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ABSTRACT

Using a semistructural approach based on a dynamic monopsony model,
we examine to what extent workers performing different job tasks are exposed
to different degrees of monopsony power and whether these differences in
monopsony power have changed over the last 30 years. We find that workers
performing mostly nonroutine cognitive tasks are exposed to a higher degree
of monopsony power than workers performing routine or nonroutine manual
tasks. Job-specific human capital and nonpecuniary job characteristics are
the most likely explanations for this result. We find no evidence that labor
market polarization has increased monopsony power over time.
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I. Introduction

The labor market effects of technological change through digitalization
and the increased use of robots and artificial intelligence have raised major concerns
among the public, politicians, and academic economists in recent years. Indeed, workers
performing jobswith a high degree of routine task intensity (RTI) are most at risk because
their jobs are relatively easily substitutable by computers and robots. As a result, routine
employment has strongly fallen over the past decades, both in Europe and in the United
States (Goos, Manning, and Salomons 2009; Autor, Levy, andMurnane 2003; Autor and
Dorn 2013). As routine jobs are concentrated in the middle of the wage distribution,
this trend has led to job polarization. However, it remains unclear whether—and if so,
how—technological change and the ensuing polarization of the labor market have
changed the wage-setting power of employers, that is, monopsony power. Further-
more, there is clear evidence that monopsony power matters for wage gaps between
worker groups, such as men and women or migrants and natives (Hirsch, Schank, and
Schnabel 2010; Hirsch and Jahn 2015). In contrast, differences in monopsony power
between workers performing different job tasks have not been investigated yet. These
issues are important because monopsony power is a crucial determinant of wages and
therefore of workers’ welfare.
In this study, we investigate the link between labor market polarization, job tasks,

and the degree of monopsony power. We do so by answering three research questions.
First, are workers who perform different job tasks exposed to different degrees of
monopsony power? Second, how did the degree of monopsony power evolve over
time for workers performing different job tasks? Third, which factors can explain the
differences in monopsony power between workers performing jobs with different job
tasks? We thus contribute to the literature on monopsony power by providing the first
evidence on the relation between the task content of jobs and the market power of
employers, both in a cross-sectional setting and over time.
For potential cross-sectional differences of monopsony power between workers

performing different job tasks, two sources of monopsony power seem particularly
relevant from a theoretical point of view: job-specific human capital and nonpecuniary
job characteristics. As discussed in more detail in the next section, job-specific human
capital is likely to be more important for high-skilled workers working in nonroutine
cognitive (NRC) jobs. These workers are also likely to have stronger preferences for
nonpecuniary factors, such as working conditions or job satisfaction.
Furthermore, the differences in monopsony power by job task intensities could have

changed over time, especially as job opportunities have declined forworkerswith highly
routine jobs in industrialized countries during the last decades (Cortes 2016; Goos,
Manning, and Salomons 2014). A decline in job opportunities, that is, lower labor
demand, has been shown in a business-cycle context to increase the degree of mo-
nopsonistic competition (Depew and Sørensen 2013; Hirsch, Jahn, and Schnabel 2018;
Webber 2022). Given the decline in job opportunities of workers performing highly
routine tasks, one could therefore expect higher monopsony power directed towards
these workers over time.
To empirically answer our three research questions, we use the semistructural esti-

mation method proposed by Manning (2003), which has frequently been applied in the
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literature to assess the degree of monopsony power in the labormarket.1 This estimation
method is based on the Burdett andMortensen (1998) model of the labor market, which
includes wage posting by firms and on-the-job search by workers who can be employed
or unemployed. Workers are searching for higher wages, so this implies that their
mobility decisions depend on the wage differences between jobs. Firms try to attract
workers through their wage offers. The resulting monopsony power of firms is captured
by the wage elasticity of labor supply to the firm. A low wage elasticity implies that
firms can set wages without having to fear strong mobility reactions by workers—
therefore, monopsony power is high. Conversely, a high wage elasticity implies low
monopsony power. Thewage elasticity to the firm is estimated indirectly by estimating its
components. On the worker side, the wage elasticities of workers’ separation decisions
(to employment and to nonemployment) indicate how strongly workers react to wage
differences; the share of hires from employment weights these two separation elas-
ticities. On the firm side, the wage elasticity of the share of recruits hired from em-
ployment indicates how easy it is for firms to poach workers from other firms.
We apply two approaches to determine the task content each worker performs in

their job. First, we follow the international literature on labor market polarization,
which differentiates between relatively broad task groups that are fixed over time (see,
for example, Goos and Manning 2007; Goos, Manning, and Salomons 2009; Cortes
2016). To facilitate the comparability of our results with this well-established liter-
ature, we estimate the wage elasticity separately for task groups, in our case routine,
nonroutine cognitive (NRC), and nonroutinemanual (NRM)workers. A disadvantage of
this classification of workers via occupations into task groups is that it is rather broad and
fixed over the entire observation period. As our main approach, we therefore use a survey
data set on job tasks. This allows us to include continuous measures of task intensities as
explanatory variables, as Bachmann, Cim, and Green (2019) do for routine task intensity.
In contrast to the first approach, we are therefore able to employ time-varying intensity
measures for routine, nonroutine cognitive, and nonroutine manual tasks. These time-
varying task intensity measures mitigate potential measurement errors due to changing
occupational task contents over time. Furthermore, this approach allows us to quantify the
importance of job task intensities for differences in monopsony power between workers.
Our analysis is based on two unique data sets from Germany. First, we use adminis-

trative data on individual labor market histories spanning the years 1985–2014. This data
set includes several sociodemographic worker characteristics, as well as firm character-
istics, and is particularly well suited to identify labor market transitions, including job-
to-job transitions. Second, we use survey data that contain time-varying information on
individual job tasks. From this data set, we compute the intensities of routine, nonroutine
cognitive, and nonroutine manual job tasks at the occupational level, which we merge to
the administrative data set.
Our analysis is closely related to the recent literature on routine-biased technological

change (RBTC) and worker flows. Cortes and Gallipoli (2018), using data from the
Current Population Survey (CPS) and the Dictionary of Occupational Titles (DOT),
examine the importance of task distance between occupations (as in Gathmann and

1. See Sokolova and Sørensen (2021) for a recentmeta-analysis of studies on labormarketmonopsony. Section
III describes the estimation approach in detail.
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Schönberg 2010) for the corresponding worker flows in the United States. They show
that for most occupation pairs, task-specific costs account for up to 15 percent of the
costs that arise when individuals move between occupations. Bachmann, Cim, and
Green (2019) analyze the link between labor market transitions and job tasks for the
German labor market. They find differences in the mobility patterns of workers be-
longing to different task groups and that RTI plays an important role in worker mobility.
Our results can be summarized as follows. First, workers with high routine task

content in their occupation display a higher wage elasticity of labor supply to the firm
than workers with a high nonroutine cognitive task content in their occupation. This
indicates that workers with high nonroutine cognitive task content are subject to higher
monopsony power by employers. A decomposition analysis of the components of this
wage elasticity shows that this result mainly arises because workers with high non-
routine cognitive task content are much less likely to separate to employment than
routine workers. Second, the differences in monopsony power between workers per-
forming jobs with low RTI and workers performing jobs with high RTI stay relatively
constant over time, and we do not find pronounced long-run trends for any worker
group. This can be seen as an indication that technological progress and the corre-
sponding polarization of the labor market has not increased monopsony power over
time. Third, we provide evidence on explanations for the higher monopsony power
towards NRC workers: these workers dispose of more job-specific human capital, and
they assign a higher importance to nonpecuniary benefits than workers performing jobs
with higher routine or nonroutine manual task content. Finally, we find that collective
bargaining coverage matters for the overall degree of monopsony power of the labor
market, but that collective bargaining coverage cannot explain differences between
workers performing jobs with different tasks.
Our work therefore makes two important contributions to the literature. First, we

provide evidence on the link between job tasks and monopsonistic competition, and we
quantify the importance of job task intensities in this context. Furthermore, we inves-
tigate potential reasons for the differences in monopsony power that is faced by workers
performing different job tasks. Second, we analyze the degree of monopsonistic com-
petition over a long time period using time-varying measures of job task intensities.

