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Abstract 

 

How labor market institutions affect technological choices 

 

Julia Samwer1      Chinchih Chen2 

 

Abstract 

 

Does the adoption of technological change depend on labor market institutions? The disparities 

in technology adoption across countries are enormous and are a major factor in explaining 

poverty. The returns to introducing new technology differ across countries since they depend 

not only on skill-levels but also on incentives provided by labor market institutions. Wage 

compression through unions and minimum wage laws indirectly induce investment into 

technology. The employer is incenitivized to increase the productivity of employees and he can 

claim the full extra rent. The magnitude of the technological advancement also defines adoption 

rates. Small and cheaper technical changes are adopted in any institutional environment 

whereas larger technical progress is more likely to be integrated in rigid institutional settings. 

Using data on industrial robots and information and communication technology an empirical 

cross-country analysis explores the impact of institutional labor market patterns on 

technological choices and hence their influence on wage patterns, unemployment and inequality 

trends. It is shown that countries with strong individual labor protection adapt new technologies 

at higher rates, while at the same time the existence of strong unions and collective labor rights 

has a counter-effect.  
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1 INTRODUCTION 

 

Developed countries have taken very different technological paths in the past decades. The US 

has a lower density of robots than many European counterparts (Figure 1). The same holds for 

the level of automation or labor-augmenting technologies (Beaudry and Green 2003). What are 

the factors that cause such different pathways in countries with comparable developmental and 

educational levels? Traditional explanations are based on differences in industry patterns, 

demographics (ageing societies have a stronger interest to invest into technology) and exposure 

to international trade. It appears that countries with stricter labor market institutions incentivize 

deeper investments into technology. 

 

 
Figure 1 Robot Intensity, 1993-2015 

 

 
Note: Robot Intensity is the robot stock relative to the dependent employment in full-time equivalents (FTE). Source IFR, OECD, own 

calculation.   

 

Technical change in the 21st century is largely regarded as skill enhancing rather than skill 

replacing.3 Since 1970 the US is characterized by a sharp increase in overall inequality. The 

returns to education increased but at the same time the country saw a large increase of the 

 
3 This stands in contrast to the 20th century when many low-skilled jobs were replaced by machines. 
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supply of skilled workers. In response to that high-school premia would have been expected to 

slow down. The opposite happened which leads to the assumption that skill-biased 

technological change informed the rising inequality (Acemoglu 2002). It means technological 

progress impacts various dimensions of skill differently. Progress in Information and 

Communication Technology (ICT) and automation accelerate the demand for skills.  

The rate of technology adoption can explain income per capita differences across developed 

countries that are not due to human or physical capital (Klenow and Rodriguez-Clare 1997). 

The divergence in wage inequality across countries over the past decades (strong increase in 

Anglo-Saxon countries such as US, UK, Canada, but lower in Germany and the Nordics) could 

partially result from different incentives to choose technological options, caused by prevalent 

labor market institutions (Acemoglu 2002). Classic models find that relative skill supply 

increased faster in Europe and wage-setting institutions prevented wage dispersion. A higher 

minimum wage and stronger unionization lead to lower wage inequality (Lumieux, di Nardo 

and Fortin 1995) and the notion of union power in compressing wages is widely accepted in the 

literature (Card et al. 2004). The effect of union power is therefore twofold, it suppresses wage 

inequality but at the same time opposes the replacement of workers through technology. 

Contrary to that, minimum wage laws and difficult dismissal procedures increase the cost of an 

employee and incentivize the investment into the productivity. The supply-demand-framework 

of skills can only explain part of the differences of wage inequality trends (Acemoglu 2003). 

Beaudry and Green (2003) for example describe different physical accumulation paths that led 

to a rise in wage inequality in the US but not in Germany. Although skills and thus human 

capital developed in parallel, Germany invested more into physical capital (e.g. technology) 

while the US underinvested and did not respond to technological change in the same manner.4  

They observe theses difference but do not identify whether this is caused by political, 

institutional or economic circumstances. This paper aims to contribute to this question by 

examining distinct features of labor market institutions.  

