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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 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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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 Manning, 2007, Acemoglu and Autor, 2011]. In this paper, we argue that it is crucial
to consider both firms and occupations 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; in our German and
French administrative data, we find that occupations are highly segregated across firms.

To disentangle firm and occupation sources of wage determination and sorting, we adapt
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: sorting of workers to firms within an
occupation, and sorting of workers to occupations. This decomposition separates worker-
job sorting into two elements, each relevant to a different theoretical literature: the first
component isolates the firm-level sorting that is central to search and matching models
of the labour market [Sattinger, 1993, Postel-Vinay and Robin, 2002, Shimer and Smith,
2000], while the second component captures the occupational sorting central to e.g. Roy-
style models of self-selection[Heckman and Sedlacek, 1985, Keane and Wolpin, 1997]. We
implement this decomposition using French and German administrative data, applying 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 checking for exogeneity using the event-
study approach of Card et al. [2013].

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

IFor 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.

2We present all results relative to residualised log wage variance, where we control for a cubic age profile
and year fixed effects.



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.

Our work primarily contributes to the large literature that combines theoretical models
of assortative matching [Sattinger, 1993, Postel-Vinay and Robin, 2002, Shimer, 2005] with
empirical work using the two-way fixed effects model of Abowd et al. [1999], Card et al.
[2013], Song et al. [2019]. We show that when high-skill occupations cluster within firms—a
prevalent feature of the data—standard estimates of worker-firm sorting are confounded by
worker-occupation sorting. By separating these channels, we provide the first flexible esti-
mates of the relative importance of worker-firm sorting (e.g., matching on productivity) and
worker-occupation sorting (e.g., Roy-style selection) [Heckman and Sedlacek, 1985, Linden-
laub and Postel-Vinay, 2023].

Our paper also contributes to the literature that explores the role of occupations and
firms jointly in wage determination using an AKM approach. While prior work has sought
to incorporate occupations, it has relied on more parsimonious modelling assumptions such
as log-additive separability [Torres et al., 2018] or interactions with only broad occupa-
tional categories [Goldschmidt and Schmieder, 2017, Lamadon et al., 2022]. In contrast, our
job-fixed-effect model allows for the job premium to vary flexibly, unrestricted by firm or oc-
cupation main effects. This flexibility is crucial, as imposing log-additivity may mechanically
understate the variability of wage premia across firms within occupations.

The paper proceeds as follows. Section 1 presents the econometric approach. Section 2
describes the French and German administrative data used in our decomposition. Section
3 presents the main decomposition results, robustness, and validation exercises. Finally,

section 4 concludes.

1 Separately identifying worker-firm and

worker-occupation wage-sorting

We consider a framework that allows us to identify sorting between workers and firms, taking
occupations into account in the most flexible way we can. 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, i, and job, j effects, where jobs are defined by
firm-occupation pairs j € J = F x 0.2 Define the assignment function J(i,t) = j. This

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 is a less



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.*
ln(wit) = qo; + )\J(Lt) + €t (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

5

premia.” The specification in equation 1 allows a simple decomposition of the observed

variance of log wages as given in equation 2 below.

Viln(w;;e)] = V(o) + V(A)) + 2-Cov(a;, \;)) + v (2
N~ N—— —
Variance due to Variance due to job Variance due to
individual heterogeneity workers sorting into
heterogeneity jobs

We wish to calculate the degree of worker-firm sorting using the decomposition given
in equation 2. To do this, we focus on Cov(a;, A;), which quantifies the degree of sorting
between workers and jobs. Our aim is to capture the component of this variation that is
due to sorting to firms and not occupations. Note that we can write \; = v, + ¥y + Qoy,
and therefore Cov(ay, A;) = Cov(a,7,) + Cov(ay,¥y) + Cov(ay, Q,f). The first term of this
expression captures sorting between workers and occupation fixed effects. We can decompose
the second and third terms into that due to cross-occupation variation and that due to

within-occupation, across-firm variation using the law of total covariance.

Cov(as, v7) = E [Cov{a, ¥ylo)] + Cov (Elasll, Eluslo]) 3)
Cov(a, Qo) = E [Cov(ay, Qy¢]0)] + Cov (Elav|o], E[2f|0]) (4)

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].