II. Task Groups, Technological Progress,
and Monopsony Power

Workers’ job search and mobility behavior in the labor market, as well
as the ensuing monopsony power of firms, can be analyzed using the Burdett and
Mortensen (1998) equilibrium search model, which is also the theoretical foundation
of our empirical approach, described in Section III. The model features firms that post
wages to fill jobs, andworkerswho can be employed or unemployed, andwho search on
the job when employed.2 In this model, the wage elasticities of workers’ separations to

2. The key assumption of the model is that wages are posted by firms, and workers decidewhether to accept or
decline a wage offer. In line with this assumption, Brenzel, Gartner, and Schnabel (2014) showed that wage
posting is the predominant mode of wage determination in Germany.
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employment and unemployment are two key determinants of monopsony power.3 If
workers react strongly to wage differences, firms have little discretion in setting wages,
and monopsony power is low. By contrast, if workers hardly react to wage differences,
firms have high monopsony power. The job mobility of workers depends on the job
offer arrival rate, given thewage offer distribution, as well as on factors that can give rise
to monopsony power, including job-specific human capital (Webber 2015), preferences
for nonpecuniary job characteristics, search frictions, and mobility costs (Manning
2003).
Our first research question is whether workers who perform different job tasks are

exposed to different degrees of monopsony power. We therefore discuss for each
source ofmonopsony power if and whywe expect this source to have a different effect on
monopsony power across task groups. The first source ofmonopsony power, job-specific
human capital, implies that a job change leads to a loss of human capital. The existence
of job-specific human capital therefore decreases workers’ incentives to switch jobs to
improve their wage; that is, it increases monopsony power of employers. Importantly for
our purpose, one reason why human capital is job-specific, and therefore gets lost with a
job change, is that job tasks often change when a worker changes job (Gathmann and
Schönberg 2010).
There are two reasons why the job-specificity of human capital, and thereby the

degree of monopsonistic competition stemming from this source, is highest for workers
performing NRC tasks. First, the production of output generally requires the combi-
nation of tasks into task bundles, and more highly skilled workers can perform more
complex tasks. For example, in the labor market model of Acemoglu and Autor (2011)
with high-,medium-, and low-skilledworkers, each task can be performed by every skill
type, but the comparative advantage of skill types differs across tasks. Thus, more
complex tasks can be better performed by high-skilled workers than medium-skilled
workers, while intermediate tasks can be better performed by medium-skilled workers
than low-skilled workers. Furthermore, it costs strictly less to perform simpler tasks
with low-skilled rather than medium-skilled or high-skilled workers. As a result, more
complex tasks are performed by high-skilled workers, and less complex tasks by low-
skilled workers (Acemoglu and Autor 2011). As high-skilled workers perform more
complex tasks, they are more likely to lose human capital when they change job, which
increases the monopsony power of firms.
Second, complex tasks often require collaboration. This has been shown in the model

of Booth and Zoega (2008), where the range of tasks firms can perform is determined by
the collective ability of its entire workforce. Therefore, worker heterogeneity translates
into firm heterogeneity when collective abilities within firms are not identical. In this
model, only firms characterized by workforces of higher ability can perform complex
tasks, and complex tasks can be performed in a smaller number of firms than simpler
tasks. As a result, high-skilled workers are only able to perform the most complex tasks
in relatively few firms with a very specific workforce, and therefore these workers only
have few outside options. Firms performing complex tasks therefore have high mo-
nopsony power towards their workers, particularly the high-skilled ones who pre-
dominantly perform NRC tasks.

3. As described in more detail in Section III, the hiring function of firms also plays a role.
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The second source of monopsony power consists of preferences for nonpecuniary job
characteristics, such as working conditions or job satisfaction. The importance of non-
pecuniary job characteristics has been stressed in the compensating wage differentials
literature (Rosen 1986). More recently, it has been shown that workers in the United
States are willing to give up part of their compensation to avoid unfavorable working
conditions (Mas and Pallais 2017), and that high-wage workers and college-educated
workers have uniformly better job characteristics (Maestas et al. 2018).Nonpecuniary job
characteristics also play an important role in explaining job mobility. Sullivan and To
(2014) show that there are substantial gains to workers from job search based on non-
pecuniary factors and that workers have a tendency to sort into jobs with better non-
pecuniary job characteristics, for which they are willing to pay. Sorkin (2018) shows that
workers systematically sort into lower-paying firms that provide better nonpecuniary job
characteristics. Finally, Lamadon, Mogstad, and Setzler (2019) show that worker pref-
erences for nonpecuniary job characteristics lead to imperfect competition in the U.S.
labor market. Given these results from the literature, we expect nonpecuniary job char-
acteristics to be most important for workers performing NRC tasks, implying a higher
degree of monopsony power faced by these workers.
For the two remaining sources of monopsony power, search frictions through in-

formation imperfections and mobility costs leading to limited regional mobility, the
literature does not provide strong indications why these should differ between task
groups. In our empirical analysis of mechanisms leading to differences in monopsony
power between task groups in Section V.C, we therefore focus on the first two mech-
anisms: job-specific human capital and nonpecuniary job characteristics.
Our second research question is how the degree of monopsony power evolved over

time for workers performing different job tasks. It seems likely that the differences in
monopsony power between task groups have changed over time because the general
labor market situation of workers belonging to different task groups has evolved very
differently in recent decades. There is ample evidence for the United States and many
European countries that routinework has strongly declined (see, for example, Autor and
Dorn 2013; Goos, Manning, and Salomons 2014), and that this has had adverse effects
on routine workers’ long-term employment probabilities (see Bachmann, Cim, and
Green 2019 for Germany and Cortes 2016 for the United States) and wages (Cortes
2016).
These general developments are likely to have affected the evolution of monopsony

power in the labor market for workers performing routine tasks. As shown by Depew
and Sørensen (2013) andHirsch, Jahn, and Schnabel (2018) in a business-cycle context,
the degree of monopsonistic competition in the labor market increases at times in which
labor demand is relatively low. The most important explanation for this is that workers’
job separations are less wage-driven when unemployment is high. Intuitively, a higher
unemployment rate leads to worse outside opportunities for workers. Therefore, job
security becomesmore important for workers, which increases search frictions and thus
monopsony power (Hirsch, Jahn, and Schnabel 2018).
Extending this argument to a long-run analysis, we expect that the labor supply

elasticity to the firm has decreased for routine workers. This is so because labor market
polarization has led to a reduction of jobs with predominantly routine task content,
which means that outside options decreased for workers specialized in performing
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routine tasks. Within the Burdett and Mortensen (1998) model, this demand-side effect
would mainly feature as a reduction in the job offer arrival rate. Workers performing
routine tasks will therefore be limited in their ability to separate from a job to find a
better-paying one.
It is important to point out that this demand-side effect may in turn be amplified and

hence lead to changes inmonopsony power. Similarly to the business-cycle studies cited
above, an important reason for this is that routine workers become more risk averse in
their mobility decision given limited outside options. Consequently, workers will prefer
job stability over a wage raise. This would reduce thewage elasticity of job separations,
thus amplifying the initial demand shock.
By contrast, we expect the wage elasticity of labor supply to the firm for workers

performing NRC tasks to increase over time because labor market polarization has led
to an increase of outside options for this task group. This increase could be caused, for
example, by the emergence of new tasks that can be performed best by high-skilled
(NRC) workers as in the model by Acemoglu and Restrepo (2018). Again, one should
distinguish between a pure demand-side effect and an amplification effect. In the case
of NRCworkers, this amplification effect would further increase thewage elasticity of
job separations, even for a constant job offer arrival rate, because NRC workers have
increasingly good labor market prospects and therefore become less risk averse in
their mobility decisions.
Finally, there exists another long-run trend that could have affected the evolution of

monopsony power in the labor market: the rise of superstar firms. As Autor et al. (2020)
point out, technological change and globalization benefit the most productive firms in
each industry. This leads to product market concentration as industries become in-
creasingly dominated by superstar firms with high profits and a low share of labor in
firm value-added and sales. This increased product market concentration is likely to be
accompanied by stronger labor market concentration and thus to lead to monopsony
power in the labor market, as shown for the United States by Azar, Marinescu, and
Steinbaum (2022). Therefore, this long-run trend can be viewed as a change in the
composition of firms towards more firms with high monopsony power, which raises
overall monopsony power in the labor market.

III. Empirical Methodology

We briefly summarize the method to empirically estimate the wage
elasticity of labor supply to the firm, the measure of monopsony power pioneered by
Manning (2003). This method is based on the Burdett and Mortensen (1998) model
introduced in Section II, where workers leave the firm at a rate s(wt) that depends
negatively on thewage paid. The number of new recruitsR(wt) depends positively on the
wage paid. The law of motion for labor supply to the firm can therefore be expressed as

(1) Lt =Re(wt) +Rn(wt) + [1 - se(wt) - sn(wt)]Lt-1‚

with firms payingwagewt at time t. The exponents e and n indicate the destination states
(for separations) or states of origin (for recruitments) corresponding to employment and
nonemployment, respectively. Considering the steady state in which total separations
must equal recruits and LthL and wthw, we have
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(2) L(w) =
Re(w) +Rn(w)
se(w) + sn(w)

‚

which results in a positive long-run relationship between employment and wages.
Equation 2 implies that the long-term elasticity of labor supply to the individual firm eLw
is the difference of aweighted average between thewage elasticities of recruitment from
employment (eeRw) and nonemployment (enRw), and the wage elasticities of the sepa-
ration rates to employment (eesw) and nonemployment (ensw), that is,

(3) eLw = hReeRw + (1 - hR)enRw - hseesw - (1 - hs)ensw

where the weights are given by yR, the share of recruits hired from employment, and ys,
the share of separations to employment.
Estimating the separation rate elasticities using data on job durations is relatively

straightforward, but estimating the recruitment elasticities requires information that is
typically not available in data sets. Specifically,we do not have information on the firms’
applicants and thewages offered to them. A solution is to impose additional structure on
themodel by assuming a steady state,which implies that yhyR=ys holds. Imposing this
on Equation 3 gives the following relation4