 

The purpose of the paper is to show that labor market institutions are a major determinant of 

technology adoption. We are especially interested in individual labor protection and collective 

labor protection. For each type we use a different indicator provided by the OECD (EPRC and 

EPC).5 They do not overlap and allow to disentangle the effect of individual dismissal cost vs. 

 
4 Beaudry and Green (2003) use an endogenous technological adoption model. The key implication is the 
existence of a balanced accumulation path such that if physical and human capital are accumulated according to 
the dictates of the path then the wage structure will not change.  
5 Indicators used by the OECD to describe employment protection: Employment protection regular contracts 
(EPRC) and employment protection collective dismissals (EPC). 
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collective dismissals cost (and as such union power). We show that they have opposing effects 

on technology adoption. It is also important to note that strict labor protection does not 

automatically correlate with strong union power. Individual and collective labour rights are 

different legal areas and may be very different by design and or execution of these rights. 

Unions may be very powerful in environments with generally low protection of workers (Latin 

American countries). However, unions can also be strong in a setting with very strong labor 

protection (e.g. France). Therefore, strong unions can but must not be conclusive of strong labor 

market institutions.  

 

The effects of technology on overall employment are not clear. Some studies find no total effect 

(Dauth et al. 2019), since reallocation balances out displacement effects. Whereas others find a 

positive effect. Gaggl and Wright (2017) and Bessen and Righi (2019) show that information 

technology increases employment in many industries but decrease it in others, mainly in more 

mature industries. Acemoglu and Restrepo (2017), however, find a negative effect on 

employment. There are two types of technological change: automation and creation of new 

tasks (Acemoglu and Restrepo 2019). Which effect dominates and how well a society adapts to 

these changes, depends on its institutions and the factor endowments of production. If 

technology and factor endowments (human and physical capital) are complementary, the 

marginal value of technology is increasing in the level of the factor. That means countries with 

high factor endowment and complementarity tend to speedy adoption. The opposite case arises 

when technology and factor endowments are substitutes. Firms have a higher incentive to invest 

in factor saving technologies when the price of the factor is high, e.g. if wages are high.6 

According to Comin and Hobijn (2004) technology choices are “efficient responses to differing 

compositions of endowment portfolios of firm and countries”.7  

 

The decline in real wages of low-skilled workers paired with a rising level of technology has 

created enormous concerns about the future work, structural unemployment and thus the society 

as a whole. Little attention is paid to how and when technology is adopted in the first place. 

This is however crucial in defining the ways technology is accepted and if technological 

progress is successfully integrated into a society or not (Frey 2019).  It is under the assumption 

that technology, once invented quickly, becomes world knowledge and can be copied and 

adopted everywhere. The idea that technology is exogenously given was famously defeated by 

 
6 Acemoglu (2001) on formalization of this argument. 
7 Comin and Hobijn (2004), p. 65.  
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Romer (1999). If we assume technology is an endogenous factor, it is more relevant to 

understand the political and economic circumstances under which it is adopted and reinforced. 

If existing legislation partly informs technology adoption, different sets of legislation will 

produce different outcomes. 

 

Labor market institutions such as minimum wage laws and employment protection directly 

influence labor cost.  We argue that labor market institutions play a major role in defining a 

country’s technological route and are thus also predictive in wage inequality behavior. The 

potential mechanism at work is proposed by Acemoglu (2002). He claims that technology is 

more widely adopted in countries where employment protection is stronger. It makes sense to 

invest into technology once the employee is tied by stricter termination periods and minimum 

wage laws. In these cases, the employer is the full beneficiary of the additional productivity of 

the worker, as he has to pay and will only pay the minimum wage. The employer can claim the 

full rent in extra productivity. The idea is similar to the mechanism proposed in Acemoglu and 

Pischke (1999) which explores the circumstances under which firms invest into training their 

employees. Labor market institutions are also a potential factor for the differences of skill 

supply, which in turn affects the type of technology adoption. A strong labor protection 

furthermore leads to a reassignment of occupations of incumbent workers and puts the burden 

on young workers and labor market entrants (Dauth et al. 2019).  It means there is more 

reallocation than displacement at work in stricter labor market institutions. We want to test that 

mechanism empirically across countries, as to the best of our knowledge this has not been done 

yet. 

