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Abstract 
We examine how speed of automation is affected by different employment 

protection regimes - one with lenient and one with stringent regulation. To 

assess we examine how occupations shares in the UK, US, Germany and 

Spain has changed from 1991-2013. According to our estimates, we find that 

the speed, of which high-risk occupations shrink over time, slows down in 

countries with a stringent EPL, Germany and Spain, regime relative to 

lenient EPL levels, the UK and US. 
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Introduction 

“Not only has employment protection become an important topic in the 

institutional approach to labour markets, these markets have also changed in ways 

that make questions of employment protection more pressing than before. 

Increased globalization and rapid technological innovation place demand on the 

ability to adapt for both businesses and employees while, at the same time, there is 

a legitimate need for a safety net for those workers who are adversely affected by 

the changes. Moreover, the challenges of the recent worldwide recession have 

brought employment protection issues to the forefront on the policymaking agenda 

and they are likely to remain there for years to come” – Per Skedinger (2011) 

Technological development influences not only economic growth but also how labour 

markets evolve over time and – in particular – which jobs are created or destroyed. This raises 

distributional concerns, as some workers will lose their jobs even though society as a whole is 

likely to gain from technological development. The purpose of this essay is to examine how 

employment protection legislation (EPL) affects the implementation of automation in the 

labour market. By automation, we mean that a task, previously performed by human labour, is 

performed using a computer algorithm, with minimal human assistance. 

EPL is a set of rules that imposes additional firing costs on employers, making them 

less inclined to both fire and hire workers (since employers consider potential future firing 

costs already when they make hiring decisions). This results in less personnel turnover with 

stringent EPL. Through its direct effects on firing costs, EPL is also likely to have various 

indirect effects, on, for example, innovation and the related introduction of automated 

production processes. As we shall explain later, this effect is ambiguous as EPL may both 

hamper and encourage firms to innovate and automate. Specifically, this paper investigates 

how the occupational distribution is affected by automation under different EPL regimes – 

one with lenient and one with stringent regulation.  
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Using data on different countries, we ask ourselves whether the EPL regime adopted by 

a country affects the speed at which occupations that are more or less prone to automation 

shrink or expand in size relative to the labour market as a whole. To the best of our 

knowledge, this relationship between EPL and automation has not been examined before, so 

there lies the main contribution of this essay. We hypothesize that stringent EPL slows down 

the rate at which high-risk occupations shrink over time.   

Using data from a previous study by Heyman et al (2016), we first categorize groups of 

occupations according to their respective risks for automation: low-risk, medium-risk and 

high-risk occupations. We then use data from the Luxembourg Income Survey (LIS) to 

examine how the relative size of these occupational groups change over the time period 1990 

to 2013 in various countries. Finally, we use data from the Organisation for Economic Co-

operation and Development (OECD) on the measurement of the stringency of EPL in order to 

examine the relationship between changes in occupational shares and the EPL index (which 

changes little over time) in these countries. 

 

The paper continues as follows: Section 1 presents the theoretical framework that 

concerns our research question. Section 2 discusses earlier studies dealing with technological 

change and employment protection. Section 3 describes the data. Section 4 contains 

methodological approach. Section 5 and 6 presents and discusses our results. Section 7 

concludes our paper. 
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1 Theoretical framework 

In this section, we present our theoretical framework concerning the effects of employment 

protection legislation on employment and innovation as well as a framework concerning 

technological change. The framework concerning employment protection will be used to 

analyze and explain our result, while the framework concerning technological change will be 

used to explain how and why different jobs have different risk/probabilities of automation. 

1.1 Definition of employment protection legislation and the driving factors 
According to OECD (2004), employment protection legislation (EPL) is defined as “rules 

governing the hiring and firing process”. It is the sum of a complex system of rules/laws that 

differ from country to country. If you look at EPL from an economic perspective, then the 

strictness of EPL is determined by the costs that are related to layoffs of employees (Bennet, 

2016). Moreover, Skedinger (2008) mentions that it is often claimed that the driving factors of 

countries strengthening and developing employment protection are because of the constant 

globalization and technological change that the labour market faces. Furthermore, the primary 

purpose and idea behind EPL are to build up protection for employees when the market 

fluctuates, and it weakens the incentives for employers to discharge employees (Skedinger, 

2008). 

1.2 What effect might EPL have? 
The most immediate consequence of regulated employment protection legislation is that the 

cost for employers to adjust the size and composition of their workforce increases. The need 

to adjust the work force arises primarily from changes in product demand, unlike 

compositional changes, which depends on employers’ attitude towards the workers perceived 

competence and performance. These adjustment costs give root for several side effects, on for 

example, productivity and innovation (Skedinger, 2008). 

The increase in layoff costs does not only lower the employers' proclivity to fire 

workers, but also entails a decrease in employers willingness to hire new workers in the first 
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place. This is because firms in their labour cost analysis incorporate future layoff costs in 

today's hiring decisions. High firing costs can, therefore, become an employment barrier for 

job searchers by reducing firms’ incentives recruit new employees. This can specifically 

occur in an occupation that is characterized by significant shifts in demand (high volatility) or 

by fast developments in technology (Skedinger, 2008). According to Walwei (1996), EPL 

boosts acceptance of technological progress. In contrast, lenient EPL might result in recurrent 

strikes, diminished willingness to make adjustments by workers’ representatives and also 

increased shirking. 