(4) eLw = -(1 + h)eesw - (1 - h)ensw - ehw‚

where eyw is the wage elasticity of the share of recruits hired from employment, and y is
the overall share of hires from employment. The four components of the wage elasticity
of labor supply to the firm are thus the wage elasticity of the separation rate to employ-
ment, the wage elasticity of the separation rate to nonemployment, the wage elasticity of
the share of recruits from employment, and the share of recruits from employment. One
can therefore estimate these four components to arrive at the wage elasticity of labor
supply to the firm. This estimation approach is widely used in the literature (Hirsch,
Schank, and Schnabel 2010; Booth and Katic 2011; Hirsch, Jahn, and Schnabel 2018;
Hirsch et al. 2022; Webber 2022).
Intuitively, lower wage elasticities of the two separation rates mean that workers react

less strongly to wage differences by moving to a new job or to nonemployment. This
implies that firms havemore discretion in setting their wage in this case. Therefore, lower
separation rate elasticities lead to a lower labor supply elasticity to the firm, that is, higher
monopsony power, in Equation 4. The two separation rate elasticities are weighted by y,
the share of hires from employment, to capture the relative contribution of these two rates
to the overallwage elasticity of labor supply.5 By contrast, thewage elasticity of the share
of hires from employment takes into account the hiring function of the firm. If this
elasticity is high, firms find it relatively easy to poach workers from other firms. In this
sense, market power of firms is high if this elasticity is high. Therefore, a high wage
elasticity of the share of hires in employment in Equation 4 reduces thewage elasticity of
labor supply to the firm—that is, it increases monopsony power.
Although this estimation approach is widespread, it has recently been criticized for

using all variation in wages for the identification of the separation rate elasticities in

4. See the Online Appendix for a derivation of the equation.
5. Note that in steady state, the share of hires from employment is equivalent to the share of separations to
employment.
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specific and the labor supply elasticity to the firm in general (Bassier, Dube, and Naidu
2022). We expect workers to react to the firm-specific and the match-specific compo-
nents of pay in their decision to separate, but not so much to the worker-specific com-
ponent or any idiosyncratic shock. Keeping all variation in wages instead of focusing on
components that are influenced by firm-level wage policies adds noise to the data and
therefore leads to an attenuation bias. Unfortunately, the data used in this study do not
allow us to isolate the firm-specific component of pay. We therefore recognize that the
estimated elasticities constitute a lower bound and that the true degree of monopsonistic
competition is probably lower than suggested by our estimates. However, this limitation
is unlikely to apply to our main research questions dealing with differences in monop-
sonistic competition over time and between task groups. Therefore, we focus on inter-
preting the differences between task groups and their evolution over time, rather than the
absolute level of monopsony power.
To estimate the components of Equation 4, we proceed as follows. For the sepa-

ration rate elasticities to employment and nonemployment, we model the instanta-
neous separation rate of employment spell i at duration time t as a Cox proportional
hazard model:

(5) sqi
�
tjxqi (t)

�
= h0(t)exp xqi (t)

0
bq

� �
‚

where r= e,n indicates a separation to employment or nonemployment respectively,
h0(t) is a baseline hazard with no assumptions on its shape, xri (t) is a vector of time-
varying covariates with br as a corresponding vector of coefficients.6 xri (t) includes log
wage as our key independent variable. The corresponding coefficient br can directly be
interpreted as the wage elasticity of separations to employment or nonemployment,
respectively. Furthermore, we include the following covariates to control for individual-
and plant-level as well as economy-wide factors that may affect labor supply to the firm:
dummy variables for age and education groups, immigrant status, occupation fields (54
fields, following Tiemann et al. 2008), economic sector (15 sectors, following Eberle
et al. 2011), worker composition of the firm (shares of low-skilled, high-skilled, female,
part-time, and immigrant workers in the plant’s workforce), plant size (four dummies),
the average age of its workforce, as well as year and federal state fixed effects and the
unemployment rate by year and federal state.
EstimatingCox proportional hazardmodels,which place no restrictions on the baseline

hazard, forces us to control for job tenure. There are arguments for and against the
inclusion of job tenure. On the one hand, Manning (2003, p. 103) argues that including
tenure reduces the estimated wage elasticity as high-tenure workers are less likely to
leave the firm and are more likely to have high wages. Thus, tenure is itself partly
determined by wages, and including it would take away variation from wages and
therefore bias the estimated wage elasticity. On the other hand, considering the existence
of seniority wage scales, Manning (2003) also argues that the exclusion of job tenure
would lead to a spurious relationship between wages and separations. The empirical

6. We follow Manning (2003, p. 100–101) and assume that, conditional on x, the two types of separations are
independent. Thus, one can estimate the separation rates separately. To estimate the elasticity of separations to
nonemployment, we use thewhole sample (all jobs).We only use those jobs that do not end in nonemployment
when estimating the separation rate to employment.
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literature on seniority wage schedules in the German labor market suggests that
controlling for tenure is appropriate in our application (see, for example, Zwick 2011,
2012).7

To arrive at an estimate of the wage elasticity of the share of recruits hired from
employment, eyw, we model the probability that a worker is hired from employment (as
opposed to nonemployment) using a logit model:

(6) Pr[yi = 1jxi] =L(x0ib)‚
where the dependent variable is a dummy, which takes the value one if it is a recruit from
employment and zero if the recruit comes from nonemployment. L denotes the cumu-
lative distribution function of the standard logistic distribution. Again, our key indepen-
dent variable in this equation is logwages. The coefficient of logwages in thismodel gives
the wage elasticity of the share of recruits hired from employment eyw divided by 1-y.
Multiplying the coefficient by 1-y yields the estimate of eyw in Equation 4. To obtain the
weights used in Equation 4, we calculate the share of hires coming from employment y
from the data.
To analyze differences in the wage elasticity of labor supply to the firm between

workers performing different job tasks, we proceed in two ways. First, we estimate the
respective wage elasticities separately by task group. We follow Cortes (2016) and
distinguish three different task categories: (i) routine—administrative support, opera-
tives, maintenance and repair occupations, production and transportation occupations
(among others); (ii) nonroutine cognitive (NRC)—professional, technical management,
business and financial occupations; (iii) nonroutine manual (NRM)—service workers.
These task groups are rather broad and fixed over time, but the classification allows a
direct comparison with the U.S. literature using this type of classification. Second, we
use a time-varyingmeasure of task intensities (TI), which we explain in detail in Section
IV.B. Here, we include the interaction of the log wage and TIi(t) to estimate the sepa-
ration rate elasticities in Equation 5. The respective separation rate elasticity is given by
ersw=brw+brTI·w·TIi(t). Similarly, the wage elasticity of the share of recruits hired
from employment, eyw, is given by bw+bTI·w· TIi(t) divided by 1-y. As this second
approach allows us to quantify the link between TI and monopsony power exactly and
because it allows us to control for changes in TI by occupation over time, this is our
preferred approach in the empirical analyses in Section V.

IV. Data

A. The Sample of Integrated Labor Market Biographies (SIAB) 1975–2014

This study uses theweakly anonymized Sample of IntegratedLaborMarket Biographies
(SIAB) for the years 1975–2014.8 We combine these data with the Establishment
History Panel (BHP), also provided by theResearchDataCentre of the BA at the IAB.A

7. However, as a robustness check we also use exponential models in Appendix Table A.1. This increases the
estimated elasticities as expected.
8. Data access was provided via on-site use at the Research Data Centre (FDZ) of the German Federal Em-
ployment Agency (BA) at the Institute for Employment Research (IAB) and subsequently remote data access.
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detailed description of the Sample of Integrated Labor Market Biographies is provided
in Antoni, Ganzer, and vom Berge (2016).
The SIAB is a representative 2 percent random sample of the population of the Inte-

grated Employment Biographies (IEB). The IEB includes the universe of individuals
with either employment subject to social security, marginal part-time employment
(mini-job), registered unemployment benefits, job-seeker status at the Federal Employ-
ment Agency, and participation in active labor market policy measures or other training
measures. The information on the corresponding labor market spells is exact to the day.
The most important data source of the IEB for this paper is the Employee History

(BeH). The BeH is based on the integrated notification procedure for health, pension,
and unemployment insurances. Employers have the legal obligation to notify the re-
sponsible social security agencies about all of their employees covered by social se-
curity at the beginning and at the end of an employment spell and to update the infor-
mation at least once a year. Misreporting is a legal offense (for more information on the
notification procedure see Bender et al. 1996). Civil servants and self-employed indi-
viduals or spells are not recorded in the BeH, as it only covers employees subject to
social security. To identify spells of registered unemployment, we use the Benefit Reci-
pient History (LeH) and the Unemployment Benefit 2 Recipient History (LHG). The data
provide us with personal information, such as age, gender, nationality, and place of
residence, as well as job information, such as the daily wage and the occupation. The
information on the daily wage is censored at the yearly varying social security contri-
bution ceiling. We explain in Section IV.C how we deal with this issue.
Using the establishment identifier that is included in the data, we can link the

individual-level datawith the EstablishmentHistory Panel (BHP). TheBHP data consist
of BeH data, which are aggregated at the establishment–year level on June 30 of a year.
The BHP provides information on the industry of the establishment and other estab-
lishment characteristics, such as worker group shares with respect to skill, gender, part-
time employment, and nationality, as well as the establishment size and the average age
of its workforce. Furthermore, it is possible to identify plant closures with the BHP data
(see Hethey-Maier and Schmieder 2013).

