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Introduction and Overview

This research work covers three essays that deal with the impact of technology on labour
markets worldwide (chapter 1 and 3) and the macroeconomic role of search frictions
(chapter 2 and 3). In what follows I provide a short summary and a brief discussion of

the main contributions and scientific relevance of the essays.

Modern economies have witnessed a massive inflow of technology in the last decades
of 20th century. Computers, software, communication technologies (henceforth ICT)
have become a key capital asset in most sectors and have replaced a huge variety of
human tasks. More recently, there has been a trend in automating part of, if not all, the
production process that, together with the codifiable actions available with the use of ICT,
ended up in a vaste wave of robotization and digital automation. On the one side, this has
brought important productivity gains and contributed substantially to GDP growth. On
the other side, it has raised several questions concerning the size and the heterogeneity
of the impact of technology on the labour market. Indeed, while the rise of productivity
generated by the technological change may push labour demand, the increasing tasks
carried out by computers, robots and, in the near future, artificial intelligence, may dis-

place workers and reduce labour demand.

Chapter 1 provides an analysis that contributes to the current discussion concerning
automation and insists on the following highly debated questions: Do robots reduce em-
ployment? Does the impact of automation on labour market differ between developed
and developing countries? Is the global value chain affected by the automation wave?
Most of the literature so far has focused on developed countries (see Acemoglu and Re-

strepo, 2018; Chiacchio et al., 2018; Dauth et al., 2017; Graetz and Michaels, 2015), despite



Introduction and Overview

the increasing interest in the occupational consequences of automation in the developing
world (World Bank, 2016). Moreover, a increasing bulk of research discusses the hypoth-
esis that automation is bringing back to developed countries those economic activities
that have been off-shored in countries where the cost of labour was low (UNCTAD, 2016;
Cohen et al., 2016). First evidence provided by De Backer and Flaig (2017) shows that,
indeed, the degree of off-shoring has diminished between 2000 and 2014. What remains
unclear is to what extent this translates into employment loss in developing countries
and in which sectors.

In chapter 11 show that the worldwide impact of robots on employment is negative,
largely driven by the effect in developing countries, for which I quantify a loss of em-
ployment of more then ten percent. This impact is relevant mainly for manufacturing
sectors representing 85 percent of the data on robots. Sectoral spillovers turn out to be
there, indeed I find positive effect from robots in manufacturing to employment outside
manufacturing. These results are obtained with a novel instrumental variable captur-
ing the degree of technological progress of robots at country level given by the range of
tasks carried out by robots. I argue that these are endogenous to the stock of robots at
sectoral level, but exogenous to overall employment. Looking at the re-shoring story, I
confirm what (De Backer and Flaig, 2017) have found and provide a magnitude of the loss
of employment in developing countries due to re-shoring. It is about 5%.

By looking at these results, it is clear that the nature of production, trade and, as
a consequence, of the labour markets is changing rapidly. The changes come from the
interdependent relations between these three environments, as well as from changes
within each environment. Chapter 2 discusses an element belonging strictly to the labour
market, namely, the presence of search costs, that will be exploited in chapter 3 for a
second issue connected to the impact of technology on labour.

Search costs represent a key ingredient of modern micro- and macroeconomics of the
labour markets. Economic models embedding the search process have been successful
in explain several job market facts, such as the presence of frictional unemployment, the

evolution of job creation and job destruction, the presence of employer’s and employee’s



Introduction and Overview

rent. However, the business cycle properties of search models proved to be poor. Shimer
(2005) is the first to show that the volatility of vacancies and unemployment in the data
was not hit by those in the model. This puzzle has generated an intense debate on the
property of the matching function and on the possibility of using wage stickiness to re-
produce the volatility in the data (see Hall, 2005; Hall and Milgrom, 2008). Pissarides
(2009) has proposed a modification of the job creation condition that allows for a por-
tion of search search cost being, namely, costs that do not vary with the duration of the
vacancy.

This has important theoretical implications. Assuming that all search costs move
one to one with search duration dampens the number of vacancies open by the firms in
periods of expansion because of a sort of crowding out effect. Instead, if search costs are
mainly fixed, firms are in the condition to open as much vacancies they want to adjust
their labour force. Given the lack of data on search cost and search duration, Pissarides
(2009) proposes a simulation where he builds on real data of labour market tightness, job
finding rate and job separation and compute the elasticity of tightness with respect to
the productivity shock, for different share of fixed costs. It turns out that search costs
entirely fixed are able to generate the volatility of tightness observed in the data.

The analysis of chapter 2 aims at providing an empirical assessment to the hypothesis
of Pissarides (2009). First, I document the existence of a volatility puzzle also in Germany
(see also Gartner et al., 2009). Second, I use two waves of the German Job Vacancy Survey
(2014 and 2015) containing novel information on the duration of the vacancy and the cost
the employer bears to fill the vacancy (among others, headhunter, advertising, travel
reimbursement for the interview). Together with precious data on plant and vacancy
characteristics, the analysis assesses the dependence of search costs on search duration
via an OLS and IV approach. In both cases, the search costs appear to be weakly, if not
linked at all, with the duration of the vacancy. This result gives a first empirical validation
to the hypothesis of Pissarides (2009).

The study goes further and simulate the German labour market computing the elas-

ticity of labour market tightness with respect to productivity for different share of fixed
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search costs. The volatility observed in the data for Germany fits with a calibration where
fixed costs represents at least 74% of total search costs. This result is highly consistent
with the outcome of the empirical analysis. The study of chapter 2, apart from its con-
tribution to the knowledge of the heterogeneity of search costs and search duration and
the validation of the theoretical argument of Pissarides (2009), it consists in an innovative
example of micro data usage to explore macroeconomic facts.

As anticipated before, this essay proposes to the reader a second analysis regarding
the link between technology and labour market. The fear that technological capital might
displace workers has attracted the attention of researchers on one of the so called "styl-
ized facts" of macroeconomics. This is the constancy of the labour share, computed as
the share of labour compensation in the GDP (Kaldor, 1955). Its constancy is not only the
result of theoretical models but the evidence of extensive empirical literature. In the last
years, however, the labour share has behaved far from being constant, instead it declined
constantly in many countries (see OECD, 2012; Raurich et al., 2012; Arpaia et al., 2009).
This has given rise to a flourishing debate on the elasticity of substitution between cap-
ital and labour as well as on the overall factors that may influence the labour share (see
Autor et al., 2017; Antras, 2004).

The literature that used the stock of capital and labour did not find a role for the
elasticity of substitution in lowering the labour share. Then, new contributions came up
in the last years, that have exploited the variation in the price of inputs and the distinction
between technological and non-technological equipment. These two elements turned out
to be relevant. Indeed ICT equipment have witnessed a rapid decline in their cost since
the 1980s, reflecting the improved performance in computation and memory storage.
Conversely, non-technological capital has been trendless. Therefore some researcher
started to look at the price of capital (Karabarbounis and Neiman, 2014) or at the impact
of different type of capital (Eden and Gaggl, 2018).

Chapter 3 contributes to the literature by providing a theoretical equation for the
labour share depending on the price of ICT capital. Moreover, given the rising interest in

search frictions and the matching process, it provides the answer to the following ques-
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tion: in a context where technological capital becomes (at constant lower cost) substitute
to labour, do labour market frictions play any role? Therefore, I propose a modification
that adds the search costs as a further element in the standard profit maximization based
on labour and capital costs. From the model, it follows that we may expect either an ex-
acerbation of the substitution between capital and labour, or a dampening effect on the
labour demand.

For eight European countries and the US, we estimate, first, the aggregate elasticity of
substitution between capital and labour, then, the elasticity of substitution between ICT
and labour. Both with and without the search costs. We find that the aggregate elasticity
is unable to explain the decline in the labour share, as the majority of the estimates in
the previous literature point to. Instead, the elasticity of substitution between ICT and
labour is statistically larger than one and robust to a number of alternative specifications.
According to our computation, this magnitude explains between one third and two third
of the decline in the labour share.

When we account for the presence of search costs in the labour market, we find that
the ICT-labour substitution is still key for the decline in the labour share, but that search
costs acts also in this sense by decreasing labour demand. The channels through which
labour share is declining turn out to be two: the drop in ICT price and the rise of search
costs, the first through displacing workers the second by depressing labour demand.

In the second part of the essay, I assess the link of the displacement effect with the
structure of the labour market and its institutions. It turns out that institutions do not
seem to be relevant (as already found by Elsby et al., 2013) while the elasticity correlates
significantly, and with similar magnitudes, with the share of routine workers (positively)

and the share of high-skill workers (negatively).
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1 Robots Worldwide: the Impact of
Automation on Employment and

Trade

Abstract. The impact of robots on employment and trade is a highly discussed topic in
the academic and public debates. Particularly, there are concerns that automation may
threat jobs in emerging countries given the erosion of the labour cost advantage. We
provide evidence on the effects of robots on worldwide employment, including emerging
economies. To instrument the use of robots, we introduce an index of technical progress,
defined as the ability of robots to carry out different tasks. Robots turn out to have a
significantly negative impact on worldwide employment. While it is small in developed
countries, for emerging economies it amounts to a drop of employment by 11% between
2005 and 2014. However, here, there appear positive spillovers especially from robotiza-
tion in manufacturing on employment outside manufacturing. Furthermore, we assess
cross-country effects, finding that robots in developed countries decrease off-shoring just
as employment in emerging economies.

This study has seen the collaboration of my coauthors, Enzo Weber and Ekkehard Ernst.

1.1 Introduction

The debate on the diffusion of robots is flourishing, with the number of studies rising
constantly. Scholars particularly focused on the impact of robots on employment. We

can summarize the approaches used to tackle this research question in two classes. Those
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2 Robots Worldwide 1.1. Introduction

using an industry-country panel setting (Graetz and Michaels, 2015; De Backer et al.,
2018) and those looking at local labour markets (Acemoglu and Restrepo, 2017; Dauth
et al., 2017; Chiacchio et al., 2018). Despite the high diffusion of robots in developing
countries, however, research has focused mainly on developed countries. In the following
paper we use the first approach to shed light on the role of robots in emerging economies
and to analyse the impact of automation on the global organisation of production.

The evidence of the impact of robots on employment is ambiguous, both within and
between the two approaches. Graetz and Michaels (2015) find no link between robots and
overall employment in developed countries, while De Backer et al. (2018) show a posi-
tive correlation between robot investment and employment within MNEs in developed
countries. Acemoglu and Restrepo (2017) show that one more robot per thousand work-
ers negatively affects the US employment-to-population ratio by 0.37 percentage points,
while Chiacchio et al. (2018) find a size of 0.16-0.20 pp in the EU. With a similar exercise,
Dauth et al. (2017) find no detrimental role of robots for overall employment, while they
see a compositional effect, namely, jobs lost in manufacturing are offset by new jobs in
the service sector.

This paper contributes to the literature in two ways. First, we are the first to present
evidence on the impact of robots on employment in emerging economies. The key point
is that while the diffusion of automation in middle- and low-income countries has been
as pronounced as in high-income countries, developing countries display several labour
market weaknesses - such as limited labour market institutions, high informality, large
share of employment in agriculture - that can be connected to larger adverse effect on
employment in these countries.

Second, attention has been increasing as regards the tendency of bringing produc-
tion back home to advanced economies, also known as re-shoring. Indeed, increasing
labour cost and the need of a shorter and more agile supply chain are among the factors
that reduce the advantage of off-shoring the production in developing countries. In this
regard, firms in developed countries may find it cheaper to automate certain processes

instead of running the production abroad (see UNCTAD, 2016). The implication would
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1.2. Background, data and descriptive statistics 2 Robots Worldwide

be a further detrimental effect on employment in middle- and low-income countries. In
this paper we assess to what extent robots affect off-shoring in high-income countries
and whether this matters for employment in middle- and low-income countries.

We find the following results. First, robots have a detrimental effect on employment
growth at the global level, more than eleven times stronger in emerging economies than
in developed economies. Second, the impact of robots on employment is not affected by
the level of labour intensity in developed economies, while the evidence on such non-
monotonic effects is mixed for emerging economies. We get these results using an OLS
approach applied to the long-run trend of the variables as well as with an IV approach
intended to capture the endogeneity between employment and robots. For that purpose,
we propose a new instrument for the stock of robots that measures the degree of tech-
nological progress based on the capability of robots to carry out different tasks. Over-
all, our estimates point to a long-run decline of employment in the relevant sectors of
about 5% due to an increase of the number of robots by 24% between 2005 and 2014. In
developed countries, this decline of employment amounts to 0.43%, while in emerging
economies it reaches almost 11%. However, we find that robotisation especially in man-
ufacturing has substantial positive spillover effects on employment outside the sector in
emerging economies, unlike in developed countries. Third, robots in developed coun-
tries reduce off-shoring and have an impact on employment in emerging economies of
-8% over 2005 - 2014.

All in all, these results demonstrate that if there are concerns about automation, and
robots in particular, these should first and foremost address to emerging economies. This
is in line with the warnings by the World Bank regarding the share of occupations subject

to automation in middle- and low-income countries (see World Bank, 2016).

1.2 Background, data and descriptive statistics

There is no empirical consensus on the consequences of automation on employment.

Mainly, this is related to the fact that there are several channels through which automa-
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2 Robots Worldwide 1.2. Background, data and descriptive statistics

tion operates in the production process. Specifically, Acemoglu and Restrepo (2018) illus-
trate four mechanisms that might counterbalance the displacement effect of automation:
a productivity effect, a capital accumulation effect, the deepening of automation (oper-
ating through an increase in productivity) and the creation of new tasks. Instead, the
authors point to some risks related to the phase of automation (excessive automation) or
to the capability of the labour market to adapt to the new required skills.!

The current literature has tackled the impact of robots on employment using two
approaches. The first used a panel setting with data at the country-industry level and
has found weak or no economic effects (see Graetz and Michaels, 2015; De Backer et al.,
2018). The second looks at the role of robots for local labour markets and has found a
detrimental effect in the US and the EU (see Acemoglu and Restrepo, 2017; Chiacchio
et al., 2018)2.

We obtain data on robots from the International Federation of Robotics (IFR) and
they refer to machines that are "automatically controlled, reprogrammable, multipurpose
manipulator, programmable in three or more axes, which can be either fixed in place
or mobile for use in industrial automation applications" (International Organisation for
Standardization, ISO). Our data for robots is available for 43 countries in seven broad
sectors and 13 sub-sectors within manufacturing. To get data on employment, value
added and capital input, we merge it with industry-level information available from the
Socio Economic Accounts (SEA) of the World Input-Output Database (WIOD) and use
market exchange rates provided by WIOD to convert nominal values into US dollars.
After the merge we remain with 41 countries and 15 sectors. The time dimension is
reduced to 2005-2014 because of data availability. In the IFR database, information for
Mexico and Canada is lumped together under "North America" before 2011. Therefore

we impute them using the yearly growth rate of robots in Canada and Mexico after 2010.

By looking at the stock, table 1.1 shows that in 2014 robots were primarily installed in

1 As regards this last point, see Warning and Weber (2018) on the consequences of digitalization on the
hiring process. The authors find no impact of company-internal digitization on hirings and separations,
while vacancies and abandoned searches increase.

2Except Dauth et al. (2017) that have found no effects for Germany.
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1.2. Background, data and descriptive statistics 2 Robots Worldwide

Japan, in the US, in the largest economies of the EU, but also in some emerging economies,
such as China, India and Brazil. The last column reports the average growth of value
added between 2000 and 2014, but the evidence is mixed: within each of the two country
groups, robots were installed in fast- as in slow-growth countries.

Given that robots perform their tasks at constant quality and almost an unlimited
number of times, industries characterized by a large share of workers that carry out
repetitive tasks, may find it profitable to substitute workers for robots. For this reason,
we look at the change of robots between 2014 and 2005 together with the labour inten-
sity in 2005, at the industry level. Table 1.2 reveals that, at the global level, robots spread
as much in labour-intensive sectors as in capital-intensive sectors. This is particularly
visible in emerging countries where automotive is more capital intensive, while in devel-
oped economies robots increased mainly in sectors such as automotive, basic metals and
electronics that display a more intense use of labour.

In figure 1.1 we plot the time series of the stock of robots across countries to give a
flavour of the evolution over time in both groups. We plot Japan and China in a separate
graph due to their extreme values within their groups. Among developed economies,
after Japan, Korea (Republic) emerges as one of the first investors of robots alongside the
United States and Germany, while Italy reveals a declining trend. As regards emerging
economies, India, Brazil and Mexico show the highest level of stock, followed by a mix-
ture of Asian and European countries and Russia. China stands out as the country that
has bought more robots than any other country in the world since 2013 and is expected
to expand even more, given the planned target of 100,000 robots per year by 2030.

In addition, we present some descriptives at industry level. We follow the same clas-
sification as in Acemoglu and Restrepo (2017) and use those industries resulting from
merging the robot database with the socio-economic accounts of the World Input-Output
database. The striking fact of Figure 1.2 is that the distribution of robots across industries
is almost identical in developed and emerging countries. In both sub-regions the installa-
tion of industrial robots regards essentially the manufacturing sector and is concentrated

in the automotive industry.
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Table 1.1: Descriptive statistics by country, overall sample, 2014.

