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1. Introduction 
 

Ever since the first Industrial Revolution in the late 18th century, new technologies have 

been viewed ambiguously: while some welcome the prospect of increased productivity 

and the potential of improved wealth, there similarly exists considerable opposition, 

especially by those who stand to lose of a change in the status quo. Notably, this 

opposition is from all ages: whereas it is most commonly known from the Luddite 

rebellion of 1811-1816, predictions that technological progress will make humans 

redundant have been made regularly. In the 1920’s the New York Times claimed that the 

‘March of the machines makes idle hands’, in the 1930’s Keynes coined the term 

“technological unemployment”, in the 1960’s President Kennedy declared that 

“automation… is replacing men”, and also in the 80’s there were fears that computers 

would result in job losses (Keynes, 1930; Economist, 2017). This dichotomy in the 

perceptions of technological advancements still exists today, with considerable and 

increasing coverage of the impact of artificial intelligence (AI), machine learning (ML), 

robotization and other aspects of the current technological progress. Illustratively, CEO 

of SpaceX, Tesla and Neurolink Elon Musk has stated that “Robots will take your jobs”, 

Bill Gates, founder of Microsoft, the largest software company in the world, claimed that 

robots that steal jobs should pay taxes, and also renowned physicist Stephen Hawking 

argued that AI ‘will automate middle class jobs’ (Larson, 2017). Supplementing these 

anecdotes, numerous papers indicate that automation and digitalization threaten an 

increasing number of jobs, with a widely cited paper stating that up to 47% of jobs in 

developed economies are threatened in the foreseeable two decades (Frey and Osborne, 

2013).   

 

Yet there is considerable disagreement in the literature as well as amongst economists 

and economic historians as to the future of employment and the supposedly negative 

impact of technology or innovation: several papers point out how similar fears existed 

before or during technological pushes, and that despite the continuous transformation of 

our societies due to the introduction of new technologies, the population explosion of the 

past two centuries has been mirrored by a similar creation of new jobs (Mokyr, Vickers 
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and Ziebarth, 2015). It is then interesting to consider how these new jobs have been 

created, when they have been created, and what mechanisms facilitated their increase. 

Moreover, whereas there is extensive literature on the impact of technological progress 

on labor dynamics, a considerable proportion of this is theoretical, with fewer recent 

papers empirically assessing the impact of technological progress on the labor market. 

One of the reasons for this is that it is difficult to measure technological progress, 

necessitating the use of imperfect proxies. These have included computer diffusion, 

research and development expenditure, or patents, commonly aggregating technological 

developments by operationalizing one, or a number of aggregated proxies.   

 

This paper seeks to add to the literature by distinguishing between different types of 

technological progress, using different patent classifications. The results of this study 

could help researchers and policymakers evaluate whether different kinds of innovation 

have a differing impact on the labor market. After all, whereas technological progress in 

certain sectors might have a negative impact on employment – e.g. labor-substituting 

automation in the case of self-driving trucks – technological progress in other sectors 

might have the exact opposite effect – e.g. innovations in sustainable energy have created 

and stimulated new industries. This paper thus seeks to assess the impact of technological 

progress in employment by measuring the impact of different patents on a number of 

different sectors; it does so for the period 1995-2009, for 15 different industrialized 

countries. While it would have been interesting to include more diversity or a higher 

number of countries (e.g. countries from the Global South, or the BRICS), the restricted 

data availability unfortunately has limited this dissertation to the current sample.   

 

Additionally, this paper contributes to the existing literature by measuring robots and 

robotics in a new way through the construction of an index of robotics patents. Whereas a 

considerable number of papers have sought to assess the impact of innovation, the impact 

of robots and robotics on the labor market is less thoroughly documented: while there has 

been an increase of academic interest on the impact of robots on employment in recent 

years, there are few papers that empirically measure this trend. This thesis constructs a 

simple but arguably adequate index of patents to evaluate the impact of innovations in 
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robots and robotics on industrial sectors, seeking to evaluate whether indeed robots 

substitute or complement employment in certain sectors.   

 

The rest of this paper is structured as follows: section 2 of this paper assesses previous 

literature on the impact of technology on labor markets in the developed world: the 

literature review first reviews literature on the impact of technology on the quality of jobs 

(section 2.1.), followed by an assessment of the literature on the quantity of jobs (section 

2.2.), particularly assessing the literature on the impact of advances in robotics. Section 3 

of this paper outlines the methodology used, discussing the strengths and weaknesses of 

the model this paper draws upon. Having done so, this paper delves deeper into the data 

in section 4, specifically evaluating the advantages and disadvantages of patents as a 

proxy for technological progress. Section 5 displays descriptive as well as regression 

tables, shortly remarking on notable findings. The actual implications are assessed in 

more depth in section 6, the discussion, where the results are compared and contrasted 

with previous literature, also considering the drawbacks of the data and methodology 

used. Finally this paper concludes by evaluating the findings of this thesis in light of the 

strengths and weaknesses of the data and methodology, deriving implications for 

researchers and policy makers alike.  

 

Overall, this paper maintains that technological innovation, proxied by patents, has a 

modest positive implication on employment. While the differing classes of patents 

present different results and often are not robust, the most notable finding of this paper is 

that robotic patents are moderately, yet robustly, associated with a positive increase in 

employment in several sectors between 1995-2009. While these findings contribute to the 

discussion regarding the impact of robots on employment, the extent to which these 

findings can be generalized to the present and nearby future is debatable, and should be 

considered with care. Regardless, the development of a new index contributes to both 

researchers’ and policymakers’ understanding of robots and robotics, facilitating 

improved understanding of its impact on the labor market. This paper concludes with 

recommendations for policy-makers and for future research. 
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2. Literature review: 

 
2.1. Technological anxiety and the labor market – job quality 

 

‘Men have become the tools of their tools’ - Henry David Thoreau (1854) 

 

As the anecdotes from the introduction illustrate, there has been increasing interest in the 

impact of technological progress on our societies; while recent decades have seen the 

introduction of numerous technological devices and innovations in our daily lives, the 

societal impact of these technologies has been significant, but relatively gradual. While 

this initially was reflected by the introduction of widespread consumption goods such as 

increasingly powerful phones and computers, there is growing concern that the current 

technological progress will not just supplement our daily lives, but increasingly will 

substitute for human labor. Indeed, Frey and Osborne, in a widely cited paper by both 

scholars as well as the mainstream media, assessed the likeliness of jobs in the U.S. being 

automated, particularly considering the recent advances in Machine Learning and Mobile 

Robotics (Frey & Osborne, 2013). Notably, controlling for education, wages and in 

particular the requirements of job descriptions they argue that 47% of jobs in the U.S. are 

susceptible to automation (Idem, 2013). Replicating their methodology, Pajarin and 

Rouvinen (2014), argue that 35% of jobs in Finland are susceptible to automation. 

Similarly reproducing this methodology for more European countries Bowles (2014) 

found that 45% to 60% of the jobs in European countries are at risk of being substituted 

in the coming two decades (Bowles, 2014). Hence, the potential for automation to 

substitute laborers and its supposedly increasing threat towards the foundation of 

industrial societies seems substantial, and therefore important to consider. Yet it should 

be noted that there is no consensus on the impact of technology on future employment, 

with statements regarding the risk of automation and their actual substitution requiring 

critical evaluation.  
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Indeed, weakening some of Osborne and Frey’s (2013) as well as Bowles (2014) 

assumptions, Arntz, Gregory and Zierahn (2016) argue that in the OECD on average only 

9% of the jobs is automatable. They argue that it is important to consider heterogeneity 

within occupations, rather than purely focusing on the description of the jobs as a 

homogenous unit (Arntz, Gregory and Zierahn, 2016). It appears then that the impact of 

technology on future employment is difficult to estimate, especially when considering 

that not only the direct effects on employment, but also the indirect effects in the form of 

compensation mechanisms should be accounted for when assessing the impact of 

technology on employment. In order to guide our understanding of current technological 

processes and their impact on the nearby future, it warrants assessing the economic past, 

potentially providing guidance as to how to best address the issues we face today. After 

all, microeconomic theory proposes that labor-replacing capital is introduced for the 

simple fact that it is cheaper than the labor it replaces. Yet, despite the ever-increasing 

quantity and quality of capital due to technological progress since the industrial 

revolution, there still is full employment. Moreover, if anything, the industrial revolution 

and its aftershocks have supplemented our lives, contributed to increasing standards of 

living all around the world and have boosted the overall development of society. 

 

It is then important to consider how technological progress has been influencing society 

and labor markets in the past. Doing so allows us to understand whether the current 

technological progress in the form of digitalization, automation and robotization 

represent a break from the past similar to the first industrial revolution, or is a 

continuation of trends manifested in a new form.  

 

2.1.1.  Technological progress and societal impacts: labor substitution 
 

 

Following the post-WWII ‘Golden Age of Capitalism’, the end of the 70’s heralded a 

different economic era: after the numerous shocks to the global economy, Western 

income structures experienced a substantial widening of the wage inequality, particularly 

so during the 80’s (Autor, Katz and Kearney, 2006). This increasing wage inequality has 
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been reflected in widening wealth inequality as well, resulting in a number of papers 

assessing the ‘squeeze’, ‘hollowing’ or ‘decline’ of the middle classes, for the U.S. (Faux 

2012; Kiernan 2015; Pressman 2007) similar to papers on the EU (Nolan, 2014) and a 

number of other cross-country comparisons (d’Ercole, 2014; Besharov, Pelaez, Sacnches-

Cabezudo 2015; Piketty and Saez, 2003). While the actual definition of the middle 

classes is open to interpretation – one could measure it using wealth (Piketty, 2014), 

income (D’Agostino, 2012), or other variables such as health or education (Putnam 

2015), Pressman in a comprehensive overview maintains that the middle class has indeed 

decreased in a number of developed countries, including the U.S. While observing that 

for some industrialized countries their middle class actually prospered (e.g. France since 

the 80’s) or underwent relatively few changes (e.g. Italy and Norway), he notes that these 

are exceptions, and that there is a negative trend in OECD countries (Pressman, 2015). 

This ‘decline’ of the middle classes is difficult to attribute to one particular factor, and 

concurrent with a number of global trends; yet there is general consensus in the literature 

that this primarily can be attributed to: 1) globalization, and 2) technological change. 

Both factors are important, and difficult to completely separate (e.g. technological 

progress is one of the factors that facilitates globalization due to the introduction of 

communication technologies that allows for outsourcing and off-shoring). While also the 

impact of globalization on labor markets is important to consider, this paper focuses 

primarily on the impact of technological progress on employment and our very societies.  

 

Indeed, the technological progress following the first Industrial revolution has caused 

material and societal advances, facilitated the breaking of Malthusian constraints and also 

contributed to the concomitant unprecedented improvements of worldwide standards of 

living (Keynes, 1930; Allen 2009). Clearly then, societal changes stemming from 

technological progress are not new, and have happened more frequently in the recent 

past: yet technological progress has not occurred evenly over the past centuries, nor are 

its societal impacts gradually felt. It is generally maintained that growth tends to occur in 

cycles or waves, with previous cycles indicating that the introduction of new clusters of 

technology similarly impacted employment, output and overall well-being.  
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In 1926 Nikolai Kondratieff, based on an analysis of the economies of the UK, France 

and the USA, suggested that economic growth occurred in long-term (40 – 60 years) 

cycles, which he maintained are inherent to the capitalist system (Kondratieff, 1926). 

Schumpeter expanded on these ‘Kondratieff’ cycles, arguing that these waves existed of 

several phases, and crucially depend on innovation as driver (Schumpeter 1934; Kuznets 

1940). There has been considerable literature that further evaluated the importance of 

innovation on long term cycles, including amongst others Lennart Schöns’s General 

Purpose Technologies (GPTs), and Carlota Perez’s theory of techno-economic paradigms 

(Schön 1998, 2009, Perez, 2006, 2008). While there are differences between the causes, 

implications and spatial distribution of these economic cycles, there is consensus on the 

importance of ‘innovation clusters’ as the catalyzing factor at the beginning of long-term 

waves. Perez calls these innovation clusters techno-economic paradigms, identifying 5 

distinct ‘technological revolutions’, starting age in brackets: 1) the Industrial Revolution 

(1771), 2) the Age of Steam and Railways (1829), 3) the Age of Steel, Electricity and 

Heavy engineering (1875), 4) the Age of Oil, the Automobile and Mass Production 

(1908), and the period we find ourselves in today, the Age of Information and 

Telecommunications (1975) (Perez, 2006). She argues that these 5 paradigms are 

characterized by an ‘installation’ period (the first half) in which the old and the new 

paradigm battle (e.g. water transport in the form of canals vs. new infrastructural 

development such as trains), and that it generally takes time for the new technological 

revolution to come out on top (depending on availability of financial capital and policy 

action). Following a recession, Perez argues that there is a ‘deployment’ period, which 

encompasses an expansion of the new paradigm, facilitated by ‘production capital’, and 

results in the growth and further expansion of technologies previously deployed (Perez, 

2006). Thus considering the impact of automation, digitalization and robotization, it 

could be argued that recent phenomena such as the decline of the middle classes and 

increasing inequality partially can be explained by the state of the economy in the long-

term wave, which is currently shifting from the installation period (1980’s till the 

economic crisis), to the deployment period. While some empirical evidence is indicative 

of this argument, other scholars propose a different view on the current innovation 

cluster; rather than maintaining that the current innovation cluster is a continuation of 
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long-term economic waves, they argue that robotics and digitalization are different from 

previous innovation clusters or waves, representing a true break from the past.  

