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ABSTRACT 

The impact of technological progress on labour markets has received a great amount of scrutiny. 
Labour market polarisation is claimed to be one of the more prominent consequences of the re-
cent wave of technological advancement - the digital revolution. However, this claim is not uncon-
troversial. Questions arise on the scale of polarisation and the universality of this effect across 
countries. This paper aims to provide insight into this phenomenon in the relatively under-
researched EU-CEE countries. Our study, which focuses on the manufacturing sector in EU-CEE 
countries, shows that increasing robot density is related to shrinking employment in routine, mid-
dle-skilled occupations. While we report a positive effect of robot density on employment in lower 
routine, high-skill occupations, the impact on low-skill occupations is insignificant. Hence, we fail 
to provide strong evidence in favour of the direct impact of robot density on labour market polari-
sation.  
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I. INTRODUCTION  

The impact of the digital revolution on labour markets has received much attention in the litera-
ture. Among the prominent propositions in this research area is the claim that recent technological 
advancements lead to labour market polarisation, or the increase in the share of high-wage and 
low-wage jobs at the expense of jobs "in the middle" (Autor et al., 2003; Autor, 2019). One expla-
nation for the trend lies in robots and digital solutions forming Routine-biased Technological 
Change (RBTC), which allows the automation of routine tasks often performed by middle-skilled 
workers. Such automation processes decrease the demand for this kind of labour. According to the 
approach, while the share of routine, middle-skill jobs falls, the share of both high-skill and low-
skill jobs increases, as the tasks performed by these workers are often non-routine and hence 
hard to automate. A significant amount of empirical evidence supports this proposition (Goos et 
al., 2009; 2014; Autor and Dorn, 2013; Graetz and Michales, 2018). However, some studies show 
conflicting evidence arguing that recent labour market changes are more nuanced and far from 
uniform across countries (de Vires et al., 2020; Klenert et al., 2022; Oesch and Piccitto, 2019;  
Fernández-Macías and Hurley, 2017). For example, studies show that while recent technological 
advancements cause a decline in routine occupations in advanced economies, a similar trend is 
not observable in emerging markets and transition economies (de Vires et al., 2020).  

This paper aims to shed more light on the polarisation hypothesis, concentrating on Central and 
Eastern European (CEE) countries' manufacturing sectors. We utilise the adoption of robots from 
the International Federation of Robotics data as a measure of automation. The motivation for this 
research can be summarised by the following quote from the study by de Vires et al. (2020), who, 
based on data from 2005 to 2015, reported that: "a rise in robot adoption relates significantly to a 
fall in the employment share of routine manual task-intensive jobs. This relation is observed in 
high-income countries, but not in emerging market and transition economies" (de Vires et al., 
2020). We raise two pressing questions: does this conclusion still hold? Do the developments in 
CEE labour markets still diverge from the developed countries?  

Since the consequences of robotisation for CEE economies remain an under-researched area, we 
believe that our main contribution - the empirical assessment of the impact of industrial robots on 
the occupational structure of the workforce in the manufacturing sector in CEE countries - will 
constitute a value-added to the literature. 
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In this paper, we combine the EU-LFS database with data on industrial robots from the Interna-
tional Federation of Robotics and present evidence that increased robot density leads to a de-
crease in the share of routine, middle-skilled occupations in the manufacturing sector in EU-CEE 
economies. However, we do not find strong evidence in favour of the direct impact of robot densi-
ty on labour market polarisation, as we fail to evidence a statistically significant effect of 
robotisation on employment at the lower end of the occupation-skill ladder.  

The structure of the paper is as follows: in the next section, we review the relevant literature and 
formulate the hypotheses; in the third section, we present the data and show the results of our 
econometric research; the last section delivers conclusions. 
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II. LITERATURE REVIEW AND HYPOTHESES 

2.1. Labour market polarisation 

Polarising labour markets are characterised by a decline in the employment share of middle-wage 
jobs in favour of low- and high-paying jobs, and has been observed since the proliferation of com-
puting power reaching the 1980s (Autor, Dorn, 2013). Routine-biased Technological Change 
(RBTC, routinisation hypothesis), a development of the Skill-biased Technological Change (SBTC) 
concept, originated in the early 2000s in response to observing job polarisation in the US labour 
market (Autor et al., 2003). SBTC, stating that the technological progress benefits high-skilled 
workers, could not sufficiently explain the concurrently rising shares of employment in both high- 
and low-wage jobs (Autor, Dorn, 2013; Goos et al., 2014). The task-based approach came in to 
help, suggesting that looking at workers' skills may not be enough to shed light on the technolo-
gy-related changes in labour markets. Skills are a worker's endowment only, which may be trans-
formed into executing particular tasks. Tasks' characteristics are then crucial to elicit their prone-
ness to automation. The more routine the tasks are, so one performs them following a clear set of 
programmable procedures, the higher their susceptibility to automation (Autor et al., 2003, Autor, 
2022). 

