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This paper investigates the sources of wage growth over the life cycle,
determined by sectoral and firmmobility, unobserved ability, the accu-
mulation of cognitive-abstract or routine-manual skills, and whether
workers enroll in vocational training at the start of their career. Our
analysis uses longitudinal administrative data over three decades and
shows that routine-manual skills drive early wage growth, while cognitive-
abstract skills become more important later. Moreover, job amenities
are an important determinant ofmobility decisions. Vocational training
has long-term effects on career outcomes through various channels and
generates returns for both the individual and society.
I. Introduction
This paper investigates the sources of wage growth for workers over their
entire careers, from entry to the labormarket onward. The dynamicmodel
that we develop allows for wage growth to be determined by unobserved
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ability, mobility, and the accumulation of human capital. In addition, it al-
lows for the choice of education level (and in particular a choice of whether
to undertake vocational training before labor market entry), introduces
task complexity as a feature that distinguishes occupational sectors, and
permits mobility to be driven by both monetary and nonmonetary job
characteristics.
Our framework therefore combines a number of novel features that al-

low us to investigate how acquisition of different types of skills and job-to-
jobmobility drive wage growth at key stages over the life cycle. We consider
occupational sectors characterized by tasks, and as such, the accumu-
lation of sector-specific human capital (as well as its returns in different
jobs) has a natural interpretation. To study how educational choices in-
teract with the process of human capital acquisition and affect workers’
future labor market transitions, we consider an initial choice of labor
market entrants whether to undergo firm-based apprenticeship training,
and we allow sector-specific returns to work experience and job offer
probabilities to depend on this choice. Hence, in our model vocational
training shapes future wage profiles not only through initial acquisition
of sectoral skills but also through how these skills aid in on-the-job learn-
ing and in inviting future job opportunities. This allows us to assess the
return of structured vocational training for both individual workers and
society, to investigate what the advantages of this training are in both the
short and long run, and to determine whether these advantages come
from particular skills that are learned, stronger labor market attachment,
or firm-to-firm job mobility or are simply artifacts of selection.
Our analysis is based on administrative data drawn from social security

records that allows us to track the careers and wages of individuals from
their first entry into the labor market for up to three decades. The data
provide precise information on the initial training choices individuals
make, as well as the type of occupation they choose. It accurately records
all wages, movements between different jobs and occupations, and tran-
sitions between nonemployment and work, enabling us to precisely track
workers’ choices and career progression. Our sample covers men work-
ing in West Germany, born between 1960 and 1972 and observed be-
tween 1975 and 2004, a period that encompasses three decades and
many entry cohorts. We combine these data with detailed information
about the task content of different jobs, which we use to classify occupa-
tions into cognitive-abstract (CA) and routine-manual (RM) sectors and
to compute the amount of experience workers accumulate in each sec-
tor over their careers. To estimate choices made before labor market en-
try (including educational choices and initial occupational sector), we
use exogenous variation caused by local economic shocks, fluctuations
in the availability of training positions and service sector jobs, and the
uneven expansion of universities over time and local areas.
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The estimated model allows us to understand the dynamic implica-
tions of early vocational training, and we identify several advantages of
this training that reveal themselves gradually over the life cycle. Trained
workers (i.e., workers who chose apprenticeship training at labor market
entry) are more attached to the labor market, especially early on in their
careers, allowing them to accumulate work experience faster. From the
beginning of their career, they also tend to accumulate more CA experi-
ence, which helps sustain wage growth later in the life cycle (as we find
that RM experience contributes to wage growth only in the early years).
CA experience reduces the risk of layoff and improves hiring prospects
in any sector, as well as incentivizing transitions into CA occupations
where this type of experience is rewarded further. Hence, as in Cunha
and Heckman (2007), we find that dynamic complementarities through
sector-specific experience and occupational upgrading are more impor-
tant sources of advantage for trained workers than the immediate initial
wage benefits, although they do not yield returns until a later stage of the
life cycle. We also find that workers sort into vocational training pro-
grams according to their unobserved productivity, but even accounting
for this reveals that these programs generate positive returns for both in-
dividuals and society, at an internal rate of about 10%.
Within our model framework, we revisit several key issues to better un-

derstand the different sources of wage growth. As in Topel and Ward
(1992), we find that between-job wage growth is an important determi-
nant of overall wage growth for young workers. However, looking more
closely, we find that the largest single driver of early wage growth is skill
accumulation on the job, especially in the RM sector. We also show that
gains from marginal mobility (i.e., one additional job change over the
career cycle) are small in comparison with the large wage growth associ-
ated with mobility early on in workers’ careers. We further illustrate that
job-to-job mobility is not driven solely by income-maximizing behavior
but that a significant share of these transitions are due to individuals
moving toward jobs with (subjectively) superior nonpecuniary attributes.
This stresses the importance for future research of better understanding
the nature of such attributes, such as working conditions and commuting
distances (see, e.g., Guglielminetti et al. 2018; Le Barbanchon, Rathelot,
and Roulet 2019).
We also investigate the process of occupational upgrading and mobil-

ity across sectors. Sector choice depends on the worker’s (unobserved)
sector-specific ability and (observed) educational choices but also on
(observed) sector-specific skills that are differentially accumulated through
experience in different occupations. This can generate “lock-in” effects:
with workers having incentives to remain in sectors where they have pre-
viously accumulated more sector-specific experience, they will be even
less likely to change sector in the future. This effect explains the low
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mobility of workers across occupational sectors, which remains unex-
plained bymodels that distinguish only between general and firm-specific
skills. Our model is therefore able to explain wage losses following a sec-
tor change as described in Neal (1995). Moreover, we find that while sort-
ing explains a sizable part of the initial sectoral wage difference, the main
explanatory factor later in the life cycle is heterogeneous skill accumula-
tion and differential returns to RM and CA experience.
Our paper draws on, combines features from, and extends several lit-

eratures examining wage determination and career paths. A literature
beginning with Keane and Wolpin (1997) uses structural models to ex-
amine the importance of occupational or sectoral mobility for workers’
careers in a life-cycle setting. Our work builds on a framework similar to
many of these models (notably including Roys and Taber [2016], Belzil,
Hansen, and Liu [2017], and Hoffmann [2018]) but extends them in
several key ways. We incorporate worker mobility not only across sectors
but also across firms, a feature our paper shares with Sullivan (2010).
This allows for firm mobility as an important driver of wage growth, as
stressed by Topel and Ward (1992) and the subsequent literature.
Drawing on insights from the search and matching literature—partic-

ularly that pioneered by Postel-Vinay and Robin (2002), Bagger et al.
(2014), and Taber and Vejlin (2020), where workers experience perma-
nent wage shocks due to renegotiations after outside wage offers—we al-
low for time-varying but persistent firm-worker match productivity. The
worker-firm match allows us to identify a “search capital” held by work-
ers, which is a potentially important driver of wage growth.1 Moreover,
besides match productivity, our framework also allows for firm-specific
nonpecuniary match values, so that mobility of workers is determined
not simply by monetary motives but also by nonpecuniary incentives.
This is an important extension, particularly in light of a recent literature
that discusses the reasons for worker mobility and sorting across firms
(e.g., Card, Heining, and Kline 2013; Bonhomme, Lamadon, and Man-
resa 2019; Bonhomme et al. 2020; Di Addario et al. 2020).
Another important departure from previous literature is in how we

distinguish skills and treat the portability of these skills across sectors.
While, for instance, Keane and Wolpin (1997) define sectors corre-
sponding to white- and blue-collar jobs, we build on the concept of
“tasks” characterizing occupations and the type of skills they require
1 The literature quantifying the contributions of workers and firms to earnings inequal-
ity, pioneered by Abowd, Kramarz, andMargolis (1999), has recently focused on the impor-
tance of taking into account the persistence of the wage process at the firm level (see
Bonhomme, Lamadon, and Manresa 2019). A different literature has also characterized
search capital in the context of equilibrium search models, as in Menzio and Shi (2011),
Lise and Robin (2017), and Gertler, Huckfeldt, and Trigari (2020).
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(see Autor, Levy, and Murnane 2003; Goos and Manning 2007) and de-
fine sectors according to the mix of tasks they employ, not dissimilar to
Dix-Carneiro (2014) and Roys and Taber (2016).2 This allows us to de-
fine task-specific work experience that is accumulated differently across
sectors according to the intensity with which a sector utilizes it. More-
over, in our model task-specific experience is priced differently in the
two sectors, so that skills acquired in one sector can be used in another
but with different returns to the worker. By estimating these skill prices,
we are able to speak to the specificity or portability of human capital
(see, e.g., Gathmann and Schoenberg 2010). Thus, our model extends
the prototypical Roy (1951) model by allowing for multiple sectors and
heterogeneity in multiple skill dimensions, both observed and unob-
served, as in Willis and Rosen (1979) and extensions by Heckman and
Sedlacek (1985) and Heckman and Honoré (1990).
This paper is organized as follows. In the next section, we provide a

discussion of our data and sample, as well as some background informa-
tion on the vocational training choice available to workers. In section III,
we specify a dynamic and generalized Roy model for career progression,
including the initial training choice. In section IV, we detail our estimation
method and discuss the identification of our model. Section V presents the
results and decomposes wage growth into different components. Finally,
section VI concludes.
II. Background and Data

A. The Apprenticeship System
The German apprenticeship system is a vocational training program that
combines on-the-job training (provided by the firm) with school educa-
tion (provided and funded by the state). Apprenticeship training typically
starts after secondary school, which tracks children after the age of 10
into lower, intermediate, and upper secondary schools, based on the stu-
dent’s ability and preferences. Those who enroll in lower or intermedi-
ate secondary schools typically enroll in blue- or white-collar apprentice-
ship training schemes after school graduation (around the age of 16) or
enter the labor market as untrained workers. Those who attend upper
secondary schools (which we will sometimes refer to as the “academic”
track) are entitled to enroll directly into university.3 For the cohorts
we study, about 20% are assigned to this track. In our analysis, we focus
on young men who enter the labor market after lower or intermediate
2 Cainesa, Hoffmann, and Kambourov (2017) also draw attention to the effects of differ-
ences in task complexity across occupations on wage growth.

