
Schmidpeter, Bernhard; Winter-Ebmer, Rudolf

Working Paper

Automation, offshoring, and the role of public policies

Ruhr Economic Papers, No. 835

Provided in Cooperation with:
RWI – Leibniz-Institut für Wirtschaftsforschung, Essen

Suggested Citation: Schmidpeter, Bernhard; Winter-Ebmer, Rudolf (2019) : Automation, offshoring,
and the role of public policies, Ruhr Economic Papers, No. 835, ISBN 978-3-86788-968-1, RWI -
Leibniz-Institut für Wirtschaftsforschung, Essen,
https://doi.org/10.4419/86788968

This Version is available at:
https://hdl.handle.net/10419/209720

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dürfen die Dokumente nicht für öffentliche oder kommerzielle
Zwecke vervielfältigen, öffentlich ausstellen, öffentlich zugänglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfügung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewährten Nutzungsrechte.

Terms of use:

Documents in EconStor may be saved and copied for your personal
and scholarly purposes.

You are not to copy documents for public or commercial purposes, to
exhibit the documents publicly, to make them publicly available on the
internet, or to distribute or otherwise use the documents in public.

If the documents have been made available under an Open Content
Licence (especially Creative Commons Licences), you may exercise
further usage rights as specified in the indicated licence.

https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://doi.org/10.4419/86788968%0A
https://hdl.handle.net/10419/209720
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/


Automation, Offshoring, and the Role of 
Public Policies

RUHR
ECONOMIC PAPERS

Bernhard Schmidpeter

Rudolf Winter-Ebmer

#835



Imprint

 Ruhr Economic Papers 

Published by

RWI – Leibniz-Institut für Wirtschaftsforschung 
Hohenzollernstr. 1-3, 45128 Essen, Germany

Ruhr-Universität Bochum (RUB), Department of Economics 
Universitätsstr. 150, 44801 Bochum, Germany

Technische Universität Dortmund, Department of Economic and Social Sciences 
Vogelpothsweg 87, 44227 Dortmund, Germany

Universität Duisburg-Essen, Department of Economics 
Universitätsstr. 12, 45117 Essen, Germany

 Editors 

Prof. Dr. Thomas K. Bauer 
RUB, Department of Economics, Empirical Economics 
Phone: +49 (0) 234/3 22 83 41, e-mail: thomas.bauer@rub.de

Prof. Dr. Wolfgang Leininger 
Technische Universität Dortmund, Department of Economic and Social Sciences 
Economics – Microeconomics 
Phone: +49 (0) 231/7 55-3297, e-mail: W.Leininger@tu-dortmund.de

Prof. Dr. Volker Clausen 
University of Duisburg-Essen, Department of Economics 
International Economics 
Phone: +49 (0) 201/1 83-3655, e-mail: vclausen@vwl.uni-due.de

Prof. Dr. Ronald Bachmann, Prof. Dr. Roland Döhrn, Prof. Dr. Manuel Frondel, 
Prof. Dr. Ansgar Wübker 
RWI, Phone: +49 (0) 201/81 49-213, e-mail: presse@rwi-essen.de

 Editorial Office 

Sabine Weiler 
RWI, Phone: +49 (0) 201/81 49-213, e-mail: sabine.weiler@rwi-essen.de

 Ruhr Economic Papers #835 

Responsible Editor: Ronald Bachmann

All rights reserved. Essen, Germany, 2019

ISSN 1864-4872 (online) – ISBN 978-3-86788-968-1

The working papers published in the series constitute work in progress circulated to stimulate 
discussion and critical comments. Views expressed represent exclusively the authors’ own opinions 
and do not necessarily reflect those of the editors.



Ruhr Economic Papers #835

Bernhard Schmidpeter and Rudolf Winter-Ebmer

Automation, Offshoring, and the Role of 
Public Policies

   



Bibliografische Informationen  
der Deutschen Nationalbibliothek

The Deutsche Nationalbibliothek lists this publication in the Deutsche National bibliografie;  
detailed bibliographic data are available on the Internet at http://dnb.dnb.de

RWI is funded by the Federal Government and the federal state of North Rhine-Westphalia.

http://dx.doi.org/10.4419/86788968
ISSN 1864-4872 (online)
ISBN 978-3-86788-968-1



Bernhard Schmidpeter and Rudolf Winter-Ebmer1

Automation, Offshoring, and the Role of 
Public Policies

Abstract
We provide comprehensive evidence on the consequences of automation and offshoreability on the career 
of unemployed workers and the role of public policies. Using almost two decades of administrative data 
for Austria, we find that risk of automation is reducing the job finding probability; a problem which has 
increased over the past years. We show that this development is associated with increasing re-employment 
wages and job stability. Taken together, our findings imply a trade off  between quantity and quality in 
these jobs. Provided training is beneficial in counteracting the negative impact of automation on the job 
finding rate but we find mixed effects in terms of post-unemployment wages.
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1 Introduction

Over the past years, labor markets in developed countries have undergone substantial changes.

Labor-saving technologies such as computer-assisted machines and robots have shifted produc-

tion toward a more automated process. Industrial robots can now autonomously weld, paint,

handle and pack materials. Firms have increasingly used the possibility to shift certain parts

of their operations to other firms or abroad in order to save costs and a large share intend to

continue doing so in the future (Deloitte, 2016). There is evidence that these developments

have displaced workers from low- and medium-skill occupations, “hollowing out” the middle

of the skill distribution (e.g. Autor et al., 2006, 2008; Firpo et al., 2011; Autor and Dorn,

2013).1 In particular, workers with less specialized skills and abilities are predicted a bleak

future (Brynjolfsson and McAfee, 2014). As direct consequences of these occupational changes,

a vast majority of individuals are worried about the future of work and expect diminishing

employment prospects and increasing inequality (Pew Research Center, 2017). Despite the high

relevance for decision makers and worries from the population, there is little evidence on how

automation and offshoreability affect individual workers and whether public policy can help.

In this paper, we estimate the impact of automation and offshoring on the search behavior

and post-unemployment career of unemployed workers using administrative data for Austria.

Unemployed individuals are particularly vulnerable to occupational change and an interesting

group to study for several reasons:

First, the risks of automation and offshoring are likely to affect both the search behavior

of unemployed individuals and their ability to find stable post-unemployment matches. Unem-

ployed individuals who have been negatively affected by such occupational change might have

prolonged unemployment spells or choose to leave the labor force all together. Those individuals

who find re-employment might end up in worse matches and less stable employment. It is also

possible that occupational change benefits only some types of workers while negatively affecting

those without special skills; see, for example, the different scenarios considered in Caselli and

Manning (2017). Such an outcome would increase inequality in the labor market even further.

Second, if occupational changes are affecting employment opportunities, what role can pub-

lic policy play to mitigate these effects? Training and re-training programs to enhance skills

of job seekers can potentially be vital policy tools in counteracting the consequences of oc-

cupational change. In most European countries, they form an integral part of active labor

market policies.2 It is therefore important to know if and how these programs work. This is

the first paper, explicitly investigating the effectiveness of such policies related to automation

and offshoreability.

1This “hollowing out”, also known as polarization, has been documented not only for the US but also for numerous
other developed countries such as Germany (Spitz-Oener, 2006; Dustmann et al., 2009) and the UK (Goos and
Manning, 2007). Recently, Goos et al. (2014) showed that it persists in 16 Western European countries. A
different strand of the literature suggests increasing import competition, for example, from China, as another
important factor. Autor et al. (2016) provide an overview over recent findings in the literature. We do not
consider this channel in this work.

2According to the OECD, training constitutes the second largest active labor market program after out-of-work
income and maintenance support in terms of expenditure. For example, in 2016 around 0.52% of GDP were spent
on training in Denmark, 0.44% in Austria, 0.30% in France, and 0.19% in Germany. In comparison, only 0.03%
of GDP are allocated to training in the US. (OECD, 2019)
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We use almost two decades of high-quality administrative data for Austria covering the whole

universe of private sector employees. This data allows us to obtain precise information about

the labor market career of workers. We measure the automation potential of an occupation

using the Routine Task Index (RTI) of Autor and Dorn (2013) (see also Autor et al., 1998) and

the risk that a certain occupation will be offshored using the Offshoring Index (OFF) of Blinder

and Krueger (2013). These and similar measures have been widely used in the literature, for

example, in Goos et al. (2014), Wright (2014), Akerman et al. (2015), and Autor et al. (2018).

To identify the impact of provided unemployment training on the exit behavior and future

labor market career of workers we use the Timing-of-Events (ToE) approach of Abbring and

van den Berg (2003b). This allows us to identify training effects under the assumption that

workers cannot predict the exact start date of the training. We include a rich set of individual

variables as well as occupational and time fixed effects to control for occupation-specific search

problems. Moreover, we exploit the multiple-spell structure of our data which enables us to

account for unobservable ability of workers. Thus, we can allow for quite general selectivity into

occupations and employment opportunities.

We find a significant negative impact of the risk of automation on the job finding probability,

with a substantial intensification over the past years for men (but not women). A one standard

deviation increase of our Routine Task Index, which is roughly equivalent to the change in the

routine job content between a construction worker and a customer service clerk, decreases the

job finding rate by around 8% for men and 15% for women at the beginning of our sample

period in the year 2000. For unemployed male workers at the end of our observation period,

this effect almost doubles to 16% while the impact on women remains constant. We find that in

particular women are negatively affected by the risk of offshoring, but our results are in general

less pronounced for this measure.

Our results for post-unemployment outcomes point toward a polarization: Those workers in

automation-related jobs who do find new employment, have higher wages and to a lesser extent

more job stability. For men, this earnings advantage is increasing over time. Taken together,

our findings point toward a quality-quantity trade-off where the number of jobs in certain

occupations has declined but the remaining ones have become more productive. We provide

evidence that this is driven by changes over time benefiting workers with more specialized skills,

in line with the findings in Hershbein and Kahn (2018). We do not find evidence for a similar

trend for our offshoring measure. If the current trends continue, automation has the potential

to increase inequality between more and less skilled workers even further in the future.

Labor market training can correct the negative impact of occupational requirements on the

job finding rate to a large extent. While provided training is in general advantageous, we find

larger benefits for workers in jobs susceptible to automation. These effects are mostly driven by

preferential assignment mechanisms of case workers with shorter waiting times between inflow

and the start date of the training. Re-employment wages are in general negatively affected

by provided training. Our results imply that case workers are more concerned with faster

re-employment rather than job quality.

We find interesting patterns of heterogeneity in our analysis. In particular, younger workers

as well as highly-qualified men affected by occupational change profit the most from unemploy-
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ment training, workers with lower levels of education profit the least. These results corroborate

our claim of an increasing polarization in the labor market.

Our work primarily contributes to the literature on the individual level impact of occu-

pational change. Existing works have mostly focused on the impact of these changes on labor

market outcomes without explicitly taking into account public policies (Cortes, 2016; Schmillen,

2018; Hummels et al., 2018; Edin et al., 2018; Goos et al., 2019).3 While these studies make

interesting and important contributions, they are silent about the potential benefits of training.

Programs to strengthen skills and re-train workers have received particular attention, with

the potential to counteract the impact of occupational change. For example, the UK government

announced the creation of a nationwide scheme to retrain workers displaced by automation

which will be introduced in 2020.4 The SkillsFuture Credit offered by Singapore’s government

provides subsidies for participating in courses which help individuals to upgrade skills threaten

by technology and globalization. There are also efforts by private companies to help workers

learn new skills to shield them from the negative consequences of occupational change, such as

Amazon’s Upskilling 2025 program. There is doubt, however, that these private programs are

successful without substantial support by local governments (Shipley, 2019).

