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Abstract

In this paper, we find that high-wage workers sort mainly to high-wage occupations
and not to high-wage firms, and that at least half of the previously documented sorting
to firms can be attributed to the segregation of occupations across firms. To reach these
conclusions, we leverage the universe of matched employee-employer data from France
and Germany and estimate a flexible two-way worker-job fixed effects model of log
wages. We then isolate worker sorting to firms by studying the within-occupation
across-firm covariance between worker and job fixed effects.
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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 some occupations command higher pay than others (Autor et al., 2003; Goos and Man-
ning, 2007; Acemoglu and Autor, 2011). In this paper, we argue that it is crucial for work
on wage inequality to consider both of these margins in conjunction because high-paying
occupations are unevenly distributed across firms. This leads to the risk that focusing solely
on firms conflates returns from sorting into high-paying firms with the returns from sorting
into high-paying occupations.® The potential for confounding is empirically important; our
analysis of German and French administrative data reveals that occupations are highly segre-
gated across firms—so much so that identifying an individual’s employer resolves two-thirds
of the uncertainty regarding their four-digit occupation.

To disentangle firm- and occupation-level sources of wage variation and sorting patterns,
we build upon the two-way fixed effects framework of Abowd et al. (1999) (AKM). We begin
by defining a “job” as a firm-occupation pair, and estimate a two-way model recovering
worker and job fixed effects. We then use the Law of Total Covariance to decompose the
covariance of worker-job fixed effects into two separate components: within-occupation co-
variance between worker and firm wage components, and the cross-occupation covariance
between worker and occupation wage components. This decomposition separates worker-job
covariance into two elements that are conceptually relevant to different theoretical literatures.
The first component captures worker—firm covariance conditional on occupation, correspond-
ing to the familiar “high-wage workers work in high-wage firms” pattern emphasized in the
two-way fixed effects literature (e.g. Abowd et al., 1999; Card et al., 2013; Song et al., 2019).
The second component captures worker—occupation covariance, which is central to Roy-style
models of occupational selection (Heckman and Sedlacek, 1985; Keane and Wolpin, 1997).?

We implement this decomposition using the universe of French and German matched
employee-employer administrative data. We apply the leave-one-out method of Kline et al.
(2020) to correct for biases from limited worker mobility (Andrews et al., 2008; Bonhomme
et al., 2023), and extend this methodology to correct for biases in conditional moments.

We check for exogeneity using the event-study approach of Card et al. (2013), and show

!For example, computer scientists may join Google not because it offers a generous firm-wide pay premium
to all its workers, but because it is one of the few employers that offers elite software engineering roles. Even
if Google paid industry-average wages in these high-value occupations, a researcher using the firm-premium
approach would estimate a large Google premium, simply due to its concentration of high-value occupations.

2Throughout, we use sorting to refer to reduced-form covariance in wage components rather than to
structural complementarities, consistent with its use in e.g. Card et al. (2013) and Song et al. (2019). In the
literature, authors have also used the term ”sorting” to reflect the sorting of high ability workers to more
productive firms due, e.g., to complementarities in production. We discuss the relation of our results to that
literature in section 4.3.



robustness to using coarser occupation classifications, and different time periods.

In both the French and German settings, we find that sorting to occupations is quanti-
tatively over four times as important as sorting to firms, and that over half of the sorting
to firms found in a standard AKM decomposition can be explained by the clustering of
occupations across firms. Drawing on our French data, we find that while the canonical
model attributes 9.1% of wage variance® to worker-firm sorting, our decomposition finds
that sorting across firms within occupations accounts for only 4.0%. In contrast, the sorting
of workers to occupations accounts for nearly 17.0% of the variance.

Our model also reveals that the total importance of workplace premia is larger than
previously understood. We find that within-occupation firm heterogeneity accounts for 5.0%
of wage variance, a figure comparable to the 6.4% estimate for the entire firm effect in
the standard model. However, we find that differences in pay premia between occupations
account for a further 6.0% of total log wage variance, bringing the total share of log wage
variance explained by job fixed effects to 11.0%. Our findings are quantitatively similar in
the German context and are robust to using coarser occupational classifications. Finally,
following a recent literature that has documented the increasing role of firms in explaining
wage inequality (Song et al., 2019; Card et al., 2013), we find that these increases are due
both to increases in between occupation heterogeneity, and increases in within-occupation
cross-firm heterogeneity.

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 to components re-
lating 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). These decompositions are often interpreted as reflecting firm-specific pay policies or
non-wage amenities (Card et al., 2018; Alvarez et al., 2018). We contribute to this literature
by showing that such interpretations require accounting explicitly for occupations. Incor-
porating occupations reveals substantial wage dispersion across firms, even conditional on
occupation, consistent with earlier findings, but also substantially lower covariance between
worker and firm wage components within occupation groups. This suggests that occupational
allocation is an important margin through which wage inequality and sorting patterns arise,
and that controlling for occupation is a necessary step for interpreting firm wage premia as
reflecting firm-specific amenities or pay policies.

Our paper also contributes to the large literature that studies labour market matching

3We present all results relative to residualised log wage variance, where we control for a cubic age profile
and year fixed effects.



(Sattinger, 1993; Postel-Vinay and Robin, 2002; Shimer, 2005). A substantial body of work
studies worker—firm sorting within models of assignment and matching, emphasizing com-
plementarities between worker ability and firm productivity as a source of wage dispersion
and inequality (Lise et al., 2016; Bagger and Lentz, 2019; Lentz et al., 2023; Lamadon et al.,
2024). Parallel work highlights the role of worker—occupation sorting, in which compara-
tive advantage 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 is the dominant margin underlying observed wage inequality and wage covariance
patterns. In particular, while we find substantial dispersion in firm wage premia even condi-
tional on occupation, we document relatively low covariance between worker and firm wage
components within occupation groups, indicating limited sorting of high-wage workers into
high-wage firms once occupation is held fixed.

A related literature is that studying the identification of underlying worker-firm comple-
mentarities from matched employer-employee data (Eeckhout and Kircher, 2011; Hagedorn
et al., 2017; Borovickova and Shimer, 2017; Lopes de Melo, 2018; Sorkin, 2018; Bonhomme
et al., 2019; Borovickova and Shimer, 2024). This literature suggests that the covariance
of worker and firm fixed effects might not identify sorting primitives because, among other
reasons, (i) wages are not always monotonic in worker ability, and (ii) selection leads to
AKM estimating an average treatment effect on the treated. Our results suggest an ad-
ditional perspective: a significant share of productive complementarities operates through
worker—occupation matching rather than worker—firm matching, implying that firm-level
models may misattribute the locus of sorting. An important direction for future research is
therefore to assess whether worker—job complementarities primarily arise at the occupational
level or within firms, conditional on occupation.

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
occupations typically relies on more restrictive specifications, such as log-additive separa-
bility between firm and occupation effects (Torres et al., 2018) or interactions defined over
coarse occupation categories (Goldschmidt and Schmieder, 2017a; Lamadon et al., 2022).
In contrast, our job—fixed-effect specification allows wage premia to vary flexibly at the
firm—occupation level, without imposing additive structure across firm or occupation main
effects. This flexibility is important because additive restrictions mechanically limit within-
occupation variation in firm wage premia and can compress estimated wages for workers,
particularly in high-paying occupations employed at lower-paying firms. By allowing unre-
stricted firm—occupation heterogeneity, our approach captures richer patterns of wage dis-
persion and sorting that are obscured by more parsimonious specifications.

