms. This absence of pre-trends lends credibility to the parallel-trends assumption
underlying the identification strategy and supports the interpretation of the post-event dynamics
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as causal effects of the worker death shocks.
Panel (a) of Figure 6 shows that following the death of an above-average worker (L = 0),

firm productivity tends to decline. The point estimates are negative in all post-event periods, sta-
tistically significant only at year four, with a maximum decrease of about 4.2%. This pattern is
consistent with the theoretical prediction that the loss of a high-ability worker lowers firm pro-
ductivity.

Panel (b) displays the corresponding linear combination of coefficients (β̂τ + β̂Lτ ), which cap-
tures the total effect of a below-average worker’s death (L = 1). In this case, firm productivity rises
steadily over the first three years after the event, peaking at roughly 5.0–5.3% around t = 2–t = 3

(p < 0.01), before mean-reverting.
Overall, the dynamic specification delivers a consistent pattern: the unexpected death of a

below-average worker increases firm revenue productivity, whereas the loss of an above-average
worker lowers it. This evidence is consistent with the model’s mechanism whereby firm produc-
tivity depends on the average quality of its workforce—an exogenous improvement in worker
composition, here induced by an unexpected death, raises realized productivity.

(a) Above-average worker deaths (L = 0) (b) Below-average worker deaths (L = 1)

Figure 6: Dynamic Event-Study Estimates of Firm Revenue Productivity

Notes: The figure reports event-time coefficients from the dynamic difference-in-differences specification in
equation (16). Each coefficient measures the deviation in firm revenue productivity, yij,t, relative to the pre-
event period (t = −1). Panel (a) plots the coefficients β̂τ for treated firms that lost above-average workers
(L = 0), comparing them to matched controls. Panel (b) plots the corresponding linear combination β̂τ+β̂L

τ ,
which captures the total effect for firms that lost below-average workers (L = 1). Standard errors are
clustered at the event level, and shaded areas represent 95% confidence intervals.

Taking stock. The analysis of unexpected worker deaths provides a clean empirical test of the
model’s central mechanism linking workforce composition and firm productivity. I find a clear
and internally consistent pattern: firms that lose below-average workers experience a statistically
significant increase in revenue productivity, whereas firms that lose above-average workers expe-
rience a moderate decline. The dynamic estimates reveal no differential pre-trends, supporting
the credibility of the identification strategy, and the effects materialize gradually within two to
three years.
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These findings speak directly to the model’s congestion mechanism. In the Cobb–Douglas pro-
duction formulation, firm output depends on headcount and on a TFP term given by the average
quality of employees. Low-ability workers therefore impose a negative externality on firm effi-
ciency: holding employment fixed, replacing a low-ability worker with a higher-ability one raises
TFP and improves production efficiency. An unexpected death removes one worker; when the lost
worker is below average, the shock simultaneously improves the composition of the workforce
and alleviates the congestion created by low-ability workers, leading to a measurable increase in
revenue productivity. Conversely, the loss of an above-average worker lowers average ability and
reduces productivity. The empirical patterns align tightly with this mechanism.

Fact 4. The unexpected death of a below-average worker raises firm revenue productivity, while the loss of
an above-average worker lowers it.

5 Model Calibration and Quantification

In this section, I take the model to the data and discipline its key parameters through calibration.
I consider two versions of the model: a benchmark specification with homogeneous workers and
a baseline specification with heterogeneous workers. The calibration serves three main purposes.
First, it quantifies the production inefficiencies generated by labor market power and how these
change when labor market segmentation is introduced. Second, it evaluates the markdowns and
welfare losses across workers with different levels of ability, thereby identifying who bears the
largest costs of labor market power. Third, it allows me to assess the extent and nature of sorting
in the data—specifically, how worker and firm types interact in equilibrium.

The distribution of welfare gains and losses across both workers and entrepreneurs is mea-
sured by the percentage change in per capita consumption required to equalize steady-state util-
ities relative to the decentralized Pareto-efficient equilibrium, in which workers are paid their
marginal product of labor, as characterized in Proposition 3.42

5.1 Taking the Model to the Data

Externally Calibrated Parameters and Local Labor-Market Structure. A subset of parameters
is fixed externally at standard values. I set the real interest rate to R = 0.10 and the parameter
governing the Frisch elasticity of labor supply to φ = 0.5. The curvature of utility from consump-
tion is calibrated so that the Marshallian elasticity of labor supply equals 0.06, in line with Keane
(2011), which implies σ = 0.83. The depreciation rate is set to δ = 0.08.

The model is simulated over M = 2000 local labor markets, each containing up to 200 firms.
For calibration purposes, a local labor market is defined as the intersection between a three-digit

42Formally, for workers, λ(a) satisfies U
(
(1 + λ(a)) C(a)

fa(a)
, N(a)
fa(a)

)
= U

(
Ceff(a)
fa(a)

, Neff(a)
fa(a)

)
, and for entrepreneurs, λ(e)

satisfies U((1 + λ(e))C(e)) = U(Ceff(e)).
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industry and a commuting zone.43 The number of firms across local labor markets is assumed
to follow a Pareto distribution. The shape and scale parameters of this distribution are estimated
by maximum likelihood using the observed empirical distribution of firms per market. Figure ??
compares the empirical distribution to its model-implied counterpart.

Production Parameters. From firms’ first-order condition for capital (Equation 9), each firm
chooses a capital share of value added equal to (1 − γ)α. Accordingly, I calibrate (1 − γ)α to
match the aggregate value-added share of capital computed from firm-level balance-sheet data
(CERVED). The aggregate user cost of capital is taken from the Penn World Table (Feenstra et al.,
2015) and applied to the stock of tangible capital reported in balance sheets. This calibration yields
an aggregate capital share of 0.2117.44

I then use the sector-level production function estimates described in Section 4.1.3 and aggre-
gate across three-digit sectors using employment weights to obtain an economy-wide measure of
αγ. In the model, the effective labor elasticity corresponds to αγ. This procedure yields γ = 0.775

and α = 0.940.

Labor Supply Elasticities. To discipline labor-supply behavior, I estimate two elasticities that
govern worker adjustment within and across local labor markets. The within-market elasticity
η measures how workers substitute across firms within a local labor market, while θ captures
how they substitute across markets. I identify η using a quasi-experimental design that exploits
workers’ unexpected deaths as exogenous firm-level labor demand shocks affecting new hires. I
then calibrate θ by indirect inference, targeting the cross-sectional relationship between firm-level
wedges ψ̃ and market shares. The wedge ψ̃ represents the firm-specific distortion arising from
labor market power (see Proposition 2) and can be measured analogously to Morlacco (2019) and
Yeh et al. (2022). This strategy is similar in spirit to that of Edmond et al. (2023), who calibrate the
model-implied relationship between markups and market shares in an oligopolistic framework.

The calibration explained below yields the following estimated pair of labor-supply elasticities.
The within–market elasticity, η, estimated from quasi-experimental variation in hiring responses
to unexpected worker deaths, is η̂ = 7.69, indicating a highly elastic supply of new hires within
local labor markets. The across–market elasticity, θ, calibrated by indirect inference to match the
empirical relationship between wedges and market shares, is θ̂ = 0.84, consistent with substan-
tially lower substitutability across markets than within them. Together, these values discipline the
strength of worker reallocation margins that shape the model’s heterogeneity in firm-level labor
market power.

43The calibration relies on firm-level balance-sheet data, which are available only at this level of aggregation. Defin-
ing local labor markets by occupation would fragment firm identifiers across multiple categories, preventing the use of
balance-sheet information.

44For comparison, the corresponding aggregate capital share in the United States is approximately 18% (Barkai,
2020).
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Within-Market Elasticity (η). To estimate η, I exploit firm-level variation in hiring responses
to plausibly exogenous shifts in labor demand induced by unexpected worker deaths. The em-
pirical specification builds on the isomorphism between employment and new-hire labor supply
established above: in steady state, separations are offset by inflows of new hires, so the same
nested-CES structure governs both stocks and flows. Formally, the flow of type-a new hires to
firm ij follows the inverse labor-supply relationship in equation (2), where nij,t(a) and wij,t(a) are
interpreted as, respectively, the flow of new hires nnhij,t(a) and their wagewnh

ij,t(a). Aggregating over
ability types yields total new hires hnhij,t and the composition density gnhij,t(a) ≡ nnhij,t(a)/h

nh
ij,t. A first-

order log-linearization with respect to a small, firm-specific wage change yields the discrete-time
empirical analogue

∆ log hnhij,t+1 = η
(
Egnhij,t+1

[
logwnh

ij,t+1(a)
]
− Egnhij,t

[
logwnh

ij,t(a)
] )

︸ ︷︷ ︸
Change in average log wage of new hires

+ η
∑
a

∆gnhij,t(a)w
nh
ij,t+1(a)︸ ︷︷ ︸

Composition effect

+(θ − η) Egnhij,t

[
λij,t(a)∆ logwnh

ij,t+1(a)
]

︸ ︷︷ ︸
Oligopsonistic effect

+ε,
(17)

where ∆xt+1 ≡ xt+1 − xt, and

λij,t(a) ≡
d logwj(a)

d logwij(a)

∣∣∣∣∣
t

denotes the total effect on the local-market wage index wj(a) of a marginal, idiosyncratic change
in the wage posted by firm ij at time t45 46 47.

This approximation decomposes the elasticity of new hires with respect to wages into three
components: a direct wage response, a composition effect capturing changes in the ability distri-
bution of new hires, and an oligopsonistic adjustment reflecting firms’ wage-bill shares.

Estimating equation (17) poses two primary challenges. First, a naive IV regression of changes
in the log of total new hires on changes in the average log wage—instrumented with a demand
shifter to address amenity-related omitted-variable bias—is subject to the classical oligopsonistic

45Under homogeneous-worker assumptions equation (17) holds exactly rather than as an approximation, and one
can difference out the oligopsonistic term using market–time fixed effects, as in Felix (2021), to identify η. In the present
setting this strategy is not available for two reasons. First, the composition term depends on firm-specific changes in
the ability distribution of new hires, ∆gnhij,t(a), and therefore does not load on a common market–time component that
could be removed by fixed effects. Second, the CES index wj,t(a) is defined at the worker-type level, with a continuum
of types a, so the oligopsonistic term involves an infinite-dimensional set of market–time objects, which is infeasible to
saturate with market–time fixed effects.

46The continuous-time first-order approximation is

d log hnh
ij,t = η Egnh

ij,t

[
d logwnh

ij,t(a)
]
+ (θ − η)Egnhij,t

[
λij,t(a) d logw

nh
ij,t(a)

]
,

where λij,t(a) is defined as above and the total derivative of the CES price index with respect to firm ij’s wage is
evaluated at time t.

47Equation (17) should be interpreted as a local approximation around the observed equilibrium path, tracing the
response of new hires to small, firm-specific wage changes induced by idiosyncratic shocks to firm ij, while treating
the evolution of market-wide wage indices as given.
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omitted-variable problem identified by BHM. In particular, the market CES wage index enter the
first-order approximation and bias the estimate of η. Second, the naive specification neglects that a
demand shock—here, an unexpected worker death—may alter the composition of incoming hires,
generating a composition bias in the estimated wage response. For example, if the shock induces a
shift toward higher-ability workers, the average wage of new hires would rise for a given number
of hires, leading the naive regression to understate the true elasticity.

I address these concerns in two complementary ways. First, I allow for heterogeneous elas-
ticities by interacting the key wage-change term with an indicator for whether the firm is located
in a large local labor market. In large markets, individual firms have negligible wage-bill shares,
so strategic (oligopsonistic) responses are muted. Comparing estimates across market-size bins
both reduces oligopsony bias in large markets and provides a direct test for strategic wage-setting
behavior. Second, I control explicitly for composition changes induced by the shock. In the model
of Section 3, a firm-level demand shock from an unexpected worker exit affects the composition
of new hires by shifting the firm’s average worker type. Accordingly, the empirical specification
is saturated with fixed effects that absorb the realized magnitude of the implied compositional
shock—that is, the change in the firm-level average worker type implied by the shock—so that
identification of η comes from within-composition variation in wages rather than from mechani-
cally driven reweighting of hire types.

Empirical model, estimation, and results. I start with a naive specification that corrects for
the standard amenity bias by instrumenting employment changes with a labor-demand shifter—the
exogenous worker death48—but does not account for compositional changes in the quality of new
hires or for potential oligopsonistic wage responses. To estimate the within-market elasticity of
labor supply, η, I exploit firm-level variation in hiring responses to these shocks using a difference-
in-differences design where all variables are expressed relative to firm-specific pre-event means.

The outcome variable is the log deviation of average new-hire wages for firm ij from its pre-
event mean, ∆logw

nh
ij,t ≡ logw

nh
ij,t− logw

nh
ij,pre, and the key regressor is the corresponding deviation

of log new hires ∆ log hnhij,t ≡ log hnhij,t − log h
nh
ij,pre. Pre-event means are computed over three pre-

event periods t = −3,−2,−1 and are fixed for each firm–event. Because wages are endogenously
determined with respect to employment, I instrument the post-event change in new hires with the
interaction between the worker-death indicator and the post-event dummy, Postt×Tij , which cap-
tures the exogenous labor-demand shock generated by the unexpected worker exit. The empirical
model in the naive specification consists of the following two stages:

∆ log hnhij,t = π0 + π1
(
Postt × Tij

)
+ π2Postt + νij,t, (18)

∆logw
nh
ij,t = β0 + β1

̂∆ log hnhij,t + β2Postt + εij,t, (19)

48The estimation sample is larger than in the TFPR event study because it exploits the full matched em-
ployer–employee panel rather than being restricted to firms with balance-sheet data. The new-hire event study contains
approximately 47,000 firm–event observations per event year.
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where ∆xij,t denotes the deviation of xij,t from its firm-specific pre-event average. logwnh
ij,t denotes

the firm-level average log wage of new hires in period t. Standard errors are clustered at the event
level (death–firm ij identifier).

This specification is referred to as the naive regression. It corrects for the classical amenity bias
by exploiting exogenous labor-demand shocks but remains potentially biased due to (i) oligop-
sonistic wage-setting behavior, which flattens the observed wage–employment elasticity, and (ii)
composition effects that arise when worker deaths alter the ability distribution of new hires. I
therefore extend the empirical specification in two steps. First, I control explicitly for composi-
tion changes induced by the worker-death shock. I construct an indicator Lij equal to one if the
deceased worker’s ability lies below the firm’s pre-event average. The specification adds Lij and
the triple interaction (Postt × Tij × Lij) as controls, allowing post-event wage changes to differ
systematically when the exiting worker is of below-average ability. This adjustment isolates the
within-composition wage response by removing mechanical shifts in new-hire ability specific to
low-type exits.

Second, I allow for heterogeneous elasticities across local markets by interacting the wage-
change term with an indicator for firms that account for an above-median share of the local wage
bill, denoted SmallMarketij . These “high-share” firms operate in more concentrated or smaller
labor markets and are therefore more likely to possess oligopsony power. In addition to the in-
teraction SmallMarketij × ̂∆ log hnhij,t, I include Postt × SmallMarketij to absorb differential level
shifts in wages across market types. Let Hij ≡ SmallMarketij for brevity. The extended empirical
specification can be written as:

∆logw
nh
ij,t =β0 + β1

̂∆ log hnhij,t + β2
(
Hij × ̂∆ log hnhij,t

)
+ β3 Lij + β4

(
Postt × Tij × Lij

)
+ β5 Postt + β6

(
Postt ×Hij

)
+ εij,t.

(20)

As in the naive specification, estimation proceeds by two-stage least squares (2SLS). In the first
stage, the deviation in firm ij’s new hires, ∆log hnhij,t, is regressed on the interaction between the
death indicator and the post-event dummy, Postt × Tij , together with all interaction terms that
enter the second stage (including Postt ×Hij and Postt × Tij × Lij). In the full specification with
heterogeneous elasticities across markets, I also treat the interactionHij×∆ log hnhij,t as endogenous
and instrument it with Postt × Tij ×Hij . The second stage then estimates the effect of these fitted
changes in hiring on average new-hire wages.

Because all variables are expressed relative to pre-event averages, the specification relies exclu-
sively on within-firm variation and absorbs time-invariant heterogeneity by construction. Stan-
dard errors are clustered at the death–firm ij level to account for serial correlation within events.
The coefficients of interest are β1 and β2. The former measures the wage–employment elasticity
among firms in low-share (more competitive) markets, while β2 captures how this elasticity differs
in high-share, more concentrated markets. A positive and statistically significant β2 implies that
labor supply is less elastic in small, concentrated markets, consistent with stronger oligopsonistic
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wage-setting power.
Table 2 reports the estimates of the wage–employment elasticity among new hires. Column (1)

corresponds to the naive IV specification, column (2) adds the composition controls based on Lij ,
and column (3) further introduces heterogeneity across markets via the interaction with SmallMarketij .
In the naive regression, which corrects only for amenity bias by instrumenting employment with
the death shock, the coefficient on the log change in new hires is positive and statistically signif-
icant (β̂1 = 0.113, p < 0.05). This estimate implies that a 1% increase in hiring is associated with
a roughly 0.11% increase in the average wage of new hires, consistent with a relatively elastic
within-market labor supply. When the specification is augmented to control for compositional
shifts in workforce quality, the estimated elasticity rises to β̂1 = 0.211 (p < 0.01). In the full spec-
ification with both composition controls and market-heterogeneity interactions, the coefficient on
the hiring term remains positive and statistically significant, β̂1 = 0.134 (p < 0.05), correspond-
ing to an implied elasticity of η̂ ≈ 7.5, comparable to the value (η = 10) reported by BHM for
the United States. The interaction term for high-share markets is sizable, β̂2 = 0.211 (p < 0.15).
Although very noisy, the point estimates indicates substantially lower elasticities in less compet-
itive labor markets, in line with stronger oligopsonistic power among firms operating in smaller
or more concentrated markets. Instrument diagnostics are reported in the lower panel of Table 2.
Sanderson–Windmeijer conditional F-statistics are 30.1 and 28.7 for the two endogenous regres-
sors, respectively, indicating that the instruments are strong for both coefficients of interest. Taken
together, these diagnostics suggest that weak-instrument concerns are limited and that the re-
sults provide a reliable characterization of within-market labor-supply elasticities, especially in
the naive and composition-adjusted specifications.

Across-Market Elasticity (θ). Having estimated the within-market elasticity η, I now turn
to the identification of the across-market elasticity θ. To recover θ, I employ an indirect-inference
calibration that matches the empirical relationship between firm markdowns and their market po-
sitions. The guiding thought experiment is straightforward: a firm operating in a less competitive
labor market should exhibit a larger distortion—i.e., a lower ψ̃ij—than an otherwise identical firm
located in a larger, more competitive market.

In the baseline model of Section 3, I abstract from several features emphasized in the em-
pirical literature—such as variable markups, time-varying output elasticities, and intermediate
inputs—and show that the firm-level labor wedge ψ̃ij can be expressed in terms of wages and
marginal products (Proposition 2). For the empirical implementation, I allow for these additional
layers of realism: firms may exercise product-market power, use a flexible and undistorted mate-
rial input, and feature firm-specific output elasticities with respect to labor and materials. Under
the same structure for heterogeneous worker productivity as in Section 3, the composite wage
wedge ψ̃ij,t = Egij,t(a)[µij,t(a)ψij,t(a)] remains identified from observable cost shares and the ratio
of output elasticities.

Lemma 9 (Recovering the wage wedge from cost shares). Let firm ij produce output yij,t with labor
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Table 2: Wage–employment elasticity among new hires and instrument relevance

(1) Naive IV (2) + Low-type (3) + Low-type & market het.

Panel A: Second-stage coefficients

∆ log hnhij,t 0.113∗∗ 0.211∗∗∗ 0.134∗∗

(0.045) (0.067) (0.060)
∆ log hnhij,t ×Hij 0.211

(0.145)

Controls (additional regressors)

Composition Controls ✓ ✓

Panel B: First-stage diagnostic statistics

SW F for ∆ log hnhij,t 41.5 25.8 30.1
SW F for ∆ log hnhij,t ×Hij 28.7
Observations 244,570 244,570 244,570
Clusters (events) 43,023 43,023 43,023

Notes: Outcome is the deviation of average log new-hire wages from the firm-specific pre-event mean. All re-
gressors are defined analogously. Column (1) reports the naive 2SLS specification that instruments ∆log hnh

ij,t

with Postt × Tij and includes Postt as a control (not shown). Column (2) adds controls for composition ef-
fects based on the low-ability indicator Lij and its interaction with the post-treatment period and death. Col-
umn (3) further includes interactions with the high wage-bill share indicator Hij and treats both ∆log hnh

ij,t

and Hij × ∆log hnh
ij,t as endogenous, instrumented by Postt × Tij and Postt × Tij × Hij . All specifications

are estimated by 2SLS with standard errors clustered at the death–firm ij level. Robust standard errors in
parentheses. Sanderson–Windmeijer (SW) F -statistics report the conditional first-stage F for each endoge-
nous regressor. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

headcount hij,t and a flexible input xij,t. Let αl,ij and αm,ij denote the output elasticities of yij,t with
respect to hij,t and xij,t, respectively. As in the model of Section 3, suppose that the marginal product of a
worker of type a can be written as

MPLij,t(a) =
∂yij,t

∂nij,t(a)
=
∂yij,t
∂hij,t

ψij,t(a),

where ψij,t(a) captures heterogeneous marginal products across worker types. If the firm cost-minimizes
and the input xij,t has a marginal price px, then the firm-level wedge ψ̃ij,t satisfies

1

ψ̃ij,t

=
pxxij,t
wij,t hij,t

αl,ij

αm,ij
, (21)

so that ψ̃ij,t is pinned down by the ratio of the material bill to the wage bill and the ratio of output elasticities.

