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BRIEF SUMMARY

The aim of the thesis is to investigate the changes in the nature of work driven

by phenomena that in the last decades had massive implications for modern

developed economies. The rise of new possibilities to organize production

due to trade, the adoption of automation technologies and the consolidation

of firms through mergers and acquisitions (M&As), all imply a change in the

demand for tasks and therefore in the skills required to workers. Understand-

ing how the ensuing reorganization of production unfolds and what are the

driving forces of the heterogeneous consequences for workers has important

policy implications. In this respect, retraining programs could be a useful

tool to favour reallocation of individuals towards new tasks. The dissertation

comprises three self-contained chapters within labour economics and inter-

national trade, each one studying a different event: offshoring sections of

production abroad, the adoption of automation technologies and M&As.

The first chapter shows that firms resorting to offshoring reduce the share

of production workers and increase the share of high-skilled employees. The

task content of workers’ occupation shapes their skills and therefore their

ability to transit to new occupations after being exposed to offshoring. This

is confirmed by the evidence that offshoring induces more retraining for

those individuals who were performing tasks that now are substituted by

imports, which are more manual and more specific compared to the average

labour market task composition. Retraining is used by firms to reallocate some

workers to less manual tasks within the same organizational structure.

The second chapter investigates the change in the demand for tasks in-

duced by automation adoption and it shows a different role of automation for

small and large firms. The latter appear to increase productivity through costs
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viii BRIEF SUMMARY

reduction and contraction of employment, while small companies achieve it

through production upscaling. For both groups of firms, however, automation

is associated with reduction in the share of employees performing manual

tasks and with increased retraining activity before technology adoption.

The third and final chapter studies the readjustment in target plants in-

volved in M&As. It is shown that acquiring firms dowsize target plants and

try to adjust their labour force composition towards more cognitive tasks. In

such process they try to reallocate some employees to new tasks within the

company by increasing the retraining activity after the acquisition.



KORT RESUMÉ

Formålet med afhandlingen er at undersøge ændringerne i arbejdets karakter

drevet af fænomener, som i de sidste årtier har haft massive implikationer

for moderne udviklede økonomier. Fremkomsten af nye muligheder for at

organisere produktionen på grund af handel, indførelse af automatiseringstek-

nologier og konsolidering af virksomheder gennem fusioner og opkøb (M&A),

indebærer alt sammen en ændring i efterspørgslen efter opgaver og derfor i de

færdigheder, der kræves af medarbejderne. At forstå, hvordan den efterfølgen-

de omlægning af produktionen udspiller sig, og hvad der er drivkræfterne bag

de heterogene konsekvenser for arbejdere, har vigtige politiske konsekvenser.

I denne henseende kunne omskolingsprogrammer være et nyttigt værktøj

til at fremme omfordeling af enkeltpersoner til nye opgaver. Afhandlingen

omfatter tre selvstændige kapitler inden for arbejdsøkonomi og international

handel, der hver især studerer en anden begivenhed: Offshoring af dele af

produktionen i udlandet, indførelse af automationsteknologier og M&A.

Det første kapitel viser, at virksomheder, der tyer til offshoring, reducerer

andelen af produktionsarbejdere og øger andelen af højtuddannede medar-

bejdere. Opgaveindholdet i arbejdernes erhverv former deres færdigheder og

derfor deres evne til at transitere til nye erhverv efter at have været udsat for

offshoring. Dette bekræftes af beviserne for, at offshoring inducerer mere om-

skoling for de personer, der udførte opgaver, der nu erstattes af import, som

er mere manuelle og mere specifikke sammenlignet med den gennemsnitlige

arbejdsmarkeds opgavesammensætning. Omskoling bruges af virksomheder

til at omfordele nogle arbejdere til mindre manuelle opgaver inden for samme

organisationsstruktur.

Det andet kapitel undersøger ændringen i efterspørgslen efter opgaver

ix



x KORT RESUMÉ

forårsaget af automatiseringsadoption, og det viser en anden rolle for au-

tomatisering for små og store virksomheder. Sidstnævnte ser ud til at øge

produktiviteten gennem omkostningsreduktion og nedgang i beskæftigelsen,

mens små virksomheder opnår det gennem opskalering af produktion. For

begge grupper af virksomheder er automatisering dog forbundet med en re-

duktion i andelen af medarbejdere, der udfører manuelle opgaver, og med

øget omskolingsaktivitet før teknologiadoption.

Det tredje og sidste kapitel studerer omstillingen i opkøbte fabrikker in-

volveret i M&As. Det er vist, at erhvervende virksomheder dowsize opkøbte

fabrikker og forsøger at tilpasse deres arbejdsstyrkes sammensætning til mere

kognitive opgaver. I en sådan proces forsøger de at omfordele nogle medar-

bejdere til nye opgaver i virksomheden ved at øge omskolingsaktiviteten efter

overtagelsen.



SUMMARY

In the last decades public debate has become increasingly heated around

the fear that job opportunities may decrease, as several potentially disruptive

phenomena like trade or technological change affect the organization of

production, to a point that researchers started to talk of “jobless recoveries”

(Jaimovich and Siu (2020)) For example, the concerns about the possible

adverse effects for labour demand of improvements in technology have a long

tradition (see for instance Keynes (1930)) and they have been revitalized in

the last decades due to the increased pace of automation.

The aim of this dissertation is to investigate the changes in the nature of

work driven by such phenomena through the insights of the “task approach”

(see among others Grossman and Rossi-Hansberg (2008) within the field of

trade and Acemoglu and Autor (2011) within labour economics). Within such

framework tasks are the fundamental components of the production process

and technological change or the new opportunities created by globalization

will modify tasks demand for firms and consequently the set of skills required

to perform the new tasks. The evidence provided in all three chapters sup-

port this view: offshoring, the adoption of automation technologies and the

consolidation of firms through mergers and acquisitions (M&As), all induce

firms to restructure their tasks composition and therefore to change their

demand for skills. In this respect a common thread along the three chapters is

the leveraging of detailed information about occupations to classify the task

content of workers’ jobs.

Understanding how the ensuing reorganization of production unfolds and

what are the driving forces of the heterogeneous consequences for workers

has important policy implications. To this end the dissertation focus on two
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key aspects: first how portable are the skills of workers, so that they could be

more or less easily reallocated to other tasks, and second whether reskilling

is a valuable adjustment channel to favour such reallocation. In all the three

chapters evidence is provided about the use of retraining in conjuction with

the reorganization and it is shown that firms actually adopt this channel to

favour workers’ transitions.

The dissertation comprises three self-contained chapters within labour

economics and international trade. Each chapter studies the internal restruc-

turing of firms and the implications for the nature of work generated by three

different events: offshoring sections of production abroad, the adoption of

automation technologies and M&As. All chapters address the topics empiri-

cally by leveraging extensive information in Danish administrative data. The

first chapter exploits the entry of China in the WTO as a quasi-natural experi-

ment to recover exogenous variation in firm-specific propensity to offshore,

while the other two chapters adopt a combination of matching methods and

difference-in-differences event study design to uncover causal relations.

The first chapter, titled “Offshoring, reskilling and the role of occupational

task content”, studies the restructuring of the internal tasks composition of

firms which is implemented in conjunction with offshoring. Furthermore it

investigates whether and how companies retrain workers in the proximity of

such reorganization to possibly move them to other tasks. I exploit the rising

supply capacity of China at the turn of the century as a quasi-natural experi-

ment to recover exogenous variation in firm-specific propensity to offshore

and I measure offshoring at firm level as in Hummels et al. (2014), by leverag-

ing detailed administrative data on the import composition of the firm. It is

shown that companies resorting to offshoring reduce the share of production

workers and increase the share of professionals and managers. Furthermore

the task content of workers’ occupation drives their exposure to the effects of

reorganization on earnings and displacement: individuals more adversely hit

are those that were performing more manual tasks and that were primarily

employed in production occupations. Their earnings in the three years after

the offshoring event decrease on average by 6.5%. The heterogeneity of the tra-

de impact across occupations, as a consequence, induces a different demand

for reskilling among workers. Indeed skills accumulated in some occupations
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are more easily adaptable than others to new jobs and workers endowed with

such abilities can reallocate faster in the labour market. By exploiting data

on adult continuing education I show that offshoring induces firms to retrain

workers, in particular those employees who were performing manual tasks

that now are substituted by imports. One standard deviation higher manual

task content is associated with around 3-4% higher probability of being re-

trained. Furthermore there is evidence that the need for reskilling depends

also on the specificity of the tasks in which workers accumulate experience.

Being employed in more specific occupations compared to the average labour

market tasks composition before the reorganization is associated with higher

training take-up, suggesting that workers with more general skills need less

retraining to readjust to other tasks. Finally in this chapter I investigate how

offshoring and retraining affect transitions of workers in the labour market. In

line with what expected, offshoring induces exposed workers to move from

their initial occupation, but those that were performing more general tasks,

like clerks, find it easier to move to more distant occupations in terms of task

content, possibly changing also employer and sector. In this respect retrai-

ning is used by offshoring firms in a different way than non-offshoring ones:

instead of making employees better in the starting occupation and keeping

them performing their initial tasks, they tend to retrain workers to reallocate

them within the same organizational structure to other tasks which are less

routine-manual and less specific compared to the starting ones.

The second chapter, titled “Automation adoption and reorganization of

tasks”, studies how the organization of work is affected by the adoption of

automation technologies. It exploits the lumpy nature of automation inve-

stments to identify adoption events using detailed information on products

imported by firms (Bonfiglioli et al. (2020), Bessen et al. (2022)). A combina-

tion of matching and a difference-in-difference event study design is used

to show how the internal occupational structure and the demand for tasks

changes in the proximity of the adoption. There is evidence that in general

adopters reduce the share of workers in routine and manual occupations and

increase the share of highly educated employees. Furthermore automation

is associated with increased retraining activity before technology adoption,

suggesting that firms may try to move workers to other tasks. Average hourly
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wage grows due to adjustment in workforce composition and also labour pro-

ductivity increases. However a different role of automation emerges for small

and large firms, where the latter appear to increase productivity through costs

reduction and contraction of employment, while small companies achieve

it through production upscaling and employment growth. The evidence on

incumbent workers before the automation event confirms the heterogeneity

of the effects along the task dimension: separation and non-employment

spells are less likely for individuals that were performing non-routine and cog-

nitive tasks. On the other hand earnings and hourly wage are more negatively

affected for incumbent workers that were employed in manual tasks. Results

thus suggest a complementarity of automation with employees that perform

cognitive tasks, but a relation to the dynamics of total employment which

can be of opposite sign depending on how the technology is used to achieve

improvements in productivity.

The third and final chapter, titled “Mergers, tasks reallocation and retrai-

ning”, studies how the internal organization is restructured in the proximity of

M&As. The number of M&As has grown steadily in past decades and it keeps

showing an upward trend. Understanding how firms adapt the tasks structure

of acquired plants to form the new organization can provide important in-

sights on the recent discussion about the rise of superstar firms and the fall of

labour share (Autor et al. (2020), Kehrig and Vincent (2021)). This chapter le-

verages administrative information to identify episodes of M&As in Denmark

and it shows that acquiring firms downsize target plants and workers perfor-

ming manual tasks are those facing a higher probability of being displaced

in such readjustment process. The retraining activity in the plant increases

after the merger, showing that firms try to reallocate some employees to new

tasks within the company. Average hourly wage is stable in the establishment,

but for incumbent workers it shows a decrease in the years after acquisition,

suggesting that the skills of displaced individuals may not have good outside

options in the labour market. Overall such evidence points to the fact that

readjusting the task composition towards more cognitive tasks may be an

important channel to pursue improvement in productivity for plants acquired

in M&As.



C H A P T E R 1
OFFSHORING, RESKILLING AND THE

ROLE OF

OCCUPATIONAL TASK CONTENT

Giuseppe Pulito

Aarhus University

Abstract

This paper studies how a labour demand readjustment driven by offshoring generates

the need for reskilling of employees through the task content of their occupation. The

heterogeneity of the trade impact across occupations induces a different demand for

reskilling, since skills accumulated in some occupations are more easily adaptable

to new jobs and workers endowed with such abilities can reallocate faster in the

labour market. The rising supply capacity of China at the turn of the 21st century

is exploited as a quasi-natural experiment to recover exogenous variation in firm-

specific propensity to offshore and matched employer-employees administrative data

on adult continuing education are used to assess reskilling activity. Results show that

offshoring induces enrollment in training courses comparatively more for individuals
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CHAPTER 1. OFFSHORING, RESKILLING AND THE ROLE OF

OCCUPATIONAL TASK CONTENT

employed in occupations with a higher routine-manual task content and which are

more specific compared to the average labour market task composition. The effect

of offshoring on earnings also varies along the occupational dimension. A possible

mechanism explaining the observed heterogeneity focuses on the ability of workers

in different occupations to move to new tasks. Individuals more adversely affected

by offshoring are those that find more difficult to move to other occupations in the

labour market. Retraining is used by firms to reallocate some workers to other tasks

within the same organizational structure.
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1.1 Introduction

The increased pace of technological change and the challenges faced by firms

in globalized markets suggest that it is increasingly important today to un-

derstand how firms and workers act in the process of readjustment. Along

with the adoption of new technologies and the related reorganization of pro-

duction, one dimension of the adaptation process is the reshuffling of the

labour force, with the consequent change in the skill composition of firms. A

well established strand of economic research has stressed how a compelling

framework to analyze such phenomena is the one that conceives tasks as the

fundamental components of the production process (Grossman and Rossi-

Hansberg (2008), Acemoglu and Autor (2011)). Technological change or the

new possibilities created by globalization will modify tasks demand and conse-

quently the set of skills required to perform the new tasks (Autor et al. (2003)).

Therefore it is not surprising that policy makers have increasingly devoted

more attention and resources to policies that intend to make individuals more

resilient to possible displacement from their current jobs and to favour their

employability during the related transition in the labour market.

One of such policies is to retrain potentially exposed individuals in order

to update their skills and make them able to perform the tasks adopted in the

new organizational framework. Beside helping workers in the readjustment

process, reskilling is important for employers as well, as they benefit from a

labour force more prepared to use new machines or to switch to new tasks

when old ones disappear. Such retraining benefits are going to be relevant

both when the structural change implies that new competences are in strong

demand in the whole labour market, therefore representing a scarce produc-

tion factor, or when they may be available outside of the company but the

employer would bear a costly search process to acquire them.

In this paper I use the insights of the “task approach” (Acemoglu and

Autor (2011), Autor (2013)) to investigate how firms use retraining of workers

in conjuction with an offshoring event that is likely to generate organizational

restructuring. In line with such approach, technological change or new off-

shoring possibilities will affect some segments of the task line and therefore

will involve individuals in a heterogeneous way according to their occupations.
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OCCUPATIONAL TASK CONTENT

The “flexecurity” model makes Denmark a perfect candidate for such inves-

tigation, since the flexibility of firms in hiring and firing is associated with a

system of active labour market policies, like subsidized training programmes,

that should help workers during the transition (Eriksson and Westergaard-

Nielsen (2007)). I focus on adult continuing education as a reskilling response

to a reorganizational adjustment and I leverage matched employer-employees

administrative data to identify exposed individuals.

The task approach presented in Acemoglu and Autor (2011) suggests a

clear distinction between tasks and skills, where the first should be charac-

teristics of the job, while the second should be features of the workers. In

such a model, high skilled individuals are assumed to be able to perform all

types of tasks, while low skilled ones can work only on less complex tasks. On

the other hand, if we consider that human capital can also be accumulated

on the job, the definitions of tasks and skills become more interconnected1.

Contributions like Gathmann and Schoenberg (2010) or Traiberman (2019)

conceive individual human capital as shaped by the time one spends per-

forming specific tasks in a given occupation. In Gathmann and Schoenberg

(2010) what ultimately matters for explaining workers’ transitions patterns in

the labour market and their related wage is “task-specific” human capital2.

They define individual’s skills as a weighted average of a vector of tasks and

use individuals’ occupational history to express task-specific human capital

with their task tenure. In such framework an individual’s human capital will

be more general the higher the individual’s tenure in occupations that use

more diversified tasks.

Similarly to such approach, in this paper the analysis of heterogeneity

1Indeed Autor and Handel (2013) argue that one of the problems of the task approach
is a lack of explicit economic mapping between tasks and human capital. They propose a
Roy model as a first step in such direction, where workers self-select into occupations that
offer them the highest wage to the bundle of tasks they are able to perform, given their skill
endowment. Nevertheless the model does not offer a deeper explanation for such self-selection
mechanism.

2It was the seminal contribution by Lazear (2009) to elaborate on Becker’s theory of general
versus specific human capital (Becker (1962, 1964)) and to argue that all skills are general, but
firms use them in different weights, so that their combination is firm-specific. Gathmann and
Schoenberg (2010) take a step further in the discussion about the level at which specificity of
human capital should be measured, by arguing for the shift from firms to occupations, and
then from occupations to tasks.
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of short term responses in terms of formal reskilling is focused on the task

content of worker’s occupation in the period of the shock. I use information

contained in the O*NET database to build a measure of occupational distance

in the task space. Then I build an index of specificity of occupations based on

their task content, by making use of the matrix of distances in a similar way

to Gathmann and Schoenberg (2010). More specific occupations are those

whose vector of task content is more distant from the labour market average

task composition. Specificity and other task dimensions like routine-manual

content are shown to drive the reskilling response to the offshoring shock.

By employing the task distance measure to recover a data-driven partition

of the set of occupations on the base of their task similarity I show that the

highest rates of training take-up are observed in the occupational group of

assemblers, operators and manufacturing labourers in general.

I focus on the rise of China as a major trade partner of Danish firms at

the turn of 21st century as a globalization event spurring offshoring. Between

1995 and 2007, the time span examined in this paper, the value of Danish

imports of manufacturing goods from China increased by more than 6 times

and its share on total Danish imports went from 2.3% to 7.8%, a dramatic

change that has been fuelled by the entry of the country in the WTO in 2001.

The increased supply capacity of China over such short period creates the

conditions for a quasi-natural experiment for Danish firms. Such event is likely

to have induced firms to offshore sections of their production abroad and to

take advantage of differentials in labour costs over countries in performing

the involved tasks. By leveraging custom data on imports of detailed products,

I build a measure of offshoring with firm-level variation similarly to Hummels

et al. (2014). To purge the offshoring measure from firm-specific productivity

shocks or local demand and supply shocks I use an approach similar to Autor

et al. (2013) and I build a shift-share instrument that exploits variation in the

mix of firm-specific imports from China by other high-income countries.

Results have important implications for the study of job reallocation and

the role that retraining can play to determine welfare outcomes. I show that

workers employed in firms undergoing an offshoring event are retrained signif-

icantly more than comparable nonexposed workers, with the probability being

highest within the two years following the event. Such increased propensity to
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OCCUPATIONAL TASK CONTENT

accumulate new skills presents high heterogeneity along the task dimension:

having performed manual and routine tasks up to the offshoring shock de-

mands more reskilling for exposed individuals, while the opposite is true for

those performing cognitive and nonroutine tasks. Also, exposed employees

in more specific occupations relative to the average labour market task com-

position are induced to retrain more, which suggests that outside options for

re-employment matter for the decision to reskill. In terms of future earnings,

exposed individuals see a reduction of income within three years after the

offshoring shock, in particular for workers employed in manual manufactur-

ing occupations like assemblers and operators. However receiving training is

associated with a reduction of such losses. The latter piece of evidence is likely

due to different transition paths in the labour market following the offshoring

event. By investigating occupational transitions, I show that individuals in

more manual and specific occupations are more likely to abandon the original

tasks after the offshoring event and to move to other occupations within the

same firm. The new tasks tend to be less routine manual and less specific

than those of starting occupations. Retraining is reinforcing such pattern by

helping firms to move workers to other less routine and manual occupations

within the same organization. On the other hand, exposed individuals in cleri-

cal occupations tend to move more easily to other occupations outside of the

offshoring firm, thanks to the more general content of their tasks.

The paper is related to several strands of literature. First, it is related to

contributions that underline the role of task content to explain the effects of

trade or technological changes on labour market outcomes (Acemoglu and

Autor (2011), Gathmann and Schoenberg (2010), Baumgarten et al. (2013),

Becker et al. (2013)). This paper adopts such framework and shows that the

heterogenous effects of offshoring on earnings, propensity to retrain and

transitions in the labour market are driven by the task dimension.

Some contributions have provided evidence on the role of trade on educa-

tional choice and human capital accumulation, in particular for developing

countries (Edmonds et al. (2010), Shastry (2012), Atkin (2016))3. On the other

3Among the theoretical contributions, the endowment of skills has been traditionally
considered as given and individuals with different levels of education were modeled as different
types of production factors to optimize over in the firm’s maximization problem (Yeaple (2005),
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hand Simon (2018) investigates the relation between trade adjustment in an

industrialized country as Germany and the response in educational choice

for adolescents. This paper, instead of focusing on young individuals as in

such literature, focuses on continuing adult education in a developed country

like Denmark and it analyzes the response of reskilling to a reorganizational

adjustment spurred by a trade shock at firm level. Other contributions that

have studied the relation between trade and adult retraining are Hogrefe and

Wrona (2015), Bastos et al. (2016), Kosteas (2017), Costa et al. (2019). In such

setting two main challanges emerge: how to conceive the retraining choice, in

particular who makes the decision of taking up retraining, and how to address

the endogeneity of the trade measure. In this paper retraining is seen as an

employer’s decision and an instrument is used to elicit exogenous variation in

the offshoring measure.

Furthermore the paper is related to the large literature about trade effects

on workers and firms in developed countries (Autor et al. (2013), Dauth et al.

(2014), Ebenstein et al. (2014)) and in particular in the Danish economy (Hum-

mels et al. (2012), Hummels et al. (2014), Keller and Utar (2016), Utar (2018),

Bernard et al. (2020)). I contribute to this literature by examining reskilling and

occupational transitions as adjustment channels to a trade shock affecting

firms and I focus on the task content of individuals’ occupation as the driver

of heterogeneity in responses.

Finally the paper provides some indications on how firms use a public

retraining program, therefore it is loosely related to the large literature devoted

to assess active labour market policies, or more specifically to evaluate the

benefits of retraining programs (Ashenfelter (1978), Ashenfelter and Card

(1985), Sianesi (2004), Jacobson et al. (2005), Jespersen et al. (2008), Hyman

(2018)).

The rest of the paper is organized as follows. I introduce the empirical

approach used to classify occupations in section (1.2) and I discuss the mea-

sure of offshoring in section (1.3). Here I further describe the sample and

present the training data. In section (1.4) I discuss the econometric approach,

Verhoogen (2008), Helpman et al. (2010), Grossman et al. (2017)). Findlay and Kierzkowski
(1983), Blanchard and Willmann (2016) and Danziger (2017) are exceptions whose models
endogenize the skill supply accumulation in response to changes in terms of trade or removal
of trade barriers.
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the identification strategy and the instrumental variable. Furthermore sec-

tion (1.4.1) shows the dynamics of retraining following the offshoring event.

Section (1.5) presents the main results about the relation between trade and

reskilling. Furthermore it provides evidence about the effect of retraining

on earnings and it investigates possible mechanisms through the analysis of

labour market transitions. Finally section (1.6) concludes.

1.2 Task content of occupations

The task approach gives a major role to the content of occupations to describe

trends in labour markets outcomes: Acemoglu and Autor (2011) shows how

the explanatory power of occupations to predict wage differentials has in-

creased over time starting from the 1960s. Therefore in order to investigate

if a trade shock affects individuals heterogeneously along the occupational

dimension, I classify occupations on the basis of their task content. One of

the most common sources used in the literature to recover a detailed descrip-

tion of occupations is the Occupational Information Network (O*NET), the

successor of the Dictionary of Occupational Titles (DOT). Besides a textual de-

scription of each occupation at detailed SOC code level, this source provides

two numerical scores (importance and level) for different aspects defining

occupations4.

Task content indexes. In studying offshoring, the literature has tried to

develop indexes that could capture specific features of occupations with

regard to the propensity to be offshored. Offshorability has been conceived as

the potential for tasks to be moved abroad and performed by workers located

far from the rest of the production process. Blinder (2009) and Blinder and

Krueger (2013) argue that the most relevant task characteristics to consider in

this respect is whether a job must be performed with the need of face-to-face

interaction, public speaking or if it requires cultural sensitivity. Similarly, a job

may be difficult to offshore if it entails fixing or repairing structures that are

located in the home country or if it involves delivering objects that cannot be

4See Autor (2013) for a discussion about such approach to measure tasks and for alternative
methods.
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transported electronically. On such basis Blinder (2009) distinguishes between

personally and impersonally delivered services and he groups occupations on

the basis of their degree of offshorability by manually assigning a score to each

SOC occupation. A similar approach is used by Autor and Dorn (2013), who

study the polarization of US local labour markets and measure the offshoring

potential of tasks by exploiting O*NET questions about two aspects: Face-to-

face Contact and On-Site Job.

Clearly other tasks characteristics may overlap with the degree of offshora-

bility, like the extent by which an activity can be codified by some rules, i.e.

its routinisability. Indeed if a task is easily codified, it is also easily communi-

cated and transferred to other locations. Several contributions have shown

the empirical relevance of task routinisability to explain which occupations

are more prone to be offshored (Becker et al. (2013), Baumgarten et al. (2013),

Ebenstein et al. (2014), Hummels et al. (2014)). The distinction between rou-

tine versus non-routine tasks on one hand, and manual versus cognitive

tasks on the other was originally introduced to explain the effects of technical

change involving computerization (Autor et al. (2003)), but it has proven to be

conceptually and empirically relevant to describe several phenomena, like

polarization of employment growth rates. As a matter of fact Acemoglu and

Autor (2011) note that offshorability indexes have less explanatory power in

relation to labour market trends, compared to other task dimensions5. There-

fore for the task content assessment of the relation between offshoring and

reskilling, I use the routine vs non-routine and the cognitive vs manual classi-

fication introduced by Autor et al. (2003) to build four task content indexes of

occupations and I check whether offshorability as measured by the indexes

developed in Blinder (2009) and Autor and Dorn (2013) can contribute to

explain the heterogeneity of the effect of offshoring on workers6.

Occupational Specificity. The need for reskilling as a consequence of poten-

tial displacement could be crucially determined not only by characteristics

of the occupation per se, but also by the relative task content of single occu-

5Similarly Goos et al. (2014) find an effect on job polarization for routine intensity and no
effect for offshorability, as measured by Blinder and Krueger (2013) index.

6Details about the procedure to recover the indexes are provided in appendix (1.7.3).
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pations with respect to task requirements in the rest of the labour market.

Following the line of argument in Lazear (2009), it is reasonable to think that

the market thickness for a specific task will matter for the performance of

displaced workers in terms of wages, re-employability and their need to ac-

cumulate new skills. If a company offshores tasks that are common to other

occupations, affected workers will probably need less reskilling than those

employed in more specific occupations, as they may well use their current

skills to perform similar tasks in other occupations. Displaced workers from

specific occupations, on the other hand, will find more challenging to achieve

re-employment without some form of substantial retraining.

The information provided in O*NET can be further leveraged to establish

a degree of specificity of occupations on the basis of a larger set of dimensions.

To this end, I use all 128 questions available in the sections Work Activity,

Ability and Skills of O*NET and perform a principal component analysis to

reduce data dimensionality. The first 13 orthogonal components jointly ex-

plain 82% of the variance in the original questions from O*NET7. I use such

13-dimensional task vectors to build a specificity index for each three digits

ISCO occupation. The index is based on an angular distance measure as used

in Gathmann and Schoenberg (2010), who adapt an approach originally intro-

duced to measure the proximity of firms’ technologies8. The angular distance,

or cosine similarity, is based on the angle width between two vectors and it

is therefore purely directional9. To define specificity I compute the labour

market average task composition by weighting the task compositions of all

three digits occupations10. Similarity is computed as the angular distance

7See appendix (1.7.3) for details about principal component analysis and concordance
between the SOC occupational classification and the ISCO classification. Table (1.18) provides
hints about which task is captured by each component.

8The seminal contribution is Jaffe (1986), while among the recent applications see Bloom
et al. (2013), Boehm et al. (2022).

9It is more appropriate than Euclidean distance when the vectors are high dimensional
with some elements being close to zero, so that the points would be close to the origin and they
would result in very small Euclidean distances. Cosine similarity has the domain of the cosine
function, ranging between -1 and 1. It will be equal to 1 when the angle between the vectors
is zero, so that we have perfect similarity, while it will be -1 when the vectors go in opposite
directions (angle of 180 degrees), so that we have no similarity.

10As for the rest of occupational characteristics coming from O*NET in this paper, weights
are assumed not to vary over the sample period. Therefore I use years in the middle of my
sample and compute occupational weights taking all individuals in the population between 20
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of the task content of each occupation from the labour market average and

specificity is obtained by subtracting it from one:

Specificityo = 1−
∑n

i=1(qoi ×ql i )[∑n
i=1 q2

oi ×
∑n

i=1 q2
l i

]1/2
(1.1)

where qoi is the score of i th component of the task vector for occupation

o, with n = 13. Similarly ql i represent the scores of task content of the labour

market average. Since the domain of the measure in (1.1) is [0,2], it is finally

rescaled to lie in the interval [0,1]11. According to such measure the two most

specific occupations are “Chemical-processing plant operators” and “Physical

and engineering science technicians”, while the two less specific occupations

are “Secretaries and keyboard-operating clerks” and “Archivists, librarians

and related information professionals”12.

Clustering occupations. Referring to actual occupations instead of their

task content as captured by the indexes presented above can complement

the interpretation of results in the rest of the paper. To this end the task

content of each occupation can be used to retrieve a data-driven partition

of the set of occupations on the basis of their distance in the task space,

i.e. their similarity in terms of task performed on the job. I allocate points

to clusters by using the k-means algorithm by Hartigan and Wong (1979)13.

and 55 years old in sample years 1999-2001.
11As each component explains a different share of total variance in the original O*NET

variables, one may compute a modified version of the index in (1.1), by weighting each element
of the 13-dimension vector by the respective share of variance reported in table (1.18). The

weighted version of the measure is the following: Specificityo = 1−
∑n

i=1 wi (qoi×ql i )[∑n
i=1 wi q2

oi×
∑n

i=1 wi q2
l i

]1/2 ,

where wi is the share of variance explained by task component i . The scores for the 110
occupations do not differ substantially from the unweighted version, which is used in the
rest of the analysis. Table (1.9) reports the average specificity by cluster for the weighted and
unweighted versions.

12See tables (1.6-1.7-1.8) for the specificity scores of all 110 three-digits ISCO occupations.
13The algorithm is an example of unsupervised learning procedure. It starts from a given

number of random centroids, one for each cluster, and computes the distance of each point
from all centroids, then it assigns the point to the closest centroid. After the composition of
clusters is determined, the new centroids are computed and the process is repeated until some
stopping rule is binding, typically when no further adjustment of the cluster composition
is needed. To avoid dependence on starting conditions, multiple initial configurations are
attempted.
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The number of clusters is determined by inspecting several statistics like the

average silhouette, the gap statistic and the elbow method. Furthermore a

sensitivity analysis on the robustness of allocation of points to clusters is

used to choose the most appropriate number of clusters. With three clusters

the algorithm is remarkably robust and the group composition is stable in

repeated runs14. Figure (1.5) shows the resulting three clusters on a two axis

system reporting the first two dimensions of the vectors that account for 54%

of the total variance in task components between occupations. Overall the

resulting three groups present remarkably distinct borders. In tables (1.6),

(1.7) and (1.8) the detailed composition of the clusters is reported with the

respective occupational weights in the main estimation sample. Note that

clusters are not strictly identifying hierarchy, nor wage levels, but they are

intended to express similarity in terms of tasks content of occupations.