1.3 Effects of EPL on innovation in general and on automation 
Results in studies on how EP, affects innovation are ambiguous. On the one hand, Samaniego 

(2006) and Bartelsman et al. (2010) argue that EPL affects innovation negatively. On the 

other hand, Acharya and Baghai (2013) predict that EPL has a positive effect on innovation. 

Samaniego (2006) explains that EPL will affect innovation through adjustments cost that 

follows when an innovation is introduced into the firm. High firing cost, as well as high hiring 

cost, may lead to firms underinvesting in innovative activities that require adjustments of the 

workforce. This will mainly occur in technologically advanced industries. Firing restrictions 

in industries with swift technological change, for instance, ICT, are costlier. Furthermore, this 

implies that firms in countries that have stricter EPL tend to specialize in industries showing a 

low rate of technological change. Moreover, Bartelsman et al. (2010) make the case that 

having stricter layoff regulations will lead to firms becoming discouraged from experimenting 

with new technologies that have a higher return, which are also associated with higher 

volatility (that is, risk). 

In contrast, Acharya and Baghai (2013) predict that firms would fire innovating workers 

to allocate a larger share of the payoff from a successful innovation. In such cases, a stricter 

EPL will have a positive effect on innovation by preventing firms from readily firing workers 

and thereby limit the firm’s capability to hold up innovating workers.  

We note that there seem to be no previous studies that explicitly relate the speed of 

automation in various occupations to the stringency of EPL. Innovation, in general, is 

different from automation in the sense that the latter always directly affects the labour input, 
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which is not necessarily the case for the former (innovation covers a broad spectrum of 

technological change). More stringent EPL should make firms less willing to adopt 

automation processes since firings costs are higher than otherwise. Automation thus becomes 

costlier to implement. We then expect the relative size of high-risk occupations to be larger 

than otherwise. It is hard to conceive of a situation in which low-skilled workers protected by 

EPL feel so secure that they approve automation process because it entails a direct threat to 

their jobs. However, if automation crowds low-skilled workers into more skilled and high-

paying positions within the same firms (or easily in other firms), the acceptance of workers to 

automation should be higher under stringent EPL. The net effect is thus ambiguous, but we 

expect the “slowing down” effect of automation in the presence of stringent EPL to dominate 

over the “crowding-in” effect. 

1.4 Routine-biased technological change 
Skill-biased technological change (SBTC) is defined as a shift in the production technology 

that encourages skilled over unskilled workers by its relative demand and therefore, its 

relative productivity. Routine-biased technical change theory (RBTC) is a refined version of 

skill-biased technological change, seeking to explain changes in employment structures, with 

its focus being on the impact of computerization/automation on different workers tasks 

(Sebastian and Biagi, 2018). This strand of literature is closely related to the hypothesis we 

examine. 

It was Autor, Levy and Murnane (2003) (ALM henceforth) that developed this revised 

theory. RBTC was then further developed by Acemoglu and Autor (2011). According to this 

theory, the production process can be characterized in terms of tasks. Occupation tasks are 

divided among workers or to capital/machines. This division depends on three factors. The 

first one is the degree to which it is possible to automate a task. If the task is repetitive, then it 

could be replaced by a computer algorithm, turning that task automated — secondly, the 

separability from other tasks. The last factor is how cost effective it is to use machines instead 

of human labour (Sebastian and Biagi, 2018). 

This revised theoretical framework makes a distinction between tasks and skills. Tasks 

are operations that are being managed by labourers. These tasks might change due to 
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technological changes or in the relative price of labour versus capital. In other words, tasks 

arise from the demand side. Skills, on the other hand, is a worker’s aptitude for performing 

various tasks (Acemoglu and Autor, 2011). 

The main challenge in this approach is to link the theoretical framework to empirical 

analysis. In the framework model, tasks are the main component of the production function, 

and these tasks can be divided among workers depending on their skill level or to machines. 

Thus, labour and capital remain as the central inputs to the production function. However, 

given this framework, the empirical analysis uses data on workers (Sebastian and Biagi, 2018) 

ALM introduces a classification that is based on a two-dimensional topology: routine and 

manual tasks. In general, the authors identify four task categories. The first category is routine 

manual tasks, characterized by repeated physical labour that can easily be replaced by an 

algorithm (automatized). Occupations of this task type are typical of production and operative 

types. This also includes occupations related to machine operators and assemblers (ALM, 

2003). 

The second task type is routine cognitive tasks such as clerical and administrative 

occupations, characterized by repetitive labour that involves the handling of information. 

Non-routine cognitive task is the third task type. This type is characterized by non-

repetitive (cannot be replaced by an algorithm) work that involves production, processing or 

manipulation of information. These tasks are mainly carried out within professional, 

managerial, creative occupations and usually are performed by highly skilled workers. Some 

examples of these occupations are doctors, engineers and lawyers. In these occupations, 

technology is regarded as complements to human labour, rather than substitutes (ALM, 2003). 

Furthermore, this task type can, in turn, be divided into two subgroups, namely non-routine 

interactive tasks and non-routine analytic tasks. The former tasks require flexibility from the 

worker, creativity and the use of sophisticated communication such as managerial tasks while 

the latter tasks require problem-solving skills and quantitative reasoning. 