In the simpler environment of Proposition 2, the wedge ψ̃ij shows up directly in the labor
share, lsij = αγ ψ̃ij . Lemma 9 extends this insight to a richer setting with product-market power
and more general production technologies: even when labor’s share is not mechanically equal
to an output elasticity, the average markdown ψ̃ij remains point-identified from the ratio of the
flexible input expenditure to the wage bill and the ratio of output elasticities.
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In the data, I exploit intermediate expenditure as flexible input expenditure. Following Rid-
der et al. (2025), one can estimate how this wedge correlates with firm market shares by taking
logarithms of (21) and controlling sufficiently for heterogeneity in production elasticities. In the
benchmark case of a Cobb–Douglas, time-invariant production function with elasticities varying
at the three-digit industry level—and under a competitive material market—this amounts to in-
cluding three-digit industry fixed effects.

Thus, to calibrate θ, I target using indirect inference the empirical coefficient β in the panel
regression

log

(
mij,t

wij,thij,t

)
= β Sij,t(Wage bill) + Ψij,t + εij,t, (22)

where the dependent variable is the logarithm of the material-to-labor expenditure ratio, Sij,t(Wage bill)
denotes the firm’s wage-bill share within the local labor market, and εij,t is an idiosyncratic error
term.

The vector Ψij,t includes a comprehensive set of controls that absorb cross-sectional hetero-
geneity in production technology, potential distortions in intermediate input markets, and aggre-
gate time effects. Specifically, I include five-digit industry fixed effects, allowing production elas-
ticities to vary nonparametrically across narrowly defined sectors; calendar-year fixed effects to
capture aggregate shocks; and nonparametric controls for firm size, combined with employment-
weighted observations, to alleviate potential biases arising from quantity discounts in interme-
diate input markets, as documented by Lorenzini and Martner (2025)49. In addition, I include
nonparametric controls for firm age to capture life-cycle effects.

The wage-bill share is instrumented with the three-year lag of the revenue share for two main
reasons. First, measurement error in the firm wage bill would induce both attenuation bias and
omitted-variable bias, since the wage bill appears in the denominator of the dependent variable
and in the numerator of the regressor. Second, instrumenting helps alleviate concerns that unob-
served labor-augmenting productivity not fully absorbed by Ψij,t may bias the coefficient down-
ward: firms with higher labor-augmenting productivity both command larger wage-bill shares
and exhibit lower observed ψ̃ij , since a given degree of labor market power translates into a lower
material-to-labor ratio (Wu et al., 2025)50.

Table 3 reports the instrumental-variables estimates of equation (22). In the preferred specifica-
tion—which includes five-digit industry, age-group, and employment-bin fixed effects, together
with a flexible cubic polynomial in log employment—the IV coefficient on the firm’s wage-bill
share is 0.66 (s.e. 0.03). This estimate implies a strong positive association between firms’ labor-
market positions and their material-to-labor expenditure ratios, consistent with the model’s pre-
diction that weaker local competition translates into larger markdown wedges.

The alternative specifications, which vary the covariates used to control for treatment of production-

49If quantity discounts take the form of a two-part tariff, the relationship in equation (21) would hold only at
marginal prices, which coincide with unit prices only for sufficiently large firms.

50Notice that even with variable product market power, only wagebill share affects labor market power while rev-
enue share affects market power in the product market (Gutiérrez, 2023).
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technology heterogeneity, deliver point estimates of similar magnitude, reinforcing the stability of
the relationship. Across all specifications, the first-stage Kleibergen–Paap Wald F -statistics ex-
ceed 104, far above conventional weak-instrument thresholds, confirming that lagged revenue
share provides extremely strong identifying variation.

Table 3: Relationship Between Material-to-Labor Expenditures and Wage-Bill Share

(1) Baseline (2) +5d/age FE (3) Preferred

Dependent variable: log
(

mij,t

wij,thij,t

)
Wage-bill share 0.564*** 0.467*** 0.663***

(0.0288) (0.0280) (0.0276)

First stage: Kleibergen–Paap F 1.4× 104 1.2× 104 1.4× 104

Fixed effects and controls:
3-digit industry FE ✓

5-digit industry FE ✓ ✓

Calendar-year FE ✓ ✓ ✓

Age-group FE ✓ ✓

Employment-bin FE ✓

Log employment polynomial ✓

Observations 461,797 461,797 461,797
Clusters (markets) 42,195 42,195 42,195

Notes: The table reports IV estimates of equation (22). All regressions are weighted by firm em-
ployment, and standard errors are clustered at the market level. Column (1) includes three-digit
industry and calendar-year fixed effects. Column (2) replaces these with five-digit industry and
age-group fixed effects. Column (3), the preferred specification, adds a cubic polynomial in log
employment and employment-group fixed effects. The excluded instrument is the lagged (three-
year) revenue share. *** p < 0.01.

Heterogeneity and Complementarity Parameters. The remaining parameters govern worker
and firm heterogeneity (σa, σz) and the structure of worker–firm complementarities in produc-
tion (ρ, ωa).51 The baseline calibration jointly identifies all remaining parameters using an indirect
inference strategy. As discussed in Section 3.5, different combinations of (ρ, ωa, σa, σz) generate
distinct implications for sorting and segmentation in the labor market. Accordingly, I simulate a
worker–firm synthetic panel dataset from the model52 and form moments on this artificial dataset,

51The across-market elasticity θ is also calibrated by indirect inference. The regression coefficient on firms’ wage bill
shares almost exactly identifies this parameter. In practice, I initialize θ to match the empirical coefficient, simulate the
model, recalibrate the remaining parameters conditional on that value, and iterate until convergence.

52The synthetic panel is generated by repeatedly assigning workers to firms according to the equilibrium alloca-
tion probabilities implied by the model. A number of workers in proportion to firms are drawn from the ability
distribution—mirroring the empirical ratio of workers to firms in the data. Each worker is matched to a firm by first
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and compare them to their empirical counterparts. The targeted moments include: (i) the aver-
age employment-weighted average of the worker-rank-specific wage-bill HHI within each worker
fixed-effect decile; (ii) the standard deviation of AKM worker fixed effects; (iii) the employment
share of workers in the top quartile of the worker fixed-effect distribution employed by firms in
the top quartile of the firm distribution, computed within markets with more than 100 firms; and
(iv) the employment share of workers in the bottom quartile of the worker fixed-effect distribu-
tion employed by firms in the bottom quartile of the firm distribution, computed within markets
with more than 100 firms. Heuristically, the standard deviation of worker fixed effects disciplines
σa; the wage-bill HHI is informative about firm heterogeneity σz ; the share of top-quartile work-
ers employed by top-quartile firms is informative about the heterogeneity of wages—for a given
labor supply elasticity—across top and lower-ranked firms, thereby identifying the strength of
firm weight and thus heterogeneity in worker-level production function 1 − ωa; and the fraction
of low ranked worker in low ranked firms identifies segmentation, thus regulating the remaining
parameter ρ, as together with ωa, it reflects the degree of segmentation implied by the technology.
All parameters are jointly estimated to match these moments. Further details on the calibration
algorithm, simulation design, and convergence criteria are provided in Appendix D.3.

5.2 Calibration Results and Validation

Calibration Results. The indirect inference procedure delivers a close match between the sim-
ulated and empirical moments. Allowing for complementarities in production (ω > 0), the esti-
mated parameters are ρ = 0.35, ωa = 0.80, σa = 0.29, and σz = 0.513. Table 4 shows that the
model reproduces well the targeted moments: the dispersion of worker fixed effects, the degree
of assortative matching between high-type workers and high-paying firms, the degree of segmen-
tation as measured by the employment share of low ranked workers to low ranked firms, and the
average employment-weighted HHI index by worker decile rank. Table 5 reports the full set of
parameters under the baseline calibration.

drawing a market conditional on ability, and then a firm within that market using normalized employment shares.
The simulation runs for periods corresponding to the sample period in the targeted data, and in each new period, a
worker switches to a new firm with probability λ, set to match the empirical job-switching rate. For every matched
pair, the simulated dataset records wages, firm and worker identifiers, and other model-implied variables, allowing for
a standard AKM wage decomposition on the simulated panel. Details are reported in AppendixD.3.
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Table 4: Targeted Moments: Data vs. Model

Moment Data Model

Std. dev. of worker fixed effects (WFE) 0.31 0.32
Share of top-quartile workers in top-quartile firms 0.43 0.43
Share of bottom-quartile workers in bottom-quartile firms 0.28 0.28
Employment-weighted HHI index 0.29 0.30

Notes: This table reports the moments targeted in the indirect inference calibration. The empirical moments
are computed from the matched employer–employee Italian panel described in Section 4, where the local
labor market is defined as a three-digit industry crossed with a commuting zone, over the period 2014–2019.
The model moments are obtained from a synthetic simulated panel containing nine times as many workers
as firms—as in the data—with workers assigned to firms according to the model-implied market shares.
Each worker is reshuffled across firms with probability λ = 0.24, matching the empirical job-switching rate,
over five simulated periods corresponding to 2014–2019. The moments capture, respectively: (i) the disper-
sion of worker fixed effects estimated from AKM decompositions; (ii) the degree of assortative matching,
measured as the share of top-quartile workers employed by top-quartile firms, ranked within local labor
markets; (iii) the degree of segmentation, measured as the share of bottom-quartile workers employed by
bottom-quartile firms, ranked within local labor markets; and (iv) the employment-weighted wage-bill
Herfindahl–Hirschman Index (HHI), computed by worker decile rank, and averaged to reflect market con-
centration in wage payments.
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Table 5: Summary of Calibrated Model Parameters

Parameter Interpretation Value

γ Output elasticity of labor 0.775
α Returns to scale (labor–capital composite) 0.940
ρ Complementarity parameter 0.350
ξ Worker-output scale parameter 1.000
ωa Weight on worker ability in production 0.800
η Within-type labor supply elasticity 7.692
θ Across-type labor supply elasticity 0.843
µa Mean of worker ability distribution 0.000
σa Std. dev. of worker ability distribution 0.290
µz Mean of firm productivity distribution 0.000
σz Std. dev. of firm productivity distribution 0.513
R Interest rate 0.100
σ Utility curvature (CRRA) 0.830
φ Labor disutility parameter 0.500
δ Capital depreciation rate 0.080
S Number of worker types 500
M Number of local labor markets 1000
Pareto location Firm size distribution location parameter 1.000
Pareto tail Firm size distribution tail parameter 0.966
Pareto scale Firm size distribution scale parameter 3.519
Mass of single-firm markets Share of LLMs with a single firm 0.212
Max firms per market Market size cap 200

Notes: This table reports the full set of parameters used in the final calibration. The structural parameters
governing heterogeneity and complementarities, (ρ, ωa, σa, σz), are jointly estimated by indirect inference.
The within-market labor supply elasticity η is identified using variation from unexpected worker deaths,
and the across-market elasticity θ is chosen to match the empirical relationship between markdown wedges
and firms’ revenue shares. Parameters γ and α are calibrated to match aggregate moments related to the
labor share and returns to scale. The simulated economy features S = 500 worker types and M = 1000

local labor markets, with firm and worker heterogeneity drawn from log-normal and Pareto distributions.
All parameters refer to the steady-state allocation of the calibrated model.

Model Validation. To assess external validity, I compare the calibrated model’s implications for
a set of non-targeted moments and joint-distributional patterns between workers and firms. Ta-
ble 6 reports these validation statistics. Overall, the model replicates well the empirical dispersion
of wages (0.46 in the model vs. 0.48 in the data) and the share of wage variance originating within
firms (46% vs. 41%), indicating that the model generates realistic within- and between-firm wage
structure. The distribution of firm sizes is also well matched: the standard deviation of log em-
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ployment is 1.19 in the model compared to 1.12 in the data. The model slightly overstates the dis-
persion in firm fixed effects (0.29 vs. 0.18) but reproduces closely the empirical covariance between
worker and firm fixed effects (0.010 vs. 0.0138), implying that the strength of worker sorting across
firms is realistically captured. Finally, the aggregate labor share generated by the model (0.535)
aligns well with its empirical counterpart (0.51), obtain from FRED data (Feenstra et al., 2015),
averaged from the period 2014-2019. Taken together, these non-targeted moments show that the
calibrated model successfully reproduces key features of the joint worker–firm distribution.

Table 6: Untargeted Validation Moments: Data vs. Model

Moment Data Model

Std. dev. of log wages 0.48 0.46
Share of wage variance within firms (%) 41 46
Std. dev. of log employment 1.12 1.19
Std. dev. of firm fixed effects (FFE) 0.18 0.29
Covariance of worker and firm fixed effects 0.0138 0.010
Labor share 0.51 0.535

Notes: This table reports a set of untargeted moments used to evaluate the external validity of the calibrated
model. These statistics do not enter the indirect-inference objective; instead, they provide an out-of-sample
assessment of how well the model reproduces salient empirical patterns in the joint worker–firm distribution.
The first two moments summarize wage dispersion and the share of total wage variance attributable to within-
firm differences, jointly testing whether the model captures the heterogeneity embedded in worker and firm
types. The standard deviation of log employment assesses the model’s ability to generate realistic dispersion
in firm size. The dispersion of firm fixed effects (FFE) and the covariance between worker and firm fixed
effects measure the strength of sorting between worker ability and firm quality. Finally, the labor share com-
pares the aggregate wage bill generated by the model to its empirical counterpart. Overall, the moments
reveal that the model reproduces well the main empirical features of wages, employment, and sorting pat-
terns, despite not being directly calibrated to match them.

Beyond moment comparisons, I further evaluate the model’s ability to reproduce the joint dis-
tribution of worker and firm fixed effects. Figure 7a reports the cell-by-cell differences between the
model-implied and empirical decile matrices introduced in Section 4.2. Discrepancies are mod-
est overall: the model slightly underpredicts sorting at the top of the distribution—placing too
few high-ability workers in high-paying firms—and overpredicts matching in the middle deciles.
These deviations are economically small: the maximum absolute difference across all worker–firm
decile cells employment shares is approximately 0.06. Taken together, these results show that the
calibrated model not only reproduces the targeted moments by construction but also matches the
joint worker–firm allocation patterns with high fidelity.

Moreover, I compare the hiring-threshold gradients derived in Section 4.3 using model-generated
data with their empirical counterparts. I conduct this comparison for all three firm-quality mea-
sures used in the data: (i) the AKM firm fixed effect, (ii) the average fixed effect of incumbent
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workers, and (iii) the average incumbent log wage. Figure 7b display these relationships.
The model successfully reproduces both the ordering and the relative steepness of hiring thresh-

olds across the different ranking schemes. Consistent with the data, hiring thresholds are steep-
est when firms are ranked by their AKM pay premium, followed by rankings based on average
incumbent wages, and are shallowest when based on average incumbent worker fixed effects.
Quantitatively, the model matches exactly the slope of hiring thresholds with respect to average
incumbent worker fixed effects. It moderately overpredicts the sensitivity of thresholds to AKM
firm ranks (model: 0.80; data: 0.60) and to average incumbent wages (model: 0.58; data: 0.38), but
the magnitudes remain in close empirical proximity.

In addition, I examine heterogeneity in wage-bill concentration across the worker AKM rank
distribution by comparing the model-implied and empirical HHI profiles by worker fixed-effect
decile. Only the aggregate mean HHI enters the calibration, so the decile-specific indices provide
a partially untargeted validation. The model closely reproduces the empirical pattern: the max-
imum absolute deviation in HHI across worker deciles is approximately 0.02, and the full decile
profile is reported in Appendix D.4.

Overall, these joint-distributional and hiring-threshold validations demonstrate that the cal-
ibrated model provides a quantitatively accurate representation of worker sorting, firm hetero-
geneity, and hiring thresholds across local labor markets. The model matches targeted and non-
targeted features alike, suggesting that its structural mechanisms capture the key forces shaping
worker–firm allocation in the data.

(a) Employment Shares: Model vs. Data (AKM
Firm-Worker Ranks)

(b) Hiring Thresholds: Model vs. Data

Figure 7: Model vs. Data: Employment Shares and Hiring thresholds
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5.3 Model Benchmark: BHM

As a benchmark, I estimate a version of the model with homogeneous labor by imposing ωa = 0,
following D. Berger et al. (2022). In this environment, workers no longer differ in ability, and
sorting and segmentation mechanisms are mechanically shut down. Only firm heterogeneity, cap-
tured by σz , remains to be calibrated.

I consider two alternative calibrations for σz . The first calibration targets the aggregate employment-
weighted wage-bill HHI (the “Total” statistic in Table B.25), yielding σz = 0.095. Although this
parametrization matches the aggregate HHI by construction, it implies too little dispersion in log
wages relative to the data.

For this reason, I implement a second calibration that instead targets the empirical standard
deviation of log wages; this produces σz = 0.37. This parametrization increases wage dispersion
to empirical levels but no longer matches the aggregate HHI. Because labor is homogeneous in the
BHM benchmark, neither specification generates worker–firm sorting or segmentation, and such
moments are not defined in this environment.

Table 7 summarizes key model moments under the two alternative calibrations.

Table 7: Comparison of BHM Calibrations: HHI-Targeted vs. Wage-Dispersion-Targeted

Moment Calibration 1: HHI Target Calibration 2: Std. Log Wage Target

Employment-weighted HHI 0.292 0.413
Std. dev. of log employment 1.179 2.608
Labor share 0.536 0.494
Std. dev. of log wages 0.305 0.480

Notes: This table reports key model-generated moments under two alternative calibrations of the
homogeneous-labor benchmark (BHM). Calibration 1 sets σz to match the aggregate employment-weighted
wage-bill HHI, while Calibration 2 chooses σz to match the empirical standard deviation of log wages. Be-
cause worker heterogeneity is shut down under ωa = 0, moments involving worker–firm sorting or segmen-
tation are not defined in this benchmark environment.

6 Results

In this section I first use the calibrated model as a measurement device to recover the average
markdown by worker type, µ(a). Empirical counterparts to this object can be constructed from
HHI indices as implied by Lemma 3, but these estimates are fragile because worker ability is only
indirectly proxied by AKM worker fixed effects and is typically grouped into coarse bins. This
discretization potentially masks substantial within-bin heterogeneity and delivers markdowns at
the level of noisy proxies rather than at the underlying ability a. The model instead provides µ(a)
directly at the structural ability level.

I also rely on the model to measure moments of the firm-level wedge ψ̃ij . In principle, these
wedges can be estimated from the data using cost shares, as in Lemma 9, but such empirical esti-
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mates are difficult to interpret: the level of the wedge cannot be cleanly identified with firm-level
balance-sheet data (Ridder et al., 2025), and the dispersion in wedges may conflate true markdown
variation with other distortions, such as measurement error, implicit taxes, and adjustment costs.
For this reason, I use the structural model to obtain a well-defined distribution of wedges that
isolates the labor market power component.

Finally, I use the model to quantify the aggregate efficiency cost of labor market power and
the welfare losses by worker type. I begin by comparing aggregate output under labor market
power with that of the efficient allocation, and then quantify heterogeneous welfare losses across
the ability distribution.53

6.1 Measurement

Panel (a) of Figure 8 reports the employment-weighted average markdown by worker type. On
average, workers take home roughly 72.5% of their marginal product of labor. This take-home
share varies systematically with worker ability. Markdowns are largest for high-ability workers,
who on average receive about 70.5% of their marginal product. The relationship is non-monotonic
in worker ability: the take-home share attains its maximum for workers whose log ability lies
roughly one standard deviation below the mean of the ability distribution. I next use the model
to characterize the distribution of the firm-level wedge ψ̃ij . For each calibration, I summarize
the distribution of ψ̃ij across firms by its mean, revenue-weighted mean, median, and standard
deviation.54 In the baseline model, the mean of ψ̃ij is 0.83, the revenue-weighted mean is 0.73,
the median is 0.87, and the standard deviation is 0.09. The two BHM benchmarks generate similar
unweighted levels: in BHM 1, the mean, revenue-weighted mean, median, and standard deviation
of ψ̃ij are 0.83, 0.74, 0.87, and 0.09, respectively, while in BHM 2 they are 0.84, 0.68, 0.88, and 0.10.
Thus, although the mean and median wedges are very close across the three calibrations, the
revenue-weighted mean is substantially lower in BHM 2, indicating that larger-revenue firms are
associated with lower values of ψ̃ij and, consequently, a stronger impact of labor market power
on the aggregate labor share in that specification. Consistent with this, the aggregate profit share
of GDP is 0.2535 in the baseline calibration, 0.2520 in BHM Calibration 1, and 0.2940 in BHM
Calibration 2.

Table 8 provides additional detail by reporting average wedges by productivity decile. In both
BHM calibrations, ψ̃ij is monotonically decreasing in firm productivity deciles, whereas in the
baseline model the profile is mildly non-monotonic, with wedges that do not decline uniformly
across the productivity distribution.

53The model is required for this calculation: even if average markdowns by worker ability are observed, they are
not themselves welfare-relevant statistics and do not capture the full set of distortions affecting individual welfare.

54Let lsij denote the actual labor share in firm ij, and let ls∗ denote the efficient labor share in the absence of labor
market power, costant across firms. By definition, the firm-level wedge satisfies lsij = ψ̃ij ℓ

∗. The aggregate labor share
is then

LSagg =
∑
ij

yij∑
i′j′ yi′j′

lsij = ls∗
∑
ij

yij∑
i′j′ yi′j′

ψ̃ij ,

so the aggregate wedge in the labor share is given by the revenue-weighted mean of ψ̃ij .
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Overall, the model developed in this paper, together with the empirical evidence, substantially
reshape the distribution of labor market power both across firms and across workers. It implies
different patterns for wedges, markdowns, and their correlation with productivity than those em-
bedded in existing models. I next turn to study the implications of these features for aggregate
efficiency and for the distribution of welfare losses by worker type.