 

Called a technophobe by some, referred to current technology “as a deadly epidemic 

inexorably working its way through the marketplace, the strange, seemingly inexplicable new 

economic disease spreads, destroying lives and destabilizing whole communities in its wake” 

and that  “intelligent machines are replacing human beings in countless tasks, forcing 

millions of blue and white collar workers into unemployment lines, or worse still, 

breadlines.” (Rifkin, 1995). While his rather negative predicament from 22 years ago has not 

quite occurred yet, he is not the only scholar the past two decades arguing that the current 

technological progress is different from previous innovation clusters. In the popular and often 

cited book “The Second Machine Age’, McAfee and Brynjolfsson take a more optimistic 

point of view towards technology, arguing that the current technological boom will 

change society to a similarly large extent as the first Industrial Revolution did, in 

particular benefiting consumers greatly, and in the process seriously altering the 

employment market (McAfee and Brynjolfsson, 2014). While acknowledging that there 

has been technological anxiety in the past, their core argument is that the current progress 

in machine learning, robotics and artificial intelligence - all sustained by the barely 

comprehensible exponential increases in computing power - will outstrip and pale 

previous techno-economic clusters such as those mentioned by Perez (McAfee and 

Brynjolfsson, 2014). While they consider technological progress as more beneficial for 

society than Rifkin, they similarly argue that the near future will be marked by 

fundamental changes in the labor market (Idem, 2014). While this paper will assess their 

argument on the future impact of technology in more detail below (section 2.2.2), it 

firstly evaluates whether and how technology has been impacting the labor market the 

past decades. Doing so allows us to identify trends, and potentially fathom also future 

impacts of current technologies. Notably, this paper first assesses the impact of 

technological progress on the quality of jobs in sections 2.1.2 and 2.1.3, after which it 

appraises anxiety about the future quantity of jobs in sections 2.2.1 and 2.2.2. 

 

2.1.2. Skill biased Technical change 
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As referred to above, the recent decades have seen an increase in interest in the decline of 

the middle classes. Notably, this has been attributed to several potential causes, and has 

been related to a number of other trends that have proliferated over the past forty years. 

These include decreasing blue-collar occupations, changes in the supply of college and 

non-college educated employees, offshoring and outsourcing, declines in labor union 

membership, as well as the biting impact of automation (Autor, 2015). While several of 

these trends and processes interact, automation arguably is one of the fundamental 

processes underlying these phenomena (Autor, 2015). Indeed, concurrent with academic 

interest in the ‘hollowing’ middle classes, there has been considerable growth of 

literature on the concept of skill-biased technical change (SBTC).1 This notion of skill-

biased technical change implies that further increases of technology result in higher 

overall economic output, but simultaneously decrease the demand for certain types of 

labor, depending on the skill-level of the employees (Autor, Levy and Murnane 2003)2. 

This is generally associated with an increasing skill-premium, a stagnation of low wages 

and widening wage-polarization (Hemous & Olsen, 2016). While there are sub-strands in 

the SBTC literature, the theory is grounded on the notion that skilled workers are more 

capable of adapting to technological change, and are thus less likely to be replaced by it. 

Vice versa, low-skilled laborers are less capable of adapting to technological change, are 

more likely to perform simple tasks, and are therefore more susceptible to the risks of 

automation (idem). Thus, proponents of SBTC consider high-skilled labor and capital as 

complementary, but low-skilled labor and capital as substitutes, and therefore argue that 

due to technologically driven decreases in the price of capital, low-skilled labor has 

become less competitive compared to capital (Hemous and Olsen, 2016). Proponents 

																																																								
1 It should be noted that skill-biased technical change is not the first economic theory to explain the drivers 
and impacts of technological change. Arguably the first real break with the notion that technological 
change was factor neutral – i.e. Hicks neutral, proportionally improving output of all factor proportions – 
was proposed by Atkinson and Stiglitz, who claimed it was localized and biased. (Atkinson and Stiglitz 
1969, Acemoglu 2014). It was their theory, as well as Kennedy’s notion of the innovation frontier that are 
the foundations of skill biased technical change (Acemoglu 2014). For a more detailed discussion see 
Acemoglu 2014.  
2 The concept of skill is fluid, and can refer to technological skill, capital skill, but generally is proxied by 
the length of education. See Goldin and Katz (2009) for a more detailed discussion 
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maintain that technical change is skill-biased, predicting that the demand for higher 

skilled jobs outstrips the relative demand for lower skilled jobs, and therefore 

disproportionally benefits high-skilled laborers (Maeda and Yugami, 2016). 

Suggestively, most empirical evidence is indicative of this increase in higher skilled jobs, 

illustrated by rising wealth- and income-inequality associated with the aforementioned 

decline of the middle classes: yet in recent years a number of scholars argue that the 

current empirical evidence does not fully match the theories of the SBTC school, and 

fails to explain a number of other trends. Indeed, there has not only been a documented 

increase of people being employed in high-skilled jobs, but also and especially a surge in 

the number of low-skilled jobs, resulting not only in income-inequality, but also in job 

and wage polarization. 

   

Indeed, utilizing empirical evidence from the European Union Labour Force Survey 

(ELFS), as well as the International Standard Classification of Occuptions (ISCO), Goos, 

Manning and Salomons document a ‘disproportionate increase in high-paid and low-paid 

employment’ from the 90’s onwards, which they argue is indicative of pervasive job 

polarization (Goos et al, 2009). These results are further underlined for Europe by an 

additional, more extensive paper from Goos, Manning and Salomons (2015), for the US 

by Autor et al. (2006) and also for Japan (Ikenaga, 2009). Notably, the empirical findings 

of these papers suggest not solely wage polarization, but also job polarization, are 

indicative of the growth of jobs on the relative upper and lower tails of the wage 

distribution, aspects that are not fully compatible with skill-biased technical change. The 

SBTC literature rationalizes increases in the high-skill and high-wage occupations, 

failing to adequately account for increases in the lower-end skill and wage occupations 

(Maeda and Yugami 2016). This is also highlighted by Acemoglu and Autor, who argue 

that the SBTC model is silent on the expansion of offshoring due to technological 

progress, the diffusion of new technologies that substitute middle workers and the non-

monotone changes in labor earnings of workers on different parts of the earnings 

distribution (Acemoglu and Autor, 2011) Thus they, Goos et al., Autor and Dorn, as well 

as an increasing number of other authors, support a task- or routine-biased technical 
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change model, which endogenizes technical change as well as the evolution of 

technology, and thus more adequately explains also the increase in lower-end jobs.  

 

 

2.1.3. Routine/ Task biased technical change 

 

Proponents of the routine biased model assess the content of tasks in more detail, 

classifying them not only according to their skill level (low, medium and high), but also 

on their complexity (Acemoglu and Autor, 2011). 3  An important aspect of this 

framework is the so-called ‘routineness’ of jobs, which they argue is an important 

indicator of jobs substitutability by technology (Autor, Levy and Murnane, 2003). 

Indeed, Autor, Levy and Murnane’s framework is grounded on the notion that 

technologies are more likely to substitute tasks that involve limited, straightforward and 

well-defined tasks, both cognitive and manual, and that can be completed while adhering 

to explicit rules. They moreover state that technology complements tasks that are less 

well defined, require more interpretive or creative actions, and are thus more difficult for 

computers to do, relative to the price of labor (idem, 2003). Expanding on these more 

basic papers, David Autor and Daron Acemoglu propose a model that further expands on 

this: they offer five task measures for jobs, allowing researchers to categorize 

occupations accordingly: 1) routine cognitive (e.g. accounting), 2) routine manual (e.g. 

manufacturing), 3) non-routine cognitive analytical (e.g. sales, medical), 4) non-routine 

manual (e.g. janitorial services), and, non-routine cognitive interpersonal (e.g. 

managerial), (Autor & Acemoglu 2011). They argue that it is mainly the routine tasks 

that have been replaced in recent years, contributing to the hollowing of the middle 

classes: it has been jobs with high routineness that have been the easiest to substitute with 

increasingly cheaper technology, whereas it has been the jobs on the high and low ends of 

																																																								
3 A number of related task-biased models have been proposed by differing authors, which have rapidly 
been expanding since the early 2000’s, and include Autor et al (2003), Autor, Levy and Murnane, 2003 , 
Goos et al(2009), Autor and Dorn (2010), Acemoglu and Autor (2011) and others. These have been 
referred to as task biased framework (generally attributed to Autor), the task biased technical change, or 
Routine Biased Technical Change (RBTC). While there are minor differences between them, this paper 
opts not to assess the theoretical differences of the respective economic models, instead focusing on their 
implications and consistency with the empirical evidence.  
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the job spectrum that have been complemented by technology (idem, 2011). Moreover, 

Autor argued that the introduction of more advanced computers and machinery amplifies 

the comparative advantages of labor in creativity, problem solving as well as flexibility, 

thus fuelling the increase in both high and low end jobs (Autor, 2015). He furthermore 

proposes that it is important for academics to focus also on jobs those that were created 

by technological progress – arguments that were further developed by Acemoglu and 

Restrepo in a recent paper on the task biased model. In this paper they further integrate 

technological progress, arguing that the relative price of labor and capital influences the 

adaptation and further development of technology. They argue that the allocation of tasks 

between capital and labor is influenced by the relative price and comparative strength of 

these factors, resulting on the one hand in decreases of the relative price of labor, and on 

the other hand in the creation of new complex tasks – both of which increase inequality 

(Acemoglu & Restrepo, 2016). While these papers draw on empirical evidence, their 

main contributions stem from theoretical advances; it is thus important to also evaluate 

the changing labor compositions, evaluating the extent to which these theories can be 

applied and measured using empirical data.  

 

Prominently, this was done in a paper titled  “Technological Adaptation, Cities, and New 

Work”, in which Jeffrey Lin sought to assess cities’ labor market adaptation to innovation 

from a spatial perspective, evaluating cross-sectional differences by developing a new 

methodology that draws on changes in the occupation classifications (Lin, 2009). He did 

so utilizing the US department of labor’s Dictionary of Occupational Titles (DOT), as 

well as its successor, the Occupational Information Network (ONET), specifically 

focusing on the creation of new jobs, measured by new occupation titles (Lin, 2009). 

Finding that workers are more likely to adapt or be in ‘new work’ areas that are dense in 

college graduates and have considerable variety of industries, it was particularly his novel 

methodology that has been replicated by scholars adhering to the task or routine biased 

proposition, and referred to by authors such as Acemoglu and Autor. While it has been 

difficult to exactly reproduce Lin’s research for Europe due to the lack of the ONET data, 

Goos, Manning and Solomons drew on EUROSTAT data to aggregate the datasets into 

the clusters from the routine-biased framework from Autor. Controlling for off-shoring 
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by using the proxies by Blinder and Krueger (2013), they argue that their findings 

indicate that also for Europe automation resulted in polarization between industries, 

subsequently shifting the structure of employment in line with the models from 

Acemoglu and Autor (Goos, Manning and Solomons, 2016). Interestingly, they also 

noted the impact of within-industry effects on employment, finding that automation on 

the one hand substitutes for labor (the ‘destruction’ effect), but on the other hand 

significantly increases the level of output, partially off-setting this initial loss by 

expanding the size of these industries (the ‘capitalization’ effect), confirming Aghion and 

Howitt’s (1994) earlier theory. They note that this effect reduces between-industry 

polarization but is not enough to overcome it, making it important to take into account 

when considering the overall impact of technology on employment (Goos, Manning and 

Solomons, 2016). Furthermore, the empirical part of their paper is similar to that of 

Michaels, Natraj and Van Reenen (2014); also controlling for a number of other potential 

explanatory variables in their robustness test, they empirically assess the impact of ICT 

technologies on industries’ share of labor for nine European countries as well as Japan 

and the US, also confirming that increases in ICT capital in industries generally result in 

surges in demand for higher-skilled workers. While indicative of the RBTC theory, they 

do not assess the between-industry effects that Goos et. al. maintain are more important 

(Michaels, Natraj and Van Reenen 2014; Goos et. al, 2016). 