With big data being more widely accessible, wide arrays of non-routine cognitive tasks 

are becoming increasingly automatized. In health care, for instance, diagnostic care is being 

automatized. At Memorial Sloan-Kettering Cancer Center, oncologists are using computers to 
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provide care and cancer treatment diagnostics.1 The data are used for benchmarking and 

pattern recognition purposes that allow the computer to compare patients’ symptoms, family 

and medication history, genetics, etc. to diagnose and establish a treatment plan with the 

highest likelihood of success (Frey and Osborne, 2017). 

Non-routine manual tasks such as those performed by bus drivers, cabinetmakers and 

plumbers is the last type, characterized by non-repetitive labour that is physical. Non-routine 

manual tasks are neither reliable substitutes nor strong complements to technology, which 

makes this task type not directly affected by technological change. Occupations of this task 

type are usually within service occupations and historically have been challenging to 

automate. This is because they demand direct physical proximity or adaptable interpersonal 

communication and depend on dexterity. However, simultaneously, it exists a limited room 

for this task type to be complementary to technology because it lacks the need for problem-

solving or managerial skills (ALM, 2003). Now, however, more advanced robots are gaining 

improved manipulators and sensors, which enables them to perform more non-routine manual 

tasks. For instance, because of enhanced sensors, robots are in many cases capable of creating 

goods with higher quality and performance than human labour.2 

1.5 Skill upgrading versus polarization 
With employment shifts happening because of skill-upgrading, the pattern is expected to be 

linear improvements in employment structure. The most considerable employment growth 

should be in high-skilled jobs, and the weakest growth should be in low-skilled jobs along 

with a moderate growth in the middle of the occupational structure. With job polarisation, the 

main difference is that the respective positions, with regards to the employment dynamics of 

the bottom and middle occupations, are switched. In the case of job polarisation, the growth in 

                                                        
1 The computer uses data from 600,000 medical reports and has access to 1.5 million patient records and clinical 

2 A Spanish food processor company, El Dulze, use robotics to pick up lettuce heads for a conveyor belt. Heads 
that do not comply with company standards are rejected (Frey and Osborne, 2017) 
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middle jobs is expected to be the weakest and relatively stronger at the bottom and top, 

leading to a "hollowed middle" (Eurofond, 2015) 

The central explanation for the difference between skill-upgrading and job polarization is 

in the argument of RBTC. RBTC states that the jobs most vulnerable to technological 

displacement are routine jobs. Routine jobs appear to dominate in the middle-wage jobs in 

developed economies. Less routine jobs - as personal service is at the bottom of the wage 

distribution and knowledge/cognitive professional demanding jobs at the top - are less 

vulnerable to technological displacement (Eurofond, 2015). 
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2 Previous empirical studies 
This section provides a review of previous literature separating studies on technological 

change and employment protection to get a broader picture and understanding. Our focus has 

been to collect a variety of studies that gives us valuable information and also trying to get as 

recent studies as possible. 

2.1 Previous studies on Technological change 
Kampelmann and Rycx (2011) provide evidence in their paper that job polarization has 

occurred in the country of Germany since the mid-1980s until 2008. Using representative 

panel data3, they show that this polarization trend is consistent with task bias in changes in 

employment. This means that routine jobs in Germany have lost relative employment, 

particularly in occupations that use a predominantly manual routine. They get this result by 

running a regression that directly tests for whether RBTC both affects employment and 

remuneration in the same direction. Furthermore, they conclude that there is no significant 

task bias in the pay rules. 

Goos et al. (2009) examine the relationship between initial wages and how employment 

shares evolve for a panel of different European countries. By looking at ISCO 88 two-digit 

occupations between the time intervals 1993-2006, they find evidence that job polarization 

exists in Europe as a whole. Furthermore, they find that the four lowest paying occupations 

and the eight highest paying occupations have had an increase in their employment shares 

while the nine middle-wage occupations have had a decrease in employment shares. Their 

model answers for job polarization with the task content of the occupations, which they 

differentiate between three different task types. The first type is called abstract tasks, which 

are intense in non-routine cognitive skills. The second type is called service tasks, and they 

are intense in non-routine and non-cognitive skills. The last type is routine tasks, and they are 

intense in cognitive as well as non-cognitive routine skills. 

                                                        
3 The name of the panel data is “Scientific Use Sample of the German Socio-Economic Panel” (SOEP) 
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Frey and Osborne (2017) examine how liable jobs in the US are to computerization. To 

assess this, they implement an innovative methodology to measure the probability of 

automation for 702 detailed jobs4. They distinguish between low-, medium-, and high-risk 

occupations depending on their probability of automation. According to their estimates, about 

47 % of total US employment is in the high-risk category. These at-risk jobs are the most 

likely to get automated soon. Furthermore, their model predicts that most labourers in 

transportation and logistics occupations, most office and administrative support workers, as 

well as workers in production occupations, are at risk. 

Heyman et al. (2016) aim to provide an analysis of how technological change is 

impacting how Swedish industries in the business sector reorganizes. Their empirical analysis 

investigates how digitalization has impacted productivity, employment and occupational 

dynamics in the Swedish business sector from 1996 to 2013. Their analysis shows that the 

degree of impact of digitalization differs depending on the industry or firm in question. The 

average probability of automation is used as a measurement of digitalization, referred to as 

automation risk. An increase in automation risk for employees in the manufacturing sector is 

positively correlated with productivity in the said sector, and this is not true for the service 

sector. 

Furthermore, when Heyman et al. (2016) examined trends over time in specific 

occupations. There they could see a negative relationship between automation risk and 

changes in the share of people employed in said occupations. They also find indications that 

job polarisation has occurred in Sweden. 