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. Finally,

section 5 concludes.

2 Separately identifying worker-firm and

worker-occupation wage-sorting

We consider a framework that allows us to identify sorting between workers and firms, flexibly
accounting for occupations. To do this, we augment the classic AKM framework (Abowd
et al., 1999; Card et al., 2013; Song et al., 2019) to decompose log-wages into components
due to individual, 7, and job, j effects, where jobs are defined by firm-occupation pairs
j € J =F xO. Define the assignment function J(i,t) = j. This specification is given in
equation 1. Throughout, we also condition on a set of time-varying worker covariates X,
such as age and year fixed effects. These have been omitted in this discussion for notational
brevity.*

In(wit) = oG + Ajgg) + i (1)

This framework extends the worker-firm two-way fixed effects model in two dimensions.
First, it allows firms to pay varying wage premia across occupations. For example, software
developers can receive a higher premium than accountants within the same firm. Second,
it allows firm-occupation-specific pay premia: software developers at Google can be paid a
higher premium than software developers at other firms, even those with the same firm-pay
premia.” The specification in equation 1 allows a simple decomposition of the observed

variance of log wages as given in equation 2 below.

Vin(wy)] = V() + V(X)) + 2-Cov(ai, Ajapy) + v (2)
SN~ N—— N ~~ 4
Variance due to Variance due to job Variance due to
individual heterogeneity workers sorting into
heterogeneity jobs

The term Cov(ay, Aji,)) aggregates two distinct economic mechanisms: the sorting of

workers into specific occupations and the sorting of workers into specific firms within those

4In practice, for computational reasons, we follow the recommendation in Kline et al. (2020) to apply our
models to In(w;) — Xmé’ throughout, where X;; comprises of a cubic age profile and year fixed effects.

5In particular, this framework is more flexible than a three-way fixed-effects specification with occupation,
Yo, and firm 9 fixed effects. To see this, note that we can write A\; = v, + 9y + Qoy. Therefore, while the
three-way fixed effects model captures the covariance between workers and occupations (Cov(w;,7,)), and
workers and firms (Cov(a;,1y)), it does not capture the covariance between workers and firm-occupation
match effects (Cov(c, Qo). This missing component can be intuitively understood as the sorting of high-
wage workers to high-wage firm-occupation pairs.



occupations.® To disentangle these channels, we apply the Law of Total Covariance, parti-

tioning the joint distribution of worker and job effects by occupation (0):

Cov(ag, Aygin) = E [Cov(a, Ay(i, t)|o)l+ Cov (E[as]o], E[Ay(i0]) (3)
Within-occu;),ation sorting Between—occggation sorting

The first term, E [Cov(ay, A (4, %)|0)], captures within-occupation sorting: the extent to which
higher-ability workers are systematically matched to higher-paying firms within the same oc-
cupation. The second term, Cov (E[a|o], E[A s |0]), captures between-occupation sorting:
the covariance between average worker ability and average job pay across occupations. We
also decompose the variance of job fixed effects, V(A4 ), using the Law of Total Variance,
partitioning the distribution of job fixed effects by occupation into two components: the vari-
ance of job fixed effects within occupations between firms E [Var (A;]0)], and the variance of
job fixed effects between occupations Var (E [A;]o]).

The relevance of this distinction can be illustrated by comparing hypothetical firms, each
providing healthcare. Consider Hospital A, a specialized surgical center, and Hospital B, a
general nursing clinic. Suppose that, due to market-wide occupational premia, surgeons earn
significantly more than nurses regardless of where they work. If both hospitals pay the stan-
dard market rate for each role, there is zero within-occupation sorting: a surgeon (or nurse)
earns the same premium at either facility. However, an occupation-blind model-—which ig-
nores the o in 7 € F x O—would observe that the average worker at Hospital A earns more
than the average worker at Hospital B. Because the model cannot ‘see’ the occupational com-
position, it incorrectly attributes this difference to a generic firm-wide pay premium (¢f).
Consequently, the model would find a large, positive covariance between worker ability and
firm effects, simply because high-ability workers (surgeons) are concentrated at Hospital A.
Our decomposition would instead suggest this to be a statistical artifact of occupational spe-
cialization rather than true firm-level sorting. By partitioning the covariance, we correctly
assign this effect to the between-occupation component, preventing the inflation of the firm’s
role in wage determination.

We next turn to the practical problem of recovering our object of interest, S;pp =
E[Cov(a;, Aj|0)], from the data. Using the universe of matched employee-employer data,
we can recover {62,-,/):]-} using equation 2. Note that fixed effects can only be recovered in
a relative sense, and therefore, we can only estimate them for the largest connected set of

jobs. S;pg could be biased for two reasons. First, the fixed effects themselves could be

6In 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 on this work in section 4.3.



biased, and S;rg 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, such as S;rg.

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: Vj, Pr(J(i,t) = jle) = 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 «; and A;. 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
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 sub-section 4.2 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
variable 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) shows that limited mobility bias is empirically large
in practice. This means that standard plug-in estimates of the standard decomposition 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 unbias-
edly 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 estimates results for a particular sub-sample of the data containing
more well-connected workers and firms.

We first apply the KSS correction to obtain unbiased estimates of the second mo-
ments 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 recover the within-occupation components of the law



of total covariance, we construct bias-corrected estimates of the conditional covariance
Cov(a;, Asgiy | 0) by aggregating the relevant KSS-corrected quadratic forms across worker-
job observations within each occupation.” The within-occupation sorting component is then
obtained by taking the employment-weighted mean of these occupation-specific covariances
across occupations. An analogous procedure is used to estimate the within-occupation vari-
ance of job fixed effects, Var(\; | 0).As a robustness check, we also compute plug-in esti-
mates of the between-occupation components implied by the law of total covariance, i.e.:
Cov(E[a; | o], E[Ajqp | 0]) and Var(E[); | 0]), using occupation-level averages of the esti-
mated fixed effects. These alternative computations yield quantitatively similar results,
providing reassurance that our implementation of the decomposition is not sensitive to the

specific way in which the moments are constructed.

3 Data

We establish our empirical conclusions using administrative data from two of the largest
labour markets in Europe: France and Germany. These datasets offer complementary
strengths: the French data provides complete, uncensored wage information, but has to
be constructed into a panel by stitching together individual cross-sections — a process with
a roughly 95% success rate. The German data is available as a full-count panel, but the
wage variables available are top-coded. Establishing our core results in both contexts, de-
spite their different institutional settings and data strengths and weaknesses, underscores
the robustness and generality of our findings. We compute results for the periods 2015-2019
for France, and 2017-2022 for Germany.

Our empirical strategy leverages information about a worker’s occupation; we thus de-
scribe how the occupation variable was collected separately for each country. In both cases,
we check for the robustness of our results in two ways: (1) we use more aggregated occupa-
tional categories as there is less data error in the coding of more aggregate occupations, and
(2) we estimate fixed effects based only on changes in occupation due to cross-firm moves,

which are also less likely to be coded with error.

