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Abstract

This paper studies the relationship between occupational employment, occupational
wages, and rising wage inequality. We document that in all occupations, entrants
and leavers earn less than stayers. This suggests selection effects that are negative for
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pational prices and skills, which includes occupation-specific skill accumulation and
endogenous switching across many occupations. Consistent with leading explana-
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1 Introduction

During the past decades, occupational employment has changed profoundly across Europe

and the United States. A burgeoning literature has established fundamental shifts in labor

demand as the most important cause of these changes (Autor et al., 2003; Goos and Man-

ning, 2007; Acemoglu and Autor, 2011; Goos et al., 2014, we discuss the literature in detail

in the next section). Yet, it remains puzzling that these demand shifts fail to be clearly re-

flected in occupational wages or wage inequality. First, occupational employment growth

has been decoupled from occupational wage growth (Goos and Manning, 2007; Mishel

et al., 2013; Green and Sand, 2015; Roys and Taber, 2019; Hsieh et al., 2019). Second, a

number of studies suggest that changes in occupation-specific labor demand contributed

little to the increase in wage inequality in recent decades (Dustmann et al., 2009; Card

et al., 2013; Firpo et al., 2013; Autor, 2019).

Making use of individual-level longitudinal information on wages and occupations

from German administrative data, we document three important facts. First, individual

workers’ wage growth is substantially faster within expanding occupations. During our

study period 1985–2010, annual individual wage growth is one percentage point higher

on average in occupations that double in size compared to those where size is constant.

Second, workers who enter an occupation earn 21 percent less than incumbents on aver-

age. Similarly, average wages of workers leaving occupations are 16 percent lower than

stayers’ wages. Third, both of these effects are increasing in net occupation growth. For

a doubling in occupation size, the wage gaps between entrants vs incumbents and leav-

ers vs stayers widen by 6 and 3 percentage points, respectively. The raw data thus reveal

that net growth of an occupation will attenuate average wages within occupations where

selection operates in both directions. This explains why wage and employment growth

across occupations are uncorrelated in our data.

In order to interpret these facts, we set up a parsimonious model of occupation choice.

Workers have multidimensional occupation-specific skills that evolve heterogeneously

across occupations and over the career. The central distinction we make is between skill

prices—wages paid per constant unit of skill—and average occupational wages. While
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skill prices are directly affected by shifts in demand, selection may dampen, neutralize,

or even overturn their effects on average wages. Less skilled individuals enter growing

occupations, which depresses these occupations’ average wages. Shrinking occupations

also retain the more skilled parts of their workforce, lifting their average wages. Such

selection effects imply that between-occupation inequality will underestimate the impact

of shifting occupational demand on wage inequality.

We estimate the model using the longitudinal information in our data. Our analysis

uncovers three main findings. First, there is a clear positive relation between skill price

and employment growth at the level of detailed occupations. This indicates that demand

shifts were the dominant drivers of both occupational employment and skill-constant

wages over the past decades. Characterizing occupations by their task intensities, we find

that the patterns are in line with routine-biased technical change (RBTC) as one of the im-

portant drivers of occupational demand.1 More generally, the patterns are consistent with

polarization, since employment and skill prices of broad occupation groups with high as

well as low wages rose compared to mid-wage occupation groups.

Since employment growth is uncorrelated with average wage growth and positively

correlated with skill price growth, skills must deteriorate in growing occupations and in-

crease in shrinking occupations. Our second main finding is that lower-earning workers’

net entry into growing occupations and their net exit out of shrinking occupations fully

account for the negative relationship between skill changes and employment growth. We

term this the employment growth-selection effect or simply growth-selection. Quantitatively, a

doubling of an occupation’s workforce translates into a decrease in its average skills by 12

percent. Viewed through the lens of our model, growth-selection stems from both entrants

and leavers possessing lower average skills than stayers in any occupation. We exploit the

longitudinal dimension of the data to document the nature of growth-selection. One com-

ponent is that growing occupations draw in and shed younger workers who are equally

1Note that this paper does not measure occupational demand or supply shocks directly. We instead
infer from the co-movements of quantities and prices that these are consistent with demand shocks. Forces
of occupational demand may include RBTC and related technical changes (e.g., Autor et al., 2003), interna-
tional trade and offshoring (Autor et al., 2013; Goos et al., 2014), transformation of the industry structure
(Bárány and Siegel, 2018), changes in consumption patterns (Autor and Dorn, 2013; Mazzolari and Ragusa,
2013), social skills content (Deming, 2017), among others.

3



skilled as inframarginal workers, but who have had less time to accumulate skills due to

their age. We distinguish this age selection from Roy selection, which refers to differences

in skills conditional on experience. Due to the fundamental selection problem, we focus

on the current spell in a particular occupation. Aggregating across occupation groups, we

find that 42% of employment growth-selection can be attributed to age selection.

Our third finding is that changes in occupational skill prices have driven much of the

increase in wage inequality over the past decades. Inequality between occupations would

have been 70 percent higher at the end of our sample if growth-selection had not coun-

teracted the changing skill prices. We break down the quantiles of the wage distribution

using our estimates of skill prices and skills along with workers’ occupational histories.

Our model tracks the wage distribution well. Demographic composition and faster skill

accumulation at the median can account for 70% of the rise in the 50− 15 percentile wage

difference. Controlling for other factors, skill prices alone explain 60% of the increase in

the 85− 50 percentile difference. These results reconcile the roles of demand shifts and of

previous explanations brought forward for the evolution of wage inequality in Germany

(e.g., Dustmann et al., 2009) in quantitative terms.

This paper is structured as follows. Next, we describe the data, relate to prior literat-

ure, and present our new stylized facts. The third section explains the model and its estim-

ation. Section 4 presents the results on the evolution of skill prices, dissects the growth-

selection effect, and reports on extensive robustness checks. In Section 5, we study the

impact of skill prices and selection on rising wage inequality. The last section discusses

the relationship between our findings and the evolution of labor market institutions.

2 Data, Literature, and Stylized Facts

We use the Sample of Integrated Labor Market Biographies (SIAB) provided by the IAB

Institute at the German Federal Employment Agency (Ganzer et al., 2017). The SIAB is a

2% random sample of administrative social security records from 1975 to 2014. It is rep-

resentative of 80% of the German workforce and includes employees covered by social se-

4



curity, marginal part-time workers, benefit recipients, individuals officially registered as

job-seeking, and those participating in active labor market programs. The SIAB excludes

the self-employed, civil servants, and individuals performing military service. Most not-

ably, it contains individuals’ full employment histories including detailed data on daily

wages, industries, and occupations along with socio-demographics such as age, gender,

or the level of education. The data is exact to the day as employers need to notify the

employment agency upon changes to the employment relationship.

In order to work with a homogeneous sample throughout, we restrict the main sample

to German men aged 25 to 54 years who are working full-time (excluding apprentices) in

West Germany. See Appendix A.1 for the reasons behind these choices and for details on

the wider dataset construction. We will relax all of these restrictions in robustness checks.

We transform the spell structure into a yearly panel by using the longest spell in any

given year, adjusting wages appropriately for spells that do not last the entire year. Due

to a cap on social security contributions, 12% of wages are right-censored at this ceiling;

we follow imputation procedures in Dustmann et al. (2009) and Card et al. (2013). We

inflate all wages to 2010 prices using the German consumer price index.

A key strength of the SIAB data is that it provides high-quality longitudinal inform-

ation on workers’ occupations. Until 2010, the SIAB Scientific Use File contains a con-

sistent set of 120 occupations; we cannot use subsequent years because the classification

changes drastically thereafter. Most of our analyses will be based on the raw 120 occu-

pations. To ease interpretation, we also aggregate them into broader groups following

Acemoglu and Autor (2011) and others. These comprise managers, professionals, and

technicians (Mgr-Prof-Tech); sales and office workers (Sales-Office); production workers,

operators and craftsmen (Prod-Op-Crafts); and workers in services and care occupations

(Srvc-Care). See Table A.1 for the mapping of detailed occupations into these groups.

2.1 Wage Inequality and Changes in Occupational Employment

Two of the most important trends in developed countries’ labor markets over the past

decades have been a strong increase in wage inequality and a substantial reallocation of
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Figure 1: Evolution of wage inequality and occupational employment
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Notes: The vertical axis in Panel 1a shows the 15th, 50th and 85th log wage percentile over time relative to 1985. The vertical axis in
Panel 1b shows the log change in the number of employed workers within an occupation over time. Shaded lines in the background
represent the 120 detailed occupations in the SIAB SUF. The four groups show an aggregation of these detailed occupations as de-
scribed in Appendix Table A.1. The thickness of a shaded background line corresponds to the number of employed workers in an
occupation averaged across years 1985 until 2010.

employment across occupations broadly characterized by polarization (for a summary

see Acemoglu and Autor, 2011). As documented by, e.g., Spitz-Oener (2006), Dustmann

et al. (2009), Card et al. (2013), and Goos et al. (2014), Germany is no exception to either

phenomenon. Figure 1 reproduces both trends in our dataset.

Figure 1a shows the trends of wage percentiles over the 1985–2010 period normal-

ized to zero in 1985. Inequality increased strongly and steadily both in the upper half,

measured by the difference between the 85th and the 50th percentile of log wages, and in

the lower half (50− 15 difference). Figure 1b plots the trends in the logs of the detailed

120 occupations’ employment (shaded lines) and the four aggregated groups (bold lines

with markers). Employment in Prod-Op-Crafts occupations declined by more than 20 log

points from a baseline share of over 60 percent, whereas the employment share of the

other occupation groups increased. This trend has been termed “job” or “employment

polarization” because Prod-Op-Crafts workers tend to be located in the middle of the

occupational wage distribution (Goos and Manning, 2007). Part of the declining employ-

ment in middle-paying occupations appears to be due to changes in technology (affecting

codifiable routine-type jobs, see e.g., Autor et al., 2003) as well as international trade and

offshoring (affecting manufacturing-type jobs, e.g., Autor et al., 2013).
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One may expect to see such shifts of the demand for different types of occupations

directly in the wage distribution, not least because the wage and employment trends oc-

curred largely in parallel (Figure 1).2 There exists, however, surprisingly little quantitative

evidence on the role of occupational change for the evolution of wage inequality: holding

occupations’ wages fixed at their initial levels and reweighting them with employment

in subsequent decades, Goos and Manning (2007) show that composition effects due to

employment polarization can account for a substantial part of changing wage inequality

in the U.K. Autor (2019) finds that in the U.S. a similar exercise explains only small shares

of the income growth differentials across five education groups. Further accounting for

the degree of urbanization comes close to matching the evolution of real wages of the

non-college educated. For the German case, Dustmann et al. (2009) conclude that the rise

of lower-half inequality was unlikely to stem from changes in demand. Card et al. (2013)

run a set of Mincer regressions and incrementally add occupational identifiers, finding

that the role of the latter for rising wage inequality is rather small.