In the report by Eurofound (2015), they describe structural changes in employment, they 

conduct their studies between 2011-2014. The developed countries deal with employment 

shift, which could be identified as upgrading or polarization.  

The form that employment structure takes is high, middle and low-skilled jobs, according 

to Eurofound (2015). From polarization perspectives, employment growth is strongest in the 

high and low skilled-jobs while weakest employment growth in middle-skilled jobs. Routine-
                                                        
4 They use a Gaussian process classifier to assess the probabilities of automation. 
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biased technological change is expressed as those jobs that are the most vulnerable to 

technological change and which could most plausibly be replaced by technology/machines; 

such examples are manufacturing or production jobs. In developed countries this appears to 

predominate in the middle-skilled jobs, i.e. these could be replaced by machines whereas at 

the top and bottom in employment distribution are not as vulnerable to technological change 

Table 1 below summarize the empirical findings regarding the impact of technological change on skill 
structure. 

Author & year Country Time-period Results 
Kampelmann and 
Rycz (2011) 

Germany 1985, 1987, 1989, 
1995, 2001 and 
2008 

Routine jobs in Germany has lost relative 
employment 

Goos et al (2009) European 
countries 

1993-2006 Evidence of job polarization in Europe 

Frey and Osborne 
(2017) 

USA  47 % of jobs in the US is in risk of being 
automated 
 

Eurofound (2015) European 
countries 

 Faster growth in well-paid jobs, above avg. in 
low-paid jobs and weaker growth in middle-
paid jobs 

Heyman et al (2015) Sweden 1986-2007 Find evidence of a negative impact. The 
degree of impact depends on the industry 

2.2 Previous studies on Employment protection 

Acharya and Baghai (2013) show that dismissal laws incite firm-level innovation. They 

predict that employment protection legislation prevents firms from readily firing workers and 

thereby limits the firm's capability to hold up innovating workers after innovation is made. By 

diminishing the possibility of firing, the dismissal laws enhance the workers' innovative 

efforts and thereby embolden the firms to invest in more risky projects. They find support for 

this prediction in empirical tests which utilizes country-level changes in dismissal laws in the 

US, UK, France and Germany. Empirical tests show that more rigid dismissal laws promote 

innovation, especially in innovation-intensive industries. 

Bartelsman et al. (2016) show empirically that high-risk sectors are relatively small in 

size and have a relatively small growth in productivity in countries with strict EPL. To 

explain their findings, they develop a two-sector matching model. In this model, firms will 

internally choose between a safe technology or a risky one. For the firms that choose a risky 
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technology, the rigid EPL rises the cost of firing workers in case they suffer a low 

productivity draw. According to their adjusted model, a high EPL country benefits less from 

the influx of new risky technologies relative to low EPL countries. Their model also shows 

that productivity in the EU has slowed down relative to the US since the mid-1990s 

Samaniego (2006) gives evidence in their research paper that EPL is negatively 

correlated with ICT diffusion. The author creates a simple vintage capital model in which a 

firm's optimal size get smaller over time when the firm's technology falls behind the efficient 

frontiers. The speed of which the firms fall behind depends on the rate of technological 

change. 

Bennett (2016) focuses on the relationship between EPL and skill specific unemployment 

risk. Because of SBTC, low- and high-skilled workers are predicted to be distressed 

differently. Furthermore, the degree of technological advancement should moderate the 

relationship between EPL and skill-specific unemployment. Their analyses are based on data5 

from 20 European countries. The results show that high EPL bolsters unemployment risks 

between different skill groups, but only when the degree of technological progress is highly 

advanced. In other countries with less technological progress, stricter EPL is linked to less 

inequality in unemployment risk.

                                                        
5 Their data is from the Labour force survey from the year 2008. They concentrate on the civilian 
labour force aged 25-49 years. 
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Table 2 below summarize the empirical findings regarding employment protection. 

Author & 

year 

Country Impact Results 

Acharya and 

Baghai (2013) 

US, UK, 

France and 

Germany 

Positive Dismissal laws incited firm level innovation 

Bartelsman et 

al (2016) 

 Negative High-risk sectors have a relatively small in size and have a 

relatively small productivity growth in countries with high 

EPL 

Bennet (2016) 20 European 

countries 

Depends The results show that high EPL bolsters employment 

unemployment risks between different skill groups, but 

only when the degree of technological progress is highly 

advanced.  

Samaniego 

(2006) 

 Negative EPL is negatively correlated to ICT diffusion 

3 Data 

3.1 LIS Cross-National Data Centre 
The comprehensive data used for this study is collected from the Luxembourg Income Study 

(LIS). It is the largest income database that consists of cross-sectional microdata collected 

from 50 countries with a coverage of five decades. The database contains household 

individual-level data (Lisdatacenter.org, 2019) 

For this study, we use different country-specific datasets that all contain individual-level 

data. The only variable we will use is "occb1" which describes the characteristics of the 

individuals' main job and 27 datasets from LIS (for each year and country). The variable 

contains ten occupations, as seen in figure [2] in appendix. Information regarding armed 

forces occupations is omitted from the dataset because we have no information regarding the 

probability of automation of such occupations. Furthermore, the category "indistinguishable" 

will also be deleted from the dataset because it contains no information. The means and 

observation count of each dataset can be seen in table [1] in the appendix. 
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The advantage we get by using microdata from LIS is that the dataset covers many 

countries across the world, and it has a large set of standardized variables. This makes it 

possible for us to compare our results across countries directly. The generous amount of data 

makes it possible for our study to cover the years 1991 to 2013 (Lisdatacenter.org, 2019). 