  

Overall then, the explanatory power of RBTC is theoretically sound, holds up for a 

number of different countries in the OECD with different institutions, and is robust to the 

inclusion of proxies for offshoring (the main other explanatory variable), suggesting that 

it is a theory that is essential to consider when discussing the impact of technology on 

labor markets. Yet it focuses primarily on the quality of jobs, not addressing if or whether 

there will be technological unemployment as feared by technophobes such as Rifkin, and 

suggested by Frey and Osborne (2013). To understand this then it is important to not just 

focus on the technology of today, but also to evaluate whether technological 

developments in fields such as machine learning, robotics or automation – the 

technologies of tomorrow – influence the quantity of employment. This can be done by 
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more closely evaluating the empirical evidence on the creation of jobs, and overall assess 

the impact of innovation on employment.  

 

 

2.2.  Technological anxiety and the labor market – job quantity 
 

Even one of the fiercest critics of capitalism and the effects of capital on society 

acknowledged that technological progress can have positive impacts on employment: 

 

“Entirely new branches of production, creating new fields of labour, are also formed, as 

the direct result either of machinery or of the general industrial changes brought about 

by it.” – Karl Marx, 1867 [1961, 44p] 

 

Referred to as the ‘compensation theory’ by Marx, there are a number of mechanisms 

that can be triggered by technological change, counterbalancing the initial labor-saving 

impact of innovation (Vivarelli, 2014)4. The most notable of these are 1) the creation of 

new products and sectors in which technological innovation drives new branches of 

industry, or expands already existing industries through product innovation, resulting in 

increased demand for labor; 2) the Keynesian notion of increases in incomes, in which 

overall improvements in efficiency and output lead to increased average incomes, boost 

overall aggregate demand and thus compensate for initial job losses; 3) technological 

improvements resulting in lower consumer prices, facilitating increased discretionary 

spending and a surge in demand for other services; and 4) via new investments directly 

stemming from accumulations of new capital (Vivarelli 2014; Stewart, De and Cole 

2015; Boyer 1990). While these – and other - compensation mechanisms partially explain 

job creation following technological improvements, there is also severe critique on these 

mechanisms. Indeed, a number of assumptions must hold that are often problematic: the 

notion that profits are immediately and entirely re-invested in the economy is unrealistic, 

complemented by the fact that investments may be capital-intensive, rather than labor-

intensive. Moreover, the price-decrease mechanism depends on the assumption that there 
																																																								
4 For a more extensive discussion see Pianta 2005; Vivarelli and Pianta 2000. 
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is perfect competition, is related to the slope of the demand elasticity, and there often are 

different impacts of innovations across time, space and industrial sectors (Bogliacino and 

Vivarelli 2010; Freeman and Soete, 1987; Vivarelli, 2014). This is important, especially 

when considering that also technological change itself is far from uniform, has widely 

divergent impacts on different sectors of the economy, and depends also on the 

particularities of the innovation cluster. Illustratively, manufacturing improvements 

related to the production of the car and television in the 50’s and 60’s had a stronger 

positive effect on (low-skilled, high-routine) employment than did the introduction of 

ICT; while it created jobs in the telecommunications sector, it had a labor-saving impact 

in many of the service sectors (Meyer-Krahmer 1992; Kalmbach and Kurz 1990). To 

understand the impact of the current innovation cluster on future employment then, 

arguably two things are important: 1) understanding how innovation has been impacting 

total employment in recent decades, and 2) evaluating the current innovation cluster in 

more detail, specifically the potential of robotics. Doing so will allow for a more 

informed debate on the future impact of innovation while adjusting for aspects about the 

current technological push that are distinct from previous innovation clusters.   

 

2.2.1.  Technological progress and employment – innovation literature 

 

There have been a number of studies that have evaluated the link between innovation and 

employment. This relationship however is complex, difficult to adequately measure, and 

therefore has large variety with regard to the scope of studies (micro- vs. macro-data; on 

the local, regional or national level; differing econometric models, amongst other factors) 

as well as varying proxies for innovation. Unsurprisingly then, there is considerable 

contention in the literature as to the exact specificity of this relationship. Illustratively, 

the impact of innovation depends on a number of factors, notably including institutional 

mechanisms, which differ at the micro-, and macro- level, and vary in different economic 

contests due to the diverging enforcement of Intellectual Property Right (IPR) laws and 

employment protection in the form of labor laws (Vivarelli, 2014). While a number of 

macroeconomic studies have evaluated this link, these were mainly done in the 80’s and 

90’s, generally finding that a positive impact of innovation on employment depended on 
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sufficient elasticity of demand, and were moreover largely conditional on the respective 

institutional structures (Layard and Nickell 1985; Vivarelli, 2014). Seeking to assess this 

relationship more directly, more recent papers have utilized the increasing availability of 

data with a micro econometric approach, taking the firm as the level of analysis. Notably, 

Lachenmaier and Rottmann utilized a dynamic employment equation of German 

manufacturing firms over the period 1982-2002, with their estimates suggesting positive 

impacts of innovation on jobs (Lachenmaier and Rottmann, 2011). Similarly, using micro 

data from 15.000 French firms in the manufacturing sector, Greenan and Guellec suggest 

that innovating firms (as designated through a survey) create more jobs than non-

innovative firms – an effect which however disappeared when controlling for the so-

called ‘business-stealing effect’ (Greenan and Guellec, 2000). This is the notion that 

supposedly positive effects of innovation often also have a negative effect on business in 

the same sector due to changing relative competitiveness, with more innovative firms 

growing their market share at the costs of others, resulting in overall small net positive 

effects on employment (Vivarelli, 2014). This is one of the reasons why a sectorial level 

of analysis is arguably more appropriate, as it better accounts for the business-stealing 

effect – and thus the effect of both product and process innovations – facilitating a more 

comprehensive understanding of the impact of innovation on employment, including also 

the compensation mechanisms and indirect effects discussed above.  

 

Yet also when assessing literature that considers industrial sectors as the unit of analysis 

the results are ambiguous, with different regions, time periods and proxies of innovation 

giving different results. Pianta (2000) as well as Antonucci and Pianta (2002) for example 

evaluate the impact of innovation on employment in manufacturing sectors in Europe, 

finding that innovation generally has a negative impact on overall employment. This is 

however countered by a similar analysis from Boglaciano and Pianta, who find a positive 

impact of innovation on employment for both services and manufacturing in a sample of 

8 European countries (Boglaciano and Pianta, 2010). In another study, Boglaciano and 

Vivarelli, using R&D expenditures as a proxy for innovation, find that for the period 

1996-2005 in 16 countries there is a positive effect of innovation on employment. 

Notably then, while an assessment of the literature that investigates the empirical effect 
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of innovation on employment is inconclusive, a number of notable aspects can be 

derived: the data used, the time period considered and features such as regional and 

institutional factors are relatively similar in this literature, and lend themselves to further 

empirical analysis. Indeed, the data and methodology of the papers using sectors as the 

unit of analysis are quite similar: they use a variant of the Generalized Method of 

Moments (GMM) methodology, generally selecting the systems variant over the 

differences variant (Boglaciano and Vivarelli 2012; Piva and Vivarelli 2003, 2005; 

Lachenmaier and Rottman 2011). While this will be discussed in more detail in the 

methodology section below, this paper argues that the literature reviewed in this section – 

which assesses the link between innovation and employment – still has gaps, and is 

insufficiently conclusive to rely on when considering also the future impact of innovation 

and employment. Thus there is a clear need for additional empirical research on the 

impact of technological progress on employment, specifically so for the current 

innovation cluster. Moreover, to understand whether the current technological progress is 

distinct from previous innovation clusters, it is important to understand what robots are, 

and especially why they are predicted to be so disruptive on the labor market in the near 

future.   

 

2.2.2.  Robotics, machine learning and artificial intelligence.  

 

 

This paper draws on the definition of a robot by the International Organization for 

Standardization (ISO), and endorsed by the International Federation of Robotics (IFR), 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” (IFR, 2017).5 While a number of aspects of 

this definition are important, it is in particular a robots’ autonomy, or its ability to 

interpret its environment and adjust its actions accordingly, that distinguishes it from 

regular capital or machines (IFR, 2017). Notably, robotics has the second highest growth 
																																																								
5 This paper uses both the terms ‘robots’ and ‘robotics’. While technically robots are the actual devices or 
machines that do the work, and robotics is the field of developing robots, in this paper they are used 
interchangeably.  
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rate of all major industrial sectors in the United States, having experienced an average 

growth per year of 9% for the period 2006-2016, only lagging behind logistics (US 

Robotics, 2016). Moreover, the IFR predicts that between 2016-2019 this growth will be 

even higher, estimating that over 2.5 million industrial robots will be in place by 2019 

worldwide, averaging a 12% growth rate for this period (IFR, 2017). 

  

When considering the potential impact of technological improvements in robotics or 

artificial intelligence, it is worthwhile to recall the insight from Moravec (1988) - that 

also underlines the RBTC theory - who argued that there are fundamental differences 

between humans and machines. Occupations that are intensive in the use of vision, spatial 

interpretation or communication are extremely challenging to automate from an 

engineering point of view, but require little cognitive processing powers from humans; 

vice versa, tasks that require arithmetic or follow set rules such as bookkeeping are trivial 

from an engineering point of view, but require years of practice and training for humans 

(Moravec 1988; Feng and Graetz 2015).6 While this has been true for the past decades, 

one of the main arguments of McAfee and Brynjolfsson is that this distinction is 

becoming increasingly blurred due to the impact of the exponential growth of computing 

power of ‘Moore’s law’ (McAfee and Brynjolfsson, 2011). This ‘law’ was formulated in 

1965 by Gordon Moore, predicting that the number of transistors would double every 

year, thus resulting in an exponential increase of computing power over time. This allows 

technology to reduce previously insurmountable obstacles to mere road bumps, passing 

into territory which many experts would initially consider impossible or beyond the time-

horizon: in 2007 Nordhaus claimed that computing power had increased by a factor 

between 1.7 and 76 trillion (1.7^12 – 7.6^13) which by today could have increased to 

approximately a quadrillion, or another thousand fold (Nordhaus, 2007). The impact of 

these rather abstract numbers is well illustrated by the commonly cited example of Levy 

and Murmane, who argued in 2004 in their book ‘Why People Still Matter’ that replacing 

a human driver would not be done in the short to medium term due to the engineering-

difficulties associated with finding a set of rules that combine the interaction with 

																																																								
6 It is for example very difficult for engineers to build a robot that can clean both the floor, make the bed 
and clean the table, while any employable unskilled adult could do this without any trouble.  
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complex traffic, navigation, diverging traffic rules and laws all the while reacting to 

potential movements of a number of factors all around the car (Levy and Murmane, 

2004). Only six years later Google introduced the first fully self-driving cars, which 

today have been introduced to the market by a number of different brands (McAfee and 

Brynjolfsson 2011).7 Crucially, McAfee and Brynjolfsson argue that it has been the 

exponential increase in computing power that made this possible, facilitating 

technological progress in fields previously considered impenetrable for robots or artificial 

intelligence (idem, 2011). This is also a core topic of Frey and Osborne in their seminal 

2013 paper, in which they evaluate the problems engineers still have to solve to make 

further advances in the fields of data mining, computational statistics, artificial 

intelligence and robotics to derive which jobs are susceptible to computerization, also 

trying to account for Moore’s law of computational improvements (Frey and Osborne, 

2013). 

