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Abstract 

During the years 2004-2014, the manufacturing sector within the EU countries witnessed an 

increase in the utilization of industrial robots, where robot density per worker approximately 

doubled. Considering that this is a rather recent event, studies investigating how much 

industrial robots impact labour productivity are still rare. At the same time, one of EU’s 

outspoken goals is that of working to foster productivity and economic convergence between 

the member states. Given the above premises, we have investigated the relation between 

the adoption rate of industrial robotics within the EU and its effect on labour productivity. 

Secondly, we have made a predictive convergence model, in terms of labour productivity. We 

have collected data from several sources, including the Industrial Federation of Robotics and 

EU KLMS, in order to build a dataset for our quantitative analysis. We have then used 

statistical methods such as multiple regressions and 3 stage least square analysis (3sls) to 

estimate our system of interdependent equations model. The results show that 

implementation of industrial robotics in the manufacturing sector is a driver of labour 

productivity. The model finally predicts upward labour productivity divergence between the 

member states in the years 2015-2025, assuming that the determining factors of labour 

productivity grow at the same pace in our forecast period as in our data sample. 

Keywords: Industrial robotics, Automation, Convergence, Technological diffusion, EU.  

 

 

 

 

 

  



 

Abstrakt 

Under åren 2004-2014 fördubblades i genomsnitt antalet industrirobotar per arbetare i 

tillverkningsindustrin inom EU. Eftersom detta fenomen är relativt nytt, är studier som 

undersöker industrirobotars påverkan på arbetarproduktivitet fortfarande sällsynta. Samtidigt 

är ett av EU:s uttalade mål att arbeta för att främja konvergens mellan medlemsländerna inom 

produktivitet och andra ekonomiska mått. Med ovanstående förutsättningar har vi undersökt 

förhållandet mellan ökad användning av industriell robotik inom EU och dess effekt på 

arbetskraftsproduktiviteten. För att bygga en model för vår kvantitativa analys har vi samlat in 

data från flera källor, inklusive Industrial Federation of Robotics och EU KLMS. Vi har sedan 

använt statistiska metoder såsom multipel regression och 3-stegs minsta kvadratanalys (3sls) 

för att estimera vårt system av ekvationer. Resultaten visar att ökad användning av industriell 

robotik i tillverkningssektorn driver ökad arbetskraftsproduktivitet. Därefter analyserar vi även 

den aktuella konvergensriktningen för arbetarproduktivitet, och vår modell förutspår 

uppåtgående arbetsproduktivitetsdivergens, under förutsättning att de ingående faktorerna för 

arbetskraftsproduktivitet växer i samma takt under vår prognosperiod som under 

dataunderlagsperioden. 

Nyckelord: Industriell robotik, Automation, Konvergens, Teknologisk diffusion, EU. 

 



 

Abstract 

Durante gli anni che vanno dal 2004 al 2014 il settore manifatturiero degli stati appartenenti 

all’Unione europea è stato testimone di un aumento dell’utilizzo dei robot industriali: la densità 

di robot utilizzati per ciascun lavoratore è raddoppiata. Considerato che questo è un fenomeno 

abbastanza recente, gli studi che investigano quanto i robot industriali influiscono sulla 

produttività lavorativa sono ancora rari. Allo stesso tempo, uno degli obiettivi dichiarati 

dall’Unione europea è quello di stimolare la convergenza economica tra gli stati membri. Date 

queste premesse, abbiamo studiato la relazione tra il tasso di adozione dei robot industrali 

nell’Unione europea e il suo effetto sulla produttività del lavoro. Inoltre, abbiamo sviluppato un 

modello di previsione della convergenza in termini di produttività lavorativa. Abbiamo raccolto 

i dati da diverse fonti, tra cui la federazione industriale della robotica ed EU KLEMS, in modo 

da costruire un dataset per la nostra analisi quantitativa. In seguito abbiamo usato dei metodi 

statistici come la regressione multipla e la l’analisi dei minimi quadrati a tre stadi (3sls) per 

testare il nostro sistema di equazioni indipendenti. I risultati mostrano che l’implementazione 

dei robot industriali nel settore manifatturiero è un elemento motore della produttività 

lavorativa. Infine, il modello prevede una divergenza della produttività tra i Paesi membri negli 

anni 2015-2025, assumendo che i fattori determinanti della produttività crescano allo stesso 

modo nel periodo della previsione rispetto al periodo del nostro campione.  

Parole chiave: Robot industriali, Automazione, Convergenza, Diffusione tecnologica, UE.  
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1 Introduction 

Throughout human history, technological advancement has always been one of the leading 

factors for the increase of wealth. Since the first industrial revolution in the late 18th century, 

the rate of technological development has increased drastically to the point that we are now 

getting used to living in a world where machines co-operate with us by recognizing our voices, 

helping us to provide early diagnoses of cancer or even interpret our emotions (Rani, Liu, 

Sarkar, and Vanman, 2006).  

The next industrial revolution, called Industry 4.0, includes technologies such as big data 

analytics, machine learning (Elgendy and Elragal, 2014), additive manufacturing, cloud 

computing, internet of things and robotization (Embracing Industry 4.0 and Rediscovering 

Growth, 2019). Many of these technologies have already had a large impact on the world’s 

economy as they are the drivers of a cheaper and more efficient good production along with 

increased productivity for both firms and countries (Çaliskan, 2015; Manyika, 2017). 

Among the effects of the next industrial revolution is its impact on jobs. New technologies are 

expected to continue shaping, and to become an integral part of the society and its workforce. 

On the one hand, labour displacement will be an obvious consequence of automation, as 

machines will be able to perform those jobs whose tasks are repetitive and highly predictable 

(Josten and Lordan, 2019). On the other hand, it will allow the displaced workers to get a 

different and more qualified job after having re-educated themselves. The accumulated effect 

that current automation will have on jobs and total occupation is, however, still uncertain. As 

portrayed by Josten and Lordan (2019) in their paper on automatable and non-automatable 

jobs, there are conflicting views proposed by previous researches on how the labour market 

will be changed. Some researchers claim that an increase in robot usage will reduce total 

employment, others argue that it will increase it and a third group of researchers supposes that 

there is no significant relation between total employment and robot usage (Josten and Lordan, 

2019). One view that seems to be shared however, is that the number of jobs that require low-

skills will be reduced, while those jobs that involve thinking in an abstract way, reacting to 

uncertain environments and managing relations with other people, the so-called “people and 

thinking skills”, will gain more and more importance.  

The manufacturing sector is in many countries contributing to a large share of the total Gross 

Domestic Product (GDP) and is the sector where a fast implementation of the latest robot 

technologies has been witnessed. The starting hypothesis in our study is that the adoption of 

new technologies, specifically industrial robotics, should enhance labour productivity, in 

accordance with findings of previous research (Josten and Lordan, 2019; Graetz and Michaels, 
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2018). Data used in the last available study on this topic ranges until year 2007 (Graetz and 

Michaels, 2018), and measures productivity on an aggregate level. The purpose of this 

research is to: (i) use the latest available data, (ii) to model the relationship between 

implementation of industrial robotics in the manufacturing sector and increased labour 

productivity and (iii), finally predict whether it will lead to labour productivity convergence 

across countries of the European Union.  

 Background 

Our interest in the theme of technological progress, particularly automation and robotization, 

rose when we realized that, at the time when we are writing this paper (2019), only a few 

studies have investigated the impact that this recent, yet powerful technology has on labour 

productivity. There is a fear that robotization of production and services will impact employment 

negatively. Our wish is that of producing a valuable analysis based on the technology leading 

countries of the European Union in order to fill an existing knowledge gap on the relationship 

between industrial robotization and labour productivity.  

At the same time, we found out that one of the main goals of the European Union is that of 

leading all of its member states to a path of upward technology convergence for each country 

to reach a similar economic growth and technological capacity dimension. Sharing a similar 

economic state would result in lowered inequality among the European citizens and better 

cooperation and policy coordination among countries, which in turn would lead to a deepened 

economic and social integration (Eurofound, 2019). Economic convergence trends on GDP 

level have been seen among European countries from early 2000 until the financial crisis of 

2008, after which, diverging trends have started to emerge. For the European Union to push 

the countries back towards their goal path, the right policy decisions have to be implemented 

(Eurofound, 2019). Understanding whether industrial robotics drives economic convergence 

or not could help policymakers and stakeholders to make informed long-term decisions about 

whether to promote the adoption of automated robots or not. 

The adoption potential of the European countries has already been calculated by some studies. 

Josten and Lordan (2019), for example, estimate that, as of July 2019, approximately 47.4% 

of the current jobs across the countries of European Union will be possible to be automated in 

the next decade, where approximately 35.2% of these automatable jobs have the potential of 

becoming fully automated. 

Across the European Union, the share of automatable jobs differs from one country to another, 

ranging from the lowest 20.7% (Finland) to the highest 57.4% (Greece) (Josten and Lordan, 
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2019). Although with different amplitudes, every member country has at least some potential 

to implement robotization and automation. 

   Structure of the thesis 

The thesis is structured as follows: the work begins with an introduction where the main theme, 

along with the research topics and research questions are introduced. Here we also explain 

what challenges we had to go through while working on the study and what the purpose of our 

work is. In the following section, an overview of the literature review is given, which is analysed 

and summarized at the end of the same chapter. The section that follows focuses on the 

description of our data where we present the sample used, sources used and provide summary 

statistics. The following two sections explain how we have addressed the research questions. 

We argue the reasons why we have chosen a quantitative approach rather than a qualitative 

approach and we finally present the results achieved in order to answer our research 

questions. The conclusions section provides the reader with a summary of what the study has 

dealt with, an analysis and an explanation on how our findings add to the overall knowledge in 

the field and the limitations of our work. 

   Research topics and research questions 

The main topics of focus in this thesis are the following: 

• Economic growth and models that explain it; 

• Technological development; 

• Automation and industrial robotics; 

• Labour productivity and its determinants, with a focus on the manufacturing sector; 

• Economic convergence within the European Union. 

To investigate what we have presented in the introduction and background sections and to 

develop an analysis on the themes listed above, an attempt is made to answer the following 

list of research questions: 

1. Does the adoption of industrial robotics increase labour productivity? 

2. Does increased robotization drive labour productivity convergence or divergence, in 

the manufacturing sector within the EU? 
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  Research challenges 

While writing our study, we had to undergo a series of challenges related to the data collection 

and to its subsequent data management and analysis. 

The first challenge we had to face was, as often happens in quantitative studies, the availability 

of relevant data to answer our research questions. Our initial idea was that of collecting data 

up until the year 2018, however, we had to change the range of years, as the available data 

allowed us to carry our analysis only up to the year 2014. In order to build the entire dataset 

that we have used, we also had to refer to several different sources. In the end, we managed 

to collect consistent data for eleven consecutive years, 2004-2014.  

The second challenge was related to data analysis. Our original dataset contained those 

variables that in previous researches had been linked to labour productivity. A high correlation 

between some of the variables caused collinearity, meaning that it was hard to distinguish 

which of the variables was affecting our estimation: this led to a reduction of the variables used 

in our regression.  

A third research challenge we had to solve was the possibility of having simultaneity and 

interdependence bias when analysing the data. Given that we thought there could be such 

relation to account for, we found a solution to control it in our regression by using a three-stage 

least squares estimation method.  