3.2 OECD EPL index measurement and countries of interest 
OECD estimates EPL index. The primary purpose of the index is to compare strictness among 

OECD countries. The index should be seen as a crude approximation of stringency, as it 

combines several, some of which are quite complex, elements of labour law. The index 

measured by three core elements which are defined as  

• protection of regular workers against individual dismissal,  

• requirements for collective dismissal  

• regulation of temporary employment. 

The measurements will presume a value between 0 and 6, where zero is the least strict 

EPL and six for the strictest (Teknikföretagen, 2013). How do we allocate strength of EPL for 

the different countries? - We use latest data presented in OECD (2013 for all countries but 

UK, it is 2014) of the category “protection of permanent workers against individual and 

collective dismissal” and the only reason why we choose this column and only this, is because 

it is most consistent to the study we are examining of firing costs on open-ended, that is, 

permanent contracts. Furthermore, OECD presents no combined index for both permanent 

and temporary contracts. 

We will choose countries that vary in EPL strictness, namely Germany, Spain, the United 

Kingdom and the United States. (Sweden is not suitable because of lack of long observation 

period in LIS.) Two countries will be chosen for their low EPL index, and two will be chosen 

for their high index. Below we will present them in categories; each country will be divided 

into strict EPL and less strict EPL. 
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3.2.1 Countries with strict EPL 

Germany 

According to the OECD index which could be seen figure (1), this index as mentioned 

before stretches from 0 to 6, Germany stands for the strictest EPL regarding the protection of 

permanent workers against individual and collective dismissal with a value of 2.84, this 

means that Germany has relatively strongly employment protection. Regarding termination6 

in German laws, for an employee to get dismissed, an employer must give acceptable reasons 

for termination, i.e. misbehaviour. In terms of collective dismissal, the employer has duties 

for the termination to be established. If they by any mean are not suitable, then these follow 

employment agreements with prescribed periods by law and it differs depending on working 

years. (Teknikföretagen, 2013). 
 

Spain 

Underneath Germany we find Spain which stands for 2.36 on the index, it is below but 

still quite regulated employment protection. The different conditions under which an 

agreement between an employer and employee could terminate would be by the employee, 

the expiration date of a contract, objective/economic and/or disciplinary dismissal. A 

dismissal on objective grounds is in most cases based on economic, technical, productive or 

organizational reasons. This type of dismissal could be determined but has to be considered 

fair under Spanish Labour law. Whereas on disciplinary dismissal are grounds such as 

repeated misbehaviour by the employee, among other reasons. (Ceca Magán Abogados, 

2018). 

                                                        
6 Laws for unfair dismissals could be found in so-called Kündigungsschutzgesetz (KSchG), comprises businesses with more 
than 10 employees. These rules only refers to those that has an employment for at least 6 months with the same employer. 
(Teknikföretagen, 2013) 
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3.2.2 Countries with less strict EPL 

United Kingdom (UK) 

UK stands for the second lowest EPL, which stands at 1.59. This means that the UK 

does not have well-structured regulations for employment. In the case of UK. the rules of 

hiring and firing rights could be found in the Employment Rights Act 1996. The rules 

determining temporary employment is allowed both in terms of employment on 

predetermined time and on limited time (i.e. some minor projects). The laws of EPL in UK. 

are also allowing pre-time dismissal on temporary contracts, but indeed it must be stated in 

the written contract. On grounds for dismissal of an employee, as for Spain and Germany, 

there exist acceptable reasons like lack of work, pension etc. an invalid dismissal are 

characterized by discriminatory reasons such as religion, ethnic and age. If an employee, 

however, is guilty of the wrongful act on work, then there are no rules for dismissal and could 

be an immediate impact (Teknikmagasinet, 2013). 

 

United States (US) 

At the bottom of the index measured by OECD, we find the US, which means that 

among our countries of interest they have the least strict EPL, the low value is close behind 

the UK with 1.17. As expressed, the index tells how strict laws are on employers against 

individual and collective dismissal of regular workers, therefore according to the index of 

1.17 US's is explicitly low. Unlike the other countries that we are examining, a contract in US 

could be assigned as “at-will employment”, i.e. that an agreement between employer and 

employee could be of such characteristics that an employee can get dismissed by an employer 

for any reason, whether it is good, bad or no reason at all, this could also apply without any 

premature warning. (Muhl, 2001). This is a good reason for the low index that the US has 

within the category of individual and collective dismissal. 
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4 Methodology 
As far as we know, no studies have been done specifically about the relationship between 

EPL and automation. Therefore, there exists no previous method/regression model on how to 

investigate this question. 

Heyman et al. (2016) presents an automation risk for 109 occupations on a three-digit 

level. Because the research paper is about the Swedish labour market, the index uses a three-

digit SSYK7 coding for each of its occupations. The nine occupations8 in our LIS datasets are 

coded in ISCO-08 on a two-digit level. After we have matched Heyman et al. (2016) 

automation index with the occupation in our LIS datasets, we will have the median 

probability of 9 occupations. Furthermore, we distinguish between low-, medium-, and high-

risk occupations depending on their probability of automation. 

Because we cannot create a new index for each country and for each time period, we will 

assume that all our selected countries have the same probability of automation across all 

selected time periods. 