Table 1.1: Descriptive statistics by cluster

(1) Professionals (2) Clerks (3) Labourers
& managers & operators

Nonroutine cognitive 0.743 0.481 0.233
Routine cognitive 0.773 0.591 0.310
Nonroutine manual 0.252 0.207 0.424
Routine manual 0.490 0.448 0.785
Specificity 0.525 0.281 0.570
Offshorability (Blinder 2009) 0.589 0.427 0.476
Offshorability (AD 2013) 0.638 0.644 0.672
Avg. distance of transitions 0.305 0.337 0.243
Avg. Annual Earnings 393,023 kr 259,964 kr 238,120 kr
Age 36.2 33.7 34.8

Notes: The table reports weighted averages of task indexes by occupational cluster

obtained with the clustering algorithm. All indexes have a [0,1] domain. Weights and

average annual earnings are computed on the sample used for the main analysis over

years 1995-2007. Earnings in Danish kronas have been deflated at 1999 price level.

Distance is the angular distance between 13-dimensions task-content vectors for

each three digit occupation, rescaled on a [0;1] domain. The overall average distance

of occupational transitions in the sample is 0.277.

Table (1.1) reports weighted averages by cluster of the indexes of task

content, the specificity measure and average annual earnings. The first clus-

14A further indication of the robustness of the three clusters is that the composition of the
groups is the same when we identify occupations by the vector of the original 128 O*NET ques-
tions, rather than the 13 dimensions obtained by PCA, and run the same k-means clustering
algorithm.
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ter contains mainly high level professional and managerial occupations and

scores high in cognitive indexes and low in manual indicators. The second

cluster contains mainly clerks and other professionals while the third cluster

includes assemblers, operators and labourers. Given the occupational com-

position of such clusters (see tables (1.6-1.7-1.8)), the average level of indexes

of manual and cognitive task content and average annual earnings are in line

with expectations. Note also that specificity presents lowest levels in cluster

2, while it is higher in the group containing manufacturing line workers and

the one including highly specialized professionals, suggesting that the most

common task characteristics in the labour market are typical of clerical occu-

pations included in the second cluster15. Finally both offshorability measures

do not seem to have large variance among the three groups. Given such ev-

idence on clusters composition and task content, in the rest of the paper I

will refer to the three groups as “professionals and managers”, “clerks” and

“labourers and operators”. Figure (1.6) gives a graphical representation of the

level of three main task indexes over percentiles in the routine-manual index.

1.3 Offshoring and reskilling

1.3.1 Offshoring measure

The empirical contributions that studied offshoring have adopted different

measures and focused on different levels of aggregation, like industries or

firms16. In this paper I consider the transmission of the trade shock at firm

level for two main reasons. First, the process of labour force adjustment in

response to the shock may present considerable variability within industries

among firms with different characteristics. Second, measuring the shock at a

more granular level than industries or local labour markets allows for a clearer

transmission mechanism and mitigates the effect of possible concurring de-

terminants, like spillovers within and between industries (Helm (2019)) or

migration among geographical units.

15See table (1.6) for examples of occupations in top cluster that present a relatively high
value of specificity. Some of them are: Physical and engineering science technicians; Physicists,
chemists and related professionals; Mathematicians, statisticians and related professionals.

16See Hummels et al. (2018) for a review of the literature about offshoring and its labour
market effects.
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I use a firm-level measure of narrow offshoring that exploits the rich in-

formation in Danish firm-level data about trade by detailed product and

destination country (Feenstra and Hanson (1999), Hummels et al. (2014),

Hummels et al. (2018)). I define narrow offshoring as the value of imports

of goods at HS6 level which are in the same NACE4 category of goods pro-

duced by the firms17. The conjecture is that such imports are goods that may

have been produced domestically by the company, and their total value will

proxy for the amount of labour factor which is now used abroad. I therefore

compute:

OF F j t =
∑

k∈Ω j

I M j kt (1.2)

where I M j kt indicates import value in year t of HS6 product k in the set

Ω j of products in the same NACE4 sector of firm j 18. In Danish trade data

products are classified with CN8 system, whose first 6 digits correspond to HS6

classification, while industry is reported as NACE6, which correspond to first 6

digits of Prodcom 8 digits (PC8) classification. In order to identify intermediate

goods in the same product category of firm’s output a concordance between

the Prodcom classification for industry sector and the Harmonized System

classification for trade data is implemented19.

17As robustness check I use the alternative definition that considers imports in the same
NACE3 group as produced goods. Results are qualitatively the same.

18As an example consider the product "ball bearing" (HS6: 848210) and the case of two
firms actually observed in the sample. For a firm in sector NACE4: 2914 (Manufacture of
bearings, gears, gearing and driving elements) the import of such product will be considered
narrow offshoring, while for a firm in NACE4: 3110 (Manufacture of electric motors, generators,
internal combustion engines, transformers and converters, windmills) the import of the same
product falls outside of its NACE4 and it is not considered as offshoring. See appendix (1.7.4)
for a discussion of the narrow offshoring measure and for robustness checks about its ability
to capture the offshoring phenomenon.

19I use official conversion tables from RAMON on Eurostat website to implement the
concordance between the two systems. The change in the classifications over time is not an
issue here, since conversion in performed year by year and the index computed accordingly
(see Van Beveren et al. (2012)). The issue of one-to-many correspondences is mitigated by
using more aggregated levels than CN8-PC8, namely 6 digits for traded products (HS6) and
four digits for production sector (NACE4). The effect of a misclassification occurring for firms
within a given sector and in a specific year would be absorbed by the introduction in all
specifications of industry and year fixed effects. Any remaining measurement error in the
index of narrow offshoring is not likely to bias evidence in a systematic direction, but it would
probably result in attenuation bias according to the classical error in variable assumption and
therefore estimated effects should be seen as lower bounds for the real effects.
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1.3.2 Sample

To investigate how international trade can affect the reorganization of domes-

tic production, I exploit the quasi-experimental setting of the entry of China

into the WTO in 2001. Although offshoring is a phenomenon that involved

many developing countries with the rise of the new globalization wave in the

1990s, the entry of China in the WTO has certainly been the event generating

the most dramatic changes for firms in developed countries, both in terms of

offshoring opportunities (Liu and Trefler (2008), Liu and Trefler (2011), Mion

and Zhu (2013)) and import competition (Autor et al. (2013), Ashournia et al.

(2014), Dauth et al. (2014)). As shown in figure (1.1), Denmark has been among

such developed countries, with imports of manufacturing goods increasing

by more than 6 times between 1995 and 2007 and their share on total Danish

manufacturing imports going from 2.3% to 7.8%.

Figure 1.1: Manufacturing Imports from China in Denmark

The figure shows the increase in Danish imports of manufacturing products

(SITC 6,7,8) from China between 1995 and 2007. Data source: Statistics

Denmark.

Therefore I focus on Danish manufacturing firms that have been import-

ing from China for at least one year between 1995 and 2007. The time span will

allow to exploit the pre-post variation generated by the entry of China in WTO.

Including firms that are importing but not necessarily offshoring to China will

make a relevant control group of companies that are not exposed, or not yet,

but could potentially be involved in the same offshoring activity, as they pos-
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sess the knowledge to establish such trade relation20. Under these conditions

offshoring will be measured for 2,234 distinct firms, each one importing for

3.5 years on average.

In order to distinguish offshoring and non-offshoring firms I use the con-

tinuous measure in equation (1.2) and set a threshold of a 10% annual in-

crease to identify an offshoring event. A dummy taking value one for narrow

offshoring increasing by more than 10% is the main variable of interest in the

rest of the analysis21:

O f f j t =1{OF F j t /OF F j t−1 > 1.1} (1.3)

Table (1.10) reports descriptive statistics for firms included in the sample.

Firms without any offshoring event are considered as non-offshoring, while

those presenting at least one event over the sample period are considered as

offshoring firms. Out of 2,234 companies, 1,561 import from China at some

point over the sample period but they are not offshoring to China, while 673

firms offshore to China according to the definition above. Offshoring firms

tend to be larger than non-offshoring ones in terms employees, revenues and

trade exposure. Firm-level analysis in appendix (1.7.6) provides evidence on

the different growth paths for the two types of firms, so in all specifications in

the worker-level analysis I control for such time-varying firm variables like

number of employees, revenues and value of exports.

Individuals included in the sample are those between 20 and 50 years old

who have been employed for at least one year in manufacturing companies

selected with the criteria above22. To ensure that I can follow individuals over

time, I retain those that appear in the sample for at least 7 consecutive years23.

Treated individuals are those employed in offshoring firms in the year of the

event as defined by equation (1.3), while the control group, depending on the

20To avoid excessively small firms that may trade only occasionally, an additional condition
is imposed that total imports value is greater than 600,000 kr for at least one year in the sample.

21Note that the growth rate is undefined when previous period offshoring is zero, so the
indicator is meant to capture the intensive margin of offshoring.

22Since in the period under consideration Denmark had in place an early retirement scheme
and a relatively long maximum duration of unemployment benefits, transitions in and out
of the labour force for older individuals tend to be affected by such institutional settings.
Therefore I set a maximum age of 50 years old to build the sample.

23However 67% of observations refer to individuals appearing at least 12 years.
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specification, will be made by individuals never affected, since employed in

non-offshoring firms, or by individuals in years other than those in which they

are affected by the shock. Table (1.11) reports statistics for the main worker

level variables used in the analysis. The worker level sample is made of around

2.2 millions observations of individuals aged 35 on average and showing an

average training take-up of 19%. See appendix (1.7.2) for a detailed description

of all the data sources.

1.3.3 Training in Denmark

The main source of information to analyse reskilling is administrative data

about adult and continuing education in Denmark. According to OECD Den-

mark is the first country for expenditures in active labour market policies

as a share of GDP. One of the measures subsidized by the government is a

large program of training for individuals employed or unemployed that may

need to update their skills in particular phases of their labour market history.

The government funds courses that take place in off-site training facilities

and partially subsidizes wages when training occurs during working hours.

Such courses can be broadly classified in three main groups: basic courses,

vocational courses and postsecondary courses. Basic courses consist in lit-

eracy and language courses at less than secondary level. Vocational training

is the most common type and it includes mainly short courses in firm- or

industry- or occupation-specific topics. Postsecondary courses, like university

programs or MBA, are in general longer and take places in off-work hours24.

Administrative data contains all occurrences of subsidized training for all

individuals since 1980, including starting and ending date and course type.

Since the rest of the analysis is based on yearly data, I use as main variable

an indicator taking value 1 if the individual has been enrolled in at least one

course in a given year. To report the course type, I use information in the

register to establish a ranking of courses when more than one is taken in a

given year. I give priority to longer courses and those successfully completed.

Over the period 1995-2007 for the sample used in the main analysis, 83.7% of

24See Humlum and Munch (2019) for more information about training programs in Den-
mark and Hummels et al. (2012) for evidence about the use of retraining around mass-layoff
events.
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training occurrences are of vocational type, 11% are basic courses and 5.3%

are postsecondary courses. For the purpose of studying the skill accumulation

adjustment channel, I will focus on vocational courses, since basic courses

are intended more to compensate the lack of basic literacy skills, while post-

secondary courses are a minor share of the total25. Vocational courses, on

the other hand, potentially respond to the need for updating workers’ com-

petencies, whether to improve their productivity in the current occupation

or to favor the transition to another job. Examples of such courses are: ad-

ministrative planning and management tools; management and cooperation

at the assembly line; computer numerical control for machine start-up and

operation; operation of hydraulic excavator; communication in teams. Table

(1.12) reports the shares of course type over individual-year observations of

vocational training in the sample. It shows that the majority of such courses

are devoted to develop competencies within the fields of manufacturing,

transport, engineering and business administration26.

As the main argument of the analysis conceives a change in the compo-

sition of demanded tasks as the trigger for retraining, we should be able to

exclude that any strong change in the supply of courses is driving the evi-

dence. Figure (1.7) shows that there is not any trend in the number and share

of individuals taking up vocational courses, providing some reassurance that

a dramatic change in the supply of courses over the sample period is unlikely

to have occurred.

In figure (1.3) and (1.4) some preliminary descriptive evidence is reported

about the relation between average take-up rates of training by three digits

occupations and the occupational score in each of the indexes of task content

described in section (1.2). Individuals that have been induced more to retrain

over the sample period are those employed in occupations with low cognitive

25Take up of formal education may also be an important readjustment channel. Since
postsecondary education is free in Denmark, for individuals up to a certain age the prospect
of improving future labour market positions could compensate for the opportunity cost of
forgone income in some low skilled jobs. For example Utar (2018) shows that Danish workers
exposed to import competition from China after the removal of MFA in the texitle and clothing
sector spent more time in school enrollment, especially after transiting to the service sector.

26Of the training occurrences in the sample, around 70% involve employed individuals,
while the remaining part consists of people who experienced some non-employment spell in
the same year. This confirms that courses could be taken both on the job, mainly on employer’s
initiative, or during unemployment when the individual is followed by a local job center.
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content and with high scores in manual task content. Interestingly, also in-

dividuals in more specific occupations relative to average task requirement

in the labour market are induced to retrain more. On the other hand, the

potential for tasks to be offshorable, as measured by the two index described

in section (1.2), does not seem to be related to the probability of enrolling in

vocational training courses.

1.4 Econometric approach

1.4.1 Training dynamics

In order to investigate whether firms use retraining of workers when they re-

sort to offshoring, I inspect the dynamics of training take-up with a treatment

effects specification. For offshoring firms as defined in section (1.3.2) I con-

sider only the first offshoring event if they have more than one over the sample

period, while with respect to labour market trajectories of treated individuals

I restrict the estimation sample to those who have been exposed to maximum

one offshoring event. The estimation sample includes both treated and never

treated individuals, which constitute the control group, therefore the baseline

potential outcome is the probability of retraining for never treated individu-

als27. For individuals never exposed to offshoring I randomly assign a fictitious

treatment period over their labour market biographies. I then estimate the

following model:

yi t =
+4∑

τ=−4,τ 6=−1
βτI jτO f f j +X ′′′

i tΓ1 +W ′′′
j tΓ2 +γi +γo +γs,t +γr eg +εi t (1.4)

where yi t takes value one if individual i takes up vocational training in year

t , I jτ =1
[

t −E j = τ
]

is an indicator of the time-to-event period, with E j being

the year of the offshoring event for firm j and O f f j indicates offshoring firms.

The coefficients βτ are interpreted as changes with respect to the probability

of retraining at τ=−128.

27Under such conditions, there are 259,317 distinct individuals in the estimation sample,
with 76,252 that are treated in some year between 1996 and 2007 and 183,065 individuals never
exposed to an offshoring event.

28Abraham and Sun (2020) show that estimated treatment effects can be contaminated by
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For the purpose of comparability of treated and never treated workers I

exploit within occupation variation, so that systematic correlation of firm’s

propensity to offshore with labour force composition in terms of occupational

structure should not drive the evidence on training take-up. Furthermore

using variation within workers’ labour market trajectories accounts for unob-

served individual ability and it mitigates possible concerns of worker selection

into offshoring firms. Since offshoring may be driven by industry-specific

determinants and retraining may follow a similar path over time, the industry-

year fixed effects γs,t allow for nonparametric sector-specific trends. Any local

labour market feature systematically affecting retraining and offshoring, for

example determinants that differentiate firms in the capital region from the

others, is accounted for by region fixed effects29. Therefore the difference-in-

differences specification in equation (1.4) identifies the treatment effects βτ

by comparing take up rates of training in deviations over time from within-

individual means, across workers employed in the same occupation, industry,

year and local labour market. Observable time-varying worker characteristics

potentially affecting training are included in vector Xi t : educational level,

tenure with current employer, labour market experience and union mem-

bership. Offshoring and to a major extent retraining are firm-level decisions,

so equation (1.4) conditions on employer features W j t , like size and trade

dimension that may be correlated with both variables30.

The blue line in figure (1.2) shows the βτ coefficients in equation (1.4).

After the offshoring shock we observe a 2.8% increase in probability of taking

up retraining in the period after the offshoring event, and it is still around 2

percentage points higher than baseline in the second and third year after the

event.

excluded periods, i.e. by relative periods that are implicitly set to zero. Therefore the estimation
sample uses only observations for which τ is in the interval

[−4,+4
]
.

29Occupational fixed effects are at three digits ISCO level, industry is defined at NACE two
digits level, but results are qualitatively the same with sector definition at NACE four digits
level. Local labour markets are assumed to coincide with the five administrative regions of
Denmark. In all specifications standard errors are robust to possible clusters of correlation at
firm-year level.

30The vector W j t includes number of employees, revenues and yearly value of exports.
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Figure 1.2: Event study
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The blue line represents estimates of the dynamic coefficients βτ in equation (1.4)

and the shaded area denotes 95% robust confidence intervals.

On the other hand the probability of enrolling in a training course before

the event occurs is comparable for individuals exposed and non exposed to

offshoring, suggesting that conditioning on observables and fixed effects in

equation (1.4), prior to the shock treated and control groups are on parallel

trends31. Following Borusyak et al. (2021b), an appropriate test of the parallel

trend hypothesis can be performed by considering only nontreated observa-

tions and restricting the sample to pre-treatment periods. Figure (1.9) in the

appendix shows that indeed individuals that will be exposed to offshoring

present a training take up in pre-treatment periods which is not statistically

different from take up of non exposed individuals.

31Figure (1.8) in appendix shows estimated coefficients from a specification similar to (1.4)
where I explicitly include also a dynamic pattern for never treated individuals. As expected,
the pattern of training take up for non exposed individuals does not show any dynamics with
respect to the time to event, while the pattern for exposed individuals remains practically the
same as in figure (1.2).
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1.4.2 Task analysis

Having established that offshoring on average induces exposed individuals to

reskill within three years of the shock, I turn now to investigate whether such

effect is heterogeneous along the occupational dimension and in particular

in relation to the occupational task content. In light of the task approach

(Acemoglu and Autor (2011), Autor (2013)), we would expect that individuals

performing those tasks more prone to be offshored would need to be retrained

relatively more in proximity of the shock, compared to similar non-exposed

workers. Given the evidence on timing of take-up from the event study speci-

fication, in the following analysis I use as dependent variable a dummy taking

value one if the individual enrolls in some training between t and t +232. In a

specification similar to (1.4) I interact offshoring with an index of task content

of the occupation and estimate:

yi t =β1O f f j t +β2O f f j t ×Zo+X ′′′
i tΓ1+W ′′′

j tΓ2+γi +γo+γs,t +γr eg +εi t (1.5)

where Zo is an index of task content for three digits ISCO occupations33

and O f f j t is the event indicator in equation (1.3). Since offshoring and work-

ers’ retraining could potentially be related organizational decisions made with

strategic timing, offshoring in equation (1.5) can be endogenous and therefore

a causal interpretation would be problematic. To mitigate such concerns in

the rest of the analysis I use an instrument for offshoring which is arguably

able to capture the variation in trade flows between Danish firms and China

that comes from the exogenous rise of China supply capacity, rather than

firms’ decision or idiosyncratic productivity shocks.

1.4.3 Instrument

Possible threats to identification may derive from two main sources of en-

dogeneity. First, offshoring decisions may be simultaneous to firm’s choice

about organization of production and adjustment of the labour force, such as

laying off or retraining workers. Firm observables included in equation (1.4)

32Qualitative results are retained when we use an indicator for training take up in t +1.
33The main effect of task index is absorbed by occupational fixed effects.
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may not be sufficient to account for such systematic relation. Second, as the

ultimate subject involved in retraining are workers, the concern is that the

composition of workforce and worker characteristics could be systematically

correlated to offshoring propensity. Using within individual and within oc-

cupation variation may not be sufficient to remove selection concerns. To

address such issues I use an instrument intended to purge the variation in the

firm-level offshoring measure from the endogenous component by exploiting

the rise in China supply capacity for specific products.

I use an approach similar to Autor et al. (2013), who elaborate on an idea

originally introduced by Bartik (1991), and build a shift-share instrument for

firm-level offshoring. The instrument is defined as follows:

Instr OF F j t =
∑

k∈Ω j

wk j I M oth
kt (1.6)

where wk j is the pre-sample share of HS6 product k imported by firm j

and I M oth
kt is the value of imports from China of the same product k in year t

by other selected high income countries. The variable is intended to capture

the same narrow-offshoring concept of the original regressor and therefore the

shares wk j refer to HS6 imports in the setΩ j of products in the same NACE4

sector as the one of firm’s production, while wk j are zero in periods when

such imports are zero. In order to mitigate potential endogeneity of the firm-

specific import composition, the shares are predetermined and computed for

the first year in the sample when the firm appears to import34. The shares are

referred to exchanges with all potential partners and they can be thought to

reflect pre-sample firm-specific production choices. Therefore the implicit

assumption with such instrument is that the entry of China into WTO would

increase the opportunity for firms to offshore, rather than affecting their

import composition. The variability in the instrumental variable is ensured

on one hand by the quite firm-specific composition of imports: table (1.21)

34Although one may adopt other approaches, like allowing the shares to vary over the
sample period, such firm-specific composition of inputs is quite stable over the time span
of the analysis. The distribution of the difference between the number of total distinct HS6
products imported by each firm over the whole sample period and the same value in their
pre-sample year has a mode of zero and a median of one. Furthermore another indication that
the composition of firm-specific imports is not changing dramatically over time is that the
correlation between the growth in the main measure of offshoring in equation (1.2) and the
growth in the instrument in (1.6) is high and equal to 0.841.
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suggests that the assumptions needed for consistency of the shift-share IV

estimator are likely to be met, since we have a relatively high number of

shocks compared to the number of firms, and firm composition of imports is

concentrated in a small number of products (Borusyak et al. (2021a))35. On

the other hand the rising supply capacity of China over the sample period is

heterogeneous across products: considering the growth in I M oth
kt (the source

of exogenous variation) we see for example that imports of electrical resistors

(HS: 853329) show an average annual growth of 0.8%, while ball bearings (HS:

848210) show an average annual growth of 22%.

The exclusion restriction is that unobserved shocks to firm productivity

that may induce employees’ retraining are not correlated with determinants

of imports from China in other high income countries. More specifically, un-

observed supply and demand shocks in Denmark, like for example public

policies focused on specific industries or a local increase in demand, should

not be systematically correlated with shocks in other countries. Furthermore

trade flows in the selected pool of countries should not affect economic out-

comes in Denmark through channels other than the exogenous increase in

China supply capacity. To this end it is reasonable to exclude countries which

are important trade partners of Denmark and those which may indirectly

affect the Danish economy with reverberations of shocks through the com-

mon market. Therefore I select the following countries: Australia, Canada,

Japan, New Zealand, Singapore, UK. Such developed countries are likely to

take advantage of the rise of China in a similar way to Denmark, but at the

same time they are unlikely to be affected by local supply and demand shocks

in the Danish economy36. Finally note that as long as the variation in imports

from China by such selected countries is exogenous to Danish firms, it is

arguably exogenous to individuals in the Danish labour market and therefore

this strategy should mitigate also the selection problem.

The instrument is relevant and presents a highly significant first stage

coefficient and large F-statistic in all specifications. As for the main measure

35Similarly from the distribution of the number of importers by HS6 product we observe a
median of 2 and a mode of 1, suggesting that firms have few inputs in common. See appendix
(1.7.5) for robustness and falsification tests about the assumptions behind the shift-share IV
strategy.

36As in Dauth et al. (2014), US is excluded for its impact on the world economy.
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of offshoring, we can recover an indicator for an increase in the continuous

variable in equation (1.6) larger than 10%:

Υ j t =1{Instr OF F j t /Instr OF F j t−1 > 1.1} (1.7)

which is the primary version of the instrument used in the rest of the analy-

sis37.

1.5 Results

1.5.1 Offshoring, retraining and task content

Table (1.2) reports results of 2SLS estimation whose second stage is equation

(1.5)38. In all columns offshoring for the average level of the respective task

index is significantly inducing more retraining. From column 1 we see that

individuals employed in occupations with more specific task content relatively

to the labour market average show a higher probability of taking up training

when exposed to offshoring: one standard deviation increase in the specificity

index is associated with an additional 1.3% higher probability of taking up

vocational retraining compared to exposed individuals in average specificity

occupations. This suggests that specific occupations in terms of task content

tend to demand more retraining to favor worker’s adaptability to new tasks.

Having accumulated experience in more specific tasks reduces the set of

outside options when individuals have to change occupation, both within

the firm or when they seek reemployment after displacement. Conversely,

employment in occupations with task content more similar to the labour

market average will require less reskilling in case of transitions due to the

offshoring event.

Since we find specific occupations in both the “labourers & operators”

cluster and the “professionals & managers”, as shown in table (1.1), it is in-

teresting to see how other task dimensions mediate the effect of offshoring

37All qualitative results are retained when we use the log of continuous measures for
offshoring and its instrument.

38All indexes are standardized to have mean zero and standard deviation one. F-statistics
for the first stage regressions are reported in the bottom panel of the table and they suggest
high relevance of the instruments. Results are retained when we use the log of the continuous
measure of offshoring and its respective instrument.
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on retraining probability. From column 2 we see that individuals that in the

Table 1.2: Offshoring and vocational training - task content

Training take-up (1) (2) (3) (4) (5) (6) (7)

Off 0.0215 ** 0.0211 * 0.0291 *** 0.0329 *** 0.0314 *** 0.0324 *** 0.0274 ***
(0.0103) (0.0108) (0.0103) (0.0103) (0.0103) (0.0102) (0.0101)

Off x Specificity 0.0129 **
(0.0056)

Off x Rout. Manual 0.0309 ***
(0.0089)

Off x Nonrout. Cognitive -0.0230 ***
(0.0085)

Off x Nonrout. Manual 0.0377 ***
(0.0097)

Off x Rout. Cognitive -0.0392 ***
(0.0090)

Off x Offshorab. Blinder -0.0062
(0.0062)

Off x Offshorab. AD13 0.0080
(0.0070)

Observations 2,205,380 2,205,380 2,205,380 2,205,380 2,205,380 2,205,380 2,205,380
First stage F-stat Off 261.28 232.38 232.91 231.91 235.46 243.89 234.12
First stage F-stat Interact. 187.61 116.36 104.69 128.39 118.10 213.36 218.27
Kleibergen-Paap Wald rk F 232.13 113.94 105.26 119.86 113.12 229.37 231.52

Notes: All regressions are second stages from 2SLS estimation. The dependent variable is

an indicator for vocational training take up between t and t+2. The Offshoring variable is

the indicator for a yearly increase in narrow offshoring by more than 10% in equation (1.3).

Similarly the instrument is the indicator in equation (1.7). All task indexes are standardized

to have mean zero and standard deviation one. All specifications include individual

controls and firm controls, individual fixed effects, three digits ISCO occupation, regional

dummies and industry-year fixed effect (two digits NACE level). In all specifications

standard errors are robust to possible clusters of correlation at firm-year level. Significance

levels: *** 1%; ** 5%; * 10%.

year of the offshoring event are employed in an occupation with one standard

deviation higher score in the routine manual index relative to the average will

face a 3.1% higher probability of being involved in reskilling programs within

the next two years, compared to individuals with average value of the index in

exposed firms. On the other hand, in column 3 we see that being employed in

occupations that score high in nonroutine cognitive index is associated with

lower probability of taking up a retraining course in exposed firms. Columns 4

and 5 show similar evidence for the nonroutine manual and routine cognitive

task contents, with the direction of the effect on reskilling staying the same

as the respective manual and cognitive counterparts in columns 2 and 339.

39The magnitude of the interactions in columns 3 and 5 is such that being employed in an
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Columns 2-5 in table (1.2) in general suggests that the manual versus cogni-

tive dimension is more relevant than the routine versus nonroutine one to

explain the heterogeneous propensity to reskill following an offshoring shock.

Finally columns 6-7 show that the characteristics of occupations captured

by two alternative indexes of “offshorability”, i.e. the degree of interpersonal

face-to-face interaction and the need to perform the job on site, do not seem

to increase the probability of retraining for exposed workers. This confirms

somehow the finding in previous literature that offshorability indexes have

less explanatory power in relation to labour market trends, compared to other

task dimensions40.

Table 1.3: Offshoring and vocational training

Training take-up All (1) Professionals (2) Clerks (3) Labourers
& managers & operators

Panel A: OLS
Offshoring 0.0183 *** 0.0136 -0.0019 0.0253 ***

(0.0063) (0.0083) (0.0079) (0.0077)
R-squared 0.433 0.500 0.487 0.417
Panel B: 2SLS
Offshoring 0.0292 *** 0.0102 0.0047 0.0475 ***

(0.0102) (0.0139) (0.0133) (0.0131)
First stage F-stat 463.03 291.36 555.04 388.73
Observations 2,205,380 442,796 440,786 1,272,935

Notes: The dependent variable is an indicator for vocational training take up between

t and t+2. Offshoring variable is the indicator for a yearly increase in narrow off-

shoring by more than 10% in equation (1.3). The instrument in 2SLS regressions is

the indicator in equation (1.7). All specifications include individual controls and firm

controls, individual fixed effects, three digits ISCO occupation, regional dummies

and industry-year fixed effect (two digits NACE level). In all specifications standard

errors are robust to possible clusters of correlation at firm-year level. Significance

levels: *** 1%; ** 5%; * 10%.

The evidence in table (1.2) explains such diverse behaviour about re-

occupation with one standard deviation higher cognitive content basically compensate the
effect of being exposed to offshoring on the probability of retraining.

40See section 2.5 in Acemoglu and Autor (2011) and the discussion in section (1.2). In this
respect Blinder and Krueger (2013) discuss that offshorability is conceptually distinct from
routineness. Although they are related, since routine tasks are more easily broken down into
simpler ones and therefore offshored, it is also true that some complex non-routine jobs that
require high skills can also be offshored by making use of IT equipment. Indeed we can observe
in tables (1.6) and (1.7) as some occupations in clusters 1 and 2 score high in offshorability
according to such indexes.
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training through the task content of occupations in which individuals find

themselves in the year of the shock. The preliminary analysis on occupational

classification in section (1.2), summarized in table (1.1), shows that indexes

of task content and specificity relative to the labour market present a clear

heterogeneity among the three occupational clusters. Therefore table (1.3) re-

ports results from a specification similar to (1.5), where the task interaction is

removed and the sample is split according to the occupational cluster in which

individuals are employed in the year of the shock. Pooling all workers together

as in the first column, we observe a positive effect of offshoring on probability

of retraining and such probability is actually higher when offshoring is purged

by its endogenous component: being exposed to offshoring is associated with

an average 2.9% higher probability of being enrolled in a retraining program

within two years of the shock (table (1.3) panel B). However this average effect

conflates heterogeneous responses among occupational clusters as defined in

section (1.2). The propensity to reskill following an offshoring event increases

only for exposed individuals employed in the “labourers & operators” occu-

pational cluster, compared to training take up of similar workers. Indeed for

such workers being involved in the possible reorganization associated with

offshoring increases the probability of retraining by 4.8 percentage points

compared to workers in the same occupations in non-offshoring firms. For

the other two occupational clusters offshoring does not induce the same ef-

fect on training enrollment and such evidence is retained when we clean the

relation from the possible endogeneity caused by employer’s simultaneous

decision of offshoring and retraining the labour force.

