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Returns to Routine Job Tasks in the German Labour Market: An
Instrumental Variables Approach
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This paper studies the impact of routine job tasks on workers wages in the German labour
market. Using nationally representative data from the German Employment Survey, the paper
finds that routine job tasks are negatively and significantly associated with workers hourly
wages; the negative effect of routine tasks is most pronounced in high-skilled non-routine
occupations where routine tasks are found to carry a substantial wage penalty. In order to
account for the endogeneity of routine job tasks, the analysis employs an instrumental
variable approach. The individual routine task-intensity of German workers in 2012 is
instrumented with the routine task-intensity of the father’s occupation in 1979 and the routine
task-intensity of the workers’ own occupation in 1979. The estimation procedure rests on the
assumption that the two instruments are uncorrelated with the error term in the wage equation,
conditional on a detailed set of individual, job, firm, industry and occupation-specific
variables. Although the exogeneity of the instruments cannot be tested formally, the paper
provides an extensive discussion of the instruments’ validity and shows that the estimated
negative effect is not sensitive to different model specifications, different definitions of the
endogenous and instrumental variables, and different sample selection rules.
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1 Introduction

This paper studies the returns to performing routine job tasks in the German labour
market. From econometric perspective, there are numerous challenges associated with the
estimation of the returns to tasks. First, the assignment of workers to occupations and tasks is
not random but is systematically related to observable individual characteristics such as
gender, race, education (Autor and Handel, 2013), cognitive skills (Agasisti, Johnes and
Paccagnella, 2021; Deming, 2017), and unobservable individual characteristics such as innate
ability (Cortes, 2016) and preferences®. Failing to account for such observable and
unobservable factors, especially when these are correlated with individual wages, will
produce biased estimates of the returns to tasks. This is likely to be the case in most
observational studies that rely on cross-section data and OLS estimation methods, because in
such studies it is inherently difficult to control for all relevant factors that simultaneously
affect the assignment of workers to job tasks and their wages. Second, job tasks, different than
education and skills, are not fixed or semi-fixed workers attributes that are determined prior to
labour market entry (see Autor and Handel, 2013), but rather are a flexible attribute of jobs
that can be modified at any time by the worker based on the expected wage. Rational workers
will maximize their income by self-selecting into occupations and tasks that provide the
highest expected earnings, given their abilities and skills. This means that the workers job
tasks are themselves a function of wages (Autor, 2013), and a simple OLS regression of
wages on tasks will not recover the average returns to jobs tasks. Third, the construction of
job tasks measures is prone to error. The error stems from the fact that job tasks are typically
extracted from a handful of data sources — e.g., the U.S. DOT and O*NET occupational
databases, the German Employment Surveys, the British Skill Survey, the PIAAC survey —
that are not designed to measure the routine task content of jobs (see Rohrbach-Schmidt and
Tiemann, 2013 for an excellent discussion of the German surveys). This, in combination with
the fact that there are no established procedures for how to construct job tasks measures,
makes it likely that the development of such measures will be subject to error’. The possible
measurement error in the job tasks variable, however, could have implications for the
estimated returns to tasks — it could bias them towards zero.

2 Autor and Handel (2013) show, for example, that post-college education is positively associated
with performance of abstract tasks and negatively associated with performance of routine and manual
tasks, while the opposite holds true for Spanish-language primacy. Agasisti, Johnes and Paccagnella
(2021) find that literacy skills are positively associated with abstract and routine tasks, and negatively
associated with manual tasks. Deming (2017) shows that people with higher social skills are more
likely to work in non-routine and social skill-intensive occupations. Cortes (2016) finds that high-
ability routine workers are more likely to switch to non-routine cognitive occupations, while low-
ability routine workers are more likely to switch to non-routine manual occupations.

3 Acemoglu and Autor (2011) point out, for example, that both the DOT and O*NET databases
contain “numerous potential task scales, and it is rarely obvious which measure (if any) best represents
a given task construct” (p. 1078). Also Autor (2013, p.191) notes that “researchers who wish to use
these databases as sources for task measures are essentially required to pick and choose among the
plethora of scales available” (p.191).



With these considerations in mind, the present paper employs an instrumental variables
(IV) approach and estimates the returns to routine job tasks in the German labour market. The
IV approach takes into account the endogeneity of the job tasks variable and provides (under
certain conditions) an unbiased estimate of the returns to routine tasks. The analysis is based
on the 1979 and 2012 waves of the German Employment Survey. We examine the
relationship between routine tasks and wages by regressing the log hourly wages of German
workers in 2012 on a measure of their individual routine task-intensity (RTI) in 2012 and a
detailed set of individual, firm, industry and occupation-specific variables. The individual RTI
measure in 2012 is instrumented with the RTI of the father’s occupation in 1979 and the RTI
of the worker’s own occupation in 1979. In order to prevent our instruments from being
correlated with omitted variables in the error term, we include in the regressions controls for
education, experience, tenure, previous unemployment, duration of unemployment, number of
employers since first job, computer use at work, complexity of the job, supervisory position,
irregular working hours, working on the weekends, being on a stand-by duty, firm size, firm
location, sector of economic activity, family status, children, health condition, migration
background, and average RTI of the worker’s own occupation in 2012. Although the
exogeneity of the instruments cannot be tested formally (beyond the possibilities of the
Hansen test), we go to great lengths to show that our instruments are not correlated with
omitted variables and are also not directly related to individual wages in 2012. To this end:
first, we control for a large number of explanatory variables in the model — this limits the
possibility that a potentially relevant explanator (that is correlated either with the instruments
or any of the explanatory variables) is left out of the model. Second, we run multiple
regressions in which we gradually increase the number of explanatory variables in the model
— if our instruments are correlated with omitted variables, then we might expect to see jumps
in the size and/or the sign of the estimated coefficients as we add more explanatory variables
to the model. Third, given that our model is overidentified (i.e., we have two instruments and
one endogenous variable), we are able to test the excludability of our instruments directly by
including each of them in turn as an additional explanatory variable in the second-stage
model, while using the other variable as an instrument for the individual RTI in 2012. By
doing this, we can not only directly test the excludability restriction (which postulates that the
instruments should be excludable from the second-stage model), but we can also limit the
possibility that the instruments are correlated with omitted variables in the error term*. Based
on the results of all these informal tests, we show that our instruments are likely to be
exogenous and excludable from the second-stage model. Also the results of the formal
Hansen J test point in the same direction — the test statistic can never reject its joint null
hypothesis of instrument validity.

The results of the IV regressions show that routine tasks have a negative and significant
impact on wages - a one unit increase in the RTI measure is associated with about 35 percent
decrease in workers hourly wages. To put this estimate into perspective, consider that roughly
one unit is the difference between the RTI indices of the Professionals and the Clerical
Support Workers. This means that if the Professionals were to perform the same type of tasks

4 Because now we have one additional ‘explanatory’ variable (i.e., instrument turned into
explanatory variable) from 1979.



as the Clerical Support Workers, they would earn on average 35 percent lower wages, ceteris
paribus. This is a plausible result, and it is also comparable to the estimates of Stinebrickner,
Stinebrickner and Sullivan (2019) who find that moving just half of the worktime from low-
skilled object tasks to high-skilled information or high-skilled people tasks is associated with
an increase in earnings of about 55 and 32 percent, respectively. Furthermore, the sensitivity
analysis reveals that the estimated negative effect is not sensitive to different model
specifications, different definitions of the endogenous and instrumental variables, and
different sample selection rules. The analysis finds also that the impact of routine tasks on
wages is not uniform across all occupations, and that the negative effect of routine tasks is
stronger in high-skilled non-routine occupations.

The paper makes several contributions to the literature. First, to the best of our knowledge,
this is the first study to use an instrumental variables approach to estimate the causal effects of
routine job tasks on workers wages in the German labour market. While there are few other
papers that use this technique to examine the returns to tasks in the United States and Britain,
the vast majority of the existing studies rely on different econometric strategies for dealing
with endogeneity when estimating the returns to tasks. These strategies range form
exploratory OLS analyses to fixed effects and structural approach estimations, and are further
discussed in the next section®. Second, the paper utilizes an innovative instrumental variable,
based on the occupation of the father, that has only recently become available. In 2012, for the
first time, the German Employment Survey included information about the occupation of the
workers’ fathers, and to the best of our knowledge, this information has not been used yet to
construct instrumental variables that are used to study the impact of routine tasks on wages.
Third, the paper employs three different versions of the endogenous variable and two versions
of the instrumental variables, which allows us to rigorously examine the robustness of the
main empirical results to alternative definitions of these key variables.

The rest of the paper is organized as follows. The next section provides an overview of the
empirical literature on the wage returns to tasks. Section 3 presents the empirical model and
discuses the validity of the instruments. Section 4 describes the data and details the
construction of the endogenous and instrumental variables. Section 5 presents the main
empirical results. Section 6 and 7 examine the robustness of the main empirical results with
respect to sample selection (Section 6) and different definitions of the endogenous and
instrumental variables (Section 7). Section 8 provides a comparison of the IV and OLS
estimates, and explores the heterogenous effects of routine tasks across occupations. Section 9
concludes.

5 Tt is important here to make a distinction between skills and tasks. As Autor and Handel (2013)
point out, the first are attributes of workers, while the latter are attributes of occupations and jobs.
Workers use their (inborn and acquired) skills to perform different tasks. The present analysis focuses
thus on the returns to tasks. There is a large body of literature that studies the returns to skills (see e.g.,
Hanushek et al, 2015; Deming, 2017; Falck, Heimisch-Roecker and Wiederhold, forthcoming).



2 Alternative methods for estimating the impact of job tasks on wages

This section provides an overview of the empirical literature on the returns to tasks. The
presented studies are organized into four categories and are discussed in relation to the
empirical approach they use.

Cross-section data and OLS methods: To build intuition about how job tasks “should” be
related to wages, Autor and Handel (2013) develop a simple conceptual framework that
formalizes the causal links between human capital endowments, occupational choice, job
tasks and wages. The framework is based on the Roy’s (1951) model of self-selection and is
motivated by the observation that occupational assignment of workers is not random, but
rather determined by comparative advantage. The model makes several predictions for the
relationship between job tasks and wages, and some of these predictions are empirically tested
in Autor and Handel (2013), Agasisti, Johnes and Paccagnella (2021), Saltiel (2019) and
Rohrbach-Schmidt (2019). To study the relationship between job tasks and wages, the authors
of these papers typically estimate Mincerian-like wage equations augmented with task
measures and interaction terms between worker-level and occupation-level task measures.
The analyses are based on cross-section survey data and OLS methods, and the provided
empirical evidence is descriptive in nature. A general conclusion that emerges from these
papers is that abstract tasks are positively correlated with wages both across and within
occupations, while manual tasks are negative correlated with wages. Some of the studies find
also a negative relationship between routine tasks and wages (see e.g., Autor and Handel,
2013; Saltiel, 2019). The authors acknowledge that their results cannot be interpreted as
causalities. Nevertheless, these papers provide valuable descriptive evidence on the
relationship between job tasks and wages and the sorting pattern of workers across
occupations®.

Panel data and fixed effects methods: To identify the impact of job tasks on wages in the
presence of endogenous sorting of workers into occupations, a number of studies use fixed
effects panel data methods. One advantage of the fixed effects is that they can successfully
remove unobserved heterogeneity across units (workers, occupations) that is constant over

6 Other studies that use OLS methods to study the relationship between task and wages are De La
Rica, Gortazar, Lewandowski (2020), Cassidy (2017) and Storm (2020). Rohrbach-Schmidt (2019) is
the only study in this part of the literature review that accounts for endogeneity and estimates both
OLS and Hausman-Taylor regressions (both methods yield nearly identical results). The consistency
of the Hausman-Taylor estimator, however, hinges on the assumption that all covariates in the model
are level-1 exogenous, that is, they are uncorrelated with the error term in the wage equation (e.g., the
worker-level task measures are assumed to be level-1 exogenous variables). The assumed level-1
exogeneity would be violated, however, if there are omitted worker-level variables that affect workers
wages and are correlated with the covariates included in the model. The Hausman-Taylor method
focuses only on the presence of level-2 endogeneity, which, in the context of the discussed paper, is
defined as “a correlation of covariates with the unobserved occupation effect” (Rohrbach-Schmidt,
2019, p.128). This makes the method somewhat less powerful, as compared to the IV approach, when
it comes to dealing with endogenous variables. See Castellano, Rabe-Hesketh and Skrondal (2014) for
a discussion of the Hausman-Taylor method.



time. If one believes that there are unobserved time-invariant factors that simultaneously
affect the assignment of workers into occupations and workers wages, then one can use fixed
effects regressions. The fixed effects exploit within-group variation over time and remove
omitted variables bias (as long as the omitted variables are constant over time). This is the
approach taken by Stinebrickner, Stinebrickner and Sullivan (2019), Cortes (2016) and
Cavaglia and Etheridge (2020).

Using individual-level data from the Berea Panel Study and fixed effects methods,
Stinebrickner, Stinebrickner and Sullivan (2019) study the relationship between job tasks and
wages. They distinguish between low and high-skilled people, information and object tasks
and examine the role these tasks play in the formation of wages. The paper finds that high-
skilled tasks are paid substantially more than low-skilled tasks, and also information tasks are
paid more than object and people tasks at both low and high-skill levels. A comparison of
OLS and fixed effects estimates reveals that the fixed effects estimates are somewhat smaller
in size, but the big picture takeaway from both methods is quite similar. The returns to tasks
are estimated under the assumptions of (i) exogenous mobility of workers across jobs, (ii)
constant task efficiencies (i.e., constant abilities of workers to perform tasks), and (ii1) perfect
information about tasks efficiencies of workers. The first assumption essentially implies that
the occupational and task choices of workers are exogenous, conditional on the workers fixed
effects and observable time-varying characteristics. The paper is unique in that it is the first
study to use longitudinal task data at the worker-level.

Also Cortes (2016) and Cavaglia and Etheridge (2020) exploit the features of their panel
datasets and estimate changes in occupational wage premia over time for routine, manual and
abstract task-intensive occupations. The changes in wage premia (or task prices) are identified
from the wage growth of workers within occupation spells, and are captured through time-
varying occupation fixed effects’. A key identifying assumption in both papers is that
occupational choice is exogenous, conditional on a set of observable characteristics and
unobservable individual and occupation fixed effects. The fixed effects are assumed to
capture time-invariant workers’ skills and occupation-specific factors that determine the
selection of workers into occupations. These are necessary assumptions for the fixed effects
model to produce unbiased estimates. However, if these assumptions are not met (e.g.,
because workers acquire new skills over time), then the fixed effects would not be able to
fully capture the unobserved workers’ skills, and any time-varying parts of the workers’ skills
would end up as omitted variables in the error term of the wage regression.

In sum, the fixed effects estimator is a powerful tool for dealing with omitted variables
bias, as long as the omitted variables are time-invariant, or at least, do not vary over the
course of the studied period. However, the fixed effects cannot resolve the whole endogeneity
problem. Other sources of endogeneity (e.g., time-varying omitted variables, simultaneity and
measurement error) can still be present and can cause correlation between the explanatory
variables and the error term, which then can cause the fixed effects to be inconsistent (see

7 The authors include occupation spell fixed effects (an interaction between individual and
occupation-fixed effects) in the regressions and, therefore, all variation in wage premia over time
comes from within occupation spells.



Wooldridge, 2002, chapters 10 and 11). The fixed effects can namely exacerbate
measurement error bias (Wooldridge, 2002, chapter 11).

Propensity regression, bounding and other approaches: In a recent study, Bohm (2020)
employs a propensity method to estimate changing task prices in the U.S. He distinguishes
between abstract, manual and routine intensive occupations and estimates the changing prices
paid for a unit of labour in these occupations. His identification strategy relies on early
measures of workers talents that are determined pre-entry into the labour market. In a first-
stage, Bohm models the selection of workers into the three occupational groups and estimates
the probability of choosing an abstract, manual or routine intensive occupation as a function
of worker early talents (measured by mathematical, verbal and mechanical test scores) and
risky behaviour. Then he uses the constructed probabilities to estimate changes in task prices
during the 1990s and 2000s in the U.S. The changing task prices are identified from the wage
growth of workers associated with the propensity to work in abstract, manual and routine
intensive occupations®.

