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Abstract

On average, high-wage workers work in high-wage firms. We ask whether this
reflects workers matching to high-paying employers or holding high-paying occupations
that those employers house. Using French and German matched employer–employee
data, a flexible worker–job fixed-effects model, and correcting for limited mobility bias,
we find that over 80% of worker–job sorting is between occupations rather than to
firms within occupations. This is despite considerable within-occupation, across-firm
dispersion in premia. Decomposing further, we find that in Germany, two-thirds of
between-occupation sorting reflects differences across occupations in the average firm
premium within that occupation. Since 1999, the documented rise in worker–firm
sorting is consistent with a growing separation of occupations across firms rather than
improved worker–firm matching.
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1 Introduction

Two central facts in the study of wage inequality are that some firms pay persistently more

than others (Abowd et al., 1999; Mortensen, 2003; Card et al., 2013, 2016; Song et al., 2019),

and that some occupations command higher pay than others (Autor et al., 2003; Goos and

Manning, 2007; Acemoglu and Autor, 2011). These literatures have developed largely in

parallel, with only relatively few papers considering both margins jointly. We argue that

they cannot be studied separately, because the assignment of occupations to firms is itself a

central feature of the wage structure. In the universe of German and French administrative

data, occupations are extraordinarily segregated across firms: knowing a worker’s employer

resolves two-thirds of the uncertainty about their detailed occupation, a degree of segregation

that survives drastic coarsening of the occupational classification and has risen over the

past two decades. When occupations and firms overlap this tightly, an occupation-blind

analysis cannot distinguish workers selecting high-paying employers from workers selecting

high-paying lines of work.1

This paper disentangles the two margins. We define a “job” as a firm–occupation pair

and estimate a two-way fixed effects model in the tradition of Abowd et al. (1999) (AKM),

recovering worker and job effects from matched employer–employee data covering workers

in Germany and in France. We then ask two questions. First, along which margin do

workers sort? We use the law of total covariance to split worker–job covariance into two

components. First, there is a within-occupation component, the covariance between worker

and job wage components holding occupation fixed, often emphasised in the two-way fixed

effects literature (Abowd et al., 1999; Card et al., 2013; Song et al., 2019). Second, there

is a between-occupation component: the covariance at the occupational level between mean

within-occupation worker quality and pay. This object is central to Roy-style models of

occupational selection (Heckman and Sedlacek, 1985; Keane and Wolpin, 1997). Throughout

we correct for limited-mobility bias using the leave-out estimator of Kline et al. (2020)

(Andrews et al., 2008; Bonhomme et al., 2023), which we extend to conditional moments

and to the channels of our projection decomposition, and probe exogeneity using event-

study designs following Card et al. (2013). Second, we ask: what are the returns to the

sorting margin made of? By projecting our estimated job fixed effects into occupation and

firm components, we then further decompose the between-occupation component into an

occupation-premium channel and a firm-premium channel.

First, we find that the answer to the first question is that sorting to occupations accounts

1Consider computer scientists at Google. An occupation-blind model reads their presence there as high-
ability workers matching with a high-premium employer. But if Google is one of the few firms housing elite
software engineering roles, the operative choice may have been the occupation, with the employer arriving as
part of the bundle. The wage data alone cannot separate the two readings without occupational information.
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for more of total wage variance than sorting to firms within occupations. In both Germany

and France, sorting to occupations accounts for over 80% of total worker–job sorting. We

find small shares of variance due to within-occupation sorting even despite large within-

occupation heterogeneity in firm premia. High-wage workers do work at high-wage firms

— but mainly because they work in high-wage occupations, far less because, within their

occupation, they sort into high-premium employers, despite significant available gains on

this dimension.

Second, in response to the second research question, we find that the returns to the

occupational sorting margin mostly reflect firm premia. Two-thirds of between-occupation

sorting arises because the occupations that attract high-ability workers have systematically

higher average firm premia. The answers to the two questions are seemingly contradictory,

but can be reconciled by noting that occupations are not randomly assigned across firms. Oc-

cupations in which high-wage workers work are disproportionately housed at high-premium

firms. We find an occupation-premium-to-firm-premium employment-weighted slope of 0.43.

Workers therefore do collect firm premia, but they do so through occupational membership

rather than through competition within occupational labour markets. Choosing an occupa-

tion is, de facto, choosing a distribution of employers. An occupation-blind model reads the

resulting covariance as worker–firm matching. This is partly because its firm effect mechan-

ically absorbs each firm’s mix of occupation premia, and partly because true firm premia

covary with worker ability through the occupations firms choose to house.

Finally, we extend the decomposition over four sub-periods spanning 1999–2022, moti-

vated by the documented rising role of firms in explaining wage inequality (Card et al., 2013;

Song et al., 2019). We find that the rise in measured sorting is concentrated almost entirely

in the firm-premium channel. Job-premium dispersion itself, by contrast, follows a hump

shape, returning by 2017–2022 close to its 1999–2004 level, while occupational segregation

across firms rises throughout. This combination, rising covariance through the firm channel

with flat premium dispersion, is the pattern one expects if the assignment of occupations

to firms became more aligned with the premium structure, rather than premia widening or

matching improving. It is consistent with accounts of outsourcing and the fissuring of the

workplace (Weil, 2014; Goldschmidt and Schmieder, 2017; Handwerker, 2023; Cortes et al.,

2024).

The moments we document are relevant for theories of the labour market in two main

ways. First, we find that sorting is predominantly a worker–occupation phenomenon as

in Roy-type frameworks (Lee, 2005; Lee and Wolpin, 2006; Yamaguchi, 2012). Models

of worker–firm assignment (Lise et al., 2016; Bagger and Lentz, 2019; Lentz et al., 2023;

Lamadon et al., 2024) must rationalise the lack of within-occupation sorting despite consid-

erable firm-premium variance, perhaps through search frictions, rationing, or compensating
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amenities. Second, large and within-occupation dispersed firm premia that are uncorrelated

with worker quality are most naturally interpreted as firm wage policies: rents shared under

internal-equity constraints (Card et al., 2016, 2018). As a result, the key endogenous object

becomes the firm’s occupational boundary, as the only way to escape paying a high premium

to everyone is to push low-value occupations outside the firm. This is consistent with our

finding that the firm premium channel within between-occupation sorting has increased over

time.

Our paper contributes to the large literature that has used two-way fixed effect models

to study worker–firm pay structure and its implications for wage inequality. Much of this

literature has used two-way fixed effects to decompose wage inequality into components

relating to workers, firms, and worker–firm covariance (Abowd et al., 1999, 2002; Card et al.,

2013; Song et al., 2019; Babet et al., 2025; Barth et al., 2016; Bonhomme et al., 2023; Kline,

2024; Engbom and Moser, 2022; Bassier, 2023; Palladino et al., 2025; Haltiwanger et al.,

2024). In the case of sorting, the main message from this line of work has been that high-

wage workers work in high-wage firms. We contribute three empirical findings which refine

and elaborate upon this result. First, we find that high-wage workers work in high-wage firms

mainly in high-wage occupations, with the occupation-sorting channel accounting for over

80% of total worker–job sorting. Second, despite low levels of within-occupation sorting, we

find that there are quantitatively significant amounts of wage dispersion within occupations,

suggesting that the low levels of within-occupation firm sorting are not driven by the lack of

firm premia. Third, we find that the colocation of high-wage occupations and high-wage firms

contributes substantially to total wage inequality, and that the recent increase in worker–firm

sorting may have been driven by increased occupation fissuring between firms (Handwerker,

2023; Cortes et al., 2024; H̊akanson et al., 2021).

Our paper also contributes to the literature that jointly explores the role of occupations

and firms in wage determination using an AKM approach. Prior work that incorporates oc-

cupations typically relies on more restrictive specifications, such as log-additive separability

between firm and occupation effects (Torres et al., 2018) or interactions defined over coarse

occupation categories (Goldschmidt and Schmieder, 2017). In contrast, our job fixed-effects

specification allows wage premia to vary flexibly at the firm–occupation level, without im-

posing additive structure across firm or occupation main effects. This flexibility is important

because additive restrictions mechanically limit within-occupation variation in firm wage pre-

mia and can compress estimated wages for workers, particularly in high-paying occupations

employed at lower-paying firms. By allowing unrestricted firm–occupation heterogeneity,

our approach captures richer patterns of wage dispersion and sorting that are obscured by

more parsimonious specifications. Empirically, we find that match effects are important;

firm–occupation match effects account for 15% of the total variance of job fixed effects after
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correcting for limited-mobility bias.

Finally, our work provides reduced-form moments which we believe to be informative

for the large and growing literature studying labour market matching. A substantial body

of work studies worker–firm sorting using models of assignment and matching, emphasising

complementarities between worker ability and firm productivity as a source of wage dis-

persion and inequality (Lise et al., 2016; Bagger and Lentz, 2019; Lamadon et al., 2024).

Parallel work highlights the role of worker–occupation sorting, in which comparative advan-

tage and task-specific skills shape occupational choice and earnings profiles (Lee, 2005; Lee

and Wolpin, 2006; Yamaguchi, 2012). Our results suggest that worker–occupation sorting,

rather than worker–firm sorting, is the dominant margin underlying observed wage covariance

patterns. First, we document substantial dispersion in firm wage premia within occupations,

but little covariance between worker and firm wage components once occupation is held fixed.

Second, the colocation of firms and occupations has largely been modelled in sorting models

as a primitive, or exogenously given. Our decomposition suggests that this is an important

determinant of the wage structure.

The paper proceeds as follows. Section 2 presents the econometric approach. Section 3

describes the French and German administrative data used in our decomposition. Section 4

presents the main decomposition results, robustness, and validation exercises. Section 5

relates our results to the broader labour economics literature on wage determination and

wage inequality. Finally, Section 6 concludes.

2 Separately identifying worker–firm and

worker–occupation wage sorting

We consider a framework that allows us to separately identify the sorting of high-wage

workers to high-wage firms and to high-wage occupations, two margins that the standard

wage-decomposition literature bundles together. To do this, we build directly on the AKM

framework (Abowd et al., 1999; Card et al., 2013; Song et al., 2019), which splits log wages

into additive worker and workplace components. Our single innovation is to replace the

model’s firm fixed effect with a job fixed effect, where a job j is a firm–occupation pair,

j ∈ J = F ×O. Letting J(i, t) denote the job held by worker i in period t, the specification

is given in equation 1. We apply the model to log wages residualised on a set of time-varying

worker covariates Xit.
2

ln(wit) = αi + λJ(i,t) + εit (1)

2For computational reasons we follow the recommendation in Kline et al. (2020) and apply our models

to ln(wit)−Xitβ̂ throughout, where Xit comprises a cubic age profile and year fixed effects.
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Here αi is a worker effect, λJ(i,t) a job effect, and εit a residual. The job effect extends

the worker–firm two-way fixed effects model in two ways. First, it lets a firm pay different

premia to different occupations: a software developer can earn a higher premium than an

accountant at the same firm. Second, it lets the same occupation be paid differently across

firms, even firms with the same overall pay level. The standard worker–firm model is the

special case in which the job effect is constant across occupations within a firm, so equation 1

nests it. The model admits the classic AKM decomposition of the variance of log wages,

V[ln(wit)] = V(αi)︸ ︷︷ ︸
Variance due to

individual

heterogeneity

+ V(λJ(i,t))︸ ︷︷ ︸
Variance due to job

heterogeneity

+ 2 · Cov(αi, λJ(i,t))︸ ︷︷ ︸
Variance due to

workers sorting into

jobs

+ V(εit). (2)

2.1 Decomposing worker–job sorting

The job effect bundles two margins that we want to distinguish between. A job is a firm–

occupation pair, so the premium λj attached to it can reflect the firm a worker is employed

at, the occupation they hold, or the particular pairing of the two. The aggregate worker–job

covariance Cov(αi, λJ(i,t)) in equation 2 inherits this ambiguity: it tells us that high-ability

workers hold high-premium jobs, but not whether they do so by sorting to high-premium

firms, to high-premium occupations, or to firm–occupation combinations that happen to

pay well together.3 Consider Hospital A, a specialised surgical centre, and Hospital B, a

general nursing clinic. Two forces may push up average pay at Hospital A in ways that

an occupation-blind model cannot distinguish. First, surgeons command a market-wide

premium over nurses regardless of where they work; if both hospitals pay the standard

rate for each role, this is a pure occupation premium and involves no firm-level sorting at all.