B. BIBB/IAB and BIBB/BAuA Employment Surveys

To compute task intensities for occupations, we use the BIBB/IAB and BIBB/BAuA
Employment Surveys (herein BIBB data) that provide a representative sample of German
workers (BIBB–Federal Institute for Vocational Education and Training 2021).9 The
BIBB data consist of repeated cross-sections on approximately 20,000–30,000 em-
ployees in Germany for each survey wave that we use in this study (1985–1986, 1991–
1992, 1998–1999, 2006, and 2012). The BIBB data are representative of the core labor
force in Germany, that is, for persons who are at least 15 years old and work at least ten
hours per week. The data set contains questions about the workplace concerning, for
example, job tasks, working conditions, satisfaction with current job, and other non-
pecuniary job characteristics.

9. Between 1979 and 1999, the Federal Institute for Vocational Education and Training (BIBB) conducted the
surveys in cooperation with the Institute for Employment Research (IAB). Since 2006 the BIBB cooperated
with the Federal Institute for Occupational Safety and Health (BAuA) to administer the surveys.
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Among others, Antonczyk, Fitzenberger, and Leuschner (2009) and Baumgarten
(2015) use these data to generate measures of relative task intensities at the occupational
level.We follow the approach of Antonczyk, Fitzenberger, and Leuschner (2009) and
categorize the activities employees perform at the workplace into routine (R), non-
routine manual (NRM), and nonroutine cognitive (NRC). This allows us to compute
task intensities at the individual level. We aggregate these individual task intensi-
ties for 54 occupational categories, following Tiemann et al. (2008), and for each
occupation–time period combination provide a share of R, NRM, andNRC that sums
to 100 percent.10 The ensuing task intensity measure (TI) at the individual level i can
be expressed as

(7) Taskijt =
number of activities in category j performed by i in cross section t

total number of activities performed by i over all categories at time t
‚

where t= 1985–1996, 1991–1992, 1998–1999, 2006, and 2012 and j indicates routine
(R), nonroutine manual (NRM), and nonroutine cognitive (NRC) tasks, respectively.
Taking averages over individuals task intensities by occupational categories provides a
continuous measure of routine task intensity (RTI), nonroutine manual task intensity
(NRMTI), and nonroutine cognitive task intensity (NRCTI) over time for a given oc-
cupational group. We merge the TI measures to the worker-level SIAB data based on
occupation and year combinations.
A key advantage of BIBB is that the survey is conducted at regular six- to seven-year

intervals throughout our period of analysis. This allows us to have time-varying task
intensities by occupational groups. Doing so allows us to fully exploit the BIBB data to
update occupation task intensities over time. This has the advantage that our analysis
considers task intensities that are regularly updated and therefore reflect the actual task
composition at the time of observation. Thus, computing task intensities with the usage
of additional data sources is in contrast to the more parsimonious approach, which
assigns workers to routine, nonroutine manual, and nonroutine cognitive categories at
one point in time based on groups of standardized occupational codes (see, for example,
Goos andManning 2007; Goos, Manning, and Salomons 2009; Cortes 2016). A cost of
relying on the time-varying task measures computed from the BIBB data consists of
discontinuities in these measures from one survey wave to the next. However, as shown
by Bachmann, Cim, and Green (2019), these discontinuities are not large.

C. Sample Construction

The SIAB provides information on workers’ employment biographies from 1975 on-
wards. However, for our analysis, it is only possible to use the data set from1985 because
the wage variable does not include bonus payments before 1985 but does so after-
wards. As this results in a strong break in measured wages from 1984–1985, we restrict
our observation period to 1985–2014. As our observation period includes the preunifi-
cation period, we focus on West Germany only. Including observations for East German
workers from 1992 onwards and therefore restricting our analysis to the post-unification

10. Using a finer occupational classification is not possible given the relatively small sample size of the BIBB
data.
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periodwould considerably reduce our period of observation and thus the long time period
needed to properly answer our research questions.
The SIAB data include the daily wage of every employment spell, but no information

on working hours. We therefore focus on full-time workers, as this ensures compara-
bility between daily wage rates. Wages are top-coded at the social security contribution
limit. To avoid possible biases in the estimatedwage elasticity of labor supply, we exclude
all job spells with wages that are at this limit at least once during the observation
period.11 Further, we convert gross daily wages into real daily wages by using the con-
sumer price index of the Federal Statistical Office.
In our empirical analysis, we focus on the core labor force in dependent employment

and therefore exclude apprentices, trainees, homeworkers, and individuals older than
55. We further restrict our analysis to male workers to avoid selectivity issues regarding
female labor force participation. Information on workers’ education is provided by
employers and is therefore inconsistent or missing for some workers. To correct for
the inconsistent education information, we impute the missing information on workers’
education by using the procedure proposed by Fitzenberger, Osikominu, and Völter
(2006). Furthermore, we exclude plants during their closing year, thus mitigating biases
resulting from involuntary, demand-side driven separations from a job.12 Specifically,
excluding plants in their closing year helps to mitigate the possible spurious relationship
between wages and separations that is not driven by workers’ labor supply behavior.
Following the theoretical model based on Manning (2003), we distinguish between

two labor market states: employment and nonemployment. However, the reports and
notifications of establishments and individuals are not always exactly consistent with
the actual change of labor market state. For example, workers might report to the unem-
ployment office only a few days after they are laid off. To deal with these potential
measurement errors, we define our main dependent variables in the following way:

1. Separation to employment/job-to-job transitions. If the time gap between two
employment spells at different establishments (that is, an establishment with a
different establishment identifier) does not exceed 30 days.

2. Separation to registered unemployment or nonemployment. If the time gap
between two employment spells at different establishments exceeds 30 days,
we define this time gap as a nonemployment spell. A separation to nonem-
ployment is also defined as a job spell ending in registered unemployment or no
spell in the data at all. Further, we take care of recalls in the following way.
Recalls are defined as one single employment spell if the time gap between
two employment notifications at the same firm does not exceed 120 days. If
the time gap between two employment notifications at the same firm is equal
to or larger than 120 days, we define this gap as an additional nonemployment

11. In robustness checks, we include job spells with censored wages and impute the wages of these spells
following the imputation procedure outlined in Dustmann, Ludsteck, and Schönberg (2009); Card, Heining,
and Kline (2013); and Gartner (2005). More details are provided in the Online Appendix. This yields very
similar results to our estimations excluding top-coded wages.
12. We cannot fully focus on the voluntary supply-side driven separation behavior of workers because firings
are still included in the data, as we cannot identify and distinguish firings from voluntary separations.
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spell. Treating recalls as continuous employment spells ensures that seasonal
effects that differ between industries and task groups and may affect wages and
transitions into/from nonemployment simultaneously do not distort the results.

3. Recruitment from employment relative to nonemployment. Similar to the first
two, we define a recruitment from employment if the time gap between two
employment spells at different establishments (that is, an establishment with a
different establishment identifier) does not exceed 30 days. A recruitment from
nonemployment is defined if the time gap between two employment spells at
different establishments exceeds 30 days, the individual is hired from registered
unemployment, the time gap between two employment notifications at the same
firm is equal to or larger than 120 days, or the individual has no spell in the data
(prior to recruitment) at all.

Table 1 gives an overview on our final sample, which consists of 5,641,241 em-
ployment spells from 465,131 workers with 444,864 separations to employment and
742,690 separations to nonemployment. The descriptive evidence is in line with the
expectations and shows that NRM workers are in the lower, routine workers in the
middle, and NRC workers in the higher end of the wage and skill distribution (see, for
example, Acemoglu and Autor 2011; Cortes 2016). Our task intensity measures are in
line with the task group classification of Cortes (2016). Specifically, the means of the
task intensity measures by task groups show that RTI is highest for routine workers,
NRMTI is highest for NRM workers, and NRCTI is highest for NRC workers. The
share of censored spells in our sample amounts to 12.62 percent. In comparison, most
censored spells come fromNRCworkers, where the share of censored spells amounts
to 32.42 percent (the share of censored spells of routine workers amounts to 5.65
percent, while the share of censored spells of NRM workers amounts to only 2.47
percent). The share of foreign workers among all NRM workers is relatively high
compared to the other task groups. The NRMworkers are also more likely to work with
foreign workers and low-skilled workers in their respective firms, while NRC workers
have more high-skilled co-workers. In comparison to the other task groups, a relatively
high share of routine workers is in small firms and a distinctively high share of routine
workers work in manufacturing, while a high share of NRC workers are employed in
large or very large firms. A relatively high share of NRC workers work in district-free
cities. A high share of routine workers work in urban districts, but in comparison to the
other task groups they are also relatively likely to work in rural districts.