Routine tasks may constitute a part of professional activities at each wage level, but they are 
more prevalent among low- and middle-wage jobs (Lewandowski et al., 2022). Middling occupa-
tions encompass routine manual and cognitive tasks; hence, with spreading technological solu-
tions and machine task substitution, workers may get displaced from performing them. In the 
context of job polarisation, the effect would manifest itself in the shrinking share of middle-
skilled/wage jobs. The lower part of the wage ladder covers both routine and non-routine manual 
tasks. The potential rise in the relative percentage of low-wage jobs may relate to the growing 
importance of service jobs encompassing non-routine manual and interpersonal activities (Autor, 
2022). However, with the possible concurrent displacement of low-wage workers who perform 
routine manual tasks, the change may vary between industries and countries. 

Indeed, the empirical studies investigating the pervasiveness of job polarisation are nonuniform. 
They vary regarding the methodological approach to measuring the phenomenon, the underlying 
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factors considered, and the obtained results. Furthermore, they focus on advanced economies, 
relatively neglecting developing countries.  

Job polarisation is more prevalent among developed economies, but it is not the only pattern of 
recent changes in occupational structures. The evidence for job polarisation in the US has been 
provided by e.g. Autor and Dorn (2013), Autor (2019). Goos et al. (2014) demonstrate the phe-
nomenon for 16 developed EU countries between 1993-2010. Fernandez-Macias (2012), howev-
er, while looking at the same set of countries in a period three years shorter, finds a variety of em-
ployment structure changes. The patterns cover polarisation as well as (mid)upgrading, and the 
differences are mainly attributed to methodological discrepancies (Fernandez-Macias, 2012). 
Similarly, Fernández-Macías and Hurley (2017) and Oesch and Piccitto (2019) detected various 
patterns of employment structure changes in European countries. 

Less evidence is available regarding emerging and transitioning economies. Investigating a large 
sample of both developed and developing economies, Das and Hilgenstock (2022) do not find 
much evidence for the labour market polarisation of the latter. However, they describe emerging 
economies as highly exposed to routinisation and, consequently, of a high probability of labour 
market polarisation.  

Interestingly, some studies detect significant differences between CEE countries and advanced 
economies regarding labour market polarisation and its determinants. A rising share of routine 
cognitive job tasks has been reported in certain CEE countries between the late 1990s and mid-
2010s – a pattern clearly not in accordance with RBTC (Hardy et al., 2016; Keister, Lewandowski, 
2017). Keister and Lewandowski (2017) highlight that a large share of CEE workers could be dis-
placed given a technology-driven decrease in demand for routine work. This view is compatible 
with Das and Hilgenstock's (2022) remark of higher routinisation being linked to an increased 
probability of job polarisation.  

Furthermore, looking at six CEE countries, Nchor and Rozmahel (2020) do not find a clear U-
shaped change in occupational structure over 16 years since 2000. They discover, for example, 
a rising share of middle-skilled clerical support workers, highlighting that the changes in occupa-
tional structure in CEE countries "cannot be solely attributed to RBTC" (Nchor and Rozmahel, 
2020, p. 71). While investigating the employment structure in Poland between 1995 and 2015, 
Arendt (2018) demonstrates that the changes follow neither SBTC nor RBTC. Although the share 
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of middle-wage jobs experiences the highest decline, it is accompanied by a rise in demand for 
high-skilled jobs and no changes regarding low-skilled occupations.  

With regards to RBTC, the factors considered to drive job polarisation cover automation potential 
and offshoring/outsourcing of middle-skilled routine jobs (Maloney, Molina, 2016). Goos, Manning 
and Salomons (2014) provide a framework to account for such factors - Routine Task Intensity 
and offshoring – finding both of them significant in the analysis. Labour market outcomes can be 
also affected by re-shoring (reallocation of production from developing countries back to ad-
vanced economies) caused by robotisation and the introduction of other digital technologies. Re-
shoring promotes employment and wages of high-skilled labour in high-wage countries, yet it 
does not change the employment or wages of low-skilled workers. Concurrently, it changes the 
situation in countries where the production had been previously offshored (Krenz et al., 2021; Fa-
ber, 2020). The consequences of re-shoring for low-wage countries have not been systematically 
surveyed so far, and this issue could be important for the EU-CEE countries. 

To account for automation, computerisation and robotisation are often introduced as determi-
nants of tech-induced employment changes. In the next section, we focus on the impact of robots 
on employment and labour market polarisation.  