The fact that individuals in the cluster “professionals & managers” and

those in the cluster “clerks” when exposed to offshoring do not resort to the

type of reskilling included in the program, may be due to the fact that the

type of courses studied here do not satisfy their needs, rather than to the lack

of necessity of any reskilling. A check about such argument is provided by

considering enrollment in formal education, rather than in labour market

training, as dependent variable and running similar regressions by cluster.

We observe the same path of heterogeneity as in table (1.3), with increased

enrollment probability only for cluster “labourers & operators”. This suggests

that it is unlikely that such heterogeneity is driven entirely by the specific



1.5. RESULTS 29

supply of training courses that are examined here. Similarly, to exclude that

the evidence in table (1.2) about the task content relevance is not driven by

the inclusion of individuals in the “professionals & managers” occupational

cluster, for whom the labour market retraining courses may ex-ante be off-

target, table (1.14) reports the same specifications as in table (1.2), estimated

on the subsample that excludes such occupations. Results show that we retain

the qualitative evidence about which task dimensions explain the propensity

to retrain after an increase in offshoring.

1.5.2 Offshoring, retraining and future earnings

The heterogeneous take up of training among occupational clusters shown in

section (1.5.1) may be due to different mechanisms of coping with the same

adverse effects, e.g. through the adjustment of skills, or to a different exposure

to the adverse effects of offshoring in first place. The evidence on earnings in

this subsection and on transitions in the labour market in the next one will

provide some suggestive evidence in this respect. In table (1.4) I report results

from 2SLS estimation of the following equation:

Av g E ar ni t =β1O f f j t +β2tr ai ni t +β3O f f j t × tr ai ni t

+X ′′′
i tΓ1 +W ′′′

j tΓ2 +γi +γo +γs,t +γr eg +εi t

(1.8)

where the dependent variable is the logarithm of average annual individ-

ual earnings in the period (t , t +3) and therefore the effective sample period

for the offshoring shock reduces to years 1996-200441. Offshoring variable

O f f j t is the dummy for an increase in narrow offshoring larger than 10%, and

tr ai ni t is a dummy for being enrolled in at least one training course between

(t , t +2). The instrument for offshoring and controls in Xi t and W j t are the

same as in equation (1.5)42.

41The dataset is not augmented to include years after 2007 to avoid capturing the effects of
the Great Recession starting in 2008.

42Results are robust to alternative timing assumptions for the definition of training dummy
and average earning period. If the controls in (1.8) leave out any determinant of future earnings
potentially correlated with training, results from such specification cannot be considered as
expressing a causal relation, but they are nevertheless informative about the link between
offshoring exposure, training and individual earnings.
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From the first column we notice that offshoring is associated with a signif-

icant 3% decrease in average annual earnings, while training helps individuals

to mitigate such adverse effects. Nevertheless exposed and retrained indi-

viduals show average earnings in the three years after the shock which are

still around 1.6% lower than similar non exposed and non retrained workers.

However such average effect conceals heterogeneous responses for the three

occupational clusters. Individuals in the “professionals & managers” cluster

employed in offshoring firms do not seem to be particularly hit by the reor-

ganization ensuing from offshoring exposure, while the same event seems to

negatively affect those in cluster 2: workers in clerical occupations exposed to

offshoring show a loss of 2.3% in average annual earnings in the three years

after the shock. Retraining however does not help the latter to limit losses. It

Table 1.4: Offshoring, vocational training and earnings

Log Avg. Earnings (t,t+3)
All (1) Professionals (2) Clerks (3) Labourers

& managers & operators

Offshoring -0.0305 *** -0.0033 -0.0228 *** -0.0646 ***
(0.0072) (0.0064) (0.0075) (0.0098)

Training 0.0222 *** -0.0018 0.0100 *** 0.0244 ***
(0.0012) (0.0020) (0.0019) (0.0016)

Off. x Train. 0.0145 ** 0.0012 -0.0068 0.0678 ***
(0.0066) (0.0071) (0.0092) (0.0102)

Observations 1,603,579 303,499 312,580 946,054
First stage F-stat Off 115.75 90.83 133.87 95.34
First stage F-stat Interaction 109.32 84.12 99.25 111.31
Kleibergen-Paap Wald rk F 90.87 71.15 96.22 92.40

Notes: The table reports estimates from equation (1.8). The dependent variable is the

logarithm of average annual earnings between t and t+3. Offshoring variable is the

indicator for a yearly increase in narrow offshoring by more than 10% in equation

(1.3). Similarly the instrument is the indicator in equation (1.7). Training is a dummy

for being enrolled in a course between t and t+2. All specifications include individual

controls and firm controls, individual fixed effects, three digits ISCO occupation,

regional dummies and industry-year fixed effect (two digits NACE level). In all spec-

ifications standard errors are robust to possible clusters of correlation at firm-year

level. Significance levels: *** 1%; ** 5%; * 10%.

is plausible that workers performing clerical tasks are involved in the reorga-

nization process entailed by offshoring and go through some transitions in

the labour market with possible spells of unemployment that imply earning

losses. However the human capital they accumulated in their previous occu-
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pations is general enough that retraining would not substantially affect such

transitions. In the next section further evidence will be provided to investigate

such mechanism.

As we notice from the last column in table (1.4) , the overall evidence on

training is driven by the cluster “labourers & operators”. Exposed workers in

more manual and routine occupations experience an average earning loss

of around 6.5% within three years of the offshoring event, compared to sim-

ilar non exposed individuals. However, for them retraining is substantially

cancelling out such losses, therefore bringing the net outcome to a level com-

parable to non exposed and non retrained workers in the same occupations.

Such evidence suggests uneven consequences of offshoring along the

task and occupational dimension and it is line with previous literature that

found heterogeneity of the offshoring effect across occupations (Baumgarten

et al. (2013), Becker et al. (2013), Ebenstein et al. (2014)). The different task

content of occupational clusters (see table (1.1)) contributes to explain re-

sults about earnings in table (1.4). Workers in the cluster “professionals and

managers” are barely affected by offshoring since firms are actually increasing

employment in such occupations (see evidence in appendix (1.7.6)), and the

mainly cognitive nature of their tasks will make retraining unnecessary. On

the other hand, workers in the “clerks” cluster experience negative shocks

on their earnings, possibly due to some degree of reallocation among occu-

pations, firms and sectors, but since their tasks are the less specific they will

find more easily some outside options in the labour market and would not

need much reskilling. Retraining is instead helpful for workers in the third

cluster, who have accumulated human capital in more specific and manual

occupations and would find therefore harder to transit in the labour mar-

ket, possibly changing occupation, employer and/or sector. Since firms are

reducing employment in such occupations, as shown in figure (1.14), being

retrained and moving to other tasks is particularly beneficial for such workers.

In the next section I explore if the evidence on transitions can corroborate

such interpretation.
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1.5.3 Transitions in the labour market

One of the purposes of subsidized labour market retraining is to facilitate the

reallocation of workers from jobs that are potentially disappearing. A natural

question is therefore how offshoring and retraining affect the transitions along

three possible dimensions in the labour market: occupations, employers and

sectors. Offshoring may increase the probability of transition for specific types

of workers and retraining may intervene in such process by facilitating the

transition along some of such dimensions. To provide evidence on this ques-

tion I use a similar specification as in equation (1.8) and consider transition

probabilities along different dimensions as dependent variables. I start from

the same dataset as for the rest of the analysis and retain all occurrences

of transitions from employment to employment, possibly with intervening

spells of nonemployment and including the stayers43. The sample therefore

drops intervening years of nonemployment status or periods with less reliable

occupational information44, thus in all specifications I additionally control for

possible spells of unemployment and for missing occupational information.

Switching indicators take value one if the individual switches dimension in

t +1 or t +2, while offshoring and retraining refer to period t .

Table (1.5) reports results about possibly different transition channels

following the offshoring shock. From panel A it seems that offshoring does not

increase the probability of changing occupation for any of the occupational

clusters. However when we look at the decomposition of such effect among

switching combinations in panels A.1-A.3, we notice relevant heterogeneity.

Exposed workers in cluster “labourers & operators” tend to change occupa-

tions within the same employer (panel A.1), while those in the “clerks” cluster

tend to change all dimensions (panel A.2). This is likely to be due to the differ-

ent task content of the starting occupations, with those in cluster 2 being less

specific and allowing for easier transitions in the labour market compared

43Furthermore I drop observations with an interval larger than 3 years between starting and
landing occupation. Notice that here the interest is in the type of transition to new employment
and the task content of the new occupation, so in this step individuals ending up in long-term
unemployment are dropped. Such individuals are likely to be those more adversely affected in
terms of earnings as emerged from the evidence in table (1.4).

44Danmarks Statistik provides an indicator for the source of occupational information, so it
is possible to identify imputed data which is likely to be of lower quality.
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to workers in the other two occupational clusters45. Evidence in panel A.3

suggests that transitions within the same sector, by changing employer and

occupation, are not a feasible adjustment channel, hinting to the fact that

offshoring is likely to be a sector-specific phenomenon46. Similarly panel B

and C suggest that occupation is indeed the most relevant dimension when

we examine the adjustment after an offshoring event: maintaining the starting

occupation and changing employer and possibly also industrial sector is less

likely compared to the rest of transitions for similar individuals, which are

more likely to be voluntary switches.

In light of the heterogeneity among clusters in table (1.5), we can con-

clude that offshoring is a phenomenon that primarily involves reshuffling

occupations within firms, rather than implying an adjustment process with

only between-firms transitions. The evidence that also clerical employees in

cluster 2 go through an occupational change following an offshoring shock

hints to a reorganizational process spurred by offshoring that involves the

whole occupational hierarchy within the firm47. On the other hand, the con-

sequences in terms of transitions are heterogeneous among clusters because

the task content of the starting occupation induces a different reallocation

trajectory along the occupation-employer-sector dimensions.

Does retraining affect such transition patterns? In section (1.5.1) we have

seen that retraining is used for workers in the cluster “labourers & operators”,

so table (1.16) reports the results for such subsample from the same regres-

sions as in the first three panels of table (1.5), with the additional training in-

dicator and its interaction with offshoring. From columns 2 and 3 it is evident

that retrained workers in offshoring firms tend to switch occupation relatively

less likely towards other employers and sectors and more likely within the

starting company. Since such form of labour market retraining is sponsored

by employers, who benefit from the government subsidy but still pay a cost

for it, it is not surprising that they keep workers within the organizational

45See table (1.1) and figure (1.6) for descriptive statistics about task content of clusters.
46In other terms this is compatible with the typical idea of offshoring exposing more

manufacturing-specific occupations, so that those who change occupation and employer will
likely also change sector, for example transiting in the service sector.

47This evidence is in line with the finding in Bernard et al. (2020) that offshoring firms
reorganize by reducing the number of production workers and increasing the hiring of tech
workers.
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Table 1.5: Offshoring and labour market transitions

Switching dimension All (1) Professionals (2) Clerks (3) Labourers
& managers & operators

Panel A: occupation
Offshoring 0.0118 -0.0230 0.0311 0.0190

(0.0150) (0.0211) (0.0227) (0.0169)
Panel A.1: occup. within firm
Offshoring 0.0306 ** 0.0123 0.0236 0.0463 ***

(0.0124) (0.0174) (0.0207) (0.0162)
Panel A.2: occup.-firm-sector
Offshoring -0.0091 -0.0188 ** 0.0179 ** -0.0200 **

(0.0071) (0.0087) (0.0091) (0.0082)
Panel A.3: occup.-firm
Offshoring -0.0088 ** -0.0153 *** -0.0091 ** -0.0086 **

(0.0036) (0.0053) (0.0042) (0.0040)
Panel B: firm only
Offshoring -0.0190 -0.0292 -0.0075 -0.0104

(0.0206) (0.0231) (0.0167) (0.0269)
Panel C: firm-sector
Offshoring -0.0221 ** -0.0402 *** -0.0127 -0.0145

(0.0087) (0.0119) (0.0124) (0.0099)
First stage F-stat Off 210.18 171.17 250.91 162.75
Observations 1,141,944 239,886 218,654 653,169

Notes: The different panels report results from different second stages regressions

where the dependent variable is an indicator for switching the indicated dimension

in t +1 or t +2. Offshoring variable is the indicator for a yearly increase in narrow

offshoring by more than 10% in equation (1.3). Similarly the instrument is the indica-

tor in equation (1.7). All specifications include individual controls and firm controls

for the period before the possible switch, individual fixed effects, three digits ISCO

occupation, sector-year fixed effects, regional dummies and indicators for a spell

of unemployment or missing occupational information over the switching period.

In all specifications standard errors are robust to possible clusters of correlation at

firm-year level. Significance levels: *** 1%; ** 5%; * 10%.

structure. The evidence from the table however suggests one interesting point.

In all columns retrained non-exposed individuals tend to switch occupation

less likely than non-retrained and non-exposed ones. This suggests that in

non-offshoring companies retraining is used to improve abilities of workers in

the starting occupation. On the other hand offshoring firms use retraining in

a different way, as they tend to move workers to other occupations (column 3).

This is consistent with a distinction between vertical retraining and horizontal

retraining: in the first case the objective is to become more productive to

perform the same tasks, while in the second case retraining is aimed to learn
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different tasks. The evidence from table (1.16) hints to the second mechanism

as the one underlying the relation between offshoring and retraining, in line

with the conjecture that firms are changing their demand for tasks.

Following the same argument, offshoring and retraining will affect not just

the probability of moving from the starting occupation, but also the direction

of the transition in the task space. Using the same sample and conditioning

on moving, we can investigate the direction of the occupational switching.

In general, observed transitions occur mainly between “close” occupations

in the task space (see figure (1.10) and table (1.15)) and younger individuals

make longer transitions than older ones48. Simple descriptive evidence on

distance of transitions for trained and non retrained individuals shows that

the latter move to more distant occupations than the former (figure (1.11)).

Furthermore from table (1.1) we notice that workers starting in different

occupational clusters show different average distances of moves: those in the

“clerks” cluster, with experience in more general occupations, are able to move

within a wider range of jobs in the labour market. On the other hand workers

in the cluster “labourers & operators”, who have accumulated experience in

more specific occupations, show the lowest average distance of transitions.

To investigate how offshoring and labour market training interact to affect

the destination of the transition, table (1.17) reports 2SLS regressions of the

difference in two task content indexes between arriving and starting occupa-

tion on offshoring and training, for individuals employed in cluster “labourers

& operators” in period t . The first row shows that workers that change oc-

cupation after an offshoring event move to relatively less specific and less

routine manual occupations compared to similar non-exposed movers. Al-

though non-significant, there is some suggestion that retraining is reinforcing

this mechanism for exposed workers, as it was the case for the probability

of moving in table (1.5). Similarly there is some indication that retraining is

used in a different way for workers non exposed to offshoring, as they seem to

move to more specific occupations compared to the starting one.

48See distributions in figure (1.11). Also the educational level is a relevant dimension of
heterogeneity for distance of transitions: as educational level increases the distance of moves
increases. However individuals with postgraduate degrees make shorter transitions than those
with secondary or bachelor qualifications. This is probably due to the higher level of human
capital specialization that an individual achieves with a master or higher degree.
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The overall evidence about transitions suggests that offshoring firms are

reorganizing production by reducing the demand for routine and manual

tasks, which tend to be more specific compared to the average labour market

task composition. Accordingly, more exposed individuals are those in the clus-

ter “labourers & operators”, who go through occupational changes toward less

specific and less manual tasks. Retraining is used by offshoring firms to move

workers to other less routine and manual occupations. Finally the evidence

on earnings from table (1.4) and on firm internal reorganization in appendix

(1.7.6) suggests that the readjustment process involves also displacement of

part of the labour force. For such workers the reallocation should be studied

with reference to their skill endowment and the active labour market policies

in place for unemployed.

1.6 Conclusions

A recent report from US Bureau of labour Statistics shows that the average

number of jobs held in a lifetime by US workers between 1979 and 2016 has

been 12.3 and most of job changes occurred in the early phases of the career49.

In the presence of rising opportunities from globalization and rapid techno-

logical changes such figure is likely to increase in the future. Understanding

how the demand for work evolves and how portable are the skills of workers

exposed to such changes is important to develop appropriate public policies

that may ensure an adequate skill endowment in the labour market.

In this work I show how retraining of workers is used by firms during the ad-

justment process that they face when they resort to offshoring. Information on

the firm-specific mix of imports is leveraged to recover a differential exposure

to the rising supply capacity of China and therefore a variation in the propen-

sity to offshore. Results show that the occupational task dimension is key to

predict which workers are reskilled as a consequence of the reshuffling of

the production process. The most affected individuals are those employed in

more specific manufacturing occupations that tend to be manual and routine.

On the other hand less reskilling is needed for workers whose competences

are focused on tasks which are closer to the average task composition in the

49See the report here: https://www.bls.gov/news.release/pdf/nlsoy.pdf
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labour market. Such workers find it easier to transit to other occupations and

sectors, thus suggesting that the occupational task content is affecting outside

options of workers and their labour market transition patterns. Finally the

evidence that offshoring firms use retraining in the reorganizational process

to favour transitions of workers to less routine-manual and less specific tasks

shows that there is a role for policies based on human capital in overcoming

adjustment frictions during such reorganizations events.
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1.7 Appendix

1.7.1 Tables and Figures

Figure 1.3: Take-up of training and task content
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The five panels represent the relation between take-up rates of vocational training

at the level of three-digit ISCO occupations and the score of such occupations for

each of the four indexes of task content built in section (1.2) and for the specificity

measure. Dots are scaled to represent the occupational size in 1995-96, while take-up

rates are averages over 1995-2007. The blue line is the slope of the linear regression

between the two variables and the shaded area delimits the 95% confidence interval.
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Figure 1.4: Take-up of training and offshorability
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The two panels represent the relation between take-up rates of vocational training

at the level of three-digit ISCO occupations and the score of such occupations for

the two indexes of offshorability discussed in section (1.2) and in appendix (1.7.3):

the measure in Blinder (2009) in the left panel and the one in Autor and Dorn (2013)

in the right panel. Dots are scaled to represent the occupational size in 1995-96,

while take-up rates are averages over 1995-2007. The blue line is the slope of the

linear regression between the two variables and the shaded area delimits the 95%

confidence interval.
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Figure 1.5: Clustering on task content

The graph represents the location of the three-digits ISCO occupations on the first

two dimensions of the task space. The three clusters are determined by the k-means

algorithm. The green, blue and red areas delimit respectively the clusters “Profession-

als & managers” , “Clerks” and “Labourers and operators”. The first two dimensions

together, out of the 13 defining a point, account for 54% of total variance across

occupations. The symbols with larger size within each cluster represent the centroids

of the groups.
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Figure 1.6: Task line
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The figure shows weighted averages of three indexes of task content by bins of three-

digits ISCO occupations. Occupations are ranked in terms of the routine-manual

index and assigned to 20 percentiles on the basis of occupational weights. The bins

are such that they do not overlap among clusters, so 11 percentiles are devoted to

the cluster “Labourers & operators”, 5 to the cluster “Clerks” and 4 to the cluster

“Professionals & manageres”. Vertical dotted lines delimit the clusters and colored

lines are third order polynomial approximations of bins averages. Consistent with

expectations, as we move towards lower percentiles of the routine-manual content

index, the nonroutine-cognitive content increases. Furthermore we can see how the

specificity index is lowest for occupations in the cluster “Clerks”, while it is higher for

those in the other two clusters.
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Figure 1.7: Vocational courses
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The two pictures suggest that the number of individuals taking up vocational courses,

as well as their share on total training, is relatively stable over the sample period

and they do not show any particular trend. This should reassure on the fact that the

evidence is not driven by dramatic changes in the supply of courses over the sample

period.
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Figure 1.8: Event Study Robustness
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The two graphs report robustness checks for the specification in equation (1.4). The top

panel of the figure reports the coefficients and 95% robust confidence intervals from a sim-

ilar model to (1.4), where I explicitly estimate dynamic coefficients also for never treated

individuals (a fictitious treatment period is randomly assigned over workers’ biographies

and for estimation the additional period τ=−4 is fixed to zero to avoid underidentifica-

tion). As expected, the pattern of training take up for non exposed individuals depicted

in red in the left panel does not show any dynamics with respect to the time to event,

while the pattern for exposed individuals in blue remains practically the same as in figure

(1.2). The bottom panel of the figure reports coefficients from the same specification

as in equation (1.4) estimated on the sample of only treated individuals (the additional

period τ = −4 is fixed to zero to avoid underidentification). Although the magnitute of

the effects after the event is somehow larger than those when the full sample is used, the

same pre-post dynamics emerges. The robustness of the dynamic path across different

samples and specifications provides support for the difference-in-difference model in

equation (1.4) with respect to its objective of comparing workers exposed to offshoring to

otherwise similar and non exposed individuals.
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Figure 1.9: Parallel trends before offshoring
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Following Borusyak et al. (2021b), to test the hypothesis of parallel trends, I focus on

periods before the event and restrict the sample to nontreated individuals only. The

first panel uses observations for which τ is in the interval
[−5,−1

]
and sets to zero

the coefficient for τ=−5. Estimation is based on both never treated individuals and

those not-yet-treated, and the same fixed effects and controls as in equation (1.4) are

included. The figure shows that in the five periods before the offshoring event the

probability of training take up for workers that will be treated is not statistically differ-

ent from the take up probability of non exposed individuals. In the other two panels

a similar test is performed where the estimation sample is restricted to never treated

and not-yet-treated individuals respectively (i.e. treated in τ= 0). The hypothesis of

parallel trends again is not rejected.
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Figure 1.10: Distribution of distances for switchers
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Random mobility is computed by assuming that each switcher can move to any other

occupation in the task space with a probability determined by the relative size of the

arriving occupation. Distance is the angular distance between the 13-dimensions

task content vectors for each three digit occupation, rescaled on a
[
0,1

]
domain. The

graphs shows that observed mobility is more concentrated over shorter transitions in

the task space compared to random mobility.
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Figure 1.11: Distribution of distances for switchers by group
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The three graphs report cumulative distributions of distances for observed switchers

divided by group. The first panel shows that younger individuals move to more distant

occupations compared to older ones. The second panel shows longer distance of

transitions as the education level increases up to undergraduate level. Individuals

holding a postgraduate degree move to closer occupations than those holding a

secondary school degree or a bachelor. The third panel compares movers with and

without labour market training, showing that the former move to closer occupations

than the latter. For all panels the two-sided Kolmogorov–Smirnov test rejects the null

of equality of distributions at more than 1% significance level (two by two for the

second panel). Distance is the angular distance between 13-dimensions task content

vectors for each three digit occupation, rescaled on a
[
0,1

]
domain.
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Table 1.6: Cluster 1 - Professionals & managers

ISCO Occupation Title Sample Specificity Nonroutine Routine Nonroutine Routine Offshorab. Offshorab.
code weights (pct) cognitive cognitive manual manual Blinder 2009 AD13
311 Physical and engineering science technicians 4.62 0.764 0.615 0.709 0.257 0.609 0.638 0.666
214 Architects, engineeres and related professionals 4.01 0.562 0.905 0.885 0.191 0.348 0.609 0.665
123 Other specialist managers 1.45 0.403 0.782 0.726 0.169 0.395 0.565 0.620
213 Computing professionals 1.17 0.510 0.851 0.978 0.211 0.503 0.934 0.652
241 Business professionals 1.05 0.456 0.773 0.824 0.096 0.227 0.553 0.677
312 Computer associate professionals 0.98 0.537 0.687 0.707 0.242 0.701 0.829 0.616
131 Managers of small enterpreses 0.71 0.290 0.715 0.612 0.239 0.405 0.572 0.564
122 Production and operations managers 0.69 0.335 0.699 0.604 0.289 0.406 0.581 0.566
222 Health professionals (except nursing) 0.67 0.440 0.703 0.711 0.316 0.962 0.000 0.590
315 Safety and quality inspectors 0.50 0.503 0.454 0.763 0.445 0.784 0.632 0.562
211 Physicists, chemists and related professionals 0.33 0.639 0.815 0.861 0.175 0.403 0.682 0.648
233 Primary and pre-primary education teaching professionals 0.32 0.229 0.755 0.750 0.312 0.320 0.000 0.554
121 Directors and chief executives 0.27 0.369 1.000 0.891 0.123 0.249 0.000 0.697
221 Life science professionals 0.22 0.547 0.789 0.833 0.315 0.413 0.806 0.602
516 Protective services workers 0.20 0.288 0.462 0.612 0.850 0.622 0.000 0.498
323 Nursing and midwifery associate professionals 0.15 0.262 0.706 0.840 0.455 0.776 0.000 0.430
313 Optical and electronic equipment operators 0.09 0.490 0.547 0.485 0.437 0.733 0.501 0.591
314 Ship and aircraft controllers and technicians 0.08 0.547 0.548 0.552 0.768 0.510 0.542 0.565
212 Mathematicians, statisticians and related professionals 0.04 0.694 0.973 1.000 0.096 0.297 0.941 0.825
223 Nursing and midwifery professionals 0.01 0.230 0.675 0.851 0.505 0.845 0.000 0.455
112 Senior government officials 0.00 0.369 1.000 0.891 0.123 0.249 0.000 0.697
113 Senior government officials 0.00 0.369 1.000 0.891 0.123 0.249 0.000 0.697
345 Police inspectors and detectives 0.00 0.290 0.589 0.777 0.887 0.685 0.000 0.422

Notes: The cluster include 23 out of 110 three digits ISCO occupations. In the table

they are ordered by their share in the sample used for the main analysis.

Table 1.7: Cluster 2 - Clerks

ISCO Occupation Title Sample Specificity Nonroutine Routine Nonroutine Routine Offshorab. Offshorab.
code weights (pct) cognitive cognitive manual manual Blinder 2009 AD13
341 Finance and sales associate professionals 4.08 0.341 0.643 0.627 0.235 0.334 0.442 0.692
411 Secretaries and keyboard-operating clerks 2.81 0.194 0.444 0.775 0.200 0.582 0.587 0.667
513 Personal care and related workers 2.61 0.205 0.332 0.365 0.352 0.534 0.000 0.601
343 Administrative associate professionals 2.43 0.294 0.541 0.874 0.120 0.561 0.647 0.615
522 Shop, stall and market salespersons and demonstrators 1.93 0.200 0.476 0.401 0.185 0.475 0.000 0.518
419 Other office clerks 1.73 0.296 0.477 0.716 0.025 0.449 0.587 0.568
413 Material-recording and transport clerks 1.44 0.368 0.363 0.627 0.270 0.429 0.481 0.734
412 Numerical clerks 0.57 0.413 0.417 0.717 0.128 0.488 0.802 0.795
245 Writers and creative or performing artists 0.48 0.462 0.538 0.553 0.163 0.364 0.699 0.745
342 Business services agents and trade brokers 0.46 0.441 0.531 0.610 0.224 0.228 0.539 0.709
422 Client information clerks 0.34 0.251 0.303 0.606 0.151 0.412 0.711 0.663
347 Artistic, entertainment and sports associate professionals 0.28 0.423 0.670 0.372 0.241 0.621 0.861 0.679
322 Health associate professionals (except nursing) 0.26 0.311 0.514 0.629 0.175 0.552 0.343 0.529
332 Pre-primary education teaching associate professionals 0.22 0.284 0.484 0.468 0.135 0.185 0.000 0.649
231 College, university and higher education teaching professionals 0.19 0.444 0.666 0.602 0.107 0.224 0.000 0.677
421 Cashiers, tellers and related clerks 0.19 0.198 0.347 0.829 0.253 0.647 0.962 0.643
244 Social science and related professionals 0.17 0.450 0.668 0.684 0.099 0.187 0.952 0.749
232 Secondary education teaching professionals 0.12 0.353 0.696 0.672 0.060 0.201 0.000 0.644
333 Special education teaching associate professionals 0.11 0.290 0.530 0.562 0.124 0.115 0.000 0.650
911 Street vendors and related workers 0.11 0.323 0.419 0.426 0.333 0.128 1.000 0.633
235 Other teaching professionals 0.10 0.353 0.675 0.696 0.212 0.089 0.000 0.563
242 Legal professionals 0.10 0.443 0.655 0.739 0.062 0.114 0.537 0.770
514 Other personal services workers 0.09 0.276 0.617 0.410 0.062 0.900 0.000 0.425
511 Travel attendants and related workers 0.06 0.238 0.259 0.350 0.402 0.361 0.905 0.601
243 Archivists, librarians and related information professionals 0.05 0.149 0.480 0.745 0.330 0.430 0.347 0.571
344 Customs, tax and related government associate professionals 0.04 0.497 0.482 0.674 0.175 0.275 0.758 0.761
114 Senior officials of special-interest organizations 0.01 0.578 0.653 0.706 0.000 0.101 0.516 0.834
234 Special education teaching professionals 0.01 0.364 0.623 0.590 0.030 0.191 0.000 0.634
331 Primary education teaching associate professionals 0.01 0.290 0.530 0.562 0.124 0.115 0.000 0.650
346 Social work associate professionals 0.01 0.402 0.513 0.568 0.191 0.163 0.947 0.666
246 Religious professionals 0.00 0.348 0.458 0.310 0.130 0.122 0.000 0.610
348 Religious associate professionals 0.00 0.355 0.656 0.508 0.058 0.000 0.000 0.631
523 Shop salespersons and demonstrators 0.00 0.323 0.419 0.426 0.333 0.128 0.000 0.633

Notes: The cluster include 33 out of 110 three digits ISCO occupations. In the table

they are ordered by their share in the sample used for the main analysis.
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Table 1.8: Cluster 3 - Labourers & operators