3.1 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 except those in government employment. We follow Babet et al. (2025) in

"See Azkarate-Askasua and Zerecero (2024) for an alternative, computationally faster approach when
computing multiple corrections, as we do here.



chaining these repeated cross-sections together into a quasi-panel tracking individuals over
time, by matching their data in time ¢ in the year ¢ data to their information for time ¢ —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, residualized 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.®
This process of asking employers rather than employees, using occupation descriptions, and

checking coding, reduces the probability of incorrect occupation categorisation.

3.2 German Sample

Our German data comes from the Employee Histories (BEH), which contains employment
spells for all workers outside the civil service. Its primary limitation is the top-coding of
wages above the social security contribution ceiling, which we address by imputing censored
wages using the established methodology of Card et al. (2013). This imputation may lead
to the underestimation of sorting in higher-wage occupations. Key variables are real annual
earnings, the establishment identifier, and the highly granular occupation codes based on the
5-digit K1dB 2010 occupational classification (with 1286 categories in the full classification).
Our sample selection mirrors the French data: full-time male workers aged 25-60 in West
Germany. As with the French data, we use log annual wages residualized on an age cubic
and year fixed effects.

The occupational variable is collected from filings by employers from social security
records; since one’s occupation is not important for this purpose, there is a perception
that employers may not always update their workers’ occupations in a timely manner. As

a result, occupational moves within firms are likely to be under-reported but do not suffer

8More information can be found in an INSEE  “Statistical Mail” found at
https://www.insee.fr /fr /information/3647029?sommaire=3647035.

9An establishment can be thought of as roughly a firm-industry group and is distinct from both firm and
branch. See Card et al. (2013) for a discussion of this issue.
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from potential issues surrounding independent interviewing (Carrillo-Tudela and Visschers,
2023).

3.3 Summary Statistics

Table 1 shows some summary statistics from the two samples used in the main analysis,
that is, 2015-19 for France and 2017-22 for Germany. After implementing the restrictions
described, our main sample covers 48.0 million observations consisting of 14.3m workers, 1.3m
firms, and 4.5m jobs in France, and 54.6 million observations consisting of 14.2m workers,
1.4m firms, and 4.9m jobs in Germany.

One disadvantage of using the Kline et al. (2020) correction of second-order moments
of estimated fixed effects is that it is only feasible for the leave-one-out connect set (LOO)
for the worker-jobs model. We present summary statistics for the connected sub-sample, for
which identification of the model is feasible, in column 2 and for the leave-one-out connected
subsample, for which the KSS correction is feasible in column 3.

Once we consider the leave-one-out connected set for the worker-jobs model, we have
significantly fewer observations (around 66% of the overall total for the French data and
60% for the German data). The LOO connected set for the jobs model, which underlies our
main specification contains 57% of workers, 21% of firms, and 18% of jobs in the full data
in France (56% of workers, 29% of establishments, and 19% of jobs in Germany). On the
other hand, we find that the mean and variance of earnings is similar across the samples.
The mean in the leave-one-out sample is about 0.04 log points higher in terms of annualised
wages in France and Germany, and the residualised log-wage variance is somewhat smaller,
by 0.03 and 0.01 respectively.

We also provide summary statistics on the number of moves we observe in the data.
We report the total number of times workers are observed to change either their firm or
occupation, as well as the number of moves that are between firms, the number of moves
that are between occupations, and the number of moves that are between both firms and
occupations. In the full data, we find that 14.5% of observations involve moves in France
and 10.6% of observations involve moves in Germany. Of these moves, 51.6% involve moves
between firms, 79.0% involve moves between occupations, and so 30.5% involve changes in
both firms and occupations (84.2%, 65.1%, and 49.4% for Germany).

We find that the ratio of moves to observations in the LOO connected set is comparable
to that in the full data. For the LOO connected set, 14.1% of all observations involve moves,
of which 57.1% are moves between firms, 74.5% are moves between occupations, and 31.8%
are moves between both firms and occupations in France (10.9%, 84.1%, 61.7%, and 45.8% in
Germany). Thus, despite only containing 2/3 of the full sample, the leave-one-out connected

sample nevertheless resembles the full sample in terms of the composition of moves across



firms and occupations.

Table 1: Summary statistics for the French and German samples

Full Connected Leave-one-out
Sample  Sample  Connected Sample

France (2015-2019)

Total observations (m) 48.01 35.93 31.53
Total workers (m) 14.25 9.06 8.09
Total firms (m) 1.25 0.57 0.27
Total jobs (m) 4.48 2.04 0.82
Mean log annual wage 10.39 10.42 10.43
Var log annual wage 0.25 0.23 0.23
Mean log hourly wage 2.96 2.97 2.98
Var log hourly wage 0.21 0.20 0.19
Var residualised log hourly wage  0.24 0.22 0.21
N moves (m) 6.97 5.69 4.43
N firm moves (m) 3.59 3.25 2.53
N occ moves (m) 5.50 4.38 3.30
N firm + occ moves (m) 2.13 1.94 1.41
Germany (2017-2022)

Total observations (m) 54.56 40.16 32.96
Total workers (m) 14.22 9.44 7.95
Total estabs (m) 1.35 0.78 0.39
Total jobs (m) 4.91 2.30 0.92
Mean log daily wage 4.78 4.80 4.82
Var log daily wage 0.27 0.26 0.26
Var residualised log daily wage 0.25 0.24 0.24
N moves (m) 5.79 5.00 3.58
N estab moves (m) 4.88 4.27 3.01
N occ moves (m) 3.77 3.29 2.21
N estab + occ moves (m) 2.86 2.56 1.64

Notes: This table presents summary statistics for the two most recent periods studied in both Germany
and France. Statistics on the number of observations and number of moves are presented in millions.
Column 1 presents statistics for the full sample after the restrictions described in section 3, while
columns 2 and 3 describe statistics for the largest connected set and the largest leave-one-out connected
set, respectively.

3.4 Segregation of Occupations Across Firms

In this paper, we argue that when decomposing wage inequality, it is important to account for
occupations and firms jointly because occupations are segregated across firms. To quantify
the extent of this segregation, we turn to information theory and compute the Theil-H
index across firms (Theil and Finizza, 1971; Theil, 1972). The Theil-H index is a measure
of segregation between multiple groups and can be interpreted as how much uncertainty
about a worker’s occupation would be resolved if one knew which firm they worked at. If

10



occupations were perfectly segregated across firms, then knowing a worker’s firm would be
equivalent to knowing their occupation. If, on the other hand, occupations in each firm
reflected the overall distribution of occupations in the economy, knowing the worker’s firm
would not improve one’s guesses about their occupation. We present the index normalised
with respect to the overall amount of uncertainty in workers’ occupations, so that the index
lies between 0 and 1. To compute the index, we use firms with more than 10 workers, so as
to ensure that the findings are not driven solely by very small firms.

We find that occupations are highly segregated across firms in both Germany and France.
Figure 1 plots the Theil-H index in Germany and France over the studied time periods.
Knowledge of which firm a worker is currently employed at removes about two-thirds of the
uncertainty about their occupation in both Germany and France. While reducing the fineness
of occupational classification lowers the measured segregation, the effect is not substantial;
for example, at the 3-digit level, knowing one’s firm still removes about 63.2% of uncertainty
in Germany and 62.7% in France. This high level of occupational segregation across firms
indicates that considering firms or occupations separately will conflate the two margins.