 

2.2. Robots and employment 

Despite a vast and growing literature on the impact of robots on overall employment, the effect is 
unclear (Aghion et al., 2022), ranging from negative (e.g. Acemoglu, Restrepo, 2020; Chiacchio et 
al., 2018) to none (e.g. Graetz, Michaels, 2018; de Vries et al., 2020) or positive (e.g. Klenert et al. 
2022; Leight et al., 2020). The related studies differ in the methodological approaches and geo-
graphical or time coverages, hence they may be hard to compare (Klenert et al. 2022). The works 
of Acemoglu and Restrepo (2020) for the US, Chiacchio et al. (2018) for six EU countries and 
Aghion et al. (2019) for France focus on regional exposure to robots in all sectors. All report the 
negative effect of an increase in the number of industrial robots per worker on employment rates. 
The criticism of this approach  regards expanding the analysis to non-manufacturing sectors, 
which barely utilise industrial robots in the same manner, and the assumption that their effect is 
uniform across regions (Leight et al., 2019; Aghion et al., 2022).  
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Looking at a country-industry level, Graetz and Michaels (2018) find no impact of robot density on 
overall employment in 17 developed countries between 1993 and 2007. Klenert et al. (2022), 
while following a similar approach over an extended period (1995-2017), report a positive rela-
tionship. However, while restricting the analysis to the geographical and time coverage of Graetz 
and Michaels (2018), they obtain similar results. Hence, one may presume that the reinstatement 
and productivity effects leading to a positive relationship between robots and employment may 
take longer to manifest themselves. In that vein, Leight et al. (2019) provide contradictory evi-
dence to Acemoglu and Restrepo (2020) for the US, showing a positive result of robots on overall 
employment. Nevertheless, they focus on a shorter and later period in the manufacturing sector 
only. Hence, such difference should be interpreted with caution.   

Beside the effect on the overall employment, the literature investigates the impact of robots on 
the share of employment among particular groups of workers. They are often divided in terms of 
the skill ladder and educational attainment as well as the (non)routine character of occupations. 
Irrespective of the categorisation, rising robotisation exhibits mixed impact on the employment 
shares (see Table 1.). Accordingly to RBTC, robots and the consequent automation should nega-
tively impact workers performing routine tasks, which are prevalent among the low-skilled (rou-
tine manual) and medium-skilled (routine manual and cognitive) workers. Yet, depending on the 
three effects (displacement, reinstatement and productivity), the net impact on employment in 
those groups may vary (see Acemoglu, Restrepo, 2019). Indeed, the literature provides diverse 
results for the groups, even when the time and geographical coverages are similar (see e.g. Klenert 
et al., 2022 and Anton et al., 2022).  

The most consistent evidence for the negative impact of robots on the employment shares can be 
found among the low-skill and -educated workers (Acemoglu and Restrepo, 2020; Aghion et al., 
2019; Graetz and Michaels, 2018; de Vries et al, 2020) as well as routine (manual) workers 
(Acemoglu and Restrepo, 2020; de Vries et al., 2020). Nevertheless, for low-skill/educated work-
ers there are instances of that effect being insignificant (Klenert et al., 2022 for 1995-2017, Anton 
et al., 2022 for 1995-2005) and even positive (Klenert et al., 2022 for 1995-2007, Anton et al., 
2022 for 2005-2015).  

Regarding the middle-skilled/educated group of workers, the effect is negative (Acemoglu and 
Restrepo, 2020; Chiacchio et al., 2018; Anton et al., 2022 for 1995-2005) or insignificant (Aghion 
et al., 2019; de Vries et al., 2020; Klenert et al., 2022), with the only exception (positive impact) 
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found in Anton et al. (2022) for 2005-2015, who themselves raise the caution of interpreters 
highlighting low robustness of their results. As previously mentrioned, de Vries et al. (2020) do not 
find emerging and transition economies following the pattern of a robot-induced shrinking share 
of middle-skilled routine jobs as found in advanced countries.  

For the high-skilled/educated workers and those, who perform non-routine tasks, the impact of 
robotisation is either positive (in accordance with both RBTC and SBTC) or insignificant. For details, 
see Table 1.  

 

Table 1. The impact of robotisation on total employment and the shares of employment in certain groups of workers  

Author(s) Geo, time, 
sectors Robots measure 

Total em-
ployment 

Groups of workers 
Low-skill/edu Medium-

skill/edu 
High-skill/edu 

Acemoglu, 
Restrepo 
(2020) 

US, 1990-2007 Robot stock / 1K 
workers 

(-) (-)  
[less than high 
school] 

(-)  
[routine manu-
al, high-school] 

(-)  
[college, pro-
fessional de-
gree] 

Chiacchio et 
al. (2018) 

6 EU countries, 
1995-2007 

Robot stock / 1K 
workers 

(-) Insig. (-)  
[middle educa-
tion] 

Insig.  

