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1  Executive summary 

 

 

 

In the past decades, the pervasive diffusion of a new paradigm based on ICT and 

automation has led to a dramatic adjustment of the employment structure - both in 

quantitative (employment levels) and qualitative terms (skills) - in all the 

industrialized economies and, with some delay, in the emerging and developing ones. 

More recently, the arrival of 3D printing, self-driving autonomous cars (Tesla, Apple, 

Google) and agricultural robots has raised again a widespread fear of a new wave of 

‘technological unemployment’ (see Brynjolfsson and McAfee, 2011 and 2014). 

Moreover, not only agricultural and manufacturing employment appears at risk, but 

employees in services - including cognitive skills - are no longer safe (see, for 

instance, how Uber - just a software tool - is fully crowding out taxi companies). In 

addition the evolution of labour demand, linked to the needs brought about by the 

new technologies, has destroyed ‘routine’ jobs, while creating opportunities in 

professional categories and skills which turn out to be novel and significantly different 

from previous ones (see Autor et al., 2006; Goos et al., 2014). Finally, these recent 

trends have interlinked with the financial and economic crises and with the slow 

recovery afterwards, often showing a jobless nature.  

Therefore, the employment impact of innovation deserves to be continuously analysed 

as the nature of new technologies and innovations might affect differently employment 

both in quantitative terms and qualitative terms. 

Overall, the economic theory does not provide a clear-cut answer about the 

quantitative employment effect of innovation, since this depends on institutional 

factors, crucial parameters such as price and income elasticities, demand and profit 

expectations and other contextual factors. This is why the attention of the economists 

is nowadays mainly focused on the empirical studies. We, therefore, opted for an 

introductory survey to sum up results from the main empirical studies. 

Key results from previous empirical evidence suggest that: 

 There is evidence of a positive relationship between technological change and 

jobs. However, this job-creation effect is particularly obvious when R&D and/or 

product innovation are adopted as proxies of innovation and when high-tech 

sectors (both in manufacturing and services) are considered. A weaker 

evidence of a labour-saving impact of process innovation is also detected in 

some studies, especially when low-tech manufacturing sectors are considered. 
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 With respect to the qualitative effect of innovation on the different categories of 

workers, in terms of their education, skills and performed tasks, the literature 

focusing on the complementary between technological progress and skilled 

labour, has put forward the skill-biased technological change (SBTC) 

hypothesis. However, while until the late ‘90s a SBTC impact has been obvious 

(especially with regard to manufacturing and production activities) and 

documented by a plethora of econometric studies, later the task-biased 

technological change (TBTC, that is destructive of routinized jobs) has emerged 

as a powerful driver of an increasing polarization of jobs and wages, involving 

all the economic sectors. 

 

With this scenario in the background, this report aims at providing an updated 

quantitative and qualitative analysis of the impact of innovation proxies, such as 

corporate Research and Development (R&D) and embodied technological change (ETC 

– where available), on employment across industries and firms in the European Union. 

The main hypotheses are that R&D expenditures generating product innovation are 

likely to be labour-friendly, while ETC as a way to introduce process innovation might 

reveal a labour destructing nature. However, on the one hand product and process 

innovation are often interrelated and, on the other hand, the direct labour-saving 

impact of process innovation may be - at least partially - compensated by different 

market mechanisms which may assure the re-absorption of the technological 

unemployment initially generated by process innovation. 

 

Our econometric approach is based on a standard labour demand - depending on 

output, wage and investment - augmented by the inclusion of innovation. Since the 

persistence of the employment variable is generally high, a standard dynamic 

employment equation - where employment is autoregressive - is preferred (the 

estimation of an employment equation is the standard example for which a panel 

dynamic specification is the proper econometric strategy, see Arellano and Bond, 

1991). 

 

At the European level, we supply two empirical studies, the first based on sectoral 

data and the second one based on firm-level data. Both studies replicate previous 

analyses (Bogliacino and Vivarelli, 2012, for the sectoral case and Bogliacino et al., 2012, 

for the firm-level study), using either updated or entirely new datasets. In the sectoral 

study, including two-digit sectors belonging to manufacturing and market services and 

covering the 1998-2011 period for 11 European countries (Austria, Belgium, Czech 
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Republic, Denmark, Finland, Germany, Hungary, Italy, Norway, Slovenia, Sweden ) for a 

total of 3,073 observations, we use OECD-STAN for most of the information, coupling it 

with OECD-ANBERD as far as business R&D is concerned. In the case of the firm-level 

exercise, we use JRC-IPTS Scoreboard data limited to the European R&D top-performers 

over a period of 12 years (2002-2013) (674 companies for a total of 5,222 

observations). 

The empirical analyses show that: 

 At the sectoral level, the significant labour-friendly impact of R&D expenditures 

is fully consistent with results provided by Bogliacino and Vivarelli (2012); 

however, this positive employment effect appears to be entirely due to the 

medium- and high-tech sectors. 

 Still in the sectoral study, capital formation (both in terms of flow and stock) is 

negatively related to employment; this outcome is novel in comparison with 

Bogliacino and Vivarelli (2012) and points to a possible labour-saving effect 

due to ETC incorporated in gross investment. It seems that in the recent years 

- possibly because of the worldwide financial crisis - the rationalizing 

component of investment has turned out to dominate its expansionary 

component. Moreover, a possible labour-saving effect due to process 

innovation incorporated in capital formation seems to be specific to the low-

tech sectors where competition is reached through decreasing costs.  

 From a policy point of view, this outcome, which is consistent with previous 

studies, proves that the aim of the EU2020 strategy (see European 

Commission, 2010) - that is to develop an European economy based on R&D, 

knowledge and innovation - points in the right direction also in terms of job 

creation. However, this job creation has to be expected solely in the high-tech 

sectors, while most of European economies are specialized in traditional 

industries and this is somehow worrying in terms of future perspectives of the 

European labour market. 

 These considerations also apply to the outcomes from the firm-level study. In 

fact, in the microeconometric estimates, R&D expenditures positively and 

significantly affect employment levels. However, the employment/R&D 

elasticity turns out to be highly significant and large in magnitude in the high-

tech firms, smaller and less significant in the middle-tech companies and not 

significant at all in the low-tech firms. This outcome is consistent with 

Bogliacino et al. (2012) and with the empirical evidence at the sectoral level 

discussed above and should be carefully considered by the European policy 

makers. 
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At firm-level, we were also able to provide additional evidence, country-specific, 

one focusing on the Italian case (Community Innovations Survey - CIS - data) and 

one on the Spanish case (Encuesta Sobre Estrategias Empresariales - ESEE - data). As 

Italy and Spain do not belong to the group of the most innovative European countries, 

the aim is testing weather less innovative countries get beneficial effects from 

innovation in terms of employment. While we are aware that analyses based on 

single-country datasets may be affected by national and institutional specificities and 

so not easily generalizable, the availability of longitudinal datasets comprising both 

innovation and economic variables has driven our choice of the two panel datasets. 

 

Econometric results for Italian and Spanish estimate show that: 

 

 The hypothesis that R&D expenditures should be related to an increase in 

employment at the firm’s level is weakly confirmed by the estimates based on 

the Italian data and is not confirmed in the Spanish case. On the whole, a 

generalized labour-friendly nature of R&D expenditures is not detectable in the 

present studies. This might depend on the fact that these two countries are 

not innovative enough in R&D to positively translate innovation into 

employment growth. 

 With respect to ETC, results show that ETC never exhibits a labour-friendly 

nature and in one case (within the Spanish SMEs) turn out to generate a 

significant labour-saving impact. 