A final research challenge has been that of making sure that our data was not affected by 

confounding events. We have collected data from sixteen countries over eleven years. The 

length and variety of our data should make the estimation coefficients stable and insensitive to 

confounding events in single countries. We also control for time trend effects which could affect 

all countries at the same time as, for example, the financial crisis in 2008. The model is 

estimated conditional and unconditional of different control factors. 
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2 Literature Review 

In this section we present the theoretical foundations of our work along with an overview of 

previous researches on the themes of our interest. 

 Modern Economic Growth and General-Purpose Technologies 

Technological innovation is unevenly distributed in time and it often comes in bursts. Economic 

growth before the first industrial revolution was characterized by low average yearly growth 

rates which ranged between –0.01 and +0.01%, with large variations between different 

periods. Starting with the first industrial revolution in 1770 the growth in per capita terms 

increased to approximately 1% and was linked to a small number of innovations such as the 

spinning mule in the textile sector (year 1769), the steam power (year 1775) and more efficient 

forms of iron making (year 1783) (Mokyr, 2010). The innovation processes during that time 

were characterized by a “trial and error” approach. The following industrial revolution, which 

happened during the period 1870 to 1914, was driven by innovations within the steel production 

sector, by the discovery of electricity and its implementation to everyday life, innovations in the 

petrochemical sector, introduction of the internal combustion engine and the invention of the 

telegraph. The innovation processes started to adopt a different approach, which was based 

on scientific findings and made use of systematic research and development (Mokyr, 2010). 

The term that defines those innovations which have profound effects on most parts of a society 

is General Purpose Technologies (GPT’s). GPTs are characterized by the following three main 

aspects: pervasiveness, improvement, and innovation spawning. GPTs are single recognizable 

technologies, which have much room for improvement initially until they are widely used. 

During the development period of a GPT, a technical foundation is created upon which further 

innovation can spring from (Jovanovic and Rousseau, 2005).  

The distribution and adoption rate (pervasiveness) of GTPs often follow an S-curve, which 

shows a slow adoption rate in the initial phases to a later gain of momentum until finally the 

majority of the society uses it. Graph 1 shows the adaptation rate from the introduction of 

electrification and information technology. 
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Graph 1: Adoption rate from introduction for Electrification and IT (Jovanovic and Rousseau, 

2005). 

The second characteristic is the improvement factor, which can be measured in quality 

adjusted price per unit. As an example, Graetz and Michaels (2018) estimate that the prices of 

industrial robotics fell by one half in the period 1990-2005, and by approximately one-fifth of 

its starting price in quality-adjusted terms.  

The third characteristic is innovation spawning, which affects the number of patent 

applications, the number of entries, exits and mergers among firms and the general stock 

market level (Jovanovic and Rousseau, 2005).  

The third industrial revolution is currently ongoing and is driven mainly by information 

technology and computerization. The next and fourth industrial revolution, often called 

“Industry 4.0” is predicted to be driven by a combination of 5G networks (constant data flows), 

internet of things, and robotization (Embracing Industry 4.0 and Rediscovering Growth, 2019) 

and is one of the reasons why this thesis focuses on the subject of robotization. Although too 

early to state, the advancement in quality, price and versatility of robotics shares similar 

technical characteristics as GPTs, meaning that in the future we may regard robotics as a core 

innovation that has affected most parts of the society.  

  Growth models 

The study of growth has long been a topic of focus for economists. By evaluating a set of 

different variables, economists try to find the factors that explain why certain countries grow 

faster than others. The goal is that of finding the reasons why some countries are relatively 
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richer while others are relatively poorer. Identifying the factors of success can allow the 

researchers to give good advice to the poorer country policymakers to take actions that will 

allow their countries to reach a higher economic growth level.  

Previous literature on regional economic growth has been dominated by two models that 

appear similar, but which yield opposing predictions when it comes to regional convergence: 

the Solow model and the endogenous growth model (Jones and Vollrath, 2013).  

2.2.1 Solow model 
The basic Solow model was developed by Solow in the 1950s, Swan (1956), Ambramovitz 

(1956) and Kendrick (1956). The models explain growth within a country as well as how factors 

of production move between regions. The model has its foundation in microeconomics where 

supply and demand determine factor prices, the firms  goal is to maximize profits and the 

consumers’ goal is to maximize utility. In the model, physical capital accumulation trough 

savings over time explain growth in per capita terms. Capital is a function of output Y times a 

saving rate fraction, and Labour and Technology growth is exogenously determined. The model 

predicts that in the long-run a country will come to its steady-state of growth where increased 

investment in physical capital no longer increases income per capita due to diminishing 

marginal product of capital and depreciation of existing capital stock. In the steady state the 

country has no growth in per capita terms (Jovanovic and Rousseau, 2005). 

The output of a country is determined by the supply of factors of production, which are capital 

(K) and labour (L). This means that economic growth is a consequence of either growth of 

labour supply, growth in capital stock through savings, or technological progress. 

Equation 1: Solow model with technology: 

𝑌𝑌 = 𝐹𝐹(𝐾𝐾, 𝐿𝐿) = 𝐴𝐴(𝐾𝐾𝑎𝑎𝐿𝐿1−𝑎𝑎) 

Where Y is output, K is capital, L is labour, A is representing technology or shift in the production 

function or growth in output over time and α is between 0 and 1. 
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2.2.2 Endogenous growth – AK model 
The endogenous models build upon the Solow model and incorporate technical growth into 

the models, hence the name endogenous. The basic form of the endogenous growth model is 

called the AK-model. Here technical growth is determined by endogenous knowledge 

accumulation, which is a consequence of investments in human resources and science. 

Equation 2: AK-model: 

𝑌𝑌 = 𝐹𝐹(𝐴𝐴,𝐾𝐾, 𝐿𝐿) = 𝐴𝐴𝐾𝐾𝑎𝑎𝐿𝐿1−𝑎𝑎 

The model assumes that increases in technological development offset diminishing marginal 

product of capital and even raise the returns on capital. Higher returns of capital can lead to 

sustained growth in the long run. This will cause richer countries to develop at the same rate 

or at a faster rate compared to poorer countries: divergence will take place among the countries 

and in particular those grouped by level of development (Jovanovic and Rousseau, 2005). In 

this model growth is not exogenous but endogenous and can be influenced through investment 

in technology, human capital, management and infrastructure for development. 

2.2.3 Growth models’ key findings 
Let us now have a look at the implications of these models. One key finding is that the basic 

Solow model predicts that the country will reach a steady state with no per capita growth. The 

endogenous model predicts that a country reaches a balanced growth path, where all important 

variables grow in the same pace, and sustain growth.  

The exogenous Solow model does not predict growth in the steady-state unless an 

exogenously determined technological shock increases productivity. Highly developed 

countries in the model are closer to their steady-state and exhibit a lower return on capital 

investments, while less developed countries are farther from their steady-state and will display 

a higher return on their capital investments. This assumption leads to the prediction of 

convergence, where poorer countries eventually catch up to the richer countries as long as 

they have the same structural savings rate, production function and population growth rate.  

In the endogenous model, long term growth is achievable by the constant development of 

human capital and technology. Thus, already developed countries can sustain growth over 

time, leading to the prediction of divergence between poor and rich countries where poor 

countries are not able to catch up.  
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 Automation and robots 

2.3.1 Automation and labour displacement 
Recent public debate has focused on the risk of labour displacement and automation as a 

threat to low- and middle-income jobs (Graetz and Michaels, 2018). Brynjolfsson and McAfee, 

in their book called “Race Against the Machine” (2012) point to two opposing views on technical 

development, the first one referred to as the Stagnationists’ view, that argues that the 

stagnating median wage among American workers since the 1980s is due to too little 

innovation in society. The opposing view argues that there is too much innovation of labour 

displacing technologies, where most people are struggling to adapt to these new technologies, 

referring to our times as an “end of work” era. The authors´ view is that indeed technological 

progress can hurt wages, however their opinion is that we are not in the era of Great 

Stagnation, rather than being in the era of Great Restructuring of tasks. They state that it is 

fundamental to understand the consequences of technical development and that we need to 

create strategies in order for humans to be able to race with machines instead of racing against 

them (Brynjolfsson and McAfee, 2012). The authors also argue that, to be able to keep up with 

this race, firms need to foster organizational innovation and this thrust should be led by 

entrepreneurs; similarly, society must invest in human capital. Brynjolfsson and MacAfee end 

their arguments asserting that we are in the middle of the third industrial revolution which is 

being fuelled by our time’s general-purpose technology, namely IT and that even though 

disruption will take time and will not always be easy to navigate, they argue that the net result 

will be positive for society. 

2.3.2 Industrial robotics impact on productivity and growth 
Robotic work can be defined as a task which is performed independently by a robot without 

human intervention. Our main source of robotics data, The Industrial Federation of Robotics, 

uses the standard 8373 from ISO (International Organization for Standardization) (ISO 

8373:2012, Robots and robotic devices, 2019) which defines a robot as: “an automatically 

controlled, reprogrammable, multipurpose manipulator programmable in three or more axes, 

which may be either fixed in place or mobile for use in industrial automation applications”. 

There is little literature regarding the impact that industrial robotics has on labour productivity. 

A recent study, which claims to be the first of its kind, entitled “Robots at Work” by Georg Graetz 

and Guy Michaels (2018), analyses panel data on robot adoption rate in 17 countries during 

the years 1993-2007. In this study, the authors find that an increased use of industrial robotics 

contributes to an increase of 0.36 percentage points to the countries’ labour productivity 

growth, compared to a mean growth of 2.4% (Graetz and Michaels, 2018). 0.36 percentage 

points might seem as a low contribution, however, it corresponded to 10% of the total GDP 
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growth in the countries studied during the same period. The authors find that among the 17 

countries of the sample, the increase in robot adoption rate was 150% during the period that 

ranges from 1993 to 2017 (even higher if adjusted for quality improvements). Increases in robot 

density yielded increasingly smaller gains in productivity, suggesting diminishing marginal 

return (Graetz and Michaels, 2018). Another conclusion from their investigation is that 

investments in robotics are on average highly profitable. Firms manage to have repayment 

periods ranging from 2 to 18 months, equalling to an annual return of investment of 25-200%. 

The theoretical foundation for whether a firm decides to implement robotics or not is simply 

defined as companies will adopt if profits exceed costs (Graetz and Michaels, 2018).  

The authors argue that the impact of densities on productivity has a causal relation rather than 

showing a simple correlation. They manage to get to this conclusion by investigating specific 

tasks in different sectors that have the potential to be automated by robots. More specifically, 

they test productivity for those tasks called “reaching and handling” which are specifically 

suitable for robots. In their study, they run several regressions, first by using the independent 

variables as they are and then by using two different instrument variables in order to dispel all 

doubts about reverse causality. All the results they get are consistent and they thus infer a 

causal relation between labour productivity and an increased use of industrial robotics. 

The researchers also investigate the impact that robot adoption rate has on employment. Their 

finding is that robotics appears to reduce the share of work done by low-skilled workers relative 

to mid- and high-skilled workers (Graetz and Michaels, 2018), which is consistent with the view 

of robotics as a skill-biased technology. Another interesting finding is that robotics does not 

appear to polarize the labour market by reducing the share of work done by mid-skilled 

workers.  