Employees Average A Employees Average A
Country Robots (0005) In(VA) Country Robots (000) In(VA)
2014-2005 2014-2005

Japan 295829 53310 0.00 Turkey 6286 20049 0.07
United States 219434 145951 0.04 Switzerland 5764 4161 0.07
China 189358 858367 0.15 Indonesia 5201 74641 0.11
Korea, Republic of 176833 17547 0.07 Denmark 5119 2575 0.05
Germany 175768 38307 0.05 Hungary 4302 3834 0.08
Italy 59823 18127 0.04 Finland 4178 2196 0.05
Taiwan 43484 8308 0.03 Slovakia 3891 1896 0.11
France 32233 24545 0.05 Portugal 2870 3794 0.05
Spain 27983 15495 0.06 Russian Federation 2694 60265 0.14
United Kingdom 16935 26412 0.05 Slovenia 1819 745 0.06
India 11760 314882 0.11 Romania 1361 6171 0.12
Sweden 10742 4518 0.06 Norway 1008 2588 0.08
Brazil 9557 93704 0.09 Ireland 667 1593 0.07
Czech Republic 9543 4326 0.09 Greece 392 2625 0.04
Mexico 9277 25686 0.05 Bulgaria 197 2685 0.10
Netherlands 8470 7228 0.05 Croatia 121 1304 0.07
Canada 8180 16794 0.06 Estonia 83 561 0.11
Belgium 7995 3795 0.06 Lithuania 57 1157 0.10
Australia 7927 10669 0.09 Latvia 19 791 0.10
Austria 7237 3697 0.06 Malta 12 172 0.07
Poland 6401 12311 0.08

Source: IFR and SEA (WIOD)
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Table 1.2: Descriptive statistics by sector, overall sample.

World Developed economies Emerging economies
ARobot  Labour | ARobot  Labour A Robot  Labour

stock inten- stock inten- stock inten-
Sector . . .

2014- sity 2014- sity 2014- sity

2005 (2005) 2005 (2005) 2005 (2005)
Education/research&development 2 6.4 -21 6.5 64 6.2
Textiles 3 2.4 -2 2.4 17 2.3
Basic metals 1172 1.8 1257 2 940 1.2
Wood and Paper -23 1.8 -39 2 22 0.9
Automotive 6019 1.6 5106 21 8509 0.1
Construction 28 1.6 29 1.8 25 0.9
Rubber, plastic and mineral products 733 1.4 201 1.6 2183 0.8
Industrial machinery 249 1.4 -64 1.2 1102 1.8
Electronics 3035 1.3 2995 1.4 3143 1.1
Food and beverages 749 1.1 878 1.3 397 0.6
Agriculture 13 0.9 14 0.6 9 1.6
Chimicals and fuel 306 0.8 383 0.8 96 0.8
Mining and quarrying 4 0.5 4 0.4 1 0.9
Utilities 1 0.4 -1 0.4 8 0.6

Source: IFR and SEA (WIOD)
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Figure 1.1: Evolution of the stock of robots (in "000s)
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1.3 Theoretical and empirical approach

We run our analysis assuming a standard Cobb-Douglas production function for output

Y in sector i, country j and year t, Y;;; = L%,/ K b We log-linearize the production function

ijttNijte

and derive the labour demand as follows,
In(Lijt) = In(a) + In(Yijt) - In(Wije), (1.1)

where Wjj; denotes the wage in sector i, country j, year t. We work with equation 1.1 and
add as covariate the log of robot stock InR;j;. As we show in Section 2, robots increased
more in labour-intensive sectors. Therefore we also include a dummy equal to one if the
ratio employees/capital compensation in sector i, country j is larger than the country
mean in year t, and zero otherwise. Following the approach of De Backer et al. (2018),
we use this variable also in an interaction with robots. To avoid contemporaneous endo-
geneity, we measure the labour intensity at the beginning of the sample period, namely,

2005.

Moreover we have to deal with two other sources of potential endogeneity. First, in
developed and emerging markets both employment and robot stock may be affected by
transitory fluctuations of other factors such as foreign investments, financial frictions
or trade tariffs, which would bias the estimated effect of robots upwards. To tackle this
problem, we follow Karabarbounis and Neiman (2013) and use cross-country variation in
trends in the stock of employment and robots. This eliminates the influence of temporary
contemporaneous shocks.

Second, reverse causality might be an issue. For instance, the abundance of workers
may decrease the incentive to install robots. To deal with this issue, we start from the con-
sideration that our estimation would be unbiased, if robot investments were exclusively
the result of the intrinsic properties of this type of automation, such as its technological
level and the tasks it can do. The IFR dataset provides the number of robots in each task

(named "application") at country level. Robots are classified in 35 applications, clustered
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2 Robots Worldwide 1.3. Theoretical and empirical approach

in 6 macro-classes: handling operations and machine tending, welding and soldering,
dispensing, processing, assembling and disassembling, cleaning. A general trend that we
detect from the data is that robot usage starts in few applications and over the years it
spreads across all the other application. This reflects one facet of technological improve-
ment of automation, namely, the practical ability of carrying out more and more tasks.
It is also called "automation at the extensive margin" (see Acemoglu and Restrepo, 2018)
and it is key for displacement of workers. Of course, the widening of robot usage across
applications is not unbound from the structure of employment. For instance, the scarcity
of cleaners and the abundance of assemblers could lead to more use of cleaning robots.
However, cleaning robots would be exogenous to aggregate employment.

In Figure 1.3 we plot the evolution of applications worldwide. We compare applica-
tions where robot usage is among the highest (top 25th percentile) in 1993 with appli-
cations that experienced the largest (top 25th percentile) increase of robots between the
beginning of the series and 2015. No application is in both groups: this already indicates
that the increase of the stock of robots goes hand-in-hand with a robotization across ap-
plications. The figure helps us visualize our reasoning about the instrument we are going
to introduce, namely, if technical change is the practical ability of automate several dif-
ferent applications, the increase of technical change correlates positively with a lower
dispersion of robots across applications. Indeed the dispersion in 1993 for the selected
application is much lower than in 2015, just as for all applications, which can however
not be shown within one figure.

In practical terms, we generate the share of robots in each application and we compute
the index of technical progress TP;as the inverse of the standard deviation of the shares
in year t. The logic behind is that the higher is the capability of robots of doing different
tasks and the more even is their distribution among the applications, the lower will be
the standard deviation, hence the higher will be the TP index.

In order to motivate our instrument, we use a stylized analytical framework to ex-
plain the usage of robots depending on their technological frontier. To this purpose, we

simplify the range of robots to type 1 and type 2, with each type corresponding to a cer-
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Figure 1.3: Robot stock (log of) by application. In circle applications with top
robot usage in 1993, in triangle application with top robot growth between
1993 and 2015.
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tain task. A given output of robots Yg; shall be produced according to the following CES

function

Yie= [(21R1) T +(meRen) © - (1.2)
where R;; is the stock of robot i and 7;; its technological frontier in time t. The param-
eter € describes the elasticity of substitution between the two types of robot, or tasks.
We show later that our results do not depend on the degree of complementarity or sub-
stitutability of the tasks. We assume the product market of robots being competitive,
therefore the price of robot P; corresponds to its marginal product. Moreover, we are not
interested in the absolute usage of robots, but rather in their relative demand, thus we

write (algebra in the Appendix)

R r e-1 P €
Rip _ <£> <ﬁ> (13)
R2,t T2t P 1,t

As usual, price shocks impact the usage of robots as predicted in a standard downward

sloping demand curve. In particular, we use a stochastic specification of the technological
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frontier r that allows us to generalize the advancement in technology in each type of

robot. The laws of motion of technology are given by

Tt = T1,-1(1+ g1,) (1.4)
1.4

Tot = Tz,t—l(l + gz,t)

where g;; is the technological shock of robot type i, with bivariate density function

(g1,1,82,¢ | t—=1) ~ F(7i -1, 7j 1-1). Here we distinguish between two technologies.

+ One that advances with shocks to only one type of tasks in machines and gener-
ates automation at the intensive margin (deepening of automation in Acemoglu and

Restrepo, 2018), with conditional expectation of g; ;/g2; given by the function

df _, _df

, >0 (1.5)
dTl,t—l de,t—l

E(g1,t/82, | t-1) = f(71,4-1, T2,0-1)

« The other that proceeds by spreading and affecting more and more tasks (automa-

tion at the extensive margin), where the advancement in tasks i favors the advance-

ment in task j. In this case, the conditional expectation of the relative shock are
governed by

df _, _df

b
dTl,t—1 de,t—l

E(g1,t/g2 | t-1) = f(71,6-1, T2,6-1) >0 (1.6)

Conversely to the first type of technological advancement, this second type creates

labour displacement.

In other words, in case of automation we condition the shock on technology i to the
frontier of both technologies in time ¢ - 1, with the impact from an additional innovation
to the frontier of i being smaller than the impact from an additional innovation to the
frontier of j. This setting does not prevent infinite technological progress, but it foresees
a challenge in improving further a technology relative to another one, when the first is

leading in the technological frontier.
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Now we explore which implications this specification has on our demand for robots.
With e larger than one, i.e. robots being gross substitute, the relative demand of robots
is described by equation (1.3). If 7y, is leading, i.e. it is the more advanced technology,
then R; ; > Ry (up to price differences). For the property of the distribution function, 7y
being the leader, 7, will tend to catch up. This will increase the demand for R, relative
to R; and, by definition, reduce the dispersion of robots across the two classes. In case €
is smaller than one, namely, with robots being gross complement, if 7; ; is leading, then
Ryt < Ry ;. For the same mechanism as above, further shocks to the technological frontier
of the robots will make 7, catch up and R; increase, again with the result of reducing the
dispersion.

Logically, this stylized approach suggests a negative correlation of technological change
and robot dispersion, which we will exploit for instrumenting purposes. As a general
multivariate measure for the dispersion we can use the standard deviation of the de-
mand for robots. We present its derivation (algebra in the Appendix) in the case of €

larger than one and 7; leading,

o i\ 1
SDr; =Y, LA 1.7
Rt R,t(Pit P, )2 (1.7)

In order to check the plausibility of this measure, we compare it with another tech-
nological input that has recently experienced a technological improvement, namely, In-
formation Communication Technologies (ICTs)®. In particular we compare the average
standard deviation of the robot shares with the average ICTs price index for a set of Eu-
ropean countries and the US. The countries of the sample are Austria, Denmark, France,
Germany, Italy, the Netherlands, Spain, United Kingdom, United States. The source of
the ICT price index is EUKLEMS 2005-2015. Figure 1.4 shows the scatter plot of the two
series. In order to avoid spurious correlation from both series trending downward, we
compute the correlation of the residuals from regressing each variable on a constant and

a linear trend. We get a value of 0.91.

3See Carbonero et al. (2017) for the labour market implications of a declining ICT price.
“We have also computed the correlation on the first difference of each series: 0.74.
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Figure 1.4: Standard deviation of robot share across applications versus ICT price index, 2005-2015
(2005=1).
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Figure 1.5: TP index versus automation patents, US, 2000-2015 (2000=1).

12,2

12
11,8
11,6
11,4

11,2

Log of US automation patents

11

10,8
5 7 9 11 13 15 17 19
Tp index

Source: Authors’ calculations.

Lastly, given our assumption that robots are one example of a broader automation
wave, we compare our TP measure with the number of automation patents, available
for the US. Information on patents come from Google®. For the definition of automation
patent we rely on Mann and Piittmann (2018): it represents a "device that carries out a
process independently". According to the authors this definition embeds, among others,
robots as well as self-driving vehicles. Figure 1.5 displays the two series normalized to 1

in year 2000. The evolution of both overlap significantly and the correlation is 0.83.

Shttp://www.google.com/googlebooks/uspto-patents.html
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Finally, our estimation equation includes equation 1.1, the log of robots, the dummy
for labour intensity in 2005, the interaction of robots with labour intensity, country and

sector fixed effects:

L,'j =Ytn YU + Y2 M/U + YBRij + }/4Rij X li05 + YSliOS + Xi + Z] + uij, (18)

where X; is the sector fixed effect, Z; the country fixed effect and the other variables rep-
resent the linear trend in the log of the corresponding measure. While this estimates the
employment effects within the sectors where robots are installed, we consider potential

spillover effects between sectors below in section 1.4.2.

1.4 Results

1.4.1 Effects on employment

Table 1.3 displays the result for the OLS approach®. At the global level, the variable robot
stock has a coefficient of -0.034 and is statistically significant at the one percent level.
This means that an increase of ten percent in the stock of robots decreases employment
in the relevant sectors by 0.34%. To quantify the impact, if the average number of robots
increases by more than 20% as it happened between 2005 and 2014, employment would
fall by 1%. The impact seems to be concentrated in labour-intensive sectors, for which the
estimates point to a coefficient of -0.066. Moreover, the global effect is most likely due to
emerging countries, with a coefficient of -0.056. Here, given the change in robots between
2005 an 2014, we estimate a negative impact on employment of 2%, mainly driven by

labour-intensive sectors.

®In what follows, we exclude China in the regression for emerging countries. While the point estimates
of the robot effects including China would be even larger, estimation uncertainty would be strongly inflated
(results available upon request).
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Table 1.3: Employment regressed on robot and labour intensity. OLS approach.

Dependent variable: employment World Developed countries = Emerging countries
robot stock -0.034™ -0.004 -0.002 -0.001 -0.056™ 0.034
(0.013) (0.011) (0.005) (0.007) (0.024) (0.021)
robot stock x labour intensity -0.066" -0.002 -0.145™
(0.014) (0.008) (0.018)
labour intensity -0.005 0.017" 0.003 0.003 0.004 0.045™"
(0.004) (0.006) (0.002) (0.003) (0.006) (0.007)
N 477 477 360 360 103 103
R? 0.91 0.92 0.86 0.85 0.87 0.91

Regression using the trend variables, with country and industry fixed effects. Trends are the coefficients of regressions
on a linear trend. Robust standard error in parentheses. Significance levels: *, **, ** indicate significance at 0.10, 0.05

s

and 0.01. Controls: value added, wage. Estimates are weighted by sectoral employment in 2005.

Table 1.4: Employment regressed on robot and labour intensity. IV approach.

Dependent variable: employment World Developed countries Emerging countries
robot stock -0.209™ -0.247" -0.024" -0.051" -0.305"™" -0.054
(0.056) (0.125) (0.009) (0.021) (0.048) (0.456)
robot stock x labour intensity 0.046 0.038 -0.268
(0.098) (0.023) (0.469)
labour intensity -0.014™ -0.029 0.003 -0.004 -0.038"™" 0.050
(0.005) (0.033) (0.003) (0.006) (0.010) (0.159)
N 477 477 360 360 103 103
R? 0.61 0.54 0.81 0.78 0.41 0.60

Regression using the trend variables, with country and industry fixed effects. Trends are the coefficients of regressions on
a linear trend. Robust standard error in parentheses. Significance levels: *, ™, ™ indicate significance at 0.10, 0.05 and 0.01.
Controls: value added, wage, sector fixed effects. Estimates are weighted by sectoral employment in 2005.

We conducted a first-stage regression of the robot variable on our instrument and

other covariates from equation 1.8. We get a positive significant coefficient of TP index

on the stock of robots. Moreover, TP index has a likelihood ratio test statistic of 38.

Thus, there is a strong linkage between robots and the instrument. In Table 1.4 we show

the results of the IV approach. All the coefficients are larger than those with OLS and,

apart from the one of the interaction, they turn out to be even more precise. Thus, the

negative employment effects of robots do not seem to be driven by endogeneity issues.

The magnitude at the global level increases to -0.209 that implies a negative impact on

overall employment in the relevant sectors over 2005-2014 of 5%. For developed countries
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we get a negative effect on employment of 0.43%, while for emerging economies our
estimates point to a robots-driven reduction of employment of more than 11%.
Assessing whether these impacts are comparable to those in the previous literature,
we use the aggregate impact of robots on employment found by Acemoglu and Restrepo
(2017), according to which one more robot reduces aggregate employment by 5.6 workers.
We compute how many robots have been installed in the US between 2000 and 2014 and
reduce employment by that amount multiplied by 5.6. We get a drop of employment of

0.52% (or 0.57% for all developed countries), very close to our baseline effect of 0.43%.

1.4.2 Special effects within and outside manufacturing

Robots play a special role in manufacturing, but are also used in other sectors. This
section takes a more detailed look at the employment effects of robotisation along the
sectoral dimension. First, we seek to measure robots effects in manufacturing and the
rest of the economy separately. Second, we will investigate spillover effects between the
sectors.

According to our data, 85 percent of all robots are located in manufacturing. Be-
sides manufacturing, our data show robot usage in utilities, construction, education and
research, agriculture and mining.

For estimating separate effects in the two sectors, we interact the robots measure
with an indicator dummy for employment observations stemming from manufacturing
and from outside manufacturing. In particular, this allows for different coefficients in
these two sectors. The results are shown in Table 1.5.