 Innovation variables should be more positively related to employment in the 

high-tech sectors rather than in the low-tech ones. This hypothesis is strongly 

confirmed on the basis of our regressions: in the Italian case, the positive 

employment impact of the total innovation expenditures and the sole R&D 

expenditures is totally due to high-tech firms, while in the Spanish case, the 

job-creation impact of R&D expenditures (after being assessed as not 

significant with regard to the entire sample) becomes highly significant when 

attention is focused on the high-tech firms. 

 Innovation variables should be more positively related to employment in large 

firms rather than in the SMEs. This hypothesis is confirmed by our estimates 

based on the CIS data (both total innovation expenditures and R&D are 

significant with regard to the large firms and not significant for the SMEs), but 

not by the regressions based on the ESEE data where the R&D variable is not 

significant for both the large companies and the SMEs. 
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As usual, one has to be extremely cautious in proposing possible policy 

suggestions based on econometric results that are obviously affected by the particular 

data used and their intrinsic limitations. However, these outcomes suggest the 

following implications. 

 

 In general terms, the first finding of this study is unequivocal: the labour-

friendly nature of companies’ R&D investments is not always statistically 

significant, but it never turns out to be detrimental to employment. This 

outcome gives further support to the Europe 2020 policy target, aiming to 

increase the European R&D/GDP ratio, in that it is reassuring as regards the 

possible employment consequences of increasing R&D investment.  

 Turning our attention to the alternative mode of technological change - i.e. the 

possibly labour-saving ETC involving process innovation - its possible adverse 

impact on employment emerges as a likely outcome. In terms of policy 

implications, this means that non-R&D-based innovation may imply an adverse 

effect in terms of employment levels. Indeed, it seems that in recent years - 

possibly because of the worldwide financial crisis - the cost-saving component 

of investment has turned out to dominate its expansionary component. 

Moreover, a possible labour-saving effect due to process innovation 

incorporated in capital formation seems to be specific to the low-tech 

industries. This is surely matter for thought for the European policy makers, 

since the European sectoral specialization is still unbalanced in favour of the 

middle and low-tech sectors. 

 What emerges clearly from the empirical analysis is that the positive and 

significant effect on employment of R&D expenditures is not equally detectable 

across the different economic sectors. More specifically, it is obvious for high-

tech manufacturing, but absent for the more traditional manufacturing sectors. 

This is something that should be borne in mind by European innovation policy 

makers considering employment as one of their main targets. In this context - 

if the policy purpose is to maximize the employment impact of R&D 

expenditures - the incentives should be concentrated in the high-tech 

industries. 

  Finally, the possible job-creation effect of R&D expenditures is not equally 

detectable across firms of different size, turning out to be significant only for 

larger firms; here again, R&D incentives should be carefully targeted. 
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Turning to the qualitative impact of innovation on employment, the industry-level 

analysis has been based on an original dataset matching the OECD STAN-ANBERD 

database with the EU Statistics on Income and Living Conditions (EU-SILC) (10 

European countries for the 2004-2011 time-span). The econometric analysis has been 

based on different estimations of a standard (dynamic) labour demand augmented by 

the inclusion of R&D expenditures. In order to test SBTC and TBTC, we considered 

three employees classifications, respectively based on, education, occupation and 

task. 

Main results are summarized as follows: 

 consistently with the previous literature, R&D expenditures turn out to be 

related to an increase of employees tertiary educated (which could be partially 

driven by the increase of the number of tertiary educated workers available in 

the labour market). In contrast, R&D expenditures have a non-significant effect 

on employees with lower educational degrees.  

 R&D expenditures result to be significantly and positively related to the 

employment of high-skilled white-collars, the highest group of managerial 

occupations. In contrast, R&D expenditures turn out to be related to a decrease 

of manual low-skilled employees, therefore, the negative impact is particularly 

detrimental for the least-skilled manual occupations. Overall, there is indeed a 

polarization of results, with the two additional categories of workers included 

between high-skilled white-collars and low-skilled blue-collars exhibiting non-

significant results. 

 Considering the TBTC hypothesis, R&D expenditures show a positive and 

significant impact on non-routine jobs; in contrast, R&D expenditures 

determine a non-significant decrease in routine jobs and tasks (we are also 

aware that R&D is not likely not the most appropriate proxy for innovation to 

investigate its impact on repetitive and routinized tasks). 

 

On the whole, the SBTC hypothesis is largely confirmed using the employment 

classification in terms of educational attainments; it is also confirmed using the 

occupational classification, but only in its polarized version where innovation favours 

high-skilled white-collars and destroys low-skilled blue-collars. Finally, the TBTC 

hypothesis is also supported by our analyses, particularly in terms of a significant 

expansionary effect in favour of the non-routine jobs. 

In terms of policy implications, these outcomes - largely consistent with the extant 

literature - point out the likely destructive impact of innovation against the low-skilled, 
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low-educated and, potentially, routinized jobs. This means that policy makers should 

couple R&D and innovation policies with education and training policies, able to shape 

a safety net for those workers who are the most vulnerable to the adverse impact of 

technological change. 

  



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

12 

 

2  INTRODUCTION 

 

 

 

2 .1 Motivation 

 

In the past decades, the emergence and widespread diffusion of a new paradigm 

based on ICT and automation has led to a dramatic adjustment of the employment 

structure - both in quantitative (employment levels) and qualitative terms (skills) - in 

all the industrialized economies and, with some delay, in the emerging and developing 

ones. 

 

More recently, the arrival of 3D printing, self-driving autonomous cars (Tesla, 

Apple, Google), agricultural robots and so on so forth has raised again a widespread 

fear of an upcoming ‘technological unemployment’ (see Brynjolfsson and McAfee, 2011 

and 2014). Moreover, not only agricultural and manufacturing employment appears at 

risk, but employees in services - including cognitive skills - are no longer protected: 

see for instance how IBM Watson may displace the majority of legal advices, how Uber 

(just a software tool) is fully crowding out taxi companies and how Airbnb is becoming 

the biggest “hotel company” in the world. 

 

In addition the evolution of labour demand, linked to the needs brought about by 

the new technologies, has destroyed routine jobs, while creating opportunities in 

professional categories and skills which turn out to be novel and significantly different 

from previous ones (see Autor et al., 2006; Goos et al., 2014).  

 

Finally, these trends have interlinked with the recent financial and economic crises 

and with the slow recovery afterwards, often showing a jobless nature. In the 

background of this scenario, international organizations - including the UNIDO, IDB 

and the OECD - are increasingly concerned with the issue of avoiding jobless growth 

as countries recover from the crisis (see, Crespi and Tacsir, 2012; UNIDO, 2013; 

Arntz, et al., 2016; OECD, 2016).  

 

In this context, the European Commission formulated its ‘Europe 2020’ strategy in 

2010 with the aim to create the conditions for a smart, sustainable and inclusive 
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growth (European Commission, 2010), a particularly relevant agenda for a stagnating 

Europe that faces growing social tensions (Fagerberg et al., 2015) 

 

The purpose of this research is to provide an updated quantitative and qualitative 

analysis of the impact of corporate Research and Development (R&D) and innovation 

on employment, both in terms of levels and skill composition, across industries and 

firms in the European Union.  

 

 

 

2 .2 Theory 

 

Indeed, the assessment of the effects of technological change on employment is 

both a well-known and a controversial issue for theoretical economists. On the one 

hand, technological unemployment is considered a direct worrisome consequence of 

labour-saving process innovations; on the other, economic theory pinpoints the 

existence of indirect effects able to compensate for the reduction in employment due 

to technological progress, together with product innovation that generally shows a 

labour-friendly nature. 

 

By definition, the direct impact of process innovation is to destroy jobs: by 

definition, process innovation means to produce the same amount of output with a 

lesser amount of production factors, mainly labour. However, since its very beginning, 

the economic theory has pointed out the existence of economic forces which can 

compensate for the reduction in employment due to technological progress.  