Table 8: Average ψ̃ by Productivity Decile: Baseline and BHM Benchmarks

Productivity decile (from lowest to highest)

1 2 3 4 5 6 7 8 9 10

Baseline 0.862 0.851 0.843 0.838 0.824 0.822 0.810 0.801 0.814 0.847
BHM 1 0.852 0.842 0.843 0.841 0.835 0.884 0.833 0.825 0.818 0.811
BHM 2 0.870 0.862 0.860 0.857 0.850 0.855 0.841 0.823 0.803 0.758

Notes: This table reports the average firm-level wedge ψ̃ij by firm productivity decile for the baseline cali-
bration and the two homogeneous-labor benchmarks (BHM 1 and BHM 2). Firm productivity is measured
as the expected production term Egij(a)[ϕ(a, zij)] for each firm. Productivity deciles are constructed from the
distribution of Egij(a)[ϕ(a, zij)] across all firms in the simulated economy: firms are sorted by this measure
and assigned to ten equally sized groups (deciles), from the lowest- to the highest-productivity firms. For
each calibration and each decile, the table reports the unweighted mean of ψ̃ij over all firms belonging to that
decile.

6.2 Production Efficiency

Under imperfect competition, firms exert labor market power by paying wages below the efficient
level. Because markdowns are higher for firms with larger employment shares within each worker
type, firms that capture a greater share of the type-a labor market face the strongest markdowns
relative to the market wage index for that ability group. Consequently, firms are under-resourced
precisely for the worker types they employ most intensively. This interaction between firm size
and worker heterogeneity distorts multiple equilibrium objects that jointly determine aggregate
production.

I identify four distinct distortions arising from labor market power. First, Size Distortion: mark-
downs distort firm size, causing some firms to become larger and others smaller than in the ef-
ficient allocation. Second, Misallocation of Talent: because firms face heterogeneous markdowns
across worker types, they misallocate ability within the firm—some firms employ too many low-
ability workers, while others attract too many high-ability workers. This heterogeneity generates
deviations in endogenous productivity across firms relative to the efficient benchmark. Third,
Market Supply Distortion: markets with weaker competition are smaller than under efficiency,
leading to an inefficient distribution of labor across local markets. Fourth, Aggregate Labor Sup-
ply Distortion: markdowns alter total labor supply.

Table 9 compares aggregate inefficiency and its decomposition between the baseline calibration
and the two calibrations of the homogeneous-worker benchmark (BHM). In both the efficient and
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distorted allocations, the equilibrium can be summarized by the collection {S(a), sj(a), sij(a)}: the
aggregate supply of each worker type S(a), defined so that the total mass of workers of ability a is
N(a) = S(a)fa(a); the market wage-bill shares sj(a) describing how each type is allocated across
local labor markets; and the firm-level wage-bill shares sij(a) within each market. To gauge the
quantitative importance of each margin, I construct counterfactuals in which, one at a time, these
components are reset to their efficient values while all other components are held at their distorted
(baseline) levels. In particular, I consider counterfactuals that: (i) set aggregate labor supply S(a)
to its efficient level, (ii) restore the efficient distribution of workers across markets sj(a), and (iii)
restore firm-level wage-bill shares sij(a) to their efficient values. The firm-level component is fur-
ther decomposed into a productivity component (adjusting only firms’ endogenous productivity)
and a size component (adjusting firm employment shares), which together generate the “Firm size
+ firm productivity” row in the table. The corresponding changes in output measure the marginal
contribution of each distortion to aggregate inefficiency.

Two main findings emerge. First, overall efficiency losses in the baseline calibration are smaller
than in the second BHM calibration: aggregate output in the baseline model is 3.63% below the
efficient level, compared to 5.33% in BHM Calibration 2. The rows labeled “Firm size + firm pro-
ductivity” in Table 9 show that, once firm-level distortions are shut down, the remaining GDP
losses in the baseline and in BHM Calibration 1 are nearly identical (3.33% and 3.31% of efficient
output), while in BHM Calibration 2 they fall to 3.52%, a much larger decrease. In BHM Calibra-
tion 1, firm heterogeneity is very limited (with σz close to zero), so there is little scope for within-
market misallocation. The similarity between the baseline and BHM Calibration 1, together with
the fact that all three parametrizations exhibit very similar inefficiencies once within-market dis-
tortions are removed (between 3.31% and 3.52% of efficient output), indicates that the additional
efficiency loss in BHM Calibration 2 is driven by stronger within-market misallocation. In contrast,
in the baseline model labor market segmentation dampens the extent to which firm heterogeneity
translates into within-market misallocation, making its efficiency properties closer to those of the
low-heterogeneity BHM Calibration 1.

Second, the baseline calibration attributes a sizeable fraction of the remaining loss to distor-
tions in aggregate labor supply and in the allocation of labor across markets. When aggregate
labor supply is set to its efficient level (“Aggregate-supply distortion”), output in the baseline
economy is only 1.87% below the efficient benchmark; when the market-supply distortion is re-
moved (“Only market-supply distortion”), aggregate inefficiency falls to 2.10% of efficient output.

Overall, the comparison indicates that in the heterogeneous-worker baseline with segmen-
tation, within-market misallocation plays a more limited role than in the homogeneous-worker
benchmark, and a larger share of the efficiency cost of labor market power operates through ag-
gregate and cross-market labor supply distortions.
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Table 9: Inefficiency Decomposition: Baseline vs. BHM Calibrations

Statistic / Decomposition Baseline BHM Cal. 1 BHM Cal. 2

Total inefficiency 0.0363 0.0358 0.0533

Decomposition of inefficiency (GDP loss when only the listed distortion is removed)
Only firm-size distortion 0.0336 0.0331 0.0352
Only market-supply distortion 0.0210 0.0205 0.0413
Only firm-productivity distortion 0.0387 0.0358 0.0533
Firm size + firm productivity 0.0333 0.0331 0.0352
Aggregate-supply distortion 0.0187 0.0183 0.0311

Notes: This table reports the aggregate inefficiency and its decomposition for three model specifications: the base-
line calibrated model and two homogeneous-worker benchmarks (BHM Calibration 1 and BHM Calibration 2).
“Total inefficiency” is the steady-state loss in aggregate output, expressed as a share of efficient output, when all
distortions implied by the model are present. The decomposition rows report counterfactual GDP losses when
only the listed distortion is removed by setting the corresponding variable to its efficient level, holding all other
distortions at their baseline values. Rows labeled “Only . . . distortion” refer to removing a single distortion; “Firm
size + firm productivity” reports the loss when both the firm-size and firm-productivity distortions are removed
simultaneously; “Aggregate-supply distortion” refers to removing the distortion operating through aggregate
labor supply. All numbers are reported as shares of efficient output and correspond to steady-state comparative
statics under the calibrations described in Table 5.

6.3 Welfare Distribution

I now analyze the heterogeneous welfare effects of labor market power across workers of different
log abilities. Departures from the efficient allocation generate two distinct welfare consequences.
First, production inefficiencies reduce the overall size of the economy. Second, markdowns redis-
tribute income from workers to entrepreneurs: firms pay wages below marginal products, low-
ering workers’ consumption, while profits and entrepreneurs’ consumption increase. Because
markdowns vary across ability groups—reflecting different levels of competition for each worker
type—the welfare impact of labor market power is heterogeneous across the ability distribution.

The welfare gain or loss for each group is measured as the percentage change in per capita
consumption required to equalize steady-state utility with that of the Pareto-efficient allocation in
which workers are paid their marginal product of labor, as characterized in Proposition 3.55

Entrepreneurs benefit from labor market power at the expense of workers. In the baseline
calibration, they would need to reduce their consumption by roughly 66.5% to attain the same
utility level they would have if workers were paid their marginal product.

Panel (b) of Figure 8 reports heterogeneous welfare losses λ(a) by worker log ability under the
baseline calibration. Workers experience welfare losses ranging from about 42% to 37% across the
ability distribution. To assess how much of this welfare loss is due to changes in leisure, Panel (b)
also reports welfare losses when leisure is held fixed. Increases in leisure under labor market
power reduces welfare losses by approximately 2 percentage points, a reduction that is roughly
constant across worker types.

55Formally, for workers, λ(a) satisfies U
(
(1 + λ(a)) C(a)

fa(a)
, N(a)
fa(a)

)
= U

(
Ceff(a)
fa(a)

, Neff(a)
fa(a)

)
, and for entrepreneurs, λ(e)

satisfies U((1 + λ(e))C(e)) = U(Ceff(e)).
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Turning to the heterogeneity across workers, Panel (b) reveals that welfare losses are largest at
the tails of the ability distribution. Workers at both the bottom and top of the distribution would
need to increase consumption by about 42% to achieve efficient-allocation utility, compared to 37%
for middle-ability workers. Markdowns are shaped by the degree of competition for each type of
labor. For lower-tail workers, few firms from the bottom of the productivity distribution are will-
ing to hire them, leading to limited competition and higher markdowns. These firms internalize
that, although they are small relative to the aggregate economy, they are large within the choice
set of low-ability workers, who face few alternative employers. At the upper tail, high-ability
workers are concentrated in the most productive firms, which compete only against a handful
of similarly productive rivals; competition in that segment is likewise limited, resulting in high
markdowns. Hence, both extremes of the ability distribution face weaker competition and larger
welfare losses. Importantly, welfare losses at the bottom stem purely from imperfect competition
rather than from redistributive considerations of the planner. If the planner also valued redis-
tribution or inequality reduction, the efficient allocation would further increase consumption for
low-ability workers beyond what efficiency alone would dictate, amplifying the contrast with the
decentralized outcome.

Overall, the analysis shows that labor market segmentation not only dampens aggregate inef-
ficiency but also reshapes the distribution of welfare losses across workers. While segmentation
reduces aggregate rent extraction by entrepreneurs, failing to account for this heterogeneity would
obscure important differences in how labor market power affects workers across the ability dis-
tribution. These welfare disparities are most pronounced at the extremes—particularly among
low-ability workers, whose welfare is already limited by their lower marginal product and is fur-
ther eroded by imperfect competition, which amplifies their losses.
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(a) Employment-Weighted Markdown by Worker
Log Ability

(b) Welfare Loss by Worker Log Ability

Figure 8: Markdowns and Welfare Losses by Worker Log Ability

Notes: Each panel reports model-implied objects by worker log ability. Panel (a) plots the employment-
weighted average markdown µ(a) by worker log ability, where the markdown is defined as the ratio of
the wage to the marginal product of labor, and employment weights are given by the steady-state allo-
cation of workers across firms. Panel (b) plots welfare losses by worker log ability. The figure displays
two series: one series reports the consumption-equivalent percentage change that makes steady-state util-
ity under labor market power equal to steady-state utility under the Pareto-efficient allocation, allowing
both consumption and labor supply to differ across allocations; the second series reports the consumption-
equivalent percentage change computed by scaling consumption only while holding labor supply fixed. In
both panels, worker log ability is measured on the horizontal axis and the corresponding model-implied
statistic is reported on the vertical axis for each ability type.
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7 Conclusion

This paper develops, tests, and quantifies a general-equilibrium model of monopsony in seg-
mented labor markets in which sorting and segmentation jointly determine competition among
firms for workers. The key innovation is a production structure with intrafirm spillovers: firm-
level productivity depends on the average quality of the workforce, so hiring decisions affect both
scale and productivity. This environment nests standard labor models—including D. Berger et al.
(2022)—as special benchmark cases.

Using matched employer–employee data for Italy and Germany, I document that (i) high-
paying firms impose higher hiring thresholds, (ii) low- (high-) paid workers are disproportion-
ately employed in low- (high-) paying, smaller (larger) firms, (iii) concentration indices are non-
monotonic across the worker–pay distribution, and (iv) exogenous increases (decreases) in work-
force average quality causally raise (lower) firm-level productivity.

I then calibrate the model to Italian data and validate it using these empirical moments, bench-
marking against two alternative recalibrations of the homogeneous-worker model in D. Berger et
al. (2022). First, I use the calibrated structure as a measurement device. On average, workers take
home about 72.5% of their marginal product, with markdowns varying systematically in ability
and peaking for high-ability workers. At the firm level, wedges in the labor share display similar
means and medians in the baseline and benchmark models, but their relationship with productiv-
ity differs: in the homogeneous-labor benchmark, distortions are tightly and monotonically linked
to firm productivity, whereas in the baseline model this link is weaker and mildly non-monotonic,
reflecting that segmentation reshapes the joint distribution of productivity and distortions.

Second, I quantify production efficiency. Under the baseline calibration, labor market power
generates modest but nontrivial aggregate output losses that are substantially smaller than in the
homogeneous-labor benchmark. A decomposition along aggregate labor supply, cross-market
allocation, and within-market allocation of workers to firms shows that, in the benchmark, a large
share of inefficiency operates through within-market misallocation, whereas in the baseline model
segmentation weakens the link between productivity and markdowns and shifts the importance
of distortions toward aggregate and cross-market labor supply.

Finally, I study welfare. Entrepreneurs gain substantially from labor market power, while
workers experience large and heterogeneous welfare losses. These losses are largest for low-ability
workers, who are excluded from most high-productivity firms and face limited opportunities in
a narrow set of small, low-productivity employers, and for high-ability workers, whose attractive
job offers are concentrated among a few top-paying firms. Importantly, these welfare differences
arise purely from imperfect competition, not from redistributive motives.

Taken together, the results show that sorting and segmentation fundamentally reshape monop-
sony power in labor markets. Segmentation weakens the tight link between firm size, productivity,
and distortions that is implicit in homogeneous-labor models, attenuating within-market misallo-
cation but leaving substantial welfare losses—especially for low-ability workers—that are driven
by the unequal exposure of different worker types to imperfect competition.

66



References

Abadie, Alberto and Jann Spiess (2022). “Robust post-matching inference”. In: Journal of the Amer-
ican Statistical Association 117.538, pp. 983–995.

Abowd, John M, Francis Kramarz, and David N Margolis (1999). “High wage workers and high
wage firms”. In: Econometrica 67.2, pp. 251–333.

Ackerberg, Daniel A, Kevin Caves, and Garth Frazer (2015). “Identification properties of recent
production function estimators”. In: Econometrica 83.6, pp. 2411–2451.

Atkeson, Andrew and Ariel Burstein (2008). “Pricing-to-market, trade costs, and international rel-
ative prices”. In: American Economic Review 98.5, pp. 1998–2031.
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A Theory

A.1 Derivation of Nested-CES Labor Supply

This appendix derives the nested-CES labor-supply system used in the main text. The microfoun-
dation follows D. Berger et al. (2022) (BHM), extended to incorporate an endogenous choice set of
firms for workers of ability a, denoted Sj(a).

Setup. For each ability type a, there exists a unit measure of ex-ante identical individuals in-
dexed by l ∈ [0, 1]. Individual l has heterogeneous preferences over firms (i, j), captured by an
idiosyncratic taste shock ζlij(a). Disutility from supplying hours hlij(a) to firm ij is

νlij(a) = e−ζlij(a)hlij(a), log νlij(a) = log hlij(a)− ζlij(a).

The vector of shocks {ζlij(a)}ij is drawn from a nested Gumbel distribution:

F (ζ) = exp

−
J∑

j=1

(mj∑
i=1

e−(1+η)ζij

) 1+θ
1+η

 ,

where η > θ > 0 govern substitutability across firms within a market and across markets, respec-
tively.

Each individual earns income Yl(a), drawn from distribution FY , and satisfies

wij(a)hlij(a) = Yl(a)

conditional on choosing firm ij.

Individual problem. Worker l of ability a chooses the employer minimizing disutility:

min
(i,j)∈S(a)

{log hlij(a)− ζlij(a)} ≡ max
(i,j)∈S(a)

{logwij(a)− log Yl(a)− ζlij(a)} .

Choice probabilities. Using standard nested-logit results McFadden et al. (1973), the probability
that a worker of type a chooses firm ij ∈ Sj(a) is

pij(a) =
wij(a)

1+η∑
i′∈Sj(a)

wi′j(a)1+η
·

(∑
i′∈Sj(a)

wi′j(a)
1+η
) 1+θ

1+η

∫ 1

0

 ∑
k∈Sj(a)

wkj(a)
1+η

 1+θ
1+η

dj

. (23)

This probability is identical for all individuals of the same ability type a.
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Wage indices. Define the firm- and market-level wage indices

wj(a) =

 ∑
i∈Sj(a)

wij(a)
1+η

 1
1+η

, W (a) =

[∫ 1

0
wj(a)

1+θ dj

] 1
1+θ

.

Employment aggregation. Total employment of ability type a at firm ij is

nij(a) =

∫
pij(a)hlij(a) dFY (Yl(a)) = pij(a)

∫
Yl(a)dFY (Yl(a))

wij(a)
.

Aggregate labor income of type a equals∫
Yl(a) dFY (Yl(a)) =W (a)N(a),

where

N(a) =

[∫ 1

0
nj(a)

θ+1
θ dj

] θ
θ+1

, nj(a) =

 ∑
i∈Sj(a)

nij(a)
η+1
η


η

η+1

.

Substituting these expressions into the formula for nij(a) yields the firm-level labor-supply
function:

nij(a) =

(
wij(a)

wj(a)

)η (wj(a)

W (a)

)θ

N(a). (24)

Representative-household formulation. The labor supply system implied by individual dis-
crete choice is equivalent to the solution of the representative-household problem:

max
{nij(a)}

∫ 1

0

∑
i∈Sj(a)

wij(a)nij(a) dj,

subject to

N(a) =

[∫ 1

0
nj(a)

θ+1
θ dj

] θ
θ+1

, nj(a) =

 ∑
i∈Sj(a)

nij(a)
η+1
η


η

η+1

, η > θ > 0.

This establishes the nested-CES labor-supply structure used in the main text.

A.2 Production Function: Microfoundation

This subsection provides a microfoundation for the production technology used in the main text,
building upon Saint-Paul, 2001, Helpman et al., 2010, and Eeckhout and Kircher, 2018.

Consider a firm producing a single output y. Production is carried out by a team of workers
with heterogeneous abilities a ∈ A, supervised or coordinated by a manager of type z. Each
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worker produces according to
f(a, z, χ) = ϕ(a, z)χωχ ,

where χ denotes the worker’s share of a common firm-level resource and ωχ governs returns to
that resource. The key assumption—unlike in Eeckhout and Kircher, 2018—is that the firm cannot
allocate χ differentially across workers based on ability a. For concreteness, suppose the firm
rents a stock of space or equipment k at price R and allocates it equally across all workers. Setting
ωχ = 1− γ yields the worker-level production function

f(a, z, χ) = ϕ(a, z)

(
k

h

)1−γ

,

where h =
∑

a∈A n(a) is total employment.
Aggregating output across workers gives

y =
∑
a∈A

ϕ(a, z)

(
k

h

)1−γ

n(a) = Eg(a)[ϕ(a, z)]
(
k1−γhγ

)
, (25)

where
g(a) =

n(a)

h
, Eg(a)[ϕ(a, z)] =

∑
a∈A

ϕ(a, z) g(a)

is realized firm productivity.

Relation to existing production functions. The production structure in (25) includes several
benchmark cases as special or limiting forms. Using the CES specification for ϕ(a, z) in (7) and
varying ρ and ωa:

• Cobb–Douglas benchmark. If ωa = 0, worker output depends only on firm type, and

ϕ(a, z) = z =⇒ y = z k1−γhγ ,

which corresponds to the production function in D. Berger et al., 2022.

• Multiplicative complementarities. As ρ→ 1, the CES aggregator becomes log-linear:

ϕ(a, z) = z1−ωaaωa , y = z1−ωak1−γhγ

(∑
a∈A

aωag(a)

)
,

similar to the structure in Helpman et al., 2010.

• Absence of decreasing returns to scale. If γ = 1 (i.e., no decreasing returns in employment)
and ωχ = 0, the production function becomes

y =
∑
a∈A

ϕ(a, z)n(a),
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corresponding to the additive formulation used in Costinot and Vogel, 2010.56

A.3 Firm Wage Structure

This subsection proves Proposition 1. We first derive the firm–level labor–supply elasticity, which
enters the firm’s optimality conditions. We then rewrite the firm problem after substituting out
optimal capital, establish the existence of a maximizer, and characterize the implied wage sched-
ule.

Step 1: Firm-level labor-supply elasticity. A key object in the wage characterization is the in-
verse elasticity of firm–specific labor supply,

ϵij(a) :=

(
∂wij(a)

∂nij(a)

nij(a)

wij(a)

)−1

.

Define the firm’s market share for ability-a workers as

sij(a) :=
wij(a)nij(a)∑

i∈Sj(a)
wij(a)nij(a)

.

Under the inverse labor–supply system

wij(a) ∝
(
nij(a)

nj(a)

)1/η (nj(a)
N(a)

)1/θ

,

the common terms cancel in the ratio and the market share simplifies to

sij(a) =
nij(a)

η+1
η∑

i∈Sj(a)
nij(a)

η+1
η

. (26)

Differentiating wij(a) with respect to nij(a) gives

∂ logwij(a)

∂ log nij(a)
=

1

η
+
(
1
θ − 1

η

) ∂ log nj(a)
∂ log nij(a)

=
1

η
+
(
1
θ − 1

η

)
sij(a),

where the last equality follows from (26). Hence the inverse elasticity takes the closed form

ϵij(a) =

[
1

η
+

(
1

θ
− 1

η

)
sij(a)

]−1

. (27)

Since 1
θ −

1
η > 0, the elasticity is decreasing in sij(a): a larger share implies a less elastic firm–level

labor supply and a larger markdown. In the limit sij(a) ↓ 0, ϵij(a) → η.

56This expression characterizes the production function. With CES demand, the corresponding revenue function
generally differs.
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Step 2: Output and the firm’s objective. Using the optimal capital choice, firm output is

yij = Z Φ
1

1−α(1−γ)

ij h
αγ

1−α(1−γ)

ij , Φij :=
∑
a∈A

ϕ(a, zij) gij(a),

where gij(a) = nij(a)/hij and Z > 0 is constant across firms. Define the rescaled output

ỹij := (1− α(1− γ))yij .