We also find a consistent upward trend in occupational segregation across firms in both
Germany and France — workers are increasingly sorted into firms based on their specific
occupations. While Germany shows a steady long-term rise before seeing a slight moderation
in 2017-22, France has experienced a notably sharper increase in recent years, with both
countries converging at a point where knowing a worker’s firm resolves nearly two-thirds
of the uncertainty regarding their occupation. This rising segregation (Goldschmidt and
Schmieder, 2017b; Handwerker, 2023) leaves open the possibility that recently documented
increases in the contribution of firm heterogeneity to inequality (Song et al., 2019) may
simply be due to rising occupation segregation across firms. We investigate this in section
4.1.
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Figure 1: Segregation of occupations across firms in studied periods
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Notes: This figure reports the Theil H-index of occupational segregation across firms in Germany and France.
The index is computed using the joint distribution of employment across firms f and occupations o, where ny,
denotes the number of worker-year observations in occupation o at firm f, ny = > ny, denotes firm size, and
N = Zf ny denotes total employment in the relevant sample—period cell. Let p, = Zf nfo/N denote the
economy-wide occupation share and p,|; = nyfo/ny denote the within-firm occupation share. Define the entropy of
the overall occupation distribution as £ = — 3" po log po, and the within-firm entropy as Ey = — > Dol f log Py -
The Theil H-index is then computed as the employment-weighted reduction in entropy from conditioning on firm

membership, normalised by overall entropy, H = w, so that H € [0,1]. In all computations, the
sample is restricted to firms with more than 10 workers in the relevant period, and the underlying worker sample
and variable definitions follow the restrictions described in Section 3. The figure reports H under two occupation
codings in each country: a coarser 3-digit classification and the most detailed classification used in the analysis
(5-digit for Germany based on KldB 2010 and 4-digit for France based on PCS).

4 Decomposition results

In this section, we present our main decomposition results for both the French and German
data side-by-side. We decompose log-wage variance using the fixed effects estimated from
equation 1, correcting for limited mobility bias and using the law of total variance and covari-
ance to separate between-occupation (e.g. Cov (E[a;|o], E[A;i4)]0])) and within-occupation
across-firm components (e.g. E[Cov(ay, As(4,%)|0)]). We also display the results from em-
ploying the same procedure on the standard AKM worker-firm model for comparison.
Figure 2 summarises the main results. In table 4 and 5 in the appendix, we present the

same results in table form and report the results in shares and absolute variance compo-
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nents as suggested in Kline (2024). For both France and Germany, for both the worker-firm
and worker-job models figure 2 shows the estimated contribution of worker heterogeneity;,
@(o@-), to overall log-wage variance in the left-hand-side set of gray bars. In the middle
set of bars we show the estimated contribution of firm or job level heterogeneity. In gray
we show firm-level heterogeneity, i\f(gzgf), from the worker-firm model. The sum of the two
blue bars corresponds to the overall contribution of job-level heterogeneity, @(5\]) We fur-
ther decompose this into the estimated component due to within-occupation heterogeneity,
V(E[a;]o], IAE[S\j|o]), in darker blue, and the estimated component due to between-occupation
heterogeneity, E[V(&;, A;]0)], in lighter blue. Finally, on the right-hand side we show the
analogous covariance decomposition. In gray bars we show the degree of sorting between
workers and firms in the firm level model, measured as 26&7(0@-, ) 7). Then, in blue, we show
the analogous quantity in the worker-job model, 26&/(6@, S\J) Finally, we decompose this
quantity into between-occupation sorting in dark blue, 26&(@[&i|0],]/}f[5\j|0]), and within-

occupation sorting in light blue, 21@[6()\\/(@, A;l0)].
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Figure 2: Decomposition Results

0.574 I \Vithin Occupation
0.525 [ Between Occupation

0.050  o0.107

Firm Job Firm Job Firm Job Firm Job Firm Job Firm Job
France Germany France Germany France Germany
Worker Firm/Job Sorting
Component Component Component

Notes: This figure reports variance and covariance decompositions of residualised log wages using fixed effects from the worker-
firm and worker-job models. Bars are expressed as shares of total residualised log-wage variance. Fixed-effect second moments
are computed using bias-corrected estimators that adjust for limited worker mobility in connected sets. The left group of bars
shows the component due to worker heterogeneity. The middle group shows the contribution of workplace/job heterogeneity.
In gray we report the firm-effect variance from the standard AKM worker—firm model. In blue we report the job-effect variance
from the worker—job model decomposed using the law of total variance with respect to occupation o into a between-occupation
component (dark blue) given by the variance of occupation-specific means, and a within-occupation component (light blue)
given by within-occupation across-firm heterogeneity. The right group of bars shows sorting, measured as twice the worker—firm
(or worker—job) covariance. Gray bars report this quantity from the worker—firm model. Blue bars report sorting in the worker—
job model, further decomposed by occupation using the law of total covariance into the between-occupation sorting component
(dark blue) and the within-occupation sorting component (light blue). Results are shown separately for France (2015-19) and
Germany (2017-22).

We find that the sorting of workers to firms within occupations accounts for a small
proportion of log-wage variance (4% in the French sample, and 1% in the German sample),
significantly less than that recovered by a worker-firm AKM model. Sorting to firms is of
a quantitatively unimportant magnitude. On the other hand, sorting across occupations
accounts for a relatively large proportion of log-wage variance (17% in the French sample
and 20% in the German sample). These results suggest that worker-occupation sorting may
underlie much of what was previously attributed to worker-firm sorting in decompositions
based on the standard AKM model. The sorting of workers to firms within occupations is
only 44.0% as large as the estimated sorting of workers to firms in the AKM model in France
and only 7.0% as large in Germany.

Figure 2 also shows that firm heterogeneity explains a similar proportion of log wage
variance in the worker-job and worker-firm models in both France and Germany (in France

around 6%, whereas in Germany around 11%). In both countries, we also find a significant
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role for occupation heterogeneity (5% in the French sample, and 6.7% in the German sample).
Our results thus support the findings in prior work that there is substantial wage premia
between firms even within finely defined occupation groups. However, there is little sorting
of workers to firms within occupations, even given this variance. Finally, in both France and
Germany, we find that worker-heterogeneity explains significantly less log wage variance in
the worker-job as opposed to the worker-firm model, reducing from 57% to 49% in France
and from 53% to 42% in Germany.

These results show that sorting is mainly to occupations, and not firms, in line with
models of occupation-choice rather than those of firm sorting. A full discussion of the

implications of these findings is presented in section 4.3.

4.1 Time-trends

The literature has recently been interested in how the role of firms in explaining wage in-
equality has changed over time (Card et al., 2013; Song et al., 2019; ?; Engbom and Moser,
2022; Lachowska et al., 2023). In the French setting, due to data restrictions, we cannot
leverage a sufficiently long time series. However, using the German data, we can perform
our decomposition every five years since 1999.1° In figure 3 we present how the contribution
of job-level heterogeneity and worker-job sorting has changed over time, decomposing each
component into that due to within and between occupation components.

Figure 3 panel (a) confirms that we replicate, in our worker-job model, the findings of
Card et al. (2013) and Song et al. (2019) that the dispersion of firm wage premia increased
over the 2000’s. Decomposing this into that due to within and across occupation changes,
we find that both are quantitatively important. However, extending this exercise until 2022
we find a flattening and then a decrease in the explanatory power of job level heterogeneity.
Again, decreases in both across-occupation heterogeneity and within-occupation, across-firm
heterogeneity are qualitatively important. In the final period 2017-2022, we find a similar
decomposition to the first period 1999-2004. It should, however, be noted that the most
recent period includes the Covid-19 pandemic, which may skew results in hard-to-predict
ways.