A different approach is taken by Gottschalk, Green and Sand (2015), who use a
combination of bounding and reweighting techniques to study the trends in occupational task
prices in the U.S. over the period 1984 to 2013. The core idea behind these techniques,
roughly speaking, is to generate an occupational wage series that is adjusted for changes in
the composition and ability distribution of workers within occupations. Having such a series
provides the opportunity to study developments in occupational wages over time that are free
from composition and selection effects, and to draw inference about movements in
occupational task prices. In order to obtain an ability constant sample, the authors first
identify the workers who are stayers in each occupation (people who would not change
occupations between two periods when relative task prices change) and focus on them. This is
achieved by comparing the employment sizes of each occupation in two periods, making
some extreme assumptions about the ability distribution of stayers (as compared to movers),
and trimming a certain portion of workers from either the top or bottom of the wage
distribution in the period with an excess employment’. The ultimate goal is to obtain an

8 As Bohm (2020) points out, the estimated changes in task prices are in fact changes in prices paid
for a unit of labour in three broad occupational groups. The three occupational groups are dominated
by abstract, routine and manual tasks, respectively, and for this reason they are often labelled as
abstract, routine and manual intensive occupations. However, they are comprised by many detailed
occupations and contain a variety of different tasks.

? Consider, for example, that total employment in a given occupation has increased from 100 to
120 workers between period t and t+1. According to the logic of the model, this means that 100
workers are stayers in both periods and 20 workers are movers in the second period. The paper aims to
identify the 20 workers who are movers and drop them from the sample, such that only the 100
workers who are stayers remain. To achieve this, the authors make some assumptions about the ability
of movers (as compared to the median stayer) and trim 20 observations from the top or bottom of the
wage distribution in the second period. Under the assumption that the movers are of lower (higher)
ability than the median stayer, the authors trim from the bottom (top) of the wage distribution in the
second period. The remaining sample of 100 observations constitute an ability constant sample of

7



ability constant set of workers (the stayers) and follow their observed median wages over
time. Similarly, in order to obtain a composition constant set of workers, the authors divide
the sample into cells based on observables and perform the described trimming procedure for
each cell separately. The composition constant cells are then combined into a weighted
average sample for which the median wage is calculated for each year and occupation group
(routine, manual and cognitive occupation groups). By making different assumptions about
the ability distribution of workers across occupations, the paper estimates different upper and
lower bounds on the movements in occupational task prices. Overall, the paper finds that
routine, manual and cognitive task prices have all increased in the 1990s and have fallen after
2000s.

Bohm, Von Gaudecker and Schran (2019) develop a model for estimating the occupation-
specific prices paid for a constant unit of labour. The model is based on the Roy (1951)
framework and incorporates endogenous switching across occupations and occupation-
specific skill accumulation over the life-cycle. The model explicitly distinguishes between
prices and skills, and decomposes the wage growth of workers into an occupation-specific
price paid for a constant unit of labour and accumulated workers skills. The evolution of the
occupation-specific prices of labour is captured through an interaction term between year
dummies and an average occupational choice indicator, which is equal to 1 for workers who
remain in their occupation between two periods, 1/2 for workers who enter or leave an
occupation between two periods, and O for all other workers. The authors estimate the
evolution of prices for 120 detailed occupations and find that the price changes are positively
related to occupational employment changes and to the analytic and interactive task content of
occupations, and negatively related to the routine and manual task content of occupations!'’.
The authors recognize that the average occupational choice indicator might be correlated with
the error term in the wage growth equation, and instrument this variable with the workers
occupational choice in period t-1. The empirical analysis is based on German administrative
panel data over the period 1975-2010.

In sum, two points can be made based on the literature review so far. First, the existing
literature has presented a large variety of methods to estimate the returns to tasks and the
evolution of occupational wage premia. The different methods aim to correct for the non-
random assignment of workers into occupations and tasks, and the changing composition of
workers within occupations over time. Second, the discussed studies can be roughly divided
into works that estimate the level of returns to tasks (e.g., Stinebrickner, Stinebrickner and
Sullivan, 2019; Autor and Handel, 2013; De La Rica, Gortazar, Lewandowski, 2020), and
works that estimate the evolution of occupational wage premia over time (e.g., Cortes, 2016;
Cavaglia and Etheridge, 2020; Gottschalk, Green and Sand, 2015; Bohm, Von Gaudecker and

workers for whom the median wages are calculated in both periods. Analogously, when employment
decreases between period t and t+1, then the trimming is done on the sample in period t.

10 Note that the paper does not estimate returns to analytic, interactive, routine and manual tasks,
but only relates the estimated price changes to the analytic, interactive, routine and manual task
content of the 120 occupations.



Schran, 2019)!'!. The present paper examines the level of returns to tasks and fits thus within
the first group of studies.

Instrumental variables and related approaches: The method of instrumental variables,
which is one of the most commonly used methods in empirical economic research (see
Wooldridge, 2002, Chapter 5), has not found many applications in the existing literature on
the returns to tasks. The reason for this lies probably in the fact that it is difficult to find
credible instruments that are correlated with job tasks assignments, but uncorrelated with
individual wages. We are aware of only few papers that employ this technique to examine the
returns to tasks (in the United States, Britain and Brazil, respectively).

An early example of using instrumental variables in the current context is the work of
Borghans, Ter Weel and Weinberg (2008). The authors develop a theoretical framework to
study the relationships between interpersonal styles, occupational choices and labour market
outcomes. In the basis of this framework is the observation that people differ with regard to
their interpersonal styles (e.g., some people are more caring, while others are more direct),
and jobs require different mixes of interpersonal styles (e.g., directness is more important for
managers than for nurses). Accordingly, the model predicts that people with different styles
will be assigned into different types of jobs. The authors employ British and German survey
data to study the implications of the model, and show among many others that interpersonal
tasks (measured as the ratio of the importance of directness relative to caring in an
occupation) are positively associated with wages. The latter relationship is of particular
interest for the present discussion, because it is estimated using instrumental variables.
Namely, the authors utilize two instrumental variables for interpersonal tasks. The first
variable measures the change in the importance of interpersonal tasks among men, and serves
as an instrument for the overall change in the importance of interpersonal tasks (1997-2001)
in occupations. The second variable measures the change in interpersonal tasks between 1997
and 2001 in the workers’ previous occupation (referring to the year 1997), and serves as an
instrument for the difference between the workers’ interpersonal tasks in 2001 and the mean
interpersonal tasks in their previous occupation in 1997'2. Both instruments are applied to the
British data only, and provide results that are largely comparable to the OLS estimates in the
paper.

Also Ross (2015) employs the instrumental variables approach (in combination with fixed
effects) to examine the impact of occupational tasks on workers wages in the U.S. The paper
is unique in that it combines panel data on individual workers with panel data on occupational
task content (the latter is created from 14 versions of the O*NET database, released between
2003 and 2014)"3. The big advantage of his panel data is that the task measures can vary both

" For example, Cortes (2016) and Cavaglia and Etheridge (2020) estimate the change in
occupational wage premia over time relative to a base year and relative to the change in a base
occupation category.

12 Note that the authors create “synthetic” panel data on individuals by subtracting the workers’ log
wages and tasks measures in 2001 by the mean value of these variables in the workers’ previous
occupation.

13 To our knowledge, this is the first study to generate a panel of occupational task content based
on O*NET.



across and within occupations over time, and also the same workers are observed over
multiple years and employment states. This allows the author to incorporate individual,
occupation, and job-spell fixed effects in the model (each of which controls for a different
level of unobserved heterogeneity), and still to be able to identify the effect of occupational
tasks on workers wages. The inclusion of occupation/job-spell fixed effects implies
furthermore that identification of the impact comes from within occupation/job-spell variation
in task content over time. On the empirical side, the author constructs three instrumental
variables for abstract, routine, and non-routine manual tasks and estimates a number of two-
stage least squares and fixed effects wage equations. The instruments are created by
interacting task measures in period t with the relative occupation-specific level of task
measures in a base year (the year 2000); whereas the relative level of task measures is
calculated by dividing the value of each task measure for a given occupation in 2000 by the
mean value of that task measure across all occupations in 2000. The author employs the three
instruments to study how changes in the abstract, routine, and non-routine manual task
content of occupations affect the wages of U.S. workers. It should be noted, however, that the
published version of the paper (Ross, 2017) does not contain instrumental variables
estimation. The reason why we choose to discuss the 2015 paper here, is that it is one of the
few works that use instrumental variables to examine the returns to tasks.

Another approach that is similar in spirit to the instrumental variables is the system GMM
(see Roodman, 2009). Consoli, Vona and Rentocchini (2016) use system GMM and fixed
effects regressions to study the impact of non-routine tasks on average hourly wages in 86
U.S. manufacturing industries between 1999 and 2010. The system GMM is a dynamic panel
data estimation technique that is designed to deal with dynamic relationships between
dependent and independent variables and models that include lagged dependent variables as
regressors. An important aspect of the system GMM is that it exploits lagged values of the
endogenous variables as instruments (see Roodman, 2009)!4. Specifically, Consoli, Vona and
Rentocchini (2016) estimate a series of dynamic wage equations where industry wages are
regressed on past values of wages and lagged values of non-routine task-intensity, trade, and
technology. The authors estimate the system GMM model for three different occupational
groups (defined at the industry level), and find that non-routine tasks are positively and
significantly associated with wages only for the group of high-skilled occupations, but not for
the groups of medium-skilled and low-skilled occupations. Additional sensitivity analyses,
based on standard fixed effects regressions (with industry fixed effects and without lagged
dependent variables), show that non-routine tasks have a positive and significant effect on
wages across all three occupational groups, and that the size of the effect is substantially
higher for high-skilled and medium-skilled occupations than for low-skilled occupations.

Finally, before we conclude this section, it is worth referring also to the analysis of Ehrl
and Monasterio (2021) who employ an instrumental variables approach to study how the
spatial concentration of tasks in local labour markets affects the average wages in these labour

14 “pecause the estimators [system and difference GMM] are designed for general use, they do not
assume that good instruments are available outside the immediate dataset. In effect, it is assumed that
the only available instruments are “internal”—based on lags of the instrumented variables” (Roodman,
2009, p.100, [own text]).
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markets. The authors distinguish between five task types (non-routine analytic, non-routine
interactive, routine cognitive, routine manual, and non-routine manual) and instrument the
spatial concentration of these tasks by shift-share types of instruments in the spirit of Bartik
(1991). Their empirical analysis is based on Brazilian micro data, and shows that a higher
concentration of non-routine analytic tasks is associated with positive wage effects for all
workers in the local labour market.

In sum, the instrumental variables approach is a powerful tool for estimating causal effects
in the presence of endogenous regressors. Despite its many virtues, a key drawback of this
technique is that its applicability in empirical research depends on the availability of valid
instruments. And, as is often the case, finding valid instruments is easer said than done, and
probably for this reason the IV method has not found many applications in the empirical
literature on the returns to tasks. To the best of our knowledge, this is the first paper to use an
instrumental variables approach to estimate the returns to routine job tasks in Germany, and it
is also one of the few papers that use this method to study the returns to tasks in general.

Having said that, it should be noted that the above literature review is narrowly focused on
returns to tasks, and does not cover other closely related areas of research that analyse the
impact of routine tasks on computer adoption and employment growth (see e.g., Autor and
Dorn, 2013), the effects of industrial robots on employment and wages (see e.g., Dauth et al.,
2021; De Vries et al., 2020), the impact of immigration on the task content of native workers
(see e.g., Akgilindiiz and Torun, 2020), the effects of occupational-mismatch/occupational
intensity on individual wages (see e.g., Aepli, 2019; Bublitz, 2018), the wage impact of
offshoring and how this varies with the task content of workers occupations (see e.g.,
Baumgarten, Geishecker and Gorg, 2013), etcetera. In all these instances the authors use one
or another form of instrumental variable estimation. This brings us to the conclusion that
while the instrumental variables approach is rarely used in the literature on the returns to
tasks, it is quite commonly used in the broader context of the task-based approach literature.

3 Empirical methods and validity of instrumental variables

This section is organized in two parts - Section 3.1 presents the empirical methods that are
used to estimate the effect of routine task-intensity on wages, and Section 3.2 discusses the
validity of the instruments.

3.1 Empirical methods

To examine the impact of routine tasks on wages, we regress the log hourly wages of
German workers on a measure of their individual routine task-intensity and a detailed set of
observable individual, job, firm and industry characteristics:

(1) WAGEi 2012 = 60 + 61RTLi2012 + 2R Tloec + 83DEMi 2012 + 84EDUi 2012 + 8sEMPLi 2012 +
06JOBi 2012 + 87FIRMi 2012 + 08Di 2012 + i2012

The outcome variable, WAGE, stands for the log hourly wage of survey respondent i in
2012. RTI; is the main variable of interest and measures the individual routine task-intensity
of respondent i in 2012. RTl.c denotes the average routine task-intensity of worker i’s
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occupation in that year!>. DEM contains a set of standard socio-demographic characteristics
such as marital status, children, health condition and migration background. EDU controls for
level of education and measures the number of years of schooling of respondent i. EMPL
stands for employment history and includes six variables — experience, experience squared,
tenure, number of employers since first job, previous unemployment, and duration of
unemployment. JOB controls for workplace characteristics such as job complexity, intensity
of using computers at work, number of working hours, working irregular hours (outside the 7
a.m. to 7 p.m. range), working in the weekends, being on a stand-by-duty, and having a
supervisory position. FIRM controls for firm size and includes six binary variables. D
contains a set of location, sector and occupation-specific effects - 17 dummies for firm
location, 21 dummies for sector of employment and 38 dummies for current occupation of
respondents'®. u is a random error term and 8- 8g are the parameters to be estimated. All
regressions are weighted by the population weights provided in the data.

Endogeneity of RTI: One concern with the estimation of equation (1) is that RTI might be
endogenous, i.e., correlated with the error term in equation (1). Endogeneity can arise as a
result of omitted variables, simultaneity and measurement error and can lead to biased OLS
estimates (Wooldridge, 2002)!”. The first source of endogeneity may occur when there are
unobservable factors that are related to both individual wages and RTI, and that are omitted
from the model simply because they are not observable. The omission of such factors will put
them into the error term of the wage equation and will cause a correlation between the error
term and RTI variable. Two good examples of unobservable factors that are likely to affect
both wages and RTI are workers ability and technology. Workers with higher abilities are
more likely to self-select into jobs that are intensively using analytic and interactive cognitive
tasks'® (i.e., jobs with a lower RTI index), and also to earn higher wages. The same argument
applies to unobserved technology. Technology affects the share of routine tasks in
occupations and also the wages that individuals earn (via its effects on productivity)'®. Failing
to account for such unobservable factors can lead to (downward) biased OLS estimates?’.

15 RTIoe is constructed at the three-digit occupation level, according to the ISCO-2008
classification system, and covers 130 occupation groups.

16 Note that the occupation dummies are generated at the two-digit level, while RTl is created at
the three-digit ISCO-2008 level. The ISCO-2008 (International Standard Classification of
Occupations, version 2008) classifies jobs into 10 major, 43 sub-major, 130 minor and 436 unit groups
(see ILO, 2012b). The 38 occupation dummies in equation (1) represent the sub-major groups, which
are commonly referred to as two-digit occupations because they are designated by a two-digit
occupation code. We have fewer than 43 occupation dummies, because we exclude people with
military occupations from the sample.

17 The following discussion of endogeneity is based on Wooldridge (2002, Chapter 4).

18 Cortes (2016) shows, for example, that high-ability routine workers who switch out of routine
occupations are more likely to choose (non-routine) cognitive occupations, while low-ability routine
workers are more likely to choose (non-routine) manual occupations.

19 Spitz-Oener (2006) shows that between 1979 and 1999 there has been a pronounced shift from
routine towards non-routine activities in German occupations. This change has been intensified by
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The second source of endogeneity can arise when RTI is determined simultaneously with
wages, and is partly a function of wages. One example of simultaneity is the situation where
individuals choose which tasks to perform based on the expected earnings associated with
different tasks. In such a case, not only will RTT affect wages, but also the wages will affect
RTI through the decision of workers of whether to perform certain tasks; the causality will
then run in both directions - from routine task-intensity to wages and from wages to routine
task-intensity — and will cause a correlation between RTI and the error term.