 

In more detail, at the time of the classical economists, two views started to 

compete in assessing the employment impact of technology: using Ricardo’s words, 

the “working class opinion” was characterized by the fear of being dismissed because 

of innovation (see Ricardo, 1951, p. 392), whilst the academic and political debate 

was mainly dominated by an ex-ante confidence in the market compensation of 

dismissed workers. Ironically, in the meantime the English workers were destroying 

machines under the charismatic lead of Ned Ludd (see Hobsbawm, 1968; Hobsbawm 

and Rudé, 1969), the economic discipline was trying to dispel all concerns about the 

possible harmful effects of technological progress, on a basis of a rigorous, counter-

intuitive and “scientific” theory.  
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In particular, in the first half of the XIX century, classical economists put forward 

a theory that Marx later called the “compensation  theory” (see Marx, 1961, vol. 1, 

chap. 13 and 1969, chap. 18). This theory is made up of different market 

compensation mechanisms which are triggered by technological change itself and 

which can counterbalance the initial labour-saving impact of process innovation (for an 

extensive analysis, see also Vivarelli, 1995, chaps. 2 and 3; Petit, 1995; Vivarelli and 

Pianta, 2000, chap. 2; Pianta, 2005; Coad and Rao, 2011). 

 

A) The compensation mechanism “via new machines” 

The same process innovations which displace workers in the user industries, create 

new jobs in the capital sectors where the new machines are produced (see, for 

instance, Say, 1964, p. 87). 

 

B) The compensation mechanism “via decrease in prices” 

On the one hand, process innovations involve the displacement of workers; on the 

other hand, these innovations themselves lead to a decrease in the unit costs of 

production and - in a competitive market - this effect is translated into decreasing 

prices; in turn, decreasing prices stimulate a new demand for products and so 

additional production and employment. This mechanism was singled out at the very 

beginning of history of the economic thought (Steuart, 1966, vol. II, p. 256). 

 

This line of reasoning became the cornerstone of the compensation theory when Say’s 

law became the focus of classical economic theory (see Say, 1964, p. 87). According 

to this law, in a competitive world, the supply generates its own demand and 

technological change fully takes part in this self-adjusting process. 

 

The compensation mechanism “via decrease in prices” has been re-proposed many 

times in history of economic thought both by neoclassical (see Pigou, 1962, p. 672) 

and by modern economists (see Neary, 1981; Stoneman, 1983, chaps. 11 and 12; 

Hall and Heffernan, 1985; Dobbs, Hill and Waterson, 1987; Nickell and Kong, 1989; 

Smolny, 1998; Harrison et al., 2008). 

 

C) The compensation mechanism “via new investments” 

In a world where the competitive convergence is not instantaneous, it is observed that 

during the gap between the decrease in costs - due to technological progress - and the 

consequent fall in prices, extra-profits may be accumulated by the innovative 

entrepreneurs. These profits are invested and so new productions and new jobs are 
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created. Originally put forward by Ricardo (1951, vol. I, p. 396), this proposition has 

also been called forth by neo-classicals like Marshall (1961, p. 542) and by more 

recent dynamic models such as those by Hicks (1973) and Stoneman (1983, pp. 177-

81). The role of lagged innovation in fostering employment evolution is investigated at 

a microeconomic level by Van Reenen (1997) and Lachenmaier and Rottmann (2011). 

 

D) The compensation mechanism “via decrease in wages” 

In a demand-for-labour framework, the direct effect of job-destructive technologies 

may be compensated within the labour market. In fact, assuming free competition and 

full substitutability between labour and capital, technological unemployment implies a 

decrease in wages and this should induce a reverse shift back to more labour-

intensive technologies. The first to apply this kind of argument was Wicksell (1961, p. 

137), followed by Hicks (1932, p. 56) and Pigou (1933, p. 256). 

 

In modern times, the wage adjustment is a component of partial equilibrium models 

such as those by Neary (1981) and Sinclair (1981) and general equilibrium analyses 

such as those by Layard and Nickell (1985), Venables (1985), Layard, Nickell and 

Jackman (1991 and 1994), Davis (1998) and Addison and Teixeira (2001). 

 

E) The compensation mechanism “via increase in incomes” 

Directly in contrast with the previous one, this compensation mechanism has been put 

forward by the Keynesian and Kaldorian tradition. In a Fordist mode of production, 

unions take part in the distribution of the fruits of technological progress. So it has to 

be taken into account that a portion of the cost savings due to innovation can be 

translated into higher income and hence higher consumption. This increase in demand 

leads to an increase in employment which may compensate the initial job losses due 

to process innovations (see Pasinetti, 1981; Boyer, 1988B, 1988C and 1990).  

 

However, compensation mechanisms can be hindered by the existence of severe 

drawbacks which are often either neglected or mis-specified by the economic 

conventional wisdom. Using the same taxonomy which has been proposed above, the 

main criticisms of the compensation theory can be singled out as follows. 

 

A) With few exceptions (see Hicks, 1973), nowadays this compensation mechanism is 

no longer put forward. Indeed, Marx’s critique of this mechanism was particularly 

sharp: 
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“...the machine can only be employed profitably, if it...is the (annual) product of far 

fewer men than it replaces”. (Marx, 1969, p. 552). 

 

Moreover, labour-saving technologies spread around in the capital goods sector, as 

well; so this compensation is an endless story which can be only partial (Marx, 1969, 

p. 551). 

Finally, the new machines can be implemented either through additional investments 

(see point C) or simply by substitution of the obsolete ones (scrapping). In the latter 

case - which is indeed the most frequent one - there is no compensation at all (see, 

for instance, Freeman, Clark and Soete, 1982). 

 

B) As originally noted by Malthus (1964, vol. II; pp. 551-60), Sismondi (1971, p. 284) 

and Mill (1976, p. 97), the very first effect of a labour-saving technology is a decrease 

in the aggregate demand due to the cancellation of the demand previously associated 

with the dismissed workers. So, the mechanism “via decrease in prices” deals with a 

decreased demand and has to more than counterbalance the initial decrease in the 

aggregate purchasing power. 

 

In addition, this mechanism relies on Say’s law and does not take into account that 

demand constraints might occur. In this context, Keynes’ dismissal of Say’s law is 

crucial: difficulties concerning some components of the “effective demand” - such as a 

low value of the “marginal efficiency of capital” (see Keynes, 1973, chap. 11) - can 

involve a delay in expenditure decisions and a lower demand elasticity. If such is the 

case, this compensation mechanism is hindered and technological unemployment 

ceases to be a temporary problem: in fact, since process innovation are continuously 

introduced in the economy, a delay in compensation is sufficient to create a structural 

unemployment that persists over time. 

 

Finally, the effectiveness of the mechanism “via decrease in prices” depends on the 

hypothesis of perfect competition. If an oligopolistic regime is dominant, the whole 

compensation is strongly weakened since cost savings are not necessarily and entirely 

translated into decreasing prices (see Sylos Labini, 1969, p. 160). 

 

C) Also the compensation mechanism “via new investments” strongly relies on the 

unacceptable Say’s law assumption that the accumulated profits due to innovation are 

entirely and immediately translated into additional investments. Again, Marx’s and 

Keynes’s treatment of Say’s law can be used to doubt the full effectiveness of this 
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compensation mechanism. In particular, pessimistic expectations (“animal spirits” in 

Keynesian terms) may imply the decision to postpone investments even in the 

presence of cumulated profits obtained by innovation. Here again, a substantial delay 

in compensation may generate structural technological unemployment. 

 

Moreover, the intrinsic nature of the new investments does matter; if these are 

capital-intensive, compensation can only be partial: 

“The accumulation of capital, though originally appearing as its quantitative extension 

only, is effected, as we have seen, under a progressive qualitative change in its 

composition, under a constant increase of its constant, at the expense of its variable 

constituent” (Marx, 1961, vol. I, p. 628). 