ISCO Occupation Title Sample Specificity Nonroutine Routine Nonroutine Routine Offshorab. Offshorab.
code weights (pct) cognitive cognitive manual manual Blinder 2009 AD13
828 Assemblers 5.57 0.699 0.329 0.379 0.285 0.802 0.697 0.649
722 Blacksmiths, hammer-smiths and forging-press workers 3.92 0.713 0.325 0.276 0.279 0.788 0.735 0.682
827 Food and related products machine operators 3.76 0.515 0.132 0.361 0.446 0.830 0.375 0.736
932 Manufacturing labourers 3.46 0.538 0.126 0.290 0.325 0.821 0.705 0.781
723 Machinery mechanics and fitters 2.99 0.520 0.340 0.421 0.553 0.910 0.000 0.500
721 Metal moulders, welders, sheet-metal workers, structural-metal preparers 2.38 0.602 0.225 0.192 0.406 0.833 0.734 0.693
821 Machine operators and assemblers 2.22 0.629 0.229 0.320 0.409 0.806 0.716 0.690
913 Domestic and related helpers, cleaners and launderers 2.12 0.454 0.151 0.152 0.587 0.790 0.000 0.634
829 Other machine operators not elsewhere classified 2.11 0.506 0.136 0.417 0.542 0.878 0.708 0.667
933 Transport labourers and freight handlers 1.93 0.511 0.227 0.299 0.413 0.605 0.305 0.744
724 Electrical and electronic equipment mechanics and fitters 1.80 0.618 0.418 0.427 0.428 0.827 0.684 0.559
823 Rubber- and plastic-products machine operators 1.30 0.629 0.327 0.401 0.415 0.828 0.733 0.654
832 Motor vehicle drivers 1.28 0.399 0.166 0.415 1.000 0.686 0.000 0.565
712 Building frame and related trades workers 1.20 0.601 0.354 0.228 0.378 0.868 0.000 0.703
815 Chemical-processing-plant operators 1.13 0.805 0.374 0.467 0.251 0.479 0.686 0.699
713 Building finishers and related trades workers 1.11 0.585 0.347 0.202 0.466 0.948 0.000 0.667
321 Life science technicians and related associate professionals 1.08 0.681 0.413 0.613 0.314 0.590 0.499 0.683
824 Wood-products machine operators 1.03 0.578 0.179 0.316 0.427 0.831 0.639 0.704
826 Textile-, fur- and leather-products machine operators 0.95 0.580 0.164 0.302 0.376 0.852 0.787 0.722
931 Mining and costruction labourers 0.95 0.527 0.078 0.143 0.508 0.641 0.000 0.613
512 Housekeeping and restaurant services workers 0.87 0.248 0.200 0.398 0.328 0.790 0.000 0.643
833 Agricultural and other mobile plant operators 0.77 0.595 0.189 0.170 0.669 0.805 0.000 0.672
825 Printing-, binding- and paper-products machine operators 0.71 0.593 0.161 0.339 0.379 0.776 0.655 0.716
741 Food processing and related trades workers 0.70 0.564 0.156 0.238 0.201 0.678 0.607 0.761
742 Wood treaters, cabinet-makers and related trades workers 0.63 0.658 0.229 0.248 0.242 0.808 0.619 0.706
414 Library, mail and related clerks 0.54 0.456 0.208 0.415 0.508 0.467 0.283 0.722
734 Craft printing and related trades workers 0.46 0.718 0.215 0.333 0.158 0.648 0.630 0.735
714 Painters, building structure cleaners and related trades workers 0.44 0.587 0.194 0.138 0.243 0.655 0.716 0.771
822 Chemical-products machine operators 0.38 0.557 0.173 0.387 0.466 0.780 0.575 0.716
613 Crop and animal producers 0.37 0.467 0.319 0.300 0.635 0.835 0.000 0.582
812 Metal-processing plant operators 0.37 0.614 0.178 0.233 0.360 0.688 0.727 0.679
914 Building caretakers, window and related cleaners 0.28 0.435 0.173 0.190 0.728 0.854 0.000 0.584
921 Agricultural, fishery and related labourers 0.23 0.480 0.254 0.253 0.661 0.874 0.000 0.611
731 Precision workers in metal and related materials 0.21 0.707 0.401 0.385 0.186 0.854 0.398 0.582
743 Textile, garment and related trades workers 0.18 0.635 0.310 0.250 0.148 0.900 0.726 0.770
814 Wood-processing and papermaking-plant operators 0.16 0.712 0.189 0.248 0.175 0.667 0.682 0.698
915 Messengers, porters, doorkeepers and related workers 0.15 0.305 0.315 0.448 0.852 0.528 0.000 0.674
611 Market gardeners and crop growers 0.11 0.456 0.336 0.290 0.643 0.843 0.000 0.569
813 Glass, ceramics and related plant operators 0.11 0.639 0.136 0.375 0.320 0.635 0.717 0.677
612 Animal producers and related workers 0.10 0.442 0.325 0.442 0.437 0.524 0.000 0.606
811 Stationary plant and related operators 0.09 0.626 0.150 0.288 0.413 0.669 0.419 0.651
732 Potters, glass-makers and related trades workers 0.08 0.636 0.174 0.216 0.184 0.827 0.723 0.765
615 Fishery workers, hunters and trappers 0.06 0.450 0.275 0.486 0.670 0.844 0.000 0.562
733 Handicraft workers in wood, textile leather and related materials 0.06 0.640 0.244 0.212 0.128 0.818 0.692 0.754
816 Power-production and related plant operators 0.04 0.674 0.296 0.491 0.364 0.703 0.479 0.597
916 Garbage collectors and related labourers 0.04 0.572 0.000 0.123 0.499 0.290 0.000 0.718
817 Industrial robot operators 0.03 0.656 0.303 0.515 0.319 0.728 0.695 0.604
831 Locomotive engine drivers and related workers 0.03 0.535 0.270 0.411 0.662 0.469 0.000 0.580
834 Ships’ deck crews and related workers 0.03 0.504 0.216 0.322 0.794 0.707 0.358 0.593
711 Miners, shortfirers, stone cutters and carvers 0.02 0.593 0.223 0.072 0.540 0.636 0.378 0.642
744 Pelt, leather and shoemaking trades workers 0.02 0.666 0.351 0.305 0.191 1.000 0.789 0.706
614 Forestry and related workers 0.01 0.564 0.149 0.114 0.613 0.648 0.621 0.687
515 Entertainers and amusement 0.00 0.214 0.274 0.574 0.714 0.671 0.000 0.393
521 Fashion and other models 0.00 0.409 0.204 0.000 0.295 0.407 0.000 0.794

Notes: The cluster include 54 out of 110 three digits ISCO occupations. In the table

they are ordered by their share in the sample used for the main analysis.
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Table 1.9: Weighted Specificity

Specificity Weighted
Specificity

(1) Managers & professionals 0.525 0.396
(2) Clerks 0.281 0.269
(3) Labourers & operators 0.570 0.736

Notes: Specificity in the first column is the main version used in the analysis, as

reported in equation (1.1) . Weighted specificity is the following: Specificityo = 1−∑n
i=1 wi (qoi×ql i )[∑n

i=1 wi q2
oi×

∑n
i=1 wi q2

l i

]1/2 . Both versions shows as less specific occupations are those

featuring mostly clerical tasks, while the most specific ones are those in the "labourers

& operators" cluster. Occupations in the cluster "professionals & managers" are on

average more specific than those in cluster 2, but less than those in cluster 3.

Table 1.10: Descriptive statistics: firms

Full Sample Non-offshoring Offshoring

firm-year obs. 23,315 16,141 7,174
firms 2,234 1,561 673

Mean SD Mean SD Mean SD

Narrow Off. (100k kr) 5.9 61.3 0.2 2.7 18.7 109.3
Employees 128.8 398.8 104.3 307.1 184.3 548.6
Revenues (100k kr) 1,995.1 8,955.9 1,702.8 8,163.1 2,656.0 10,501.1
Exports (100k kr) 833.8 4,974.7 559.3 2,672.6 1,451.5 7,988.4
Imports (100k kr) 428.4 1,517.0 334.0 1,203.9 640.7 2,037.8

Notes: All firms included in the sample import from China for at least one year

over the period 1995-2007. A threshold of total imports above 600,000 kr is im-

posed to exclude too small importers. Using the definition of narrow offshoring,

an offshoring event is defined as in equation (1.3). Non-offshoring firms are

those without any offshoring event over the sample period, while those present-

ing at least one event are considered as offshoring firms. Offshoring firms tend

to be larger than non-offshoring ones, so in all regressions I control for number

of employees, revenues and exports. All variables measured in Danish kronas

have been deflated at 1999 price level.
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Table 1.11: Descriptive statistics: individuals

Observations Mean SD
Individ.-year
Vocational Training 2,205,383 0.19
Age 2,205,383 35.3 7.4
Male 2,205,383 0.64
labour Mkt Experience 2,205,383 12.4 6.3
Tenure 2,205,383 3.9 4.8
Union 2,205,383 0.8
Hourly wage (kr) 2,205,383 193.8 100.8
Yearly income (kr) 2,205,383 274,748 164,353
Lower Secondary Educ. 2,205,383 0.26
Upper Secondary Educ. 2,205,383 0.49
Undergraduate Educ. 2,205,383 0.19
Postgraduate Educ. 2,205,383 0.07

Notes: The table reports descriptive statistics for the main variables at individual level

that have been used in the analysis. The sample period is 1995-2007. All variables

measured in Danish kronas have been deflated at 1999 price level.

Table 1.12: Types of vocational courses

Educational group of courses Perc. in the sample
Blacksmith 28.0
Transport and logistics 8.8
Office Education 7.1
Social science, Economics-Mercantile 6.8
Mechanical engineering and production 4.5
Industrial operator 3.8
Other vocational training courses 3.0
Ports and terminal education 2.9
Competence clarification 2.9
Construction not specified 2.2
Plastic Maker 2.0
[. . .]

Notes: The table reports the shares of course types over 580,962 individual-year

observations of vocational training over the period 1995-2007. The types are listed

by decreasing share and those reported in the table account together for 72% of all

vocational training observations in the sample.
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Table 1.13: Offshoring and vocational training - High vs Low skilled

Training take-up All Low skilled High skilled

Panel A: OLS
Offshoring 0.0173 *** 0.0214 *** 0.0137 **

(0.0055) (0.0069) (0.0066)
Observations 2,205,380 1,644,491 551,677
Within R-sq 0.008 0.009 0.002
Panel B: 2SLS
Offshoring 0.0402 *** 0.0378 *** 0.0113

(0.0141) (0.0116) (0.0105)
Observations 2,205,380 1,644,491 551,677
First stage F-stat Off 199.76 430.03 353.5

Notes: Low skilled individuals are those with a secondary school degree or less, while

high skilled hold at least an undergraduate degree. The dependent variable is an

indicator for vocational training take up between t and t+2. Offshoring variable is the

indicator for a yearly increase in narrow offshoring by more than 10% in equation (1.3).

The instrument in 2SLS regressions is the indicator in equation (1.7). All specifications

include individual controls and firm controls, individual fixed effects, three digits

ISCO occupation, regional dummies and industry-year fixed effect (two digits NACE

level). In all specifications standard errors are robust to possible clusters of correlation

at firm-year level. Significance levels: *** 1%; ** 5%; * 10%.
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Table 1.14: Task content specifications robustness: exclude cluster 1 "Professionals &
managers"

Training take-up (1) (2) (3) (4) (5) (6) (7)

Off 0.0236 ** 0.0155 0.0187 * 0.0388 *** 0.0245 ** 0.0384 *** 0.0368 ***
(0.0110) (0.0119) (0.0112) (0.0111) (0.0109) (0.0113) (0.0110)

Off x Specificity 0.0363 ***
(0.0087)

Off x Rout. Manual 0.0551 ***
(0.0114)

Off x Nonrout. Cognitive -0.0598 ***
(0.0122)

Off x Nonrout. Manual 0.0440 ***
(0.0100)

Off x Rout. Cognitive -0.0619 ***
(0.0109)

Off x Offshorab. Blinder 0.0003
(0.0077)

Off x Offshorab. AD13 0.0060
(0.0079)

Observations 1,740,141 1,740,141 1,740,141 1,740,141 1,740,141 1,740,141 1,740,141
First stage F-stat Off 244.45 265.06 238.62 244.77 241.29 230.12 232.73
First stage F-stat Interaction 112.98 167.01 140.25 148.43 154.61 218.11 200.36
Kleibergen-Paap Wald rk F 110.93 136.67 126.21 124.94 153.03 229.55 226.04

Notes: The table reports the same regressions as in table (1.2), but excluding individuals

employed in occupations in the cluster "Professionals & managers" at the moment of the

shock. All regressions are second stages from 2SLS estimation. The dependent variable is

an indicator for vocational training take up between t and t+2. The Offshoring variable is

the indicator for a yearly increase in narrow offshoring by more than 10% in equation (1.3).

Similarly the instrument is the indicator in equation (1.7). All task indexes are standardized

to have mean zero and standard deviation one. All specifications include individual controls

and firm controls, individual fixed effects, three digits ISCO occupation, regional dummies

and industry-year fixed effect (two digits NACE level). In all specifications standard errors are

robust to possible clusters of correlation at firm-year level. Significance levels: *** 1%; ** 5%; *

10%.

Table 1.15: Most common occupational switches

Occupation at t (cluster) Occupation at t +2 (cluster)
1 411 Secretaries and keyboard-operating clerks (2) 343 Administrative associate professionals (2)
2 311 Physical and engineering science technicians (1) 214 Architects, engineeres and related (1)
3 411 Secretaries and keyboard-operating clerks (2) 341 Finance and sales associate professionals (2)
4 522 Shop, stall and market salespersons and demonstrators (2) 341 Finance and sales associate professionals (2)
5 343 Administrative associate professionals (2) 411 Secretaries and keyboard-operating clerks (2)
6 312 Computer associate professionals (1) 213 Computing professionals (1)
7 513 Personal care and related workers (2) 828 Assemblers (3)
8 341 Finance and sales associate professionals (2) 123 Other specialist managers (1)
9 828 Assemblers (3) 513 Personal care and related workers (2)

10 214 Architects, engineeres and related (1) 311 Physical and engineering science technicians (1)

Notes: The table reports the 10 most common observed occupational switches in the

sample period 1995-2007. The cluster of each occupation is reported in brackets.
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Table 1.16: Offshoring, retraining and transitions - cluster 3 "Labourers & operators"

Switching dimension Occupation Occup.-firm-sector Occ. within firm

Offshoring 0.0159 -0.0164 ** 0.0383 ***
(0.0162) (0.0082) (0.0143)

Training -0.0052 ** -0.0021 -0.0050 **
(0.0025) (0.0014) (0.0021)

Off. x Training 0.0111 -0.0114 * 0.0272 **
(0.0131) (0.0062) (0.0121)

First stage F-stat Off 89.1 89.1 89.1
First stage F-stat Inter 94.0 94.0 94.0
Observations 653,169 653,169 653,169

Notes: Columns in the table report results from second stages regressions with dif-

ferent dependent variables. The latter are indicators for switching the column label

dimesion in t +1 or t +2. The sample consists of individuals starting in the cluster

"Labourers & operators", for whom retraining has been shown to be relevant. The

offshoring variable is the indicator for a yearly increase in narrow offshoring by more

than 10% in equation (1.3). Similarly the instrument is the indicator in equation (1.7).

All specifications include individual controls and firm controls for the period before

the possible switch, individual fixed effects, three digits ISCO occupation, sector-year

fixed effects, regional dummies and indicators for a spell of unemployment or missing

occupational information over the switching period. In all specifications standard

errors are robust to possible clusters of correlation at firm-year level. Significance

levels: *** 1%; ** 5%; * 10%.
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Table 1.17: Offshoring, retraining, direction of transitions - cluster 3 "Labourers &
operators"

∆ Specificity ∆ Rout-manual

Offshoring -0.0864 ** -0.0445 **
(0.0360) (0.0192)

Training 0.0147 * 0.0065
(0.0079) (0.0054)

Off. x Training -0.0336 -0.0044
(0.0336) (0.0215)

First stage F-stat Off 171.9 171.9
First stage F-stat Inter 158.0 158.0
Observations 154,238 154,238

Notes: The estimation sample includes all occurrences of occupational transitions

for individuals starting in the cluster "Labourers & operators", for whom retraining

has been shown to be relevant. Columns in the table report results from second

stages regressions with different dependent variables. The latter are the difference

in the standardized measures of specificity and routine-manual content between

occupation in t +2 and t . Offshoring variable is the indicator for a yearly increase in

narrow offshoring by more than 10% in equation (1.3). Similarly the instrument is

the indicator in equation (1.7). All specifications include individual controls and firm

controls for the period before the switch, individual fixed effects, three digits ISCO

occupation, sector-year fixed effects, regional dummies and indicators for a spell

of unemployment or missing occupational information over the switching period.

In all specifications standard errors are robust to possible clusters of correlation at

firm-year level. Significance levels: *** 1%; ** 5%; * 10%.



56

CHAPTER 1. OFFSHORING, RESKILLING AND THE ROLE OF

OCCUPATIONAL TASK CONTENT

1.7.2 Data description

Danish administrative registers are the main source of information employed

in this study. Information on firms is recovered from FIRM register, where

private sector companies are identified with a unique code that enables to

follow them over time. The register contains information on firm’s economic

activity including, among other variables, the number of employees at the end

of November, revenues and values of export. Industry affiliation is recovered

from IDAS, the workplace register where NACE six-digit code is reported for

each plant. For multiplant firms the industry classification of the largest plant

in terms of employees is considered. The Integrated Database for Labour

Market Research (IDA), organized in different data sets, is the main source

of individual-level information and it contains annual data on Danish pop-

ulation. It allows to recover information about primary and secondary jobs

for all individuals aged between 15 and 74, as well as demographic data like

age and gender. For the analysis in this paper I consider the primary job and

the labour market status as recorded in week 48 each year, so that I can follow

individuals over time whether they are in employment or non-employment.

Other variables from IDA used in the paper are annual income, hourly wage,

labour market experience, tenure in current employer, a dummy for union

membership. Worker and firm identifiers are unchanged over time and al-

low to build a dataset where employed individuals can be matched to their

employer.

Information about formal education is obtained from UDDA register.

In the analysis I consider the individual’s highest achieved education and I

express the level with four dummies: primary and lower secondary school

(ISCED level 1 and 2), upper secondary school (ISCED level 3), undergraduate

(ISCED level 5 and 6), postgraduate (ISCED level 7 and 8). Finally and impor-

tantly IDA contains information about worker’s occupation according to the

Danish version of international ISCO classification. For the sample period in

the analysis the ISCO-88 version is used and it is possible to employ a quality

flag to identify the source of information for the occupational code.

Information on adult continuing education is recovered from VEUV regis-

ter. It contains all occurrences of publicly subsidized training for all individuals



1.7. APPENDIX 57

since 1980, reporting starting and ending date and course type. Individuals

can be enrolled in more than one course in a given year, so the main variable

used in the paper is an indicator for the individual being enrolled in at least

one course in that year. To identify the course type, I use information in the

register to establish a ranking of courses when more than one is taken in a

given year. I give priority to longer courses and those successfully completed.

Information about firm-level imports come from UHDI register, a dataset

on custom transactions of firms at detailed CN product level, including in-

formation on source/destination country50. In addition to O*NET dataset,

which is described in appendix (1.7.3), the other external data source is the

COMTRADE database as cleaned by CEPII (BACI). The latter contains annual

trade flows between countries at 6-digits HS level, which correspond to the

first six digits in CN classification in UHDI register. Import flows from China to

other high-income countries are used to build the instrument for offshoring

as explained in section (1.4.3). All monetary variables are deflated at 1999

price level.

1.7.3 Classification of Occupations

O*NET database has been extensively used in economic literature to recover

information about characteristics of occupations51. In addition to a textual

description of each detailed occupation, it collects answers to a rich set of

questions from different sources: workers, occupational analysts and occu-

pational experts. For each question it is reported an importance score (1-5)

and a level score (1-7) and items are grouped in sections, e.g. Abilities, Skills,

Work Activities, Knowledge etc. In this study I assume that characteristics of

occupations remain relatively stable over the sample period spanning 13 years

and I examine the readjustment process in the medium term by focusing on

50There is a difference in reporting thresholds for trade flows within European Union
and outside it. Extrastat register follows stricter reporting custom rules and covers all firms
exporting outside EU, while Intrastat register collects self-reported information for intra EU
trade. Only firms above a certain threshold are obliged to report within-EU trade flows. The
reporting threshold is such that reported exports account for an estimated 97% of total within-
EU exports. According to Statistics Denmark 40-50,000 firms are below the threshold each year,
while additional 12,000 firms are above such threshold.

51For data source see http://online.onetcenter.org.
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workers’ transitions between occupations52. Therefore I use O*NET version

v5.1 (November 2003) since it is the closest to the middle year in my sample.

It classifies occupations through SOC2000 classification and I use crosswalks

provided by the National Crosswalk Service Center to convert them to ISCO88

classification53.

Task content of occupations. To obtain a vector for each occupation repre-

senting its task content, I use the 128 questions in the sections Work Activity,

Abilities and Skills54 and I report the importance and the level indexes on

the same scale, then I build a weighted index for each question, giving a

weight of 2/3 to importance index and 1/3 to level index55. Original scores

at 8 digits SOC classification are averaged at the 6 digits level and principal

component analysis (PCA) is conducted over the resulting 679 occupations.

PCA recovers linear combinations of O*NET survey responses through the

spectral decomposition of their correlation matrix. The resulting components

have the properties of being orthogonal to each other and they can be ranked

by the fraction of variance explained among the original variables.

I use crosswalks SOC00 (6 digits) to ISCO-88 (4 digits) and use US em-

ployment weights for years 1999-2001 to compute averages when different

SOC codes correspond to the same ISCO code. Finally the scores for the 359

occupations at ISCO four digits level are aggregated at three digits level using

weights for the Danish labour market56. I use the usual rule of thumb of taking

52On the other hand Spitz-Oener (2006) examines the evolution over time of occupational
task content and shows that occupations became more complex over the period spanning
from the 1970s to 1990s.

53Since O*NET is a survey conducted in US, the other common assumption in the literature,
which I also use here, is that occupations in Europe have comparable characteristics to the
corresponding occupations in US.

54One may argue that skills and abilities are characteristics of the employees performing
the job rather than of the task itself (the distinction is stressed by the tasks approach in
Acemoglu and Autor (2011)). However the O*NET questions are not designed by having in
mind any specific conceptual framework, so the sections about Skills and Abilities needed
to appropriately perform the task contain important information to describe the task itself.
Since for the purpose of determining the distance between occupations we need to refer to the
overall characterization of occupations rather than to a specific aspect, such as routinization
or offshorability, I use as much relevant information as possible.

55A similar approach is followed in Firpo et al. (2011) and Blinder (2007).
56Weights are computed on the population between 20 and 55 years old in the years 1999-

2001, which are those in the middle of our sample.
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the first orthogonal components from the PCA which have an eigenvalue

larger than one, i.e. those contributing more than one original variable to

explain the total variance. Therefore I end up with 13 factors jointly explaining

82% of the total variance in the original 128 questions from ONET. The final

110 three digits ISCO occupations can be classified on the basis of such 13

dimensions, each one ideally capturing some specific feature of their task

content. By looking at correlations of the 13 components with the original

O*NET questions, we can get some hints on which task dimension is cap-

tured by each component: the first component correlates more with cognitive

and interpersonal tasks, the second one expresses tasks like inspection and

troubleshooting, the third one seems to captures manual tasks in services

that require vision, the fourth expresses management and guiding task con-

tent. Table (1.18) reports the top and bottom 5 survey questions in terms of

correlation with all the 13 components.

Routine/nonroutine, cognitive/manual and offshorability indexes. In or-

der to build the indexes of routine/nonroutine and cognitive/manual task

content I follow Autor et al. (2003) and Acemoglu and Autor (2011) to broadly

identify the characteristics that should define them and then pick specific

questions from the O*NET database which are arguably more able to cap-

ture such characteristics. I weight importance and level scores, I perform

PCA on the selected questions and take the first orthogonal component to

obtain the corresponding index57. Non-routine cognitive tasks should be in-

teractive, involve communication activities and require analytic reasoning

and managerial skills. Therefore I use questions about thinking creatively

(4.A.2.b.2), organizing, planning and prioritizing work (4.A.2.b.6), originality

(1.A.1.b.2), critical thinking (2.A.2.a), judgment and decision making (2.B.4.e),

mathematical reasoning (1.A.1.c.1), mathematics (2.A.1.e).

To capture characteristics of routine cognitive tasks I look for questions

that should indicate abilities to set limits, tolerances, standards; adaptability

to work, ability to keeping records and calculations. Therefore I use O*NET

questions about processing information (4.A.2.a.2), evaluating information to

57Finally indexes are normalized to have domain
[
0,1

]
. In regression analysis they are

standardized to have mean zero and standard deviation one.
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Table 1.18: Description of Task Dimensions

Component % Var. Top 5 ONET questions Corr. Bottom 5 ONET questions Corr.
Comp. 1 39.28 Provide Consultation and Advice 0.127 Handling and Moving Objects -0.108

Interpreting the Meaning of 0.126 Static Strength -0.094
Speaking 0.126 Dynamic Flexibility -0.094
Writing 0.125 Dynamic Strength -0.091
Developing Objectives and Strategies 0.125 Extent Flexibility -0.091

Comp. 2 14.68 Inspecting Equipment or Structures 0.156 Performing for or Working with the public -0.040
Troubleshooting 0.155 Communicating with Persons Outside -0.036
Depth Perception 0.154 Service Orientation -0.022
Flexibility of Closure 0.152 Selling or Influencing Others -0.021
Reaction Time 0.150 Social Perceptiveness -0.021

Comp. 3 7.73 Peripheral Vision 0.186 Quality Control Analysis -0.192
Performing for or Working 0.168 Equipment Selection -0.151
Far Vision 0.164 Mathematics -0.148
Night Vision 0.154 Technology Design -0.145
Time Sharing 0.152 Drafting, Laying Out -0.145

Comp. 4 3.82 Management of Material Resources 0.184 Perceptual Speed -0.181
Management of Personnel Resources 0.169 Near Vision -0.171
Equipment Selection 0.160 Documenting/Recording Information -0.162
Guiding, Directing, and Motivating 0.156 Processing Information -0.151
Time Management 0.152 Selective Attention -0.149

Comp. 5 2.95 Equipment Maintenance 0.243 Spatial Orientation -0.160
Troubleshooting 0.212 Gross Body Equilibrium -0.136
Repairing and Maintaining Mechanical 0.206 Mathematical Reasoning -0.132
Operation Monitoring 0.194 Dynamic Flexibility -0.131
Repairing 0.194 Speed of Limb Movement -0.130

Comp. 6 2.82 Category Flexibility 0.214 Operating Vehicles, Mechanized Devices -0.189
Information Ordering 0.206 Glare Sensitivity -0.183
Monitoring and Controlling Resources 0.177 Night Vision -0.165
Perceptual Speed 0.170 Systems Analysis -0.162
Finger Dexterity 0.163 Operation Monitoring -0.158

Comp. 7 2.55 Finger Dexterity 0.220 Monitoring and Controlling Resources -0.234
Assisting and Caring for 0.212 Staffing Organizational Units -0.223
Service Orientation 0.205 Estimating the Quantifiable Characteristics -0.184
Arm-Hand Steadiness 0.177 Coordinating the Work -0.177
Performing for or Working 0.165 Guiding, Directing, and Motivating -0.165

Comp. 8 1.77 Monitor Processes or Materials 0.181 Drafting and Laying Out -0.261
Evaluating Information to Determine 0.162 Visualization -0.219
Problem Sensitivity 0.155 Technology Design -0.201
Assisting and Caring for 0.151 Originality -0.173
Identifying Objects and Actions 0.151 Operations Analysis -0.164

Comp. 9 1.73 Installation 0.215 Visual Color Discrimination -0.193
Repairing and Maintaining Electronic 0.203 Finger Dexterity -0.177
Repairing 0.175 Arm-Hand Steadiness -0.176
Stamina 0.168 Near Vision -0.169
Gross Body Equilibrium 0.165 Monitoring -0.149

Comp. 10 1.41 Negotiation 0.264 Training and Teaching Others -0.258
Management of Financial Resources 0.256 Thinking Creatively -0.254
Persuasion 0.177 Coaching and Developing Others -0.226
Judgment and Decision Making 0.174 Monitor Processes or Materials -0.158
Systems Evaluation 0.159 Drafting and Laying Out -0.155

Comp. 11 1.33 Wrist-Finger Speed 0.261 Flexibility of Closure -0.212
Number Facility 0.221 Operating Vehicles, Mechanized Devices -0.185
Sound Localization 0.186 Depth Perception -0.172
Mathematical Reasoning 0.175 Inductive Reasoning -0.156
Management of Material Resources 0.164 Making Decisions and Solving -0.155

Comp. 12 1.24 Interacting With Computers 0.247 Sound Localization -0.288
Programming 0.220 Judging the Qualities -0.223
Operating Vehicles, Mechanized Devices 0.199 Hearing Sensitivity -0.208
Category Flexibility 0.192 Identifying Objects and Actions -0.169
Far Vision 0.177 Wrist-Finger Speed -0.167

Comp. 13 1.15 Assisting and Caring for 0.269 Hearing Sensitivity -0.190
Service Orientation 0.233 Auditory Attention -0.164
Mathematics 0.226 Originality -0.150
Estimating the Quantifiable Characteristics 0.198 Near Vision -0.129
Number Facility 0.192 Flexibility of Closure -0.126

Notes: The table reports the top and bottom 5 O*NET survey questions according to

the correlation with the 13 components obtained from PCA, so that they can give an

idea of which task dimension is captured by each component. The second column

reports the share of total variance in the 128 survey questions explained by each

component.
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determine compliance with standards (4.A.2.a.3), interacting with computers

(4.A.3.b.1) and documenting, recording information (4.A.3.b.6).

Nonroutine manual tasks should mainly refer to manual occupations in

services, like drivers (Autor et al. (2003)), so they should be captured by ques-

tions about eye, hand, foot coordination: I use O*NET scores about spatial

orientation (1.A.1.f.1), response orientation (1.A.2.b.3), gross-body coordina-

tion (1.A.3.c.3) and operating vehicles, mechanized devices or equipment

(4.A.3.a.4). Finally routine manual tasks should be referred to activities like

picking or sorting, repetitive assembly and abilities like finger dexterity. I use

therefore questions about arm-hand steadiness (1.A.2.a.1), multilimb coor-

dination (1.A.2.b.2), manual dexterity (1.A.2.a.2), finger dexterity (1.A.2.a.3),

wrist-finger speed (1.A.2.c.2). Figure (1.3) shows the average take-up rates of

training for each occupations in relation to their level of the four task indexes.

To measure offshorability I use the index developed by Blinder (2009) who

assigns a score between 25 and 100 to 291 6-digits SOC occupations deemed

to be offshorable to some extent, and 0 to all non-offshorable occupations.

He uses the sections “Work Activity” and “Tasks” in O*NET survey as a source

of information and then he validates the classification with human resource

professionals. The score is meant to capture the degree of interpersonal in-

teraction required to perform occupational tasks, or in other terms if the

service is personally or impersonally delivered. The index is converted from

SOC to ISCO88 4-digits occupational classification and averaged at 3-digits

level, then normalized on the [0,1] domain. As a second measure of offshora-

bility I use the index adopted in Autor and Dorn (2013), who in turn build

on two measures developed in Firpo et al. (2011): an index of Face-to-face

Contact and one of On-Site Job. The offshorability measure is the following:

Offsh_AD13 = 1− ( f aceto f ace+onsi te)/2. The two indexes of Face-to-face Con-

tact and On-Site Job are computed using the importance and level scores

from selected O*NET questions. Following Firpo et al. (2011), for face-to-

face interaction I use the simple average of variables “face-to-face discus-

sions” (4.C.1.a.2.1) “establishing and maintaining interpersonal relationships”

(4.A.4.a.4), “assisting and caring for others” (4.A.4.a.5), “performing for or

working directly with the public” (4.A.4.a.8), and “coaching and developing

others” (4A4b5). Similarly for on-site-job I use the average of the following
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variables: “inspecting equipment, structures, or material” (4.A.1.b.2), “han-

dling and moving objects” (4.A.3.a.2), “controlling Machines and Processes”

(4.A.3.a.3), “operating vehicles, mechanized devices, or equipment” (4.A.3.a.4),

“repairing and maintaining mechanical equipment” (4.A.3.b.4), and “repairing

and maintaining electronic equipment” (4.A.3.b.5).