In our work, we investigate the impact of automation and offshoreability on search behavior

and labor market career of unemployed workers with a strong focus on the possible mitigating

role of publicly provided training. Our empirical strategy allows for selectivity into occupations,

training, and the chosen exit state which delivers arguably causal estimates. Given that some

studies forecast the range of job displacements due to digitalization to lie between 9% to 50

% (Arntz et al., 2017; Frey and Osborne, 2017) and the persistently high share of long-term

unemployed in most developed countries, it is crucial to know how automation and offshoring

affect unemployed individuals and if current public policies actually work.

We also contribute to the literature on the determinants of unemployment duration and

subsequent job quality. Previous literature on this topic has investigated the effect of human

capital depreciation (Acemoglu, 1995; Albrecht et al., 1999; Görlich and de Grip, 2009), search

effort (Krueger and Mueller, 2011; Faberman and Kudlyak, 2016), discrimination (Kroft et al.,

2013; Eriksson and Rooth, 2014), and the role of individual heterogeneity (Alvarez et al., 2016;

Kroft et al., 2016; Abraham et al., 2019). In our work, we look at the impact of technological

change as well as the increasing possibility of offshoring as an additional and important driver

of unemployment duration and post-unemployment job quality. We show that in particular

technological progress related to automation lowers significantly the job finding probability

and affects re-employment outcome, with a strong intensification over time. Thus, it has the

potential of increasing inequality even further in the future and to contribute to the persistence

in the high share of long-term unemployed (Krueger et al., 2014; Jaimovich and Siu, 2018). This

development should be given considerable care when designing public policy and social benefit

systems.

Our work also complements and extends the literature on the evaluation of publicly pro-

3There are several papers which investigate the impact of occupational change and robotisation on wages and
employment on a more aggregate level as, for example, Autor and Dorn (2013), Graetz and Michaels (2018),
Acemoglu and Restrepo (2018), and Cortes et al. (2017)

4The retraining scheme is currently in its testing phase and is available in six areas across England.
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vided training for unemployed workers (e.g. Lalive et al., 2008; Osikominu, 2013; Richardson

and van den Berg, 2013). Compared to existing studies, we look at the effectiveness of provided

unemployment training in counteracting occupational change. We also investigate the (het-

erogenous) training effect on post-unemployment outcomes which allows us to see how these

programs are doing in terms of promoting job quality. Given the high costs of these training

programs and a large support for government interventions to limit the influence of robots and

automation (Pew Research Center, 2017) a thorough analysis of these programs is warranted.

The paper proceeds as follows: In Section 2, we describe our data and measures of occupa-

tional change as well as some descriptive results. Section 3 discusses our empirical approach.

We discuss our results on exit behavior and post-unemployment outcomes in Section 4 while

Section 5 explores heterogeneous effects in age and education. Section 6 concludes.

2 Data and Measures of Task Requirements

2.1 Data

Our analysis is based on the Austrian Social Security Data (ASSD) and data from the Austrian

public labor market administration (AMS). The ASSD is a high-quality administrative data

set which comprises the whole universe of Austrian workers employed in the private sector. It

contains information until the end of 2016 about daily labor market spells, demographic char-

acteristics, as well as yearly income. A unique person identifier allows us to link individuals to

firms. We will use information from the ASSD to obtain the labor market career and individual

background of individuals (Zweimüller et al., 2009).

The AMS data contains information about if and when a worker received any training

courses during her unemployment spell. While we do not observe the exact course content in

our data, training provided by the AMS has the goal to improve the labor market prospects

of unemployed workers via further education or re-training, for example, by offering specialized

degree programs in IT and business. Thus, our observed measures can be regarded as a public

policy with the aim to increase workers’ human capital. In addition, the AMS has recorded

the occupation of the last job held by the unemployed worker using the AMS classification

system from 2000 onward. Unfortunately, it does not follow up on the occupation in the new

job. Hence, we cannot evaluate the costs or benefits of occupational switching for unemployed

individuals in our analysis.5 For the same reason, we are also not able to look into transitions

into unemployment. While this is certainly a drawback, we provide further below evidence

that demand for workers in the middle of the skill distribution has decreased. To derive the

corresponding ISCO-88 codes, we use the cross-walk file provided by the AMS. The unique

person identifier allows us to link workers from the AMS file to the ASSD.

For our analysis, we choose all individuals who had at least one unemployment spell between

the beginning of 2000 and the end of 2013. This selection enables us to follow unemployed

workers for at least two years. From this sample, we select all individuals who were between 25

and 60 years old at the start of the unemployment spell. We set the lower age bound to 25 years

5There is evidence that occupational switching can be beneficial for employed workers (Cortes, 2016).
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as younger individuals might choose to return to full-time education. The upper bound is chosen

to be around the official early retirement age. We exclude individuals previously employed in

agriculture, the mining sector or in the provision of utilities such as energy or waste disposal.

After these adjustments, our data consists of around one million individuals and more than

three million spells. As our estimation procedure, which we will describe in detail in Section 3, is

very time consuming, we randomly draw 30,000 males and females respectively from this sample.

For each individual-spell combination we obtain pre-unemployment background characteristics

such as age, wage earned in the last job, tenure in the last job as well as the length of the

unemployment spell, the post-unemployment destination, and if the individual received training

during the current spell.

We then calculate the time between inflow into unemployment and outflow into new em-

ployment or out-of-labor force (OLF), whatever comes first. We define an individual to be OLF

if she is not registered as unemployed anymore in the ASSD and has not found new employment

within 60 days after the unemployment outflow date. We also observe the exact start and end

date of a training spell. If an individual received training, we“stop the clock”and the time spent

in training does not contribute to the unemployment duration. We do this as individuals are

likely to stop actively looking for new work during the training activity.6,7 We provide summary

statistics of our sample in Table 1.

[ Table 1 ]

On average, men are observed around six times and women five times in our data. We

observe for almost all individuals in our sample an outflow from unemployment, but there are

substantial gender differences in the exit state and the outflow time. Around 60% of all men

transit from unemployment into new employment with a median job finding time of around 81

days. In contrast, only 52% of all women take up new employment and the median time is 92

days.

2.2 Measuring Changes in Occupational Task Requirements

Austria has seen similar changes in the job structure and occupational task requirements as

most European countries and the US (Goos et al., 2009). In this work, we want to evaluate the

consequences of these developments on the search behavior of unemployed workers. To do so, we

make use of one-dimensional measures, similar as in Spitz-Oener (2006), Black and Spitz-Oener

(2010), Autor and Dorn (2013), and Goos et al. (2014).

We measure the impact of automation using the Routine Task Intensity Index (RTI) of

Autor and Dorn (2013) and mapped to European occupational classification by Goos et al.

6The average course duration in our data is around 3 months implying a long-term focus with little time to look
for employment.

7For the exit into out of labor force the reasoning is not entirely clear. On the one hand, individuals might be
“locked” into training and do not consider leaving unemployment. On the other hand, it is also possible that they
directly transit from training into non-activity. Here, we also calculate the duration until out of labor force net
of the training duration.
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(2014).8 The RTI gives an indication, how susceptible certain tasks in a given occupation are

to replacement by technology, in particular computers (see also Autor et al., 1998). The index

is calculated as follows:

RTI = ln

(
TRo

TMo TAo

)
where TRo , TMo , and TAo are the routine, manual, and abstract task inputs in an occupation

o.9 The RTI measure is increasing in the importance of routine tasks within an occupation.

Routine tasks follow in general prescribed rules which can be easily automated. A higher value

of the RTI implies therefore a higher risk that required tasks can be replaced by computer

technology.

Solely concentrating on the effect of routine tasks on unemployment duration might miss

important points in determining the effects of a changing occupational structure on unemploy-

ment duration. While high routine workers are at a higher risk of being replaced by computers,

individuals working in occupations which do not need personal interaction or physical presence

might also have lower career prospects. These jobs are not bound by any geographic location

and can easily be moved to another country (offshored).

To quantify this effect, we will make use of the offshoring measure suggested by Blinder

and Krueger (2013). They use the Princeton Data Improvement Initiative to derive three

measures that certain tasks can be performed abroad (offshoreability) which are self-reported

by households, inferred from household responses, and based on professional coders. The last

measure is preferred by Blinder and Krueger (2013) and we use it in our analysis calling it

Offshorability Index (OFF ) hereafter. The OFF determines the risk that tasks required by

an occupation, and therefore employment, might be “offshored” to a different country.10 Jobs

at lower risk of being offshored require in general more face-to-face interaction and physical

presence. Thus, it is likely that OFF does not only measure offshoreability but also the impact

of location-flexible working arrangements in our analysis.

Notice that OFF measures a different dimension of changing task requirements compared to

the RTI. OFF captures the risk for tasks or jobs to be replaced where the geographic location

does not matter for fulfilling the job requirements. Thus, a low OFF does not necessarily imply

a low RTI. For example, occupations with rather low routine task content are call-center agent

and taxi driver. Conducting the tasks required to work in the first occupation are not restricted

to certain geographic areas and therefore they can be easily offshored, unlike a taxi driver who

is bound to a specific location. The correlation of both indices in our sample is with 0.46 indeed

8In our analysis, we use the index provided in the data supplementary of Goos et al. (2014) which can be found
under https://www.aeaweb.org/articles?id=10.1257/aer.104.8.2509. They map the US occupation classifi-
cation system into the two-digit ISCO-88 classification which can be found in our data.

9The RTI is based on three task aggregates found in the Dictionary-of-Occupational Title (DOT): the manual task
measure is based on the DOT’s assessment of an occupation’s requirement for “eye-foot-hand coordination”, the
routine task measure is based on the DOT’s occupational classification for “set limits, tolerance and standards”
as well as “finger dexterity”. The abstract task measure is obtained using the DOT’s occupational classification
for “direction control and planning” and “GED Math”.

10While the measure of Blinder and Krueger (2013) depends on a survey conducted in the US, Goos et al. (2014)
show that it is actually highly correlated to offshoring decisions of companies in Europe. As it is the case with
the RTI, we make use of the mapped index provided by Goos et al. (2014)
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quite low. Both indices are time invariant, so that we have a consistent definition of automation

and offshoring over time.

In order to facilitate the interpretation of the results and to be able to compare both mea-

sures, we standardize the indices to have a mean of zero and a standard deviation of one in our

samples. In Appendix A, we provide further details on the occupations used in our analysis and

the relation between RTI and OFF within occupations.

2.3 Descriptive Information

In this section, we present some descriptive results. The goal is to show the relationship between

our measures of occupational change and both the allocation into training and the likelihood

of finding new employment. We do so by first dividing our sample according to an individual’s

position in the distribution of both the RTI and OFF . We then concentrate on those individuals

who worked before the unemployment spell in occupations which fall into either the bottom third

part or the upper third part of the distributions.

Occupations which can be found at the lower part of the RTI distribution include, for

example, Science Professionals and Corporate Managers. Occupations which fall in the lower

part of the OFF distribution include Personal and Protective Service Workers and Drivers.

Examples of occupations which can be found at the upper part are Office and Service Clerks

in the case of the RTI, and Science Professionals and Machine Operators in the case of the

OFF . The example of Science Professionals, who can be found at both the bottom and the

top of our two measures, highlights the importance of concentrating on more than one measure

of a changing work environment. This is also mentioned by Cortes et al. (2017) who show

that within a neoclassical model advances in automation technology on its own is not able to

generate the changes in occupational shares and employment propensities observed in the data.

We calculate for each sample the smoothed daily likelihood of re-employment and entering

training during the unemployment spell using the method of Müller and Wang (1994). The

results of this exercise are depicted in Figure 1 separately for men and women. The upper part

of the figure shows the transition probability into re-employment. The lower part depicts the

empirical estimates for the transition rates into training.