  

Berger and Frey, who similarly seek to evaluate the impact of technological change on 

labor markets since the 1980s – particularly machine learning and robotics - assess this in 

a paper for the OECD. Whereas the earlier discussed Justin Lin found that for 1990 and 

2000 respectively 8.2% and 4.4% of workers were observed in new types of jobs, Berger 

and Frey mention that this was even lower in the 2000’s, not even reaching 0.5% in new 

technology related industries (Berger and Frey 2016; Lin 2011). This is particularly 

interesting considering the calculations from Lee, who studied the impact of car 

production in the United States in the early 20th century, finding that employment in 

automobiles outgrew aggregate manufacturing by over 700%, thus particularly 

illustrating the differing impact of different technological clusters on employment over 

time (Berger and Frey 2016; Lee 2011). Moreover, Berger and Frey argue – in line with 

McAfee and Brynjolfsson’s critique on GDP as an indicator of output – that the strongest 

gains from robotics and machine learning are still to come, noting that future 

technological change is unlikely to become less labor-saving and more job-creating, thus 

																																																								
7 The exponential rise of computing power is also well illustrated by Intel’s comparison of microprocessors 
with cars: if cars had progressed by the same rate over the same time period, cars would in 2015 have been 
able to reach approximately 300.000 miles per hour while costing only $0.04. – Intel ’50 years of Moore’s 
law’ Accessed May 16th 2017 
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continuing the current trend (Berger and Frey, 2016). 8 

 

It appears then that the prospects of the current innovative cluster on employment are 

bleak, an outlook underscored by the potential of an increasing number of jobs to be 

automated, exacerbating trends of wage- and job-polarization, and possible resulting in 

technological unemployment in the near future. It is surprising then that the actual impact 

of robotics on employment is sparingly covered; one of the first papers to do so was 

authored by Georg Graetz and Guy Michaels, titled ‘Robots at Work’ and published in 

2015. In this paper they assess the impact of ‘robot density’ (the number of robots per 

million hours worked) on the productivity and employment of a panel of industries in 17 

countries from 1993-2007 (Graetz and Michaels, 2015). This paper is notable as it uses 

data that documents the actual impact of robot density, rather than evaluating the 

potential impact of technologies such as robotic or artificial intelligence. While finding 

that a higher use of robots is indeed associated with an increase in productivity, it is 

noticeable that they find no robust results for robots on employment, only finding a weak 

negative statistical significance in a limited number of cases (idem, 2015). Moreover, 

when they do find this weak statistical significance of robotics on employment, they only 

find this to be negatively correlated with low-skilled occupation, not finding statistically 

significant results for middle-skilled workers (idem, 2015). This is particularly striking 

considering the discussion above, with a number of authors arguing that technological 

change is biased against middle-skilled workers or those in occupations with high 

routineness, or has overall negative impacts on employment due to the high 

substitutability of jobs (Acemoglu and Autor 2011; Autor 2014; Frey and Osborne 2013; 

Goos and Manning 2007, 2014; Michael, Natraj and Van Reenen 2014). Interestingly, a 

number of recent papers underscore Graetz and Michael’s findings that robots do not 

necessarily negatively impact employment: the International Federation of Robotics 

(IFR) argues that the use of robotics has the potential to increase U.S. jobs in the long 

term, proposing that the deployment of improved robotics could make companies more 

competitive in the U.S. (IFR 2017; US Robotics 2016). They suggest the introduction of 

robots can prevent industries from off-shoring, facilitates the combination of robotics and 
																																																								
8 Issues of productivity associated with recent technological discussion.  
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humans, thereby leveraging both respective strengths’ and complimenting one another, as 

well as retain intellectual property and wealth that otherwise might be outsourced (US 

Robotics, 2016)9. While it unsurprising for an organization that represents the interests of 

the robotics industry to defend the potential benefits of robotics and automation, a 

number of recently published papers support their argument, indicating that the earlier 

mentioned compensation mechanisms also apply to robotics, facilitating the capitalization 

effect as proposed by Aghion and Howitt (1994). 

 

Indeed, Artz, Gregory and Zierahn (2016) apply Frey and Ostborne’s (FO) methodology 

to 21 OECD countries, arguing that automation and digitalization are unlikely to destroy 

large numbers of jobs. While acknowledging the RBTC, they disagree with FO’s 

methodology, stating that they neglectfully assume that workers within the same 

occupation have identical task structures, which they contend (Artz, Gregory and Zierahn 

2016; Autor and Handel 2013). Instead drawing on individual data (self-reported by 

workers) on the content of their tasks, they include more heterogeneity in their model, 

concluding that on average only about 9% of jobs is automatable in the OECD, 

contrasting the 45%-60% found by Bowles (2014), who replicated FO’s to OECD 

countries (Artz, Gregory and Zierahn 2016). This is echoed in a recent report from 

McKinsey, which argued that technological progress is more likely to change than to 

replace jobs by automation, suggesting that in the near future robots and humans will 

work together and compliment one another (McKinsey Global Institute 2017). Similarly 

drawing on the RBTC framework, also Gregory, Salomons and Zierahn (2016) develop a 

comprehensive model on the impact of technological change on labor demand, finding 

that it is positive, and can result in local demand spillovers. They thus conclude that labor 

races with machines, but that this effect can only be deduced when including the 

overcompensation by product demand and spillover effects (i.e. the capitalization effect): 

while they find that routine biased technical change reduced employment by 9.6 million 

due to capital replacing labor, this has been more than compensated by an increase in 

																																																								
9 They for example note that in the U.S. the usage of robots has contributed to companies’ decision to stay 
in the US rather than move abroad, as has been the case of Tesla’s ‘Gigafactory’, Apple and Lenovo. 
Moreover, they argue that robotics are an important factor in making domestic manufacturing competitive 
again US Robotics, 2016. 
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employment of 21 million due to these impacts of compensation for product demand and 

spillover effects (Gregory, Salomons and Zierahn, 2016). Also Deloitte claims that for 

the UK, technology have contributed to the loss of 800.000 low-skilled jobs, but similarly 

helped facilitate the creation of nearly 3.5 million higher-skilled jobs as well (Deloitte 

LLP 2015). They similarly noted that three quarters of the UK business surveyed think 

that technology will have a significant or very significant impact on their business, but 

that they will employ more people in the future (Deloitte LLP, 2015). This is also the 

point of view of Price Waterhouse Coopers (PwC), who in a recent study suggested that 

robotics-intensive manufacturing sectors in the US employ a significantly higher number 

of engineers and mechanics than less intensive sectors, and that they also had 

considerably more maintenance and repair workers (PwC 2015), with also a study by 

Barclays suggesting that investments in automation in the UK could actually safeguard 

73.500 jobs, as well as create over 30.000 jobs in other sectors (Barclays 2015, IFR 

2017). It appears then that also the current literature is ambiguous on the impact of 

automation on employment in industrialized countries, with considerable disagreement 

on the impact of technological progress and the future labor market.  

 

To summarize this literature review on the impact of innovation on employment, a 

number of factors can be underscored: firstly, whereas there has been a clear trend of 

wage and job-polarization, it appears this can be strongly linked to automation and the 

increasing usage of technology in industrialized countries, along the lines of the skill-

biased technological change, but particularly the task- or routine biased technological 

change theories. Secondly, while a number of recent papers discuss the future potential of 

advances in machine learning and robotics to negatively impact employment, this to a 

large extent is based on the expected future developments of technology in line with 

Moore’s law, outpacing humans’ capacity to grow at the same speed, and resulting in a 

mismatch between the automation of jobs and the creation of jobs. However, the current 

empirical evidence of technological progress on employment – often proxied by 

indicators of innovation – is far from conclusive on this topic, with considerable 

ambiguity existing as to whether it results in a net improvement or net decrease, partially 

caused by the complex inter-dependencies of off-shoring, business stealing, job creation 
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and market mechanisms, compounded by difficulties of measurement inherent to this 

topic. Thirdly, while robots and robotics have been used in manufacturing for a number 

of decades, it appears that only recently they have really started increasing in both 

number and capabilities, becoming increasingly important. Yet the empirical evidence on 

the impact of robots on employment is scarce, and insufficiently robust. 

 

Thus this paper argues that there is a clear need for additional empirical research on the 

impact of technological progress on employment, as well as a gap in the literature on the 

impact of robotics on the labor market. This then is what this paper sets out to do. In the 

following sections the variables, data and methodology are discussed in more detail.   
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3. Methodology 
3.1. Research Questions: 

 

To reiterate, this paper’s main aim is to investigate the impact of technological progress 

on the labor market in a sample of industrialized OECD countries. This paper does so on 

a sectorial level, investigating the impact of patent data for several industrial sectors. 

Moreover, it seeks to evaluate the impact of robots, proxied by robotics patents, on those 

very same labor markets. Consequently, this paper essentially seeks to answer two 

questions:  

 

Research Question 1:  

Distinguishing between different measures of technological change, how has 

technological progress impacted the occupational structure of industrialized countries 

between 1995-2009?  

 

Seeing as the literature review is inconclusive on the impact of technological progress on 

employment, this paper proposes both a hypothesis and a null hypothesis: 

 

Hypothesis 1: 

Technological progress has had a negative impact on employment of the industries for 

the countries under consideration.  

 

Null hypothesis 1:  

Technological progress has had no statistically significant impact on the share of 

employment of the industries for the countries under consideration.  

 

Also for the second research question this paper proposes both a hypothesis and null 

hypothesis:  
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Research Question 2:  

How do robotics patents influence the employment shares of industrial sectors in the 

selected number of industrialized countries? 

 

Hypothesis 2:  

Robotics patents have had a negative impact on employment of the industries for the 

countries under consideration.  

 

Null Hypothesis 2:  

Robotics patents have had no statistically significant impact on the share of employment 

of the industries for the countries under consideration 

 

 

 

3.2. Econometric Strategy 

 

In order to evaluate the impact of the different kinds of technological progress on the 

occupational structure of European labor markets, this paper utilizes a dynamic panel 

data model, specifying GMM-SYS estimators to do so. This section of the paper first 

shortly reviews a number of models which could have been used to evaluate the impact 

of patents on employment – notably pooled OLS or fixed effects (within group) 

estimators - arguing that a GMM-SYS model is the most appropriate model to analyze 

the impact of innovation on employment markets. It then explains in more detail the 

details of the GMM-SYS model, remarking on a number of the ways in which it can be 

utilized, specifically discussing the advantages of the systems-GMM over the 

differences-GMM variant. Having done so, the econometric model for this paper is 

specified.  

 

Panel data has a number of clear advantages over its econometric counterparts: it allows 

one to control for heterogeneity across the sample, can control for state- and time-

invariant variables, provides more informative data (i.e. more variability and a lower 
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degree of collinearity), and facilitates studying the dynamics of adjustment (Baltagi 2005; 

Daeton 1995). While there are a number of different kinds of panel data, there are 

important differences between them; the simplest version, pooled OLS, combines all data 

to estimate one large regression. While appealing for its simplicity, it neglects the cross-

section and time-series properties of the data, thus camouflaging the heterogeneity that 

likely exists between the different countries and over the years, risking the error term to 

be correlated to some of the regressors included in the model. Thus, excepting in specific 

applications, pooled OLS risks making the model biased and inconsistent (Gujurati and 

Porter, 2009). This can be addressed using so called fixed effects (FE), which allow for 

heterogeneity among subjects, and permit the inclusion of country and time specific 

effects.10 Thus a fixed effects model is arguably more appropriate for the dataset as 

compared to the pooled OLS, although it still has a number of disadvantages: notably, 

fixed (or random for that matter) effect models can not accommodate lags without losing 

their BLUE properties.11  

 

In line with the literature, this paper argues that it is essential to control for lags in the 

context of innovation and labor markets, particularly when using patent data as a proxy 

for innovation (Lachenmaier and Rottman, 2011) After all, considering the time it takes 

for patents to be granted and actually used in the market, it is certainly conceivable that 

there is a lag between the application of this innovation and its eventual effect on 

employment. While this lag thus appears essential for a theoretically sound econometric 

model, the transformation from a fixed effect panel data model to a dynamic panel (i.e. 

by including lagged dependent variables) introduces a number of problems, best 

illustrated by a short example:  

 

Assuming a simple autoregressive panel model with no regressors (for the sake of 

simplicity) along the lines of Baltagi (2005):  

																																																								
10 There are two approaches also within the literature to estimate FE models, notably including within-
group transformation and the least square dummy variable (LSDV) approach. However seeing as this paper 
does not draw on fixed effects models a more extensive discussion can be found in Gujurati and Porter 
(2009), chapter 16. The same argument can be extended to Random effect panel models.  
11 Best Linear Unbiased Estimator (BLUE), refers so the Gauss-Markov theorem, suggesting that the errors 
have the lowest variance, equal variance and are uncorrelated (Baltagi, 2005) 
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𝑦!" =  𝜑𝑦!,!!! + 𝑢!" 

 

Where uit is a one-way error component, or  

𝑢!" =  𝜇! +  𝑣!" 