Aghion et al. 
(2019) 

France, 1994-
2014 

Robot stock / 1K 
workers 

(-) (-)  
[primary, secon-
dary professio-
nal] 

(insig.)  
[high school] 

(+)  
[college] 

Graetz, 
Michaels 
(2018) 

17 coutries, 
1993-2007 

Robot stock / 1M 
hours worked 

(insig.) (-)  (x)  (x) 

de Vries et al. 
(2020) 

37 countries, 
2005-2015 

Robot stock / 1K 
workers 

(insig.) (insig.)  
[non-routine 
manual] 

developed only: 
(-)  
[all routine] 
(insig.)  
[routine analy-
tic] 
(-)  
[routine manu-
al] 

(+)  
[non-routine 
analytic] 

Klenert et al. 
(2022) 

EU28, 1995-
2017, manuf. 
Only 

Robot stock / 1K 
workers, percentile of 
robot density 

95-17: (+) 
95-07: (+) 

95-17: (insig.) 
95-07: (+) 

95-17: (insig.) 95-17: (insig.) 

Leight et al. 
(2020) 

US, 2010-
2015, manuf. 
only 

Robot stock / 1K 
workers, Robot Skill 
Demand Index 

(+)  (x) (x)  (x) 

Anton et al. 
(2022) 

EU28, 1995-
2015 

Robot stock / 1K 
workers 

95-05: (-) 
05-15: (+) 

95-05: (insig.)  
05-15: (+/insig.) 

95-05: (-)  
05-15: (+/insig.) 

95-05: (insig.)  
05-15: (+/insig.) 

Note: (+) positive impact; (-) negative impact; (insig.) statistically insignificant impact; (x) not investigated 
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2.3. Hypotheses 

Regarding RBTC and the mixed empirical evidence, we aim to verify the polarisation hypothesis 
with regard to the labour markets of the CEE economies. In particular, we address the following 
hypotheses: 

H1. The adoption of robots negatively affects employment in high-routine middle-skill occupa-
tions in CEE economies.  

H2. The adoption of robots positively affects employment in both low-routine high-skill and low-
routine low-skill occupations in CEE economies. 
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III. DATA AND ECONOMETRIC MODELLING 

3.1 Robot density and labour market structure in EU-CEE countries 
– a bird's eye view of the data 

To study the changes in the labour markets of EU and CEE countries, we rely on Eurostat's Labour 
Force Survey (EU-LFS), which distinguishes between occupations in accordance with the 1-digit 
UN's International Standard Classifications of Occupations (ISCO-08). We concentrate on data for 
the manufacturing sector, as robot density in this sector is by far the highest when compared to 
other types of economic activity (see Graph 2.). 

The data on the number of robots comes from the International Federation of Robotics Database. 
Robots are defined as "fully autonomous machines that do not require a human operator and can 
be re-programmed to perform several tasks such as welding and soldering, dispensing (...), (dis-) 
assembling, handling operations or processing (...)." (Klump et al., 2021; p. 9). 

It has to be stressed that this data has well-known limitations. For example, the data does not 
include quality adjustments; it only includes robots sold in the market and does not count robots 
used within robot-producing firms. Furthermore, the deprecation procedure used by IFR is non-
standard, and there are unexplained time breaks within the data. For a detailed discussion of IFR 
data limitations, see Klump et al. (2021).  
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Graph 1. Robots in EU countries (and the UK) in 2020.  

 

Source: IFR data.  
 
Graph 2. The share of robots in manufacturing in EU countries (and the UK) in 2020 
 

 
 
Source: IFR data; own calculations 

 

Graphs 3. and 3a. present the robot density in 2008 across EU countries along with the density's 
growth rate over the next 12 years (2008-2020). While the CEE countries have started imple-
menting robots later than developed countries, they are catching up. Therefore, as robot density 
grows, so may the intensity of its impact on the labour market. 
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Graph 3. The correlation between the robot density in 2008 and its growth rate between 2008 and 2020.  

 

Source: IFR data, own calculations.  
 
Graph 3a. The correlation between the robot density in 2008 and its growth rate over 2008-2020 – a closer look at the converging 
countries.  

 

Source: IFR data, own calculations.  
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To analyse the labour market data, we follow Das and Hilgenstock (2022) and cluster the ISCO-08 
occupations into three groups concerning workers' skills and routinisation of tasks1. According to 
Das and Hilgenstock (2022), the occupations with the highest aggregate routine score encompass 
"clerical workers", followed by "machine operators" and "craft workers". These occupations are 
also classified as "middle-skilled" (Das and Hilgenstock, 2022). Among the least routine occupa-
tions, we find "skilled agricultural, forestry and fishery workers", "managers", and "professionals". 
The remaining occupations – "service and sales workers", "technicians and associate profession-
als", and "elementary occupations" – reach the middle values of the routinisation index. "Manag-
ers" and "professionals", together with "technicians and associate professionals", are classified as 
high-skilled, while the remaining occupations are "low-skilled"  (Das and Hilgenstock, 2022).  

