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Evidence from Worker-level Data

Abstract
Running RIF regressions to decompose wage differences along the distribution, this is the 
first study documenting that worker-level variation in tasks has played a key role in the 
widening of the German Native-Foreign Wage Gap. Comparing variation in Individual- vs 
Occupation-level task measures suggests idiosyncratic differences account for up to 34% of 
the explained wage gap. Importantly, natives specialize in high-paying interactive activities 
not only between but also within occupations. In contrast, foreign workers specialize in low-
paying manual activities. This enhanced degree of task specialization accounts for 11% of the 
gap near the top of the distribution and 25% near the bottom, thus offering new insight into 
sources for imperfect substitution of native and foreign workers in the production function 
and consequently small migration-induced wage effects.
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1 Introduction

There are ongoing debates in the economic literature on the degree of substitutability
between native and foreign workers. While some research suggests both groups are per-
fect substitutes (Aydemir & Borjas 2007, Borjas, Grogger & Hanson 2012, Llull 2018a)
others have found evidence implying imperfect substitutability instead (D’Amuri, Ot-
taviano & Peri 2010, Peri 2012, Manacorda, Manning & Wadsworth 2012). This paper
uses individual-level data on job tasks to document differential specialization patterns
at the workplace that are consistent with imperfect substitutability, yet, are masked in
conventional data.

This idosyncratic task specialization can help us better understand wage differences
such as those illustrated for the German Native-Foreign Wage Gap in Figure (1). On
the one hand, the wage gap has increased steadily from 7% to 13% between 1992 and
2018. On the other hand, there are distributional implications as wage differences are
more pronounced among low-wage earners. One possible explanation for these trends
is that native and foreign workers have distinct roles in the production function and
wage differences accordingly reflect underlying skill differences. Against these wage
trends, Figure (2) reveals patterns on tasks performed at work that are inconsistent
with this hypothesis. In the left panel we can see the increase in skill requirements in
jobs, a well-known stylized fact documented since at least the 1970s.1
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Figure 1: Native-Foreign Wage Gap in Germany, 1992-2018

This so-called “upskilling” is usually portrayed irrespective of nativity. The right
panel indeed displays rising assimilation in job-related activities between natives and
foreigners, suggesting rising skill requirements have allowed foreign workers to catch
up. Strikingly, however, this convergence in job tasks coincided with the increase in the
wage gap discussed above.2

1See Autor, Levy & Murnane (2003), Spitz-Oener (2006), Acemoglu & Autor (2011), Beaudry, Green &
Sand (2016), Deming (2017), Hershbein & Kahn (2018), Atalay, Phongthiengtham, Sotelo & Tannenbaum
(2018, 2020) and Modestino, Shoag & Ballance (2019)

2Workers are distinguished by citizenship, i.e. to be classified as "native", one must have the German
citizenship. While the sample focuses on people who live in West Germany at the time of the survey, the
data does not consistently provide information on the birthplace. As a consequence, workers born in
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Figure 2: Task Assignments in Germany, 1992-2018

This study offers three explanations in order to reconcile the divergent wage and
task trends between native and foreign workers by using decomposition techniques
and applying them to German survey data with self-reported information on job
tasks. First, there are crucial differences in the allocation of narrowly defined tasks
that are masked in broader task classifications. I show that variation in job-related
activities at the individual-level is predictive of wage differences across the entire wage
distribution and robust to inclusion of various education and experience measures.
These findings thus object to the assumption of perfect substitutability of workers with
similar education-experience profiles which is commonly made in the literature of
estimating structural production functions (Borjas 2003, D’Amuri, Ottaviano & Peri
2010, Manacorda, Manning & Wadsworth 2012, Ottaviano & Peri 2012, Llull 2018a).
To my knowledge, no paper has explored individual-level variation in tasks in the
context of migration before, thus adding new insight to this line of research.

Second, due to distributional variation, simple average measures are not adequate
to capture differences in task assignments between natives and foreigners. I therefore
decompose the Native-Foreign Wage Gap along the wage distribution, highlighting
the role of tasks. The conventional Oaxaca-Blinder (OB) decomposition (Oaxaca 1973,
Blinder 1973) is limited by its inability to evaluate the impact of single covariates
for any distributional statistic but the sample mean. Yet, as suggested by Figure (1),
the wage gap displays distributional implications and tasks may therefore have a
differential impact along the wage distribution as well. For instance, performing more
abstract tasks likely affects high-wage workers differently than low-wage workers as
they are already specialized in underlying activities, thus being more equipped in
executing them. Generalizing the conventional Oaxaca-Blinder decomposition, I follow
Firpo, Fortin & Lemieux (2009) and construct Recentered Influence Functions (RIF) to
perform quantile regressions on the wage gap.

Applying this methodology reveals that variation in tasks at the worker-level is more
pronounced among workers near the tails of the distribution and especially in regards
to interactive and manual tasks. Previous research has identified these activities as

East Germany are likewise considered natives despite possible differences in quality of education and
experience (Riphahn & Trübswetter 2013, Klein, Barg & Kühhirt 2019).
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key tasks to understand the Native-Foreign Wage Gap. Accordingly, native workers
specialize in interactive activities while foreign workers specialize in manual activities
(Peri & Sparber 2009). My findings provide additional insight to these specialization
patterns, showing that variation in interactive tasks is more important near the top of
the wage distribution with contributions of up to 10% between 1992-2018. In contrast,
variation in manual tasks is relevant among low-wage earners, contributing up to 10%
to the wage gap.

Third, I study the degree of task specialization within occupations in more detail.
If workers perform different tasks according to their comparative advantage, skill-
biased technological change should amplify preexisting specialization patterns beyond
occupational borders. Conditioning individual-level task measures on occupational
affiliation via fixed effects (FE) thus allows to gauge the degree of specialization between
natives and foreign workers. While existing research in the migration context focuses
only on the occupational dimension, this is the first study to measure individual-level
task specialization within occupations, suggesting contributions to the wage gap of up
to 13%. It stands out that within-occupation task specialization is most pronounced
near the tails of the wage distribution and differs across immigrant source regions and
sex. Specifically, task specialization accounts for a larger proportion of the wage gap
among males and between native and Eastern European workers.

The present study contributes to a growing literature exploring the relationship
between skills, tasks, and wages. In particular, it provides new insight on specializa-
tion patterns in the migration context using task data. This research measures skill
differences between native and foreign-born workers by utilizing occupation-level task
data, thus emphasizing comparative advantages in the occupational choice as a key
source for imperfect substitutability between native and foreign workers. The seminal
study in this literature is Peri & Sparber (2009) who use O*NET data and show that less-
educated natives in US states with large inflows of less-educated immigrants respond
by specializing in occupations intensive in interactive tasks. In a follow-up study, Peri
& Sparber (2011) document that native college graduates in the US tend to specialize in
occupations intensive in communication-heavy activities while foreign graduates tend
to specialize in occupations intensive in technical (i.e. relatively non-verbal) activities.

Combined, their findings lend credence to the distributional implications high-
lighted in the present study as variation in task is disproportionately important as a
driver of wage differences for workers near the tails of the wage distribution. I expand
on their research by exploring the importance of task specialization within occupations.
These findings are particularly relevant for studies employing the Peri & Sparber (2009)
framework in the German context (Haas, Lucht & Schanne 2013, Cassidy 2019, Sebas-
tian & Ulceluse 2019). Importantly, I argue that the inherent identification problem in
migration research relying on conventional task data remains unsolved because above
studies assume that workers within occupations perform the same set of activities.

Instead, my findings are consistent with only a handful of studies that have explored
heterogeneous adoption of tasks at the individual level. Combining O*NET with
cross-sectional survey data on individual-level task measures, Autor & Handel (2013)
demonstrate that job tasks do vary substantially and are thus predictive of wage
differences not only between but also within occupations. Cassidy (2017) and Rohrbach-
Schmidt (2019) confirm individual task variation to be predictive of wage differences
in Germany from, respectively, 1986-92 and in a 2012 cross-section. Moreover, de La
Rica, Gortazar & Lewandowski (2020) find similar results for a short panel consisting
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of workers in 19 countries, adding cross-country evidence. These studies all focus
on a rather short-term time horizon. I expand on their findings by (i) providing
long-term evidence for 1992-20183 and (ii) documenting that worker-level variation
in tasks is predictive of wage differences between native and foreign workers with
similar education-experience profile (rather than wage differences across the entire
workforce). Collectively, individual-level task measures account for 20-37% of the
wage gap depending on specification and position in the wage distribution.

In a similar vein, the task specialization suggested in this paper is consistent with
a growing literature employing job vacancy data to document rising heterogeneity in
labor demand within occupations and job titles. Hershbein & Kahn (2018) find that a
majority of upskilling since the Great Recession has taken place within occupations.
Similarly, Deming & Kahn (2018) emphasize differences in social and cognitive skills
to be predictive of wage differences beyond occupational borders. More specifically,
related research argues that skill requirements did not only increase within occupations,
but also within job titles. Modestino, Shoag & Ballance (2019) provide evidence of
stronger upskilling in regions with higher unemployment rates during the Great
Recession, attributing these effects to greater recruitment intensity for abundantly
available labor supply. Compiling a novel database by digitizing text from job ads,
a series of papers by Atalay, Phongthiengtham, Sotelo & Tannenbaum (2018, 2020)
not only confirm these trends in upskilling, but document a long-standing rise in
changes of tasks within detailed job tiles from 1950-2000. Hence, measures of skills
that account for within-occupation disparities help to shed light on wage differences
between workers.