 

It is clear that yit is a function of 𝜇!, and that therefore also yi,t-1  is a function of 𝜇!, making 

yi,t-1 correlated with the error term (Baltagi, 2005). This renders the OLS estimator biased 

and inconsistent, no longer exogenous, and thus inappropriate for FE or RE models. This 

issue is quite well known in the literature, and has been termed the “dynamic panel bias", 

or “Nickell bias” (Nickell 1981). A way to solve this is by using instruments (lags) that 

are uncorrelated with the error term, suggested by Arellano-Bond (1991). Essentially, this 

implies that after differencing the data one could use lagged levels of the dependent 

variable as instruments, seeing as these are uncorrelated with the error term, and therefore 

provide valid instruments (Arrelano-Bond 1991). This then is the econometric 

methodology this paper utilizes: a dynamic panel data model, drawing on the GMM 

(generalized methods of moment) estimator adopted by Arrellano-Bond. Interestingly, 

this arguably is the most appropriate model to evaluate employment, considering that 

employment was also the example of Arellano and Bond (1991) when illustrating this 

very point. It should be noted that the Arrellano-Bond dynamic panel estimators in 

general have been designed for panels which have relatively small time periods and many 

individuals, have only one left hand variable, allow for variables that are not strictly 

exogenous, and can accommodate heteroskedasticity and autocorrelation within 

individuals (Roodman, 2006).  

 

Finally, one of the reasons of the recent popularity of the GMM model in econometric 

analyses (as also noticeable in its increasing application in recent papers, as highlighted 

in the literature review, section 1.2.1.) is that it makes fewer assumptions about the 

underlying data-generating process, instead using more complex techniques to isolate 
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useful information.12 Roodman warns for using GMM as a ‘black-box’, arguing that a 

number of distinctions of the GMM are therefore important to understand and account 

for: notably, he emphasizes the importance of distinguishing between difference-GMM 

and System-GMM estimators (Roodman, 2006). GMM-difference is realized by 

transforming the regressors by differencing them, using the GMM method from Hansen 

(1982) to do so. Arrellano-Bover/Blunell-Bond make an additional assumption in that the 

first differences of instruments are uncorrelated with fixed effects, facilitating improved 

efficiency by building a system of two equations – system GMM (Roodman, 2006).13  

He argues that System-GMM is more adequate for this kind of panel analysis (small T, 

relatively large N), a sentiment shared by authors having conducted similar dynamic 

panel studies on the impact of innovation on employment (Bogliacino and Vivarelli 

(2010), Boglaciano and Vivarelli 2012; Piva and Vivarelli 2003, 2005; Lachenmaier and 

Rottman 2011).  Moreover, Blundell and Bond show how the system estimator is more 

efficient than the differences estimator if it covers a relatively short time period (Blundell 

and Bond, 1998), as is the case for this paper, which assesses the time period between 

1995-2009. Thus this paper utilizes a system GMM approach, using robust standard 

errors to adjust for heteroskedasiticy, also adding country dummies to account for 

national systems of innovation, as well as time dummies in line with similar literature on 

the impact of innovation on industrial sectors (Boglaciano and Pianta 2010; Freeman 

1995). 
 

Based on the discussion and in line with some of the papers above (Bogliacino and 

Vivarelli 2010; Boglaciano and Vivarelli 2012; Piva and Vivarelli 2003), the model this 

paper proposes is:  

 

𝐿𝑜𝑔(𝐸!"#) =  𝛼 Log 𝐸!"#!! +  𝛽! +  𝛽!𝐿𝑜𝑔(𝑊!"#)+  𝛽!𝐿𝑜𝑔(𝐶!"#)+  𝛽!𝐿𝑜𝑔(𝑌!"#)+

𝛽!𝐿𝑜𝑔(𝑈!")+  𝛽!𝐿𝑜𝑔(𝑃 !"#)+  𝛾𝑆 + 𝛿𝑇 + 𝜀!" + 𝑢!"#  

 

																																																								
12 As an interesting sidenote, he notes that this likely is due to “the plummeting costs of computation and 
software distribution” (Roodman, 2006) 
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In this model the dependent variable 𝐿𝑜𝑔(𝐸!"#)  stands for the natural log of the 

employment of sector i for country c and year j. W stands for wages (i.e. labor 

compensation), C stands for capital formation, Y for value added, U for union density 

and P for the different patents.  S and T represent country and time fixed effects 

respectively, and ε and u are the two components of the error term.   

 

This model thus includes a lagged dependent variable, and accommodates and adjusts for 

heteroskedasticity across industries by using a GMM model that overcomes difficulties 

associated with the Nickel bias, includes robust standard errors, and allows for up to 10 

lags. This paper includes a number of tests for the validity of the instruments introduced 

by the GMM –Sys model, notably the Sargan-Hansen tests.14 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

																																																								
14 This paper utilized the xtabond2 command in stata to execute these regressions. See Roodman (2006) for 
a more extensive discussion on the merits and flaws of this command.  
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4. Data 
 
‘The science of today is the technology of tomorrow’ - Edward Teller (1991) 

 

There are a number of inherent difficulties related to the measurement of innovation. 

Indeed, there are number of ways in which innovation can be measured: most papers that 

empirically seek to measure the impact of technological progress on middle-income jobs 

using either the skill- or task biased frameworks draw on different measures of 

technology, including ICT capital (Michaels, Natraj and van Reenen, 2014), the use of 

computers on the work floor (Berger and Frey, 2016), PC diffusion (Beaudry, 2010), total 

innovation expenditure (Antonucci and Pianta, 2002), R&D expenditure on the firm or 

industry level (Brouwer et al. 1993), or patents (Yang and Lin, 2008, and Feldmann 

(2013)). Indeed then, technological change is difficult to measure, and there is no agreed 

on preferential proxy for it, more so as every approach has both advantages and 

disadvantages, failing to capture certain dimensions of innovation: input indicators such 

as R&D expenditure fail to account for actual technological achievements, whereas 

output indicators such as patents do not fully capture technology that is not patented (e.g. 

trade secrets, copyrighted, or process innovations). 

 

Indeed then, patents have well known limitations; they generally fail to account for 

technologies that are not patented, do not always distinguish between the varying 

technical and economic significance of the differing patents, and are used in dissimilar 

ways by the different actors that use them – private organizations like car companies and 

the pharmaceutical industry tend to use different patent strategies than public 

organizations such as universities or government research institutes. Yet patents also have 

a number of inherent strengths, and therefore still are a commonly used proxy for 

innovation or technological progress: patents account for inventions that are considered 

commercially viable, the applicants expect the patent to provide significant benefits, and 

importantly, they are a rich source of information over a longer period, also providing 

information on the rate, direction and kind of inventive activity (Archibugi and Pianta, 

1996). Moreover, it is possible to use patent application data rather than granted patent 
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data, thus avoiding two further drawbacks: it improves the timeliness of the data as a 

grant process often consumes three to five years, and it provides a fuller picture of 

inventive performance (Feldmann, 2013). Finally, the data on patents is much more 

detailed than other proxies for innovation, which tend to be more aggregated; for example 

rather than using total R&D, patent data can be dissected into clean categories, thus 

providing valuable information on the source (e.g. industry), potential impact, and quality 

(i.e. high or low-tech) of the specific technological progress measured. This paper seeks 

to capitalize on this detailed information, striving to evaluate whether patents from 

different industries differently impact the labor market structure, as well as assess how 

robotics patents influence employment in a number of industries.  

 

As explanatory variable this paper uses several patent categories from the International 

Patent Classification system (IPC), to evaluate whether distinct kinds of technological 

progress have differing impacts on the labor market. It does so by evaluating the impact 

of changes in the number of patent applications on the employment share of several 

industrial sectors, thus assessing whether technological progress in that sector can be 

linked to labor market changes of that very sector.15 Moreover, this paper assesses the 

impact of robots by developing a new index of robotics patents, discussed in more detail 

below. In line with the literature discussed in section 2, this paper controls for wages, 

value added, capital formation and union density. Overall, this paper covers a time period 

from 1995-2009, assesses 15 different countries from the OECD, and looks into changes 

in the employment share of 8 sectors, using a (strongly balanced) dynamic panel data 

model. While a number of countries have been excluded due to missing data, there still 

are minor gaps in the data. Notably, this paper assumes that patents (applications) from 

sectors are also actually used in those sectors. This is an important assumption, and a 

potential weakness of this paper, thus requiring justification.  

 

There are a number of reasons as to why it is reasonable to assume that patents from 

certain sectors of the International Patent Classification system (IPC) are actually also 
																																																								
15 E.g. one of the sectors that is analyzed is the textiles sector; this paper thus evaluates whether patents that 
have been categorized under the Textile category of the IPC affect the labor share of the textile industry in 
the countries under consideration. 



	 35	

used in those sectors (e.g. the assumption that patents in sector C from the IPC, 

‘Chemistry’, are also used in the Chemical industry): firstly, patents are inherently 

commercial: while companies’ patent strategies differ, a considerable number of actors 

use patents in order to protect intellectual property they consider valuable and 

commercially viable, and thus will also actually be used. Secondly, particularly so for the 

sectors under consideration, most of the patent applicants are private entities rather than 

public research institutions. Companies are more likely to use and implement innovations 

as soon as possible, as they primarily seek practical applications of those very patents; if 

they do not use these it is moreover possible to license these patents to other companies 

in the same or similar sectors. Thirdly, this paper controls for a number of different patent 

categories, maintaining that there sometimes are several patent classifications that can 

justifiably be related to their respective sectors of employment. It is after all conceivable 

that innovations made by actors in particular industries can vary, and be patented in a 

number of categories. Therefore this paper also controls for a number of different, albeit 

similar, patent categories when testing for the impact of technological progress on 

employment. Finally, the author acknowledges that the link between patent applications 

and the actual usage of those patents is a potential weakness of the findings of this paper; 

this paper thus compares and contrasting the results of this paper with the literature 

review in the discussion section. 

 

Also, whereas it is possible to use alternative measures for innovation, these have 

different flaws that make them less suitable for assessing the specific technological 

progress of particular fields on labor markets. Indeed, one of the aspects this paper seeks 

to assess is whether technological progress in certain sectors has a different impact on the 

employment share of that very sector (e.g. chemical patents on the chemical sector) 

compared to patents in different sectors (e.g. textiles patent on the textiles sector). It is 

conceivable that technological progress in certain sectors may be net labor reducing, 

whereas technological progress may have positive effects in other sectors due to the 

differing interactions of the destructive and capitalization mechanisms. Further research 

into this topic can facilitate improved understanding as to what sectors of the labor 

market are influenced most by different kinds of technological progress. It is for this 



	 36	

reason, as well as for the possibility of constructing a robot-index, that this paper utilizes 

patent data as a proxy for technological progress/innovation on employment.  

 

 

4.1.  Sources. 
 

Two main sources of data have been used for this paper: the STAN database for 

Structural Analysis (ISIC Rev.4), and patent data from the OECD Patent database, 

specifically those covered under the global Patent Cooperation Treaty (PCT). Utilizing 

the STAN database has several advantages; it includes annual measures of output, labor 

input and a number of other variables on a industry level (as classified by the most recent 

International Standard Industrial Classification of all economic activities, Revision 4 - 

ISIC Rev.4), allowing for cross-country comparisons. Notably, the STAN is primarily 

based on OECD member countries’ annual national accounts, and thus incorporates a 

number of other sources, including data from national banks, national censuses or 

industrial surveys conducted on the national level. Data on output is in national 

currencies for current price data, which however are deflated using 2005 as the reference 

year. The 15 countries which are included are: Austria, Belgium, the Czech Republic, 

Denmark, Finland, France, Germany, Hungary, Italy, Korea, the Netherlands, Norway, 

Slovenia, Sweden and the United States. While the STAN officially is updated regularly 

and claims to have data available up to 2011, the dataset lacks sufficiently available data 

after 2009, similar to the period before 1995.  

 

The patent data can be traced to the OECD’s directorate for Science, Technology and 

Industry, which provides the patent data used in this paper. It mainly draws on patents 

filed under the Patent Cooperation Treaty, which are designated by the European Patent 

Office. This is done as the PCT covers considerably more countries than the EPO or the 

United States Patenting Organization, being linked to over 100 countries’ patenting 

offices (Dernis and Guellec, 2001) The paper draws on data from the applicants’ country 

of residence, and the units are in numbers. 
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4.1.1. Employment Share: 

 
As dependent variable, this paper draws on employment, measured as the total number of 

people engaged per sector, divided by the total civilian workforce in the country in that 

specific year, thus providing the share of the labor population working in that particular 

sector. While the data from the STAN database provides the total number of people 

employed per sector, it is important to normalize this for the number of people in the 

labor force, thus accounting for differences in labor force across countries, as well as 

changes in the total labor force over time. In order to do so this paper draws on total 

civilian labor force data, calculating the sectors’ share of employment per country.  

 

4.1.2. Control variables: 
 

Wages: Labor cost compensation of employees per sector. Includes salaries, but also 

other forms of compensation such as employer contributions to social security, private 

pensions, insurances and so forth. In constant prices, national currencies, deflated for 

base year 2005.  