The small negative employment effect in the developed countries that we determined
above comes from job losses in manufacturing. Outside manufacturing, only a minor
insignificant impact is estimated. In contrast, in the emerging countries, we find similar
negative effects of robot usage both in and outside manufacturing. Furthermore, here,

labour intensity plays an important role: The negative effects are of about three times

"Here, China was included in order to increase the relatively limited number of observations on the
sectoral level.
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the size in case of labour-intensive production (baseline effect plus interaction effect),

and they are highly statistically significant.

Table 1.5: Robot stock within and outside manufacturing.

Dependent variable: employment World Developed countries  Emerging countries
robot stock manufacturing -0.142"" -0.013 -0.033™ -0.044" -0.297" -0.192
(0.030) (0.043) (0.008) (0.020) (0.139) (0.165)
robot stock non-manufacturing -0.182"" -0.006 -0.015" -0.035" -0.339" -0.180
(0.31) (0.050) (0.009) (0.20) (0.141) (0.191)
labour intensity -0.003 0.069™ 0.002 -0.002 -0.002 0.127*
(0.003) (0.014) (0.001) (0.004) (0.012) (0.066)
rob manufacturing x labour intensity -0.201"" 0.012 -0.414"
(0.048) (0.022) (0.213)
rob non-manufacturing x labour intensity -0.215" 0.029 -0.334"
(0.040) (0.022) (0.171)
N 477 477 360 360 117 117
R? 0.59 0.66 0.78 0.77 0.08 0.04

Regression using the trend variables. Trends are the coefficients of regressions on a linear trend. Standard error in p
theses. Significance levels: *, ™
weighted by sectoral employment in 2005.

Beyond sector-specific effects, potential spillovers between the sectors are of special
interest. While job losses due to automation appear within the sectors where robots are
used, effects across the sectors can mirror factors such as complementarities of robots and
services or infrastructure, demand for capital goods or intersectoral labour supply shifts.
For estimating the cross effects, we first calculate the average robot stock from man-
ufacturing and non-manufacturing sectors, respectively. Then, we amend the baseline
regression in Table 1.5 by manufacturing robots in the equations for non-manufacturing
sectors and vice versa. This delivers the spillovers over and above the robot effects within
sectors.

Table 1.6 contains the results. Formally, the variable cross-sect robot stock holds the
cross effects in both directions, i.e. manufacturing robots in non-manufacturing equa-
tions and vice versa. In addition, cross-sect non-manufacturing robot stock stands for cross
effects only from non-manufacturing robots on manufacturing employment.

In developed countries, we find no relevant interactions across sectors. This is in line

with evidence from Acemoglu and Restrepo (2018) and Chiacchio et al. (2018). A different
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Table 1.6: Spillover effect of robots across sectors.

Dependent variable: employment World Developed countries Emerging countries

cross-sect robot stock 0.186™ -0.011 0.252"
(0.080) (0.014) (0.073)

cross-sect non-manufacturing robot stock -0.090"" 0.002 -0.101™
(0.34) (0.018) (0.041)

labour intensity -0.004 0.002 -0.006
(0.003) (0.002) (0.007)

N 475 358 117

R 0.72 0.80 0.70

Regression using the trend variables, with country and industry fixed effects. Trends are the coefficients

s odk ok

of regressions on a linear trend. Standard error in parentheses. Significance levels: *, ™, ™ indicate signif-
icance at 0.10, 0.05 and 0.01. Controls: robot stock in manufacturing, robot stock in non-manufacturing,
value added, wage. Estimates are weighted by sectoral employment in 2005.

result of positive spillover effects is found by Dauth et al. (2017) for Germany. However,
our estimation outcome does not change when we exclude the US from the sample or
consider only European developed countries. In contrast, in the emerging countries,
robots in manufacturing have substantial positive spillovers on non-manufacturing em-
ployment. The reverse effects are also positive, but weaker, since the effect specific to
non-manufacturing robots, which is to be added to the baseline effect, is negative. While
our previous results have shown that robotisation strongly reduces employment in the
emerging countries within the sectors of robot usage, the spillover results open up a
certain perspective: importantly, robotisation in manufacturing is accompanied by the
creation of non-manufacturing jobs. This is one crucial aspect when thinking about fu-

ture paths of labour market development.

1.4.3 Further effects via off- and re-shoring

The second part of this paper seeks to answer the following question: to what extent
has the internationalization of production influenced the role of robots in different coun-
tries? In particular, the significant difference in the impact of robots on employment

growth between advanced and emerging countries begs the question whether the latter
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group suffers from automation because of their integration in global supply chains. The
following analysis, therefore, aims at quantifying the effects of automation on employ-
ment conditioned on trade dynamics.

Indeed, there is a flourishing discussion dealing with potential shocks of off-shoring
and re-shoring on employment caused by the spread of automation both in developed and
developing economies. UNCTAD (2016) argues that the historical labour cost advantage
of low-income countries might be eroded by robots if they become cheap and easily
substitutable for labour. According to this scenario, the most affected industry should be
manufacturing. This adverse effect might be strengthened by the growing labour quality
in developing countries and the ensuing rise in labour costs. The Boston Consulting
Group, for instance, reports that wages in China and Mexico increased by 500 per cent
and 67 per cent between 2004 and 2014, respectively (Sirkin et al., 2014). These and other
issues might have pushed some companies, like General Electric and Plantronics, to shore
the production back home (see, respectively, Crooks, 2012; Cattan and Martin, 2012).

This convergence in cost competitiveness is likely to continue in the future, erod-
ing the incentives for producers to move their activities from developed to developing
countries.

The results of a study A.T. Kearney demonstrate that countries that have previously
benefited from off-shoring will witness overall more job loss due to automation than
onshore countries (Gott and Sethi, 2017).

Nevertheless, it is claimed that off-shoring will keep on going at the same time. China
remains the country receiving most of the investment flows. Even though labour cost has
increased, indeed, developing countries experience also a rise of local markets with new
needs and new demands. For instance, the Chinese middle class could potentially be
bigger than the entire US population by 2020 (Atsmon and Magni, 2012).

In the econometric analysis we want to answer these questions: do robots reduce off-
shoring in developed countries? If yes, does this harm employment in emerging coun-
tries? Regarding the first question, we compute the off-shoring index similar to the liter-

ature by using the share of imported non-energy inputs from emerging countries in total
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non-energy inputs. We conduct a similar analysis as for employment in subsection 1.4.1
except for the wage variable, for which we use a wage difference of developed country i
with the wage of emerging countries weighted for the relative amount of imports with
country i. Regarding the second question, for each sector of each emerging country we
generate a variable that measures the stock of robots in the relative sector in developed
countries, weighted by the flow of exports towards each sector in each developed coun-
try. This helps us assess the impact "abroad” of robots in developed countries taking into
account the trade activity (in this way we control for those countries that installed many
robots but have a low activity of import-export with emerging countries, and therefore
are less pivotal for an employment effect there). We call this measure trade-weighted
robots and we use it to explain employment in emerging countries (controlling for the
domestic stock of robots). As for the first exercise, we use a wage difference of each

emerging country with the set of developed countries, weighted by the trade activity.

Table 1.7 displays the results for the first analysis. The OLS approach delivers weakly
significant positive results for the effect of robots on offshoring, while we do not get any
further evidence from the interaction. With the IV approach, we get a negative coefficient
of -0.073 significant at the 5% level. The coeflicient is slightly larger than the one found by
De Backer et al. (2018), the difference likely arises from the off-shoring index computed, in
our paper, using only emerging countries . As regards the interaction term, there seems
to be no significant difference between labour- and capital-intensive sectors. Considering
the increase of robots in developed countries between 2005 and 2014 leads to an impact
on off-shoring of almost -1.3%. Such a negative effect is in line with previous evidence
and with the hypothesis that the use of robots may induce certain industries to reduce
the amount of inputs produced abroad. The next step, then, is to check whether the
lower share of imports caused by the spread of robots in developed countries has had
any consequence on the level of employment in emerging economies. For this, we use

the trade-weighted robots measure.

8When we run the IV regression in Table 1.7 using off-shoring with imports from all the countries we
get a coefficient of robots stock of -0.061, very close to their result.
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Table 1.8 displays the results for the second analysis. The OLS estimation provides
weak evidence of an effect of robots in developed countries on employment in emerging
countries, with more insights from the interaction with labour intensity. Indeed, robots in
developed countries seem to have a negative impact on employment in capital intensive
sectors of emerging countries, while in labour intensive sectors the impact is slightly
positive. Using an IV approach for tackling the problems of endogeneity, we get a larger
negative effect. The coefficient for our trade-weighted robots is -0.459, significant at 1%
level. A change of trade-weighted robots in line with the change between 2005 and 2014,
namely, 12% is connected to a fall of employment of 5.5%.

Table 1.7 and 1.8 established negative effects of robotization in developed countries on
off-shoring in developed and on employment in emerging countries. We connect the two
in a plausibility check, as re-shoring is likely to operate as a channel for the employment
losses. We would expect that the drop in exports of the emerging countries resulting from
Table 5 and the drop in the wage bill of the emerging countries resulting from Table 6
are of similar magnitude. The first effect may be a bit larger because, due to a labour
share of about 50%, part of the drop in exports would affect profits and not the wage bill.
Since the off-shoring index is defined as the share of imported non-energy inputs in total
non-energy inputs, we apply the IV effect of -0.073 percent from Table 5 to the value of
non-energy inputs in developed countries imported from emerging countries, averaged
over 2005-2014. This delivers 6.4 bn USD. Regarding the employment effect, we apply the
IV estimate of -0.459 percent from Table 6 to the wage bill from the emerging economies
averaged over 2005-2014. This delivers 4.8 bn USD. In view of the a-priori expectations

explained above, we conclude that both estimates stand in a sensible relation.

1.5 Conclusion

In this paper we present new evidence on the role of robots for employment and trade.
In particular, we document that the use of robots is increasing rapidly in both developed

and emerging countries. Given the globalisation of the supply chain, we also look at
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Table 1.7: The impact of robots on off-shoring in developed countries.

?lffriﬁ(gli?ltdev‘;??;:}lec‘ountr(i)g OLS v
robot stock 0.040™ 0.022 -0.073" -0.119
(0.019) (0.020) (0.032) (0.064)
robot stock x labour intensity 0.036 0.066
(0.028) (0.073)
labour intensity -0.010 -0.017" -0.005 -0.017
(0.007) (0.008) (0.007) (0.012)
N 360 360 360 360
R 0.34 0.35 0.08 0.04

Regression using the trend variables, with country and industry fixed effects. Trends are the
coefficients of regressions on a linear trend. Robust standard error in parentheses. Signifi-

* kk kkk

cance levels: *, ™, ™ indicate significance at 0.10, 0.05 and 0.01. Controls: value added, wage
difference. Estimates are weighted by sectoral employment in 2005.

whether robots influence the trend in off-shoring in developed countries and, through
that, employment in emerging countries. In other words, we explore whether the rise in
robotization leads to re-shoring, i.e. the fact that firms in developed countries may find
it more profitable to bring production back home after having it previously off-shored to

low-cost, emerging economies.

We find that robots lead to a drop in global employment in the relevant sectors of
5% between 2005 and 2014. The impact is rather low in developed countries, -0.43%,
but much more pronounced in emerging countries with about -11%. However, we find
that robotisation especially in manufacturing has substantial positive spillover effects on
employment outside the sector in emerging economies, unlike in developed countries.
These estimates come out using an instrumental variable approach where we use an index
of technological progress of robots, defined as their ability to perform different tasks, to
isolate the demand for automation. We confirm the result of De Backer et al. (2018) with
a more robust approach and show that robots reduce the trend in off-shoring. In this
regard, we find that robotization in developed countries negatively affects employment

in emerging countries, providing the first evidence of cross-country effects via robot-
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Table 1.8: The impact of robots in developed countries on employment in emerging countries.

Dependent variable: employment in

emerging countries OLS v
trade-weighted robot stock -0.015 -0.125" -0.459" -0.319
(0.045) (0.060) (0.155) (0.235)
tzz;ci?t-;veighted robot stock x labour in- 0.132° ~0.198
(0.070) (0.413)
labour intensity -0.004 0.033™ -0.004 0.014
(0.004) (0.008) (0.009) (0.040)
N 103 103 103 103
R? 0.91 0.94 0.61 0.61

Regression using the trend variables, with country and industry fixed effects. Trends are the coef-
ficients of regressions on a linear trend. Robust standard error in parentheses. Significance levels:

H kk ke

, ™, ™ indicate significance at 0.10, 0.05 and 0.01. Controls: value added, wage difference, domestic
robots, domestic robots interacted with labour intensity. Estimates are weighted by sectoral em-
ployment in 2005.

driven re-shoring. In sum, detrimental effect of robots on employment concentrate in

emerging economies, taking place both within countries and through the global supply

chain.

Evidently, this questions the conventional strategy of developing countries to grow
by attracting low-pay manufacturing employment. Therefore, macroeconomic business
models of emerging economies have to be rethought for the future. Exploiting positive
spillover potential on jobs outside manufacturing depicts a promising path for labour

market development. (Weber SOURCE FOLLOWS).

Looking at robotization provides a good proxy regarding the impact of automation
for mechanical tasks, which represents, however, only a subset of tasks currently carried
out by human workers. Collection of data on artificial intelligence would allow to widen
the analysis to a broader range of automation (see the discussion the impact of artificial
intelligence on labour markets in Ernst et al., 2018). This also concerns the impact of
flexible and individualised production techniques on global value chains (compare Dachs

et al., 2019; De Backer and Flaig, 2017; Strange and Zucchella, 2017).
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2 Inspecting the Relation of Search

Costs and Search Duration

Abstract. Fixed search costs, i.e., costs that do not vary with search duration, can am-
plify the cyclical volatility of the labor market. To assess the size of fixed costs, we ana-
lyze the relation between search costs and search duration using German establishment
data. An instrumental variable estimation shows no relation between search duration
and search costs. We conclude that search costs are mainly fixed costs. Furthermore, we
show that a search and matching model, calibrated for Germany with fixed costs close to
75 percent, can generate labor market volatility that is consistent with the data.

This study has seen the collaboration of my coauthor, Hermann Gartner.

2.1 Introduction

The cyclical variation of vacancies, unemployment and labor market tightness is empir-
ically much larger than explained by the standard search and matching model (Shimer,
2005). A way to solve this puzzle is suggested by Pissarides (2009). He extends the stan-
dard model by distinguishing two types of search costs: those that depend on the duration
of the vacancy and those that are fixed, i.e., independent from the duration of the vacancy.
Pissarides shows that a high share of fixed costs over the total search costs generates the
elasticity of tightness with respect to productivity, as observed in the data. However, up
to now, there is no empirical evidence on the plausibility of this theoretical extension.
Our contribution is twofold. First, we empirically assess the link between search du-

ration and search costs, and additionally, we provide evidence on the variation of search
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costs across firm and vacancy characteristics. Second, we provide as a numerical illus-
tration a search and matching model for Germany with the observed structure of search
cost to compare the volatility generated by the model with the volatility of the German

labor market.

The related literature highlights the importance of fixed costs in the matching process.
Fujita and Ramey (2007) discuss vacancy creation costs that are sunk costs. They ague
that these costs affect the propagation of shocks to the vacancies by giving firms an
incentive to smooth the creation of vacancies. Shao and Silos (2013) show that fixed
costs raise the volatility of the value of a vacancy. Via this channel, fixed costs also
influence the dynamic of the labor share. An extensive discussion of the Pissarides (2009)
model is given by Silva and Toledo (2013). They highlight the difference between sunk
and nonsunk (i.e., training) fixed costs. In most papers, the search costs are calibrated
indirectly by matching other values such as the job-finding rate.

Search costs represent a wide range of expenditures, such as vacancy posting, screen-
ing and negotiation activity with candidates, headhunters or human resources staff. De-
spite the important implications for search models, there is scant research on the size
and structure of search costs. Exceptions are, for example, Dolfin (2006) and Barron et al.
(1997) or, for Germany, Mithlemann and Pfeifer (2016), but they all have no information

on search duration and therefore do not distinguish between fixed and variable costs.

2.2 Theoretical background

Let us first clarify the argument of Pissarides (2009) to solve the unemployment volatility
puzzle. It can be pinned down analytically as follows. The job creation condition in the

canonical model is
p~v_ ¢ 2.1)
r+s q(6)

where p is labor productivity, w is the wage, r is the risk-free interest rate, s is the sep-

aration rate, c is the standard search cost per period and g(0) is the vacancy filling rate.
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According to the matching function, the vacancy filling rate depends on labor market
tightness 0, the ratio between vacancy and unemployment. Note that 1/g(0) is the search
duration and c¢/q(0) is the total search cost. It follows that the total search costs move

one to one with the duration of a vacancy. We will empirically test this.

The elasticity of tightness with respect to p can be expressed as

1p-eyw

€= (2.2)

np-w’
where €,, is the elasticity of the wage with respect to productivity shocks. 7 is the elas-

ticity of new matches with respect to unemployment.

Under the standard calibration with flexible wages, n = 0.5 in the Cobb-Douglas con-
stant return matching function, p = 1 and equilibrium values of w = 0.983 and ¢,, = 0.985,
€y takes a value of 3.7, while the observed elasticity in the U.S. is approximately 7.56.
This is the core of the unemployment volatility puzzle. Note that in Germany, where our
data come from, the puzzle also exists. The volatility of tightness relative to productivity
in Germany is, in fact, twice as large as that in the U.S.!