3 For a detailed description of the German school system, see Dustmann (2004).
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secondary schooling, to either work full-time or first enroll in an appren-
ticeship program (about 75%–80% of a birth cohort; see table 1).
The apprenticeship system offers training in more than 500 white- and

blue-collar occupations.4 In practice, however, individuals typically choose
from a fairly small number of training professions. For instance, in our
data, 70% of all male apprentices are concentrated in 20 three-digit occupa-
tions, with slightlymore than two-thirds of those being blue collar. Appren-
ticeship training is highly structured, with a well-defined curriculum, and
lasts between 2 and 3 years. It takes place at the workplace for 3 or 4 days a
week, where practical and workplace-related knowledge is acquired under
the supervision of qualified instructors, and at vocational state schools for
1 or 2 days a week, wheremore general and academic knowledge as well as
theoretical knowledge specific to the chosen occupation are obtained.
Both the practical and the academic components are examined at the
end of the training period, and successful candidates obtain a professional
qualification. Apprenticeship wages are substantially below what individu-
als could obtain as untrained workers. We refer the reader to Steedman,
Gospel, and Ryan (1998) for more details.
B. Data and Sample

1. Registry Data
Our main data come from a 2% sample of individual administrative social
security records over three decades (1975–2004), made available by the
German Institute for Employment Research (IAB). Due to our sample pe-
riod, we focus on formerWest Germany (towhichwe refer as “Germany” in
what follows) and construct a longitudinal sample of youngmen whomwe
observe from entry to the labor force onward for up to 30 years. In addition
to unique worker and establishment identifiers, our data contain detailed
4 Fo
TABLE 1
Proportion with Different Education Statuses, by Year of Birth

Birth Cohort

1960 (%)
(1)

1965 (%)
(2)

1970 (%)
(3)

Upper secondary track 15 17 18
Apprenticeship training 67 69 70
No postsecondary education 18 14 12
r details, see http://berufenet.arbe
itsagentur.de/b
erufe/index.js
Source.—IAB social security data, 1975–2004.
Note.—See sec. II.B and app. A for details.
p.

http://berufenet.arbeitsagentur.de/berufe/index.jsp
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information on workers’ wages, education, age, occupation, and industry,
as well as regional information about workplaces.5 The data record all em-
ployment spells in the private and public sectors (except for civil servants
and the self-employed),withexactdates for wheneach job startedandended.
We observe the average daily pretax wage at the end of each calendar year
for ongoing employment spells. For individuals who change firms within a
calendar year, the data provide the average wage from the beginning of
the yearor theemployment spell (if it started after thebeginningof the year)
until the end of that spell (or calendar year if the spell finishes after the end
of the year). Thus, wages are not averaged across different firms, a crucial
feature for studying job-to-job mobility. The data also contain information
on the apprenticeship training period and whether a worker holds an ap-
prenticeship qualification, as well as their overall educational qualifications.
Merged to this data set is information from the unemployment registers,
which allows us to observe transitions from and to unemployment.
In our analysis, we focus on West Germany and select all German men

born in the period between 1960 and 1972, who enter the labor market
with a lower or intermediate secondary degree, typically obtained by the
ageof 16.We select these cohorts to ensure that we include only individuals
whom we can observe at the start of their labor market career, so that we
avoid an initial conditions problem. We distinguish between individuals
who, after secondary school and before joining the labor market as full-
time workers, enroll in an apprenticeship scheme for between 2 and
3 years and successfully complete their training (in what follows, we refer
to these individuals as “trained”) and individuals who enroll for a shorter
period but do not graduate or do not enroll and enter the labor market
directly after secondary school (we refer to these as “untrained”).6

From these data, we construct a data set of quarterly spells. Whenever
multiple spells during a quarter are present (e.g., an employment and
an unemployment spell), we assign to that quarter the spell of the longest
duration.
Our final sample contains 44,286 individuals who enroll in an appren-

ticeship training scheme after secondary school and 4,858 individuals
who join the labor market directly and without further training. Following
5 The wage data are top coded at the earnings limit for social security contributions. For
the sample we consider, this concerns only about 1.6% of all wage spells. We take top cod-
ing into account in our estimation procedure, and we describe the details below.

6 As an alternative to firm-based apprenticeship training, about 6% of our sample under-
takes qualifying training in vocational schools, which offer classroom training for 2–3 years,
with unpaid work experience, and lead to a certificate equivalent to a firm-based appren-
ticeship (for details, see Parey 2009). Wage profiles of those who went through firm-based
training and vocational schools are almost identical. We include these individuals in the
group of “trained” workers.
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these individuals up until 2004 results in a total of 3,920,492 quarterly obser-
vations. To identify the determinants of school track choice at age 10, we use
a separate extract from the IAB data of 71,472 individuals who follow either
the lower/intermediate or the academic track. We provide more detail on
the sample selection in appendix A.
There is a large overlap in terms of occupations of trained and un-

trained workers. In our sample, individuals are employed in 292 three-
digit occupations after labormarket entry. Of those, 19 occupations employ
only untrained workers (and these employ only around 1% of all untrained
workers) and 53 occupations employ only trained workers (and these em-
ploy just 1.4% of all trained workers).
In our analysis, we distinguish two occupational sectors, characterized

by occupations that mainly use cognitive and abstract skills (CA occupa-
tional sector) and occupations that mainly use routine and manual skills
(RM occupational sector). To classify occupations into these two groups,
we use information from a survey data set that measures the precise task
content of three-digit occupations, which we describe next.
2. Qualification and Career Survey
We use detailed information from the 1991/92 wave of the German
Bundesinstitut für Berufsbildung (BIBB)/IAB Qualification and Career
Survey on 19 activities or tasks performed at work to categorize three-
digit occupations into those involving mainly RM or CA tasks, similar
to Autor, Levy, and Murnane (2003) and Spitz-Oener (2006). We follow
Antonczyk, Fitzenberger, and Leuschner (2009) and proxy the task in-
tensity of a job in tasks of type j for each survey individual i, Taskij, j ∈
fRM, CAg, by Taskij 5 Tij=Ti, where Tij represents the number of tasks
performed by individual i of type j and Ti represents the total number
of tasks performed by that individual.
Thus, if an individual carries out six tasks in total, four of which are

routine/manual tasks, the task index is 2/3. We then aggregate the indi-
vidual task indexes at the three-digit occupational level, using the max-
imummean task index to classify the occupation as RM or CA, and finally
merge this information with the registry data for each three-digit occupa-
tion. We consider an occupation with a CA task share above 50% as be-
longing to the CA sector. Overall, at labor market entry, about 15% of
all individuals work in the CA sector, increasing to 20% after 20 years of
potential experience.
3. Additional Data and County-Level Information
To obtain exogenous variation that helps in identifying pre–labor mar-
ket educational and training choices, as well as occupational sector
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choice, we use regional information at either the district or the commut-
ing zone level, drawn from official statistics.7 First, as we consider only
individuals who attend lower secondary schools that do not grant direct
entry to university, we need to account for that choice of track. The
three-track system in place during our observation window required in-
dividuals to choose a track (lower, intermediate, or upper secondary)
around the age of 10. That decision is likely to depend on the availability
of university places in the immediate environment, which would moti-
vate children (and their parents) to enroll in an upper secondary school.8

We draw on data provided by the German Statistical Office (Destatis),
which reports yearly numbers of students enrolled at each institute of
higher education in the first (winter) semester for the period 1972–99
(see Statistisches Bundesamt).
From this information, we construct a variable that measures the ratio

of the number of university places to the total population in a radius of
50 km around the county of residence when the individual is 10 years old
(the age of secondary school track choice). Germany underwent an ed-
ucational expansion planned in the 1960s that saw the total number of
students increase from 155,000 in 1958 to 1 million in 1990. A key objec-
tive of the expansion policy was to allocate post–secondary educational
institutions more evenly across local areas, and new universities and col-
leges were mainly opened in rural and semirural areas without preexist-
ing higher-education facilities. Municipalities and local governments had
very little influence on the location of the new colleges. All this led to
exogenous increases in the supply of university places, leading to the in-
creased enrollment.
From 1972 to 1999, the number of university enrollments in West Ger-

many doubled, though this rapid expansion was far from uniform—in
some districts, enrollments remained constant, while in others they in-
creased by a factor of six. It is this large variation in available university
places over time and across regions that we use for identification.9

Second, we construct two variables that partly drive the decision of
young men to either enter the labor market directly as full-time workers
after finishing (lower or intermediate) secondary school or enroll in a
2–3-year apprenticeship training scheme to further improve their skills.
7 On average, a district (commuting zone) in West Germany has about 200,000
(370,000) inhabitants. In 2000, there were 326 districts and 135 commuting zones in West
Germany.

8 In stark contrast to the United States, the university system in Germany is (with very few
exceptions) publicly provided, free of charge, and not considered to provide degrees of
very different quality, so that quality considerations hardly affect enrollment decisions, in
particular over the period we consider here.

9 More precisely, we use the changes across cohorts in the availability of university places
within regions, as we condition on commuting zone fixed effects, time fixed effects, and
state linear time trends.
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The first of these variables is the cyclical component of the annual log of
gross value added (GVA) at the district level (see Volkswirtschaftlichen
Gesamtrechnungen der Laender). This variable reflects regional varia-
tion inGDP growth andmay influence the decision of individuals whether
to acquire additional training before entering the labor market as full-
time workers. The second variable is the annual number of available ap-
prenticeship training positions at the commuting zone level, which we
obtain from official data that report these numbers at the commuting
zone level (see Berufsbildungsberichte). We scale the number of posi-
tions by the relevant cohort size, which provides an indication of the sup-
ply of apprenticeship places available in the area.10

Third, when enrolling in apprenticeship training or when entering
the labor market directly, individuals have to choose an occupational
sector. To model that decision, we extract from the IAB data the share
of employed workers in the service industry (banking, hospitality, and
other services) in the commuting zone for the years 1975–2010. Varia-
tion in the size of this industry may affect the decisions of workers whether
to start their careers (or training period) in an occupation with more
CA or RM skill requirement, as the share of CA occupations is higher
in the service industry. We measure the regional industry composition
at the time of lower secondary school graduation (around age 15), when
individuals typically make their initial occupational choice. Table A1 pro-
vides descriptive statistics. We analyze the relationship between these in-
strumental variables and the initial choices of education and training as
well as occupational choice in section IV.
C. Descriptive Analysis

1. Wage Profiles and Labor Market Transitions
Figure 1 displays the log real wage profile as a function of years of poten-
tial labor market experience (defined as time since entry to the labor mar-
ket or beginning of training) for trained workers (those with an appren-
ticeship qualification, denoted as “trained wage”), for those currently
training as apprentices (“wage in training”), and for untrained workers
(“untrained wage”), as well as the difference in wages between the trained
and untrained (right-hand axis). The figure shows that real wages of the
untrained increase rapidly during the first 5 years in the labor market, by
11% per year on average. Over the next 20 years, however, overall real
wage growth is just below 9%, or 0.4% per year. This is reminiscent of
the situation in the United States, where most of the wage growth occurs
10 Mobility of apprentices is low, as apprenticeship wages are very modest, resulting in
the vast majority of apprentices living at home during their training period to avoid addi-
tional housing costs.
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in the first 10 years in the labor market (Murphy and Welch 1992). Those
who enroll in apprenticeship training schemes are paid a low wage during
their training period, but wages increase sharply afterward and overtake
those of the untrained. In addition, following this, the wages of the
trained continue to increase slightly faster than the untrained, by about
1% per year on average. As a result, 20 years after graduating secondary
school, wages of trained workers are about 15% higher than those of the
untrained.
Wages are only one dimension along which outcomes of trained and

untrained workers may differ. Another important dimension is labor
market attachment. Figure 2 shows the proportion of individuals who
are in work as a function of potential experience.11 Labor market attach-
ment of trained workers is stronger than that of the untrained, with a
higher fraction of the trained working at any age. Untrained workers also
have a higher probability of transitioning into unemployment, as seen
in table 2 (9% of employed untrained, but only 3% of employed trained
workers, exit each quarter during the first 5 years in the labor market),
FIG. 1.—Log wage by training status. Source: IAB social security data, 1975–2004. See
section II.C and appendix A for details. Potential experience is counted from entry into
the labor market for untrained workers and from the start of training for trained workers.
11 Germany had a compulsory military draft system during the period we consider, and we
have eliminated interruptions that are due to military service while constructing the figure.
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and a lower probability to return to work from unemployment each pe-
riod (19% of trained unemployed individuals with 5–10 years of poten-
tial experience, but only 7% of the equivalent untrained individuals,
find a job from one quarter to the next). All this leads to the untrained
spending less time working: over a 25-year period, they work on average a
total of 17.4 years, compared with 20.1 years for trained workers.
FIG. 2.—Proportion working by training status. Source: IAB social security data, 1975–
2004. See section II.C and appendix A for details. Potential experience is counted from
entry into the labor market for untrained workers and from the start of training for trained
workers.
TABLE 2
Observed Quarterly Labor Market Transitions