Second, suppose Hospital A is simply a more generous employer, paying every role — surgeon

and orderly alike — above the market rate. Because able surgeons are concentrated there,

this generosity raises their pay and so contributes to the covariance between worker ability

and firm pay: it is a genuine channel of measured worker–firm sorting, running through the

joint distribution of occupations and firms. But it is not the within-occupation matching

of able workers to high-paying firms that the covariance is usually taken to represent —

the premium accrues to whoever works at Hospital A, not to its surgeons for being able.

A worker–firm model has no occupation axis on which to record either force. Observing

3In our paper, we interpret the covariance as measuring worker–firm sorting in terms of pay premia in
line with studies like Song et al. (2019); Card et al. (2013). Recent research has shown that there could
be a less straightforward relationship between worker fixed effects and firm productivity, both theoretically
(Eeckhout and Kircher, 2011; Lopes de Melo, 2018), and empirically (Lochner and Schulz, 2024). We discuss
our results in light of this work in Section 5.
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only that the average worker at Hospital A out-earns the average worker at Hospital B, it

attributes the whole gap to a firm-wide premium, and — because able workers (surgeons)

are concentrated at Hospital A — records a large positive covariance between worker ability

and the firm effect.

The first approach we adopt is to condition sorting on workers’ occupations; if firms are

bundles of occupations, then the question of whether able workers match to high-premium

firms has a clean answer only once we hold the occupation fixed. To disentangle these

channels, we apply the law of total covariance, partitioning the joint distribution of worker

and job effects by occupation (o):

Cov(αi, λJ(i,t)) = E
[
Cov(αi, λJ(i,t) | o)

]︸ ︷︷ ︸
Within-occupation sorting

+Cov
(
E[αi | o],E[λJ(i,t) | o]

)︸ ︷︷ ︸
Between-occupation sorting

(3)

The first term, E
[
Cov(αi, λJ(i,t) | o)

]
, captures within-occupation sorting: the extent to

which higher-ability workers are systematically matched to higher-paying firms within the

same occupation. The second term, Cov
(
E[αi | o],E[λJ(i,t) | o]

)
, captures between-occupation

sorting: the covariance between average worker ability and average job pay across occupa-

tions. We can also decompose the variance of job fixed effects, V(λJ(i,t)), using the law of

total variance, partitioning the distribution of job fixed effects by occupation into two com-

ponents: the variance of job fixed effects within occupations between firms E [V (λj | o)], and
the variance of job fixed effects between occupations V(E[λj | o]).

While this partition isolates the genuinely within-occupation margin of sorting, it does not

clarify the between-occupation component. Between-occupation sorting can arise because

able workers select into occupations that are paid well everywhere—a worker–occupation

sorting story, with no role for firms—or because those occupations are concentrated in firms

that pay a premium to all their staff, the segregation channel. To separate the firm and

occupation components within the estimated job fixed effect, we write the job effect as its

employment-weighted linear projection onto occupation and firm indicators,

λj = γo + ψf + Ωof , (4)

where γo is the occupation component, ψf the firm component, and Ωof a residual match

component that is orthogonal to the occupation and firm spaces by construction.4 Substitut-

ing equation 4 into equation 3, and using the orthogonality of the projection (γo is constant

within an occupation, and E[Ωof | o] = 0 for every o), we can split worker–job sorting into

4Here ψf is the firm component of the job-premia surface; it is distinct from — and need not equal —
the firm effect of a standard worker–firm AKM model, which we denote ϕfirmf .
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six interpretable channels, two of which are identically zero:

γo (occupation) ψf (firm) Ωof (match)

Within-occ 0 E[Cov(αi, ψf | o)] E[Cov(αi,Ωof | o)]

Between-occ Cov(E[αi | o], γo) Cov(E[αi | o],E[ψf | o]) 0

(5)

The rows of equation 5 sum to the within- and between-occupation terms of equation 3; the

columns attribute total worker–job sorting to occupation premia, firm premia, and match

effects. This decomposition thus splits worker–job sorting into four interpretable compo-

nents: (i) sorting between workers and occupations (Cov(E[αi | o], γo)), (ii) sorting between

workers and firms within occupations (E[Cov(αi, ψf | o)]), (iii) the covariance across occu-

pations between average worker ability E[αi | o] and the average premium of their employ-

ers E[ψf | o], capturing the sorting of high-ability occupations into high-premium firms

(Cov(E[αi | o],E[ψf | o])), and (iv) a within-occupation match channel: able workers sorting

to pairings that pay above their firm and occupation components (E[Cov(αi,Ωof | o)]).

2.2 Identification and estimation

Our main objective is to identify the decompositions in equation 5. To do this, we first

estimate model 1 and the decomposition in equation 2 as the basis for our subsequent

decompositions. The job effects are identified only up to a normalisation, and only on the

largest connected set of jobs; we estimate {α̂i, λ̂j} from workers’ moves between jobs. There

are at least two main econometric concerns. First, the fixed effects themselves could be

biased, and the subsequent decompositions could inherit this bias. Second, as the fixed

effects are only identified from movers across jobs, limited-mobility bias will cause bias in

quadratic transformations of the estimated fixed effects.

First, the estimates of the fixed effects are unbiased under the assumption of exogenous

moves conditional on worker and job fixed effects. The validity of this assumption for the

classic worker–firm framework is discussed in detail in Card et al. (2013), and in our paper, we

focus on what changes in our context relative to the standard AKM model. As identification

comes from movers across jobs, a sufficient condition is: ∀j,Pr(J(i, t) = j | ε) = Pr(J(i, t) =

j); this is therefore what we focus our attention on. There are two main ways this assumption

could be violated. First, there might be match effects that are not captured by worker and

job fixed effects, i.e., if workers sort to jobs on the basis of a worker–job match-specific

characteristic not captured by αi and λj. Second, temporary variation in wages may be

correlated with the job that workers perform. A concern of this type in Card et al. (2013) is

that the statistical model is incompatible with models of the labour market where workers

move to jobs due to high transitory wage offers not related to the firm fixed effect. In our
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model, an additional problem of this kind is if temporary occupation-specific productivity

shocks lead to substantial movement between occupations in the period. We probe these

assumptions using event studies and by focusing only on cross-firm moves following Card

et al. (2013) in Section 4.3 and find that these concerns do not appear to be substantiated

in our setting.

Second, Andrews et al. (2008) and Andrews et al. (2012) pointed out that incidental

parameter bias arising from small numbers of moves of workers between jobs might bias

second-order moments of fixed effects from two-way fixed effect regressions, terming this

“limited mobility bias”. Bonhomme et al. (2023) show that limited-mobility bias is empiri-

cally large in practice. This means that standard plug-in estimates of the standard decom-

position in equation 2 as well as the decomposition due to the law of total covariance in

equation 3 may be significantly biased. We address this problem by applying the corrections

proposed by Kline et al. (2020) (hereafter KSS). Intuitively, Kline et al. (2020)’s approach

is to unbiasedly estimate the noise in the fixed effects and use this to debias estimates of

the variance components using these noisy fixed effects. This approach has the disadvantage

that we can now only estimate fixed effects in the largest leave-one-out connected set. This

reduces the effective sample size and restricts estimation to a particular sub-sample of the

data containing better-connected workers and firms.

We first apply the KSS correction to obtain unbiased estimates of the second moments

appearing in the worker–job variance decomposition, including the variance of worker fixed

effects, the variance of job fixed effects, and the covariance between worker and job fixed

effects in equation 2. To obtain KSS-corrected estimates of the terms in equations 3 and

5, as well as the analogous between–within decomposition of job-effect variance, we note

that each target can be expressed in the quadratic form required by Kline et al. (2020). In

particular, let

θ̂ =

(
α̂

λ̂

)
collect the worker and job fixed effects from the original worker–job model. Each target

moment q can then be written as

m̂q = θ̂′Qqθ̂,

where Qq is a known weight matrix determined by the employment weights, occupation

assignments, and the particular component being estimated. This representation follows

because occupation-level averages of the fixed effects, as well as the occupation, firm, and

match components γo, ψf , and Ωof , are linear functions of the original worker and job fixed

effects. The KSS correction therefore applies directly to each target moment, with only the
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weight matrix Qq changing across components.5 Since this is a direct application of the Kline

et al. (2020) correction, it does not involve any additional sample restrictions beyond what

is already required to correct the variance components in equation 2.

For our main specification, we construct these weight matrices directly for both the parent

between–within moments and the channels of equation 5. For exercises requiring repeated

estimation across periods and occupation codings, we retain an alternative implementation

of the parent between–within decomposition. Specifically, we estimate the KSS-corrected

conditional covariance and variance within each occupation and aggregate them using occu-

pation employment shares:

Ĉ KSS
within =

∑
o

ŝo Ĉov
KSS (

αi, λJ(i,t) | o
)
,

and

V̂ KSS
within =

∑
o

ŝo V̂KSS
(
λJ(i,t) | o

)
,

where ŝo is occupation o’s employment share. The corresponding between-occupation com-

ponents are obtained from the adding-up identities

Ĉ KSS
between = Ĉ KSS

total − Ĉ KSS
within, V̂ KSS

between = V̂ KSS
total − V̂ KSS

within.

This conditional-moment implementation targets the same parent between–within decom-

position but does not produce the more detailed occupation, firm, and match channels.

They are used for the over-time and granularity exercises (Section 4.2, Appendix F). As an

additional diagnostic, we also calculate plug-in between-occupation moments directly from

employment-weighted occupation averages of the estimated fixed effects. Appendix D reports

plug-in and corrected estimates side by side for every channel, quantifying limited-mobility

bias channel by channel. The alternative implementations give the same substantive con-

clusions, providing reassurance that these substantive conclusions are not driven by how the

decompositions are implemented.

One might instead recover γo and ψf by estimating an additive three-way worker–firm–

occupation model directly (Torres et al., 2018), rather than as a projection of the job effect.

This is akin to substituting equation 4 into equation 1, and estimating the three-way fixed

effects model by OLS. We do not, for two reasons. First, estimating this model by OLS will

force the match effects term Ωof into the residual, implicitly assuming it away: E[Ωof + εit |
o, f ] = 0. In practice, we find that match effects account for an empirically non-trivial share

5In the case of the KSS-corrections of the terms in equation 5, the trace terms are computed with a
Johnson–Lindenstrauss random-projection approximation as in Kline et al. (2020), with draws shared across
channels.
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of total wage variance. Second, while the identification of AKM-style two-way fixed effect

models with mover designs is well understood, the identification of such three-way fixed

effects models is not transparent; for example, it is not clear what the three-way equivalent

of the largest connected set necessary for identification would be. Defining (γo, ψf ,Ωof ) as

a projection of λj imposes no restriction on match effects and makes the components exact

linear functions of the job effect, so that they inherit the identification of the job model itself.