Hence, we form three groups of workers:  

 High-routine, middle-skilled occupations: clerical workers, machine operators, craft work-
ers,  

 Lower-routine, high-skilled workers: managers, professionals and technicians and associ-
ate professionals, 

 Lower-routine, low-skilled workers: elementary occupations, service and sales workers.  

We omit "skilled agricultural, forestry and fishery workers" as these occupations are rarely found 
in the manufacturing sector.  

Naturally, such divisions are based on strong assumptions that are flawed with limitations. One 
relates to fixing the routinisation measure used to group occupations across time and countries. 
With the development of technological solutions over time, more tasks may be described as rou-
tine. Moreover, the aggregation of routine scores to nine occupational groups diminishes the pre-
ciseness of the measure. Nevertheless, the reliance on a constant routinisation index and aggre-
gation of occupations is often performed in the literature (e.g. Lewandowski et al., 2022, Das and 
Hilgenstock, 2022).  

                                                             
1 Das and Hilgenstock (2022) base their measures on a set of scores from Autor and Dorn (2013) “routine task intensi-
ty”(RTI), or how intensive an occupation is in routine tasks, for 330 occupations at the 3-digit census level. Autor and 
Dorn (2013) have relied on U.S. Department of Labor’s Dictionary of Occupational Titles (DOT) to collect information on the 
routine, abstract and manual task content of each occupation (see part IIB of Das and Hilgenstock, 2022). 
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To present a broader context, we show changes in shares of total employment between 2008 and 
2021 in the three above-listed groups of workers in all sectors and the manufacturing sector. Fol-
lowing the claim of de Vires et al. (2020), we contrast these developments with the advanced EU 
economies in order to uncover whether there are significant differences in the observed patterns. 

Graph 4. The change in the employment share of high-skilled low-routine (high), middle-skilled high-routine (middle), and low-
skilled low-routine (low) occupations over 2008-2021; all NACE sectors; EU-15 and CEE countries. 

 

Source: EU-LFS, own calculations.  
 

 

As Graph 4. demonstrates, there are no apparent differences in the polarisation patterns observed 
across advanced and CEE countries. Moreover, as Graph 5. shows, the increase in the share of 
low-skilled low-routine workers is observed only in the case of the manufacturing sector in CEE 
economies. In advanced countries their share has fallen, which is inconsistent with the task-
polarisation proposition.  
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Graph 5. The change in the employment share of high-skilled low-routine (high), middle-skilled high-routine (middle), and low-
skilled low-routine (low) occupations over 2008-2021; manufacturing; EU-15 and CEE countries. 
 

 

Source: EU-LFS, own calculations.  
 
 
 
Graph 6. The change in the employment share of high-skilled low-routine (high skill), middle-skilled high-routine (middle skill), and 
low-skilled low-routine (low skill) occupations over 2008-2014 and 2014-2020; all NACE sectors; EU-15 and CEE countries. 
 

 

Source: EU LFS, own calculations.  
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Moreover, Graph 6. demonstrates that the polarisation trend of the occupation structure in both 
advanced and CEE countries can be detected in the years 2008-2014. However, since 2015, this 
trend has been much weaker in both groups of countries. This observation requires further in-
depth research.   

 

3.2. Econometric modelling 

The econometric modelling aims to verify whether robot density correlates with the pattern of 
polarisation in CEE countries and the entire European Union. As already indicated above, the scant 
evidence on less advanced countries suggests that the labour markets of CEE countries behave 
differently (see de Vires et al., 2022). However, the preliminary visual inspection of related data 
does not confirm (see Graph 4. and Graph 5.).  

Hence, we want to verify whether the previously reported quote - "a rise in robot adoption relates 
significantly to a fall in the employment share of routine manual task-intensive jobs. This relation 
is observed in high-income countries, but not in emerging market and transition economies" (de 
Vires et al., 2020) - still holds.  

Our data encompasses the period between 2008 and 2021. The employment shares and robot 
density are only calculated for the manufacturing sector (as defined by the NACE classification). 
The reason for focusing on this sector is straightforward – most robots are located in manufactur-
ing (see Graph 2.). Since we aim to study the direct impact of robot density, we chose to concen-
trate solely on this sector. Such a choice is grounded in the literature – see Kenert et al. (2022) and 
Leight et al. (2020).  