 

The question we want to answer is whether labor market institutions cause different technology 

levels, which in turn leads to diverging levels of inequality. Little is known on what drives the 

different adoption rates in countries and there are only a few studies (e.g. on lobbying) that 

examine the causes behind it. We add to this literature by showing how labor market institutions 

shape technology adoption rates. The remaining paper is organized as follows: section 2 lays 

the theoretical foundation. In section 3 the research design is explained and section 4 presents 

empirical results. Section 5 presents extended analysis and Section 6 concludes on the 

implications for the future workplace and inequality levels.  
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2 THEORETICAL FRAMEWORK 

 

Our empirical analysis is based on the theoretical argument that labor market institutions and 

technology adoption rates are linked. Acemoglu (2002) made the observation that developed 

countries with similar factor endowments and skill-levels follow very different technological 

pathways. He proposes a mechanism that explains these cross-country differences based on the 

characteristics of their labor market institutions. We want to examine that mechanism 

empirically by establishing a causal link between labor market institutions (LMI) and 

technology through the use of an instrumental variable identification strategy that predicts labor 

market institutions but does not influence technology adoption directly. Prior to establishing 

the exact mechanisms at work, it is important to clarify the features of labor market institutions 

and technology. In general, there are two types of technology, ICT and robots. Since their 

impact on labor can be different, in terms of replacing vs. augmenting skills, we want to test 

for both types. In terms of labor market institutions, it is important to test for various 

dimensions, such as individual vs. collective labor rights. Minimum wage laws play a defining 

role as well as the general legal origin of a country. It has been proven that common law origin 

countries have in general a more liberal approach towards labor market regulation, whereas 

civil law countries follow a more rigid path with stricter individual rights. In our empirical 

analysis all these factors will be tested for.  

There are various channels through which labor market institutions can influence technology 

adoption: a) Technology adoption is favored due to higher employment protection, b) 

technology enhancing skills are cost-effective in highly regulated labor markets, 

c) technology is rejected from an industry/lobby standpoint of view (not robot industry itself, 

but production industries reject new technologies to already existing ones (Comin and Hobijn 

2009)), and d) outcomes differ per industry level (the role of technology and employment 

protection is different at the industry level - for example tariff vs. minimum wage). We assume 

that wage compression encourages the use of more advanced technologies with unskilled 

workers and acts to reinforce itself in Europe. In contrast, technology can harm the earnings of 

low-skilled workers who are not protected by this type of wage compression. However, stronger 

unions and a more effective worker lobby will oppose the adoption of new technologies that 

replace labor.  

We therefore expect that investment into technology is higher in stricter institutional labor 

market environments. Strong collective labor rights which are usually reflected in a stronger 
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presence of unions will on the other hand oppose technology adoption to protect low-skill jobs. 

We will test whether higher union density impacts technology adoption negatively. Since union 

density and strong individual labor protection are usually assumed to be positively correlated, 

we aim to disentangle those opposing effects by using different indicators for individual and 

collective labor protection.  

 

 

3 RESEARCH DESIGN 

 

3.1 Data 

 

The EU-KLEMS8 database and the International Federation of Robotics (IFR) provide data on 

robot intensity and ICT capital expenditure. To capture labor market institutions, we use data 

from the OECD on labor protection, that provides detailed information on individual and 

collective dismissal procedures. The Worldbank data is used on GDP per capita, demographics 

and population data. To account for legal origins, we use the data provided by LaPorta et al. 

(2008).  

 

The main outcome variable is robot intensity, RI, calculated based on the total number of 

industrial robots installed per thousand workers.  

To capture labor market institutions, the key explanatory variable is the labor protection index 

(epcr) provided by the OECD. It is a weighted index on the strictness of employment protection. 