1.7.4 Offshoring measure

In the literature using the type of offshoring measures as in equation (1.2) the

discussion sometimes has focused on whether imports should be deemed

final or intermediate goods. Early works like Biscourp and Kramarz (2007)

and Mion and Zhu (2013) refer to firm level imports in the same NACE3 sector

of firm’s production as final goods and to all other imports as intermediate

inputs. Biscourp and Kramarz (2007) find that imports in the same sector of

firm’s production are significantly associated with destruction of production

jobs and they are more likely to capture outsourcing. Similarly Mion and

Zhu (2013) build two measures to distinguish explicitly between offshoring

of intermediates and offshoring of final goods. On the other hand Hummels

et al. (2014) define narrow offshoring to be the sum of imports in the same

HS4 category as goods sold by the firm and focus on manufacturing firms to

exclude that such imports may just be re-sold as final goods, as it could be for

retail and service firms. In this view the measure is meant to capture inputs in

the production process rather than final goods.

For the purpose of studying the effects on labour force organization it is

important that the measure excludes imports that cannot be considered to

substitute for firm’s domestic labour, such as raw materials or products in too

distant categories from the ones in which the firm produces. In this respect

table (1.19) provides a test where specifications in table (1.3) are re-estimated

using a placebo measure of offshoring which uses all firm-specific imports in

other NACE4 sectors than the one of firm’s production. Both OLS regressions

and IV specifications, where the instrument is adjusted accordingly to use

firm-specific pre-sample shares of imports not included in the same NACE4

sector of the firm, show that the placebo measure has no significant effect on

the probability of retraining, while the original narrow offshoring measure
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actually showed a significant effect. This suggests that the variability in “nar-

row offshoring” imports is capturing a firm-level reorganization phenomenon

that other imports are not able to gauge.

The supposed mechanism that increasing imports at firm level should

proxy for a reorganization of domestic production implies a further concern.

It may be that firms were already sourcing those products from domestic

suppliers and the increased supply capacity of China would induce a mere

substitution of domestic purchases with imports. Table (1.20) exploits infor-

mation on detailed firm-level inputs purchases available for a subsample

of companies in the main analysis. The evidence excludes that the narrow

offshoring measure is capturing a simple substitution of imports for the same

inputs previously purchased domestically. Furthermore if that were the case

we would expect to see no effect of the narrow offshoring measure on the

reorganizational variables and in particular we would anticipate little change

in the composition of labour force, which is indeed evolving in conjuction

with offshoring as shown in appendix (1.7.6).

1.7.5 Instrumental variable

As stressed by recent contributions, the validity of a shift-share instrument

could be discussed in terms of exogeneity of the shares (Goldsmith-Pinkham

et al. (2020)) or of the shocks (Borusyak et al. (2021a)). The latter seems more

appropriate in the present setting, since the variation in imports from China

by other countries is arguably uncorrelated with unobserved determinants of

Danish firms’ or employees’ decisions about retraining. On the other hand,

the shares representing import composition are a direct choice of firms and

could be related also to their choice of offshoring. Note that under exogeneity

of the shock component, the shares could even be endogenous and the instru-

ment would still be valid. Nevertheless to mitigate their potential exogeneity,

I follow the usual practice of using pre-sample firm-specific shares wk j to

apportionate the shocks to each firm, with
∑

k wk j = 1. The first two columns

in table (1.22) provide evidence that the relevant variation comes indeed from

the shock components, that is from imported products. Following Borusyak

et al. (2021a), I run 2SLS regressions at the level of the shocks, where two out-
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Table 1.19: Placebo Offshoring: non-Nace4 firm-specific imports

Training take-up All (1) Professionals (2) Clerks (3) Labourers
& managers & operators

Panel A: OLS
Placebo Off. 0.0040 -0.0030 -0.0054 0.0080

(0.0044) (0.0053) (0.0056) (0.0056)
Observations 2,205,380 442,796 440,786 1,272,935
R-squared 0.433 0.500 0.487 0.417
Within R-sq 0.008 0.001 0.006 0.010
Panel B: 2SLS
Placebo Off. -0.0107 -0.0331 * -0.0269 0.0001

(0.0156) (0.0188) (0.0201) (0.0208)
Observations 2,205,380 442,796 440,786 1,272,935
Within R-sq 0.008 0.000 0.005 0.010
First stage F-stat 101.48 50.13 92.03 98.62

Notes: The table reports the same regressions as in table (1.3) but using a placebo

measure for offshoring, namely the indicator for a variation larger than 10% of firm-

specific imports of products in others NACE4 sector than the one of firm’s produc-

tion. Note that Cor r (O f f ,Pl aceboO f f ) =−0.25 (log of continuous measure) and

Cor r (O f f ,Pl aceboO f f ) =−0.041 (indicator for growth>10%). Similarly the instru-

ment for the placebo offshoring measure is computed by using firm-specific pre-

sample shares of imports not included in the same NACE4 sector of firm’s production,

while flows from China to other high-income countries are used to purge the placebo

measure from endogenous variation. As shown by the first stage F-statistic, such

instrument is highly relevant, as it was the instrument for the main measure of off-

shoring on the respective narrow offshoring measure. Both OLS estimates in panel A

and 2SLS estimates in panel B show that such placebo measure does not have any

effect on training take up, contrary to the main offshoring measure in table (1.3) that

is supposed to capture an internal reorganization of production. Significance levels:

*** 1%; ** 5%; * 10%.

comes in the main analysis are regressed on the logarithm of the continuous

measure of offshoring, which is instrumented by the logarithm of the measure

in equation (1.6). All variables are first residualized by purging them from the

variation due to firm employment, export, revenues, a set of dummies for

two digits industry and year fixed effects. Offshoring shows the same effect

in terms of sign and significance on firm average training take up and on the

average earnings, as for the specifications at individual level with the shock

apportioned at firm level.

In as similar way, columns 3-5 in table (1.22) provide a falsification test

for the assumption of conditional quasi-random shock assignment. Running



1.7. APPENDIX 65

Table 1.20: Narrow Offshoring measure and domestic inputs purchases

ln(Inputs Nace4) ln(Domestic inputs Nace4)

ln(Narrow Off.) 0.174 *** 0.022 ** 0.158 *** 0.005
(0.018) (0.009) (0.018) (0.009)

Observations 1908 971 1908 971
Firms 719 315 719 315
Adj. R-squared 0.925 0.832 0.923 0.822
Firm f.e. X X X X
Exclude zeros X X

Notes: For a subsample of firms in the period 2000-2007 information on inputs

purchases (domestic + imports) is available by detailed product. The regressor is

l n(N ar r owO f f .) = l n(OF F j t +1), where OF F j t is the continuous measure in equa-

tion (1.2). Similarly the dependent variable in the first two columns is natural log of

the value of inputs (domestic+imports) of the same firm-specific NACE4 goods in-

cluded in the offshoring measure, while in the last two columns it is the natural log of

the value of only domestic inputs. All regressions are weighted by firm employment in

the first year. Columns 1 and 3 show that an increase in narrow offshoring is positively

associated with total inputs purchases in the same NACE4 sector of each firm and

also with domestic purchases of the same products. Columns 2 and 4 use variation

within firm and focus on the intensive margin only, by excluding observations with

zero narrow offshoring or zero value of the dependent variable. In the latter case the

magnitude of the positive association is greatly reduced and significance disappears

for the partial correlation between narrow offshoring and domestic inputs, therefore

excluding a mechanism of substitution of imports for the same inputs previously

purchased domestically. Significance levels: *** 1%; ** 5%; * 10%.

2SLS regressions at the level of the shocks we notice that predetermined

firm covariates, like employment, revenues and export are not affected by

offshoring in period t 58. This would corroborate the assumption of shock

orthogonality to baseline firm characteristics and it would suggest that varia-

tion in trade flows between China and the selected high-income countries is

exogenous with respect to Danish firms.

58Again, as for the first two columns in table (1.22), all variables have been residualized
from variation due to controls and offshoring has been instrumented with the logarithm of the
measure in equation (1.6).
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Table 1.21: Distribution of shocks

No. firms with positive offshoring 1189
No. of firm-year obs. 3874
No. HS6 products 1295
No. HS6 product-year obs. 7119
Distrib. of No. products by firm
Median 2
Mean 2.9
Third quartile 3
Max 33

Notes: For consistency of the shift-share instrument we need the number of shocks

(products) to grow with the number of units to which such shocks are apportionated

(firms). The first panel in the table shows that there is a relative large number of

products compared to the number of firms. Furthermore we need the firm composi-

tion of imports to be concentrated in a small number of products. The second panel

shows that firms’ imports are concentrated in few products, i.e. the shocks are rela-

tively firm-specific, so that we have enough variability in the shift-share instrument

(Borusyak et al. (2021a)).

Table 1.22: Robustness and Falsification test for Offshoring

Robustness Falsification Test

Avg. Training Log Avg. Earnings Employm. (t −1) Revenues (t −1) Exports (t −1)

Log Narrow Off. 0.0119 ** -0.0282 *** -0.0070 -0.0084 -0.0185
(0.0052) (0.0094) (0.0060) (0.0083) (0.0143)

No. shocks 1136 890 1131 1131 1131
No. shocks-years 5805 3564 5739 5739 5739
First stage F-stat 206.93 142.21 190.02 190.02 190.02

Notes: "Log Narrow Off." is the log of the continuous measure in equation (1.2), where only

firms with strictly positive values of offshoring are included in the sample. The instrument is

the log of the continuous measure in equation (1.6). The first two columns report robustness

checks on the instrument whose exogenous variation is assumed to come from the shock

component. They report 2SLS estimates of offshoring on two of the main outcomes in the

analysis: average training take-up in [t,t+2] and log of average earnings over the interval [t,t+3].

All regressions are estimated at the level of the shock (HS6 product imports), where variables

have been first residualized by regressing them on year fixed effects and a set of firm-level

covariates: log of employment, log of revenues, log of export and a set of two-digits industry

dummies. Offshoring shows a significant effect with the expected sign on both training take-up

and average earnings, suggesting that identifying variation is indeed coming from the shocks.

In columns 3-5 similar specifications are estimated to perform a set of falsification tests: they

show that predeterminend firm-level covariates are not affected by offshoring as instrumented

with the measure in (1.6), suggesting that the shocks are conditionally quasi-random with

respect to firm characteristics. Significance levels: *** 1%; ** 5%; * 10%.
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1.7.6 Firm-level evidence

Offshoring firms could be substantially different from non-offshoring ones

along several dimensions. I distinguish the two types of firms according to

the definition in section (1.3.2) and I estimate the following regressions for

annual log changes or annual change in shares for several firm-level variables:

∆y j t =βO f f j +W jΓ+γs,t +ε j t (1.9)

where O f f j is an indicator for a firm offshoring at some point over the sample

period, W j is a vector of firm controls for the first year the firm appears in

the sample59, while γs,t are sector-year fixed effects that account for industry-

specific growth trajectories at NACE 2 digits level. All regressions are weighted

by firm size at baseline year and standard errors are clustered at firm level.

Results in table (1.23) show that offshoring firms have a 5% higher pay-

roll growth on average over the sample period compared to non-offshoring

companies. This seems to be due to both an increase in employment and

an increase in annual wages, mainly because of a raising number of hours

worked, rather than growth in hourly wages (see columns 2, 3 and 4 in panel

A). Similarly offshoring firms show higher increases in revenues compared to

non-offshoring ones, and an average growth in trade activity which is around

5% higher for imports and 8% higher for exports. With respect to internal

organization, firms that offshore tend to increase the share of employees in

the occupational cluster containing professionals and managers (column 2

in panel B). No significant difference between offshoring and non-offshoring

firms emergers with respect to the average growth of training activities over

the sample period (columns 5, 6 in panel B).

To obtain a clearer picture of the growth dynamics with respect to the

decision to offshore, I use the definition of the offshoring event in equation

(1.3) and for offshoring firms I consider the calendar year of the first offshoring

event as the period of treatment60, while for non-offshoring companies I

randomly assign a fictitious treatment period over firms’ activity trajectories.

59The control variables include indicators for quartiles of the employment, revenues, an-
nual average wage, total payroll, import and export distribution in the first year the firm
appears in the sample.

60In this respect the treatment could be interpreted as “starting offshoring”.
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Table 1.23: Offshoring vs non-offshoring firms: Growth dynamics

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

Panel A ∆ log ∆ log ∆ log ∆ log ∆ log ∆ log
payroll employm. annual wage hourly wage revenues imports

Offshoring 0.0504*** 0.0362*** 0.0207** 0.0043** 0.0391*** 0.0491**
(0.0188) (0.0125) (0.0094) (0.002) (0.0140) (0.0232)

Observations 20,124 19,986 17,435 17,246 19,999 18,446
R-squared 0.217 0.186 0.113 0.194 0.160 0.148

Panel B ∆ log ∆ share ∆ share ∆ share ∆ share ∆ share
exports cluster1 cluster2 cluster3 training train. cluster3

Offshoring 0.0789** 0.0033** -0.0006 -0.0027 0.0026 0.0109
(0.0375) (0.0014) (0.0010) (0.0018) (0.0096) (0.0119)

Observations 16,135 17,509 17,509 17,509 19,850 19,850
R-squared 0.333 0.097 0.083 0.082 0.191 0.195

Notes: The table reports results from equation (1.9). Offshoring is an indicator for a firm

offshoring at some point over the sample period (see table (1.10) for descriptive statistics about

the sample). All regressions control for sector-year fixed effects at NACE 2 digits level and for

firm-level characteristics in the first year firms appear in the sample (they include indicators for

quartiles of the employment, revenues, annual average wage, total payroll, import and export

distribution). Cluster 1 is the group of occupations labelled "professionals and managers",

cluster 2 is the one labelled "clerks", while cluster 3 is the one "labourers and operators"

(see tables (1.6-1.7-1.8) for cluster composition and table (1.1) for descriptive statistics). All

regressions are weighted by firm size at baseline year and standard errors are clustered at firm

level. Significance levels: *** 1%; ** 5%; * 10%.

I estimate the following specification:

y j t =
+4∑

τ=−4,τ 6=−1
ατI jτ+

+4∑
τ=−4

βτI jτO f f j +W jΓ+γs,t +ε j t (1.10)

where I jτ = 1
[

t −E j = τ
]

is an indicator of the time-to-event period, O f f j

indicates firms that actually offshore, W j is a vector of firm controls at baseline

year61 and γs,t are sector-year fixed effects to account for industry-specific

trends. All regressions are weighted by baseline firm employment and stan-

dard errors are clustered at firm level. The dynamic coefficients ατ and βτ are

interpreted as changes with respect to the level of the dependent variable at

τ=−1 for non-offshoring firms.

Figure (1.12) shows the firm size dynamics for the two types of firms. Off-

shoring firms are almost twice as larger in terms of employment in the period

61See footnote (59).
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before starting offshoring62 and they grow more in the following years com-

pared to non-offshoring firms. Total firm payroll shows a similar dynamic

trend. However this is not due to a differential increase in hourly wages be-

tween the two types of firms, since for both groups they stay pretty constant

around the event, but rather it is likely due to an increase in total number of

hours worked in the firm. The dynamics for revenues is also showing that off-

shoring firms are on a different growth path already before starting offshoring,

while non-offshoring firms do not show a clear growth trajectory.

Figure 1.12: Offshoring vs non-offshoring firms: Size dynamics
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The graph depicts the dynamic coefficients ατ and βτ and the respective 95% confi-

dence intervals from equation (1.10).

Regarding foreign trade activity, figure (1.13) shows that offshoring firms

import and export more than firms in the control group already before starting

offshoring, but they increase considerably their trade activity, especially in

terms of exports, in conjuction with offshoring.

62With a βτ=−1 = 0.6856 we have a change of: exp(0.6856)−1 = 0.985.
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Finally figure (1.14) provides some evidence on the reorganization un-

dertaken by offshoring firms. The first panel shows that, although offshoring

firms start from a lower share of employees in the “professional and managers”

occupational cluster, they increase such share in conjuction with offshoring

activity. Such evidence is mirrored in the increase of share of employees with

at least a bachelor degree (bottom-left panel). Similarly they decrease the

portion of labour force in manual occupations (top-right panel). Finally the

bottom-right panel shows that offshoring firms are considerably increasing

the share of employees in the occupational cluster “labourers and operators”

who receive retraining. The evidence that before the period in which they

start offshoring the share of retrained workers is very similar to the one in

non-offshoring firms suggests that indeed firms are increasing retraining ac-

tivity in conjuction with offshoring, rather than having a systematically higher

retraining rate compared to non-offshoring firms. Such increase in retraining

share corresponds to more workers retrained in absolute terms and it is not

mechanically driven by the simultaneous reduction in the share of labourers

and operators (top-right panel in figure (1.14)). The mean number of retrained

workers in offshoring firms for such occupational cluster increases by 40%

in the three periods after starting offshoring compared to the three periods

before offshoring.
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Figure 1.13: Offshoring vs non-offshoring firms: Trade dynamics
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The graph depicts the dynamic coefficients ατ and βτ and the respective 95% confi-

dence intervals from equation (1.10). The two panels refer respectively to the log of

value of total imports and total exports.
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Figure 1.14: Offshoring vs non-offshoring firms: Organizational dynamics
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The graph depicts the dynamic coefficients ατ and βτ and the respective 95% confi-

dence intervals from equation (1.10). The top panel on the left reports the share of

employees in the occupational cluster “Professionals and managers” (see table (1.6));

the top panel on the right reports the share of employees in the occupational cluster

“Labourers and operators” (see table (1.8)); the bottom panel on the left reports the

share of employees with a bachelor degree or higher; the bottom panel on the right

reports the share of emplooyes in the occupational cluster “Labourers and operators”

that receives retraining.
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Abstract

This paper studies how adoption of automation technologies affects the internal

occupational structure of firms and how it determines labour market trajectories for

incumbent workers in adopting firms. Exploiting the lumpy nature of automation

investment, adoption events are identified using detailed administrative information

on imports. Using a difference-in-differences event study design it is shown that

adopting firms reduce the share of workers in routine and manual occupations and

increase the share of highly educated workers. Average hourly wage grows due to

adjustment in workforce composition. A different role of automation emerges for

small and large firms, where the latter appear to reduce total employment with

adoption, while small ones automate on a growing dynamic path. When focusing

on incumbent workers, it is shown that separation from adopting firms and non-

employment spells after adoption are less likely for those who were performing non-
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routine and cognitive tasks. Retraining is used by firms before automation adoption,

in particular for production workers in the routine-manual occupational cluster.
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2.1 Introduction

Technological development affects the production process in several ways,

by increasing productivity of capital and labour at existing tasks, by reallocat-

ing production factors among tasks or by changing the task content entirely.

Historically there have been concerns that technology would make labour

redundant (see for example Keynes (1930)). The increased pace of automation

in the last decades has revitalized such concerns, with some contributions

predicting a large share of jobs at risk of future automatability or others show-

ing negative employment effects of automation (Frey and Osborne (2017),

Acemoglu and Restrepo (2020)). Therefore a rapidly growing literature is in-

vestigating the adjustment of industries and labour markets to adoption of

automation technologies, robots or more recently artificial intelligence. Pri-

mary interest has been devoted to measurement of employment and wage

effects following the introduction of machines that can possibly substitute

human work.

Several contributions have focused on labour market effects of robots

adoption at local or industry level (Graetz and Michaels (2018), Acemoglu

and Restrepo (2020), Dauth et al. (2021)1).However in order to uncover the

heterogeneity of automation adoption within industries and local labour

markets, a related strand of literature is investigating the consequences of

automation at firm level. Studies on firm performance and reorganization

have been produced for France (Aghion et al. (2020), Bonfiglioli et al. (2020),

Acemoglu et al. (2020)), Spain (Koch et al. (2021)), the Netherlands (Bessen

et al. (2022)), Canada (Dixon et al. (2020)). Next to rather consistent evidence

about productivity increases for automating firms, raise of the share of high

skilled workers and reduction of production workers, there are some more

mixed results about total employment and wages. Indeed even from a the-

1While Acemoglu and Restrepo (2020) find negative effects for employment and wages in
US, Dauth et al. (2021) find that displacement due to robots in Germany is associated with
increased employment in services, which mitigates the adverse consequences of automation.
Graetz and Michaels (2018) use data at industry-country level and find that higher robot
adoption increases productivity and lowers output prices, while no detectable effects are found
on total employment. Other recent contributions by Humlum (2021) and Adachi (2021) have
built general equilibrium models that study the distributional effects of robots and provide
counterfactual simulations for the introduction of a robot tax.
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oretical point of view the employment effect of automation is ambiguous,

since on one hand it may substitute workers performing some specific tasks,

therefore displacing them, while on the other hand it may increase overall

productivity and consequently the demand for all factors.

This paper contributes to the growing literature on firm-level effects of

automation adoption by focusing on the internal reorganization that firms

undertake in the proximity of the technological upgrade. Although automation

has been clearly conceptualized to affect the assignment of tasks to workers of

different skills (Acemoglu and Autor (2011), Acemoglu and Restrepo (2018b)),

there is not much evidence about the microeconomic effects in terms of

reshuffling of tasks that follows the adoption of automation technologies.

Nevertheless analysing how firms differ in terms of task organization when

they adopt technology can uncover important mechanisms about which effect

of automation prevails at the firm level. As stressed in the task-based approach

of modeling automation (Acemoglu and Restrepo (2018a,b)), the productivity

effect, the displacement effect, the creation of new tasks (reinstatement effect)

and the deepening of automation may have a different relevance for distinct

firms.

This paper studies how the adoption of automation for a sample of Danish

firms changes their task composition through occupational reshuffling. As

in Acemoglu and Restrepo (2021), automation adoption is identified through

imports of specific products and, by exploiting the lumpy nature of automa-

tion investment, a firm-level event like in Bessen et al. (2022) is retrieved2.

To mitigate concerns of selection into automation, I perform matching of

adopters with control firms according to a large set of pre-event covariates

and use an event study difference-in-difference approach to investigate firm-

level dynamics in the proximity of adoption. Since automation is likely to

generate heterogeneous consequences for different workers, I also investigate

how the technology adoption affects incumbent employees according to the

tasks they were performing before the automation event.

Furthermore firms involved in restructuring due to automation adop-

2Other papers that identify adoption of robots through firm-level imports of specific CN
products are Bonfiglioli et al. (2020), Acemoglu et al. (2020), Humlum (2021), Domini et al.
(2021).
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tion may use retraining to favour adjustment of workers to new tasks. The

role of on-the-job retraining in conjunction with automation has received

less attention, but still it is important to reveal possible substitutability and

complementarity of workers’ tasks with new technologies. Which workers do

firms choose to retrain and which tasks are assigned to them after automation

adoption? This work provide some evidence on this question which can help

to shed light on the mechanisms behind the internal firm adjustment process

following automation.

Results show that automation is used in different ways from small and

large firms. While both groups reduce the share of workers in routine and man-

ual occupations and increase the share of highly educated workers, large firms

appear to reduce total employment with adoption, while small ones adopt

technologies on a growing dynamic path. Average hourly wage grows for both

of them, mainly because of adjustment in workforce composition. Labour

productivity also grows for both, but the different dynamics on revenues sug-

gest that it is likely associated with upscaling of production for small adopters,

while it is mostly due to costs reduction and efficiency improvements for large

ones. Such evidence would hint at a different relevance of automation effects

between the two types of firms: productivity and reinstatement effects prevail

in small firms that automate, while the deepening of automation and the

substitution effect dominates in large companies.

From the analysis of labour market trajectories of incumbent workers, it

is shown that automation is associated with heterogeneous effects depending

on the task content of the occupation they are performing before the adop-

tion event. Separation from adopting firms and non-employment spells after

adoption are less likely for those employees who were performing non-routine

and cognitive tasks. Adopting firms use retraining in the few years before the

automation event, in particular for production workers in the routine-manual

occupational cluster. This may suggest an attempt to reallocate to new tasks

workers predominantly affected by the adoption.

This paper is primarily related to contributions on the firm-level effects of

automation which provide some evidence on the change in internal organiza-

tion (these include Aghion et al. (2020), Bonfiglioli et al. (2020), Acemoglu et al.
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(2020), Domini et al. (2021)3). Compared to such contributions this paper

leverages detailed administrative information on occupations to study how

technology adoption affect the task composition of companies. Furthermore

differently from previous papers, the findings of the present analysis underline

the heterogeneity of automation consequences for different types of firms.

The rest of the paper is organized as follows. In section (2.2) I and present

how automation events are identified. In section (2.4) I discuss the econo-

metric strategy and describe how I recover a control group of comparable

non-adopting firms to use in the analysis. In sections (2.5) and (2.6) I intro-

duce the difference-in-difference event study specification and discuss the

results at firm and worker level respectively. Finally section (2.7) provides

conclusions.

2.2 Automation events

In order to identify automation adoption events for Danish firms I leverage

detailed custom data about firm imports over the period 1995-2016. Figure

(2.4) shows that the subset of automation imports represented by “machinery

and mechanical appliances” (HS: 8479) evolves over the sample period by

following closely the trend of robot purchases in Denmark obtained by IFR

data. Furthermore table (2.1) shows that the top source country for robot

import is Germany, which is known to be among the first global exporters

of automation technology. Such evidence reassures on the ability of custom

import data do capture the phenomenon of automation adoption for Danish

firms.

I identify industrial automation products following Acemoglu and Re-

strepo (2021), and select HS codes for dedicated machinery (including robots),

numerically controlled machines, automatic machine tools, automatic weld-

ing machines, weaving and knitting machines, other dedicated textile machin-

ery, automatic conveyors, regulating and control instruments, heavy capital

goods and capital goods used in food manufacturing, tools for industrial work,

3Other papers like Bessen et al. (2022) also use matched employer-employees data and
estimate the effect on firm separation and wages at worker level, but no information about
skills or occupations is available to assess changes in internal organization.
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Figure 2.1: Automation import spikes
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The figure shows the average value of yearly automation imports with re-

spect to firm-specific time to event, as it has been identified in section (2.2).

The plot confirms that automation adoption is a lumpy investment for the

firms in the sample.

machines that are not numerically controlled. Some restrictions are imposed

to ensure that selected firms are actually employing the imported technology:

I exclude wholesalers and retailers, firms that could act as integrators4 and

those that appear to export goods in the list of industrial machines. Further-

more, as the aim of the analysis is to study the effects of automation adoption

on the organization of work, I exclude firms with less than three employees.

There is robust evidence supporting the conjecture that automation adop-

tion is a lumpy investment (Bonfiglioli et al. (2020), Domini et al. (2021),

Bessen et al. (2022)), therefore for the selected pool of firms I identify au-

tomation events by looking for spikes in the flows of imports of automation

goods. A raw statistic suggests the lumpy nature of automation investment

also for Danish importers: the average share of the year with highest import

value is 80% of total amount over a firm sample period, therefore implying

that automation imports are very concentrated in one year. Similarly to what

4I follow Humlum (2021) to identify sectors that include integrators.
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Bessen et al. (2022) do form automation costs, I consider a spike in the import

value of automation goods for firm j in year τ if the real value of imports is at

least three times the average imports of such goods excluding year τ5:

spi ke jτ =1
Imp Aut jτ Ê 3× 1

T −1

T∑
t 6=τ

Imp Aut j t

 (2.1)

Figure (2.1) shows the average value of yearly automation imports with respect

to firm-specific time to event, confirming the lumpiness of investment.

The nature of import data implies that the automation event is identified

at firm level, but for multiplant firms it is not possible to know in which plant

machines are introduced. Although it may be interesting to study the effects

of automation adopted in one plant on individuals employed in other plants

of the same firm, the internal organization of the latter would be likely less

affected, so that the evidence could be attenuated or contaminated. To identify

the cleanest role of automation on the task composition, the main analysis

focuses on single-plant adopters, therefore the evidence should be interpreted

as pertaining to the effects of technology adoption within the boundaries of

the firm-establishment6. However the firm level analysis presented in section

(2.5) is rather robust to including multiplant adopters7.

A total of 1085 automation events are identified with such approach over

the period 1995-2016. Table (2.5) reports the number of automation events

for each year in the sample, while table (2.6) shows the distribution by in-

dustrial sector: 83% of events are within the manufacturing sector, with a

prevalence of metal products sector, rubber and plastics, machinery and fur-

5Values are deflated to 1999 level and firms with less than three years of automation
imports are dropped. If a firm present more than one spike as defined in (2.1) I consider the
highest one. As a further cleaning, I drop firms observed less than 3 periods before the event.

6Table (2.2) shows the number of distinct firms for each step towards the identification
of the events, while table (2.3) reports the means of firm characteristics for samples at three
different points of such process. Average features of the pool of adopters do not change sensibly
when we identify spikes as described above, compared to the previous step, while by excluding
multiplant firms the average size of companies is reduced, as one may expect. However table
(2.4) shows that the average value of automation import increases when dropping multiplant
companies mainly for non-manufacturing firms, which represent a minor share of adopters
and tend to have a larger number of plants compared to manufacturing ones. For the latter the
average value of automation import per worker goes from 5.6 thousand kronas to 7.1 thousand
when we consider single plant adopters only.

7See tables (2.14) and (2.15).
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niture sectors. Adopters in the final sample represent together around 4% of

total employment in the Danish economy over the period 1995-2016.

2.3 Probability of automation adoption

Before turning to the main analysis of the effect of automation, I provide here

some evidence about the differences between adopters and non-adopters.

Table (2.7) reports coefficient estimates from regressions of linear probabil-

ity models, where the dependent variable is an indicator taking value one

if a firm automate at some point over the sample period8. All specifications

include covariates measured in the first year the firm appears in the sam-

ple and they all control for industry at NACE2 level. The first two columns

show that adopting firms tend to be larger than non adopters in the same

sector, both in terms of employment and revenues. Columns 3-4 report partial

correlations of internal organization features and they show that adopting

firms tend to start as with an higher share of managers and professionals

and more highly educated workers, compared to non-adopters. The size is

still significantly positively related to the probability of adoption when we

include organizational features. Column 5 shows that automating firms are

also initially more involved in international trade than other companies in the

same sector. Finally the last column shows that the partial correlation of initial

labour productivity with the probability of future automation, is positive and

statistically significant. Overall such evidence is in line with the findings of

previous empirical literature, which suggest that future adopters tend to be

initially larger and more productive than other firms in the same sector (for

instance Bonfiglioli et al. (2020), Koch et al. (2021), Bessen et al. (2022)).

Finally we can see from the bottom of table (2.4) that there is a substan-

tial difference in the intensity of automation adoption between firms with

less than 250 employees and larger ones. While the average firm value of au-

tomation imports is less than half for small firms compared to larger ones,

the corresponding per-worker automation import value is more than three

8The sample includes 129,722 distinct firms, of which 1085 are automating as identified
in previous section. Since only the first year for each firm is retained, the sample is a cross
section.
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times larger in small adopters than larger ones. Such remarkable divergence

in automation intensity would suggest that its effects could be different in two

groups of firms. In the rest of the analysis I will refer to firms with more than

250 employees as “large” and to the rest of them as “small”.