[ Figure 1 ]

Looking at the transition rates from unemployment to employment at the upper part of

the figure, two features become apparent. First, for both men and women transition rates into

re-employment are substantially higher at lower values for both our RTI and OFF during the

first six months of the unemployment spell. This finding provides evidence that our measures

of occupational change do indeed affect the probability of finding a new job, especially in the

short run. With ongoing duration of the unemployment spell, skill requirements in the previous

job seem to matter less and it is more likely that stigma effects play a dominant role (e.g. Kroft

et al., 2013; Eriksson and Rooth, 2014).

Second, one can see pronounced gender differences in the importance of occupational re-
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quirements. Men formerly employed in occupations with lower OFF index have a slightly

higher transition rate into employment than men who worked in low routine jobs. For women,

we observe that both categories of our RTI are associated with a higher re-employment hazard

compared to a lower OFF index. One likely reason for these observed differences is gender-

specific sorting into occupations (e.g. Black and Spitz-Oener, 2010).

The pattern documented in Figure 1 might be the direct consequence of fewer employment

possibilities caused by occupational change. To investigate this further, we also look at vacancy

postings and calculate the average growth of the share of vacancies between 2011 and 2014.

Unfortunately, the available information is provided at the 1-digit level so that only a rough

comparison to our indices is possible.11 Table 2 contains the yearly share of vacancies posted

and the average annual growth rate.

[ Table 2 ]

Groups associated with both a high RTI and OFF index, such as office clerks, have expe-

rienced a lower growth in the share of open positions over time. In contrast, management or

professional occupations have seen a rise in the relative share of vacancies posted. The vacancy

postings provide suggestive evidence that our measures are related to job opportunities. They

also show that, despite the well documented fall in the employment share in certain occupations,

there is no evidence that these types of jobs disappear completely.12

A possible implication of this finding is that, although employment possibilities decrease,

workers who are able to re-enter employment might have better post-unemployment labor mar-

ket outcomes. For example, it is possible that these occupations have experienced considerable

within-occupational changes in task requirements and demand now fewer but highly skilled and

more productive workers (Hershbein and Kahn, 2018). We will shed more light on this in our

empirical analysis.

We find less clear evidence that our measures are related to training assignment. The results

are shown at the lower panel in Figure 1. Men formerly employed in high RTI occupations tend

to have a slightly higher probability of receiving training than those who worked in high OFF

occupations at the beginning of the unemployment spell, but case workers seem to be in general

more concerned with the threat of automation than offshorability. For women, we observe the

opposite. Those who were employed in occupations with higher-risk of being outsourced or

offshored are, in general, more likely to receive training than other workers.

The results from our preliminary analysis show that occupational task requirements seem

to be important in determining the transition from unemployment to employment but there

is less clear evidence whether decision makers are aware of the consequences. The simple

11The data was obtained from Statistik Austria which provide only average yearly figures of vacancy postings
and only at a 1-digit level. Statistics for open vacancies can be found here http://www.statistik.at/web_

de/statistiken/menschen_und_gesellschaft/arbeitsmarkt/offene_stellen/index.html where we used the
document “Offene Stellen lt. Offene-Stellen-Erhebung nach ausgewählten Merkmalen, Jahresdurchschnitt 2011
bis 2016”.

12Autor (2015) points out that medium-skilled jobs require nowadays a mixture of tasks. For example, the task
requirements for a modern office clerk comprises of doing the paper work but also organizing and planning. Hence,
it is unlikely that these occupations completely “die out”.
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analysis presented here has, however, obvious shortcomings. We have abstracted from important

elements such as worker sorting or selective training assignment. Taking these factors into

account is important to guide a well-defined policy debate.

3 Econometric Framework

3.1 Modeling Treatment Assignment and Exit Behavior

Obtaining causal estimates of occupational change and unemployment training on workers’ exit

behavior is a difficult task. Assignment to training during the unemployment spell is related to

numerous factors and it certainly is related to the previous job content. The job search behavior

of an individual is likely to be affected by the expected career prospects, in turn influenced by

unobserved ability, occupational change, and received training. In general, one can expect the

training assignment probability and the likelihood of leaving unemployment to be correlated.

In our work, we make use of the Timing of Events approach proposed by Abbring and

van den Berg (2003b) and jointly estimate the duration until exit and the duration until the first

training spell by means of a continuous-time multivariate duration model. Our method exploits

the access to multiple-spell data which facilitates identification and allows for quite general forms

of selectivity. Abbring and van den Berg (2003b) show that the effect of unemployment training

can be identified without any parametric assumption or exclusion restriction. Intuitively, this is

possible by exploiting the timing of events and looking at how closely training is followed by an

exit. If the distance is short between the two events, regardless of the unemployment duration

before the training assignment, and the no-anticipation assumption, explained in detail further

below, holds, this identifies a causal effect of training. The approach has been widely used in

the program and training evaluation literature for different countries, see, for example, van den

Berg et al. (2004), Lalive et al. (2005), and Osikominu (2013). An additional advantage of the

method is the possibility to model the training effect in a flexible way (see also Richardson and

van den Berg, 2013).

Given the recent discussion in the literature on the impact of occupations and changing task

requirements on workers (e.g. Cortes et al., 2017), we consider both the exit into a new job (NJ)

and the transition into out of labor force (OLF) in our analysis. This allows us to investigate in

detail how our RTI and OFF can affect the selective career decisions of unemployed workers.

In our empirical specification, we allow the impact of RTI and OFF to (linearly) change

over time by interacting our indices with a linear time trend τ and using 2000 as base year. We

denote these time-interacted variables by RTIτ and OFFτ . While we could model the temporal

impact of RTI and OFF on our hazards in more general ways, the computation of more flexible

models is very time intensive. For example, allowing the effects of our indices to change flexible

by year would introduce additional 70 parameters in our simple model containing already 138

parameters. We show in Appendix C that our linear time trend model captures changes in the

impact of RTI and OFF over time pretty well. The results from this analysis will help us to

understand how occupational changes have intensified over the past years.

We assume that the exit and treatment transition rates have a mixed proportional hazard

10



specification. For a realized spell with duration T until exit and duration D until the first labor

market policy, the exit rate for e ∈ {NJ,OLF} is defined as

θe(T |RTI,OFF, x, νe, D) = λe(T )exp
(
x′βE + γRTI2000,eRTI2000 + γRTIτ,e RTIτ+

γOFF2000,eOFF2000 + γOFFτ,e OFFτ+

δe(RTI,OFF )1(T > D) + νe)

(1)

In our exit hazard, λe(T ) represents a fully flexible baseline hazard, displaying individual

duration dependence. νe captures the impact of time-fixed unobserved heterogeneity on the

exit rate, such as an individual’s ability. The vector x includes observable individual as well as

employment characteristics as presented in Table 1. In addition, we also include a set of year

and occupational dummies defined on a 1-digit level in our estimation. These dummies capture

any macroeconomic shocks as well as occupational specific effects possibly correlated with RTI

and OFF in our analysis.

In Equation (1), we are particularly interested in the coefficients γRTI2000 and γBK2000 which give

the effect of our Routine and Offshoreability Index on the hazards in the base year 2000, and

γRTIτ and γBKτ which give estimates of how occupational change affects the exit hazards over

time. Notice that given our parameters and using the year 2000 as base year, we can calculate

the total impact of our RTI on the exit hazard in year τ by γRTI2000 + (τ − 2000) · γRTIτ .

The parameter δ(RTI,OFF ) captures the shift in the exit hazard due to provided training.

We allow δ(RTI,OFF ) to depend on our measures of occupational change. More precisely, in

our analysis we model δ(RTI,OFF ) as13

δe(RTI,OFF ) = δe + δRTI2000,eRTI + δRTIτ,e RTIτ + δOFF2000,eOFF + δOFFτ,e OFFτ (2)

This allows us to evaluate whether workers at the risk of automation and offshoring receive

more effective unemployment training and whether/how this has changed over time.

Similar to our exit hazards, we model the arrival rate of labor market training (treatment

hazard) as

θP (D|RTI,OFF, x, νP ) = λP (D)exp
(
x′βP + γRTI2000,PRTI2000 + γRTIτ,P RTIτ+

γOFF2000,POFF2000 + γOFFτ,P OFFτ + νP
) (3)

Here νP captures unobserved heterogeneity on the treatment hazard and the vector x includes

observable individual characteristics as well as time and occupation dummies. In particular, the

assignment decision of the case worker may depend on both RTI and OFF as well as on our

linear time trends. The estimated parameters give us an indication how aware case workers are

of the impact of automation and offshoreability on workers’ labor market careers and whether

the focus has changed over time.

In our model we allow for selectivity and do not impose any restrictions on the correlation

of the unobserved components νe and νP . Hence, selection into treatment can affect the exit

transitions and vice versa. We assume that the distribution of heterogeneity to be a priori

13See also the discussion in Abbring and van den Berg (2003b) and Richardson and van den Berg (2013).
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unknown and approximate it by means of a discrete distribution as suggested by Heckman and

Singer (1984). The associated probability for having M possible mass points is parametrized in

the following way

pm = P (νNJ = νmNJ , νOLF = νmOLF , νP = νmP ) =
exp(αm)∑M
m=1 exp(αm)

(4)

Parameterizing the probabilities in this way avoids constrained maximization. In practice,

we set the maximum numbers of estimated mass points M to five in order to save on computa-

tional time, but our results are not sensitive to the exact number of mass points chosen.14

We model individual duration dependence in a flexible way via a piecewise constant function

λj(T ) = exp(
∑10

k=1 λj,k1k(T )) for j = {NJ,OLF, P}. In total we distinguish ten time intervals,

where we keep the intervals small at the beginning of the unemployment duration to capture

changes in the benefit regime. For estimation purpose we normalize the first parameter to 0 for

each considered hazard.

We estimate the parameters by means of maximum likelihood. Having N individuals in total

with individual i having in total Ji spells, and observing the time to exit Tij (or censoring) and

the time to unemployment training Dij (or censoring) for each of these spells, the log-likelihood

function for our empirical model is

L =
N∑
i=1

log


M∑
m=1

pm

Ji∏
j=1

E∏
e=1

θe(Tije|xije, νme , Dij)
∆ij,e exp

− Tije∫
0

θe(Tije|xi, νme , Dij)


θP (Dij |xij , νmP )∆ij,P exp

− Dij∫
0

θP (Dij |xij , νmP )




(5)

where E is the total number of exit states considered and ∆i,e and ∆i,P are censoring dummies.

Notice that our log-likelihood function imposes that an individual has the same heterogeneity

term across unemployment spells (see also van der Klaauw and van Ours, 2013). This allows us

to exploit the multi-spell structure of the data. Applying this restriction has the advantage that

the chosen exit state as well as our measures RTI and OFF (and all other control variables)

are allowed to be correlated with the unobserved heterogeneity of workers in a very general way

(Abbring and Van den Berg, 2003a; Abbring and van den Berg, 2003b). We can therefore allow

for situations where workers with different (but constant) unobserved abilities sort themselves

into different occupations. Likewise, we can also allow for situations where unobserved ability

influences the chosen exit destination.15

14In certain circumstances it might be possible that an estimated heterogeneity parameter takes a large negative
value which makes it impossible to invert the Hessian matrix and obtain standard errors. In such a case, we fix
the heterogeneity parameter and leave it as a constant in the estimation. We do so for estimated heterogeneity
points below -20. Furthermore, in the optimization process we account for possible degenerate distributions; see
also Gaure et al. (2007a) and Gaure et al. (2007b) for more details on the optimization approach.