Figure 2a hints at why these analyses tend to have limited explanatory power, plotting

changes in employment against changes of average wages over the 1985–2010 period for

each occupation. Variation along the horizontal axis shows that employment changes are

very substantial. Many occupations grew or shrank by more than 50 log points. Yet, move-

ments of average wages are surprisingly small given the variation in occupation growth

and the large increase of inequality. Thus, between-occupation decompositions—such

as wage regressions with occupation dummies or reweighting strategies—may attribute

little of the trends in wage inequality to factors like changing skill prices and employment

structure, and much of its increase to unexplained within-occupation inequality. In fact,

the regression line shows that employment and wage changes are uncorrelated. To pick

2Both panels of Figure 1 use the same sample. Katz and Murphy (1992) argue for using a sample of
workers with high labor market attachment for anything related to wages and a more comprehensive
sample for employment. The reason is that compositional shifts in occupational employment may mis-
takenly be taken as employment growth when using the high-attachment sample only. For example, em-
ployment of kindergarten teachers tripled among prime-aged West-German men in our data. In a sample
including women and foreigners, employment “only” increased by 57%. Appendix D.1 thus repeats all our
analyses where this is possible separating between “wage” and “count” samples, noting important differ-
ences along the way. In the main text, we stick to the high-attachment sample in order to avoid switching
back and forth depending on whether we need individual-level results along both dimensions or not.
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Figure 2: Correlation of changes in employment, average wages, and wage growth
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(b) Stayers’ wage growth
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Notes: The vertical axis in Panel 2a shows the change in average wages between 1985 and 2010. The vertical axis in Panel 2b depicts
individual wage growth averaged across years 1985 until 2010. The horizontal axis in both panels shows the change of the log number
of employed workers within an occupation between 1985 and 2010. One bubble represents one of the 120 detailed occupations in
the SIAB SUF. The four groups show an aggregation of these detailed occupations as described in Appendix Table A.1. Bubble size
corresponds to the number of employed workers in an occupation averaged across years 1985 until 2010. Regression lines across all
occupations (black) and within the four broad groups (colored) are weighted by the number of employed workers.

the two highlighted examples, IT experts’ employment rose by 102 log points or 178 %.

Their average wages grew by 10 %, just above the overall average. Machine operators—a

prototypical occupation to be hit by routine-biased technical change—shrank by 73 log

points or 51 %. Yet, average wages grew by the same amount as those of IT experts.

Within the broader groups, the non-correlation between wage and employment growth

even turns negative for the lower-earning Prod-Op-Crafts and Srvc-Care occupations.

This is consistent with the regressions reported by Dustmann et al. (2009, Section IV.D).

They conclude that demand shifts were unlikely to have driven lower-end inequality.

Finding little or negative correlation between occupational wage and employment growth

is not confined to Germany. Hsieh et al. (2019) and Roys and Taber (2019) document very

small correlations between the growth rates of occupational employment and wages in

the U.S. Employment in low-skill occupations increased in the U.K. and Canada, while

at the same time wages dropped compared to routine occupations (Goos and Manning,

2007; Green and Sand, 2015). Next to the role that occupations have to play for wage in-

equality, this begets the more fundamental question of whether, on aggregate, shifts in

demand versus supply of labor to different occupations were the dominant factor for the
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changes of the employment structure.3 We will find that, while the latter may have a role

to play, the data strongly suggest that demand changes along the lines of routine-biased

technological change or international trade are important.

2.2 Individual-Level Wage Growth and Selection

As a first pass, Figure 2b shows that there is a strong positive correlation between em-

ployment and individual-level wage growth. The horizontal axis is the same as in Panel a

whereas the vertical axis plots the average annual wage growth of workers who stayed

in their occupation for any two consecutive years. Wage growth rates within occupa-

tions clearly line up with their employment growth. We will control for other important

factors, such as occupation- and age-specific returns to experience, below. But the juxta-

position of Figures 2a and 2b already suggests that the key reason for the differences will

be selection into occupations. Put differently, demand shifts will indeed be driving the

changes of employment and prices paid for skilled labor across occupations. Negative

selection of entrants into growing occupations obscures this relation when looking at av-

erage occupation-specific wages. The underlying occupational prices would be spread-

ing out more than the average occupational wages, which are captured in the above-

discussed decomposition analyses.

Data limitations have prevented a more thorough analysis of such selection effects. In

particular, the main sources in the U.S. are repeated cross-sections (CPS, Census) or longit-

udinal data too small in size for investigating individual-level dynamics across detailed

occupations (PSID, NLSY). The SIAB data allow us to track occupational biographies over

the entire career. Figure 3 gives more direct evidence on the importance of selection ef-

fects by plotting employment changes against the wage differentials between marginal

workers who switch and inframarginal workers who stay in their occupations.4

3E.g., Glitz and Wissmann (2021) argue that a declining supply of medium versus low-skilled young
workers in Germany was responsible for part of the rising lower-end inequality depicted in Figure 1a.

4McLaughlin and Bils (2001) perform a related exercise with a coarser set of industry sectors in the PSID
data, reporting comparable results on wage differences.
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Figure 3: Selection into and out of occupations

(a) Entrants’ minus incumbents’ wages
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(b) Leavers’ minus stayers’ wages
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Notes: The vertical axis in Panel 3a shows the average wage of an entrant to an occupation relative to the average wage of incumbents.
The average wage is taken across years 1985 until 2010. The vertical axis in Panel 3b shows the average wage of a worker leaving an
occupation next period relative to the average wage of stayers. The average is taken across years 1985 until 2009 to avoid all workers
being leavers at the sample end. The horizontal axis in both panels shows the change of the log number of employed workers within
an occupation between 1985 and 2010. One bubble represents one of the 120 detailed occupations in the SIAB SUF. The four groups
show an aggregation of these detailed occupations as described in Appendix Table A.1. Bubble size corresponds to the number of
employed workers in an occupation averaged across years 1985 until 2010. Regression lines across all occupations (black) and within
the four broad groups (colored) are weighted by the number of employed workers.

The vertical axis of Figure 3a shows the difference between entrants and incumbents.

An occupational entrant is someone newly observed in the occupation in the current

period. He could be joining the labor force for the first time, switch from a different oc-

cupation, or enter from unemployment or outside of the labor force. The wage difference

between this group and incumbents is strongly negative. The first row of Table 1 shows

that across occupations, entrants earn on average 23.5 log points less than incumbents.

Furthermore, the difference is strongly declining in occupation growth. Per 100 log points

of occupations’ employment growth, it increases by another 8.4 log points. This is consist-

ent with a situation where the skill pool that growing occupations can draw from shrinks

with the extent of their expansion (e.g., see the model sketched in Appendix B.1).

In principle, the patterns in Figure 3a could be generated if occupation choice only

happened at labor market entry in combination with substantial returns to experience.

If this was the sole effect, however, we would expect that the wages of workers leaving

their occupations would be higher than the wages of those who stay on. Put differently,

in such a scenario individuals dropping out of our sample after age 54 should dominate
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Table 1: Selection into and out of occupations: Regression results

Entrants / Incumbents Leavers / Stayers
w|X β̂occ growth w|X β̂occ growth

Specification Type

No covariates Coefficient -0.235 -0.084 -0.175 -0.039
S.E. 0.006 0.012 0.005 0.01

Fully stratified by year / education / age Coefficient -0.146 -0.069 -0.165 -0.031
S.E. 0.006 0.011 0.004 0.009

Only occupational switchers Coefficient -0.134 -0.026 -0.138 -0.038
S.E. 0.005 0.011 0.005 0.011

Separate by age group: Fully stratified by year / education / age

Ages 25–34 Coefficient -0.11 -0.054 -0.111 -0.027
S.E. 0.005 0.007 0.004 0.007

Ages 35–44 Coefficient -0.106 -0.038 -0.112 -0.03
S.E. 0.004 0.009 0.004 0.009

Ages 45–54 Coefficient -0.091 -0.021 -0.132 -0.009
S.E. 0.004 0.008 0.004 0.008

Notes: The numbers are based on regressions of average wage differences between entrants (leavers) and incumbents (stayers) on
occupation growth between 1985 and 2010. The average wage is taken across years between 1985 until 2010 and weighted by occupa-
tions’ employment. In the upper panel, the specification “no covariates” refers to Figure 3. The specification “Fully stratified by year
/ education / age” controls for the interaction of dummies for calendar year, education (no postsecondary, Abitur or apprenticeship,
and university degree), and years of age. The corresponding figure can be found in the Appendix (Figure A.1). “Only occupational
switchers” restricts the samples of entrants and leavers to those who directly switch between occupations, i.e., we drop labor market
entrants, sample leavers at age 54, and those with an intermittent spell of unemployment or outside the labor force. See Figure A.2 in
the Appendix for the graphical representation of the data and regression line. In the bottom panel, we repeat the specification “Fully
stratified by year / education / age”, splitting the sample into three age groups.

the difference between leavers and stayers. Figure 3b and Table 1 show that the opposite

is the case. As for entrants, marginal workers have substantially lower wages than those

who stay on. This difference is 17.5 log points on average and increases by 3.9 log points

per 100 log points higher employment growth. Put differently, only the lowest-skilled

workers leave fast-growing occupations. This suggests that the wage gap is not just due

to entrants being at an earlier stage of their career compared to incumbents.

The second specification in Table 1 investigates how much of the wage gaps can be

explained with standard observable skill proxies. We first run Mincer regressions of in-

dividual workers’ wages on full interactions of dummies for calendar year, education in

three categories, and years of age. We use the residuals to compute the average wage

gaps for entrants/leavers and their slopes with respect to occupation growth as before.

Observables account for 38% of the gap between entrants and incumbents; they explain
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much less of the differences between leavers and stayers. The bottom panel shows that

coefficients drop by another 30% on average when splitting the sample into 10-year age

groups, thereby making the pools of marginal and incumbent workers more homogen-

ous in that dimension. Qualitatively, results are the same. These patterns underscore that

the wage gaps are related to skill selection in education and age. At the same time, the

majority of gaps remain unexplained by standard Mincer variables.

The third row of Table 1 investigates the extent to which the gaps persist even among

direct occupational switchers (i.e., excluding labor market entrants, sample leavers at

age 54, and moves to and from non-employment). Relative to differences in uncondi-

tional wages for the entire sample in the first row, the wage gaps decline by 43% and

21%, respectively. This is natural as this sample removes the large skill differences due

to entrants/leavers moving between non-employment states or young workers entering

the labor market. The average wage gap remains substantial. This shows that direct occu-

pation switchers will measurably contribute to skill selection below and it suggests once

more that skills are occupation-specific.

In all specifications contained in Table 1, the slopes of wage gaps with respect to occu-

pation growth are negative. This underscores that, when occupations grow, the composi-

tion of workers changes so that average skills become increasingly scarce at all margins –

in terms of observables and unobservables, and among workers hired directly from other

occupations. The last two columns of Table 1 are related to Groes et al.’s (2014) analysis of

the Danish labor market. Also using a sample of stayers and leavers, they find that both

low and high earners in an occupation are most likely to switch. In our German data, low

earners in an occupation have a much higher probability to leave, dominating the average

differences between leavers and stayers (see Appendix A.3).

The prominent models in the literature on occupational changes have difficulty match-

ing the facts in Figure 3 and Table 1 as they feature one-dimensional skills (e.g., Acemoglu

and Autor, 2011; Autor and Dorn, 2013). A single dimension leads to a hierarchical rank-

ing of occupations by skill and ensures tractability in general equilibrium. It also implies

that upward switchers leave the lower-ranked occupation from above and that down-
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ward switchers enter lower-ranked occupations from above (Papageorgiou, 2014). This is

hard to square with the finding that even entrants and leavers in low-wage occupations

generally earn less than incumbents and stayers, respectively. In principle, the model in

Hsieh et al. (2019) could deliver the empirical facts from Figures 2–3 and Table 1, see

Appendix B.1 for a stylized theory. In order to make quantitative predictions, it requires

time-constant skills and parametric assumptions about individual skills in all sectors. See

also Gould (2002) for a related analysis in U.S. data.

The remainder of this paper develops and estimates an empirical model with mul-

tidimensional skills that flexibly change over the career. For estimation we only require

data on age, occupations chosen, and the corresponding wages. We will use this model to

explain and quantify the implications of the new stylized facts shown in this section.