Figure 3 panel (b) shows that the degree of sorting between workers and jobs has almost
doubled over time, and that all of this increase can be attributable to the greater sorting
of workers to occupations. While we confirm that sorting between workers and firms within
occupations has also increased over this period (as previously documented in Card et al.

(2013)), it is of a quantitatively unimportant magnitude. This increase in occupation-level

10Tn 2010-11, a new occupational classification was introduced in Germany, inducing an abnormally large
number of apparent occupational moves. We exclude those years from the analysis because occupation
changes in these years will not always reflect actual occupational moves.
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sorting, coupled with the increase in the segregation of occupations across firms documented
in section 3.4 explain the increases in sorting. This provides evidence in line with the recent
literature that has attributed increased between-firm inequality to changes in the boundaries
of the firm (Bilal and Lhuillier, 2021; Handwerker, 2023; Cortes et al., 2024).

Figure 3: Changes in variance of job fixed effects and sorting from 1999-2022 in Germany

0.06
0.02
0.04
part part
. between . between
B vitvin : B vitin
0.01
0.02 '
0.00
0.00

99-04 05-09 12-17 17-22 99-04 05-09 1217 17-22
Period Period

Variance of job fixed effect
Covariance of individual and job fixed effect

(a) Variance of job fixed effects (b) Covariance of individual and job fixed effects

Notes: These figures plot the variance of job fixed effects (in panel 3a) and the covariance of individual and job fixed effects (in
panel 3b. We decompose these terms into between-occupation (orange) and within-occupation (blue) terms as described in the
text. We plot these statistics for four time periods in Germany, 1999-2004, 2005-2009, 2012-2017, 2017-2022. The years 2010
and 2011 are excluded because of an occupational change which led to abnormally large numbers of occupational moves.

4.2 Diagnostics and robustness checks

In this section, we discuss diagnostic tests of the econometric assumptions underlying our
interpretations in section 4 and probe the robustness of this analysis to various specification
changes. In addition to the analysis described in this sub-section, we find that the qualitative
takeaways of our main decomposition result are also robust to using log hourly wages instead
of annual wages, as well as using a sample of only women. These results are available on

request.
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4.2.1 Exogeneity of moves

As described in section 2, to credibly interpret the job fixed effects as pay premia, we require
exogenous moves of workers to jobs conditional on the estimated fixed effects. We follow
the logic of Card et al. (2013) by considering wage changes around job changes. If the
econometric model specified is correct, then when a worker moves from a job with a high
wage premium to a job with a low wage premium, we should see a step-wise relative change
in their earnings that is roughly equal to the negative of an analogous move from the low-
wage premium job to the high wage premium job. On the other hand, if there were match
effects or temporary wage effects not captured by the fixed effects, then we should expect
such moves between jobs not to lead to a symmetric effect on earnings. Card et al. (2013)
produces a diagnostic for the identification assumption based on this idea as follows: they
first cluster firms into four clusters by their wage premia, and then study wage changes
when workers move between firms in these clusters. They argue that if the identification
assumption holds, moves between firm clusters should produce relatively symmetric wage
changes.

We implement these event-study “tests” by categorising the jobs that individuals move
into or out of into four earnings quartiles using the leave-out job-specific mean fixed effect.
Figure 4 then plots how average wages move around the event of a job switch between each
of the four categories. Focusing on the most extreme moves from the first to the fourth
quartile and from the fourth to the first, there is a clear symmetry in the impact. The other
cells, although less extreme, show a similar symmetry. We produce an analogous diagram
categorising jobs using average job wages in figure 6 in the appendix, which shows similar
results. Symmetric wage changes when moving between different quality jobs, stable wages
when moving between similar quality jobs, and stability in the years around a move all give
credence to the key identifying assumptions and follow a pattern of similar results in the
worker-firm literature Bonhomme et al. (2023); Card et al. (2013, 2018).

Finally, one might be worried that the averages presented in the event study might obfus-
cate different degrees of exogeneity between different types of moves; e.g. moves across firms
may be conditionally exogenous as is accepted in the AKM literature, while moves across
occupations within a firm may not be, particularly if firms have more private information
about workers which allow them to achieve significant match effects. We therefore plot a
version of the event study using only moves within firms across occupations in figure 7 in
the appendix. Even for these moves, we still observe the symmetric wage gains and losses
implied by the two-way fixed effect model when workers move across occupations in different

fixed effect quartiles.
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Figure 4: Event study around job moves, clustering by leave-out job mean fixed effect
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Notes: These figures show the impact on average wages around the event of job movement. Each cell shows the average wage
change associated with a movement event from one quartile to another quartile of the average job fixed effect distribution.
Following Card et al. (2013), we cluster jobs into quartiles by computing the mean leave-out job fixed effect within the job,
excluding the own firm. Only those who remain in their old job for two years before and their new jobs for two years after the
move event are included. The number of switchers in each cell is given in the cell title. Panel (a) shows the results for France,
and panel (b) shows the results for Germany.
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4.2.2 Linearity of worker and job effects

A possible criticism of the approach we take is that the two-way fixed effect regression imposes
an inappropriate log-additive functional form on worker and job fixed effects. The log-
additive structure we impose on the data could mask important heterogeneity, mechanisms,
or disallow potentially relevant theoretical channels. To check for this, we again follow the
approach in Card et al. (2013) and show in figure 10 in the appendix that the mean of the
residuals of the two-way FE regression are near zero on average, and by job and worker cells.
We find that the specification performs well in this test.

4.2.3 Performance relative to additive firm and occupation fixed effects

Another method used in the literature to incorporate occupations into an AKM framework
is to add occupation fixed effects additively to a model with worker and firm fixed effects
(Torres et al., 2018). Relative to our preferred specification, this approach extrapolates the
pay premium for a given job as the simple sum of its firm and occupation components, thereby
ignoring potential match-specific idiosyncratic returns. While the additive specification is
more parsimonious and significantly less data-intensive—requiring only the estimation of
|F| + |O] parameters rather than the up to |F x O] coefficients in our flexible job-fixed-
effect model—this efficiency comes at a structural cost. Figure 5 uses French data and plots
the difference between estimated job fixed effects ();) from our preferred worker-job model
and the sum of estimated firm ();) and occupation (7,) fixed effects from a log-additive

worker-firm-occupation model.
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Figure 5: Contribution of worker-job match effects by firm and occupation mean pay
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Notes: The figure shows a heatmap of the difference between the estimated job fixed effect in our main specification,
and the sum of a firm fixed effect and an occupation fixed effect in an auxiliary specification, which we interpret
as match effects between occupation and firms. Green squares imply that if the job fixed effect were replaced by
the additive firm and occ fixed effects, the resulting predicted log wage would be within 0.05 log points of the
true predicted log wage with job FE. Red implies that using the additive specification would underpredict the true
wage by over 0.1 log points and blue implies that overprediction by over 0.075 log points. The x-axis indexes 25
quantiles of occupations, sorted by the mean wage within the occupation, and the y-axis indexes 25 quantiles of
firms, sorted by the mean wage within the firm.