2.4 Econometric approach

In our observational data it is not possible to consider assignment of automa-

tion as random, therefore in order to study the causal effects of adoption

I leverage the extensive information in administrative data to ensure the

highest possible comparability of a control group of firms to the observed

adopters. Several contributions have stressed the superiority of the com-

bination of matching techniques with regression, compared to traditional

matching approaches (Heckman et al. (1997), Smith and Todd (2005)). Among

the most popular techniques, the difference-in-differences (DID) propensity

score matching estimator allows to reduce the dependence from functional

form specification through a pre-estimation step that enforces a common

support condition and estimates the probability of being treated. The latter is

used in a second step to reweights estimates.

In a similar spirit, starting from the population of Danish firms, I match

adopters of automation machines in the year before the event to a smaller

sample of comparable control firms. In a first step I exact match adopters

by NACE 3 digits sector and year9, while in a second step I perform entropy

matching year by year to obtain for each control firm a weight representing

its likelihood of being treated (Hainmueller (2012)). The rest of the analysis

is performed through an event study DID specification, where control firms

are reweighted according to their similarity to treated firms. The first step

enforces a common support condition, while the second step is similar to

the propensity score reweighting technique and it accounts for selection into

automation decision. The advantage of entropy matching is that it avoids the

iterative process of propensity score estimation and balancing checking, while

9Firms that were observed to import some automation products but for which an au-
tomation spike was not identified in section (2.2) are excluded from the pool of potential
controls.
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still returning a vector of weights for control units that are easily interpretable

as a measure of how similar they are to treated units10.

I compute balancing weights for the control group obtained from exact

matching using the following covariates: log of employment, log of total pay-

roll, log of revenues, log of average yearly wage, share of occupational cluster

“professionals and managers”, share of occupational cluster “labourers and op-

erators”11, share of workers with at least a bachelor degree, log of imports and

log of exports. This approach leads to a weighted control group of firms that

are similar to automating firms in the year before the event. Tables (2.10-2.11)

report the results of balancing tests for targeted covariates and show that the

null hypothesis of equality of means is never rejected12. Interestingly tables

(2.12-2.13) show that also several non-targeted covariates are balanced in the

two groups. This reassures on the ability of the approach to match adopting

firms with comparable non-adopting companies.

The main identification assumption for such approach is the conditional

independence assumption, or selection on observables: target and control

establishments should be comparable except for the automation event, con-

ditional on observable characteristics included in the matching procedure. In

other terms there should not be unobserved determinants that affect both the

outcome and the probability of adopting automation. In this respect the ex-

tensive information contained in administrative data lends itself particularly

well to matching procedures. The set of conditioning variables contains an

extensive list of both internal organizational characteristics and performance

indicators for the year before adoption. Any unobserved local labour market

or industry shock will be accounted for by the exact matching in the first step,

which ensures that control firms fall in the same narrowly defined strata of

adopters. Furthermore, since matching is combined with a dynamic treat-

10Furthermore entropy balancing is more robust to misspecification in the set of covariates.
On the other hand, Smith and Todd (2001) show how a misspecified propensity score can
create substantial bias in the subsequent treatment effect estimation.

11See Pulito (2022) for a description of the occupational clusters and table (2.9) which
reports descriptive statistics for the three clusters. Occupation classification for the whole
sample period is converted to the ISCO-88 version.

12Since entropy balancing is performed year by year the tests are performed for each year.
To keep the table short I report only the tests for some years in the sample period, but the
hypothesis is not rejected for each period in the sample. Pooling all years together also shows
that covariates are balanced remarkably well.
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ment effects specification, any pre-event difference between adopters and

control firms can be observed in the pre-trend dynamics. Finally, matching

requires the validity of a no-spillover assumption, so that the adoption of

technology in some firms does not produce general equilibrium reallocation

effects that may affect control establishments. In principle this is the most

concerning assumption in the context of the present analysis, since previous

literature has documented spillover effects of automation within industries.

Such problem could be more worrisome for some sectors than other, but

adopting firms in the sample represent together 4% of total employment,

which is a minor share of the total population of firms, even allowing for some

concentration within industries or local labour market. Furthermore any pos-

sible spillover mechanism would likely take more years to play a role, beyond

the time window analysed in this study. Such setting would make unlikely for

the SUTVA assumption to be violated in the present analysis, however investi-

gating whether spillovers are playing a role remains an interesting aspect of

future research.

For the rest of the analysis I restrict the estimation sample to be balanced

on the event window [−3,+4] in order to avoid bias deriving from endogenous

entry and exit of firms. Table (2.8) reports the distribution of firms in the

sample used for firm-level analysis.

2.5 Firm-level analysis

In light of the recent literature that investigates the firm-level consequences

of automation, this section presents results from event study difference-in-

differences specifications, where automating firms are compared to matched

control firms that do not adopt automation technologies according to the

definition of the event in section (2.2). In particular the following specification

is estimated:

y j t =
4∑

τ 6=−1;τ=−2
ατI jτ+

4∑
τ 6=−1;τ=−3

βτI jτAut j +γ j +γt +ε j t (2.2)

where y j t is the outcome variable for firms j in year t , I jτ =1
[

t −E j = τ
]

is an indicator of the time-to-event period, with E j being the year of the
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automation event for firm j and Aut j indicates automating firms. The coeffi-

cients βτ are interpreted as changes with respect to the level of the outcome

variable at τ =−113. Any common trend in the outcome is captured by cal-

endar years fixed effect γt , while identification of the dynamic effects comes

from within-firm trajectories. Regressions are weighted with entropy match-

ing weights from section (2.4) and standard errors are clustered at firm level14.

All results are robust to including industry-specific trends rather than an over-

all trend. This reassures on the ability of the matching approach to provide

a common support in terms of sector for automation adopters and firms in

the control group. Most of the dependent variables are expressed as a share of

their respective level in the year before the event, to avoid any bias introduced

by a non-linear transformation and issues on the treatment of zeros, therefore

y jτ = Y jτ/Y j ,−1
15.

The first two panels in figure (2.5) show that automation has a different

effect in terms of performance for small and large firms. Companies with

less than 250 employees which adopt automation technologies experience a

rise in revenues and a rise in labour productivity, as defined by value added

per worker. On the other hand, large companies do not show any significant

change in revenues compared to the period before adoption, or if anything a

decrease, but they experience a rise in labour productivity even larger than

for small firms. Such divergent behaviour among firms with initially different

size is found also with reference to employment and wage bill dynamics.

The first two panels in figure (2.2) show that small adopters increase in size

such that they are 25% larger on average in the fourth year after adoption

compared to the year before adoption. Ex-ante large firms on the contrary

experience opposite dynamics, reducing employment steadily in the four

years after adoption. The dynamics in total firm payroll broadly follow those

for employment.

By looking at internal reorganization in the two bottom panels of figure

13For control firms the year of (pseudo) event is the one in which they have been matched
to their respective treated firms.

14Note that to avoid under-identification of dynamic effects in the event window [−3,+4],
two periods are normalized to zero for the non-automating firms.

15Coefficient estimates are reported in table (2.14) in the appendix. Table (2.15) reports
results from the same specifications estimated on the sample that includes multiplant automa-
tion adopters.
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Figure 2.2: Firm-level evidence: organization
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The figure shows the dynamics for automating firms, differentiated by size

before adoption. The graph depicts the dynamic coefficients βτ and the

respective 95% confidence intervals from equation (2.2).

(2.2), we notice that both groups of firms adjust the occupational structure

to reduce production workers in the occupational cluster “labourers and

operators” and to increase the share of high-skilled workers (those with a

bachelor degree or higher). Such trends are somehow more accentuated for

large firms than for small ones, with the share of production workers for

such group of firms being more that 10 percentage points lower in the fourth

year after automation and the share of high-skilled workers being almost

5 percentage points higher compared to the year before automation. This

compositional readjustment can contribute to explain also the evidence on

hourly wages in the bottom panels of figure (2.5): average hourly wage grows

for both small and large firms, but the one for production workers does not

show any significant change, or if anything it decreases. Also the other two
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occupational clusters show no significant change or a slight decrease in hourly

wages compared to their respective pre-event levels, thus suggesting that the

overall increase in average hourly wage in automating firms is purely due to

workforce compositional readjustment.

Some hints to explain such divergent pattern can derive from the task-

based approach of modeling automation (Acemoglu and Restrepo (2018a,b)):

the productivity effect, the displacement effect, the creation of new tasks

(reinstatement effect) and the deepening of automation may have a different

relevance for small and large firms. In small firms automation is more likely

to be associated with expansion in the scale of production, which would also

imply the creation of new tasks within the company, as more functional areas

are introduced to support production. In this setting the productivity effect

would more than compensate a possible displacement effect of automating

existing tasks, with resulting dimensional growth. On the other hand, large

firms are more likely to include already a full range of tasks, which possibly

imply some degree of automation. Therefore observed adoption for them is

more likely to be associated with automation of further tasks, deepening of

automation (implying an increase in productivity of already automated tasks)

and less likely to create new tasks. Such effects would contribute to reduce

aggregate employment while still increasing productivity in large companies.

The dynamics of revenues in figure (2.5), growing for small firms and

declining or stable for large ones, corroborates the view that the rise in pro-

ductivity is associated with upscaling of production for small adopters, while

it is mostly due to costs reduction and efficiency improvements for large ones.

The underlying mechanisms in the two groups of firms are also compatible

with the internal readjustment in occupational structure shown in figure (2.2).

In small firms the reduction in the share of production workers occurring

on a path of total employment growth, suggests that such reduction is due

mostly to the hiring of other skill groups to accompany production, rather

than to a decrease in absolute terms of production workers. The reverse is

true for large adopters, where the fall in the share of production workers leads

to a reduction in absolute terms of their number and of total employment. In

both cases however the evidence suggests a complementarity of automation

technologies with higher skilled workers.



88

CHAPTER 2. AUTOMATION ADOPTION

AND REORGANIZATION OF TASKS

2.6 Worker-level analysis

In order to shed further light on the internal readjustment process undertaken

by firms in conjunction with automation adoption, it is important to inves-

tigate what happens at workers employed in the companies that automate.

Indeed, what we observe at firm level may imply considerable reshuffling and

transitions of workers within the labour market. Clarifying such mechanisms

can inform policymakers about the adjustment process involved with techno-

logical transformation and suggest possible ways to favour such readjustment.

There are not many empirical contributions investigating the consequences

of automation for exposed workers. Exceptions are Bessen et al. (2022), who

focus on automation costs for Dutch firms, and Dauth et al. (2021) who study

the consequences for workers following automation exposure at local labour

market level in Germany.

In this section I use matched employer-employees data to study how au-

tomation adoption for Danish firms as identified in section (2.2) affects labour

market outcomes of incumbent workers in such companies. By following in-

dividuals’ labour market trajectories in the proximity of technology adoption

and by leveraging detailed information on workers’ occupations, I can provide

evidence on the heterogeneous consequences of automation.

Since adopters may be facing workforce transformations already before

the introduction of automation, I restrict the analysis to incumbent workers,

defined as employees with at least three years of firm tenure in τ−1. This

approach will mitigate possible selection concerns regarding the composition

of pre-event workforce being already affected by an anticipation of the adop-

tion event. Any possible residual systematic difference between workers in

adopters and control firms is accounted for by a reweighting approach similar

to the one implemented at firm level in section (2.4). Entropy balancing at

worker level is performed to obtain weights to be used in regression analysis,

therefore control workers are matched in the year before adoption according

to the following characteristics: age, sex, firm tenure, labour market expe-

rience, union membership, occupational cluster, educational level16. Table

16To keep the sample at worker level at a reasonably size, starting from the same pool
of control firms identified in section (2.4), I preliminary prune such sample from the less



2.6. WORKER-LEVEL ANALYSIS 89

(2.16) reports balancing tests for targeted covariates and show that the null

hypothesis of equality of means is never rejected. The fact that treated and

control groups are balanced also with respect to non-targeted covariates as

logarithm of yearly wage, logarithm of days employed and immigrant status

reassures on the ex-ante comparability of such groups.

Entropy weights are used to estimate the following difference-in-difference

event study specification:

yi t =
4∑

τ 6=−1;τ=−2
ατI jτ+

4∑
τ 6=−1;τ=−3

βτI jτAut j +γi +γt +εi t (2.3)

where yi t is the outcome variable for individual i in year t , I jτ =1
[

t −E j = τ
]

is an indicator of the time-to-event period, with E j being the year of the

automation event for firm j and Aut j indicates automating firms. The co-

efficients βτ are interpreted as changes with respect to the level of the out-

come variable at τ = −1. Similarly to firm-level analysis, the identification

of the dynamic effects comes from within-individual trajectories and I ac-

count for possible common trends in the outcome with calendar years fixed

effect γt
17. Standard errors are clustered at firm-year level and to avoid under-

identification of dynamic effects in the event window [−3,+4], two periods are

normalized to zero for the non-exposed individuals. Since individual trajecto-

ries after exposure may well imply spells of non-employment, outcomes like

real wages or days in employment can include several zeros, therefore they

are expressed as share of their respective level in the year before the event,

thus yiτ = Yiτ/Yi ,−1
18.

Figure (2.3) shows results for the specification in equation (2.3) estimated

for the three occupational clusters as recovered in Pulito (2022) on the base of

their occupational task content: “professionals and managers”, “clerks” and

similar units compared to treated firms, according to weights obtained from entropy balancing
in section (2.4). Control firms with a weight w f > 0.01 are retained, which leads to 5,604
remaining control firms. Worker-level sample includes 29,702 distinct exposed workers and
130,550 control individuals employed in control firms, for a total sample size of 1,282,016
individual-year observations.

17All individual-level results are robust to including industry-specific trends rather than an
overall trend.

18Coefficient estimates are reported in table (2.17) in the appendix.
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Figure 2.3: Worker-level evidence
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The figure shows the dynamics for exposed workers in automating firms,

differentiated by their occupational cluster in τ=−1. Clusters are recovered

on the base of occupational tasks content in Pulito (2022): cluster 1 is “pro-

fessionals and managers”, cluster 2 is “clerks” and cluster 3 is “labourers and

operators”. See table (2.9) for descriptive statistics about the task content

of the three occupational clusters. Hazard of firm separation is equal to 1

if the individual is not employed anymore with her employer of t −1. The

other dependent variables are expressed a share of their respective level in

the year before the event y j t = Y j t /Y j ,−1. The graph depicts the dynamic

coefficients βτ and the respective 95% confidence intervals from equation

(2.3).
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“labourers and operators”19. The second panel shows that after adoption of

automation incumbent workers face increasing probability of leaving the firm,

especially for production workers: 40% of them are not employed anymore in

the adopting firm by the fourth year after the event. Although workers in the

other two occupational clusters show a similar hazard rate of leaving the firm,

they differ significantly in their ability to find a new job after being displaced:

the first panel shows that days in employment decrease in the four years after

the event for professionals, managers and clerks, up to an average level in

the fourth year which is 10% less than the pre-event amount. On the other

hand exposed production workers experience a sensibly higher number of

days of non-employment, with the reduction in working days arriving at an

average of 20% in the fourth year after automation adoption, compared to the

pre-event level. The dynamics of annual and hourly wages in the two bottom

panels in figure (2.3) follow the evidence on days in employment, with the

most negatively affected being the production workers.

To investigate how wages are affected after automation adoption for in-

cumbent workers when we set aside displacement effects, (2.6) shows esti-

mates for hourly wages and annual earnings, conditional on having some

employment during the year. Hourly wages increase for all clusters, but con-

siderably less for production workers. Annual earnings dynamics show that

non-production workers are able to improve their earnings if they stay in the

automating company or if they find re-employment in the labour market,

especially after two years from the event. On the other hand, production work-

ers that manage to stay employed in the original firms or find a job elsewhere,

are not able to increase their earnings after exposure to the automation event.

This evidence suggests that workers performing more manual and routine

tasks are those more adversely affected by automation, because the latter is

likely causing their displacement and at the same time they are those who

may find more difficult to be re-employed in the rest of the labour market.

Firms that adopt automation technologies may retrain workers in the

proximity of the adoption event to possibly favour their readjustment within

the same organization. Figure (2.7) shows whether that is the case for the dif-

19See table (2.9) for descriptive statistics about the task content of the three occupational
clusters.
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ferent types of workers. There is evidence that indeed adopters are retraining

workers in the few years before the adoption, especially production workers in

the cluster “labourers and operators”. This may suggests that the new technol-

ogy implies a change in tasks to be performed or even their disappearance, so

that retraining may help workers to learn how to use such new machines or

favour their reallocation to other tasks.

2.7 Conclusions

Following the concerns in the public debate about the increased pace of

automation, recent economic literature has devoted renewed attention to the

effects of technology adoption on labour markets and the organization of work.

This paper contributes to this literature by studying the internal occupational

restructuring that firms undertake in conjunction with automation adoption.

Results show that automation can be of different types with respect to its

consequences on the organization of work. Large firms appear to reduce total

employment, while small ones adopt technologies while growing in size. Both

of them reduce the share of production workers and increase the share of

highly educated employees. Labour productivity also grows for both groups,

but the different dynamics on revenues suggest it is likely associated with

upscaling of production for small adopters, while it is mostly due to costs

reduction and efficiency improvements for large ones.

In a sense such evidence confirms at the micro level the arguments in

Acemoglu and Restrepo (2018a) and Acemoglu and Restrepo (2019) about

the replacement or reinstatement effects of automation. In small companies

that automate, the reinstatement effect of creating new tasks seems to be

prevalent and such new tasks tend to be performed comparatively more by

skilled workers. In this respect there seems to be complementarity between

automation technologies and higher skilled workers. This leads to a reduction

of the share of production workers while total employment increases. On the

other hand large firms are more likely to include already a full range of tasks

and functional areas within the company, so that adoption for them would

imply automation of further tasks and deepening of already automated ones.

This would lead to a prevalence of the replacement effect of automation that
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would reduce aggregate employment, while still increasing productivity.
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2.8 Appendix

2.8.1 Tables and Figures



2.8. APPENDIX 95

Figure 2.4: Trend Import Machinery vs IFR data
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The figure provides a comparison of two data sources about machinery

purchases in Denmark. The blue line shows the dynamics of import values

of HS: 8479 “machinery and mechanical appliances” from Danish custom

data, while the red line represents the purchases of robot units from IFR

data. Both lines are normalized to 1 in 2010. The relatively close trends of

the two series reassure on the ability of custom data used in this study to

capture the phenomenon of automation adoption.
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Figure 2.5: Firm-level evidence: output, productivity, wages
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The figure shows the dynamics for automating firms, differentiated by size

before adoption. The graph depicts the dynamic coefficients βτ and the

respective 95% confidence intervals from equation (2.2). The dependent

variables are expressed a share of their respective level in the year before

the event y jτ = Y jτ/Y j ,−1. Labour productivity is measured as value added

per worker.
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Figure 2.6: Worker-level evidence: conditional on being employed
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The figure shows the dynamics for exposed workers in automating firms,

differentiated by their occupational cluster in τ=−1. Clusters are recovered

on the base of occupational tasks content in Pulito (2022): cluster 1 is “pro-

fessionals and managers”, cluster 2 is “clerks” and cluster 3 is “labourers and

operators”. See table (2.9) for descriptive statistics about the task content of

the three occupational clusters. The dependent variables are expressed a

share of their respective level in the year before the event y jτ = Y jτ/Y j ,−1.

They represent hourly wage and earnings conditional on being employed in

that period. The graph depicts the dynamic coefficients βτ and the respec-

tive 95% confidence intervals from equation (2.3).
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Figure 2.7: On-the-job Training
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The figure shows the dynamics for exposed workers in automating firms,

differentiated by their occupational cluster in τ=−1. Clusters are recovered

on the base of occupational tasks content in Pulito (2022): cluster 1 is “pro-

fessionals and managers”, cluster 2 is “clerks” and cluster 3 is “labourers and

operators”. See table (2.9) for descriptive statistics about the task content of

the three occupational clusters. Training is equal to 1 if the individual has

been enrolled in a training program in that period. The graph depicts the

dynamic coefficients βτ and the respective 95% confidence intervals from

equation (2.3). Retraining activity is higher before automation adoption for

incumbent workers compared to similar workers in non-automating firms.

This may show that firms try to reallocate workers before the adoption of

automation.
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Table 2.1: Top 5 source countries of automation for Denmark

Sum import
value (100k kr)

Germany 66,099
US 35,386
Italy 30,688
Sweden 28,821
China 16,550

Notes: The table reports the top 5 countries for export

value of HS: 8479 "machinery and mechanical appli-

ances" to Denmark over the period 1995-2016. The

source is Danish custom data. Monetary values are de-

flated at 1999 level.

Table 2.2: Identification of automation events

Step No. distinct firms
(1) Some automation import over the period 1995-2016 14,542
(2) Keep adopters 5,274

A (3) At least 3 years in the FIRM sample 5,204
(4) At least 3 years of autom. imports 1,900
(5) At least 1 spike 1,860

B (6) Active at least 3 years before the event 1,731
(7) Drop multiestablishment 1,182

C (8) At least 3 employees 1,085

Notes: The table reports the number of distinct firms for each step towards

the identification of automation events. The second step consists in exlud-

ing wholesalers, integrators and exporters of the same product imported.

Steps 4 and 5 are performed to identify the firm-specific year of lumpy au-

tomation investment.
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Table 2.3: Adopter firms - descriptives

A B C
No. distinct firms 5,204 1,731 1,085
Obs. firm-year 17,635 12,267 7,574
No. employees 381.2 440.1 116.6
Revenues (100k kr) 6,006.5 7,454.5 2,580.4
Tot. wage bill (100k kr) 1,619.7 1,926.8 453.5
Autom. import (100k kr) 11.7 14.0 9.6
Avg. hourly wage (kr) 245.3 245.8 238.8

Notes: The table reports descriptive statistics for the final sample of identi-

fied adopter firms (C) and it compares them to the pool of companies we

would select by stopping at previous steps. Monetary values are deflated at

1999 level. Dropping multiplant companies when going from sample B to C

leads to a pool of smaller adopters.

Table 2.4: Adopter firms - automation intensity by sector

Sample A Sample C

NACE2 No. Obs Aut. import per Aut. import per No. Obs Aut. import per Aut. import per
firm (100k Dkk) worker (Dkk) firm (100k Dkk) worker (Dkk)

Distinct firms 5,204 1,085
Total sample 17,635 11.7 3,066 7,574 9.6 8,222
Tot. Manufacturing 12,750 11.8 5,600 6,402 8.7 7,066
Food, beverages, tobacco 10-12 1,495 9.3 1,855 539 4.6 3,714
textiles, apparel, leather 13-15 844 4.4 5,914 540 5.2 7,407
Wood, Paper and printing 16-18 631 10.5 5,092 235 18.9 12,419
Petroleum coke, Chemical and Pharm. 19-21 645 19.5 2,630 231 9.3 3,836
Rubber, plastic, Non-metal mineral pr. 22-23 1,503 4.6 2,606 748 4.2 3,306
Basic metals, Fabricated metal prod. 24-25 2,921 14.3 12,979 1,514 5.1 6,687
Computer and electrical equipment 26-27 1,143 28.6 18,806 574 19.8 19,118
Machinery and equipment 28 1,756 9.8 10,368 1,084 9.9 12,537
Motor vehicles, Other transport 29-30 496 7.7 4,298 270 11.5 5,845
Furniture, instruments, jewellery, repair 31-33 1,316 8.2 4,502 667 11.5 4,230
Tot. Non-manufacturing 4,885 11.5 1,389 1,196 14.4 17,456

Small firms (<250) 6761 8.1 12,732
Large firms (≥ 250) 813 21.8 3,955

Notes: The table reports two statistics for the automation intensity (average import per firm

and average imports per worker) for the final sample C and for the pool of companies in sample

A. No. obs refer to firm-year observations for which automation imports are positive over the

period 1995-2016. Monetary values are deflated at 1999 level. See table (2.2) for definition of

the samples and table (2.3) for other descriptive statistics about the them.
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Table 2.5: Automation events over sample period

year No. events year No. events
1995 38 2006 57
1996 53 2007 51
1997 46 2008 58
1998 45 2009 46
1999 43 2010 42
2000 52 2011 35
2001 47 2012 53
2002 50 2013 50
2003 35 2014 50
2004 47 2015 71
2005 48 2016 68

Notes: The table reports the distribution of the identified 1,085 automation

events over the sample period. See section (2.2) for a description of the

approach to identify such events.

Table 2.6: Automation events by sector

Nace 2 digits No. events
Food, beverages, tobacco 10-12 85
Textiles, apparel, leather 13-15 72
Wood, Paper and printing 16-18 34
Petroleum and coke, Chemical and Pharmaceutical 19-21 30
Rubber and plastic, Non-metallic mineral products 22-23 108
Basic metals, Fabricated metal products, except machinery 24-25 205
Computer and electrical equipment 26-27 88
Machinery and equipment 28 151
Motor vehicles, Other transport 29-30 38
Furniture, instruments, jewellery, repair 31-33 94
Manufacturing 905

Warehousing, storage, freight 52 10
IT activities 62 19
Engineering consulting 71 38
Research and development 72 22
other 91
Non-manufacturing 180
Total 1,085

Notes: The table reports the distribution of the identified 1,085 automation

events by industrial sector classified by NACE Rev.2. See section (2.2) for a

description of the approach to identify such events.
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Table 2.7: Probability of automation adoption

Dep var: 1 if automating (1) (2) (3) (4) (5) (6)
Log employment 0.0142*** 0.0112*** 0.0107*** 0.0109***

(0.0003) (0.0003) (0.0003) (0.0003)
Log revenues 0.0034*** 0.0037***

(0.0001) (0.0001)
"Labourers & operators" -0.0004 -0.0002 0.0007 0.0008

(0.0008) (0.0008) (0.0008) (0.0008)
"Professionals & managers" 0.0038*** 0.0049*** 0.0050*** 0.0051***

(0.0010) (0.0010) (0.0010) (0.0010)
Bachelor or higher 0.0034*** 0.0026** 0.0025** 0.0024**

(0.0010) (0.0010) (0.0010) (0.0010)
Log tot. imports 0.0009*** 0.0009***

(0.0001) (0.0001)
Log tot. exports 0.0013*** 0.0012***

(0.0001) (0.0001)
Log labour productivity 0.0011***

(0.0002)
F.E. nace2 X X X X X X
Observations 129,722 129,722 129,722 129,722 129,722 129,722
R-squared 0.021 0.006 0.071 0.065 0.075 0.075

Notes: The table reports coefficient estimates of a linear probability model where

the dependent variable takes value 1 if the firm will adopt automation at some point

over the sample period. All variables are measured in the first year that the firm

appears in the sample. The sample includes 129,722 distinct firms, of which 1085

are automating. Since only the first year for each firm is retained, the sample is a

cross section. All monetary variables are deflated at 1999 level. Variables Labourers

& operators, Professionals & managers, Bachelor or higher are shares over total

firm employment. Labour productivity is defined as valued added per worker. All

regressions control for Nace 2 sector of the firm.
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Table 2.8: Estimation sample firm level - Balanced panel

Panel A: by size Adopters Non adopters
Small (<250) 651 9,232
Large (>250) 67 289
Total 718 9,521

Panel B: by sector Nace 2 digits
Food, beverages, tobacco 10-12 66 724
Textiles, apparel, leather 13-15 56 126
Wood, Paper and printing 16-18 26 674
Petroleum and coke, Chemical and Pharmaceutical 19-21 20 75
Rubber and plastic, Non-metallic mineral products 22-23 78 262
Basic metals, Fabricated metal products, except machinery 24-25 139 732
Computer and electrical equipment 26-27 54 100
Machinery and equipment 28 114 451
Motor vehicles, Other transport 29-30 24 71
Furniture, instruments, jewellery, repair 31-33 42 505
Non-manufacturing 99 5,801
Total 718 9,521

Notes: The table reports the distribution of firms in the sample used for firm-

level analysis. Non adopters are control firms found through exact matching

with adopters in the year before the event. In Panel A, large and small firms

are defined with a threshold of 250 employees. In panel B industrial sector

are classified by NACE Rev.2..

Table 2.9: Descriptive statistics by cluster

(1) Professionals (2) Clerks (3) Labourers
& managers & operators

Nonroutine cognitive 0.743 0.481 0.233
Routine cognitive 0.773 0.591 0.310
Nonroutine manual 0.252 0.207 0.424
Routine manual 0.490 0.448 0.785
Specificity 0.525 0.281 0.570
Offshorability (Blinder 2009) 0.589 0.427 0.476
Offshorability (AD 2013) 0.638 0.644 0.672
Avg. distance of transitions 0.305 0.337 0.243
Avg. Annual Earnings 393,023 kr 259,964 kr 238,120 kr
Age 36.2 33.7 34.8

Notes: The table reports weighted averages of task indexes by occupational cluster

obtained with the clustering algorithm. All indexes have a [0,1] domain. Weights and

average annual earnings are computed on the sample used for the main analysis

over years 1995-2007. Earnings in Danish kronas have been deflated at 1999 price

level. Distance is the angular distance between 13-dimensions task-content vectors

for each three digit occupation, rescaled on a [0;1] domain. The overall average

distance of occupational transitions in the sample is 0.277. See Pulito (2022) for more

information about indexes and occupational clustering.
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Table 2.10: Balancing test - Firm level - targeted covariates /1

treated control p-value year
No. obs in t-1 1,085 28,478
Log Employment 3.70 3.54 0.93 1994
Log Employment 4.25 4.28 0.98 1999
Log Employment 3.83 3.44 0.81 2004
Log Employment 3.65 3.02 0.66 2009
Log Employment 3.58 3.36 0.83 2014
Firm payrol 15.75 15.65 0.99 1994
Firm payrol 16.66 16.78 0.98 1999
Firm payrol 16.46 16.06 0.95 2004
Firm payrol 16.66 16.12 0.94 2009
Firm payrol 16.68 16.42 0.96 2014
Log revenues 17.24 17.28 1.00 1994
Log revenues 18.13 18.31 0.97 1999
Log revenues 17.16 15.52 0.80 2004
Log revenues 17.82 16.98 0.91 2009
Log revenues 17.87 17.72 0.98 2014
Log avg. yearly wage 12.12 12.18 0.99 1994
Log avg. yearly wage 12.40 12.45 0.99 1999
Log avg. yearly wage 12.52 12.43 0.99 2004
Log avg. yearly wage 12.94 13.07 0.98 2009
Log avg. yearly wage 13.06 13.04 1.00 2014
Share cl. "Professionals and managers" 0.15 0.15 0.99 1994
Share cl. "Professionals and managers" 0.20 0.22 0.87 1999
Share cl. "Professionals and managers" 0.16 0.11 0.55 2004
Share cl. "Professionals and managers" 0.24 0.24 0.97 2009
Share cl. "Professionals and managers" 0.27 0.24 0.81 2014
Share cl. "Labourers and operators" 0.69 0.71 0.96 1994
Share cl. "Labourers and operators" 0.64 0.64 0.96 1999
Share cl. "Labourers and operators" 0.58 0.49 0.72 2004
Share cl. "Labourers and operators" 0.51 0.38 0.57 2009
Share cl. "Labourers and operators" 0.45 0.43 0.86 2014

Notes: The table reports tests for the means of the targeted covariates for adopters and

weighted control firms. Weights are obtained with entropy balancing year by year for

the period before the event, therefore the whole sample covers the years 1994-2015.