When adding fixed costs H, the job-creation condition changes as follows:?

p-w c

s =m+H. (2.3)

The elasticity of 0 with respect to p computed from (3) is

_l p-Eeww
B np-w-(r+s)H'

€p (2.4)
The higher the fixed search costs H, the lower €y is, which is the reaction of tightness
to a productivity shock. The intuition is as follows. A positive productivity shock leads

to more vacancies created by the firms. This increases labor market tightness as well as

IFor a detailed discussion about the volatility of the German labor market, see Gartner et al. (2012).

2 According to Pissarides, fixed search costs H enter the model without modifying the Nash-bargaining
equation because this is a cost not taken into account at the moment of the bargain, but it enters the value
of a new vacancy.
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vacancy duration. A higher duration also raises the search costs and thereby dampens
the incentive to create vacancies. However, the higher the share of fixed search costs, the
smaller this dampening effect is, and the higher the elasticity of 0 is. Pissarides shows in
a calibration exercise that if the share of H in total search costs is approximately 93%, we
end up with an elasticity consistent with the data for the U.S.

Note that the costs and the duration in the theoretical model are expected (i.e., ex
ante) values. Later in the empirical model, we use realized (i.e., ex post) values. Under
rational expectations, there are only unsystematic differences between ex ante and ex
post values. They will be captured by the error term in our regression. Moreover, the
model assumes the homogeneity of firms and workers. In the data, firms and workers are
heterogenous. We deal with this by using control variables and by running robustness
checks for subgroups. Additionally, we apply an IV estimation using instruments that

are exogenous for the firm.

2.3 Data and descriptive evidence

We use the German Job Vacancy Survey, conducted by the Institute for Employment
Research (IAB), a random sample of establishments with at least one employee, stratified
by 23 economic sectors and 7 firm size classes (see Moczall et al., 2015). The yearly survey
started in 1989 and includes information on the number of vacancies, worker flows, and
various firm characteristics. It also contains a number of questions concerning the very
last case of a successfully recruited worker, such as gender and age of the hired worker,
the qualification required for the job, the duration of search, and the recruiting channels
used by the employer.

In the 2014 and 2015 waves, we included two further questions referring to the last
case of recruiting: "What is the total number of hours spent on this recruitment?" and
"If you add up all other costs, including advertising, headhunters, travel expenses, etc.,
which further costs (without labor costs) emerged for this recruiting?" The first question

refers to what we call the search hours, and the second refers to the monetary search
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costs. To account for both the monetary search costs and the costs of the recruiting staff
of the establishment, we multiply the hours spent on recruiting by the average hourly
cost of labor at size, sector, yearly level,? and we add it to the monetary search costs.
This measure is the compounded search cost* We compute the vacancy duration as the
time span between the date when the search started and the date when the applicant is
selected. The dataset for our analysis contains 9,048 observations.

We provide the descriptive evidence across establishments and vacancy characteris-
tics and search channels in Table 2.1. The average compounded search costs are 1,576
Euros, similar to the result of Mithlemann and Pfeifer (2016).

Our data also reveal a substantial heterogeneity in search costs and search duration.
First, the monetary cost and the working time for searching is higher in larger establish-
ments and if qualificatory requirements are high. Second, additional skill requirements,
such as experience and leadership, are associated with longer duration and higher costs.
Third, searching for workers on part-time or temporary contracts requires lower search
costs. Finally, the channels used to find the workers reveal some unexpected results:
according to the survey, employers spend more when they use a private employment
agency, when they advertise the job internally, or when they use the internet.

More intuitive are the consequences of hiring a trainee or a new staff through so-
cial contacts. In these cases the search costs are lower. It is worthwhile to note that the
Federal Employment Agency (BA, Bundesagentur fiir Arbeit) is a relatively cheap search
channel for employers, but it is also related to a long vacancy duration. Further descrip-
tive results across sectors can be found in Table B1 in the Appendix. The data reveal that
those sectors affected by high compounded search costs also need a longer search time

(in days) to find the right staff.

3The data come from the German Federal Statistical Office.

4Note that we have no information on multiple recruitments at the same time. We believe, however,
that the possible bias caused by parallel hirings is small. Most of the establishments are small and have only
a few cases of recruitments. Forty-five percent of the establishments that report the last case of hiring had
only one hiring within a year, and 67 percent had no more than 2 hirings. Therefore, multiple recruitments
at the same time are rare. Furthermore, an internal evaluation by a pretest showed that if there were
multiple hirings, in 54 percent of cases, it was for different types of positions.

>Note that the use of multiple channels is possible.
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Table 2.1: Descriptive statistics according to plant and vacancy characteristics

Characteristics Monetary search costs (Euros) Search hours Search duration (days) Comp. search costs (Euros)
<20 395 (1480) 17 (26) 72 (79) 906 (1792)
20-49 582 (1829) 19 (24) 62 (67) 1192 (2261)
Plant size (# employees) 50-199 788 (2678) 20 (34) 66 (85) 1478 (3297)
200-499 2568 (8162) 18 (17) 68 (68) 3241 (8541)
=500 1374 (3524) 22 (31) 63 (58) 2371 (4120)
Unskilled, max. 1 year of training 159 (514) 18 (32) 49 (56) 685 (1345)
Vocational qualification 489 (1354) 17 (23) 67 (79) 1004 (1691)
Qualification Master craftsman, technician 1384 (3310) 22 (30) 76 (87) 2201 (3962)
Bachelor’s degree 2005 (8150) 23 (26) 67 (64) 2943 (8238)
Master’s degree or similar, PhD 2806 (6640) 28 (40) 79 (73) 3997 (7366)
Additional skills Long experience 1655 (4867) 22 (31) 78 (76) 2467 (5454)
Leadership skills 3476 (7669) 30 (45) 87 (82) 4594 (8386)
Type of contract Part-time 306 (967) 16 (23) 62 (87) 765 (1191)
Temporary contract 472 (1607) 18 (28) 61 (67) 1041 (2025)
Newspaper 1202 (4124) 21 (27) 75 (77) 1834 (4334)
BA 910 (4110) 22 (29) 74 (78) 1601 (4442)
Own web site 1291 (4508) 21 (30) 75 (80) 2060 (4922)
Internet 1318 (4500) 24 (31) 82 (88) 2156 (4823)
Search channels Unsolicited application 910 (4813) 19 (26) 72 (89) 1520 (5060)
Private job placement 4315 (8217) 30 (33) 93 (107) 5371 (9028)
Internal job advertisements 1653 (6093) 22 (37) 69 (65) 2522 (6564)
Social contact 547 (2363) 17 (25) 71 (89) 1097 (2699)
Trainee 825 (2187) 17 (19) 84 (116) 1413 (2608)
Overall mean 920 (3652) 19 (28) 67 (75) 1576 (4051)

Mean and standard deviation (in parentheses), weighted values. 9,048 observations. Source: German Job Vacancy Survey 2014 and 2015. The survey weights are
based on strata for 23 economic sectors and 7 firm size classes.
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2.4 The empirical relation of search costs and search

duration

Turning to the econometric analysis, our aim is to check whether and to what extent
the compounded search costs (henceforth simply search costs) are related to the search
duration, conditional on vacancy and establishment observables. Search costs and search
duration enter the estimation model in logs because of a higher explanatory power than
in a level specification. Thus, the coefficient can be interpreted as elasticity of search
costs with respect to search duration. At first, we present results from an OLS approach to
document the comovements in the data. Because of potential endogeneity, we interpret
these results as correlations not as causations. Later, we use an instrumental variable

approach that allows for a causal interpretation.

The results of the OLS models are presented in Table B6. We add subsets of covariates
progressively from Model 1 to Model 3 to provide information on the specific contribution
of the characteristics. The results confirm the descriptive evidence, with more consistent
results for the search channels - the inclusion of search costs improves strongly the ex-
plained variation of the dependent variable. The coeflicient is positive and significant in
all specifications. Model 1, regressing only on firm size and sectors, shows an elasticity
of search costs to search duration of 37%. In Model 2, we account also for qualification,
further skill requirements, and type of contract, and the elasticity shrinks to 32%. Look-
ing at Model 3, where we account for all controls, the elasticity is much smaller: a 10%
increase in search duration is associated with an increase in the search costs of 2%. The
result reveals a positive relation of search costs and duration, but the elasticity is much

smaller than one, as asserted by the canonical search and matching model.

In regard to the control variables, the table shows that large firms face higher search
costs and that required qualification and additional skills are positively correlated with
search costs, while hiring a worker for a temporary or a part-time contract is correlated

with lower search costs.
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Concerning the search channels, when firms search via social contacts or among the
trainees, they save on some search costs. The coefficient of the Federal Employment
Agency (BA) is the smallest among the channels with a positive correlation. Using a
newspaper or private job placement is associated with the highest search costs. Finally,
hiring an underexperienced worker correlates positively with the search costs; a possible
reason for this is that employers with high search costs accept underexperienced staff to
finish the search sooner (this is a finding of Brenci¢ and Norris (2009)). This is a causal
question that we leave for future research.

The OLS estimates can be criticized because there may be unobserved firm character-
istics that influence search duration as well as search costs. Therefore, we adopt, here, an
instrumental variable approach. As instruments we use variables that are exogenous for
the firm and that are motivated by the standard search and matching model. According
to the model, the expected duration of the vacancy is a function, 1/g(6), of labor market
tightness. Therefore, we use the log of labor market tightness at district (Kreise) level to
instrument the search duration.® The first stage regression model is basically a matching
function. We estimate fixed effects for 400 districts, and thus, the result is driven by the
time variation within the districts. The same control variables as in Model 3 are included.

Table 2.3 displays the first and second stage estimation. In the first stage, labor mar-
ket tightness is significant and reveals an impact on search duration consistent with the
matching model: a higher number of vacancies makes the hiring process more compet-
itive for the firms and increases search duration, while a higher number of unemployed
makes the hiring process quicker and reduces search duration.

In the second stage, the significance of the logarithm of search duration vanishes,
implying that search duration does not correlate with the search costs. In other words,
these results suggest that search costs are mainly fixed. To summarize, according to
the OLS estimate, search costs move very little with search duration. The instrumental
variable estimate confirms and strengthens this search cost structure. In the next session,

we calibrate a search and matching model for the German labor market, and we assess

®Labor market tightness is defined as vacancies over unemployed.
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Table 2.2: OLS regression: Search cost and search duration

Dependent variable: log of compounded search costs Model 1 Model 2 Model 3
log of search duration 0.37  (0.01) 0.32™  (0.01) 0.20™ (0.01)
<20 -0.21™  (0.04)  -0.20™  (0.04)  —0.09" (0.03)
, 50-199 022 (0.04) 0.19*  (0.04) 0.06 (0.03)
Plant size (# employees)
200-449 053 (0.06) 0.43™  (0.06) 0.15™ (0.05)
>500 0.82  (0.06) 0.61"  (0.06) 037" (0.06)
Unskilled, max. 1 year of training -0.39"  (0.05) -0.32"™" (0.04)
) ) Master craftsman, technician 0.35"  (0.07) 0.23* (0.06)
Qualification
Bachelor’s degree 0.53  (0.06) 0.44™ (0.05)
Master’s degree or similar, PhD 0.65™  (0.04) 0.60™ (0.04)
Long experience 0.22™ 0.03 0.15™ 0.03
Additional skills & xp (0.0 (0.0%)
Leadership skills 0.29""  (0.06) 0.25"* (0.05)
Part-time -0.17"  (0.04)  -0.11" (0.04)
Type of contract
Temporary contract -0.15™  (0.03) -0.09™ (0.03)
Newspaper 0.79™ (0.03)
BA 0.16™  (0.03)
Own website 0.27™ (0.03))
Internet 0.417" (0.03)
Search channels Unsolicited application -0.01 (0.03)
Private job placement 0.76™ (0.06)
Internal job advertisements 0.31"™ (0.03)
Social contact -0.20™" (0.03)
Trainee -0.13" (0.06)
) Underqualification -0.05 (0.06)
Mismatch
Underexperience 0.16™ (0.05)
Sectors Yes Yes Yes
R? 0.18 0.24 0.39

Robust standard errors in parentheses. 9,048 observations. Reference group: Plant size 20-49, Vocational qualification.

g

Significance levels: *, ,

* indicate significance at 0.05, 0.01 and 0.001. Industry coefficients are in Table B2 in the Appendix.
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the role of the structure of search cost for the unemployment volatility puzzle.

We run several additional regressions as robustness checks. We estimate separate
regressions for three qualification levels of the new hires and separate regressions for
industry and service sectors. Furthermore, we estimate a model with a fixed effect on
a 3-digit occupation level. The results of these regressions are stable for the OLS and
IV regressions. The result is also stable when we use as instrument unemployment and

vacancies, separately, instead of tightness. The results are available in the Appendix.

Table 2.3: IV Regression: Search cost and search duration

First-stage FE Second-stage FE
Dependent variable log of search duration log of compounded search costs
log of tightness 0.55™"
(0.00)
log of search duration -0.35
(0.15)
R 0.10 0.26

Robust standard errors in parentheses. 9,048 observations, F statistics in the 1 stage 27.42. Signifi-

* Kk kxk

cance levels: *, , ™ indicate significance at 0.05, 0.01 and 0.001. Controls: plant size, qualification,
required additional skills, type of contract, search channels, and sectors.

2.5 The role of search costs

As discussed in Section 2.1, Pissarides (2009) shows that the existence of fixed search
costs increases the response of tightness to a labor productivity shock. In the absence of
data on the search cost structure, he proposes a tentative calibration of how the elasticity
of tightness, €y, changes with different shares of fixed over total search costs. To relate
our empirical finding on search costs in Germany to the unemployment volatility puzzle,
we have to calculate the impact of fixed search costs in a model calibrated for the German
labor market.

Following Pissarides (2009), we assume a Cobb-Douglas matching function m = mou"v!™",
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and we use the job creation condition (equation 3) and the wage equation

w=(1-B)z+B(p+cO+F(O)H) (2.5)

to solve the model for the two endogenous variables 6 and w.

The output is normalized to one. To calibrate the model with monthly data, we adopt
the key structural parameters from long-run values established in the literature (see Table
2.5). We set n = 0.75, estimated in Kohlbrecher et al. (2016), for Germany. We obtain the
job-finding probability, separation rate and labor market tightness from Gartner et al.
(2009).

In most other applications, the search costs are chosen to match the tightness or
the job-finding rate. As we have information on the search costs, we go another way:
the total search cost presented in Section 3.2 is 1.576 Euro. The average monthly value
added per worker in 2014 and 2015 is 5.155,72 Euro.” Thus, the search cost as a share of
workers’ monthly output is 31%. We compute the model for several combinations of ¢
and H, keeping the total search costs constant at 0.31. Finally, the nonlabor income z is

then chosen to match the tightness 6.

Table 2.4: Parameter values

Parameter Value Description Source/Target

r 0.004 Interest rate Pissarides (2009)

s 0.013  Exogenous separation rate Gartner et al. (2009)

z 0.86  UB and value of leisure time Tightness

my 0.2 Matching efficiency Job-finding probability

n 0.75 Unemployment elasticity =~ Kohlbrecher et al. (2016)
0.75 Share of labor B = n (efficiency)

Mean values
0 0.39 Mean tightness Gartner et al. (2009)
my 91" 0.13 Job-finding probability Gartner et al. (2009)

’Source: German Federal Statistical Office. The values for 2015 are deflated to 2014 price levels.
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Table 2.5: Model results at different combinations of search costs.

H C H; ﬁ +H €p

0 0.104 0 0.31 7.16
0.02 0.097 0.07 0.31 7.58
0.08 0.078 0.25 0.31 8.93
0.14 0.056 0.46 0.31 11.24
0.23 0.027 0.74 0.31 17.06

Table 2.5 displays the results. The first line assumes no fixed search costs, as in the
canonical search model. It turns out that the elasticity of tightness with respect to labor
productivity €y equals 7.16. To compare it with the data, we compute the elasticity using
the summary statistics from Gartner et al. (2009). The elasticity in the data is much larger
and amounts to 17.09. This gap reflects the existence of the unemployment volatility

puzzle in Germany as well.

In the subsequent lines, we show the implications of an increasing share of the fixed
component H for the elasticity of the labor market tightness. As we have shown in the
empirical section, the data suggest that the share of fixed costs is large. When the fixed
costs reach about three-quarters of the overall search costs, precisely 74%, the model
generates the amplification of the labor market tightness that we see in the data. This
result gives support, at least for Germany, to the solution of the Shimer puzzle proposed

by Pissarides (2009).