The heatmap demonstrates that while the additive model serves as a strong approxi-
mation for the majority of firm-occupation pairs (indicated by the predominant green cells
within £0.05 log points), it systematically fails to capture significant match effects at the
extremes of the distribution. These deviations, which represent cases where specific firms
pay a premium or discount to specific occupations above their baseline rates, would be mis-
attributed in a more parsimonious model. In particular, wages for high-pay occupations at
low-pay firms seem to be systematically higher than an additive firm-occupation would sug-
gest. By utilizing a flexible job fixed effect, we ensure that these match-specific components

do not confound our estimates of worker-firm and worker-occupation sorting.
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4.2.4 Robustness to coarser occupation categories

Another concern is that occupations could be measured with error in our data. First, if we
use very fine-grained occupational codes, it could be difficult for firms to consistently fill in
workers’ occupations accurately. Apparent segregation across firms could reflect differences
in reporting standards and practices across firms and not actual differences in the work
done. To check for this, we reproduce our main results using coarser occupation definitions;
whereas at the 4- or 5-digit level mistakes in occupation classification may be made, this
seems more improbable the more aggregated occupation groups become.

Details of results and decompositions for one-, two-, three-, and four-digit occupation
classifications are given in the online appendix. Figure 8 compares the decomposition of the
variance of job fixed effects into between- and within-occupation components while figure
9 compares the similar decomposition of the covariance of worker and job fixed effects.
Naturally, as the occupation classification becomes coarser, across-occupation differences
will mechanically explain less variation, even in the absence of measurement error. However,
we find that even at the one-digit occupation level in the French setting, 63% of the wage
inequality that can be attributed to sorting between workers and jobs is due to sorting across
occupations, and 14% of the wage inequality that can be attributed to job-heterogeneity is

due to across-occupation differences.

4.3 Discussion

The implications of our analysis depend on the intended interpretation of the two-way fixed
effect framework. Under a descriptive interpretation, the AKM firm fixed effect answers
“which firms pay more on average,” while the worker-firm covariance identifies whether high-
wage workers are concentrated at those high-wage firms. Our paper contributes to this view
by identifying a critical confounding margin: the worker’s occupation. We demonstrate that
high-wage firms are frequently those that disproportionately employ high-wage occupations.
Consequently, documented worker-firm sorting largely reflects the sorting of high-ability
workers into high-paying occupations rather than a firm-specific matching premium within
those occupations. Furthermore, we provide evidence that the observed historical rise in
worker-firm covariance is driven primarily by increased worker-occupation sorting and the
intensifying segregation of occupations across firm boundaries.

Beyond a descriptive interpretation, firm fixed effects have been interpreted as ”[po-
tentially representing] rent-sharing, an efficiency wage premium, or strategic wage posting
behaviour” (Card et al., 2013). For example, Card et al. (2018) interprets AKM fixed effects
as capturing preference for firm-level amenities. We contribute to this literature by verifying

that even within fine occupation categories, there is still substantial dispersion of firm fixed
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effects, suggesting that variation in firm-level pay premia are not solely driven by differences
in occupational composition. However, our analysis also points to the need for papers to
take into account differences in occupational composition before making conclusions about
the specific economic explanation for wage dispersion being studied.

Finally, our findings provide a new perspective on the literature that uses AKM covari-
ances to identify primitives of labor market sorting. We show that the locus of sorting is
more critical than previously understood. By applying the Law of Total Covariance, we
demonstrate that sorting to occupations is quantitatively over four times as important as
sorting to firms. In the French context, for instance, sorting across occupations accounts for
17.0% of wage variance, whereas sorting to firms within those occupations accounts for only
4.0%. This suggests that the ”sorting” documented in standard AKM models is largely a re-
sult of Roy-style self-selection into tasks and occupations rather than the firm-level matching
typically emphasized in search-and-matching models.!!

A growing literature has sought to understand the relation between AKM covariances
and primitives in matching models of the labour market (Eeckhout and Kircher, 2011; Hage-
dorn et al., 2017; Borovickova and Shimer, 2017; Lopes de Melo, 2018; Borovickova and
Shimer, 2024). These papers have largely concluded that covariances from AKM models do
not identify primitives from a model of sorting between workers and firms. Thus, it is inap-
propriate to view our results as providing definitive evidence that complementarities between
workers and firms are driven by the worker’s occupation. We view our paper as identifying
an important locus of sorting that future attempts to recover these primitives must account
for. Specifically, if worker-job complementarities identified in structural approaches arise pri-
marily from worker-occupation matching rather than worker-firm matching, then standard
firm-level models may misattribute the source of productive efficiency. By demonstrating
that sorting to occupations is the dominant driver of observed wage covariance, we provide
a descriptive foundation for future research to explore whether significant complementarities

exist within occupations or if they are primarily a feature of occupational selection.

5 Conclusion

In this paper, we argue that the degree to which high-wage workers sort to high-wage firms
has been overestimated in AKM-style decompositions. This overestimation is due to high-
wage occupations clustering in high-wage firms. Not explicitly accounting for a worker’s

occupation, therefore, leads to sorting to high-wage occupations being mistaken for sorting

11Tt should be noted that sorting to occupations in our main empirical analysis captures both sorting across
sets of broad skills (programmer vs butcher vs mechanic, for example) and vertical occupation classifications
within skill sets. In robustness analysis, we consider coarser occupation classifications that capture more of
the former notion and find our qualitative conclusions are unchanged.
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to high-wage firms.

We extend the standard AKM model by estimating worker-job two-way fixed effects
instead of worker-firm two-way fixed effects, where jobs are occupation-firm pairs. We show
using event studies around job changes that wages experience step-changes consistent with
the fixed effects model when they move from high-wage jobs to low-wage jobs. We account
for limited-mobility bias using the leave-one-out variance estimator due to Kline et al. (2020),
and demonstrate robustness of our core results to using coarser occupation codes, considering
different time periods, and considering different data definitions.

We show that quantitatively, sorting of workers to occupations accounts for far more of
the total log wage variance than sorting of workers to firms within occupations. Estimates of
worker-firm sorting from standard AKM models are substantially higher than estimates of
sorting of workers to firms within occupations in our model, suggesting that much of what was
previously considered worker-firm sorting may have been worker-occupation sorting instead.
Second, we show that even after accounting for occupations, there is considerable variation
of firm wage premia within occupations.

Some authors have interpreted the firm premia found in the previous literature has evi-
dence of firm market power arising from workers’ heterogeneous preferences for firms (Card
et al., 2018). In this sense, authors have argued that pay policies like minimum wages could
reduce overall wage inequality (Alvarez et al., 2018). Our results suggest that another piece
of the puzzle is occupational sorting. A compelling direction for policy may be to under-
stand to what extent pay premia within occupations reflect differences in the market value
for tasks (Acemoglu and Autor, 2011) or rent-seeking, e.g. through occupational licensing.
Furthermore, it would be interesting to understand more fully whether the identified worker-
occupation covariances are driven by productivity (i.e. more productive workers sorting to
more demanding and highly compensated jobs) or rent-seeking (i.e. more capable people
being better away to compete for highly compensated occupations protected by regulatory

barriers).
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A Summary Statistics for Other Periods

A.1 France

Table 2 reports descriptive statistics for the French matched employer—employee data over the
2010-2014 period, constructed using the same data-processing pipeline, sample restrictions,
and variable definitions as in the main French analysis. The table is presented across five
alternative estimation samples that differ only by the connectedness requirements implied
by the fixed-effect structure. Specifically, the first column summarizes the restricted full
sample. The second and third columns summarize, respectively, the largest connected set
and the largest leave-one-out connected set (LOO) under the worker—firm specification. The
fourth and fifth columns summarize, respectively, the largest connected set and the largest
leave-one-out connected set under the worker—job specification, where jobs are defined at the
firm—occupation level, consistently with the main text.