Finally, endogeneity may arise also when RTI is not accurately measuring the ‘true’
routine task-intensity. This is a non-trivial concern given that RTI is constructed from
individual survey data and is based on limited information. In this case our RTI variable can
be expressed as a sum of the unobserved true routine task-intensity (RTIw.) and a
measurement error: RTI = RTlwe + measurement error. Because the measurement error is
unobserved, it becomes part of the error term in equation (1). Whether mismeasurement will
lead to endogeneity bias depends crucially on the assumptions that are made about the
relationship between the measurement error, RTI and RTliwe. Under the classical errors-in-
variables assumption, the measurement error is assumed to be independent of the unobserved
true variable and correlated with the observed mismeasured variable, therefore leading to
inconsistency of the OLS estimator (see Wooldridge, 2002). The other extreme assumption is
that the measurement error is uncorrelated with the observed mismeasured variable (or any
other variable in the model) and correlated with the unobserved true variable. Under this
assumption, OLS remains a consistent estimator (see Wooldridge, 2002). Unfortunately, there
is no way to tell whether and how exactly RTI and RTlwe are related to measurement error.
Yet, it is plausible to assume that the measurement error is independent of RTIiwe, because
there are no reasons to believe that workers with certain true routine task-intensities, either
low or high, are more likely to misreport their work demands (which are used to create the
RTI variable). This necessarily implies that the measurement error must be correlated with the
RTI variable in equation (1). Such correlations, however, are problematic for the OLS
estimator. Under the classical errors-in-variables assumption, which is likely to hold in the
present setting, the estimated effect of RTI on wages will be attenuated towards zero®!.

computerized technologies at the workplace, which according to Spitz-Oener, have acted as a
substitute for routine and complement for non-routine tasks.

20 The OLS estimates will be downward (negatively) biased under the assumption that the wages
are positively correlated with ability and technology (Cov(Wage, Ability) > 0 and Cov(Wage,
Technology) > 0) and RTI is negatively correlated with ability and technology (Cov(RTI, Ability) <0
and Cov(RTI, Technology) < 0). However, other unobserved factors may lead to a different direction
of the bias. The direction of the bias will dependent on the covariance of the omitted variables with the
RTI and wages.

2! The measurement error creates random noise around the unobserved true variable and weakens
the true association between routine task-intensity and wages, therefore leading to attenuation of the
RTI coefficient towards zero.
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To address the above endogeneity concerns, equation (1) is estimated with OLS and
instrumental variables (2SLS)*. The routine task-intensity of survey respondent i in 2012
(RTTi2012) is instrumented with the routine task-intensity of his father’s occupation in 1979
and the routine task-intensity of his own occupation in 1979.

(2) RTIi2012 = Ao + AMRTIj, 1979 + A2Xi, 2012 + Vi, 2012

Where RTIj 1979 denotes the two instrumental variables and X is the vector of explanatory
variables included in equation (1).

The 2012 survey provides information about the occupation of the father at time when the
respondents were 15 years old. Using this information, in combination with task data from the
survey in 1979, we construct routine task-intensities for the fathers’ occupations in 1979. The
constructed instruments do not reflect actual tasks performed by the fathers or the workers,
but the average routine task-intensity of their occupations in 1979.

3.2 Validity instrumental variables

To be a valid instrument, RTIj 1979 is required to be correlated with RTIi2012 and
uncorrelated with ui2o12. The first condition can be easily tested — the partial correlation
between the two instruments and the endogenous variable is high and statistically significant,
which indicates that our instruments are relevant’>. More complex is the second condition
which requires RTIj 1979 to be uncorrelated with uizo12. This is generally a non-testable
condition, because it involves an error term that is unobserved. In what follows, we discuss
different channels through which the validity of our instruments can be violated and provide
strategies to work around them.

To fix ideas, it might be helpful to think of the error term in equation (1) as a composite
variable containing worker, job, firm and macroeconomic factors that are unobserved. The
exogeneity assumption will not be satisfied when there are unobserved worker characteristics
that are relevant to worker i’s wage in 2012 (e.g., innate ability, motivation, preferences) and
these are correlated with the routine task-intensity of the father’s occupation in 1979 or the
routine task-intensity of the worker’s own occupation in 1979. The relevant question being
asked here is whether, and to what extent, the instruments might be correlated with worker i's
unobserved effects in 2012, once we control for a large number of individual characteristics
such as education, experience, tenure, previous unemployment, duration of unemployment,
number of employers since first job, family status, children, health condition and migration
background. Although we cannot entirely rule out such possibility, it is reasonable to expect
that such correlations would be limited. The instruments are constructed at the occupational

22 For the 2SLS estimation we applied the user-written command “ivreg2” (Baum, Schaffer and
Stillman, 2010). See Baum, Schaffer and Stillman (2007, 2003) for a discussion of the features of
“ivreg2” and a comparison with “ivregress”.

2 The relevance of the instruments is not surprising; there is a large body of literature that studies
the intergenerational transmission of occupations and finds that the occupational choices of children
and parents are correlated (see e.g., Aina and Nicoletti, 2018; Lindquist, Sol and Van Praag, 2015;
Scoppa, 2009).
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level and do not reflect any actual tasks performed by the workers or the fathers in 1979
This mitigates the possibility that the instruments are capturing any individual effects that
might be associated with the fathers or the workers.

The second group of variables that are likely to enter the error term ui2012 (if not
sufficiently observed in the data) are the job-related variables. Jobs are the most important
determinants of the tasks that workers perform and the wages they earn®. To get such
variables out of the error term, we include occupation fixed effects in the model (i.e., 38
occupation dummies and one occupation-specific index measuring the average routine task-
intensity of worker i’s occupation in 2012), as well as numerous other variables that capture
the extent of computer use at work, the complexity of the job, the number of working hours
per week, binary variables for having a supervisory position, working irregular hours,
working on the weekends, and being on a stand-by duty. Once we control for all these job and
occupation-specific factors, we assume that the routine task-intensity of the father’s and the
worker’s occupation in 1979 are unrelated to omitted job-specific factors captured by u;012.

The third group of variables that might enter ui2o12 are the firm-related variables. Equation
(1) controls for firm size, location and sector of economic activity in which the firm operates.
Other factors that could influence individual wages, but are omitted from the model, are firm
productivity and international trade?®. The question being asked here again is whether these
omitted variables could be correlated with our instruments. Firm productivity and foreign
trade themselves are unlikely to be directly related to the routine task-intensity of the father’s
or the worker’s occupation in 1979. Workers employed in more productive or trading firms
might engage in different types of tasks than their counterparts employed in less productive
domestic firms. However, such differences will be (partly) captured by the occupation fixed
effects and the job-related variables in our model®’.

The final group of variables that potentially could threaten the validity of our instruments
are the unobserved macroeconomic variables. Technology is the first factor that springs to
mind in this respect. The link between technological change and occupations is well-
established. New technologies are found to replace routine and complement non-routine

2% They merely reflect the 1979 level of routine task-intensity of the worker’s and the father’s
occupations.

23 Note that jobs and occupations are different concepts. A job is a set of tasks and duties which are
performed by one worker for a particular employer or in self-employment, while an occupation is a set
of jobs whose tasks and duties are highly similar (see ILO, 2012). An occupation is comprised by
many jobs — two workers who have the same occupation may perform different types of tasks,
depending on their jobs.

% There is a large body of literature on the link between firm productivity, international trade and
wages (for an overview see Bernard, Jensen, Redding and Schott, 2012).

27 To test the sensitivity of the results to omitted firm-specific variables, in Appendix D we control
for four additional firm-specific variables (one variable measuring the economic situation of the firm,
and three variables indicating whether the firm has relocated or outsourced firm units, merged with
another firm, or strongly expanded in the past two years), and show that the estimated effect of RTI on
wages is not sensitive to the inclusion of these variables in the model. The downside of this exercise,
however, is that the four variables are a valid skip for some workers and their inclusion in the model
leads to a significantly smaller sample size.
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labour, leading to an overall decline in the share of routine tasks across and within
occupations (Spitz-Oener, 2006). The question is whether past technology shocks that took
place prior to 1979, and affected the task content of occupations in 1979, have long-persistent
effects and are still related to current technology. If this is the case, then our instrumental
variables might be correlated with (unobserved) current technology. The same argument
applies to past positive shocks to wages that might have induced substitution of routine labour
for machines. If such shocks tend to persist over long periods of time, then the instrumental
variables will be correlated with the error term in the second-stage model.

The 33-year interval between the time when the instruments were realized and present
time makes such threats to validity not very plausible. The instrumental variables go back to
1979, which is a time well before the widespread use of computers and Internet in the
workplacezg. It is, therefore, unlikely that our instruments will be related to current
technology.

Even though we expect our instruments to be uncorrelated with unobserved current
technology, we are sensitive to such concerns and take some further steps to limit possible
links between the instruments and the error term. To this end, we include the routine task-
intensity of worker 1’s occupation in 1979 (that is, our second instrument) as a right-hand side
variable in the second-stage model, while using the routine task-intensity of the father’s
occupation in 1979 as an instrument. This new ‘control’ variable is shaped by the same
technology as the father-based instrument and reflects the past impact of technology and
wages on the task content of occupations in 1979. Hence, we believe that the routine task-
intensity of the father’s occupation in 1979 is uncorrelated with unobserved current
technology, conditional on the routine task-intensity of worker i's occupation in 1979 and
2012, and the rest of the explanatory variables that we control for in the regressions®.

Excludability instruments: The exogeneity condition implies that the instruments should
not have a direct effect on wages, i.e., they must be excludable from the second-stage model.
If, instead, the instruments have an independent effect on wages and are omitted from the
model, then they will be absorbed into the error term and the error term will be correlated
with the instruments (see Cameron and Trivedi, 2005, Sections 4.8). The most straightforward
test of excludability is to include each of the instruments in turn as a right-hand-side covariate
in the second-stage model, while using the other variable as an instrument. The question that
we ask here is whether the routine task-intensity of the father’s occupation in 1979 and the
routine task-intensity of the worker’s occupation in 1979 are directly and significantly related
to individual wages in 2012, conditional on the rest of the explanatory variables in the model.
The regression results (presented and discussed in Table 7 and A2) reveal that the two
instruments are not related to individual wages in 2012 — the estimated coefficients and t-
statistics are close to zero (which result holds true across different model specifications). Also

28 As a reference, the first computers in the White House were installed in 1978 and the Internet
was officially launched in 1983 (http://www.computerhistory.org/timeline). Retrieved on November
11, 2016.

2 Analogously, we follow the same line of reasoning and repeat the same exercise also for the
other instrument.
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the Hansen J test of overidentifying restrictions point in the same direction — the test statistic
can never reject its joint null hypothesis of instrument validity.

Overall, these exercises provide suggestive evidence that our instruments are likely to be
excludable from the second-stage wage equation.

4 Data and descriptive statistics

The empirical analysis is based on data from two waves (1979 and 2012) of the German
Employment Survey. It is a repeated cross-section survey administered by the Federal
Institute for Vocational Education and Training (BIBB) in cooperation with the Institute for
Employment Research (IAB) and the Federal Institute for Occupational Safety and Health
(BAuA)*°. The survey started in 1979 and since then it has been carried out several times
(roughly once every six years). Section 4.1 describes the 2012 round of the survey, which is
the primary data source for this analysis. Section 4.2 details the construction of the routine
task-intensity measure. The 1979 survey, which is used for the construction of the two
instruments, is discussed in Section 4.3 together with the description of the instruments.

4.1 German BIBB/BAuA Employment Survey 2012

The 2012 BIBB/BAuA Employment Survey (Hall, Siefer and Tiemann, 2015) is a
representative cross-section survey among employed individuals who are 15 years or older
and in paid employment for at least ten hours per week in Germany. The survey is organized
around the thematic areas “work and occupation in transition” and “acquisition and utilisation
of vocational qualifications” (Rohrbach-Schmidt and Hall, 2013, p.3) and provides rich
information on employment status, occupational activity, job and workplace characteristics,
general education and vocational qualifications, employment history, and socio-demographic
characteristics. Of special interest for the present analysis is the collected data on work
demands. The survey respondents are asked to indicate whether certain demands (e.g.,
repetitiveness of work, speed of work, pressure to perform) occur in their work and how often
this happens. Section 4.2 describes further the work demands and the way we utilize them to
create individual routine task-intensity scores. Of special interest for the current analysis is
also the collected data on parental occupation. The survey respondents are asked about the
title of the occupational activity pursued by their father (or mother, in case they did not live
together with their father) at the time when they were 15 years old. Based on this information,
we construct our first instrumental variable which measures the routine task-intensity of the
father’s occupation.

Table 1 provides summary statistics for the variables that are used in the empirical
analysis (for a description of the variables, see Appendix B1). The sample is restricted to male
workers who are between 18 and 65 years old, and who are in paid employment for at least 30
hours per week>!. The sample excludes workers with military occupations, and all cases with

30 Until 1991 the survey was administered by BIBB and IAB, and afterwards by BIBB and BAuA
(Rohrbach-Schmidt and Tiemann, 2013).

31 This is our definition of full-time employment. Different working hours cut-offs, such as 35 or
40 hours per week, provide very similar results. The results are similar also when we restrict the
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missing values on one of the variables included in the econometric model. This procedure
significantly reduces the sample size, because we control for a very large number of
explanatory variables. To ensure that the final sample remains representative, we weight all
regressions by the population weights provided in the data. Later, in the sensitivity analysis
section, we will examine the sensitivity of the results to sample selection; we will construct
alternative samples with fewer explanatory variables and a much larger sample size, and will
show that the estimated effects are not driven by sample selection.

sample to prime-age workers (ages 25-55). However, this comes at the cost of a smaller sample size
(3,315 observations). Results are available upon request.
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Table 1. Summary statistics

Mean SD

Log hourly wage 2.817241 5136171
Years of schooling 14.67215 2.372645
Marital status (married) 5645123 495879
Children (yes/no) 627262 48359
Migration background .0841363 2776248
Health status (good) .8841363 .320099
Age 45.76968 10.16403
Experience 25.33702 11.11874
Tenure 15.22914 11.32467
# employers since first job 3.516099 3.170913
Ever been unemployed (yes/no) 2904818 4540381
Duration unemployment (years) 4038778 1.101425
Supervisory position (yes/no) 4223267 4939881
Share of time working on a computer (%) 41.0651 32.58893
Working hours per week 44.89589 8.496866
Regular working hours, 7 am - 7 pm (yes/no) 7948296 4038735
Working on weekends, even if occasionally (yes/no) 7367803 4404324
On stand-by duty (yes/no) 2324324 4224329
Longer working-in period required to perform activity .8792009 3259319
Firm size:

1-9 persons 1673325 3733164

10-49 persons 2176263 4126804

50-99 persons 1172738 3217841

100-249 persons .1410106 .3480734

250-499 persons .1008226 301129

500 or more persons 2559342 4364363

Firm location (17 dummies)

Firm sector (21 dummies)

Current occupation (38 dummies)

N: 4,255 observations




4.2 Constructing the routine task-intensity (RTI) measure

The routine task-intensity is the main explanatory variable of interest in this analysis.
However, this variable is not readily available. For its construction, we select four questions
from the survey that are informative about the workers’ job demands and calculate individual
RTI scores based on them. In our choice of questions, we are guided by the discussion of
Rohrbach-Schmidt and Tiemann (2013) who provide an excellent analysis of the strengths
and weaknesses of the survey when it comes to the creation of routine tasks indices. Table 2
presents the selected survey questions and shows how they are related to routine task-
intensity. Survey respondents are asked to indicate whether each of the four demands occur in
their work, and how frequently this happens (often, sometimes, rarely or never).

Table 2. Survey items used to construct RTI*?

RTI Work demands in 2012 survey

) Work is stipulated in minutest details (D1)

) One and the same work cycle or process is repeated in minutest details (D>)

! Worker facing new tasks which s/he has to think through and get familiar with (D3)
! Worker has to improve existing procedures or try out something new (D4)

Note: The work demands correspond to questions F411 02, F411 03, F411 04 and F411 05.

To calculate the individual RTI scores, first we recode the survey answers into yes (often,
sometimes) and no (rarely, never) answers. We do this because the original answers (often,
sometimes, rarely or never) represent an ordinal scale and do not have a numerical meaning.
Then, we combine the four work requirements into a single measure of routine task-intensity.
RTI increases when work is stipulated in the minutest details (D;) and the same work is
repeated in the minutest details (D), and decreases when workers face new tasks which they
have to think through and get familiar with (D3) and when they have to improve existing
procedures or try out something new (D4).

(3) RTIi = Dii + Dai - Dsi - D4

whereas i stands for a survey respondent and D indicates the four requirements in Table 2. To
assess the sensitivity of the results with respect to the definition of RTI, in the robustness
analysis we generate two alternative RTI measures that are based on (i) a larger set of work
requirements, and (ii) a different set of sixteen work activities.