In this regard, the present study is broadly related to the extensive research that
has documented how occupations experienced substantial changes in job skill require-
ments due to technological change. Increasing automation has led to the re-allocation
of workers previously employed in routine-heavy occupations, implying widespread
employment polarization.4 Workers are therefore differentially affected by technolog-
ical change depending on their human capital endowment, occupational affiliation,
and tasks performed at work. If native and foreign workers differ in these attributes,
they will likewise respond differentially to technological change beyond occupational
boundaries.

Lastly, I add to the literature decomposing wage differences in the migration con-
text5 and more generally in different contexts employing the regression-based RIF
decomposition popularized by Firpo, Fortin & Lemieux (2009).6 To my knowledge,
there is no study to date that decomposes the Native-Foreign Wage Gap using a task-
approach. The closest comparison is Ingwersen & Thomsen (2019) who employ similar
techniques. However, they use a German household panel since their focus is on dif-

3Covering a long-term horizon is essential in the context of this paper. As will be discussed in more
detail in section (2.4), the Native-Foreign Wage Gap increased steadily since 1992. Thus, tracing out
contributions to the gap from different economic sources and different periods is necessary to get a better
sense for underlying causes of this trend.

4See Autor, Levy & Murnane (2003), Spitz-Oener (2006), Goos & Manning (2007), Autor & Dorn
(2013), Goos, Manning & Salomons (2014), Michaels, Natraj & van Reenen (2014), Senftleben & Wielandt
(2014), and Böckerman, Laaksonen & Vainiomäki (2019).

5See Aldashev, Gernandt & Thomsen (2008), Lehmer & Ludsteck (2011), Lessem & Sanders (2013),
Dostie, Li, Card & Parent (2020).

6For instance, see Rinawi & Backes-Gellner (2019) and Cortes, Lerche, Schoenberg & Tschopp (2021)
for two recent task-based studies on aggregate wage inequality in the German context.
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ferential effects among subgroups of foreigners with a core interest in cultural factors.
In contrast, I use cross-sectional data on working conditions in order to emphasize
workplace heterogeneity.

Taken together, the evidence in this paper points to substantial heterogeneity in
the measurement of skills which traditional proxies pertaining to formal qualifications
fail to address. This observation explains why, despite educational assimilation (Algan,
Dustmann, Glitz & Manning 2010), the rise in the German Native-Foreign Wage Gap
has been driven by workers near the tails of the wage distribution. As a consequence,
previous studies emphasizing occupational segregation have underestimated the degree
of task specialization between native and foreign workers. The findings of this study
thus add new insight into the distinct roles of native and foreign workers in the
production function, a feature that is at the root of small migration-induced wage
effects.

2 Data

2.1 Data Source & Key Features

The data source is a series of German employment surveys, assembled by the Federal
Institute for Vocational Education (BIBB), the Institute of Employment Research (IAB)
and the Federal Institute of Occupational Safety and Health (BAuA), respectively. This
data set establishes a repeated labor force cross-section on qualification and working
conditions of workers in Germany, covering between 20,000-35,000 individuals in five
waves: 1992, 1999, 2006, 2012, 2018.

Three key features make the data suitable for the present study. First, workers
self-report their activities which allows an analysis on individual variation in task as-
signments within occupations.7 In contrast, the frequently used O*NET and Dictionary
of Occupational Titles (DOT) databases in the US, for instance, are based on occupational
analysts (and partially job incumbents in the case of O*NET). Second, the employment
surveys allow for an investigation of long-term trends. Comparable data sources pro-
viding self-reported information, such as the Princeton Data Improvement Initiative
(PDII) and the survey of Skills, Technology, and Management Practices (STAMP) in
the US, usually only cover short time windows. Third, among surveys providing task
information at the individual level, the data in this study offers the largest sample size
(Rohrbach-Schmidt & Tiemann 2013).

Despite these compelling features, there are a few notable disadvantages of the data.
First, methodological changes limit the scope of its longitudinal usage. While the earlier
BIBB/IAB surveys (1992-99) are based on the 1988 classification of occupations, the
more recent ones conducted by BIBB/BAuA (2006-18) use the 1992 classification. To
retain a consistent definition, I convert all occupations based on the 1988 classification,
using the conversion tables provided by the German Federal Employment Agency
(BA).8

7The 1992 edition of the employment survey simply asks Yes/No questions on whether workers
perform a task. Starting in 1998, they were asked if they perform tasks i) often ii) sometimes, or iii)
never. In those cases, workers are coded to perform any given task only if they perform it “often”.

8The conversion tables (in German language) can be found under the follow-
ing link: https://statistik.arbeitsagentur.de/Navigation/Statistik/Grundlagen/

Klassifikationen/Klassifikation-der-Berufe/KldB2010/Arbeitshilfen/Umsteigeschluessel/
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Second, various occupations contain few observations on foreign workers. To
enhance statistical precision, I aggregate the 3-digit occupations into closely related
occupational groups following the methodology of the IAB (Ganzer, Schmucker, Vom
Berge & Wurdack 2017, p. 60). To further limit the influence of extreme outliers I
focus on occupations with at least six observations on foreign individuals overall and
at least three in each of the sub-samples comprising surveys from the 1990s and 2000s,
respectively. This restriction reduces the set of occupations from 118 to 86. An overview
of the remaining occupational groups along with foreign share of employment can be
found in Table (A.1).

Third, wages are not consistently measured as a continuous variable. While the
surveys from 2006 to 2018 do ask for monthly labor income, the first two surveys in
1992 and 1999 only provide income intervals. I follow Cassidy (2017) and impute the
income information for those two samples by using the group midpoint as a proxy
for monthly income. Income levels are subsequently converted into real terms using
CPI=100 as of 2015 based on the consumer price index from the Federal Statistical
Office.9 Lastly, using information on weekly hours worked and assuming these are
stable throughout the month, I calculate real hourly wages, the dependent variable in
the empirical analysis.

2.2 Sample Selection

The baseline sample is restricted to West German civilian workers aged 18-65 who are
not civil servants. Combined with restrictions placed on the set of occupations, this
leaves a sample size of 59,098 workers (male and female) for whom individual-level
information on tasks is available. Among those, 96.1% are natives. Official data from
the German employment agency, however, suggests that almost 12% of workers subject
to social security payments and working in West Germany had been foreign citizens
in 2017, compared to some 8% in 1999.10 Therefore, the data under-represent foreign
workers by at least a half. A key reason for this discrepancy are requirements on
proficiency of the German knowledge: only foreign workers with sufficient command
of the German language are included in the surveys. This restriction thus introduces
a bias stemming from self-selection of foreigners in favor of workers with relatively
advanced German language proficiency. The two key limitations of the data are
thus imprecise measurement of wages and under-representation of foreign workers.
However, a comparison of the employment surveys with other common German data
suggests the surveys are able to capture broad trends in the Native-Foreign Wage Gap.
The Online Appendix accompanying this paper provides detailed validity checks on
the survey data.11 For brevity, I will only outline key takeaways here.

First, comparing the BIBB/BAuA/IAB surveys with administrate data, the former
correctly characterizes (i) the rising wage gap for a majority of the past 30 years and (ii)
a pronounced gap at the tails of the distribution. This is key as the goal of this paper is

Umsteigeschluessel-Nav.html (Date accessed: 06/2/2021).
9The data can be downloaded here: https://www.destatis.de/DE/Themen/Wirtschaft/Preise/

Verbraucherpreisindex/_inhalt.html (accessed: 2021/11/08).
10See the following link: https://statistik.arbeitsagentur.de/

Statistikdaten/Detail/201712/analyse/analyse-arbeitsmarkt-zeitreihen/

analyse-arbeitsmarkt-zeitreihen-d-0-201712-pdf.pdf,
P. 30 (Date accessed: 6/2/2021).

11The Online Appendix can be found here: https://eduardstorm.com/research/.
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to study whether task specialization can explain these features. On a broader level, the
survey data identifies compositional differences across occupations (Table A.1), notably
those occupations employing a disproportionate number of foreign workers.

Second, in regards to under-representation of foreign workers, I argue the resulting
bias actually works in my favor. In particular, the Online Appendix outlines a cohort-
analysis on German immigrants and highlights changes in demographics and skill
measures based on representative data from the German Socio-Economic Panel (SOEP).
Despite convergence in educational outcomes over the past 30 years, command of
the German language among immigrants deteriorated since the 1990s. This trend
is presumably driven by a changing age structure: On average, immigrants were
around 20 years old in the early 1990s. More recent cohorts are 30 years or older,
thus tend to spend less time in Germany than previous generations. If the data used
in this study were representative of the entire foreign workforce, it would include a
disproportionate number of workers with little to no command of the German language.
Any contributions to the wage gap stemming from natives’ comparative advantage in
interactive tasks can thus be viewed a lower bound in regards to the overall foreign
population.

2.3 Measuring Task Content

The key variables are individual skill requirements, measured by tasks performed on
the job. To provide a consistent definition of tasks, I limit the study to comparable
tasks that are frequently asked throughout the sample period 1992-2018 by following
Rohrbach-Schmidt & Tiemann (2013) who compare different classifications of tasks.
Similar to their strategy, I include only those tasks that were questioned in at least
three out of five surveys. Despite potential concerns about these discontinuities in the
data, related research has shown they have only negligible impact on empirical labor
market analysis (Bachmann, Cim & Green 2019). Subsequently, I follow Autor, Levy &
Murnane (2003) and Spitz-Oener (2006) by pooling activities into J = 5 task categories:
(i) Non-routine (NR) Analytic tasks, (ii) NR Interactive tasks, (iii) Routine (R) Cognitive
tasks, (iv) R Manual tasks, and (v) NR Manual tasks. Figure (B.1) illustrates the process
of collecting related individual activities, followed by an aggregation into broader task
groups. Subsequent classification of these groups into J = 5 categories constitutes the
task content, measured either at the individual or occupational level.