Within each sample column, Table 2 reports the number of observations, the number of
unique workers, firms, and jobs, and a set of wage moments. Wage moments include the
mean and variance of log annual wages and log hourly wages, together with the variance of
residualised log hourly wages, where residualisation follows the control structure described
in the main text. The table additionally reports mobility counts, including the number of
observed job-to-job moves and their decomposition into firm changes, occupation changes,
and moves involving simultaneous changes in both firm and occupation. The table notes
indicate that individuals are linked across yearly cross-sections using the same chaining

procedure as in the main French panel construction.

Table 2: Summary statistics, 2010-14

Full data  Firms connected set Firms LOO set Jobs connected set Jobs LOO set

2010-14

N obs 46,103,347 39,467,309 37,286,700 33,154,058 28,775,013
N workers 12,664,742 9,400,612 8,890,944 7,934,805 7,034,652
N firms 1,146,870 580,256 329,961 502,751 222,969
N jobs 4,989,214 3,561,234 2,921,078 2,209,007 821,744
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 2.89 291 2.92 2.91 2.92
Var residualised log hourly wage 0.19 0.19 0.19 0.19 0.18
Var log hourly wage 0.23 0.22 0.22 0.21 0.21

N moves 8,503,206 2,954,239 2,694,455 6,003,822 4,562,592
N firm moves 3,131,395 2,954,239 2,694,455 2,760,518 2,116,072
N occ moves 7,199,647 2,660,426 2,395,688 4,855,056 3,569,830
N firm + occ moves 1,827,836 1,735,055 1,550,929 1,611,752 1,123,310

Notes: This table shows the summary statistics for data from 2010 to 2014, cleaned in the same way as our main sample, which
we use as a robustness check. The underlying data is from yearly BTS data files, French administrative matched employee-
employer data. Individuals are mapped over time using the procedure and kindly provided programs in Babet et al. (2025).
Sample construction and restrictions are discussed in the main text.
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A.2 Germany

Table 3 presents descriptive statistics for the West German sample across four multi-year
windows—1999-2004, 2004-2009, 20122017, and 2017-2022—using the same unit defini-
tions and sample restrictions as in the main German analysis. For each period, the table
reports statistics for three nested estimation samples: the restricted full sample, the largest
connected set under the main worker—job structure, and the largest leave-one-out observa-
tion connected set (LOO) under the same worker—job structure. The LOO sample is the
one required for the leave-one-out variance-component corrections implemented in the main
decomposition analysis.

For each period-by-sample cell, Table 3 reports the number of observations and the
number of unique workers, firms/establishments, and jobs. It then reports wage moments
for daily wages (including the average and standard deviation), as well as the standard
deviation of residualised daily wages, where residualisation is performed using year fixed
effects and a cubic age profile, as described in the paper. Finally, the table summarizes
mobility by reporting the total number of job-to-job moves and the decomposition of moves

into firm moves, occupation moves, and moves involving both firm and occupation changes.
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Table 3: Descriptive statistics for entire West German sample, in four periods from 1999-2022

1999-2004 2004-09 2012-17 2017-22

Total observations (m) 60.34 57.78 62.47 54.56
Total workers (m) 13.62 12.81 14.03 14.22
Total firms (m) 1.56 1.49 1.40 1.35
Total jobs (m) 4.03 3.78 4.79 4.91
Average daily wages 4.77 4.74 4.75 4.78
SD daily wages 0.49 0.53 0.53 0.52
SD resid. daily wages 0.48 0.51 0.51 0.50
N moves 6.51 5.34 6.16 5.79
N firm moves 5.74 4.76 5.37 4.88
N occ moves 3.20 2.58 3.85 3.77
N firm + occ moves 2.43 2.00 3.06 2.86
Largest connected set

Total observations (m) 48.69 44.81 47.24 40.16
Total workers (m) 9.89 8.98 9.56 9.44
Total firms (m) 0.99 0.87 0.85 0.78
Total jobs (m) 2.24 1.91 241 2.30
Average daily wages 4.80 4.78 4.77 4.80
SD daily wages 0.47 0.51 0.52 0.51
SD resid. daily wages 0.46 0.49 0.50 0.49
N moves 5.65 4.62 5.37 5.00
N firm moves 5.08 4.18 4.71 4.27
N occ moves 2.79 2.26 3.42 3.29
N firm + occ moves 2.23 1.82 2.76 2.56
Largest leave-out observation connected set

Total observations (m) 42.22 38.06 39.32 32.96
Total workers (m) 8.73 7.76 8.17 7.95
Total firms (m) 0.54 0.45 0.44 0.39
Total jobs (m) 1.05 0.86 1.00 0.92
Average daily wages 4.81 4.81 4.79 4.82
SD daily wages 0.46 0.50 0.52 0.51
SD resid. daily wages 0.45 0.49 0.50 0.49
N moves 4.43 3.53 3.94 3.58
N firm moves 3.98 3.18 3.40 3.01
N occ moves 2.02 1.58 2.37 2.21
N firm + occ moves 1.57 1.22 1.82 1.64

Notes: This table presents summary statistics for all four periods for three samples - the entire population, the largest connected
set of the main worker-job specification, and the largest leave-out observation set of the main worker-job specification. We present
the total number of observations, the total number of unique workers, the total number of unique firms and the total number of
unique jobs in millions, the total number of moves, as well as the average and standard deviation of the daily (imputed) wage
as well as the standard deviation of the daily wage residualised on year fixed effects and a cubic age profile.
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B Variance decomposition table

This appendix section reports the full numerical variance decompositions corresponding to
the graphical summaries in the main text. In each country, the table presents the decom-
position of residualised log wage dispersion under both a worker—firm specification and the
preferred worker—job specification, and it reports the corresponding variance and covariance
objects in both level and share form.

Table 4 decomposes the variance of residualised log wages in the French sample under
two alternative two-way fixed-effect models. Under the firm model, residualised log wages
are decomposed into worker and firm fixed-effect components and their covariance, along
with the residual variance, following the standard AKM structure. Under the job model,
the firm effect is replaced by a job fixed effect defined at the firm—occupation level, and the
decomposition is reported in the same format. For each component, the table reports the
variance contribution in levels and the corresponding share of total residualised log-wage
variance.

In addition, Table 4 implements the within- versus between-occupation decompositions
used in the main text. In the job model, the variance of job fixed effects is decomposed
by the law of total variance into a between-occupation component and a within-occupation
component. Similarly, the worker—job covariance (“sorting”) term is decomposed by the law
of total covariance into between-occupation and within-occupation contributions, using the

same conditioning and notation as in the main text.