We have applied a basic search and matching model to relate the results to Pissarides
(2009). One might argue that the assumption of an exogenous separation rate is plausible
for the U.S. but not for Germany, where the volatility of the separation rate is higher (see
Gartner et al., 2012). The separation rate can also be modeled as an endogenous variable.
This would establish an additional channel for amplifying the volatility. A discussion of

this can be found in Fujita and Ramey (2012).
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2.6 Conclusion

In this paper, we compute the size of search costs and analyze the relation of search costs
with search duration. Using new information from the German Job Vacancy Survey, we
measure the cost of advertising the job, paying headhunters, and inviting and screening
candidates as well as the cost of the staff within the establishment that deals with the
hiring process. According to an OLS analysis, the elasticity between search costs and
search duration is 0.20. This is much smaller than one, as assumed in the canonical search
and matching model. If an IV regression is applied, with labor market tightness at the
district level as the instrument, we find no significant relation between search duration
and search costs. This suggests that search costs are mainly fixed costs, as proposed by
Pissarides (2009).

We calibrate the Pissarides (2009) model for Germany. The model can generate the
elasticity of labor market tightness with respect to productivity of 17.09 when the search
costs are composed in large part by fixed costs, as is consistent with our empirical finding.

The German Job Vacancy Survey allows for a deeper analysis of the heterogeneity
of search costs and can thus help foster a better understanding of matching in the labor
market. Future research should analyze in greater detail the relation of search costs with
different matching technologies related with different search channels. The relation of

search costs with recruiting intensity (Davis et al., 2013) is also an issue for future work.
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3 TheFall of the Labour Income Share:
the Role of Technological Change

and Search Frictions

Abstract Documenting an average drop of the labour share of 8 percentage points for
eight European countries and the US between 1980 and 2007, we analyse the role of tech-
nological progress and labour market frictions. According to our results, while capital-
labour substitution in general was not crucial, Information Communication Technology
(ICT) is a promising channel to explain the decline in the labour share, given an esti-
mated elasticity of substitution of 1.18. Considering labour market imperfections slightly
dampens the estimated substitution effect at aggregate level. Additionally, by modelling
the substitution between ICT and labour with a set of key labour market variables, we
find it to be linked to both the share of routine occupations (positively) and the share of
high-skill workers (negatively) with a similar strength.

This study has seen the collaboration of my coauthors, Enzo Weber and Christian J. Of-

fermanns.

3.1 Introduction

The labour income share (LS) is discussed in empirical studies on income distribution
and in several macroeconomic calibrations. LS constancy is one of the so-called Kaldor’s
facts, and a value of 2/3 is usually adopted. However, recent studies reveal that the LS

has declined for most of the OECD countries since the 1980s [OECD (2012), Raurich
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et al. (2012), Arpaia et al. (2009)]. This decline might be only temporary; however, it
appeared at the same time that the adoption of new technologies gave rise to job polar-
ization and occupational displacement, phenomena that are considered, at least in the
public debate, to be irreversible. We contribute to the literature by theoretically and em-
pirically analysing the substitution between Information Communication Technologies
(ICT henceforth) and labour, together with labour market imperfections and institutional

and structural labour market variables.

We first compute the labour share based on labour income data from the EU KLEMS
database for eight European countries and the US. The aggregate LS dropped from 71
percent to 63 percent between 1980 to 2007!. There is substantial heterogeneity in the
speed and the timing of the decline, but - except for Denmark - all the countries display
a persistent drop in LS after 1990. Secondly, we look at the evolution of the price index
for a specific type of capital input, namely, ICT. According to a wide range of studies,
indeed, the decline in the price for computers and digital equipment is the source of
important new trends in the production process, such as automation and occupational
displacement. EU KLEMS provides the gross fixed capital formation price index for ICT
and non-ICT and we show that the decline of the capital investment price is connected
mainly to the downward evolution of the ICT equipment price. Building on that, we set
up a theoretical framework to rationalize the relationship between ICT price, hiring costs
and the labour share. The model provides two harmful mechanisms for the labour share,
a labour-ICT substitution effect and a hiring cost effect, which we quantify by estimating

the elasticity of substitution between ICT capital and labour.

Karabarbounis and Neiman (2014), using EU KLEMS data, find an elasticity between
aggregate (i.e., ICT and non-ICT) capital and labour of 1.17. This result is questioned
by Autor et al. (2017) and Lawrence (2015) who point out that the majority of studies
argue in favor of an elasticity lower than one. In this paper, we provide further insights

on the substitution between production inputs. Indeed, when we estimate the elasticity

ISee O’Mahony and Timmer (2009) for an overview of the methodology and construction of the EU
KLEMS database
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of substitution between aggregate capital and labour, we find that it lies between 0.7
and 1, as in several previous studies?. However, when we separate ICT and non-ICT
capital and consider them simultaneously, the elasticity between ICT capital and labour is
higher than one, namely, 1.18. Given the downward trend in the ICT price, this estimated
elasticity is responsible for the decline of the labour share.

The second aim of the paper is to assess the extent to which the elasticity of substi-
tution between ICT and labour is affected by country-specific labour market variables.
The literature on the impact of technological change on labour markets reveals that, on
one hand, the adoption of ICT raises the demand for high-skill workers (the skill-biased
view) and, on the other hand, shrinks the employment share of routine occupations (the
job polarization view). A recent contribution on this topic comes from Eden and Gaggl
(2018), who find important effects of ICT on routine labour. Regarding institutions, lower
employment protection legislation and firm-level wage bargaining have been assessed as
potential channels of the impact of higher international competition on the labour share
(OECD, 2012). In this paper, we examine these forces as well as the role of unemploy-
ment benefit replacement rate and of union density. The main finding of our analysis
is that countries with a high share of routine occupations (high-skill workers) also ex-
hibit a larger (smaller) elasticity of substitution between labour and ICT capital. As both
factors are of a similar strength, our findings suggest that both individual characteristics
(qualification) and job characteristics (task structure) play an equal role in shaping the
labour market impact of technological change. By the same token, the results connect the
implications of ICT adoption to the job polarization phenomenon, the task composition
of jobs and the drop in the LS.

The paper proceeds as follows. Section 3.2 documents the decline in the labour share
and in the capital price index, at the aggregate and country levels. Here, we provide
evidence of the different evolutions of the price of ICT and non-ICT capital. Section 3.3
discusses the most recent contributions on the impact of technological change on the

labour market. In particular, we review the job polarization theory and the role of ICT

2For a recent meta-regression of an ample sample of papers, see Knoblach et al. (2016).
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for routine tasks, which allows us in Section 3.4 to derive a theoretical setting that links
the labour share, the ICT price and the hiring costs. Section 3.5 describes the data sources
and the variables we use for the empirical analysis. Finally, in Section 3.6 and Section 3.7,
we assess the validity of the theoretical predictions and model the elasticity parameter

with state space functions of country-specific labour market variables.

3.2 The labour share and ICT facts

The shares of the national income that go to labour and capital have been considered to

be constant for many years. Kaldor (1955) writes that there has been a

relative stability of these shares in the advanced capitalist economies over
the last 100 years or so, despite the phenomenal changes in the techniques
of production, in the accumulation of capital relative to labour and in real

income per head. (pp. 83-84)

This fact is well described with the use of a Cobb-Douglas production function that
implies a constant unitary elasticity of substitution between the production inputs and
steady factor shares. However, recently, several studies have highlighted a decline in the
labour share for many developed countries. OECD (2012) reveals that the labour share
dropped by 5 percentage points on average between early 1990s and late 2000s, arguing
that the substitution between labour and the new technologies was likely the driving
force of this decline and that increasing the employer-employee matching quality might
help to reverse this trend. A similar drop is found by Karabarbounis and Neiman (2014)
who analyze 59 countries at industry level and claim that the decline in the price of
investment goods has reduced the worldwide labour share, given a global elasticity of
substitution of approximately 1.25. Detailed research for the US comes from Elsby et al.
(2013), who argue that the drop in the labour share has occurred mainly in the manufac-
turing sector, potentially as a result of the offshoring of labour-intensive production, and

that changes in the institutional setting are negligible.
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Figure 3.1: Aggregate labour share of the total labour force (blue
line), aggregate labour share of employees (green marked line).
Source: EU KLEMS.

Using the EU KLEMS dataset, we compute the labour share as labour compensation
over value added at current basic prices between 1970 and 2007. Due to data constraint,
we focus on Austria, Denmark, France, Germany, Ireland, Italy, the Netherlands, Spain
and the US3. We derive the labour share for two subsets of the labour force, namely, em-
ployees and person engaged, the latter including the self-employed. The compensation
of self-employed is imputed assuming that, at the industry level, the per-hour compen-
sation of self-employed workers is equal to that of employees. This raises a number of
issues, which are treated in detail in O’Mahony and Timmer (2009); however, for this
paper, we rely only on employees. Figure 3.1 shows the aggregate labour share for the
two subsets. The blue line is the labour share using employees and self-employed, while
the green line uses only employees. A clear drop in both series is visible starting from

1980 and is steeper for the LS with self-employed.

Concerning the possibility that the aggregate labour share shrunk due to changes in
industrial composition, it is worth mentioning that Karabarbounis and Neiman (2014),

using EU KLEMS data, show that the within-industry component prevails.

The study of Karabarbounis and Neiman (2014) is the most similar to ours, as they

3Beginning with 1990, our EU sample represents more than 78 percent of the EU15 value added.
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assess the impact of the capital price on the labour share. However, we directed our
research to a specific capital asset, namely, ICT. Our motivation is twofold: first, ICT
equipment, unlike non-ICT equipment, is experiencing a substantial fall in its invest-
ment price; second, ICT is the main candidate to replace labour in production (we give
further details on this topic in the next section). Figure 3.2 shows the price index for
total, ICT and non-ICT assets. The measure is that used in Karabarbounis and Neiman
(2014), namely, gross fixed capital formation price index divided by gross value added

price index. Looking at the evolution of the time series, it is clear that the decline in the
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Figure 3.2: Price index per type of capital and total (average over
the countries, 1970=1, source: EU KLEMS, own calculation)

total assets price index is related mainly to the ICT equipment.

Several studies on ICT equipment have been conducted since the year 2000, when new
data on new technologies became available and allowed to investigate these technologies’
contribution to output and productivity. The stylized facts that emerged are the follow-
ing: first, ICT-producing industries experienced a high productivity growth rate between
1979 and 2001; second, similar values for labour productivity in ICT-producing sectors
have been found for the US and the EU, and within Europe; finally, ICT-producing indus-
tries play a pivotal role in explaining the high labour productivity correlation among EU

countries 4.

4See O’Mahony and Van Ark (2003)
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Table 3.1: Growth rate of the ICT investment price (percent). Source: EU KLEMS.

Countries/Average 1976-1985 1986-1995 1996-2005

Austria 2.2 -3.3 -11.0
Denmark -35 -9.2 -12.1
Spain 10.0 0.1 -4.7
France 9.5 -0.6 -0.9
Germany 0.5 0.0 -10.1
Ireland 8.8 -2.8 -10.9
Italy 11.1 ~0.1 8.4
Netherlands 2.5 -4.2 -9.1
UsS 3.4 -4.1 -8.7

Related to these facts, we observe a trend in the price of investment in ICT. We com-
puted this trend by making use of the nominal and real gross fixed capital formation
index in the EU KLEMS dataset. Table 3.1 shows the average price of ICT capital for
three time spells between 1976 and 2005. In the 1976-1985 period, almost all the coun-
tries experienced a substantial increase, with the exception of Denmark. The decline in
the ICT investment price began for six European countries and the US in the late 1980s
and early 1990s, and it has shown a clear common path since 1996. This evolution has
been documented by, among others, Bosworth and Triplett (2000) and Jorgenson (2001),
who explain the drop with the gain in capacity of microprocessors and storage devices.
The post-1995 acceleration shown in Table 3.1 corresponds to the marked decline in the

price of semiconductors used in microprocessors to encode information in binary form.

3.3 ICT adoption and the labour market

The impressive speed of ICT adoption has raised several questions concerning its impact
on labour markets. Figure 3.3 visualizes the time series for the ICT capital formation
price index and the labour share of employees, which we use to estimate the elasticity of
substitution between ICT and labour. Despite substantial heterogeneity, the labour share

comoves in most countries with the ICT price. The following question remains: how can
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the two trends be related to one another?

The benchmark has long been the capital-skill complementarity framework, devel-
oped by, among others, Krusell et al. (2000) according to whom the technological change
has been skill-biased and has increased the demand for high-skill workers, resulting in
an increase in the skill premium. Acemoglu (2002) further develops this view by arguing
that the abundance of a production input (in this case, high-skill workers) can induce a
biased technological change irrespective of the elasticity of substitution, with the latter

playing a main role in determining the factor reward.

However, recent literature highlights that the high substitutability of capital with
labour is likely biased against middle-skill workers and particular occupational classes.
Autor et al. (2003), Autor et al. (2006) and Acemoglu and Autor (2011) indeed claim that
in the US labour market, a job polarization emerged around the 1990s, given a deteriora-
tion of the wage growth and employment opportunities for middle-skill workers and a

substantial improvement for low- and high-skill workers.

The theoretical argument builds on the concept of tasks. Following Acemoglu and
Autor (2012), "a task is a unit of work activity that produces output. A skill is a worker’s
stock of capabilities for performing various tasks". Accordingly, workers perform tasks
in exchange for wages. Intuitively, if the assignment of skills to tasks is not one-to-one
and if the set of tasks demanded in the economy is affected by technological change,
we might end up with non-monotone changes of the wage and of the employability on
the skill (or wage) distribution. ICT capital has been increasingly adopted for routine
and "codifiable" tasks that were previously carried out by middle-skill workers, with a
consequent drop in their wage growth and employment. Consequently, depending on
the employment share of routine occupations® and on how quickly workers react to this
occupational displacement, we might expect that a higher adoption of ICT lowers the
labour share. Similarly, Eden and Gaggl (2018) reveal important consequences of ICT

adoption on routine labour and small welfare gains from automation.

>We report the employment shares for abstract, routine and manual occupations in Table B1 in the
appendix
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Figure 3.4: Changes in employment share per occupations. EU15
countries between 1993 and 2012 (percent, source: Eurostat)

Besides the US, there is a moderate consensus on the presence of job polarization also
in Europe. Goos et al. (2014) focus on 16 Western European countries and find a pervasive
job polarization between 1993 and 2010. Consoli and Roy (2015) find evidence of routine
job displacement following ICT adoption in Germany, while it seems that mainly high-

ranked occupations profit from this phenomenon.

In order to further investigate this phenomenon, we analyze the changes in occupa-
tional employment shares in Europe. We make use of a Eurostat dataset that relies on the
International Standard Classification of Occupations, and we focus on 9 major classes®.
Figure 3.4 reports the percentage change in occupational employment shares for four
time periods between 1993 and 2012 in the aggregate EU15’. From left to right, we plot
the changes for managers, professionals and associate professionals (technicians also be-
long to this category), which are usually referred as abstract occupations; in the middle
are plotted four routine occupations, namely, clerical, skilled agricultural, craft and plant

workers; on the right-hand side of the figure are elementary occupations and service and

sales workers, usually associated to manual tasks. The familiar U-shaped distribution,

6Following the cited studies above, we neglect the armed forces.

7The EU15 refers to Belgium, Denmark, France, Germany, Greece, Ireland, Italy, Luxembourg, Nether-
lands, Portugal, Spain, the United Kingdom, Austria, Finland and Sweden. The measure is calculated by
aggregating totals from the Member States

62
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which depicts the employment polarization in Europe, is visible in all periods.

3.4 The model

This section aims to develop a theoretical model that explains the evolution of the labour
share depending on technological change and labour market imperfections. We consider
for capital and labour a dynamic setting that allows us to build up a richer model com-
pared to the one in the previous literature. In particular we include the stock of invest-
ments for capital and the stock of vacancies for labour. We, then, evaluate the steady state
of the model to get back the static version and estimate it with yearly data, equivalent to
what is common in the literature (see Arpaia et al., 2009; Antras, 2004).

In what follows, we make use of two assumptions. First, in contrast to that of ICT
equipment, the productivity of workers is not observable before the match. Therefore,
while ICT installation is frictionless, the recruitment of labour is costly in terms of money
and time. Second, non-ICT capital has a constant elasticity of substitution with the re-
maining inputs, ICT capital and labour. We indeed consider that both ICT capital and
labour are equipped with an equal stock of non-ICT capital, such as machines and plants.
Employers produce output with a combination of labour force n, ICT capital k; and non-

ICT capital kn; in a reduced form of production function of the type

y= {7 i ).

el =
R= (akIE +(1-a)ne ) ,
where a and f are distribution parameters, € is the elasticity of substitution between
ICT capital and labour and o is the elasticity between non-ICT capital and the aggregate
input of ICT capital and labour. Moreover, we consider that labour markets are subject
to frictions and that firms have to post vacancies and train the new employees. Thus,

we assume that there is a real cost ¢ that embeds the cost of posting the vacancy (search
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4 The Fall of the Labour Income Share 3.4. The model

cost), the cost of training the new worker (adaptation cost) and the opportunity cost. Ac-
cording to the standard search and matching framework, the aggregate flow of workers
into employment in each period is given by vg(6), where v is the number of vacancies
and q(6) is the vacancy filling rate. Given an exogenous separation rate s, the outflow of
workers from employment to unemployment is sn. This implies that the law of motion

of employment follows

Nt = (1 - St)nt + 'th(et), (31)

from which we obtain the steady state relation between employment and vacancies

sn = vq(0). (3.2)

Capital input is hired at the real cost p, which represents the investment price. This is
our key price variable, beyond which we don’t distinguish between rental and invest-
ment price. What the firm installs is a machine bought for — and used uniquely in -
the firm. Therefore, the two prices coincide. Karabarbounis and Neiman (2014) provide
a theoretical basis for this issue and show empirically the irrelevance of using a rental
price different from the investment price.