The annual change in the share of each of the three occupational groups2 (as listed in part 3.1) in 
relation to total employment in manufacturing constitutes our main dependent variable. Hence, 
firstly we compute the annual number of employed workers in each of the three occupational 
groups in manufacturing and relate it to the overall employment in manufacturing in each country. 

                                                             
2 Three occupational groups: high-skilled low-routine, middle-skilled high- routine and low-skilled low routine  
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Then, we compute the annual first difference of the employment share of each group. The data on 
employment comes from the EU Labour Force Survey (LFS).  

The main right-hand side variable is robot density, expressed as the number of robots per 10.000 
employees. The data on robots comes from the International Federation of Robotics. To ease the 
problems associated with reverse causality, this indicator is lagged 3 years. In some specifications, 
among right-hand side variables, we include the lagged value of the dependent variable to consid-
er the possibly dynamic nature of the process.  

We conduct the estimations on EU economies covering developed and CEE countries. Then, we 
analyse a smaller sample of EU-CEE economies only: Croatia, the Czech Republic, Poland, Slove-
nia, Hungary, Malta, Bulgaria, Slovakia, Latvia, Romania, Estonia, and Lithuania.  

The presence of lagged dependent variables on the right-hand side of the regression equation 
causes well-known problems (see Roodman, 2009) in fixed effects, panel data estimation. The 
popular solution is to use the system generalised method-of-moments estimator (system-GMM) 
(Arellano and Bover, 1995; Arellano and Bond, 1991), which has become a workhorse for estimat-
ing dynamic panel models. When including the lagged dependent variable, we follow that ap-
proach. In the remaining cases, we rely on a fixed effects estimator. 

To check the robustness of the results, we have also included additional data from the OECD, 
namely the strictness of employment protection and the average wage, expressed in USD. Unfor-
tunately, due to a lack of data for several CEE countries, this was only possible for the broad sam-
ple of developed and CEE economies of the EU.  

Table 2. presents the results for the sample of all EU countries; Table 3. - for EU-CEE countries. All 
estimations include time dummies. Columns (1)-(6) contain the estimation results done employing 
system-GMM, while the remaining columns show the regressions calculated using the fixed ef-
fects estimator.  
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Table 2. The impact of robot density on the change in the share of high-skilled low-routine (High), middle-skilled high-routine (Mid) 
and low-skilled low-routine (Low) occupations in total employment in the manufacturing sector; all EU countries; 2008-2021. 
 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
 High Mid Low High Mid Low High Mid Low High Mid Low 
             
Lagged re-
gressand 

0.015 0.052 0.033 0.051 0.025 -0.10       
(0.076) (0.067) (0.165) (0.090) (0.074) (0.123)       

             
Robot dens. 1 0.001 

*** 
-0.001 

** 
-0.001 0.001 

** 
-0.002 

** 
-0.001 0.013 

*** 
-0.007 

* 
-0.006 

* 
   

(0.00) (0.00) (0.00) (0.001) (0.001) (0.001) (0.004) (0.004) (0.003)    
             
Robot dens. 2          0.013 

*** 
-0.007 

* 
-0.005 

* 
           (0.004) (0.004) (0.003) 
             
Controls No No No Yes Yes Yes Yes Yes Yes Yes Yes Yes 
             
Hansen's J 10.10 

(0.52) 
0.674 
(0.18) 

8.44 
(0.67) 

6.96 
(0,64) 

10.58 
(0.30) 

5.90 
(0.75) 

      

Obs 280 280 263 194 194 183 219 212 209 219 212 209 
R2       0.129 0.092 0.084 0.132 0.092 0.082 
Countries 26 26 26 22 22 22 25 24 25 25 24 25 
Source: Own calculations. Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1. Dynamic panel-data estimation in 
columns (1) to (6); system GMM; instruments were collapsed to avoid the problem of instrument proliferation; columns (7)-(12) show 
results of fixed effects estimations; time dummies are included in all estimations. "Robot dens. 1" is expressed as the current number 
of robots in manufacturing divided by the current employment in manufacturing; "Robot dens. 2" is expressed as the current number of 
robots in manufacturing divided by employment in manufacturing in 2008. Both measures of robot density are lagged three periods to 
decrease the problem of reverse causality. Controls include the strictness of employment protection and the average wage, expressed 
in USD. 
 

 

Our estimations indicate that a 10 percentage point increase in robot density is associated with 
a 1 percentage point rise in the share of high-skilled low-routine workers in overall employment in 
the manufacturing sector in all EU countries. It is also related to a similar decrease in the share of 
middle-skill high-routine workers. Regarding the share of low-skilled low-routine workers, the 
effect is either insignificant (Model (3) and (6)) or negative (Model (9) and (12)). For details, see 
Table 3. 