3 Estimating Skill Prices with Longitudinal Data

There are K distinct occupations. At any time t a worker i would earn a potential wage

Wi,t,k in occupation k. This potential wage is the product of the worker’s occupation-

specific skill Si,t,k and the occupation-specific price for a unit of skilled labor Πt,k. We

use lowercase letters to denote logs. As in Roy (1951), we assume that workers maximize

their incomes by choosing the occupation in which they earn the highest wage:

wi,t = max{wi,t,1, . . . , wi,t,K} = wi,t,k(i,t) = πt,k(i,t) + si,t,k(i,t). (1)

The occupation subscript’s argument (i, t) indicates that k is i’s choice at time t.

Our goal is to estimate the evolution of skill prices πt,k over time. Based on (1), we

first employ an approximation that allows us to disentangle prices from skills based on

observed data. In the empirical formulation, prices evolve at the aggregate level. Skills

will grow and be subject to idiosyncratic shocks over an individual’s career; we describe

how we deal with the challenges that arise from this in a second step.

The Roy model is hard to estimate in its general form (1) and requires strong restric-

tions. Böhm (2020) derives a computationally simple approximation, which he uses in
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repeated cross-sections data under the assumption that observable and time invariant

proxies for each si,t,k are available. We adapt Böhm’s result to a panel data setting.

For a worker who switches occupations, i.e., k(i, t − 1) 6= k(i, t), note from (1) that

wi,t−1,k(i,t) − wi,t−1,k(i,t−1) ≤ 0 and wi,t,k(i,t) − wi,t,k(i,t−1) > 0. We assume:

Assumption 1. For workers who switch occupations, one can approximate the wage at indiffer-

ence, where wi,τ,k(i,t) = wi,τ,k(i,t−1) with τ ∈ [t− 1, t), to be in the middle of the wage interval

[(wi,t−1,k(i,t)−wi,t−1,k(i,t−1)), (wi,t,k(i,t)−wi,t,k(i,t−1))]. That is, we assume the switch point to be

halfway between the previous and the current relative wage:

wi,t−1,k(i,t) − wi,t−1,k(i,t−1)︸ ︷︷ ︸
relative wage in period t−1

+ wi,t,k(i,t) − wi,t,k(i,t−1)︸ ︷︷ ︸
relative wage in period t

= 0 (2)

For occupation switchers, the Roy model implies negative relative wages in t − 1 and

positive relative wages in t. Assumption 1 posits that the absolute values of these relative

wages (i.e., the wage rents from the chosen occupation or the wage distance to indiffer-

ence) are the same in both periods. From this, we can express realized wage changes as a

function of potential wage changes in the occupations worker i chooses in t− 1 and t:

Result 1. Under Assumption 1, worker i’s observed wage growth between t − 1 and t can be

written in terms of the potential wage growth in the occupation(s) he chooses in those periods:

∆wi,t =
1
2
(
∆wi,t,k(i,t) + ∆wi,t,k(i,t−1)

)
, (3)

where ∆wi,t,k(i,t) ≡ wi,t,k(i,t) − wi,t−1,k(i,t) and ∆wi,t,k(i,t−1) ≡ wi,t,k(i,t−1) − wi,t−1,k(i,t−1) .

See Appendix B.2 for the derivation. Result 1 is economically attractive as it includes

workers’ endogenous switches between occupations due to changing potential wages. Nat-

urally, if a worker stays in an occupation during adjacent periods, his realized wage

change is equal to the change in his potential wage in the chosen occupation. If the worker

decides to switch occupations and k(i, t− 1) 6= k(i, t), half of his wage gain stems from

the wage change he would have experienced had he stayed in his previous occupation

(∆wi,t,k(i,t−1)). The other half is the wage change had he been in the current occupation all
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along (∆wi,t,k(i,t)).5 Importantly, only potential wages in the previous and current occupa-

tions matter for i’s observed wage change; potential wages in all other occupations are

irrelevant. This stems from the fact that the worker has comparative advantage in both of

these occupations and that he chooses accordingly.

Using Equation (1), we can decompose Result 1 into changes of prices and skills:

∆wi,t =
1
2
(∆πt,k(i,t) + ∆si,t,k(i,t)) +

1
2
(∆πt,k(i,t−1) + ∆si,t,k(i,t−1)). (4)

In the next section, we show how panel data on wages and occupation choices allow us

to estimate the evolution of prices and skills imposing minimal yet informative structure

on ∆si,t,k. In Section 3.2, we develop a straightforward estimation strategy that is feasible

even for the 120 occupations × 35 years in our application.

3.1 Identification of Skill Price Changes

The empirical strength of Result 1 is that both individuals’ realized wage changes ∆wi,t

and occupation choices k(i, t− 1), k(i, t) are observed in the SIAB data. This allows linking

potential and observed wage changes. However, we need to put more structure on Equa-

tion (4) in order to separate changes in skill prices from changes in skills. Our framework

relies on differences. We thus do not place restrictions on either object’s initial levels.

We model the skill accumulation process as learning-by-doing on the job. Its speed is

occupation-specific and depends on age; working in one occupation k impacts subsequent

skills in all other occupations. In particular, we assume:

Assumption 2. Individuals’ occupation-specific skill changes are time invariant in expectation.

For all k ∈ {1, . . . , K} and i ∈ {1, . . . , N}

E
[
∆si,t,k | a(i, t− 1), k(i, t− 1), k

]
= Γa(i,t−1),k(i,t−1),k (5)

with a(i, t− 1) denoting the age group of individual i in period t− 1.

5Böhm and von Gaudecker (2021) reports on a large set of Monte Carlo experiments related to our
framework. Using Approximation 1 instead of actual switchpoints is not a cause of concern.
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Assumption 2 restricts reduced-form parameters to be time-invariant. It can be inter-

preted as consisting of two restrictions. The first restriction is time invariance of the struc-

tural skill accumulation parameters introduced in Section 3.2. This means that ex ante skill

accumulation within a(i, t− 1)× k(i, t− 1) cells for all potential k has not changed over

time.6 This is consistent with the literature studying occupational changes (e.g., Acemo-

glu and Autor, 2011; Bárány and Siegel, 2018; Böhm, 2020; Cortes, 2016; Firpo et al., 2013;

Gottschalk et al., 2015; Yamaguchi, 2018; Young, 2014) and more generally with the idea

that differences in returns to worker characteristics over time are due to changes in the

returns to skills rather than changes in skill endowments.

The second restriction assumes that changing prices do not affect ex post observed

skill accumulation among workers of age a(i, t− 1) with realized choices k(i, t− 1) and

k(i, t). This is at odds with the idea of self-selection in the Roy model. The latter would

imply, for example, that workers who stay in an occupation during a period of declining

prices will be positively selected on skill changes compared to staying workers in periods

with constant prices. Therefore, on the one hand, our approach makes progress compared

to the literature by incorporating workers’ endogenous choices based on changing poten-

tial wages (Result 1). On the other hand, it retains the limitation that skill accumulation

parameters are not adjusted for changing self-selection over time.

To examine the plausibility of Assumption 2 empirically, Figure 4 plots the year-to-

year wage growth of 25–34 year-olds (Panel a) and 35–44 year-olds (Panel b) minus the

wage growth of 45–54 year-olds. We subtract the overall mean everywhere. Under As-

sumption 2, the ratio of wage growth across different demographic cells should remain

constant over time; the eight lines should thus be flat at zero. In Panel b, all lines come

6The cells need not only be conditioned on age a(i, t − 1). In robustness checks, we add a full set of
interactions with education levels. This does not make a material difference. We also include a full set of
dummies for each year of potential experience (potexp(i, t− 1), not interacted with k(i, t− 1), k), to capture
any further non-linearities within the age groups, particularly in the early phase of the career. Conditional
on these observables, the restriction does however imply that the speed of learning on the job has not
changed over time. For example, a car mechanic in 2010 may well spend more time replacing electronic
components than his counterpart in 1975. A secretary will send e-mails rather than typing letters. But there
is no temporal change in the speed at which these people get better at their jobs from one year to the next.
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Figure 4: Individual wage growth relative to 45–54 year olds

(a) 25–34 year olds

0.05

0.00

0.05

0.05

0.00

0.05

0.05

0.00

0.05

1975 1980 1985 1990 1995 2000 2005 2010
Year

0.05

0.00

0.05

Mgr-Prof-Tech Sales-Office Prod-Op-Crafts Srvc-Care

(b) 35–44 year olds
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Notes: The lines show average individual wage growth from t − 1 to t by year of 25–34 (Figure 4a) and 35–44 (Figure 4b) year olds
minus average wage growth of 45–54 year olds. Results are centered at zero to show trends over time. The shaded areas around the
four lines are 95% confidence intervals. The four groups are based on an aggregation of detailed occupations in the SIAB SUF as
described in Appendix Table A.1.

close to it. The left panel is somewhat noisier, but there are no systematic trends.7 These

results suggest that, within occupations, relative wage growth of different age groups has

not substantively changed over time.

Assumption 2 identifies changes in skill prices from the difference between wage

changes and expected skill changes up to a constant. We thus need one further normaliz-

ation, which we apply to skill price growth during part of our sample.

Assumption 3. Skill prices are constant during a base period, that is,

∆πt,k = 0 ∀ k ∈ {1, . . . K}, t ∈ {1, . . . , Tbase}.

Under Assumption 3, Γ is identified from the base period due to its time-invariant

nature. Accordingly, the estimates of ∆πt,k can be interpreted as actual changes of skill

7The noise is largest in Mgr-Prof-Tech occupations, which is not too surprising given that many in this
group enter the labor market at ages 25–34 and initial wage growth should be more susceptible to business
cycles. For example, the largest changes of wage growth across age groups can be found during the dotcom
bubble in the late 1990s. As an alternative for the 120 occupations, we split the sample at midterm and plot
the change in log employment against the change in wage growth of young (age 25–34 or 35–44) minus old
(45–54) workers in the resulting two periods. There is more variation than for the four broad occupation
groups but most of the occupations have modest changes in relative wage growth rates and we cannot
detect substantive patterns among them. See Appendix A.4.
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prices for t > Tbase. Distinguishing between price and skill growth is a general challenge

of estimation based on panel data; it is often done rather implicitly.8 Using the whole

decade 1975–1984 as the base period, we will abstract from short-term fluctuations. This

period covers the entire business cycle.9

In case Assumption 3 does not hold, we can still identify accelerations or decelerations of

skill price changes relative to the base period. Proceeding with Assumption 3 as a normaliz-

ation and focusing on occupation stayers for notational simplicity, we identify Γa(i,t−1),k,k +

∆πk,base. Accordingly, the skill price estimates ∆πt,k−∆πk,base for t > Tbase. If ∆πk,base 6= 0,

the estimated skill price changes in subsequent years are accelerations or decelerations

relative to their (unknown) trends during the base period. In our discussion, we mainly

stick with the easier literal interpretation of the parameter estimates under Assumption 3.

Another identification strategy is to assume that seasoned workers’ average skill growth

is zero (“flat spot identification”, Heckman et al., 1998). Under this assumption, occupation-

specific wage growth over the decades is identical to price growth for these ages. Wage

growth still incorporates endogenous choices as in Result 1. We will explore this as a

robustness check, finding results similar to our main specification.