The International Federation of Robotics (IFR), a robot interest group, has also studied and 

presented some aspects of robotization. They state that increased robotization has a positive 

effect on productivity, which increases competitiveness at firm-level. The increased 

competitiveness leads to higher demand which should, in turn, guide to the creation of new 

jobs. The consequence of having a smaller workforce, due to a displacement of low-skilled 

workers, should have a positive impact on wages of the non-displaced workers (International 

Federation of Robotics, 2017). 

Labour unions will have a role in this workforce shift, as they will need to protect the workers´ 

rights, however, they should try to deal with this new challenge in the smartest way possible. 

The ILO (International Labour Organization) has created a report of a 15 months long study in 

which it suggests that rather than trying to stop the adoption of robots and its subsequent 

substitution of human workers, labour unions should concentrate on findings new ways of 
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enhancing social protection systems and promoting a system in which the workers´ skills are 

constantly being developed during their lives (Partington, 2019). In addition to this, robot 

adoption should also be seen under a positive light by the labour unions, because of the 

positive impact it will have on the workers´ health. In fact, robots will replace workers whose 

jobs are either hazardous or causes of diseases. An example of this could be welding. Welding 

can cause of hearing loss and burns and can lead to repetitive exposure to harmful chemicals 

(OEM Update Editorial, 2017). 

  Labour productivity  

2.4.1 Labour Productivity and its determinants 
Labour productivity is one of the 17 key indicators of the labour market used by the European 

Commission to evaluate the interrelation between education and occupation (European 

Commission, 2018). OECD defines it as the “output per unit of labour input” (OECD, 

Productivity - OECD, 2018). 

This indicator plays an important role both for firms and countries. Enhancing labour 

productivity for a firm means to gain a bigger market share by increasing sales, having a better 

Return on Sales (ROS) and a higher Return On Investments (ROI) (Krisztina Demeter and 

Matyusz, 2008). When it comes to a country, instead, labour productivity is what improves the 

living standards of the population. Having a higher labour productivity means to be more 

efficient in the production of, for example, goods which in turn has a positive impact on the 

entire national economy (Tang and Wang, 2004). What follows is higher availability of funds to 

invest in health, infrastructures, poverty reduction, improving the environment and social 

security. In short, labour productivity is a driver of competitiveness and economic growth of 

both firms and countries. (Tang and Wang, 2004).  

This indicator is relatable to multiple levels of an economy (single businesses at a micro-level 

and aggregate economies at macro-level), and it has several driving forces, depending on what 

is being considered.  

When it comes to the firm level, its specific drivers are to be seen for example in the dimension 

of the teams (those teams composed of 10 or less people perform better than bigger teams) 

(Krisztina Demeter and Matyusz, 2008), the adoption of lean production and the 

implementation of quality management programs (Krisztina Demeter and Matyusz, 2008). 

Changing the remuneration system, in particular, switching from hourly pay to a piece-rate 

wage system (payment after performance) is also a driver of labour productivity at the firm 

level (Krisztina Demeter and Matyusz, 2008).  
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Regardless of the wage system, however, labour productivity is positively influenced by the 

wage level, meaning that higher pay will lead the workers to be more productive, as observed 

in a study conducted on the US manufacturing sector (Krisztina Demeter and Matyusz, 2008). 

Other studies highlight a weaker relation between wages and productivity; however, they still 

consider wages to be a driver for productivity at firm and sector level. (Lowe, 1995) 

Labour productivity drivers at both country and firm-level include automation, IT developments 

(Krisztina Demeter and Matyusz, 2008) and investments in Research and Development 

(Hecht, 2017). Capital intensity is another driver (Tang and Wang, 2004), the number of STEM 

laureates (Peri, Shih and Sparber, 2015) and the Human Capital level (Haltiwanger, Lane, and 

Spletzer, 1999) also affect labour productivity positively. 

Country-wise, labour productivity is also driven by some specific sectors, such as the relative 

importance of the high-tech sector (Tang and Wang, 2004) and by other characteristic like the 

average size of firms or the way the national culture shapes the management strategies. 

(Krisztina Demeter and Matyusz, 2008) 

  Convergence 

One of the objectives stated in the treaty of Rome of 1957 is “upward convergence” between 

the member states of the European Union. Among the goals established in the treaty that gave 

birth to what would have later become today´s European Union, this has remained one of the 

key aspects. 

The concept of convergence is wide and can be analysed under different perspectives. 

Measuring convergence is also difficult and there are several ways of doing it. As a general 

definition, economic convergence can be seen as “a process in which economies of different 

countries become more similar to each other” (Economic Convergence, 2019) 

Our sample of EU countries has considerable differences in economic measures such as GDP 

per capita, GDP growth rates, employment rate, labour productivity, as well as other metrics 

such as education level, life expectancy, etc. According to the given definition, economic 

convergence will take place when these economic measures align between the countries of 

the European Union. 

2.5.1 Convergence or divergence 
A clarification is needed here: economic convergence does not necessarily mean that poorer 

countries will show a higher growth rate (compared to the average growth rate of the EU) which 

will allow them to reach a performance equal to that of the richer economies. This is only one 
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of the three possible convergence scenarios and it would be defined as “upward convergence”.  

Upward convergence could also, in turn, be divided into either “upward convergence”, where 

the average performance of the countries is growing, or into “strict upward convergence”, 

where every country shows an increase in their performance. 

Convergence could also be a process that aligns the richer economies to the poorer 

economies. This is something that would happen if richer countries performed poorly 

consistently and would end up reaching a performance equal to that of poorer countries. In this 

case, the definition would be: “downward convergence” (Mascherini, Bisello, Dubois and Eiffe, 

2018). 

On the other hand, divergence, which is the opposite of convergence, could also be classified 

into upward divergence and downward divergence. Upward divergence would mean that, 

although the performance of the countries is improving, some of them are performing much 

better than others. Downward divergence, instead, would mean that all the countries are 

performing poorly but some of them are performing less poorly.  

These scenarios can be classified in terms of desirability. Upward convergence (in particular 

strict upward convergence) would be the best one, as two positive outcomes would be reached 

at the same time, namely: economic disparity among countries would be reduced and all the 

countries would show economic growth. 

Upward divergence would be the second-best alternative: although there would still be an 

increase in economic disparity, it would still mean that at least some of the countries are 

performing well. The least desirable outcomes would be downward divergence (again, 

although the countries would be performing poorly, some countries would be performing “less 

poorly” than others) and downward convergence (where all countries would be performing 

poorly). (Mascherini, Bisello, Dubois and Eiffe, 2018) 
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Below are the four main types of convergence and divergence displayed in graphs between 

two countries. 

 

 

Graph 2: main types of convergence and divergence 

As mentioned earlier, convergence can be measured by taking into account several types of 

variables. As an example, Mascherini et al. (2018) in their research report on upward 

convergence in the EU consider four different types of convergence, namely convergence in:  

• Employment: which measures how the main measures for the labour market differ 

among the countries;  

• Working conditions: which in short considers how the quality of the jobs differs among 

the countries;  

• Socioeconomic factors: which is a measure of social and economic factors such as the 

quality of education, healthcare and gender equality.  

• Living conditions: which measures how much difference there is in the living standards 

of the citizens of the countries. 
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2.5.2 Convergence outcome in recent years across EU 
Let us now have a look at how the state members have performed in terms of convergence 

since the creation of the union. 

The countries witnessed upward economic convergence for a long period, lasting until 2008 

when the crisis hit the entire world. In the immediately following period (2008 to 2010), this 

trend froze and divergence started to be a visible outcome in the years 2010-2013. After 2013, 

upward convergence started again in those countries that were hit the most by the crisis. In 

2016 each country of the Union started to grow again after the crisis. This, unfortunately, is no 

guarantee for convergence, as some of the leading countries might be performing consistently 

better than the trailing countries, leaving them with no room for catching up. 

Why is the topic of convergence a big concern for policy-makers? 

Upward convergence would benefit all the member states as it would help to reach a shared 

economic prosperity: a fundamental objective, as most countries of the European Union are 

also in the Monetary Union (they share the same currency). In addition to this, having 

diversified economies among the European Union, could foster anti-European views which 

would in turn mine the survival of the European Union itself.  (Eurofound, 2019) 

  Conclusion of Previous Researches 

Technical development has trough history been characterized by fluctuations in productivity, 

caused by general-purpose technologies (GPT), which affect almost all areas of society and 

upon which new innovation can spring from. Robotization is part of the potential fourth 

industrial revolution, often called Industry 4.0. The flexibility and impact of different types of 

robotics share some characteristics of a GPT, but it is probably too early to say if robotics is a 

GPT yet.  

The two main growth models presented in the literature review of our study are the Solow 

model and the endogenous one. They are based on the same factors of production, but present 

small differences in specifications and lead to opposing predictions regarding convergence or 

divergence between countries. The model with the most support in recent research is the 

endogenous growth model which predicts divergence between countries due to continuous 

development of human resources and technology in leading countries (Jones and Vollrath, 

2013).  

So far, few studies specifically investigate the impact that industrial robotics has on labour 

productivity and on country growth in general. The one study we have found, finds that the 
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increased use of industrial robotics on average has increased the labour productivity´s yearly 

growth by 0.36 percentage compared to a mean growth of 2.4% during the years 1993-2007.  

Labour productivity is an indicator that can be measured at micro and macro levels. Its 

importance in determining the competitiveness of both firms and countries is fundamental, thus 

both firms and countries should try to enhance it. As labour productivity has got several driving 

forces, firm managers and policymakers have got a wide range of tools to choose from in order 

to improve it. 

Regarding convergence or divergence, previous literature highlights that there are different 

types of convergence with different desirability. Convergence as a concept can be measured 

by a multitude of variables, for example social, economic, technical or political. EU’s outspoken 

goal is to foster upwards convergence in order to have a cohesive and stable cooperation 

among members.   
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3 Data 

In this section, we present in more detail the data that we have combined for our study, together 

with an overview and statistical summary of the data content.  

  Data sources 

We have collected panel data that cover variation between entities over time, from the year 

2004 to the year 2014 for a total of 16 European Union Countries. The main source that we 

have used for data collection on robots is the International Federation of Robotics (2017), that 

holds a unique database over the number of industrial robots installed in European Countries: 

this became the base for our research. Other variables, such as productivity, R&D investments, 

etc. are obtained from public and trusted sources such as the World Bank, Eurostat and the 

OECD website. Table 1 provides information about the variable definitions and sources of the 

data. 
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3.1.1 Data Collection 
 

Table 1: Variable definitions and sources 

Variable name Definition Source 

Labour 
productivity 

Valued added in million euros in the 

manufacturing sector divided by the thousand 

people employed within the same sector. 

The total value added of the 

manufacturing sector of each country was 

first retrieved in national currency from EU 

KLEMS – European Commission, 2017 

and was then converted to euros. 

Robot density 
Estimated number of multipurpose industrial 

robots per 10,000 people employed in the 

manufacturing industry (ISIC rev.4: C). 