3 Data

We establish our results using administrative matched employer–employee data from two of

the largest labour markets in Europe. Our main setting is Germany, where we observe a

full-count panel covering 1999–2022, which gives us both a large cross-section and a long time

series. We complement it with France as an external-validity setting, whose data have two

features that make them a useful cross-check. First, French wages are uncensored, whereas

German wages are top-coded at the social-security ceiling. Second, French occupation codes

are cross-checked by INSEE against raw job titles provided by employers, thus reducing the

likelihood of miscoding. We therefore confirm that our German findings replicate in France,

where occupation is measured in a quite different way; this reassures us that the results

reflect the labour market rather than the particular way occupation is recorded in any one

dataset. Our main analysis uses 2017–2022 for Germany and 2015–2019 for France. In

both countries, we check robustness to occupation measurement by using coarser occupation

codes, arguing that while occupation miscoding may be possible in the case of very specific

occupations with hundreds of categories, it is far less likely at the 1-digit or 2-digit level.

3.1 German sample

Our German data come from the Employee Histories (BEH), which contain employment

spells for all workers outside the civil service. These spell data are converted into a worker-

year panel, largely following the conventional data cleaning process suggested by Stüber

et al. (2023). The primary limitation is the top-coding of wages above the social-security

contribution ceiling, which we address by imputing censored wages following Card et al.

(2013); this may lead us to understate sorting in higher-wage occupations. The key variables

are real annual earnings, the establishment identifier,6 and occupation codes based on the

5-digit KldB 2010 classification (1,286 categories in the full classification). Following Bon-

homme et al. (2023), our sample is full-time male workers aged 25–60 in West Germany, and

we residualise log annual wages on a cubic in age and year fixed effects.

6An establishment is roughly a firm–location unit and is distinct from both the legal firm and the work-
place; see Card et al. (2013).
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In the German data, workers’ occupations are self-reported. Because occupation is not

central to social security administration, employers may not always update a worker’s oc-

cupation promptly, so within-firm occupation moves are likely under-reported. This mea-

surement concern — which would, if anything, attenuate the role we find for occupations —

is one motivation for the French external-validity exercise. In 2011, Germany also switched

from the older KldB 1988 classification frame to the KldB 2010 classification frame, leading

to a structural break in measurement in that period.

3.2 French sample

The main dataset underlying our French data is the “Base tous salariés” (BTS) data (Insee,

2024), a series of cross-sectional matched employer–employee datasets covering the universe

of French workers (we remove those in government employment). We follow Babet et al.

(2025) in chaining these repeated cross-sections together into a quasi-panel tracking indi-

viduals over time, by matching their data in time t in the year t data to their information

for time t − 1 in the year t + 1 data. This methodology allows for over 95% of individuals

in each cross-section to be matched. One limitation of this approach is that those who are

out of the labour force for more than one calendar year cannot be matched to their previous

employment history and are instead given a new individual identifier.

To make our results comparable to the cross-setting study of AKM results in Bonhomme

et al. (2023), our sample is restricted to full-time male workers aged 25–60 in metropolitan

France, satisfying standard hours and earnings thresholds. Our decomposition is performed

on log annual wages, residualised on a cubic in age and year fixed effects. The key variables

that we use are real annual earnings, the firm identifier (SIREN), and the 4-digit occupa-

tional classification (PCS), which provides 430 distinct categories. A worker’s occupation

is collected from compulsory monthly employer surveys, where reported occupation titles

are cross-checked against reported occupation codes using specialist INSEE software. In the

10% or so of cases where the codes do not agree, additional correction processes are used.7

This process of asking employers rather than employees, using occupation descriptions, and

cross-checking the occupation coding, reduces the probability of incorrect occupation cate-

gorisation. Summary statistics for the French samples, across the five estimation samples

and both periods, are reported in Appendix Table 6.

7More information can be found in an INSEE “Statistical Mail” available at
https://www.insee.fr/fr/information/3647029?sommaire=3647035.
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3.3 Summary statistics

Table 1 reports summary statistics for the German sample across the three estimation sam-

ples: the full sample, the largest connected set, and the largest leave-one-out (LOO) set of

the worker–job model, on which the KSS correction is feasible. The full sample contains 65.5

million observations, 15.0 million workers, and 1.4 million firms. The worker–job LOO set

retains two-thirds of observations (66%) but a smaller share of workers (61%), firms (34%),

and jobs (23%).

While the KSS correction is important in correcting for limited mobility bias, its substan-

tial cost is that it is feasible only on a selected group of firms which, on average, have more

workers but fewer occupations per firm. As shown in the lower panel of Table 1, the median

worker’s firm size rises from 65 to 95 from the full to the LOO sample, the employment

share in firms with fewer than 50 workers falls from 45% to 38%, the mean number of oc-

cupations per firm falls from 26 to 17, and the employment share in single-occupation firms

rises from 8% to 15%. Despite this, the mean and residualised variance of wages are nearly

unchanged across the samples, as is the composition of worker moves. Appendix Table 7

gives the full firm-size and occupation distributions for the included and excluded samples:

the excluded observations are disproportionately in small, occupationally specialised firms,

though the occupation mix and the wage structure by occupation are largely unchanged.

Appendix Tables 3–5 report the same statistics for the three earlier German periods, where

the selection has the same character.
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Table 1: Summary statistics, Germany (2017–2022), across estimation samples

Full Connected Jobs-LOO

Observations (m) 65.55 51.59 43.48
Workers (m) 14.97 10.54 9.15
Firms (m) 1.44 0.93 0.49
Jobs (m) 5.36 2.90 1.23
Mean log daily wage 4.77 4.79 4.80
Var. resid. log wage 0.248 0.240 0.239
Moves (% of obs) 11.3 13.2 11.7
across firms (% of moves) 85.0 85.6 84.5
across occ. (% of moves) 66.0 66.4 63.0
both (% of moves) 51.0 52.0 47.5

Selection characteristics
Median worker’s firm size 65 79 95
Empl. share, firms <50 (%) 45.0 41.4 37.9
Mean occ. per firm (empl.-wtd.) 25.85 20.24 16.60
Empl. share, 1-occ. firms (%) 8.2 10.9 14.7

Notes: Counts in millions. “Full” is the sample after the restrictions of Section 3.1; “Connected”
and “Jobs-LOO” are the largest connected and leave-one-out connected sets of the worker–job model.
Move rows are shares. Median worker’s firm size is the employment-weighted median; occupations per
firm counts distinct 5-digit occupations per firm-year, employment-weighted.

As a benchmark, Table 2 reports the standard worker–firm AKM decomposition in Ger-

many, which most of the previous literature estimates, by plug-in across the relevant estima-

tion samples. The worker–job leave-one-out restriction keeps a particular sub-population,

and a natural concern is that this selection, rather than the labour market, drives our

results: if the connectivity requirement dropped precisely the firms in which high-ability

workers match to high-premium firms within occupations, our later finding that worker–firm

sorting operates mainly between occupations would be an artefact of the sample rather than

a feature of the data. Table 2 characterises the direction of any such selection. Moving from

the standard firm leave-one-out set to the worker–job leave-one-out set used in our main

analysis does not lower measured worker–firm sorting; if anything it raises it, from 12% to

15% of variance, with the worker and firm variances little changed.8 The other measured

variance components, i.e., the variances of the worker and firm fixed effects, are also remark-

ably similar across the two LOO samples. We therefore conclude that the worker–job LOO

set that underlies our main results should be seen as a more connected sample than the full

8The same ranking holds under the Kline et al. (2020) correction, with Cov(αi, ϕ
firm
f ) of 0.018 on the firm

leave-one-out set against 0.022 on the worker–job set.
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dataset, and that, if anything, measured sorting should be lower in the full dataset.

Table 2: Worker–firm AKM decomposition across estimation samples (Germany, 2017–2022)

Firms conn. Jobs conn. Firms LOO Jobs LOO

Total residualised variance, Var(y) 0.24 (100%) 0.24 (100%) 0.23 (100%) 0.24 (100%)

Var. worker effect 0.15 (65.2%) 0.15 (62.3%) 0.15 (64.3%) 0.15 (61.5%)
Var. firm effect 0.039 (16.5%) 0.036 (14.9%) 0.032 (13.8%) 0.033 (13.8%)
Sorting, 2Cov 0.021 (8.8%) 0.031 (13.1%) 0.028 (12.1%) 0.036 (15.1%)
Residual 0.022 (9.5%) 0.023 (9.7%) 0.023 (9.8%) 0.023 (9.6%)

Notes: Plug-in (uncorrected) decomposition of the standard worker–firm AKM model. Each cell reports the raw variance
component (two significant figures, in residualised log-wage units) with its share of the column’s total residualised variance,
V(y), in parentheses; the top row reports V(y) itself, the 100% reference. Columns are the firm-model connected set, the
worker–job connected set, the firm-model leave-one-out (LOO) set, and the worker–job LOO set used in the main analysis, each
normalised by its own V(y). Sorting is 2Cov(α, ϕfirm).

3.4 Segregation of occupations across firms

A premise of our analysis is that occupations and firms must be considered jointly because

occupations are segregated across firms. We quantify this with the Theil-H index of segre-

gation (Theil and Finizza, 1971; Theil, 1972), which measures how much of the uncertainty

about a worker’s occupation is resolved by knowing their firm: it is zero if every firm reflects

the economy-wide occupation mix and one if firms are perfectly occupationally specialised.

We normalise the index to [0, 1] and compute it on firms with more than ten workers to

prevent our results from being driven entirely by very small firms.

Occupations are highly segregated across firms in both countries. Figure 1 plots the

index over the studied periods. Knowing a worker’s firm resolves about two-thirds of the

uncertainty about their occupation; even at the 3-digit level it removes about 63% of the un-

certainty in Germany and France alike. Segregation is moreover robust to drastic coarsening

of the classification. The figure also plots the index at the 1-digit level — a handful of broad

occupational groups — where knowing a worker’s firm in Germany still resolves about 57%

of the uncertainty about their occupation.9 That so much segregation survives even at the

broadest occupational grouping makes it implausible that the pattern is an artefact of fine,

possibly noisily coded, occupation cells. The index has also risen over time in both countries.

This rising segregation leaves open the possibility that recently documented increases in the

contribution of firms to wage inequality (Song et al., 2019) partly reflect rising occupational

segregation across firms — a question we take up in Section 4.2.

9The French index falls further at the 1-digit level, to around 40%, because the top level of the PCS
classification collapses to far fewer categories than the German KldB; the two are therefore not directly
comparable at this coarse level.
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Figure 1: Segregation of occupations across firms in studied periods
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Notes: The figure reports the Theil-H index of occupational segregation across firms in Germany (1999–2022) and France
(2010–2019). The index measures the employment-weighted reduction in the entropy of the occupation distribution from
conditioning on firm membership, normalised by overall entropy, so that H ∈ [0, 1]: it is zero if every firm reflects
the economy-wide occupation mix and one if firms are perfectly occupationally specialised. In each country the index
is computed under three occupation codings: a 1-digit grouping, a coarser 3-digit classification, and the most detailed
classification used in the analysis (5-digit for Germany based on KldB 2010, 4-digit for France based on PCS). The 1-digit
level is not directly comparable across countries, as the top level of the French PCS collapses to far fewer categories than
the German KldB. The sample is restricted to firms with more than ten workers in the relevant period; worker and
variable definitions follow Section 3.