V. Results

A. Monopsony Power by Task Groups

As described in Section III, we start by estimating the labor supply elasticities to the firm
for three task groups (routine, NRM, and NRC workers) for the whole observation
period. Thus, we estimate Cox models for the separation rates to employment and non-
employment, and logit models for the probability that aworker is hired from employment
(as opposed to nonemployment) separately for these three groups. Our key independent
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variable in each of these estimations is log wages. Inserting the estimated wage elas-
ticities from these models as well as the share of hires from employment into Equation 4
yields estimates of the firm-level labor supply elasticity.
Table 2 shows that the wage elasticity of labor supply to the firm is distinctly smaller

for NRC workers (0.958) than for the other task groups (1.696 for routine workers and
1.659 for NRMworkers), which implies a higher degree of monopsony power towards
NRCworkers.13 The results in Table 2 also indicate that the components of the estimated
labor supply elasticities differ considerably between task groups.
To quantify the contribution of the individual components to the overall differences in

the labor supply elasticity between task groups, we apply the decomposition proposed
by Hirsch and Jahn (2015). In doing so, we focus on the routine–NRC and NRM–NRC

Table 2
Labor Supply Elasticity to the Firm by Task Group

Routine NRM NRC

Separation rate to employment
log wage (eesw) -1.271*** -1.203*** -0.905***

(0.012) (0.019) (0.020)

Observations 1,766,919 497,460 733,684

Separation rate to nonemployment
log wage (ensw) -1.628*** -1.610*** -1.302***

(0.008) (0.013) (0.015)

Observations 3,351,798 930,594 1,177,920

Hiring probability from employment

log wage
ehw
1 - h

� �
1.737*** 1.519*** 1.887***
(0.013) (0.020) (0.022)

eyw 1.065 1.021 1.079
Observations 574,157 199,582 205,774

Share of hires from employment (y) 0.387 0.328 0.428
Firm-level labor supply elasticity (eLw) 1.696 1.659 0.958

Source: SIAB and BHP 1985–2014. Authors’ calculations.
Notes: Clustered standard errors at the person level in parentheses. Covariates included (see Section III for
details): dummy variables for age and education groups, immigrant status, occupation fields, economic sector,
worker composition of the firm (shares of low-skilled, high-skilled, female, part-time, and immigrant workers
in the plant’s workforce), dummy variables for plant size, the average age of its workforce, year and federal state
fixed effects, unemployment rate by year and federal state. Significance: *p< 0.10, **p< 0.05, ***p< 0.01.
NRM, nonroutine manual; NRC, nonroutine cognitive.

13. We use imputedwages in Table B1 in theOnlineAppendix. All estimated labor supply elasticities are lower
here because of the addition of idiosyncratic variation to wages. The main results do not change.
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differences.14 We find that the most important component driving the difference in the
firm-level labor supply elasticities between NRC workers and the other task groups is
the separation rate elasticity to employment (see Table 3). This component contributes
almost 69 percent to the lower firm-level labor supply elasticity of NRCworkers relative
to routine workers and about 56 percent to the difference between NRM and NRC
workers. Hence, job-to-job transitions of NRCworkers are much less wage-driven than
is the case for other task groups. Separations to nonemployment are also less wage-
elastic forNRCworkers than for routine andNRMworkers (seeTable 2). This component
accounts for almost 27 percent of the difference in firm-level labor supply elasticities
between routine and NRC workers and for almost 30 percent of the difference between
NRM and NRC workers.
Thewage elasticity of the share of recruits hired from employment is highest for NRC

workers. It thereby contributes to the lower labor supply elasticity of NRC workers in
comparison to the other two task groups. However, the magnitude of the contribution
differs. For the routine–NRC difference, it accounts for only 12.5 percent, while the
contribution is significantly higher at 35 percent for the NRM–NRC difference in labor
supply elasticities. Thus, by increasing thewage, employers raise the share of hires from
employment to a greater extent for NRCworkers than for routine and (especially) NRM
workers.
Finally, the share of hires from employment that is used to weight the different

components in the firm-level labor supply elasticity equation mitigates the difference
between NRC workers and the other task groups. This mitigating effect of the share of
hires from employment for the difference in firm-level labor supply elasticities is much
more pronounced for the NRM–NRC than for the routine–NRC difference. The NRC
workers are more likely to be hired from employment than routine and particularly than
NRM workers.
Summarizing, our results based on the approach using three task groups with a

fixed classification over time are as follows. First, the lowest wage elasticity of labor
supply to the firm, that is, the highest degree ofmonopsony power, can be observed for
NRC workers. Second, this result is mainly due to the lower separation rate elasticity to
employment of NRC workers. Third, the share of hires from employment acts as a
mitigating factor in the difference of the firm-level labor supply elasticity between NRC
workers and workers in other task groups.

B. Monopsony Power and Task Intensities

In our second estimation approach, we estimate a model including all workers and
interact the wage variable with three task intensity (TI) measures: routine TI (RTI),
nonroutine manual TI (NRMTI), and nonroutine cognitive TI (NRCTI). These time-
varying TI measures are assigned to individual workers according to their occupation.
This allows us to study the influence of the TI on the labor supply elasticity to the firm on
a continuous scale. More details on how we construct task intensities are provided in
Section IV.B.

14. We do not decompose the routine–NRM difference, because the firm-level labor supply elasticities are
similar in Table 2.
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The results obtained from this estimation approach (Table 4) are in line with those
based on the separate estimations by task group presented in the preceding section. The
labor supply elasticity of workers performing jobs with high RTI, that is, workers with
one standard deviation above the mean RTI value in the sample, equals 2.288. In
contrast, the labor supply elasticity of workers performing jobs with low RTI, that is,
workers with one standard deviation below the mean RTI value in the sample, is much
lower and equals 1.103.15Next, we use our continuousmeasuresNRMTI andNRCTI in
Table 4 to distinguish between nonroutine jobs that are cognitive in nature and non-
routine jobs that are manual in nature. Workers with high NRMTI have a labor supply
elasticity of 1.852, while workers with high NRCTI have a significantly lower labor
supply elasticity of 0.985.16 Again, the results show that all components, apart from the
share of hires from employment, contribute to the lower labor supply elasticity for
workers with high NRCTI in comparison to workers that have a high RTI or NRMTI.
Similarly to the results in Table 3, especially the separation rate elasticity to employment
is much smaller for workers with high NRCTI than for workers with high RTI or high
NRMTI.
We perform multiple robustness checks for the estimations in Table 4 that are pre-

sented in the Online Appendix (Section B.4).17 First, we estimate a full-interaction
model in which we interact the TI variable with every control variable in the specifi-
cation. We find that the results are robust to this specification and that the main results
still hold when the coefficients of all covariates are allowed to vary with TI. Second, we
use sector–year (interacted) fixed effects so that identification uses only wage variation
within sector–year cells. The results in Table 4 are robust to this specification. Third, we
analyze if the estimated differences in monopsony power for workers with different task
intensities are simply driven by the workers’ location in the wage distribution. The
different location in the wage distribution is relevant as the theoretical model of Burdett
and Mortensen (1998) suggests that the labor supply elasticity is falling in wages. To
alleviate this concern, we estimate the labor supply elasticity to the firm separately by
wage brackets and task intensities. Hence, we compare workers with different task
intensities at the same points of the wage distribution. Reassuringly, we find that our
general result (workers in occupations with high NRCTI have lower labor supply
elasticities to the firm) holds even when we compareworkers at the same position of the
wage distribution.
Given that separate estimations by task groups or interacting wages with task in-

tensities lead to qualitatively similar results, we focus on task intensities in the remaining
estimations for two reasons. First, the TI variables are continuous and therefore contain
more information on the task content of theworker. Second, the TImeasures are updated

15. The full set of regression coefficients for the estimations with RTI can be found in Table B3 in the Online
Appendix.
16. We use imputed wages in Table B2 in the Online Appendix. Specifically, we keep all censored wage spells
instead of dropping them and apply the imputation procedure outlined in the Online Appendix to those spells.
All estimated labor supply elasticities are lower here because of the addition of idiosyncratic variation towages.
Furthermore, we use exponential models in Appendix Table A.1. As exponential models do not control for
tenure, the estimated elasticities are higher (see Section III for more details).
17. We thank two anonymous reviewers for the suggestions.
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Table 4
Labor Supply Elasticity to the Firm by Task Intensities (TI)

RTI NRMTI NRCTI

Separation rate to employment
log wage (eesw mean TI) -1.273*** -1.199*** -1.241***

(0.009) (0.009) (0.009)

log wage ·TI -0.315*** -0.181*** 0.359***
(0.007) (0.007) (0.007)

eesw (high TI) -1.588 -1.380 -0.882
eesw (low TI) -0.958 -1.018 -1.600

Observations 2,998,063 2,998,063 2,998,063

Separation rate to nonemployment
log wage (ensw mean TI) -1.612*** -1.570*** -1.582***

(0.006) (0.006) (0.006)

log wage ·TI -0.227*** -0.075*** 0.222***
(0.005) (0.005) (0.005)

ensw (high TI) -1.839 -1.645 -1.360
ensw (low TI) -1.385 -1.495 -1.804

Observations 5,460,312 5,460,312 5,460,312

Hiring probability from employment

log wage
ehw
1 - h

� �
1.725*** 1.724*** 1.717***
(0.010) (0.010) (0.010)

log wage ·TI -0.114*** -0.098*** 0.160***
(0.008) (0.008) (0.009)

eyw (high TI) 1.052 1.085 1.045
eyw (mean TI) 1.066 1.069 1.082
eyw (low TI) 1.059 1.028 1.104

Observations 979,514 979,514 979,514

Share of hires from employment (y)
with high TI 0.347 0.333 0.443
with mean TI 0.382 0.380 0.370
with low TI 0.424 0.436 0.291

Firm-level labor supply elasticity (eLw)
with high TI 2.288 1.852 0.985
with mean TI 1.689 1.559 1.615
with low TI 1.103 1.277 2.241

Source: SIAB and BHP 1985–2014. Authors’ calculations.
Notes: Clustered standard errors at the person level in parentheses. Routine task intensity (RTI), nonroutine
manual task intensity (NRMTI), and nonroutine cognitive task intensity (NRCTI) are standardized with mean
zero and standard deviation one. Thus, for instance, workers with low RTI are workers with RTI one standard
deviation below the mean, and workers with high RTI are workers with RTI one standard deviation above the
mean. Same control variables as in Table 2. Significance: *p< 0.10, **p< 0.05, ***p < 0.01.
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over time, taking into account that the task content of each occupation changes during
the observation period, possibly to a different degree (see Section IV.B).
We now turn to the question of to what extent the estimated labor supply elasticity to

the firm changes over time and if there are differences in this trend by RTI. To do so, we
add a three-way interaction to the model using RTI (Table 4). That is, we interact the
wage variable, RTI, and year dummies,18 which allows us to trace the evolution of log
wage*RTI over time. For ease of interpretation, Figure 1 plots the obtained yearly labor
supply elasticities for workers with low, mean, and high RTI. Clearly, the level differ-
ences between workers with low and high RTI found for the pooled sample in Table 4
persist—that is, workers with low RTI have lower yearly labor supply elasticities to the
firm than workers with high RTI. These differences vary over time, and the labor supply
elasticities display a markedly procyclical variation, which confirms the results in
Depew and Sørensen (2013) and Hirsch, Jahn, and Schnabel (2018).