(International Federation of Robotics, 

2017) 

Capital intensity 

Calculated as follows: Purchasing Power 

Parities (PPPs) adjusted physical capital 

stock (millions of USD) (PPP$) divided by the 

number of people employed in a country. This 

variable also includes the value of the robot 

stock used. 

Both the physical capital stock and the 

number of people employed were 

retrieved from Penn World Table 9.0 

(University of California, University of 

Groningen, 2019). 

Human capital 
Index 

Index data from different sources (such as 

UNESCO) which take in account the average 

years of schooling and return on education in 

a country, among other factors. 

Penn World Table 9.0 - Human capital in 

Penn World Table 9.0 (University of 

California, University of Groningen, 2019) 

Wage 
Average value of yearly wage in euros per 

worker in the manufacturing sector. 
(Eurostat, 2018) 

Engineers 

Number of yearly STEM (Science, 

technology, engineering, math) graduates 

divided by the number of people employeed 

within the manufacturing sector. Named or 

referred to as “engineers” for simplicity in the 

data analysis. 

(OECD, Graduates by field of education , 

s.d.) 

High-tech 
exports 

Value of high-tech exports divided by the total 

exports per country. 
(World bank data, 2019) 

R&D investments 
Value of R&D investments per country per 

capita PPP$. 
(Unesco Data, 2019) 

 



Aredal, Cianciotta  ME271X 

19 

  Variables and definitions 

The relation between the variables and labour productivity, and thus the reason why we have 

used those variables in our study, has been presented partially in the literature review section. 

Below we summarize the links between the collected data variables and our research topic. 

Table 2 presents the variables, justification for their inclusion in the study and reference studies.  

Table 2: Variables justification  

Variable name Why is it included in the study? Reference Studies 

Labour 
productivity 

Labour productivity within the manufacturing sector is the 

dependent variable of the study: we are testing how the other 

independent variables affect it. The reason why we have decided 

to conduct our study and regression using productivity as the 

dependent variable is that productivity gives an immediate measure 

of the competitiveness of a country. 

(Tang and Wang, 2004; 

Krisztina Demeter and 

Matyusz, 2008; Lowe, 

1995) 

Robot density 
A high number of robots employed in a country enhances labour 

productivity. 

(Graetz and Michaels, 

2018; International 

Federation of Robotics, 

2017; Krisztina Demeter 

and Matyusz, 2008) 

Capital 
intensity 

A higher value of capital intensity is a driving force for productivity. (Tang and Wang, 2004) 

Human capital 
Index 

The skills and knowledge of workers are a valuable contributor to 

the productivity of a firm / country. 

(Haltiwanger, Lane, snf 

Spletzer, 1999) 

Wage 
Some studies have shown a positive relation between Wage and 

Labour Productivity. This variable is however dropped in the 

regression due to too high correlation with labour productivity. 

(Krisztina Demeter and 

Matyusz, 2008; Lowe, 

1995) 

Engineers 

A higher number of STEM graduates affects positively labour 

productivity. A higher number of graduates also affects positively 

the value of human capital that, in turn, affects labour productivity 

positively as well. 

(Peri, Shih and Sparber, 

2015) 

High-tech 
exports 

The bigger the size of the exports of the high-tech industry of a 

country, the higher the labour productivity of that country. 
(Tang and Wang, 2004) 

R&D 
investments 

A higher value of investment in Research and Development is a 

driver of Labour Productivity. 
(Hecht, 2017) 
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  Summary statistics 

In this section, we give brief overviews of the relations and trends between our collected 

variables.  

Table 3: Correlation coefficients table between variables 

  productivity density capint wage engineers R&D hightech human 
productivity 1               
densities 0.6339 1 

      

capint 0.5094 0.4776 1 
     

wage 0.9442 0.6711 0.4820 1 
    

engineers -0.1307 -0.0395 -0.0556 -0.1982 1 
   

R&D 0.8375 0.6508 0.2867 0.8172 0.1041 1 
  

hightech 0.2735 0.1005 -0.0691 0.2461 -0.2477 0.3509 1 
 

human 0.2947 0.2811 -0.1011 0.3662 -0.0453 0.4177 0.4345 1 

 

As we can see in Table 3, correlation between labour productivity and robot density is positive 

as expected by our null hypothesis. Correlation between wage and productivity is very high, 

which leads to the problem of collinearity. Therefore, we cannot use wage in our coming 

regression since collinearity makes it too difficult to analyse and draw conclusions by analysing 

the coefficient. Correlation between R&D and productivity is also high which shows a risk for 

collinearity. The number of engineers is, surprisingly, weakly and negatively correlating with 

productivity, which is contrary to our initial expectations. Correlation between wages and robot 

density is quite high and our preliminary reflection for this relation is that higher wages 

incentivise companies to substitute labour for robots. As always one should not equal 

correlation with causation.  
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Graph 3: Labour Productivity-Robot Density scatter plot with fitted line 

As seen in Graph 3, labour productivity and robot densities correlate and the fitted linear value 

is clearly increasing in both x- and y-axis. We can also see what appears to be diminishing 

marginal return on robot densities and the observations with the highest robot densities 

(farthest to the right on the x-axis) do not display the highest labour productivity. The 

observations with the highest productivity, though, are still far to the right on the density scale, 

indicating the obvious conclusion that robot density is not the only driver of labour productivity.  

The graph also shows that there might be two different clusters of countries, one below and 

one above the fitted line. Further analysis is made at the country level in the following graph.   
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Graph 4: Labour Productivity-Robot Density scatter plot for each country 

By separating the observations by country, we can group our sample in different clusters. 

The first cluster is the lower blue ellipse, constituting of the following countries: Poland, 

Czech Republic, Hungary and Portugal. These countries share some common traits: they are 

all from the Eastern European block, except for Portugal, and are generally poorer than the 

average in the sample. The cluster has a relatively fast growth in robot density, from low 

levels. The second cluster is made of central / southern European countries, namely Spain, 

Italy and Germany and is highlighted in yellow. These countries are the most populated 

countries in our sample, and especially Germany has high robot density in the car 

manufacturing sector. Why they are relatively similar in labour productivity is hard to analyse 

but our reasoning is that since the countries are relatively large and heterogenous in 

population, some firms in the country are highly productive while others are not, making the 

average productivity relatively close to the average productivity in our sample for all 

countries.  
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The last cluster is made of central / northern European countries; Sweden, Finland, 

Denmark, The Netherlands, Austria, Belgium, France and the UK, highlighted in green. This 

cluster is characterised by less populated northern countries (except UK and France) which 

are more homogenous is labour productivity within the country, making the average 

productivity high compared to the average of our sample. Greece is not part of any of these 

clusters and is circled in purple. Greece is characterized by having the lowest robot density in 

our sample but is at the same time not the lowest productive country.  

 

Table 4: Mean variables of all countries by year 

Year Density Productivity Capital 
intensity 

Human 
capital index 

Engineers High tech 
exports % 

R&D 
investments 

2004 66.84 56.58 219 676.10 3.11 2 776.33 4.00 513.39 
2005 72.99 58.76 234 765.40 3.13 2 827.51 4.06 529.10 
2006 78.03 62.16 260 524.00 3.14 2 924.44 4.42 555.64 
2007 82.52 65.42 283 967.20 3.16 3 183.19 4.13 574.16 
2008 87.05 63.93 304 129.40 3.18 3 159.97 4.19 605.96 
2009 95.06 59.22 322 264.20 3.20 3 240.24 3.65 599.23 
2010 99.99 65.82 337 429.10 3.21 3 550.25 3.93 607.46 
2011 104.24 68.28 353 944.60 3.23 3 802.09 4.28 626.47 
2012 109.34 69.06 376 569.90 3.24 3 924.14 3.95 633.36 
2013 115.79 71.10 393 366.40 3.26 4 042.93 3.99 636.54 
2014 121.62 73.19 395 854.80 3.27 4 093.50 4.01 645.53 

Total 93.95 64.86 316 590.10 3.19 3 411.33 4.06 593.35 

 

As we can see from Table 4, Robot densities have on average doubled, from 66 robots per 

10,000 employees within the manufacturing sector in the year 2004, to 121 robots in the year 

2014 within the same sector. During the same period, labour productivity has increased from 

56 to 73. All the other variables have, during the same period, also on average increased but 

at a slower pace than robot density. Human capital index and high-tech exports are the two 

variables that are mostly stationary and that show the slowest growth. This behaviour is as 

expected, since human capital is in index form and evolves slowly over time. High-tech exports 

are expressed in relation to total GDP, so even though the value of high-tech exports increases, 

if the total value of GDP grows equally fast, the ratio remains stagnant. 
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Table 5: Mean variables for each country 

Country Robot 
Density 

Labour 
Productivity 

Capital 
intensity 

Human 
capital index 

Engineers High tech 
exports % 

R&D 
investments 

Austria 90.58 81.33 339 553.40 3.26 2 293.65 4.51 959.32 
Belgium 124.03 91.13 386 748.20 3.09 2 694.92 7.75 693.35 
Czech Republic 39.62 26.71 295 943.80 3.63 4 012.08 6.05 343.71 
Denmark 128.20 90.28 320 051.40 3.43 2 764.25 4.41 941.90 
Finland 119.11 91.52 347 124.50 3.31 6 985.13 4.35 1 127.08 
France 118.09 77.22 355 266.60 3.04 3 256.24 3.99 686.38 
Germany 250.91 73.98 302 846.60 3.64 2 360.06 5.00 918.26 
Greece 7.22 52.78 365 892.80 2.92 1 741.16 0.39 152.62 
Hungary 22.91 22.80 198 662.90 3.23 2 520.15 8.31 193.78 
Italy 162.38 62.83 432 145.90 2.97 3 177.27 1.35 343.28 
Netherlands 69.39 89.03 319 267.70 3.26 1 858.86 8.68 698.12 
Poland 10.94 19.67 106 781.00 3.21 6 009.57 0.88 118.69 
Portugal 30.24 28.10 324 153.30 2.33 4 875.79 0.89 279.51 
Spain 120.35 58.08 360 361.00 2.79 3 037.09 0.84 338.84 
Sweden 148.66 96.89 308 523.10 3.33 4 161.09 4.39 1 172.81 
United Kingdom 60.56 75.49 302 119.60 3.67 2 833.95 3.09 525.95 

Total 93.95 64.86 316 590.10 3.19 3 411.33 4.06 593.35 

 

In Table 5, we can see the differences between the mean variables of each country. The 

differences between all countries are apparent where we can see that the average robot 

density ranges from 7.2 (Greece) to 250.9 (Germany), and where average R&D investments 

per capita ranges from 152.6 PPP$ Per capita (Greece) to 1 127.1 PPP$ (Finland).  