Table 4: Variance decomposition: France

Firm model Job model
Component Variance Proportlf)n of Proportion .of Variance Proport{on of Proportion f)f
total variance component variance total variance component variance
Worker Total 0.118 0.574 1 0.098 0.493 1
Job/ Firm Total 0.013 0.064 1 0.021 0.106 1
Within Occupation 0.011 0.06 0.52
Between Occupation 0.010 0.05 0.48
Sorting Total 0.019 0.091 1 0.042 0.210 1
Within Occupation 0.008 0.04 0.19
Between Occupation 0.034 0.17 0.81
Error & controls Total 0.056 0.271 1 0.038 0.192 1

Notes: This table decomposes log wage variance in the French sample using the worker-job model described in the main text.
It also shows the results from applying the law of total variance and law of total covariance to further decompose job-level
components into occupation and firm effects.

Table 5 reports the analogous set of variance and covariance decompositions for the
German sample. As in Table 4, results are reported for both the firm model and the job

model, with components displayed in levels and as shares of total residualised log-wage
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variance. For the job model, Table 5 further reports the decomposition of job fixed-effect
variance into within-occupation and between-occupation components via the law of total
variance, and it reports the decomposition of the worker—job covariance term into within-
occupation and between-occupation components via the law of total covariance, mirroring

the structure and definitions used in the main text.

Table 5: Variance decomposition: Germany

Firm model Job model
. Proportion of Proportion of . Proportion of Proportion of
Component Variance . . Variance . .
total variance component variance total variance component variance
Worker Total 0.130 0.525 1 0.106 0.416 1
Job/ Firm Total 0.027 0.107 1 0.047 0.184 1
Within Occupation 0.030 0.12 0.64
Between Occupation 0.017 0.07 0.36
Sorting Total 0.035 0.143 1 0.054 0.213 1
Within Occupation 0.002 0.05 0.01
Between Occupation 0.051 0.20 0.95
Error & controls Total 0.056 0.226 1 0.048 0.187 1

Notes: This table decomposes log wage variance in the German sample using the worker-job model described in the main text.
It also shows the results from applying the law of total variance and law of total covariance to further decompose job-level
components into occupation and firm effects.

C Event studies

Figure 6 presents event-study profiles of wage dynamics around job-to-job moves, organized
by the wage level of the origin and destination jobs. Jobs are assigned to quartiles based
on the mean leave-out job wage measure, constructed analogously to the leave-out statistics
used in standard two-way fixed-effect diagnostics.

The figure is arranged as a four-by-four grid of panels, where each cell corresponds to
an origin quartile and a destination quartile of this leave-out job mean wage distribution.
Within each cell, the plotted series reports the mean wage outcome by event time relative
to the move, over the event-time window indicated in the figure. The underlying sample
is restricted to workers who remain in the origin job for two years prior to the move and
remain in the destination job for two years following the move, so that pre- and post-move
paths are traced over a balanced window around the transition. Each cell title reports the
origin and destination quartiles and the number of switchers contributing to the cell. The
figure is shown separately for France (panel (a)) and Germany (panel (b)), with an identical

cell structure across countries.
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Figure 6: Event study around job moves, clustering by leave-out job mean wage
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Notes: These figures show the impact on average wages around the event of job movement. Each cell shows the average wage
change associated with a movement event from one quartile to another quartile of the average job wage distribution. Following
Card et al. (2013), we cluster jobs into quartiles by computing the mean leave-out job wage. Only those who remain in their
old job for two years before and their new jobs for two years after the move event are included. The number of switchers in
each cell is given in the cell title. Panel (a) shows the results for France, and panel (b) shows the results for Germany.
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Figure 7 reproduces the event-study design while restricting attention to moves that
occur within firms and involve an occupation change, i.e., transitions across firm—occupation
jobs holding the firm identifier fixed. In this figure, quartile assignments are based on the
estimated job fixed effect from the preferred worker—job two-way fixed-effect model, rather
than on the leave-out job mean wage measure. The figure again uses a four-by-four grid,
where each cell corresponds to an origin and destination quartile of the estimated job fixed
effect distribution. For each cell, the series plots the mean wage outcome by event time
around the move using the event-time window indicated in the figure, and each cell title
reports the number of switchers contributing to that origin—destination cell. The layout is

reported separately for France (panel (a)) and Germany (panel (b))
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Figure 7: Event study around job moves, including only moves across occupations within firms,
clustering by estimated job fixed effect
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Notes: These figures show the impact on average wages around the event of job movement across occupations within firms.
Each cell shows the average wage change associated with a movement event from one quartile to another quartile of the average
job fixed effect distribution. Following Card et al. (2013), we cluster jobs into quartiles by computing the mean leave-out job
fixed effect within the job excluding. Only those who remain in their old job for two years before and their new jobs for two
years after the move event are included. The number of switchers in each cell is given in the cell title. Panel (a) shows the
results for France, and panel (b) shows the results for Germany.
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D Granularity of occupation coding

Figure 8 reports how the variance of estimated job fixed effects is partitioned into within-
occupation and between-occupation components under alternative occupation-code granu-
larities. For each occupation definition considered, the figure displays a bar corresponding
to the total variance of the estimated job fixed effect and decomposes that variance using
the law of total variance into a between-occupation component and a within-occupation
component, consistent with the decomposition in the main text. The occupation-code gran-
ularity associated with each decomposition is indicated in the labels placed adjacent to the
corresponding bar, allowing the figure to be read as a sequence of decompositions across

increasingly coarse occupation classifications.

Figure 8: Decomposing job variance into within and between occupation components by different
levels of occupation granularity
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Notes: This figure shows the decomposition of job variance into between and within occupation components for various
definitions of occupation at different granularities. The dimension of granularity is indicated on the left-hand side of each bar.

Figure 9 provides the analogous set of decompositions for the covariance between worker
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and job fixed effects, i.e., the worker—job sorting term. For each occupation-code granu-
larity, the figure decomposes the worker—job covariance using the law of total covariance
into a between-occupation component—capturing covariance in occupation-level conditional
means—and a within-occupation component—capturing the expected covariance conditional
on occupation. The granularity used for each decomposition is reported in the labels aligned
with the corresponding bar, so that the figure can be read as documenting the within- versus
between-occupation partition of the sorting covariance across increasingly coarse occupation

classifications.

Figure 9: Decomposing worker-job covariance into within and between occupation components by
different levels of occupation granularity
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Notes: This figure shows the decomposition of worker-job covariance into between and within occupation components for various
definitions of occupation at different granularities. The dimension of granularity is indicated on the left-hand side of each bar.

E Linearity of the worker-job two-way fixed effect model

Figure 10 shows a heatmap of the estimated residual of the two-way fixed effect model
averaged within each of 625 cells defined by 25 worker fixed effect quantiles and 25 job
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fixed effect quantiles. Following the diagnostic test proposed by Card et al. (2013), this
plot assesses the validity of the log-additive separability assumption in the AKM framework.
Under this assumption, the match effect is zero, meaning the expected value of the residual
term should be zero, conditional on the worker and job fixed effects. Therefore, if the
additive model is a good approximation, the average residuals within each cell should be
close to zero and exhibit no systematic pattern (e.g., higher values for high-worker /high-job
combinations). The predominance of green across the heatmap indicates that the mean
residuals are indeed small in magnitude and lack a distinct pattern across the distribution

of worker and job effects, providing support for the additive specification in this setting.

Figure 10: Residuals from the worker-job model by worker and job fixed effect quantiles
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Notes: The heatmap displays the mean residuals from the two-way worker-job fixed effect model (Equation 1),
aggregated into a 25 x 25 grid of worker and job fixed effect quantiles.
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