Labor Market Transition

Potential Experience (Years)

Untrained Trained

0–5
(1)

5–10
(2)

10–20
(3)

0–5
(4)

5–10
(5)

10–20
(6)

Unemployed to unemployed .88 .92 .95 .73 .81 .92
Unemployed to work .12 .07 .05 .27 .19 .08
Work to unemployed .09 .05 .03 .03 .04 .02
Work to new work .04 .03 .02 .02 .04 .03
Work to same work .87 .92 .94 .95 .92 .95
Source.—IAB Social Security data, 1975–2004, aggregated at a quarterly frequency.
Note.—See sec. II.B and app. A for details. Potential experience starts at first entry into

labor market and/or start of training period.
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Figure 3 plots the average number of firms in which an individual has
been employed, where the horizontal axis carries potential experience.
It shows that the untrained are more mobile during the first few years in
the labor market. As such, one might expect that job shopping could be
an important source of the large initial wage growth for untrained work-
ers seen in figure 1. To investigate this further, we decompose wage
growth into within- and between-firm wage growth and plot it against po-
tential experience (see fig. 4). Between-firm wage growth appears to be
substantial, between 20% and 40% for the untrained during the first
2–3 years in the labor market, at a time when trained workers are still in
the training phase. The gain in wages due to these movements between
firms falls over time but is still large for both trained and untrained work-
ers until about 5–7 years in the labor market, with returns being close to
zero after about 15 years. Within-firm wage growth for the untrained is
likewise very high early on in the career, reflecting the rapid learning
that takes place on the job.
2. Occupation and Occupational-Specific Skills
Considering now the tasks at which workers are employed, in figure 5 we
plot the amount of exposure to CA tasks over the life cycle for trained
FIG. 3.—Mobility: number of jobs, by training status. Source: IAB social security data,
1975–2004. See section II.C and appendix A for details. Potential experience is counted
from entry into the labor market for untrained workers and from the start of training
for trained workers. For the latter, mobility is low in the first few years as they are in train-
ing.
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and untrained workers, computed as the average CA task intensity of the
employed (see sec. II.B.2), by potential experience. It suggests that un-
trained workers perform on average about 20% CA tasks, with little
change as they age. Trained workers, alternatively, are already more ex-
posed to CA tasks during their training period (about 24%), and this
share increases as they age, eventually reaching over 30%.12
FIG. 4.—Annual change in log wage. Source: IAB social security data, 1975–2004. See
section II.C and appendix A for details. Potential experience is counted from entry into
the labor market for untrained workers and from the start of training for trained workers.
12 The employment shares in our sample in RM and CA jobs are given in table A1, where
we report (among other characteristics) the shares in CA jobs at labor market entry and
after 10 years for trained and untrained workers.
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In figure 6, we decompose wage growth due to RM and CA experience
for trained and untrained workers as a function of potential experience.13

The figure reveals some interesting patterns. There is a steep increase in
log wages as a result of accumulating RM experience for the first 3–5 years
for both trained and untrained workers, which levels out after about
5 years. Alternatively, wages increase steadily due to the accumulation of
CA experience for both trained and untrained workers. While these fig-
ures are not causal, they suggest that RM experience that matters for pro-
ductivity is accumulated early on, while the accumulation of CA experi-
ence creates productivity gains throughout workers’ careers.
III. The Model
At labormarket entry, individuals choose whether to enroll into vocational
training or enter full-timework directly. They also choose the occupational
sector they want to begin working in. After labor market entry, they decide
on labor market transitions between jobs and sectors and between work
and unemployment. Among other determinants, individuals condition
FIG. 5.—Proportion of workers in CA sector and exposure to CA tasks. Source: IAB so-
cial security data, 1975–2004. See section II.C and appendix A for details. Potential expe-
rience is counted from entry into the labor market for untrained workers and from the
start of training for trained workers.
13 The figure is computed by first regressing log wages on a flexible function of both RM
and CA experience separately for trained and untrained workers. We then plot the return
to a specific experience multiplied by the average amount of RM and CA experience at a
given potential experience.
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these choices on their work experience, firm tenure, and current wage.
There are two types of productive experience, CA and RM, which are dif-
ferently productive and accumulated with different intensity in each sector
in a learning-by-doingway.We also allow for individual-specificunobserved
heterogeneity in CA and RM productivity, so that both observed sectoral
experience and unobserved productivity determine the sector choice of
individuals.14

The model is set in discrete time, and one period lasts one quarter. All
choices are made to maximize the present value of future utility. Individ-
uals derive utility from wages, benefits when unemployed, and leisure.
Jobs also have nonpecuniary attributes (e.g., work conditions), so that work-
ers pursue both higher wages and nonpecuniary job attributes through job
mobility. Wage growth is determined by the initial choice of individuals
whether to train in a structured apprenticeship scheme and by sector-
and firm-specific experience. Wages also grow through job mobility,
FIG. 6.—Return to RM and CA experience, by training status. Estimates are obtained
from two separate OLS regressions for trained and untrained workers, relating log wages
to accumulated CA and RM experience. The regressions also control for firm tenure, a lin-
ear trend, a business-cycle indicator, and region fixed effects. Experience is counted from
entry into the labor market for untrained workers and from the start of training for trained
workers.
14 Keane and Wolpin (1997), Sauer (2004), and Arcidiacono, Sieg, and Sloan (2007) de-
velop models with differences in time preferences. Using data from the German Socio-
Economic Panel, we do not find any evidence for differences in measures of time preference
between individuals who are trained and untrained or for differences in desired working
hours, risk aversion, impatience, and taste for leisure. Results are available upon request.
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where workers accumulate search capital, as we allow for heterogeneous
and persistent worker-firm productivity matches.
A. Skills
Each individual is characterized by three types of skills. First, experience
acquired in the CA and RM sectors, which we denote by the vector
Xit 5 fX CA

it , X RM
it g. Second, firm-specific experience, denoted by Tenit.

Third, education acquired through vocational training, which can influ-
ence the return to sector-specific skills as well as transitions in and out of
the labor force or across sectors. We denote the educational choice by
Ti ∈ {NT, TR} for not trained and trained, respectively.
Each individual enters the labor market with zero sector experience

(Xit 5 f0, 0g). The accumulation of CA and RA skills starts when individ-
uals begin to work or enroll in vocational training. Individuals accumu-
late RA and CA skills in both sectors, but the accumulation of RM skills is
faster in the RM sector, and the accumulation of CA skills is faster in the
CA sector. The per-period increase in sector-specific experience of type j
in sector o, with j, o ∈ fCA, RMg for a worker i, xo( j), varies by training sta-
tus Ti and by how much experience the worker has accumulated in the
CA and RM sector. The quarterly increase in both stocks of experience is
then given by15

X CA
it 5 X CA

it21 1 xoðCAÞðTi, X
CA
it21, X

RM
it21Þ

X RM
it 5 X RM

it21 1 xoðRMÞðTi , X
CA
it21, X

RM
it21Þ

 s:t: 
xoðCAÞ 1 xoðRMÞ 5 1=4,

xoðCAÞ, xoðRMÞ ∈ ½0, 1=4� :

(
(1)

Firm-specific tenure Tenit increases by a quarter per period and is reset to
zero when the individual starts a job in a new firm.
B. Unobserved Heterogeneity
Individuals differ ex ante in their unobserved productivity in the RM and
CA sectors, denoted by sRMi , sCAi ∈ f0, 1g, respectively. We assume that
these two random variables follow a bivariate discrete distribution, each
with two points of support. Thus, there are four types of individuals:
those with no unobserved sectoral productivity, those with unobserved
productivity in either the RM or CA sector, and those with unobserved
15 To compute xo(j), we assign CA and RM experience to workers by computing the expo-
sure to CA and RM tasks at each point of accumulated CA and RM experience, separately
by training status. This accounts for possible compositional changes/differences in three-
digit occupations in workers’ careers within the two sectors we defined and by training sta-
tus. The per-period increase xRM(CA) ranges between 0.03 and 0.07, while xCA(CA) ranges be-
tween 0.15 and 0.17, depending on accumulated CA and RM experience. Total experience
gained by an employed worker each year is normalized to one.
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productivity in both sectors. We denote the proportion of these types in
the sample by pl, l 5 1, . . . , 4 and allow the two types of unobserved pro-
ductivity to be correlated. Hence, this specification allows for selection
on unobservables as in Heckman and Sedlacek (1985). As explained be-
low, each unobserved ability receives a price in either sector.
C. Aggregate Shocks
We characterize the macroeconomic fluctuations of the economy
around the steady-state growth trend by de-trended quarterly GDP. The
macro state variable Gt is modeled as a discrete two-state Markov process
of order one, which allows for persistent aggregate shocks.16 Individuals
observe the current state of the economy and form correct expectations
of future shocks. The macro shock affects wages and layoff and job-offer
rates, as explained below.
D. Wages and Matches
We start with the pricing of the unobserved abilities (sRMi , sCAi ). We define
a set of four ability-occupation-specific prices {po(j)}, where po(j) represents
the price of ability j in sector o, with o, j ∈ {RM, CA}. We take those prices
as constant during our sample period. Unobserved abilities are there-
fore priced depending on the sector oit in which the individual works:

aS
i ðoit 5 RMÞ 5 sRMi pRMðRMÞ 1 sCAi pRMðCAÞ,

aS
i ðoit 5 CAÞ 5 sRMi pCAðRMÞ 1 sCAi pCAðCAÞ:

(2)

To separately identify individuals with abilities (0, 1) from (1, 0), we im-
pose a restriction on prices so that pCAðRMÞ < pRMðRMÞ and pRMðCAÞ < pCAðCAÞ.17

Hence, those with only CA (RM) unobserved ability have an ex ante ab-
solute advantage in the CA (RM) sector. However, over the life cycle, pro-
ductivity also depends on the (observable) vector of accumulated sector
experience, Xit, so that, ex post, an individual of a given type may none-
theless be more productive in another sector.
When a worker and firm first meet in period t, they draw a match-

specific productivity, kit, and a nonpecuniary value of the match (e.g.,
work conditions), mit.18 The match-specific productivity captures the re-
sidual heterogeneity in wages when individuals start a new job. We allow
16 The transition probabilities are presented in table A2.
17 In practice, after several trials, we impose pCAðRMÞ 5 pRMðCAÞ 5 0.
18 Keane and Wolpin (1997) consider a nonpecuniary attribute. In contrast to our spec-

ification, it is not modeled at the firm level but at the sectoral level and is constant across
individuals. Sullivan (2010) introduces a firm-specific nonpecuniary match, but in the es-
timation its variance is set to zero so that it plays no role.
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the distributions of these matches to differ by training status and occu-
pation and to follow a normal distribution with mean zero and standard
deviations jk(Ti, oit) and jm(Ti, oit), respectively. This permits us to esti-
mate the extent to which job opportunities vary between trained and un-
trained workers and between the two sectors. For subsequent periods
within the firm, the two components evolve as

ki,t11 5 ki,t 1 ui,t11,  ui,t11 ∼ i:i:d: Nð0, j2
uðTi , oitÞÞ,

mi,t11 5 mi,t :
(3)