Figure 1
Yearly Labor Supply Elasticities forWorkers with Different Routine Task Intensity (RTI)
Source: Authors’ calculations based on SIAB 1985–2014, for West Germany.
Notes: The estimates are derived from the same specification as in Table 4. Further, a three-way interactionwith
year dummies is added to analyze the development over time, that is, log wages, RTI, and year dummies are
interacted. The plotted lines correspond to the sum of the relevant coefficients for workers with mean RTI as
well as workers with RTI one standard deviation below (“low RTI”) and above (“high RTI”) the mean.

18. To be complete, we include the base variables (log wages, RTI, year dummies), the three two-way
interactions, and the three-way interaction in themodel. In deriving the labor supply elasticities shown in Figure
1, we take the sum of the appropriate coefficients.
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Overall, cyclical movements in the elasticity of labor supply to the firm appear to be
more important than long-run trends. There is some indication in Figure 1 that the labor
supply elasticity has been increasing from 2003 onwards. However, it would be pre-
mature to interpret this rise as a structural shift in labor market competition, as the
German labor market experienced no significant downturn during this time period. This
rise could therefore simply be due to good economic conditions, which have generally
been found to reduce monopsony power. Even more importantly for our purpose, the
increase in the labor supply elasticity is of equal magnitude for workers with low and
high RTI. We therefore conclude that labor market polarization, in terms of decreasing
outside options for workers with high RTI, has not influenced the degree of monopsony
power faced by routine workers to an important degree.19

Looking at the components of the labor supply elasticity over time for workers with
different RTI levels, we also find no pronounced long-run trend for the separation rate
elasticities and the elasticity of the share of recruits from employment.20 The only
component that changesmore strongly, the share of recruits from employment, plays the
least important role for differences between task groups. Therefore, the relative con-
tributions of the components of the labor supply elasticity to the firm are rather un-
changed over time.
We provide two robustness checks for the results obtained in Figure 1. First, instead of

estimating yearly labor supply elasticities, we use time windows of three years, thereby
smoothing the estimates and making them less vulnerable to short-term fluctuations.
Appendix Figure A.1 shows that the general pattern over time is comparable to our
yearly estimates, and that the differences by RTI still persist.21

Second, up to this point in our estimations, we have used all the variation in wages
and transition rates, both across and within workers. The separation rate elasticities
may alternatively be estimated with stratified Cox models, in which the baseline hazard
hm(i)0(t) is stratified at the worker level. Similarly to the within estimator in linear fixed-
effects models, this cancels out the worker-specific effect (Ridder and Tunalõ 1999).22

Furthermore, in this robustness test we also use a conditional logit (or fixed-effects logit)
model to arrive at an estimate of the wage elasticity of the share of recruits hired from
employment.23 Appendix Figure A.2 shows the estimated labor supply elasticities for

19. Theoretically, one could also observe no long-run trend in monopsony power if technological change did
have a significant impact that was, however, counterbalanced by one or several other macro factors. However,
we do not see an obvious suspect in this context and therefore regard this as an unlikely explanation.
20. See Figure B.2 in the Online Appendix.
21. Figure B.1 in the Online Appendix provides an additional robustness test by estimating the labor supply
elasticities separately for three-year intervals. Thereby, all covariates—and not only RTI and log wages—may
have time-variant effects on the separation probabilities. The main results are the same as in Appendix Figure
A.1 and Figure 1.
22. The stratified Cox model is a modification of the Cox model. The main difference between the estimators
from the two models is that the stratified Cox model allows for the stratification of a predictor; that is, the
stratified partial likelihood estimator conditions on the employment spells in the same stratum (worker). The
stratified predictors in the stratified Cox model only need to satisfy the proportional hazard assumption for
employment spells belonging to the same worker and therefore improve the identification argument in com-
parison to the Cox model (Kalbfleisch and Prentice 2002).
23. We estimate the wage elasticity of the share of recruits hired from employment eyw using the relation
Pr[yi =1jxi,um(i)] =L(xi¢b + um(i)), where um(i) is a worker fixed effect. This estimator controls for worker fixed
effects by conditioning on those workers who are hired from employment at one point in time and from
nonemployment at another and discarding those always hired from the same labor market status.
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each year and by RTI using only within-worker variation. There are two important
differences in the results compared to our baseline model. First, the estimated labor
supply elasticities for workers of all RTI levels are higher at the beginning of the obser-
vation period and decline sharply from 1985 to 1998 and increase thereafter. Second,
differences between workers with low and high RTI are smaller. However, we still find
workers with high RTI at their job to show higher labor supply elasticities than workers
with low RTI. Our general findings are therefore robust to using only within-worker
variation.
Generally, we prefer the estimates based on the Cox model over those obtained

from the stratified Cox model for two reasons. First, the stratified Cox model only
includes workers in the estimation sample who have at least two employment spells
ending in the same transition, which implies that the estimation sample is smaller, and
possibly more selective, than the estimation sample of the Cox model without strat-
ification. As workers with different RTI levels could well differ in this respect—for
example, there may be more nonroutine workers who display the required transitions—
this kind of sample selection is likely to lead to an estimation bias. Therefore, using the
entire sample, that is, estimating without stratification, seems more appropriate. Sec-
ond, the variation used in the stratified Cox model is purely within-worker variation.
Given that workers generally change to jobs with a low task distance (Gathmann and
Schönberg 2010), thewithin-worker variation in RTI is much smaller than the between-
worker variation used in the Cox model without stratification. However, to answer our
research questions, comparing workers with different RTI levels seems crucial. On the
basis of these considerations and because the results obtained using between-worker
and within-worker variation do not differ qualitatively, we analyze the mechanisms
potentially driving differences in monopsony power by task intensities using the Cox
model.

C. Mechanisms

In this section,we explore differentmechanisms thatmay explain our results on the level
differences in monopsony power between task groups: collective bargaining agree-
ments, job-specific human capital, and nonpecuniary job characteristics.

1. Differences by collective bargaining coverage

An important labor market institution that potentially influences level differences in
monopsony power is collective bargaining. Collective bargaining agreements typically
increase wages of low-wage workers and compress the industry’s wage distribution.
This does not necessarily influence any of the sources ofmonopsony, but rather prevents
firms from exercising their monopsony power (Manning 2003), thereby increasing the
estimated labor supply elasticities. Bachmann and Frings (2017) confirm this idea by
showing that the estimates of the labor supply elasticity are larger in industries with
higher collective bargaining coverage in Germany.
Collective bargaining coverage varies to a large degree at the industry level in Ger-

many. For example, collective bargaining coverage amounts to 91 percent in the public
services industry and 38 percent in transportation and logistics for West Germany in
2014 (WSI 2018). This might affect our estimates of the labor supply elasticity by TI in
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twoways. First, to the extent that workers with different TI are not randomly distributed
across industries, these differences might be driving the link between TI and the labor
supply elasticity to the firm. In this case, we should observe much smaller differences
in labor supply elasticities by TI within industries than in the whole sample. Second,
differences in monopsony power by TI might be influenced by collective bargaining
coverage at the industry level because, for instance, routine workers are much more
often low-wage workers compared to nonroutine cognitive workers. Additionally, due
to their public nature, collective bargaining agreements can decrease information
asymmetries with respect towages, but not necessarily with respect to nonpecuniary
job characteristics that are not part of the collective bargaining process. Thus, we expect
collective bargaining agreements to increase the labor supply elasticity of routine
workers, but not so much for NRC workers. In this case, we should observe an increase
in the labor supply elasticity for routine workers only in industries with a high coverage
rate of collective bargaining.
To differentiate between these two channels through which collective bargaining

coverage influences the estimated labor supply elasticities by TI, we choose three
industries with high24 and three industries with low25 collective bargaining coverage,
while ensuring that each industry employs workers with varying TI. We omit in-
dustries with average collective bargaining coverage because possible differences in
the relationship between TI and monopsony power will be easier to detect in the tails of
the collective bargaining coverage distribution. Also, this allows us to neglect changes
over time in bargaining coverage. We then run our baseline model for both groups of
industries separately.26 We summarize our results in Table 5.27

In line with theoretical expectations, Table 5 shows that the labor supply elasticity to
the firm is much lower in industries with a low coverage rate of collective bargaining.
The labor supply elasticity decreases by about 63 percent for workers with high NRCTI
from high collective bargaining coverage industries to low collective bargaining cov-
erage industries, while it decreases by about 31 percent for workers with high RTI and
18 percent for workers with high NRMTI. This indicates that collective bargaining
status has a strong counteracting effect on the monopsony power of firms, especially for
workers with high NRCTI. However, the differences in labor supply elasticities for
workers with high RTI, high NRMTI, and high NRCTI persist independently of col-
lective bargaining coverage. We can thus draw two conclusions. First, our main results
are not strongly driven by composition effects with respect to industries. Second, col-
lective bargaining coverage does not influence differences in monopsony power be-
tween task groups.