15Intuitively, identification is achieved by comparing different spell lengths for an individual. As unobserved het-
erogeneity is common across individual spells, different spell lengths occur only due to duration dependence and
differences in training effects. Identification of all of our parameters, such as δ and β, would even be possible
without any variation in the observed covariates.
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Our approach rules out unobserved dynamic effects, such as learning about one’s own abil-

ities over time when choosing an occupation. Previous research has shown, however, that

learning does not seem to play an important role when considering occupation wage premia

once comparative advantage is taken into account (Gibbons et al., 2005). Our model also rules

out situations where individual outcomes or treatment assignments between spells are related

through factors other than our covariates and unobserved heterogeneity. For example, we can-

not allow for situations where individuals are less likely assigned to training in the future if they

received any training during previous unemployment spells regardless of their ability or personal

characteristics. This situation is very unlikely as case workers decide training assignments de-

pending on personal circumstances and ability of a worker rather than on their (unconditional)

assignment history. Notice that our model does not rule out situations where future assignment

decisions of case workers are related to the motivation of workers, as this will be captured by

our unobserved heterogeneity.

While we can allow for general selectivity in our model, key to the identification of δ(RTI,OFF )

is the so-called no-anticipation assumption. This assumption requires that future program par-

ticipants do not foresee the exact assigned start date of the course. Therefore, unemployment

training is only allowed to have an effect on the exit hazard from the actual participation date

onward. The no-anticipation assumption does not imply that training has to be assigned com-

pletely at random. Participants can hold believes about the probability of getting a training

course and might know when they are at a high risk, as long as they do not act on their believes.

The no-anticipation assumption would be violated if prospective participants did reject job

offers or lower their search intensity shortly before a (believed) training assignment. Unemployed

workers are, however, closely monitored by their case worker. They risk losing their benefits for

a prolonged time period if they do not apply for jobs or do not accept any position referred to

by the case worker. In addition, training assignment is managed by the case worker and there

is no right of participation. Likewise, if an individual is assigned to any training measure by

the case worker, participation is compulsory. Refusing to do so or deliberately foiling the goal

of the assigned measure will lead to a reduction in benefits.

The no-anticipation assumption would also be violated if case workers communicated the

training assignment well before the actual start date to the job seeker and she reacted on

this new set of information. In this case, the total treatment would be comprised of an actual

training effect and a notification effect (Crépon et al., 2018). Allocation of training is organized,

however, in the short-term and depends on the supply of eligible training slots. This together

with the strict assignment rules leads to a likely small, if at all, anticipation effect.16

3.2 Modeling Post-Unemployment Outcomes

We are also interested in how our measures of occupational change and training affects re-

employment job-quality, such as wages and job stability.17 Considering post-unemployment

16We provide summary statistics of our key variable by training status in Appendix B. There are only modest
differences in the key observable characteristics.

17Related to our setting, Arni et al. (2013) look at how sanctions and warnings affect subsequent employment
stability and wages in Switzerland.
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outcomes introduces additional problems into our analysis. Taking up new employment or not

is endogenous and we need to account for this additional type of selectivity. For example, the

job finding probability of a worker may be correlated with her re-employment wages. We take

this into account in our analysis by estimating post-unemployment outcomes simultaneously

with training assignment and search behavior, and allow for correlation among unobservables

across different states.

When modeling the effect on re-employment wagesW , we make use of the approach proposed

by Donald et al. (2000) (see also Cockx and Picchio (2013) for an extension). Donald et al. (2000)

show that the cumulative distribution function of wages can be modeled using hazard functions,

similar as in duration analysis.18 We model the wage hazard after exiting the unemployment

spell θω similar as in Equation (1):

θω(W |RTI,OFF, x, νω, D, TNJ) = λω(W )exp
(
x′βω + γRTI2000,ωRTI + γRTIτ,ω RTIτ+

γOFF2000,ωOFF + γOFFτ,ω OFFτ+

δω(RTI,OFF )1(TNJ > D) + νω)

(6)

where δω(RTI,OFF ) and λω(W ) are similarly defined as before. We choose the interval points

in the baseline hazard λω(W ) to occur at every 10th percentile of the observed wage distribution.

As we observe an individual’s re-employment wage only if she found new employment, we

face a double censoring problem. Denote by ∆ij,ω the censoring indicator which takes a value

of one if the re-employment wage lies below the 99th percentile and by Sω(W |x, νω, D, TNJ)

the survival function. Remember that ∆ij,NJ is the censoring indicator taking a value of one if

we observe an outflow into new employment. Then, the contribution of adding re-employment

wages as additional state to an individual’s likelihood is

L ω
ij =

[
θω (W |x, νω, D, TNJ)∆ij,ω Sω (W |x, νω, D, TNJ)

]∆ij,NJ

(7)

We model the job stability hazard in a similar way. Denote by ∆ij,PE the censoring indi-

cator which takes a value of one if the new employment was terminated before the end of our

observation period and let SPE(TPE |x, νPE , D, TNJ) be the survival function. An individual’s

contribution to the likelihood when adding re-employment job stability as an additional state

is given by

L PE
ij =

[
θPE (TPE |x, νPE , D, TNJ)∆ij,PE SPE (TPE |x, νPE , D, TNJ)

]∆ij,NJ

(8)

Before discussing our results, we want to highlight that in terms of our post-unemployment

outcomes usually negative coefficients are interpreted as having a positive impact on workers’

labor market career. This is straightforward to see when considering job stability, but it might

be more complicated when using wages as outcome. The wage hazard is the instantaneous

probability of having a re-employment wage W conditional on receiving at least W . It has

therefore a similar interpretation as any hazard when considering spell length as an outcome.

18The estimator requires censoring, so we follow Donald et al. (2000) and assume that wages above the 99th
percentile are censored.
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One can show that under the MPH assumption imposed, the sign of the impact on the wage

distribution is the opposite to the sign estimated on the coefficient of interest (Cockx and

Picchio, 2013).

To ease interpretation in this case, we will change the sign when reporting our estimates on

the wage hazard. Thus, in our case a reported positive coefficient when considering this outcome

can still be interpreted as having a positive effect on workers’ post-unemployment wages.

4 Main Estimation Results

Table 3 presents the estimation results from our flexible model allowing for heterogenous train-

ing effects and linear trends when including post-unemployment wages as additional outcome.

Table 4 contains a similar set of estimates but considering job stability as an additional outcome.

The left part of the table presents our results for men and the right part for women. For brevity,

we only show the coefficients on our variables of interest, but all estimates contain individual

level control variables as well as year and occupational dummies. In each Table, Panel a shows

the results for our measures of occupational requirements and Panel b the estimated training

effects on the log-hazard rates.

As one can see from the results presented in the Tables, the estimates on the training

and exit hazards are virtual identical regardless of considering wages or job stability as post-

unemployment outcome. This gives us confidence in our identification strategy. Given this

similarity, we discuss the training assignment and exit process only for our model with post-

unemployment wages as additional outcome.

[ Tables 3 & 4 ]

4.1 Automation, Offshoring and Exit Behavior

Our estimates for the impact of automation and offshoring on the duration until re-employment

are given in Columns (1) and (5) of Table 3 for men and women respectively. To facilitate

interpretation of our time trends, we plot the impact of a one standard deviation increase of

RTI and OFF on the job finding hazard over time together with a 95% confidence intervals in

Figure 2.

Our results show that for men, the risk of automation significantly lowers the job finding

probability in all time periods. A one standard deviation increase in our RTI index decreases

the re-employment probability by 8% in 2000 and by 16% in 2014, implying a considerable drop

in the job finding rate over time.19 This conclusion is also supported by a more flexible model

with time dummies presented in Appendix C.

To give a more specific example, consider an unemployed cashier and an unemployed welder.

The difference in the RTI between those two occupations is around one standard deviation.

Our estimates imply that the job finding probability of an unemployed cashier is 9 percentage

19Remember, we normalized the standard deviation of our indices to 1.
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points (pp) lower in the year 2000 compared to the welder. Within 10 years, this difference has

substantially increased to 12 pp.20

The impact of automation on female workers is slightly stronger at the beginning of our

sample period, but it remains virtually constant thereafter. A one standard deviation increase

in our RTI index decreases the re-employment probability by 15% in 2000 and by 14% in 2014.

In contrast to our findings for the risk of automation, we find a positive impact of offshore-

ability on re-employment for men over time. An increase of OFF by one standard deviation

had virtually no impact on the job finding probability in 2000 for men but has increased it

significantly to around 7% by the end of our sample period. A similar increase in OFF reduced

the re-employment likelihood for women by around 10% in 2000, but only by 4% in 2014. In

line with the findings of Goos et al. (2014), we find that the risk of automation has a greater

impact on the labor market career of unemployed workers compared to the risk of offshoring.

Columns (2) and (6) of Table 3 report the impact of occupational change on the likelihood of

leaving the labor market. We find that a higher risk of automation is associated with a slightly

lower likelihood of leaving the labor force for both men and women. Part of the effect might be

driven that automation is associated with higher re-employment wages, as we will show later.

Thus, individuals might be more inclined to stay in the labor market and hoping to climb the

wage ladder when finding re-employment. In terms of offshoreability, we find the opposite effect,

although our estimates are not statistically significant.

4.2 Automation, Offshoring and Training Assignment

Given that the risk of automation significantly reduces the re-employment probability for both

men and women, it is interesting to see if case workers have been aware of these developments.

In this section, we briefly discuss the impact of our measures on the training assignment process.

Columns (4) of Table 3 show the impact of RTI and OFF on the assignment likelihood

for male works. One can see that case workers were intentionally or unintentionally aware of

the potential negative consequences of automation. We estimate that a one standard deviation

increase of our RTI has a positive significant impact on the log-training hazard of 0.19. Our

trend estimates γτ , reported in the next line, show, however, that there has been a shift in

the focus over the past years. Although workers who used to be employed in occupations at

high risk of automation are still more likely to receive training, this positive discrimination is

getting smaller over time. Our estimates imply that a one standard deviation increase of our

RTI decreases the log-training hazard every year by around 0.006. This implies, for example,

that the probability of receiving training for an unemployed cashier – continuing our example

from above – decreases within 10 years by around 10 pp while it is only 1.7 pp lower for welders

over the same time period.

Our results for women, reported in Column (8) of the table, are very similar. Like for men,

we find that female workers who are more affected by automation are more likely to be assigned

to training but there is a substantial shift away from this process over time. Our trend estimates

20Cashiers have a RTI of 1.28 and welders a RTI of 0.27. This implies that the employment probability shifts in
the year 2000 by exp(−0.088 · 1.28)− 1 and in the year τ by exp(−0.088 · 1.28− 0.005 · (τ − 2000) · 1.28)− 1 for
the cashier as compared to a person with average characteristics.
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are even slightly larger compared to men.

The impact of offshoring on the assignment process is less pronounces and mostly negative.

Male workers affected by offshoreability receive less likely training with a slight intensification

over time. Our estimates are, however, only marginally significant. For women, we do not find

any evidence that case workers base their decision on this measure.

These results are quite interesting. Case workers tend to factor the disadvantage of au-

tomation into account when assigning training programs. The reduced attention toward these

workers is surprising though, given the current public debate about the consequences of au-

tomation and digitization on workers. In this light, one would have expected the opposite to

be true. One reason for this development might be that case workers have a lower propensity

of assigning unemployment training but the assigned measures are more effective in placing

individuals in high-quality work. We will explore this further below.

4.3 Effects of Labor Market Training on Exit Behavior

We find that labor market training has a highly significant and positive effect on the re-

employment probability, as can be seen in Panel b of Table 3. Received training shifts the

likelihood of finding new employment for males by around 75% and even more so for female

workers. These results are very similar to training effects found for other countries (e.g. Richard-

son and van den Berg, 2013). We also find that unemployment training leads to a significant

increase of the likelihood of transiting into out of labor force, but to a much lower extent.