3.2 Estimation and Interpretation of Skill Accumulation Parameters

We combine the equations for wage growth (4) and skill accumulation (5) to obtain our

baseline estimation equation:

∆wi,t = ∆πt,k(i,t−1) ·
Ik(i,t−1)

2
+ ∆πt,k(i,t) ·

Ik(i,t)

2

+ Γa(i,t−1),k(i,t−1),k(i,t−1) ·
Ia(i,t−1) · Ik(i,t−1)

2

+ Γa(i,t−1),k(i,t−1),k(i,t) ·
Ia(i,t−1) · Ik(i,t−1) · Ik(i,t)

2
+ εi,t

(6)

8As an alternative, Cortes (2016) and Cavaglia and Etheridge (2020) do not use a base period and thus
implicitly set one of the skill accumulation parameters to zero (details in Böhm and von Gaudecker, 2021).

9See Figure A.3 in the Appendix for employment and wage trends over the full 1975–2010 period. A
useful side-effect of choosing the first decade of data as the base period is that the resulting analysis period
of 1985–2010 is the same as in Card et al. (2013), easing comparisons.
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with Ia(i,t) and Ik(i,t) denoting indicator variables for i’s age group and choice of occu-

pation, respectively. In line with Assumption 3, we set ∆πk,t = 0 ∀ k ∈ {1, . . . K}, t ∈
{1, . . . , Tbase} and estimate (6) for the whole period t ∈ {1, . . . , T} by OLS.

Regression (6) is perfectly saturated in age groups, previous and current occupations.

The regression error εi,t reflects individuals’ skill shocks or idiosyncratic deviations that

are different from the average worker in the respective cell spanned by these dummies.

That is, we can write εi,t =
1
2(ui,t,k(i,t−1) + ui,t,k(i,t)) where ui,t,k ≡ ∆si,t,k − Γa(i,t−1),k(i,t−1),k.

By Assumption 2, we have E
[
ui,t,k | a(i, t − 1), k(i, t − 1), k

]
= 0 and the error term in

equation (6) is uncorrelated with the regressors.

Result 2. Under Assumptions 1–3, OLS estimation of equation (6) consistently identifies price

changes {∆πt,k|t > Tbase} and average skill changes {Γa(i,t−1),k(i,t−1),k}. Without Assumption 3,

OLS identifies these parameters up to the normalization of the base period.

As discussed with Assumption 2, average occupation-specific skill changes Γ will not

coincide with structural skill accumulation parameters in general. Suppose there exists

a learning-by-doing production function, such that ex ante a worker accumulates skills

according to Γ∗a(i,t−1),k(i,t−1),k = E
[
∆si,t,k | a(i, t− 1), k(i, t− 1)

]
with idiosyncratic innova-

tions u∗i,t,k. What we identify in regression (6) is ex post accumulation in the sense that

Γa(i,t−1),k(i,t−1),k(i,t) = Γ∗a(i,t−1),k(i,t−1),k(i,t) + E
[
u∗i,t,k(i,t) | a(i, t− 1), k(i, t− 1), k(i, t)

]
(7)

is conditional on the current choice k(i, t) and ui,t,k = u∗i,t,k − E
[
u∗i,t,k(i,t) | a(i, t− 1), k(i, t−

1), k(i, t)
]

is the deviation of the structural shock from its ex post mean. By the nature

of the data, Γa(i,t−1),k(i,t−1),k with k(i, t − 1) 6= k will be identified from switchers. For

these, often E
[
u∗i,t,k | a(i, t− 1), k(i, t− 1), k

]
> E

[
u∗i,t,k | a(i, t− 1), k(i, t− 1)

]
. That is, the

off-diagonal accumulation parameters tend to be upward-biased because of a classic self-

selection problem. We thus cannot interpret them as what is learned for k(i, t) while work-

ing in k(i, t − 1) in the entire population. More subtly, stayers’ Γa(i,t−1),k(i,t−1),k(i,t) with

k(i, t− 1) = k(i, t) will tend to be overestimated relative to Γ∗, too. By self-selection, stay-

ers are likely to have experienced more positive shocks compared to leavers.
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Nevertheless, regression (6) succeeds in estimating the skill price changes as long as

Assumption 2 holds. Böhm and von Gaudecker (2021) bring the model to its limits us-

ing Monte Carlo simulation and a range of possible extensions (switching costs, trends

in amenities, employer learning, different magnitudes of structural shocks var(u∗)). The

price changes are well identified using our method for plausible parameter ranges. It be-

comes clear, however, that the estimated Γ matrix needs to be interpreted in the above ex

post sense. For our decomposition purposes and analysis of skills in occupations, this will

be sufficient. The caveats are that we can neither make statements about workers’ skill

(changes) in occupations that they do not choose, nor about the population distribution

of the K-dimensional skill vector.

4 Skill Prices and Skill Selection

This section first presents the estimation results. These include the evolution of skill

prices, the accumulation of skills over the career, and the relationship of prices and oc-

cupations’ average skills with employment growth. We then dig deeper into the nature of

the implied selection effects, showing that the skill differences between marginal work-

ers and those who remain in their occupations drive the strongly negative association of

employment growth with average skill changes in an occupation. We further decompose

these in Section 4.3, before reporting on various robustness exercises in the final part. One

of those is an alternative way to think about unemployment and spells outside the labor

force, which are not fully obvious in our setup (in the main estimation, we treat such

spells as missing data).

4.1 Estimated Skill Price Changes and Average Skill Accumulation

Figure 5a depicts the evolution of skill prices, normalizing them to zero in 1985 and cu-

mulating the yearly changes until 2010. In the broad occupation groups, skill prices in-

creased strongly among Mgr-Prof-Tech occupations, modestly among Sales-Office and

Srvc-Care, and they decreased among Prod-Op-Crafts. The thin lines in the background

20



Figure 5: Estimated skill prices and stayers’ average skill accumulation

(a) Skill prices over time
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(b) Skill accumulation over the career
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Notes: The figure shows estimated skill price changes over time and occupation stayers’ skill accumulation over the life cycle. OLS
estimates as described by Equation (6). Shaded lines in the background represent the 120 detailed occupations in the SIAB SUF.
The four groups show an aggregation of these detailed occupations as described in Appendix Table A.1. The thickness of a shaded
background line corresponds to the number of employed workers in an occupation averaged across years 1985 until 2010. The shaded
areas around the four lines are 95% confidence intervals.

show that these broad estimates mask substantial heterogeneity among the 120 detailed

occupations. We will explore this in greater detail below.

Several distinct periods are noticeable. All prices increased in the favorable economic

conditions between 1985 and 1991, although this was already less pronounced for the

Prod-Op-Crafts occupations. These have experienced a continuous decline thereafter to

the point that prices in 2010 were more than five percent below their initial value in 1985.

For the other occupations, there was a drop during the 1992–93 recession as well; prices

then stayed constant until they rebounded before the turn of the century. This rebound

was most pronounced for Mgr-Prof-Tech occupations; prices in this group did not change

much for the remainder of our sample period. Skill prices fell by about 5 percentage points

for Sales-Office and Srvc-Care occupations between 2000 and 2010. These broad patterns

are consistent with the job polarization of Figure 1b above.

Figure 5b graphs the estimates for the diagonal elements of Γ, i.e., the average skill

accumulation for stayers. See Table C.1 in the Appendix for the full set of estimated coef-

ficients in Γ. Again, bold lines are for the four broad groups and thin lines for the 120 de-

tailed occupations. Skill growth in the early years of the career is steep. Absent changes

in skill prices, it implies a 20% growth in wages between age 25 and age 34 for Prod-
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Op-Crafts or Srvc-Care occupations and 50% or more for the other two. It slows down

mid-career and flattens out or turns negative toward the end of prime age. This reflects

the well-established concavity of life-cycle wage profiles (e.g., Lagakos et al., 2018). Skill

growth differs substantially by occupation. It is initially fast in high-earning Mgr-Prof-

Tech and Sales-Office occupation groups and never completely ceases. Growth is flatter

and eventually peters out or turns negative in the Prod-Op-Crafts and Srvc-Care groups,

i.e., occupations that often require physical labor.10 Again, the broad groups mask sub-

stantial heterogeneity across the detailed occupations. At the same time, it is the case that

the “blue” occupations on the one hand and the “red and green” occupations on the other

hand are almost separate; there are hardly any to be found in the other block. This shows

that life-cycle wage profiles are decidedly different across occupations and accounting for

this is critical in producing reasonable estimates of prices and skills.

We now hone in on our key finding of this section, namely that employment growth

and skill price growth go hand in hand. Figure 2a has shown that the left-hand side of:

E
[
wi,t,k(i,t)

]
− E

[
wi,t−1,k(i,t−1)

]
︸ ︷︷ ︸

Mean wage change

= ∆πt,k︸ ︷︷ ︸
Price change

+ E
[
si,t,k(i,t)

]
− E

[
si,t−1,k(i,t−1)

]
︸ ︷︷ ︸

Mean skill change

, (8)

i.e., the average wage change of professions over the 1985–2010 period, is unrelated to

employment growth at the level of the 120 detailed occupations. Figure 6 plots its two

components on the right-hand side separately.

Figure 6a shows that detailed occupations’ log employment changes are positively

related to cumulative skill price changes over the same period. The black regression line

summarizes this strong relationship for the 120 occupations, which is in marked contrast

to the zero correlation for wages in Figure 2a. The relationship holds within occupation

groups, showing that the result is more general than a particular demand shifter that

predominantly impacts broad occupations. Figure 6a indicates that shifts in demand were

the dominant driver of occupational employment changes. Pure shifts in supply would

10Compared to other countries Sales-Office is quite high-earning in Germany (Cavaglia and Etheridge,
2020, has a direct comparison with the U.K.). Its average wages for men are about halfway between Mgr-
Prof-Tech and Prod-Op-Crafts, employment is not declining over time.
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Figure 6: Correlation of changes in employment, skill prices, and skills

(a) Skill prices
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(b) Skills

1.5 1.0 0.5 0.0 0.5 1.0 1.5
Change in log(employment), 1985-2010

0.4

0.2

0.0

0.2

0.4

0.6

Ch
an

ge
 in

 lo
g(

sk
ill)

, 1
98

5-
20

10

= 0.160 (p = 0.00, R2 = 0.23)
= 0.125 (p = 0.06, R2 = 0.12)
= 0.121 (p = 0.44, R2 = 0.06)
= 0.167 (p = 0.00, R2 = 0.31)
= 0.085 (p = 0.58, R2 = 0.02)

Machine operators

IT experts

Mgr-Prof-Tech Sales-Office Prod-Op-Crafts Srvc-Care

Notes: The vertical axis in Panel 6a shows the change in skill prices between 1985 and 2010 estimated as detailed in Section 3.2. The
vertical axis in Panel 6b depicts the change in skills between 1985 and 2010 estimated as the residual between price and wage changes
as shown in Equation (8). The horizontal axis in both panels shows the change of the log number of employed workers within an
occupation between 1985 and 2010. One bubble represents one of the 120 detailed occupations in the SIAB SUF. The four groups show
an aggregation of these detailed occupations as described in Appendix Table A.1. Bubble size corresponds to the number of employed
workers in an occupation averaged across years 1985 until 2010. Regression lines across all occupations (black) and within the four
broad groups (colored) are weighted by the number of employed workers.

have induced a negative correlation of employment with prices, all else equal. At the same

time, there exists heterogeneity of occupations’ employment and price growth around

the regression line(s). This may, among other things, be due to contemporaneous shifts

in supply but also due to variation in the elasticity of skill supply (inelastic occupations

would have small employment and large price growth).

Figure 6b shows that implied skill changes are the flipside of the skill price estimates.

The regression line indicates that skills of the occupations with the fastest growth declined

by 35 log points on average compared to those that shrank the most. These are large

effects; we devote the next subsections to examining their components and plausibility.