“4In practice, for computational reasons, we follow the recommendation in Kline et al. [2020] to apply our
models to In(w;) — Xitﬁ 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 vy fixed effects. To see this, note that we can write A\; = v, + ¥¢ 4+ ,¢. Therefore, while the
three-way fixed effects model captures the covariance between workers and occupations (Cov(a;,7,)), and
workers and firms (Cov(a,1¢)), it does not capture the covariance between workers and firm-occupation
match effects (Cov(a, Qoy). This missing component can be intuitively understood as the sorting of high-
wage workers to high-wage firm-occupation pairs.



Intuitively Cov (E[a;|o], E[¢¢|o]) is positive if occupations that attract high-wage workers
are concentrated in high-wage firms, and Cov (E[ay|o], E[Q,¢|0]) is positive if occupations
with high-wage workers are concentrated at firms that reward those specific occupations
more highly. Both of these terms are more likely to be non-zero as a consequence of the
segregation of occupations across firms, and do not capture a notion of sorting between
workers and firms. Therefore, we focus on E [Cov(a;, 1¢|o)] + E [Cov(ay, Q,f|o)] which it is
easy to show is equal to E[Cov(a;, Aj|0)], the within-occupation across-firm component of
Cov(ay, A;) in a law of total covariance decomposition. Intuitively, this object is positive if,
after fixing occupation, high-pay workers systematically end up at high-pay firms or high-pay
firm—occupation matches. It captures a notion of horizontal inequality, that is, inequality

due to where you work, not what you do.

In a worker-firm model we estimate 4" and then quantify sorting from Cov(a;**M, 5 M
in an occupation-blind manner. The difference between Saxy = Cov(aEM, w]f‘K My and

Syre = E[Cov(ay, Aj|o)] is best described through an example. Suppose we have two private
hospital firms, A and B, where hospital A hires mainly surgeons, whereas hospital B hires
mainly nurses, and surgeons earn more than nurses. Sax s would be large and positive due
to the segregation of occupations across firms, even if both hospitals paid the same wage-
premia. On the other hand, S;rgr would only be large and positive if sorting to hospitals
occurred within occupation.

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 {&i,Xj} 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
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 3.1 and find that these concerns do not appear to be substantiated
in our setting.

Second, turning to the limited mobility bias, we extend the leave-one-out variance esti-
mation approach of Kline et al. [2020] deployed by Bonhomme et al. [2023], to our setting
with conditional covariances. Intuitively, Kline et al. [2020]’s approach is to unbiasedly es-
timate the noise in the fixed-effects and use this to debias variance components using these
noisy fixed-effects. We extend this simply by considering conditional covariance components
[Azkarate-Askasua and Zerecero, 2024]. 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.

2 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.5

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.

SFor robustness, and to consider changes over time, we also look at past periods in both Germany and
France in the online appendix.



2.1 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. [2022] in
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 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, 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.”

2.2 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 at the social security ceiling, which we address by imputing censored wages using the
established methodology of Card et al. [2013]. Key variables are real annual earnings, the
establishment identifier®, and the highly granular occupation codes based on the 5-digit KI1dB
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

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

8 An 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.


https://www.insee.fr/fr/information/3647029?sommaire=3647035

result, occupational moves within firms are likely to be under-reported.

2.3 Summary Statistics

Table 1 shows some summary statistics from the two most recent samples, 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 2, while
columns 2 and 3 describe statistics for the largest connected set and the largest leave-one-out connected
set, respectively.

2.4 Segregation of Occupations Across Firms

It is important to account for occupations and firms jointly because occupations are segre-
gated across firms. To quantify the extent of this segregation, we turn to information theory
and compute the Thiel-H index across firms [Theil and Finizza, 1971, Theil, 1972]. The
Thiel-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 occupations were perfectly segregated across firms, then knowing a

worker’s firm would be equivalent to knowing their occupation. If; on the other hand, occu-



pations 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.
Knowing what firm a worker works 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. The online appendix shows details of these results, and that segregation

has increased somewhat over time in both settings.

3 Decomposition results

Figure 1 shows the main decomposition results for both the French and German data side-
by-side. It shows the results from decomposing wages using the fixed effects estimated from
equation 1, correcting for limited mobility bias and using the law of total variance and
covariance to separate between-occupation and within-occupation across-firm components.
Figure 1 also shows the results from employing the same procedure on the standard AKM

worker-firm model for comparison.



Figure 1: Decomposition Results
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Notes: This figure shows our main decomposition results. Each bar presents the share of total residualised log-wage variance
of the described component for the specified model. For the variance of job-fixed effects and the covariance of worker- and job-
fixed effects, we show its decomposition into between-occupation and within-occupation components as described in the text.