The RTI scores range between -2 and 2, whereas a score of -2 indicates the absence of
routine tasks in the work of an individual, and a score of 2 means the opposite. Figure 1

32 Rohrbach-Schmidt and Tiemann (2013) use the same survey questions to create their measure of
routine tasks.
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shows the distribution of RTI for nine major occupation groups®>. The routine scores are
depicted on the x-axis, and the percentage of people associated with these scores is reported
on the y-axis. The figure shows that around 70 percent of the Managers and Professionals and
50 percent of the Technicians and Associate Professionals have a negative score on RTI. This
means that the people employed in these occupations perform on average more non-routine
tasks than routine. On the other side, over 50 percent of the workers in Elementary
Occupations and 40 percent of the Machine Operators and Assemblers are estimated to have a
positive score on RTI, which may suggest that routine tasks constitute a substantial part of the
tasks in these occupations. Finally, over 40 percent of the Clerical Support Workers, Services
and Sales Workers, Craft and Related Trades Workers and Machine Operators and
Assemblers have a 0 score on RTI — this means that the shares of routine and non-routine
tasks are exactly balanced for 40 percent of the workers in these occupations.

Overall, Figure 1 shows that non-routine tasks are mostly performed by high-skilled
workers, such as managers and professionals, while routine tasks are primarily done by low-
skilled workers, such as those working in elementary occupations or plant and machine
operation and assembly>*.

Managers Professionals Technicians & Assoc. Professionals

0 10 20 30 40 50

Clerical Support Workers Services & Sales Workers Skilled Agric, Forestry & Fishery Workers

Percent
0 10 20 30 40 50

Craft & Related Trades Workers Plant & Machine Operators, Assemblers Elementary Occupations

0 10 20 30 40 50

-2 -1 0 1 2 -2 -1 0 1 2 -2 -1 0 1 2
Routine task-intensity

Figure 1. Distribution of RTI per major occupation group (4,255 observations)

33 The nine major occupation groups are defined according to ISCO-2008. Military Occupations is
the only major group that is not shown in the graph, because individuals with military occupations are
not included in the sample.

3% Figure Al in the appendix depicts the mean routine task-intensity for the nine occupation
groups.
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Figure 2 plots the relationship between routine task-intensity and hourly wages. The five
bars in the graph clearly show a negative correlation between RTI and wages - hourly wages
are highest (23 euros) at the lowest level of routine task-intensity (a score of -2) and lowest
(13 euros) at the highest level of routine task-intensity (a score of 2). Interestingly, Figure A2
in the appendix shows that the negative relationship between RTI and wages is also present
within the nine major occupation groups — i.e., managers with lower routine task-intensities
earn on average higher wages than managers who have higher routine task-intensities. The
same holds true for professionals, technicians and associate professionals, clerical support
workers, services and sales workers, and skilled agricultural, fishery and forestry workers.
The negative correlation between wages and RTI is much weaker for craft and related trades
workers, machinery operators and assemblers and elementary occupations (see Figure A2).
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10

-2 -1 0 1 2
Routine task-intensity

Figure 2. RTI and hourly wages (weighted, 4,255 observations)

4.3 Constructing the two instrumental variables

The 2012 survey provides information about the occupation of the fathers at the time when
the workers were 15 years old. In order to construct routine task-intensity scores for the
occupations of the fathers, we proceed as follows. First, based on the 1979 round of the
survey (see Rohrbach-Schmidt, 2009 for a description of the survey) we calculate individual
RTTI scores for each participant in the survey:

4) RTIjjt = Dujje + Daijt - Dsijt - Daijt

whereas D indicates the four requirements presented in Table 3, i stands for a survey
respondent, j for occupation and ¢ for the 1979 survey year. The individual RTIj; indices are
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then aggregated to a three-digit occupation level based on the KldB-1988 classification
system, which results in 335 occupation-specific RTI measures:

(5)  RTILie= -1 (RTLje) * wit

whereas RTIj stands for the average routine task-intensity of occupation j in 1979 and wj
denotes the weights given to each worker in the 1979 survey. Finally, the aggregated RTIj
measures are merged with the occupation of the father in the 2012 survey®. The so
constructed instrument reflects the routine task-intensity of the father’s occupation in 1979.

To create the second instrument, we merged the occupation-specific RTIj measures from
1979 with the current occupation of survey respondents in 2012. The second instrument
reflects thus the 1979 level of routine task-intensity of the current occupation of workers.

In sum, we construct two instrumental variables - one measuring the routine task-intensity
of the workers’ occupation in 1979 and another one measuring the routine task-intensity of
the fathers’ occupation in 19793

Table 3. Survey items used to construct RTIj in 19797

RTI Work demands in 1979 survey

) Work is stipulated in minutest details (D)

) One and the same work cycle or process is repeated in minutest details (D2)
! Work requires adapting to new situations (D3)

! Worker has to improve existing procedures or try out something new (D4)

Note: The work demands correspond to questions V276, V277, V269 and V262.

Figure 3 illustrates the relationship between the endogenous and instrumental variables —
the first scatter plot shows the relationship between the individual RTI and the RTI of the
father’s occupation in 1979; the second one depicts the link between the individual RTI and
the RTI of the worker’s occupation in 1979; and the third one portraits the relationship
between the two instruments. The fitted lines on the three scatter plots indicate that there is a
positive correlation between the three variables — the pairwise correlation coefficients equal
0.18, 0.41 and 0.20, respectively.

35 See Appendix B.2 for further details on the merging of the instrument with the occupation of the
father.

3¢ The instruments are calculated over a sample of workers who are between 18-65 years old, and
without missing observations on occupational activity and work demands.

37 The 1979 survey participants are asked to indicate how often each of these requirements occur in
their work - always, often, sometimes, rarely or never. For the purposes of our calculation, we recode
the provided answers into yes (always, often, sometimes) and no (rarely, never) answers.
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Figure 3. Correlation between endogenous and instrumental variables (weighted, 4,255
observations)

5 Empirical results®®

This section presents the main results of the empirical analysis. Section 5.1 explores the
relationship between RTI and wages using OLS regressions, while Section 5.2 and 5.3 report
2SLS estimates of the effect of RTI on wages based on the first and second instrument,
respectively.

5.1 OLS estimates

Table 4 presents OLS estimates of the impact of routine task-intensity on individual log
hourly wages. Each column in the table shows results from a different model specification. As
a baseline, column (1) considers routine task-intensity as the only explanatory variable. The
estimated coefficient is negative and highly statistically significant. However, as already
discussed, the OLS estimates are likely to be plagued by endogeneity problems and therefore
cannot be interpreted as causal effects. The estimated coefficient merely gives an idea about
the existence of a negative correlation between routine tasks and hourly wages. The R-

3% All Stata DO-files are available upon request from the author. Raw data is available from GESIS
(Scientific Use Files: ZA5657, ZA1243). For more information on how to apply for data access see
http://www.bibb.de/de/63 182.htm.
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squared in column (1) shows that the routine task-intensity alone explains around 8 percent of
the variation in log hourly wages. Columns (2) to (5) add additional controls for demographic
characteristics, level of education, employment history, job-related characteristics, as well as
firm location, sector and size. The inclusion of these variables results in substantially lower
estimates of the effect of RTI on wages — already in column (2) the coefficient of RTI drops
to about -.05. The lower magnitude of the coefficient may suggest that omitted variables play
an important role here, and that failing to account for such variables is likely to produce
downward (negatively) biased OLS estimates. The explanatory variables in column (2)
explain about 44 percent of the variation in log hourly wages. Column (4) presents regression
results from the most extensive model specification, which controls additionally for
occupation-specific effects. The regression includes 38 occupation dummies and one variable
measuring the occupational routine task-intensity. The occupation dummies represent two-
digit ISCO-2008 occupations, while the occupational RTI variable reflects the average routine
task-intensity of 130 three-digit ISCO-2008 occupations®. A comparison of the coefficients
and R-squared in columns (3) and (4) suggest that the occupational RTI variable has no
additional explanatory power over the 38 occupation dummies — the estimates in both
columns are roughly the same and the models explain approximately 50 percent of the
variation in log hourly wages. The coefficient of RTI decreases slightly after the inclusion of
the 38 occupation dummies in model (3) and (4), but it remains highly significant.

Table 4. OLS results log(hourly wages)

(D () 3) 4 ()
OLS OLS OLS OLS OLS

RTI - 137%*%F - 0518%** - 0370%**  -0370%** -0461***

(-16.50) (-7.35) (-5.47) (-5.46) (-6.59)
Control variables! - yes yes yes yes
38 occupation dummies - - yes yes -
RTTI occupation (mean value) - - - yes yes
R-squared 0.08 0.44 0.50 0.50 0.45
N 4,255 4,255 4,255 4,255 4,255

™ p<0.001,™ p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size. Regressions are weighted by the population weights provided in the data.
Dependent variable is log hourly wages.

Overall, the results in Table 4 show that workers with routine intensive jobs earn on
average lower wages. The negative correlation between routine tasks and wages remains
robustly significant across various model specifications. Remarkably, the results in columns

3 Appendix B1 provides further details on the construction of the occupational RTI variable.
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(3) and (4) find that the negative correlation is present also within the 38 two-digit
occupations. Even though these results cannot be interpreted as causal effects, they suggest
that there might be a causal relationship between routine tasks and wages. In the following
section, we will examine further the causal effects of routine tasks on wages.

5.2 Two-stage least squares estimates first instrument

Table 5 reports the first-stage and second-stage results of the Two-Stage Least Squares
(2SLS) regressions. In the second-stage, the dependent variable is the log hourly wage of
German workers in 2012 and the endogenous variable is the individual routine task-intensity
in 2012. The endogenous variable is instrumented with the routine task-intensity of the
father’s occupation in 1979. The upper panel of the table shows the first-stage results of the
relationship between the instrument and the endogenous variable. The routine task-intensity
of the father’s occupation in 1979 is positively and significantly correlated with the individual
routine task-intensity in 2012. The F-statistic on the excluded instruments is greater than 10 in
three of the estimated models, which indicates that our instrument is sufficiently strong. As a
rule-of-thumb, the F-statistic should be higher than 10 in order to reject the null-hypothesis of
weak instruments (see Staiger and Stock, 1997)%.

The lower panel of Table 5 presents the second-stage results for the main variable of
interest, the RTI. Column (1) shows the results of the baseline model which includes routine
task-intensity as the only explanatory variable. The estimated coefficient is negative and
highly statistically significant, which means that routine tasks have a negative impact on
individual hourly wages. Other things being equal, a one unit increase in routine task-intensity
is associated with approximately 35 percent lower wages*!. To put this estimate into
perspective, consider that roughly one unit is the difference between the RTI indices of the
Professionals and the Clerical support workers. The estimated coefficient of -.35 then means
that if Professionals were to perform the same type of tasks as Clerical support workers, they
would earn on average 35 percent lower wages, ceteris paribus*2.

Column (2) additionally controls for demographic characteristics, educational level,
employment history, job-related characteristics, as well as firm location, sector and size. The
included explanatory variables enter the wage equation with the expected signs. Notably, the
coefficient of RTI remains largely unchanged and even increases slightly in magnitude to -
.37. Column (3) explores further the role of occupations as determinants of wages and
augments the model with 38 occupational dummy variables. The inclusion of the dummy
variables allows us to study whether there is a negative effect of performing routine tasks on

40 Cited in Baum, Schaffer and Stillman (2007).

41 Strictly speaking, a one unit increase in routine task-intensity is associated with around 30
percent lower wages (exp(-0.357)-1)*100=-0.30). However, in order to keep the interpretation of the
results simple and trackable we will stick to the coefficients values as shown in the table.

42 Both occupations are quite different not only in terms of tasks, but also in terms of required
skills and educational levels — e.g., for Professionals a second stage of tertiary education is required,
while for Clerical support workers a secondary level of education is required (see ILO, 2012, tables 1
and 2, p.14). Also, in our sample, the Professionals have on average about 3.5 years more education
than the Clerical support workers.
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individual wages within occupations. The coefficient of RTI in column (3) confirms that
routine tasks are negatively associated with hourly wages also within the 38 occupational
groups. The size of the coefficient remains almost unchanged as compared to the previous

column®.

Table 5. Instrumental variables estimation results log(hourly wages)

(1 (2) 3) “4) (%)
2SLS 2SLS 2SLS 2SLS 2SLS
A. First-stage results: dependent variable is RTI
RTI father’s occupation 1979 3447 1347 096" 097" 123"
(9.68) (4.00) (2.96) (2.98) (3.72)
F-test excl. instr. 93.76 16.02 8.76 8.85 13.82
Hausman endogeneity [p] [0.0000] [0.0007] [0.0073] [0.0073] [0.0015]

B. Second-stage results: dependent variable is log hourly wages
RTI - 35T7HH* -379%* -376* -374% -.380%*
(-6.57) (-2.97) (-2.18) (-2.19) (-2.71)

Control variables! - yes yes yes yes
38 occupation dummies - - yes yes -
RTTI occupation (mean value) - - - yes yes
N 4,255 4,255 4,255 4,255 4,255

™ p<0.001," p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size. Regressions are weighted by the population weights provided in the data.
Hausman test tests the null hypothesis that the endogenous regressor can be treated as exogenous.

Column (4) goes one step further and considers the occupational routine task-intensity as a
potential predictor of individual wages. Differently from the 38 occupational dummies, which
are aggregated at the level of two-digit occupations, the occupational RTI is constructed at the
level of three-digit occupations and reflects the average routine task-intensity of 130
occupational groups. The correlation between the individual RTI and the occupational RTI is
about .28. The results in column (4) show that the inclusion of the occupation-specific RTI
variable in the model does not have any impact on the estimated effect of the individual RTI
on wages — its coefficient remains unchanged in terms of size and significance. On the other
side, the coefficient of the occupational RTI variable is close to zero and highly

43 1t might seem surprising that the negative effect of RTI on wages in model (3) is nearly as large
as the effect in the rest of the models, which include no occupational dummies. However, it should be
noted that RTI is constructed at the individual level and it has a high variation both within and across
occupations.
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insignificant**. To further examine the impact of the occupational RTI on individual wages,
column (5) excludes the 38 occupation dummies from the model and retains the occupational
RTI as the only occupation-specific variable. The estimated negative effect of RTI on wages
in column (5) is very similar to the rest of the estimates in Table 5, and in particular to the
estimate in column (2), which is based on a model without occupation-specific effects. As
before, the coefficient of the occupational RTI is close to zero and highly statistically
insignificant (results available upon request).

In sum, the results in Table 5 show that routine tasks have a negative and significant
impact on individual hourly wages — on average, the more routine tasks people perform at
work, the lower hourly wages they earn, other factors equal. The estimated negative effect is
around 37 percent.

The validity of any instrument relies on the assumption of no correlation between
instrument and error term. This essentially implies that the instrument should be excludable
from the second-stage model. The excludability condition would be violated when the routine
task-intensity of the father’s occupation in 1979 has a direct effect on workers wages in 2012.
Although such a direct connection might not seem very obvious at first glance, there is one
channel through which this could happen, and this channel is the occupation of the father. The
occupation of the father can potentially serve as a bridge between the instrument and the
workers wages in 2012. On the one hand, fathers occupations are likely to be correlated with
family income. Children who grow up in wealthy families could have better access to formal
and informal education, spend more time on extracurricular activities, and eventually find
jobs that better match their qualifications*>. On the other hand, fathers occupations are also
correlated with the instrument which measures the routine task-intensity of the father’s
occupation in 1979. The excludability condition could be violated even more so when fathers
and children share the same or similar occupations, and the fathers decide to use their
professional networks to help further the career of their children. Likewise, fathers with
similar occupations could act as professional coaches for their children and could provide
them with valuable occupational knowledge and expertise. To assure that the routine task-
intensity of the father’s occupation is not directly related to individual wages, we perform
three specification tests. First, we generate a dummy variable that is equal to unity for workers
who have the same or similar occupations as their fathers. If there are any positive effects of
having the same occupation, then the coefficient of this dummy variable should be positive
and statistically significant. Table 6 presents the regression results of this exercise. The
coefficient of the dummy variable is not statistically significant, which indicates that workers
are not benefiting from having the same occupation as their fathers*. The estimated effect of

4 Results available upon request.

4 For example, Akee et al (2010) find that a permanent increase in household income has a
positive effect on children’s educational attainment and criminal behavior; Maurin (2002) shows that
parental income has a negative effect on the probability of being held back in elementary school; and
Fletcher and Wolfe (2016) find that family income plays an important role in the formation and
evolution of children’s non-cognitive skills.