4.2 Defining and Estimating Employment Growth-Selection

We have documented in Section 2.2 that entering (leaving) workers’ skills on average ap-

pear decidedly below those of incumbents (stayers) and that faster-growing occupations

draw even less skilled entrants (leavers). Given that growing sectors by definition exper-

ience net entry, this could substantially drag down growing occupations’ average wages
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despite rising demand and increasing skill prices. Here we formalize and quantify this

effect in the context of our model, showing that it indeed drives the systematic part of the

relationship between employment growth and skills.

The change in average skills of an occupation in Equation (8) is determined by three

mutually exclusive groups of workers: Those who leave the occupation after period t− 1;

those who stay on after period t− 1 and are thus incumbent in period t; and those who

enter in period t. Denoting the share of leavers after t− 1 by plvr
t−1,k and the share of period-

t entrants by pent
t,k , we can decompose the change of skills in occupation k into three terms:

E
[
si,t,k(i,t)

]
− E

[
si,t−1,k(i,t−1)

]
︸ ︷︷ ︸

Mean skill change

=

(
1−

plvr
t−1,k + pent

t,k

2

)
· E
[
∆sincumb

i,t,k

]
︸ ︷︷ ︸

1. Skill accumulation of t− 1 stayers

(9)

+
plvr

t−1,k + pent
t,k

2
·
(

E
[
sent

i,t,k
]
− E

[
slvr

i,t−1,k

])
︸ ︷︷ ︸

2. Churning: difference entrants in t, leavers after t− 1

+
pent

t,k − plvr
t−1,k

2
·
(

E
[
sent

i,t,k
]
− E

[
sincumb

i,t,k

]
+ E

[
slvr

i,t−1,k

]
− E

[
ssty

i,t−1,k

])
︸ ︷︷ ︸

3. Employment growth-selection

.

See Section B.4 of the Appendix for the steps of the derivation. Summing the year-to-

year changes in (9) over the period 1985–2010 gives the components of skill changes we

analyze in the following. Note that while t− 1 stayers are the same individuals as period-t

incumbents, E
[
ssty

i,t−1,k

]
6= E

[
sincumb

i,t,k

]
because their skills change over time. The first term

of Equation (9) reflects just this, i.e., the skill accumulation of workers who remain in the

occupation. Its impact on occupational skill changes is high if turnover is small and skill

accumulation of staying workers is high. Figure 7a shows that this term is positive for the

vast majority of occupations and larger among higher-accumulation occupations.

The second term of Equation (9) is churning, which is composed of average turnover

multiplied with the skill differences between period-t entrants and t− 1 leavers. Churn-

ing tends to impact aggregate skills negatively since leavers will have accumulated more
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Figure 7: Employment growth vs. the components of skill changes

(a) Accumulation
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(b) Churning
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(c) Growth-selection of entrants
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(d) Growth-selection of leavers
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Notes: Results correspond to sample averages following Equation (9). The horizontal axis in both panels shows the change of the log
number of employed workers within an occupation between 1985 and 2010. One bubble represents one of the 120 detailed occupations
in the SIAB SUF. The four groups show an aggregation of these detailed occupations as described in Appendix Table A.1. Bubble size
corresponds to the number of employed workers in an occupation averaged across years 1985 until 2010. Regression lines across all
occupations (black) and within the four broad groups (colored) are weighted by the number of employed workers.

skills than entrants. It becomes more negative for high turnover occupations and for oc-

cupations with high levels of skill accumulation. Hence, the accumulation and churning

effects will often act in opposite directions. Figure 7b shows this to be the case.

Occupation growth does not have a first order effect on the total of accumulation and

churning. By inducing variation in turnover
(

plvr
t−1,k + pent

t,k

)
, occupation growth pushes

terms 1. and 2. in opposite directions. It is thus no surprise that the slopes in Figures 7a

and 7b have opposite signs. Indeed, we fail to find a systematic relation between their

sum and occupation growth (see Appendix Figure C.1).
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Occupation growth directly enters the third term of Equation (9), which we call the

growth-selection effect. It is the product of net entry and the skill difference between mar-

ginal and inframarginal workers. Because that difference is negative for both entrants

and leavers everywhere (see Figure 3), occupation growth will determine its sign. The

growth-selection effect is negative for growing occupations; it is positive for shrinking

occupations; and it is zero when there is no change in size.11 Growth-selection thus form-

alizes and quantifies the intuition developed in Section 2, whereby the more an occupa-

tion grows, the more net entry of less skilled workers it experiences.

The bottom panels of Figure 7 plot employment growth-selection. Both for entrants

(Panel c) and leavers (Panel d) the relationship between employment growth and growth-

selection is strongly negative. Both contribute to the declining skills of growing occupa-

tions. Growth-selection determines the entire negative slope between changes in employ-

ment and changes in skills from Figure 6b (the location of the regression line and most of

the variation around it stem from accumulation and churning). Therefore, the systematic

part of the large selection effects we found in Section 4.1 can be traced back to changes

in occupations’ sizes multiplied with the skill gaps between marginal and inframarginal

workers. An interesting observation is that in the model sketched in Appendix B.1, based

on Hsieh et al. (2019), rising skill prices attract workers of exactly offsetting lower quality

to an occupation. Without making that assumption in the estimation, it comes out of our

analysis. It also holds in the U.S.-CPS data analyzed in Hsieh et al. (2019).

4.3 Contributors to Employment Growth-Selection

Having established its quantitative importance, we now investigate further the nature of

the employment growth-selection effect. We decompose (9) in a way that allows us to

gauge the relative contributions of age and of different worker types. That is, is growth-

selection primarily determined by entry of young workers who simply have not had a

11If an occupation is stable in the sense that its size and skill composition are constant, accumulation
and churning must cancel each other out. The growth-selection effect will be zero because of constant em-
ployment and the left-hand-side of (9) will be zero because of constant skills. Skill accumulation of staying
workers must equal the churning effect due to the difference in skills between entrants and leavers.
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chance to accumulate a lot of skills? Or is it that entrants into growing occupation have

lower skills than incumbents had at the same point in their life-cycle? Toward the end

of this section, we alternatively consider the contributions of different types of switchers,

i.e., other occupations, unemployment, etc.

Disentangling the roles played by age and worker type would be simple if we ob-

served the distribution of skills (or potential wages) of workers in all professions and age

groups. We could define a worker type—a natural measure would be his skills at labor

market entry—and consider how choices over the life-cycle have changed his skills. Due

to the fundamental selection problem, we will only be able to proxy this ideal. Neverthe-

less, it is useful to clearly define the forms of selection that we shall try to tease apart:

1. Roy selection is sorting based on workers’ skills, holding experience constant.

2. Age selection is sorting of workers who are equally skilled holding experience con-

stant, but whose skill levels are different because young workers have had less time

to accumulate human capital.

In our framework, skills change dynamically depending on the chosen occupation. Our

estimates show that these effects are substantial in size. Moreover, we cannot hope to

interpret our estimates of Γ’s off-diagonal elements as skill changes in occupations not

chosen by workers (see the discussion around Assumption 2 in Section 3.2 and the final

paragraph of Section 3.2). We thus focus on the current occupation spell.

We decompose the growth selection effect into contributions by different age groups

and into the sources of skills relevant for the current occupation spell – endowment at

entry, expected skills accumulated during the spell, and shocks relative to this expecta-

tion. We map these components to Roy and age selection, respectively. We do so separ-

ately for entrants versus incumbents and leavers versus stayers.

In deriving the decomposition formulas, we focus on growth-selection of leavers,

i.e., 1
2

(
pent

k,t − plvr
k,t−1

)
·
(

E
[
slvr

i,t−1,k(i,t−1)

]
− E

[
ssty

i,t−1,k(i,t−1)

])
. Growth-selection of entrants

works accordingly. First, we split the overall skill difference between leavers and stayers
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into components that are due to G different groups of leavers:

E
[
slvr

i,t−1,k(i,t−1)

]
− E

[
ssty

i,t−1,k(i,t−1)

]
=

G

∑
g=1

plvr,g
k,t−1

(
E
[
slvr,g

i,t−1,k(i,t−1)

]
− E

[
ssty

i,t−1,k(i,t−1)

])
(10)

where ∑G
g=1 plvr,g

k,t−1 = 1 and the notation plvr,g
k,t−1 indicates the share of group g among work-

ers leaving k after t− 1. Stayers’ skills do not depend on the group. Both the relative size of

each group (plvr,g
k,t−1) and its average skills (E

[
slvr,g

i,t−1,k(i,t−1)

]
−E

[
ssty

i,t−1,k(i,t−1)

]
) matter for its

contribution to growth-selection. Net entry into the occupation (pent
k,t − plvr

k,t−1) is a constant

that everything is multiplied with. As skill prices are the same for leavers and stayers, we

can infer the components of (10) directly from wage gaps between leavers and stayers.

Decomposition (10) by itself would yield the contributions of different age groups

to employment growth selection. To the extent that Roy selection matters, however, the

decomposition is not informative with respect to age selection in the above sense. In order

to shed light on this, we further decompose (10) by the source of skills within the current

occupation spell. Focusing on the skill differences between a particular group g of leavers

and workers who stay put, we obtain:

E
[
slvr,g

i,t−1,k(i,t−1)

]
− E

[
ssty

i,t−1,k(i,t−1)

]
=

(
E
[
slvr,g,endow

i,t−1,k(i,t−1)

]
− E

[
ssty,endow

i,t−1,k(i,t−1)

])
(11)

+
(

E
[
slvr,g,Γ

i,t−1,k(i,t−1)

]
− E

[
ssty,Γ

i,t−1,k(i,t−1)

])
+
(

E
[
slvr,g,shocks

i,t−1,k(i,t−1)

]
− E

[
ssty,shocks

i,t−1,k(i,t−1)

])
.

Decomposition (11) relies on our estimates of prices and the diagonal elements of the

accumulation matrix Γ. We require the longitudinal information in the data to recover the

skills at each individual’s occupation entry. See details of our procedure in Appendix C.2.

The first summand on the right represents skill differences in endowments at the most

recent entry into occupation k. When we write about endowments below, they always

concern skills in the current occupation at the start of the current spell. We attribute

these endowments to Roy selection because they measure skill differences at the time

when leavers and stayers respectively entered the occupation. This interpretation would
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be questionable if experience of marginal workers at entry were lower than that of in-

framarginal workers at the time when they entered. However, age at entry of marginal

workers is actually about three years higher than age at entry of inframarginal workers.

Magnitudes vary, but the difference is positive for all occupation groups and for both

entrants and leavers. This pattern lends support to interpreting skill differences at the

start of an occupation spell as a form of Roy selection.

The second summand with superscript Γ are skills that were on average accumulated

since the entry into an occupation. We interpret these as age selection. With the covariates

in our main specification (6), the summand only depends on the occupation, age at entry

into the occupation, and the time that has elapsed since then. For leavers, the sign of the

difference between marginal and inframarginal workers is not clear ex ante. On the one

hand, sample leavers at age 54 will contribute to longer spells for marginal workers. On

the other hand, young workers tend to have higher occupational mobility and this will

lead to shorter spells among leavers relative to stayers.

The last summand in (11) are individual deviations (shocks) from the average accumu-

lation in the second summand. These are a dynamic form of Roy selection – over time, we

expect workers who stay put to experience more favorable shocks in an occupation than

workers who eventually leave, contributing to skill differences unrelated to age.