 

 

 



 [Strona 20/26] 

Table 3. The impact of robot density on the change in the share of high-skilled low-routine (High), middle-skilled high-routine (Mid) 
and low-skilled low-routine (Low) occupations in total employment in the manufacturing sector; EU-CEE countries; 2008-2021. 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
 High Mid Low High Mid Low High Mid Low High Mid Low 

             
Lagged 
regressand 
  

0.043 0.133 0.134 0.033 0.125 -0.043       
(0.156) (0.190) (0.190) (0.157) (0.200) (0.234)       

             
Robot dens. 1 
  

0.001 
* 

-0.002 
** 

0.000    0.004 
** 

-0.004 
* 

0.002    

(0.001) (0.001) (0.001)    (0.002) (0.002) (0.002)    
             
Robot dens. 2 
  

   0.001 
* 

-0.002 
** 

0.001    0.004 
** 

-0.005 
* 

0.003 

   (0.000) (0.001) (0.001)    (0.002) (0.003) (0.003) 

             
Hansen's J 9.01 8.52 8.95 7.99 8.80 8.40       
 (0.62) (0.67) (0.63) (0.71) (0.64) (0.68)       
Obs 128 128 115 121 121 108 129 129 119 121 121 111 
Countries 12 12 12 11 11 11 12 12 12 11 11 11 

Source: Own calculations. Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1. Dynamic panel-data estimation in 
columns (1) to (6); system GMM; instruments were collapsed to avoid the problem of instrument proliferation; columns (7)-(12) show 
results of fixed effects estimations; time dummies are included in all estimations. "Robot dens. 1" is expressed as the current number 
of robots in manufacturing divided by the current employment in manufacturing; "Robot dens. 2" is expressed as the current number of 
robots in manufacturing divided by employment in manufacturing in 2008. Both measures of robot density are lagged three periods to 
decrease the problem of reverse causality.  
 

Our results are similar when we limit the sample to CEE-EU countries. However, the effect on the 
share of low-skilled low-routine workers is insignificant in each model specification. Due to limited 
data on employment protection and the average wage for CEE economies, we cannot check the 
robustness of the results for CEE countries by adding additional right-hand side variables (the 
strictness of employment protection and the average wage).  

Additionally, all estimations were repeated for an alternative measure of robot density expressed 
as a ratio of the number of robots divided by the constant number of workers in 2008. This meas-
ure is called "robot dens. 2". The results are similar, and we report them in models (10)-(12).  

Summing up, our results do not provide evidence supporting the claim that robotisation causes 
"strong" labour market polarisation. We understand "strong" labour market polarisation as a con-
current increase in the share of both high- and low-skilled workers. This result is in line with the 
evidence collected, for example, by de Vires et al. (2020), who also conclude that robotisation 
causes a decline in routine jobs, but find no increase in the share of non-routine low-skilled jobs.  
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Secondly, our results do not show that the changes in employment in the manufacturing sector in 
CEE countries do not experience a decrease in routine, middle-skilled jobs. On the contrary, the 
result for CEE countries indicates that the fall in the share of routine, middle-skilled jobs is taking 
place in response to increased robotisation.  
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4. CONCLUSION 

Despite a sizeable empirical evidence for labour market polarisation in advanced economies, the 
phenomenon is far from ubiquitous, and its underlying factors are yet to be fully discovered. Build-
ing upon the Routine-biased Technological Change concept, we aimed to investigate the associa-
tion between robot density – a proxy for automation – and changes in the employment share of 
three occupational groups in the manufacturing sector. The groups encompass high-skilled low-
routine, middle-skilled high-routine and low-skilled low-routine jobs. Our analysis is timely and 
covers the period between 2008 and 2021. We scrutinise the entire European Union but focus 
primarily on EU-CEE countries, as they are relatively under-researched. 

Furthermore, the literature suggests that EU-CEE may respond differently than advanced econo-
mies. Hence, we wanted to investigate whether the changes in the employment shares in the 
three aforementioned occupational groups differ between advanced EU countries (EU-15) and EU-
CEE economies. A simple, statistical analysis shows that in the case of all sectors, the differences 
are non-existent. While dividing the analysis into two periods - 2008-2014 and 2014-2021 – we 
observe a significant weakening of the polarisation process in both groups of countries. This ob-
servation calls for further in-depth analysis. In the case of manufacturing only, CEE countries differ 
regarding the change in the share of low-skilled low-routine occupations. In contrast to the ad-
vanced economies, the change for EU-CEE is positive, and the whole pattern fits the task-
polarisation proposition.  