 

Table 6: Growth rates of variables of interest, years 2004-2014, in % 

Growth rates Robot 
Densities 

Labour 
productivity 

Capital 
intensity 

Wages Human 
capital index 

Engineers High tech 
exports 

Austria 5.8 2.4 4.9 2.3 0.4 6.3 -0.2 
Belgium 4.3 2.1 5.4 2.4 0.2 6.2 4.0 
Czech Republic 18.0 4.9 3.6 6.3 0.1 3.4 7.3 
Denmark 9.9 4.1 4.9 3.2 0.4 4.4 -2.5 
Finland 2.9 0.6 3.6 3.8 0.5 1.7 -9.8 
France 3.1 2.1 6.1 2.3 0.5 -1.5 2.9 
Germany 3.3 2.3 3.9 1.8 0.2 8.1 1.1 
Greece 20.9 1.0 6.1 1.9 0.7 11.7 1.8 
Hungary 29.8 4.0 7.2 3.5 0.7 5.9 -3.2 
Italy 2.5 1.3 6.2 5.2 0.6 -0.6 0.8 
Netherlands 12.0 1.5 5.7 2.3 0.4 2.7 -1.1 
Poland 21.8 5.3 3.6 5.7 0.7 4.8 14.2 
Portugal 8.8 2.7 7.4 1.7 0.8 10.5 -4.6 
Spain 5.9 4.0 8.1 3.1 0.6 2.5 1.5 
Sweden 5.0 2.5 4.6 3.1 0.4 -0.4 -2.1 
United Kingdom 3.8 2.5 5.8 0.7 0.4 2.6 -0.7 

Average 9.9 2.7 5.4 3.1 0.5 4.3 0.6 



Aredal, Cianciotta  ME271X 

25 

In Table 6, we find that the average growth rate of industrial robots surpasses the growth rates 

of the other variables. The growth rate of capital intensity is greater than that of wages, 

suggesting that manufacturing companies are increasing the production factor share of 

physical capital in relation to labour. The ratio of high-tech exports is on average rather 

stationary, but we see that some countries are clearly gaining high-tech export share of GDP 

(Poland) while others are reducing their share (Finland). We can also see a pattern in which 

countries with an average lower robot density have higher growth rates in robot adoption 

compared to countries in which in the average robot density is already high. In other words, 

we see a pattern in which countries with a lower robot density stock are investing in robot 

adoption and are starting to catch up those countries that already have a high-density stock of 

robots.  

  



Aredal, Cianciotta  ME271X 

26 

4 Model specification and estimation 

In this section, we describe the model specification, testing and estimation used in the thesis. 

  Addressing the research question 

Even before starting the process of data collection, we had to establish whether our study was 

going to be either quantitative or qualitative. As clearly stated by Martin N. Marshall in his paper 

about “sampling for qualitative research”, the method to be used depends on research 

questions rather than on personal preferences (Marshall, 1996). Therefore, given our 

questions, we have set our objective to understand what kind of study we should have aimed 

for. 

Our main objective for this research has been that of working on measurable data to give a 

precise and reliable answer to our question, by using the most objective approach possible. 

We concluded that, for our purpose, conducting a qualitative study would have given us a 

biased and very limited amount of data to analyse. Thus, given these premises, we chose a 

quantitative approach, which would give us a result uniquely based on the statistical analysis 

and the fundamental interpretation of the collected data. The advantage of using a quantitative 

approach is that the result can be generalized and not case specific.  

  Estimation procedures 

4.2.1 Single equation models 
In order to test whether increased usage of industrial robots increases labour productivity or 

not, we have regressed the values of our independent variables mentioned above, on our 

dependent variable, labour productivity, using linear panel data regression, taking in 

consideration for possible time trend effects. After analysing the summary statistics and the 

correlation tables, we proceeded to calculate the corresponding variables of our estimators in 

form of natural logarithms, in order to normalize the unit scale between our raw data input 

variables. With the variables expressed as natural logarithms, any analysis on the rate of 

change of an input can be converted to as a percentage change in said variable, also known 

as elasticity. Elasticity is easily interpretable as the percentage change in dependent variable 

(here labour productivity) in response to percentage changes in explanatory variables (here 

robotic density). 

The residual of panel data models with country and time dimensions are decomposed into time 

invariant country effects and country invariant time effects. Panel data models have the 
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advantage that they allow to distinguish individual heterogeneity and dynamics which are not 

possible to capture in cross section and time series data. The panel data model can be 

estimated with fixed effects and random effects model. In the former the country effects can 

be correlated with explanatory variables. If corrected the estimated parameters are consistent 

and unbiased. In the latter it is assumed that the two are not correlated. If true the parameter 

estimates are consistent, unbiased and effective. If not, they are biased and inconsistent. Thus, 

a fixed effect model is always providing consistent and unbiased parameter estimates but not 

necessarily effective. Fixed effects models are estimated by least squares dummy variable 

(LSDV) method or within estimation method. The random effects model is estimated with 

generalized least squares (GLS) method. The choice of estimation method is determined by 

the Hausman test.  

We then perform the Hausman-specification tests to see which type of panel data regression 

is suitable for our data, namely either the fixed or random-effects models. In a Hausman-

specification test, the null-hypothesis assumes that differences between entities in the dataset, 

in our case countries, are random and that no change in the model specification is needed, 

given that the hypothesis holds. The alternative hypothesis is that differences in productivity 

between countries are systematic and that the model should account for those systematic 

country-specific differences.  

After the Hausman test, we conduct the regression and analyse the significance of the 

estimators and the overall model fit to the underlying data. We have also reversely specified 

the model by regressing labour productivity on robot density to control for possible simultaneity. 

After finding the correct model we proceeded to analyse the direction and magnitude of the 

coefficients, as well as, overall model fit both within and between countries.  

4.2.2 System of equation model 
The literature has focused primarily on the possible estimation of the effects of robotization 

density on productivity of labour. This is done in specification and estimation of a single labour 

productivity model. However, there may be feedback effects from higher productivity and 

profitability on increased investment in robotics. The feedback effect implies that the two 

variables are interrelated and should be estimated jointly to account for direction of effects and 

simultaneity.  

As it will be described in the empirical results section below, we have encountered simultaneity 

between our dependent variable productivity and our main independent variable robotic 

densities. In short, this happens when the independent variable (robot density) is explained 

(partly) by the dependent variable (labour productivity), which again, in turn, is explained by 

the independent variable (robot density). This dual system where both variables potentially 
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affect each other causes our normal panel data regression results to exhibit simultaneity bias, 

meaning that both our independent and dependent variable are correlating with the 

unobserved error term of our equation, violating the basic requirements for conducting an 

efficient estimation. To solve this issue, we specify a system of two equations and perform a 

so-called three-stage least squares (3SLS) estimation, which is a method of estimation that 

combines a system of two equations in our case first by using a two-stage least squares (2SLS) 

estimation with instrument variables and then by performing a regression using all coefficients 

simultaneously (Stata Corp, 2019). This way a 3SLS estimation can allow for correlation 

between unobserved error terms and endogenous variables by considering the complete 

equation model.  

If the significance result of the endogenous variable to the right-hand side of the two equations 

is not significant, it is an indication of one-way causality. In such cases the two models can be 

estimated individually by OLS, fixed effects or random effects. If robotic density affects labour 

productivity but not vice versa, we have a case of recursive model where robotic density is not 

affected by labour productivity. It is estimated and the predicted value is included as an 

explanatory variable to the labour productivity equation. 

If both variables affect each other, the two equations are estimated as a system using 3SLS. 

The system accounts for endogeneity, heterogeneity and simultaneity. After performing the 

3SLS test we have our simultaneous equation model and we begin to isolate the variable of 

interest, labour productivity, together with the estimated coefficients of the independent 

variables. 

4.2.3 Forecast procedure 
For us in order to forecast either labour productivity convergence or divergence between the 

countries in our study, we first need to estimate the coefficients for each independent variable 

given our historic data as described above. Once we have the coefficients, we forecast the 

availability of factors of production, i.e. our input variables. We have analysed the growth rates 

of our independent variables in our sample data, and in order to analyse the current trajectory 

of labour productivity growth, we have made the assumption that the country-specific growth 

rate of the input variable will continue to grow at the same rate in the forecast period.  

The formula used to calculate the compounded annual growth rate (CAGR) is the following: 

𝐶𝐶𝐴𝐴𝐶𝐶𝐶𝐶 = �
𝐸𝐸𝐸𝐸
𝐸𝐸𝐸𝐸

�
𝑖𝑖
𝑛𝑛
− 1 

Where: EB = Ending balance; BB = Beginning Balance and n = Number of years 
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From the calculation, we can plug the forecasted input variable into our equation model to 

receive our predicted labour productivity in the forecast period. 

We have forecasted a period of 11 years ranging from 2015 to 2025 (equally long as the sample 

period). The forecast outcome is sensitive to the parameter estimated, growth rates and 

assumed development of the other inputs and control variables. 

4.2.4 Convergence/ divergence calculation 
As mentioned in the literature review, convergence can be defined in different ways. Two of 

the most commonly used mathematical definitions of convergence are Sigma and Delta 

convergence (Mascherini, Bisello, Dubois and Eiffe, 2018; Economic Convergence, 2019). 

The Sigma-method is defined as a decrease in the variation of outcomes over time, where in 

our case countries are becoming a more homogenous group. This is measured in the standard 

deviation of our variable of interest (labour productivity) between countries during the same 

year. If the standard deviation increases, we have divergence and if it decreases, we have 

convergence. 

The Delta-method compares the sum of the distance for all countries to the top performer 

(Economic Convergence, 2019). If the distance increases, we have divergence and if it 

decreases, we have convergence. This measure is to be used when the purpose of the 

analysis is that of comparing the results of each country to a goal or target country.  

Formula:  

δ𝑡𝑡 = ��MAX (𝑥𝑥𝑖𝑖,𝑡𝑡)− 𝑥𝑥𝑖𝑖,𝑡𝑡�
𝑛𝑛

𝑖𝑖=1

 

 

Where: 

x equals to labour productivity of a country; 

i represents the countries of the dataset; 

t represents the time; 

MAX (Xi,t) represents the top performer of the dataset. 
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5 Empirical results 

 Single equation models 

5.1.1 Labour Productivity as the dependent variable 
The labour productivity model is specified and estimated. The estimated robotic density effect 

and other results are reported in Table 7 and test results are reported below the table. 

Table 7: Results of Hausman-specification test with labour productivity as the dependent 

variable 

 (b) 
fixed 

(B) 
random 

(b-B) 
Difference 

sqrt(diag(V_b-V_B)) 
S.E. 

lnDens 0.0425 0.0496 -0.0072 0.0069 
lnCapint 0.1244 0.1867 -0.0623 0.0464 
lnEng 0.0242 -0.0042 0.0284 0.0028 
lnRandD 0.1854 0.2505 -0.0651 0.0164 
hightech 2.5232 1.9962 0.5267 0.2066 
human 0.3826 0.0759 0.3067 0.2293 

b = consistent under Ho and Ha; obtained from xtreg 

B = inconsistent under Ha, efficient under Ho; obtained from xtreg 

Test: Ho: difference in coefficients not systematic 

chi2(6)  =  (b-B)'[(V_b-V_B)^(-1)](b-B) = 14.93 

Prob>chi2 = 0.0208 

(V_b-V_B is not positive definite) 

_________________________________________________________________________ 

In the “results of Hausman-specification test with productivity as dependent variable” (see 

bottom of Table 7) we see a p-value (Prob>chi2) which is below 0.05 (the significance level), 

suggesting that we should reject the null hypothesis and that we should use the fixed effects 

model instead. This tells us that differences in coefficients are systematic between sample 

countries.  