Several studies use related, yet, broader definitions of tasks. For instance, Acemoglu
& Autor (2011) subsume NR Analytic and NR Interactive into "Abstract". Similarly,
R Cognitive and R Manual tasks are subsumed into "Routine" with no change in NR
Manual. Abstract tasks involve strong problem-solving skills, yet, communication-
heavy activities are more relevant for the interactive category. In contrast, routine tasks
are characterized by following explicit rules which can be codified and thus easily
automated compared to NR tasks. Lastly, NR Manual requires hand-eye coordination
which is difficult to automate. These activities are pronounced in basic services and are
disproportionately found in the lower part of the income distribution.

Following Antonczyk, Fitzenberger & Leuschner (2009), I define task measures Tijt
for worker i at time t ∈ (1992,1999,2006,2012,2018) as

Tijt =
No. of activities performed by i in task category j at time t

Total no. of activitites by i across all j’s at time t
(1)
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where j = 1 (NR Analytic), j = 2 (NR Interactive), j = 3 (R Cognitive), j = 4 (R
Manual), and j = 5 (NR Manual). This definition implies (i) Tijt ∈ [0,1] ∀j and (ii)∑

J Tijt = 1. Intuitively, it thus describes the relative importance of each task group
j. For example, if worker i performs two NR Analytic, two NR Interactive, and one
NR Manual task, then her NR Analytic, NR Interactive, and NR Manual task content,
respectively, is 0.4, 0.4, and 0.2. Therefore, 80% of her overall activities comprise
abstract tasks with equal contributions from NR Analytic and NR Interactive. The
remaining 20% involve NR Manual activities.

In the empirical analysis I will decompose the wage gap into contributions stem-
ming from individual and occupation-level task variation. To separate these two
channels more clearly and enhance interpretation I collect Tijt for each of the workers
employed in occupation o at t in order to calculate leave-one-out means. By restricting
the analysis to occupations with at least six workers in the full sample, I alleviate con-
cerns surrounding outlier effects in occupations with few observation.12 Calculating
occupation-level averages for each t, however, is not practical due to data limitations.
Instead, I calculate occupational averages based on sub-samples sub ∈ (o90, o00) for the
1990s, o90, and 2000s, o00, respectively13:

Tjot =
1

N
′
ot

∑
i

Tijtosub
(2)

where Tjot simply reflects occupation-specific averages for each j and both sub and
N
′
ot is the number of workers in occupation o - excluding each worker’s individual task

content. Note that this measure has an interpretation analogous to eq. (1), defining the
importance of each task group at the occupation-level instead. As described in section
(2.1), 3-digit occupations are grouped to enhance statistical precision. To account for
size effects, I weigh the task content in eq. (2) by these narrow occupational categories.

2.4 Descriptive Statistics

2.4.1 Sample

Table (1) provides an overview of summary statistics of the full sample. Next to
displaying a mean wage gap of 4 pp., it suggests foreign workers are about two years
younger, have 4 pp. less females, and are almost twice as likely to be residing in an
urban area. In regards to education outcomes, they are disproportionately concentrated
among high-skilled (college degree) and less-skilled workers (No Voca. Degree), an
observation encountered frequently in the literature (Card 2005). Moreover, they
have on average almost three years less of occupational and, respectively, firm tenure,
suppressing returns to seniority (Dustmann & Meghir 2005).14

12More restrictive sample selection with at least ten observations do not have major effects on the key
results discussed later, yet, it does introduce more noise by reducing the sample size by about 10%.

13Performing a decomposition on a single occupation-level task measure for the entire sample
enhances the statistical precision of the analysis. However, as pointed out in Atalay, Phongthiengtham,
Sotelo & Tannenbaum (2020), fixing the task content at some point t in the past misses important
job-specific trends resulting from Technological Change and Globalization. Ignoring these trends
erroneously attributes a disproportionate amount of variation in tasks is attributed to idiosyncratic
differences.

14Moreover, note there are 2-8% of workers classified as natives who either acquired vocational
schooling abroad or grew up in a household speaking a foreign language. Some of these observation
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Table 1: Summary Statistics

Natives Foreigners

Mean SD Mean SD
Log wage 2.80 (0.53) 2.76 (0.61)
Age 41.10 (11.36) 38.93 (10.23)
Female 0.45 (0.50) 0.41 (0.49)
Urban Area 0.16 (0.36) 0.29 (0.45)
College degree 0.20 (0.40) 0.26 (0.44)
Vocational degree 0.72 (0.45) 0.52 (0.50)
No Vocational Degree 0.08 (0.28) 0.22 (0.41)
Tenure (Occ.) 20.78 (12.09) 17.93 (10.89)
Tenure (Firm) 11.35 (9.95) 8.79 (8.36)
Voca. School. Abroad 0.02 (0.15) 0.32 (0.47)
Foreign Language 0.08 (0.27) 0.77 (0.42)
Observations 56792 2306
* Source: BIBB/BAuA/IAB.

2.4.2 Do Natives and Foreigners perform the same tasks?

Overall, there are important differences in observed outcomes typically associated with
wage differences. The key hypothesis in this paper, however, is that these traditional
measures fail to account for idiosyncratic differences resulting from task specialization.
For that to be true, we first need to observe whether native and foreign workers indeed
perform a different set of tasks at the workplace. Table (2) offers some suggestive
evidence in favor of this point, displaying results of an OLS regression of task j on a set
of controls, notably a dummy indicating nativity.

The key takeaway from this exercise is that foreign workers on average perform
less abstract tasks, up to 3 pp. less than natives, while performing more manual
tasks, up to 4 pp. compared to natives. Importantly, this observation remains valid
even if I condition on occupational FE, thereby suggesting task specialization within
occupations. This finding is important in the present context is it indicates native
and foreign workers accumulate different skills on the job. In models not accounting
for task specialization, these discrepancies would be subsumed under unobserved
heterogeneity, potentially masking important productivity differences. Economic
forces such as technological change, which tend to raise the importance of abstract
tasks, may thus reinforce already existing specialization patterns at the workplace and
give rise to wage differences.

2.4.3 Trends in Tasks

The relative importance of tasks from 1992-2018 is illustrated Figure ((2)), displaying
aggregate trends and task gaps by nativity, respectively. Unsurprisingly, routine tasks
experienced a substantial drop over time in aggregate terms from more than 40% in
1992 to some 25% in subsequent years. This reduction has been complemented by a
rise in abstract tasks. Compared to 1992, the combined share of NR Analytic and NR
Interactive increased from 38% to 59% by 2018 with similar contributions from both
task categories.

presumably reflect German citizens with a migration background because, for instance, their parents
immigrated to Germany. While, in principle, these workers contaminate the analysis to some extent, the
relatively small share suggests they do not affect the key results in a material way.
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Table 2: OLS Task Regressions

NRA NRI RC RM NRM

Dep. Var.: Foreign Dummy -0.03∗∗∗ -0.01∗∗ -0.03∗∗∗ -0.01∗∗ -0.01∗∗ -0.00 0.02∗∗∗ -0.00 0.04∗∗∗ 0.03∗∗∗

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.01) (0.01) (0.01) (0.01)
Controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Occupation Dummies (3-digit) ✓ ✓ ✓ ✓ ✓
Observations 59098 59098 59098 59098 59098 59098 59098 59098 59098 59098
R2 0.15 0.31 0.20 0.35 0.02 0.07 0.22 0.40 0.16 0.35
Robust Standard errors in parentheses
* NOTE. —Controls include demographic characteristics (age, sex, metropolitan area, ability to speak foreign language), education dummies

(college degree, vocational schooling, no vocational degree, country in which degree has been earned), and firm- and occupation-specific
variables (firm tenure, firm tenure squared, occupational tenure, occupational tenure squared) and dummies to capture time, region (state-level),
and sectoral effects. Abbreviations are as follows: NRA = NR Analytic, NRI = NR Interactive, RC = Routine Cognitive, RM = Routine Manual,
NRM = NR Manual. Robust standard errors are reported in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table (A.2) summarizes the evolution of occupational task measures between the
1990s and 2000s sample and highlights how occupations have experienced these trends
differentially. Notably, occupations considered to be routine-intensive such as ac-
countants and assistants experienced a substantial increase in NR Interactive. This
observation is consistent with evidence on the type of activities performed by bank
tellers. Bessen (2015) documents how the introduction of automated teller machines
induces a reallocation away from routine cash-handling activities towards customer
relationship. These trends may have favored native workers disproportionately, consis-
tent with the idea of a comparative advantage in NR Interactive tasks.

The right panel in Figure (2), however, indicates an assimilation of the average task
content between both groups. Foreign workers still perform relatively more manual
tasks. Yet, abstract activities have become a more integral part of their job activities. In
the 1990s, natives performed some 20 pp. more abstract tasks with equal contributions
from NR Analytic and NR Interactive. This gap has closed by 2018, suggesting an
assimilation along the task dimension. Somewhat puzzling, this development appears
to be at odds with a rising Native-Foreign Wage Gap from 7% in 1992 to 13% by 2018
(Figure (1).

If foreign workers assimilate in terms of education outcomes (Algan, Dustmann,
Glitz & Manning 2010) and increasingly perform the same tasks as natives - then why
do we not observe a convergence in wages?