Substituting capital back into profits yields the isomorphic problem

πij = max
{nij(a)}, hij

{
ỹij −

∑
a∈A

wij(a)nij(a)

}
,

subject to nij(a) ≥ 0 and hij =
∑

a nij(a).

Lemma A.1 (Existence). A profit-maximizing solution exists.

Proof. Let x = (nij(a))a∈A. Because ϕ(a, zij) is bounded, Φij is bounded, and thus lim∥x∥→0 (ỹij −
∑

awij(a)nij(a)) =

0. As ∥x∥ → ∞, the revenue term grows like O(∥x∥κ) with κ = 1
1−α(1−γ) < 1 + ρ, while the con-

vexity of labor costs implies
∑

awij(a)nij(a) ≥ ∥x∥1+ρ. Hence the objective tends to −∞, and
continuity establishes a maximizer.

Step 3: First-order conditions. Form the Lagrangian

L = ZΦ
1

1−α(1−γ)

ij h
αγ

1−α(1−γ)

ij −
∑
a

wij(a)nij(a) + λ

(
hij −

∑
a

nij(a)

)
+
∑
a

φ(a)nij(a),

with multipliers φ(a) ≥ 0 enforcing nij(a) ≥ 0.
FOC with respect to hij :

λ =
∂ỹij
∂hij

=
αγ

1− α(1− γ)
ZΦ

1
1−α(1−γ)

ij h
αγ−1

1−α(1−γ)

ij .

FOC with respect to nij(a):

Z
1

1− α(1− γ)
Φ

α(1−γ)
1−α(1−γ)

ij h
αγ

1−α(1−γ)

ij ϕ(a, zij)− wij(a)− w′
ij(a)nij(a)− λ+ φ(a) = 0.

The multiplier λ is the shadow value of a job slot: because each worker occupies one unit of hij ,
λ is the marginal cost of expanding total employment. It therefore enters each worker’s marginal
product of labor negatively. After substituting λ and simplifying,

MPLij(a)− wij(a)
(
1 + 1

ϵij(a)

)
+ φ(a) = 0.
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Step 4: Case analysis. Case 1: MPLij(a) ≤ 0. The FOC cannot hold with nij(a) > 0 unless
φ(a) > 0. Thus complementary slackness implies

nij(a) = 0 ⇒ wij(a) = 0.

Case 2: MPLij(a) > 0. Then φ(a) = 0 and the FOC gives

wij(a) =
ϵij(a)

1 + ϵij(a)
MPLij(a).

Step 5: Wage structure. Combining the cases,

wij(a) =


ϵij(a)

1 + ϵij(a)
MPLij(a), MPLij(a) > 0,

0, MPLij(a) ≤ 0.

This completes the proof of Proposition 1.

Lemma A.2. Under no capital in production (γ = 1), the wage structure in (11) is sufficient for firm
maximization.

Proof. When γ = 1, firm output reduces to

yij = Φij h
α
ij , Φij =

∑
a∈A

ϕ(a, zij) gij(a),

and profits become

πij(n, h) = Φij(n)h
α −

∑
a∈A

wij(a)n(a), h =
∑
a

n(a).

We have already established two facts: (i) a maximizer exists (coercivity), and (ii) any maximizer
must satisfy the first–order condition

wij(a) =
ϵij(a)

1 + ϵij(a)
MPLij(a) if n(a) > 0, wij(a) = 0 if n(a) = 0. (FOC)

To prove sufficiency, it remains to show that the system of equations (FOC) admits at most one
solution.

Step 1: Parameterization by (Φ, h). Since Φij(n) is a linear functional of g and h =
∑

a n(a), any
allocation can be represented by the pair

(Φ, h) ∈ R+ × R+,

with wages determined by n(a) = g(a)h.
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Step 2: Two regions. For any other candidate maximizer (Φ2, h2) ̸= (Φ1, h1) to satisfy the same
FOCs, it must fall into one of two regions:

1. Same-direction region: (Φ2 − Φ1)(h2 − h1) ≥ 0.

2. Opposite-direction region: (Φ2 − Φ1)(h2 − h1) < 0.

We rule out both cases.

Step 3: No second solution in the same-direction region (single-crossing). Suppose (Φ2, h2)

satisfies the FOCs and
Φ2 > Φ1, h2 ≥ h1

(the other sign pattern is symmetric).
Choose any ability a with n2(a) > n1(a) (implied by Φ2 > Φ1). For this ability, the FOC

requires
w(ni(a))

(
1 + 1

ϵi(a)

)
=MPLi(a) = (ϕ(a)− Φi)h

α−1
i , i = 1, 2.

- On the left-hand side, w(n) is increasing in n and 1/ϵ(n) is decreasing in n, so the LHS is
strictly larger for (Φ2, h2).

- On the right-hand side, since Φ2 > Φ1 and h2 ≥ h1, (ϕ(a) − Φi)h
α−1
i is strictly smaller for

(Φ2, h2).
Hence the FOC cannot hold at both points—a contradiction. Therefore no two FOC solutions

can lie in the same-direction region.

Step 4: No second solution in the opposite-direction region (strict concavity). Suppose instead
that

Φ2 > Φ1, h2 < h1

(the reverse case is symmetric). Consider any convex combination

(Φλ, hλ) = (λΦ1 + (1− λ)Φ2, λh1 + (1− λ)h2), λ ∈ (0, 1).

Since x 7→ xα is strictly concave for α ∈ (0, 1),

hαλ > λhα1 + (1− λ)hα2 .

Thus
Φλh

α
λ > λΦ1h

α
1 + (1− λ)Φ2h

α
2 .

The revenue function is therefore strictly concave in (Φ, h) in this region, and the cost function
is strictly convex. Hence profits are strictly concave, so there cannot be two distinct stationary
points. Thus no second FOC solution exists in the opposite-direction region.
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Step 5: Uniqueness and sufficiency. All feasible (Φ, h) lie in one of the two regions. Since both
regions allow at most one stationary point, the system (FOC) has exactly one solution. Because a
maximizer exists and must satisfy the FOCs, this solution is the unique global maximizer.

Conclusion. Under γ = 1, the wage structure in (11) is both necessary and sufficient for firm
profit maximization.

A.4 Proof of Proposition 2

This appendix derives the expressions for the average marginal product, average wage, profits,
and the labor share stated in Proposition 2. Throughout, A denotes the finite grid of abilities,
gij(a) the within–firm employment shares, and Φij =

∑
a∈A ϕ(a, zij)gij(a) the corresponding en-

dogenous productivity term.

Step 1: Average marginal product. Using the expression for the marginal product of a type-a
worker,

MPLij ≡ Zαγ
(
Egijt(a)[ϕ(a, zijt)]

) 1
1−α(1−γ)h

α−1
1−α(1−γ)

Substituting the first order condition for capital
(
Egij(a)[ϕ(a, zij)]

) 1
1−α(1−γ)

h
γα

1−α(1−γ)

ij =
Rkij

(1−γ)α gives:

MPLij = αγ
yij
hij

,

where the ratio yij/hij follows directly from the capital–substituted production function. This
proves the first identity in the proposition.

Step 2: Decomposition of MPLij(a). The above expression can be rewritten as

MPLij(a) =MPLij ψij(a), ψij(a) := 1− 1

αγ

(
1− ϕ(a, zij)

Φij

)
,

which expresses each worker’s marginal product as a scalar multiple of the firm’s average marginal
product.

Step 3: Average wage. Since wij(a) = µij(a)MPLij(a) for MPLij(a) > 0, the firm’s average
wage is

wij =
∑
a∈A

nij(a)

hij
wij(a) =MPLij

∑
a∈A

nij(a)

hij
µij(a)ψij(a).

Define
ψ̃ij :=

∑
a∈A

gij(a)µij(a)ψij(a),
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which yields
wij =MPLij ψ̃ij .

Step 4: decomposition of ψ̃ij . Start from the definition

ψ̃ij =
∑
a∈A

gij(a)µij(a)ψij(a), ψij(a) = 1− 1

αγ

(
1− ϕ(a, zij)

Φij

)
,

with Φij =
∑

a ϕ(a, zij) gij(a) and µij =
∑

a gij(a)µij(a).
Compute µij(a)ψij(a) term-by-term:

µij(a)ψij(a) = µij(a)

[
1− 1

αγ

(
1− ϕ(a, zij)

Φij

)]
= µij(a)−

1

αγ
µij(a) +

1

αγ
µij(a)

ϕ(a, zij)

Φij
.

Averaging over gij (i.e. summing with weights gij(a)) gives

ψ̃ij =
∑
a

gij(a)µij(a)−
1

αγ

∑
a

gij(a)µij(a) +
1

αγΦij

∑
a

gij(a)µij(a)ϕ(a, zij)

=
(
1− 1

αγ

)
µij +

1

αγΦij
Egij [µϕ],

where Egij [µϕ] =
∑

a gij(a)µij(a)ϕ(a, zij).
Now use the identity E[µϕ] = E[µ]E[ϕ] + covg(µ, ϕ), and note Egij [ϕ] = Φij . Thus

Egij [µϕ] = µij Φij + covgij (µ, ϕ).

Substitute back:
ψ̃ij =

(
1− 1

αγ

)
µij +

1

αγΦij

(
µij Φij + covgij (µ, ϕ)

)
= µij +

1

αγΦij
covgij (µ, ϕ).

Upper bound. Since every employed ability satisfies ψij(a) ≥ 0, then each summand obeys

gij(a)µij(a)ψij(a) ≤ gij(a)ψij(a),

since 0 ≤ µij(a) ≤ 1. Averaging gives

ψ̃ij =
∑
a

gij(a)µij(a)ψij(a) ≤
∑
a

gij(a)ψij(a) = 1,

so ψ̃ij ≤ 1 under this sign restriction.
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Special case. If µij(a) ≡ 1 for all a, then

ψ̃ij =
∑
a

gij(a)ψij(a) = 1− 1

αγ

(
1− Φij

Φij

)
= 1,

as required.

Step 5: Profits. Profits are
πij = [1− α(1− γ)]yij − hijwij .

Substituting yij = hijMPLij/(αγ) and the expression for wij ,

πij =
[
1− α(1− γ)− αγ ψ̃ij

]
hijMPLij .

Absent markdowns (ψ̃ij = 1), the profit share reduces to the standard Cobb–Douglas expression
depending only on α and γ.

Step 6: Labor share. The firm’s labor share is

lsij =
hijwij

yij
=

hijMPLijψ̃ij

hijMPLij/(αγ)
= αγ ψ̃ij .

In the absence of markdowns, the labor share collapses to the constant αγ, as in the homogeneous
Cobb–Douglas benchmark.

Conclusion. All four identities in Proposition 2 follow directly from the expressions above. □

A.5 Existence and Efficiency

Lemma A.3 (Existence of Equilibrium). A steady–state competitive equilibrium exists.

Proof. The firm side can be expressed as a fixed-point problem in wages. For each firm–ability pair
(ij, a), the optimality condition derived in Appendix ?? implies that the equilibrium wage must
satisfy

wij(a) = Bij,a(w) :=


ϵij(a |w)

1 + ϵij(a |w)
MPLij(a |w) , if MPLij > 0,

0, otherwise.

Here B(w) denotes the full wage–update map collecting all (ij, a) components. Equilibrium cor-
responds to a fixed point w∗ such that B(w∗) = w∗.

Step 1 (compact domain). As wages approach zero, labor supply collapses and profits are neg-
ative. As wages approach infinity, labor supply becomes prohibitively costly and profits again
become negative. Thus profitable configurations lie in a bounded hyperrectangle T = [0, w]|F||A|

for some finite w > 0.
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Step 2 (self-mapping). For any w ∈ T, all objects entering Bij,a(w) (labor supply, market shares,
ϵij , and MPLij) are continuous in w and remain bounded on T. Hence B(w) ∈ T for all w ∈ T.

Step 3 (continuity). Each Bij,a(w) is continuous because both ϵij(a|w) and MPLij(a|w) are
continuous in w (labor supply, shares, and firm output are continuous functions of wages).

By Brouwer’s fixed point theorem, a continuous map from a compact convex set into itself
admits a fixed point. Thus there exists w∗ ∈ T such that B(w∗) = w∗. Given these wages, optimal
labor supply, firm choices, consumption, and capital satisfy all equilibrium conditions.

Therefore a steady–state equilibrium exists.

Proposition A.1 (Efficiency Without Markdown). If all firms pay no markdowns (µij(a) = 1 for all
i, j, a), so that

wij(a) =MPLij(a),

then the decentralized equilibrium satisfies the planner’s first-order conditions and hence coincides with the
planner’s allocation.

Proof. Rewriting the planner’s FOC with respect to nij(a) for discrete ability types yields

(
C(a)

fa(a)

)σ (N(a)

fa(a)

)1/φ(Nj(a)

N(a)

)1/θ (nij(a)
Nj(a)

)1/η
=MPLij(a). (P)

But the left-hand side is exactly the decentralized inverse labor supply:

wij(a) =

(
C(a)

fa(a)

)σ (N(a)

fa(a)

)1/φ(Nj(a)

N(a)

)1/θ (nij(a)
Nj(a)

)1/η
.

Thus when µij(a) = 1 (so wij(a) = MPLij(a)), the decentralized allocation satisfies the plan-
ner’s FOC (P) for all (i, j, a).

Because the planner’s objective is strictly concave in (C,N) and feasibility is linear in (C,N),
consumption and labor allocations that satisfy the FOCs are unique. Hence the decentralized
allocation coincides with the planner’s allocation when µ = 1.

A.6 Proofs on Market Equilibrium

Lemma A.4 (Ability–specific average inverse markdown). Fix a market j and an ability type a. Let

sij(a) :=
wij(a)nij(a)∑
i′ wi′j(a)ni′j(a)

denote firm i’s wage–bill share for workers of type a, and let the inverse markdown be

µij(a)
−1 :=

MPLij(a)

wij(a)
.
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Define the employment–weighted averages

MPLj(a) :=

∑
iMPLij(a)nij(a)∑

i nij(a)
, W j(a) :=

∑
iwij(a)nij(a)∑

i nij(a)
.

Then the wage–bill–weighted average inverse markdown satisfies

∑
i

sij(a)µij(a)
−1 =

MPLj(a)

W j(a)
= 1 +

1

η
+
(1
θ
− 1

η

)
HHIj(a), (28)

where HHIj(a) :=
∑

i sij(a)
2.

Proof. Step 1: Ratio of averages. Using the definition of sij(a),

∑
i

sij(a)µij(a)
−1 =

∑
i

wij(a)nij(a)∑
i′ wi′j(a)ni′j(a)

· MPLij(a)

wij(a)
=

∑
iMPLij(a)nij(a)∑
i′ wi′j(a)ni′j(a)

=
MPLj(a)

W j(a)
.

Step 2: Closed form under nested CES labor supply. Under the nested–CES structure, the inverse
markdown for type a at firm ij is

µij(a)
−1 = 1 + εij(a)

−1 = 1 +
1

η

[
1− sij(a)

]
+

1

θ
sij(a).

Wage–bill averaging and using
∑

i sij(a) = 1 and HHIj(a) =
∑

i sij(a)
2 gives

∑
i

sij(a)µij(a)
−1 = 1 +

1

η

∑
i

sij(a)
[
1− sij(a)

]
+

1

θ

∑
i

sij(a)
2.

Since
∑

i sij(a)[1− sij(a)] = 1−
∑

i sij(a)
2 = 1−HHIj(a), the expression becomes

1 +
1

η

[
1−HHIj(a)

]
+

1

θ
HHIj(a) = 1 +

1

η
+
(1
θ
− 1

η

)
HHIj(a),

which is the rightmost expression in (28).

Lemma A.5 (Finite–sample decomposition of concentration). Fix a market j and ability a. Let Sj(a)

denote the set of firms that employ type a in market j, let mj(a) := |Sj(a)|, and define the wage–bill share
for ability a at firm i ∈ Sj(a) as

sij(a) =
wij(a)nij(a)∑

i′∈Sj(a)
wi′j(a)ni′j(a)

.

Under CES assignment within the firm nest, nij(a) ∝ wij(a)
η, so sij(a) admits the closed form

sij(a) =
wij(a)

1+η∑
i′∈Sj(a)

wi′j(a) 1+η
.
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Define Xij(a) := wij(a)
1+η, its sample mean

X̄j(a) :=
1

mj(a)

∑
i∈Sj(a)

Xij(a),

and its sample variance (with denominator mj(a))

Vj(a) :=
1

mj(a)

∑
i∈Sj(a)

(
Xij(a)− X̄j(a)

)2
.

Let CVj(a)
2 := Vj(a)/X̄j(a)

2. Then the ability–specific Herfindahl–Hirschman index satisfies

HHIj(a) =
∑

i∈Sj(a)

sij(a)
2 =

1

mj(a)

[
1 + CVj(a)

2
]
.

Proof. Using sij(a) = Xij(a)/
∑

i′ Xi′j(a),

HHIj(a) =

∑
i∈Sj(a)

Xij(a)
2(∑

i∈Sj(a)
Xij(a)

)2 .
Write S :=

∑
iXij(a) = mj(a)X̄j(a). Then

HHIj(a) =

∑
iXij(a)

2

mj(a)2 X̄j(a)2
.

Using the decomposition of the sample second moment,

1

mj(a)

∑
i

Xij(a)
2 = X̄j(a)

2 + Vj(a),

we obtain

HHIj(a) =
X̄j(a)

2 + Vj(a)

mj(a) X̄j(a)2
=

1

mj(a)

(
1 +

Vj(a)

X̄j(a)2

)
=

1

mj(a)

[
1 + CVj(a)

2
]
.

This identity holds exactly for any finite choice set Sj(a).

Lemma A.6 (Equilibrium invariance from ωa = 0 to ρ → 1). Let fa(a) be the exogenous probability
density function of workers type within the local labor market. Let {qij(a)}i,j,a denote the equilibrium
employment assignment under ωa = 0 (i.e. the share of labor market supply that works in firm ij) and let

z̃ij = z 1−ωa
ij

Efa(a)[a
ωa ]

ā
, ā :=

∑
a∈A

a fa(a),

be the renormalized firm productivities under the ρ→ 1 limit. Assume aℓ > (1−α)ā so thatMPLij(a) >
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0 for all employed types.57 Then the same assignment {qij(a)} constitutes a market equilibrium under the
ρ→ 1 technology

yij = z̃ij āij
(
k1−γ
ij hγij

)α
.

Proof. Step 1: Assignment under ωa = 0. When ωa = 0 the marginal product does not depend on
ability a. Denote the common (ability-independent) marginal product factor by

MPL
(0)
ij :=MPLij(a)

∣∣
ωa=0

= zij k
α(1−γ)
ij hγα−1

ij ,

so that the within-type CES numerator for any ability is proportional to
[
µ(sij)MPL

(0)
ij

]η. Hence
the within-type employment share satisfies

qij(a) =

[
µ(sij)MPL

(0)
ij

]η∑
i′
[
µ(si′j)MPL

(0)
i′j

]η .
The right-hand side is independent of a; therefore qij(a) = qij for all abilities. Consequently each
firm hires a representative slice of the ability distribution,

nij(a) = qij fa(a), hij =
∑
a

nij(a) = qij , āij = ā.

Step 2: Marginal product under ρ → 1. In the ρ → 1 limit the marginal product of a type-a
worker at firm (i, j) can be written

MPLij(a) = z̃ij k
α(1−γ)
ij hγα−1

ij [ a− (1− α)āij ],

with z̃ij the renormalized productivity in the lemma. Under the assignment from Step 1 we have
āij = ā for all firms, so the factor [a− (1− α)ā] is common across firms for each given a.

Step 3: CES shares under ρ→ 1. The within-type employment share for ability a becomes

qij(a) =

[
µ(sij(a)) z̃ij k

α(1−γ)
ij hγα−1

ij

]η[
a− (1− α)ā

]η∑
i′
[
µ(si′j(a)) z̃i′j k

α(1−γ)
i′j hγα−1

i′j

]η[
a− (1− α)ā

]η .
The common factor

[
a− (1− α)ā

]η cancels between numerator and denominator, yielding

qij(a) =

[
µ(sij(a)) z̃ij k

α(1−γ)
ij hγα−1

ij

]η∑
i′
[
µ(si′j(a)) z̃i′j k

α(1−γ)
i′j hγα−1

i′j

]η .
This is the same fixed-point system (up to the renormalization z̃ij) solved under ωa = 0. Hence
it admits the same solution qij(a) = qij for all a, which implies identical hij and āij . Since
MPLij(a) > 0 for all employed abilities, the solution is admissible. Therefore the assignment

57If this condition does not hold, the only difference is that worker types with negative marginal product are not
hired under ρ→ 1, whereas they would be hired under ωa = 0.
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{qij(a)} from the ωa = 0 case remains an equilibrium under ρ→ 1.

Proof of Lemma 6: Monotonicity in firm productivity

Fix an ability type a and consider two firms with zi′j > zij . Under the within-market CES struc-
ture,

qij(a) ∝ wij(a)
η,

so qi′j(a) < qij(a) would require wi′j(a) < wij(a) and therefore si′j(a) < sij(a).
Because markdowns are (weakly) decreasing in own wage-bill share,

µi′j(a) ≥ µij(a),

and since the marginal product is (weakly) increasing in firm productivity,

MPLi′j(a) ≥MPLij(a).