 

We then continue with our fixed model estimation controlling for country and time 

heterogeneity. The estimation results are presented in Table 8.  
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Table 8: Results of panel data regression with productivity as dependent variable  

Fixed-effects   (within)   regression Number   of   obs = 176 
Group   variable:   countrynum Number   of   groups = 16 

R-sq:     within     =   0.7820 Obs   per   group:   min = 11 
between   =   0.6468 avg = 11.0 

overall   =   0.6104 max = 11 

 F(16,144) = 32.29 
corr(u_i,   Xb)     =   0.5456 Prob   >   F = 0.0000 

lnProd Coef. Std.   Err.  t           P>|t|  [95%   Conf. Interval] 

lnDens 0.0537 0.0202  2.66        0.009  .01386 0.0936 
lnCapint 0.0075 0.0789  0.09        0.925  -0.1485 0.1634 
lnEng -0.0165 0.0280  -0.59        0.558  -0.0718 0.0389 
lnRandD 0.1831 0.0496  3.69        0.000  0.0850 0.2812 
hightech 1.5234 0.5575  2.73        0.007  0.4216 2.6252 
human -0.2051 0.2741  -0.75        0.456  -0.7469 0.3367 
year        

2005 0.0353 0.0201  1.76        0.080  -0.0043 0.0750 
2006 0.0761 0.0233  3.27        0.001  0.0301 0.1221 
2007 0.1246 0.0272  4.58        0.000  0.0707 0.1784 
2008 0.1026 0.0314  3.26        0.001  0.0405 0.1648 
2009 0.0340 0.0349  0.97        0.331  -0.0349 0.1029 
2010 0.1304 0.0386  3.38        0.001  0.0540 0.2067 
2011 0.1542 0.0425  3.63        0.000  0.0702 0.2382 
2012 0.1661 0.0463  3.59        0.000  0.0745 0.2576 
2013 0.1885 0.0497  3.79        0.000  0.0902 0.2869 
2014 0.2161 0.0515  4.20        0.000  0.1143 0.3179 

_cons 3.2190 1.0331  3.12        0.002  1.1769 5.2610 

sigma_u 
sigma_e 

rho 

0.4161 
0.0547 
0.9830 (fraction of variance   due to u_i) 

 

 

In the “results of panel data regression with productivity as dependent variable” reported in 

Table 8 we can see that capital intensity, engineers and human capital index are not significant 

on a 5 % level. lnDens coefficient is positive and significant and we, therefore, can reject the 

specified null hypothesis and conclude that robot density has a positive impact on labour 

productivity, as expected, and give an answer to our first research question. We also see that 

all years are significant except for the year 2005 (slightly insignificant) and 2009 (highly 

insignificant). An interpretation is that demand decreased a lot during the financial crisis, with 

a one-year time lag to affect the regression and the relation between densities. This result is 

visible in our summary statistics in the data section over the mean variable per year. In table 2 

we see that labour productivity decreased during year 2008 and 2009 while it increased all 

other years in the sample.  

The coefficient for lnDens is 0.05373. To interpret the impact lnDens has on lnProd we must 

first de-log the coefficient.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑦𝑦𝐸𝐸𝐸𝐸𝑎𝑎𝐸𝐸𝑡𝑡𝑖𝑖𝐸𝐸𝑖𝑖𝑡𝑡𝐸𝐸 = 𝑒𝑒0.05373 ∗ln(1.01) =  1.00053 
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Interpretation: a 1 % increase in the number of robots per 10 000 workers in the manufacturing 

sector increases labour productivity by 0.05348 percent. 

The average growth rate of labour productivity in our sample period was 2.7%. By increasing 

robot density per 10,000 workers by 1%, we expect to see an increase in labour productivity 

by 0.05348%, which constitute of 1.9% of the average yearly productivity growth rate 

(0.0005348/0.027= 0.019807).  

5.1.2 Robot density as the dependent variable 
In this section, we reversely specify our model to test for simultaneity bias. The robotic density 

model is estimated as a function of labour productivity conditional on other determinants. The 

estimation results are presented in Table 9. 

Table 9: Results of Hausman-specification test with robot density as dependent variable 

 

 (b) 
fixed 

(B) 
random 

(b-B) 
Difference 

sqrt(diag(V_b-V_B)) 
S.E. 

lnProd 0.4957 0.5462 -0.0505 0.1021 
lnCapint -0.3657 0.4561 -0.8218 0.1666 
lnEng 0.1619 0.2194 -0.0575 0.0198 
lnRandD 0.8795 0.8855 -0.0060 0.0445 
hightech 2.1157 -1.6772 3.7930 0.9040 
human 4.7731 1.2272 3.5459 0.7589 

b = consistent under Ho and Ha; obtained from xtreg 

B =  inconsistent under Ha, efficient under Ho; obtained from xtreg 

Test: Ho: difference in coefficients not systematic 

chi2(6)   =   (b-B)'[(V_b-V_B)^(-1)](b-B) = 29.85 

Prob>chi2   =  0.0000 

(V_b-V_B   is   not   positive   definite) 

_________________________________________________________________________ 

In the “results of Hausman-specification test with density as dependent variable” we see a P-

value (Prob>chi2) which is below 0.05 (the significance level), suggesting that we should reject 

the null hypothesis and that we should use the fixed effects model instead. 

We then continue with our fixed model estimation by accounting for country heterogeneity and 

time effects. The estimation results are shown in Table 10.  
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Table 10: Results of panel data regression with robot density as dependent variable 

_______________________________________________________________________ 

Fixed-effects   (within)   regression Number   of   obs = 176 
Group   variable:   countrynum Number   of   groups = 16 

R-sq:     within     =   0.7632 Obs   per   group:   min = 11 
between   =   0.2601 avg = 11.0 

overall   =   0.2683 max = 11 

 
F(16,144) = 29.00 

corr(u_i,   Xb)     =   -0.8806 Prob   >   F = 0.0000 
lnDens Coef. Std.   Err.  t           P>|t|  [95%   Conf. Interval] 
lnProd 0.8739 0.3281  2.66        0.009  0.2254 1.5224 
lnCapint -0.2884 0.3174  -0.91        0.365  -0.9158 0.3389 
lnEng 0.2035 0.1119  1.82        0.071  -0.0175 0.4246 
lnRandD 0.7730 0.1992  3.88        0.000  0.3793 1.1668 
hightech 2.5747 2.2957  1.12        0.264  -1.9629 7.1123 
human 5.3912 1.0123 

 
5.33        0.000 

 
3.3902 7.3921 

year        
2005 -0.0162 0.0817  -0.20        0.843  -0.1778 0.1454 
2006 -0.0751 0.0971  -0.77        0.440  -0.2670 0.1168 
2007 -0.1190 0.1171  -1.02        0.311  -0.3504 0.1124 
2008 -0.1218 0.1310  -0.93        0.354  -0.3807 0.1372 
2009 -0.0153 0.1410  -0.11        0.914  -0.2940 0.2635 
2010 -0.1340 0.1614  -0.83        0.408  -0.4530 0.1852 
2011 -0.1935 0.1783  -1.09        0.280  -0.5460 0.1589 
2012 -0.1876 0.1943  -0.97        0.336  -0.5716 0.1963 
2013 -0.2173 0.2096  -1.04        0.302  -0.6316 0.1970 
2014 -0.2799 0.2188 

 
-1.28        0.203 

 
-0.7123 0.1525 

_cons -19.3823 3.9902  -4.86        0.000  -27.2692 -11.4953 

sigma_u 2.0815       
sigma_e 0.2205       
rho 0.9889 (fraction of variance   due to u_i) 

 
F   test   that   all   u_i=0:             F(15,   144)   =           71.07                                  Prob   >   F   =   0.0000 

 

In the “results of panel data regression with density as dependent variable” shown in Table 10, 

Labour Productivity is significant, meaning we have the risk of simultaneity bias since density 

is significant on   productivity and vice versa. We can see that capital intensity, engineers and 

high-tech exports are not significant on a 5% level. Each year is not significant, meaning there 

is no clear relation between the year and the production relation between year and robot 

density. Model fit (R2 value) is high (76%) within the same country but low (26%) between 

countries. 
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  System of equation models  

Since we encountered indications of simultaneity between our two main variables of labour 

productivity and robotic density, we must re-specify our model estimation and use a 3SLS 

method which uses instrument variables. For identification purpose the model specifications 

cannot be equal to each other so we drop one variable in each equation. The system of 

equations estimated by 3SLS accounts for simultaneity, endogeneity and heterogeneity of 

countries. The estimation result is presented in Table 11.  

Results of 3SLS regression: 

Table 11: Results of three stage least squares regression 

Three-stage least-squares regression 

 
Equation  Obs  Parms  RMSE  "R-sq"  chi2  P  
lnProd  176  5  3397448  0.6138  377.65  0.0000  
lnDens  176  5  0.6070  0.7169  460.76  0.0000 

   
 Coef. Std.   Err. t            P>|t| [95%   Conf. Interval] 
lnProd        
lnDens 
lnEng  
hightech  
lnRandD  
human  
_cons   

 0.4260  
-0.4123  
-2.4894  
 0.1289  
-0.0081  
 4.9408  

0.1190  
0.0636  
1.2332  
0.1696  
0.0892  
0.8121  

 3.58  
-6.49  
-2.02  
 0.76  
-0.09  
 6.08  

0.000  
0.000  
0.044  
0.447  
0.927  
0.000  

 0.1928  
-0.5368  
-4.9064  
-0.2034  
-0.1830  
 3.3492  

 0.6592  
-0.2877  
-0.0724  
 0.4613  
 0.1667  
 6.5324 

   
lnDens       

lnProd  
lnCapint  
hightech  
lnRandD  
human  
_cons  

-0.8622  
 0.9999  
-5.9044  
 1.6505  
 0.0628  

-15.1282  

0.3627  
0.2075  
2.0616  
0.2205  
0.1620  
2.3903  

-2.38 
 4.82 

-2.86  
 7.48  
 0.39  
-6.33  

0.017  
0.000  
0.004  
0.000  
0.698  
0.000  

-1.5730  
 0.5931  
-9.9451  
 1.2183  
-0.2548  

-19.8131  

-0.1514  
 1.4066  
-1.8638  
 2.0827  
 0.3804  

-10.4432  
  

Endogenous variables:     lnProd   lnDens  
Exogenous   variables:     lnEng   hightech   lnRandD   human   lnCapint  

 

In the “results of three stage least squares regression” reported in Table 11 the model fit (R-

square) is relatively high, and the coefficients of our main variables are significant. In the lnProd 

estimation, lnDens has the largest positive coefficient and is highly significant. After conducting 

the 3sls regression, we now have efficient estimators that can be used for the next step in our 

model in order to analyse the current trajectory of convergence or divergence.  