The datasets provided by LIS will be used to calculate the change in occupation shares 

across time periods from 1991-2013. Observations that are missing information regarding 

occupation will be omitted from the dataset as not to skew the shares. All observations about 

armed forces occupations will also be omitted, as we do not have any automation probability 

in our index. 

The changes in occupation shares, with regards to the EPL level, will be explained using 

existing EPL- and technological change literature. 

                                                        
7 Standard för Svensk Yrkesklassificering (SSYK) is a system to aggregate occupations into groups after it tasks. 

8 9 occupations because the last occupation, armed forces, is omitted for each dataset. 
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5 Result 

5.1 Occupation matching 
In figure 2 in the appendix, we can see the median probability of automation for nine 

occupations. The two jobs that have the lowest median probability of automation are 

professional and managerial occupations (6.40% and 6.80%). Both occupations are denoted as 

low-risk occupations since their probabilities of automation are below 10%. 

Technicians and associate professionals and skilled agricultural, forestry and fishery 

workers as well as craft and related works (58.45%, 63.40% and 66.10%) are all denoted as 

medium risk as their probabilities are above 10% but below 70%. 

Elementary occupations have a lower probability of automation (77.90%) than plant and 

machine operators, and assemblers, which have 83.30% probability of automation. The 

occupation with the highest probability is clerical support workers. Service and sale workers, 

elementary occupations, plant and machine operators, and assemblers, as well as clerical 

support workers, are all denoted as high-risk occupations because their probability of 

automation is above 70%. 

5.2 Occupations changes in countries 

5.2.1 Results of countries with Low EPL 

When presenting these results, we refer to appendix figure 5 for the UK and figure 6 for the US. 

Occupation share of low-risk occupations in the US has increased from 1991 to 2013. 

From 1991 to 2013, the occupation share of professionals has increased by 20.70%. 

Managerial occupations have also increased (16.40%) but by less relative to professional 

occupations. In the UK we do not see the same trend. While the share of professionals has 

increased by 79.18%, managerial occupations have decreased. Up until 2010, managerial 

occupations had increased by almost 11%. However, after 2010, the shares of managers 

dropped, making the total share over time decrease by 25.4%. So, in conclusion, low-risk 

occupations in low EPL countries has increased except for managerial occupations in the UK.  

 
When presenting these results, we refer to appendix figure 9 for the UK and figure for 10 the US. 
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Technician and associate professionals have increased by 33.57% over the time-periods 

in the US. The same positive trend can be observed for the UK, which has seen an increase of 

57.53% over the same periods. For skilled agricultural, forestry and fishery workers trends are 

different. We can observe an increase of 41.15% in the US, while a 6.22% decrease in the 

UK. The last occupation, craft and related works, have decreased in both countries. In the US 

we see a decrease of 4.43%, while in the UK we can observe a decrease of 7.7%. As to 

summarize, the results for the UK and the US are the opposite of each other. In the UK all 

medium-risk occupations have decreased except for technicians and associate professionals. 

While, in the US, all occupations have increased except for craft and related works. 

 

When presenting these results, we refer to appendix figure 13 for UK and figure 14 for US. 

Occupation changes over time in high-risk jobs look similar between the UK and US 

except for service and sale occupations. In the US this occupation has increased by 12.66% 

while in the UK we can observe a decrease of 23.11%. Elementary occupations have 

increased substantially in both countries. In the US we can observe an increase of 76.54%, 

while in the UK we can see an even more significant increase of 85.81%. In plant and 

machine operators and, assemblers, we can observe a negative trend in both countries. In the 

US we can see a decrease in 43.51% while in the UK we observe a decline of 34.06%. Lastly, 

for clerical support workers, we see a downward trend for both countries. The US observes a 

negative growth of 25.62%. The decrease in the UK is more substantial, 37.74%. To recap, in 

both countries, high-risk occupations have severely decreased. In the UK, all occupations as 

has decreased except for elementary occupations. In the US, we can observe that every 

occupation has decreased except for service and sale workers.  

 

5.2.2 Results of countries with High EPL 

The time-periods for Germany and Spain are not the same. For Germany, the time-period is 

from 1991-2013 while for Spain it is 1995-2013. 

 
When presenting these results, we refer to appendix figure 3 for Germany and figure 4 Spain. 
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The growth trends for managerial occupations in Germany and Spain are vastly different. 

In Germany, we can observe a small increase in 7,28 % while in Spain we can see a 

substantial decrease in 16,66 %. Professional occupation has had almost an identical positive 

growth in both countries. In Germany, the professional occupation has increased by 82,18 %, 

while in Spain we can observe an increase of 82,16 %. To conclude, low-risk occupations in 

Spain have both increased. While, in Germany, the growth rate is split, with managerial- 

decreasing and professional occupations increasing.  

 
When presenting these results, we refer to appendix figure 7 for Germany and figure 8 for Spain 

For medium risk occupation we can observe both increasing- as well as decreasing 

trends. In Germany, technician and associate professional have had an increase of 28.03%. In 

Spain, we can observe that the share of technicians and associate professionals has increased 

by 62.21%. The occupation changes over time for skilled agricultural, fishery and workers for 

Spain and Germany are vastly different from each other. In Germany, we can observe a 

substantial decrease of 28.62%, while Spain has a considerable growth of 62.21%. Lastly, in 

both countries, we can observe negative trends when it comes to craft and related work. 