The law of motion for type j of capital is given by

ki1 =kt +ijre1 - 0 tkis, (3.3)

where k; is the stock of capital j, i; is the flow of new capital and J; ; the depreciation rate.
In steady state k;j;.1 = k;j, that implies trivially that capital formation must be equal to
consumed capital

ij = Ojk;. (3.4)

Real profit is maximized subject to the equilibrium condition for employment (3.2)

and capital (3.4) - see the Appendix for details -

T =Yy-Wn-Ccv-prii - PNIINT, (3.5)
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where w is the real wage. Then, we compute the first-order conditions:

on :y%§(l - Ot)n_é = W+ Ays, (3.6)

c
v A, = W (3.7)
ok; y* Eak.® = 118, (3.9)
dir 1 Ar = -pr, (3.9)
dkni 1yo(1-B)(kn1)® = ~AniOnr, (3.10)
JiNT :ANI = ~pNI, (3.11)

where the A, A; and ANy are the Lagrange multipliers with respect to employment and to
the two types of capital and ¢ = ﬁRﬁ. By substituting constraint (6) into (7), we obtain

the labour demand
_yo&(-a)f

n
(W+cp)©

(3.12)

where c, represents the total hiring cost per employee®. Equation 3.12 indicates that
labour demand is a derived demand and depends negatively on the wage, as the classical
framework states. Interestingly, however, it also provides the intuition on how labour is
affected by search frictions and the substitution with ICT capital. In a context of high
substitutability between labour and ICT capital, namely, with e > 1, higher vacancy costs
per employee or higher wages have a stronger negative impact on the amount of labour

demanded because it is more convenient to run the same production with capital.

Constraints (8) and (9) give the demand for ICT capital

_yrEe

k :
I P

(3.13)

8We multiply and divide the term cs/q(6), which results from the substitution of equation 7 into 6, by

n/v and we get ¢ q(sen)v 2. In steady state, the flows of workers into and out of unemployment, sn and q(6)v

respectively, are equal, and we end up with the expression ¢, = <7, namely the total cost of vacancies per
employee.
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where P; = prd;, and we use 3.13 to substitute y§ &€ into n, which gives

n:<1_“)e(Pfk’ . (3.14)

a w+cp)€

In this setting, both price and depreciation of capital determine the stock of capital. A
drop in investment prices due to technological improvement is mirrored in the rise of
depreciation rate of the current capital stock. In this sense, P; represents a price index
adjusted for the quality of the capital stock. To compute the labour share we multiply

both sides of equation 3.14 by w/y,

1-a\° Ptk
LS:W< “) 1 (3.15)

y\a ) (wiep)

and finally we use constraints 10 and 11 to solve for y and substitute it into equation 3.15,

obtaining the final expression for the labour income share

Pr \© k
LS=Hw( ——) —, (3.16)
w+cey ) Py

where k = kk_}\z and H = (1?7“)6 The economic prediction of the model originates from the
combination of the elasticity parameter ¢, the costs and the quantities of the inputs. Given
the flat evolution of the non-ICT relative price in Figure 3.2, we clarify the implications

of two different ranges of values of €, under a unitary elasticty o:

- if € = 0 = 1, the two functions are of the type Cobb-Douglas. Interestingly, if we assume
no hiring costs, we end up with a LS affected only by the investment price ratio
and the stock ratio of ICT and non-ICT. Given an elasticity between ICT and non-
ICT capital equal to one, deviations of both price and stock ratios cannot provoke
a decline in the labour share. This implies that, in order to predict changes of

the factor shares in a Cobb-Douglas setting, one should embed some degree of
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imperfection in the labour market’;

- if e # 1,0 = 1, labour and ICT may be employed as complements or substitutes into the
production and changes in the ICT price have different impact on the labour share.

To see that, we derive the change of the LS with respect to P;:

dLS PEl ok

—_— _— 3.17
oP; We(w +¢y) PN ( )

If € is lower than one, a decline in the ICT price increases the labour share, because
the price change is higher than the stock change. Conversely, if the elasticity is
higher than one, the labour share declines because the ICT stock increases more
than the downfall of the ICT price. While an elasticity equal to one would imply
no role for the ICT price, the model predicts a negative effect of hiring costs on the

labour share, irrespective of any parameter.

3.5 Data

Our analysis uses country-level data from EU KLEMS on compensation and number of
employees, stock, depreciation, investment and price index of ICT as well as of non-ICT
capital. Most of the observations are available between 1970 and 2007, while for Germany
we have two series, one from 1970 to 1991 and the other from 1991 to 2007, which we
merged using the overlap in 1991 in level. We focus on the labour share of employees,
which we compute that as compensation of employees over value added.

Concerning the total vacancy cost, we set
CU = Cpym+ Cyld, (3.13)

where m is the number of matches, u is the number of unsuccessful vacancies and c,,

c, are the relative costs. For the matches, we consider the number of workers flowing

It would be equivalent to assume frictions in the capital markets, that we exclude here.
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into employment from inactivity, unemployment and job-to-job transitions per year'.

Information on this total flow into employment is available in the Eurostat database only
for the period from 2010 to 2012. Therefore, we use the ILO annual flow rates from un-
employment to employment and the OECD unemployment level data to construct a time
series of worker flows beginning in 1984. However, this series does not comprise flows
into employment from inactivity and job-to-job transition. As a consequence, we calcu-
late an average country-specific scale factor a between the Eurostat and the ILO/OECD
series using the time span in which they overlap (2010-2012). Assuming that « is con-
stant over time, it can be applied to the ILO/OECD series to estimate the total worker
flow into employment for the period before 2010'!.

According to the Data Warehouse of the German Federal Employment Agency, un-
successful vacancies amount to 46 percent of the matches!?.

Regarding the cost of the matches c,,, we consider the search costs, the adaptation
costs (initial training and lower productivity) and the opportunity costs. In this regard,
we can take advantage of the results of Carbonero and Gartner (2017) and Miithlemann
and Pfeifer (2016) who make use of unique survey results in order to measure the full cost
of the hiring process. Our best move is to assume the shares of these costs in the wage
as constant. As a plausibility check, we tested that the share of search costs changed
by less than one percent between 2007 and 2014 in Germany!®. Therefore vacancy and
adaption costs for one vacancy are calibrated as 14 percent of the annual compensation
per employee (5% are the search costs and 10% are the adaptation costs). We can assess
the reliability of these numbers for the whole sample, by looking at the standard calibra-
tions in the search and matching models. Search costs are generally calibrated as 30% of
monthly output (see Cahuc and Le Barbanchon, 2010; Pissarides, 2009). Wages are about

half of the output, then search costs correspond to 60% of monthly wages, or 5% of yearly

10We calibrate the job-to-job transitions as 40 percent of all the separations from employment, in line
with Fallick and Fleischman (2004), Nagypal (2005) and Hobijn and Sahin (2007).

The correlation between the unemployment levels from ILO, OECD and the Eurostat dataset is larger
than 0.99.

12The series dates back only to December 2000; therefore we focus on a range between 2000 and 2003.

13We compared the search costs in Mithlemann and Pfeifer (2016) and those in Carbonero and Gartner
(2017).
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wages, that is the value we extracted.

We define the opportunity cost as the foregone profit that arises when the filled va-
cancy becomes productive later than expected by the employer. Using the wave 2014 of
the German Job Vacancy Survey (JVS) of the Institute for Employment Research (IAB), we
find that the timespan between the date the employer expects to fill the vacancy and the
beginning of the employment relationship is 22 days on average. Therefore, we compute
the opportunity cost as annual labour productivity minus the annual wage, weighted by

the duration of the opportunity cost.

Concerning the cost of an unsuccessful vacancy c,, we consider the vacancy costs
and the opportunity costs only. We do not have information on the cost spent on an
unsuccessful vacancy, but we can infer it from the duration of the vacancy. From the
JVS we know that an unsuccessful vacancy lasts on average 140 days (in contrast to
the 59 days of a successful vacancy). We combine this information with the result of
Carbonero and Gartner (2017) on the correlation between search cost and search duration
for Germany and we find that an unsuccessful vacancy costs 18 percent more than a
vacancy that results in a match. Thus, we calibrate the vacancy cost as 6 percent of the
annual compensation per employee. Finally, the opportunity cost amounts to the whole

annual foregone profit.

We run a robustness check to allow for the possibility that an unsuccessful vacancy
is followed by a new vacancy. According to the JVS in 2014, 79 percent of the unfilled
vacancies become new vacancies. For these cases, we assume that the employer man-
age to fill the position in the second round; thus, the opportunity costs refer only to the
period between the expected filling date in the first round and the starting date of the em-
ployment relationship in the second round. For the remaining 21 percent of the unfilled
vacancies, we count as the opportunity cost the period between the expected filling and
the rest of the year. Overall, the estimates from this calibration do not bring to different

conclusions.
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3.6 Estimation

The impact of the ICT investment price on the labour share is closely related to the
elasticity of substitution between labour and ICT capital, as we have seen in Section 3.4.
In order to estimate this elasticity, we take the log of equation 3.16 and we provide two

specifications, one without and one with hiring costs

Py
lnLS,-t = ai+eln£—crlnPNI),-t+lnw,~tk,-t, (3.19)
Wit

Pr it
Wit + Cy,it

InLS;; = a; + €ln - olnPny it + Inwikiy. (3.20)

We use these empirical equations to check the theoretical predictions. As implied by the
theoretical model, in both equations the coefficient of the last term is one; thus, the results
will concern only the elasticity parameters € and ¢. In addition to these parameters, we
provide an estimate of the elasticity between aggregate capital and labour using a reduced
CES function with only two inputs.

Table 3.2 reports the estimate with country fixed effects and cross-section weights.
Columns 1 and 2 refer to the elasticity between aggregate capital and labour. Under the
assumption of perfect labour markets, the elasticity is 0.97, while by accounting for hiring
costs, we obtain a value of 0.7. This range of values places our paper in line with a large
bulk of the literature, including both of worldwide analyses and US analyses.

We then proceed to estimate our core model, which is represented by equations 3.19
and 3.20 displayed in columns 3 and 4. The elasticity of substitution between ICT and
labour is 1.18 and significantly different from 1, which means that a decline of the ICT
price of one percent generates an increase of the ICT stock over labour of 1.18 percent.
Thus, the ICT price is a plausible channel to explain the evolution of the labour share,
and the CES function is a good candidate to model it. Instead, the estimated elasticity of

4

non-ICT capital with the rest of the inputs is not statistically different from one'*, namely

the compounded production function seems to be of the form Cobb-Douglas.

14This result is robust to the inversion of the inputs into the CES function.
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Table 3.2: Estimation of the labour share function with country FE. Dependent variable: logarithm
of the labour share. Robust standard errors in parentheses.

Specification 1 2 3 4
1.18™ 1.13™

€ (0.02)  (0.02)
120  0.96

o 0.17)  (0.21)

Aggregate 0.97  0.70™

(0.04) (0.05)

Hiring costs Yes Yes

N 196 196 196 196

R? 097 094 096  0.95

Column 1 and 2 refer to the elasticity of sub-
stitution between aggregate capital (ICT and
non-ICT) and labour. *, ™, ** indicate coeffi-
cients are different from one at the 0.10, 0.05,
0.01 significance level.

In what follows we address three main issues related to our results and to the trend
of the labour share. First, which portion of the labour share decline is explained by the
fall in ICT price? To answer this point, we compute the labour share using equation (19)
and compare it with the actual labour share. Focusing on the time span 1986-2007, i.e.
when the fall in ICT price is visible for most of the countries, equation (19) generates a
falling labour share, which is not the case with an elasticity ¢ = 1. Indeed, we find that
an elasticity between ICT and labour of 1.18 explains one third of the overall decline of
the labour share. This is a bit less than the portion found by Karabarbounis and Neiman
(2014). If we consider the period since 1992, from whereon the aggregate labour share
continuously declined, with the same elasticity, equation (19) explains 60% of the fall in
the labour share.

Second, the adoption of a certain type of technology is one of the determinants of
the labour share. The sample we use includes the major European countries, where in-
stitutions and regulations in general play a key role in the labour market. Therefore we
assess the robustness of equation (19) by taking into account potential omitted variable
biases. Relevant institutions for the labour share development concern market power in

the goods and in the labour market. We approximate these magnitudes by indices of the
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profit share and collective bargaining coverage. The estimated elasticity turns out to be

1.14 - still enough to explain a substantial drop of the labour share due to the ICT price!®.

Third, in this paper we use a standard measure for the labour share. Some authors
have pointed out that the trend in the labour share may hide sectoral specific trends
(Elsby et al., 2013) or a mis-allocation of the national income between capital and labour
in the computation of the factor shares (Aum et al., 2018). Concerning the first critique,
Karabarbounis and Neiman (2014) provided evidence that the decline is essentially within
sectors. To answer the second critique, we took the extreme case of the point raised by
Aum et al. (2018) and attribute the entire value of Intellectual Property Products (IPPs)
to labour!®. Our IPPs-corrected labour share, just as in Aum et al. (2018), still falls sig-
nificantly over the time period considered in this paper, which is arguably the relevant
period regarding the use of ICT capital. Looking at the regression, the elasticity of sub-
stitution with the IPPs-corrected labour share is 1.21, statistically different from one at

1% level, even larger than our 1.18.

We now turn to the model that accounts for the hiring costs. With this exercise, we
can assess the plausibility of the substitution effect, depending on whether the elastic-
ity parameter moves closer to or further from one. More precisely, an elasticity larger
than 1.18 would imply that hiring costs exacerbate the substitution between labour and
ICT. Conversely, an elasticity closer to (or even lower than) one means that computers
and labour turn out to be less substitutable once search costs are considered. This cost,

however, reduces the demand for labour and the labour share.

The results of the estimation of equation 3.20 are displayed in the last column. We
estimate the elasticity by calibrating the term cv as explained in Section 3.5. In this case,
we end up with an elasticity of substitution between ICT and labour of 1.13, lower than

the elasticity without hiring costs but still significantly larger than one. This finding

I>Karabarbounis and Neiman (2014) include the markup in their theoretical analysis of the labour share.
Empirically they come to the same conclusion.

16This case represents the upper bound, because the lower the share of IPPs in labour income, the closer
we get to our reference estimates in Table 3.2.
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implies that a decline in the labour share is still explained by the drop in the ICT price,
but at a lower intensity.

We note that introducing frictions via hiring costs in the model limits the substantial
effect of ICT on the labour share. In the following, we explore the economic significance
of this result. In details: Which part of the labour share development is not explained
anymore by ICT, and what is instead explained by hiring costs? To visualize the loss in
explanatory power of ICT, we compute the difference between the labour share resulting
from equation 3.16 with the elasticities excluding (1.18) and including (1.13) hiring costs.
We do the same for the hiring cost measure and compute the difference between the
labour share with constant (average across time) hiring costs and with annual hiring

costs as in the regression.

1,5
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Figure 3.5: Gain in the explanatory power of hiring costs
(blue line, HP trend) for the labour share vs the loss of ICT
price (red line). Source: own calculation)

Figure 3.5 displays these two series, namely, the loss of and the gain in the explanatory
power of the ICT price and hiring costs, respectively. While transitory fluctuations at the
beginning differ, the similar trending behavior suggests that the portion of reduction of
the labour share that is not provoked by the substitution effect is fairly well explained by
the hiring cost effect. On average, between 1992 and 2007, ICT price loses 1.2 percentage
points of reduction in labour share, corresponding to one third of its explanatory power,

taken over by hiring costs.
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3.7 A time-varying analysis of the elasticity of substi-
tution

The second part of the empirical analysis seeks to verify the extent to which the impact
of ICT on the LS varies with structural and institutional characteristics. Thus, we try to
explain the elasticity of substitution between labour and ICT capital. As it was shown
above, in times of strong ICT price decline, this elasticity is crucial for the labour share
development.

Among the institutional factors, we consider the role of a set of core labour market
regulations: firing restrictions, the wage bargaining level, union density and the unem-
ployment benefit replacement rate. By limiting the reallocation of workers or by discour-
aging reentry into employment, these institutions might indeed affect the substitution
between labour and capital and induce to a more capital-intensive production. Wage
bargaining has unclear effects on the labour share, given that it influences mainly the
wage dispersion, as shown in Dahl et al. (2013).

Concerning the labour force decomposition, we investigate whether the elasticity of
substitution between labour and ICT comoves with the share of high-skill workers and
with the share of workers in routine tasks. Thus, we can directly test the capital-skill and
the job polarization hypotheses.

For this purpose, we adopt a panel-varying coeflicient approach that allows for per-
sistence and stochastic shocks. We use employment per occupation from EUROSTAT to
compute the employment share of routine occupations of the European countries in our
sample, while for the US we adopt employment from ILO. The share of high-skill workers
is computed using the employment per skill group from EU KLEMS. Finally, concerning
labour market institutions, we use the employment protection legislation, the unemploy-
ment benefit replacement rate from the OECD and the wage coordination and the union

density from the ICTWSS.