4 Decomposition results

We now bring the framework of Section 2 to the data. We estimate the model on the

main period (2017–2022), defining jobs at the finest, 5-digit occupation coding. Throughout

we correct for limited-mobility bias using the leave-out estimator of Kline et al. (2020);

the uncorrected plug-in estimates are in Appendix C, alongside both shares and absolute

variance components, as recommended by Kline (2024).

Figure 2 summarises the main results. For both France and Germany, and for both

the worker–firm and worker–job models, the left-hand set of grey bars in Figure 2 reports

the estimated contribution of worker heterogeneity, V̂(α̂i), to the overall log-wage variance.

The middle set of bars reports the contribution of firm- or job-level heterogeneity: in grey,

firm-level heterogeneity V̂(ϕ̂firm
f ) from the worker–firm model; in blue, job-level heterogene-

ity from the worker–job model, where the two stacked bars sum to V̂(λ̂j). We split this
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job-level variance by the law of total variance into a within-occupation component (dark

blue), Ê
[
V̂(λ̂j | o)

]
, and a between-occupation component (light blue), V̂

(
Ê[λ̂j | o]

)
. The

right-hand set of bars reports the analogous covariance decomposition. In grey we show

worker–firm sorting, 2 Ĉov(α̂i, ϕ̂
firm
f ); in blue, the analogous worker–job sorting, 2 Ĉov(α̂i, λ̂j),

which we split by the law of total covariance into within-occupation sorting (dark blue),

2 Ê
[
Ĉov(α̂i, λ̂j | o)

]
, and between-occupation sorting (light blue), 2 Ĉov

(
Ê[α̂i | o], Ê[λ̂j | o]

)
.

Figure 2: Decomposition results
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variance and sorting components are split into within-occupation (dark) and between-occupation (light) parts by the law of
total covariance; the worker component and the worker–firm bars are not occupation-split. Sorting is 2Cov. Germany is the
main 2017–2022 sample; France is the 2015–2019 external-validity sample. Bar labels are rounded independently and may not
sum exactly to the printed totals.

We begin by comparing the two models at the level of the standard decomposition, before

turning to the occupational split that is our main contribution. Moving from the worker–firm

AKM model to the worker–job model widens the room for both workplace heterogeneity and

sorting. In Germany the variance attributed to the workplace rises from 11.8% to 20.5%

of log-wage variance, and total worker–workplace sorting rises from 15.6% to 21.4%; France

shows the same direction of change. The reason is that the job effect, unlike the firm effect,

can vary by occupation: it absorbs occupation pay premia that the occupation-blind firm

effect either leaves in the residual or loads imperfectly onto the firm.

To understand what this larger sorting is made of, we apply the between/within-occupation

decomposition of equation 3. Strikingly, we find that, holding occupation fixed, the covari-

ance of worker and job effects contributes just 1.7% of variance in Germany. The overwhelm-

ing majority of the measured sorting, 19.8 of 21.4 percentage points, is between occupations.

16



France tells the same story, with 17.0 of 21.0 points between occupations. Set against the

worker–firm benchmark the contrast is sharp: standard AKM attributes 15.6% of wage vari-

ance to the sorting of high-wage workers to high-wage firms, but once occupation is held fixed

the within-occupation sorting component shrinks to 1.7% of variance. What AKM accounts

as the matching of able workers to high-paying firms operates overwhelmingly through which

occupations those workers hold, not through a within-occupation firm-matching premium.

Applying the same between-/within-occupation decomposition to the variance of job fixed

effects, we find that the results are not driven by there being no residual variation of firm

pay premia within occupations. In Germany the job-effect variance splits into 7.9% between

occupations and 12.6% within; in France, 5.1% and 5.5%. The within-occupation component

is the larger of the two in both countries: different firms pay materially different premia for

workers in the same occupation, so the firm margin offers real wage differences even after

occupation is netted out.

4.1 Firm-premium versus occupation-premium channels of between-

occupation sorting

Having established that worker–job sorting is overwhelmingly a between-occupation phe-

nomenon, a natural question is what between-occupation sorting itself consists of. As our

theoretical discussion illustrates, between-occupation sorting could be high, even if there

were no occupation premia, when high-wage occupations are overwhelmingly segregated

into high-wage firms. To distinguish between worker–occupation sorting and occupation–

firm segregation, we first project the estimated job fixed effect linearly into occupation,

firm, and match components from Section 2, λj = γo + ψf + Ωof (equation 4). This splits

both the sorting covariance Cov(αi, λj) and the job-premium variance V(λj) into occupation,
firm, and match channels, each in turn split between and within occupation, according to

equation 5.

We report these sub-components with the leave-out correction of Section 2.2 applied

to every channel; Appendix D reports the corresponding plug-in estimates side by side,

quantifying limited-mobility bias channel by channel. To keep the comparison meaning-

ful we estimate everything, including the standard worker–firm AKM benchmark, on the

same worker–job leave-one-out sample and correct all components, so the AKM firm sorting

Cov(αi, ϕ̂
firm
f ) and variance V(ϕ̂firm

f ) furnish a like-for-like baseline against which to read the

decomposition. The results are presented in Figure 3.

Our main finding is that the direct occupation-premium channel, Cov
(
E[αi | o], γo

)
,

accounts for about one-third of between-occupation sorting (0.0083 of 0.0237), while the

remaining two-thirds runs through the firm-premium channel, Cov
(
E[αi | o], E[ψf | o]

)
=
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0.0154: the occupations into which high-ability workers sort are high-paying largely because

they are concentrated at firms paying high premia to their entire payroll. Sorting of workers

to firms within occupations is, by contrast, far smaller — a corrected covariance of 0.0055,

about a third of the size of its between-occupation counterpart, and partly offset by a negative

within-occupation match channel (−0.0036).

How should we interpret the between-occupation firm-premium term? One interpretation

is that it is best read not as a separate margin of sorting but as a consequence of two other

features of the data: (i) workers sort across occupations on ability, accounting for about a

third of the total sorting term, and (ii) the occupations that attract high-ability workers

are disproportionately housed at high-premium firms — Figure 5 documents the analogous

relationship for occupation premia. Given this firm–occupation structure, a positive covari-

ance between worker ability and firm premium arises even though, within occupations, the

tendency of high-ability workers to be at high-premium firms is comparatively weak.

Figure 3: Worker–job sorting Cov(αi, λj) by channel, against the AKM firm-sorting baseline (Ger-
many, 2017–2022)
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Notes: Waterfall building leave-out corrected worker–job sorting Cov(αi, λj) from its cross-decomposition cells, grouped into
between- and within-occupation blocks (occupation premium γo, firm premium ψf , match Ωof ). The dashed line and leftmost

bar give the standard worker–firm AKM sorting Cov(αi, ϕ̂
firm
f ). All components are leave-out (KSS) corrected — the channels

using the extension described in Section 2.2, the AKM baseline using the standard leave-out estimator — and estimated on
the same worker–job leave-one-out sample, so the channels sum exactly to the corrected total underlying Figure 2. Plug-in
estimates for every cell are reported in Appendix D.

Figure 4 applies the same decomposition to the variance of the job premia, V(λj). Here
the within-occupation firm-premium component is the largest single term: firms pay materi-

ally different premia for the same occupation, so there is substantial within-occupation firm
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wage dispersion. This dispersion exists, but high-wage workers only weakly sort to those

high-premium firms (conditional on occupation), so the corresponding within-occupation

firm-premium covariance is far smaller than this dispersion would allow. The match compo-

nent, which an additive worker–firm–occupation model discards entirely, accounts for 15%

of job-premium variance after correction.10

Figure 4: Worker–job premium variance V(λj) by channel, against the AKM firm-variance baseline
(Germany, 2017–2022)
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Notes: As Figure 3, for the variance of the job premia V(λj). Variance of a sum carries an occupation × firm interaction
term, 2Cov(γo,E[ψf | o]), shown as a separate (between-occupation) step. All components are leave-out (KSS) corrected; the
correction is largest for the match component, whose plug-in value is inflated by limited-mobility bias (Appendix D).

Figure 18 in the Appendix presents an overview of all the decompositions performed

above.

4.1.1 Occupations where wages are high cluster at high-premium firms

The firm-premium channel of between-occupation sorting rests on a specific claim: that

occupations where wages are high are themselves concentrated at firms that pay high premia.

The cross term 2Cov(γo,E[ψf | o]) that appears in the variance decomposition (Figure 4)

captures whether high-premium occupations cohere with high-premium firms — a sufficient

condition for the claim that high-wage occupations cluster at high-premium firms. To study

10Limited-mobility bias inflates plug-in variance components, most severely for the match component: the
correction reduces the match variance from 0.0132 to 0.0073 and the within-occupation firm variance from
0.0279 to 0.0229 (Appendix D).
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this object, Figure 5 plots, for each occupation, the mean firm premium of the firms that

employ it, E[ψf | o], against the occupation’s own premium γo.

The relationship is positive: occupations that command a wage premium are also em-

ployed disproportionately at high-premium firms (an employment-weighted slope of 0.43

after leave-out correction, Cov(γo,E[ψf | o]) = 0.0021). In a standard worker–firm AKM

model, the firm effect absorbs this correlation: a firm that employs high-premium occupa-

tions is mechanically assigned a higher firm effect, even if it pays no more than average

within each occupation. High-ability workers’ sorting into those occupations then shows

up as worker–firm sorting, when it is more accurately worker–occupation sorting at firms

specialised in high-premium occupations.

Figure 5: High-premium occupations are employed at high-premium firms (Ger-
many, 2017–2022)
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Notes: Each faint bubble is an occupation, with area proportional to employment; the horizontal axis
is the occupation premium γo and the vertical axis the employment-weighted mean firm premium of
the firms employing that occupation, E[ψf | o], both from the linear projection λj = γo + ψf + Ωof .
Solid points are an employment-weighted binscatter (16 bins of equal occupation count); the line is
the employment-weighted regression with a 95% confidence band; dashed lines mark the employment-
weighted means. The plotted components are plug-in; the leave-out corrected slope reported in the text
(0.43) is nearly identical to the plug-in slope shown (0.42). A handful of small occupations with extreme
premia fall outside the plotting window. Germany, worker–job model, 2017–2022.

4.1.2 Firm–occupation match effects are substantial

We find that in contrast to the three-way fixed effect regression proposed by Torres et al.

(2018), the firm–occupation match effect is not negligible in determining the overall wage
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structure. We showed earlier that the match effect accounts for 15% of the total variance

in job fixed effects after leave-out correction (22% by plug-in). In this section, we analyse

where in the firm–occupation space these match effects concentrate, both to understand

the structure of pay and because the additive worker–firm–occupation model discussed in

Section 2 would set them to zero by construction. Figure 6 plots the mean match effect

across cells defined by firm and occupation mean-wage quantiles.

The additive approximation is accurate over most of the surface: across the bulk of cells

(green) the job premium lies within 0.025 log points of the additive prediction γo + ψf . We

find that an additive model would severely under-predict wages for high-wage occupations

in low-wage firms; in these cells, the additive model under-predicts actual wages by more

than 0.10 log points in the most extreme cases. Negative match effects, where the additive

model over-predicts, are rarer and scattered.