Germany has its domestic share cut by half, 53.88%, while in Spain we can observe a 

decrease of 42.89%. To summarize, medium-risk occupations in Spain have all decreased 

except technicians and associate professionals. The opposite is exact for Germany, where, all 

occupations have increased except craft and related works.  

 

When presenting these results, we refer to appendix figure 11 for Germany and figure 12 for Spain 

High-risk occupations also have vastly different results. The occupation shares of service 

and sale workers have doubled, 50.27%, in Germany. In Spain we can also observe an 

increase, 11.27%, although not as large as in Germany. The growth of elementary occupations 

is also different from each other. In Germany, the share has increased by 9.41%. This is vastly 

different from Spain, where we can observe a decrease of 39.98%. For plant and machine 

operators, and assemblers' we can observe a negative trend in both countries, although in 

different sizes. For Germany, we can see that the occupation shares decrease by a little more 

than half, 53.35%. For Spain this decrease is considerably smaller, being only 1.19%. The last 
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occupation, clerical support workers, also have vastly different results. In Germany, the share 

is cut by half, 53.88%, while in Spain the share has increased by 37.90%. To recap, the 

growth trends for high-risk occupations in Germany is split with two occupation increasing 

(service and sale workers, elementary occupations) and two occupations decreasing (craft and 

related workers, plant and machine operators, and assemblers). Furthermore, in Spain, all 

occupations have increased except elementary occupations. 

6 Discussion 
Occupational matching: 

As previously stated in our results, the two jobs with the lowest probability of automation are 

professional and managerial occupation (6.40% and 6.80%). Our theoretical framework and 

literature review can explain these low probabilities. Both these occupations are, according to 

ALM (2003) non-routine cognitive task that is characterized by non-repetitive handling of 

production-, processing or manipulation of information. The risk of automation is low 

because, for these occupations, technology is regarded as complements to human labour, 

rather than substitutes (ALM, 2003). However, we can observe that all the middle-risk 

occupations in our automation index are also all non-routine cognitive occupations. This is 

explained by big data becoming more widely accessible, which in turn makes a wide array of 

non-routine cognitive tasks automaizable (Frey and Osborne, 2017). According to our results, 

this wide array of cognitive tasks captures "technicians and associate professionals", "skilled 

agricultural, forestry and fishery workers" and "crafts and related works". 

Service and sale workers (76.90%) is denoted, because of its probability of being 

automated, as high-risk. Service and sale workers is a job that is of a non-repetitive and 

physical nature. This makes it a non-routine manual task. Historically, non-routine manual 

task, because of their need for direct physical proximity or adaptable interpersonal 

communication, have been difficult to automate (ALM, 2003). However, advancements in 

manipulator and sensor technology have made it possible for more advanced robots to 

perform more non-routine manual tasks (Frey and Osborne, 2017). Because of this reason, we 
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can see that service and sale occupation has a high risk of being automated sometime in the 

future. 

Both "elementary occupations" (77.90%) and "plant and machine operators, and 

assemblers" (92.20%) are characterized by repeated physical labour. This, according to ALM 

(2003), task topology, makes them routine manual tasks. The repetitive nature of routine 

manual tasks makes it easy for it to get replaced by a computer algorithm. Therefore, it is not 

strange to see such a high probability of automation for this task. 

The occupation with the highest probability of getting automated sometime in the future 

is "clerical support workers" (92.20%). This occupation is a routine cognitive task and is 

characterized by repetitive labour that involves the handling of information (ALM, 2003). Its' 

high probability to get automated is explained by the repetitive nature of routine cognitive 

task. The repetitiveness makes it easy for a computer algorithm to replace it. 

 

High- versus low EPL: 

Our results regarding high- and low EPL shows that there is a clear difference in occupation 

shares between high- and low EPL countries with regards to high-risk occupations. In high 

EPL countries (Germany and Spain), the result shows that high-risk occupation shares 

decline, graphically, at a slower rate than countries with low EPL. 

Germany and Spain both have a high EPL value with regards to the protection of 

permanent workers and collective dismissals (2.84 and 2.36). According to our theory, this 

high EPL translates to a bigger layoff cost for their domestic firms (Skedinger, 2008). This, in 

turn, makes it more difficult and more expensive for Germany and Spain to fire their workers 

compared to the US and the UK. Even though EPL protects against dismissals, we can 

observe that shares are still declining. According to Walwei (1996), EPL boosts workers 

acceptance of new technology in the workplace because the workers feel safe from dismissals. 

This makes it possible to introduce new technology into the workplace. Since these 

occupations are routine tasks, the technology works as substitutes to labour rather than 

complements (ALM, 2003; Frey and Osborne, 2017). This decreases the need to hire new 

additional workers replacing workers that got fired, quit or retired, making the occupation 

shares still decline but at a slower rate compared to the US and UK. 
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Its low EPL value can also explain the significant decrease in high-risk occupation shares 

inside the US and UK. The protection of permanent workers and collective dismissals in both 

countries are weak (1.17 and 1.59). This makes it both cheaper and easier to lay off workers 

in high-risk occupations. This is the reason as to why we see such significant decreases in 

occupation shares in the countries with lenient EPL. 

According to Böckerman et al. (2017), legislation concerning the protection of permanent 

workers and collective dismissals are only binding in shrinking firm and not in expanding 

ones. This is because there is little need in expanding industries to dismiss their workers. 