For men, we find evidence that training effectiveness differs by the degree of automation and

offshoreabilty in the previous job. A one standard deviation increase in our RTI increased the

impact of training on the job finding probability by an additional and significant 8 pp in 2000,

but its effectiveness has decreased since then. We find the opposite effect for training associated

to our OFF measure. At the beginning of our sample period, provided training had actually

a (not significantly) lower effect for workers in occupation with high offshoring potential, but

effectiveness of training has increased since then significantly. We do not find any results for

women. Our estimates are very small and not statistically significant for this group.

These differential effects of automation or offshoring do not, however, capture the full effect

of training on the unemployment duration of workers. To calculate the full effect of labor market

policy, we need to consider two different effects. First, there is the direct effect of training related

to our measures of occupational change analyzed in this section. Second, there is an indirect

effect of training, operating through the difference in the assignment process of case workers

discussed in the previous section. As we have shown, this process depends significantly on the

previous job content. Thus high/low RTI and OFF workers have different expected waiting

times until training assignment. Receiving training earlier or later will amplify general and

heterogenous training effects. To quantify these two effects, we use our estimates from Table 3

to simulate the total effectiveness of training.

We first calculate for each year y of our sample the expected duration until training as-

signment SIndexy,j , using either our RTI or OFF and setting it to 0 (j = low) or 1 (j = high),

which corresponds to a one-standard-deviation change in the index. We then use the expected
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duration until training assignment in a second step when calculating the expected duration until

new employment NJIndexj . When calculating the durations, we use the estimates reported in

Table 3 and set all other covariates to their sample average as observed in the year 2000. This

constitutes our baseline of the total effectiveness of labor market training.21

To gauge whether changes in the assignment process or changes in direct training effects

are driving this time trend, we conduct similar set of calculations but fix now the respective

parameters to our values for the year 2000. In other words, we do not allow for any changing

impact of either RTI or OFF on the training and exit hazards over time.

Given our durations obtained under these different scenarios, we calculate the relative ben-

efits of unemployment training in year y as

∆Training
y =

(
E[NJIndexy,j |Index = j,Dy = SIndexy,j , x = x̄2000]

E[NJIndexy,j |Index = j,Dy =∞, x = x̄2000]
− 1

)
· 100 (9)

where Index is either RTI or OFF and j = {high, low}.
Equation (9) expresses the relative benefits of provided unemployment training as the per-

centage change in the duration until re-employment by comparing the obtained duration with

the simulated training assignment to the one if no training had been assigned. Thus, a negative

number is associated with a beneficial impact of training on the re-employment duration.

A similar interpretation holds when comparing the results under our different scenarios. If

∆Training
y is lower when holding the indirect effect of training assignment fixed at 2000 levels

compared to our baseline, then the difference can be interpreted as the loss in effectiveness of the

direct effect of training. Likewise, if ∆Training
y is lower when holding the direct effect of training

fix compared to our baseline, then the difference can be interpreted as the loss in effectiveness

due to changing priorities of case workers.

Figure 3 presents the results from this exercise, separately for automation and offshoring for

both genders. The solid-dotted line presents our baseline for workers with RTI and OFF set

to the low level, our baseline estimates. On average, training reduces unemployment duration

by around 15 % for both men and women, which is quite sizable.

In comparison, the solid line shows the benefits of training if we set RTI or OFF to a high

level and thus allow for different training assignment as well as changing training effects over

time. The dashed and dotted line show the results for high values of our indices if either training

assignment or training programs had had a similar impact as in 2000. Similarly, the dotted-

dashed line presents the relative benefits of unemployment training if both the assignment

process and training programs had the same effect throughout the sample period as in the year

2000.

From our results, it is clear, that both men and women with higher values of RTI profit

substantially more from training as compared to workers with lower values of RTI. At the

21In practice, using our parameter estimates and average of our covariates in 2000 x̄2000 we calculate for each
of our sample years y, our Index I, and j = {low, high} the expected duration until re-employment as∑5
i=1 pi

(∫ tu
0
S(z|x = x̄2000, I = j, νiNJ , D = s)dz + tu · P (t ≥ tu)

)
, where S(·) is the conditional survival rate,

s the simulated duration until training assignment, and P (t ≥ tu) the conditional probability of surviving after
time tu. The upper limit tu is chosen to be 10 years.
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beginning of our observation period, assigned training reduced the unemployment duration for

men for high values of RTI by 19.5% (relative to 15% at baseline), whereas training reduces

the unemployment duration of women by 21% (relative to 15% at baseline).

These advantages of high-RTI workers have decreased over time. For men, the decreasing

benefits are almost equally driven by the changing assignment focus and the less effective train-

ing programs. If both components had stayed on the same level as in 2000, provided training

could have reduced unemployment duration by up to 3 pp more than under the current regime.

For women, we find that almost the entire decline in training effectiveness is due to changing

assignment priorities. Had case workers based their assignment decision on the same character-

istics as in the year 2000, provided training could be up to 4 pp more effective nowadays. This

difference is quite large when compared to our baseline estimates.

In contrast, training programs related to offshoring for men bring no additional advantage.

Workers in jobs with higher offshoring potential have benefited less from training compared to

those with lower values of our OFF , over most of our sample period. Its effectiveness has,

however, improved over time. This development is almost exclusively driven by better training

efficiency. In contrast, women in jobs with higher offshoring potential have benefited slightly

more from labor market training. As before, we find a substantial fall in the effectiveness of

these training programs over time, which is driven by the changes in priorities of case workers.

Overall, unemployment training can compensate the negative impact of occupational change

on the unemployment duration to a large extent and bring workers back to the labor market. Its

effectiveness has, however, decreased over time. In the next chapter we will explore the quality

of the jobs unemployed workers transit into.

4.4 Occupational Change and Post-Unemployment Outcomes

4.4.1 Re-Employment Wages

The impact of our measures on re-emplolyment wages can be found in columns (3) and (7) in

Table 3 for men and women respectively. Male workers who are more affected by automation

and who find new employment have in general higher re-employment wages.22 We find a strong

amplification of this development over time. Our results for women are somewhat smaller and

we do not find evidence that it is changing over time.

Taken together with our findings from the previous sections, our results for automation

point toward a trade-off between the quality and quantity of available jobs. Workers who were

previously employed in “routine” jobs have seen a decline in employment opportunities. At the

same time, they also have likely experienced changes in the task requirements leading to fewer

but more productive jobs (Hershbein and Kahn, 2018; Gregory et al., 2019).23

We see a similar trade off when we look at the impact of offshoreability. For men, previ-

ously working in an occupation at higher risk of offshoring has increasing the re-employment

probability. At the same time, we also estimate a negative impact on re-employment wage. For

22Remember that for readability, a positive coefficient on the wage hazard implies higher re-employment wages.
23An alternative explanation is put forward by Modestino et al. (2016) who argue that during the great recession

employers behaved opportunistically by demanding higher skills.
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women, offshoring reduces the employment rate, but increases post-unemployment wages.

In general, our results for women imply that their post-unemployment wage is less affected

by occupational changes compared to men. These differences might be (partly) explained by

women in Austria working more likely part-time than men and therefore benefit less from any

within-occupational upskilling.

We have seen that training can be effective in lowering unemployment duration for workers

strongly affected by occupational change. In this light, it is interesting to see what the effects

of training on subsequent wages are. Columns (3) and (7) in Panel b of Table 3 show that

there is a trade off in the effectiveness of training with respect to re-employment probabilities

and wages for both men and women. Provided training increases the likelihood of transiting

into new employment but reduces the wages for those who found a new job. This implies that

case workers are more concerned in bringing unemployed workers back to work and less with

post-unemployment job quality.

There are, however, slight differences by previous job content. Male workers with higher

RTI were significantly less impacted by the negative effect of training on re-employment wages

at the beginning of our sample period. This effect strongly decreases over time. Our results

indicate the opposite for our measure of offshoreabilty. Workers with unemployment training

in occupations at risk of being offshored had lower wages at the beginning but have seen an

improvement since then. These results mirror those discussed for the effect of training on exit

behavior. As before, we do not find any heterogeneous training effects for women.

4.4.2 Job Stability

We also look at tenure in the first job after leaving unemployment as another form of employment

quality. The results are presented in Table 4. The impact of our measures of occupational change

on the treatment and exit hazards are very similar as when using post-unemployment wages as

additional outcome and we do not discuss them in detail here.

Interestingly, we find that male workers affected by automation do not only have higher

re-employment wages but also enjoy better job stability. A one standard deviation increase in

our RTI decreases the separation probability by around 18%, which is highly significant. This

effect has remained remarkably stable over time. In contrast, a one standard deviation increase

of our OFF increases the job separation probability by around 6%.

The estimates for women, reported in Column (7) of Table 4 are similar. A one standard

deviation increase in our RTI decreases the separation probability from the current employer by

19%, while a one standard deviation increase of our OFF increases the separation probability

by around 4%. We do not find any evidence that this trend has changed over time.

We find small but negative effects of labor market training on post-unemployment job stabil-

ity. Women who received training have lower post-unemployment job duration and an increased

separation rate by around 11%. Likewise, male workers who received training have a slightly

elevated and marginally significant likelihood of leaving the new employer. We do not find any

noticeable heterogeneous effects.

Our findings imply that automation can create better paying and more stable jobs, but
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only for those workers who are able to find new employment. Falling job finding probabilities

– together with the quality of these jobs – lead to an increase in polarisation in the labor

market. Unlike automation, jobs susceptible to offshoring are characterized by shorter post-

unemployment jobs and lower wages. The developments documented in our work have the

possibility to increase inequality even further in the future.

5 Heterogenous Effects

Occupational changes might in particular affect older and less educated workers. Older workers

might be more reluctant to adjust to new occupational requirements than younger ones reducing

their search behavior and increasing the likelihood of leaving the labor force. Education may also

be an important factor which influences the impact of occupational change on re-employment

and wages. New technology can complement more skilled workers while it might substitute for

workers without specialized skills.

Table 5 shows the estimation results for different age groups where we split the sample by

the median age of the workers. For brevity, we only show the results on our re-employment

hazard and wages, but all models include out-of-labor force as an additional state, as well as the

training assignment process. Given our previous discussion and to give an indication of the total

effect of provided training, we present its impact on the unemployment duration graphically in

Figures 4 for our age groups.

[ Table 5 & Figure 4 ]

Younger unemployed workers were more affected by the risk of automation than older ones

at the beginning of our sample period. While the effect remained largely constant for the

younger age group, we find an increasing and significantly negative impact of automation on

the re-employment probability of older workers over time. For both age groups, we find that

those workers who find new employment tend to have higher wages. Interestingly, our estimates

also show that the improvement is stronger for younger workers. This shows that automation

has the potential to increase inequality especially among this group (e.g. Muro et al., 2019) but

also that older male workers are increasingly affected by changing occupational requirements.

Mostly older male worker are affected by offshoring with lower job finding probabilities and

re-employment wages. We do not find that the risk of offshoring affects the re-employment

likelihood of younger workers, but it leads to substantially lower re-employment wages.

Older female workers are significantly more affected by automation than younger ones. Our

estimates for the older age group is almost twice as large compared to those for the younger

group. In contrast to our results for male workers, we do not find any evidence that this impact

is changing over time. We also find that for both age groups wages are positively affected by

automation. In terms of offshoring, we find a significant negative impact on younger female

workers only.

Figure 4 shows the relative impact of assigned training. Panel a and b. show the benefits for
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men for high and low values of the RTI and OFF .24 Panel c and d. does the same for women.