The wage equation wij(a) = µij(a)MPLij(a) therefore implies

wi′j(a)

wij(a)
=
µi′j(a)

µij(a)
·
MPLi′j(a)

MPLij(a)
≥ 1,

contradicting wi′j(a) < wij(a).
Thus qi′j(a) ≥ qij(a) whenever zi′j > zij , with strict inequality when eitherMPLij(a) increases

strictly in zij or µij(a) is strictly decreasing. □

Proof of Lemma 7: Positive assortative matching

Let zi′j > zij and define the ability-specific share ratio

R(a) :=
qi′j(a)

qij(a)
.

Under the CES structure,

R(a) =

(
wi′j(a)

wij(a)

) 1+η
η

, wij(a) = µij(a)MPLij(a).

Step 1: Implicit equation for R(a). Combining these expressions gives an implicit equation of
the form

logR(a)− (1 + η) logΨ
(
R(a)

)
= (1 + η)∆(a; zij , zi′j), (29)

where
∆(a; zij , zi′j) = log

(
MPLi′j(a)

MPLij(a)

)
,
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and
Ψ(R) =

µi′j(a, si′j(a,R))

µij(a, sij(a,R))
.

Here si′j(a,R) and sij(a,R) are the wage-bill shares induced by the relative wage vector implied
by R(a).

Step 2: Wage-bill shares as functions of R(a). Index firms in market j by productivity so that

z1j < z2j < · · · < zij < zi′j < · · · < zmjj .

Fix the pair (ij, i′j) of adjacent firms under comparison.
For any firm q, define

xq(a) :=

(
wqj(a)

wij(a)

)1+η

,

so that wage-bill shares satisfy

sqj(a,R) =
xq(a)∑
q′ xq′(a)

.

Firms below ij (q < i). For these firms, wages wqj(a) are unaffected by the comparison between
ij and i′j, hence xq(a) does not depend on R(a). Define

C(a) :=
∑
q<i

xq(a).

The reference firm ij. By construction, xi(a) = 1.
Firms above ij (m > i). For these firms, relative wages scale multiplicatively with the ratio

wi′j(a)

wij(a)
= R(a)

η
1+η ,

and therefore each xm(a) can be written as

xm(a) =

(
wmj(a)

wi′j(a)
·
wi′j(a)

wij(a)

)1+η

= R(a) ym(a),

where

ym(a) :=

(
wmj(a)

wi′j(a)

)1+η

does not depend on R(a). Define the aggregate term

D(a) :=
∑
m>i

ym(a).
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Putting the pieces together,

T (a,R) :=
∑
q

xq(a) = C(a) + 1 +R(a)D(a),

and therefore
sij(a,R) =

1

T (a,R)
, si′j(a,R) =

R(a)

T (a,R)
.

Differentiating,
∂sij
∂R

= − D(a)

T (a,R)2
,

∂si′j
∂R

=
C(a) + 1

T (a,R)2
> 0.

Step 3: Monotonicity of Ψ(R). Because markdowns are decreasing,

µ′(s) ≤ 0.

Applying the chain rule,

Ψ′(R) =
µ′(si′j)

µ(si′j)

∂si′j
∂R

− µ′(sij)

µ(sij)

∂sij
∂R

≤ 0.

Thus the left-hand side of (29),

H(R) = logR− (1 + η) logΨ(R),

is strictly increasing in R.

Step 4: Comparative statics across abilities. Take two abilities a′ > a. Subtracting the implicit
equations (29) for a′ and a gives

H(R(a′))−H(R(a)) = (1 + η)
[
∆(a′; zij , zi′j)−∆(a; zij , zi′j)

]
.

Log-supermodularity and strict monotonicity of MPLij(a) in (a, z) imply

∆(a′; zij , zi′j) > ∆(a; zij , zi′j),

so the right-hand side is strictly positive. Since H is strictly increasing, this yields

R(a′) > R(a).

Step 5: Interpretation. Because R(a) = qi′j(a)/qij(a), the inequality R(a′) > R(a) means higher-
ability workers are relatively more employed in the higher-productivity firm. □

17



Proof of proposition 4

Proposition A.2. Under the same assumptions, the concentration indexHHIj(a) =
∑

i sij(a)
2 is strictly

increasing in ability: for any a′ > a,HHIj(a′) > HHIj(a).Higher-ability workers are therefore employed
in more concentrated segments of the market and face greater firm-level labor market power.

We already characterized the ordering of wages, and the behavior of adjacent wage ratios.
Before establishing Proposition A.2, we first develop a sequence of intermediate results on the
sensitivity of market concentration to these ratios. Then we conclude with the proof.

Lemma A.7 (Head–tail inequality). Let {ri}N−1
i=1 be positive numbers with ri ≥ 1, and define the se-

quence

x1 := 1, xi :=
i−1∏
m=1

rm (i = 2, . . . , N).

Then x1 ≤ x2 ≤ · · · ≤ xN .
Fix k ∈ {1, . . . , N − 1} and set t := rk. For each j > k, write

xj(t) = t yj ,

where yj := xj(t)/t is independent of t.
Define the “head” and “tail” index sets

H := {1, . . . , k}, T := {k + 1, . . . , N},

and the corresponding aggregates

H1 :=
∑
i∈H

xi, T1 :=
∑
j∈T

yj , A0 :=
∑
i∈H

x2i , B0 :=
∑
j∈T

y2j .

Then
A0

H1
≤ t ≤ B0

T1
.

Proof. Because each ri ≥ 1, the sequence {xi} is nondecreasing:

x1 ≤ x2 ≤ · · · ≤ xk = t ≤ xk+1 ≤ · · · ≤ xN .

Lower bound. For all i ≤ k, xi ≤ t. Hence

A0 =
∑
i∈H

x2i ≤ t
∑
i∈H

xi = tH1,

which gives
A0

H1
≤ t.
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Upper bound. For j > k we have xj = t yj with t ≥ 1 and xj ≥ xk = t. Thus

yj =
xj
t

≥ t.

Therefore
B0 =

∑
j∈T

y2j ≥ t
∑
j∈T

yj = t T1,

which yields

t ≤ B0

T1
.

Combining the two inequalities proves the claim.

Lemma A.8 (HHI monotonicity in each adjacent ratio). Fix a market j and ability type a. Let firms be
indexed so that w1j(a) ≤ · · · ≤ wNjj(a) and let

ri,i+1,j(a) :=
wi+1,j(a)

wij(a)
≥ 1 (i = 1, . . . , Nj − 1)

denote the adjacent wage ratios.
Construct the synthetic size sequence

x1j(a) := 1, xij(a) :=
i−1∏
m=1

rm,m+1,j(a) (i ≥ 2),

so that the wage-bill shares satisfy

sij(a) =
xij(a)∑
i′ xi′j(a)

.

Define the Herfindahl–Hirschman index of wage-bill concentration as

HHIj(a) =

Nj∑
i=1

sij(a)
2 =

∑Nj

i=1 xij(a)
2(∑Nj

i=1 xij(a)
)2 =: H

(
r1,2,j(a), . . . , rNj−1,Nj ,j(a)

)
.

Fix a particular adjacent ratio rk,k+1,j(a) ≥ 1 and treat all other ratios as constants. Then

∂H

∂rk,k+1,j(a)
≥ 0,

with strict inequality whenever the inequalities in Lemma A.7 are strict.

Proof. Fix k and set
t := rk,k+1,j(a).

By Lemma A.7, the synthetic sequence {xij(a)} can be decomposed as follows:
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- For i ≤ k (the “head”), xij(a) is independent of t. - For i > k (the “tail”),

xij(a) = t yij(a),

where yij(a) is independent of t.
Define the corresponding aggregates

H1(a) =
∑
i≤k

xij(a), T1(a) =
∑
i>k

yij(a),

A0(a) =
∑
i≤k

xij(a)
2, B0(a) =

∑
i>k

yij(a)
2.

Using

HHIj(a) =
A0(a) + t2B0(a)(
H1(a) + tT1(a)

)2 ,
let

H(t) :=
A0 + t2B0

(H1 + tT1)2
.

Differentiation yields

H ′(t) =
2
(
tH1B0 − T1A0

)
(H1 + tT1)3

.

Lemma A.7 establishes the bounds

A0

H1
≤ t ≤ B0

T1
.

Multiplying these inequalities by H1T1 gives

tH1B0 − T1A0 ≥ A0T1(t− 1) ≥ 0 for all t ≥ 1.

Hence H ′(t) ≥ 0, with strict inequality whenever at least one of the inequalities in Lemma A.7
is strict. Therefore

∂H

∂rk,k+1,j(a)
= H ′(t) ≥ 0.

Lemma A.9 (HHI monotonicity under adjacent-ratio monotonicity, discrete types). Let A be a finite
or countable subset of R endowed with the usual order. For each a ∈ A, index firms in market j so that

w1j(a) ≤ · · · ≤ wNj(a),
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and define the adjacent wage ratios

ri,i+1(a) :=

(
wi+1,j(a)

wij(a)

)1+η

≥ 1, i = 1, . . . , N − 1.

Construct the normalized wage sequence

x1j(a) := 1, xij(a) :=
i−1∏
m=1

rm,m+1(a) (i ≥ 2),

so that the wage-bill shares satisfy

sij(a) =
xij(a)∑N

i′=1 xi′j(a)
.

The Herfindahl–Hirschman index of wage-bill concentration is therefore

HHIj(a) =

N∑
i=1

sij(a)
2 =

∑N
i=1 xij(a)

2(∑N
i=1 xi′j(a)

)2 =: H
(
r1(a), . . . , rN−1(a)

)
,

where rk(a) := rk,k+1(a).
Assume:

(i) For each k, the map a 7→ rk(a) is (weakly) increasing: if a′ > a then rk(a′) ≥ rk(a).

(ii) On the domain {rk ≥ 1}, the function H is (weakly) increasing in each coordinate, i.e. ∂H/∂rk ≥ 0

for all k.

Then HHIj(a) is (weakly) increasing in a.
Moreover, if there exists a subset A0 ⊆ A of positive counting measure such that, for each a ∈ A0, there

exist a′ > a and an index k with

rk(a
′) > rk(a) and

∂H

∂rk

(
r1(a

′), . . . , rN−1(a
′)
)
> 0,

then HHIj(a) is strictly increasing on A0 (i.e. HHIj(a′) > HHIj(a) for the corresponding pairs).

Proof. Fix a, a′ ∈ A with a′ > a. Assumption (i) gives

rk(a
′) ≥ rk(a) for all k = 1, . . . , N − 1.

Let
r(a) := (r1(a), . . . , rN−1(a)), r(a′) := (r1(a

′), . . . , rN−1(a
′)).

To compare H(r(a′)) and H(r(a)), introduce the sequence of intermediate vectors

r(j) := (r1(a
′), . . . , rj(a

′), rj+1(a), . . . , rN−1(a)), j = 0, . . . , N − 1,

21



so that r(0) = r(a) and r(N−1) = r(a′).
At each step j → j+1 only the (j+1)-th coordinate increases (weakly), while all others remain

unchanged. By assumption (ii), H is weakly increasing in each coordinate, so

H(r(j+1)) ≥ H(r(j)) for j = 0, . . . , N − 2.

Chaining these inequalities yields

HHIj(a
′) = H(r(N−1)) ≥ H(r(0)) = HHIj(a),

establishing weak monotonicity.
For strict monotonicity, fix a ∈ A0 and the corresponding a′ > a and index k. Then

rk(a
′) > rk(a),

∂H

∂rk

(
r(a′)

)
> 0.

Holding all other ratios at their (weakly larger) values in r(a′), increasing the k-th coordinate from
rk(a) to rk(a′) strictly raises H . Thus

HHIj(a
′) = H(r(a′)) > H(r(a)) = HHIj(a),

proving strict monotonicity on A0.

Conclusion of Proof. For any a′ > a, HHIj(a′) > HHIj(a):

Proof. Lemma 6 establishes that employment shares preserve the productivity ordering of firms.
Lemma 7 shows that adjacent ratios R(a) are strictly increasing in ability under log-supermodularity.
Lemma A.8 proves that HHI is (weakly) increasing in each adjacent ratio, and lemma A.9 there-
fore implies that

HHIj(a
′) > HHIj(a) for all a′ > a.

Thus higher-ability workers are allocated to more concentrated segments of the market.

Proof of Lemma 8

Lemma A.10. If the equilibrium marginal product of labor MPLij(a) is log-supermodular in (a, zij),
then:

i) realized productivity Egij(a)

[
ϕ(a, zij)

]
is weakly increasing in firm productivity zij , and

ii) the screening threshold ãij , defined as the minimum worker ability among employees, is weakly in-
creasing in zij .
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Proof of part (i). Let abilities a ∈ A be countable and ordered in the usual way. Consider two
firms in the same market j with productivities zij and zi′j such that

zi′j > zij .

Let gij(a) and gi′j(a) denote their within-firm employment distributions over abilities:

gij(a) :=
nij(a)

hij
, gi′j(a) :=

ni′j(a)

hi′j
.

Step 1: Higher-z firms employ stochastically higher-ability workers. Log-supermodularity
ofMPLij(a) in (a, zij) implies positive assortative matching between worker ability and firm pro-
ductivity by Lemma 7. In particular, for zi′j > zij , the ability distribution at the more productive
firm, gi′j(a), first-order stochastically dominates that at the less productive firm, gij(a):∑

a′≥ā

gi′j(a
′) ≥

∑
a′≥ā

gij(a
′) for all thresholds ā ∈ A. (30)

Intuitively, the high-z firm puts relatively more mass on higher abilities.58

Step 2: Realized productivity is increasing in zij . Realized firm productivity is

Egij(a)

[
ϕ(a, zij)

]
=
∑
a∈A

ϕ(a, zij) gij(a),

and analogously for firm (i′, j). Consider the difference in realized productivity:

∆ := Egi′j(a)

[
ϕ(a, zi′j)

]
− Egij(a)

[
ϕ(a, zij)

]
.

Add and subtract Egi′j(a)
[ϕ(a, zij)]:

∆ =
(
Egi′j(a)

[ϕ(a, zi′j)]− Egi′j(a)
[ϕ(a, zij)]

)
︸ ︷︷ ︸

direct z-effect (same g)

+
(
Egi′j(a)

[ϕ(a, zij)]− Egij(a)[ϕ(a, zij)]
)

︸ ︷︷ ︸
composition effect (same z)

.

Direct z-effect. For any fixed ability a, ϕ(a, z) is (weakly) increasing in z, so zi′j > zij implies
ϕ(a, zi′j) ≥ ϕ(a, zij) for all a. Thus

Egi′j(a)
[ϕ(a, zi′j)]− Egi′j(a)

[ϕ(a, zij)] =
∑
a

(
ϕ(a, zi′j)− ϕ(a, zij)

)
gi′j(a) ≥ 0.

Composition effect. Fix zij and note that ϕ(a, zij) is (weakly) increasing in ability a. By (30),
gi′j(·) first-order stochastically dominates gij(·), so the expectation of any increasing function of a

58Formally, Lemma 7 establishes adjacent-ratio monotonicity of employment shares under log-supermodularity of
MPLij(a). In the discrete case this is equivalent to a monotone likelihood-ratio ordering of gi′j relative to gij , which
in turn implies first-order stochastic dominance.
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is higher under gi′j than under gij . In particular,

Egi′j(a)
[ϕ(a, zij)]− Egij(a)[ϕ(a, zij)] =

∑
a

ϕ(a, zij) [gi′j(a)− gij(a)] ≥ 0.

Combining the two terms, we obtain ∆ ≥ 0, so realized productivity Egij(a)[ϕ(a, zij)] is weakly
increasing in firm productivity zij .

Proof of part (ii). Fix a market j and consider two firms (i, j) and (i′, j) with zi′j > zij . As
above, let gij(a) and gi′j(a) denote their within-firm ability distributions over the ordered support
A. Define the screening threshold for each firm as

ãij := min{a ∈ A : gij(a) > 0}, ãi′j := min{a ∈ A : gi′j(a) > 0}.

From Lemma 7 and the log-supermodularity ofMPLij(a), the higher-productivity firm has an
ability distribution that first-order stochastically dominates that of the lower-productivity firm:

gi′j(·) ⪰FOSD gij(·).

Writing the cumulative distributions as

Gij(a) :=
∑
a′≤a

gij(a
′), Gi′j(a) :=

∑
a′≤a

gi′j(a
′),

FOSD means
Gi′j(a) ≤ Gij(a) for all a ∈ A.

Suppose, toward a contradiction, that the screening thresholds are ordered in the opposite
way:

ãi′j < ãij .

By definition of the thresholds,

gi′j(ãi′j) > 0, gij(a) = 0 for all a ≤ ãi′j .

Hence the cumulative distributions satisfy

Gi′j(ãi′j) =
∑

a′≤ãi′j

gi′j(a
′) ≥ gi′j(ãi′j) > 0,

while
Gij(ãi′j) =

∑
a′≤ãi′j

gij(a
′) = 0.

This contradicts the FOSD condition Gi′j(a) ≤ Gij(a) for all a.
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Therefore the assumption must be false, and we conclude

ãi′j ≥ ãij ,

i.e. the screening threshold is weakly increasing in firm productivity zij . □

Proof of Lemma 9

Lemma A.11 (Recovering the wage wedge from cost shares). Let firm ij produce output yij,t with
labor headcount hij,t and a flexible input xij,t. Let αl,ij and αm,ij denote the output elasticities of yij,t with
respect to hij,t and xij,t, respectively. As in the model of Section 3, suppose that the marginal product of a
worker of type a can be written as

MPLij,t(a) =
∂yij,t

∂nij,t(a)
=
∂yij,t
∂hij,t

ψij,t(a),

where ψij,t(a) captures heterogeneous marginal products across worker types. If the firm cost-minimizes
and the input xij,t has a marginal price px, then the firm-level wedge ψ̃ij,t satisfies

1

ψ̃ij,t

=
pxxij,t
wij,t hij,t

αl,ij

αm,ij
, (31)

so that ψ̃ij,t is pinned down by the ratio of the material bill to the wage bill and the ratio of output elasticities.

Proof of Lemma 9 (countable ability types). Fix firm ij and period t; for notational compactness I drop
the subscripts (i, j, t) where there is no risk of confusion. Let the set of worker types be countable,
a ∈ A = {a1, a2, . . . }. The firm produces output y using total headcount h =

∑
a∈A n(a) (where

n(a) is employment of type a) and a flexible input x. The firm takes as given the marginal price
px of x and the type-specific wages w(a), and chooses {n(a)}a∈A, x to produce a target output Q
at minimum variable cost. The cost minimization problem is

min
{n(a)}, x

pxx+
∑
a∈A

w(a)n(a) s.t. y
(
h =

∑
a∈A

n(a), x
)
≥ Q.

Form the Lagrangian with multiplier λ > 0:

L = pxx+
∑
a∈A

w(a)n(a) + λ
(
Q− y(h, x)

)
.

The first-order conditions are, for the flexible input x,

∂L
∂x

= 0 =⇒ px = λ
∂y

∂x
, (32)
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and, for each worker type a ∈ A,

∂L
∂n(a)

= 0 =⇒ w(a) = λ
∂y

∂n(a)
. (33)

By assumption the marginal product of a worker of type a can be written

∂y

∂n(a)
=
∂y

∂h
ψ(a),

where ψ(a) captures the cross-type heterogeneity in marginal products. Multiply (33) by n(a) and
sum over a ∈ A to obtain an expression for the wage bill:

∑
a∈A

w(a)n(a) = λ
∂y

∂h

∑
a∈A

ψ(a)n(a).

Define the average wage w and the average wedge ψ̃ by

w =
1

h

∑
a∈A

w(a)n(a), ψ̃ =
1

h

∑
a∈A

ψ(a)n(a).

Using these definitions the previous display becomes

w h = λ
∂y

∂h
h ψ̃ =⇒ ∂y

∂h
=

w

λ ψ̃
. (34)

Combine (32) and (34) to express the two marginal products in terms of λ and ψ̃:

∂y

∂x
=

px
λ
,

∂y

∂h
=

w

λ ψ̃
.

Now use the definitions of the output elasticities

αm =
∂y

∂x

x

y
, αl =

∂y

∂h

h

y
.

Substitute the expressions for the marginal products above to obtain

αm =
px
λ

x

y
, αl =

w

λ ψ̃

h

y
.

Take the ratio αl/αm:

αl

αm
=

w

λ ψ̃

h

y
px
λ

x

y

=
w h

px x
· 1
ψ̃
.
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Rearranging yields the stated identity

1

ψ̃
=

pxx

w h

αl

αm
,

which is equation (21) in the text. This completes the proof.

B Data

B.1 Italian INPS microdata: structure and preparation

B.1.1 Data sources and coverage

The primary microdata source for the empirical analysis is the administrative worker–firm panel
extracted from the archives of the Istituto Nazionale della Previdenza Sociale (INPS) and accessed
under the VisitINPS Scholars program. The VisitINPS panel covers private-sector dependent em-
ployment from 1983 through 2024 and contains, for each administrative spell, (i) a harmonized
employer identifier, (ii) contract start and end dates, (iii) weeks of contribution, (iv) gross taxable
earnings (regular and excess/top-up components), (v) contract type and qualification codes, and
(vi) municipality-level location for employer and employee. Worker demographics (year of birth,
sex, citizenship) and mortality outcomes are taken from the INPS anagraphic registry and merged
onto spells. Commuting-zone identifiers are imputed via the official crosswalk.

B.1.2 Overview of the cleaning pipeline

Data processing follows a multi-stage pipeline: (1) year-by-year ingestion and harmonization of
annual spell files, (2) standardization of identifier and string variables, (3) construction of per-
son–spell and firm-year aggregates, (4) definition of a consistent firm unit (location–commodity
sector) for analysis, and (5) computation and deflation of pay measures.

B.1.3 Key steps and choices

• Spell to annual panel. The raw data arrive in spell format. I transform spells into an annual
panel by assigning each worker to the single job (spell) in a calendar year with the highest
annual earnings; this constitutes the worker’s main episode for the year. This choice reduces
ambiguity when multiple spells occur in the same year and is consistent with established
practice in the literature.