24. These are the finance and insurance, public administration, and construction industry with coverage rates
of 73–89 percent, 83–91 percent, and 67–83 percent in the years 1998–2014 (WSI 2018), respectively.
25. These are the trade and repair, transport, and communications, as well as the catering and hotel industry
with coverage rates of 37–65 percent, 38–61 percent, and 40–48 percent in the years 1998–2014 (WSI 2018),
respectively.
26. The industry variable indicates the economic activity as a three-digit code and provides time-consistent
information. We use the generated time-consistent industry codes in Eberle et al. (2011).
27. In Tables B4, B5, and B6 in the Online Appendix we show the full estimation results of all the components
of the labor supply elasticity for industries with different collective bargaining coverage by RTI, NRMTI, and
NRCTI, respectively.
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2. The role of job specific human capital

In Section II we argue that job-specific human capital is an important source of mo-
nopsony power in the labor market. Workers who have accumulated a high amount of
job-specific human capital can be expected to have a relatively low incentive to switch
jobs to improve their wage.Hence, asworkers do notwant to lose their accumulated job-
specific human capital, the labor supply elasticity to the firm with respect to wages can
be expected to decrease with higher job-specific human capital, thereby increasing the
monopsony power of employers.
Job-specific human capital should be more important as a source of monopsony

power for NRCworkers than for other task groups because NRCworkers performmore
complex tasks at their jobs (Acemoglu and Autor 2011; Booth and Zoega 2008).
Gathmann and Schönberg (2010) propose the concept of task-specific human capital—
strongly related to job-specific human capital—and show that workers generally move
to occupations with similar task requirements.Workers lose task-specific human capital
if the tasks in the new job are very different from the old one. We expect that NRC
workers have a lower arrival rate of job offers suiting their current task profile, which is
relatively complex. We further expect that NRC workers have a low incentive to switch
to a new job in which they perform different tasks than in their current job because this
would imply a relatively large loss of job-specific human capital. In consequence, the
labor supply elasticity to the firm with respect to wages is likely to be lower for NRC
workers than for other task groups; that is, NRC workers are likely to be exposed to a
higher degree of monopsony power.
To provide evidence regarding these hypotheses, we estimate the separation rate

elasticities for workers in different job tenure brackets—proxying different degrees of
accumulated job-specific human capital—and with different task intensities. We focus
on the separation rate elasticities because all job-specific human capital is lost once a
worker quits their job. Therefore, the separation rate elasticities are the components of
the labor supply elasticity to the firm in Equation 4 that are most directly related to job-

Table 5
Labor Supply Elasticity to the Firm by Task Intensities and Collective
Bargaining Coverage

High Coverage Low Coverage Baseline

Firm-level labor supply elasticity (eLw)
with high RTI 2.010 1.379 2.288
with high NRMTI 1.510 1.237 1.852
with high NRCTI 1.044 0.387 0.985

Source: SIAB and BHP 1985–2014. Authors’ calculations.
Notes: Clustered standard errors at the person level in parentheses. Routine task intensity (RTI), nonroutine
manual task intensity (NRMTI), and nonroutine cognitive task intensity (NRCTI) are standardized with mean
zero and standard deviation one. Thus, for instance workers with low RTI are workers with RTI one standard
deviation below the mean, and workers with high RTI are workers with RTI one standard deviation above the
mean. Same control variables as in Table 2.
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specific human capital. Table 6 presents the results for the separation rate elasticities for
different job tenure brackets and workers with different task intensities.28

All estimated elasticities are small in comparison to the baseline results in Appendix
Table A.1, because the correlation between separations and log wages is—by
construction—smaller within tenure brackets than across all tenure brackets.29 It is
therefore not possible to interpret the size of the elasticities, but it is possible to compare
differences in the elasticities between task groups within each tenure bracket. Ana-
lyzing the separation rate elasticity to employment in more detail, we find for the first
tenure bracket (0–3 years) that the elasticity is twice as high for high-RTI workers than
for high-NRCTI workers. In the last tenure bracket (10+ years), the separation rate
elasticity of high-RTI workers is 3.6 times higher than the elasticity of high-NRCTI
workers. This means that the relative difference in the separation rate elasticities to
employment almost doubles as tenure increases. Noticeably, there are hardly any dif-
ferences between high-RTI and high-NRMTI workers. For the elasticity of the sep-
aration rate to nonemployment, we generally find the same pattern but the differences
between high-NRCTI and high-RTI/NRMTI workers do not increase as strongly across
tenure brackets.
In sum, this exercise provides suggestive evidence that high-NRCTI workers value

job-specific human capital more stronglywhen considering a separation to employment

Table 6
Separation Rate Elasticities by Task Intensities and Tenure Brackets

High RTI High NRMTI High NRCTI

Separation rate elasticity to employment (eesw)
Job tenure: 0–3 years -1.066 -0.891 -0.505
Job tenure: 3–10 years -0.916 -0.783 -0.293
Job tenure: 10+ years -0.698 -0.678 -0.191

Separation rate elasticity to nonemployment (ensw)
Job tenure: 0–3 years -1.446 -1.254 -1.058
Job tenure: 3–10 years -1.251 -1.132 -0.803
Job tenure: 10+ years -1.092 -1.006 -0.705

Source: SIAB and BHP 1985–2014. Authors’ calculations.
Notes: We use exponential models for this table. The table shows separation rate elasticities for high routine
task intensity (RTI), high nonroutine manual task intensity (NRMTI), and high nonroutine cognitive task
intensity (NRCTI) workers. To compute the elasticity of high TI workers we add the coefficient of the
interaction term to the coefficient of the log wage in the respective estimations. RTI, NRMTI and NRCTI are
standardized with mean zero and standard deviation one. Thus, for instance workers with low RTI are workers
with RTI one standard deviation below the mean, and workers with high RTI are workers with RTI one
standard deviation above the mean. Same control variables as in Table 2.

28. The coefficients, standard errors and number of observations used for the estimations can be found in Table
B7 in the Online Appendix. We use exponential models in Table 6, because by estimating the separation rate
elasticities for different job tenure brackets, we already control for job tenure. Appendix Table A.1 shows our
baseline results with exponential models without differentiating tenure brackets.
29. The underlying reason is that tenure itself is determined by wages. See Section III for a detailed discussion.
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than workers performing routine or NRM tasks. At the same time, job-specific human
capital is less important to high-NRCTI workers when considering a separation to
nonemployment. Therefore, for high-NRCTI workers, job-specific human capital has
an important impact on separations to employment, which contributes to the relatively
high monopsony power these workers are facing.

3. The role of nonpecuniary job characteristics

Aswe discuss in Section II, nonpecuniary job characteristics are likely to differ between
workers performing different job tasks and therefore to lead to different levels of mo-
nopsony power between these workers. In the following, we analyze the prevalence of
specific nonpecuniary job characteristics by task intensities and the change in these job
characteristics over time. The BIBB data described in Section IV.B allow us to do so
because the data set not only contains information on job tasks, but also on various
nonpecuniary job characteristics and onworkers’ satisfaction with those characteristics.
Specifically, we construct several dependent variables that capture to what extent a
nonpecuniary characteristic (for example, satisfaction with promotion opportunities) is
present. This generally results in ordinal discrete variableswithmore than two outcomes
and natural ordering. We regress these dependent variables on task group dummies and
additional control variables separately for each BIBB wave.30

The results from this exercise are presented in Table 7. Panel A shows that NRC
workers are less likely to work in unfavorable physical working conditions, such as
extreme temperatures, noise, and unfavorable body positions relative to routineworkers,
which is in linewith expectations. For example, the odds ratio of answering the question
of whether oneworks in a physically unfavorable position with high approval versus the
combined lower approval categories is 0.456 times lower for NRC workers than for
routine workers in 1985.
Panel B of Table 7 features questions on the mental working conditions of workers

such as working under strong deadline or performance pressure, perceiving the work-
place as part of a community, and cooperation with colleagues. Here we find that NRC
workers are generally more likely to work under strong deadline or performance
pressure than routine workers. For the 2006 wave, we also find that NRC workers are
more likely to perceive the workplace as part of a community and to appreciate the
cooperation with colleagues.
Panel C of Table 7 shows the satisfaction with different nonpecuniary job charac-

teristics of workers in different task categories. In all BIBB waves where this question
was asked, we find that NRCworkers are generally more likely to be satisfied with their
job than routine workers. For example, the odds ratio of being very satisfied with the
current job versus the combined lower satisfaction categories is 1.242 times higher for
NRC workers than for routine workers in 2012. Looking at subcategories of job sat-
isfaction, we find that NRC workers, relative to routine workers, are generally more
likely to be satisfied with their promotion opportunities, the work climate (significant
for one survey wave only), the type and content of tasks at the job, the ability to use own
skills, and the available training opportunities. At the same time, we do not find any