It incorporates eight data items concerning regulations for individual dismissal. It gives 

different weightings to the procedural inconvenience, the length of notice, severance pay and 

general difficulties of dismissal. The more costly it is to lay off workers, the higher is the 

incentive to invest into their productivity. To control for the influence of unions more 

specifically the variable epc measures additional cost and procedures involved in dismissing 

multiple workers at a time. It is therefore an indirect measure of union power, as we assume 

stronger collective rights are positively correlated with strong unions. To capture the effects on 

technology that stem from the service sector, we will control for ICT intensity. It will be drawn 

from the ICT capital expenditures over total value added from the EU KLEMS data across 

 
8 EU level analysis of capital (K), labor (L), energy (E), materials (M) and service (S) inputs. Measures 
economic growth, productivity, employment creation, capital formation and technological change at the industry 
level for all EU member states from 1970 onwards. www.euklems.net  
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countries over time, which exploits information about installed equipment at the industry level.9 

 

We use GDP per capita (logged) as a main control variable to capture the overall economic 

condition of a country. It is usually assumed that higher rates of technology intensity correlate 

positively with higher levels of income. It might also enable greater political participation and 

give workers more negotiating power in demanding higher levels of labor rights. The 

government direction strongly influences local labor rights practices, where it is assumed that 

higher levels of democracy are accompanied with greater protection of labor rights. To control 

for demographics effects, the share of citizens above 65 is utilized. In our extended analysis we 

also want to control for industry specific patterns and especially the share of employment in 

industry sectors, which include manufacturing, utility and construction sectors, since robot 

intensity levels are closely related to the prevalent industry sectors.   

Another key variable identified in the literature to predict the strictness of institutions is legal 

systems and it will also be incorporated in the analysis through the dataset provided by LaPorta 

et al. (2008). It splits the countries into French, German, Scandinavian, Socialist or Anglo-

Saxon law systems, which we are clustering into common vs. civil law countries. We expect 

less labor protection in common law countries than in civil law countries. 

 

Finally, we are aware there is a potential issue of endogeneity between our main explanatory 

variable labor market institutions and the overall existing level of technology. Strong 

institutions in general are associated with higher levels of development and stronger economic 

growth, which correlates with higher intensity of technology. To address this endogeneity, we 

use the instrumental variable Christianity Level that predicts strong institutions and as such is 

partially explanatory for strong labor market institutions but independent of the level of 

technology. It is a novel indicator on the exposure to the Christian church and drawn from 

Schulz et al. (2019). Their findings show that a longer historical exposure to the medieval 

western church leads to less intensive kin-based institutions and more individualistic societies. 

These countries are more inclined toward trust and cooperation with strangers and have better 

institutions as a result today. The dataset they collected contains information on the diffusion 

of the medieval eastern and western churches and their duration of exposure to each country in 

 
9 There is some overlap between ICT (software, computing and communications equipment) and robots, since the 
latter typically feature computing equipment for programming and control. But most of the hardware components 
of robots are not considered ICT (Graetz and Michaelis 2018). 
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the world up until 1500 CE. On the other hand, we use Kinship as second instrumental variable 

for our collective variable EPC. Kinship, which is also collected from Schulz et al. (2019), 

measures the degree to which relationships play a role. Kinship norms are stronger within dense 

social networks and reward loyalty and conformity more than individualism, independence, 

fairness and cooperation. We  regard it as more suitable to account for the degree of 

collectivism.  The exclusion restriction of our instrumental variable is of particular interest here. 

There is very low correlation between robot intensity and especially western church exposure. 

The historical dimension is important, countries have been exposed to western church influence 

long before modern technology was introduced. The christianity level is a good predictor of 

institutions but has a very weak link to robot intensity.  

 

 

3.2 Empirical strategy  

 

We rely on two different approaches to examine the effect of labor market institutions on 

technology adoption rates. First, our baseline results are from panel regression with country and 

time fixed effects for the period between 1998 to 2013 across 43 countries.10 As shown in 

equation (1), 

 

𝑅𝐼#,% = 𝛼 + 𝛽*𝑙𝑚𝑖#./,#,% 	+ 	𝛽1𝑙𝑚𝑖2344,#,%			 + 	𝛽5𝑋#,% + 𝛾% + 𝛿# + 𝜀#,%														(1) 

       

𝑅𝐼#,% indicates the robot intensity in country i at year t, and the main explanatory variable lmi 

reflects the level of labor protection. The set of control variables explained above is represented 

by the vector (X). Country (𝛿#) and year fixed effects (𝛾%) control for time-invariant country 

characteristics, such as geography, and time specific effects, respectively.  