Our econometric modelling aimed at verifying the "strong" polarisation proposition in EU-CEE and 
the entire EU. "Strong" labour market polarisation requires the shrinking share of middle-skill jobs 
along with concurrently rising shares of high- and low-skill occupations. However, we fail to pro-
vide evidence for the rising share of low-skill occupations in both groups of countries, hence re-
jecting the proposition. Nevertheless, our analysis shows that EU-CEE countries follow very simi-
lar patterns of occupational changes as the advanced economies and the EU. Perhaps the rapid 
convergence in robot density in those countries allows for blurring differences.  
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APPENDIX 

Table A1. The impact of robot density on the change in the share of high-skilled low-routine (High skill), middle-skilled high-routine (Middle skill) and low-skilled low-routine (Low skill) occupations in 
total employment in the manufacturing sector; all EU countries; 2008-2021. 
 
 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
 High skill Middle skill Low skill High skill Middle skill Low skill High skill Middle skill Low skill High skill Middle skill Low skill 
Lagged dependent variable 0.0146 0.0520 0.0327 0.0509 0.0254 -0.101       

(0.0764) (0.0672) (0.165) (0.0900) (0.0744) (0.123)       
Robot density 1 0.0012*** -0.0009** -0.0005 0.00136** -0.00155** -0.000755 0.0127*** -0.00725* -0.006*    

(0.0004) (0.000) (0.0004) (0.000540) (0.000645) (0.000813) (0.004) (0.004) (0.003)    
Robot density 2 
  

         0.0129*** -0.0071* -0.0052* 
         (0.004) (0.004) (0.003) 

Log of wage     1.07e-08 9.01e-08 -1.07e-07 -8.83e-07 -9.40e-07 -7.52e-09 -1.07e-06 -7.75e-07 3.84e-08 
    (7.70e-08) (9.24e-08) (7.21e-08) (6.91e-07) (1.10e-06) (5.8e-07) (7.06e-07) (1.1e-06) (6.0e-07) 
Employment protection    0.00230 -0.00275 0.00233 0.0148 -0.0253* 0.0129 0.0149 -0.0254* 0.0129 
    (0.00240) (0.00279) (0.00180) (0.0115) (0.0131) (0.00968) (0.0114) (0.0131) (0.00969) 
             
Hansen's J 10.10 

(0.52) 
0.674 
(0.18) 

8.44 
(0.67) 

6.96 
(0,64) 

10.58 
(0.30) 

5.90 
(0.75) 

      

Observations 280 280 263 194 194 183 219 212 209 219 212 209 
R2       0.129 0.092 0.084 0.132 0.092 0.082 
Countries 26 26 26 22 22 22 25 24 25 25 24 25 
Source: own calculations. Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 
Dynamic panel-data estimation in columns 1 to 6, system GMM, instruments were collapsed to avoid the problem of instrument proliferation. columns 7-12 show results of fixed effects estimations. Time 
dummies are included in all estimations. "Robot density 1" is expressed as the current number of robots in manufacturing divided by the current employment in manufacturing; "robot density 2" is expressed as 
the current number of robots in manufacturing divided by employment in manufacturing in 2008. Both measures of robot density are lagged 3 periods to decrease the problem of reverse causality.  
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Table A2. The impact of robot density on the change in the share of high-skilled low-routine (High skill), middle-skilled high-routine (Middle skill) and low-skilled low-routine (Low skill) occupations in 
total employment in the manufacturing sector; EU-CEE countries; 2008-2021. 
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
 High skill Middle skill Low skill High skill Middle skill Low skill High skill Middle skill Low skill High skill Middle skill Low skill 
Lagged dependent variable 
  

0.0427 0.133 0.134 0.0330 0.125 -0.0425       
(0.156) (0.190) (0.190) (0.157) (0.200) (0.234)       

Robot density 1 
  

0.00097* -0.0016** 0.00034    0.0038** -0.0041* 0.0018    
(0.00047) (0.00067) (0.00074)    (0.0017) (0.0024) (0.0023)    

Robot density 2 
  

   0.00073* -0.0016** 0.00051    0.0038** -0.0045* 0.0025 
   (0.00038) (0.00066) (0.00081)    (0.0018) (0.0025) (0.0025) 

             
Hansen's J 9.01 8.52 8.95 7.99 8.80 8.40       
P-values (0.62) (0.67) (0.63) (0.71) (0.64) (0.68)       
              
Observations 128 128 115 121 121 108 129 129 119 121 121 111 
Number of countries 12 12 12 11 11 11 12 12 12 11 11 11 
 Source: own calculations. Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 
Dynamic panel-data estimation in columns 1 to 6, system GMM, instruments were collapsed to avoid the problem of instrument proliferation. columns 7-12 show results of fixed effects estimations. Time 
dummies are included. "Robot density 1" is expressed as the current number of robots in manufacturing divided by the current employment in manufacturing; "robot density 2" is expressed as the current 
number of robots in manufacturing divided by employment in manufacturing in 2008. Both measures of robot density are lagged 3 periods to decrease the problem of reverse causality.  
 