For entrants, we decompose growth-selection analogously to (11). Entrants arrive in

period t with their endowment of skills in occupation k(i, t). This endowment has been

shaped by previous experience. However, by definition, they have not had a chance yet

to accumulate skills during this particular spell, whether through predicted accumulation

or shocks. Hence, the equivalent to the right hand side of (11) simplifies:

E
[
sent,g,endow

i,t,k(i,t)

]
− E

[
sincumb,endow

i,t,k(i,t)

]
− E

[
sincumb,Γ

i,t,k(i,t)

]
− E

[
sincumb,shocks

i,t,k(i,t)

]
.

The results of the decomposition for the broad professions are shown in Table 2. We

combine the older two age groups to make the table easier to parse. Results with our

usual three groups are in the Appendix Table C.2. The upper panel of Table 2 shows
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relative contributions to growth selection; columns sum to one. The bottom panel shows

the growth selection effect and the fractions of entrants and leavers by age group.

Growth-selection is negative for the three growing professions and positive for the

shrinking Prod-Op-Crafts. Among Mgr-Prof-Tech occupations, average skills declined by

3% between 1985 and 2010 because of employment growth-selection. Of this 3% decline,

19.6% were due to entrants aged 25–34 whose skill endowments were below those of

incumbents. 15.8% were due to leavers in that same age group whose skills at the time

of their entry were below the endowments of those staying in the occupation. The en-

dowment effects for 35–54 olds (−5.3% for entrants and −9.8% for leavers) work in the

opposite direction. Hence, summing up the first four rows, endowments make up 20%

of growth-selection among Mgr-Prof-Tech occupations. This overall number is similar in

Sales-Office (23%). The corresponding percentages are substantially higher in the pro-

fessions with lower wages and low rates of skill accumulation. Beginning-of-spell en-

dowments contribute 42% (Prod-Op-Crafts) and 64% (Srvc-Care) to growth selection. In

both cases, initial skills of middle-aged entrants and leavers also contribute positively

to growth selection, i.e., these are lower on average than endowments of inframarginal

workers at the beginning of their spells.

Expected skill accumulation, shown in the second panel of Table 2, matters more in

occupations with high wages and high rates of skill growth. Among Mgr-Prof-Tech occu-

pations, 25.7% and 13.8% come from skills accumulated by incumbents during their spell

relative to young and old entrants, respectively. Workers leaving a profession have accu-

mulated less skills since the beginning of their spells than the workers who stay on. This

effect contributes 4.3% to growth-selection for young and 12.5% for older workers. That

older leavers contribute more stems from their higher share among all leavers, shown in

the bottom of the table. The sum of these four numbers gives the total contribution of dif-

ferences in predicted skill accumulation between marginal and inframarginal workers for

Mgr-Prof-Tech occupations. It amounts to 56% and is similar for Sales-Office (63% overall)

while it is much lower in Prod-Op-Crafts (33%) and Srvc-Care (14%) occupations. These
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Table 2: Contributions to growth-selection by source of skills

Mgr-
Prof-
Tech

Sales-
Office

Prod-
Op-

Crafts

Srvc-
Care

Source Type Age

Endowment at the most recent Entrants 25–34 0.196 0.188 0.096 0.238
entry into the occupation group 35–54 -0.053 -0.029 0.117 0.088

Leavers 25–34 0.158 0.158 0.084 0.218
35–54 -0.098 -0.083 0.125 0.098

Predicted skill accumulation Entrants 25–34 0.257 0.284 0.141 0.047
since the most recent entry 35–54 0.138 0.128 0.090 0.028

Leavers 25–34 0.043 0.074 0.045 0.010
35–54 0.125 0.141 0.049 0.057

Deviation of skills from the Entrants 25–34 0.064 0.047 0.082 0.055
prediction since the most recent 35–54 0.034 0.019 0.053 0.032

entry Leavers 25–34 0.044 0.037 0.045 0.048
35–54 0.091 0.036 0.072 0.081

Background

Growth Selection Total -0.030 -0.021 0.059 -0.043

Fractions Entrants 25–34 0.620 0.636 0.667 0.574
35–54 0.380 0.364 0.333 0.426

Leavers 25–34 0.234 0.299 0.300 0.375
35–54 0.766 0.701 0.700 0.625

Notes: Numbers in the first panel represent relative contributions to the growth-selection effect. Columns sum to one. The first row in
the second panel shows the growth-selection effect within each broad occupation group during 1985–2010. The last four rows show
pent,g

k,t and plvr,g
k,t−1, averaged over the entire period.

are the contributions of age selection; the large heterogeneity underlines the importance

of flexibly modeling skill accumulation by occupation.

The final contributor to growth-selection in Table 2 are deviations from average skill

accumulation. Again, shocks since the beginning of the spell are zero by construction for

entrants. Among Mgr-Prof-Tech occupations, 6.4% + 3.4% = 9.8% of growth selection

is due to incumbents having experienced positive skill shocks relative to the estimated

Γa,k,k during their tenure. Inframarginal workers also experience better shocks than those

who decide to leave. These differences contribute another 4.4% + 9.1% = 13.5%. Hence,

just under a quarter (23%) of growth selection is accounted for by more favorable shocks
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among inframarginal workers in Mgr-Prof-Tech occupations. In all other professions the

contributions of both entrants’ and leavers’ shocks are positive, too. In total, they make

up 14% of growth-selection for Sales-Office, 25% of Prod-Op-Crafts, and 22% of Srvc-

Care. Staying in an occupation is thus endogenous in the sense that only workers who

receive sufficiently favorable skill shocks will decide to remain in it. We interpret this as

a dynamic form of Roy selection, which is quantitatively substantial and supports the

self-selection model underlying the estimation method.

We now take another look at the original question of age selection versus Roy se-

lection. First, to calculate the aggregates over all occupation groups mentioned in the

introduction, we weight the numbers for age selection (56% for Mgr-Prof-Tech, 63% for

Sales-Office, 33% for Prod-Op-Crafts, 14% for Srvc-Care) with the average employment

shares over the 1985–2010 period (22%, 17%, 56%, and 5%, respectively). We thus obtain

that 42% of employment growth-selection can be attributed to age selection, or marginal

workers not having had the same amount of time to accumulate skills in an occupation as

inframarginal workers. The remaining 58% are due to static and dynamic Roy selection, or

skill differences between marginal and inframarginal workers within occupations, hold-

ing age selection constant. Of these 58%, static Roy selection (endowments) contributes

35 percentage points and dynamic Roy selection 23 percentage points.

Second, we study the contributions to growth selection by young workers only. We

thus go back to (10), decomposing growth selection by age group. For young workers, this

amounts to summing all the contributions of entrants and leavers aged 25–34 in Table 2.

This occupational sorting of young workers makes up 76% of growth-selection for Mgr-

Prof-Tech occupations, 79% for Sales-Office, 49% for Prod-Op-Crafts, 62% for Srvc-Care.

It contains all sources of skill differences with inframarginal workers.12 In particular, 9–45

percent of it are due to average skill accumulation, or young workers having had less time

to acquire skills – age selection of young workers. Another 37–74 percent are due to lower

endowments – static Roy selection of young workers. 11–26 percent stem from skill shocks

12That young workers are more mobile and have below-average occupation skills is consistent with Neal
(1999) and Pavan (2011). Their models emphasize finding out about match quality through search while we
focus on specific skill acquisition. An alternative interpretation of shocks in our model is as learning about
skills (see Böhm and von Gaudecker, 2021), which would be closer to Neal (1999) and Pavan (2011).
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– dynamic Roy selection of young workers.13 Hence, even within the youngest age group,

which had little time to accumulate skills, Roy selection effects dominate quantitatively.

In Appendix Table C.3 we explore an alternative break-down of growth-selection. In

that version, we work directly with decomposition (10), considering 12 groups. These are

made up of the 2 age groups and 6 types of origin/destination states of entrants/leavers.

We consider switches between the broad professions, unemployment, temporary spells

outside the labor force, and initial labor market entry/sample exit. We find interesting

differences between the three growing occupation groups on the one hand and Prod-Op-

Crafts on the other. For the former, the single largest contributor are young labor market

entrants, making up 25–40% of growth-selection. For Prod-Op-Crafts, switches to and

from unemployment contribute almost half of the total. Direct switches between occu-

pations are non-negligible and almost always positively contribute to growth-selection.

That is, the fact that both entrants and leavers are less skilled than inframarginal workers

holds independently of the origin/destination occupation. The one exception are middle-

aged switchers involving Mgr-Prof-Tech occupations. On average, workers who leave this

group have higher skills than incumbents in their destination. Switchers into Mgr-Prof-

Tech are higher-skilled than stayers in their origin occupations. The broader patterns,

however, once again indicate that inframarginal workers have strong specific skills com-

pared to marginal workers, which is hard to reconcile with a ranking of occupations by a

single skill. We can actually reject the one-dimensional model, see Appendix B.3.

Finally, we do the same decompositions for individual occupations. The results are in

Appendix Tables C.5 and C.6 for a selected set of occupations experiencing large changes

in employment. In absolute value, growth-selection varies between 0.09 and 0.29 among

these, compared to 0.02–0.06 among the broader professions. The basic patterns from be-

fore hold up: Skill accumulation and selection at labor market entry are particularly im-

portant for occupations with high rates of skill growth (e.g., growing consultants and

tax advisors, or shrinking accountants and valuers). Endowments and deviations from

13For example, of young workers’ 79% contribution to growth-selection in Sales-Office, 18.8%+15.8%
78.8% =

44% are due to endowments, 28.4%+7.4%
78.8% = 45% to accumulation, and 4.7%+3.7%

78.8% = 11% due to shocks.
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expected skill changes are quantitatively large throughout; moves involving unemploy-

ment contribute substantial shares among Prod-Op-Crafts occupations.

4.4 Robustness of Results

Appendix D examines the robustness of our empirical results in alternative samples and

estimation specifications. In the following, we briefly summarize these robustness checks.

Finally, we connect to prior literature by describing occupations via their task content.

Comprehensive sample and different demographic groups: In Appendix D.1 we re-

draw our key graphs with occupational growth on the x-axes among a comprehensive

“employment sample”. In that sample, we include women and foreigners while expand-

ing the age range to 20–60. Consistent with Katz and Murphy (1992), we keep prime

age West German males for the wages, skill prices, and skills on the y-axes, since these

are better measured in a high-attachment “wage sample”. We do this because changes

in the demand or supply of labor to different occupations should affect overall employ-

ment beyond prime age males, and there can be direct or feedback effects on occupa-

tional prices from this. Figure 6 and all other relationships we show turn out similar with

the comprehensive sample. Hence, accounting for potential equilibrium effects via other

demographic groups does not change our results. In Appendix D.2, we also change the

composition of the entire sample (employment and wages) by varying the inclusion of

East Germans, foreigners, women, and age ranges. All key results are similar throughout.

Exogenous versus endogenous job separations: Modeling direct switches between oc-

cupations as endogenous choices is a key feature of our approach compared to the stand-

ard exogenous mobility assumption. In Appendix D.3, we further expand this notion

and construct a sample which also endogenizes non-employment transitions, adding all

intermittent non-employment spells by imputing workers’ wages and their occupation

choices. We do this by comparing wages before and after the non-employment spell, and

assign workers the lower of those two adjusted for inflation as well as the correspond-

ing occupation’s prices. That is, we assume that workers could have worked in the lower

paying occupation all along but decided to become unemployed or exit the labor force
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for some time instead. Re-running the analysis on the sample constructed this way, we

find that skill accumulation estimates are generally smaller and turn negative in cases

that one would expect to be “downward” switches (e.g., from Mgr-Prof-Tech to Prod-

Op-Crafts). Yet the other results are similar to before: The correlation between wage and

employment growth is approximately zero. Price and employment growth have a strong

positive relation, which is only slightly flatter compared to the main sample. The implied

skill changes are thus negative and they continue to be closely related to growth-selection.