Looking at the graphs, one major result emerges: there is a large difference between older and

younger workers in the total effectiveness of labor market training on the unemployment dura-

tion. These differences are quite substantial, in particular for workers affected by occupational

change, and amount to up to 10 pp. While automation has a larger impact on the job finding

rates of younger workers, public policies can help to soften its impact. As before, we also find

that this positive impact on the job finding rate is associated with lower re-employment wages.

Table 6 presents the results for different education groups. We consider individuals who

have finished at least an university entrance exam to be highly educated while those with at

most apprenticeship and/or intermediate school as low educated. Figure 5, which follows the

same structure as Figure 4, presents the total effect of training on the unemployment duration.

[ Table 6 & Figure 5 ]

We see strong differences in the impact of occupational change on the labor market career

of unemployed workers by education. Highly educated male workers are not much affected by

these developments, as can be seen in Columns (1) and (2) of the Table. We find some small

negative effects of offhsoring on re-employment wages over time. For highly educated women,

the results presented in Column (5) and (6) show that offshoring has a strong negative effect on

the job finding probability but compared to men we do not find any effect on re-employment

wages.

Our findings for lower educated persons stand in stark contrast. For men, a one standard

deviation increase in our RTI decreased the job finding probability by 12% in 2000. The impact

has severely intensified since then and a similar change in the RTI has decreased the job finding

probability by 20% by the end of our sample period. We find similar negative effects for women

but no evidence that these have changed over time, as one can see from the results in Column

(7) of the table. Both estimates are highly significant and 30% to almost 50% higher compared

to our overall estimates shown in Table 3. We also find that the quantity-quality trade-off in

terms of jobs is entirely driven by this education group.25

For lower educated men, we find a similar trade-off as before in terms of offshoring. Over

time a higher risk of offshoring is associated with a higher job finding probability but lower

re-employment wages. For women, we find comparable effects, but employment opportunities

have marginally improved over time.

Figure 5 shows the relative impact of assigned training for our different education groups.

Highly educated male workers benefit in general more from provided unemployment training

compared to lower skilled ones regardless of the impact of occupational change. Within skill-

groups, we find that those more affected by occupational change benefit in general more from

24As before, we set the difference between high and low values to one which corresponds to an increase of one
standard deviation

25When dividing the lower education group into those who have an apprenticeship/high-school degree and those
with only compulsory schooling, we find a similar employment-wage trade-off for the former group while we only
find negative employment effects for the latter group. This supports the hypothesis that special skills become
more important, in particular for lower educated workers.
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training, with exception of offshoreability and lower educated workers. Our results are very

similar for women. In general, our results imply that provided public policies, while helpful in

general, can increase inequality between skill groups further.

6 Conclusion

There has been an increasing interest from both scholars and policy makers in the effect of

automation and offshoring on workers. While there is a large amount of studies on aggregate

impacts of occupational changes on employment, evidence on individual-level consequences is

scant. In this work, we use almost two decades of administrative data for Austria and look

at the consequences of automation and offshoreability on the exit behavior and future labor

market career of unemployed workers. This is also the first paper to study systematically the

effectiveness of labor market training in this setting.

For both men and women, automation is reducing job finding rates of unemployed work-

ers significantly; for men this disadvantage is also increasing over time. We find a trad- off

between quantity and quality of employment. Those who find a new job tend to have higher re-

employment wages and more stable jobs. We provide evidence that these effects have intensified

over the past years and that in particular workers with lower educational attainment and fewer

special skills are affected. These results suggest that occupations have undergone considerable

within-changes with a move towards routine-labor saving technology and higher demand for

highly-skilled workers.

We find a similar but reversed quality-quantity trade off when looking at the impact of

offshoreability. For men, a higher risk of offshoring is associated with increasing job finding

probabilities over time. This comes at the cost of lower re-employment wages and job stability,

implying that these jobs are in general of lower quality.

For women, we estimate comparable effects of automation on the job finding probability

but a considerably lower impact on re-employment wages. In addition, we do not find evidence

that the impact of automation has changed since the beginning of the 2000s for this group,

likely as a large share of women are working part-time and thus are less affected by any within

occupational changes. Taken together, our results support the notion of gender-specific impacts

of automation.

We show that provided unemployment training can be effective in counteracting the nega-

tive employment effects of occupational changes. In particular, younger workers and those with

higher education profit most from these measures while older workers and those with less spe-

cialized skills do less so. Interestingly, we also find that training reduces re-employment wages

implying that these programs are more effective in bringing workers faster back to work than

improving job quality.

While we show that active labor market policies can be one way to master the employment

challenges imposed by automation and digitization, our results also highlight the danger of

increasing inequality. Unemployed workers who have the special skills to adopt to new situations

face better labor market outcomes with higher wages and job stability. Those workers who lack

the special skills have prolonged unemployment spell and end up in worse matches.
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Table 1: Summary of Estimation Sample

Men Women

Individuals & No. of Spells
Individuals 30,000 30,000

Average No. of Spells 6.08 4.84

Total Observations 98,051 80,178

Outflow & Training
Outflow (in %) 99.32 99.53

to Employment (in %) 59.51 52.38

Median Time until Employment (Days) 81.00 92.00

to Out of Labor Force (in %) 39.82 47.15

Median Time until Out-of-Labor Force (Days) 129.00 133.00

Training Received (in %) 19.80 25.64

Pers. Characteristics
Age 40.85 40.31

(9.36) (8.74)
Non-Austrian (%) 15.61 10.55

(36.29) (30.72)
at most Comp. Schooling (%) 22.14 27.72

(41.52) (44.76)
Apprenticeship/ High-School (%) 59.39 52.32

(49.11) (49.95)
Matura/ University (%) 18.47 19.96

(38.81) (39.97)
Married (%) 42.88 48.66

(49.49) (49.98)
Divorced (%) 12.97 18.01

(33.59) (38.43)
Others (%) 44.15 33.32

(49.66) (47.14)

Last Employment
Tenure in Last Job (Days) 409.63 476.19

(582.81 ) (626.37 )
Daily Wage in Last Job (Euros) 66.47 45.32

(33.49) (29.75)
Displaced from Last Job (%) 30.64 28.54

(46.10) (45.16)
Access to Extended Benefits (%) 47.01 50.46

(49.91) (50.00)

Median time until new job or out of labor force is conditional on exiting unemployment.
Out of Labor Force refers to the state when an individual exits unemployment and does
not take up employment within 60 days. Matura refers to the final entrance exam for
the university in Austria. Others refers to person who are either single or cohabitating
with a partner. Displaced from Last Job refers to individuals who lost their last job due
to plant closure or mass lay-off. Access to Extended Benefits denotes the share of spells
in our sample where the individual is eligible for at least 20 weeks of unemployment
benefits. Standard deviations are reported in parentheses.
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Table 2: Share of Total Vacancies Posted by Major ISCO Group

Years Ann. Growth Rate

2011 2012 2013 2014 ∆2011−2014
Average

Managers (1) 2.17% 2.31% 2.92% 2.72% 8.67%

Professionals (2) 11.67% 12.54% 11.21% 11.84% 0.82%

Technicians (3) 17.50% 18.44% 18.59% 18.24% 1.43%

Clerical Support Workers (4) 6.11% 6.77% 6.61% 4.96% −5.51 %

Service and Sales Workers (5) 29.85% 25.07% 31.34% 29.92% 1.48%

Craft & related Trades Workers (7) 16.28% 19.31% 14.44% 14.08% −3.03 %

Plant & Machine Operators, and Assemblers (8) 6.92% 5.33% 4.45% 5.12% −8.14 %

Elementary Occupations (9) 7.87% 8.36% 8.14% 7.04% −3.31 %

The table presents the share of average yearly vacancies posted for each major ISCO group as provided by Statistik Austria (http://

www.statistik.at/web_de/statistiken/menschen_und_gesellschaft/arbeitsmarkt/offene_stellen/index.html). ∆2011−2014
Average is the

average annual growth rate between 2011 and 2014 in the share of vacancies posted of the respective ISCO group. Note that the %-Shares

do not add up to one as Skilled Agricultural, Forestry and Fishery Workers as well as unknown occupations are excluded from the table.
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Table 3: Impact of Occupational Changes on Exit Behavior and Re-Employment Wages

(1) (2) (3) (4) (5) (6) (7) (8)

Male Female

Employment OLF Wages Treatment Employment OLF Wages Treatment
hazard hazard hazard hazard hazard hazard hazard hazard
θNJ θOLF θω θTraining θNJ θOLF θω θTraining

Panel a: Occupational Requirements

γRTI −0.088∗∗∗ −0.018 0.195∗∗∗ 0.190∗∗∗ −0.168∗∗∗ −0.045 0.076∗∗∗ 0.232∗∗∗

(0.033) (0.036) (0.029) (0.047) (0.031) (0.031) (0.028) (0.042)
γRTIτ x 10 −0.051∗∗∗ −0.045∗∗ 0.055∗∗∗ −0.058∗∗ 0.015 −0.036∗ 0.010 −0.093∗∗∗

(0.015) (0.019) (0.014) (0.023) (0.020) (0.021) (0.019) (0.025)
γOFF2000 −0.003 0.030 −0.172∗∗∗ −0.057∗ −0.102∗∗∗ −0.006 0.040∗∗ 0.018

(0.031) (0.021) (0.024) (0.019) (0.030) (0.021) (0.022) (0.020)
γOFFτ x 10 0.052∗∗∗ 0.018 −0.015 −0.011 0.046∗∗ 0.026 −0.013 −0.029

(0.015) (0.018) (0.015) (0.024) (0.021) (0.020) (0.021) (0.026)

Panel b: Training

δ 0.596∗∗∗ 0.268∗∗∗ −0.214∗∗∗ 0.767∗∗∗ 0.368∗∗∗ −0.132∗∗∗

(0.016) (0.018) (0.015) (0.017) (0.017) (0.016)
δRTI2000 0.046∗ −0.026 0.081∗∗∗ 0.012 −0.013 −0.004

(0.028) (0.030) (0.029) (0.030) (0.031) (0.029)
δRTIτ x 10 −0.024 0.031 −0.100∗∗∗ −0.005 0.030 0.005

(0.035) (0.038) (0.038) (0.039) (0.042) (0.040)
δOFF2000 −0.047 0.001 −0.056∗ 0.007 −0.017 −0.018

(0.029) (0.031) (0.029) (0.030) (0.030) (0.029)
δOFFτ x 10 0.069∗ −0.028 0.092∗∗ 0.014 0.036 −0.017

(0.037) (0.040) (0.039) (0.041) (0.041) (0.041)

Linear Trends Yes Yes
Unobs. Heterogeneity Yes Yes
Individual Control Variables Yes Yes
Time & Occupation Dummies Yes Yes
Log-Likelihood -124,861.10 -128,052.86

OLF refers to Out-of-Labor Force. The model includes a linear trend in RTI and OFF using the year 2000 as baseline. In addition to the reported variables, control
variables for individual characteristics, time dummies, and occupational dummies defined one a 1-digit level are included in the estimation. Duration dependence is modeled
using a flexible piece-wise constant function and the number of mass points for the distribution of unobserved heterogeneity was set to five; see Section 3. To estimate the
effect on the distribution of re-employment wages the top 99th percentile of the wage distribution was censored (Donald et al., 2000). During estimation, one mass point
in both the Men and Women Sample converged to a large negative number. They were fixed and included as constants in the estimation. In total, 211 parameters were
estimated. Standard errors are reported in parentheses.
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Table 4: Impact of Occupational Changes on Exit Behavior and Re-Employment Job Stabilty