This localisation matters for the decomposition. Because match effects are confined to the

tails rather than spread across the surface, they contribute only modestly to the aggregate

match channel in Figures 3 and 4; but they are economically meaningful where they occur,

and an additive specification — which forces Ωof = 0 — would miss them entirely.

Figure 6: Match effects Ωof across firm and occupation mean-wage quantiles (Germany,
2017–2022)

Notes: Mean match effect Ωof = λ̂j − (γ̂o + ψ̂f ) — the gap between the estimated worker–job premium and the
additive sum of its occupation and firm components — in cells defined by 25 quantiles of firm mean wage (vertical)
and occupation mean wage (horizontal). Green cells lie within ±0.025 log points of the additive prediction; warm
colours mark cells where the additive model under-predicts (positive match effects), cool colours where it over-
predicts. Germany, worker–job model, 2017–2022.
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4.2 Time trends

The literature has recently been interested in how the role of firms in explaining wage inequal-

ity has changed over time (Card et al., 2013; Song et al., 2019; Engbom and Moser, 2022;

Lachowska et al., 2023). We extend our analysis to four overlapping periods from 1999.11

Figure 7 shows how job-level heterogeneity (top row) and worker–job sorting (bottom row)

have evolved, each decomposed into between- and within-occupation components. Because

the same 2011 reclassification refined the detailed occupation codes, leading the number of

5-digit occupations to roughly quintuple, we report the decomposition at both the 5-digit

and the coarser 3-digit coding. The 3-digit series, whose code count barely changes at the

break, is more directly comparable over time, while the 5-digit series serves as an upper

bound on the between-occupation contribution.12

The top row confirms that, in our worker–job model, we replicate the finding of Card

et al. (2013) that the dispersion of workplace wage premia rose through the 2000s, with both

the between- and the within-occupation components contributing. Extending the exercise

to 2022, however, job-level heterogeneity flattens and then falls, so that the final period

(2017–2022) returns close to the level of the first (1999–2004); the most recent period also

includes the COVID-19 pandemic, which may affect the estimates in hard-to-predict ways.

This pattern is visible at both codings.

In terms of the development of sorting over time, our main qualitative conclusion is that

the increase in sorting first documented in Card et al. (2013) is primarily driven by an increase

in between-occupation covariance. The between-occupation component rises markedly and

accounts for the bulk of both the level and the increase at either coding. However, the size

of within-occupation covariance over time has also increased, albeit to a smaller extent than

between-occupation covariance. At the 5-digit coding this within-occupation component is

small, while at the coarser 3-digit coding it is larger and itself rising — but it remains far

smaller than the between-occupation component throughout.

11In 2010–11 a new occupational classification was introduced in Germany, inducing an abnormally large
number of apparent occupation moves; we exclude those years because occupation changes then need not
reflect genuine moves.

12The over-time exhibits apply estimators that are available uniformly across all period–coding cells:
Figure 7 uses the conditional-moment leave-out estimator described in Section 2.2, and Figure 8 reports
plug-in channel estimates. The projection-based corrected channel estimator is computationally demanding
and could not be completed for every period–coding cell. Where both are available, the plug-in and corrected
estimates of the between-occupation components — which carry the trends of interest — are nearly identical
(shown for the main specification in Appendix D), and because the limited-mobility correction is of similar
magnitude across periods, changes over time difference out most of the remaining bias, so the trends remain
interpretable.
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Figure 7: Changes in variance of job fixed effects and sorting, 1999–2022 (Germany)
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Notes: Leave-out (KSS) corrected decomposition of the variance of the job effect V(λj) (top row) and of worker–job sorting
Cov(αi, λj) (bottom row) into between-occupation (light) and within-occupation (dark) components, in variance levels, for four
German periods. Columns report the 3-digit and the 5-digit occupation codings. The years 2010–11 are excluded because of
the change in occupation classification; at that break the number of detailed 5-digit codes rose sharply (247 to 1,233), which
mechanically inflates the between-occupation component, whereas the 3-digit count changed little (115 to 144).

Figure 8 further decomposes the between-occupation variance of job fixed effects and co-

variance of worker and job fixed effects according to equation 5, based on the linear projection

of job fixed effects into firm and occupation fixed effects. The growth in between-occupation

worker–job sorting (bottom row) is concentrated in the firm-premium channel, cohering

with papers which document rising firm–occupation fissuring over time (Bilal and Lhuillier,

2021; Handwerker, 2023). The variance of job premia (top row) is dominated throughout

by the firm-premium component and traces the same hump-shaped path as the aggregate

in Figure 7. These are plug-in estimates, and as before the 5-digit series overstates the

firm-premium and between-occupation component around the 2011 reclassification.
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Figure 8: Channel decomposition of job-premium variance and worker–job sorting over time (Ger-
many, 1999–2022)

Notes: The figure decomposes the between-occupation components of Figure 7 into the channels of the linear projection
λj = γo + ψf + Ωof (Section 4.1). The top row is the between-occupation variance of the job premium, V(E[λj | o]) =
V(γo) + V(E[ψf | o]) + 2Cov(γo,E[ψf | o]), split into an occupation-premium component (γo), a firm-premium component
(E[ψf | o]), and the occupation × firm cross term. The bottom row is between-occupation worker–job sorting, Cov(E[αi |
o],E[λj | o]) = Cov(E[αi | o], γo) + Cov(E[αi | o],E[ψf | o]); being a covariance it is linear in the job premium and so carries no
cross term. The between-occupation match channel (Ωof ) is identically zero by construction (E[Ωof | o] = 0) and is omitted; the
negative match contribution to sorting shown in Figure 3 is entirely within-occupation. Columns report the decomposition at
the 3-digit and 5-digit occupation codings. Estimates are plug-in (uncorrected); the 5-digit series overstates the firm-premium
and cross components around the 2010–11 reclassification (Section 4.2). Germany, 1999–2022.

4.3 Diagnostics and robustness checks

4.3.1 Exogeneity of moves

To interpret the job fixed effects as pay premia, we require that, conditional on the estimated

effects, workers’ moves between jobs are exogenous. We assess this with the event-study logic

of Card et al. (2013). If the additive model is correct, a worker who moves from a high-

premium to a low-premium job should experience a step change in pay that is roughly the

mirror image of the change for the reverse move; asymmetric or drifting wage paths would

instead signal match effects or selection on transitory shocks that the fixed effects do not

capture. We implement the test by sorting jobs into quartiles of the leave-out mean job fixed

effect and plotting average wages in the two years on either side of a move between quartiles.
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Figure 9 reports the test for Germany. The diagonal panels — moves between jobs in the

same quartile — are flat, and the off-diagonal panels show clean step changes at the move

that are symmetric across the diagonal: the wage gain for the most extreme upward move

(first to fourth quartile) closely mirrors the loss for the reverse move, with stable wages in

the years before and after. This is the pattern the additive model predicts and matches the

worker–firm literature (Card et al., 2013, 2018; Bonhomme et al., 2023).

Figure 9: Event study around job moves, clustering by leave-out mean job fixed
effect (Germany, 2017–2022)
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Notes: Each panel plots average residualised log wages in event time around a move between jobs, for
moves from one quartile of the leave-out job fixed effect to another (origin quartile in rows, destination
in columns; cell counts in titles). Jobs are sorted by the leave-out mean job fixed effect. Workers must
hold the origin job for two years before and the destination job for two years after the move. Germany,
worker–job model, 2017–2022.

A natural concern is that pooling all moves could mask differences in exogeneity across

move types. The worker–firm literature treats moves across firms as conditionally exogenous,

but our job effect is also identified from moves across occupations within a firm, and these

may be more suspect: a within-firm occupation change is often a promotion, which firms

may grant on the basis of private information about a worker’s productivity, generating

exactly the kind of match effect or selection that would invalidate the test. Figure 10 splits

the event study into within-occupation across-firm moves (panel a, the classic AKM firm

move) and across-occupation within-firm moves (panel b, the occupation change). Both

reproduce the symmetric step pattern of the pooled figure. The firm moves behave as the

AKM literature finds; more notably, the within-firm occupation moves — though rarer, so
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the extreme cells are thinner — show the same symmetry, with no systematic pre-move drift

or asymmetry between gains and losses. We find no evidence that within-firm occupation

changes are differentially endogenous, which supports identifying the occupation component

of the job premium from these moves. The same patterns hold when jobs are clustered by

their leave-out mean wage rather than the estimated fixed effect, and when the test is run

on the independently coded French data; we report both sets of figures in Appendix E.

Figure 10: Event study by move type (Germany, 2017–2022)
(a) Within-occupation, across-firm
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(b) Across-occupation, within-firm
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Notes: As Figure 9, restricting to moves that change the firm but not the occupation (panel a) and moves that change the
occupation but not the firm (panel b). Germany, worker–job model, 2017–2022.

4.3.2 Robustness to coarser occupation categories

A natural worry is that our results are driven by fine, possibly mismeasured, occupation

codes: if firms fill in detailed codes inconsistently, apparent across-occupation structure

could be an artefact of reporting. We address this by re-estimating the decomposition with

progressively coarser occupation codes, from the finest classification down to a single digit,

given that coarser occupation codes are less likely to be misclassified. Coarsening the code

can only move variation from the between- to the within-occupation component, so the

between-occupation components shrink as we coarsen by construction. The test is therefore

not whether the between-occupation share is invariant (it cannot be), but whether the two

substantive conclusions survive aggregation.

Appendix Figures 15 and 16 report the full variance and covariance decompositions from

1- through 5-digit occupation codes (1 through 4 for France) in both countries. We find

that our main conclusions are robust to using coarser occupational codes. First, the within-

occupation dispersion of job premia is substantial at every granularity: the within-occupation

variance of the job effect is large and essentially flat across codings (around 0.028–0.032 in

Germany and 0.011–0.014 in France), so the finding that firms pay materially different
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premia for the same broad occupation is not an artefact of fine codes. Second, a large share

of worker–job sorting remains between-occupation even at the coarsest codings. France is

the more demanding test here precisely because its occupations are independently verified:

even at the 1-digit level — where occupations collapse to a handful of broad groups —

67% of the wage inequality attributable to sorting between workers and jobs is still due to

sorting across occupations, and 19% of the variance attributable to job heterogeneity remains

between-occupation. That so much between-occupation sorting survives aggregation all the

way to one digit makes occupation mismeasurement an implausible account of our findings.

The same robustness holds for the channel cross-decomposition of Section 4.1: Appendix

Figure 17 re-computes the occupation-premium, firm-premium, and match channels at 3-

versus 5-digit codes and shows that the firm-premium channel — both its variance and its

covariance with worker ability — is essentially unchanged (Cov(α, ψf ) of 0.021 at the 5-digit

versus 0.020 at the 3-digit coding, leave-out corrected), while only the occupation-premium

channel scales with granularity and the match channel stays small. The firm-dispersion and

firm-sorting results are thus not artefacts of how finely occupations are coded.

5 Discussion

The central finding of the traditional AKM literature is often summarised by the statement

that high-wage workers work at high-wage firms (Song et al., 2019; Kline, 2024). Our paper

elaborates upon this conclusion in three ways. First, high-wage workers do work at high-wage

firms, principally by holding high-wage occupations. In Germany, 19.8 of the 21.4 percentage

points of residual log-wage variance attributed to worker–job sorting lie between occupations.