46 We used the 3-digit KIdB-1988 occupational codes of the workers’ and the fathers’ occupations
to identify similar occupations. This is a natural strategy because the instruments are also constructed
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RTI on wages remains very robust to the inclusion of the dummy variable — a one unit
increase in individual routine task-intensity is associated with about 37 percent lower hourly
wages. As a second exercise, we exclude all workers who have the same occupation as their
fathers and re-estimate the model. Table Al in the appendix reports the results — the five
columns in the table, which correspond to five different model specifications, show that the
coefficient of RTI is unaffected by the exclusion of these workers. Finally, we test the
excludability of our instrument directly by including it as a right-hand-side variable in the
wage equation. Given that we have two instruments, we are able to control for the routine
task-intensity of the father’s occupation in 1979 in the wage equation, while instrumenting the
endogenous variable with our second instrument — that is, the routine task-intensity of the
worker’s own occupation in 1979. The results of this exercise are presented in Table A2 in the
appendix and show that the routine task-intensity of the father’s occupation in 1979 is not
directly related to individual hourly wages in 2012. The coefficient of this variable is highly
insignificant and close to zero, which may suggest that our instrument is excludable from the
second-stage model.

Table 6. Instrumental variables estimation results log(hourly wages)

(1 ) 3) 4 (3)
2SLS 2SLS 2SLS 2SLS 2SLS
A. First-stage results: dependent variable is RTI
RTI father’s occupation 1979 345" 135" .095™ .096™ 124
(9.67) (4.01) (2.92) (2.94) (3.72)
F-test excluded instruments 93.49 16.05 8.54 8.63 13.86
Hausman endogeneity [p] [0.0000] [0.0006] [0.0068] [0.0068] [0.0014]
B. Second-stage results: dependent variable is log hourly wages
RTI =361 %** -377%* -.379% -.378%* -.379%*
(-6.67) (-2.98) (-2.18) (-2.19) (-2.73)
Same occupation as father -0.0490 0.00833 -0.0165 -0.0166 0.00839
(-1.00) (0.19) (-0.40) (-0.40) (0.19)
Control variables! - yes yes yes yes
38 occupation dummies - - yes yes -
RTI occupation (mean value) - - - yes yes
N 4,255 4,255 4,255 4,255 4,255

™ p<0.001,™ p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm

at the 3-digit KIdB-1988 level. The results are not sensitive to using different classification systems
and aggregation levels (e.g., 2-digit ISCO-2008 level) to identify similar occupations.
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sector and 6 dummies for firm size. Regressions are weighted by the population weights provided in the data.
Hausman test tests the null hypothesis that the endogenous regressor can be treated as exogenous.

Another concern about our instrument is that it might be affected by the available
technology in 1979. If there are inter-temporal linkages between current technology and the
technology in 1979, and current technology is not fully captured by the explanatory variables
in the model, then the instrument might be correlated with unobserved current technology that
is absorbed in the error term. To account for past technology, we include the routine task-
intensity of the worker’s own occupation in 1979 (i.e., our second instrument) as an
explanatory variable in the model. The routine task-intensity of the worker’s own occupation
in 1979 is affected by the same technology that affects the instrument. By controlling for this
variable, we are able to directly capture the effect of technology in 1979 on the task content of
occupations in 1979 and, therefore, to reduce the possibility that our instrument is related to
unobserved current technology. The results of the estimation are presented in Table 7.
Overall, the table shows that the estimated RTI coefficients are robust to the inclusion of this
variable. Other things equal, a one unit increase in routine task-intensity is estimated to result
in about 32-39 percent lower wages. Furthermore, the results suggest that the routine task-
intensity of the workers’ own occupation in 1979 (our second instrument) is not directly
related to individual hourly wages in 2012 — all the coefficients of this variable are
statistically insignificant.

Table 7. Instrumental variables estimation results log(hourly wages)

(1) 2 3) 4) (5)
2SLS 2SLS 2SLS 2SLS 2SLS
A. First-stage results: dependent variable is RTI
RTI father’s occupation 1979 .189™ 114* 097" 097" A1
(5.54) (3.45) (2.98) (2.99) (3.38)
F-test excluded instruments 30.75 11.93 8.87 8.95 11.45
Hausman endogeneity [p] [0.0074] [0.0017] [0.0069] [0.0069] [0.0023]
B. Second-stage results: dependent variable is log hourly wages
RTI -.322% %% -.394% -375% -.374% -.392%
(-3.30) (-2.56) (-2.19) (-2.20) (-2.48)
RTI own occupation in 1979 -.0563 .0466 .0209 .0190 .0497
(-0.74) (0.61) (0.41) (0.38) (0.71)
Control variables' - yes yes yes yes
38 occupation dummies - - yes yes -
RTI occupation (mean value) - - - yes yes
N 4,255 4,255 4,255 4,255 4,255

™ p<0.001,™ p<0.01," p<0.05, t-statistics in parentheses.
! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
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number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size. Regressions are weighted by the population weights provided in the data.
Hausman test tests the null hypothesis that the endogenous regressor can be treated as exogenous.

5.3 Two-stage least squares estimates second instrument

This section presents the regression results from our second instrument — that is, the
routine task-intensity of the worker’s own occupation in 1979. To add comparison and
examine the robustness of the results, here we estimate the same model specifications as in
Table 5. The results are reported in Table 8. The upper panel of the table shows that the
second instrument is positively correlated with the endogenous variable — the estimated
coefficients are all positive and highly statistically significant and the F-statistics are well
above 10 in all models (and even above 500 in the first model), which indicates that we have a
strong second instrument. The lower panel of the table shows that the individual RTI is
negatively related to hourly wages. Other things being equal, an increase by one unit in
routine task-intensity is associated with about 27-39 percent lower wages, depending on the
model specification. The estimated coefficients in Table 8 are somewhat smaller in size than
those in Table 5, but overall they show the same picture. When it comes to the differences, it
seems that our first instrument provides more robust estimates than the second instrument. In
Table 5 the coefficient of RTI remains remarkably stable across different model
specifications, while in Table 8 the coefficient drops slightly (to about -.29) when we include
additional control variables in the second column and onwards.

Taken together, the results in Table 5 and 8 suggest that there is a negative effect of
performing routine tasks on wages and the size of the effect is largely robust to different
definitions of the instrumental variable. The latter result can be seen as an indication that our
instruments are not endogenous. If one or both of them were endogenous, then we would
expect to find different estimates in both tables.
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Table 8. Instrumental variables estimation results log(hourly wages)

(D 2 3 C)) &)
2SLS 2SLS 2SLS 2SLS 2SLS
A. First-stage results: dependent variable is RTI
RTI own occupation in 1979 7617 467 226" 222™ 416
(22.63) (11.07) (3.56) (3.50) (9.01)
F-test excluded instruments 512.08 122.46 12.70 12.25 81.18
Hausman endogeneity [p] [0.0000] [0.0000] [0.0101] [0.0099] [0.0000]

B. Second-stage results: dependent variable is log hourly wages
RTI -.396%** =204 %% -.283* -.288* - 273%**
(-15.82) (-7.31) (-2.41) (-2.41) (-5.56)

Control variables! - yes yes yes yes
38 occupation dummies - - yes yes -
RTI occupation (mean value) - - - yes yes
N 4,255 4,255 4,255 4,255 4,255

™ p<0.001,™ p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size. Regressions are weighted by the population weights provided in the data.
Hausman test tests the null hypothesis that the endogenous regressor can be treated as exogenous.

Another more formal test of the likely validity of our instruments is presented in Table 9.
Given that our model is overidentified, i.e., we have two instruments and one endogenous
variable, we are able to perform a test of overidentifying restrictions, also known as a Hansen
J test. The Hansen J test tests the joint null hypothesis that both instruments are valid
(uncorrelated with the error term) and correctly excluded from the estimated equation. Table 9
reports the results of the Hansen J test together with the estimated coefficients of the RTI*’.
The large p-values of the Hansen J statistic across the table indicate that the null hypothesis of
joint instrument validity cannot be rejected. This gives us more confidence that our
instruments are likely to be valid/exogenous. Unfortunately, the results of the Hansen J test
cannot serve as a strong proof of instrument validity, because the test relies on the assumption
that some of the instruments are valid and there are at least enough valid instruments to
identify the equation exactly (see Murray, 2006). This assumption, however, may or may not
be satisfied in practice. The test will be biased and inconsistent when too few of the
instruments are valid (Murray, 2006). In our case this means that at least one of the two
instruments should be valid in order for the Hansen J test to be valid and, thus, to be able to
rightfully verify the joint validity of our instruments. Of course, we can never know for sure

47 In Table 9 we use both instruments simultaneously and estimate the same model specifications
as in Table 5 and 8.
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whether one of our instruments is valid or not, and therefore we consider the results of Hansen
J test as an indication of the likely validity of our instruments, rather than as a verification of
validity.

Table 9. Instrumental variables estimation results log(hourly wages)

(1) 2 3) 4) O]
2SLS 2SLS 2SLS 2SLS 2SLS
A. First-stage results: dependent variable is RTI
RTI own occupation 1979 7227 459" 226%** 223" 4107
(20.94) (10.82) (3.58) (3.51) (8.84)
RTI father’s occupation 1979 189" 1147 097" 097" d117
(5.54) (3.45) (2.98) (2.99) (3.38)
F-test excluded instruments 287.59 72.63 12.21 12.02 49.90
Hausman endogeneity [p] [0.0000] [0.0000] [0.0002] [0.0002] [0.0000]
Hansen J statistic [p] [0.4851] [0.4886] [0.6539] [0.6797] [0.4140]
B. Second-stage results: dependent variable is log hourly wages
RTI - 392%%* -.303%%* o) Wholol =321 %% -287HxE
(-16.11) (-7.79) (-3.34) (-3.34) (-6.04)
Control variables! - yes yes yes yes
38 occupation dummies - - yes yes -
RTTI occupation (mean value) - - - yes yes
N 4,255 4,255 4,255 4,255 4,255

™ p<0.001," p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size. Regressions are weighted by the population weights provided in the data.
Hausman test tests the null hypothesis that the endogenous regressor can be treated as exogenous.

In sum, the exogeneity of the instruments cannot be tested formally because it involves an
error term that is unobserved. Even though, the above results provide some level of
confidence that our instruments are likely to be valid, because: (i) the Hansen test of over-
identifying restrictions never rejects its null hypothesis of instrument validity, (ii) the
instruments are never significant when included as an explanatory variable in the second-
stage model, and (ii1) the instrumental variable estimates are robust to the inclusion of
additional covariates in the model. If our instruments were endogenous, i.e., correlated with
the error term, then the estimated effect would have changed every time when we took
variables out of the error term and included them as explanatory variables in the model. The
fact that the instrumental variable estimates of the effect of RTI on wages remained stable
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across different model specifications provides suggestive evidence that the instruments are not
correlated with the error term.

6 Sample selection

The presented results so far are based on a sample of 4,255 full-time male workers, who
(1) have no missing values for all the variables included in the econometric analysis, and (ii)
have lived together with an employed father during their childhood. The first restriction is
self-explanatory and aims to assure that we have the same number of observations across
different model specifications, which facilitates the comparison of results. The second
restriction aims to assure that we retain only cases with observed father’s occupation. Our
empirical strategy relies on the occupation of the father for the construction of the first
instrument, and therefore we exclude all workers for whom the occupation of the father is
unknown. These are workers who either did not grow up together with a father or workers
whose father was unemployed. Both restrictions, however, can lead to a selective sample.

To examine the sensitivity of results to sample selection, in this section we relax both
sample restrictions and create an alternative and larger sample of full-time male workers with
non-missing data on wages, occupation and the four work requirements that are used to create
the individual RTI measure*®. This results in a new sample of 6,876 observations, which is
around 38 percent higher than our original sample and which also includes individuals with
unknown father’s occupation.

Table 10 presents two-stage least squares estimates of the effect of RTI on wages based on
the new sample. The individual routine task-intensity is instrumented with our second
instrument — that is, the routine task-intensity of the worker’s own occupation in 1979. This
makes the results in Table 10 directly comparable to those in Table 8 — the only difference
between both tables is the size of the sample. Furthermore, in our attempt to impose as little
restrictions on the sample as possible, in Table 10 we allow the number of observations to
vary per column, depending on the number of explanatory variables included in the model.

The estimates in Table 10 show that RTI has a negative and significant impact on
individual hourly wages — a one unit increase in RTI is associated with approximately 30-39
percent lower wages. The coefficients in Table 10 are very similar (and even slightly higher in
absolute terms) to those in Table 8, where the negative effect of RTI on wages is estimated to
be around 27-39 percent. Overall, the results of the sensitivity analysis suggest that our
baseline estimates are not driven by sample selection, either due to the inclusion of too many
control variables and the resulting small sample size, or due to the exclusion of workers with
unknown father’s occupation.

8 This is the minimum information that is required to estimate the effect of RTI on wages using
instrumental variables.
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Table 10. Instrumental variables estimation results log(hourly wages) — larger sample

(D 2 3 C)) &)
2SLS 2SLS 2SLS 2SLS 2SLS
A. First-stage results: dependent variable is RTI
RTI own occupation in 1979 740" 439" 211 209" .385™
(27.81) (12.93) (4.09) (4.04) (10.30)
F-test excluded instruments 773.33 167.29 16.71 16.34 106.04
Hausman endogeneity [p] [0.0000] [0.0000] [0.0038] [0.0041] [0.0000]

B. Second-stage results: dependent variable is log hourly wages
RTI -394 %%* ) Wil -.303** -.303* =301 %**
(-18.44) (-7.66) (-2.58) (-2.55) (-5.91)

Control variables! - yes yes yes yes
38 occupation dummies - - yes yes -
RTI occupation (mean value) - - - yes yes
N 6,876 6,194 6,141 6,141 6,141

™ p<0.001,™ p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, tenure, number of employers
since first job, previous unemployment and duration of unemployment), job characteristics (job complexity,
supervisory position, irregular working hours, stand-up duty, working with computers, number of working
hours), 17 dummies for firm location, 21 dummies for firm sector and 6 dummies for firm size. Regressions are
weighted by the population weights provided in the data. Hausman test tests the null hypothesis that the
endogenous regressor can be treated as exogenous.

A closer inspection of the data shows that individuals who lived together with an
employed father have on average a higher level of education and income, and perform less
routine tasks than those who grew up without a father or had an unemployed father (results
available upon request). This suggests that there might be systematic differences between both
groups. To examine the role of heterogeneity for the estimated results, in Table 11 we
consider only those workers who did not live together with their father or who lived together
with an unemployed father®. The results in columns (1), (2) and (5) of Table 11 confirm once
again that the performance of routine tasks at work has a negative and significant impact on
wages — an increase by one unit in RTI leads to approximately 28-31 percent lower wages for
the workers who did not lived together with their father or whose father was unemployed. The
estimates in columns (3) and (4), which additionally control for 38 occupational dummies, are
not statistically significant. It is worth noting here that the F-statistic, which measures the
strength of the instrument, is very low in these models and this makes the results in columns
(3) and (4) less reliable.

4 A further splitting of the sample is not meaningful due to the small number of workers with an
unemployed father (71 observations or around 1 percent of the sample). This means that the results in
Table 11 are practically driven by the workers who did not live together with their father.
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In sum, the results of the sensitivity analyses show that the estimated negative effect of
RTI on wages is largely robust to different definitions of the sample.

Table 11. Instrumental variables estimation results log(hourly wages) — workers did not live
together with fathers or had unemployed fathers

(1) 2 3) 4) O]
2SLS 2SLS 2SLS 2SLS 2SLS
A. First-stage results: dependent variable is RTI
RTI own occupation in 1979 793" 488" 274 286" 3827
(13.56) (6.54) (2.25) (2.38) (4.55)
F-test excluded instruments 183.93 42.73 5.08 5.65 20.66
Hausman endogeneity [p] [0.0000] [0.0052] [0.5504] [0.6047] [0.0392]

B. Second-stage results: dependent variable is log hourly wages
RTI -3 14%%* -205%* -.139 -.123 -287*
(-6.56) (-3.09) (-0.72) (-0.67) (-2.18)

Control variables' - yes yes yes yes
38 occupation dummies - - yes yes -
RTTI occupation (mean value) - - - yes yes
N 1,206 1,066 1,052 1,052 1,052

™ p<0.001," p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size. Regressions are weighted by the population weights provided in the data.
Hausman test tests the null hypothesis that the endogenous regressor can be treated as exogenous.

7 Alternative definition routine task-intensity measure

This section examines the sensitivity of the estimated effect to alternative definitions of
the routine task-intensity variable. Section 7.1 presents a broader version of the original RTI
variable that is based on six work requirements instead of four, and Section 7.2 introduces an
entirely different measure of routine task-intensity that is based on information about the
frequency of performing sixteen work activities by survey respondents.