Our simultaneous equation model consists of the two model specifications used in the 3SLS 

regression. 
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Equation 3: 

𝑙𝑙𝑙𝑙𝑙𝑙𝐸𝐸𝑙𝑙𝑙𝑙 = 𝑙𝑙𝑙𝑙𝑃𝑃𝐶𝐶𝑙𝑙𝑙𝑙𝑥𝑥1 + 𝑙𝑙𝑙𝑙𝐶𝐶𝐴𝐴𝑃𝑃𝑙𝑙𝑙𝑙𝑙𝑙𝑥𝑥2 + 𝑙𝑙𝑙𝑙𝑙𝑙𝑃𝑃𝑙𝑙ℎ𝑙𝑙𝑒𝑒𝑃𝑃ℎ𝑥𝑥3 + 𝑙𝑙𝑙𝑙𝐶𝐶&𝑙𝑙𝑥𝑥4 + 𝑙𝑙𝑙𝑙𝑙𝑙𝐶𝐶𝑥𝑥5 + 𝐾𝐾1 

Equation 4: 

𝑙𝑙𝑙𝑙𝑃𝑃𝐶𝐶𝑙𝑙𝑙𝑙 = 𝑙𝑙𝑙𝑙𝑙𝑙𝐸𝐸𝑙𝑙𝑙𝑙𝑙𝑙1 +  𝑙𝑙𝑙𝑙𝐸𝐸𝑙𝑙𝐶𝐶𝑙𝑙2 + 𝑙𝑙𝑙𝑙𝑙𝑙𝑃𝑃𝑙𝑙ℎ𝑙𝑙𝑒𝑒𝑃𝑃ℎ𝑙𝑙3 + 𝑙𝑙𝑙𝑙𝐶𝐶&𝑙𝑙𝑙𝑙4 + 𝑙𝑙𝑙𝑙𝑙𝑙𝐶𝐶𝑙𝑙5 + 𝐾𝐾2 

To solve and isolate our main variable of interest, labour productivity, we replace the term 

lnDENS in equation 4 with equation 3 since they are equal:  

Equation 5: 

𝑙𝑙𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝐸𝐸𝑙𝑙𝑃𝑃𝑞𝑞𝑃𝑃𝑃𝑃𝑃𝑃𝑙𝑙

=  (𝑙𝑙𝑙𝑙𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑙𝑙𝑙𝑙𝐶𝐶𝑞𝑞𝑙𝑙𝑃𝑃𝑙𝑙𝑃𝑃 𝑙𝑙𝑙𝑙𝑙𝑙𝑃𝑃𝑙𝑙ℎ𝑙𝑙𝑒𝑒𝑃𝑃ℎ 𝑙𝑙𝑙𝑙𝐶𝐶𝑞𝑞𝑙𝑙𝑃𝑃𝑙𝑙 ℎ𝑃𝑃𝑢𝑢𝑞𝑞𝑙𝑙 _𝑃𝑃𝑃𝑃𝑙𝑙𝑐𝑐) 𝑙𝑙𝑙𝑙𝐸𝐸𝑙𝑙𝑙𝑙 ℎ𝑃𝑃𝑙𝑙ℎ𝑃𝑃𝑒𝑒𝑃𝑃ℎ 𝑙𝑙𝑙𝑙𝐶𝐶𝑞𝑞𝑙𝑙𝑃𝑃𝑙𝑙 ℎ𝑃𝑃𝑢𝑢𝑞𝑞𝑙𝑙 _𝑃𝑃𝑃𝑃𝑙𝑙𝑐𝑐  

 

Thereafter, we factor out lnProd and we have our forecast model: 

Equation 6: 

𝐿𝐿𝑙𝑙𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = (𝑙𝑙𝑙𝑙𝐶𝐶𝐴𝐴𝑃𝑃𝑙𝑙𝑙𝑙𝑙𝑙𝑥𝑥_1𝑙𝑙_2 + 𝑙𝑙𝑙𝑙𝑙𝑙𝑃𝑃𝑙𝑙ℎ𝑙𝑙𝑒𝑒𝑃𝑃ℎ𝑥𝑥_1𝑙𝑙_3 + 𝑙𝑙𝑙𝑙𝐶𝐶&𝑙𝑙𝑥𝑥_1𝑙𝑙_4 + 𝑙𝑙𝑙𝑙𝑙𝑙𝐶𝐶𝑥𝑥_1𝑙𝑙_5 + 𝐾𝐾_2𝑥𝑥_1

+ 𝑙𝑙𝑙𝑙𝐸𝐸𝑙𝑙𝐶𝐶𝑥𝑥_2 + 𝑙𝑙𝑙𝑙𝑙𝑙𝑃𝑃𝑙𝑙ℎ𝑙𝑙𝑒𝑒𝑃𝑃ℎ𝑥𝑥_3 + 𝑙𝑙𝑙𝑙𝐶𝐶&𝑙𝑙𝑥𝑥_4 + 𝑙𝑙𝑙𝑙𝑙𝑙𝐶𝐶𝑥𝑥_5 + 𝐾𝐾_1)/(1 − 𝑙𝑙_1𝑥𝑥_1) 

Where the results are reported in Table 12:  

Table 12: forecast coefficients 

             Productivity equation:              Density equation: 

Variable name Coefficient Alias Variable name Coefficient Alias 
lnDens 0.4260 x_1 lnProd -0.8622 q_1 
lnEng -0.4123 x_2 lnCapint 0.9999 q_2 
hightech -2.4894 x_3 hightech -5.9044 q_3 
lnRandD 0.1289 x_4 lnRandD 1.6505 q_4 
human -0.0814 x_5 human 0.6285 q_5 
_cons 4.9408 K_1 _cons -15.1282 K_2 
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 Labour productivity forecast 

We have calculated the average yearly growth rate of our independent variables (as presented 

in Table 6 in the data section) and multiplied the country-specific average growth rate with the 

country-specific latest years variable value to receive our forecasted availability of factors that 

affect labour productivity.   

We have finally multiplied the factor value with the corresponding coefficients from the system 

of equations to receive our forecasted productivity results per country reported in Table 13.  

 

Table 13: forecasted productivity results 

Average productivity Growth rate % 
 

historical period forecast period historical period forecast period 
Austria 81.33 185.20 2.36 2.09 

Belgium 91.13 108.11 2.08 -0.02 

Czech Republic 26.71 85.48 4.92 1.04 

Denmark 90.28 163.38 4.10 1.71 

Finland 91.52 133.07 0.56 1.04 

France 77.22 146.17 2.14 2.46 

Germany 73.98 145.95 2.30 0.35 

Greece 52.78 65.78 0.97 0.14 

Hungary 22.80 62.33 3.96 3.28 

Italy 62.83 116.32 1.26 3.20 

Netherlands 89.03 132.11 1.50 1.59 

Poland 19.67 43.66 5.32 4.75 

Portugal 28.10 66.56 2.75 2.43 

Spain 58.08 92.84 4.03 2.45 

Sweden 96.89 162.36 2.50 1.93 

United Kingdom 75.49 125.48 2.45 1.75 

Average 64.86 114.67 2.70 1.89 

 

The absolute average productivity for all the countries increased, as expected, since 

productivity is a function of time and the independent variables multiplied by the historical 

growth rates, which were all positive.  

In our forecasted period, we see that the average growth rate of productivity is lower than the 

historical average with Belgium having the lowest prediction and showing a slightly negative 

growth. We do not have a precise explanation of why the average growth rate has diminished, 
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however some insignificant coefficients were negative, this has lowered the estimated overall 

productivity. Thus, we might have a lower result due to insignificant variables. 

  Convergence predictions 

5.4.1 Sigma test 
By comparing the yearly standard deviation between countries for our variable of interest, 

labour productivity, we can see if the standard deviation has increased or decreased over time. 

The pattern is displayed in Graph 5. 

 

Graph 5: Sigma test 

 

In Graph 5 we can see that in the historical period between 2004-2014, the labour productivity 

standard deviation between countries was rather stationary and fluctuated around 25. From 

year 2007 to 2009 the standard deviation decreased (meaning that countries were 

converging). Productivity during the same years also decreased due to the financial crisis, 

meaning that the direction of convergence was downward. During the years after 2009 we see 

that the standard deviation is increasing again meaning divergence. In our forecast period from 

year 2015-2025 the standard deviation continues to increase and we therefore predict sigma 

divergence. All countries in our forecast period are increasing their productivity, meaning that 

the direction of the predicted divergence is upward.  

0
5

10
15
20
25
30
35
40
45
50

Sigma test

Between Country SD



Aredal, Cianciotta  ME271X 

38 

5.4.2 Delta test 
In the delta convergence test we compare the yearly sum of differences for each country to 

the labour productivity leader. The result of the comparison is illustrated in Graph 6. 

 

Graph 6: Delta test 

 

The results from the Delta test shown in Graph 6 are in line with what we have already seen 

in the Sigma test. This test for convergence / divergence by calculating the sum of distances 

in terms of labour productivity for each country to the leader. The trend seems to be quite 

stationary until 2008, then, for a year there is a sensible reduction in the average distance to 

the leader (meaning that on average the countries are converging), this is again most likely 

related to the financial crisis. From 2009 to 2010, the distance grows and returns approximately 

to the level of 2008 and grows slowly until 2014. Starting from 2014, a divergence trend is 

clearly visible in our predicted future values.  
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6 Summary and Conclusions 

  Summary of the results and analysis 

In our sample period 2004-2014, we find that robot density is the fastest growing variable 

among our independent variables, growing almost twice as fast as the second fastest growing 

variable. Variations in robot density between the sample of 16 countries were at the same time 

large, and average yearly growth rate on robot density ranged from 2.5% - 29.8%.  

Our first main finding is that robot density´s impact on labour productivity in the manufacturing 

sector is positive and statistically significant when tested on labour productivity, and we can 

thus conclude that increased robot density increases labour productivity, in line with previous 

research which argues for a causal relation (Graetz and Michaels, 2018). The coefficient is not 

large (0.0537 in the single equation model) but one then has to consider the magnitude of 1% 

increase in robot density per 10,000 workers. The average robot density in our sample was 94 

robots. By taking the average country as an example and by increasing robot density of 1%, 

one would then increase the number of robots to approximately 95 robots (1 robot difference) 

per 10,000 workers. The density will still be relatively low, however this change is estimated to 

increase labour productivity, measured per 1,000 workers, in the manufacturing sector by 

0.053%. One should also note that this labour productivity gain is obtained by holding all the 

other factors constant and that the change constitutes of 1.9% of the average yearly 

productivity growth rate. This means that the total productivity gain across all workers is to be 

considered relatively large, given that robot density has increased by only 1 robot.  

Our second main finding is related to convergence or divergence of labour productivity in the 

historical period. We have analysed the current trajectory between countries in terms of labour 

productivity convergence or divergence. Our findings suggest that during the years 2004-2007, 

we see both sigma and delta upward divergence in labour productivity, which suddenly 

changed to downward convergence during the years before and after the global financial crisis 

(2007-2009). From 2009 on, we again find that the recovered upward divergence trend 

continues until the year 2014 where our sample period ends. In our forecasted period, which 

is based on the coefficients from the system of equation regression and is assuming the same 

continuous growth rate as in the historical period for our independent variables, the trajectory 

continues with sigma- and delta-upward divergence during the whole forecasted period 

between year 2015-2025. The standard deviation of labour productivity between countries 

(sigma-test) is expected to increase from 30 to 45 from the latest year in our data sample 
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(2014) to the last year in our forecast period (2024). The sum of differences to the productivity 

leader (delta-test) is expected to increase from 658 to 1299 in the same period.     