 

Capital Formation: gross fixed capital formation per sector, deflators. In national 

currencies, deflated for base year 2005. This is an important control variable, as it 

aggregates a number of factors that generally are accepted to impact employment levels, 

such as machinery and equipment systems, changes in other capital stock, but also, and 

notably ICT equipment as well as Intellectual Property Products. Thus this variable 

controls for the actual usage of both hardware (i.e. computers and telecommunications) 

and the licensing of IP.  

 

Value Added: value added per sector, deflators. In national currency, deflated for base 

year 2005. Used to account for changes in the factors of production, in line with 

Boglaciano and Vivarelli (2010).  
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Union Density. Trade union density per country, measured as the % of people who are a 

union member per country per year. Aggregated on the country level. This paper argues 

that it is important to control for this, as changes of the occupational structure can also be 

influenced by a number of other factors, such as countries’ institutional frameworks and 

labor protection. Alesina et. al. have shown that different labor market policies influence 

the adaptation of labor-saving technologies, thus making it important to control for these 

differences (Alesina, Battisti, Zeira, 2015; Bennett, 2016). To do so this paper uses 

OECD data on trade union density, which ‘corresponds to the ratio of wage and salary 

earners that are trade union members divided by the total number of wage and salary 

earners’ (OECD Labour Force Statistics, 2017).  

 

To reiterate, the variables described above will be assessed on a sectorial basis to 

evaluate the impact of specific kinds of technological progress on the different sectors of 

the economy. This paper assesses the following specific sectors for all countries of the 

sample, in brackets the ISIC Rev.4 code: 

 

1) Total Manufacturing (D10T33) 

2) Manufacturing of textiles, wearing apparel, leather and related (D13T15) 

3) Manufacturing of chemical, rubber, plastics, fuel products and other (D19T23) 

4) Manufacturing of machinery and equipment (D26T28) 

5) Manufacturing of transport equipment (D29T30) 

6) Electricity, gas and water supply, sewerage, waste management and remediation 

activities (D35T39) 

7) Information and Communication (D58T63) 

8) Total Services (D4ST99) 

 

These sectors have been selected for a number of reasons, but mainly because they are 

relatively well specified, and are therefore more justifiably linkable to the specific patent 

classes. Moreover, a number of the sectors (e.g. manufacturing of machinery and 

equipment, or the manufacturing of transport equipment) are arguably more likely to be 

impacted by industrial robots, and therefore particularly interesting to consider. It should 
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be noted that all variables in this paper are logged in line with economic and econometric 

literature.   

 

4.1.3. Patent data: 
 

As stated before, this paper draws on patent application data from the International Patent 

Classification system (IPC), organized by the country of the applicant. Overall six 

different independent variables are used (i.e. 5 IPC classification categories and the robot 

patent index) to evaluate the impact of different kinds of technological progress on their 

respective industrial sectors.   

 

Chemical and Metallurgy patents, classified by category ‘C’ from the IPC 

Textiles and Paper patents, as classified by category ‘D’ from the IPC,  

, as classified by category ‘H’ from the IPC, 

ICT patents. This is no overarching IPC classification, but a combination of a number of 

patents from the 8th edition of the IPC. This patent category combines patents from 

telecommunications, consumer electronics, computer science, office machinery and other 

ICT subcategories. 16 

Nanotechnology patents. Composed by the nanotechnology working-group from the 

European Patent Office (EPO), this category identifies and combines patents that can be 

classified as relevant for the field of nanotechnology. While arguably this patent 

classification is more difficult to operationalize as an explanatory variable for either of 

the ISIC Rev.4. industry sectors, nanotechnology patents have major potential to impact 

technological development, particularly considering its recent phase of development 

(Drexler and Pamlin, 2013).   

Robotics Patents: an index composed by the author. Includes a number of patent 

categories that an expert panel has designated as important for the development of 

robotics. Explained in more detail below. 
																																																								
16 To illustrate, the patents from the telecommunications subcategory of the IPC that have been included in 
the ICT patent variable come from the categories G01S,G08C,G09C,H01P,H01Q, H01S3, 
H01S5,H03B,H03C,H03D,H03H,H03M,H04B,H04J,H04K,H04L,H04M,H04Q, A similar list of patent 
sub-classifications has been included for consumer electronics, computer science, office machinery and so 
forth (IPC, 8th edition) 
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4.2. Robotics patent index 
 
Whereas previous patent categories have been composed by the IPC, or affiliated patent 

offices such as the EPO, to the author’s knowledge there is no officially sanctioned patent 

category on robots or robotics. Yet, as discussed in the literature review above, while 

there has been increasing interest in the impact of robots and the development of new 

technologies such as machine learning, there is relatively little research on this topic. 

Moreover, the few papers that do investigate this impact of robots and robotics on 

employment use data on the density of robotics from the International Federation of 

Robotics (IFR), which is only commercially available, and which has a stake in the 

current debate. This paper does not draw on data from the IFR, instead composing a new 

index on robotics, thus evaluating how technological developments in this field impact 

the employment shares of the sectors described above.  

 

It is not straightforward to compile an index of robotics patents, as robots are complex 

products and exist in a number of forms; indeed, recalling the definition of an industrial 

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” it is conceivable that patents that are useful for 

the advancement of robots and robotics can be sorted under a number of categories (IFR, 

2017).  

 

The British Intellectual Property Office assessed what patent classifications can be 

related to robotics, evaluating the source, location and quality of robotics patents, 

discussing the potential of robotics to transform British society in the short-medium term 

(United Kingdom’s Intellectual Property Office, 2014). While doing so this report 

provides detailed analysis of the patent landscape of robotics and other autonomous 

systems, drawing on patent application data from the PCT to do so. Notably, their 

collection of robotics patent classifications has been constructed following consultation 

with a number of experts on robotics and autonomous systems from the Intellectual 
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Property Office (Idem, 2014). They provide ten PCT categories which they argue can be 

categorized as robotics patents, largely comprising of classifications that relate to 

navigation, vehicle-control as well as including a number of other aspects of autonomous 

systems and machines (Idem, 2014). These for example include PCT classification G05D 

1/02 (“Control of position, course or altitude of land, water, air, or space vehicles, as well 

as “Control of position or course in two dimensions”), G08G 1/16 (“Traffic control 

systems for road vehicles (arrangement of road signs or traffic signals: Anti-collision 

systems - road vehicle drive control systems for predicting or avoiding probable or 

impending collision otherwise than by control of a particular sub-unit”), B25J 9/16, 

(“Programme-controlled manipulators”), and a number of others. See the appendix for a 

full table of all the included patent categories that comprise the robotics index. This paper 

utilizes these IPC robotics classifications by aggregating them, considering them a 6th 

explanatory variable as a proxy for advances in robotics technology.  
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5. Results 

 
Having described the methodology, this section displays the results. Before assessing the 

regressions from the model, this paper first displays and discusses a number of 

descriptive tables: 

 
Table 1: Sectors’ share of employment for 1995-2009 

Employment: Obs Min. Max Mean Median St.Dev. 

Manufacturing 209 0.09 0.3 0.18 0.17 0.05 

Manuf. Textiles 209 0 0.06 0.01 0.01 0.01 

Manuf. Chemical 209 0.01 0.05 0.03 0.03 0.01 

Manuf. Machinery 209 0.02 0.06 0.04 0.04 0.01 

Manuf. Transport 209 0 0.04 0.01 0.01 0.01 

Electricity 206 0.01 0.03 0.01 0.01 0.01 

ICT 206 0.02 0.04 0.03 0.03 0.01 

Services 206 0.49 0.88 0.72 0.75 0.09 

 Note: shows descriptive statistics on the % of the labor population employed per sector. 

 

Table 1 displays the sectors’ share of employment across all countries and over the entire 

time-period considered (1995-2009). It indicates that the difference between the mean 

and median of most sectors is relatively small, implying that the variance of the sectors is 

relatively similar in all countries; there are some outliers, as can be seen from the 

minimum and maximum columns for especially the (total) manufacturing and service 

sectors. Although not evident from this table, it is moreover interesting to note that the 

country with the lowest share of its working population in manufacturing (and also the 

highest share in services) is the United States, closely followed by the Netherlands; vice 

versa, the countries with the highest shares in manufacturing are Slovenia and the Czech 

republic (who also have the lowest share in services).  
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Table 2 displays descriptive statistics of the patent data used in this paper. Compared to 

table 1 there is considerably more variation, which can be attributed to the vastly 

different compositions of the respective economies. Considering the different sizes of the 

countries included in the sample, this is only to be expected: the US is the largest 

producer of all patents, followed relatively closely by Germany. The smaller countries on 

the other hand, Slovenia, the Czech republic, Hungary and to a lesser extent Belgium 

produce considerably fewer patents, for some years only producing between 10-100 

(total) patents, compared to the tens of thousands by the US or Germany. Additionally it 

is interesting to note the major variation between the different patent classifications - e.g. 

ICT patents are considerably more numerous than textile patents or nanotechnology 

patents, illustrating the different output of patents in the various categories.  

 

 
Table 2: Patent count per PCT classification for 1995-2009 

 

Obs Min. Max Mean Median St.Dev. 

Total patents 225 19 52854 4667 1074 9826 

ICT patents 225 2 21979 1723 236 3981 

Nanotech patents 225 0 939 55 7 155 

Chemistry patents 225 1.8 7439 741 162 1609 

Textile patents 224 0 477 66 23 105 

Electricity patents 225 0.8 10333 899 135 1844 

Robot patents 225 0 489 51 6 95 

 Note: shows the unadjusted number of patents across the different sectors 

 

 

While table 2 thus indicates that there is considerable variety between the different patent 

classifications and classes, table 2 only shows the statistics for all the countries 

combined, covering the heterogeneity between the different countries. One of the factors 

that contributes to the large variance displayed in table 2 are the vast differences in size 

between the countries, influencing the absolute number of patents produced. It is however 

also interesting to consider the relative production of patents, controlling for the 
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population, thus illustrating the differing emphasis on innovation and technological 

progress between these countries.  

 

Table 3 does this, displaying the number of patents for every 1000 employees per sector, 

controlling for countries’ economies, and the number of people working in each sector.   

Assessing the results, a number of countries are particularly noticeable: Sweden, the 

Netherlands and Finland do well in most categories, with Sweden and Finland standing 

out for the production of electricity and ICT patents, also scoring quite high in the textile 

sector. Whereas the Netherlands has a relatively high number of chemistry patents, 

Sweden is also notable for its relatively high number of robotics patents. Moreover, the 

US has a relatively high number of total patents relative to the share of employees in 

manufacturing, although this may partially be explained by its relatively low number of 

people working in their manufacturing sector, as noted in table 1 above. Furthermore, on 

the lower side of the spectrum, the Czech republic, Hungary, and interestingly Italy 

produce relatively few patents per employee.  

 

Table 3 then well reflects the different patent composition of the countries included in the 

sample, confirming the importance of including country-fixed effects in the econometric 

model to control for the rather significant differences between countries. Moreover, it 

confirms the importance of controlling for the size of the population, facilitating a more 

appropriate cross – country comparison. Finally, it is noticeable that there is missing data 

for the United States for a number of sectors. The reason for this is unclear. 
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Table 3: Patents by ISIC sector for 1995-2009 

 

Variables 

 

Textile Patents/ 

Textiles employees 

Chem pat / Chem 

employees 

Elec pat /Elec 

employees 

ICT pat/ICT 

employees 

Robot pat/Manuf. 

Machinery employ 

Robotpat/Manuf. 

Transport employ. 

Total Pat/Total 

Manufacturing 

Countries Mean  St. Dev Mean  St. Dev Mean  St. Dev Mean  St. Dev Mean  St. Dev Mean  St. Dev Mean  St. Dev 

Austria 0.437 0.185 1.031 0.351 1.555 0.888 1.304 0.515 0.038 0.024 0.131 0.077 1.047 0.418 

Belgium 0.605 0.452 1.546 0.697 1.057 0.422 1.350 0.424 0.027 0.024 0.034 0.030 1.106 0.522 

Czech Republic 0.046 0.043 0.087 0.062 0.054 0.042 0.112 0.054 0.004 0.004 0.007 0.007 0.065 0.034 

Denmark 0.903 0.230 2.639 0.627 3.354 1.345 1.869 0.519 0.047 0.022 0.370 0.216 2.328 0.836 

Finland 5.272 1.790 2.222 0.621 26.678 10.393 9.901 3.211 0.043 0.018 0.232 0.107 3.520 1.146 

France 0.228 0.082 1.175 0.385 3.298 1.804 2.074 0.939 0.133 0.104 0.205 0.152 1.340 0.595 

Germany 1.064 0.578 1.789 0.553 4.052 1.566 2.772 0.785 0.139 0.062 0.264 0.115 1.703 0.616 

Hungary 0.006 0.009 0.189 0.080 0.090 0.050 0.227 0.096 0.006 0.006 0.017 0.018 0.134 0.039 

Italy 0.061 0.033 0.339 0.145 0.586 0.284 0.485 0.205 0.019 0.010 0.058 0.033 0.362 0.171 

Netherlands 1.326 0.711 3.624 1.255 13.394 5.108 6.466 2.525 0.120 0.063 0.404 0.217 3.614 1.525 

Norway 0.313 0.197 1.730 0.444 1.419 0.664 1.321 0.373 0.106 0.056 0.125 0.066 1.841 0.429 

Sweden 3.217 1.171 2.351 0.608 20.050 6.780 7.890 2.345 0.475 0.260 0.875 0.430 4.037 1.100 

US 0.418 0.150 2.647 0.630 N.A N.A N.A N.A 0.085 0.028 0.150 0.043 2.463 0.976 

Note: number of patents per 1000 employees.  
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Table 4: Results regression of patents and percentage change of employment shares of selected sectors 

 Dependent variable: employment share 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Total Manufacturing Machinery 

Manufacturing 
Textile 
Manufacturing 

Transport. 
Manufacturing. 