The two components are reinitialized at each transition between firms.
The firm-worker match in (3) allows for the value of a match and the con-
tracted wages to change across jobs while permitting persistence over time
within jobs, a pattern that we observe in our data.19

The nonpecuniary attribute mit accounts for why some individuals move
fromahigh-paying job to a lower-paying one. It also allows for the possibility
that individuals are not pure income maximizers but pursue things other
than income in their choice of jobs, as in Heckman and Sedlacek (1985).
We model the nonpecuniary attribute of the job as fixed for the duration
of amatch, as we do not observe it or observe the reason for the dissolution
of a match. In contrast, we observe wages within the firm, which allows the
identification of a time-varyingmatchproductivity. This productivity contri-
bution kit, together with the nonpecuniary attribute mit, is part of a “search
capital” held by the worker. By selectively moving across firms, this search
capital can be accumulated over time and can be an important factor in de-
termining wage growth or worker welfare (as defined below).
Quarterly log earningswit depend on the unobserved ability component

aS
i ðoitÞ, the initial training choice Ti, the current occupation sector oit, the

macroeconomic indicator Gt, the match-specific component kit, and (in a
piecewise linear way) the experience stocks X CA

it , X RM
it , and tenure Tenit:

log wit 5 aS
i ðoitÞ 1 aGGt 1 aTRITi5TR 1 ainTRIinTRit

1 aPCAIoit5CA

1 aCAðX CA
it ; Ti, oitÞ 1 aRMðX RM

it ; Ti, oitÞ 1 aTenðTenit ; Ti, oitÞ 1 kit ,
(4)

where ITi5TR, Ioit5CA, and IinTRit
are indicator variables equal to one if the in-

dividual has undergone apprenticeship training, works in the CA sector,
and is currently in training, respectively. To define the piecewise linear
functions aj(x; Ti, oit), with j ∈ {CA, RM, Ten}, denote by fN j

k gK
k51 a set of
19 Although our model does not have strategic wage bargaining as in Dey and Flinn
(2005) or Cahuc, Postel-Vinay, and Robin (2006), the random walk feature of the match
allows for shocks to be permanent and can rationalize wage increases due to renegotiation
in the face of external job offers (among other factors). The model can also accommodate
negative shocks to wages, a feature that is present in the data as we consider real wages, with
inflation being sizable during the period of analysis.
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nodes and by aj
kðTi , oitÞ parameters that are specific to a node k, training

status Ti, and sector oit. For a given experience or tenure level x, the return
is specified as

ajðx; Ti, oitÞ 5 a
j
kðTi , oitÞ 1 a

j
k11ðTi , oitÞ 2 a

j
kðTi, oitÞ

N
j
k11 2 N

j
k

ðx 2 N
j
k Þ,

j ∈ CA, RM, Tenf g,  k s:t: x ∈ ½N j
k ,N

j
k11�,

a
j
0ðTi, oitÞ 5 0,  N

j
0 5 0:

(5)

Training directly enhances log earnings with a return aTR, as is standard
in the literature. Training also has an indirect effect on wages by affect-
ing the returns to experience and tenure and the variance of the match-
specific productivity (see eq. [3]) that drives search capital. This indirect
effect manifests itself over the life cycle through different career paths in
terms of labor market attachment and occupational choices. Hence,
training has both an immediate effect on wages that is similar for all
workers and a long-term effect that is potentially heterogeneous across
unobserved skill groups. Those with more unobserved CA skills have po-
tentially more to gain from training.
The wages of workers who are in training are lower than those of other-

wise equivalent unskilled workers due to the (presumed negative) factor
ainTR. Our model allows higher observed wages in the CA sector to arise ei-
ther because of a generally higher productivity in this sector (if aPCA > 0),
because of different returns to experience, or because of positive sorting of
workers through the unobserved skill component aS

i ðoitÞ. The wage func-
tion (4) builds on the extant literature (e.g., Flinn 1986; Keane andWolpin
1997; Roys andTaber 2016; Belzil, Hansen, andLiu 2017). Its flexible form
is designed to pick up differences by training status along several dimen-
sions, which will result in different incentives being important to trained
and untrained workers.
E. Labor Market Transitions
Employed individuals in our model are laid off with probability d(Ti, Xit,
oit, Gt, kit), which depends on the initial training choice Ti, the vector of
sector experience Xit, the current occupation oit, the state of the economy,
and the current match productivity kit.20 Workers who are employed
20 Our model distinguishes between exogenous layoffs and voluntary quits. Separate
identification is achieved from the assumption of symmetry of the density function of the
innovation of the match-specific productivity uit, defined in eq. (3). Voluntary quits occur
when workers receive a large negative shock to wages, which is unobserved by the econome-
trician.However, thedata onwages allowus to identify thedensity of positive shocks towages,
which, by symmetry, pins down the frequency and magnitudes of negative shocks. This in
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draw an alternative job offer with probability lW(Ti, Xit, Gt), while unem-
ployed individuals draw a job offer with probability lU(Ti, Xit, Gt), both
functions of the initial training choice, the vector of sector-specific expe-
rience, and the macroeconomic state. We therefore assume a random
search environment.
F. Occupational Mobility
As well as receiving new job offers, individuals receive offers to change
occupational sector with probability lO(Ti). These offers may come from
the existing firm, in which case the worker would retain their existing job
characteristics as they change sector, or they may come together with a
new job offer, in which case the occupation change would occur concur-
rently with a job change. Whether it is optimal to accept an occupation
change offer will depend on (among other things) the individual’s rel-
ative productivity in the two sectors and the amount of RM and CA ex-
perience accumulated up to that point. As in Dix-Carneiro (2014), work-
ers who switch sectors pay a mobility cost, denoted cO, which depends on
potential experience. This cost has two implications in terms of sectoral
mobility. First, older workers will find it less profitable to move, as they
have a shorter remaining career span to recoup the cost. Second, those
with higher productivity in the other sector will be more likely to move,
inducing a selection across occupational sectors. We return to this point
in more detail in section V.D. Experience in either sector does not de-
preciate upon an occupational change, but it is priced in different ways.
This can lead to a dynamic selection, with an up-front decrease in wages
followed by higher wage growth in future periods.
G. Dynamic Choice
Using the notations defined above, we denote the current state vector as

Ωit 5 Xit , Tenit , Ti, oit ,Gt , kit , mit , s
RM
i , sCAi

� �
: (6)

The value function for individual i in period t is given by

VtðΩitÞ 5 max
Lit

logðyitðLitÞÞ 1 mit ILit5emp

1 gð1 2 ILit5empÞ 1 bEtVt11ðΩit11jLit
Þ,

(7)

where Lit represents the decision to work (combining labor supply, firm,
and sectoral choices) and yit is equal to wages or unemployment benefits,

(7)
turn identifies the proportion of workers who will prefer to leave employment in a given pe-
riod. The exogenous layoffs are identified from the excess flow of workers into unemploy-
ment over these expected voluntary quits. In practice, we assume that the layoff probability
increases by dk when the match-specific productivity is below a threshold k.
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depending on work status. We define ILit5emp as an indicator variable for
employment, and g represents the utility of leisure. The parameter b is a
discount factor, and Et represents the expectation operator conditional
on information in period t. The expectation of the individual is over
the vector of shocks to income and labor supply, as well as over arrival
of job and occupation change offers and layoffs. The parameter Ωit11jLit

represents the updated state space conditional on the choice made in
period t. Labor market choices are taken until age 60, the age at which
retirement occurs. Individuals live an additional 20 years, deriving utility
from retirement benefits, that depend on the last earned wage. Choices
are made under the constraints detailed above and made explicit in
appendix B.2.
H. Initial Choices
The choice to enroll in apprenticeship training is based on the compar-
ison of the value of a career with and without the training, allowing for
foregone earnings. This decision is taken around the age of 16. In prac-
tice, we start modeling from the point we observe individuals joining ei-
ther their first job or an apprenticeship scheme. As well as the training
decision, individuals also choose whether to take their first job in the RM
or CA sector. For any choice of training T and initial occupation o, the
individual receives a utility that depends on a vector Zi of local market
characteristics (including local GVA, the share of jobs in service indus-
tries, and the local availability of apprenticeship training schemes; for
details, see sec. II.B.3), a preference shock hi,T,o (assumed to be indepen-
dent and identically distributed and following an extreme value distribu-
tion), and the future continuation value of that particular choice as de-
fined in equation (7) and appendix B.2:

V Init
t516ðZi, s

RM
i , sCAi , hi,T ,oÞ 5 max

T ,o
ZizT ,o 1 hi,T ,o 1 bEtV

W
t11ðΩi0jT ,oÞf g: (8)

The variables in Zi with coefficients zT,o drive only the initial choice of
training and occupational sector and not the subsequent labor market
decisions. We rely on this exclusion restriction for the nonparametric
identification of the model. The specification in (8) implies that in areas
and periods where there is a shortage of training slots, some individuals
who would benefit from training (net of the utility costs arising from that
shortage) end up choosing not to undertake training.
Moreover, and as described in section II, the two lower tracks of sec-

ondary school prepare their students for apprenticeship training, while
the higher track prepares them for university attendance. We consider
only individuals who left school after graduating in the lower two tracks.
Track choice takes place at age 10, based on merit, family decisions, and
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local determinants. To identify the role of unobserved ability in deter-
mining this choice, we use variation in university slots in the commuting
zone between cohorts. We provide details in appendix B.2.
IV. Estimation and Identification