 

D) Also the mechanism “via decrease in wages” contrasts with the Keynesian theory of 

effective demand. On the one hand, a decrease in wages can induce firms to hire 

additional workers, but - on the other hand - the decreased aggregate demand lower 

employers’ business expectations and so they tend to hire fewer workers (on this, see 

also the next point). 

 

E) During the “golden age” of the ‘50s and ‘60s the Fordist mode of production was 

based on a relevant change in the labour-wage nexus. Instead of leaving the wage to 

be regulated by a competitive labour-market, workers were allowed to take possession 

of a relevant portion of productivity gains due to technological progress. In turn, the 

increased real wages involved mass consumption and this stimulated investments 

leading to further productivity gains through innovation and scale economies (Boyer, 

1988A). Labour-saving technologies were introduced on large scale, but the Kaldorian 

“virtuous circle” allowed an important compensation “via new incomes”. 

 

Nowadays, the Fordist mode of production is over for many reasons that cannot be 

discussed here (see Boyer 1988A and 1990). The distribution of income follows 

different rules (based more on Phillips’ curve than on sharing the productivity gains) 

and labour markets have returned to be competitive and flexible. On the whole, this 

compensation mechanism has been strongly weakened in the new institutional context 

(see Appelbaum and Schettkat, 1995). 

 

Summing up, economic theory cannot claim to have a clear answer in terms of the 

final employment impact of process innovation. Indeed, price and income mechanisms 

do have the possibility to counterbalance the direct job destruction caused by process 
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innovation, but their actual effectiveness is problematic and depends on many 

parameters such as the degree of competition, the demand elasticity, the way how 

business expectations are shaped. On the whole, depending on the different 

institutional and economic contexts, compensation can be more or less effective and 

the technological unemployment only partially reabsorbed.  

 

However, even the job creating effect of product innovation may be more or less 

effective. In fact, the so-called “welfare effect” (the creation of new branches of 

production) has to be compared with the “substitution effect” (displacement of mature 

products; see Katsoulacos, 1984 and 1986; Harrison et al., 2008; Hall, Lotti and 

Mairesse, 2008). For example, the MP3 music format is a product innovation currently 

displacing the compact disk which in turn displaced the vinyl. More in general, 

different “technological paradigms” are characterized by different clusters of new 

products which in turn have very different impacts on employment: for instance, the 

introduction of the automobile had a much higher labour-intensive effect than the 

diffusion of the home computers.  

 

Indeed, in different historical periods and different institutional frameworks, the 

relative balance between the direct labour-saving effect of process innovation and the 

counterbalancing impacts of compensation forces and product innovation can 

considerably vary (Freeman, Clark and Soete, 1982; Freeman and Soete, 1987; 

Freeman and Soete, 1994).   

 

On the whole, disentangling the compensation mechanisms is an interesting 

theoretical work in line with two important aspects which have recently been 

emphasized: the increasing role of product innovation and the relevance of human 

capital. On the one side, innovation has to be considered in its multifaceted dimension 

where process innovation may displace workers, meanwhile product innovation might 

have a direct additional positive effect on employment (see above). 

 

On the other side, the quality of workers comes in as a critical variable due to the 

fact that new technologies might ask for specific skills, creating different dynamics 

among different categories of workers: the so-called: ‘Skill-bias technological change’ 

(SBTC). In other words, R&D and innovation exhibit a relevant impact on both the 

quantity (levels) and the quality (skills) of employment. 
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Initially proposed by Griliches (1969) and Welch (1970), the SBTC hypothesis is 

based on the idea that there is complementarity between new technologies and skilled 

workers, given that only the latter are able to implement effectively and efficiently 

those technologies (see also Ciriaci, 2011, on the positive relationship among  

investment in training and R&D human capital and firms’ innovativeness). Therefore a 

positive relationship between new technologies and skilled workers is expected; 

meanwhile a substitution effect between new technologies and unskilled workers is 

likely to happen.  

 

More recently, the SBTC hypothesis has been encompassed by the ‘polarization’ 

approach (where both high-skill, high-wage jobs and low-skill, low-wage jobs seem to 

be rising. According to this approach, new technologies destroy routine jobs (possibly 

including cognitive and middle-skill tasks) while creating opportunities in professional 

categories and skills which turn out to be novel and different from previous ones 

(including both the high-skill and non-routinized unskilled tasks such as those in 

personal and health services; see Autor et al., 2006; Goos et al., 2014).  

 

 

 

2 .3 The structure of this report 

 

According to the economic theory (see the previous section), the relationship 

between innovation and employment can be represented by a very complex picture 

where the direct labour-saving impact of process innovation, the compensation 

mechanisms, the drawbacks and hindrances which can severely weaken the 

effectiveness of such mechanisms, and the labour friendly nature of product 

innovation can combine in very diverse outcomes.  

 

By the same token, SBTC in some sectors and some countries may be 

overwhelmed by a polarization trend that is however obvious only in most advanced 

economies and in some particular sectors (mainly services). 

 

However, although theoretical economists may develop clear models about the 

employment impact of innovation, the economic theory does not have a clear-cut 

answer about the quantitative and qualitative employment effects of R&D and 

innovation. Indeed, the actual employment and skill impacts of the new technologies 
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depend on the balance between process and product innovation, the values of the 

different parameters assessing the efficacy of the different compensation mechanisms, 

the institutional context and the particular skill-bias of the technologies considered.  

 

Therefore, attention should be turned to aggregate, sectoral, and microeconomic 

empirical analyses, which should consider the different forms of technical change, their 

direct effects on labour, the various compensation mechanisms, and the possible 

hindrances to these mechanisms. 

The purpose of the third chapter of this report is precisely to provide a critical, 

articulated and updated analysis of the recent empirical studies analysing the 

employment effect of innovation, both in terms of its quantitative and qualitative 

impact. In particular, the empirical evidence on the relationship between innovation 

and employment at the macro, meso-sectoral and micro level will be discussed in 

details. Then, the evidence emerging from the studies testing the SBTC hypothesis 

and the analyses devoted to the “job polarization” will be investigated.  

 

Chapters 4 and 5 will be devoted to provide new empirical evidence on the 

employment impact of innovation (quantitative effect). In particular the econometric 

approach will assume the following baseline specification, based on a standard labour 

demand - depending on output, wage and investment - augmented by the inclusion of 

innovation: 

 

    

)( ,,4,3,2,1, tiitititititi innovationinvestmentwageoutputCemployment  

   

(2.1) 

 

i = 1, …, n; t = 1, …, T   

  

where ε is the idiosyncratic individual and time-invariant fixed effect and ν the usual 

error term.  

 

 

Since the employment variable is generally highly persistent, a standard dynamic 

employment equation, where employment is autoregressive would be preferred (the 

estimation of an employment equation is the standard example for which a panel 
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dynamic specification is the proper econometric strategy, see Arellano and Bond, 

1991): 

 

 

)( ,
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(2.2) 

 

Chapter 4 will be devoted to two replication studies on European data, having eq. 

(2.2) as the preferred specification. The first will assume as reference Bogliacino and 

Vivarelli (2012) and will use updated sectoral data based on OECD sources (STAN and 

ANBERD). The second will replicate the analysis of Bogliacino, Piva and Vivarelli 

(2012), using updated firm-level data from the EU Industrial R&D Investment 

Scoreboard provided by the JRC-IPTS. 

 

Chapter 5 will be instead devoted to new firm-level empirical studies, also having 

eq. (2.1) and eq. (2.2) as the reference specifications. The econometric tests will be 

firstly applied to a novel and unique dataset based on different waves from the Italian 

Community Innovation Survey (CIS). Secondly, a similar specification will be tested 

using a longitudinal Spanish dataset. Taken together, the two microeconometric 

studies will offer novel evidence on the employment impact of R&D and innovation at 

the firm level. 