L1 0.735*** 0.635*** 0.7**** 0.56*** 0.62*** 0.83*** 0.62*** 0.463*** 
         
Textilepat     0.007 0.006   
Robotpat 0.0036 0.0054** 0.016*** 0.020***  0.025*** 0.0129 0.019*** 
ICTpat  -0.018  0.036**  0.012  -0.017 
Nanopat  0.0089**  0.011*  0.0019  0.022*** 
Elecpat    -0.0479***     
         
Value added 0.083 0.077 -0.007 0.06 0.076 -0.033 -0.078 0.041 
Capital -0.13 -0.182* 0.186 0.039 0.128 0.39*** 0.004 0.433 
Wages -0.001* 0.122*** 0.003 0.227*** 0.165** 0.081* -0.301*** 0.17 
Unions 0.0076 0.003 -0.024 -0.159 0.081 0.022 0.47 -0.07 
         
Country 
effects 

Yes Yes Yes Yes Yes Yes Yes Yes 

Fixed year 
Effects 

Yes Yes Yes Yes Yes Yes Yes Yes 

         
AB-test1 0.019** 0.125 0.042** 0.14 0.023** 0.03** 0.051* 0.01*** 
AB-test2 0.46 0.02 0.217 0.509 0.472 0.165 0.386 0.147 
Sargan 0 0 0 0 0 0 0.054* 0.002*** 
Hansen test 1 1 1 1 1 1 1 1 
Obs.  129 116 129 116 141 114 129 116 
Instruments 84 84 85 85 85 85 85 85 

Note: p-values reflect the robust standard errors. One, two and three stars indicate statistical significance at 

10%, 5% and 1% respectively 

 

Table 4 displays the results of the econometric regressions for several industrial sectors. 

Columns 1-2 and 3-4 display the results for manufacturing and the manufacturing of 

machinery respectively, and columns 5-6 and 7-8 display the results for textiles 

manufacturing and transportation equipment manufacturing. All regressions control for 

wages, capital, value added and unions, are deflated for base year 2005 and are logged as 

discussed in the methodology section. Moreover, country and fixed year effects are 

included for every regression. Table 4 thus shows the results for four sectors, displaying 

each sector in two columns, one from a regression with a single patent category as 
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explanatory variable (e.g. column 1 for total manufacturing), and one controlling for a 

number of patent classifications   (e.g. column 2 for total manufacturing).  

  

Overall, a number of aspects stand out: firstly, the lagged dependent variable is 

consistently statistically significant, with relatively high coefficients. This is similarly the 

case for table 5 below, and robust to changes, indicating that it is indeed important to 

control for a lagged dependent variable. Secondly, assessing the control variables, it is 

noticeable that value added and unions are never statistically significant, that capital is 

only statistically significant for two out of eight regressions (at the 10% and the 1%), and 

that wages are consistently statistically significant, excepting columns three and eight.  

 

Thirdly, evaluating the impact of patents on employment shares, it is noticeable that a 

number of patent categories are statistically significant, albeit at diverging p-values. The 

index for robot patents is rather interesting, and statistically significant for a number of 

different sectors: this is the case for total manufacturing, the textile-manufacturing sector 

and the production of transport-equipment sectors, albeit only when controlling for a 

number of patent categories. Robot patents are statistically significant for the machinery-

manufacturing sector both when controlling for other patent categories (column 4) and 

not doing so (column 3). Furthermore, assessing the coefficients, table 4 indicates that a 

1% increase of robotics patents is associated with a .02% increase in the employment 

share of machinery manufacturing. Similarly, a 1% increase in ICT patents is associated 

with a .036% increase in the employment share of machinery manufacturing. 

Interestingly, wages have an economically stronger association with machinery 

manufacturing, reflected by its relatively high coefficient of .227% for machinery 

manufacturing, and .122% for total manufacturing. Finally, the coefficients of .025 and 

.019 for the textiles and the transport sectors respectively indicate that a 1% increase in 

robotics patents is associated with a .025% increase in employment share in the textiles 

industry, and .019% for the transport manufacturing industries. While these numbers at 

first sight appear to be of little economic significance, this arguably depends on context 

and interpretation: this is done in more depth in the discussion below. 
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Table 4 also displays the results of a number of tests: the first Arellano-Bond test (AB-

test 1) is applied to the residuals in first differences, which however is problematic (due 

to the nature of the dynamic model), and therefore uninformative (see Roodman, 2006). 

The second Arellano-Bond test checks for second-order correlation in differences, thus 

evaluating whether there is autocorrelation; the lack of rejection of the null as the case in 

tables 4 above is indicative of no autocorrelation in the residuals. The Sargan and Hansen 

test for the joint validity of the GMM instruments is also displayed: the null hypothesis of 

both tests is valid results, with the tests clearly contrasting one another. This is the case in 

nearly all the columns, suggesting that there are issues with these regressions that require 

further discussion. The implications of this are examined in more detail in the discussion 

below.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



	 49	

Table 5: Results regression of patents and percentage change of employment shares of selected sectors: 

 Dependent variable: employment share 
 (1) (2) (3) (4) (5) (6) (7) (8) 
Industrial 
Sector  

Chemical Sector. Electrical Sector. ICT. Sector Total Services 

L1 0.59*** 0.516*** 0.585*** 0.397*** 0.75 0.62*** 0.712*** 0.722*** 
 

 
 

 
     

Electricpat 
 

 -0.0039 0.008  0.052***  -0.006 
Chempat 0.016** 0.009 

 
     

Robotpat 
 

-0.003 
 

0.010**  0.0028  0.0094 
ICTpat 

 
-0.0053 

 
-0.023 0.027 -0.036** -0.0039 0.0042 

Nanopat 
 

0.0065 
 

0.006*  0.0049  0.0038 

  
 

 
     

Value added 0.072 0.078 -0.048 -0.77 0.13 -0.06 0.091 -0.0224 
Capital -0.01*** -0.511*** 0.125 -0.059 0.019 -0.074 0.014 0.06 
Wages -0.316** 0.26*** -0.01 0.2*** -0.0002 0.271*** -0.15** -0.131* 
Unions -0.019 -0.04 0.043 0.032 -0.052 0.155*** 0.014 0.043 
 

 
 

 
   

 
 

Country 
effects Yes Yes Yes Yes Yes Yes Yes Yes 

Fixed Year 
Effects Yes Yes Yes Yes Yes Yes Yes Yes 

         
AB-test1 0.024** 0.008*** 0.018** 0.09* 0.087 0.024 0.007 0.016 
AB-test2 0.485 0.236 0.112 0.296 0.803 0.266 0.948 0.839 
Sargan 0 0.009*** 0 0 0 0 0.006 0.001 
Hansen test 1 1 1 1 1 1 1 1 
Obs.  155 116 152 113 152 113 140 112 
Instruments 85 85  85 85 85 85 85 85 

Note: p-values reflect the robust standard errors. One, two and three stars indicate statistical significance at 

10%, 5% and 1% respectively 

 

Table 5 is similar to table 4 in that it shows the results of the regressions for patents on 

the employment share of the population as dependent variables; it however displays the 

results for different industrial sectors, including the chemical sector, the electrical sector, 

the ICT sector and the total services sector. A number of aspects stand out: while 

chemical patents have a statistically significant association with increases in the 

employment share of the chemical sector, this effect disappears when controlling for 

several other classes of patents. Noticeably, wages and capital both have a statistically 

significant and robust impact on employment in the chemical sector: increases in wages 
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are associated with an increase in the number of people working there, whereas increases 

in capital are strongly negatively associated with the employment sector: only controlling 

for chemical patents, a 1% increase in wages is associated with a .32% increase in the 

share of employment working in the chemical sector. Moreover, controlling for several 

patents, increases in capital formation are negatively associated with the employment 

share in the chemical industry, indicating that a 1% increase in capital is associated with a 

-.51% decrease in employment share.  For the electrical sector it is noticeable that 

electrical patents do not significantly alter the employment share of the corresponding 

ISIC sector: this may be due to the relatively highly aggregated nature of this sector (i.e. 

also includes gas and water supply, sewerage, waste management and remediation 

activities), but will be discussed in more detail in the discussion. Interestingly, once again 

the robotic patent index is statistically significant, appearing positively associated with 

increases in employment.  

 

Furthermore, assessing the results of regressions for ICT as dependent variable in 

columns 5-6 a number of factors stand out: ICT and electric patents are statistically 

significant for ICT production. The coefficient of this correlation is particularly 

interesting, indicating that – when controlling for several patent classifications - a 1% 

increase of ICT patents is actually associated with a .036% decrease in the number of 

people working in the ICT sector. Curiously, electric patents are positively associated 

with the ICT sector. This result is rather surprising, although this potentially can be 

accounted for by evaluating the parameters of the ICT sector used in this paper: category 

D58T63 from the ISIC Rev.4 (i.e. the dependent variable in column 5-6) does not solely 

refer to ICT production (i.e. production of telecommunications), but also includes the 

number of people who work in ICT related services, such as call-centers, publishing 

activities, audiovisual activities and so forth (ISIC Rev.4); ICT technologies may actually 

have a labor-replacing impact here.  Arguably, electric patents could be considered 

related to the actual production of ICT products, often involving highly technical 

electrical products.  

 

Finally, the results from table 5 also suggest that there is no statistically significant 
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relationship between the services sector and any of the patent categories. While wages are 

(negatively) associated with the service sector, it is unsurprising how none of the patent 

categories is related to changes in the employment share of the service sector. It could be 

argued that this is due to the aggregated nature of the service sector (comprising between 

48%-88% of the total workforce as indicated by table 1), although an in-depth assessment 

of this argument is beyond the scope of this paper. The results of the AB tests in table 5, 

as well as the results of the Hansen/Sargan tests are similar to table 4, and are discussed 

in more detail in the discussion.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



	 52	

6. Discussion 
 

Thus having displayed the results, it is important to assess the implications in more detail, 

considering their economic and statistical significance. This section first highlights the 

most important findings from the results section, recalling the research questions while 

comparing and contrasting them with the literature review. It then discusses the 

limitations of this thesis, finally deriving a number of recommendations. Overall, this 

dissertation argues that the results are indicative of a positive, but mild, association 

between robotics patents and employment, but are insufficiently robust to support 

conclusions on other patent classifications. Moreover, while the results from some of the 

regressions should be viewed critically as indicated by the results from the Hansen and 

Sargan tests, another contribution of this dissertation is its novel attempt to conceptualize 

the impact of robots through the operationalization of a robotics patent index. 

 

Research question 1: ‘Distinguishing between different measures of technological 

change, how has technological progress impacted the occupational structure of 

industrialized countries between 1995-2009?’ 

 

Recalling the first research question of this paper, a number of factors are important to 

highlight. Assessing the control variables it is noticeable how union density and value 

added are not statistically significant in any of the regressions. Capital is statistically 

significant at some of the regressions (total manufacturing at the 10% level, textiles and 

chemicals at 1%), with considerable differences in the coefficients. Labor compensation 

(wages) however is the most robust control variable, being statistically significant for a 

considerable number of regressions, although having rather divergent coefficients, 

suggesting that changes in labor compensation differently impact the different industries. 

These findings are unsurprising, considering the differences between sectors with regard 

to the skill level of employees and subsequent demand for high- or low-skilled labor.  