7.1 Alternative definition routine measure — RTI1

One potential criticism of the original RTI variable might be that it is created on the basis
of a handful of work requirements. To address this concern, here we expand the set of work
requirements from four to six and calculate the new routine task-intensity measure (RTII) as
follows:
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(6) RTIli = Dii+ Dzi - D3i - Dai - Dsi - Dei

As compared to the original RTI, RTIl contains two additional work requirements - Ds
and D¢, whereas Ds indicates whether the worker is expected to do things s/he has not learned
and Ds indicates whether the worker has to keep an eye on different work processes or
sequences at the same time. As before, the work requirements are re-coded to take on values 0
(rarely, never) and 1 (often, sometimes). Hence, an affirmative answer to Ds and D¢ by the
survey respondents leads to a lower routine task-intensity index>’.

As for the construction of the instruments, we follow the same logic and select the same
work requirements from the 1979 survey®'. Furthermore, the instruments are computed as
described in Section 4.2.

Table 12 reports two-stage least squares estimates of the effect of RTI1 on individual
hourly wages based on the new instrument — that is, the routine task-intensity (RTI1) of the
father’s occupation in 1979. The coefficients in columns (1) to (5) show that RTI1 has a
negative and significant impact on wages, and the size of the effect is quite robust across
different model specifications — a one unit increase in routine task-intensity is estimated to
result in about 28-29 percent lower wages, other things being equal. The coefficients in Table
12 are slightly smaller than those in Table 5, where the impact of RTI on wages is found to be
around 35-37 percent, but overall they paint the same picture. This comes as no surprise,
however, because RTI and RTII are highly correlated (the correlation coefficient is about .88)
and so are the original and the new instrument (the correlation coefficient is about .98).

In the next section, we assess the sensitivity of the results to an entirely different definition
of the routine task-intensity variable.

0 RTIl corresponds directly to the job complexity index of Antonczyk, Fitzenberger and
Leuschner (2009), who utilize the same survey items for the construction of their index. Both
measures represent two opposite concepts, however, and the work requirements carry opposite signs in
the calculation of both indices.

51 The 1979 survey does not have a comparable question to Ds, therefore we calculate the
instruments from the answers to Dy, D,, D3, D4 and De.
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Table 12. Instrumental variables estimation results log(hourly wages)

) (@) (€)) 4 &)
2SLS 2SLS 2SLS 2SLS 2SLS
A. First-stage results: dependent variable is RTI1
RTI1 father’s occupation 1979 3647 1447 108" 108" 1327
(9.38) (3.93) (3.05) (3.06) (3.65)
F-test excl. instr. 87.97 15.46 9.29 9.36 13.30
Hausman endogeneity [p] [0.0000] [0.0004] [0.0058] [0.0058] [0.0010]

B. Second-stage results: dependent variable is log hourly wages
RTII - 282%** -295%* -279% -277* -295%*
(-6.45) (-2.93) (-2.21) (-2.22) (-2.67)

Control variables! - yes yes yes yes
38 occupation dummies - - yes yes -
RTI occupation (mean value) - - - yes yes
N 4,255 4,255 4,255 4,255 4,255

™ p<0.001,™ p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size. Regressions are weighted by the population weights provided in the data.
Hausman test tests the null hypothesis that the endogenous regressor can be treated as exogenous.

7.2 Alternative definition routine measure — RTI2

The original RTI measure is constructed from the answers of survey respondents about the
frequency of (i) their work being stipulated in the minutest details, (i1) repeating the same
work cycle in the minutest details, (iii) facing new tasks which they have to think through and
get familiar with, and (iv) improving existing procedures or trying out something new. One
potential concern with this definition of RTI is that it might not capture routine task-intensity,
but rather some common features of low-paying jobs that are unrelated to routinization.
Looking at Figure Al in the appendix, it shows that RTI is highest for workers with
Elementary Occupations and Plant and Machine Operators and Assemblers, which are also
the occupations with the lowest levels of education in our sample. This raises the question of
what exactly the RTI variable is measuring. To tackle these concerns, here we introduce an
alternative measure of routine task-intensity (RTI2) that is based on the frequency of
performing sixteen work activities by survey respondents. The sixteen work activities are
characteristic for the BIBB/BAuA survey and have been widely used for the construction of
routine task indices (see e.g., Spitz-Oener, 2006; Antonczyk, Fitzenberger and Leuschner,
2009; Gathmann and Schonberg, 2010).
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We proceed as follows. Following Spitz-Oener (2006), we classify the sixteen work
activities into five routine categories (non-routine analytic, non-routine interactive, routine
cognitive, routine manual and non-routine manual) and calculate the share of tasks performed
by each worker in each category®?. Then, we combine the five individual routine task indices
into a single composite measure of routine task-intensity, RTI2:

(7) RTI2;i=RCi+ RM; - NRA; - NRI; - NRM;

where RC, RM, NRA, NRI and NRM stand for routine cognitive, routine manual, non-routine
analytic, non-routine interactive and non-routine manual tasks, respectively, i denotes survey
participants, and RTI2 indicates our new measure of routine task-intensity. The correlation
between RTI2 and the original RTI variable is about 0.26.

Table 13 presents two-stage least squares regression results based on RTI2 and the two
original instruments used in Section 5°°. The estimates in column (1) are based on the first
instrument (i.e., the routine task-intensity of the father’s occupation in 1979) and those in
columns (2) — (6) are based on the second instrument (i.e., the routine task-intensity of the
worker’s own occupation in 1979)**. The first-stage results in Table 13 show that the
instruments are sufficiently correlated with RTI2 — the F-statistic on the excluded instruments
is above 10 in all models. The second-stage results find that RTI2 is negatively and
significantly associated with log hourly wages — for every one unit increase in RTI2, the
hourly wages decrease by about 41-65 percent, other things equal. To put the size of the
estimated effect into perspective, consider that approximately one unit is the difference
between the RTI2 indices of Teaching Professionals and Refuse Workers and Other
Elementary Workers, and between the RTI2 indices of Health Professionals and Food
Processing, Woodworking, Garment and Other Craft and Related Trades Workers.
Furthermore, a comparison of the coefficients in column (1) and (2) shows that both
instruments provide very similar results.

Taken together, the results in Table 13 confirm once again that the performance of routine
tasks at work leads to lower hourly wages.

52 See Appendix A.2 for further details.

> We made an attempt to create an alternative instrument that is based on the work activities
included in the 1979 survey. However, this turned out to be challenging, because there are more than
120 work activities in the 1979 survey and sometimes multiple activities are included in the same
question, which complicates the classification of activities and the computation of the five routine
indices (see Rohrbach-Schmidt and Tiemann, 2013 for an excellent discussion of the survey).

% The first instrument is sufficiently correlated with RTI2 only in column (1), which includes
RTI2 as the only explanatory variable. However, when we add additional control variables to the
model, the F-statistic on the excluded instrument drops to very low levels (results available on
request), which makes the interpretation of the estimated effects not meaningful. For this reason, in
columns (2) — (6) we report the results from the second instrument, which is sufficiently correlated
with RTI2.
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Table 13. Instrumental variables estimation results log(hourly wages)

() 2) ) (4) ) (6)
2SLS 2SLS 2SLS 2SLS 2SLS 2SLS

A. First-stage results: dependent variable is RTI2

RTI own occupation 1979 - 484" 2517 152% 157 188"
(19.76) (8.37) (3.78) (3.93) (5.94)
RTI father’s occupation 1979 187 - - - - -

(7.37) - - - - -
F-test excluded instruments 54.28 390.59 69.99 14.28 15.47 35.30
Hausman endogeneity [p] [0.0000] [0.0000] [0.0000] [0.0050] [0.0051] [0.0000]

B. Second-stage results: dependent variable is log hourly wages

RTI2 C658FEE  _DDEAE  _SAREEE  _4DA% ALTE 603
(-5.46)  (-1329)  (-643)  (249)  (-2.52)  (-4.59)

Control variables' - - yes yes yes yes
38 occupation dummies - - - yes yes -
RTI occupation (mean value) - - - - yes yes
N 4,236 4,236 4,236 4,236 4,236 4,236

™ p<0.001,™ p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size. Regressions are weighted by the population weights provided in the data.
Hausman test tests the null hypothesis that the endogenous regressor can be treated as exogenous.

8 Comparison of OLS and 2SLS estimates, and heterogenous effects of RTI

In this section, we briefly address two issues that have not been discussed yet — the first
issue is the different size of the estimated negative effect produced by OLS and 2SLS (Section
8.1), and the second issue is the possible heterogenous effect of RTI on wages across different
occupations (Section 8.2).

8.1 Why are the 2SLS estimates bigger than the OLS estimates?

Comparing the results in Table 5 and Table 4 shows that the 2SLS estimates are larger in
magnitude than their OLS counterparts. Naturally, the question arises whether OLS
underestimates or 2SLS overestimates the ‘true’ effect of RTI on wages. As discussed in
Section 3, in the presence of random measurement errors the OLS coefficients will be
attenuated towards zero. The fact that OLS produces smaller estimates than 2SLS might
suggest that the attenuation bias induced by random measurement errors outweighs the
downward bias induced by omitted variables and simultaneity. To get a rough idea about the
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importance of random measurement error, we aggregate the RTI variable to a three-digit
occupation level (according to ISCO-2008) and re-estimate the five models in Table 4 with
the aggregated RTI variable®®. Aggregation is expected to reduce random measurement error
because it averages out positive and negative errors within each occupation group. Table 14
presents the regression results and shows that aggregation yields much higher OLS estimates
of the effect of routine task on wages. As compared to Table 4, the estimated effects in Table
14 are almost three times larger in magnitude in column (1) and nearly four times larger in
magnitude in column (5), which brings them much closer to the 2SLS estimates. This
provides speculative evidence that random measurement error indeed attenuates the OLS
coefficients towards zero and that the latter bias possibly outweighs the downward biases due
to omitted variables and simultaneity. Another possibility, which we have already examined
in the previous sections, is that our instruments are endogenous and the 2SLS estimates are
biased. As already argued, such endogeneity/bias is not very likely to occur in the present
setting because we control for a large number of covariates in the 2SLS regressions and it can
therefore be reasonably assumed that our instruments are at least conditionally exogenous.
Also, the fact that the 2SLS estimates are robust to alternative model specifications can be
seen as a support for the exogeneity of the instruments>®.

Table 14. OLS results log(hourly wages)

(1) ) 3) @) )
OLS OLS OLS OLS OLS

Aggregated RTI -.364%x* - 175%** -.0719 -.0725 - 155%**

(-20.48) (-9.48) (-1.93) (-1.93) (-7.82)
Control variables! - yes yes yes yes
38 occupation dummies - - yes yes -
RTTI occupation (mean value) - - - yes yes
R-squared 0.15 0.45 0.50 0.50 0.46
N 4,255 4,255 4,255 4,255 4,255

™ p<0.001,™ p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
number of employers since first job, previous unemployment, duration of unemployment), job characteristics

33 The individual RTI is aggregated to a three-digit occupation level using population weights; and
the aggerated variable is linked to the three-digit occupation code (ISCO-2008) of survey respondents.
Please note that the aggregated RTI variable is different than RTI.c which is used throughout the
analyses and which is based on Acemoglu and Autor (2011). The aggregated variable here is used
only in this section, and its sole purpose is to shed more light on how aggregation impacts the size of
the OLS estimates. The aggregated RTI is calculated over the sample of 4,255 observations used in
Table 4 and throughout the paper.

36 A similar line of reasoning is followed by Acemoglu, Johnson and Robinson (2001, see footnote
24), who gradually add additional control variables to their model to assess the importance of omitted
variables for the estimates of interest.
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(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size. Regressions are weighted by the population weights provided in the data.
Dependent variable is log hourly wages.

Finally, before we move on to the next section, it is also worth looking at whether the
newly aggregated RTI variable has any effect on the 2SLS estimate of interest. To examine
this, we include the aggregated RTI variable as an additional covariate in the 2SLS regression
and re-estimate the five model specifications in Table 5. The regression results show that the
inclusion of this variable does not lead to any significant change in the estimated effect of
interest — the coefficient of the individual RTI variable remains largely unchanged in three of
the estimated models (corresponding to column 1, 3 and 4 in Table 5) and increases slightly in
magnitude in two of the models (corresponding to column 2 and 5 in Table 5). Results are
available upon request.

8.2 Heterogenous effects of RTI on wages across occupations

Looking once again at Figure A2 in the appendix, it shows that the negative relationship
between routine tasks and wages is most pronounced for the occupations of Managers,
Professionals, Technicians and Associate Professionals, Clerical Support Workers and Skilled
Agricultural, Forestry and Fishery Workers, and it is much less pronounced for the
occupations of Craft and Related Trades Workers, Plant and Machine Operators and
Assemblers, and Elementary Occupations. This suggests that routine tasks might have a
different impact on individual wages across different occupations, and that the law-of-one
price might not apply to the returns to routine tasks®’. To examine this possibility, here we
depart from the implicit assumption of one constant price of tasks across all occupations, and
allow the returns to tasks to vary by occupation.

Ideally, we would want to estimate the returns to routine tasks for each (major) occupation
group separately using the method of 2SLS, but unfortunately this is not possible because the
value of the F-statistic (which measures the strength of the instruments) drops to very low
levels already in model (1), which includes RTI as the only covariate, and this makes the
interpretation of the 2SLS results not meaningful. Therefore, we return once again to the
method of OLS and estimate the returns to routine tasks for each occupation group separately
using OLS. We distinguish between nine major ISCO-2008 occupation groups — Managers,
Professionals, Technicians and Associate Professionals, Clerical Support Workers, Services
and Sales Workers, Skilled Agricultural, Forestry and Fishery Workers, Craft and Related
Trades Workers, Plant and Machine Operators and Assemblers, and Elementary
Occupations’®. The regression results are presented in Tables C1-C9 in Appendix C.

57 Autor and Handel (2013) argue, for example, that due to indivisible bundling of tasks within
occupations, the productive value of tasks will not necessarily be equated across occupations, and the
law-of-one price will not generally apply to the rewards to tasks.

8 As already noted in Footnote 16, the ISCO-2008 system distinguishes between 10 major
occupation groups — i.e., the nine occupation groups here plus Commissioned Armed Forces Officers.
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Based on the results in the tables, two points can be made. First, the impact of routine
tasks on individual wages is not uniform across occupations. The RTI measure is negatively
and significantly related to individual wages in the occupations of Managers, Professionals,
Skilled Agricultural, Forestry and Fishery Workers, and Plant and Machine Operators and
Assemblers, while it is not significantly related to individual wages in the rest of the
occupations. The estimated negative effect is remarkably robust across different model
specifications (see Tables C1, C2, C6, C8). Second, looking at the value of the R-squared, it
shows that there are big differences in the size of the R-squared across the nine tables. This
indicates that RTI has different explanatory power, and explains different portions of the
variation in wages in different occupations. For example, the RTI variable alone explains
about 13 percent of the variation in wages of Skilled Agricultural, Forestry and Fishery
Workers, 7 percent of the variation in wages of Managers, and 1 percent of the variation in
wages of Professionals (see column (1) in Tables C6, C1, C2).

Taken together, the results in Tables C1-C9 indicate that routine tasks have heterogenous
effects on wages across different occupations. The negative effects of routine tasks on wages
seem to be stronger in high-skill occupations such as Managers, Professionals, and Skilled
Agricultural, Forestry and Fishery Workers, and routine-intensive occupations such as Plant
and Machine Operators and Assemblers.

To elaborate further on the heterogenous effects of RTI on wages, we proceed here by
grouping the nine major occupations into various groups and estimating the returns to routine
tasks for the various groups using 2SLS. To this end, we use the results in Figure A1 and A2
as a basis for assigning occupations into groups. First, based on Figure A1, we divide the nine
major occupations into three groups of three occupations — the first group includes the least
routine-intensive  occupations (Managers, Professionals, Technicians and Associate
Professionals), the second group includes the middle routine-intensive occupations (Services
and Sales Workers, Skilled Agricultural, Forestry and Fishery Workers, Craft and Related
Trades Workers), and the third group includes the most routine-intensive occupations
(Clerical Support Workers, Plant and Machine Operators and Assemblers, Elementary
Occupations)®. Second, based on Figure A2, we divide the nine major occupations into two
groups — the first group contains high-skilled and clerical occupations for which the graph
shows that there is a strong relationship between RTI and wages (Managers, Professionals,
Technicians and Associate Professionals, Clerical Support Workers, Skilled Agricultural,
Forestry and Fishery Workers), and the second group contains the rest of occupations for
which the graph shows that there is no a strong relationship between RTI and wages (Services
and Sales Workers, Craft and Related Trades Workers, Plant and Machine Operators and
Assemblers, Elementary Occupations)®’. Tables C10-C13 present the regression results of this
exercise — the results in Table C10 and C11 are based on the first instrument (i.e., RTI of the
father’s occupation in 1979), while those in Table C12 and C13 are based on the second
instrument (i.e., RTI of the worker’s own occupation in 1979).