 

As mentioned above, the potential endogeneity between labour market institutions and robot 

adoption might cause estimation biases. To control for this, we employ two historical 

instrumental variables, exposure to western churches and kinship, for individual and collective 

protection indexes respectively. 

The first stage regression of labor market institutions on christianity level is denoted as: 

 

 
10 We drop countries with less than three observations to reduce the noise resulting from imbalanced panel.  
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	𝐿𝑚𝑖#./,#,% = 𝜋 + 𝜋1𝑤𝑐	#,% 	+ 𝜁#,%													         (2.1) 

	𝐿𝑚𝑖2344,#,% = 𝜋 +	𝜋5𝑘𝑖𝑛2344,#,%			 + 𝜉#,%														(2.2) 

 

 

The main equation includes two lmi indicators, one for individual and one for collective labor 

protection.  

 

𝑅𝐼#,% = 𝛼 + 𝛽*𝑙𝑚𝚤E 	#,% + 	𝛽1𝑋#,% + 𝛾% + 𝛿# + 𝜀#,%									(3) 

 

 

4 FINDINGS AND DISCUSSIONS  

 

In Table 1 baseline results from the OLS and IV estimation are reported. We see a positive and 

significant effect of individual labor protection on robot intensity. In the OLS model (Column 

2)  a one unit increase in individual labor protections leads to a 0.178 increase in robot intensity, 

while collective labor rights reduce the effect by 0.081 points. This is in line with the IV results, 

where the magnitude of the effect is even stronger. See Column 8, with a 1.673 increase of 

robot intensity for individual LP and a negative effect of collective LP of 0.353.  Adding 

controls on demographics (the share of the population over 65), GDP per capita and the share 

of industrial employment, we still see a consistent positive effect. In line with our 

argumentation, collective labor rights working as union power have a slightly negative effect 

on technology adoption. To distinguish the type of technology we use ICT expenditure intensity 

as a control variable, so that the part of the effect that stems from the information and 

communication sector is controlled for11.  

 

  

 
11 Due to limiation in data availability, the number of observations drops dramatically once we introduce ICT 
expenditure intensity. 
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The estimation results of the IV regression are reported in Column (7) and (8). The effects 

remain consistently positive and significant. When disentangling the effect into individual labor 

rights protection and collective labor rights the results also show a negative impact of collective 

labor rights.  

 

 

5 EXTENDED ANALYSIS 

 

To support our hypothesis we show more extensive checks below, that approach the question 

of the role of labor market institutions from different angles. One main concern is the role of 

diverging industry patterns per country that might influence technology adoption and hamper 

our results.  Here we introduce industry fixed effects to control for this potential confounding 

factor. The results still remain coherent with our main analysis.  

 

Table 1: Effect of Labor Protection on Robot Intensity         
  OLS IV 
  (1) (2) (3) (4) (5) (6) (7) (8) 
                  
                  
Individual LP 0.174 0.178* 0.285** 0.285** 0.291** 0.293** 1.861*** 1.673*** 
  (0.106) (0.106) (0.119) (0.119) (0.119) (0.117) (0.278) (0.390) 
Collective LP   -0.081*   -0.007   -0.038 -0.296*** -0.353*** 
    (0.044)   (0.055)   (0.074) (0.073) (0.083) 
Share of aged over 65     0.034 0.034 0.052** 0.052**   0.017 
      (0.023) (0.024) (0.025) (0.025)   (0.021) 
GDP per Capita      -0.333* -0.332* -0.013 -0.014   -0.263 
      (0.176) (0.179) (0.185) (0.186)   (0.160) 
Share of industrial 
employment     0.013 0.013 0.009 0.009   0.009 
      (0.008) (0.009) (0.009) (0.009)   (0.009) 
ICT intensity         -4.128 -4.219     
          (4.191) (4.209)     
Anderson LR statistic       81.02 31.74 
Country fixed effects yes   yes yes  yes   yes yes   yes yes  
Year fixed effects   yes   yes yes  yes   yes yes   yes yes  
Observations 496 496 388 388 194 194 496 388 
R-squared 0.944 0.944 0.947 0.947 0.979 0.979 0.919 0.930 
Robust standard errors in parentheses             
*** p<0.01, ** p<0.05, * p<0.1               
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Industry fixed effects 

 

Introducing industry fixed effects into the analysis, allows us to control for a major concern of 

underlying industry patterns driving the results, rather than labor market institutions.  