3 Oaxaca-Blinder Decomposition

3.1 Empirical Model

As a benchmark, I first employ the traditional Oaxaca-Blinder (OB) decomposition
(Oaxaca 1973, Blinder 1973) to highlight the relevance of tasks as a predictor of the
mean wage gap at the occupational and individual level:

wN −wF = (XN −XF)β̂F︸         ︷︷         ︸
Explained Part

+XF(β̂N − β̂F) + (cN − cF)︸                       ︷︷                       ︸
Unexplained Part

(3)

where the first term captures the explained part (“Endowment effect”) due to mean
differences in covariates between native (N) and foreign (F) workers. The second term
reflects the residual which cannot be explained by the model (“Wage Structure effect”),

10



including group-specific constant terms cg for groups g = N,F.15 The decomposition
is then implemented by running OLS by groups g and plugging sample means and
coefficients into (3). In the specification below, the dependent variable is the log hourly
real wage ln wit of individual i at time t:

ln wit = α +βTit +γTot +γXit + δt +λr + ηs + ϵit (4)

where the key variables are individual and occupational task measures in the
vectors Tit =

(
Ti1t,Ti2t, ...,TiJt

)
and Tot =

(
To1t,To2t, ...,ToJt

)
, respectively, comprising NR

Analytic, NR Interactive, R Manual and NR Manual task measures. Since
∑

J Tijt = 1,
one task group needs to be excluded, in this case R Cognitive.16 The benchmark
specification includes occupation-level task measures Tjo instead of Tit to provide
a reference to research utilizing occupational data. Subsequently, individual-level
task measures are included to test whether worker-level information on tasks adds
unique explanatory power. Augmenting eq. (4) by occupational dummies stresses the
importance of idiosyncratic factors embodied in the task content by exploring task
specialization within occupations.

The vector Xit comprises control variables, including demographic characteristics
(age, sex, metropolitan area, ability to speak foreign language), education dummies
(college degree, vocational schooling, no vocational degree, country in which degree
has been earned), and firm- and occupation-specific variables (firm tenure, firm tenure
squared, occupational tenure, occupational tenure squared, firm size indicator). More-
over, δ, λ, and η, respectively, denote 4 time, 10 region (state-level), and 33 sectoral
dummies.

Two control variables are worth discussing in more detail. First, previous research
points to foreign worker’s inability to speak the native tongue as a common unobserv-
able variable, reflecting a major reason for the limited substitutabiltiy between native
and foreign workers (Dustmann & van Soest 2002, Lewis 2011, Imai, Stacey & Warman
2018). I am not able to directly control for this feature as only foreign workers with
sufficient knowledge of the German language have been surveyed. Therefore, I resort
to languages not commonly taught in school and associated with minorities as a proxy
for language barriers.17 Second, it has been argued qualifications earned abroad have
little to no returns in the German labor market due to lack of recognition and are thus
a key determinant of wage differentials (Basilio, Bauer & Kramer 2017). To account for
the imperfect transferability of human capital, I create a dummy if a worker earned
her qualifications in a foreign country. Both of these variables are closely related to
the specialization patterns postulated in this study: Natives specialize in interactive
tasks while foreigners specialize in manual tasks. Excluding them would otherwise
confound effects attributed to occupational obstacles versus workplace heterogeneity
resulting from task specialization.

15See Fortin, Lemieux & Firpo (2011) for a more thorough discussion on decomposition methods.
16Omitting R Cognitive is not entirely arbitrary. In particular, choosing this task as the reference

group is conform with the key hypothesis in this paper: Native workers specialize in interactive tasks,
while foreign workers specialize in manual tasks in an environment characterized by polarization. Hence,
as a rising number of routine tasks are being automated, workers need to be reallocated to perform more
abstract and manual tasks instead.

17Specifically, I control for fluency in the following languages: Spanish, Turkish, Italian, Greek,
Portuguese, Russian, Polish, and Arabic.
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Table 3: Tasks and the Native-Foreign Wage Gap - OB Decomposition

Dependent Variable: Log Hourly Real Wage (1) (2) (3) (4) (5) (6)
Native-Foreign Wage Gap 0.042∗ 0.042 0.042 0.042 0.042∗ 0.042∗

(0.025) (0.026) (0.026) (0.026) (0.025) (0.025)

Explained 0.040∗∗∗ 0.035∗∗∗ 0.028∗∗ 0.032∗∗∗ 0.037∗∗∗ 0.037∗∗∗

(0.011) (0.011) (0.011) (0.011) (0.011) (0.012)

Unexplained 0.002 0.007 0.015 0.011 0.005 0.005
(0.024) (0.025) (0.025) (0.025) (0.024) (0.024)

Occupation 0.015∗∗∗ 0.003 0.003
(0.004) (0.004) (0.004)

NR Analytic (Occup.) 0.026∗∗∗ 0.021∗∗∗

(0.004) (0.004)

NR Interactive (Occup.) 0.013∗∗∗ 0.010∗∗∗

(0.002) (0.002)

Routine Manual (Occup.) -0.014∗∗∗ -0.015∗∗∗

(0.003) (0.003)

NR Manual (Occup.) -0.007∗∗∗ -0.009∗∗∗

(0.002) (0.002)
NR Analytic (Indiv.) 0.003 0.002 0.002 0.002

(0.002) (0.001) (0.001) (0.001)

NR Interactive (Indiv.) 0.003∗∗∗ 0.004∗∗∗ 0.004∗∗∗ 0.004∗∗∗

(0.001) (0.001) (0.001) (0.001)

Routine Manual (Indiv.) 0.002∗ 0.001∗ 0.001∗ 0.001∗

(0.001) (0.001) (0.001) (0.001)

NR Manual (Indiv.) 0.009∗∗∗ 0.006∗∗∗ 0.005∗∗∗ 0.005∗∗∗

(0.002) (0.001) (0.001) (0.001)
Controls ✓ ✓ ✓ ✓ ✓ ✓
Occupation Dummies (Grouped) ✓ ✓
Occupation Dummies (3-digit) ✓
Task Measure (Occupational) ✓ ✓
Task Measure (Individual) ✓ ✓ ✓ ✓
Observations 59098 59098 59098 59098 59098 59098
* NOTE. —The Decomposition is based on regressions of log wages by nativity on, depending on specification, individual

task measures (“Indiv.”) and/ or occupation-level task measures (“Occup.”). Controls include demographic characteristics
(age, sex, metropolitan area, ability to speak foreign language), education dummies (college degree, vocational schooling, no
vocational degree, country in which degree has been earned), and firm- and occupation-specific variables (firm tenure, firm
tenure squared, occupational tenure, occupational tenure squared) and dummies to capture time, region (state-level), sectoral,
and, in case of models (1), (5) and (6), occupation FE effects. Models (1) and (5) condition on a total of 86 grouped 3-digit
occupational dummies. This allows for more robust calculation of occupation-level task measures which are used in models
(2) and (4). Model (6) uses 219 original 3-digit occupational dummies instead, allowing for a more granular classification.
Robust standard errors are reported in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

3.2 Results

Table (3) summarizes the key results from this baseline decomposition. The mean
wage difference of 4.2 pp can almost entirely be explained by mean differences in
observable outcomes. Estimates in column (1) suggest that 36% of the wage gap
are attributed to occupational choice in the restricted model with no task measures
(0.015/0.042). In comparison, columns (2) and (3), respectively, introduce occupation-
level and individual-level task measures. Notably, the two task dimensions pick up
different types of variation, thereby in line with previous findings (Autor & Handel
2013, Cassidy 2017, Rohrbach-Schmidt 2019). Occupation-level measures suggest
strong explanatory power in either abstract task measure, while the wage should in
fact be smaller based on manual activities.
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In contrast, explanatory power at the individual level is centered around varia-
tion in interactive and manual tasks, thus consistent with the comparative advantage
hypothesized in this paper. Including both task measures (column 4) confirms this
observation. Column (5) proxies within-occupation task specialization by conditioning
the wage gap on worker-level tasks and occupational FE. If variation in tasks merely
reflects differences in occupational requirements, we would expect the coefficients on
tasks to be insignificant. Nonetheless, conditional on occupational choice, variation in
task measures remains significant and contributes 24% to the mean gap (0.010/0.042).
It could be argued, however, that the within-occupation variation is merely a statistical
artifact. If occupations are grouped, the resulting residual variation may erroneously
be assigned to task specialization.

To get a sense for the magnitude of this aggregation bias, column (6) summarizes
results for a model with 219 3-digit occupations as opposed to 86 grouped occupations.
This specification yields the same results, suggesting any potential measurement bias
from classifying occupations is negligible. Moving forward, I will thus keep using 86
grouped occupations to maintain greater statistical precision.

4 RIF Decomposition

4.1 Methodological Background

A key limitation of the conventional OB decomposition is its inability to evaluate
the impact of single covariates for any distributional statistic but the sample mean.
However, the wage gap varies for workers at different parts of the wage distribution
which motivates a more flexible approach to go beyond the mean. Moreover, it is
reasonable to assume that individual characteristics have differential contributions
to the wage gap along the distribution. For instance, performing more abstract tasks
may affect high-wage workers differentially as they are typically specialized in those
activities, thus being more equipped in executing them compared to low-wage earners.

One way to decompose distributional wage effects is to make use of an influence
function (IF), a statistical tool to assess the influence of a single observation on a
distributional statistic. A decomposition based on an IF allows wages to have unique
responses at deciles resulting from a small disturbance in the data. Put differently, it
enables the researcher to answer the following question: What is the effect on wages if
the distribution of abstract tasks shifts to the right?