Although we find that within occupations high-wage workers only weakly match to high-wage

firms, this is not because of a lack of pay premia dispersion within occupations. Second, two-

thirds of this between-occupation sorting reflects differences in average firm premia across

occupations. These two facts are reconciled by the assignment of occupations to firms.

Our results qualify rather than overturn the conventional AKM decomposition. The

standard worker–firm covariance remains a valid description of the association between per-

manent worker wage components and firm wage components in an occupation-blind model;

rather, our work points out that the AKM sorting term corresponds not only to the kind of

worker–firm sorting studied widely in the literature, but also to the occupational allocation

of workers and the non-random allocation of those occupations across firms. Our findings

have numerous implications for the wider literature on wage determination. In this discus-

sion, we focus on two central conclusions. First, worker–firm sorting has been the central

axis of theoretical and structural work on sorting in recent years; our work shows the im-

portance of understanding whether the complementarities identified therein are driven by
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worker–occupation complementarities like those identified within the occupational sorting

literature. Second, contrary to the findings of large worker–firm sorting in the worker–firm

AKM model, we find substantial wage dispersion within occupations but little evidence of

wage sorting within occupations.

Sorting along worker, firm, and occupation dimensions. In part motivated by the

proliferation of AKM estimates of worker–firm sorting, a large literature has developed mea-

suring the extent of worker–firm complementarity and sorting in the economy (Eeckhout

and Kircher, 2011; Lise et al., 2016; Hagedorn et al., 2017; Bagger and Lentz, 2019; Lentz

et al., 2023; Bonhomme et al., 2019; Borovičková and Shimer, 2024). Our findings complicate

this picture by emphasising the role of worker–occupation sorting as a more quantitatively

important driver of wage inequality. Models of worker–occupation sorting are of course not

new and predate AKM: the Roy model generated a large assignment literature (Roy, 1951;

Sattinger, 1993), in which workers select into the task where their comparative advantage

lies and pay differences across occupations reflect the market value of the work performed.

The task-based framework (Autor et al., 2003; Acemoglu and Autor, 2011; Goos and Man-

ning, 2007) supplies an account of why those relative values shift over time, and dynamic

models of occupational choice and occupation-specific human capital (Keane and Wolpin,

1997; Yamaguchi, 2012) an account of why an assignment persists once made.

A first-order open question posed by our results is: are previously measured worker–firm

complementarities driven implicitly by worker–occupation complementarity? A large litera-

ture shows that AKM covariances do not generally identify complementarities in underlying

primitives, such as worker ability and firm productivity (Eeckhout and Kircher, 2011; Hage-

dorn et al., 2017; Lopes de Melo, 2018; Borovičková and Shimer, 2024). The same caveat

applies to each part of our decomposition. For example, the larger between-occupation

covariance does not establish that worker–occupation complementarities are stronger than

worker–firm complementarities. This calls for models of sorting which jointly feature both

firm and occupational components, and our decomposition supplies reduced-form moments

for that exercise: such a model should reproduce large firm-premium dispersion within oc-

cupational markets, a weak covariance between that dispersion and the portable worker

component, and worker–occupation covariance channelled predominantly through the firm

premia of employing firms. On the firm side, recent theoretical and structural work re-

laxes the assumption that workers and jobs can be ordered by scalar types. Workers in-

stead possess bundles of skills and jobs require different bundles of tasks, so that sorting is

dimension-specific and governed by comparative advantage and worker–job complementar-

ities (Lindenlaub, 2017; Lise and Postel-Vinay, 2020; Lindenlaub and Postel-Vinay, 2023).

Indeed, Lise and Postel-Vinay (2020) measure job requirements using occupation-level task
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information. Viewed through this framework, a job is naturally indexed by both its employer

and its occupation. Firm-based sorting statistics that suppress the occupational dimension

may therefore combine the matching of worker skills to occupational task bundles with resid-

ual sorting across firms within occupations.

A further implication of our analysis is that an important part of measured wage in-

equality is generated by the alignment of the occupation-to-firm assignment with the ability

composition of occupations and, secondarily, with occupation premia. This coheres with two

literatures that ask which occupations belong inside the firm. The first, on outsourcing and

fissuring (Abraham and Taylor, 1996; Goldschmidt and Schmieder, 2017; Bilal and Lhuillier,

2021; Handwerker, 2023; Cortes et al., 2024), studies which occupations firms shed to outside

contractors, and finds the motive is frequently to avoid paying firm-level premia to occu-

pations peripheral to the firm’s core activity. The second, on knowledge-based hierarchies

(Garicano, 2000; Garicano and Rossi-Hansberg, 2006; Caliendo et al., 2015), studies how

firms allocate knowledge across layers of workers, so that a firm’s occupational composition

is an outcome of its size, productivity and organisational choices rather than a technological

given: larger and more productive firms support more layers and are correspondingly top-

heavy in high-knowledge occupations. The two accounts generate the alignment we measure

from opposite directions: the first by subtraction, as high-premium firms divest themselves

of their low-premium occupations, and the second by addition, as productive firms build the

upper layers that low-premium occupations do not occupy.

One implication is that previous measurements of the increasing importance of firm sort-

ing (Song et al., 2019) may reflect increasing occupational segregation over time, rather than

improved matching efficiency. The evolution of the decomposition reinforces this organisa-

tional interpretation. The rise in worker–job sorting since the early 2000s occurs primarily

between occupations, and the dispersion of job premia is roughly flat over the same period.

This pattern is consistent with a realignment of the occupation-to-firm assignment rather

than a widening premia or improved matching. The result is consistent with a growing

separation of occupations across firms, including the forms of fissuring documented in the

outsourcing literature.

Wage dispersion without sorting within occupations. A second central finding is

the contrast between dispersion and sorting within occupations. Substantial job-premium

dispersion remains among workers recorded in the same detailed occupation: it accounts for

12.6% of residual log-wage variance in Germany and 5.5% in France, and constitutes the

larger component of job-premium variance in both countries. Moreover, the absolute within-

occupation variance is relatively stable as the occupation classification is coarsened. AKM

firm effects have been interpreted as capturing rent-sharing, an efficiency-wage premium, or
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strategic wage posting (Card et al., 2013); as the outcome of bargaining (Card et al., 2016),

of rent-sharing over quasi-rents (Kline et al., 2019), and of imperfect competition in the

labour market (Lamadon et al., 2022); and as the pay component of a broader compensation

package including amenities (Sorkin, 2018; Card et al., 2018; Sockin, 2022; Humlum et al.,

2025). Our within-occupation estimates reinforce the core finding of this literature: firms

differ persistently and substantially in the premia they pay, and this dispersion is not an

artefact of occupational composition.

At the same time, the German estimates show little tendency for workers with higher per-

manent wage components to hold the higher-premium jobs within their occupation, while the

French estimates show that within-occupation sorting accounts for only 20% of total worker–

job sorting. This stands in contrast to the worker–firm sorting emphasised in much of the

structural literature. One possibility is that the weak covariance partly reflects measurement.

German wages are censored at the social-security ceiling and are imputed above it following

Card et al. (2013). Residual attenuation could be especially consequential in highly paid oc-

cupations, where within-occupation sorting may be strongest. The French data do not have

the same censoring problem and nevertheless assign most sorting to the between-occupation

component, although the remaining 4.0 percentage points of within-occupation covariance

are economically non-negligible. Limited-mobility bias is another natural concern: early

findings of weak worker–firm sorting were substantially affected by noise in estimated fixed

effects (Andrews et al., 2008, 2012). Our leave-out correction changes the within-occupation

covariance substantially relative to its plug-in value but still produces only a small positive

estimate in Germany. Measurement concerns therefore qualify the magnitude rather than the

finding itself: the French data are uncensored and independently coded and deliver the same

ranking, and the leave-out correction moves the German estimate from negative (−6.7% of

variance) to a small positive value (+1.7%) rather than uncovering substantial sorting that

noise had masked.

The null also admits economic interpretations. Search frictions, limited information about

employer wage policies, geographic mobility costs, or occupation-specific labour markets may

prevent workers from reaching the highest-paying employer within their occupation. Collec-

tive bargaining, rent sharing, or other institutional wage-setting arrangements may generate

broad firm premia without those premia being finely allocated according to workers’ perma-

nent wage components. Alternatively, the scalar worker effect may omit occupation-specific

or multidimensional skills on which firms and workers do sort. In that case, economically

meaningful matching could occur within occupations without producing a large covariance

between the job premium and the particular worker component estimated here.

Sorting over non-wage job attributes provides another possible explanation. AKM firm

effects have been interpreted many ways (Card et al., 2013, 2016; Kline, 2024; Lamadon
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et al., 2022), but they may also form part of a broader compensation package containing

non-wage amenities (Sorkin, 2018; Card et al., 2018; Sockin, 2022; Humlum et al., 2025). If

workers select firms on total utility rather than wages alone, wage-premium sorting need not

reveal utility sorting. Recent evidence however has tended to find that valuable amenities

and wages often covary positively across firms, so accounting for amenities can widen rather

than narrow dispersion (Sockin, 2022; Maestas et al., 2023). These aggregate relationships

do not rule out type-specific compensating differentials within occupations, but they imply

that amenities cannot automatically be invoked to convert weak wage sorting into strong

compensating utility sorting.

Finally, it is also possible that there is less worker–firm complementarity than previ-

ously believed, and that part of what existing structural estimates attribute to worker–firm

complementarity reflects worker–occupation complementarity operating through the joint

distribution of occupations and firms. As discussed in the previous section, two-way fixed

effect regressions are not well-placed to uncover such underlying complementarity, and ad-

judicating it requires a structural approach that combines sorting across occupations and

across firms; the moments documented here provide reduced-form targets for that exercise.

6 Conclusion

The two-way fixed effects literature summarises wage sorting with the statement that high-

wage workers work at high-wage firms. In this paper we show that at least in the German

and French settings, this happens primarily because workers work in high-wage occupations

at these firms. Estimating a worker–job fixed-effects model where a job is a firm–occupation

pair on the universe of German and French matched employer–employee data, we find that

over 80% of worker–job sorting lies between occupations. Within occupations, the allocation

of workers to firms is only weakly related to ability, even though within-occupation dispersion

in firm premia is the largest single component of job-premium variance. High-wage workers

do end up at high-wage firms, but they get there by holding high-wage occupations, not by

sorting into positions at high-premium employers within their occupation.

The returns to the occupational margin are nonetheless mostly made of firm premia: two-

thirds of between-occupation sorting arises because the occupations that attract high-ability

workers are concentrated in firms that pay high premia to their entire payroll. These two

findings are reconciled by the assignment of occupations to firms. Occupations are severely

segregated across firms (knowing a worker’s employer resolves two-thirds of the uncertainty

about their detailed occupation). Choosing an occupation is therefore, de facto, choosing a

distribution of employers, and the firm premia workers collect accrue through occupational

membership rather than through competition within occupational labour markets. Over
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time, the rise in measured sorting since the early 2000s is concentrated in this firm-premium

channel while job-premium dispersion itself is flat. This pattern is consistent with a labour

market reorganising which occupations firms house (fissuring of the workplace (Weil, 2014;

Goldschmidt and Schmieder, 2017)), rather than one where matching workers to firms be-

comes more efficient.