(1) (2) (3) (4) (5) (6) (7) (8)

Male Female

Employment OLF Job Stability Treatment Employment OLF Job Stability Treatment
hazard hazard hazard hazard hazard hazard hazard hazard
θNJ θOLF θPE θTraining θNJ θOLF θPE θTraining

Panel a: Occupational Requirements

γRTI −0.097∗∗∗ −0.025 −0.197∗∗∗ 0.205∗∗∗ −0.157∗∗∗ −0.046 −0.215∗∗∗ 0.228∗∗∗

(0.033) (0.036) (0.027) (0.047) (0.032) (0.030) (0.029) (0.042)
γRTIτ x 10 −0.052∗∗∗ −0.046∗∗ 0.014 −0.059∗∗ 0.011 −0.036∗ 0.015 −0.090∗∗∗

(0.015) (0.019) (0.014) (0.023) (0.020) (0.021) (0.021) (0.025)
γOFF2000 −0.002 0.039∗ 0.062∗∗∗ −0.069∗∗ −0.094∗∗∗ −0.015 0.041∗∗ 0.018

(0.022) (0.024) (0.018) (0.031) (0.023) (0.022) (0.022) (0.030)
γOFFτ x 10 0.054∗∗∗ 0.019 0.010 −0.007 0.046∗∗ 0.024 −0.031 −0.034

(0.016) (0.018) (0.015) (0.024) (0.021) (0.020) (0.021) (0.026)

Panel b: Training

δ 0.596∗∗∗ 0.284∗∗∗ 0.010 0.751∗∗∗ 0.369∗∗∗ 0.101∗∗∗

(0.016) (0.018) (0.015) (0.018) (0.017) (0.016)
δRTI2000 0.047∗ −0.034 −0.013 −0.005 −0.015 0.012

(0.028) (0.030) (0.027) (0.030) (0.031) (0.030)
δRTIτ x 10 −0.035 0.042 0.015 0.007 0.030 −0.022

(0.036) (0.039) (0.037) (0.040) (0.041) (0.042)
δOFF2000 −0.048 0.008 0.046∗ 0.002 −0.011 0.035

(0.029) (0.031) (0.028) (0.031) (0.030) (0.030)
δOFFτ x 10 0.075∗∗ −0.029 −0.039 0.022 0.037 0.006

(0.037) (0.040) (0.037) (0.042) (0.041) (0.044)

Linear Trends Yes Yes
Unobs. Heterogeneity Yes Yes
Individual Control Variables Yes Yes
Time & Occupation Dummies Yes Yes
Log-Likelihood -159,843.39 -155,192.38

OLF refers to Out-of-Labor Force.The model includes a linear trend in RTI and OFF using the year 2000 as baseline. In addition to the reported variables, control variables
for individual characteristics, time dummies, and occupational dummies defined one a 1-digit level are included in the estimation. Duration dependence is modeled using
a flexible piece-wise constant function and the number of mass points for the distribution of unobserved heterogeneity was set to five; see Section 3. To estimate the effect
on the distribution of re-employment tenure, all spells without an outflow at the end of the sample period ares censored. During estimation, one mass point in the Men
Sample converged to a large negative number. It was fixed and included as constants in the estimation. In total, 211 parameters were estimated. Standard errors are
reported in parentheses.
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Table 5: Heterogenous Impacts of Occupational Changes on Exit Behavior & Re-Employment Wages by Age

(1) (2) (3) (4) (5) (6) (7) (8)

Men Women

Older Workers Younger Workers Older Workers Younger Workers
Age > 41 Age ≤ 41 Age > 40 Age ≤ 40

Employment Wages Employment Wages Employment Wages Employment Wages
hazard hazard hazard hazard
θNJ θω θNJ θω θNJ θω θNJ θω

Panel a: Occupational Requirements

γRTI2000 0.005 0.185∗∗∗ −0.124∗∗∗ 0.199∗∗∗ −0.235∗∗∗ 0.098∗∗ −0.100∗∗∗ 0.070∗

(0.055) (0.046) (0.041) (0.037) (0.051) (0.044) (0.039) (0.036)
γRTIτ x 10 −0.081∗∗∗ 0.043∗ −0.009 0.075∗∗∗ 0.041 0.013 −0.017 0.024

(0.025) (0.022) (0.021) (0.020) (0.033) (0.031) (0.028) (0.026)
γOFF2000 −0.078∗∗ −0.185∗∗∗ 0.019 −0.161∗∗∗ −0.056 0.027 −0.162∗∗∗ 0.042∗

(0.037) (0.032) (0.027) (0.024) (0.035) (0.032) (0.027) (0.026)
γOFFτ x 10 0.083∗∗∗ −0.014 0.026 −0.016 0.017 −0.010 0.099∗∗∗ −0.003

(0.025) (0.023) (0.021) (0.019) (0.032) (0.030) (0.030) (0.029)

Panel b: Training

δ 0.614∗∗∗ −0.207∗∗∗ 0.585∗∗∗ −0.196∗∗∗ 0.807∗∗∗ −0.105∗∗∗ 0.755∗∗∗ −0.165∗∗∗

(0.026) (0.022) (0.023) (0.020) (0.027) (0.026) (0.023) (0.021)
δRTI2000 0.015 −0.037 0.058 0.138∗∗∗ 0.067 −0.066∗∗ −0.020 0.036

(0.045) (0.048) (0.036) (0.037) (0.050) (0.047) (0.038) (0.038)
δRTIτ x 10 0.049 0.023 −0.093∗ −0.188∗∗∗ −0.063 0.055 0.032 −0.044

(0.054) (0.058) (0.048) (0.052) (0.061) (0.062) (0.054) (0.056)
δOFF2000 −0.010 0.022 −0.060 −0.101∗∗∗ 0.005 0.014 0.005 −0.042

(0.046) (0.052) (0.039) (0.039) (0.051) (0.045) (0.039) (0.038)
δOFFτ x 10 0.007 0.013 0.107∗∗ 0.137∗∗ 0.027 −0.029 −0.002 −0.010

(0.056) (0.062) (0.050) (0.054) (0.062) (0.060) (0.058) (0.058)

Linear Trend Yes Yes Yes Yes
Unobs. Heterogeneity Yes Yes Yes Yes
Individual Control Variables Yes Yes Yes Yes
Time & Occupation Dummies Yes Yes Yes Yes
Log-Likelihood -66,295.81 -57,788.25 -63,353.99 -63,856.50

The table shows the estimates for the re-employment hazard θNJ and wage hazard θω only, but all models also include Out-of-Labor force as an additional exit state. The
model includes a linear trend in RTI and OFF using the year 2000 as baseline. In addition to the reported variables, control variables for individual characteristics, time
dummies, and occupational dummies defined one a 1-digit level are included in the estimation. Duration dependence is modeled using a flexible piece-wise constant function
and the number of mass points for the distribution of unobserved heterogeneity was set to five. To estimate the effect on the distribution of re-employment wages the top
99th percentile of the wage distribution was censored (Donald et al., 2000). The distinction between older and younger workers was obtained by using the median of the
age distribution. During estimation two mass points in the Old Workers Sample for men and women as well as one mass point in the Young Workers Sample for women
converged to a large negative number. They were fixed and included as constants in the estimation; see Section 3. In total, 211 parameters were estimated. Standard
errors are reported in parentheses.
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Table 6: Heterogenous Impacts of Occupational Changes on Exit Behavior & Re-Employment Wages by Education

(1) (2) (3) (4) (5) (6) (7) (8)

Men Women

High Low High Low
Education Education Education Education

Employment Wages Employment Wages Employment Wages Employment Wages
hazard hazard hazard hazard
θNJ θω θNJ θω θNJ θω θNJ θω

Panel a: Occupational Requirements

γRTI2000 −0.001 0.073 −0.129∗∗∗ 0.258∗∗∗ 0.042 −0.012 −0.226∗∗∗ 0.071∗∗

(0.064) (0.059) (0.039) (0.034) (0.067) (0.061) (0.035) (0.032)
γRTIτ x 10 −0.015 0.056∗ −0.067∗∗∗ 0.052∗∗∗ 0.014 0.040 0.009 −0.016

(0.033) (0.033) (0.018) (0.016) (0.034) (0.033) (0.025) (0.025)
γOFF2000 −0.030 0.009 0.021 −0.223∗∗∗ −0.179∗∗∗ −0.024 −0.075∗∗∗ 0.061∗∗∗

(0.044) (0.042) (0.025) (0.023) (0.049) (0.045) (0.024) (0.023)
γOFFτ x 10 0.011 −0.098∗∗∗ 0.061∗∗∗ −0.009 0.048 −0.012 0.042∗ 0.012

(0.038) (0.036) (0.018) (0.017) (0.049) (0.046) (0.024) (0.024)

Panel b: Training

δ 0.585∗∗∗ −0.259∗∗∗ 0.567∗∗∗ −0.206∗∗∗ 0.693∗∗∗ −0.154∗∗∗ 0.791∗∗∗ −0.123∗∗∗

(0.037) (0.033) (0.019) (0.017) (0.037) (0.036) (0.019) (0.018)
δRTI2000 0.019 0.122∗ 0.061∗ 0.065∗∗ −0.002 0.019 0.008 −0.004

(0.058) (0.064) (0.032) (0.033) (0.051) (0.054) (0.036) (0.037)
δRTIτ x 10 −0.005 −0.144∗ −0.044 −0.080∗ −0.020 0.022 0.012 −0.029

(0.070) (0.080) (0.042) (0.045) (0.065) (0.068) (0.049) (0.052)
δOFF2000 0.045 −0.108 −0.078∗∗ −0.049 0.096 0.063 −0.004 −0.029

(0.074) (0.071) (0.033) (0.032) (0.076) (0.078) (0.034) (0.032)
δOFFτ x 10 0.000 0.196∗∗ 0.095∗∗ 0.060 −0.076 −0.089 0.021 0.005

(0.085) (0.087) (0.042) (0.045) (0.090) (0.092) (0.047) (0.048)

Linear Trend Yes Yes Yes Yes
Unobs. Heterogeneity Yes Yes Yes Yes
Individual Control Variables Yes Yes Yes Yes
Time & Occupation Dummies Yes Yes Yes Yes
Log-Likelihood -25,496.70 -98,586.95 -26,292.35 -101,446.18

The table shows the estimates for the re-employment hazard θNJ and wage hazard θω only but all models include Out-of-Labor force as an additional exit state. The model
includes a linear trend in RTI and OFF using the year 2000 as baseline. In addition to the reported variables, control variables for individual characteristics, time dummies,
and occupational dummies defined one a 1-digit level are included in the estimation. Duration dependence is modeled using a flexible piece-wise constant function and the
number of mass points for the distribution of unobserved heterogeneity was set to five. To estimate the effect on the distribution of re-employment wages the top 99th
percentile of the wage distribution was censored (Donald et al., 2000). High education refers to having at least Matura (University Entrance Exam). During estimation
one mass points in both the High Education Sample and the Low Education Sample for women converged to a large negative number. They were fixed and included as
constants in the estimation; see Section 3. In total, 211 parameters were estimated. Standard errors are reported in parentheses.
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8 Figures

Figure 1: Empirical Transition Rates
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a. Exit Hazards Men
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b. Exit Hazards Women
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c. Training Hazards Men
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d. Training Hazards Women

The upper part of the figure presents the smooth daily exit hazards from unemployment to employment estimated
separately for the upper and lower third of the RTI and OFF distribution. The lower part presents smoothed
training assignment hazards for the same two groups. The indices are based on Autor and Dorn (2013) and
Blinder and Krueger (2013), and were mapped to European classification as in Goos et al. (2014). Hazards were
smoothed using the method outlined in Müller and Wang (1994).
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Figure 2: Impact of RTI and OFF on Re-Employment Hazard over Time
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b. Women