Different estimation specifications: Appendix D.4 reports on different model specifica-

tions mentioned in Section 3. First, we employ Heckman et al.’s (1998) flat spot approach,

which assumes that mature workers’ skill growth is flat. We thus set skill accumulation

to zero for the 45–54 year old subsample. Our estimated coefficients depicted in Figure 5b

lend support to this assumption. At the same time, possibly forward-looking choices—

i.e., via picking occupations with high skill accumulation—should be less of a concern

in this age group. This obtains a similarly steep relationship between skill price and em-

ployment changes as in the baseline estimation. Growth-selection also works in the same

direction as the implied skill changes, although it is somewhat flatter. We then return

to our main sample and modify the skill accumulation function. Whether we restrict it

by making it age-independent, enrich it to be specific to education× age× occupation

cells, or add potential experience to the latter, task price estimates are very similar (Fig-

ures D.12–D.14). Our tentative conclusion is that the functional form assumptions do not

seem to significantly impact our results. Similar findings hold for extensions to the basic

model, such as non-pecuniary benefits, considered in Böhm and von Gaudecker (2021).

Connecting to the task-based approach: A large literature has investigated occupa-

tional changes with the task-based approach (e.g., Autor et al., 2003; Firpo et al., 2013;

Yamaguchi, 2018). For Germany, several authors have used the Qualifications and Ca-

reer Surveys (QCS) to measure routine versus non-routine task content (e.g., Spitz-Oener,

2006; Antonczyk et al., 2009; Gathmann and Schönberg, 2010). In Appendix D.5, we also

employ the QCS to construct routine as well as analytical, interactive, and manual task

content for our 120 occupations. We then relate these measures to employment growth,
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wage changes, and our estimates for prices and skills. We find that occupations intens-

ive in analytical (Mgr-Prof-Tech) and interactive (Mgr-Prof-Tech and Sales-Office) tasks

indeed grew quite strongly, whereas employment in routine-intensive (Prod-Op-Crafts)

occupations declined. High analytical and interactive task content predict rising wages,

but the relation with skill prices is even steeper. Conversely, implied skills deteriorate in

analytical and interactive task content. The correlation between routine task intensity and

changing average wages is zero; this is composed of falling prices and rising skills. All this

is consistent with the impact of RBTC on these occupations and with our finding that skill

price changes are counteracted by selection effects. These results demonstrate the useful-

ness of task measures as a dimension-reduction device (e.g., Gathmann and Schönberg,

2010; Yamaguchi, 2012), particularly when working with more limited datasets.

5 Skill Prices and Wage Inequality

We have argued that selection effects are the reason why occupational wages and em-

ployment growth are uncorrelated over the period under study. By a similar token, selec-

tion may shroud the relation of demand shifts with wage inequality, particularly between

occupations. In this section, we thus examine to what extent selection may be respons-

ible for the result that occupations exhibit limited explanatory power in the increase of

wage inequality. In Mincer-regressions, Card et al. (2013) obtain only small decreases of

residual inequality when adding occupation dummies. Dustmann et al. (2009) find that

in the lower half of the distribution, occupational demand is not a first-order factor driv-

ing wage differences. We first use only the estimated skill prices and selection to quantify

the forces driving between-occupation inequality. We then employ the full model to dis-

entangle components that affect various percentiles of the wage distribution,14 paying

particular attention to entry wages, demographics, skill accumulation, and prices.

14We study wage inequality as opposed to, e.g., overall inequality. It is thus worth noting that we do not
see a clear trend in labor force participation rates of German men over most of the study period. There was
a decline between 1975 and 1989 but rates stabilized around 93-94% thereafter. This is in contrast to U.S.
men, where rates dropped from almost 94% to below 90% between 1989 and 2010.
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5.1 The Attenuating Effect of Selection On Inequality

Over the period of our study, the variance of log wages multiplied with 100 went up by

12.4 points from a baseline of 14.3. The component due to differences between occupa-

tions started at a value of 5 in 1985. It more than doubled and reached almost 40% of

the overall inequality in 2010. A substantial share of the increase thus occurred between

occupations, consistent with occupational demand (e.g., due to routine-biased technical

change and offshoring as in Acemoglu and Autor, 2011) driving inequality.

There are competing explanations. Several papers before us have asked to what extent

demographic change has contributed to the increase in inequality. The first column of

Table 3 reports on a counterfactual analysis similar to that of Figure 16 in Autor (2019).15

Holding wages at their 1985 level, we reweight observations to match the distribution of

age, foreigner status, and education in 2010.16 This exercise answers the question: what if

choices conditional on these observables and wages were constant at their 1985 levels, but

the demographic structure had shifted to that of 2010 (due to population aging, increased

immigration, and rising educational achievements of younger cohorts)? Quantitatively,

the answer is similar to that of Autor (2019). The effects make up roughly a fifth of the

total increase and a third of the increase in between-occupation inequality.

With the help of our model we can gain further insights into the components that have

driven changes of between inequality. Denoting average wages (skills) in an occupation

by w̄k (s̄k), we can write the change between 1985 and 2010 as:

∆σ2(w̄k,t) = 2 · σ(∆πk,t, w̄k,1985) + 2 · σ(∆s̄k,t, w̄k,1985)︸ ︷︷ ︸
2·σ(∆w̄k,t,w̄k,1985)

+ σ2(∆πk,t) + σ2(∆s̄k,t) + 2 · σ(∆πk,t, ∆s̄k,t)︸ ︷︷ ︸
σ2(∆w̄k,t)

(12)

15The closest to his analysis adds occupational choice to the reweighting. The results from this are similar
to Table 3 and in Appendix E.1. We prefer the specification here because age, foreigner status, and education
are arguably all factors that mostly contribute to occupational supply as opposed to demand.

16To compute the weights, we follow DiNardo et al. (1996) using a logit model with 30 dummies for the
ages between 25–54, a dummy for being permanently German, and three dummies for education status.
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Table 3: Decomposition of the between-variance of wages, data and counterfactuals

Counterfactuals Actual

Rewgt.
age,

foreign,
educ.

Prices
only

Prices +
rewgt.

age,
foreign,

educ.

Data +
price

estimates

Overall ∆σ2(wi,t) 2.41 5.13 9.56 12.41

Between ∆σ2(w̄k,t) 1.74 5.13 8.88 5.25

2 · σ(∆w̄k,t, w̄k,1985) 2 · σ(∆πk,t, w̄k,1985) 0.00 3.23 3.23 3.23
2 · σ(∆s̄k,t, w̄k,1985) 0.53 0.00 0.53 -0.53

σ2(∆w̄k,t) σ2(∆πk,t) 0.00 1.89 2.36 1.76
σ2(∆s̄k,t) 1.21 0.00 1.21 3.02
2 · σ(∆πk,t, ∆s̄k,t) 0.00 0.00 1.55 -2.24

Notes: All values are multiplied with 100. The levels in 1985 are 14.3 (overall) and 5.0 (between). Based on specification with 120
occupations. w̄k,t refers to the average wage in occupation k in year t. The counterfactual experiments are: Rewgt. age, foreign, educ.:
take observations in 1985 and reweight them to match the 2010 distribution of these characteristics with weights computed following
DiNardo et al. (1996) in order to obtain 2010 wages. Prices only: take individual wages in 1985 and add our estimated price changes to
obtain 2010 wages. Rewgt. age, foreign, educ. + prices: Combine both experiments.

See Appendix E.1 for the detailed derivation. First consider the terms underneath the

braces, which involve only wages. If between-occupation wage inequality was constant

∆σ2(w̄k,t) = 0 and the wage structure across occupations changed σ2(∆w̄k,t) > 0, it must

be that, on average, occupations at the bottom of the distribution experienced higher

wage growth than those at the top σ(∆w̄k,t, w̄k,1985) < 0. The main terms in (12) break

down these components into changes of prices and changes of skills. We apply this de-

composition to counterfactual experiments to better understand the mechanisms at work.

The first column of Table 3 shows that the reweighting procedure only affects skills;

all terms involving price changes are zero. The covariance of skill changes with baseline

wage levels is positive. This reflects that the population grew older and more educated

together with high-wage, high-education occupations (Mgr-Prof-Tech, Sales-Office) fea-

turing faster skill accumulation over the life cycle. Quantatively, these changes in the

demographic structure play a limited role for explaining between-occupation inequality.

The second column of Table 3 reports on the opposite experiment, which isolates the

effect of price changes. Holding constant the 1985 demographics and occupation choices,
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we add the changes of occupational skill prices until 2010 to individuals’ wages. This

alone generates almost the entire increase of between-occupation inequality. The bulk of

the effect stems from the covariance between price changes and initial wage levels. Prices

rose in Mgr-Prof-Tech, Sales-Office, and Srvc-Care occupations. The size of the first two

is by far larger and they featured high wages already in 1985. Our interpretation of this

term is that it reflects the nature of demand shifts: during the period under study, they

happened to benefit high-wage occupations on average.

In the third column, we turn on both experiments. The variance of price changes rises

somewhat due to the different weights; all other effects from the separate experiments

remain the same. The covariance between price and skill changes is substantial and pos-

itive. Overall, this counterfactual overestimates the rise of between-occupation inequality

by two thirds.17 Looking at the first line only, one may even be tempted to think that this

exercise explains a large share of the total rise in inequality (77 %).

However, a comparison with the last column—the actual between-occupation vari-

ance and its components—reveals that this large “explained” share is far off, since there

are important dampening effects of selection on wage inequality. In particular, the eco-

nomic mechanism described at length in the previous section—a deterioration of skills

in occupations where prices rose—has a strong impact on inequality. This strong neg-

ative covariance is not mechanical. If we interpret price changes as mainly driven by

demand shifts and the demographic changes captured by the reweighting as shifts in

supply to occupations, the third column of Table 3 suggests that these shifts covaried

positively. The impact of −2.24 points in the actual data as well as the negative covari-

ance of skill changes and initial wage levels are therefore important attenuating effects re-

lated to growth-selection. As a result, the actual contribution of skill changes to between-

occupation inequality is negligible whereas in the counterfactual it is +3.29 points overall.

17We use skill prices estimated from the observed market equilibrium, which involves workers endo-
genously selecting into occupations based on these prices. In the counterfactual of column 3, labor supply
is inelastic beyond the effect of observables. The partial equilibrium analysis will thus be biased, where the
direction of bias depends on nature of the labor market. In competitive markets, without attenuating worker
movements, prices should diverge even more strongly and counterfactual between-occupation inequality
would rise even further. If occupations acted like monopsonists and only raised wages when supply is
sufficiently elastic to actually attract new workers, the bias would be opposite.
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What we just described is consistent with theoretical results by Heckman and Honoré

(1990) for a two-sector Roy economy. Heckman and Honoré showed that, if the popula-

tion distribution of skills is log concave, self-selection in the Roy model will generally lead

to more equal wages compared to random assignment into occupations. In the particular

case at hand, when the correlation of skills in the different occupations is sufficiently low,

average skills in the occupation with declining prices will unambiguously improve and

they will deteriorate in the occupation with rising prices.

These results show why decompositions based on observables alone have difficulties

generating meaningful increases of inequality. So long as average wages across occupa-

tions hardly vary with employment growth (Figure 2a), changing demographics and even

large shifts of employment across occupations exert limited impact. The reason is that un-

derlying skill prices and supply changes, which would have raised between-occupation

inequality further than what is observed, are counteracted by strong selection effects.