Methodologically, our single innovation on the standard AKMmodel is to replace the firm

fixed effect with a job fixed effect, so that the model nests the worker–firm specification while

letting premia vary freely at the firm–occupation level. An auxiliary projection then splits

the job premium into occupation, firm, and match components without imposing additive

separability. This flexibility matters because match effects account for 15% of job-premium

variance even after a leave-out correction. Event studies around job moves (including within-

firm occupation changes) display the symmetric step changes the model implies. We account

for limited-mobility bias using the leave-out estimator of Kline et al. (2020), extended to the

conditional moments and projection channels our decompositions require, and show that the

core results survive coarsening the occupation classification to a single digit and replicate in

the independently coded, uncensored French data.

These results have implications for both theory and policy. Models of worker–firm as-

signment must rationalise large firm-premium dispersion within occupations alongside a

near-zero ability gradient across it, and should treat the firm’s occupational boundary as

an endogenous object central to the wage structure rather than a primitive. For policy,

the ability gradient in pay runs through occupational attachment, so the levers on that

margin are the institutions governing access to occupations: training, licensing, and educa-

tional tracking. The inequality remaining within occupations is premium dispersion allocated

largely orthogonally to ability; if these premia are rents, the instruments that reach it are

wage-setting institutions (sectoral bargaining, pay transparency) rather than policies helping

workers reach better firms. And if firms escape payroll-wide rent-sharing by pushing low-

premium occupations outside their boundaries, rent-sharing becomes increasingly regressive

and measured firm-level inequality can rise without any change in any firm’s wage policy.

This implies that policies affecting boundary status, such as equal treatment for outsourced

workers and joint-employer liability, are the natural response.
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A Summary statistics for other periods

A.1 Germany

Tables 3–5 report the same summary statistics as the main-text Table 1 for the three earlier

German periods. Sample sizes and wage moments are comparable across periods, and the

leave-one-out selection has the same character throughout — a shift towards larger, less

occupationally diverse firms.13

Table 3: Summary statistics, Germany (1999–2004), across estimation samples

Full Connected Jobs-LOO

Observations (m) 60.34 49.91 43.49
Workers (m) 13.62 10.12 8.97
Firms (m) 1.56 1.00 0.56
Jobs (m) 4.03 2.31 1.10
Mean log daily wage 4.77 4.80 4.81
Var. resid. log wage 0.227 0.210 0.204
Moves (% of obs) 10.8 12.2 11.1
across firms (% of moves) 88.2 88.6 88.6
across occ. (% of moves) 49.2 49.5 45.7
both (% of moves) 37.3 38.0 34.3

Selection characteristics
Median worker’s firm size 64 78 94
Empl. share, firms <50 (%) 45.5 42.1 38.7
Mean occ. per firm (empl.-wtd.) 18.38 14.48 12.37
Empl. share, 1-occ. firms (%) 12.1 14.8 18.5

Notes: As in Table 1, for 1999–2004.

13The increase in occupations per firm between the 2004–2009 and 2012–2017 panels reflects the 2011
change in the KldB occupation classification, which roughly quintupled the number of detailed occupations,
rather than a change in firm structure; we exclude 2010–11 from the time-series analysis for the same reason
(Section 4.2).
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Table 4: Summary statistics, Germany (2004–2009), across estimation samples

Full Connected Jobs-LOO

Observations (m) 57.78 45.63 38.93
Workers (m) 12.81 9.13 7.93
Firms (m) 1.49 0.88 0.47
Jobs (m) 3.78 1.95 0.89
Mean log daily wage 4.74 4.78 4.80
Var. resid. log wage 0.258 0.240 0.236
Moves (% of obs) 9.2 10.8 9.7
across firms (% of moves) 89.1 89.6 89.2
across occ. (% of moves) 48.3 48.7 44.4
both (% of moves) 37.4 38.2 33.7

Selection characteristics
Median worker’s firm size 62 78 96
Empl. share, firms <50 (%) 45.9 41.9 38.1
Mean occ. per firm (empl.-wtd.) 17.26 12.64 10.65
Empl. share, 1-occ. firms (%) 12.2 15.9 20.1

Notes: As in Table 1, for 2004–2009.
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Table 5: Summary statistics, Germany (2012–2017), across estimation samples

Full Connected Jobs-LOO

Observations (m) 62.47 47.97 40.11
Workers (m) 14.03 9.70 8.32
Firms (m) 1.40 0.86 0.45
Jobs (m) 4.79 2.45 1.03
Mean log daily wage 4.75 4.77 4.79
Var. resid. log wage 0.261 0.252 0.252
Moves (% of obs) 9.9 11.8 10.4
across firms (% of moves) 87.2 87.2 85.8
across occ. (% of moves) 62.4 63.2 59.7
both (% of moves) 49.6 50.4 45.5

Selection characteristics
Median worker’s firm size 65 80 97
Empl. share, firms <50 (%) 45.1 41.3 37.6
Mean occ. per firm (empl.-wtd.) 24.98 19.36 16.34
Empl. share, 1-occ. firms (%) 9.0 12.3 16.4

Notes: As in Table 1, for 2012–2017.

A.2 France

Table 6 reports summary statistics for the French samples in the two periods we study

(Panel A, 2015–2019; Panel B, 2010–2014), across the five estimation samples used to form

the worker–firm and worker–job connected and leave-one-out sets. Because the French data

are accessed under the constraints noted in Section 3.2, the table reproduces the available

exported statistics — counts and wage moments — and so carries fewer rows than its German

counterparts.
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Table 6: Summary statistics, France, across estimation samples

Full
Firms
conn.

Firms
LOO

Jobs
conn.

Jobs
LOO

Panel A. 2015–2019

Observations (m) 48.01 40.78 38.75 35.93 31.53
Workers (m) 14.25 10.28 9.78 9.06 8.09
Firms (m) 1.25 0.65 0.38 0.57 0.27
Jobs (m) 4.48 3.17 2.60 2.04 0.82
Mean log annual wage 10.39 10.42 10.43 10.42 10.43
Var. log annual wage 0.25 0.24 0.23 0.23 0.23
Mean log hourly wage 2.96 2.97 2.98 2.97 2.98
Var. log hourly wage 0.21 0.20 0.20 0.20 0.19
Var. resid. log annual wage 0.24 0.22 0.22 0.22 0.21

Panel B. 2010–2014

Observations (m) 46.10 39.47 37.29 33.15 28.78
Workers (m) 12.66 9.40 8.89 7.93 7.03
Firms (m) 1.15 0.58 0.33 0.50 0.22
Jobs (m) 4.99 3.56 2.92 2.21 0.82
Mean log annual wage 10.34 10.37 10.38 10.36 10.38
Var. log annual wage 0.24 0.23 0.23 0.23 0.23
Mean log hourly wage 2.89 2.91 2.92 2.91 2.92
Var. log hourly wage 0.19 0.19 0.19 0.19 0.18
Var. resid. log annual wage 0.23 0.22 0.22 0.21 0.21

Notes: Counts in millions. Columns are the full sample and the connected and leave-one-out sets of
the worker–firm and worker–job models. Panel A covers 2015–2019, Panel B covers 2010–2014.

B Occupation and firm-size distributions across sam-

ples

Table 7 gives a more detailed breakdown of the firm-size and occupation distributions of

the German sample than the scalar summaries in Table 1, comparing the full sample, the

worker–job leave-one-out (LOO) sample used in estimation, and the excluded observations

(those in the full sample but not the LOO set). The excluded observations are concentrated

in small firms — 31% are in firms with fewer than ten workers, against 13% in the LOO

sample — consistent with the leave-one-out restriction dropping poorly connected, peripheral

employers. Reassuringly for our analysis, however, the occupation mix and, in particular,

the wage structure across occupations are similar in the included and excluded samples: the
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ordering and approximate levels of mean wages by occupation group are preserved. The

selection thus operates on which firms are observed, not on the occupational wage structure

that our decomposition exploits.

Table 7: Balance of included and excluded samples (Germany, 2017–2022)

Full Jobs-LOO Excluded

Firm size (employment shares, %)
1–9 19.1 12.9 31.4
10–49 25.9 25.0 27.8
50–249 28.2 29.7 25.2
250+ 26.8 32.5 15.6

Occupation group (KldB 1-digit, employment %)
1 Agriculture, forestry, farming 1.7 1.1 3.0
2 Production & manufacturing 35.0 36.9 31.3
3 Construction & building technology 10.1 8.5 13.0
4 Science, geography, informatics 6.7 6.9 6.3
5 Traffic, logistics, safety 16.2 19.1 10.5
6 Commercial services, sales, hospitality 8.0 6.9 10.3
7 Business, accounting, law, admin. 14.6 13.5 16.8
8 Health, social work, education 5.3 4.9 5.9
9 Humanities, media, arts, culture 2.4 2.1 2.9

Mean log wage by occupation group
1 Agriculture, forestry, farming 4.38 4.41 4.36
2 Production & manufacturing 4.77 4.81 4.69
3 Construction & building technology 4.62 4.63 4.60
4 Science, geography, informatics 5.07 5.12 4.95
5 Traffic, logistics, safety 4.46 4.47 4.46
6 Commercial services, sales, hospitality 4.80 4.87 4.71
7 Business, accounting, law, admin. 5.09 5.16 4.97
8 Health, social work, education 4.81 4.90 4.67
9 Humanities, media, arts, culture 4.96 5.01 4.89

Notes: Excluded := observations in the full sample that are not in the worker–job LOO set, computed
as the employment-weighted difference of the full and LOO columns. Occupation groups are 1-digit
KldB 2010 (the ∼0% military group is omitted). Firm size is measured within each sample, so the
excluded firm-size column is an approximation; occupation shares and occupation wages are worker-
level and exact.

C Variance decomposition tables

Tables 8 and 9 report the decomposition behind Figure 2 in tabular form, for Germany and

France. Each gives the worker–firm AKM model and the worker–job model under both the

plug-in and the leave-out (KSS) estimator, as shares of total residualised log-wage variance,
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and splits the worker–job model’s job-effect variance and sorting covariance between and

within occupations. The KSS worker–job columns reproduce the figure; the plug-in columns

are the uncorrected estimates referred to in Section 4.

Table 8: Variance decomposition: Germany (2017–2022)

Worker–firm Worker–job

Plug-in KSS Plug-in KSS

Total residualised variance, Var(y) 0.233 0.233 0.239 0.239

Shares of Var(y) (%)
Var. worker effect 64.3 54.6 53.2 43.3
Var. firm/job effect 13.8 11.8 25.1 20.5
between-occupation — — 7.9 7.9
within-occupation — — 17.2 12.6

Sorting (2Cov) 12.1 15.6 13.0 21.4
between-occupation — — 19.7 19.8
within-occupation — — -6.7 1.7

Var. residual 9.8 17.9 8.8 14.8

Notes: Decomposition of residualised log-wage variance for the worker–firm AKM model (job = firm)
and the worker–job model (job = firm × 5-digit occupation), Germany 2017–2022, under the plug-in
and the leave-out (KSS) estimator of Kline et al. (2020). Each model is estimated on its own leave-one-
out connected set, so V(y) differs slightly across models; component rows are shares of that model’s
V(y). The worker–job model’s job-effect variance is split between/within occupations by the law of
total variance and the sorting by the law of total covariance; the worker–firm model is occupation-blind.
The worker–job KSS variance, sorting, and occupation-split cells use the projection-based corrected
estimator of Section 2.2, so they are exactly consistent with the corrected channel decomposition of
Section 4.1; the worker row uses the standard leave-out estimate, and the worker–job KSS residual is
computed as the remainder of V(y). Sorting is 2Cov(α, ·). Components may not sum exactly due to
rounding.
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Table 9: Variance decomposition: France (2015–2019)

Worker–firm Worker–job

Plug-in KSS Plug-in KSS

Total residualised variance, Var(y) 0.205 0.205 0.198 0.198

Shares of Var(y) (%)
Var. worker effect 77.9 57.4 63.9 49.3
Var. firm/job effect 10.1 6.4 16.5 10.6
between-occupation — — 7.9 5.1
within-occupation — — 8.6 5.5

Sorting (2Cov) 2.2 9.1 10.4 21.0
between-occupation — — 8.4 17.0
within-occupation — — 2.0 4.0

Var. residual 9.9 27.1 9.3 19.2

Notes: As Table 8, for France (job = firm × 4-digit occupation).