To make the table not excessively long, only the tests for some years are reported. The

hypothesis of equality of means is not rejected at conventional significance levels for

all years.



2.8. APPENDIX 105

Table 2.11: Balancing test - Firm level - targeted covariates /2

treated control p-value year
No. obs in t-1 1,085 28,478
Log Imports 12.45 13.00 0.93 1994
Log Imports 12.81 13.11 0.94 1999
Log Imports 11.78 10.84 0.86 2004
Log Imports 11.43 10.50 0.87 2009
Log Imports 12.11 12.58 0.91 2014
Log Exports 11.36 11.24 0.98 1994
Log Exports 12.75 12.99 0.95 1999
Log Exports 10.92 9.00 0.69 2004
Log Exports 11.41 10.34 0.85 2009
Log Exports 12.05 12.47 0.92 2014
Share Higher education 0.10 0.08 0.71 1994
Share Higher education 0.16 0.15 0.83 1999
Share Higher education 0.15 0.13 0.80 2004
Share Higher education 0.25 0.31 0.76 2009
Share Higher education 0.29 0.29 1.00 2014

Notes: The table reports tests for the means of the targeted covariates for adopters and

weighted control firms. Weights are obtained with entropy balancing year by year for

the period before the event, therefore the whole sample covers the years 1994-2015.

To make the table not excessively long, only the tests for some years are reported. The

hypothesis of equality of means is not rejected at conventional significance levels for

all years.
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Table 2.12: Balancing test - Firm level - non targeted covariates /1

treated control p-value year
No. obs in t-1 1,085 28,478
Log Value added 16.47 16.46 1.00 1994
Log Value added 16.78 16.27 0.91 1999
Log Value added 16.80 20.60 0.61 2004
Log Value added 16.80 15.94 0.90 2009
Log Value added 17.14 17.25 0.98 2014
Manufacturing 0.97 0.99 0.97 1994
Manufacturing 0.94 0.93 0.95 1999
Manufacturing 0.83 0.59 0.46 2004
Manufacturing 0.83 0.63 0.58 2009
Manufacturing 0.70 0.70 1.00 2014
Avg. worker age 38.25 39.48 0.94 1994
Avg. worker age 41.16 39.97 0.91 1999
Avg. worker age 39.94 39.56 0.98 2004
Avg. worker age 43.05 41.56 0.93 2009
Avg. worker age 43.74 43.20 0.96 2014
Avg. Labour market experience 15.05 15.88 0.90 1994
Avg. Labour market experience 17.85 16.99 0.85 1999
Avg. Labour market experience 17.05 16.87 0.98 2004
Avg. Labour market experience 19.68 18.20 0.86 2009
Avg. Labour market experience 20.19 19.87 0.96 2014
Avg. retraining 0.13 0.12 0.93 1994
Avg. retraining 0.12 0.16 0.47 1999
Avg. retraining 0.11 0.11 0.94 2004
Avg. retraining 0.15 0.15 0.99 2009
Avg. retraining 0.08 0.08 0.98 2014
Share cl. "Clerks" 0.16 0.14 0.81 1994
Share cl. "Clerks" 0.16 0.14 0.62 1999
Share cl. "Clerks" 0.26 0.39 0.48 2004
Share cl. "Clerks" 0.25 0.38 0.54 2009
Share cl. "Clerks" 0.28 0.33 0.70 2014
Log avg. hourly wage 4.87 4.91 0.98 1994
Log avg. hourly wage 5.13 5.19 0.97 1999
Log avg. hourly wage 5.37 5.32 0.98 2004
Log avg. hourly wage 5.56 5.63 0.98 2009
Log avg. hourly wage 5.71 5.69 0.99 2014

Notes: The table reports tests for the means of non-targeted covariates for adopters

and weighted control firms. Weights are obtained with entropy balancing year by

year for the period before the event, therefore the whole sample covers the years

1994-2015. To make the table not excessively long, only the tests for some years

are reported. The hypothesis of equality of means is not rejected at conventional

significance levels for all years.
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Table 2.13: Balancing test - Firm level - non targeted covariates /2

treated control p-value year
No. obs in t-1 1,085 28,478
Separation rate in t0 20.39 28.12 0.66 1994
Separation rate in t0 21.42 26.83 0.64 1999
Separation rate in t0 20.10 33.45 0.47 2004
Separation rate in t0 6.69 18.46 0.36 2009
Separation rate in t0 9.04 12.70 0.46 2014
Avg. unionization 0.75 0.70 0.89 1994
Avg. unionization 0.83 0.83 1.00 1999
Avg. unionization 0.76 0.67 0.76 2004
Avg. unionization 0.68 0.71 0.93 2009
Avg. unionization 0.68 0.68 1.00 2014
Avg. tenure 4.56 4.65 0.97 1994
Avg. tenure 5.71 4.95 0.59 1999
Avg. tenure 5.17 4.25 0.72 2004
Avg. tenure 6.03 3.96 0.37 2009
Avg. tenure 5.18 4.71 0.78 2014

Notes: The table reports tests for the means of non-targeted covariates for adopters

and weighted control firms. Weights are obtained with entropy balancing year by

year for the period before the event, therefore the whole sample covers the years

1994-2015. To make the table not excessively long, only the tests for some years

are reported. The hypothesis of equality of means is not rejected at conventional

significance levels for all years.
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Table 2.14: Firm level regressions

Employment Total Bachelor Share Hourly wage Hourly wage Revenues Labour
wage bill or higher cluster3 cluster3 productivity

Large firms
-3 0.0587 0.0859** 0.0090 0.0134 -0.0384** 0.0314* 0.0672 0.0156

(0.0385) (0.0336) (0.0102) (0.0160) (0.0187) (0.0188) (0.0579) (0.0743)
-2 0.0266 0.0524** 0.0036 0.0088 -0.0257** 0.0163 0.0743 0.0678

(0.0243) (0.0229) (0.0066) (0.0090) (0.0103) (0.0169) (0.0470) (0.0606)
0 -0.0387 -0.0306 0.0094 -0.0258** 0.0273* -0.0007 -0.0721** 0.0757

(0.0298) (0.0245) (0.0068) (0.0122) (0.0143) (0.0278) (0.0364) (0.0473)
1 -0.1040** -0.0942** 0.0145 -0.0631*** 0.0606** -0.0440 -0.1167* 0.1100

(0.0473) (0.0445) (0.0110) (0.0213) (0.0258) (0.0311) (0.0631) (0.0825)
2 -0.1100 -0.1397* 0.0215 -0.0611** 0.1002*** -0.0686 -0.1500* 0.0400

(0.0898) (0.0755) (0.0152) (0.0251) (0.0352) (0.0477) (0.0830) (0.0958)
3 -0.1703* -0.1957** 0.0321 -0.0855** 0.1423*** -0.0265 -0.1460 0.1636

(0.0930) (0.0899) (0.0205) (0.0332) (0.0458) (0.0463) (0.1031) (0.1123)
4 -0.2486** -0.2993*** 0.0431 -0.1147*** 0.1899** -0.1022 -0.1799 0.1799

(0.1095) (0.1050) (0.0267) (0.0396) (0.0837) (0.0765) (0.1381) (0.1369)
Observations 2,847 2,847 2,847 2,847 2,847 2,823 2,215 1,943
R-squared 0.396 0.506 0.955 0.916 0.609 0.611 0.537 0.555
Small firms
-3 -0.0942*** -0.0203 -0.0037 0.0234** 0.0013 0.0206 -0.0116 0.0199

(0.0292) (0.0147) (0.0066) (0.0091) (0.0093) (0.0144) (0.0160) (0.0190)
-2 -0.0340** -0.0035 0.0008 0.0057 -0.0049 0.0028 -0.0034 0.0240*

(0.0164) (0.0095) (0.0047) (0.0069) (0.0085) (0.0090) (0.0115) (0.0145)
0 0.0901*** 0.0355*** -0.0026 -0.0030 0.0261*** -0.0008 0.0424*** 0.0285**

(0.0171) (0.0097) (0.0041) (0.0059) (0.0081) (0.0117) (0.0123) (0.0136)
1 0.1486*** 0.0691*** -0.0026 -0.0180** 0.0311*** -0.0183 0.0707*** 0.0578***

(0.0329) (0.0189) (0.0060) (0.0079) (0.0098) (0.0140) (0.0197) (0.0194)
2 0.1960*** 0.0790*** 0.0071 -0.0360*** 0.0570*** -0.0139 0.0692*** 0.0526**

(0.0486) (0.0278) (0.0079) (0.0107) (0.0138) (0.0191) (0.0265) (0.0247)
3 0.2453*** 0.0934** 0.0070 -0.0449*** 0.0796*** -0.0401 0.0776** 0.0786**

(0.0642) (0.0368) (0.0097) (0.0134) (0.0191) (0.0251) (0.0334) (0.0307)
4 0.2898*** 0.1164** 0.0134 -0.0597*** 0.1082*** -0.0446 0.1107*** 0.0992***

(0.0825) (0.0503) (0.0119) (0.0159) (0.0224) (0.0287) (0.0409) (0.0364)
Observations 79,048 79,048 79,048 79,048 79,048 63,992 68,720 60,904
R-squared 0.393 0.523 0.823 0.818 0.536 0.376 0.472 0.471

Notes: The table reports coefficient estimates and standard errors from firm level

regressions. Variables Bachelor or higher and Share cl3 (occupational cluster "Labour-

ers & operators") are shares over total employment in the firm. All other variables

j are expressed as a share of their respective level in the year before the event:

y jτ = Y jτ/Y j ,−1. Regressions include firm and calendar year fixed effects. They are es-

timated on the balanced panel over the event window [−3,+4] and they are weighted

with entropy matching weights from section (2.4). Standard errors are clustered at

firm level.
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Table 2.15: Firm level regressions - including multiplant firms

Employment Total Bachelor Share Hourly wage Hourly wage Revenues Labour
wage bill or higher cluster3 cluster3 productivity

Large firms
-3 0.0308 0.0512 0.0108 0.0109 -0.0116 0.0375 0.0713* -0.0181

(0.0379) (0.0323) (0.0090) (0.0144) (0.0154) (0.0258) (0.0414) (0.0681)
-2 0.0130 0.0288 0.0001 0.0080 -0.0145 0.0080 0.0469* 0.0102

(0.0203) (0.0181) (0.0054) (0.0087) (0.0090) (0.0156) (0.0265) (0.0423)
0 -0.0778*** -0.0532*** 0.0115 -0.0274*** 0.0358** -0.0037 -0.0776*** 0.1169***

(0.0232) (0.0198) (0.0077) (0.0083) (0.0145) (0.0178) (0.0260) (0.0433)
1 -0.1783*** -0.1459*** 0.0195 -0.0630*** 0.0688** -0.0276 -0.1822*** 0.1858**

(0.0423) (0.0373) (0.0147) (0.0145) (0.0286) (0.0284) (0.0474) (0.0737)
2 -0.2658*** -0.2410*** 0.0277 -0.0849*** 0.1041*** -0.0603 -0.2748*** 0.2150**

(0.0619) (0.0548) (0.0187) (0.0205) (0.0384) (0.0428) (0.0694) (0.1020)
3 -0.3411*** -0.3269*** 0.0349 -0.1107*** 0.1470*** -0.0498 -0.3350*** 0.3017**

(0.0809) (0.0731) (0.0241) (0.0262) (0.0491) (0.0552) (0.0909) (0.1351)
4 -0.4371*** -0.4241*** 0.0407 -0.1296*** 0.1814*** -0.0778 -0.4464*** 0.3411**

(0.0995) (0.0914) (0.0297) (0.0317) (0.0645) (0.0690) (0.1137) (0.1679)
Observations 3,792 3,792 3,792 3,792 3,792 3,712 2,608 2,184
R-squared 0.530 0.558 0.911 0.924 0.654 0.429 0.534 0.389
Small firms
-3 0.0409** 0.0445*** 0.0114* 0.0842*** -0.0059 0.0333** 0.0221* 0.0015

(0.0166) (0.0114) (0.0062) (0.0084) (0.0089) (0.0140) (0.0129) (0.0176)
-2 0.0358*** 0.0321*** 0.0078* 0.0367*** -0.0077 0.0066 0.0112 0.0072

(0.0102) (0.0082) (0.0041) (0.0059) (0.0072) (0.0084) (0.0092) (0.0130)
0 0.0395*** 0.0119 -0.0066* -0.0426*** 0.0297*** -0.0132 0.0152 0.0319**

(0.0117) (0.0107) (0.0038) (0.0054) (0.0070) (0.0099) (0.0101) (0.0125)
1 0.0284* 0.0089 -0.0146** -0.0852*** 0.0393*** -0.0330** 0.0209 0.0819***

(0.0165) (0.0156) (0.0061) (0.0079) (0.0094) (0.0136) (0.0158) (0.0180)
2 0.0171 -0.0140 -0.0144* -0.1367*** 0.0689*** -0.0473** -0.0132 0.0988***

(0.0235) (0.0228) (0.0083) (0.0109) (0.0136) (0.0193) (0.0207) (0.0225)
3 0.0812 -0.0282 -0.0220** -0.1840*** 0.0961*** -0.0882*** -0.0454* 0.1321***

(0.0909) (0.0327) (0.0104) (0.0139) (0.0184) (0.0250) (0.0259) (0.0281)
4 0.0625 -0.0381 -0.0219* -0.2343*** 0.1334*** -0.0930*** -0.0529* 0.1594***

(0.0964) (0.0446) (0.0127) (0.0168) (0.0222) (0.0311) (0.0319) (0.0348)
Observations 105,344 105,344 105,344 105,344 105,344 87,616 86,056 70,640
R-squared 0.430 0.491 0.845 0.829 0.739 0.489 0.459 0.442

Notes: The table reports coefficient estimates and standard errors from firm level

regressions estimated on the sample that includes multiplant automation adopters.

Variables Bachelor or higher and Share cl3 (occupational cluster "Labourers & opera-

tors") are shares over total employment in the firm. All other variables j are expressed

as a share of their respective level in the year before the event: y jτ = Y jτ/Y j ,−1. Re-

gressions include firm and calendar year fixed effects. They are estimated on the

balanced panel over the event window [−3,+4] and they are weighted with entropy

matching weights from section (2.4). Standard errors are clustered at firm level.
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Table 2.16: Balancing test - Worker level

treated control p-value
No. obs in t-1 29,702 130,550
Targeted
Age 44.11 44.11 1.00
Male 0.71 0.71 0.99
Firm Tenure 9.51 9.51 0.99
Labour market experience 21.47 21.47 1.00
Union member 0.86 0.86 1.00
Cl. "Professionals and managers" 0.19 0.19 1.00
Cl. "Labourers and operators" 0.66 0.66 0.98
Educ. Lower secondary 0.30 0.30 0.99
Educ. Upper secondary 0.51 0.51 1.00
Educ. Bachelor 0.14 0.14 1.00
Educ. Postgraduate 0.04 0.04 0.93
Non targeted
Immigrant 0.05 0.05 0.53
Log yearly wage 12.68 12.74 0.22
Log days employed 5.86 5.85 0.76

Notes: The table reports tests for the means of the targeted and non targeted covariates

for individuals exposed to automation and for weighted control individuals. Weights

are obtained with entropy balancing for the period before the event for incumbent

workers in adopting and control firms. The hypothesis of equality of means is not

rejected at conventional significance levels.
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Table 2.17: Worker level regressions

Days in Hazard Hourly wage Hourly wage Annual Annual earnings Training
employment separation if employed earnings if employed

Cluster1
-3 -0.0115 0.0103 -0.0322 -0.0330 -0.0145 -0.0109 0.0368

(0.0116) (0.0372) (0.0214) (0.0252) (0.0238) (0.0175) (0.0264)
-2 0.0006 0.0017 -0.0154 -0.0151 -0.0067 -0.0054 0.0358**

(0.0089) (0.0258) (0.0141) (0.0178) (0.0206) (0.0158) (0.0170)
0 0.0126 -0.0067 0.0475*** 0.0448** 0.0370* 0.0347*** 0.0038

(0.0105) (0.0256) (0.0136) (0.0181) (0.0196) (0.0133) (0.0145)
1 -0.0318** 0.1006*** 0.0777*** 0.0385 -0.0063 0.0181 -0.0032

(0.0150) (0.0387) (0.0191) (0.0246) (0.0228) (0.0140) (0.0171)
2 -0.0644*** 0.1982*** 0.1064*** 0.0318 -0.0333 0.0182 0.0020

(0.0219) (0.0542) (0.0287) (0.0357) (0.0306) (0.0175) (0.0197)
3 -0.0754** 0.2745*** 0.1328*** 0.0341 -0.0305 0.0431** -0.0129

(0.0306) (0.0720) (0.0368) (0.0488) (0.0409) (0.0197) (0.0236)
4 -0.1084*** 0.3658*** 0.1516*** 0.0127 -0.0668 0.0512* 0.0043

(0.0371) (0.0854) (0.0450) (0.0613) (0.0534) (0.0288) (0.0294)
Observations 354,016 355,176 330,398 346,056 355,176 330,398 355,176
R-squared 0.611 0.549 0.441 0.409 0.484 0.578 0.274
Cluster2
-3 -0.0118 0.0114 -0.0290* -0.0331 -0.0258 -0.0229 0.0586*

(0.0120) (0.0355) (0.0172) (0.0210) (0.0201) (0.0141) (0.0352)
-2 -0.0006 0.0045 -0.0098 -0.0115 -0.0113 -0.0101 0.0464**

(0.0088) (0.0229) (0.0109) (0.0149) (0.0170) (0.0128) (0.0224)
0 0.0134 -0.0055 0.0391*** 0.0381** 0.0362** 0.0348*** 0.0206

(0.0115) (0.0217) (0.0097) (0.0162) (0.0171) (0.0101) (0.0213)
1 -0.0275 0.0855** 0.0643*** 0.0266 0.0028 0.0364*** 0.0154

(0.0171) (0.0343) (0.0152) (0.0241) (0.0238) (0.0135) (0.0223)
2 -0.0670*** 0.1860*** 0.0883*** 0.0129 -0.0358 0.0295* 0.0060

(0.0232) (0.0517) (0.0228) (0.0336) (0.0318) (0.0172) (0.0252)
3 -0.0825*** 0.2448*** 0.1161*** 0.0043 -0.0423 0.0599*** 0.0145

(0.0311) (0.0675) (0.0288) (0.0452) (0.0423) (0.0207) (0.0283)
4 -0.1050*** 0.3019*** 0.1472*** -0.0054 -0.0601 0.0839*** 0.0125

(0.0393) (0.0817) (0.0355) (0.0575) (0.0561) (0.0293) (0.0349)
Observations 382,968 384,360 357,986 382,306 384,352 357,986 384,360
R-squared 0.608 0.572 0.463 0.386 0.488 0.546 0.272
Cluster3
-3 -0.0078 0.0031 -0.0097 -0.0103 -0.0072 -0.0082 0.0609**

(0.0173) (0.0321) (0.0115) (0.0200) (0.0226) (0.0139) (0.0305)
-2 0.0009 0.0038 -0.0095 -0.0103 0.0005 0.0009 0.0627***

(0.0124) (0.0264) (0.0108) (0.0175) (0.0179) (0.0113) (0.0238)
0 0.0091 -0.0099 0.0311** 0.0264 0.0195 0.0202* 0.0027

(0.0168) (0.0259) (0.0143) (0.0219) (0.0216) (0.0108) (0.0219)
1 -0.0661*** 0.1274*** 0.0242** -0.0438 -0.0579* 0.0025 0.0228

(0.0252) (0.0366) (0.0102) (0.0280) (0.0305) (0.0144) (0.0359)
2 -0.1447*** 0.2689*** 0.0360** -0.0992** -0.1379*** -0.0150 -0.0082

(0.0347) (0.0488) (0.0159) (0.0405) (0.0421) (0.0185) (0.0308)
3 -0.1656*** 0.3503*** 0.0547*** -0.1350*** -0.1712*** 0.0007 -0.0484

(0.0446) (0.0609) (0.0155) (0.0521) (0.0546) (0.0228) (0.0386)
4 -0.2090*** 0.4181*** 0.0821*** -0.1688*** -0.2155*** 0.0114 -0.0626

(0.0547) (0.0719) (0.0184) (0.0652) (0.0687) (0.0310) (0.0460)
Observations 537,752 542,480 497,816 542,097 542,472 497,821 542,480
R-squared 0.634 0.552 0.354 0.345 0.530 0.663 0.257

Notes: The table reports coefficient estimates and standard errors from worker level regressions.

Cluster 1 is "Professionals & managers", cluster 2 is "Clerks" and cluster 3 is "Labourers &

operators". The variable Hazard separation takes value 1 if the individual is not employed

anymore at her employer of time τ− 1, while Training is equal to 1 if individual has been

enrolled in a training program in that period. All other variables j are expressed as a share

of their respective level in the year before the event: y jτ = Y jτ/Y j ,−1. Regressions include

individual and calendar year fixed effects. They are estimated on the balanced panel over the

event window [−3,+4] and they are weighted with entropy matching weights from section

(2.6). Standard errors are clustered at firm-year level.





C H A P T E R 3
MERGERS, TASKS REALLOCATION AND

RETRAINING

Giuseppe Pulito

Aarhus University

Abstract

This paper studies how firms reorganize activities in target establishments after a

merger or acquisition. Using linked employer-employees administrative data for

Denmark and a difference-in-differences event study design, it is shown that firms ad-

just their labour force composition towards more cognitive tasks. Total employment

decreases in target plants, while hourly wages are stable. The retraining activity in the

plant increases after the merger, showing that firms try to reallocate some employees

to new tasks within the company. A substantial part of readjustment is borne by

incumbent workers in target plants, especially those that were performing manual

tasks before the acquisition. They face increased probability of non-employment and

reduction in hourly wages in the years following the acquisition. The need for adapt-

ing their skills is suggested by the increased probability of being involved in retraining
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activities in the years after the event. Overall such evidence suggests that readjust-

ment of the task composition can play a role for pursuing productivity improvements

after mergers and acquisitions.
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3.1 Introduction

Mergers and acquisition (M&As) are opportunities for companies to expand

their market, increase their range of products, create economies of scale and

generate efficiencies. Several strands of literature have investigated differ-

ent channels to shed light on the mechanisms behind M&As and to possibly

inform policymakers in charge of regulating such operations. A group of

contributions has investigated how efficiencies can come from change in

management (Martin and McConnell (1991), Wang and Xie (2009), He and

le Maire (2020)), while others have focused on efficiency improvements gener-

ated by adjustments in the mix of the product portfolio (Berry and Waldfogel

(2001), Chan et al. (2022)). For cases of M&As operations involving a foreign

acquirer, several papers have studied the role of market access, innovation

and quality upgrade as a source of productivity gains (Guadalupe et al. (2012),

Stiebale and Vencappa (2018), Koch and Smolka (2019)).

Besides the performance of acquired firms, M&As raise interest with re-

spect to motives pertaining to labour force readjustment. Within the literature

on labour markets several contributions have investigated how acquisitions

affect wages and employment in target firms (see for example McGuckin and

Nguyen (2001), Huttunen (2007))1. However one possible source of efficiency

motivating M&As may come from the reshuffling of the internal organiza-

tional structure in the new firm. Target and acquirer may have labour forces

that are complementary in terms of tasks and skills, or the acquirer may want

to readjust the occupational structure in those functional areas that after the

merger are overlapping in scope.

This paper examines the changes of the internal structure of target es-

tablishments in the proximity of a M&A event to investigate whether there is

supporting evidence for a reorganization leading to efficiency improvements.

Indeed firms may create synergies by changing the task composition during

a M&A, and this may be an important channel to understand the reasons

behind the merger and to explain the performance after the event. Among

the existing contributions, Olsson and Tåg (2017) provide some evidence of

1John et al. (2015) and Dessaint et al. (2017) indirectly confirm the role of the labour
restructuring motive of mergers, by documenting an inverse relation between employment
protection regulations and announcements of M&As.
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task-related heterogeneity of M&As consequences for workers. They show

that buyouts by private equity firms do not affect overall unemployment prob-

ability for workers in target firms, but employees performing routine and

offshorable job tasks face a higher risk of displacement. Smeets et al. (2016)

show that turnover is high after merger events and new establishments expe-

rience mixing of the workforce, especially by reassigning a small number of

high-skilled workers. A change in the workforce composition is also found by

Ma et al. (2021), who show how mergers in US over the period 2001-2017 are

characterized by target establishments adopting new technology, becoming

less routine task intensive and employing a greater share of high technology

workers.

This paper contributes to such literature by focusing on the occupational

structure of target establishments in M&As in Denmark and by investigating

how their internal tasks composition evolves in the proximity of the acquisi-

tion. I identify mergers by leveraging administrative data on plant ownership

as in Smeets et al. (2016) and I delve into the evolution of the task structure by

using detailed occupational information. To mitigate concerns of selection

into acquisition, I perform matching of target establishments with control

plants according to a large set of pre-event covariates and use an event study

difference-in-difference approach to investigate plant-level dynamics in the

proximity of acquisition. If the task content matters in M&As, it is likely to

drive also the worker-level dynamics around the event, therefore a comple-

mentary analysis of the consequences of M&As is provided by investigating

the possible heterogeneous effects of acquisitions on incumbent workers

in target plants. As the new organization changes the composition of tasks

compared to acquiring and target firms, incumbent employees may hold

important knowledge that firms do not want to disperse, but still they may

need to adapt their skills to new tasks. Retraining is a powerful instrument

that companies could use during the reorganizational phase to favour the

reallocation of some workers within the new structure of the firm after the

merger. To study how task reassignment and retraining may interact in the

reorganizational process following M&A, I exploit the availability of a large

public training program in Denmark and I inspect whether and how firms use

such tool in the proximity of the acquisition.
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Results show that firms reduce employment in target plants after the acqui-

sition and the average annual wage decreases through reduction in working

hours. The retraining activity in the plant increases after the merger, showing

that firms try to reallocate some employees to new tasks within the company.

Through worker-level analysis of post-merger trajectories for workers who

were employed in target plants before acquisition it is shown that they face

increased probability of non-employment in the years following the acqui-

sition and, when employed, a reduction in hourly wage. This would suggest

that displaced workers are those that find worst re-employment options also

outside their job in the acquired plant. The dynamics of retraining for incum-

bent workers, showing increasing probability of reskilling in the years after

the event, confirms the hypothesis that M&As involve a reshuffling of tasks

associated with a change in skill demand. Indeed incumbent workers who

were performing cognitive tasks before acquisitions face better employment

outcomes compared to those that were employed in manual occupations,

suggesting again a change in the task composition in acquired plants.

The rest of the paper is organized as follows. Section (3.2) describes how

events of M&As are identified in Danish administrative data by exploiting the

change in ownership code. Section (3.3) discusses descriptive evidence on

acquirer and target firms. In section (3.4) I discuss an econometric strategy

which can arguably mitigate the selection concerns and allow to make infer-

ence about possible causal relations. Section (3.5) and section (3.6) introduce

the difference-in-difference event study specification and discuss the results

at establishment and worker level respectively. Finally section (3.7) provides

conclusions.

3.2 Identification of M&As

M&As are organizational events that will ultimately affect both the acquired

entity and the acquiring firm. However target establishments are shown to

undergo much larger changes than the acquiring company, as the latter will

most likely extend its organizational and management approaches to the

new plants. As a consequence, the empirical literature on M&As has focused

primarily on studying the performance of target plants, especially in terms
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of labour force reorganization, wages and displacement effects. Following

such approach, this paper uses target establishments in M&As as the primary

object of the analysis, since the restructuring of task composition will likely

be more salient in the acquired firm than the rest of the company2.

In order to identify M&As episodes in Denmark, I adopt a similar approach

to Smeets et al. (2016) who leverage administrative information about the

plant and firm identifiers. A change in the firm identifier for a continuously

existing workplace is interpreted as a change in its ownership and the plant is

considered a target in a M&A event. I restrict the analysis to private companies

and to plants with at least three employees which are observed for the whole

event window [−3,+4] around the recorded change in ownership3. To avoid

that spurious changes in ownership code are considered as a M&A, I impose

the conditions that the firm identifier of acquired plants disappears after

the event and that the firm code of the acquirer exists already before the

event4. Furthermore I also exclude cases where plants in the target firm are

acquired by different companies, which is an example of partial merger and

it may be more prone to selection issues. Such conditions together imply

that for all selected M&A events there are distinct firms involved only once

either as a target or as an acquiring firm. The final sample is made of 1,057

acquired plants involving 973 target firms and 866 acquiring firms, which

together represent around 13.4% of the average yearly employment in the

private sector. Table (3.1) shows the distributions of the target plants in M&As

events over the sample period 1995-2012. As shown in table (3.2), most events

involve plants in manufacturing and trade sector, where the acquiring firm

operates in the same NACE2 industry in 61% of the cases and in the same

NACE4 sector 52% of the times5.

2An ongoing analysis will complement such picture with the study of what happens to
plants and workers in the corresponding acquiring firms.

3Possible cases with more than one ownership change within the event window are
dropped.

4This condition would drop most instances of partial mergers (when only some plants are
acquired) and it would also exclude joint mergers, i.e. cases where plants coming from two or
more firms join to form a new company that did not exist before. Further restrictions make
sure that the event window for target plants do not overlap with other possible M&As for the
same acquirer and selling firm. Such conditions will avoid capturing spillover effects among
plants within the same company from instances of consecutive acquisitions.

5In the rest of the analysis no distinction is made between domestic and foreign acquisi-
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3.3 Acquirer and target firms

Table (3.3) reports descriptive statistics for target and acquiring firms in the

last year before the M&A event. Target firms are on average 6 times smaller

than acquirers in terms of employment and similarly in terms of revenues.

They employ a larger share of production workers compared to acquirers and

a lower share of employees with higher education (bachelor or higher). On the

other hand their labour forces do not differ substantially in terms of average

firm tenure and labour market experience. Interestingly, target firms pay

higher hourly wages than acquirers, but they show lower labour productivity,

as measured by value added per worker. Such evidence would hint at a M&A

mechanism where a more efficient acquirer takes over a less productive firm,

whose acquisition may still create synergies and turn profitable for the post-

merger organization.

A similar picture can be obtained by comparing plants that have actu-

ally been acquired to the rest of the establishments in the economy. Table

(3.4) shows which characteristics affect the probability of being taken over.

Industry-year and region-year fixed effects allow to compare establishments

within the same NACE2 sector and local labour market, which may follow a

specific trend. The first column shows that plants that will be acquired the

following year pay higher average wages than the rest of establishments in the

same sector and region. Column 2 focus on organizational characteristics and

it shows that target plants employ more tenured and experienced workers and

they are more unionized than similar non-acquired establishments. Column

3 relates the probability of acquisition to the performance of the target firms

and it shows that a lower or negative growth in revenues between two years

and one year before the event increases the probability of being acquired.

Finally column 4 shows that when we consider all covariates together, the

role of target firm performance and unionization is still significant. Overall

such evidence would support the idea that target plants are facing adverse

economic outcomes while still paying higher wages than similar firms in the

same sector, suggesting a productivity and efficiency motive for acquisition

which has been previously analyzed in the literature (Braguinsky et al. (2015),

tions, with the latter representing 13.5% of M&As instances in the sample.
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Li (2013), Maksimovic et al. (2011)).