A. Estimation Method
Owing to the complexity of themodel, estimation by standard maximum
likelihood is not feasible, and instead we estimate the model using the
simulated method of moments. We choose model parameters to mini-
mize the distance between a set of chosen moments from the data and
the moments implied by the model using simulated careers (for an early
example, see McFadden 1989).
We simulate careers starting from the point when—at 10 years of age—

individuals are allocated to the lower, intermediate, or secondary
school track. We follow individuals up to age 60 at a quarterly frequency.
Using the resulting simulated data, we then construct moments that cor-
respond to those we obtain directly from the observed data.21 We choose
the weighting matrix Σ̂ to be a diagonal matrix that contains the inverse
sample variances of the observed moments. Our model contains both
continuous outcomes (such as wages) and discrete ones (labor supply
or occupational sector). The estimation method relies on semiaggregate
moments (detailed below) that smooth out the individual discrete deci-
sions, such as in Blundell et al. (2016) or Adda, Dustmann, and Stevens
(2017). The standard errors are estimated as in Gourieroux, Monfort,
and Renault (1993). Estimation is based on the simulation of 24,000 in-
dividual careers. This number has been chosen so that the criterion
function does not change when increasing the number of simulations
further.
B. Identification of Life-Cycle Outcomes
The model comprises a total of 88 parameters, describing 12 outcomes
(wages; occupational sector; transitions from nonwork to work, from
work to nonwork, and from work to work, all for both trained and un-
trained workers; and education/training choices at ages 10 and 16) as
a function of several variables and their interactions. To identify those
21 For instance, for workers employed for a full calendar year in the same firm, the ad-
ministrative data report an average of the wage over the year, even if there were wage
changes. In the simulations, we also average wages for workers who stay with the same firm.
We deal with top coding of wages by imposing the same coding rules in the simulated data
as in the observed data. This procedure is similar to a Tobit model, given the normality as-
sumptions for the shocks to wages.
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parameters, we use a total of 358 static, conditional, and dynamic mo-
ments, which are listed in table 3.22 These can be categorized into three
types—those relating to wages, wage growth, and the variance of wages;
those relating to labor market status and transitions; and those charac-
terizing initial choices, such as training decisions, initial occupation, and
school tracks.
1. Wages and Transitions
To identify the various determinants of wages, we use moments based on
wage equations, estimated both in levels and in first differences. The
challenge is to disentangle the effects on wages of different types of ex-
periences and tenure as well as ability bias through positive sorting into
training, occupations, and work. To do this, we rely on several sources of
information. First, we rely on differences in coefficients between wage
regressions in levels and in changes that provide information on the ex-
tent of ability bias. We also use as moments the mean wage conditional
on potential experience for unemployed individuals, where the wage
consists of the last-earned wage while working. To the extent that unem-
ployed individuals are negatively selected, this wage profile will be lower
than the average wage of those who work. Second, information on wage
growth within and between firms provides information on the impor-
tance of skills in determining wages and on the role of search capital.23

Third, information on unobserved ability in RM or CA occupations is
partly obtained from moments based on estimated wage fixed effects.
We use panel wage regressions conditioning on CA and RM experience,
tenure, occupational sector, training choices, and the number of job-to-
job transitions (to proxy for search capital). We then average the wage
residual in each of the two sectors for each individual to obtain a proxy
for the ability parameters. We target the variance of these ability fixed
22 Eisenhauer, Heckman, and Mosso (2015) emphasize the importance of dynamic mo-
ments for the finite sample properties of the estimator.

23 To further pin down the role of work experience, tenure, and search capital, we ex-
ploit information in our data on exogenous displacement of workers due to firm closure.
We do not model firm closure directly, but our model has both voluntary and involuntary
transitions to unemployment (noted d; see sec. III) that we can track.We therefore compare
the coefficients of log wage regressions as a function of work experience for all workers who
are starting a new job and for those who are starting a new job after displacement. In both
cases, workers have zero firm tenure and their wages depend on their work experience and
search capital. However, under the assumption that firm closure is an exogenous event con-
ditional on observables, the latter group is a random sample of the workforce and workers
are not selected into new jobs on the basis of their past choices (seeGibbons andKatz 1991).
Hence, contrasting the ordinary least squares (OLS) returns to experience between those
two groups provides information on the importance of job search for wage growth. In prac-
tice, we use the estimates in Dustmann and Meghir (2005) for our data moments (tables 3,
4, cols. 2, 3), who exploit the same data and firm closures, although for a shorter period.



TABLE 3
Moments Used in Estimation

Moments
Number of
Moments

Wages:
Wage by age and training choice 20
Variance of wages by age and training choice 12
Mincer wage regression in levels including experience, tenure,
business-cycle, sector, and training choice 32

Regression of squared wage residual from Mincer wage regression
in levels, on experience, tenure, sector, and training choice 16

Mincer wage regression in changes including experience, tenure,
job-to-job change, and training choice 19

Percentiles of wage changes, by training choice 8
Regression of squared wage residual from Mincer wage regression,
in changes on experience, tenure, and training choice 11

Variance of wage fixed effects by sector from wage regressions on
experience, tenure, training choice, and mobility 4

Instrumental variables (IV) and OLS regressions of log wage on
potential experience and instrumented education 7

IV regression of log wage on potential experience and instrumented
initial sector 2

Correlation between wage fixed effects in RM and CA sector from wage
regressions on experience, tenure, training choice, and mobility 4

Wage difference after displacement between voluntary and
involuntary quits 7

Profile of last wages of unemployed, training choice, age 15
Total wage growth, by training choice, age, within and between firm 20
Proportion with negative job-to-job wage growth, by education and skills 5
Proportion of top-coded wages, by training choice 2

Labor market status and transitions:
Proportion working by age and training choice 20
CA experience by age and training choice 14
RM experience by age and training choice 14
Tenure by age and training choice 14
Number of jobs by age and training choice 14
Proportion in CA sector by age and training choice 14
Probability of sectoral change, by experience and training choice 8
Probability of labor market transition, by experience, sector, training
choice, and past labor market status 52

Probability of job-to-job transition, by age, experience, and training choice 8
Probability of working as a function of wage fixed effects, training and age 4
Probability of transition to CA sector as a function of RM wage fixed effect 2

Choice of training and initial sector:
Proportion trained 1
Proportion trained as a function of subsequent wage fixed effect obtained
from wage regression on experience, tenure, sector 2

Probability of training as a function of offered training positions and
local GVA 3

Probability of initial sector as a function of proportion of firms in service
sector in local area 2

Probability of lower track education at age 11 as a function of local number
of university students 2

Total 358
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effects for both the trained and the untrained workers. Using the sub-
sample of workers who switch across occupational groups, we also com-
pute the correlation between the ability fixed effects in the two sectors.
The variances are functions of the skill prices pið jÞ, i, j 5 fRM, CAg and
the proportions of the unobserved “types” in the sample (pl), as is the
covariance between CA and RM fixed effects. We refer the reader to ap-
pendix C.1 for derivations. Fourth, the variance of wages as a function of
age and training status contributes to the identification of the variance
of the wage match effects, as well as the distribution of unobserved abil-
ity. As pointed out by Heckman and Sedlacek (1985), the variance of
wages across occupational sectors decreases with selection, which pro-
vides additional moment conditions to characterize unobserved hetero-
geneity. We proceed in a similar way to obtain parameters related to la-
bor market status and occupational transitions, and we refer the reader
to appendix C for further details.
2. Initial Conditions
Individualsmake three choices before entering the labormarket. First, the
school track choice between the lower two tracks and the upper track,
made at age 10, where only the upper track qualifies for university entry.
Wemodel this choice by exploiting geographical information on the avail-
ability of university slots at the timewhen the track choice ismade. Second,
whether to acquire further training when entering the labor market for
those who chose the lower two tracks (which is the population that we con-
siderhere).We instrument the training choicewith localGDPmeasured as
GVA and the number of available slots in apprenticeship schemes normal-
ized by cohort size, both at commuting zone level and computed when in-
dividuals are 14 years old. Third, which occupational sector to choose. We
instrument the initial occupational sector choice using the share of jobs in
services (which are more concentrated in the CA sector) within the com-
muting zone. We provide more detail on these variables in section II.B.3.
In all cases, we rely on a difference-in-differences design, controlling for
time and area effects. Table 4 displays the first-stage results for the three
initial choices. In column 1, we display the results for the school track
choice, where we regress an indicator variable for upper track secondary
school choice at age 10 on the (log) number of students attending univer-
sities located in a radius of 50 km around the county of the individual, nor-
malized by county population size, conditional on county and year fixed
effects and state-level linear trends, and where we cluster the standard er-
rors at county level. The estimates are significantly different from zero,
with an F statistic equal to 25, and imply that a 1 standarddeviation increase
in the ratio of university students to populationwhen the focal individual is
10 years old raises the probability of choosing the upper track at secondary
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school by 1.2–1.6 percentagepoints.24 Column2of table 4 displays thefirst-
stage results for the choice of training or direct labormarket entry, and col-
umn 3 shows these results for the occupational sector choice. Both avail-
able training slots and better local economic conditions significantly
increase the probability that individuals choose apprenticeship training,
with the joint F statistic being 11.6. Moreover, the share of service industry
jobs in the commuting zone has a significant and positive effect on the
choice of individuals to choose a CA occupation either for training or as
a first job when entering the labor market without further training, with
an F statistic of 15.8.
We use these three first-stage regressions as additional moments in our

estimation. We construct the model counterparts of these regressions by
assigning each simulated individual to a particular year of birth and to a
TABLE 4
First Stage: Initial Determinants of Choice of Upper Track

at Secondary School, Apprenticeship Training, and Sector

Variable

Secondary School
Upper Track

(1)

Apprenticeship
Training

(2)
CA Sector

(3)

Log university places in vicinity .01645
(.0033)

Local log number of training positions .042
(.0194)

Local log GVA .508
(.120)

Share of jobs in services .826
(.208)

Time fixed effects Yes Yes Yes
Commuting zone fixed effects Yes Yes Yes
State linear trends Yes Yes Yes
F-test 25.3 11.6 15.6
p -value .0007 <.0001 .0001
Observations 71,472 37,619 51,545
R 2 .052 .023 .013
24 See table 1 for descriptive statistics
and see table A1 for the ratio of univers
on the share of upp
ity students to popu
er track secondar
lation.
Note.—Regressions performed on IAB data using a linear probability specification. In
col. 1, the dependent variable is equal to one if the individual went to a higher track at sec-
ondary school. The explanatory variable is the log of university places when the individual
is 10 years old, in a radius of 50 km around the county of residence and divided by total
population. In col. 2, the dependent variable is equal to one if the individual graduated
from apprenticeship training. The explanatory variables are the cyclical component of
the log of annual GVA at the commuting zone level and the log of the annual number
of apprenticeship training positions scaled by cohort size at the commuting zone level.
In col. 3, the dependent variable is the initial choice of CA sector and the explanatory var-
iable is the share of jobs in the service industry (banking, hospitality, and other services) in
the commuting zone. The regression includes time fixed effects, commuting zone fixed
effects, and state linear trends. All variables are measured when the individual is 14 years
old. Standard errors are clustered at the commuting zone level.
y students,
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commuting zone at ages 10–16, in such a way that the proportions of
each group are similar to the proportions observed in the data. To fur-
ther strengthen the identification of the model, we add regressions of
log wages on either training choices or the initial sector, instrumented
as explained above (see table 3). This constitutes a “second stage” that
identifies the selection into training or sector.
We further assess the local identification of our parameters, and we also

conduct a sensitivity test of our parameters with respect to some of the
moments we use. Details are shown in appendix C.4.
C. Goodness of Fit
To provide a first visual impression of the fit of the model, we display in
figure 7 the data moments against the simulated ones, with circles with
areas proportional to the precision of the data moments. The moments
are de-meaned and scaled by the standard deviation. Overall, the circles
align well with the 45-degree line, showing that the model is globally able
FIG. 7.—Overall fit of the model. This figure shows a plot of the data moments against
the simulated moments. The moments are rescaled by subtracting the mean and dividing
by the standard deviation of the sample of moments. The radius of each circle is deter-
mined by the precision of the observed data moments (multiplied by 400 to make them
visible). The solid line is the 45-degree line. The reported R 2 is the fit of a regression of
observed data moments on simulated moments, weighted by the precision of the data mo-
ments.
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to fit the many moments. A regression of the data moments on the sim-
ulated ones yields an R2 value close to 0.99, with a slope very close to one.
Figure 8 depicts the fit of the model for some key outcomes over the

life cycle. The model tracks well the life-cycle profiles for wages, condi-
tional on working.25 The model also captures well the last earned wage
FIG. 8.—Fit of the model: life-cycle profiles.
25 Table A4 shows that the fit is also good when we distinguish individuals by training
status. As in fig. 1, wages of trained and untrained workers increase steeply in the first years
and flatten out after 5–10 years of potential experience. Trained workers’ wages begin at
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of the unemployed. The latter has a lower profile than the former, espe-
cially later on in the life cycle, due to positive selection into work. The
model also captures the nonlinear profile of the proportion of individ-
uals working, labor market mobility (number of jobs), duration of jobs
(firm tenure), and experience in the RM and CA sectors.
We refer the reader to the tables in appendix D for further results on the

fit of themodel broken down by training status, such as the relationship be-
tween wage levels or wage growth and work experience in different sectors,
within- and between-firmdecomposition of wage growth, the accumulation
of skills over time, and the number of firms an individual has worked for.
V. Results