Firpo, Fortin & Lemieux (2009) show formally how to construct an IF as a measure
of robustness and, importantly, demonstrate how this tool can be used to perform
unconditional quantile regressions (UQR).18 Let v(FY ) denote a distributional statistic

18In essence, an unconditional quantile merely describes the marginal distribution of the random
variable of interest. Compared to more common conditional quantile regressions (CQR), the UQR
framework is more general in nature and thus offers a more intuitive interpretation from a policy
standpoint. In a traditional CQR setting the interest lies in the conditional expectation of the outcome
variable for specific values of covariates. However, a more substantive analysis may be more interested
in the effects of changes in the unconditional expectation of the outcome variable in response to a change
in the unconditional distribution of covariates. For example, technological change has been responsible
for widespread trends pertaining to job and wage polarization. From a policy perspective, it is thus
of great interest how general phenomena such a rising skill requirements at the job affect the entire
(working) population and how these trends translate into changes along the wage distribution. Hence,
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of interest for the cumulative wage distribution FY . Moreover, let FY (N ) denote the
cumulative wage distribution observed for native workers (N) and FY (F) the cumulative
wage distribution observed for foreign workers (F). Consequently, the influence function
IF(y;v;FY (g)) measures the response in the distributional statistic v(FY (g)) resulting
from a small perturbation of the data at point y for each g = N,F.

In general, an IF is centered around zero. To get unbiased estimates, a recentered
influence function (RIF) needs to be constructed, i.e. centre the IF around the statistic of
interest by simply adding that statistic: RIF(y;v;FY (g)) = IF(y;v;FY (g))+v(FY (g)). Condi-
tional on covariates X, we can therefore formulate the RIF in conditional expectation as
E(RIF(y;v;FY (g))|X) = Xβg where the coefficients βg provide a linear approximation of a
change in X on v(FY (g)) for each g = N,F. In the present context, the statistic of interest
are log wages at decile pτ , τ = 0.1, ...,0.9. Collecting the βg ’s and using RIF(y;v;FY (g)) as
dependent variable, the contributions of X can be decomposed as follows:

RIFN
τ −RIFF

τ = (X
N
τ −X

F
τ )β̂F

τ︸         ︷︷         ︸
Explained Part

+X
F
τ (β̂N

τ − β̂F
τ ) + (cNτ − cFτ )︸                        ︷︷                        ︸

Unexplained Part

(5)

Note that eq. (5) is merely a generalization of the conventional OB method depicted
in (4), applying the decomposition along the wage distribution and replacing mean
wages for g = N,F by their corresponding RIF on the LHS.

A RIF-decomposition has several key features that make it suitable for this study.
First, it provides a linear approximation of non-linear functions, thus making the
method flexible in the sense that it can be implemented for most commonly used
distributional statistics. Second, the impact on the statistic of interest can be easily
implemented using OLS regressions. Third, compared to other detailed decomposition
methods, the empirical approach followed here is path independent, i.e. the order of
covariates is irrelevant. Fourth, the estimated coefficients have an intuitive interpre-
tation as they reflect the marginal effect of a change in a covariate evaluated at each
desired statistic. Following Firpo, Fortin & Lemieux (2009), RIF(y;v;FY (g)) is specified
as follows:

RIFg(wg ,pτ ) =
τ − I(wg ≤ pτ )

fwg
(pτ )

+ pτ (6)

where the first term represents IF(y;v;FY (g)) and the second term represents the
statistic of interest, namely the log wage at decile pτ , τ = 0.1, ...,0.9. The IF itself is
a function of the marginal density of wage wg associated with pτ and an indicator,
I(wg ≤ pτ ), suggesting if an observed wage for g = N,F falls below decile pτ .

In practice, a RIF decomposition can be implemented in two steps. First, using ker-
nel methods, compute the wage density associated with g = N,F and plug the estimated
densities into eq. (6). Second, replace the dependent variable by its corresponding RIF
from the first step and run simple quantile regressions:

E[(RIFg(lnwit,pτ |T,X)] = α +β1Tit +β2Tot +γXit + δt +λr + ηs + ϵit (7)

performing UQR permits more interpretable results, e.g., marginalizing changes in task specialization
over distributions of remaining covariates - as opposed to specific comparisons of different outcomes of
tasks.
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which generalizes the OB counterpart in eq. (4) with the same set of variables.
By replacing ln wit by the group-specific RIF, we can identify distinct distributional
effects of changes in tasks on the wage gap. As common in linear regression-based
frameworks, however, the estimates merely provide a local approximation around
the decile of interest. On the other hand, a linear approach has the advantage that it
is straightforward to invert the deciles by simply dividing an indicator function by
corresponding densities as in eq. (6). Therefore, there is no need to evaluate the global
impact, mitigating potential concerns about monotonicity (Firpo, Fortin & Lemieux
2009).

There are moreover additional concerns about the precision of the estimates re-
sulting from the rather small sample. To address this data limitation, inference is
conducted by bootstrapping standard errors with 100 replications. The illustrations
of the RIF Decomposition below include 95% Confidence Intervals to highlight the
degree of certainty of the point estimates.

4.2 RIF Decomposition: Baseline Results

Before analyzing the contributions of tasks, let us first inspect the model’s ability to
explain the Native-Foreign Wage Gap across the wage distribution. Along the 90-10
range, Figure (3) illustrates that the wage gap drops from 13% at the 1st decile to 7% at
the 9th decile. Overall, the RIF Decomposition does a good job capturing the variation
in the wage gap. There is large uncertainty around the estimates at the 9th decile,
however, suggesting that around a third of the gap among high-wage earners can be
explained by the model. Aside from the 9th, the null hypothesis of explaining the
entire model cannot be rejected for all remaining deciles. Due to greater statistical
precision, I will therefore consider the 8th decile to evaluate the impact of tasks on
high-wage earners.
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NOTE. —Point estimates are displayed with a 95% Confidence Interval.

Figure 3: German Native-Foreign Wage Gap, 1992-2018

4.2.1 “Between-Occupation Effects”

To gauge the relative importance of different task dimensions, I compare explanatory
power of variation at the individual level relative to the occupation-level. Occupational
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variation approximates comparative advantages in occupational choice, assumed by
most of the existing literature (Peri & Sparber 2009, 2011, Haas et al. 2013). In
comparison, individual-level variation highlights the role of idiosyncratic differences
that go beyond occupation-specific task assignments. Decomposing wage differences
among these two dimension thus allows a comparison of the relative importance of
occupational segregation versus individual heterogeneity. Importantly, if idiosyncratic
differences are a significant contributor to the wage gap, conventional occupation-level
measures mask underlying heterogeneity in task specialization.

Let ∆Tj,τ = T
N
j,τ − T

F
j,τ denote the difference in the overall task content in j at τ

between foreign and native workers and let ∆X
′
τ = X

N
′

τ −X
F
′

τ denote the difference at τ
between both groups in the remaining covariates. Recognizing that the unexplained
variation in wages is overall small, implying that eq. (5) can be approximated by
RIFN

τ −RIFF
τ ≈ (X

N
τ −X

F
τ )β̂F

τ , I expand on eq. (5) by decomposing the wage gap into its
task-related components:

RIFN
τ −RIFF

τ︸          ︷︷          ︸
Explained Wage Gap

=
J∑

j=1

∆Tj,τ β̂
N
j,τ︸    ︷︷    ︸

Total Task Variation

+∆X
′
τ β̂

N
τ︸  ︷︷  ︸

Controls

=
J∑

j=1

[
(T

N
ij,τ − T

F
ij,τ )β̂F

j(i),τ︸                  ︷︷                  ︸
Individual-level Tasks

+(T
N
jo,τ − T

F
jo,τ )β̂F

j(o),τ

]
︸                   ︷︷                   ︸

Occupation-level Tasks

+∆X
′
τ β̂

F
τ

≡
J∑

j=1

[
∆T I

j,τ β̂
F
j(i),τ +∆T O

j,τ β̂
F
j(o),τ

]
+∆X

′
τ β̂

F
τ

(8)

where the total contribution of tasks is disaggregated into variation at the individual
level, ∆T I

j,τ , and occupation-level, ∆T O
j,τ , across all J = 5 task categories. Moreover,

note that both task dimensions are evaluated at different coefficients. While ∆T I
j,τ is

evaluated at coefficients resulting from variation at the individual level (i.e. β̂F
j(i),τ ),

∆T O
j,τ is evaluated at coefficients resulting from variation at the occupational level (i.e.

β̂F
j(o),τ ).

Figure (4) illustrates this comparison for each j and τ . Evaluated at the 8th decile,
it shows that ∆Tj,τ = 67% of the wage gap among high-wage earners can be contributed
to total variation in NR Interactive. Among that, ∆T I

j,τ = 10% is due to idiosyncratic

differences. Since ∆T O
j,τ = ∆Tj,τ−∆T I

j,τ , the vertical distance between both lines indicates
that 67%−10% = 57% of the explained gap for high-wage earners is associated with
occupational segregation in the interactive task content, i.e. occupation-level variation.

A consistent way to assess the relative importance of task dimensions is to compare
the ratio of individual- to occupation-level variation (IOV ) in j at τ :

IOV τ
j =

∆T I
j,τ

∆T O
j,τ

=
∆T I

j,τ

(∆Tj,τ −∆T I
j,τ )

(9)

16



implying that individual- and occupation-level variation in tasks are equally impor-
tant if IOV τ

j = 1. Examining the role of abstract tasks among high-wage earners first, I

find that IOV τ=8
NRI = 0.18 (0.10

0.57 ). Consequently, occupational segregation with respect to
the interactive task domain is 5.5 times as important. To put this finding in context:
Occupation-level variation in tasks is even more pronounced in regards to NR Ana-
lytic. Exemplary, consider IOV τ=8

NRA = 0.14 (0.13
0.92 ), suggesting occupational segregation is

around 7 times more important with respect to the analytic task domain. Below the
median, both task dimensions point to a diminished role of variation in abstract tasks
to explain wage differences among low-wage earners. This is true even more so for
individual-level variation compared to occupation-level task measures. In a nutshell,
idiosyncratic differences among high-wage earners are relatively more pronounced in
interactive activities, reinforcing the occupational specialization patterns among US
professionals (Peri & Sparber 2011).