 

The aim of Chapter 6 will be to provide new empirical evidence on the skill impact 

of R&D and innovation (qualitative effect). In particular, an industry-level analysis will 

use an original dataset matching the STAN-ANBERD database with the EU statistics on 

income and living conditions (EU-SILC; country/sectoral observations). 

 

Finally, Chapter 7 will provide a short summary of the main results of the report 

and discuss some policy implications.  
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3  INNOVATION, JOBS, SKILLS AND TASKS: A 

SURVEY OF THE EMPIRICAL LITERATURE 

 

 

 

3 .1 Introduction 

 

As briefly discussed in the previous chapter of this report, the historical debate on 

the relationship between innovation and employment has recently revived due to the 

widespread diffusion of the technological paradigm (Dosi, 1982 and 1988) based on 

ICT and automation. From a quantitative point of view, the “labour-saving” nature of 

new technologies has raised new fears of “technological unemployment”. From a 

qualitative point of view, the “skill-biased” nature of ICT innovations has implied the 

destruction of routine jobs, while some opportunities in new professional categories 

and occupations have emerged. However, more recently, google self-driving cars, 

domestic robots and “big data” software (just to provide some examples) have 

revealed a displacement potentiality that involve many tasks once considered uniquely 

human.  

In this context, Brynjolfsson and McAfee (2011 and 2014) think that the root of 

the current employment problems is not the Great Recession, but rather a structural 

adjustment (a “Great Restructuring”) characterized by an exponential growth in 

computers’ processing speed  having an ever-bigger impact on jobs, skills, and the 

whole economy. By the same token, Frey and Osborne (2013) - using a Gaussian 

process classifier applied to data from the US Department of Labour - predict that 

47% of the occupational categories are at high risk of being automated, including a 

wide range of service/white-collar/cognitive tasks such as accountancy, logistics, legal 

works, translation and technical writing, etc. 

Moving from the current popular debate to economic theory, the relationship 

between innovation and employment is a “classical” controversy, where two views are 

contrasting each other (for an extensive discussion). One states that labour-saving 

innovations (ICT technologies are surely part of them) creates technological 

unemployment, as a direct consequence. The other one asserts the existence of 

indirect economic effects (through decreasing prices and increasing incomes, both 

triggered by technological change itself) that can compensate - or even over-

compensate - the direct job-destructive effect of process innovation (see the 
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“compensation mechanisms” detailed in Chapter 2). Moreover, ‘product innovation’ is 

seen as the main channel able to effectively counterbalance the displacement of 

workers due to process innovation.  

However, employment compensation by “decreasing prices” may be hindered by 

price rigidities and non-competitive practices, while additional incomes due to 

technical change are not necessarily invested in labour-intensive activities; even new 

products may displace older products and so imply a weaker impact in terms of job-

creation (readers interested in the theoretical analysis of the complex relationship 

between technical change and employment can refer to: Vivarelli, 1995; Pianta, 2005; 

Vivarelli, 2013; Sabadash, 2013; Vivarelli, 2014). Therefore, as stated in Chapter 2, 

economic theory does not have a clear-cut answer about the quantitative employment 

effect of innovation, since this depends on institutional factors, price and income 

elasticities and expectations. The attention of the economists is now focusing on the 

empirical studies discussed in this chapter. 

Turning our attention to the qualitative effect of innovation in terms of required 

skills and tasks and summarizing what discussed in the previous chapter, the 

economic theory - initially proposed by Griliches (1969) and Welch (1970) - states 

that  there is a strict complementarity between innovation and skilled workers, given 

that only the latter are able to implement effectively and efficiently the new 

technologies. In this view, the reason for the upskilling of the labour force is the non-

neutrality of technological change, which benefits skilled labour more than other 

production factors (“skill-biased technological change”: SBTC). Furthermore, a modern 

picture of the mechanisms affecting the relationship between technologies and skills 

cannot disregard the particular historical and institutional circumstances, the genesis 

of new technologies and their exogeneity or endogeneity (see Atkinson and Stiglitz, 

1969; Acemoglu and Autor, 2011; Acemoglu, 2015). 

The economic empirical literature has provided robust evidence in support of the 

SBTC hypothesis. In this framework, technological change turns out to be 

complementary to skilled workers - whose demand increases - as well as it reveals to 

be a substitute for unskilled workers - whose demand decreases; as a consequence, 

the skill and wage divides turn out to increase over time (see Katz and Murphy, 1992; 

Goldin and Katz, 2007; Piva et al., 2005; Acemoglu and Autor, 2011). 

More recently, observing that computer-driven technologies primarily replace 

workers in routine tasks (that is tasks expressed by simple replicative rules or step-

by-step procedures), the SBTC hypothesis has evolved to give account of the 

phenomenon of skill and wage “polarization”. Indeed, recent empirical literature 

provides evidence that, especially in the US, “job polarization” is at work: new 
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technologies reveal to be complementary to well-paid, high-skilled workers performing 

non-routine cognitive skills, as well as to low-paid least skilled jobs requiring non-

routinized manual tasks. This would leave the floor to a negative relationship between 

new technologies and middle-task jobs typically requiring routinized manual and 

cognitive skills (including a large range of service jobs from administrative to logistic 

ones; see Autor et al., 2003; Cirillo, 2014; Goos et al., 2014). 

On the whole, the quantitative and qualitative employment impact of innovation is 

assuming a multifaceted dimension which deserves to be studied in detail in order to 

better tailor both innovation and education/labour policies. 

This chapter is aiming to provide an articulated and updated analysis of the recent 

empirical studies analyzing the employment effect of innovation, both in terms of its 

quantitative (Section 3.2) and qualitative impact (Section 3.3). In particular, the next 

section will discuss the empirical evidence on the relationship between innovation and 

employment at the macro, meso-sectoral and micro level. Section 3.3 will then discuss 

the evidence emerging from the studies testing the SBTC hypothesis and the analyses 

devoted to the “job polarization”. Section 3.4 will briefly conclude. 

 

 

 

3 .2 Innovation and employment 

 

Whilst theoretical economists have been developing stylized models about the 

employment impact of process and product innovation, applied economists had to 

identify adequate proxies to measure process and product innovation and the 

employment impact of innovation. When considering this issue, a number of critical 

issues arise. 

First of all, innovation is a complex phenomenon not easy to be measured. 

Among the most used proxies, product and process innovation dummies capture the 

existence of the innovation phenomenon in a specific point in time1. However, they 

can only partially depict the overall phenomenon and - as dummies - they suffer 

obvious limitations. 

Looking at continuous indicators of technological change, the most commonly 

                                          

1 One of the main data source with regard to innovation data is the Community Innovation Survey (CIS) put 

forward - since the ‘90s - in  all EU countries every three years; in such firm-level survey, two questions are 

devoted to the occurrence of product and process innovation and generate the two dummies used by many 

empirical microeconometric analyses (see Section 3.2.2). 
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used proxy is the expenditures in R&D (intra and/or extra moenia); while this is a 

much more precise indicator and it is often available on an annual basis directly from 

companies’ accounts, its main limitation lies in being a measure of an innovative input 

that not necessarily generates an innovative output2.  

While R&D is the most available and used variable, it has to be noticed that it is 

mainly correlated with labour-friendly product innovations; this means that adopting 

this kind of proxy for innovation implies an “optimistic bias” in terms of assessing the 

employment impact of innovation. On the other side, most of process innovations are 

instead implemented through the so-called “embodied technological change” (ETC)3, 

introduced through gross investment. This technological input - which is often 

dominant in economies and sectors where SMEs are prevalent - is generally very 

difficult to measure because of the complexity in singling out the different components 

of capital formation (those merely expansionary and those characterized by ETC and a 

labour-saving nature). In this framework, few studies have had the opportunity to 

isolate ICT investments, which better capture the automation and digitalization 

processes. 