D Plug-in versus leave-out corrected channel decom-

position

Table 10 reports every channel of the projection decomposition of equation 5, together with

its parent between/within components, under both the plug-in and the leave-out corrected

estimator of Section 2.2, for the main German specification (2017–2022, 5-digit occupations,

worker–job leave-one-out sample). Reading the two panels of columns side by side quantifies

limited-mobility bias channel by channel. The between-occupation channels, which aver-

age estimation noise over large occupation cells, are essentially unaffected by the correction:

between-occupation sorting is 19.7% of variance by plug-in and 19.8% corrected, with each of

its two channels virtually unchanged. The correction is instead concentrated within occupa-

tions, where cells are small and leverages large: on the variance side, the within-occupation

firm-premium component falls from 0.0279 to 0.0229 and the match component from 0.0132

to 0.0073; on the sorting side, the within-occupation firm-premium covariance rises from

0.0016 to 0.0111 (as 2Cov) and the match covariance shrinks from −0.0177 to −0.0071, so

that total within-occupation sorting moves from −6.7% to +1.7% of variance. The corrected

channels sum exactly to the corrected parent components by construction (Section 2.2).
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Table 10: Plug-in versus leave-out corrected channel decomposition (Germany,
2017–2022)

Plug-in Leave-out (KSS)

Level Share (%) Level Share (%)

Panel A: worker–job sorting, 2Cov(αi, · )
Between-occ.: occupation premium, γo 0.0164 6.9 0.0165 6.9
Between-occ.: firm premium, E[ψf | o] 0.0308 12.9 0.0308 12.9

Between-occupation sorting 0.0473 19.7 0.0474 19.8
Within-occ.: firm premium, ψf 0.0016 0.7 0.0111 4.6
Within-occ.: match, Ωof -0.0177 -7.4 -0.0071 -3.0

Within-occupation sorting -0.0161 -6.7 0.0040 1.7
Total worker–job sorting 0.0312 13.0 0.0513 21.4

Panel B: variance of the job effect, V(λj)
Between-occ.: occupation premium, V(γo) 0.0049 2.0 0.0049 2.0
Between-occ.: firm premium, V(E[ψf | o]) 0.0099 4.1 0.0098 4.1
Between-occ.: occ. × firm cross, 2Cov(γo,E[ψf | o]) 0.0041 1.7 0.0041 1.7

Between-occupation job variance 0.0189 7.9 0.0188 7.9
Within-occ.: firm premium, E[V(ψf | o)] 0.0279 11.7 0.0229 9.6
Within-occ.: match, V(Ωof ) 0.0132 5.5 0.0073 3.1

Within-occupation job variance 0.0411 17.2 0.0302 12.6
Total job-effect variance 0.0600 25.1 0.0491 20.5

Notes: Plug-in and leave-out (KSS) corrected estimates of each channel of the projection λj = γo+ψf+
Ωof (equation 5), Germany 2017–2022, worker–job leave-one-out sample, 5-digit occupations. Levels
are variance contributions in residualised log-wage units (2Cov for the sorting rows of Panel A); shares
are percentages of the sample’s total residualised variance V(y) = 0.239. Italicised rows are the parent
between/within-occupation components of the laws of total covariance and variance (equation 3);
corrected channels sum exactly to corrected parents by construction (Section 2.2), although displayed
values may not sum exactly due to rounding. Channels that are identically zero by construction are
omitted.

E Event studies

This appendix collects two robustness exercises for the exogeneity test of Section 4.3.1.

First, Figures 11 and 12 repeat the German event studies clustering jobs by their leave-out

mean wage rather than by the estimated job fixed effect, to confirm that the symmetric

step pattern is not an artefact of binning on noisily estimated effects. Second, Figures 13

and 14 reproduce the test in the French data, where occupations are coded independently of

employers, as an external check.
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Figure 11: Event study around job moves, clustering by leave-out mean job wage
(Germany, 2017–2022)
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Notes: As Figure 9, but jobs are sorted into quartiles of the leave-out mean wage of the job rather than
the estimated job fixed effect. Each panel plots average residualised log wages in event time around a
move between quartiles (origin in rows, destination in columns; cell counts in titles). Germany, worker–
job model, 2017–2022.

Figure 12: Event study by move type, clustering by leave-out mean job wage (Germany, 2017–2022)
(a) Within-occupation, across-firm
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(b) Across-occupation, within-firm
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Notes: As Figure 10, but clustering by the leave-out mean wage of the job rather than the estimated job fixed effect; restricting
to moves that change the firm but not the occupation (panel a) and the occupation but not the firm (panel b). Germany,
2017–2022.
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Figure 13: Event study around job moves (France)

Notes: The exogeneity test of Section 4.3.1 estimated on the French data. Jobs are sorted into quartiles
of the leave-out job fixed effect; each panel plots average residualised log wages in event time around a
move between quartiles (origin in rows, destination in columns; cell counts in titles).

Figure 14: Event study by move type (France)
(a) Across-firm moves (b) Across-occupation moves

Notes: As Figure 13, restricting to moves that change the firm (panel a) and moves that change the occupation (panel b), in
the French data.
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F Granularity of occupation coding

These figures re-estimate the worker–job decomposition at progressively coarser occupation

codes and report the between- versus within-occupation split of the job-effect variance (Fig-

ure 15) and of worker–job sorting (Figure 16). Germany is shown at 1- through 5-digit

KldB 2010 codes and France at 1- through 4-digit PCS codes; all components are KSS-

corrected. These sweeps use the conditional-moment leave-out estimator, which is compu-

tationally feasible at every coding; the more demanding projection-based channel correction

of Section 2.2 is applied at the 3- and 5-digit codings in Figure 17.

Figure 15: Job-variance decomposition by occupation granularity
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Notes: Each bar decomposes the variance of the estimated job fixed effect, V(λ), into between- and within-occupation
components by the law of total variance, at the occupation granularity given on the horizontal axis (digits of the
classification). Germany (2017–2022, KldB 2010, 1–5-digit) and France (PCS, 1–4-digit); KSS-corrected. The within-
occupation component is the employment-weighted mean of the occupation-conditional job-effect variances; the
between-occupation component is the variance of occupation-level mean job effects.
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Figure 16: Worker-job covariance decomposition by occupation granularity

Germany France

1 2 3 4 5 1 2 3 4

0.00

0.01

0.02

Occupation granularity (digits)

W
or

ke
r−

jo
b 

so
rt

in
g,

 C
ov

 (
lo

g 
po

in
ts

)

Within occupation Between occupation

Notes: As Figure 15, decomposing worker–job sorting Cov(α, λ) into between- and within-occupation components by
the law of total covariance. As the occupation code coarsens (right to left within each panel), between-occupation
differences are mechanically reassigned to the within-occupation component, so the between-occupation share falls
by construction; a substantial between-occupation component nonetheless survives even at one digit, most clearly in
the independently coded French data.

Figure 17: Channel cross-decomposition by occupation granularity (Germany)
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Notes: Leave-out corrected decomposition of the linear projection λj = γo +ψf +Ωof into occupation-premium (γ),
firm-premium (ψ), and match (Ω) channels, at genuine 3-digit (144 occupations) versus 5-digit (1,233 occupations)
KldB codes. Left panel: the variance of the job effect V(λ), where the “occ × firm cross” bar is 2Cov(γo,E[ψf | o]).
Right panel: worker–job sorting Cov(α, λ), which carries no cross term. Germany, 2017–2022; leave-out corrected
(Section 2.2), comparable to the waterfalls of Section 4.1. The firm-premium channel is near-identical across codings;
the occupation-premium channel scales with granularity; the match channel is small throughout.
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G Decomposition overview figure

Figure 18: Log wage decomposition tree (Germany, 2017–2022)
MODEL COMPONENTS SPL IT  BY  OCCUPATION PROJECTION CHANNELS ·  λ j  = γ o  + ψ f  + Ω o f
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different pay across firms

2 Cov( E[αi |o], E[λj |o] )

19.8% [plug-in 19.7%]

between occupations: sorting runs
through which occupation you hold
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1.7% [plug-in −6.7%]
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climbing of the ladder
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V( E[ψf | o] ) 4.1%

occupations differ in their employers’
average generosity

2 Cov(γo , E[ψf |o]) 1.7%

co-location: high-premium occupations
at high-premium firms

match: ≡ 0 by construction ( E[Ωof | o] = 0 )

E[ V(ψf | o) ] 9.6%

firms pay the same occupation differently

match component Ωof 3.1%

pairing-specific premia

2 Cov( E[αi |o], γo ) 6.9%

occupation-premium channel: able workers in
occupations that command premia (≈ ⅓ of sorting)

2 Cov( E[αi |o], E[ψf |o] ) 12.9%

firm-premium channel: able workers’ occupations
housed at generous firms (≈ ⅔ of sorting)

match channel: ≡ 0 by construction ( E[Ωof | o] = 0 )

2 E[ Cov(αi , ψf | o) ] 4.6%

within-occupation firm sorting: modest

2 E[ Cov(αi , Ωof | o) ] −3.0%

match sorting: negative after correction
for limited mobility

occupation channel: ≡ 0 ( γo constant within o )
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all components leave-out (KSS) corrected, including the projection channels · plug-in values in brackets · children sum to parents up to rounding

Notes: The figure reports the complete decomposition of residualised log-wage variance for the worker–job model (Germany,
2017–2022, worker–job leave-one-out sample), read left to right: the first column decomposes V(y) into worker, job, sorting, and
residual components (equation 1); the second splits the job-variance and sorting components between and within occupations
by the laws of total variance and covariance (equation 3); the third splits each of these into occupation-premium, firm-premium,
and match channels via the employment-weighted linear projection λj = γo + ψf + Ωof (equations 4–5). Every component
is expressed as a share of total residualised variance (0.239); sorting components are reported as 2Cov throughout; horizontal
bars are proportional to shares, with negative values drawn as outlines. All components, including the projection channels, are
leave-out corrected (Kline et al., 2020) using the extension described in Section 2.2, so children sum to their parent components
up to rounding; plug-in values are shown in square brackets at the occupation split, and plug-in estimates for every channel
are reported in Appendix D. The occupation × firm cell in the variance branch is the doubled cross term 2Cov(γo,E[ψf | o])
that arises in the variance of a sum; the sorting branch, being linear in the job premium, carries no cross term. Dashed cells
mark channels that are identically zero by construction of the projection: E[Ωof | o] = 0 for every o, and γo is constant within
occupations (equation 5). The grouping of the within-occupation variance channels follows Figure 4. First- and second-column
values correspond to Table 8 and Figure 2; third-column values are the components of Figures 3 and 4 expressed as shares of
total variance. Components may not sum exactly due to rounding.
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