Moving on, panel (b) displays the economic relevance of tasks in manual activities.
Notably, individual-level variation is the sole contributor of variation in tasks among
low-wage earners. Exemplary, IOV τ=1

NRM → ∞ as occupation-level contributions are
effectively zero. Similar results are found for both types of manual tasks around and
below the median. Wage gaps are in fact suggested to be even smaller by at least 30%
based on variation in occupational task measures among high-wage earners. In contrast,
both individual-level manual measures contribute a steady 5-13% to the gap at all but
the highest decile.

Taking Stock: The contribution of task specialization to the wage gap

To get a better sense about the overall importance of idiosyncratic differences in
tasks, we can simply add up the individual-level contributions across all task groups
for each decile. This simple exercise suggests that total contributions to the wage gap
stemming from idiosyncratic variation in tasks ranges from 19% at the 4th decile to
34% at the 8th decile. Therefore, above results reflect long-term trends from 1992-2018
and suggest that, collectively, individual-level task measures contribute up to 34% to
the wage gap.

Notably, the Native-Foreign Wage Gap is driven by (i) variation in abstract task mea-
sures near the top of the distribution and (ii) variation in manual tasks among workers
near the bottom and, to a lesser extent, middle parts of the distribution. Not only do
we learn from this exercise that idiosyncratic differences in tasks represent important
determinants of the wage gap. The findings moreover enhance our understanding
about the role of manual tasks. Prior research, utilizing occupation-level variation
(Peri & Sparber 2009), has focused on specialization in those activities in the context
of low-wage earners. However, individual-level evidence suggests specialization in
manual tasks also contributes to wage gaps among mid-skilled and, to a lesser extent,
even high-skilled workers.

From a methodological perspective, pronounced task specialization near the tails of
the distribution reveals distributional implications a standard OB decomposition fails
to address. Conventional decomposition methods thus understate the impact of tasks
on the Native-Foreign Wage Gap, a novel finding that has not yet been documented in
the literature.

17



−0.25

0.00

0.25

0.50

0.75

1.00

1.25

1.50

0.0 0.2 0.4 0.6 0.8 1.0
Quantile

E
xp

la
in

ed
 V

ar
ia

tio
n 

(%
)

NR Analytic (Indiv.) NR Analytic (Total)

−0.25

0.00

0.25

0.50

0.75

1.00

1.25

1.50

0.0 0.2 0.4 0.6 0.8 1.0
Quantile

NR Interactive (Indiv.) NR Interactive (Total)

(a) Abstract Tasks

−1.00

−0.75

−0.50

−0.25

0.00

0.25

0.0 0.2 0.4 0.6 0.8 1.0
Quantile

E
xp

la
in

ed
 V

ar
ia

tio
n 

(%
)

Routine Manual (Indiv.) Routine Manual (Total)

−1.00

−0.75

−0.50

−0.25

0.00

0.25

0.0 0.2 0.4 0.6 0.8 1.0
Quantile

NR Manual (Indiv.) NR Manual (Total)

(b) Manual Tasks
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contributions from occupation-level variation in tasks. Therefore, the smaller this vertical gap, the more important is idiosyncratic variation
relative to occupational variation. Point estimates are displayed with a 95% Confidence Interval.

Figure 4: Baseline Decomposition: Individual-level Task Variation
relative to Occupation-level Variation, 1992-2018

4.2.2 “Within-Occupation Effects”

The economic relevance of individual-level variation in tasks is consistent with rising
heterogeneity in worker- and firm-specific factors. Using German establishment-level
data, Card, Heining & Kline (2013) argue that more than half of the wage gap between
high- and less-educated workers in Germany is due to greater dispersion of average
workplace premia. Applying this insight to the migration context, Dostie, Li, Card &
Parent (2020) show that different hiring patterns among firms contribute around 20%
to the Native-Foreign Wage Gap in Canada.

The task-based migration literature, on the other hand, has so far focused on
occupational variation as a key driver for the wage gap. To shed more light on workplace
heterogeneity, the ensuing analysis explores the evolution of task specialization within
occupations. Doing so, I augment eq. (7) by decomposing contributions of individual-
level task measures to the Native-Foreign Wage Gap conditional on occupational
FE, permitting an interpretation of Within-Occupation Task Specialization (Autor &
Handel 2013). Results of this exercise can be found in Figure (5).
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Figure 5: Decomposition with Occupational FE: Within-Occupation
Task Specialization, 1992-2018

Evaluated at the 8th decile, occupational characteristics contribute up to 37%
among high-wage earners with comparably modest contributions on the order of
10-15% around and below the median. With respect to task measures, the findings
are qualitatively similar to Between-Occupation effects presented in section (4.2.1).19

Abstract tasks are more important in explaining the gap among high-wage earners as
variation in interactive tasks, for instance, contributes up to 11% for these workers. In
comparison, variation in both manual tasks combined explains up to 25%. Reaffirming
previous results, these effects are more pronounced at or below the median. Combined,
the findings support the hypothesis that task specialization extends occupational
borders and likewise takes place within occupations.

Keep in mind these results are conditioned on a rich set of controls. As illustrated
in Figure (6), traditional explanations for the Native-Foreign Wage Gap also play an
important role. Notably, potential language barriers inferred from a native tongue other
than German (nor English and French) are significant contributors. While these barriers
are an important determinant of the wage gap near the top of the distribution, education
acquired abroad is more devalued near the bottom and add a novel distributional
dimension to prior research emphasizing lack of recognition of foreign skills (Basilio,
Bauer & Kramer 2017). Moreover, differences in firm tenure have a detrimental affect
for all foreign workers, accounting for 25-40% of the wage gap, and contrast the results
for occupational tenure. The key implication for empirical research is that traditional
measures of experience, such as potential labor market experience, are too crude to
fully characterize the relevant experience in understanding wage gaps.

In a nutshell, task specialization is an economically meaningful contributor to wage
differences between native and foreign workers - even within occupations. Especially
towards the bottom of the wage distribution those idiosyncratic differences bear eco-
nomic significance similar to occupational characteristics, in line with related research

19This observation suggests large-scale macroeconomic trends such as rising levels of Globalization
and Technological Change do not confound the results in a substantial manner. Both clearly have
an impact on occupational structures, e.g. by accelerating polarization, thus possibly contaminating
effects on “Between-Occupation” results. Yet, workers within those occupations faced the same kind of
exposure. Similar results for “Within-Occupation” results thus suggests task specialization is a first-order
contributor to the wage gap and does not merely accentuate Globalization or Technological Change. I
account for those confounding factors more explicitly in section (5).
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arguing occupation-level variation understates the true variation in job tasks (Atalay,
Phongthiengtham, Sotelo & Tannenbaum 2020, Modestino, Shoag & Ballance 2019).
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Figure 6: Decomposition with Occupational FE: Control Variables, 1992-2018

5 Robustness

The baseline results above reflect long-term trends from 1992-2018. This period was
characterized by rising Technological Change, Globalization, and large migration move-
ments, just to name a few. While I view my findings as possible implications of these
structural changes, the evidence on task specialization may nonetheless be the byprod-
uct of spurious relationships. I therefore provide three robustness exercises to explicitly
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account for these developments. Note that all following specifications are based on
the “within-occupation” model, i.e. individual-level task measures conditioned on
occupational FE.

First, technological change has changed occupational structures profoundly, leading
to differential employment growth over time (Boehm, von Gaudecker & Schran 2019). I
therefore modify the baseline specification by accounting for relative employment size
of each occupation at time t. Second, I account for the fact that size and composition
of the foreign workforce have changed over time. Third, globalization has accelerated
over the past 30 years, affecting open economies such as Germany in particular. I thus
include measures for time-varying trade exposure to address this global trend.

5.1 Technological Change

NOTE. —The graph compares changes in occupation sizes to compositional changes with respect to the foreign workforce. The
average employment size for each occupation is calculated for the data from the 1990s and 2000s, respectively. Following the same
procedure, I calculate the foreign share of the workforce for each time period. Along the vertical axis the graph then depicts the
change in foreign employment share and plots it against changes in total occupational employment size across the horizontal axis.
One outlier has been removed for visual clarity (watch-/clockmakers).

Source: SIAB-R7517, Own Calculations

Figure 7: Change in Occupation Size versus Change in Share of
Foreign Workers, 1992-2018

A large literature has explored the labor market impact of technological change, docu-
menting job and wage polarization in response to changes in demand for tasks.20 These
forces have led to a reallocation of workers across occupations with different require-
ments on tasks to be performed. While I view my baseline results as implications of
this development, one might argue the evidence on task specialization is confounded
by broader occupational changes . For instance, Figure (7) highlights that foreign

20See, among others, Autor, Levy & Murnane (2003), Spitz-Oener (2006), Goos & Manning (2007),
Autor & Dorn (2013), Goos, Manning & Salomons (2014), Michaels, Natraj & van Reenen (2014),
Senftleben & Wielandt (2014), Böckerman, Laaksonen & Vainiomäki (2019).
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workers are disproportionately employed in occupations that have been shrinking since
the 1990s. If this is the case because they are drawn to particular occupations for
reasons unrelated to the underlying task composition, my findings would be indeed
confounded.