1"Database on Institutional Characteristics of Trade Unions, Wage Setting, State Intervention and Social
Pacts from 1960 to 2014
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3.7.1 The PVC Model

Binder and Offermanns (2007) have suggested a model for functional coefficient depen-
dence in an error-correction cross-country panel data framework. In particular, their ap-
proach is parsimonious as it employs the homogeneity argumentation within the pooled
mean group (PMG) model of Pesaran et al. (1999): due to the different nature of mainly
idiosyncratic short-run fluctuations versus the more structurally founded long-run equi-
librium relationship, it appears straightforward to generalize the homogeneous long-run

parameters to homogeneous functions of conditioning variables.

Although this approach entails a large degree of flexibility by employing orthogonal
polynomials in the conditioning variable, it may not be suited to all models of state-
dependent effects. In particular, the strict homogeneity assumption on the functional
form across countries might not always be appropriate beyond the PMG framework.
Here, we wish to generalize the functional coefficient dependence idea of Binder and
Offermanns (2007) in three aspects: first, we allow for a country-specific fixed effect in the
otherwise homogeneous functional form. Second, we introduce stochastic variation in
the final effect through a state-space specification. This will enable the model to generate
variation also across time, even if the candidate conditioning variable does not prove
to have a significant impact on the final effect. Third, our modification to the state-
space framework will allow us to account for more than one conditioning variable, which
was practically not feasible in the Binder and Offermanns (2007) approach, at least for

desirable degrees of flexibility.

These aspects appear to be desirable features for a model of the elasticity of substi-
tution between labour and ICT capital. The approach outlined above enables us to gen-
eralize the fixed-effect panel regression model with interaction terms to a model where
the elasticity is specified as a latent variable which is determined by a panel state-space
representation. This framework has two main advantages. First, it solves the problem of
the unit of measurement coming from a simple interaction between the covarying vari-

ables and the regressor of the elasticity: while the interaction approach is sensitive to
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linear transformations of the interaction variable, the state space approach is not. Sec-
ond, it should be less subject to criticism concerning the right choice of the conditioning
variable: if a candidate variable has no impact on the elasticity, the estimation is able to
"reject" its influence in favor of an idiosyncratic stochastic time-varying elasticity. In case
of the interaction approach, the estimation would have to reject it in favor of a constant

homogeneous elasticity.

In the current section, the econometric framework for estimating the panel-varying

coefficient (PVC) model is presented in a generic notation. Our model is given as follows:

Vit = i+ Oi(sit) x5 + v’ wir + Uiy, uir ~ N(0,0%) (3.21)

where c; is the (mean) fixed effect, 6;;(s;;) represents the vector of PVCs of the correspond-
ing set of k” regressors xj, conditional on the vector s;;, and y denotes the m-dimensional
vector of coefficients of the set of regressors w;;. The r-dimensional vector s;; represents
a set of exogenous indicators (the conditioning variables) that are supposed to drive the

final effect of xj, on y;;, the vector 0;;.

In order to implement the model, we slightly change its notation and specify the

following state space model:

Vit = ZyXip + Y i + iy, g ~ N(0,07) (3.22)

zit = 0+ Azj -1+ Bsis + vy, vt ~N(0,0Q) (3.23)

where the vector x;; = (1, x;;)’ has dimension k = k" + 1 and comprises the regressors
x;, as well the constant, A is a k x k diagonal coefficient matrix, and B = (0, f,, ..., f)’
has dimension k x r. The first element of the k-dimensional latent variable vector z;; is
determined to capture the time-invariant fixed effect, and the remaining k - 1 elements
22,it to 2k jy represent the PVCs 0; ;;(sit), j = 1,..., k", of xj;. In particular, the restrictions to

the parameter vector §; and to the parameter matrices A and B (as well as to the variance
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matrix Q) imply the following state equations:

21t =0+1-21;,1+0" -5 +0 (3.24)

/’
Zoit = O i+ 022 i 11+ B)Sit + Voit, (3.25)

such that the fixed effect for country i, z1 ;; = z1; = ¢; is determined through its initial
value z; ;9. The other PVCs z;;;, j = 2,...,k, are determined through a country-specific
constant, the homogeneous coefficient &; on their own lag, the homogeneous effect f; of

all conditioning variables, s;;, and the stochastic component vj ;;.

The model is estimated with a maximum likelihood approach using the Kalman fil-
ter. Hence, we obtain a sequence of conditional expectations for z;; given information
from the previous period, i.e. z ;1. For better interpretation, we compute the so-called
smoothed states defined as z; 1, i.e., estimates of the states given the end-of-sample in-

formation.

3.7.2 Setup

We hypothesize that the elasticity of substitution between labour and ICT capital is a
function of employment protection legislation (EPL), the degree of wage coordination
(COOR), the union density (DENS), the replacement rate (REPL) the share of high-skill

workers (HSKILL) and the share of routine occupations (ROUT) in the economy.

We set our baseline specification (equations 3.22 and 3.23) as follows: for the depen-
dent variable, we have

yit = InLS;; — In wy; — In ks

as regressors we have

xit = (1, InPri—Inwy),

Wit = —lnPNI,it;
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and as conditioning variables, we have

sit = (EPLj;, COOR;;, DENS;;, REPL;;, HSKILLj;, ROU Ty).

Given the apparent non-stationarity of both, the dependent variable and the regres-
sors, as well as the short time span of our sample, we estimate the model in first differ-
ences of yj, xjt, and w;;. By restricting the coefficient on the state variable’s own lag o, to
one, we allow for permanent deviations of the elasticity from any previous level. As this
model choice implies a random walk-type evolution of the elasticity over time, we have
to eliminate potentially distortionary drift effects from the other terms in the state equa-
tion by setting the intercept &, ; to zero and demeaning the conditioning variables. Note
that these modifications do not eliminate the cross-sectional variation in the conditional
means of the elasticity, as the initial value of the state variable is allowed to differ across

countries and serves as an intercept. Finally, due to data constraints we leave Ireland out.

3.7.3 Results

Table 3.3 shows the estimation results for the state equation. Given the high insignifi-
cance of the coefficient, in column 2, we exclude COOR from the regression. The most
significant influences on the PVC of the adjusted ICT price are exhibited by the share
of high-skill workers (negative) and the share of workers in routine occupations (posi-
tive). Interestingly, the impact of these variables on the elasticity of substitution is almost
identical in opposite directions, revealing an even effect of educational (individual) and
of task (job) characteristics. Logically, the elasticity of substitution hinges both on the
task structure of the jobs present in an economy and on the qualification of the workers
holding these jobs. To give a concrete example, the US typically has a comparably large
share of high-skill workers (in our data 13 percentage points higher than the average for
the European countries), which is usually rather complementary to new technologies.
While this dampens the elasticity, the latter is increased by the relatively high routine

share (16 percentage points higher than in Europe), since routine tasks are most easily

78



4.7 A time-varying analysis 4 The Fall of the Labour Income Share

replicable.

Among the institutional variables, employment protection legislation and union den-
sity reveal a weak negative correlation, in line with the view that these institutions pro-
tect the labour force from layoffs in the course of reallocation. This influence seems to
have overweighed potential adverse effects that emerge if protection disincentives new
hirings. The replacement rate instead displays a positive correlation with the elasticity
of substitution. This result should be expected if a higher replacement rate leads to a
longer unemployment duration'®. When technological change steadily requires the real-
location of workers, longer unemployment periods lower the average employment level
that can be reached. Hysteresis effects can aggravate this development. Also regarding
institutions, the US-Europe comparison is ambivalent, demonstrating the benefits of a
differentiated approach: while the low employment protection and union density in the

US increase the country’s elasticity, its low replacement rates decrease it.

In order to make a quantitative assessment of the explaining power of the model, we
calculate the fitted values of the regression in Table 3.3 (right column), i.e. fvzs;; from
equation (25). Namely, this is the part of the elasticity that can be traced back to our
explaining variables. When looking at the fitted values in 2005 (the last year where the
data set is complete for all variables), we get a standard deviation of the fitted values
in the different countries of 0.15. Logically, the standard deviation of the elasticities in
the sample countries explained by the variables in Table 3.3 is quite substantial. For
instance, reconsidering the results from Table 3.2, an elasticity of 1.00 versus 1.15 would

have strong implications for the labour share development.

Two main drivers play a major role for these differences. First, countries with a high
share of routine occupations also demonstrate a high elasticity of substitution between
labour and ICT capital. A pattern we can observe, indeed, is that countries with a high
share of routine labour display also a large elasticity of substitution. This finding is

consistent with the job polarization view and with the idea that the replacement effect

18See Bover et al. (2002) and Layard et al. (2005) on the relationship between unemployment benefit and
unemployment duration.
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between labour and ICT affects mainly those occupations involved in repetitive tasks.
Moreover, given the connection of the elasticity of substitution and the labour share,
the results imply that the decline of the labour share might have been more marked for
countries with a larger share of workers in routine occupations. Second, new technolo-
gies are complementary with skilled labour, in line with the skill-biased technological
change view. As above, the insight from Table 3.3 is that countries with a high share of
skilled workers might display a smoother decline or even an increase of the labour share.

Overall, institutions seem to have a certain - albeit partly measured - effect, as found by

Elsby et al. (2013) and OECD (2012).
Table 3.3: Effects of the conditioning variables on the elasticity of substitution
between ICT and labour. Eight Countries, time period 1995 - 2005. Impact is

computed as the coefficient times the standard deviation of the variable.

Determinants of the coefficient of D(In Py ;;/wi;)

HSKILL -1.389 -1.378
p-value 0.173 0.077
impact -0.096 -0.095
ROUT 1.382 1.389
p-value 0.117 0.113
impact -0.093 0.094
EPL -0.067 -0.067
p-value 0.289 0.216
impact ~0.054 ~0.055
REPL 0.614 0.615
p-value 0.198 0.198
impact 0.085 0.086
DENS -0.238 -0.237
p-value 0.291 0.281
impact -0.046 -0.046
COOR -0.001 -
p-value 0.987 -
impact ~0.001 -
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3.8 Conclusion

The decline in the labour share and the relative increase in the capital share are becoming
increasingly prominent topics in economic research. This is due to their implications
for income distribution and the role of the labour input in the future. We provide an
explanation for this trend considering the most recent facts on technological progress
and the labour markets. We consider the evolution of the ICT investment price together
with job polarization and search frictions. Theoretically, we predict a decline in the LS
through two mechanisms: an ICT-labour substitution effect and a hiring cost effect. We
test the plausibility of the two mechanisms by estimating the elasticity of substitution
between ICT and labour.

Our results with aggregate capital (i.e., ICT and non-ICT) and labour reveal weak
support for a substitution effect, a finding well established so far in the literature to date.
Instead, when we disaggregate capital input into ICT and non-ICT assets, we find an
elasticity of substitution between labour and ICT of 1.18. This implies that a decline of
one percent in the relative ICT price is associated with an increase of ICT capital stock
over labour of 1.18 percent, generating a decline in the labour share. If we include labour
market frictions into our model, the elasticity shrinks to 1.13 and we show that part of
the explanatory power of the substitution effect is lost in favour of the hiring cost effect.

In a second step, we analyze the determinants of ICT-labour elasticity. For this pur-
pose, we model the latter as a function of country-specific institutional and structural
labour market variables by applying an extension of Binder and Offermanns (2007) that
allows for stochastic shocks through a state-space specification. We find that stronger
institutions have differentiated impacts on the elasticity. Moreover, most importantly,
we find that the employment share of routine occupations (high-skill workers) is posi-
tively (negatively) associated with the elasticity of substitution between labour and ICT.
In particular, we show that job and individual characteristics likewise affect the impact
of technological change on the labour market.

Our result connects in a direct way the job polarization and the skill biased technolog-
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ical change to the macroeconomic trend of the labour income share. By the same token,
Hutter and Weber (2017) find in a study for Germany that increasing wage inequality just
as skill-biased technical change reduces overall employment. In general, this connection
between the structure and the level of employment provides interesting opportunities

for future research.
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This thesis provides a macroeconomic overview of the impact of technology on the labour
markets and offers the empirical evidence to some key facts of labour market frictions.
With novel data at establishment level I shed light on the cost of a vacancy and its dura-
tion and I provide an empirical evaluation of the macroeconomic properties of the search
and matching models. Furthermore, chapter 3 shows that search costs can contribute to

the decline of the labour share.

With a closer look to technology, the results of chapter 1 and 3 show that world-
wide employment is actually threatened by both computer, software and communica-
tion equipment and robots. On the one side, ICT has witnessed a dramatic drop in the
investment costs that has proved to be responsible for a substantial degree of substitu-
tion between capital and labour. In particular, it gives an explanation to the decline in the
labour income share in eight European countries and the US between 1970 and 2007. On
the other side, the most recent wave of technological change, that has seen the diffusion
of robots (especially in the manufacturing sector), has affected negatively employment
in the relevant sectors, between 2005 and 2014. The novel result is that, while the im-
pact in developed countries is low (in line with the flourishing literature), in developing
countries the negative effect on employment is up to 11 percent. Moreover, Chapter 1
adds to the literature on off- and re-shoring and provides a sizable negative effect of the

re-shoring trend due to robotization on employment in developing countries.

Despite the clear indications produced in this thesis on the impact of technology,
ICT and robots are two of the many ingredients of the recent technological change. The

frontier of the research, indeed, is currently trying to understand the labour market con-
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sequences of artificial intelligence and which tasks machines can actually take over from
workers. The arena is split between optimists and pessimists. I believe that much of the
(negative and positive) potential of Al has yet to come and I find convincing looking at
the whole spectrum of changes that can occur. In this sense, investigating the tension
between the disrupting effect and the transforming effect of jobs brought by digital tools
(see Fossen and Sorgner, 2019; Felten et al., 2018), appears to me a promising path for

future research.

84



Bibliography

Acemoglu, D., 2002. Directed Technical Change. Review of Economic Studies 69 (4), 781-

809.

Acemoglu, D., Autor, D., 2011. Skills, Tasks and Technologies: Implications for Employ-

ment and Earnings. Handbook of labor economics 4, 1043-1171.

Acemoglu, D., Autor, D., 2012. What Does Human Capital Do? A Review of Goldin and
Katzi; %s The Race between Education and Technology. Journal of Economic Literature

50 (2), 426-463.

Acemoglu, D., Restrepo, P., 2017. Robots and jobs: Evidence from US Labor Markets.
NBER Working Paper No. w23285.

Acemoglu, D., Restrepo, P., 2018. Artificial intelligence, automation and work. Working

Paper 24196, National Bureau of Economic Research.

Antras, P., 2004. Is the us aggregate production function cobb-douglas? new estimates of

the elasticity of substitution. Contributions in Macroeconomics 4 (1).

Arpaia, A., Pérez, E., Pichelmann, K., 2009. Understanding Labour Income Share Dynam-

ics in Europe. Economic papers (379), 1-51.

Atsmon, Y., Magni, M., 2012. Meet the Chinese consumer of 2020. McKinsey Quar-

terly (205), 28.

Aum, S., Koh, D., Santaeulalia-Llopis, R., 2018. Growth Facts with Intellectual Property
Products: An Exploration of 31 OECD New National Accounts. Barcelona Graduate

School of Economics Working Paper 1029.

85



Bibliography

Autor, D., Dorn, D., Katz, L. F., Patterson, C., Van Reenen, J., May 2017. Concentrating
on the Fall of the Labor Share. American Economic Review 107 (5), 180-85.
URL http://www.aeaweb.org/articles?id=10.1257/aer.
p20171102

Autor, D., Katz, L. F., Kearney, M. S., et al., 2006. The Polarization of the US Labor Market.

American Economic Review 96 (2), 189-194.

Autor, D., Levy, F., Murnane, R. J., 2003. The Skill Content of Recent Technological

Change: an Empirical Exploration. Quarterly Journal of Economics 118 (4).

Barron, J. M., Berger, M. C,, Black, D. A, January 1997. Employer Search, Training, and

Vacancy Duration. Economic Inquiry 35 (1), 167-92.

Binder, M., Offermanns, C. ]., 2007. International investment positions and exchange rate

dynamics: A dynamic panel analysis. Working Paper 2095, CESifo.

Bosworth, B. P., Triplett, J. E., 2000. What’s New About the New Economy? IT, Growth

and Productivity. Unpublished manuscript, Brookings Institution.

Bover, O., Arellano, M., Bentolila, S., 2002. Unemployment duration, benefit duration and

the business cycle. The Economic Journal 112 (479), 223-265.

Brencic, V., Norris, J. B., 2009. Employers’ Online Search: An Empirical Analysis. Indus-

trial Relations: A Journal of Economy and Society 48 (4), 684-709.

Cahuc, P, Le Barbanchon, T., 2010. Labor market policy evaluation in equilibrium: Some

lessons of the job search and matching model. Labour Economics 17 (1), 196-205.

Carbonero, F., Ernst, E., Weber, E., et al., 2018. Robots worldwide: The impact of automa-

tion on employment and trade. ILO Research Department Working Paper (36).

Carbonero, F., Gartner, H., 2017. Inspecting the Relation of Search Cost and Search Du-

ration for New Hires. FAU-Discussion Paper 21.