Turning our attention to continuous measures of innovation outputs (which are 

obviously more directly linkable to their possible employment impact), two are the 

most common indicators used by the empirical studies. On the one hand, works based 

on CIS data make use of the “sales derived from new products”, as a continuous 

measure of product innovation (in contrast with a simple dummy, see above). On the 

other hand, other studies rely on patents. Patents are a robust output indicator, since 

they represent the commercialization of a given innovation and so they can be 

properly related to what is going to happen into the markets, including their possible 

employment effects. However, it is well known that not all the innovations can be 

patented,  that patenting is a complex and very expensive procedure and so some 

firms deliberately do not patent and finally that patents may have dramatically 

different economic impacts (that is why most accurate studies use patents weighted 

by citations).  

Together with the choice of a proper indicator of technological change, it is crucial 

to clearly identify the level of investigation: whether macroeconomic, sectoral or 

                                          

2 An additional problem being the identification of the proper lag structure linking the R&D investment with 

its possible innovative outcome and its related employment impact. 
3 The embodied nature of technological progress and the effects related to its spread in the economy were 

originally discussed by Salter (1960) and Solow (1960) who underlined that technological progress might be 

incorporated in new vintages of capital introduced either through additional investment or simply by 

scrapping (see also, more recently, Hulten, 1992; Greenwood et al., 1997; Hercowitz, 1998; Abowd et al., 

2007; Wilson, 2009). 
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microeconomic. Each level of analysis exhibits pros and cons in providing those 

research opportunities able to better understand the complex link between innovation 

and employment.  

Country-level studies allow to fully explore the different direct effects and 

compensation mechanisms at work in the aggregate (see previous section). While they 

are attractive from a theoretical point of view, on the minus side they are often 

severely constrained by the difficulty to find a proper aggregate proxy of technological 

change and by the fact that the final employment national trends are co-determined 

by overwhelming institutional and macroeconomic determinants difficult to disentangle 

and to control for.  

Vice-versa, microeconometric studies have the great advantage to allow a direct 

and precise firm-level mapping of innovation variables, both in terms of innovative 

inputs (R&D and possibly ETC) and/or outputs (innovation dummies, sales from new 

products, patents; see above). Indeed, only the microeconometric empirical analysis 

can grasp the very nature of firms’ innovative activities and throws some light on the 

actual ways how new products may generate new jobs and labour-saving process 

innovation may destroy old ones. However, there are limitations associated to this 

level of analysis, as well. Firstly, the microeconomic approach cannot take fully into 

account the indirect compensation effects which operate at the sectoral and country 

levels. Secondly, a possible shortcoming of this kind of analysis consists in an 

‘optimistic ex-ante bias’: in fact, innovative firms tend to be characterized by better 

employment performances simply because they gain market shares because of 

innovation. Even when the innovation is intrinsically labour-saving, microeconomic 

analyses generally show a positive link between technology and employment since 

they do not take into account the important effect on the rivals, which are crowded 

out by the innovative firms (“business stealing” effect). 

A third level of complexity concerning the empirical studies of the link between 

innovation and employment is the time/individual dimension of the observations used 

in the empirical analyses. Firm-level studies either use cross-sectional data or, more 

recently, cross-sectional/time-series (panel) data. Indeed, only the latter allow 

controlling for time-invariant characteristics of the investigated companies, assuring a 

proper check for endogeneity and using more advanced econometric techniques to be 

applied to longitudinal data (for surveys discussing in details these issues, see 

Vivarelli, 2014; Autor, 2015). 

On the other hand, country and sectoral analysis usually have access to time-

series data, but they often fail to exhibit a proper cross-sectional dimension because 

of availability and comparability of data. Moreover, both sectoral and aggregate 
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estimates may be easily affected by composition effects which can only be singled out 

at a more disaggregated level of analysis. 

Finally, the empirical studies devoted to the relationship between innovation and 

employment have mainly focused on high- and middle-income countries, especially 

OECD countries (basically because of data availability), meanwhile only recently the 

phenomenon has been under investigation in low-income countries (see Vivarelli, 2012 

and  2014 for surveys; Mitra and Jha, 2015 for an application to the Indian case).  

Keeping these methodological remarks in mind, our attention can be now turned 

to the detailed discussion of previous studies, grouped together according to their 

level of analysis. Consistently with what discussed so far and with the current 

dominance of firm-level studies, the macroeconomic and the sectoral studies will be 

briefly surveyed in the next sub-section, while a more detailed attention will be 

devoted to the microeconometric literature (Section 3.2.2).  

 

 

 

3 .2.1 Aggregate and sectoral evidence 

 

Macroeconometric studies have tested the validity of the compensation 

mechanisms in a partial or general equilibrium framework.  

Back in 1981 and using US data, Sinclair (1981) proposed a macroeconomic IS/LM 

approach and concluded that a positive employment compensation can occur, if 

demand elasticity and the elasticity of factor substitution are sufficiently high.  

Layard and Nickell (1985) derived a demand for labour in a quasi-general 

equilibrium framework and stated that the crucial parameter was the elasticity of the 

demand for labour in response to a variation in the ratio between real wages and 

labour productivity. Their hypothesis is that technical change increases labour 

productivity and - given an adequate elasticity - proportionally the demand for labour 

and this can be enough to fully compensate initial job losses. Using data for the UK 

economy, the authors estimated an elasticity coefficient equal to 0.9. According to the 

authors, this was sufficient to exclude technical change from the possible causes of 

British unemployment. Using a similar approach, Nickell and Kong (1989) focused 

their attention to the operating of the compensation mechanism “via decrease in 

prices” in nine UK two-digit industries. Putting forward a price equation where cost-

saving effects of labour-saving technologies were fully transferred into decreasing 

prices, results showed that in seven sectors out of nine a sufficiently high demand 
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elasticity was able to imply an overall positive impact of technical change on 

employment. 

In Vivarelli (1995, chaps. 7, 8 and 9) the direct labour-saving effect of process 

innovation and the different compensation mechanisms have been represented and 

estimated through a simultaneous equations model over the period 1960-1988. 

Running 3SLS regressions based on Italian and US data, the most effective 

compensation mechanism turned out to be that “via decrease in prices” in both 

countries. In addition, the US economy resulted to be more product oriented than the 

Italian economy. 

Finally, Simonetti et al. (2000) applied the same simultaneous equations 

macroeconomic model of Vivarelli (1995), running 3SLS regressions using American, 

Italian, French and Japanese data over the period 1965-1993. The authors found that 

the more effective compensation mechanisms were that “via decrease in prices” and 

that “via increase in incomes” (especially in Italy and France till the mid-eighties). 

Finally, product innovation significantly revealed its labour intensive potentiality only 

in the technological leader country in the period, namely the US. 

On the whole, the (few) aggregate studies available on the subject reveal - not 

surprising -  that technological change can display its labour-friendly nature only when 

markets are characterized by competition and flexibility, that is higher demand 

elasticities (both in the product and in the labour market) and higher substitutability 

between the production factors. 

The sectoral dimension is particularly important in investigating the overall 

employment impact of innovation connected to the acceleration of the secular shift 

from manufacturing to services (see Evangelista and Perani, 1998; Evangelista and 

Savona, 2002). 

Overall, in manufacturing new technologies seem to be implemented mainly 

through labour-saving ETC, only partially counterbalanced by the market 

compensation mechanisms. 