Based on EU KLEMS industrial classification, within manufacturing, we have consistent data 

on the use of robots for ten disaggregated industries: food and beverages; textiles (including 

apparel); wood; paper and printing; plastic, chemicals and non-minerals; basic metals and metal 

products; industrial machinery; electronics; transportation; and miscellaneous manufacturing. 

Outside of manufacturing, we consolidate data from six broad industries: agriculture, forestry 

and fishing; mining; utilities; construction; education; and services. 

 
Table 2: Industry fixed effects  
  

OLS IV 
  (1) (2) (3) (4) (5) 
            
Individual LP 0.206*** 0.191*** 0.185*** 3.719*** 2.991*** 
  (0.031) (0.031) (0.031) (0.496) (0.413) 
Collective LP -0.165*** -0.149*** -0.142*** -5.845*** -5.227*** 
  (0.017) (0.018) (0.020) (0.411) (0.347) 
Anderson LR statistic    18.83 26.57 
Demographic controls Yes Yes Yes No Yes 
Industry control No Yes Yes No No 
ICT intensity No No Yes No No 
Country, year and industry 
fixed effects Yes Yes Yes Yes Yes 
            
Observations 3,465 3,330 2,430 4,275 4,155 
R-squared 0.971 0.972 0.980 0.417 0.573 
Note: Demographic controls include share of aged over 65, and log of GDP per capita in OLS, and share of aged over 
65 in IV. Industry control indicates the share of industrial employment. Robust standard errors in parentheses.  
*** p<0.01, ** p<0.05, * p<0.1 

 

 

To reduce the poor sample from the IFR data we begin the analysis in 1998 where the EPC data 

starts. The trend is very similar even as we introduce more controls. Individual labor protection 

remains positive and collective labor rights negative. The magnitude of the effect is very similar 

to our results in Table 1 and does not drop much when introducing industry fixed effects.  
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Legal Origin 

Since we assume that common law countries have a more liberal approach towards regulation 

and specifically labor market regulation than civil law countries we examine this relationship 

in more detail. Clustering our country set into legal origin and including all fixed effects and 

controls we find a positive and significant impact of civil law countries on robot intensity. This 

stands in comparison to common law countries where the effect is very small and non-

significant. We opted for a comparative strategy rather than a simple dummy approach to show 

the difference across countries in more detail. The results further strengthen our hypothesis that 

institutional factors matter in technology adoption. 

 

Table 3: Effect of Labor Protection on Robot Intensity Civil vs Common Law  
  Civil Law Common Law 
  (1) (2) (3) (4) (5) (6) 
              
Individual LP 0.321** 0.487*** 0.400*** -0.006 0.029 -2.414 
  (0.131) (0.156) (0.140) (0.097) (0.153) (3.574) 
Collective LP -0.045 -0.004 -0.002 -0.004 0.012 -0.447 
  (0.056) (0.065) (0.091) (0.055) (0.085) (0.642) 
Demographics   0.014 0.070**   0.029 0.118 
    (0.020) (0.029)   (0.018) (0.169) 
GDP per capita   -0.379 -0.165   -0.040 2.583 
    (0.250) (0.201)   (0.081) (4.322) 
Industry     0.027**     -0.003 
      (0.011)     (0.042) 
ICT intensity      -0.594     -45.974 
      (4.752)     (68.146) 
Constant 0.045 3.327 -0.232 0.107 0.120 -24.298 
  (0.428) (2.207) (1.913) (0.240) (0.791) (42.365) 
Country FE yes   yes yes  yes   yes yes  
Year FE   yes   yes yes  yes   yes yes  
Observations 391 317 166 105 83 28 
R-squared 0.942 0.948 0.980 0.943 0.946 0.956 
Robust standard errors in parentheses         
*** p<0.01, ** p<0.05, * p<0.1         
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Minimum Wage  

 

Minimum wage laws directly influence labor cost. They increase the cost of an employee and 

incentivize the investment into their productivity. The employer is able to claim the full extra 

rent gained through the investment into technology and rising productivity levels. We therefore 

expect the effect of minimum wages on robot intensity to be similar to labor protection.  