In our simultaneous system of equations model, robot density is the largest positive coefficient 

and has also the highest historical growth rate, which is assumed to continue in the forecast 

period. We therefore find it reasonable to say that robot density is a driver of upward 

divergence, assuming that the trajected growth of the independent variables continues at the 

same rate in the forecast period. These divergence findings are in line with the endogenous 

growth model theory which predicts that richer countries (in our case the productivity leaders) 

are able to sustain growth and that therefore poorer countries have difficulties to catch up.  

The predictions resulting from our model are sensitive to differences in the growth rate of our 

input variables. The result is also sensitive to changes in the specification of the regression 

model. One can therefore not draw too forestretching conclusions from our forecast results, 

rather the forecast results are meant to be used to get a wider understanding of how robotics 

and other determining factors affect labour productivity growth, both within a country and in 

relation to country peers. 

 Limitations of the study 

6.2.1 Definition of industrial robotics 
Some limitations should be noted in our work. The first one is related to the definition of 

industrial robotics itself. Robotization, in general, is associated to the larger topic of automation, 

however, in our data, it refers specifically to industrial robots as classified by the ISO standard 

8373 (ISO 8373:2012, Robots and robotic devices, 2019). Other types of similar robots and 

machines that could affect labour productivity in the manufacturing sector are not covered in 

the data from International Federation of Robotics (IFR). We control for this limitation by 

including in our regression the effect that capital intensity (which includes other types of robots 

as well) has on labour productivity.  

6.2.2 Definition of labour productivity and its driving forces 
As explained earlier in this work, OECD defines labour productivity as the “output per unit of 

labour input” (OECD, Productivity - OECD, 2018). Despite this very simple and straightforward 

definition, its calculation opens to a wide range of interpretations. 

One of the most commonly used ways to calculate labour productivity is that of using the Gross 

Domestic Product (GDP) per capita (Ahmad, et al., 2003). GDP per capita is easily calculated, 

however it is not a precise indicator, as it averages out the production of a country without 

taking into account the number of unemployed people, the difference in productivity from sector 
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to sector and several other aspects that play a role in the definition of labour productivity 

(Ahmad, et al., 2003). 

It is possible to get a more precise calculation by considering above mentioned aspects, which 

is what we did in our study. In our case, as we are controlling for labour productivity in the 

manufacturing sector, instead of using the GPD per capita of a country, we used the value-

added (difference between the key input and output values) of the manufacturing sector divided 

by the number of workers employed in the same sector. This avoided our results from being 

skewed by the number of unemployed people and it also allowed us to consider the labour 

productivity of the manufacturing sector only. Our limitation in the calculation of labour 

productivity lays in the fact that, although we are aware of other factors that could influence 

the labour productivity value, we decided not to adjust for those factors excessively, as doing 

so would have complicated our study to a larger extent, while giving a low increase in precision. 

The driving forces of labour productivity are several as it can be inferred from the literature 

section of this work. This might also be seen as a limitation of our work: we decided to choose 

the driving forces that have a higher impact on labour productivity and disregard the ones that 

have a limited impact. 

6.2.3 Limitations of data collection 
Data collection was performed using trusted sources like EU KLEMS (a database founded by 

the European Commission), the ILO (International Labour Organization), the official OECD 

library, the International Federation of Robotics (IFR), Eurostat, the Penn World Tables (PWT) 

and the World Development Indicators (WDI, provided by the World Bank). Although other data 

were available online, we decided to use these trusted sources, to make sure that our inputs 

were as accurate as possible.  

A second limitation linked to data collection has to be noted in our work. Again, we have a 

limited amount of data, however, in this case, it is due to a limitation in the number of countries 

in the study. Yet, in this case, the selection of countries was not a result of the unavailability of 

trustable data: it was instead the result of our will to keep our study focused on the European 

Union. This choice was made because of two main reasons. The first reason is that the 

European Union has, as one of its objectives, to foster upward economic convergence of all 

member states. A convergence trend has been seen until the recent financial crisis (2008), 

however, after the crisis, this trend came to a halt and countries started following performances 

that are leading to divergence (Eurofound, 2019). We wanted to understand whether promoting 

the development of automation among the European Countries would help the European 

countries to get back on the convergence trend. The second reason for choosing to focus on 

the countries of the European Union was dictated by the distance of the countries, both in 
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geographical terms and in cultural terms (Comin and Mestieri, 2014), since we expected that 

implementing a policy that pushes the countries to adopt automation would only make sense 

among countries that show a cultural affinity, have a similar economy and are in the same part 

of the world.  

These two limitations can be summarized in a problem of sample size, meaning that the 

sample that we are analysing could be too small and thereby not representing the population 

of firms. This might either lower the significance of our study or reduce the applicability of this 

study to other parts of the world. 

6.2.4  Limitations of research purpose 
Another limitation is related to our research purpose: namely our formulation of research aims 

to explore whether technological adoption causes economic convergence among European 

countries. This is an interesting yet very wide question. Economic convergence, as explained 

in the literature review, is clearly not only driven by technological adoption. Thus, trying to 

establish whether fostering technological adoption will make countries converge is very 

complicated, if not impossible. Given that economic convergence among countries is governed 

by a series of different factors and can also be measured in a multitude of ways, the only 

question that we can give an answer to is whether adoption of industrial robotics is a driving 

force of convergence or divergence within labour productivity, which in turn has an effect on 

convergence or divergence on the total economy. Despite we control for a number of 

determinants, we cannot argue whether future convergence or divergence in labour 

productivity or general economic development will actually take place with certainty. 

6.2.5 Limitations in the analysis and interpretation of the data 
The final limitation of this study is the link between labour productivity and general economic 

growth. Our concern is that we consider labour productivity as a proxy for the economic growth 

of a country. We have found researches that justify this relation (Krisztina Demeter and 

Matyusz, 2008; Tang and Wang, 2004), however we still have some remarks.   

First remark: as previously discussed, if a robot replaces a human worker, the worker will 

become temporarily unemployed. If the worker remains unemployed, (s)he might be the cause 

of a slower growth in the general economy. In order for the country to show economic growth, 

the robot´s productivity should be able to counteract the loss of the productivity which was 

contributed by the excluded worker and, at the same time, it should be the cause of an increase 

in productivity of remaining workers. If the robot does not over perform the displaced worker, 

it would either slow down the growth rate of the country or it would at least keep it constant. 
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If, on the other hand, the replaced worker manages to get re-employed and takes participation 

in another productive task, then we can affirm with reasonable certainty that increasing robot 

density enhances the economic growth of a country as well. This limitation lays in the fact that 

it is not sure whether the replaced worker will manage to get a new occupation or not.  

Second remark: in the big picture, increased automation and robotization do, to a degree, 

replace human workers in routine tasks. This can affect the productivity and the economic 

growth of a country in at least three different scenarios. 

• Scenario 1: a robot is as equally productive as a human worker and is added to a factory as 

physical capital while all workers remain employed. The total output of the firm should increase 

while the number of the employed workers remains constant. Labour productivity increases, 

since we have increased output but with the same number of workers.  

• Scenario 2: a robot is as equally productive as a human and replaces the worker due to profit 

motives. The total output of the firm is the same as before but with one worker less. Labour 

productivity among the remaining workers increases, since we have the same output but with 

one worker less. The size of the economy does not change as the output is the same. In other 

words, this means that there is a growth in productivity but no change in the total output of the 

country. Change in productivity is measured as the difference between labour cost saving and 

added investment costs in robotics. 

• Scenario 3: a robot is more productive than a human worker and it replaces the worker. If a 

company has invested in the robot due to profit motives, then the total output is greater than 

before but with one worker less. Again, labour productivity increases among the remaining 

workers. The size of the economy grows if there is a demand for that product for the factory to 

produce it. In the short run, depending on the elasticity of prices, the total GDP should increase. 

In the long run, if the displaced factory worker remains unemployed with a lower income, the 

demand for the same product could decrease. This is likely to happen if the displacement occurs 

on a larger scale and if the workers are also consumers of the product. Again, although labour 

productivity grows, the total effect on GDP would be ambiguous.  

We are certain that more scenarios are possible to formulate, and with the above remarks we 

want to highlight the complexity of drawing inference from labour productivity to GDP as a 

whole. Positive changes in GDP in turn can affect investment in robots indicating feedback 

effects and two ways causality between labour productivity and robotization. Therefore, we 

cannot draw a general conclusion in our study by using the link of robotization and GDP growth 

but we have limited our study specifically to deal with labour productivity and convergence / 

divergence of said factor.   
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 Suggestions for further studies:  

Here we provide some guidelines to overcome the limitations of our work in future studies. 

Solving the limitation in the definition of labour productivity and its driving forces: 

As said, there are many ways of calculating labour productivity. We leave to future researchers 

the possibility of deepening the investigation on labour productivity in the manufacturing sector. 

An idea could be that of modifying the values of labour productivity among countries by 

adjusting the results for the number of effective hours worked. When comparing the 

productivity levels amongst different countries, a factor that could influence the result is the 

fact that different countries might have different laws in terms of working hours per day (Ahmad, 

et al., 2003). Adjusting the productivity results by considering the actual number of hours 

worked during the year would give a more precise result in terms of real productivity of a 

country. 

As mentioned previously, productivity is driven by many factors and the ones considered in 

this study represent just a small number of highly relevant factors. The analysis could be 

improved by adding other influential factors to the calculation. 

Solving the limitations in data collection: 

We focused on the European Union because of the availability of data, because the countries 

are relatively homogenous and since EU has expressed the goal to foster upward 

convergence. These limitations, in theory, are relatively easy to solve. Future studies may 

estimate more robust prediction by either using data from more sources or by using a wider 

span of years. This might be easier to do in a few years when more and newer data will be 

available. Our study could also be widened by adding to the analysis other countries not 

belonging to the European Union, to obtain a prediction applicable to a larger range of 

countries such as a comparative study where heterogeneity is studied across countries 

grouped by level of development. 

Solving the limitations of research purpose: 

Future research can expand the purpose of research to also include convergence / divergence 

of total GDP, or growth in an economy, instead of testing only for convergence / divergence of 

labour productivity.  

Solving the limitations in the analysis and interpretation of the data: 

A solution to this limitation could be that taking into account the flexibility of the labour market 

in order to better understand the effects of displaced labour workers (whether they engage in 
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new productive activities or not) have on the total economy. This last limitation might be the 

hardest to solve: although a displaced worker will likely look for another job, it is hard to predict 

whether (s)he will get reemployed or not.  

Other remarks:  

Future studies could also investigate whether the adoption of robotics has a level effect on 

growth or if it has a long-term effect on growth. Our forecast is sensitive to changes in the 

growth rates of the factors used in the model which is specified linearly. Extension of the model 

specification to non-linear will certainly lead to a higher model fit and explanation of variations 

and correlation relationship between the variables of interest. 

  Conclusion and key contributions 

We have conducted, as far as we know, a unique study on the contribution that industrial 

robotics has on labour productivity and its relation to labour productivity convergence or 

divergence among leading developed economies. We have focused on the European Union 

and forecasted country-specific labour productivity by using the latest available data on robot 

density.  Robotization shares some characteristics with general-purpose technologies and it is 

therefore reasonable to study the effects it has on the economic segment which is adopting 

this new technology before other economic segments. The development of advanced robotics 

is continuing to evolve and we will likely see similar adoption patterns across more economic 

segments. 
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