A. Returns to Skills
Our parameter estimates in table 5 correspond to the parameters in the
wage equations (4) and (5). Panel A details the estimated annual increases
in log wages for an additional year of experience and tenure. It should be
noted that on average, it takes about 1.5 (5) years of potential experience
to obtain 1 year of RM (CA) experience, owing to spells of unemployment
and the fact that experience is divided between RM and CA skills (see
eq. [1]).26 Given the slower accumulation of CA experience, we choose dif-
ferent intervals for the presentation of estimation results, reporting RMex-
perience returns for the first 4 years of sectoral experience, years 5–10, and
years 10–30 and CA experience for the first 2 years of sectoral experience,
years 2–5, and years 5–30.
The first four sets of results in panel A are the returns to RM and CA

experience in RM and CA occupations for trained and untrained work-
ers. The returns to RM experience in RM occupations are highly nonlin-
ear. Trained (untrained) workers experience a wage increase of 0.16
(0.09) log points for each year of RM experience of the first 4 years of
RM experience. For trained workers, this figure includes the training pe-
riod but excludes the discrete jump when they obtain their qualification,
which is parameterized separately and discussed below. Beyond that, the
effect of RM experience to wage growth is considerably reduced and
close to zero. This suggests that accumulation of RM experience is most
important early on in a worker’s career (such as plumbing and carpeting
skills), leading to rapid productivity increases. However, once the basic
26 For workers starting in the CA sector, it takes on average 2 years to accumulate 1 year
of CA experience and 3 years to accumulate 1 year of RM experience. For those initially in
the RM sector, it takes about 7 years to accumulate 1 year of CA experience and an average
of 1.5 years for 1 year of RM experience.

lower levels than untrained workers, since they are still in training in the initial periods.
However, after 4–5 years of potential experience, we observe trained workers overtaking
their untrained peers.
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skills are acquired, additional experience does not lead to further im-
provement in productivity.
Returns to the first 2 years of CA experience in RM jobs are around

0.02 log points per year for trained workers and close to zero for un-
trained workers. Interestingly, these returns increase for untrained work-
ers as accumulated CA experience grows, and similarly trained workers
TABLE 5
Estimated Parameters: Wage Equations

Parameter

Trained Untrained

(1) (2) (3) (4)

A. Annual Returns to Experience
and Tenure

RM experience, in RM sectors, aRM(oit 5 RM):
RM experience ∈ [0, 4] .16 (.0008) .092 (.0003)
RM experience ∈ [4, 10] .0017 (.0002) .0011 (.0008)
RM experience ∈ [10, 30] .0019 (.0001) .0096 (.0007)

CA experience, in RM sector, aCA(oit 5 RM):
CA experience ∈ [0, 2] .022 (.005) .0052 (.0005)
CA experience ∈ [2, 5] .0033 (.0004) .037 (.003)
CA experience ∈ [5, 30] .074 (.0002) .074 (.0001)

CA experience, in CA sector, aCA(oit 5 CA):
CA experience ∈ [0, 2] .091 (.0005) .079 (.002)
CA experience ∈ [2, 5] .11 (.00033) .0017 (.0017)
CA experience ∈ [5, 30] .0004 (.0001) .0024 (.0012)

RM experience, in CA sector, aRM(oit 5 CA):
RM experience ∈ [0, 4] .06 (.0003) .0033 (.002)
RM experience ∈ [4, 10] .003 (.0002) .0013 (.003)
RM experience ∈ [10, 30] .051 (.0002) .0031 (.006)

Firm tenure (aTen):
Tenure ∈ [0, 5] .00069 (.0002) .0003 (.0008)
Tenure ∈ [5, 30] .0015 (.0001) .00087 (.0001)

B. Wage Intercept, Sector, and
Business-Cycle Effects

Log wage constant 3.7 (.001) 3.84 (.001)
Wage penalty when training 2.87 (.0001)
Wage premium in CA sector .036 (.0001) .036 (.0001)
Business cycle, high .05 (.0001) .05 (.0001)

C. Standard Deviation of Firm-
Worker Productivity Match

Standard deviation of initial match, RM sector (jk) .23 (.0001) .23 (.0001)
Standard deviation of initial match, CA sector (jk) .23 (.0001) 1.3 (.0002)
Standard deviation of innovations, RM sector (ju) .025 (.0001) .013 (.0001)
Standard deviation of innovations, CA sector (ju) .034 (.0001) .021 (.0001)
Note.—Log wage is the dependent variable. The experience clock starts at the start of
apprenticeship for trained individuals and at the entry into the labor market for untrained
workers. Asymptotic standard errors are given in parentheses. It takes respectively about
1.5 and 4.5 years of labor market experience to reach 1 year of RM or CA experience. This
is due to spells of unemployment and the fact that workers accumulate less than one unit
of each type of experience per unit of time (see eq. [1]).
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experience their highest marginal returns to CA experience when they
have accumulated more than 5 years worth. Thus, it seems that workers
who have relatively little CA experience are likely to be in roles that have
little use for CA skills. Once a worker has sufficient CA experience to
take on more complex roles, such as supervisory or white-collar posi-
tions, then further accumulation of CA experience becomes more useful
to them. As it takes more years to accumulate CA experience in RM jobs,
this explains a large part of the wage growth for workers in RM occupa-
tions in later years (and at higher levels of potential experience). This is
qualitatively similar to the results displayed in figure 6 and discussed in
section II.C.
The next two panels describe the returns of CA and RM experience in

CA occupations. Returns to CA experience in CA occupations are high
initially, increasing wages by 0.09 (trained) and 0.08 (untrained) log
points per year for the first 2 years. Returns slightly increase for trained
workers over the next 2–5 years (corresponding to a period of 20 years of
potential experience) but are low for untrained workers. Beyond that pe-
riod, returns are close to zero for both groups. Finally, each year of RM
experience leads to 0.06 (0.07) log points of wage growth in the CA sec-
tor for trained (untrained) workers for the first 4 years and then drops
close to zero for both groups.
Overall, these findings provide a number of important insights. First,

there are large differences in the returns to RM and CA experience, with
the latter leading to more sustained wage growth over workers’ entire ca-
reers, while wage growth inducedby the former is concentrated to the early
period of workers’ careers. This suggests that RM skills, while very produc-
tive in RM occupations, are learned early on, while accumulation of new
CA skills is increasing productivity throughout the career. Second, both
RM and CA skills are partly portable when a worker changes sector, al-
though each type of experience is valued more in its own sector. Third,
and as a consequence of this, the differing returns may lead to lock-in ef-
fects, providing an important disincentive for workers to move across sec-
tors. We come back to this below when we discuss the role of unobserved
skills.
The last two rows in panel A report the returns to firm tenure for both

trained and untrained workers, which are close to zero, in line withmuch of
the literature (see, e.g., Altonji and Shakotko 1987; Neal 1995; Dustmann
and Pereira 2008).27 Small returns to tenure do not mean that there is no
firm-specific human capital—only that workers do not receive the returns
in the form of higher wages, as it enhances the worker’s productivity only
27 Larger returns are found by, e.g., Topel (1991), Dustmann and Meghir (2005), and
Buchinsky et al. (2010).
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in a single firm and there is therefore no competition for such human cap-
ital, as pointed out by Harris and Felli (1996).
Panel B of table 5 displays estimates of the log wage intercept for both

trained and untrained workers. The intercept is higher for untrained work-
ers, but that does not mean that trained workers obtain lower wages after
the training period, as they have accumulated work experience and possi-
bly search capital during training andmay also be positively selected on un-
observable skills, a point we discuss below. On average, the wages of trained
workers surpass those of the untrained after 4 years of potential experi-
ence. The log wage penalty during training (denoted ainTR in eq. [4]) is
equal to 20.87 log points, which means that trainees get less than half
of a full-time wage. This parameter accounts for the discrete jump in wages
when training is completed. The wage premium in CA occupations (aPCA)
is close to 0.04 log points. We return to the issue of the wage differential
across sectors in section V.F. Estimates of the business-cycle parameter (de-
noted aG in eq. [4]) show that wages are procyclical, with a difference be-
tween recessions and booms of about 5%.
The last panel of table 5 presents estimates of the standard deviations

of the initial match-specific productivities and their corresponding inno-
vations, j j

k and j
j
u, j ∈ fRM, CAg, the dynamics of which we describe in

equation (3). The estimates show that trained and untrained workers
draw matches from a similar distribution in the RM sector, but untrained
workers draw productivities with a larger initial variance in the CA sector.
The standard deviation of the innovation of match-specific productivity
(j j

u) is larger in the CA sector, which means that matches are less stable,
as a bad draw may lead the worker to quit.
While the estimates in panel A of table 5 represent the causal effects

of an additional year of working, they do not entirely explain the differ-
ential wage growth between individuals who made different training
choices, as trained and untrained workers accumulate different levels
of work experience and search capital over the years. To precisely evalu-
ate the contribution of different stocks of experience to wage growth, we
need to also take into account labor force attachment and job mobility.
We address this in a comprehensive way in section V.D, using simulations
to construct the appropriate counterfactuals. We first discuss the mobil-
ity decisions of workers and the role of unobserved heterogeneity.
B. Labor Market Mobility
Estimates in table 6 describe the dynamics of labor market mobility. Panel
A displays the job destruction rate (d), which is parametrically specified as
a linear probability model where the conditioning variables are both CA
and RM experience, a dummy for being in a CA occupation, a dummy



TABLE 6
Estimated Parameters: Labor Market Mobility

Trained

(1)
Untrained

(2)

A. Quarterly Job
Destruction Rate (d)

Intercept .07 .09
(.001) (.004)

CA experience (years) 2.021 2.025
(.024) (.01)

RM experience (years) 2.004 2.003
(.056) (.025)

Employed in CA sector .001 .001
(.017) (.017)

Firm match productivity <k .1
(.004)

Business cycle high 2.04
(.039)

Firm match productivity threshold (k) 2.08
(.001)

B. Quarterly Offer Arrival
Rate When Employed (lW)

Intercept .14 .14
(.003) (.018)

CA experience (years) .006 .002
(.053) (.056)

RM experience (years) .005 .0003
(.084) (.002)

Business cycle high .13
(.0005)

C. Quarterly Offer Arrival
Rate When Unemployed (lU)

Intercept .116 .32
.022) (.001)

CA experience (years) .056 .092
(.008) (.031)

RM experience (years) .021 .013
(.037) (.001)

Business cycle high .028
(.049)