 

Table 4: The effect of Minimum Wage on Robot Intensity OLS     
  Year fixed effects Industry and Year fixed effects   
  (2) (3) (2) (3)   
            
Min wage 0.377*** 0.378*** 0.058*** 0.056***   
  (0.106) (0.106) (0.013) (0.013)   
GDP per capita 0.052 0.042 0.034 -0.003   
  (0.183) (0.186) (0.047) (0.049)   
Demographics -0.000 0.005 -0.004 0.012*   
  (0.021) (0.029) (0.005) (0.007)   
Industry   0.005   0.014***   
    (0.011)   (0.003)   
Constant -2.070 -2.162 -0.103 -0.390   
  (1.832) (1.855) (0.437) (0.426)   
            
Observations 538 538 3,675 3,675   
R-squared 0.878 0.878 0.956 0.957   
Robust standard errors in parentheses       
*** p<0.01, ** p<0.05, * p<0.1    

 

Table 4 reports cross country and cross industry results on the effect of a minimum wage on 

robot intensity. In both cases the minimum wage has a positive and significant effect on the 

adoption of technology. This further supports our hypothesis but from a different perspective, 

as minimum wage is another reflection of labor protection. Not only the cost of dismissal is 

relevant, but hiring costs play a role in technology adoption. The more expensive a worker is 

the more it makes sense invest into his productivity.  

 

 

6 CONCLUSION  

 

In this paper we claim that technology adoption is generally higher in countries with stronger 

labor market institutions presented by the degree of labor protection. The effect is twofold. 
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Individual labor protection in the form of dismissal procedures or mimimum wage laws have a 

positive effect. We claim that this is due to stronger incentives to invest into productivity and 

hence technology of protected workers that are more costly. Collective labor protection in the 

form of stronger unions, however, presents stronger opposition to technology adoption and has 

a negative effect on robot intensity. It reflects unions’ general sceptism towards new technology 

that potentially replaces jobs in the short run. We tested the mechanism empirically using OLS 

and IV estimation techniques. All our results show a consistently positive effect of stricter 

market institutions on technology adoption. Stronger union density and collective labor rights 

have a small negative effect on technology adoption rates. To ensure the effects are not driven 

by different national industry patterns, we also introduced industry fixed effects. The results 

remained consistently positive. We were also interested in the effect of employment protection 

on the ICT sector, controlling for different types of technology adoption. The results hint 

towards a positive effect, but remain insignificant due to poor data availability. Overall, we 

conclude that the productivity of less-skilled workers increases in stricter labor market 

environments and implies less skill-biased technical change. Secondary effects such as 

displacement and reallocation effects are mediated differently by the existing labor market 

institutions but are not part of the analysis in this paper. This will be an area for future research.   
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APPENDIX 

 

A1: Summary Statistics 

 

Summary Statistics Obs Mean  Std. Dev. Min Max 

Labor Protection 477 2.41 0.59 0.98 4.1 
Robot intensity 582 0.89 1.19 0.00 6.3 
Church West 581 5.22 2.97 0 9.75 
Church East 581 0.27 1.22 0 7.61 
Collective Labor Rights 477 2.86 1.09 0 5.13 
Manufacturing Share 582 26.61 5.64 15.56 43.54 
Share age over 65 582 0.15 0.037 0.04 0.25 
GDP 580 10.31 0.45 8.27 11.08 
Common Law 582 0.19 0.39 0 1 
Civil Law 582 0.32 0.46 0 1 
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A2: Summary Statistics by Country  

 
 