3.4 Econometric approach

Since target establishments in M&As could be systematically different from

non-acquired plants, the dynamics observed in the proximity of the acquisi-

tion event can be affected by endogeneity issues. As it is difficult in general

to find exogenous determinants of M&As, the preferred approach in empiri-

cal studies has been the adoption of matching techniques (Huttunen (2007),

Guadalupe et al. (2012), Olsson and Tåg (2017), He and le Maire (2020), Ma

et al. (2021)). Similarly in this study I address potential endogeneity of the

choice of target establishments by using a matching approach that leverages

the extensive information in administrative data to ensure the highest pos-

sible comparability of a control group of plants to the observed acquired

ones.

Among the approaches that combine matching techniques with regres-

sion analysis, the difference-in-differences (DID) propensity score matching

estimator has become popular for its ability to reduce dependence from

functional form specification through a pre-estimation step that enforces a

common support condition and estimates the probability of being treated

(Heckman et al. (1997), Smith and Todd (2005)). Such probability is used in

the second step to weights estimates from DID specification. In a similar

spirit, starting from the population of Danish plants, I match target estab-

lishments in the year before the event to a smaller sample of comparable

control plants. In a first step I exact match plants by year, NACE 2 digits sector,

region, employment strata and average wage strata6, while in a second step

I perform entropy matching year by year to obtain for each control plant a

weight representing its likelihood of being treated (Hainmueller (2012)). The

rest of the analysis is performed through an event study DID specification,

where control establishments are reweighted according to their similarity to

treated ones. The first step enforces a common support condition, while the

6Five strata are defined by discretization of continuous variables, using their quartiles plus
an additional bin for the highest decile. Plants that were dropped at any step in the process of
identifying M&As events in section (3.2) are excluded from the pool of potential controls.
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second step is similar to the propensity score reweighting technique and it

accounts for selection into acquisition7.

I compute balancing weights for the control group obtained from ex-

act matching using the following covariates: log of employment, log of total

payroll, log of average hourly wage, log of revenues per worker, share of occu-

pational cluster “professionals and managers”, share of occupational cluster

“labourers and operators”8, share of workers with at least a bachelor degree,

average age, share of male employees, average firm tenure, average labour

market experience and a set of dummies for NACE 2 digits sector. This ap-

proach leads to a weighted control group of plants that are similar to acquired

establishments in the year before the event. For the rest of the analysis I re-

strict the estimation sample to be balanced on the event window [−3,+4] in

order to avoid bias deriving from endogenous entry and exit of plants. Tables

(3.6-3.7) report the results of balancing tests for targeted covariates and show

that the null hypothesis of equality of means is never rejected9. Interestingly

table (3.8) shows that also several non-targeted covariates are balanced in

the two groups. This reassures on the ability of the approach to match target

establishments with comparable non-acquired plants.

The main identification assumption for such approach is the conditional

independence assumption, or selection on observables: target and control

establishments should be comparable except for the acquisition event, condi-

tional on observable characteristics included in the matching procedure. In

other terms there should not be unobserved determinants that affect both the

outcome and the probability of being acquired. In this respect the extensive

information contained in administrative data lends itself particularly well to

7The advantage of entropy matching is that it avoids the iterative process of propensity
score estimation and balancing checking, while still returning a vector of weights for control
units that are easily interpretable as a measure of how similar they are to treated units. Fur-
thermore entropy balancing is more robust to misspecification in the set of covariates. On
the other hand, Smith and Todd (2001) show how a misspecified propensity score can create
substantial bias in the subsequent treatment effect estimation.

8See Pulito (2022) for a description of the occupational clusters and table (3.5) which
reports descriptive statistics for the three clusters. Occupation classification for the whole
sample period is converted to the ISCO-88 version.

9Since entropy balancing is performed year by year, the tests are performed for each year.
To keep the table short I report only the tests for some years in the sample period, but the
hypothesis is not rejected for each period in the sample. Table (3.9) shows that by pooling all
years together, covariates are also balanced remarkably well.
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matching procedures. The set of conditioning variables contains an extensive

list of both internal organizational characteristics and performance indica-

tors for the year before acquisition. Any unobserved local labour market or

industry shock will be accounted for by the exact matching in the first step,

which ensures that control plants fall in the same narrowly defined strata

of treated plants. Furthermore, since matching is combined with a dynamic

treatment effects specification, any pre-event difference between acquired

and control plants can be observed in the pre-trend dynamics. Finally, match-

ing requires the validity of a no-spillover assumption, so that the acquisition

of target plants does not produce general equilibrium reallocation effects

that may affect control establishments. Since target plants represent a minor

share of the total employment population10, even within industries or local

labour market, it would be unlikely for their acquisition to affect the rest of the

establishments in the market. Furthermore any possible spillover mechanism

would likely take more years to play a role, beyond the time window analysed

in this study.

3.5 Establishment-level analysis

In order to study the dynamic adjustment in target plants in the proximity

of the acquisition, this section presents results from event study difference-

in-differences specifications, where target plants are compared to matched

control establishments that are not acquired in a M&A operation as identified

in section (3.2). In particular the following specification is estimated:

y j t =
4∑

τ 6=−1;τ=−2
ατI jτ+

4∑
τ 6=−1;τ=−3

βτI jτM A j +γ j +γt +ε j t (3.1)

where y j t is the outcome variable for plant j in year t , I jτ =1
[

t −E j = τ
]

is an indicator of the time-to-event period, with E j being the year of the ac-

quisition event for plant j and M A j indicates target plants in M&As. The

coefficients βτ are interpreted as changes with respect to the level of the out-

10Total employment in target plants before acquisition represents 2.4% of total private
sector employment, while the corresponding figure for acquirer and target firms together is
13.4%.
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come variable at τ = −111. Any common trend in the outcome is captured

by calendar years fixed effect γt , while identification of the dynamic effects

comes from within-plant trajectories. Regressions are weighted with entropy

matching weights from section (3.4) and standard errors are clustered at plant

level12. All results are robust to including industry-specific trends rather than

an overall trend. This reassures on the ability of the matching approach to pro-

vide a common support in terms of sector for target plants and establishments

in the control group.

The first panel in figure (3.1) shows that acquiring firms reduce employ-

ment in target plants after acquisition, with the average size being around

13% smaller in the fourth year after the event compared to the year before ac-

quisition. Furthermore there is evidence that in the acquisition year working

hours are decreased, since we observe a drop in average annual wages with

constant hourly wage. This may suggest that undergoing reorganization slows

economic activity in the year of acquisition. The average wage in the estab-

lishment goes back to pre-acquisition levels in the year after the merger and

then slightly decreases in the following years. As shown in section (3.3), target

plants were paying higher wages than in acquirer firms and in non-acquired

plants in the same sector and local labour market. Therefore such evidence

would suggest that the new organization is unfolding a restructuring process

that implies a reduction in labour costs, possibly accompanied by a change in

the composition of workforce.

The last panel in figure (3.1) provides further indications that firms are

reorganizing the labour force after acquisition and they try to reallocate some

workers to other tasks. The dynamics on internal retraining activity shows that

the share of retrained workers in target plants increases by 3 percentage points

in the year after the merger13. To investigate whether such readjustment

process following M&As events contains a task dimension, next section studies

the possible heterogeneous consequences for incumbent workers in target

11For control plants the year of (pseudo) event is the one in which they have been matched
to their respective target plants.

12Note that to avoid under-identification of dynamic effects in the event window [−3,+4],
two periods are normalized to zero for the control plants dynamics.

13See Pulito (2022) for a description of the types of training courses available to firms. As in
such study, the focus here is on vocational courses.
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Figure 3.1: Establishment-level evidence
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The figure shows the dynamics for target establishments in M&A events.

The graph depicts the dynamic coefficients βτ and the respective 95% con-

fidence intervals from equation (3.1). The dependent variables in the four

panels are the following: log of total employment in target plant, log of

average annual wage in the plant, log of average hourly wage in the plant

and share of trained individuals employed in the plant.
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plants.

3.6 Worker-level analysis

Clarifying what happens to workers employed in target plants in the proximity

of M&As can provide important information on the undergoing restructuring

process. In this section I leverage matched employer-employees data to follow

the labour market trajectories of workers employed in target plants of merger

operations. Since target plants may be facing workforce transformations al-

ready before the acquisition, I restrict the analysis to incumbent workers,

defined as employees with at least three years of firm tenure in τ−1. This

approach will mitigate possible selection concerns regarding the composition

of pre-event workforce being already affected by an anticipation of the acqui-

sition event. Any possible residual systematic difference between workers in

target and control plants is accounted for by a reweighting approach similar

to the one implemented at establishment level in section (3.4). Entropy bal-

ancing at worker level is performed to obtain weights to be used in regression

analysis, therefore control workers are matched in the year before acquisi-

tion according to the following characteristics: age, sex, firm tenure, labour

market experience, union membership, occupational cluster, educational

level14. Table (3.10) reports balancing tests for targeted covariates and show

that the null hypothesis of equality of means is never rejected. The fact that

treated and control groups are balanced also with respect to non-targeted

pre-event covariates as logarithm of days employed, training incidence and

immigrant status reassures on the ex-ante comparability of such groups. En-

tropy weights are used to estimate the following difference-in-difference event

14To keep the sample at worker level at a reasonably size, starting from the same pool of
control plants identified in section (3.4), I preliminary prune such sample from the less similar
units compared to target plants. In each cell defined by exact matching in section (3.4), I keep
as many control plants as the number of target plants in the same cell, using as a distance
measure the weights obtained from entropy balancing. In such a way I obtain 724 target plants
and 722 control establishments. The corresponding worker-level sample of incumbent workers
includes 11,533 distinct exposed workers and 15,337 control individuals employed in control
establishments, for a total sample size of 214,960 individual-year observations for the balanced
sample on the [−3,+4] event window.



126 CHAPTER 3. MERGERS, TASKS REALLOCATION AND RETRAINING

study specification:

yi t =
4∑

τ 6=−1;τ=−2
ατI jτ+

4∑
τ 6=−1;τ=−3

βτI jτM A j +γi +γt +εi t (3.2)

where yi t is the outcome variable for individual i in year t , I jτ =1
[

t −E j = τ
]

is an indicator of the time-to-event period, with E j being the year of the ac-

quisition event for plant j and M A j indicates target plants in M&As. The

coefficients βτ are interpreted as changes with respect to the level of the

outcome variable at τ=−1. Similarly to establishment-level analysis, the iden-

tification of the dynamic effects comes from within-individual trajectories

and I account for possible common trends in the outcome with calendar years

fixed effect γt
15. Standard errors are clustered at plant-year level and to avoid

under-identification of dynamic effects in the event window [−3;+4], two

periods are normalized to zero for the non-exposed individuals.

Figure (3.2) shows that incumbent workers in acquired plants face a reduc-

tion in days of employment after the acquisition, with an average of around

35% less working days compared to the year before acquisition16. As shown

in the second panel of the figure, the resulting reduction in annual earnings

is also due to a reduction in hourly wages when employed, besides the de-

crease in working days: in the fourth year after the acquisition hourly wages

are around 7% lower than the pre-acquisition period. The latter effect is an

average among those workers who stay in the acquired plant and those who

leave it and find employment elsewhere17. Finally the last panel in figure

(3.2) shows that in the year after the acquisition incumbent workers have a

4% higher probability of being retrained compared to the year before M&A

event. Since such dynamics retraces closely the one for retraining activity at

plant level shown in figure (3.1), it is an indication that the reskilling effort in

15All individual-level results are robust to including industry-specific trends rather than an
overall trend.

16Since individual trajectories after exposure may imply spells of non-employment, the
outcome variable days in employment can include several zeros, therefore it is expressed as
share of its level in the year before the event, thus yiτ = Yiτ/Yi ,−1.

17Since figure (3.1) shows that average hourly wages in the plant are rather stable after
the acquisition, and being difficult in general that hourly wages are decreased for workers
keeping their job, the evidence in the second panel of figure (3.2) is most likely due to worst
re-employment prospects for workers leaving the acquired plant.
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Figure 3.2: Worker-level evidence
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The figure shows the dynamics for workers in target establishments of a

merger. The graph depicts the dynamic coefficients βτ and the respective

95% confidence intervals from equation (3.2). The dependent variables

in the three panels are the following: number of days in employment for

individual i as a share of its level in t −1, log of hourly wage for individual i

if employed, an indicator taking value 1 if the individual has been retrained

in year t .
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the new organization is directed towards workers already employed in target

plants, rather than towards new hires.

The worker-level evidence so far suggests that incumbent workers in

target plants are those bearing a large share of the readjustment costs after

the merger. One reason for such evidence could be related to the specific tasks

that incumbent workers were performing in the acquired plant. If such tasks

are those that in the new organization tend to disappear, then employees that

were performing them are those more prone to be displaced or to be induced

to readjust their skills to be reassigned to other tasks. To shed light on the

possible heterogeneous consequences of acquisition for incumbent workers

who are employed in different tasks, I estimate the following modification of

the specification in equation (3.2):

yi t =
4∑

τ 6=−1;τ=−2
ατI jτ+

4∑
τ 6=−1;τ=−3

δτI jτZo +
4∑

τ 6=−1;τ=−3
φτI jτM A j

+
4∑

τ 6=−1;τ=−3
βτI jτM A j Zo +γi +γt +εi t

(3.3)

where Zo is a standardized task content index for three-digits occupation

o. The specification is estimated for each of the four indexes of task con-

tent introduced in Autor et al. (2003): routine-manual, nonroutine-manual,

routine-cognitive, nonroutine-cognitive18. The coefficient of interest βτ rep-

resents the differential effect for workers in target plants with one standard

deviation higher task content Zo , compared to those with mean level of Zo .

Figure (3.3) shows that the task content of the occupation that incumbent

workers were performing before their plant was acquired can explain part of

the heterogeneous effect of M&As on their employment prospect after the

acquisition. Individuals performing cognitive tasks works more days after

the event compared to individuals employed in manual occupations before

the acquisition (up to 5 percentage points more days per year in the third

year after acquisition). On the other hand such task content does not seem

to drive differential effects on hourly wages after the acquisition and on the

probability of being retrained. Note however that the main effect for workers

in the average task content occupation is represented in the figure (3.2).

18See tables A1-A2-A3 in Pulito (2022) for the value of each index for all three-digits occupa-
tions. See table (3.5) for their average level over the three occupational clusters.
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Overall, the analysis at worker level shows that target plants in M&As un-

dergo substantial change in their internal workforce structure. Incumbent

workers, especially those that were performing manual tasks, bear consider-

able readjustment costs, with an increased probability of being displaced and

the need to readjust to other tasks. There is evidence that firms retrain at least

part of such workers in acquired plants, to possibly move them to other tasks

within the organization.

3.7 Conclusions

M&As are important events in market economies, as they may contribute to

change the efficiency of companies at the micro level, while also affecting

the firm size distribution at the macro level through concentration processes.

This paper contributes to the literature on the mechanisms behind M&As by

investigating how the internal organization is restructured in the proximity

of acquisition. The evidence points to a productivity and efficiency motive,

where less efficient firms are taken over by more productive ones which then

undertake a reorganization of acquired plants.

The analysis focuses on what happens in target establishments of M&As

events in Denmark over the period 1995-2012 and in particular it investigates

whether a task dimension is relevant to explain the post-merger readjustment

process. The findings show that firms try to improve productivity of acquired

plants through reshuffling of their labour force: total employment is reduced,

while average wages decrease primarily through a reduction in working hours.

From the labour market trajectories of incumbent workers in target plants

there is evidence that firms change the aggregate task composition by displac-

ing workers that were performing more manual tasks, while keeping those

in cognitive occupations. This evidence would hint towards a shift in the ag-

gregate task composition of the plant that implies a reassignment of workers

to more productive jobs. Retraining is shown to represent a viable channel

to favour such reassignment: the average retraining activity increases in tar-

get plants after acquisition and a good share of such retraining is devoted to

adapt the skills of those incumbent workers that are not displaced but possibly

moved to other tasks within the organization.
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The adjustment of workforce after M&As could also be associated to adop-

tion of new technologies that may contribute to change the internal demand

for tasks and therefore for workers’ skills. The investigation of such mecha-

nism is an interesting topic for future research.
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3.8 Appendix

3.8.1 Tables and Figures
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Figure 3.3: Worker-level evidence: task content
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The figure shows the dynamics for workers in target establishments of a

merger. The graph depicts the dynamic coefficients βτ and the respective

95% confidence intervals from equation (3.3). The dependent variables

in the three panels are the following: number of days in employment for

individual i as a share of its level in t−1, log of hourly wage for individual i if

employed, an indicator taking value 1 if the individual has been retrained in

year t . The coefficient represents the differential effect for workers in target

plants with one standard deviation higher task content Zo compared to

those with average level of Zo . The four indexes of task content Zo depicted

with different colours are the following: nonroutine-manual (NRM), routine-

manual (RM), nonroutine-cognitive (NRC), routine-cognitive (RC).
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Table 3.1: Merger and Acquisition events over sample period

year No. events year No. events
1995 72 2004 57
1996 64 2005 40
1997 58 2006 59
1998 76 2007 89
1999 52 2008 55
2000 49 2009 75
2001 62 2010 52
2002 36 2011 53
2003 56 2012 52

Notes: The table reports the distribution of the identified 1,057 M&As events

over the sample period. See section (3.2) for a description of the approach

to identify such events.

Table 3.2: M&A events by sector of target plant

NACE 2 digits Sector No. events
02-09 Agriculture, Mining and quarrying 35
10-33 Manufacturing 208
35-39 Utility services 14
41-43 Construction 29
45-53 Trade 409
55-56 Hotels and restaurant 45
58-63 Information and communication 35
64-66 Finance and insurance 37

68 Real estate 60
69-82 Other business services 89
84-94 Public administration, entertainment 73
95-98 Other services 23

Same Nace2 of Acquirer 61.1%
Same Nace4 of Acquirer 51.9%

Notes: The table reports the distribution of the identified 1,057 M&As events

by industrial sector. See section (3.2) for a description of the approach to

identify such events.
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Table 3.3: Acquirer and Target firms - descriptives

Target Acquirer p-value
No. firms 973 866
Tot employment 43,371 194,380
Avg. Employment 44.57 265.91 0.00
Revenues (100k kr) 621.71 2234.72 0.00
Tot. wage bill (100k kr) 121.95 619.74 0.00
Firm tenure 4.67 4.53 0.32
Lab. Market experience 15.42 15.46 0.86
Bachelor or higher 0.25 0.29 0.00
Lower secondary educ. 0.26 0.25 0.37
"Professionals & managers" 0.23 0.20 0.00
"Clerks" 0.32 0.49 0.00
"Labourers & operators" 0.44 0.31 0.00
Union membership 0.76 0.80 0.00
Age 38.52 39.83 0.00
Male 0.56 0.45 0.00
Training 0.13 0.11 0.00
Labour productivity (100k kr) 4.78 5.75 0.08
Hourly wage (kr) 182.34 156.34 0.00

Notes: The table reports the means of firm-level covariates for acquirer

and target firms in the year before acquisition. Variables from Firm tenure

onwards are weighted by firm employment. Last column reports the p-value

of a test of equality of means. Firm tenure and Labour market experience

are expressed in years. All monetary variables are deflated at 1999 level.

Variables from Bachelor or higher to Training are share of workers over total

firm employment. Labour productivity is value added per worker.
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Table 3.4: Establishment probability of being acquired

Dep var: 1 if acquired (1) (2) (3) (4)
Log Avg. wage 0.0001* -0.0000

(0.0001) (0.0001)
Log lab. market exper. 0.0001* 0.0001*

(0.0001) (0.0001)
Log tenure 0.0001** 0.0001

(0.0001) (0.0001)
Union 0.0005*** 0.0005***

(0.0001) (0.0001)
"Labourers & operators" -0.0000 -0.0000

(0.0001) (0.0001)
Bachelor or higher -0.0002 -0.0002

(0.0002) (0.0002)
Log revenues 0.0000 0.0000

(0.0000) (0.0000)
Growth revenues (t-1) -0.0005*** -0.0004***

(0.0001) (0.0001)
F.E. nace2-year X X X X
F.E. region-year X X X X
Observations 780,750 780,750 780,750 780,750
R-squared 0.005 0.005 0.005 0.005

Notes: The table reports coefficient estimates of a linear probability model where

the dependent variable takes value 1 if the plant will be acquired in a M&A event

the following year. The second column includes internal organization variables, the

third column include covariates capturing the performance of the target firm. In

particular Growth revenues (t-1) is the log difference of revenues between t −1 and

t −2. Variables Union, Labourers & operators, Bachelor or higher are shares over total

plant employment. Last column includes all covariates. All regressions control for

sector-year and region-year fixed effects.
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Table 3.5: Descriptive statistics by cluster

(1) Professionals (2) Clerks (3) Labourers
& managers & operators

Nonroutine cognitive 0.743 0.481 0.233
Routine cognitive 0.773 0.591 0.310
Nonroutine manual 0.252 0.207 0.424
Routine manual 0.490 0.448 0.785
Specificity 0.525 0.281 0.570
Offshorability (Blinder 2009) 0.589 0.427 0.476
Offshorability (AD 2013) 0.638 0.644 0.672
Avg. distance of transitions 0.305 0.337 0.243
Avg. Annual Earnings 393,023 kr 259,964 kr 238,120 kr
Age 36.2 33.7 34.8

Notes: The table reports weighted averages of task indexes by occupational cluster

obtained with the clustering algorithm. All indexes have a [0,1] domain. Weights and

average annual earnings are computed on the sample used for the main analysis

over years 1995-2007. Earnings in Danish kronas have been deflated at 1999 price

level. Distance is the angular distance between 13-dimensions task-content vectors

for each three digit occupation, rescaled on a [0;1] domain. The overall average

distance of occupational transitions in the sample is 0.277. See Pulito (2022) for more

information about indexes and occupational clustering.
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Table 3.6: Balancing test - Establishment level - targeted covariates /1

treated control p-value year
No. obs in t-1 752 14,152
Log Employment 3.13 3.05 0.92 1994
Log Employment 2.90 3.28 0.80 1998
Log Employment 3.29 3.33 0.96 2002
Log Employment 2.90 2.97 0.94 2006
Log Employment 2.76 2.89 0.91 2011
Log total payroll 15.10 15.03 0.98 1994
Log total payroll 14.83 15.28 0.94 1998
Log total payroll 15.72 15.81 0.97 2002
Log total payroll 15.23 15.38 0.98 2006
Log total payroll 15.36 15.52 0.98 2011
Log hourly wage 4.76 4.79 0.98 1994
Log hourly wage 4.93 4.97 0.98 1998
Log hourly wage 5.24 5.24 1.00 2002
Log hourly wage 5.28 5.34 0.97 2006
Log hourly wage 5.38 5.42 0.98 2011
Log revenues per worker 14.96 15.00 0.99 1994
Log revenues per worker 13.04 13.31 0.96 1998
Log revenues per worker 11.48 9.77 0.47 2002
Log revenues per worker 13.02 13.28 0.94 2006
Log revenues per worker 11.53 11.82 0.95 2011
Share Cl. "Professionals and managers" 0.11 0.13 0.83 1994
Share Cl. "Professionals and managers" 0.19 0.19 0.96 1998
Share Cl. "Professionals and managers" 0.17 0.20 0.57 2002
Share Cl. "Professionals and managers" 0.10 0.14 0.63 2006
Share Cl. "Professionals and managers" 0.23 0.18 0.81 2011
Share Cl. "Labourers and operators" 0.37 0.35 0.87 1994
Share Cl. "Labourers and operators" 0.46 0.53 0.77 1998
Share Cl. "Labourers and operators" 0.48 0.42 0.68 2002
Share Cl. "Labourers and operators" 0.33 0.34 0.91 2006
Share Cl. "Labourers and operators" 0.31 0.35 0.83 2011

Notes: The table reports tests for the means of the targeted covariates for acquired

establishments in M&As and for weighted control establishments. Weights are ob-

tained with entropy balancing year by year for the period before the event for target

plants, therefore the whole sample covers the years 1995-2012. To make the table

not excessively long, only the tests for some years are reported. The hypothesis of

equality of means is not rejected at conventional significance levels for all years. Table

(3.9) shows that balancing is retained by pooling all years together. The sample is the

balanced one on the event window [−3,+4], which is used for estimation.
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Table 3.7: Balancing test - Establishment level - targeted covariates /2

treated control p-value year
No. obs in t-1 752 14,152
Share Higher education 0.08 0.09 0.73 1994
Share Higher education 0.13 0.15 0.83 1998
Share Higher education 0.12 0.14 0.67 2002
Share Higher education 0.11 0.14 0.75 2006
Share Higher education 0.26 0.27 0.98 2011
Age 36.06 36.08 1.00 1994
Age 38.73 37.25 0.92 1998
Age 37.89 39.56 0.82 2002
Age 31.34 32.82 0.90 2006
Age 35.69 37.13 0.91 2011
Labour market experience 14.45 14.07 0.89 1994
Labour market experience 14.39 13.44 0.87 1998
Labour market experience 16.40 17.37 0.78 2002
Labour market experience 10.18 11.05 0.86 2006
Labour market experience 13.63 14.72 0.86 2011
Firm Tenure 4.14 4.16 0.98 1994
Firm Tenure 3.77 3.80 0.99 1998
Firm Tenure 5.56 5.76 0.89 2002
Firm Tenure 2.86 3.42 0.74 2006
Firm Tenure 3.08 3.58 0.75 2011
Share males 0.67 0.67 0.99 1994
Share males 0.62 0.63 0.97 1998
Share males 0.60 0.60 1.00 2002
Share males 0.33 0.42 0.63 2006
Share males 0.55 0.55 0.99 2011

Notes: The table reports tests for the means of the targeted covariates for acquired

establishments in M&As and for weighted control establishments. Weights are ob-

tained with entropy balancing year by year for the period before the event for target

plants, therefore the whole sample covers the years 1995-2012. To make the table

not excessively long, only the tests for some years are reported. The hypothesis of

equality of means is not rejected at conventional significance levels for all years. Table

(3.9) shows that balancing is retained by pooling all years together. The sample is the

balanced one on the event window [−3,+4], which is used for estimation.
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Table 3.8: Balancing test - Establishment level - non targeted covariates

treated control p-value year
No. obs in t-1 752 14,152
Log revenues 18.01 17.98 0.99 1994
Log revenues 15.81 16.49 0.92 1998
Log revenues 14.13 12.09 0.50 2002
Log revenues 15.50 15.92 0.92 2006
Log revenues 13.68 14.14 0.94 2011
Log avg. annual wage 1.79 1.85 0.88 1994
Log avg. annual wage 1.85 1.92 0.94 1998
Log avg. annual wage 2.76 2.87 0.83 2002
Log avg. annual wage 2.17 2.50 0.77 2006
Log avg. annual wage 3.22 3.41 0.91 2011
Educ. Lower secondary 0.22 0.27 0.56 1994
Educ. Lower secondary 0.30 0.32 0.87 1998
Educ. Lower secondary 0.27 0.21 0.28 2002
Educ. Lower secondary 0.34 0.29 0.53 2006
Educ. Lower secondary 0.25 0.28 0.81 2011
Educ. Upper secondary 0.70 0.63 0.58 1994
Educ. Upper secondary 0.57 0.52 0.81 1998
Educ. Upper secondary 0.59 0.63 0.68 2002
Educ. Upper secondary 0.54 0.55 0.94 2006
Educ. Upper secondary 0.48 0.45 0.89 2011
Share Cl. "Clerks" 0.52 0.53 0.94 1994
Share Cl. "Clerks" 0.35 0.27 0.62 1998
Share Cl. "Clerks" 0.36 0.38 0.81 2002
Share Cl. "Clerks" 0.58 0.52 0.75 2006
Share Cl. "Clerks" 0.46 0.47 0.96 2011
Share training 0.13 0.13 0.88 1994
Share training 0.15 0.12 0.61 1998
Share training 0.13 0.09 0.31 2002
Share training 0.21 0.12 0.36 2006
Share training 0.11 0.10 0.90 2011
Share union membership 0.73 0.67 0.66 1994
Share union membership 0.73 0.74 0.99 1998
Share union membership 0.79 0.73 0.69 2002
Share union membership 0.65 0.59 0.76 2006
Share union membership 0.54 0.60 0.83 2011

Notes: The table reports tests for the means of some non targeted covariates for

acquired establishments in M&As and for weighted control establishments. Weights

are obtained with entropy balancing year by year for the period before the event for

target plants, therefore the whole sample covers the years 1995-2012. To make the

table not excessively long, only the tests for some years are reported. The hypothesis

of equality of means is not rejected at conventional significance levels for all years.

Table (3.9) shows that balancing is retained by pooling all years together. The sample

is the balanced one on the event window [−3,+4], which is used for estimation.
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Table 3.9: Balancing test - Establishment level (pooling years)

treated control p-value
No. obs in t-1 752 14,152
Targeted
Log Employment 3.08 3.19 0.70
Log total payroll 15.41 15.55 0.91
Log hourly wage 5.15 5.17 0.96
Log revenues per worker 12.98 13.06 0.94
Share Cl. "Professionals and managers" 0.15 0.16 0.68
Share Cl. "Labourers and operators" 0.44 0.45 0.86
Share Higher education 0.15 0.15 0.72
Age 37.43 37.28 0.96
Labour market experience 14.92 14.76 0.91
Firm Tenure 4.24 4.27 0.96
Share males 0.61 0.62 0.87
Non targeted
Log revenues 15.76 15.91 0.91
Log avg. annual wage 2.50 2.63 0.65
Educ. Lower secondary 0.28 0.28 0.93
Educ. Upper secondary 0.56 0.55 0.83
Share Cl. "Clerks" 0.41 0.39 0.60
Share training 0.12 0.11 0.86
Share union membership 0.69 0.67 0.73

Notes: The table reports tests for the means of the targeted and non targeted covari-

ates for acquired establishments in M&As and for weighted control establishments.

Weights are obtained with entropy balancing for the period before the event for target

plants. The hypothesis of equality of means is not rejected at conventional signifi-

cance levels. The sample is the balanced one on the event window [−3,+4], which is

used for estimation.
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Table 3.10: Balancing test - Worker level

treated control p-value
No. obs in t-1 11,533 15,337
Targeted
Age 42.07 42.07 0.99
Male 0.66 0.66 0.99
Firm Tenure 7.83 7.83 0.99
Labour market experience 19.60 19.60 0.99
Union member 0.80 0.80 0.98
Cl. "Professionals and managers" 0.19 0.19 0.98
Cl. "Labourers and operators" 0.55 0.55 0.98
Educ. Lower secondary 0.28 0.28 0.98
Educ. Upper secondary 0.54 0.54 0.99
Educ. Bachelor 0.13 0.13 0.99
Educ. Postgraduate 0.04 0.04 0.99
Non targeted
Immigrant 0.04 0.04 0.91
Log days employed 5.83 5.83 0.43
Training 0.16 0.16 0.41

Notes: The table reports tests for the means of the targeted and non targeted covariates

for incumbent workers in target plants and for weighted control workers in control

establishments. Weights are obtained with entropy balancing for the period before

the event for incumbent workers in target and control plants. The hypothesis of

equality of means is not rejected at conventional significance levels.
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