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. On the other hand, sort-
ing across occupations accounts for a relatively large proportion of log-wage variance (17%
in the French sample and 20% in the German sample). Furthermore, worker-occupation
sorting may underlie much of what was previously attributed to worker-firm sorting in de-
compositions 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 1 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
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 signifi-

cantly less log wage variance in the worker-job as opposed to the worker-firm model, reducing
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from 57% to 49% in France and from 53% to 42% in Germany.

Finally, the literature has recently been interested in how the role of firms in explaining
wage inequality has changed over time (e.g. Song et al. [2019]). In the French setting, due
to data restrictions, we cannot go far back in time. However, using the German data, we can
perform our decomposition every five years since 1999; we report the time-varying within-
between decomposition in Figure 2b.” We find that the degree of sorting between workers
and jobs has increased over time. While we confirm that sorting between workers and firms
within occupations has increased over this period (as previously documented in Card et al.
[2013]), we also find that the rise is mainly attributable to greater sorting between workers

and occupations.

Figure 2: 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 vitin : B vithin
0.01
0.02 E
0.00
0.00

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

Variance of job fixed effect
Covariance of individual and job fixed effect
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Notes: These figures plot the variance of job fixed effects (in panel 2a) and the covariance of individual and job fixed effects (in
panel 2b. 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.

9In 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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3.1 Diagnostics and robustness checks

In this section, we discuss diagnostic tests of the econometric assumptions underlying our
interpretations in section 3 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.

3.1.1 Exogeneity of moves

As described in section 1, 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 3 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 the online 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
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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 online ap-
pendix. 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 3: 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. 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.

14



3.1.2 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 the online 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.

3.1.3 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.

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. Details of results and decompositions for one-, two-,

three-, and four-digit occupation classifications are given in the online appendix.

3.2 Discussion

Our results offer a different perspective on log wage inequality than most of the literature.
The initial development of the AKM model drove a lot of research into firm wage premia
Mortensen [2003], and subsequent landmark papers like Card et al. [2013] and Song et al.
[2019] have reinforced the importance of sorting in contributing to wage inequality. Our
results qualify these findings by showing that sorting across occupations is quantitatively
more important than sorting across firms within occupations in explaining wage inequality.
Thus, our results suggest that mechanisms driving occupational choice are particularly im-
portant in driving wage inequality. Our results are consistent with classic Roy-type selection
on comparative advantage and task returns, e.g. [Roy, 1951, Acemoglu and Autor, 2011,

Yamaguchi, 2012], suggesting that some of this inequality might be driven by efficient match-

15



ing. However, to the extent that family background might affect both worker ability (e.g.
through better education) as well as occupational access, our results are also consistent with
papers that suggest that family background is important in regulating access to desirable
occupations [Aina and Nicoletti, 2018, Bell et al., 2019, Bamieh and Cintolesi, 2021, Lo Bello
and Morchio, 2022, Almgren et al., 2025].

Second, our results have confirmed the existence of large variation in firm wage-premia
even within occupations, yet we find little sorting of workers across firms within occupations.
This raises a puzzle: if some firms pay more within the same occupation, why don’t higher-
skill workers systematically match to those higher-paying firms?

One explanation is that this finding is not fully at odds with the theoretical literature;
after all, Eeckhout and Kircher [2011] and Lopes de Melo [2018] point out that theoretical
models of sorting on productivity do not imply a strictly increasing relationship between
worker and firm pay premia. Furthermore, part of the story could be that wage differentials
across firms might represent compensating differentials; firms that offer higher wages may
offer fewer non-wage amenities or require work in less desirable locations.'® Another possible
explanation of this phenomenon is our setting — France and Germany have relatively rigid
labour markets. Without the ability to easily let unproductive workers go, firms may be
unable to break unproductive matches and form new, productive ones. To this end, it would
be interesting to see if the facts documented in this paper can be replicated in countries with

more flexible labour markets.'!

4 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
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],

0The empirical evidence on this question is mixed: Humlum et al. [2025] finds a negative correlation
between pay and non-wage amenities in Denmark, while Sockin [2022] finds that higher wage firms also offer
better wage amenities.

1 To our knowledge, the data underlying AKM studies based in the US does not contain information on
occupations.
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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. Thus, our results suggest fairly low sorting of workers

to higher-paying firms despite the existence of relatively large firm wage premia dispersion.
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