D. Nonpecunary Job Attribute

Standard deviation of nonpecunary
job attribute (jm), RM sector .05 .05

(.049) (.049)
Standard deviation of nonpecunary
job attribute (jm), CA sector .04 .04

(.0245) (.00035)

E. Change of Sector

Quarterly arrival rate of sector change offers (lO) .13 .006
(.015) (.067)

Cost of mobility, intercept (cO) .07
(.004)

Cost of mobility, potential experience effect .05
(.007)
Note.—Potential experience is counted from the beginning of appren-
ticeship for trained individuals and from entry into the labor market for
untrainedworkers. The job destruction rate andoffer arrival rates aremod-
eled as linear probability models with the arguments and parameters dis-
played in this table. Asymptotic standard errors are given in parentheses.
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for a match below a threshold quality (denoted k), and a business-cycle
indicator.
The estimates show that untrained workers have a higher job destruc-

tion rate at labormarket entry (see estimate “intercept”). This rate dimin-
ishes quickly for both groups as they accumulate CA and RM experience.
After 5 years of potential experience, the quarterly job destruction rate is
on average 3% (6%) for trained (untrained) workers. The accumulation
of CA experience decreases the rate of job destruction far quicker than
the accumulation of RM experience.
Workers with poorer match-specific productivities but potentially with

high nonpecuniary match values are more likely to be laid off, as indi-
cated by the positive coefficient on the dummy for a match below the
threshold quality k. The threshold k itself is estimated as 20.08 (last
row of panel A), equal to about 1 standard deviation of the distribution
of initial draws for the match-specific productivity. This implies that
there is an increased risk of the job being destroyed for the bottom quar-
ter of the match-specific productivity distribution, which introduces dy-
namic complementarities as accepting a job with a low match-specific
productivity leads to not only immediate lower wages but also a greater
likelihood of future unemployment, which would in turn lead to less ac-
cumulation of experience and lower future wages. Finally, we find that
job destruction rates are procyclical, with a lower probability of job de-
struction during economic expansions.
Panels B and C display the job offer arrival rate when the worker is ei-

ther in employment or unemployed. As for the job destruction rate,
these are specified as linear probability models with the coefficients es-
timated as shown. In both cases, the likelihood of a job offer increases
with CA and RM experience. Given the differential accumulation of
RM and CA experience, the rate of arrival of offers on the job is slightly
higher for trained than for untrained workers over the whole life cycle.
In contrast, we find a higher rate of offers when unemployed for un-
trained workers, although the difference becomes small later on in the
career. Job arrival rates both when working and when unemployed are
procyclical.
Mobility is also determined by nonpecuniary job attributes (panel D).

The distribution of the nonpecuniary job attribute has a slightly higher
variance in the RM than in the CA sector but is similar for trained and
untrained workers. The higher the variance, the more scope there is
to search for better jobs, independent of wages. In section V.E, we eval-
uate the relative importance of wages and nonpecuniary attributes for
job mobility.
Panel E presents the parameters describing mobility across occupa-

tional sectors, which depends on the probability of receiving an offer
in the other sector (lO) and on the cost ofmoving, cO. We find that trained
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individuals are far more likely to receive an offer to change sector, with a
probability of 13%per quarter compared with less than 1% for untrained
workers. The estimated cost of moving increases with potential experi-
ence, being about 0.07 log points of the quarterly wage at labor market
entry but about 15% of the annual wage after 10 years of potential expe-
rience. This implies a selection of those who switch sector, a point we re-
turn to in section V.F. As the fixed cost increases, cross-sector mobility is
more advantageous earlier in workers’ careers. This is in line with the fact
that mobility is highest in the first 20 years of potential experience and
before ages 35–40. Further, sectoral mobility will depend on productivity,
as only those with a high expected return (as a result of observed and/or
unobserved characteristics) will be willing to pay the cost to move.
C. Unobserved Heterogeneity
We allow for four different types of workers, where type 1 has neither un-
observed CA nor RM productivities, types 2 and 3 have only RM or CA
productivities, and type 4 has both unobserved productivities (see
sec. III.B). The estimated proportions of these types, displayed in the
first row of table 7, show that about 13% of workers have only RM skills,
10% have only CA skills, and 18% (59%) have neither (both) produc-
tivities. This distribution of unobserved skills affects initial choices, with
those who have CA skills or both RM and CA skills being more likely to
TABLE 7
Unobserved Heterogeneity

Type (1) (2) (3) (4)

Skill Set (RM, CA)

(0, 0) (1, 0) (0, 1) (1, 1)

A. Unobserved Ability

Proportion in sample (pl) .18 .13 .10 .59
Proportion in apprenticeship .87 .87 .95 .93
Proportion in CA sector .14 .14 .44 .15
Correlation between RM and CA ability .4

RM Skills CA Skills

B. Price of Unobserved Skills by Sector
(Log Wage Scale)

In RM sector .09 0
(.0001) (0)

In CA sector 0 .27
(0) (.0001)
Note.—The model allows for four types of individuals, with different combinations of
RM and CA abilities; see sec. III for details. The prices displayed in panel B are defined
in eq. (2). Asymptotic standard errors are given in parentheses.
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opt for training at the start of their career (see row 2 of table 7). Further,
those with only CA skills and therefore with a comparative advantage in
the CA sector are also more likely to work in that sector (row 3).
Panel B displays estimates of the prices of unobserved skills in either

sector (see eq. [2]).28 The price of RM skills is 0.09, while the price of
CA skills is 0.27, meaning that those who have unobserved RM skills earn
about 10% higher wages in the RM sector, while those who have CA skills
earn 31% higher wages in the CA sector. These differences also imply ini-
tial sorting into the two sectors based on unobserved productivity, which
we study in more detail in section V.F.
D. Decomposition of Wage Growth
We now investigate the dynamic implications of the vocational training
choice by decomposing the growth of wages into its different components,
separately for those who did and did not choose to undergo training. This
allows us to distinguish the contributions of different types of skills and
search capital to wage growth.
Presenting simple decompositions of simulated wage growth into within-

and between-firm components as in Topel and Ward (1992), panel A of
table 8 shows that over the first 5 years of potential experience, wages
grow on average by 0.34 log points, of which 0.13 log points (38%) are
due to between-job wage growth. In these early years, between-job wage
growth is a more important driver of overall wage growth for untrained
than for trained workers. Over the next 5 years, wage growth slows consid-
erably to 0.1 log points, of which 0.04 log points are due to between-job
wage growth.Overall, thesefigures are similar (althoughwith slightly lower
growth rates) to those reported by Topel and Ward (1992), who find
for the United States that between-job wage growth accounts for around
46%of the total wage growth over the first 5 years in the labormarket (see
their table VII). However, job mobility in the United States is higher than
in Germany.
We next turn to the decomposition of wage growth to determine the

importance of different channels over the life cycle. This decomposition
uses the estimates for the wage equation in table 5 as well as simulated
life-cycle profiles to determine the amount of sectorial experience, firm
tenure, firm-worker matches, or business-cycle effects at each age. To de-
termine wage growth, not only is the return to a specific skill important
but also how much of that skill is accumulated at each point in time.
28 We set prices of unobserved CA (RM) skills in the RM (CA) sector to zero, as we do not
have enough variation in our data to estimate these cross prices for both observed and un-
observed skills.
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Panel B of table 8 reports the contribution to overall wage growth of
three components: RM experience, CA experience, and search capital.
In our model, search capital is represented by the growth in the match-
specific productivity kit, while the contributions of experience are cap-
tured by the terms involvingX CA

it andX RM
it in equation (4).We ignore other

factors that have little effect on wage growth in the first years, such as
firm tenure, the business cycle, or changes in occupational sector (which
we investigate later on).29

In the first 5 years, the largest part (43%) of wage growth is due to the
accumulation of RM experience, while search capital contributes 30%
andCA experience contributes 25%.30 During the next 5 years, the relative
TABLE 8
Decomposing the Sources of Wage Growth

Potential Experience since End of Training (Years)

0–5 5–10 0–5

All
(1)

All
(2)

Untrained
(3)

Trained
(4)

A. Between-Within Wage Growth Decomposition

1) Total wage growth .34 .1 .43 .33
2) Within wage growth .20 .06 .23 .22
3) Between wage growth .13 .04 .2 .147

B. Decomposition of Total Wage Growth (%)

4) Search capital 30 46 36 30
5) RM experience 43 11 61 42
6) CA experience 25 38 3 27
29 The contribution of the firm-
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contribution of these three factors changes, with search capital becoming
more important (46%), followed by CA experience (38%) and RM expe-
rience (11%). This is in line with the nonlinear and strongly decreasing re-
turn toRMexperience and the increasing return toCA experience that we
illustrate in table 5. When we distinguish wage growth over the first 5 years
by training status, we find that the accumulation of RMexperience ismore
important for untrained than for trained workers, as for the latter we start
measuring wage growth at the end of their training where they have al-
ready accumulated RM and CA experience.
While this decomposition provides important insights into the drivers

of wage growth, it does not immediately indicate the implications for la-
bor market policy. For instance, while suggesting that search capital is an
important factor for overall wage growth, this simple decomposition does
not address the question of whether mobility should be encouraged to
improve wage growth, as it does not define clear counterfactuals. To an-
alyze policy implications, we must compare the outcomes resulting from
a change in, for example, the job offer rate to those in a status quo base-
line scenario, something our model allows us to do. To gain more insight
into the role of mobility in wage growth, we therefore study how an in-
creased rate of job offer arrivals while employed (lW; see sec. III.E) will
affect wage growth in the longer term. We increase lW by 0.1, from the
baseline value of 0.14 for trained and untrained workers (see the inter-
cept in table 6, panel B).31 We assume that individuals do not anticipate
this departure from the baseline, which means that we solve the model
and the optimal decisions for the baseline parameter values only.32

As might be expected, the effect is an increase of 37% in the number
of job-to-job transitions in the first 5 years in the labor market (table 9,
row 1), which reduces to 24% when instead calculated over a 20-year pe-
riod. This corresponds to an increase of 0.34 jobs held by each individ-
ual in the first 5 years and an additional 0.58 job-to-job transitions over
a 20-year period. Row 3 of table 9 shows that the increased mobility in-
creases wages by about 1.6% (1.0%) over a 5- (20-)year horizon. To put these
numbers in context with the standard between-within decomposition,
in row 4 we report the average baseline between-job wage growth scaled
by the number of job-to-job transitions, showing that each realized job
transition leads to a 0.15 log point increase in wages. In contrast, row 5
shows that the marginal effect of additional labor market mobility in-
duced by an increase in lW is considerably smaller, at about 0.02 log
points per additional job. The reason for this disparity is that while
the first job move in a worker’s career generates large gains, these gains
31 While the choice of an increase of 0.1 is arbitrary, the results in row 5 of table 9 are
similar with other increments to the parameter lW.