5.2 Factors Contributing to Wage Inequality

While the economic forces under scrutiny in this paper are most important for inequality

between occupations, our model and the longitudinal SIAB data can be employed to gain

a better understanding of the overall development of the wage distribution, too. In the

following, we use our estimates to disentangle the factors that contributed to differences

between the quantiles of the wage distribution.

Figure 8 plots the evolution of the percentiles of the wage distribution in the data

and in various scenarios based on our model. Figure 8a just repeats Figure 1a for ease

of comparison; it shows the widening of the German wage distribution (Dustmann et al.,

2009; Card et al., 2013). Figure 8b plots the individual-level predictions from our model. To

obtain an individual’s predicted wage in a particular year, we start from the initial wage

observed in the data18 and follow his occupational choices over the life-cycle, adding the

relevant skill accumulation parameters and price estimates along the way. The predictions

18For workers who may have entered the labor market before the sample starts—those born before 1950
observed to be working in 1975—we use the skill accumulation estimates to impute their initial wages at
age 25, assuming they stayed in the same occupation all along.
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track the data closely, both qualitatively and quantitatively. Note that all percentiles in all

panels are normalized to zero in 1985; Table E.2 in the Appendix shows that the model is

close to its targets also for the levels of these percentiles and the variance.

The remaining panels of Figure 8 investigate the drivers of the model prediction by

starting with the most basic version and turning on features one after the other. Panel c

reports how the three percentiles would have evolved if workers had kept their initial

wages for the entire working life. Many variants of supply changes would be reflected in

this scenario. For example, the expansion of tertiary education may lead to higher entry

wages for the additional university graduates, raising the upper percentiles. The results

show that the median and 85th percentile rose somewhat. Quantitatively, this is not very

important, making up between one fifth (median) and one eighth (85th percentile) of the

total increase. All three percentiles evolve smoothly; the distinct temporal patterns in

Panels a and b are thus not driven by changing conditions at labor market entry. After

a small initial increase, the 15th percentile exhibits a pronounced decline starting in the

mid-nineties, which is so strong that it could explain the drop of that percentile between

1985 and 2010. This large drop seems due to temporary workers and naturalized citizens,

who are often the same.19 Excluding workers ever coded as foreigners from our sample

reduces the fifteenth percentile drop by more than two thirds both in Panels b and c (see

Appendix Figure E.1). This is consistent with Dustmann et al.’s (2009) hypothesis that,

from the 1990s, low-skilled immigrants and ethnic Germans from Eastern Europe flowed

into the West Germany, worsening the composition of employment at the lower end.

In Figure 8d, we continue to assign workers to their initial occupation, now adding

the skill accumulation coefficients. There is hardly any change for the fifteenth percentile

compared to Panel c, but the median and 85th percentile rise strongly. The incremental

changes are 4 points at the median and 5 points at the 85th percentile, amounting to one

half (one third) of the overall changes between 1985 and 2010. Again, all changes happen

19We identify temporary workers from the detailed occupation “assistant laborers”, which mostly ap-
pears in the industry group “Credit and insurance intermediation, land and housing, rentals”. This industry
group contains the subgroup “labor recruitment and provision of personnel” where temporary agencies are
listed. Temporary work has increased a lot in Germany (Eichhorst and Tobsch, 2013).
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Figure 8: Wage inequality scenarios
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(b) Model
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(c) Initial occ. and wage throughout
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(d) Initial occ. + skill acc.

1985 1990 1995 2000 2005 2010
Year

15

10

5

0

5

10

15

20

25

30

lo
g(

pe
rc

en
til

e)
 ×

 1
00

 re
la

tiv
e 

to
 1

98
5

15th pct 50th pct 85th pct

(e) Obs. occ. + skill acc.; Γa,k,l 6=k = 0
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(f) Observed occ. + skill acc.
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Notes: Panel a: Observed wages. Panel b: Simulated life-cycle trajectories based on our full model: Starting from the initial wage and
occupational choice, add all skill accumulation and price change estimates using occupational choices observed in the data. Panel c:
Workers keep their initial wage throughout the life cycle. Panel d: Workers stay in their initial job throughout the life-cycle; in each
period, we add the skills they would have accumulated in that job (i.e., Γa(i,ti,0),k(i,ti,0),k(i,ti,0)

). Panel e: Use observed switches, setting
direct gains from switching to zero, i.e., Γa(i,t−1),k(i,t−1),k = 0 ∀ k 6= k(i, t− 1). Price changes are zero as well, so the difference to Panel d
comes purely from differential skill accumulation in occupations. Panel f: As in Panel e, but adding the direct gains from switching. The
only difference to the full model in Panel b are the price changes, which continue to be zero. In all scenarios, we treat unemployment
or out-of-the-labor force spells as follows: When such a spell is observed in the data, simulated workers do not enter the inequality
statistics. Furthermore, we assume no depreciation and upon re-entry into paid work add—where relevant—Γa(i,t̃),k(i,t̃),k with t̃ the
period before the spell.
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rather smoothly. The scenario shows that the demographic and occupational composition

has a quantitatively strong impact on the rise of the upper half of the wage distribution.

We add the observed switches to careers in Figure 8e, but do not turn on the direct

gains from switching, i.e., we set the off-diagonal elements of Γ to zero. This drives up

the median and 85th percentile by an additional three points; it hardly affects the fifteenth

percentile. The results show that switches from occupations with flatter age profiles to

those with steeper profiles matter even if one ignores the oftentimes large jumps asso-

ciated with switches. Yet, these skill accumulation differentials are not large enough to

drive a majority of inequality. Part of this may be due to timing: For switches after age 35,

accumulation differentials between occupation groups are smaller than early in careers.

Still, the rise in the median and 85th percentile is large in Panels d and e compared to

Panel c. In Appendix E.3, we show that this is due to the aging of the workforce with

more middle-aged workers at the median in 2010 compared to 1985. Demographics were

thus partly responsible for the increase of lower half inequality. In contrast, since the 85th

percentile rose similarly to the median, upper half inequality did not increase much due

to demographic changes or skill accumulation within occupations.

Adding the gains associated with occupation changes in Figure 8f raises all statistics

and disproportionately affects the 85th percentile. This is not surprising given the large

coefficient estimates for switches into Mgr-Prof-Tech and Sales-Office occupations. Com-

paring the end points of our sample period, this scenario explains three quarters of the

increase in the 85th percentile and the entire increase in the median; we are too optimistic

about the evolution of the fifteenth percentile by 3 points. There are two things to note.

First, the temporal pattern is smooth and we do not track the intermittent evolution well.

Second, there is a stronger decline in the 15th percentile when we make unemployment or

exiting the labor force a choice by filling such spells with the lowest adjacent wage (Ap-

pendix Figure E.2). This suggests that careers at the lower end became more fragmented

and our main way of treating non-employment spells hides parts of this.

Comparing Figures 8f and 8b shows that skill prices explain most of the remaining

differences with the actual wage distribution. Changing prices raise the 85th percentile
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and upper half inequality by an additional seven log points. As for between-occupation

inequality, they have a strong impact. In the specification with unemployment a choice,

price changes hurt the median and the 15th percentile, again highlighting that we overes-

timate the gains from switching at the lower end because occupation changes involving

wage losses often go via unemployment spells. Finally, adding the price changes allows

us to track the evolution of all quantiles. Skill prices are not only aligned with employ-

ment across occupations; they also align the temporal patterns of the wage distribution.

In sum, we show that demographic factors and occupational skill accumulation ac-

count for most of the increase in lower half inequality. Alternative specifications suggest

that more unstable employment biographies and adverse price developments have some

role to play, too. This is consistent with the hypothesized effects in Dustmann et al. (2009),

which is an important finding overall because it has previously been hard to rationalize

polarizing demand for occupations together with wage inequality that increased across

the board in most countries and time periods (Goos and Manning, 2007; Mishel et al.,

2013; Green and Sand, 2015; Naticchioni et al., 2014). Occupational switches and chan-

ging skill prices have a particularly important role to play in the upper half of the wage

distribution, driving almost all of the additional wedge that opened up between the 85th

percentile and the median over the period 1985–2010.20

6 Discussion and Conclusion

This paper studies how occupational employment growth relates to occupational wages

and overall wage inequality. We first establish stylized facts that indicate strong negat-

ive (positive) selection effects into growing (shrinking) occupations. We then estimate a

model of occupation choice based on Roy (1951), which remains empirically tractable for

many occupations and accommodates heterogeneous skill changes over the career. Res-
20The results in this section are robust to the more general acceleration/deceleration interpretation of

skill price changes discussed in Section 3.1. First, wages in the full model, which include both skill ac-
cumulation and skill prices, are unaffected by this interpretation. Second, before the estimated prices are
included, one would still like to add the average rates of price changes in the base period to the skill ac-
cumulation in order to obtain scenarios where “only” entry wages, initial occupations, or occupational
switching changed. This is effectively what we do in Panels c–f of Figure 8.
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ults indicate that skill-constant occupational wages (skill prices) evolved in a way that is

consistent with occupational demand shifts. Skill selection of workers completely masks

this relationship in raw occupational wages, the development of which is unrelated to em-

ployment changes. The systematic part of the skill price-employment growth nexus is due

to what we term the growth-selection effect; net entry into an occupation multiplied with

the skill differences between occupation entrants/leavers versus incumbents/stayers.

The selection effects we uncover are richer than those considered in classic Roy mod-

els, where workers’ skills across occupations are fixed over time. The closest analogue to

this classic Roy selection—skill endowments at the start of an occupation spell—contribute

between 20% and 64% to growth-selection depending on the profession. Between 14%

and 63% can be attributed to age selection, i.e., that marginal workers in growing occu-

pations have had less time to accumulate (specific) skills. Finally, a dynamic version of

Roy selection—positive deviations from average skill accumulation during tenure in an

occupation, which raise the likelihood of staying put—contributes another 14–25%. The

strong variation of relative magnitudes across occupations reflects the fact that occupa-

tional life-cycle wage profiles are very heterogeneous.

Similar lines of reasoning carry over to wage inequality, where we establish a quant-

itative connection to demand shifts and occupational employment changes. Relative to

a situation where workers in the 1980s were given the skill prices of later decades while

holding their occupational choices fixed, selection leads to lower wage inequality between

occupations. Selection thus makes it appear that occupational changes were not very im-

portant. Using our model to understand the trends in overall wage inequality, we instead

find that differentially evolving skill prices and heterogeneous skill changes across occu-

pations are the most important drivers of upper-half inequality. Initial occupation choice

(low-skilled entrants reducing the 15th percentile) and demographic changes (more skills

accumulated at the median) are the main drivers of lower-half inequality.

Our explanation seems consistent with other accounts of rising wage inequality in

Germany. One of the most prominent is based on de-unionization and a decentralization

of the wage bargaining process (Dustmann et al., 2009, 2014). These phenomena have
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the strongest impact in manufacturing, i.e., the industry sector that is most important

for the declining Prod-Op-Crafts occupations. We deem it plausible that demand shifts

are a deeper cause for this, as unions and works councils understand their deteriorating

bargaining position due to the threats of substitution by machines or foreign workers

(see Baumgarten and Lehwald, 2019, for direct evidence of the latter). Our findings are

also consistent with work showing that German firms tend to upgrade labor through

investment in skills (Battisti et al., 2019; Dauth et al., 2021).21 These responses may reflect

the institutional environment, which results in relatively cooperative labor relations in

Germany. For example, unions and works councils are represented on boards of large

companies and thereby involved in managerial decisions (Jäger et al., 2021).
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