• Full-time restriction. To minimize bias from unobserved hours, I restrict the core sample to
full-time employment spells and to workers aged 20–65. Part-time and marginal employ-
ment cases are excluded.

• Wage construction and deflation. Annual nominal compensation for each spell is con-
structed as the sum of taxable wages, bonuses, and reported imputed earnings for figurative
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events (e.g., short-time work or sickness). All nominal values are deflated to 2022 euros
using an internal CPI series.

• Firm unit. The analysis defines the empirical firm as the location–commodity sector unit (lo-
cation–commodity sector identifier). When merging enterprise-level financials (CERVED),
an enterprise is assigned to the location–commodity sector with the largest cumulative em-
ployment, as described in Appendix B.3.

• Occupation and qualification harmonization. Qualification codes are grouped into a com-
pact set of labor categories (manual workers, white-collar staff, managers, apprentices, and
special categories). Observations falling in excluded categories (e.g., aviation-specific quali-
fications, managers where not part of the sample) are dropped as described below.

B.1.4 Sample exclusions and final panel

The core empirical sample retains private-sector, full-time, dependent employees aged 20–65 em-
ployed by private, for-profit entities (corporations, partnerships, profit-oriented cooperatives, and
sole proprietorships). I exclude public-sector employers, non-profit organizations, religious/educational
institutions, managers (see note below), apprentices, and specialized categories (e.g., aviation).
Observations with implausibly low weekly wages (below €50) are dropped. Firm-level employ-
ment is measured as the headcount of selected job spells in each year.

B.2 ISCO occupation and education extract

B.2.1 Data description

A separate extract of occupation and education information is available from the INPS archives
and coded to the International Standard Classification of Occupations (ISCO). Employers are re-
quired to report ISCO codes at contract initiation or when contracts are modified; starting from
2010. Thus anything that uses occupation and education variables is based on the movers subsam-
ple. ISCO data are available at the spell level, and thus merge to the INPS microdata accordingly.

B.3 Italian CERVED balance-sheet data

B.3.1 Data description

Firm-level financial information is drawn from the CERVED database, which reports annual balance-
sheet variables for the universe of incorporated Italian businesses (1996–2018). Key variables used
in the analysis include total assets, revenue, value added, wage bill, legal form, year of founda-
tion, and firm status indicators (active, suspended, closed). CERVED reports at the enterprise
level (id impresa), whereas the labor data use location–commodity sector identifiers (id azienda).

28



B.3.2 Matching enterprises to location–commodity sectors

Because CERVED is at the enterprise level, I assign each enterprise to a single location–commodity
sector (id azienda) by selecting the id azienda with the highest cumulative employment across
years for that enterprise. This assignment produces a unique mapping from id impresa to id azienda
and thereby assigns enterprise financials to the local labor market unit employed in the analysis.
Firm financials are therefore matched using year and firm ID to the INPS matched employer em-
ployee microdata.

B.3.3 Constructing firm-level variables

After assigning each enterprise to its predominant id azienda, I construct:

• Wage bill and employment. Aggregated from the INPS annual panel at the id impresa
level (summing individual wages and weeks worked), then converted to yearly wage bills
and employment headcounts.

• Value added and capital. Value added is taken directly from CERVED; capital stock is prox-
ied as the sum of tangible and intangible fixed assets reported on the balance sheet.

• Firm Intermediates. Intermediate input expenditures are constructed from the accounting
identity: value added equals revenues minus intermediate inputs.

B.4 Sample restrictions (summary)

The baseline sample satisfies the following restrictions:

1. private-sector dependent employment only (excludes self-employed, public employees, agri-
cultural workers, contractors);

2. age 20–65 and full-time employment spells only;

3. exclusion of managers, apprentices, and special categories from the baseline (retained in
robustness checks);

4. weekly/annual wages above €50 and below imposed lower bounds; and

5. firms restricted to private, for-profit legal forms for the main analysis.

Limitations

• ISCO coverage: occupation and education data are most complete for movers and for the
post-2010 period; analyses relying heavily on ISCO variables therefore focus on movers or
later subperiods.
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• Enterprise-to-location assignment: assigning an enterprise to a single location–commodity
sector simplifies linkage with CERVED but may obscure multi-site enterprises with hetero-
geneous local operations.

• Hours unobserved: restricting to full-time jobs mitigates, but does not eliminate, the absence
of direct hours measures.

B.5 AKM estimation and construction of worker and firm types

This section describes how I recover empirical proxies for the latent worker and firm types, a and
z, that appear in the model. Because these objects are not directly observable in administrative
data, I rely on a two-way fixed-effects wage decomposition in the spirit of Abowd et al. (1999),
Card, Heining, et al. (2013), Song et al. (2019), and Bonhomme et al. (2022). The resulting worker
and firm pay components serve as indirect-inference measures of underlying heterogeneity, and I
show that their within–local-labor-market rankings closely track the corresponding rankings of
the structural types a and z at the baseline calibration.

Residualizing wages. I begin by removing systematic wage variation that reflects observable
characteristics rather than persistent heterogeneity. Let logwa,ij,t denote the log real wage of
worker a in firm ij and year t. I residualize logwa,ij,t by projecting it onto year and profession
(white- vs. blue-collar) fixed effects, gender, foreign status, two-digit sector fixed effects, and a
flexible polynomial in age and experience fully interacted with both profession and sector. This
allows for highly flexible life-cycle and sector-specific earnings profiles and ensures that the re-
maining variation reflects persistent worker and firm components rather than systematic compo-
sitional differences. Let w̃a,ij,t denote the residual from this regression.

Clustering firms into latent pay types. Directly estimating a firm fixed effect ψij for every em-
ployer is problematic in Italian INPS data because worker mobility is limited and many firms
contribute few mobility links. To address this, I follow Bonhomme et al. (2022) and discretize em-
ployers into a finite number of latent “firm types” before estimating the AKM model. For each
firm ij, I compute the 10th, 50th, and 90th percentiles of the distribution of w̃a,ij,t for all workers
employed at ij over the analysis window. These statistics are standardized and subjected to a K-
means clustering algorithm (with K = 50). Each employer ij is then mapped to a latent firm-type
index g(ij) ∈ {1, . . . ,K}. The firm-cluster pay premium serves as the empirical indirect proxy of
the model’s productivity or pay-type zij .

Two-way fixed-effects estimation on firm clusters. Given the residualized log wages and the
discretized employer labels, I estimate the additive wage model

logwa,ij,t = αa + ψ g(J(a,t)) + x′atβ + ϵa,ij,t, (35)
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where αa is a worker-specific component and ψ g(J(a,t)) is a firm-type premium associated with
the cluster g(J(a, t)). Here J(a, t) denotes the employer of worker a in year t. The covariate
vector xat matches the one used in the residualization step, ensuring consistency between the two
stages. Estimation proceeds via high-dimensional fixed effects regression, absorbing both worker
identifiers and firm-type identifiers.

Interpretation. The estimated worker effects α̂a provide a non-parametric measure of persistent
worker heterogeneity and serve as empirical proxies for the structural worker types a. Similarly,
the firm-type premia ψ̂k summarize systematic pay differences across latent firm clusters and ap-
proximate the model’s firm heterogeneity zij . Although the AKM specification in (35) is a lin-
earized representation of the richer wage-setting environment in the model, it offers a tractable
way to recover stable worker and firm components that correspond closely to the structural types.

To illustrate this correspondence, Figures B.1a and B.1b report the distribution of AKM-based
decile assignments conditional on the true structural deciles in a simulated synthetic panel from
the model (details on how the simulation is performed are available in later sections). For each
structural type decile, I compute the share of individuals (or firms) placed into each AKM decile.
The mass of these distributions lies heavily along the 45-degree diagonal: workers and firms in
a given structural decile are most likely to be classified into the same AKM decile. When mis-
classification occurs, it is almost entirely to adjacent deciles, indicating that the AKM procedure
provides a valid indirect proxy for the ranking of types within a local labor market. The alignment
is sharper for workers than for firms.

This strong diagonal structure supports the interpretation of α̂a and ψ̂k as valid indirect-inference
proxies for the latent worker and firm types (a, zij) used throughout the empirical analysis.
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(a) Workers (b) Firms

Figure B.1: Alignment between structural deciles and AKM deciles in simulated data. Each
panel reports, for a given structural type decile, the distribution of AKM decile assignments:
darker shading indicates a lower share of observations placed in that AKM decile. The mass
lies predominantly along the diagonal, indicating strong rank preservation. Misclassification oc-
curs almost exclusively into adjacent deciles, and the mapping is more precise for workers than
for firms.

B.6 Production Function Estimation and Revenue Productivity

This section describes how I estimate firm-level revenue productivity using the merged INPS–
CERVED panel for Italy. The objective is to recover a measure of (revenue-based) total factor
productivity, ωijt, that is consistent with the model’s firm heterogeneity. These estimates are also
used to calibrate the model parameters α and γ (the decreasing-returns parameter and output
elasticities in production).

B.6.1 Sample and variable definition

The estimation sample is the merged INPS–CERVED firm-year panel for the period 2014–2018
(year group 5), restricted to private, for-profit firms as described in Appendix B.3. For each firm i

in local labor market j and year t, I construct:

• Value added: V Aijt, defined from CERVED balance sheets as revenues minus intermediate
inputs (materials and services). The dependent variable in the production function is log
value added,

yijt ≡ log(V Aijt).

• Capital: Kijt, measured as the sum of tangible and intangible fixed assets; I use logKijt as
the capital input.
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• Labor: Lijt, measured as the firm’s headcount derived from the INPS employment panel;
the corresponding regressor is logLijt.

• Intermediate inputs: Mijt, proxied by material expenditures. This input is used as a proxy
for unobserved productivity in the control-function estimation, but does not enter the final
value-added specification directly.

To limit the influence of outliers in balance-sheet and employment data, I winsorize log value
added, log capital, log employment, log materials, and the log wage bill symmetrically at the
5th and 95th percentiles. Observations with missing values after winsorization are dropped. The
resulting sample contains about 1.1 million firm-year observations for the 2014–2018 window.

Firms are assigned to sectors using the three-digit ATECO industry code. I estimate separate
production functions by three-digit sector, retaining only sectors with at least 200 observations.
Sector-specific year fixed effects are included to absorb sector–year-specific price levels and com-
mon shocks.

B.6.2 Empirical specification and identification

Within each three-digit sector s, I estimate a Cobb–Douglas value-added production function of
the form

yijt = βℓs logLijt + βks logKijt + δ
(s)
t + ωijt + εijt, (36)

where δ(s)t are sector-specific year fixed effects, ωijt is (log) firm revenue productivity, and εijt is an
idiosyncratic error. The coefficients βℓs and βks are sector-specific output elasticities with respect
to labor and capital.

Input choices (Lijt,Kijt,Mijt) are potentially correlated with ωijt. I address this using the
control-function approach of Levinsohn and Petrin (2003) with the identification refinements of
Ackerberg et al. (2015). The key assumptions are that (i) intermediate inputs respond monoton-
ically to productivity, conditional on capital, and (ii) productivity follows a first-order Markov
process. Intermediate materials then serve as a proxy: conditional on Kijt, the demand for Mijt

can be inverted to recover ωijt up to a nonparametric transformation. In practice, this control
function is approximated by a low-order polynomial in logKijt and logMijt.

Labor is treated as a freely adjustable input, capital as a predetermined state variable, and
intermediate inputs as the proxy for productivity. The ACF moment conditions use the Markov
structure of ωijt and lagged inputs to disentangle the contemporaneous correlation between inputs
and productivity. Estimation is carried out separately in each sector s, and sectors with very small
samples are excluded to avoid poorly identified parameters.
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B.6.3 Elasticities and productivity residuals

For each sector s, I recover the estimated elasticities β̂ℓs and β̂ks and the sector-specific year fixed
effects δ̂(s)t . The fitted value from (36) is

ŷijt = β̂ℓs logLijt + β̂ks logKijt + δ̂
(s)
t ,

and I define the firm’s log revenue productivity as the residual

ω̂ijt = yijt − ŷijt. (37)

By construction, ω̂ijt is orthogonal to observed inputs and sector–year effects, and captures firm-
level deviations in value added not explained by measured factor inputs.

Across all sectors in the 2014–2018 window, the employment-weighted mean of the estimated
labor elasticity β̂ℓs is approximately 0.73, while the mean capital elasticity β̂ks is around 0.10. The
distribution of ω̂ijt exhibits substantial dispersion (standard deviation ≈ 0.64), indicating sizeable
heterogeneity in firm revenue productivity even within narrowly defined industries.

These residual productivity measures ω̂ijt constitute the main firm-level outcome used in the
Italian production and event-study analyses (e.g., Fact 4 in the main text). They provide an empir-
ically grounded proxy for the model’s firm productivity component zij , and are used to discipline
the calibration of the production parameters (α, γ).

B.7 Additional descriptive statistics (period 2014–2019)

This subsection reports detailed tabulations for the baseline period 2014–2019. The tables summa-
rize contract types, working-time status, qualification categories, reasons for termination, weekly
wage distribution, legal-form composition (and the subset retained for-profit), firm-age distri-
bution, coverage of AKM fixed-effect measures, wage dispersion and variance decompositions,
employment-size distributions, and selected AKM fixed-effect percentiles. All tabulations are pro-
duced by the project’s descriptive-stat routines; underlying logs are available for inspection.

Employment contract, working-time status, and qualification (2014–2019). This table reports
the distribution of contract types, working-time status, and broad qualification categories for
2014–2019. The workforce in the main-episode sample is overwhelmingly full-time; permanent
contracts account for roughly 76.4% of observations while fixed-term contracts account for the re-
maining 23.6%. Manual workers comprise the largest qualification group (about 58.5%), followed
by white-collar employees (36.2%) and managers (5.4%).
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Table B.1: Contract type, working-time status and qualification (2014–2019)

Variable / category Freq. Percent

Contract type
Permanent 53,761,295 76.43%
Fixed-term 16,580,977 23.57%

Working-time status
Full time 70,342,272 100.00%

Qualification / occupational category
Manual workers 41,118,037 58.45%
White-collar staff 25,452,797 36.18%
Managers & quadro 3,771,438 5.36%

Notes: Tabulations are on the cleaned annual panel for 2014–2019. Contract-type and working-time categories
refer to the main-episode job selected per worker-year. Source: descriptive-stat logs.

Weekly wage distribution (2014–2019). Table B.2 summarizes the distribution of real weekly
wages over 2014–2019 (deflated to 2022 euros). The median weekly wage is approximately 438,
and the mean is 531, indicating a moderately right-skewed wage distribution.

Table B.2: Weekly wage: mean and median (2014–2019)

Statistic Value

Observations 64,657,422
Mean (weekly wage, ) 531.30
Median (weekly wage, ) 437.83

Notes: Summary statistics computed on main-episode worker–year observations. Real wages deflated to 2022
euros.

Legal form (enterprise) and retained for-profit sample. This table reports enterprise legal-form
frequencies from the CERVED-INPS linkage and documents the subset retained for the baseline
(private, for-profit entities). Corporations are the dominant legal form (73.4% of observations),
and applying the for-profit filter removes roughly 4.26 million enterprise observations from the
raw enterprise panel.
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Table B.3: Legal forms (grouped) and sample selection

Grouped legal form Freq. Percent (of full sample)

Corporations 41,950,440 73.35%
Partnerships 3,725,053 6.51%
Cooperatives (for-profit) 3,883,923 6.79%
Sole proprietorships / family 3,391,917 5.93%
Other / public / non-profit 4,345,678 7.42%

Kept (private, for-profit forms) (after filter) See note

Notes: The table reports the full-sample legal-form frequencies (total obs = 57,196,011). In the baseline sam-
ple we keep observations with legal form in the for-profit categories (corporations, partnerships, for-profit
cooperatives and relevant sole proprietorships); the selection removed 4,259,282 observations from the raw
enterprise panel. Source: CERVED linking and selection logs.

Firm age (2014–2019). Table B.4 reports the distribution of firm age in the matched INPS–CERVED
panel. The median firm is 16 years old, and the mean is approximately 18.9 years, reflecting sub-
stantial heterogeneity in firm longevity within the private, for-profit sector.

Table B.4: Firm age: mean and median (years)

Statistic Value

Observations (firm-years) 52,951,333
Mean firm age 18.86
Median firm age 16

Notes: Statistics computed on firm-year observations after restricting to private, for-profit enterprises. Firms
are weighted by headcounts.

Wage dispersion and variance decomposition (2014–2019). Table B.5 reports three complemen-
tary variance decompositions for the 2014–2019 period. Using residualized wages that control
for age, tenure, education and year effects, the within- and between-firm components are 0.0844
and 0.0612 (total 0.1456). When additionally controlling for occupation fixed effects (Mincer–
occupation residual), defining the firm as occupation-firm, the within component falls to 0.0709
while the between component rises to 0.0974. For raw log wages, the between-firm component is
much larger (0.137), accounting for most of the total variance (0.231).

36



Table B.5: Wage dispersion and variance decomposition (2014–2019)

Measure Within Between Total

Residualized (Mincer residual) 0.0843606 0.0612299 0.1455903
Residualized (Mincer–occupation residual) 0.0709282 0.0974218 0.1683483
Raw log wage decomposition 0.0941585 0.1369044 0.2310629

Notes: “Mincer residual” controls for a polynomial in age and tenure interacted with education and year fixed
effects. “Mincer–occupation residual” additionally absorbs occupation fixed effects. The decompositions are
implemented by computing within- and between-firm squared deviations and averaging them within the
2014–2019 period. For the occupation resisidualized measure, the firm is intended as occupation-firm.

Employment size (firm and occupation–firm) and residualization. Table B.6 reports employ-
ment levels at the firm and occupation–firm cell. Firm-level employment is the headcount associ-
ated with the main job spell selected for each worker–year, with median firms employing 2 work-
ers and a mean of roughly 9, reflecting a highly skewed size distribution. Occupation–firm cells are
mechanically smaller (median = 1, mean 3.2), as they capture employment within occupation-by-
firm units used in the occupation–firm classification. Residualized log employment is constructed
by regressing log employment on a flexible polynomial in firm age while absorbing year and de-
tailed sector fixed effects (including sector-specific age profiles), and taking the resulting residuals
as the size-adjusted measure.

Table B.6: Employment distribution and dispersion (2014–2019)

Firm-level employment Occupation–firm employment

Median employment 2 1
Mean employment 8.98 3.22
SD(log employment) 1.118 0.799
SD(log employment residual) 1.034 0.776
SD(employment level) 131.31 25.96
Observations 5,566,246 11,814,983

Notes: Firm-level employment is measured as headcounts from the main job spell per worker–year.
Occupation–firm employment refers to counts within occupation-by-firm units used in the occupation–firm
AKM specification. Residualized log employment is obtained by projecting log employment on a flexible
polynomial in firm age, absorbing year and detailed sector fixed effects.

Covariance structure of AKM fixed effects (2014–2019). Table B.7 reports the variances of worker
and firm fixed effects and their covariance, for both the firm-level AKM specification (WFE2–FFE2)
and the occupation–firm AKM specification (WFE4–FFE4). The variances reflect the dispersion
in underlying worker and firm premia, while the covariance captures the degree of assortative
matching between workers and firms induced by the AKM estimates.
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Table B.7: Variance and covariance of AKM worker and firm fixed effects (2014–2019)

Var(WFE) Var(FFE) Cov(WFE, FFE)

Firm-level AKM (WFE2, FFE2) 0.093231 0.029576 0.013840
Occ–firm AKM (WFE4, FFE4) 0.089517 0.045125 0.012010

Notes: Variances and covariances computed using the final sample weighted by number of workers.
WFE2/FFE2 correspond to worker/firm fixed effects estimated at the firm level; WFE4/FFE4 correspond
to worker/firm fixed effects estimated at the occupation–firm level.

Occupation structure by qualification (2014–2019). Table B.8 reports the main occupational ag-
gregates in the 2014–2019 INPS panel, split by qualification class (manual/blue-collar vs. white-
collar). Several fragmented occupation codes in the raw data—notably “Technical professions,”
“Qualified professions” and “Elementary occupations”—are merged into unified groups. The re-
sulting categories capture the occupational structure of the Italian private-sector workforce while
preserving the blue/white-collar distinction used throughout the analysis.

Table B.8: Largest merged occupations by qualification class (2014–2019)

Merged occupation group Blue-collar White-collar Total Share

Office clerks 266,704 3,823,426 4,090,130 10.7%
Commercial / qualified sales 1,408,154 1,948,638 3,356,792 8.8%
Craft and skilled trades (merged) 6,901,828 221,332 7,123,160 18.7%
Machine and plant operators (merged) 2,777,506 108,598 2,886,104 7.6%
Drivers and transport operators 2,261,252 61,953 2,323,205 6.1%
Technical professions (merged) 808,384 4,195,917 5,004,301 13.1%
Qualified professions (merged) 2,959,788 240,235 3,200,023 8.4%
Elementary occupations (merged) 4,603,052 159,132 4,762,184 12.5%
Financial and administrative clerks 753,810 637,139 1,390,949 3.7%
Social sciences / education professionals 50,605 632,234 682,839 1.8%
Math/physics/engineering specialists 19,937 570,238 590,175 1.6%

Total (all occupations) 23,770,971 14,309,276 38,080,247 100%

Notes: Merged categories combine fragmented INPS/ISCO 2-digit occupation codes belonging to the same
broad domain. Blue-collar counts correspond to “manual workers”, white-collar counts to “white-collar
staff”. Shares are computed relative to all worker–firm observations in 2014–2019 (38 million). Full uncol-
lapsed tables are available in the project logs.