I thus augment wage equation (7) by (i) the relative employment in occupation o at
time t and (ii) the share of foreign workforce employed in o, thus accounting for the
variation depicted in Figure (7). The panels in Figure (D.1) in Appendix (D.1) suggest
the key takeaways on task specialization remain robust, in particular with respect to
most pronounced contributions near the tails of the wage distribution. Moreover, note
that variation in occupational composition, in terms of share of foreign workers, is
quite important in lower parts of the distribution and accounts for up to 25% of the
wage gap (Figure D.2). Differential growth in employment size of occupations, on the
other hand, is not important.

5.2 Size & Composition of Foreign Workforce

Germany has experienced a change in its immigrant composition over the last 30 years.
Prior to the 1990s, most immigrants originated from Central and Southern Europe.
Ever since the downfall of the Iron Curtain, however, there has been an increasing shift
towards Immigration from Eastern Europe as illustrated in Figure (8). This evolution is
important as schooling outcomes, such as average years of education, differ depending
on region of origin and may thus confound the results on task specialization. There
has been a substantial drop in schooling among immigrants from outside of Europe,
the group displaying the strongest population growth in the 2000s. Notably, the
sharp drop-off in schooling for “Rest of the World” coincides with the refugee crisis
around 2015, suggesting this exercise also accounts for different reasons to migrate (i.e.
economic migration vs refugee).

Figure (D.4) in Appendix (D.2.1) displays the results of a robustness check in which
I augment wage equation (7) by accounting for compositional and skill differences of
foreign workers over time. Overall, their inclusion does not affect the findings on task
specialization. In particular, changes in the composition of the foreign workforce are
irrelevant as all contributions are absorbed by skill differences (Figure D.4). Notably,
the wage gap should actually be smaller among high-wage earners based on schooling
years. This makes sense as this group presumably contains a disproportionate number
of economic migrants from Europe whose schooling improved in recent decades.

Moreover, to account for the overall growth in immigrant inflows in recent decades,
I repeat above exercise and simply replace compositional changes by the national share
of foreign workforce. The results of this exercise can be found in Figures (D.6) in
Appendix (D.2.2) with no major changes in interpretation.21

21A notable omission from these robustness exercises, aiming at capturing cohort differences of the
foreign workforce, is to account for time spent in Germany. While evidence on earnings assimilation of
immigrant in Germany is ambiguous (Bauer, Zimmermann & Zwintz 2005, Constant & Massey 2005), it
is nonetheless reasonable to assume that other indicators such as language proficiency improve over
time. I therefore also experimented with decompositions based on years since arrival to Germany to
check whether compositional changes in that dimension confounded results on task specialization (not
reported). Unfortunately, this information is only available in two surveys - 1999 and 2018. While there
is some evidence on task specialization, this exercise is characterized by lots of uncertainty. Results of
this specification are available from the author upon request.
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Figure 8: Immigrants & Education Outcomes: Cohort-Comparison in Germany, 1992-
2019

Source: SOEP v36, Own Calculations

5.3 Globalization

The last robustness exercise addresses Germany’s rising trade exposure, accompanied
by trade liberalization in Europe and the rise of China, among others. Globalization
has been shown to have similar effects as technological change by contributing to the
polarization of labor markets and subsequent worker reallocation (Becker & Muendler
2015). To lend further credence to my baseline results I collect data on imports and
exports from the Federal Statistical Office of Germany and add those up to construct a
measure for trade exposure.22

I include this measure in wage equation (7) along with interactions with industry
dummies. This way I account for differential exposure to globalization at the sectoral
level. Re-running the decomposition as before, the output of this specification is
displayed in Figure (D.8) in Appendix (D.3). Clearly, evidence on task specialization
remains statistically and economically significant, in line with all previous robustness
checks.

6 Conclusions

Using individual-level data from a series of German employment surveys, this paper
studies the Native-Foreign Wage Gap and presents evidence of task specialization as a
contributing factor to its widening in recent decades. I observe the number and type of
activities workers, suggesting a key role is attributed to variation in tasks. Employing
RIF Decompositions demonstrates distributional implications as task specialization
is especially relevant for low- and high-wage earners. Combining all task measures,
individual-level variation in tasks can explain up to 34% of the wage gap near the
top of the wage distribution. Much of this explanatory power can be attributed to
differences with respect to interactive and manual task measures.

22The data can be downloaded here: https://www.destatis.de/EN/Themes/Economy/

Foreign-Trade (accessed: 2021/08/11).
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Natives are thus utilizing their interpersonal skills within occupations, adding im-
portant insight to a growing literature documenting comparative advantages in the
choice of communication-intensive occupations. Highlighting the role of task special-
ization at the individual level offers a new perspective on the imperfect substitutability
of native and foreign workers in the production function - a feature that is at the core
of small migration-induced wage effects. While not explicitly explored in this paper,
within-occupation task specialization between natives and foreigners is consistent with
an outward shift of the production function, giving rise to production complementari-
ties in spirit of Gunadi (2019) and Ma (2020). If true, research estimating structural
models to recover wage elasticities may have understated migration-induced wage
gains.23 I leave this question for future research.

Relatedly, a large body in the literature has documented rising levels of automation
as a result of technological change (Autor & Dorn 2013, Senftleben & Wielandt 2014)
and offshoring resulting from globalization (Becker & Muendler 2015). These forces
have contributed to job polarization, inducing workers who previously performed
routine-intensive tasks to reallocate to jobs with a different task mix. Economic the-
ory posits workers reallocate based on comparative advantage, finding some support
in empirical research (Gottschalk, Green & Sand 2015, Boehm 2020). As abstract
tasks generally pay higher returns than manual tasks, this reallocation of tasks has
consequently created winners and losers. While I am silent on the underlying mecha-
nisms, my findings are consistent with this literature, suggesting natives utilize their
comparative advantage in (more rewarding) interactive tasks while foreigners utilize
their comparative advantage in (less rewarding) manual tasks. I thus view the key
takeaways of this paper as one implication of rising levels of technological change and
globalization. Further research may elaborate on the link between the documented
specialization patterns and those structural changes more explicitly.

Lastly, the results of this study have important policy implications on the inte-
gration of immigrant workers. Worldwide, countries counter aging populations by
competing for the best talents. The German Government has recognized this problem
by implementing policies to improve the recognition of vocational qualifications earned
abroad with the Federal Recognition Act of 201224 and the Skilled Immigration Act of
2020. Early evaluations of the Federal Recognition Act show promising improvements in
terms of labor market entry.25 Removing occupational barriers thus allows for greater
sorting according to comparative advantage in the occupational choice. On top of that,
the findings in the present study suggest these policies may further trickle down to
enhanced specialization within occupations and thus ensure an even more efficient
sorting process. On the flipside, this specialization appears to be associated with greater
wage inequality between natives and foreigner as interactive tasks tend to be com-
pensated better than manual ones. It is thus not entirely clear to what extent foreign
workers benefit in terms of wage outcomes and whether these specialization patterns
make outside options with weaker language barriers (e.g. English-speaking countries)
more attractive. I leave this analysis on policy implications for future research.

23See Borjas (2003), D’Amuri, Ottaviano & Peri (2010), Manacorda, Manning & Wadsworth (2012),
Ottaviano & Peri (2012), Llull (2018a), and Llull (2018b).

24The full Act in English language can be found under the following link: https://www.

anerkennung-in-deutschland.de/media/bqfg_englisch.pdf (Date accessed: 01/18/2020).
25See Ekert, Larsen, Valtin, Schroeder & Orning (2017) and the most recent report published by the

Federal Ministry of Education and Science (BMBF 2020).
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Appendices

A Tables

Table A.1: Overview of Occupations and Composition of Workforce

# Occupational Group Size Foreign
Share
(Survey)

Foreign
Share
(SIAB)

# Occupational Group Size Foreign
Share
(Survey)

Foreign
Share
(SIAB)

1 Office Specialists 5,429 1.7% 3.1% 44 Architects, Civil Engineers 479 3.1% 3.7%
2 Higher Education Teachers 3,631 2.0% 8.1% 45 Chemical Plant Operatives 451 6.4% 14.6%
3 Salespersons 2,318 2.8% 6.7% 46 Street Cleaners, Disposers 414 8.0% 19.4%
4 Wholesale/ Retail Buyers 2,218 3.9% 4.2% 47 Hairdressers, Body Care Occ. 390 6.2% 10.6%
5 Assistants 2,120 6.9% 20.1% 48 Factory Guards, Custodians 383 4.4% 9.7%
6 Managers 1,991 4.5% 4.3% 49 Masseurs, Physiotherapists 380 2.1% 3.2%
7 Social Scientists, Statisticians 1,544 3.1% 5.5% 50 Post Masters, Telephonists 380 2.4% 8.7%
8 Foremen, Master Mechanics 1,475 3.1% 3.4% 51 Stowers 379 9.0% 16.1%
9 Nurses 1,322 3.1% 4.7% 52 Music Teachers 377 5.3% 5.6%