32 This implies that we keep individual behavior constant between scenarios, which ab-
stracts from selection effects on unobservables.
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quickly decline, so that inducement of additional mobility does not pro-
duce large returns (see also the top panel of fig. 4).
In summary, the literature following Topel and Ward (1992) has em-

phasized the importance of search capital for wage growth, and our find-
ings are largely in line with their results. However, while mobility contrib-
utes to the observed wage growth, this does not mean that inducing
additional mobility through the provision of more job offers will lead
to substantially larger wage growth, especially in the longer run, as the
marginal return to additional transitions is far smaller than the average
return. Finally, a large part of wage growth comes through the accumu-
lation of both RM and CA experience, which play distinct roles over the
life cycle, with the former instigating wage growth early in the career and
the latter being important later on.
E. Are Workers Income Maximizers?
Our analysis shows that workers are neither pure incomemaximizers nor
choosing jobs solely for their nonpecuniary attributes. To evaluate how
important each factor is, we calculate how lifetime income (in present-
value terms at the start of workers’ careers) would change if individuals
maximized either only wages or only jobs’ nonpecuniary attributes. We
find that if job choice was driven solely by nonpecuniary attributes, work-
ers would face a present-value loss of about 17% in lifetime earnings. In
contrast, if workers were only pursuing higher wages, they would gain
about 6% in lifetime earnings. Using that metric, income maximization
appears to be a more important driver of job mobility. However, a model
TABLE 9
Effect of Increased Job-to-Job Mobility

Potential Experience

(Years)

0–5
(1)

0–10
(2)

0–20
(3)

1) Percentage increase in number of job-to-job transitions 37 31 24
2) Increase in number of jobs held .34 .48 .58
Wage growth:
3) Percentage increase in wages 1.6 1.7 1.0
4) Average between wage growth, per job (log point) .15 .14 .14
5) Marginal wage growth, per job (log point) .02 .02 .01
Note.—This table compares simulations of the baseline model with a counterfactual
where the rate of arrival of offers while employed (lW; see eq. [B1]) has been increased
by 0.1, from the baseline value (intercept) displayed in table 6, panel B. Row 4 divides
the between-job wage growth by the number of job-to-job transitions in the baseline. Row 5
displays the difference in the log wage growth between the counterfactual and the base-
line, scaled by the increase in the number of job-to-job transitions between the counterfac-
tual and the baseline. Potential experience is counted from entry into the labor market for
both trained and untrained workers.
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ignoring job amenities altogether would fail to describe job mobility and
wage growth adequately. In particular, a number of job-to-job transitions
do not result in wage increases, a finding that is in line with results for
the United States (Hall and Mueller 2018).
F. Occupational Sorting and Lock-In Effects
Workers in the CA sector earn on average higher wages than those in the
RM sector. As argued in section III.D when discussing equation (4), this
could be for different reasons, such as the occupational premium aPCA or
sorting on observable or unobservable characteristics. We show in table 7
that, indeed, workers sort themselves into training and the CA sector
based on unobserved ability. We now explore to what extent sorting
can account for sectoral differences in wages.
To this end, we compare the log wage differential between the CA and

RM sectors for the baseline specification with one in which there are no
returns to unobserved ability (i.e., aS

i ðoitÞ 5 0). This is shown in figure 9
as a function of potential experience. At labor market entry, the wage
differential is about 0.05 log points, which falls to 0.03 log points if we
remove the unobserved ability component. After 5 years of potential
experience, the wage differential turns negative due to some workers
switching from the RM sector to the CA sector. These individuals have
little CA experience, and their RM experience is less rewarded in the
CA sector, so there is a temporary fall in relative wages. After that period,
the wage differential across sectors grows rapidly due to the faster accu-
mulation and higher return of CA experience in the CA sector. The fig-
ures indicate that the contribution of sorting on unobserved ability
across sectors to life-cycle wage differences across the RM and CA sectors
is quite modest. The main part of the wage differences across sectors
stems from the differential accumulation of experience, as well as from
different returns to RM and CA experience.
Differential skill acquisition and relative returns across sectors com-

bined with search frictions can generate lock-in effects, where, for exam-
ple, workers in the RM sector who may be inclined to switch to the CA
sector but do not receive an offer to do so at an early stage in their career
will accumulate a larger stock of RM experience, so that it becomes in-
creasingly less attractive to change sector. To assess the magnitude of this
effect, we construct a counterfactual situation in which offers to move to
the CA sector arrive only after several years in the labor market. When
young workers entering the labor market cannot make a transition to
the CA sector within the first 4 years, about 6% of them stay locked in
the RM sector. On average, this leads to a 0.3% decline in lifetime wages.
However, the average treatment effect on the treated is considerably
larger, representing a loss of about 10% of lifetime wages.
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Similar lock-in effects occur, for example, in recessions where the va-
riety of job offers is decreased and may particularly hurt young workers
due to the intense accumulation of sector-specific skills early on in the
career. Such lock-in effects may therefore be an important explanation
for persistent wage disadvantages of cohorts who enter the labor market
during recessions (see, e.g., Oreopoulos, Von Wachter, and Heisz 2012;
Altonji, Kahn, and Speer 2016).
G. Internal Rate of Returns to Apprenticeship
Figure 1 suggests that wages of trained workers, while substantially lower
than those of untrained workers during the training period, increase
sharply once training is complete and surpass those of untrained workers.
Thus, while during the training phase apprentices incur a relative loss,
there seems to be a sustained advantage afterward. Figure 1, however, is
FIG. 9.—Log wage differential between CA and RM sectors. Baseline is the simulated dif-
ference between log wages in the CA and RM occupational sector. The net of unobserved
ability results are obtained by subtracting unobserved ability from the baseline results.
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purely descriptive and ignores both selection of workers into training and
how training affects the type of jobs obtained, unemployment spells, and
job-finding probabilities. Moreover, to train workers is costly for both firms
and society, costs that are ignored in the figure.
To explore this further, in table 10 we display estimates of internal rates

of return to individuals and society, following Heckman et al. (2010). We
present results without (col. 1) and with (col. 2) controlling for selection
into training. We account for selection by first computing the internal
rate of return for each individual type and then reweighting the returns
using the estimated population weights,pl (see sec. III.B). The first row of
the table shows the rates of return from the perspective of those individ-
uals undertaking the training. Calculations using only wages when work-
ing are displayed in the first line. The internal rate of return equals 14%,
but this decreases to 10% when controlling for selection, which suggests
positive sorting of workers into training. Given that the training period in
our sample is on average about 2.5 years, these numbers are similar to es-
timates by Fersterer, Pischke, and Winter-Ebmer (2008) for Austria, who
find returns of 2.5%–4% per year but smaller than earlier OLS estimates
for Germany, which are on the order of 15%–20% per year (see, e.g.,
Krueger and Pischke 1995; Winkelmann 1996).
When we take into account unemployment benefits, calculating the

costs and gains in terms of total income rather than simply wages of
the employed, the rate of return (corrected for selection) declines to
TABLE 10
Internal Rate of Return to Apprenticeship Training

Controlling for Selection

(%)

No
(1)

Yes
(2)

Individual:
Only wages 14.3 10.5
Wages and unemployment benefits 12.5 8.8
Wages and utility of leisure 11.4 7.7
Wages and nonpecuniary work attribute 12.9 9.1
All 11.8 8.2

Society:
Only wages 14.3 10.5
Wages and training costs 11.4 8.2
Wages and cost of unemployment benefits 16.4 12.4
Wages, training costs, and cost of unemployment benefits 12.9 9.6
Note.—This table displays the internal rate of return to apprenticeship training, calcu-
lated over a period of 40 years following labor market entry. Column 1 pools all wage and
work spells for all individuals. Column 2 is a weighted average of the internal rate of return
for each unobserved heterogeneity type, where the weights are the proportion of types in
the sample. Training costs for firms and schools are evaluated at €7,400 per year and per
individual.
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9%. The reason is that unemployment is more frequent for untrained
workers (see table 2; fig. 2). We next evaluate the returns to apprentice-
ship training, also taking account of utility derived from leisure when out
of work, g, and from nonpecuniary job attributes, mit. As untrained indi-
viduals have a lower labor market attachment, accounting for the utility
of leisure reduces the internal rate of return to training (to 7.7% when
taking selection into account). On the other hand, nonpecuniary work
attributes favor those in work, which increases the rate of return to
9.1%. Accounting for all of these factors together, the internal rate of re-
turn is about 8%.
As we point out above, provision of training is costly for firms, and ap-

prentices attend state-sponsored schools during the training period, in-
curring costs for the taxpayer. To assess the internal rate of return of
training provision from a societal perspective, we need to account for
such costs. We obtain estimates of the costs of state-run schools for voca-
tional training of firm-based apprentices from Bundesinstitut für Be-
rufsbildung (2013, 277) for 2017, who report a total of about €3.1 billion
for the 1,391,886 individuals in firm-based training schemes in Ger-
many that year (Destatis 2013, 23). Hence, on average, each apprentice
costs the state about €2,227 per year. Moreover, Jansen et al. (2015) con-
duct an extensive survey to assess the costs of training for firms. They es-
timate that each apprentice costs firms about €5,170 per year. As shown
in table 10, taking into account the cost of training decreases the returns
from the viewpoint of society to about 8%. Next, we take into account
unemployment benefits, seen here as a cost to society. This raises the re-
turn to 12%, as trained individuals are less likely to be unemployed. Fi-
nally, when we combine both the cost of training and unemployment,
the overall rate of return from the societal point of view is equal to about
10%. As such, we can see that correctly accounting for selection is impor-
tant in quantifying the returns to training, and we find that however we
calculate it, this training provides large returns to both the individual
and society in general.
VI. Conclusion
The analysis in this paper provides important insights into the determi-
nants of workers’ career trajectories. Our finding that nonmonetary fac-
tors play an important role in workers’ mobility decisions supports
results of earlier papers and emphasizes job amenities as a key deter-
minant of workers’ choices. Our distinction between occupational sec-
tors with different possibilities for accumulation of and returns to RM
and CA experience reveals RM skills as a key driver of early wage growth,
while CA skills become important later on in the life cycle. CA skills may
thus provide advantages for pursuing career possibilities that require
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supervisory, white-collar, or technical competencies, which may material-
ize at later career stages. These findings stress the importance of different
forms of skills whose returns are reaped at different stages over the career
cycle. Moreover, they also highlight lock-in effects as a form of labor mar-
ket inefficiency that exacerbates the presence of frictions, where workers
who would ex ante be more suited to one sector but are initially allocated
to the other subsequently choose not to change sector to avoid losing the
benefit of accumulated sector-specific skills. Such occupational lock-in ef-
fects may be aggravated by recessions that restrict sector choices—in par-
ticular, for workers who enter the labor market in downturns.
We confirm the importanceof search capital for workers’ careers.Wealso

show that gains from marginal mobility (i.e., one additional job change
over the career cycle) are small, in comparison with the large wage growth
associated with mobility early on in workers’ careers. Despite the impor-
tance of mobility for wage growth early on in workers’ careers, we find that
the accumulation ofCA andRM skills together are amore important driver.
Our analysis of the initial training choice and its returns suggests that
firm-based vocational training induces stronger labor market attachment
and eases access to the CA sector, with substantial benefits in the longer
run. Hence, we uncover important dynamic complementarities of train-
ing, as in Cunha and Heckman (2007), but that manifest at a later stage
of the life cycle, as training compensates workers by shaping the dynamics
of future job search andhumancapital accumulation. The internal rates of
return to apprenticeship training that we compute reveal considerable
benefits for both the individual and society (at around 8% and 10%, re-
spectively). However, our analysis emphasizes that assessment of vocational
training based on immediate returns alone may be inadequate and that it
is subtler longer-term effects on career outcomes that bring gains.
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