36


http://www.aeaweb.org/articles?id=10.1257/aer.p20171102
http://www.aeaweb.org/articles?id=10.1257/aer.p20171102

Bibliography

Carbonero, F., Offermanns, C. J., Weber, E., 2017. The fall of the labour income share:
the role of technological change and imperfect labour markets. IAB-Discussion Paper

28/2017.

Cattan, N., Martin, E., 2012. Mexico Replaces China as U.S. Supplier With No Wage Gains:

Jobs. Bloomberg Business, 15 July 2012.

Chiacchio, F., Petropoulos, G., Pichler, D., 2018. The impact of industrial robots on eu
employment and wages: A local labour market approach. Bruegel Working Papers

Issue 2.

Cohen, M., Cui, S., Ernst, R., Huchzermeier, A., Kouvelis, P., Lee, H., Matsuo, H., Steu-
ber, M., Tsay, A., 2016. Off-, on-or reshoring: Benchmarking of current manufacturing

location decisions. The Global Supply Chain Benchmark Consortium.

Consoli, D., Roy, I, 2015. Employment Polarization in Germany: Role of Technology,

Trade and Human Capital. Jena Economic Research Papers 017.

Crooks, E., 2012. GE takes 1bn risk in bringing jobs home. Financial Times.

Dachs, B., Kinkel, S., Jager, A., 2019. Bringing it all back home? backshoring of man-
ufacturing activities and the adoption of industry 4.0 technologies. Journal of World

Business 54 (6), 101017.

Dahl, C. M., Le Maire, D., Munch, J. R., 2013. Wage Dispersion and Decentralization of

Wage Bargaining. Journal of Labor Economics 31 (3), 501-533.

Dauth, W,, Findeisen, S., Siidekum, J., Woessner, N., 2017. German Robots - The Impact

of Industrial Robots on Workers. CEPR Discussion Paper No. DP12306.

Davis, S. R., Faberman, J., Haltiwanger, J. C., January 2013. The establishment-level be-

havior of vacancies and hiring. The Quarterly Journal of Economics 128 (2), 581-622.

87



Bibliography

De Backer, K., DeStefano, T., Menon, C., Suh, J. R., 2018. Industrial robotics and the global
organisation of production. OECD Science, Technology and Industry Working Papers,

2018/03, OECD Publishing, Paris.
De Backer, K., Flaig, D., 2017. The future of global value chains.

Dolfin, S., 2006. An examination of firms’ employment costs. Applied Economics 38 (8),

861-878.

Eden, M., Gaggl, P., 2018. On The Welfare Implications of Automation. Review of Eco-

nomic Dynamics 29, 15-43.

Elsby, M. W., Hobijn, B., Sahin, A., 2013. The Decline of the US Labor Share. Brookings

Papers on Economic Activity 2013 (2), 1-63.

Ernst, E., Merola, R., Samaan, D., 2018. The economics of artificial intelligence: Implica-

tions for the future of work. ILO Future of Work Research Paper Series No. 5.

Fallick, B., Fleischman, C. A., 2004. Employer-to-Employer Flows in the US Labor Market:

The Complete Picture of Gross Worker Flows. FEDS Working Paper No. 2004-34.

Felten, E. W., Raj, M., Seamans, R., 2018. A method to link advances in artificial intelli-

gence to occupational abilities. In: AEA Papers and Proceedings. Vol. 108. pp. 54-57.

Fossen, F., Sorgner, A., 2019. Mapping the future of occupations: Transformative and
destructive effects of new digital technologies on jobs. Foresight and STI Governance

13 (2), 10-18.

Fujita, S., Ramey, G., November 2007. Job matching and propagation. Journal of Economic

Dynamics and Control 31 (11), 3671-3698.

Fujita, S., Ramey, G., May 2012. Exogenous versus endogenous separation. American

Economic Journal: Macroeconomics 4 (4), 68—93.

Gartner, H., Merkl, C., Rothe, T., 2009. They Are Even Larger! More (on) Puzzling Labor

Market Volatilities. IZA Discussion Paper No. 4403.

38



Bibliography

Gartner, H., Merkl, C., Rothe, T., 2012. Sclerosis and large volatilities: Two sides of the

same coin. Economics Letters 117 (1), 106—-109.

Goos, M., Manning, A., Salomons, A., 2014. Explaining Job Polarization: Routine-Biased

Technological Change and Offshoring. American Economic Review 104 (8), 2509-2526.

Gott, J., Sethi, A., 2017. The Widening Impact of Automation. AT. Kearney Research

Report.

Graetz, G., Michaels, G., 2015. Robots at work. CEP Discussion Paper No 1335.

Hall, R. E., 2005. Employment fluctuations with equilibrium wage stickiness. American

Economic Review 95 (1), 50-65.

Hall, R. E., Milgrom, P. R., 2008. The limited influence of unemployment on the wage

bargain. American economic review 98 (4), 1653-74.

Hobijn, B., Sahin, A., 2007. Job-Finding and Separation Rates in the OECD. FRB of New

York Staff Report (298).

Hutter, C., Weber, E., 2017. Labour Market Effects of Wage Inequality and Skill-Biased

Technical Change in Germany. IAB-Discussion Paper, 05/2017.

Jorgenson, D. W., 2001. Information Technology and the U.S. Economy. American Eco-

nomic Review 91 (1), 1-32.

Kaldor, N., 1955. Alternative Theories of Distribution. The Review of Economic Studies

23 (2), 83-100.

Karabarbounis, L., Neiman, B., 2013. The Global Decline of the Labor Share. The Quar-

terly Journal of Economics 129 (1), 61-103.

Karabarbounis, L., Neiman, B., 2014. The Global Decline of the Labor Share. Quarterly

Journal of Economics 129 (1).

89



Bibliography

Knoblach, M., RoB3ler, M., Zwerschke, P., 2016. The Elasticity of Factor Substitution Be-
tween Capital and Labor in the U.S. Economy: A Meta-Regression Analysis. CEPIE

Working Paper 03/16, Dresden.

Kohlbrecher, B., Merkl, C., Nordmeier, D., 2016. Revisiting the Matching Function. Journal

of Economic Dynamics and Control 69, 350-374.

Krusell, P., Ohanian, L. E., Rios-Rull, J.-V., Violante, G. L., 2000. Capital-Skill Complemen-

tarity and Inequality: A Macroeconomic Analysis. Econometrica 68 (5), 1029-1053.

Lawrence, R. Z., 2015. Recent Declines in Labor’s Share in US Income: A Preliminary

Neoclassical Account. National Bureau of Economic Research Working Paper 21296.

Layard, P. R. G, Layard, R., Nickell, S. J., Jackman, R., 2005. Unemployment: Macroeco-

nomic Performance and the Labour Market. Oxford University Press on Demand.

Mann, K., Pittmann, L., 2018. Benign effects of automation: New evidence from patent

texts. Available at SSRN 2959584.

Moczall, A., Miiller, A., Rebien, M., Vogler-Ludwig, K., 2015. The iab job vacancy survey.
establishment survey on job vacancies and recruitment processes. FDZ-Datenreport
04/2015, FDZ, Nurnberg, http://doku.iab.de/fdz/reporte/2015/
DR_04-15 EN.pdf.

Miihlemann, S., Pfeifer, H., 2016. The structure of hiring costs in germany: Evidence from

firm-level data. Industrial Relations: A Journal of Economy and Society 55 (2), 193-218.

Nagypal, E., 2005. On the Extent of Job-to-Job Transitions. (Mimeo), Northwestern Uni-

versity.
OECD, 2012. OECD Employment Outlook 2012. OECD Publishing, Paris.

O’Mahony, M., Timmer, M. P., 2009. Output, Input and Productivity Measures at the
Industry Level: The EU KLEMS Database. The Economic Journal 119 (538), F374-F403.
URL http://dx.doi.org/10.1111/3j.1468-0297.2009.02280.x

90


http://doku.iab.de/fdz/reporte/2015/DR_04-15_EN.pdf
http://doku.iab.de/fdz/reporte/2015/DR_04-15_EN.pdf
http://dx.doi.org/10.1111/j.1468-0297.2009.02280.x

Bibliography

O’Mahony, M., Van Ark, B., 2003. EU productivity and competitiveness: an industry per-
spective: can Europe resume the catching-up process? Office for Official Publications

of the European Communities Luxembourg,.

Pesaran, M. H., Shin, Y., Smith, R. P., 1999. Pooled mean group estimation of dynamic
heterogeneous panels. Journal of the American Statistical Association 94 (446), 621-

634.

Pissarides, C., 2009. The Unemployment Volatility Puzzle: Is Wage Stickiness the An-

swer? Econometrica 77 (5), 1339-1369.

Raurich, X., Sala, H., Sorolla, V., 2012. Factor Shares, the Price Markup, and the Elasticity

of Substitution Between Capital and Labor. Journal of Macroeconomics 34 (1), 181-198.

Shao, E., Silos, P., 2013. Entry costs and labor market dynamics. European Economic

Review 63 (C), 243-255.

Shimer, R., 2005. The cyclical behavior of equilibrium unemployment and vacancies.

American Economic Review 95 (1), 25-49.

Silva, J. I, Toledo, M., 01 2013. The Unemployment Volatility Puzzle: The Role Of Match-

ing Costs Revisited. Economic Inquiry 51 (1), 836-843.

Sirkin, H. L., Zinser, M., Rose, J., 2014. The Shifting Economics of Global Manufactur-
ing: How Cost Competitiveness Is Changing Worldwide. Boston Consulting Group,

August.

Strange, R., Zucchella, A., 2017. Industry 4.0, global value chains and international busi-

ness. Multinational Business Review 25 (3), 174-184.

UNCTAD, 2016. Robots and industrialization in developing countries. Policy Brief No.50.

Warning, A., Weber, E., 2018. Digitalisation, hiring and personnel policy: evidence from

a representative business survey. IAB-Discussion Paper 28/2017.

91



Bibliography

World Bank, 2016. World Development Report 2016: Digital Dividends. Washington, DC:
World Bank.

92



Appendix

A1 Derivation of the demand for robots.
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Table B1: Descriptive statistics across industries

Sectors Monetary search costs (Euros) Search hours Search duration (days) Comp. search costs (Euros)
Financial services, insurance 5110 (17007) 22 (23) 84 (81) 6179 (17261)
Machinery and equipment, electrical equipment and motor vehicles 2907 (7294) 19 (17) 69 (54) 3759 (7945)
Information and communication 1378 (3010) 25 (32) 70 (70) 2573 (3790)
Mining and quarrying, electricity, gas, steam and air conditioning supply 1432 (3089) 20 (19) 72 (68) 2450 (3469)
Coke and refined petroleum products, chemicals and plastic products 1271 (3198) 22 (62) 52 (51) 2184 (4686)
Professional, scientific and technical activities 1142 (2735) 20 (18) 73 (72) 1959 (3196)
Food; textile, clothes and furniture 1219 (4081) 17 (21) 56 (63) 1780 (4555)
Wood, paper and printing 977 (3313) 20 (26) 74 (96) 1701 (3585)
Public administration and defense; compulsory social security 720 (1228) 23 (23) 65 (60) 1670 (1743)
Water supply; sewerage, waste management and remediation activities 880 (1593) 22 37) 66 (67) 1647 (2263)
Wholesale and retail trade; repair of motor vehicles and motorcycles 1043 (3252) 18 (25) 61 (61) 1640 (3856)
Real estate activities 975 (2214) 20 (18) 60 (56) 1637 (2450)
Arts, entertainment, recreation 773 (2451) 22 (23) 58 (52) 1561 (3045)
Basic metals, fabricated metal products 904 (2734) 18 (20) 75 (78) 1547 (2919)
Transportation and storage 584 (1559) 23 (38) 67 (79) 1438 (2416)
Education 547 (1331) 26 (39) 65 (59) 1415 (1908)
Other services 442 (1060) 18 (17) 66 (70) 1052 (1481)
Human health and social work activities 569 (2171) 15 (18) 70 (97) 981 (2244)
Construction 341 (895) 16 (23) 81 (87) 875 (1322)
Accommodation and food service activities 343 (1250) 18 (29) 64 (66) 765 (1511)
Administrative and support service activities 289 (817) 19 (35) 63 (85) 741 (1185)
Agriculture, forestry and fishing 189 (923) 15 (19) 67 (74) 588 (1130)
Overall mean 920 (3652) 19 (28) 67 (75) 1576 (4051)

Mean and standard deviation (in parenthesis), weighted values. 9,048 observations. Source: German Job Vacancy Survey 2014 and 2015. The survey weights are based on strata
for 23 economic sectors and 7 firm size classes.
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Table B2: Sector coefficients of Model 3

Dependent variable: log of compounded search costs
Agriculture, forestry and fishing -0.73""
(0.10)
Food; textile, clothes and furniture -0.36™"
(0.08)
Wood, paper and printing -0.2"
(0.09)
Coke and refined petroleum products, chemicals and plastic products -0.08
(0.08)
Basic metals, fabricated metal products -0.31""

(0.08)
Machinery and equipment, electrical equipment and motor vehicles -

Mining and quarrying; electricity, gas, steam and air conditioning supply 0.25
(0.08)
Water supply; sewerage, waste management and remediation activities -0.08™
(0.08)
Construction -0.35
(0.08)
Wholesale and retail trade; repair of motor vehicles and motorcycles -0.29™
(0.08)
Transportation and storage -0.33™
(0.09)
Accommodation and food service activities -0.7
(0.08)
Information and communication 0.24™
(0.08)
Financial services, insurance 0.17"
(0.08)
Real estate activities 0.3
(0.08)
Professional, scientific and technical activities 0.03"*
(0.07)
Administrative and support service activities -0.57
(0.07)
Public administration and defense; compulsory social security -0.12""
(0.07)
Education -0.36
(0.08)
Human health and social work activities -0.57""
(0.07)
Arts, entertainment, recreation -0.23™
(0.09)
Other services -0.11"
(0.08)

Robust standard errors in parentheses. Reference group: Machinery and equipment, electrical equipment and motor vehicles.

Significance levels: «, *+ and «++ indicate significance at 0.05, 0.01 and 0.001
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Table B3: OLS and IV regressions: Search cost and search duration for academics, vocational
training and no qualification

Dependent variable: Academics Vocational training No qualification
log of compounded search costs OLS v OLS v OLS v
log of search duration 0.16™  -0.11 0.21™  -0.20 0.20 0.20
SE 0.03)  (036)  (0.01)  (0.28)  (0.03)  (0.83)
R? 0.41 0.37 0.34 0.22 0.23 0.24
N 1861 1861 6584 6584 1317 1317

Robust standard errors in parentheses. 9,048 observations. Controls are the same as in the

*k kkk

table in the text. Significance levels: *, , ™ indicate significance at 0.05, 0.01 and 0.001.

Table B4: OLS and IV regressions: Search cost and search duration for manufacturing and services

Dependent variable: Manufacturing Services

log of compounded search costs OLS v OLS v
log of search duration 0.22™  -0.25 0.19™  -0.30
SE (0.02)  (031)  (0.02) (0.28)
R 0.41 0.29 0.38 0.24
N 4244 4244 5204 5204

Robust standard errors in parentheses. 9,048 observations. Controls are the

same as in the table in the text. Significance levels: *, *, ™ indicate signifi-
cance at 0.05, 0.01 and 0.001.

Table B5: OLS regression: Search cost and search duration, reference specification vs 3-digit
occupational fixed effects

Dependent variable: Ref. specification Occupational fixed effects

log of compounded search costs

log of search duration 0.20 0.20
SE (0.01) (0.01)
R 0.39 0.29
N 9048 9048

Robust standard errors in parentheses. 9,048 observations. Controls are the

same as in the table in the text. Significance levels: *, , " indicate signifi-
cance at 0.05, 0.01 and 0.001.
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Table B6: IV regressions: Search cost and search duration with instruments tightness and
vacancy-unemployment separately

Dependent variable: tightness  Inov,Inu

log of compounded search costs

log of search duration -0.35 -0.35
SE (0.25) (0.23)
R 0.22 0.22
N 9048 9048

Robust standard errors in parentheses. 9,048 observations.
Controls are the same as in the table in the text. Signifi-

cance levels: *, ™, ™ indicate significance at 0.05, 0.01 and
0.001.
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C1 Derivation of the labour share function.

We derive the first order conditions from:

a
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By substituting A, we obtain
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Now, with respect to ICT capital
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By substituting A; we obtain

v e (kin)ote 1
(prd1)¢

kr =

We use the first order condition for capital ICT to substitute y< ¢(k;n) 7= 0¢ into n
(1—0-’>6 (p101) ki
n= -
¢ ( qiz?) " W)

By using the FOC with respect to non-ICT capital and by multiplying the last expression

by w/y, the labour share ends up having the following expression:
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Table B1: Employment share of occupations per task group, percent average between 1993 and
2000

Countries/Average Abstract Routine Manual

Austria 31 46 22
Denmark 37 35 28
Spain 26 45 29
France 35 43 22
Germany 37 42 22
Ireland 32 42 26
Italy 27 47 26
Netherlands 45 31 24
EU 34 40 24
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