B.8 German SIEED

This section elaborates on the Sample of Integrated Employer-Employee Data (SIEED) and the
methodology applied to process this data. The data access was provided via remote access use at
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the Research Data Centre (FDZ) of the German Federal Employment Agency (BA) at the Institute
for Employment Research (IAB). A comprehensive description is available in Schmidtlein et al.,
2020. I extensively based my data cleaning procedure using publicly accessible code from Card,
Heining, et al., 2013 who uses a dataset from the same source.

The individual data points originate from labor administration records and social security data
processing. The SIEED dataset encompasses every worker at a randomly selected sample of estab-
lishments, along with their complete employment histories, even during periods when they are
employed outside the sample establishments. To ensure robust coverage of the sample, I do not
limit the dataset to the panel establishments. The dataset provides variables such as the worker’s
establishment, average daily wage, and an extensive range of other characteristics, including em-
ployment status, age, gender, tenure, occupation, and education. Throughout, I employ the 3-
digit occupational classification according to “Classification of Occupations 2010” (Klassifikation
der Berufe 2010, KldB2010, Bundesagentur für Arbeit, 2011). The occupational title of the job per-
formed by the employee during the notification period is a component of the ’employment details’
submitted by the employer. If more than one job title with different classification codes apply for
one employee, the employer is required to select the job title that best defines the main activity
performed. Employment notifications with an end date earlier than 30 November 2011 are re-
ported using the old occupation code 1988 (KldB 1988). The less detailed occupational sub-group
is recorded by the first four digits of the code. The skill level required for a job, which is recorded
in the fifth digit of the codes in the KldB2010, is made available separately in the variable ‘level of
requirement’.

The employment biographies are provided in spell format, which I transform into an annual
panel following the data processing described in Card, Heining, et al., 2013. For individuals with
multiple jobs within the same year, I select the job with the highest daily wage as the main episode.
All nominal values are adjusted for inflation using the Consumer Price Index (2015 = 100). My
sample selection criteria align with other studies that utilize this dataset or examine similar re-
search topics. Initially, I focus on employees aged 20-60, employed in full-time positions in West
Germany, who are liable to social security contributions. Part-time and marginal employment
cases are excluded. Additionally, I exclude jobs where real daily earnings are less than 10 Euros.

A well-known limitation of the German matched employer-employee data is the top-coding
of the earnings variable at the social security system’s contribution assessment limit (”Beitragsbe-
messungsgrenze”). To address this right-censoring issue, I apply established methods following
Card, Heining, et al., 2013. This method involves fitting a series of Tobit models to log daily
wages and imputing uncensored values for censored observations using the estimated parame-
ters and random draws from the associated censored distribution. I fit 16 Tobit models (across 4
age and 4 education groups) after applying the sample restrictions mentioned above. Following
Card, Heining, et al., 2013, I include controls such as age, firm size, firm size squared, a dummy
for firms with more than ten employees, the mean log wage of co-workers, and the proportion of
co-workers with censored wages.
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B.9 Descriptive Statistics

This section summarizes key features of the processed SIEED dataset used in the empirical analy-
sis. I document firm-level and worker-level characteristics, coverage of fixed-effect measures, and
the evolution of wage and employment dispersion across year groups.

Tables B.9 and B.10 report firm-level and worker-level characteristics by year group. Table B.9
presents mean log wages and average years of schooling aggregated at the firm level, while Ta-
ble B.10 provides average years of schooling, age, and experience for individual workers. The
year groups correspond to the non-overlapping periods used in the AKM estimation and reveal
long-run trends in educational attainment, worker age, and wage levels.

To assess the completeness of fixed-effect measures, Tables B.11 and B.12 report the share of
missing firm and worker fixed effects. The fixed effects provided by the IAB on the full admin-
istrative dataset (FFEo and WFEo) exhibit very low rates of missingness. In contrast, the occupa-
tion–establishment AKM identifiers generate somewhat higher missingness rates for firm effects,
reflecting the greater fragmentation of the firm definition. Nevertheless, both measures retain
broad coverage of the sample.

Table B.13 reports the standard deviation of raw log wages and residual wages by year group.
The first residual measure controls for a flexible polynomial in age and tenure interacted with
education, together with year fixed effects (“Mincer residual”). The second residual measure ad-
ditionally includes occupation fixed effects (“Mincer–occupation residual”). The results show a
substantial increase in wage dispersion over time, much of which persists even after controlling
for worker characteristics and occupations.

Table B.14 decomposes the variance in residual earnings into within-firm and between-firm
components. The between-firm component accounts for most of the increase in total variance,
consistent with rising heterogeneity across firms in the German labor market.

Table B.15 summarizes the dispersion in firm size by year group. I report the standard devia-
tion of log employment and the dispersion of log-employment residuals after controlling for the
firm’s worker composition (e.g., shares of college-educated and low-skill workers, age structure).
Firm-size dispersion remains relatively stable across periods.

Table B.16 reports the dispersion of firm and worker fixed effects across year groups for both
the IAB-provided measures (FFEo, WFEo) and the occupation–establishment AKM estimates (FFE,
WFE). Firm fixed effects display a rising trend in dispersion, while worker fixed-effect dispersion
evolves more modestly.

Finally, Table B.17 lists the five most frequent low-skill and high-skill occupations in the sam-
ple. Skill levels are defined by the fifth digit of the KldB 2010 code. Low-skill occupations cor-
respond to tasks requiring limited formal training, whereas high-skill occupations involve more
specialized technical or administrative responsibilities.

Overall, the descriptive statistics document strong trends in workforce aging, increasing edu-
cational attainment, and rising wage dispersion—driven primarily by between-firm differences.
These patterns motivate the empirical focus on firm heterogeneity, worker sorting, and the role of
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firm pay policies in shaping wage inequality.

Table B.9: Firm-Level Mean Log Wage and Years of Schooling by Year Group

Year Group Mean Log Wage Mean Years of Schooling
1985–1992 4.4620 11.0829
1993–1997 4.5071 11.2403
1998–2002 4.4957 11.4114
2003–2009 4.5003 11.6206
2010–2017 4.5170 12.0601

Table B.10: Worker Characteristics by Year Group

Year Group Mean Years of Schooling Mean Age Mean Experience
1985–1992 11.0700 34.2861 15.8632
1993–1997 11.2211 35.7612 17.2290
1998–2002 11.4017 37.5421 18.8821
2003–2009 11.6275 39.6829 20.8466
2010–2017 12.0396 42.4551 23.2875

Table B.11: Missing Firm Fixed Effects (FFE)

Total observations Share missing (FFEo) Share missing (FFE)
Full sample 3,473,220 1.68% 28.74%

Table B.12: Missing Worker Fixed Effects (WFE)

Total observations Share missing (WFEo) Share missing (WFE)
Full sample 2,525,434 3.43% 6.77%

Table B.13: Standard Deviation of Wages and Residuals by Year Group

Year Group SD (Mincer residual) SD (Mincer–occupation residual) SD (Raw log wage)
1985–1992 0.3128 0.2856 0.3673
1993–1997 0.3212 0.2946 0.3687
1998–2002 0.3629 0.3236 0.4205
2003–2009 0.4271 0.3688 0.4930
2010–2017 0.4150 0.3677 0.4837

Notes: “Mincer residual” refers to log-wage residuals net of a polynomial in age and tenure interacted
with education and year fixed effects. “Mincer–occupation residual” additionally includes occupation fixed
effects.
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Table B.14: Variance Decomposition of Residual Earnings by Year Group

Year Group Within-firm variance Between-firm variance Total variance
1985–1992 0.0205 0.0611 0.0816
1993–1997 0.0197 0.0671 0.0868
1998–2002 0.0212 0.0836 0.1049
2003–2009 0.0222 0.1141 0.1363
2010–2017 0.0232 0.1122 0.1354

Table B.15: Firm Size and Employment Variability by Year Group

Year Group SD (Log employment) SD (Log employment residual)
1985–1992 1.0175 0.9680
1993–1997 1.0123 0.9595
1998–2002 0.9904 0.9438
2003–2009 0.9903 0.9510
2010–2017 0.9926 0.9550

Table B.16: Firm and Worker Fixed-Effect Dispersion by Year Group

Year Group SD (FFEo) SD (FFE) SD (WFEo) SD (WFE)
1985–1992 0.2221 0.3257 0.2717 0.2067
1993–1997 0.2263 0.3207 0.2892 0.2011
1998–2002 0.2398 0.3291 0.3220 0.1987
2003–2009 0.2794 0.3674 0.3605 0.1967
2010–2017 0.2453 0.3609 0.3870 0.1994

Table B.17: Top 5 Low-Skilled and High-Skilled Occupations by Frequency

Low-skilled occupations High-skilled occupations
Occupation Frequency Occupation Frequency

Machine-building and operating 1,635,278 Electrical engineering 592,561
Building construction 1,594,797 Technical research 741,231
Warehousing and logistics 2,627,747 Computer science 574,599
Drivers in road traffic 2,642,567 Purchasing and sales 594,187
Office clerks and secretaries 1,917,099 Business organization 922,970
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Table B.18: Worker–Firm Decile Employment Shares: Italy (Industry, Occupation) and Germany

Firm Decile

Worker Decile 1 2 3 4 5 6 7 8 9 10

1
.150
.213
.182

.136

.138

.146

.102

.108

.114

.105

.096

.099

.114

.099

.089

.093

.088

.083

.097

.082

.075

.079

.074

.069

.070

.059

.068

.058

.044

.076

2
.088
.124
.125

.118

.125

.124

.104

.116

.107

.113

.110

.102

.128

.120

.098

.105

.108

.096

.116

.102

.092

.093

.092

.089

.078

.067

.088

.061

.038

.080

3
.066
.093
.094

.104

.102

.102

.094

.107

.096

.110

.109

.099

.130

.125

.099

.108

.118

.103

.126

.116

.104

.105

.107

.104

.091

.081

.105

.071

.043

.094

4
.054
.077
.076

.094

.087

.087

.084

.096

.087

.103

.103

.093

.127

.124

.099

.109

.123

.106

.133

.126

.110

.117

.120

.114

.103

.095

.118

.080

.049

.109

5
.047
.068
.064

.086

.076

.076

.077

.087

.080

.096

.096

.088

.122

.120

.096

.107

.122

.108

.137

.132

.114

.125

.132

.122

.115

.111

.130

.091

.058

.122

6
.042
.061
.056

.080

.068

.068

.070

.079

.074

.089

.090

.084

.117

.115

.094

.103

.119

.106

.138

.134

.116

.132

.140

.129

.127

.126

.141

.105

.070

.133

7
.037
.056
.050

.075

.060

.061

.063

.071

.070

.083

.083

.079

.110

.111

.090

.099

.114

.104

.137

.133

.117

.136

.145

.133

.141

.140

.149

.122

.086

.147

8
.036
.053
.048

.071

.053

.056

.056

.062

.066

.077

.075

.076

.102

.103

.087

.094

.108

.102

.133

.132

.118

.137

.150

.135

.154

.156

.156

.144

.108

.159

9
.037
.051
.050

.068

.047

.053

.050

.053

.061

.069

.064

.071

.092

.090

.083

.085

.097

.098

.123

.126

.115

.135

.152

.136

.169

.176

.162

.175

.146

.172

10
.051
.071
.074

.067

.045

.053

.041

.040

.060

.056

.046

.070

.073

.066

.078

.070

.073

.093

.107

.101

.110

.120

.137

.129

.183

.193

.161

.236

.229

.174

Total
.061
.087
.103

.090

.080

.094

.074

.082

.086

.090

.087

.088

.111

.107

.092

.097

.107

.100

.125

.119

.109

.118

.125

.120

.123

.120

.135

.114

.087

.136

Each cell reports the share of total employment between workers in
a given worker decile (rows) and firms in a given firm decile (columns).
Workers and firms are assigned to deciles based on the empirical dis-
tribution of their respective worker and firm fixed effects within their
local labor market—defined by either industry or occupation for Italy,
and occupation for Germany. The first two values in each cell report
employment shares for Italy, while the third corresponds to Germany.
For Italy, the first value is based on defining local labor markets by
industry and the second by occupation. Shares sum to one across all
worker–firm pairs. The final row reports the total share of employ-
ment accounted for by each firm decile.
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C Empirical Evidence

C.1 Market Shares

Robustness: Alternative Firm-Type Classifications. As a robustness check, I recompute the
worker–firm employment-share matrices using several alternative measures of firm heterogene-
ity. First, I classify firms into deciles of revenue total factor productivity (TFPR) computed from
revenue-based production-function residuals. Second, I construct firm deciles based on the av-
erage co-worker type, where co-worker type is measured by the mean log wage of a worker’s
colleagues within the same firm. I conduct this exercise separately for industry-defined and
occupation-defined local labor markets. Third, I implement an analogous robustness exercise us-
ing firm average logwage for classification in German administrative data.

Across all robustness specifications, the qualitative segmentation patterns documented in the
main text remain strong. Low-type workers continue to disproportionately match with low-type
firms, and high-type workers concentrate in high-type firms, regardless of whether firm type is
defined by TFPR, mean co-worker wage, or German firm-side residual wages. Although levels
vary across definitions, the bottom–bottom and top–top employment shares remain systematically
larger than cross-decile shares, confirming that the observed segmentation is not an artifact of any
particular firm classification scheme.

C.2 Ability Thresholds

This appendix provides additional details and robustness checks for the ability-threshold analysis
reported in Section 4.3. The empirical design follows the same framework as in the main text but
relaxes sample restrictions and considers alternative measures of firm quality.

The sample again includes all firms and worker transitions occurring in local labor markets
with at least ten firms and ten workers, ensuring meaningful decile rankings while retaining
smaller markets. For each firm i in market j and year t, the hiring threshold is defined as the
minimum worker fixed effect among new hires. Thresholds are standardized within market–year
cells to ensure comparability across heterogeneous markets.

The regression specification used for robustness checks extends equation (15) by including the
full set of firm-level controls:

ãij,t = β0 + f(Firm Decileij,t) + β log(New Hiresij,t) + βxXij,t + γm + γt + εij,t, (38)

where Xij,t includes the firm’s workforce composition (share college-educated, share blue-collar),
average worker age, and a polynomial in firm age. These controls are omitted from the preferred
specification in the main text but included here to show that results are not sensitive to observable
firm characteristics. As before, standard errors are clustered at the appropriate firm level.

Table B.20 reports the full set of estimates, including specifications with and without controls
and the corresponding estimates for Germany. Across all specifications, the relationship between
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Table B.19: Worker–Firm Decile Employment Shares: Italy (Industry, Occupation) and Germany
(Robustness)

Firm Decile

Worker Decile 1 2 3 4 5 6 7 8 9 10

1

.126

.217

.255

.329

.113

.145

.162

.210

.110

.108

.126

.137

.106

.093

.098

.096

.103

.079

.080

.071

.102

.071

.067

.055

.097

.067

.058

.042

.092

.063

.052

.033

.086

.068

.047

.021

.067

.090

.056

.009

2

.105

.154

.159

.132

.106

.134

.152

.170

.110

.117

.139

.156

.110

.106

.116

.135

.106

.091

.100

.113

.107

.084

.085

.096

.106

.082

.074

.078

.095

.075

.066

.062

.089

.077

.058

.041

.069

.080

.052

.018

3

.094

.121

.119

.079

.099

.120

.131

.119

.103

.115

.131

.130

.108

.109

.121

.135

.111

.101

.111

.128

.111

.096

.098

.119

.111

.092

.088

.106

.101

.084

.078

.090

.092

.085

.068

.065

.070

.078

.056

.030

4

.086

.099

.095

.054

.093

.106

.112

.086

.101

.109

.118

.105

.109

.109

.118

.121

.109

.107

.116

.128

.114

.105

.107

.131

.114

.102

.100

.126

.107

.093

.091

.116

.095

.091

.079

.091

.072

.079

.063

.044

5

.082

.084

.080

.039

.087

.095

.097

.064

.098

.103

.106

.083

.103

.107

.112

.105

.109

.111

.115

.120

.113

.112

.113

.133

.116

.108

.111

.137

.111

.101

.103

.137

.104

.097

.091

.120

.079

.082

.072

.063

6

.078

.074

.068

.029

.083

.087

.086

.048

.091

.098

.095

.067

.101

.104

.104

.089

.108

.113

.111

.110

.114

.115

.116

.129

.116

.111

.119

.144

.116

.108

.112

.155

.108

.103

.104

.146

.084

.088

.085

.084

7

.073

.066

.059

.021

.078

.080

.076

.036

.089

.094

.085

.052

.099

.103

.098

.074

.106

.111

.106

.096

.118

.113

.115

.122

.120

.114

.123

.145

.118

.115

.119

.168

.113

.109

.117

.173

.087

.096

.101

.113

8

.069

.061

.054

.017

.071

.076

.066

.028

.085

.091

.075

.041

.095

.099

.088

.059

.105

.105

.098

.082

.115

.110

.112

.110

.123

.114

.121

.139

.125

.120

.128

.175

.117

.116

.134

.198

.095

.107

.123

.152

9

.065

.059

.051

.013

.064

.076

.059

.021

.076

.089

.066

.031

.088

.091

.078

.046

.099

.096

.088

.067

.114

.104

.103

.095

.125

.110

.113

.127

.132

.123

.132

.172

.129

.125

.149

.218

.110

.126

.163

.213

10

.060

.074

.063

.012

.056

.081

.058

.017

.064

.079

.059

.024

.077

.078

.068

.035

.088

.082

.075

.051

.106

.094

.086

.076

.121

.100

.095

.108

.139

.119

.118

.156

.149

.129

.152

.219

.140

.165

.228

.304

Total

.084

.101

.100

.193

.085

.100

.100

.131

.093

.100

.100

.107

.099

.100

.100

.103

.104

.100

.100

.104

.111

.100

.100

.113

.115

.100

.100

.124

.113

.100

.100

.144

.108

.100

.100

.166

.087

.099

.100

.180

Each cell reports employment shares for a worker–firm decile pair.
Workers and firms are assigned to deciles based on the distribution
of worker and firm-type heterogeneity measure within their local la-
bor market. The four stacked entries (top to bottom) correspond to:
(A) Italy—TFPR deciles (industry–CZ LLM), (B) Italy—average co-
worker log wage (industry–CZ LLM), (C) Italy—average co-worker
log wage (occupation–CZ LLM), and (D) Germany—firm mean log
wage. Shares are rounded to three decimals. The final row reports
column totals for (A)–(D).
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firm quality and hiring thresholds remains strongly positive, and the coefficient on log(New Hires)
remains large and negative, consistent with the mechanical sampling logic discussed in the main
text.

Table B.20: Ability Thresholds and Firm Quality: Full Robustness Results (2014–2019)

LLM: Industry LLM: Occupation Germany

(1) (2) (3) (4) (5) (6) (7)

Firm Decile 0.047*** 0.066*** 0.066*** 0.078*** 0.087*** 0.092*** 0.066***
(0.0003) (0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0003)

Log(New Hires) -0.524*** -0.529*** -0.568*** -0.568*** -0.577***
(0.001) (0.001) (0.001) (0.001) (0.002)

Additional Controls No No Yes No No Yes No

Fixed Effects
Year FE Yes Yes Yes Yes Yes Yes Yes
Market FE Yes Yes Yes Yes Yes Yes Yes

Observations 2,361,957 2,361,957 2,361,957 4,638,030 4,638,030 4,638,030 1,752,033
R-squared 0.076 0.287 0.335 0.075 0.236 0.335 0.119

Notes: This table reports the full robustness specifications for the relationship between firm quality and
firms’ hiring thresholds. Firm quality is measured by local pay-premium deciles. The dependent variable
is the market–year standardized minimum worker fixed effect among new hires. Columns (1)–(3) use local
labor markets defined by industry–commuting zones, Columns (4)–(6) use occupation–commuting zones, and
Column (7) reports the corresponding German estimates. “Additional Controls” include workforce com-
position (share college-educated, share blue-collar), average age, and a polynomial in firm age. Standard
errors clustered at the firm level (or firm×occupation level for occupation-based markets).
***Significant at 1%; **Significant at 5%; *Significant at 10%.
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C.3 HHI Indices

Figure B.2: Wage-Bill HHI by Worker Fixed-Effect Decile (Occupation LLM; Blue vs. White Collar)

Notes: For each local labor market (occupation–commuting zone) and each worker AKM fixed-effect decile,
I compute the wage-bill Herfindahl–Hirschman index (HHI) as the sum of squared firm wage-bill shares
among workers in that decile. Panel plots show results separately for blue- and white-collar workers. Local
HHI values are aggregated to the national level by weighting each market–decile observation by the total
wage bill of that group. Standard errors / confidence bands are omitted from the figure for clarity; full
numerical values are reported in the companion tables in Appendix C.1.

The appendix figure reports the wage-bill HHI by worker AKM fixed-effect decile for occupation-
defined local labor markets, separately for blue- and white-collar jobs. The two series are nearly
identical.

Aggregating across markets, the mean HHI under the occupation-based market definition is
approximately 0.18. The index displays a non-monotonic pattern across the ability distribution: it
falls from about 0.21 in the lowest decile to roughly 0.5 near the second decile, then rises back to
about 0.18 among the highest deciles.

C.4 Event Study: Productivity Effects of Unexpected Worker Deaths

Balance, acceptance rate, and final sample. The matching procedure achieves a very high accep-
tance rate: 98.9% of treated worker–firm pairs are successfully matched to a placebo event, yield-
ing a final sample of 34,030 matched events (17,015 treated and 17,015 controls). Observations
for which no valid match is found are excluded. Table B.21 reports pre-event summary statistics
showing that the matched comparison groups are well balanced across all key characteristics.

Among below-average (L = 1) worker deaths, treated and control units are nearly identical
in average worker fixed effects (−0.140 vs. −0.137), age (45.8 vs. 45.7 years), experience (25.1 vs.
24.4 years), and log wages (−0.134 vs. −0.161). For above-average (L = 0) worker deaths, treated
and control samples are likewise comparable in worker fixed effects (0.178 vs. 0.174), age (50.1 vs.