59 Assigning the Clerical Support Workers to the group of the middle routine-intensive occupations
does not change the results.

% Moving the Skilled Agricultural, Forestry and Fishery Workers to the second group of
occupations does not change the results.
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A quick glimpse at the four tables reveals that the F-statistic on the excluded instruments
is far below 10 in most of the columns, which makes the results in these columns not
interpretable. Nevertheless, there are several columns in which the F-statistic is larger or close
to 10, and based on the results in those columns we can make some inferences about the
heterogenous effects of RTI on wages. The first finding that emerges from the tables is that
routine tasks are negatively (and significantly) associated with individual wages in the group
of Managers, Professionals, Technicians and Associate Professionals (see columns 1 and 2 of
Table C10 and C12), and the group of Managers, Professionals, Technicians and Associate
Professionals, Clerical Support Workers, Skilled Agricultural, Forestry and Fishery Workers
(see columns 1 and 2 of Table C11 and C13). The second finding is that routine tasks are not
significantly associated with individual wages in the group of Clerical Support Workers, Plant
and Machine Operators and Assemblers, Elementary Occupations (see columns 5 and 6 of
Table C10 and C12), and the group of Services and Sales Workers, Craft and Related Trades
Workers, Plant and Machine Operators and Assemblers, Elementary Occupations (see
columns 3 and 4 of Table C11 and C13).

One conclusion that we can safely draw from these results is that routine tasks seem to
have heterogenous effects on wages across different occupations, and that the negative effect
of routine tasks on wages is found mostly in high-skilled non-routine occupations such as
Managers, Professionals, and Technicians and Associate Professionals. Regarding the Clerical
Support Workers and the Skilled Agricultural, Forestry and Fishery Workers, we cannot draw
any clear conclusion about the impact of routine tasks on wages in these occupations, because
we find different results for the different groups in which these occupations are included (e.g.,
for Clerical Support Workers see columns 5 and 6 of Table C10 and C12 versus columns 1
and 2 of Table C11 and C13; and for Skilled Agricultural, Forestry and Fishery Workers see
columns 3 and 4 of Table C10 and C12 versus columns 1 and 2 of Table C11 and C13).

In sum, the results of both the OLS and 2SLS regression analyses show that there are
heterogeneities in the impact of RTI on wages.

9 Conclusions and discussion

This paper builds on the task-based approach literature by studying the relationship
between routine job tasks and workers wages. Using nationally representative survey data
from Germany, the paper finds that routine job tasks are negatively and significantly
associated with workers wages. For every one unit increase in routine task-intensity the
workers wages are estimated to decrease by about 28-39 percent, other things being equal.
The relationship between routine tasks and wages is examined using both ordinary least
squares and instrumental variables. The instrumental variables approach takes into account
the endogeneity of the routine job tasks variable and provides the conditions under which the
effect of routine tasks on wages can be estimated consistently. Namely, that there should be
an instrumental variable that is correlated with the endogenous variable and uncorrelated with
the error term in the wage equation. Although finding such an instrument is quite challenging,
the current analysis presented two variables that potentially meet the conditions for being
valid instruments, and used them as instruments for the individual routine task-intensity of
German workers in 2012. The two variables were the routine task-intensity of the father’s
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occupation in 1979 and the routine task-intensity of the worker’s own occupation in 1979.
The analysis assumed that both instruments are exogenous and excludable from the second-
stage wage equation, conditional on a very detailed set of individual, job, firm, industry and
occupation-specific variables (the set of control variables included, among many others,
occupational dummies and the average routine task-intensity of the worker’s occupation in
2012). Even though we could not entirely rule out the possibility that our instruments are
correlated with omitted variables in the error term of the wage equation, we presented
suggestive evidence that such correlations, if they existed, would be limited. Part of this
suggestive evidence was the observation that the estimated negative effect of routine tasks on
wages is not sensitive to different model specifications, different definitions of the
endogenous and instrumental variables, and also the fact that the Hansen J test never rejected
its null hypothesis of instrument validity. Based on the results of the instrumental variable
estimation, we concluded that there is a negative relationship between routine tasks and
wages.

The most important contribution of this paper to the literature is that it uses instrumental
variables to estimate the causal effects of routine tasks on wages in Germany. To our
knowledge, this approach has not been used previously in the current context (that is, to
examine the returns to tasks in Germany); the fact that this has not been done underscores the
difficulty of finding “instruments which credibly affect task choices but not potential wages”
(Bohm, 2020, p. 778).

When it comes to the limitations of the paper, it is important to note that the presented
results here are based on instrumental variables estimation, and therefore hinge on the
assumption of instrument validity. This is a hard to test assumption which may or may not
hold. Furthermore, it is well-known that instruments that are based on family characteristics
are far from perfect, as they can be correlated with various observable and unobservable
characteristics of family members. Despite these limitations (of the instrumental variable
approach in general, and our two instruments in particular), we believe that the current
analysis provides a valuable insight into the impact of routine job tasks on workers wages.
The ideal econometric setting for this analysis would be the situation where workers are
randomly assigned into occupations and tasks, and there is no selection on observables or
unobservables. However, such an experimental design is generally not feasible in the current
context. This makes the method of instrumental variables the next best alternative for
studying the returns to routine tasks. As Murray (2006) points out, “all instruments arrive on
the scene with a dark cloud of invalidity hanging overhead. This cloud never goes entirely
away, but researchers should chase away as much of the cloud as they can” (p.114). This is
what we tried to do in this paper.
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A Appendix
A.1 Figures and tables

Figure A1 depicts the mean routine task-intensity for nine major occupation groups. As
the graph shows, the RTI is highest for the group of Elementary Occupations and Plant and
Machine Operators and Assemblers, while it is lowest for the group of Professionals and
Managers.

QD @

0 15
I I

-5

Routine task-intensity

1
|

o

< X NS S < ¢
) @ ? ) Q ) Q @) &
s & & 8¢ S 8¢ & & &°
RS & & N N N N & X
S & & ,z{’e & & 2 °
¢ A NI <& ¢ & &
& > & S & & >
\¢ {\c’ RY S \’&\' QQ’
Y ) Q @ ) (@) \Q
° O ) J <& <
& 2 N & S
{\\0\ \\(’ * @ ,bC‘J(\
S R d N
&Ql ‘&0 X
e Q®

Figure A1l. Routine task-intensity by major occupation groups (weighted, 4,255 observations)
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Figure A2. RTI and hourly wages per occupation group (weighted, 4,255 observations)

Table Al. Instrumental variables estimation results log(hourly wages)

(D 2 3 C)) &)
2SLS 2SLS 2SLS 2SLS 2SLS
A. First-stage results: dependent variable is RTI
RTI father’s occupation 1979 324" 1387 1077 .108™ 130%™
(8.71) (3.97) (3.22) (3.24) (3.80)
F-test excluded instruments 75.92 15.79 10.38 10.50 14.45
Hausman endogeneity [p] [0.0001] [0.0012] [0.0045] [0.0046] [0.0019]

B. Second-stage results: dependent variable is log hourly wages
RTI =351 %% -.359%* -.359* -357* -357%*
(-6.03) (-2.93) (-2.34) (-2.35) (-2.75)

Control variables! - yes yes yes yes
38 occupation dummies - - yes yes -
RTI occupation (mean value) - - - yes yes
N 3,981 3,981 3,981 3,981 3,981

™ p<0.001,™ p<0.01," p<0.05, t-statistics in parentheses.
! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
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number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size. Regressions are weighted by the population weights provided in the data.
Hausman test tests the null hypothesis that the endogenous regressor can be treated as exogenous.

Table A2. Instrumental variables estimation results log(hourly wages)

(1) ) 3) 4 (3)
2SLS 2SLS 2SLS 2SLS 2SLS
A. First-stage results: dependent variable is RTI
RTI own occupation 1979 722 459" 226" 223" 410"
(20.94) (10.82) (3.58) (3.5 (8.84)
F-test excluded instruments 438.55 117.04 12.80 12.35 78.06
Hausman endogeneity [p] [0.0000] [0.0000] [0.0098] [0.0096] [0.0000]
B. Second-stage results: dependent variable is log hourly wages
RTI - 400%** -.293%** -283%* -.288%* =27 FkEE
(-14.84) (-7.15) (-2.42) (-2.41) (-5.46)
RTI father’s occupation 1979 .0148 -.0116 -.00893 -.00831 -.0135
(0.69) (-0.70) (-0.47) (-0.43) (-0.83)
Control variables' - yes yes yes yes
38 occupation dummies - - yes yes -
RTI occupation (mean value) - - - yes yes
N 4,255 4,255 4,255 4,255 4,255

™ p<0.001,™ p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size. Regressions are weighted by the population weights provided in the data.
Hausman test tests the null hypothesis that the endogenous regressor can be treated as exogenous.

A.2 Alternative definition routine task-intensity measure — RTI2

To construct the RTI2 measure, we utilize information provided by survey respondents on
the frequency of performing sixteen work activities. The sixteen activities cover a wide range
of tasks, such as manufacturing and producing of goods, teaching and training, cleaning and
recycling, etcetera (see Table A3). The survey respondents are asked to indicate how often
each of these activities occur in their work — often, sometimes or never.
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Table A3. Work activities in the 2012 BIBB/BAUA survey

Work activity Classification
Manufacturing, producing goods and commodities RM
Measuring, testing, quality control RC
Monitoring, control of machines, plants, technical processes RM
Repairing, refurbishing NRM
Purchasing, procuring, selling NRI
Transporting, storing, shipping NRM
Advertising, marketing, public relations NRI
Organising, planning and preparing work processes NRI
Developing, researching, constructing NRA
Training, instructing, teaching, educating NRI
Gathering information, investigating, documenting NRA
Providing advice and information NRI
Entertaining, accommodating, preparing food NRM
Nursing, caring, healing NRM
Protecting, guarding, patrolling, directing traffic NRM
Cleaning, removing waste, recycling NRM

Note: Classification is based on Spitz-Oener (2006) and Antonczyk, Fitzenberger and Leuschner (2009). NRA,
NRI, RC, RM and NRM denote non-routine analytic, non-routine interactive, routine cognitive, routine manual
and non-routine manual tasks, respectively.

The calculation of RTI2 involves few steps. First, following Spitz-Oener (2006), the
sixteen work activities are assigned into one of the five task categories — non-routine analytic,
non-routine interactive, routine cognitive, routine manual and non-routine manual. Second,
the task answers are re-coded to take on values 0 (never) and 1 (often, sometimes) and are
then used to calculate the share of tasks each worker performs in the five task categories:

(8) TI;j = (Number of activities in category j performed by 1) / (Total number of activities in
category j)

where i stands for a survey respondent, j indicates the five task categories and TI denotes the
five task indices non-routine analytic (NRA), non-routine interactive (NRI), routine cognitive
(RC), routine manual (RM) and non-routine manual (NRM). To reduce dimensionality, we
combine the five indices into a single composite measure of routine task-intensity (RTI2):

(9) RTI2;=RCi + RM; - NRA; - NRI; - NRM;
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The RTI2 measure is positively related to routine cognitive and manual tasks, and
negatively related to non-routine analytic, interactive and manual tasks. Figure A3 depicts
RTI2 for nine major occupational groups. As the graph shows, routine task-intensity is highest
for the groups of Plant and Machine Operators and Assemblers and Elementary Occupations,
and it is lowest for the groups of Managers and Professionals.
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Figure A3. RTI2 by major occupation groups (weighted, 4,236 observations)

Figure A4 shows the relationship between RTI2 and log hourly wages. The downward
slope of the fitted line indicates the existence of a negative relationship between both
variables — the correlation coefficient between both is -.14.
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Figure A4. Correlation RTI2 and hourly wages (weighted, 4,236 observations)
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B Appendix
B.1 Definition of variables

Log hourly income — the gross hourly income is calculated by dividing the gross monthly
income from occupational activity by (the actual working hours worked last week * 4.4).

Years of schooling — the educational level of respondents is coded according to ISCED-97.
We convert the ISCED-97 levels of education into years of schooling using the conversion
table in OECD (2010, Table Al.1, p.109). For example, for Germany the ISCED Level 1
(primary education) corresponds to 4 years of schooling, ISCED Level 2 (lower secondary
education) corresponds to 10 years of education, etcetera.

Marital status (married) — a dummy variable that takes the value 1 for married or cohabiting
persons, and 0 otherwise.

Children (yes/no) — a dummy variable that takes the value 1 for individuals who have
children.

Migration background — a dummy variable that takes the value 1 for people with migration
background and foreigners.

Health condition — a dummy variable that takes the value 1 for people with excellent, very
good and good health, and 0 for people with not so good and bad health.

Age — age of respondents.

Experience — potential experience is calculated as a difference between the year of the survey
(2012) and the year of first occupational activity (other than apprenticeship training, summer
jobs or internships).

Tenure — tenure is calculated as a difference between the year of the survey (2012) and the
year when respondent started working for current employer/operating the firm/working as an
independent contractor.

# employers since first job — number of employers since first occupational activity, including
current occupational activity and periods of self-employment and employment by a temporary
work agency.

Ever been unemployed (yes/no) — a dummy variable that takes the value 1 if the respondent
has ever been unemployed in the course of her/his working life.

Duration unemployment (years) — measures the total duration of unemployment, given in
approximate full years (unemployment durations of less than a half year count as 0.5 years).

Supervisory position (yes/no) — a dummy variable that takes the value 1 for respondents who
have colleagues to whom they are the immediate supervisor.

Share of time working on a computer (%) — percentage of working hours respondent
spends working on a computer.

Working hours per week — actual working hours worked last week.
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Regular working hours, 7 am — 7 pm (yes/no) — a dummy variable that takes the value 1 if
working hours are typically between 7 a.m. and 7 p.m.

Working on weekends (yes/no) — a dummy variable that takes the value 1 if respondent
works, even if only occasionally, on Saturdays, Sundays or both weekend days.

On stand-by duty (yes/no) — a dummy variable that takes the value 1 if respondent is on
standby or on-call duty.

Longer working-in period required to perform activity (yes/no) — a dummy variable that
takes the value 0 if a quick briefing at the workplace is sufficient to perform occupational
activity, and 1 if a longer working-in period in the firm if required.

Firm size — contains six dummy variables for firm size (1-9 persons, 10-49 persons, 50-99
persons, 100-249 persons, 250-499 persons, 500 or more persons).

Firm location (17 dummies) — contains 17 dummy variables for the location of the firm (one
dummy for each of the 16 German Federal states and one for abroad).

Firm sector (21 dummies) — contains 21 binary variables for sector of economic activity,
defined according to WZ2003.

Current occupation (38 dummies) — contains 38 dummy variables for current occupation of
survey respondents. The 38 dummies correspond to two-digit ISCO-2008 occupation groups.

Individual routine task-intensity (RTIi) — measures the individual routine task-intensity of
survey respondents. This variable is described in detail in Section 4.2.

Occupational routine task-intensity (RTIocc) — measures the average routine task-intensity
of the current occupation of survey respondents. This variable is constructed from external
data (O*NET) and appended to the three-digit ISCO-2008 occupation code of survey
respondents. It is calculated as follows: RTloce = RCocc + RMoce — NRAec — NRIoee = NRMoce.
Whereas RCoce, RMoce, NRAGce, NRIoee and NRMoee stand for the average routine cognitive,
routine manual, non-routine cognitive analytical, non-routine cognitive interpersonal and non-
routine manual physical task content of occupations, respectively. The five components of
RTlocc are downloaded from Acemoglu and Autor (2011) and converted to three-digit ISCO-
2008 occupation groups®!.

In Section 8.1, we will present an alternative occupational RTI variable that is calculated on
the basis of the survey data.

61 The five task measures are downloaded from the personal website of David Autor
(https://economics.mit.edu/faculty/dautor/data/acemoglu), accessed on February 11, 2019. See
Mihaylov and Tijdens (2019, Chapter 7) for further details on the conversion of the measures to three-
digit ISCO-2008 occupation groups.
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B.2 Occupational classification systems in the 1979 and 2012 German Employment
Surveys

Occupations are the key element for linking the 1979 and 2012 waves of the survey.
However, as Table B2 shows, the occupational titles of workers are coded to different
classification schemes in both survey years. In the 2012 survey, the current occupation of the
worker and the occupation of the father are coded according to the International Standard
Classification of Occupations (ISCO, versions 2008 and 1988) and the German Classification
of Occupations (KIdB, versions 2010 and 1992), while in the 1979 survey an earlier version
of the German Classification of Occupations is used (KIdB, version 1970)°2. In order to link
occupations in 2012 to their counterparts in 1979, we used the KldB-1988 classification
scheme® and linked occupations at the three-digit level of aggregation, resulting in 335
unique occupation codes.