10 Consultants, Tax Advisers 1,307 3.4% 3.8% 53 Bakers, Confectioners 366 4.6% 11.5%
11 Survey Engineers 1,203 3.3% 5.2% 54 Dental Techn., Model Makers 342 5.0% 4.2%
12 Watch-/Clockmakers 1,200 5.2% 8.1% 55 Mechanical/ Motor Engineers 320 3.4% 5.1%
13 Electrical Engr./ Building Techn. 1,173 4.3% 3.5% 56 Commercial Agents, Travellers 319 2.5% 3.0%
14 Insurance Specialists 1,086 1.5% 2.3% 57 Packagers, Goods Receivers 319 6.3% 16.8%
15 Bank Specialists 1,080 1.0% 2.2% 58 Warehouse Managers 319 3.8% 10.5%
16 Data Processing Specialists 1,012 4.2% 5.3% 59 Building Labourer 313 6.4% 21.2%
17 Electrical Fitters, Mechanics 979 3.2% 5.7% 60 Painters, Lacquerers 304 4.3% 9.2%
18 Motor Vehicle Repairers 976 5.0% 7.2% 61 Welders 297 10.1% 24.7%
19 Motor Vehicle Drivers 972 4.1% 8.3% 62 Forwarding Business Dealers 289 3.5% 6.4%
20 Social Workers 869 3.1% 5.2% 63 Mechanical Engineering Techn. 286 5.9% 4.0%
21 Gardeners, Forest Workers 859 4.7% 9.5% 64 Cutters, Textile Finishers 284 4.6% 13.6%
22 Goods Examiers, Sorters 821 5.7% 13.7% 65 Doormen, Caretakers 271 2.6% 6.7%
23 Stenographers, Typists 772 1.4% 2.5% 66 Cashiers 252 4.8% 6.3%
24 Railway Engine Drivers 722 4.2% 6.5% 67 Housekeeping Mangers 252 3.6% 12.2%
25 Other Technicians 712 1.5% 3.6% 68 Electrical Appliance Fitters 225 3.6% 5.2%
26 Cooks 670 8.7% 23.6% 69 Publishers, Booksellers 221 3.2% 5.4%
27 Tourism Special.,Ticket Sellers 656 4.7% 6.6% 70 Scaffolders 204 5.4% 9.5%
28 Medical Receptionists 655 2.4% 4.1% 71 Metal Workers 196 10.7% 22.9%
29 Cost Accountants, Valuers 653 2.6% 2.7% 72 Paper/ Cellulose Makers 196 5.1% 15.0%
30 Bricklayers, Concrete Workers 632 3.8% 13.4% 73 Metal Prod., Melters 194 9.3% 25.6%
31 Physicians, Pharmacists 628 3.3% 6.4% 74 Artistic Performers, Athletes 181 5.0% 5.7%
32 Carpeneters 611 2.8% 4.5% 75 Musicians, Painters 175 6.9% 10.9%
33 HH/Glass/Building Cleaners 602 4.2% 23.0% 76 Paviors, Road Makers 139 10.8% 13.4%
34 Nursing Assistants 602 4.5% 8.2% 77 Other Assemblers 124 16.1% 19.7%
35 Nursery Teachers, Child Nurses 577 2.3% 3.0% 78 Tile Setters, Terrazzo Layers 120 4.2% 10.5%
36 Rest./Bar/Hotel Proprietors 557 9.3% 18.1% 79 Spinners, Skin Proc. Operatives 113 5.3% 18.8%
37 Engine Fitters 549 4.7% 6.0% 80 Ceramics Workers 101 5.9% 18.6%
38 Manufacturing Technicians 543 1.7% 3.2% 81 Transportation Equip. Drivers 98 13.3% 16.7%
39 Locksmiths 531 5.6% 9.5% 82 Goods/Ceramics/Glass Painters 95 11.6% 15.8%
40 Plumbers 515 3.5% 6.2% 83 Navigating Ships Officers 95 5.3% 12.4%
41 Journalists, Librarians 498 4.8% 4.9% 84 Wood Equip. Makers 76 6.6% 10.7%
42 Turners 492 6.1% 11.0% 85 Metal Pressers, Drawers 66 9.1% 22.2%
43 Machinists 486 6.0% 10.2% 86 Metal Grinders 65 7.7% 20.4%

Aggregate 59,098 5.0% 9.8%
* NOTE. —The foreign employment share is based on the BIBB/BAuA/IAB employment surveys and calculated from 1992 through 2018. As this data is not representative of the entire German

workforce, these shares are contrasted with administrative data taken from the SIAB-R 7517 for the same years. Only occupations with (i) more than six observations on foreign individuals in total
and (ii) at least three observation on foreign individuals in each sub-sample, i.e. 1990s and 2000s are considered.
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Table A.2: Change in the Occupational Task Content, 1992 - 2018

NR Analytic

Top 5 NRA T w Bottom 5 NRA T w
Dental Techn., Model Makers 0.38 0.37 Forwarding Business Dealers -0.14 0.12
Motor Vehicle Repairers 0.16 0.34 Cost Accountants, Valuers -0.16 0.12
Paviors, Road Makers 0.14 0.16 Artistic Performers, Athletes -0.16 -0.3
Nursing Assistants 0.13 0.03 Other Technicians -0.19 0.01
Assistants 0.13 0.14 Goods Examiers, Sorters -0.21 -0.1

NR Interactive

Top 5 NRI T w Bottom 5 NRI T w
Cost Accountants, Valuers 0.29 0.12 Cashiers -0.12 -0.1
Post Masters, Telephonists 0.26 0.14 Higher Education Teachers -0.13 0.13
Electrical Engr./ Building Techn. 0.24 0.29 Salespersons -0.15 -0.1
Measurement Techn., Manufact. Techn. 0.22 0.28 Commercial Agents, Travellers -0.16 0.04
Office Specialists 0.22 0.1 Nursery Teachers, Child Nurses -0.18 0.11

Routine Cognitive

Top 5 RC T w Bottom 5 RC T w
Cutters, Textile Finishers 0.19 0.14 Electrical Engr./ Building Techn. -0.11 0.29
Other Assemblers 0.18 0.32 Forwarding Business Dealers -0.11 0.12
Metal Grinders 0.16 0.17 Office Specialists -0.19 0.1
Metal Pressers, Drawers 0.15 0.06 Stenographers, Typists -0.24 0.05
Turners 0.14 0.17 Cost Accountants, Valuers -0.25 0.12

Routine Manual

Top 5 RM T w Bottom 5 RM T w
Survey Engineers 0.09 0.02 Paviors, Road Makers -0.37 0.16
Forwarding Business Dealers 0.07 0.12 Metal Pressers, Drawers -0.41 0.06
Other Technicians 0.06 0.01 Metal Workers -0.42 0.21
Rest./Bar/Hotel Proprietors 0.06 -0.23 Other Assemblers -0.44 0.32
Wholesale/ Retail Buyers 0.05 -0.09 Assistants -0.61 0.14

NRManual

Top 5 NRM T w Bottom 5 NRM T w
Assistants 0.30 0.14 Dental Techn., Model Makers -0.16 0.37
Foremen, Master Mechanics 0.22 -0.2 Masseurs, Physiotherapists -0.16 0.06
Metal Workers 0.21 0.21 Nursing Assistants -0.18 0.03
Bakers, Confectioners 0.21 0.15 Painters, Lacquerers -0.19 0.02
Street Cleaners, Disposers 0.20 -0.24 Hairdressers, Body Care Occ. -0.29 -0.3
* NOTE —The values displayed above indicate the percentage change of occupation-level task measures T per eq. (2) and real

hourly log wages w. The difference is calculated by subtracting average values for the surveys released in 1992-99 from average
values in 2006-18 surveys. A positive number suggests an occupation on average experienced an increase in the respective task
content from 1990s into the 2000s. Only occupations with (i) more than six observations on foreign individuals in total and (ii)
at least three observation on foreign individuals in each sub-sample, i.e. 1990s and 2000s are considered, leaving a total of 86
occupations. See Table A.1 for an overview.
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C Details on Data

C.1 Data DOI

C.1.1 BIBB/IAB & BIBB/BAuA Employment Surveys

• 1992: https://doi.org/10.4232/1.2565

• 1999: https://doi.org/10.4232/1.12247

• 2006: https://doi.org/10.4232/1.13481

• 2012: https://doi.org/10.4232/1.13480

• 2018: https://doi.org/10.4232/1.13433

C.1.2 SIAB-R 7517

• Data for years 1975-2017 - DOI: 10.5164/IAB.SIAB-R7517.de.en.v1

C.1.3 SOEP Public Use File (95% Version)

• Data for years 1984-2019: https://doi.org/10.5684/soep.core.v36eu
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D Robustness: Decomposition

D.1 Task Specialization & Differential Occupational Growth
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NOTE. —Point estimates are displayed with a 95% Confidence Interval.

Figure D.1: Decomposition with Occupational FE: Within-Occupation
Task Specialization accounting for employment share of occupations,

1992-2018
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NOTE. —Point estimates are displayed with a 95% Confidence Interval.

Figure D.2: Decomposition with Occupational FE:
Employment share of occupations over time,

1992-2018
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D.2 Task Specialization & Size and Composition of German Immi-
grants

D.2.1 Compositional Changes of Foreign Workers
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Figure D.3: Decomposition with Occupational FE: Within-Occupation
Task Specialization accounting for migration movements at

occupation-level, 1992-2018
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NOTE. —Point estimates are displayed with a 95% Confidence Interval.

Figure D.4: Decomposition with Occupational FE:
Compositional changes in cohorts of foreign workers

(occupation-level), 1992-2018
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D.2.2 Size of Foreign Workers in Employment
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NOTE. —Point estimates are displayed with a 95% Confidence Interval.

Figure D.5: Decomposition with Occupational FE: Within-Occupation
Task Specialization accounting for migration movements at national

level, 1992-2018
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NOTE. —Point estimates are displayed with a 95% Confidence Interval.

Figure D.6: Decomposition with Occupational FE:
Compositional changes in cohorts of foreign workers

(national level), 1992-2018
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D.3 Task Specialization & Globalization
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NOTE. —Point estimates are displayed with a 95% Confidence Interval.

Figure D.7: Decomposition with Occupational FE: Within-Occupation
Task Specialization accounting for trade exposure, 1992-2018
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NOTE. —Point estimates are displayed with a 95% Confidence Interval.

Figure D.8: Decomposition with Occupational FE:
Trade exposure (varying at industry-level), 1992-2018
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