 

There furthermore are a number of remarkable findings regarding the relationship 

between patents and employment: firstly, changes in the number of textile patents do not 
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have a statistically significant effect on the employment share of the textile sector, similar 

to the lack of a statistically significant effect of changes in electricity patents on the share 

of the electricity sector. Chemistry patents can only be linked when controlling for a 

number of other variables, and ICT, while statistically significant, is negatively 

associated with the employment share of ICT relative to other sectors in the economies, 

as displayed in tables 4 and 5. A number of factors could explain these results – e.g. both 

the ISIC Rev.4 electrical and textile sectors are broad, and include also the number of 

people employed in the ‘gas and water supply, sewerage, waste management and 

remediation activities’ in the former, and ‘wearing apparel, leather and related sectors’ in 

the latter. Moreover, the ICT sector does not merely refer to the people employed in the 

production of ICT, but also ICT related services, including telecommunications support 

and related services; the negative impact of ICT in these sectors is not surprising, with 

routine tasks being replaced by cheaper and more advanced technologies. This is also 

reflected in the literature, where the impact of ICT on employment and productivity is a 

contended topic, but generally considered to positively impact productivity and wages, 

although substituting for workers performing routine tasks - thus replacing laborers 

(Akerman et al. 2015; Berger and Frey, 2016). While these findings are in line with the 

literature, this paper argues that the results from most patent categories are insufficiently 

robust to support strong conclusions; thus the results neither allow for the acceptance of 

the hypothesis, nor for the rejection of the null hypothesis of the first research question.  

 

Research question 2: “How do robotics patents influence the employment shares of 

industrial sectors in the selected number of industrialized countries? 

 

Recalling the second research question, a number of factors stand out: notably, contrary 

to the other patent classifications in this paper, changes in robotics patents are associated 

with changes in the employment share of various sectors (statistically significantly at the 

1% or 5% levels). Indeed, robotics patents are positively associated with increases in 

employment in the total manufacturing sector, the manufacturing of machinery, the 

manufacturing of transport equipment, the textile industry and the electrical sector. 

Moreover, the coefficients are relatively robust (opposed to the coefficients of wages), 
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hovering around .02%, indicating that a 1% increase in robotics patents is indicative of a 

.02% of employment share of the respective sector assessed. Whether this is also 

economically significant is debatable: a .02% increase in the number of people 

employment sector appears small, but is arguably deceptive: as can be noted in table 2, 

robotics patents are few compared to patent categories such as ICT: the mean (median) of 

robotic patents per country is only 51 (6) per year, compared to 1723 (236) for ICT 

patents, and 899 (135) for electricity patents. This suggests that with relatively little 

additional absolute investment in robotics research, robotics patents can increase 

relatively easily, likely spurring positive impacts on the labor market. Moreover, 

considering the size of the labor force of countries like Germany and the US (which are 

in the top 5 of robotics producers), increases of .02% in the share of labor force are 

equivalent to thousands of employees, considerable enough to constitute interest. When 

comparing the results of this paper with other empirical evidence, it warrants to recall 

that there currently is no clear consensus on the impact of innovation on employment: 

whereas there is evidence indicating that technological progress, or innovation, positively 

impacts productivity, section 1 of this paper has indicated that for employment the 

literature is ambiguous. Taking sectors as the unit of analysis, this ambiguity is illustrated 

by on the one hand authors such as Pianta (2000) as well as Antonucci and Pianta (2002), 

who argue that innovation has a negative impact on employment. On the other hand 

Boglaciano and Vivarelli (2010) argue that innovation positively impacts employment, a 

sentiment echoed by Gregory, Salamons and Zierahn (2016) when considering the larger 

economy, also accounting for compensation mechanisms. Moreover, actually measuring 

the relationship between changes in robot density and jobs, Graetz and Michaels (2015) 

found no statistically significant impact of robots on employment, illustrating the 

complexity of this relationship. 

 

6.1 Limitations: 

 
Before evaluating the implications of these findings, it warrants considering the 

limitations of this paper.  
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Firstly, this paper assumes that patents from IPC categories are also used in the sectors 

from the ISIC Rev.4. While this is not unlikely, it is possible that some of the patents are 

not used in the sectors this paper links them with, thus potentially spuriously linking 

patents and changes in the employment rate. Moreover, this paper assumes all patents to 

be of equal importance; this arguably is a limitation, as it is unlikely that every patent has 

a similar impact on productivity or the labor market. While it is possible to account for 

this by controlling for the number of patent citations, these numbers were not available 

for the dataset used in this dissertation. 

 

Secondly, the results from the test-statistics indicate that the results should be interpreted 

with caution: while the Arellano-Bond tests imply that there is no autocorrelation, the 

null hypothesis of the Sargan test is consistently rejected, contrasting the results from the 

Hansen test. Both test for the validity of the instruments of the GMM estimator, the null 

hypothesis being valid instruments: the results from the Sargan test suggest that the 

instruments are invalid, and therefore that the results should be interpreted with care. 

While it should be noted that both tests have a number of weaknesses, it is disconcerting 

that the Sargan test is consistently rejected as opposed to the Hansen test, potentially 

indicating endogeneity of the variables (Roodman, 2006). This partially can be attributed 

to the characteristics of this dataset, including a small T and also a relatively small N, 

causing a lack of robust results for the former (Sargan test), and robust but strongly 

weakened results for the latter (Hansen) due to the high number of instruments 

(Roodman, 2006). Henceforth it appears that the results should be interpreted with care, 

although not discarded outright: whereas also Boglaciano and Vivarelli (2010) experience 

difficulties with the Sargan and Hansen tests, the relatively small panel used in this paper 

may explain the consistent rejection of the Sargan test; thus the results from this paper 

require careful interpretation.  

 

Finally, it could be argued – as maintained by McAfee and Brynjolfsson in ‘The Second 

Machine Age’, or Frey and Osborne in ‘The Future of Employment’ – that the currently 

available data insufficiently accounts for future technological advances, and that an 

empirical study of the recent past henceforth cannot be generalized to the future. There is 
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truth in this, although it should also be noted that their predictions are far from widely 

accepted, with counterarguments having been proposed by Artz, Gregory and Zierahn 

(2016) to Frey and Osborne, and opposing predictions by experts from leading 

consultants after surveying business owners (McKinsey 2017; Deloitte 2015; PwC 2015), 

again indicating that the future impact of technological progress on employment is 

complex, dependent on a number of factors, and difficult to predict. While we could 

indeed see a break with the past similar to the first industrial revolution, it is also possible 

we will move from Perez’ ‘installation’ period to a ‘development’ period, and that new 

jobs will be created which we cannot currently foresee. Indeed, by one estimate up to 

65% of children entering grade school in 2011 will work in careers that haven’t been 

invented yet, indicating that also predictions for the future are widely divergent 

(Davidson, 2011). Furthermore, while the methodology and thus also the results of this 

paper do not lend themselves to predictions about changes in the quality of jobs, the 

literature review suggests there are considerable risks of automation and innovation 

further driving wage and job-polarization, perpetuating the already existing trend of 

increasing inequality. This is the case for not only the impact of technological progress 

on the substitution of jobs (mainly being middle-class jobs), but also for the creation of 

jobs, which are more likely to require non-routine, high-skilled labor due the nature of the 

current technological innovation cluster, in line with the task biased framework (Frey and 

Berger, 2016; Autor and Handel 2013; Acemoglu and Autor 2011).  

 

 

6.2 Recommendations for future research:  
 

Overall then, the results from this thesis are no final answer to the debate surrounding 

technological progress and employment. Yet it suggests that also the current 

technological cluster of computational advances and robotics – while likely having major 

societal impacts in the medium to long term, including a transformation of the 

employment sectors – does not yet merit widespread technological anxiety. In fact, for 

the time period considered, robotics patents seem to be mildly positively related to 

employment, thus allowing for the rejection of the null hypothesis of the second research 
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question. It should be noted that while we perhaps do not have to worry about 

technological unemployment in the near future, it is important to continue assessing the 

drivers of the current trends of wage and job-polarization – including technological 

progress – thus facilitating adequate responses that ensure that overall society benefits, 

rather than a select group of high-skilled employees and entrepreneurs. Moreover, the 

impact of technological progress on employment necessitates future research with more 

recent data, as well as warrants continued interest from policy-makers. This dissertation 

attempted to evaluate the relationship using the most recent data that allowed for a 

specific assessment of robotics patents, which unfortunately stretched only till 2009. 

Access to more recent, sufficiently detailed data, or research that can draw on IFR data 

would be a promising avenue for future research: seeing as to the author’s knowledge 

there was no similarly detailed data available for more recent years, and considering his 

lack of financial resources to purchase IFR data, the operationalization of a robotics index 

has proven to be an imperfect, yet not unsuccessful venture to test this relationship.  
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7. Conclusion 

 
“ Work keeps at bay three great evils: boredom, vice and need.” - Voltaire (1759) 

 

This dissertation has sought to understand whether current technological anxiety is 

justified, specifically investigating whether ‘robots will take our jobs’. Using a 15-

country, 8-sector and 15-year dataset and utilizing GMM-system estimators, it evaluated 

the impact of innovation and robots on employment. This paper argues that the 

relationship between technological progress and employment is a highly relevant topic, 

essential to understanding the declining size of the middle classes and the future outlook 

of our societies, with this thesis seeking to fill some of the gaps in the literature. It has 

sought to do so by approaching the impact of technological progress on employment 

utilizing patent data – a relatively tested methodology – but also by operationalizing a 

new index to account for innovation in the field of robotics, one of the technological 

sectors predicted to greatly impact employment in the future. The results of this paper are 

indicative of advances in robotics mildly stimulating employment; whereas the 

coefficients are relatively small, suggesting low levels of economic significance, the 

results are robust. This indicates that between 1995-2009, robotics have not necessarily 

been labor-substituting, but may actually have complemented and stimulated 

employment, in line with a number of other papers and reports on the relationship 

between innovation and employment. While the results of this paper do not allow for 

conclusions on the impact of innovation on the quality of jobs, the literature review 

suggests that it is not unlikely that future technological progress in the fields related to 

the current innovation cluster – robotics, machine learning and artificial intelligence – 

will further exacerbate trends of wage and job-polarization. This is important, and 

necessitates discussion on the redistributive role of the government in this perspective, 

and related topics such as a negative income tax or a basic income.  

 

Overall, this paper concludes that the technological progress associated with 

developments in the current innovation cluster should be assessed carefully by academics 

and the private sector, discussed by policy-makers and the public alike, but not dreaded 
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or opposed. After all, whereas there will be major employment market changes in the 

coming decades due to innovations and technological progress, this is not new, and likely 

can be accommodated by a combination of adequate policy response and gradual changes 

in society. Unsurprisingly then, this thesis recommends further research on this complex 

relationship, particularly so for technologies that have been designated as so potentially 

disruptive to the labor market; whereas this paper sought to do so for robotics, this 

similarly applies for advances in machine learning, artificial intelligence and related 

technological fields.  
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8. Appendix: 
 
 

G05D 1/02  Control of position, course or altitude of land, water, air, or space vehicles, e.g. 
automatic pilot: Control of position or course in two dimensions  

G08G 1/16  Traffic control systems for road vehicles (arrangement of road signs or traffic 
signals: Anti-collision systems - road vehicle drive control systems for predicting or 
avoiding probable or impending collision otherwise than by control of a particular 
sub-unit  

B60W 30/00  Purposes of road vehicle drive control systems not related to the control of a 
particular sub-unit, e.g. of systems using conjoint control of vehicle sub-units, { or 
advanced driver assistance systems for ensuring comfort, stability and safety or 
drive control systems for propelling or retarding the vehicle  

B60W 10/06  Conjoint control of vehicle sub-units of different type or different function (for 
propulsion of purely electrically-propelled vehicles with power supplied within the 
vehicle: including control of propulsion units  

B25J 9/16  Programme-controlled manipulators: Programme Controls  
B60W 10/04  Conjoint control of vehicle sub-units of different type or different function for 

propulsion of purely electrically-propelled vehicles with power supplied within the 
vehicle: including control of propulsion units  

B60W 10/18  Conjoint control of vehicle sub-units of different type or different function for 
propulsion of purely electrically-propelled vehicles with power supplied within the 
vehicle: including control of braking systems  
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Table	6:	Robotics	patents	–	IPC	categories	

Source; United Kingdom’s Intellectual Property Office, 2014 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

B60W 30/18  Purposes of road vehicle drive control systems not related to the control of a 
particular sub-unit, e.g. of systems using conjoint control of vehicle sub-units: 
Propelling the vehicle  

B60R 21/00  Arrangements or fittings on vehicles for protecting or preventing injuries to 
occupants or pedestrians in case of accidents or other traffic risks  

B60W 10/10  Conjoint control of vehicle sub-units of different type or different function (...)(for 
propulsion of purely electrically-propelled vehicles with power supplied within the 
vehicle: including control of change-speed gearings 