Table B2. Occupational classification systems in the German Employment Surveys

1979 survey 2012 survey

Current occupation respondents K1dB-1970 ISCO-2008
ISCO-1988
K1dB-2010
K1dB-1992

Occupation father - ISCO-2008
ISCO-1988
Kl1dB-2010
Kl1dB-1992

Source: Adapted from Rohrbach-Schmidt and Hall (2013, p.8) and Hall (2009, Table 6, p.34).

2 The 1970 version of the German KIdB classification system is nearly identical with the 1988
version (see Hall, 2009, footnote 17).

6 The KI1dB-1988 occupation codes are not included in the 1979 and 2012 surveys. We are very
grateful to Dr. Daniela Rohrbach-Schmidt from the Federal Institute for Vocational Education and
Training (BIBB) for making the KIdB-1988 codes available for the occupations in the 2012 survey,
and for providing a crosswalk between K1dB-1970 and KI1dB-1988 for the 1979 wave of the survey.

58



C Heterogenous Effects of RTI on Wages

C.1 Heterogenous Effects of RTI on Wages — OLS results

Tables C1-C9 present OLS regression results for nine major ISCO-2008 occupation
groups — Managers, Professionals, Technicians and Associate Professionals, Clerical Support
Workers, Services and Sales Workers, Skilled Agricultural, Forestry and Fishery Workers,
Craft and Related Trades Workers, Plant and Machine Operators and Assemblers, and
Elementary Occupations. The results in Tables CI1-C9 are based on the same model

specifications as in Table 4.

Table C1. Managers
(D () 3 “) &)

OLS OLS OLS OLS OLS

RTI S 1e4xEE 64k L 142%xE L J40FFx ] STHEE
(-4.66) (-5.16) (-4.32) (-4.31) (-5.12)

Control variables' - yes yes yes yes
38 occupation dummies - - yes yes -
RTI occupation (mean value) - - - yes yes
R-squared 0.07 0.51 0.53 0.55 0.54
N 306 306 306 306 306

™ p <0.001,™ p<0.01, " p <0.05, t-statistics in parentheses. The control variables are the same as in Table 4.

Dependent variable is log hourly wages.

Table C2. Professionals

(1) (2) 3) “4) (%)

OLS OLS OLS OLS OLS

RTI -.0800%*  -.0592%* - 0657*** -0651*%**  -0562%*
(-3.28) (-3.08) (-3.54) (-3.49) (-2.91)

Control variables! - yes yes yes yes
38 occupation dummies - - yes yes -
RTI occupation (mean value) - - - yes yes
R-squared 0.01 0.38 0.41 0.41 0.39
N 972 972 972 972 972

™ p <0.001,™ p<0.01, " p <0.05, t-statistics in parentheses. The control variables are the same as in Table 4.

Dependent variable is log hourly wages.
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Table C3. Technicians and Associate Professionals

(1) (2) 3) “4) (3)
OLS OLS OLS OLS OLS
RTI -.0506%** -.0192 -.0178 -.0178 -.0192
(-3.50) (-1.54) (-1.45) (-1.45) (-1.54)
Control variables' - yes yes yes yes
38 occupation dummies - - yes yes -
RTI occupation (mean value) - - - yes yes
R-squared 0.01 0.41 0.42 0.42 0.41
N 1,054 1,054 1,054 1,054 1,054

™ p <0.001,™ p<0.01, " p <0.05, t-statistics in parentheses. The control variables are the same as in Table 4.

Dependent variable is log hourly wages.

Table C4. Clerical Support Workers

(1) (2) 3) “4) (3)
OLS OLS OLS OLS OLS
RTI -.0832% -.00122 -.0166 -.0142 .00170
(-2.40) (-0.04) (-0.54) (-0.47) (0.05)
Control variables! - yes yes yes yes
38 occupation dummies - - yes yes -
RTI occupation (mean value) - - - yes yes
R-squared 0.03 0.48 0.52 0.54 0.49
N 332 332 332 332 332

™ p <0.001,™ p<0.01, " p <0.05, t-statistics in parentheses. The control variables are the same as in Table 4.

Dependent variable is log hourly wages.

Table C5. Services and Sales Workers

(1) () 3) “4) (%)
OLS OLS OLS OLS OLS
RTI -.0511* -.0324 -.0307 -.0322 -.0334
(-1.97) (-1.31) (-1.23) (-1.27) (-1.33)
Control variables' - yes yes yes yes
38 occupation dummies - - yes yes -
RTTI occupation (mean value) - - - yes yes
R-squared 0.01 0.56 0.56 0.56 0.56
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N 310

310

310

310

310

™ p <0.001,™ p<0.01, " p <0.05, t-statistics in parentheses. The control variables are the same as in Table 4.

Dependent variable is log hourly wages.

Table C6. Skilled Agricultural, Forestry and Fishery Workers

(1) () 3) “4) (%)
OLS OLS OLS OLS OLS
RTI - 181%* -.125 -.132 -.176%* - 158%*
(-3.19) (-1.69) (-1.68) (-2.11) (-2.08)
Control variables! - yes yes yes yes
38 occupation dummies - - yes yes -
RTTI occupation (mean value) - - - yes yes
R-squared 0.13 0.78 0.78 0.80 0.80
N 70 70 70 70 70

™ p <0.001,™ p<0.01, " p <0.05, t-statistics in parentheses. The control variables are the same as in Table 4.

Dependent variable is log hourly wages.

Table C7. Craft and Related Trades Workers

(1) (2) 3) “4) (%)
OLS OLS OLS OLS OLS
RTI -.0321* -.0134 -.0143 -.0143 -.0136
(-2.04) (-0.94) (-1.00) (-1.00) (-0.95)
Control variables! - yes yes yes yes
38 occupation dummies - - yes yes -
RTI occupation (mean value) - - - yes yes
R-squared 0.006 0.35 0.36 0.36 0.35
N 745 745 745 745 745

™ p <0.001,™ p<0.01, " p <0.05, t-statistics in parentheses. The control variables are the same as in Table 4.

Dependent variable is log hourly wages.
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Table C8. Plant and Machine Operators and Assemblers

(1) (2) 3) “4) (3)
OLS OLS OLS OLS OLS
RTI -.0319 -.0419%* -.0427* -.0459%* -.0462%*
(-1.33) (-2.16) (-2.20) (-2.36) (-2.38)
Control variables' - yes yes yes yes
38 occupation dummies - - yes yes -
RTI occupation (mean value) - - - yes yes
R-squared 0.005 0.61 0.61 0.61 0.61
N 331 331 331 331 331

™ p <0.001,™ p<0.01, " p <0.05, t-statistics in parentheses. The control variables are the same as in Table 4.

Dependent variable is log hourly wages.

Table C9. Elementary Occupations

(1) (2) 3) “4) (3)
OLS OLS OLS OLS OLS
RTI -.0183 .0576 .0474 .0472 .0574
(-0.34) (1.44) (1.31) (1.30) (1.42)
Control variables! - yes yes yes yes
38 occupation dummies - - yes yes -
RTI occupation (mean value) - - - yes yes
R-squared 0.001 0.73 0.76 0.76 0.73
N 135 135 135 135 135

™ p <0.001,™ p<0.01, " p <0.05, t-statistics in parentheses. The control variables are the same as in Table 4.

Dependent variable is log hourly wages.
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C.2 Heterogenous effects of RTI on wages — 2SLS results

Tables C10-C13 present the 2SLS regressions results for different groups of occupations.
The results in Table C10 and C11 are based on the first instrument (i.e., RTI of the father’s
occupation in 1979), while those in Table C12 and C13 are based on the second instrument
(i.e., RTI of the worker’s own occupation in 1979). In order to save space, we report only
results from two model specifications - the least extensive and the most extensive model

specification.

Table C10. Instrumental variables estimation results log(hourly wages)

Managers, Services & Sales Clerical Support
Professionals, Workers, Skilled Workers, Plant &
Technicians & Agricultural, Forestry Machine Operators &
Associate & Fishery Workers, Assemblers,
Professionals Craft & Related Trades Elementary
Workers Occupations
(1 () 3) “4) &) (6)
2SLS 2SLS 2SLS 2SLS 2SLS 2SLS
A. First-stage results: dependent variable is RTI
RTI father’s occupation 1979  .205™ 086" .106 065 280" 142
(5.00) (2.18) (1.51) (1.00) (3.53) (1.91)
F-test excluded instruments 25.03 4.77 2.27 1.00 12.44 3.63
Hausman endogeneity [p] [0.0039] [0.0030] [0.3649] [0.7702] [0.5410] [0.2907]
B. Second-stage results: dependent variable is log hourly wages
RTI -406** -.657 211 -118 -.157 -218
(-3.25) (-1.87) (0.64) (-0.36) (-1.10) (-1.05)
Control variables! - yes - yes - yes
38 occupation dummies - yes - yes - yes
RTTI occupation (mean value) - yes - yes - yes
N 2,332 2,332 1,125 1,125 798 798

™ p<0.001," p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size. Regressions are weighted by the population weights provided in the data.
Hausman test tests the null hypothesis that the endogenous regressor can be treated as exogenous.
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Table C11. Instrumental variables estimation results log(hourly wages)

Managers, Professionals, Services & Sales Workers,
Technicians & Associate Craft & Related Trades
Professionals, Clerical Workers, Plant & Machine
Support Workers, Skilled Operators & Assemblers,
Agricultural, Forestry & Elementary Occupations
Fishery Workers
(1) () 3) “)
2SLS 2SLS 2SLS 2SLS
A. First-stage results: dependent variable is RTI
RTI father’s occupation 1979 265" 109" 164 .086
(6.55) (2.91) (2.74) (1.55)
F-test excluded instruments 42.96 8.49 7.51 2.40
Hausman endogeneity [p] [0.0016] [0.0018] [0.5398] [0.5861]
B. Second-stage results: dependent variable is log hourly wages
RTI -.368%*** -515% 0561 -.128
(-4.29) (-2.33) (0.34) (-0.60)
Control variables' - yes - yes
38 occupation dummies - yes - yes
RTI occupation (mean values) - yes - yes
N 2,734 2,734 1,521 1,521

™ p<0.001," p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size. Regressions are weighted by the population weights provided in the data.
Hausman test tests the null hypothesis that the endogenous regressor can be treated as exogenous.
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Table C12. Instrumental variables estimation results log(hourly wages)

Managers, Services & Sales Clerical Support
Professionals, Workers, Skilled Workers, Plant &
Technicians & Agricultural, Forestry Machine Operators &
Associate & Fishery Workers, Assemblers,
Professionals Craft & Related Trades Elementary
Workers Occupations
(1 () 3) “4) (5) (6)
2SLS 2SLS 2SLS 2SLS 2SLS 2SLS
A. First-stage results: dependent variable is RTI
RTI own occupation in 1979 583" .166 245" 161 490" 268"
(8.51) (1.73) (2.42) (1.45) (5.47) (1.97)
F-test excluded instruments 72.49 3.01 5.84 2.10 29.95 3.90
Hausman endogeneity [p] [0.0000] [0.0264] [0.5203] [0.2058] [0.4655] [0.4793]
B. Second-stage results: dependent variable is log hourly wages
RTI - 387*** -.524 .0655 -.333 -.0130 .0809
(-5.84) (-1.56) (0.37) (-1.05) (-0.15) (0.50)
Control variables' - yes - yes - yes
38 occupation dummies - yes - yes - yes
RTI occupation (mean value) - yes - yes - yes
N 2,332 2,332 1,125 1,125 798 798

™ p<0.001," p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size. Regressions are weighted by the population weights provided in the data.
Hausman test tests the null hypothesis that the endogenous regressor can be treated as exogenous.
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Table C13. Instrumental variables estimation results log(hourly wages)

Managers, Professionals, Services & Sales Workers,
Technicians & Associate Craft & Related Trades
Professionals, Clerical Workers, Plant & Machine
Support Workers, Skilled Operators & Assemblers,
Agricultural, Forestry & Elementary Occupations
Fishery Workers
(1) () 3) “)
2SLS 2SLS 2SLS 2SLS
A. First-stage results: dependent variable is RTI
RTI own occupation in 1979 T 187" 558" 179
(12.58) (2.19) (7.76) (1.89)
F-test excluded instruments 158.22 4.78 60.26 3.56
Hausman endogeneity [p] [0.0000] [0.0687] [0.4982] [0.0322]
B. Second-stage results: dependent variable is log hourly wages
RTI -.366%*** -359 -.00864 -.396
(-9.06) (-1.68) (-0.16) (-1.53)
Control variables' - yes - yes
38 occupation dummies - yes - yes
RTI occupation (mean values) - yes - yes
N 2,734 2,734 1,521 1,521

™ p<0.001," p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size. Regressions are weighted by the population weights provided in the data.
Hausman test tests the null hypothesis that the endogenous regressor can be treated as exogenous.
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D Additional Firm-Specific Control Variables

In Table D1 and D2, we test the sensitivity of the results to the inclusion of four additional
firm-specific control variables in the model — these include one dummy variable measuring
the economic situation of the firm (the dummy takes the value of 1 if the economic situation is
very good or good, and 0 if the situation is not so good or bad), and three dummy variables
indicating whether the firm has relocated or outsourced firm units, merged with another firm,
or strongly expanded in the past two years, respectively (the three dummies take the value of
1 if the answer is yes, and O if it is no). The additional variables are a valid skip for some
workers, and therefore the sample size in Table D1 and D2 is much smaller. However, as both
tables show, the estimated effect of routine tasks on wages is very robust to the inclusion of
these additional firm-specific variables in the model. The results in Table D1 and D2 are
based on the first and second instrument, respectively.

Table D1. Instrumental variables estimation results log(hourly wages)

(1 ) (€)) “ &)
2SLS 2SLS 2SLS 2SLS 2SLS
A. First-stage results: dependent variable is RTI
RTI father’s occupation 1979 335" 133" 086" .087" 122
(7.89) (3.36) (2.23) (2.25) (3.12)
F-test excluded instruments 62.22 11.28 4.98 5.04 9.71
Hausman endogeneity [p] [0.0001] [0.0051] [0.0430] [0.0430] [0.0089]

B. Second-stage results: dependent variable is log hourly wages
RTI -386%** -367* -.362 -.360 -367*
(-5.62) (-2.45) (-1.60) (-1.61) (-2.23)

Control variables! - yes yes yes yes
38 occupation dummies - - yes yes -
RTTI occupation (mean value) - - - yes yes
N 3,069 3,069 3,069 3,069 3,069

™ p<0.001,™ p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size, 1 dummy for economic situation of the firm, 1 dummy for relocation of firm
units, 1 dummy for merger with another firm, 1 dummy for expansion of the firm. Regressions are weighted by
the population weights provided in the data. Hausman test tests the null hypothesis that the endogenous regressor
can be treated as exogenous.
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Table D2. Instrumental variables estimation results log(hourly wages)

(1 (2) 3) “) (%)
2SLS 2SLS 2SLS 2SLS 2SLS
C. First-stage results: dependent variable is RTI
RTI own occupation 1979 738" 450" 177 168" 403™
(18.95) (9.25) (2.33) (2.21) (7.47)
F-test excluded instruments 359.05 85.59 543 4.88 55.84
Hausman endogeneity [p] [0.0000] [0.0000] [0.0565] [0.0569] [0.0000]

D. Second-stage results: dependent variable is log hourly wages
RTI - 428 *H* - 310%** -.304 -319 - 288%**
(-13.70) (-6.21) (-1.64) (-1.60) (-4.74)

Control variables! - yes yes yes yes
38 occupation dummies - - yes yes -
RTI occupation (mean value) - - - yes yes
N 3,069 3,069 3,069 3,069 3,069

™ p<0.001,™ p<0.01," p<0.05, t-statistics in parentheses.

! Control variables include: demographic characteristics (marital status, children, health condition, immigration
background), education (years of schooling), employment history (experience, experience squared, tenure,
number of employers since first job, previous unemployment, duration of unemployment), job characteristics
(job complexity, supervisory position, irregular working hours, working on weekends, stand-up duty, share of
worktime working on computers, number of working hours), 17 dummies for firm location, 21 dummies for firm
sector and 6 dummies for firm size, 1 dummy for economic situation of the firm, 1 dummy for relocation of firm
units, 1 dummy for merger with another firm, 1 dummy for expansion of the firm. Regressions are weighted by
the population weights provided in the data. Hausman test tests the null hypothesis that the endogenous regressor
can be treated as exogenous.
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