For instance, Clark (1983 and 1987) put forward a supply oriented vintage model 

investigating UK manufacturing and showed that the expansionary effect of innovative 

investments was prevalent until the mid ‘60s, when the rationalizing effect (due to 

labour-saving ETC incorporated in investments and scrapping) started to overcome the 

expansionary one. 

More recently, Pianta et al. (1996), found out an overall worldwide positive 

relationship between growth in value added and growth in employment. However, 

especially in European countries, a relevant number of industries appeared 

characterized by a marked labour-saving trajectory (restructuring sectors), with 
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growth in production and a drop in employment. 

In another study using Italian data, Vivarelli et al. (1996) found evidence that in 

Italian manufacturing the relationship between productivity growth and employment 

appeared to be negative and, in particular, that product and process innovation had, 

respectively, positive and negative effects on the demand for labour. 

Overall, the scenario may change if services sectors are considered. Pianta (2000) 

and Antonucci and Pianta (2002) found - using sectoral data based on CIS sources - 

an overall negative impact of innovation on employment in manufacturing industries 

across five European countries, meanwhile - in contrast - Evangelista (2000) and 

Evangelista and Savona (2002) found a positive employment effect of technological 

change (only) in the most innovative and knowledge-intensive service sectors.  

Taking manufacturing and services jointly into account (again using CIS data), 

Bogliacino and Pianta (2010) found a positive employment impact of product 

innovation (which turned out particularly obvious in the high-tech manufacturing 

sectors - see also Mastrostefano and Pianta, 2009).  

Finally, Bogliacino and Vivarelli (2012) - running GMM-SYS panel estimations 

covering 25 manufacturing and service sectors for 15 European countries over the 

time-span 1996-2005 - found that R&D expenditures do show a job-creating effect, 

especially in high-tech industries. Interestingly enough, the labour friendly nature of 

R&D emerges in both their flow and the stock specifications. 

Summarizing the available sectoral evidence, a labour-saving tendency emerges in 

low- and medium- tech manufacturing, while a dominant labour friendly impact has 

been detected in the high-tech manufacturing sectors and in the knowledge-intensive 

services, those sectors where product innovation is prevailing and where the demand 

evolution is more dynamic. 

 

 

 

3 .2.2 Microeconomic evidence 

 

The literature devoted to the microeconometric investigation of the link between 

technological change and employment has started in the ‘90s, but it is still flourishing; 

indeed, most of recent and current empirical analyses of the employment impact of 

innovation is based on firm-level data organized along a longitudinal dimension (panel 

data). We will deal exclusively on panel data studies (see the previous section for the 

reasons supporting the choice to disregard cross-sectional analyses) and we will group 
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them accordingly their geographical focus.  

Starting from the UK, Van Reenen (1997) matched the London Stock Exchange 

database of manufacturing firms with the SPRU innovation database and obtained a 

firm-level panel over the period 1976–1982. Running GMM-DIF, evidence of a positive 

employment impact of innovation emerged. This result turned out to be robust after 

controlling for fixed effects, dynamics and endogeneity. Consistently, Blanchflower and 

Burgess (1998) confirmed a positive link between innovation (although roughly 

measured with a dummy) and employment using two different panels of British and 

Australian establishments. 

In France, an interesting panel analysis was conducted by Greenan and Guellec 

(2000) on 15,186 companies from manufacturing industries over the 1986-1990 

period. According to this study, innovating firms created more jobs than non-

innovating ones, but the reverse turned out to be true at the sectoral level, where the 

overall effect was negative and only product innovation revealed to be job-creating. 

This controversial employment impact of innovation at the firm and sectoral level 

might be due to the ‘business stealing’ effect discussed above. 

In the case of Italy, even taking the ‘business stealing’ effect fully into account by 

controlling for lagged firms’ employment and current sales, Piva and Vivarelli (2004 

and 2005) found evidence in favor of a positive effect of innovation on employment. In 

particular ( applying a GMM-SYS to a panel dataset of 575 manufacturing firms over 

the period 1992-1997) the authors provided evidence of a positive, although small in 

magnitude, impact of firm’s gross innovative investment on employment. 

Furthermore, Hall et al. (2008) on a panel of Italian manufacturing firms over the 

period 1995-2003, found a positive employment contribution of product innovation 

and no evidence of employment displacement due to process innovation. 

As far as Germany is concerned, Lachenmaier and Rottmann (2011) - using a very 

comprehensive dataset of manufacturing firms over the period 1982-2002 - put 

forward a dynamic employment equation including wages, gross value added, years 

and industries controls and alternative proxies (dummies) of current and lagged 

product and process innovation. Their GMM-SYS estimates showed a significantly 

positive impact of different innovation measures on employment, but, partially in 

contrast with expectations and previous contributions, the authors found a higher 

positive impact of process rather than product innovation. 

Turning our attention to Spain, Ciriaci et al. (2016) - matching eight waves of the 

annual Spanish Community Innovation Survey (CIS) - run quantile regressions using a 

longitudinal dataset of 3.304 Spanish firms over the period 2002–2009. Their results 

showed that innovative, smaller and younger firms are more likely to experience high 
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and persistent employment growth episodes than non-innovative firms. 

Moving outside Europe, Yang and Lin (2008) estimated a dynamic labour demand 

augmented with innovation, as proposed by Van Reenen (1997). In particular, they 

run GMM-DIF regressions using a five-year balanced panel including 492 firms listed 

on the Taiwan Stock Exchange over the period 1999-2003. Interestingly enough, the 

available data allowed the authors to alternatively include four measures of 

innovation: R&D, patents, patents addressed to process innovation and patents 

addressed to product innovation. Their results pointed to a positive and significant 

employment impact of all the four technological proxies where the entire sample was 

tested, while process innovations revealed a labour-saving impact when low R&D-

intensive industries were singled out. 

Benavente and Lauterbach (2008) applied Harrison et al. (2005 and 2014; see 

below) to a sample of 514 Chilean manufacturing firms over the period 1998-2001. 

Consistently with what found by Harrison et al. (2005 and 2014), their instrumental 

variable estimates singled out a positive and significant employment impact of the 

sales due to product innovations, but the coefficient associated to process innovation 

did not come out significant. 

Also based on Harrison et al. (2005 and 2014) is the study by Mejia and Granada 

(2014), who used data on Colombian firms (both in manufacturing and services) over 

the period 2007-2011. As common in these bunch of studies based on the Harrison et 

al. (2014) approach, the continuous variable measuring the sales due to new products 

turns out to have a positive and significant employment effect; however, in this paper 

the dummy ‘process only’ turned out to be not significant. Interestingly enough, when 

manufacturing data are split into high and low-tech sectors, the labour friendly nature 

of product innovation loses its significance in the low-tech industries. 

As far as the US are concerned, Coad and Rao (2011) focused on high-tech 

manufacturing industries over the period 1963-2002 and investigated the impact of a 

composite innovativeness index (comprising information on both R&D and patents) on 

employees. The main outcome of their quantile regressions was that innovation and 

employment were positively linked and innovation had a stronger impact for those 

firms that revealed the fastest employment growth. 

Other more recent studies try to overcome a single-country dimension. 

For instance, Bogliacino et al. (2012) - using a longitudinal database covering 677 

European manufacturing and service firms over the period 1990-2008 - found that a 

positive and significant employment impact of R&D expenditures was detectable in 

high-tech manufacturing and service sectors but not in the more traditional 

manufacturing sectors.  
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Also dealing with European firms, Evangelista and Vezzani (2012), who 

distinguished between the direct effect of process innovation on employment and its 

effect through increased sales, found - using CIS-4 data for six European countries - 

that the substitution effect of process innovation on employment was not statistically 

significant. 