30. As the main advantage in using our TI measures lies in its continuous updating over time and the separate
estimation by BIBB wave cancels this variation, we opt to focus on task groups here. Moreover, using task
groups in this context facilitates the interpretation of the results.
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higher likelihood for NRMworkers in Panel C, indicating that they are either equally or
less satisfied than routine workers.
Summarizing, the descriptive evidence in Table 7 shows that NRC workers enjoy

better nonpecuniary job characteristics, and there is no indication for trends over time.
Our results complement the literature on nonpecuniary job characteristics, which shows
that workers are willing to accept lower wages in exchange for better nonpecuniary
working conditions (see, for example, Mas and Pallais 2017; Maestas et al. 2018) and
sometimes make a transition to jobs with lower wages compensated with better non-
pecuniary job characteristics (Sullivan and To 2014; Sorkin 2018). Our estimation results
indicate that nonpecuniary job characteristics are more important for NRC workers than
for other worker groups. This in turn implies thatwages play a smaller role in themobility
decisions of NRC workers. Therefore, employers have higher wage-setting power to-
wards NRC workers because of nonpecuniary job characteristics. These job character-
istics are therefore an important source of monopsony power for NRC workers.

VI. Conclusion

We investigate the link between technological change and job tasks on
the one hand and the degree of monopsony power on the other hand. To estimate the
degree of monopsony power, we use the semistructural estimation approach proposed by
Manning (2003), which allows us to identify the wage elasticity of labor supply to the
firm. Our analysis is based on two unique data sets fromGermany: an administrative data
set on individual labor market histories spanning the years 1985–2014, which provides
exact information onwages and labor market transitions, andworker-level survey data on
job tasks, which allow us to compute time-varying measures of job task intensities at the
occupational level, and which we merge with the administrative data set. This approach
goes beyond many papers in the job task literature as we are able to measure intensities
for routine, nonroutine cognitive (NRC), and nonroutine manual (NRM) job tasks on a
continuous scale and to account for changes in task intensities over time.
Our results indicate thatworkerswho perform jobswith a high routine task content face

a higher wage elasticity of labor supply to the firm thanworkers performingmainly NRC
tasks. This means that workers specializing in NRC tasks are subject to higher monop-
sony power by employers. When decomposing the wage elasticities for routine, NRC,
and NRM workers, we find that this result mainly arises because NRC workers react
much less to wages in their decision to separate to employment than routine workers.
When analyzing the evolution of monopsony power over time, we find no long-run

trends in the labor supply elasticity to the firm for anyworker group, including high-RTI
workers, and therefore conclude that the deroutinization of the labor market has not
influenced the degree of monopsony power faced by routine workers to a significant
degree. This result is somewhat surprising: as explained in Section II, in a Burdett and
Mortensen (1998) type of labor market, we would have expected the lower demand for
routine workers to decrease the job offer arrival rate for these workers, resulting in less
job mobility, with additional amplification effects reinforcing the original demand
factors and leading to an increase in monopsony power. Such amplification effects can
arise becauseworkers in declining task groups becomemore risk averse in theirmobility
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decisions. Given that we observe a relatively constant labor supply elasticity over time,
we can conclude that there are no amplification effects in the long run.
There are two possible explanations for our result of a relatively constant monopsony

power. First, there could be composition effects, which are neglected in the Burdett and
Mortensen (1998)model, which assumes ex ante identicalworkers. As shown byBöhm,
von Gaudecker, and Schran (2019) recently, workers leaving shrinking occupations
and entering growing occupations are predominantly low-wage (relative to their peer
group). These labor market transitions have a composition effect for occupations. In
shrinking occupations, averageworker quality rises. Therefore, the job-offer arrival rate
to workers in shrinking occupations can be expected not to decline as strongly because
firms know that the workers remaining in these occupations are (relatively) high-skilled
workers with high productivity and hence try to poach them from rivals. While this
seems a potential explanation in this context, the results of our analysis on nonwage job
characteristics do not indicate large composition effects. Second, our research question
relates to long-run developments as opposed to the studies on the cyclicality of mo-
nopsony power, such as Hirsch, Jahn, and Schnabel (2018) orWebber (2022), who find
monopsony power to react to changes in demand. It seems conceivable that workers
react very differently to short-term changes in demand, such as business cycle devel-
opments, than they do in response to long-run changes, such as the polarization of the
labor market. Analyzing these two potential explanations for our finding are therefore
important avenues for future research.
In the final part of our analysis, we explore potential mechanisms leading to level

differences in monopsony power between workers performing different job tasks, es-
pecially to explain the higher monopsony power towards NRC workers. An analysis of
the separation elasticity to employment by tenure bracket indicates that job-specific
human capital plays a more important role for NRC workers, which increases firms’
monopsony power towards these workers. Furthermore, nonpecuniary job character-
istics, such as working conditions and job satisfaction, seem to play a much more
important role for NRC workers, again increasing firms’ monopsony power towards
these workers. Finally, we find that the labor supply elasticity to the firm is much lower
in industries with a low coverage rate of collective bargaining than in industries with a
high coverage rate of collective bargaining. However, the differences in monopsony
power between worker groups are not driven by composition effects in terms of in-
dustries employing workers with varying levels of task intensities. Therefore, unions do
not seem to play a role for differences in monopsony power between workers per-
forming different job tasks.
Our results have two important implications. First, the cross-sectional differences

in monopsony power show that job tasks are another individual-level dimension in
explaining wage gaps between worker groups, similar to earlier results in the literature,
for instance, with respect to gender or nationality. Our results suggest that controlling for
job tasks could provide an additional explanation for monopsony power workers face,
and hence, for the resultingwage gaps. Second, our finding that monopsony power does
not display a long-run trend may come as a surprise, particularly with respect to routine
workers, as the job opportunities of routine workers have declined strongly in recent
decades with ongoing labor market polarization caused by technological progress.
Nevertheless, our results imply that changes in monopsony power do not seem to be a
factor contributing to increased labor market inequality in Germany in recent decades.
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Appendix

Table A.1
Labor Supply Elasticity to the Firm by Task Intensities (TI)—Exponential Model

RTI NRMTI NRCTI

Separation rate to employment
log wage (eesw mean TI) -1.454*** -1.376*** -1.420***

(0.011) (0.011) (0.011)

log wage ·TI -0.333*** -0.195*** 0.383***
(0.009) (0.009) (0.009)

eesw (high TI) -1.787 -1.571 -1.037
eesw (low TI) -1.121 -1.181 -1.803

Observations 2,998,063 2,998,063 2,998,063

Separation rate to nonemployment
log wage (ensw mean TI) -1.849*** -1.802*** -1.816***

(0.008) (0.008) (0.008)

log wage ·TI -0.255*** -0.106*** 0.266***
(0.007) (0.007) (0.007)

ensw (high TI) -2.104 -1.908 -1.550
ensw (high TI) -1.594 -1.696 -2.082

Observations 5,460,312 5,460,312 5,460,312

Hiring probability from employment
log wage

ehw
1 - h

� �
1.725*** 1.724*** 1.717***
(0.010) (0.010) (0.010)

log wage ·TI -0.114*** -0.098*** 0.160***
(0.008) (0.008) (0.009)

eyw (high TI) 1.052 1.085 1.045
eyw (mean TI) 1.066 1.069 1.082
eyw (low TI) 1.059 1.028 1.104

Observations 979,514 979,514 979,514

Share of hires from employment (y)
with high TI 0.347 0.333 0.443
with mean TI 0.382 0.380 0.370
with low TI 0.424 0.436 0.291

Firm-level labor supply elasticity (eLw)
with high TI 2.729 2.282 1.314
with mean TI 2.086 1.947 2.008
with low TI 1.455 1.625 2.700

Source: SIAB and BHP 1985–2014. Authors’ calculations.
Notes: Clustered standard errors at the person level in parentheses. Routine task intensity (RTI), nonroutine
manual task intensity (NRMTI), and nonroutine cognitive task intensity (NRCTI) are standardized with mean
zero and standard deviation one. Thus, for instance, workers with low RTI are workers with RTI one standard
deviation below the mean, and workers with high RTI are workers with RTI one standard deviation above the
mean. Same control variables as in Table 2. Significance: *p< 0.10, **p< 0.05, ***p < 0.01.
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Figure A.1
Labor Supply Elasticities for Workers with Different Routine Task Intensity (RTI) over
Three-Year Intervals
Source: Authors’ calculations based on SIAB 1985–2014, for West Germany.
Notes: The estimates are derived from the same specification as in Table 4. Further, a three-way interactionwith
three-year dummies is added to analyze the development over time; that is, log wages, RTI, and three-year
dummies are interacted. The plotted lines correspond to the sum of the relevant coefficients for workers with
mean RTI as well as workers with RTI one standard deviation below (“low RTI”) and above (“high RTI”) the
mean.
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