The figures depict the estimates of our coefficient on the RTI and OFF for the linear time trend model together with 95% Confidence Intervals for the Re-Employment Hazard.
The coefficients for linear time trend model of the RTI (OFF) are depicted by the solid (dotted) line.
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Figure 3: Benefits of Provided Unemployment Training
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b. Women - RTI
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c. Men - OFF
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d. Women - OFF

The figure shows the benefits of providing unemployment training over our sample period for high and low
values of our RTI (Panel a and b) and OFF (Panel c and d) respectively. The values were obtained by first
calculating for each group the expected duration until training, then using these simulated values to calculate the
duration until re-employment using the average of our covariate in 2000 and our estimates reported in Table 3. To
obtain the benefits of provided unemployment training, the obtained durations are standardized by the expected
duration until re-employment if no training had occurred; see Section 4 for details. The solid line represents the
relative benefits of training setting RTI and OFF to 1 (high). The solid-dotted lines shows the relative benefits
of training setting RTI and OFF to 0 (low). Setting RTI and OFF to 1, the dashed and dotted line shows the
results if either training assignment or the training programs had had a similar impact as in 2000. Similarly, the
dotted-dashed line presents the relative benefits if both assignment mechanism and the impact of programs are
as in the year 2000 throughout the sample period.
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Figure 4: Relative Benefits of Provided Unemployment Training over Time by Age Groups
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c. Women - RTI
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d. Women - OFF

The plots show the relative benefits of providing unemployment training when increasing RTI (Panel a. and c.) and OFF (Panel b. and d.)by one standard deviation.
The simulation takes into account that high and low RTI/OFF workers have different baseline unemployment durations and different assignment probabilities. The relative
benefits of provided training are calculated using Equation (9) and the expected durations are calculated using the estimates from Table 5 setting all other covariates to their
average in 2000. Older workers are all male (female) workers who were at the start of the unemployment spell 41 years (40 years) old.
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Figure 5: Relative Benefits of Provided Unemployment Training over Time by Education Groups
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2000 2002 2004 2006 2008 2010 2012

Year

R
ed

uc
tio

n 
in

 U
ne

m
pl

oy
m

en
t D

ur
at

io
n 

(in
 %

)

−32

−30

−28

−26

−24

−22

−20

−18

−16

−14

−12

−10

−8

−6

−4

Low RTI & High Education
High RTI & High Education
Low RTI & Low Education
High RTI & Low Education

c. Women - RTI

2000 2002 2004 2006 2008 2010 2012

Year

R
ed

uc
tio

n 
in

 U
ne

m
pl

oy
m

en
t D

ur
at

io
n 

(in
 %

)

−32

−30

−28

−26

−24

−22

−20

−18

−16

−14

−12

−10

−8

−6

−4

Low OFF & High Education
High OFF & High Education
Low OFF & Low Education
High OFF & Low Education

d. Women - OFF

The plots show the relative benefits of providing unemployment training when increasing RTI (Panel a. and c.) and OFF (Panel b. and d.)by one standard deviation.
The simulation takes into account that high and low RTI/OFF workers have different baseline unemployment durations and different assignment probabilities. The relative
benefits of provided training are calculated using Equation (9) and the expected durations are calculated using the estimates from Table 6 setting all other covariates to their
average in 2000. Low educated workers are all individuals who hold at most a high-school degree/ apprenticeship.
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A Occupations

Our data contains information about the last occupation of the unemployed worker using the
Austrian public labor market administration (AMS) occupational classification. The AMS also
provides a cross-walk file which allows us to map their classification into the 4-digit ISCO 88
classification. Goos et al. (2014) provide a mapped version from the US occupational classifi-
cation system of the RTI and OFF index of Autor and Dorn (2013) and Blinder and Krueger
(2013) to ISCO 88 on a two digit level. We use this information and the AMS mapping file
to merge both the Routine Task Intensity Index (RTI) and Offhosreability Index (OFF) to our
data. We then normalize these indices to have a mean of zero and a standard deviation of one
in our estimation samples.

Tables A.1 and A.2 provide an overview over the occupations used in our estimation to-
gether with their RTI and OFF index. As one can see from the figure and discussed in the main
part of the paper, RTI and OFF are not perfectly correlated. There are numerous occupations
with a low value of RTI and a high BK and vice versa. For example, tasks performed by in-
dividuals in Physic, Mathematical, and Engineering Professional occupations have a relatively
high risk of being offshored but a low risk of being automated. Likewise, the tasks performed
by Customer Service Clerks are at a low risk of being offshored but at a high risk of being
automated. By including both RTI and OFF index in our model, we are able to capture both
effects on the carrer of unemployed workers.

Tables A.1 and A.2 give an overview of the share of unemployed workers within each oc-
cupation in our sample and across time and gender respectively. For men, individuals who
used to work in the construction sector are the largest group in our sample, followed by those
Drivers & Mobile Plant as well as Metal & Machinery occupations. Women in our sample can
be found predominantly in service related occupations such as Models, Salesperson & Demon-
strator and Protection & Personal Service. They are also more likely observed in office-related
occupations. As can be seen from the tables, the distribution of the occupational shares also
remained relatively stable throughout our sample period.
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Figure A.1: Occupations
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The figure presents a scatter plot of occupations used in our analysis. The x-axis depicts the Routine Task Index
(RTI) of Autor and Dorn (2013) and the y-axis the Offshoring Index (OFF) of Blinder and Krueger (2013). Both
indices were mapped to European occupational classifications by Goos et al. (2014) and are standardized to have
a mean of zero and a standard deviation of 1.
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B Summary Statistics by Training Status

Table B.1: Summary of Estimation Sample by Training Status

Men Women
Training No Training Training No Training

Individuals
Individuals 6,530 23,470 8,062 21,938

Total Observations 19,414 78,637 20,556 59,622

Pers. Characteristics
Age 41.28 40.74 39.82 40.47

(9.17) (9.40) (8.19) (8.91)
Non-Austrian (%) 14.67 15.84 10.66 10.51

(35.39) (36.51) (30.86) (30.67)
at most Comp. Schooling (%) 22.10 22.15 24.70 28.76

(41.49) (41.52) (43.13) (45.26)
Apprenticeship/ High-School (%) 55.67 60.31 51.63 52.56

(49.68) (48.93) (49.97) (49.93)
Matura/ University (%) 22.23 17.54 23.67 18.68

(41.58) (38.03) (42.51) (38.98)
Married (%) 38.42 43.98 44.97 49.94

(48.64) (49.64) (49.75) (50.00)
Divorced (%) 15.20 12.42 20.88 17.03

(35.90) (32.98) (40.65) (37.59)
Others (%) 46.38 43.60 34.15 33.04

(49.87) (49.59) (47.42) (47.04)

Last Employment
Tenure in Last Job (Days) 481.18 391.96 511.54 464.01

(658.57) (561.14) (660.76) (613.60)
Daily Wage in Last Job (Euros) 65.87 66.62 45.89 45.12

(36.32) (32.75) (30.95) (29.32)
Displaced from Last Job (%) 35.03 29.55 30.64 27.82

(47.71) (45.63) (46.10) (44.81)
Access to Extended Benefits (%) 46.92 47.03 51.29 50.17

(49.91) (49.91) (49.98) (50.00)

Matura refers to the final entrance exam for the university in Austria. Others refers to person who are
either single or cohabitating with a partner. Displaced from Last Job refers to individuals who lost their
last job due to plant closure or mass lay-off. Access to Extended Benefits denotes the share of spells
in our sample where the individual is eligible for at least 20 weeks of unemployment benefits. Standard
deviations are reported in parentheses.

C Additional Results

C.1 Justification of Linear Time Trend

While we could estimate all models using a full set of interactions between our time dummies
and the RTI and OFF index, this would substantially increase the number of parameters to
be estimated and thus the estimation time. To circumvent this problem but still be able to

5



gain insights into how the impact of occupational change has intensified, we estimate a model
using linear time trends. Although simplistic, the model provides a good approximation when
compared to a fully flexible model. Figure C.1 depicts the estimated coefficient for the re-
employment hazard of our linear time-trend model and the coefficients from a model where the
temporal impact of RTI and OFF is not restricted. Figures C.2 does the same for the treatment
hazard.

From the figures it is clear, that using a linear trend to capture changes in employment
possibilities related to occupational changes is a very good approximation. Our unrestricted
estimates are very close to our linear approximation for both men and women for most of our
time periods. Thus, we are confident that our simple way of capturing changes in the impact of
RTI and OFF over time gives valuable insights with only little trade-off in terms of assumptions.
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C.2 Estimates without Trend & Treatment Effect Heterogeneity

In this part of the Appendix, we present results from a very basic model where we ignore possible
heterogenous training effects and time-varying impact of occupational changes. These estimates
show the the importance of allowing for more flexibility in our estimation. Table C.1 shows the
results from our simple model. For the sake of brevity, we only report the coefficients on our
variables of interest. The upper panel of the table contains the effect of routine job content and
offshorability on the hazards, the lower panel the effect of training on the re-employment and
OLF hazard. We will discuss our results first for men and then for women.

Looking at the impact of RTI and OFF on the probability of training assignment for men,
one can see that those previously employed in jobs with higher risk of automation are more
likely to be assigned to ALMP while individuals in jobs with higher risk of offshoreability are
less likely to receive unemployment training. The estimated coefficients are with 0.147 (s.e.
0.045) and -0.06 (s.e. 0.028) large in magnitude and highly significant. This implies that an
increase of our RTI by one standard deviation, or entering unemployment as a cashier rather
than as a welder, increases the likelihood of receiving training by around 16%. In contrast, an
increase in our BK by one standard deviation, which corresponds to the distance between a
plant and and a machine operator decreases the probability of being assigned to training by
around 6%.1

We find almost the opposite impact of RTI and OFF, when looking on the re-employment
hazard. Being at a higher risk of automation significantly reduces the likelihood of finding a
new job. A one standard deviation increase in our RTI reduces the re-employment hazard by
almost 10%. We do not find that OFF has any significant effect on re-employment and our
estimated coefficient is very small in magnitude. Likewise, in our simple model, neither RTI
nor OFF has an effect of leaving the labor force for men.

The second part of the table reports the results for women. Similar to what we have found
for men, female workers previously employed in occupations at higher risk of automation have
a significantly higher probability of getting assigned to training (coef. 0162 with s.e. 0.039).
Unlike it was the case for men, we do not find that previous OFF status is affecting the case
worker’s decision. Our estimate for OFF is very close to zero.

We also find a similar but slightly bigger effect of our RTI on the re-employment likelihood
and substantially lower effects on leaving the labor force for women. A one standard deviation
increase decreases the likelihood of finding a new job by around 12% and the probability of
leaving the labor force by around 10% . In contrast to our results for men, our estimates
also indicate that the probability of re-employment and leaving the labor force also significantly
depends on our OFF. A one standard deviation increase in our OFF decreases the re-employment
likelihood by 8% and increases the likelihood of leaving the labor force by around 4%.

Our estimated training effects for women are comparable to those for men. Training
assignment increases both the re-employment probability but also the likelihood of leaving the
labor force. These estimates are highly significant.

Comparing our estimates to those presented in Section 4, one can see that this simple model
conceals substantial heterogeneity both in terms of developments over time and the effectiveness
of training assignment. These changes have, however, important implications when determining
the effectiveness of training.

1Remember, we normalized the standard deviation to 1. A welder has a RTI of 0.27 and a cashier of 1.28. Plant
and machine operators have a OFF of 2.51 and 3.49 respectively.
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