47



50.0 years), experience (28.3 vs. 27.5 years), and log wages (0.282 vs. 0.076). Occupation shares are
essentially identical across groups: 20.7% white-collar among low-side events and 27.2% among
high-side events. Gender composition is also mechanically the same by construction.59

Taken together, these similarities indicate that the matched sampling procedure delivers a
well-balanced set of treated and control worker–firm pairs prior to the event.

Table B.21: Pre-Event Balance between Treated and Control Worker–Firm Pairs

Below-Average Deaths (L = 1) Above-Average Deaths (L = 0)

Control (T = 0) Treated (T = 1) Control (T = 0) Treated (T = 1)

Worker fixed effect (mean) −0.137 −0.140 0.174 0.178

(median) (−0.127) (−0.129) (0.125) (0.129)

[SD] [0.173] [0.179] [0.260] [0.267]

Age (years, mean) 45.73 45.80 50.03 50.09

(median) (47) (47) (52) (52)

[SD] [9.92] [9.91] [9.08] [9.08]

Experience (years, mean) 24.36 25.11 27.53 28.27

(median) (25) (25) (30) (30)

[SD] [11.27] [10.59] [11.24] [10.51]

Log wage (mean) −0.161 −0.134 0.076 0.282

(median) (−0.134) (−0.101) (0.049) (0.185)

[SD] [0.283] [0.421] [0.332] [0.535]

White-collar (%) 20.7 20.7 27.2 27.2

Female (%) 15.4 15.4 11.2 11.2

Observations 17,015 17,015

Notes: This table reports pre-event summary statistics for treated and matched control worker–firm pairs used
in the event-study analysis of worker deaths. Columns (1)–(2) display results for deaths of below-average
workers (L = 1), and Columns (3)–(4) for deaths of above-average workers (L = 0). Treated observations
(T = 1) correspond to actual worker deaths; control observations (T = 0) are matched placebo events drawn
from worker–firm pairs that never experienced a valid death. Means, medians (in parentheses), and standard
deviations (in brackets) are reported. All variables are measured in the pre-event year (d− 1).

Covariates before shock for TFPR event study sample. Table B.22 presents pre-event (t = −1)
summary statistics—means, medians, and standard deviations—for treated and control firms sep-
arately by L group. The matching procedure yields treated and control firms that are highly com-
parable across all observable dimensions. Firm size, age, and productivity are closely aligned: the
average firm employs roughly ten workers, is about 15–16 years old, and has a log revenue pro-
ductivity of approximately 1.25. Distributions of firm pay premia, employment shares within local
labor markets, and worker fixed effects (both average and minimum) are similarly well balanced
across treatment status. Overall, the pre-event characteristics provide no indication of systematic

59Gender is identical across treated and control observations because exact matching was performed on gender.
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differences between treated and matched control firms.

Table B.22: Pre-Event Firm Characteristics at t = −1 (Mean (Median) [SD])

T=0, L=0 T=1, L=0 T=0, L=1 T=1, L=1

Panel A: Productivity and firm pay premium
Log revenue productivity (ω) 1.254 (1.212) [0.637] 1.254 (1.232) [0.562] 1.261 (1.233) [0.560] 1.246 (1.216) [0.542]
Firm pay premium (FFE2) -0.023 (0.005) [0.127] -0.030 (-0.006) [0.133] -0.022 (0.005) [0.119] -0.018 (0.005) [0.128]

Panel B: Size, hires, incumbents
Firm age (years) 15.09 (13) [9.93] 15.15 (13) [10.24] 16.61 (14) [10.52] 15.99 (14) [10.27]
Employment (headcounts) 10.26 (9) [5.46] 10.50 (10) [5.42] 10.28 (9) [5.24] 10.59 (10) [5.24]
Total new hires 1.35 (1) [2.38] 1.35 (1) [2.17] 1.42 (1) [2.10] 1.43 (1) [2.09]
Total incumbents 7.64 (7) [4.35] 7.91 (7) [4.42] 7.66 (7) [4.30] 7.99 (7) [4.38]

Panel C: Market share and worker ability
Employment share (within market) 0.102 (0.016) [0.209] 0.107 (0.017) [0.217] 0.094 (0.015) [0.200] 0.087 (0.013) [0.194]
Average worker fixed effect -0.013 (-0.012) [0.128] -0.017 (-0.020) [0.130] -0.011 (-0.014) [0.132] -0.016 (-0.020) [0.129]
Minimum worker fixed effect -0.270 (-0.246) [0.193] -0.235 (-0.218) [0.194] -0.271 (-0.241) [0.205] -0.230 (-0.222) [0.171]

Notes: Each cell reports Mean (Median) [Standard deviation] for the variable at t = −1 by matched group.
Groups are defined by treatment status (T ) and position indicator L (loss of an above- vs. below-average
worker). Sample: firm-productivity event panel (1996–2018). Variables: “omega” = log firm revenue pro-
ductivity; “FFE2” = firm pay premium; “emp” = firm headcounts; “tot new hires” = number of new hires;
“tot incumbents” = number of incumbents; “emp share” = firm’s employment share within its local labor
market; “avg wfe” = mean worker fixed effect; “min wfe” = minimum worker fixed effect.

D Model Calibration and Quantification

D.1 Numerical algorithm to solve the general equilibrium

This appendix summarizes the numerical algorithm used to compute the decentralized equilib-
rium (and the efficient benchmark) described in the text. The solver implements three nested
steps that mirror the economic structure of the model: (i) solve the within-market firm–worker
allocation given an exogenous distribution of employed mass by ability, (ii) aggregate across local
markets to recover type–market allocations and market wage indices, and (iii) update aggregate
labor supply by ability and iterate until general-equilibrium convergence.

Objects, inputs and notation

Workers belong to discrete ability groups a ∈ A with population masses fa(a). Aggregate labor
supply is summarized by a vector S(a), which is not a probability or a share: it is a labor-supply
shifter that scales the mass of type-a workers who participate in the labor market. Thus the total
economy-wide supply of type-a workers is

N(a) = S(a) fa(a).

Workers then choose across local labor markets according to the across-market CES structure
with elasticity θ. Let Saj denote the across-market wage-bill shares that characterize their choices
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in equilibrium. These are used to determine the mass of type-a workers entering each market:

Nj(a) = N(a) · Saj .

Inside each market j, there are N firms indexed by i, each with baseline productivity zij .
Worker–firm productivity is given by ϕ(a, zij). The object Sij(a) denotes the within-market wage-
bill share: the share of type-a wage income paid by firm (i, j); the last element in each row repre-
sents non-employment.

Model primitives—α, γ, η, θ, σ, φ,R—govern production, labor supply, and firm behavior.

Inner step — within-market equilibrium

For each local labor market j, the inner step solves the equilibrium interactions between firms and
the workers of all abilities who arrive in the market. Conditional on the effective employed mass
Nj(a) described above, the inner step determines firm hiring, wages, and wage-bill shares Sij(a).

Starting from a candidate share matrix, the algorithm performs:

1. Within-market labor supply (firm choice of workers). Using the nested-CES structure with
elasticity η across firms,

nij(a) ∝ Sij(a)
η/(1+η) ·Nj(a),

where the normalization ensures
∑

i nij(a) = Nj(a).

2. Total employment and realized productivity.

hij =
∑
a

nij(a), ϕij =
∑
a

nij(a)

hij
ϕ(a, zij).

3. Marginal products. Compute the marginal product scheduleMPLij(a) using equation (10),
which captures both scale effects and endogenous productivity effects through ϕij .

4. Wage-setting via markdowns. Firms pay

wij(a) =

µij(a)MPLij(a), MPLij(a) > 0,

0, MPLij(a) ≤ 0,

where the markdown is determined by the inverse elasticity of firm-specific labor supply:

ϵij(a) =
[
1
η +

(
1
θ − 1

η

)
sij(a)

]−1
, µij(a) =

ϵij(a)

ϵij(a) + 1
.

The efficient benchmark sets µij(a) ≡ 1.
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5. Update wage-bill shares. Workers choose among firms according to:

Snew
ij (a) ∝

(
µij(a)MPLij(a)

)1+η
.

Normalize rows so their entries sum to one (with the final entry as non-employment).

6. Iterate. Repeat until Sij(a) and the implied wages and employment converge.

This inner loop computes a fixed point consistent with firm optimization and worker within-
market CES choice behavior.

Middle step — aggregation across markets

Given an aggregate labor-supply vector S(a) (outer step) and resulting total supply N(a) =

S(a)fa(a), workers choose across the M local markets according to the CES structure with elastic-
ity θ.

1. Across-market labor supply. A candidate set of across-market wage-bill shares Saj implies

Nj(a) = N(a) · Saj .

2. Solve each market. For each j, feed Nj(a) into the inner step to obtain wages wj(a), em-
ployment allocations, and profits.

3. Across-market share update. Workers choose markets according to:

Snew
aj ∝

(
wj(a)

W (a)

)1+θ

, W (a) =
(∫ 1

0
wj(a)

1+θ dj
)1/(1+θ)

.

4. Iterate. Repeat until the across-market shares Saj converge.

This step maps firm-level outcomes into type–market allocations, producing consistent wage
indices.

Outer step — aggregate labor supply (general equilibrium)

The final step ensures aggregate labor supply is consistent with the wage indices generated by
markets.

1. Given a trial vector S(a), compute total supply:

N(a) = S(a) fa(a).

2. Run the middle step to recover updated wage indices W (a).
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3. Update labor supply using the inverse labor-supply condition:

S(a)new =W (a)
(1−σ)φ
1+σφ .

4. Iterate under relaxation until convergence.

At convergence, the allocation satisfies firm optimality, worker choice across firms and mar-
kets, and aggregate labor supply behavior.

Outputs and numerical safeguards

The algorithm returns:
- within-market wage-bill shares Sij(a), - across-market shares Saj , - employment allocations

nij(a), - wages wij(a), market wage indices wj(a), and aggregate W (a), - firm profits πij and
aggregate profits.

Safeguards enforce non-negativity of MPL, remove indeterminate values, and stabilize con-
vergence via under-relaxation. The efficient benchmark is obtained by imposing µij(a) = 1 every-
where.

The entire structure is modular: alternative specifications of ϕ(a, z), markdowns, or labor-supply
elasticities can be inserted without changing the fixed-point architecture.

D.2 Calibration of the Distribution of Firms Across Local Labor Markets

To discipline the distribution of firms across local labor markets, I simulate the economy over
M = 2000 markets, each hosting up to 200 potential firms. A local labor market is defined as the
intersection between a three-digit industry and a commuting zone, consistent with the structure
of the balance-sheet data used in the calibration.60

The number of active firms per local labor market is assumed to follow a Pareto distribution
with an upper bound of 200 firms. The location, tail, and scale parameters of this distribution
are estimated by maximum likelihood using the empirical distribution of firms across markets.
The calibrated distribution closely matches the observed data, as illustrated in Figure B.3. In
addition, a mass point at one-firm markets is included to capture the substantial share of highly
concentrated markets observed in the data.

D.3 Simulation of the Model-Implied Panel Dataset

This subsection describes how I construct the synthetic worker–firm panel used in the quantitative
analysis. The guiding idea is straightforward: each simulated firm receives a workforce drawn
from the model’s general-equilibrium employment structure, and workers move across firms over

60This definition mirrors the empirical aggregation used in the CERVED data and ensures that model markets align
with observed employer groupings.
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Table B.23: Calibration of the Firm-Size Distribution Across Local Labor Markets

Parameter Value

Location parameter of Pareto distribution 1.000
Tail parameter (shape) 0.966
Scale parameter 3.519
Mass of markets with one firm 0.212
Maximum number of firms per market 200

Notes: The table reports the calibrated parameters governing the distribution of firms across local
labor markets. The distribution is estimated by maximum likelihood using the observed empirical
distribution of firms per market. A mass point at one-firm markets is included to capture the sub-
stantial share of highly concentrated markets in the data.

Figure B.3: Distribution of Firms Across Local Labor Markets: Data vs. Model

time according to an empirically disciplined switching probability. The objective is to generate a
panel that mirrors the empirical distribution of firms, the number of workers per firm, the time
horizon of the data, and the observed mobility patterns of workers, while retaining computational
tractability.

The empirical dataset contains 1,555,249 firms and 10,431,213 unique workers over the 2014–
2019 period, implying roughly nine workers per firm. The simulation preserves these ratios at
a computationally convenient scale by setting the total number of simulated firms and workers
proportionally. A second discipline comes from worker mobility: in the data, the share of workers
who change employer between years averages 0.2445 over 2014–2019, with year-specific rates
ranging between 0.21 and 0.27. I use this switching probability as the reassignment parameter
governing worker mobility in the simulated panel.

The simulation takes as inputs the full set of model-implied objects describing every labor
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market, every firm within that market, the firm’s employment by worker type, the wage it pays to
each type, and its basic production characteristics such as output, size, and productivity. No sub-
sampling of firms is performed: all firms generated by the model’s general-equilibrium solution
are included in the panel.

Workers are assigned to permanent ability types at the start of the simulation by sampling from
the model-implied distribution of abilities, accounting for the aggregate labor supply decision and
the underlying ability probability density function. The number of simulated workers is chosen
so that the average number of workers per firm matches the empirical ratio. In the first period of
the panel, each worker is assigned to a firm using the model’s employment structure: a worker
is first allocated to a labor market in proportion to the number of workers of her ability type that
the model assigns to each market; conditional on this market, she is assigned to a specific firm
in proportion to the number of such workers the firm employs in the model. In this way, the
simulated cross-sectional distribution of workers across firms reproduces the model’s equilibrium
allocations.

Starting in the second period, workers are allowed to change firms over time. Each worker
independently switches to a new employer with probability equal to the empirical switching rate.
If a worker switches, the assignment rule is identical to that in the first period: the worker draws a
labor market and then a firm according to the same model-implied allocation probabilities. If the
worker does not switch, she remains with her current employer. Repeating this procedure for all
periods generates a dynamic matched panel whose worker flows closely resemble those observed
in the administrative data.

For each period, the simulation records a row for every worker containing her worker identi-
fier, period, ability type, assigned firm, assigned market, wage, log wage, and the matched firm’s
characteristics (productivity, size, output, wage wedge, and concentration). Stacking these rows
over all periods produces a balanced worker–firm panel that is then used to compute model-
implied AKM decompositions and to compare the variance and covariance structure of wages to
that in the data.

The resulting synthetic panel successfully reproduces the empirical structure that matters for
quantitative evaluation: the number of firms, the number of workers per firm, the time horizon,
and the observed mobility of workers between employers.
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Table B.24: Empirical Targets Used in the Panel Simulation

Value Source

Number of firms 1,555,249 Administrative data
Number of workers 10,431,213 Administrative data
Average workers per firm 9.0 Derived from data
Panel years 2014–2019 (6 years) Administrative data
Mean annual switching rate 0.2445 Worker mobility statistics
Minimum annual switching rate 0.2138 (2019) Worker mobility statistics
Maximum annual switching rate 0.2685 (2015) Worker mobility statistics

Notes: The simulation uses these empirical moments to discipline the size of the worker and firm popu-
lations, the panel length, and the probability that workers switch employers from one year to the next.

D.4 Construction of Empirical and Simulated Moments

All constructions are carried out by local labor market j and year t. I maintain the notation used in
the main text: worker log wages are logwa,ij,t, worker fixed effects are αa, and firm pay premia (or
firm-type pay premia when discretized) are ψk(ij), where k(ij) denotes the cluster of firm i located
in local labor market j.

AKM estimates and firm clustering. I estimate the two-way fixed-effect decomposition in (14)
to recover α̂a and ψ̂k(ij). For each firm I compute summary statistics of the within-firm log-wage
distribution (e.g. selected quantiles) over the entire sample period. I standardize these firm-level
moments and apply a K-means clustering algorithm to obtain K mutually exclusive firm groups
g(j) ∈ {1, . . . ,K}. Each firm is then permanently assigned to one firm type g.

Given these firm types, I estimate an AKM-style two-way fixed effects regression of the form

logwa,ij,t = αa + ψg(ij) + εa,ij,t,

Where αa are worker fixed effect, and ψg(ij) firm cluster pay premium.

Wage dispersion and covariance moments. The variance and covariance moments used in the
calibration are computed directly from the estimated fixed effects and observed wages. Let α̂a

denote the estimated worker effect and ψ̂g(ij) the estimated firm-type effect. I compute, using
headcounts as weights (as in the data): (i) the standard deviation of worker fixed effects, sd(α̂a);
(ii) the standard deviation of firm-type fixed effects, sd(ψ̂g(ij)); (iii) the covariance cov(α̂a, ψ̂g(ij))

evaluated over worker–firm matches; and (iv) the standard deviation of log wages, sd(logwa,ij,t).
All moments are calculated using the full set of worker–firm–year observations, weighting by
worker headcounts. In addition, I decompose the variance of log wages into within- and between-
firm components.
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Wage-bill HHI by worker fixed-effect decile. A key moment disciplining firm heterogeneity
and the strength of worker–firm complementarities is the concentration of the wage bill across
firms, conditional on worker fixed effect. Within each local labor market–year pair (j, t), I rank
workers by their estimated AKM fixed effect α̂a and partition them into ten equal-sized within-
market deciles.

For each decile, I construct two model-based measures of wage-bill concentration. First, I
use the HHI implied directly by the full equilibrium allocation of the model. This measure is
preferred because it reflects the true underlying model economy and is not affected by the fact that
the simulated panel may not draw all firms active in a market. Second, I compute an HHI from
the simulated worker–firm panel using the identical procedure applied to the data; this measure
is slightly higher due to sampling-induced firm undercoverage, but very similar in levels and
patterns.

For calibration, I target only the aggregate employment-weighted HHI (the “Total” row in Ta-
ble B.25). The decile profile is left as a partially untargeted validation moment. The maximum
absolute deviation across worker deciles between the model-implied HHI and the empirical HHI
is modest (approximately 0.02), indicating that the model reproduces well the heterogeneity in
concentration across the worker ability distribution. Figure B.4 visualizes this comparison.

Table B.25: Wage-Bill HHI by Worker Fixed-Effect Decile: Data vs. Model

Data Model: Strategy 1 Model: Strategy 2
(Empirical HHI) (Model-Implied HHI) (Panel-Constructed HHI)

Decile 1 0.2807 0.2884 0.3149
Decile 2 0.2660 0.2854 0.3123
Decile 3 0.2746 0.2887 0.3138
Decile 4 0.2795 0.2905 0.3128
Decile 5 0.2824 0.2927 0.3118
Decile 6 0.2981 0.2980 0.3169
Decile 7 0.3008 0.3008 0.3184
Decile 8 0.3041 0.3045 0.3206
Decile 9 0.3149 0.3114 0.3253
Decile 10 0.3158 0.3204 0.3376

Total 0.2917 0.2980 0.3184

Notes: This table reports wage-bill Herfindahl–Hirschman Index (HHI) values by worker fixed-effect decile.
The first column presents the empirical HHI computed from administrative data. The second column
(“Model: Strategy 1”) reports the HHI implied by the model’s full equilibrium allocation. The third column
(“Model: Strategy 2”) reports the HHI computed from the simulated worker–firm panel using the same pro-
cedure applied to the data. The “Total” row provides the employment-weighted average HHI across worker
deciles.
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Figure B.4: Wage-Bill HHI by Worker Fixed-Effect Decile: Data vs. Model (Strategy 1)

Notes: This figure plots wage-bill Herfindahl–Hirschman Index (HHI) values by worker fixed-effect decile.
The series labelled “Data” depicts the HHI computed from administrative data. The series labelled “Model”
depicts the HHI implied by the model’s full equilibrium allocation (Strategy 1). HHI values are calculated
within each local labor market and year, aggregated to deciles, and averaged using employment weights.

Hiring-threshold moment (untargeted). To discipline the extent of firm screening on worker
ability, I construct a hiring-threshold moment based on the distribution of estimated worker fixed
effects among new hires.

I first identify incumbents and new hires at the annual frequency. A worker a is classified as an
incumbent at firm ij in year t if she was also employed at ij in year t−1; otherwise she is classified
as a new hire in that firm–year. For each firm ij, and year t, I compute the total number of new
hires and retain only firm–market–year cells with strictly positive hiring activity and with at least
ten firms and ten workers in the corresponding market–year, so that decile ranking is meaningful.

Within each firm–market–year cell, I define the hiring threshold as the minimum worker fixed
effect among the newly hired workers, and I normalize this at the market level.

I then relate these thresholds to measures of firm rank, using the same three measures of firm
rank as in the data. First using the estimated AKM firm-type effects, second and third the average
ability and wages of incumbent workers. Then, I perform the same regression as I did in the data
in 15, by controlling for market year fixed effect and log of new hires.

Employment-share moments by worker and firm rank (partially untargeted). The remaining
moments capture the extent of sorting and segmentation between workers and firms. I focus on
relatively large labor markets by restricting attention to market–year cells with at least 100 firms
and 100 workers.

Within each such market–year (j, t), I construct two sets of worker ranks and two sets of firm
ranks. On the worker side, I form deciles based on: (i) the estimated worker fixed effects α̂i; and
(ii) the model-based measure of worker ability. On the firm side, I form deciles based on: (i) the
estimated firm-type effects ψ̂g(j); and (ii) a model-based measure of firm productivity. To construct
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employment shares, I proceed as follows. For each year t and worker-decile–firm-decile pair (d, f)
(using the AKM-based ranks), I count the number of distinct workers in decile d employed by
firms in decile f , and denote this count by Ndf,t. I also compute the total number of distinct
workers in decile d in year t, Nd,t. The employment share of decile-d workers employed by decile-
f firms in year t is

sdf,t =
Ndf,t

Nd,t
.

I then average these shares over years to compute employment share matrices, using the AKM
rankes as model validation.
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