Thus, stringency of EPL little explanatory power when examining changes in low-risk 

occupations. They are not under threat of automation (that is, potentially shrinking) and EPL 

is consequently not binding. 

7 Conclusion 
We have contributed to the literature on EPL by relating it to changes in shares in occupations 

under varying threat of automation. We find that the speed, of which high-risk occupations 

shrink over time, slows down in countries with a stringent EPL regime relative to lenient EPL 

levels.  
Our evidence is based on simple correlations between crude occupational groups and 

EPL in only four countries and should be seen as merely suggestive. While we cannot claim 

identification of causal relationships, we believe that our analysis should be regarded as a 

useful first step to more rigorous examination. Further research should not only disaggregate 

the occupational groups and expand the number of countries, but also consider confounding 

factors that might impinge on automation. Other labour market institutions, like the coverage 

of collective bargaining, generosity of unemployment benefits, minimum wages and union 

density could also influence the automation process in the labour market. Controlling for 

these variables in a regression model, would give us an accurate representation of the role that 

employment protection legislation have on the automation process.  
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Appendices 

Appendix A Tables 
 

Table 1: Shows Variable definitions, country, years, observations, mean and SD 
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 

Source: Data from Lisdatacenter.org and own calculations  

 

Summary	statistics	

Variable	 Country	 Years	 Observations	(n)	 Mean	 SD	

Occb1	
(occupation	
classification,	

ISCO	
classification)	

Germany	 1991	 7858	 5.144312	 2.405668	
Germany	 1995	 7,134	 4.957527	 2.412644	
Germany	 2000	 12,059	 4.699395	 2.412394	
Germany	 2004	 11,034	 4.335237	 2.369229	
Germany	 2007	 10,502	 4.291183	 2.37655	
Germany	 2010	 16,237	 4.27308	 2.352853	
Germany	 2013	 13,993	 4.374259	 2.34501	

Occb1	
(occupation	
classification,	

ISCO	
classification)	

Spain	 1990	 13,788	 4.407238	 2.40494	
Spain	 1995	 1,682	 5.83591	 2.501244	
Spain	 2000	 5,425	 5.266359	 2.54908	
Spain	 2004	 14,389	 5.376746	 2.545863	
Spain	 2007	 14,614	 5.206583	 2.540513	
Spain	 2010	 12,074	 4.91519	 2.595499	
Spain	 2013	 10,646	 5.007984	 2.440621	

Occb1	
(occupation	
classification,	

ISCO	
classification)	

UK	 1991	 7,322	 4.548894	 2.393047	
UK	 1999	 24,903	 4.455407	 2.519208	
UK	 2004	 27,838	 4.569725	 2.608663	
UK	 2007	 24,593	 4.500874	 2.61074	
UK	 2010	 24,367	 4.425083	 2.612117	
UK	 2013	 10,502	 4.291183	 2.37655	

	 	 	 	 	

Occb1	
(occupation	
classification,	

ISCO	
classification)	

US	 1991	 70,838	 4.579209	 2.602043	
US	 1994	 69,095	 4.510268	 2.625616	
US	 1997	 62,497	 4.476055	 2.632146	
US	 2000	 103,622	 4.408987	 2.627138	
US	 2004	 97,929	 4.280857	 2.499745	
US	 2007	 97,34	 4.239758	 2.50379	
US	 2010	 91,243	 4.132964	 2.466849	
US	 2013	 63,156	 4.135585	 2.481677	
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Appendix B – Figures 
 

 
Fig. 1. Shows the strength of EPL in the countries of focus. Stretches form 0 to 6 where 0 stands for least strict 

EPL and 6 stands for the strictest EPL. 

Source: data from OECD.org and own calculations 

 
Fig. 2. Presents median probability of automation is different occupations. 

Note:10th occupation (armed forces) are removed due to lack of information. 

Source: data from Lisdatacenter.org and own calculations 
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Fig. 3. Presents the occupational share change in % for low risk occupations in Germany. 
Source: data from Lisdatacenter.org and own calculations 

 
Fig. 4 presents the occupational share change in % for low risk occupations in Spain. 
Source: data from Lisdatacenter.org and own calculations 
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Fig. 5 presents the occupational share change in % for low risk occupations in UK. 

Source: data from Lisdatacenter.org and own calculations 

 
Fig. 6 presents the occupational share change in % for low risk occupations in US. 
Source: data from Lisdatacenter.org and own calculations 

 
Fig. 7 presents the occupational share change in % for medium risk occupations in Germany. 
Source: data from Lisdatacenter.org and own calculations 
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Fig. 8 presents the occupational share change in % for medium risk occupations in Spain. 
Source: data from Lisdatacenter.org and own calculations 

 
Fig. 9. Presents the occupational share change in % for medium risk occupations in UK. 
Source: data from Lisdatacenter.org and own calculations 
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Fig.10. Presents the occupational share change in % for medium risk occupations in US. 

Source: data from Lisdatacenter.org and own calculations 

 
Fig. 11. Presents the occupational share change in % for high risk occupations in Germany. 
Source: data from Lisdatacenter.org and own calculations 

 
Fig. 12. Presents the occupational share change in % for high risk occupations in Spain. 
Source: data from Lisdatacenter.org and own calculations 
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Fig. 13. Presents the occupational share change in % for high risk occupations in UK. 
Source: data from Lisdatacenter.org and own calculations 

 
Fig. 14. Presents the occupational share change in % for high risk occupations in US. 
Source: data from Lisdatacenter.org and own calculations 

 