Using firm level data from CIS in four European countries (Germany, France, UK, 

Spain), the already mentioned work by Harrison et al. (2014) put forward a testable 

model able to distinguish the relative employment impact of process and product 

innovation. The authors concluded that process innovation tended to displace 

employment, while product innovation was fundamentally labour-friendly. However, 

compensation mechanisms were at work, especially in the service sectors, and 

revealed to be particularly effective through the increase in the demand for the new 

products.  

Moving to very recent - still unpublished - papers, Pantea, et al. (2014) proxied 

technical change through three different ICT indicators and investigate their 

employment impacts using firm-level EUROSTAT data from seven European countries 

for the period 2007-2010 in both manufacturing and services. Running first difference 

OLS, the authors found that different proxies of ICT use have a statistically 

insignificant labour-saving effect across countries and sectors. They concluded that 

ICT diffusion is not detrimental to employment. 

More recently, Van Roy et al. (2015) estimated a dynamic and innovation-

augmented labour-demand function using a longitudinal dataset - matching different 

sources - covering almost 20,000 firms from Europe over the period 2003-2012. In 

this study, technical change is measured by forward-citation weighted patents and 

reveals its labour-friendly nature, as the outcome of GMM-SYS estimations. However - 

interestingly enough and consistently with previous studies - this positive employment 

impact of innovation is statistically significant only for firms in the high-tech 

manufacturing sectors, while not significant in low-tech manufacturing and services. 

Aldieri et al. (2015) are among the few that took into account spillovers in 

assessing the employment impact of innovation. Using the EU Industrial R&D 

Investment Scoreboard dataset (collected by the European Commission JRC-IPTS 

Institute and comprising the top R&D global performers), they constructed an 

unbalanced panel comprising 879 worldwide R&D-intensive manufacturing firms over 

the period 2002-2010. National, international, intra-industry and inter-industry 

spillovers are (somehow heroically) estimated from weighting firms’ R&D stocks 

through technological vectors based on the distribution of firms’ patents across 

technological classes (OECD REGPAT database). Consistently with the extant 
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literature, their results confirm a positive employment impact of R&D expenditures, 

while spillovers also appear to have a job-creation effect in the European and 

Japanese firms, but no in the US ones. 

In another very recent paper, Kancs and Siliverstovs (2015) put forward a 

different econometric approach where R&D expenditures were considered the 

“treatment effect” in a Generalised Propensity Score (GPS) model. Using JRC-IPTS 

Scoreboard data (see above), the authors focused on 483 companies in the high-tech 

sectors in the year 2007. Their results showed a non-linear employment impact of 

R&D expenditures with a positive and significant impact detectable only at the medium 

and medium-high innovation intensity levels. 

Finally, Dachs et al. (2015) also applied the model developed by Harrison et al. 

(2005 and 2014) to investigate the employment impact of product innovation (proxied 

by the sales due to new products), process innovation (dummy) and organizational 

change (dummy) over the different phases of the business cycle. Using firm-level 

pooled data from five CIS waves in 26 European countries over the period 1998-2010 

(EUROSTAT data) and running IV regressions, they found that product innovations 

were labour friendly in all the phases of the business cycle, while process innovation 

and organizational change exhibited a labour-displacing nature during both upturn and 

downturn periods. 

On the whole - although the microeconometric evidence is not fully conclusive 

about the possible employment impact of innovation - the vast majority of recent 

investigations provide evidence of a positive link, especially when R&D and/or product 

innovation are adopted as proxies of technological change and when high-tech sectors 

(both in manufacturing and services) are considered. A weaker evidence of a labour-

saving impact of process innovation is also detected by some studies, especially when 

low-tech manufacturing is at the core of the analysis. 

 

 

 

3 .3 Innovation, skills and tasks  

 

Beyond the quantitative impact of technological change on the level of 

employment, it is also relevant to investigate the qualitative effect of innovation on 

the different categories of workers. The literature focusing on the complementary 

between technological change and skilled labour has put forward the SBTC hypothesis 

supporting the view that new technologies - to be implemented effectively and 
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efficiently - require suitable skills (see Section 3.1).   

When the skill dimension of employees is considered, generally the classification 

used is based on the educational level (tertiary education is the common threshold) or 

the occupational level (white-collars - who do not undertake manual work - and blue-

collars, who undertake manual work). Although correlated each other, the indicator 

based on education partly reflects the continuous increase in the supply of skills, 

meanwhile the indicator based on occupations is more directly connected with the 

evolution of the demand for labour.  

Firm-level studies are the more frequent to test the SBTC hypothesis. However, 

considering the occupational structure, there is an increasing attention to the tasks 

which better capture the nature of occupations. Tasks are generally classified in: 

‘routinized’, when they can be expressed as a repetitive step-by-step procedure, and 

‘non-routinized’, when there is more space for cognitive skills, creativity and flexibility. 

Differently from the SBTC case, this degree of analysis can be hardly applied to the 

company-level since databases with this detail of investigation are generally not 

available at micro-level. 

Overall, the strong empirical dimension of these studies start from the 

consideration that during the last three decades - while the ICT technologies were 

rapidly spreading - OECD countries have shown a significant change, both in the 

composition of the labour force and in the wage shares, in favor of the skilled 

component of the labour force (see, for instance, Nickell and Bell, 1995; OECD, 1996 

and 1998).  

In accordance with different institutional systems and specific degree of flexibility 

of the labour markets, economies have shown a dominant role either of the 

‘employment effect’ or the ‘wage effect’. In particular, while in the continental 

European countries, i.e. Germany (Abraham and Houseman, 1995), France (Goux and 

Maurin, 2000) and Italy (Casavola et al., 1996), the increase in wage differentials 

between skilled and unskilled has been more limited, rapidly increasing wage 

differentials have been registered in the US (Autor et al., 1998) and in the UK (Haskel 

and Slaughter, 1998), Symmetrically, in the continental European countries - 

compared to US and UK - there has been a greater impact on employment figures, 

with higher unemployment levels partly caused by the reduction of the employment of 

the unskilled workers. 

Let us now go into the details of the extant literature, again grouped together by 

its geographical focus. 

In Germany, Falk and Seim (1999) studied the impact of new technologies on the 

more educated share of workers at the firm level (900 firms in 1994-1996) only in 
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service sectors. The firms devoting more resources in ICT employed more educated 

workers, even if the dimension of the relationship was strongly dependent on the 

specificity of sectors.  Moreover, Falk (2001) showed how the increase in office 

machinery and computer capital accounted for at least 60% of expanding employment 

of university graduates in 35 manufacturing sectors for the period 1978-1994. 

In the case of France, Mairesse et al. (2001) - using firm level data for 1986, 1990 

and 1994 - showed how the negative impact of ICT on less-qualified labour was robust 

in time-series. However, Goux and Maurin (2000) provided evidence of how an 

increased spread of new technologies explained only 15% of the change in labour 

demand between 1970 and 1993. In their study, the upskilling phenomenon would 

have been caused by the dynamics of the internal demand towards skill-intensive 

productions. 

In Italy Casavola et al. (1996) used the INPS database covering 36,000 Italian 

firms in the 1986-1990 time-span to study the effect of technological change on the 

labour demand and wages for skilled workers. They found that the wage difference 

between categories in Italy was lower than elsewhere, but that technological change 

had a positive effect on the employment of skilled workers. However, Piva and 

Vivarelli (2001 and 2002) showed - on a sample of 412 manufacturing firms (1991-

1997) - that the link between R&D and the skill-bias was not confirmed. The main 

explanation to drive upskilling was found in organizational rather than technological 

change. The role played by organizational change jointly with technological change 

was later investigated by Piva et al. (2005) who estimated a SUR model for a sample 

of Italian manufacturing firms. Their results confirmed that upskilling was more a 

function of reorganizational strategy than a consequence of technological change 

alone. Moreover, some evidence of superadditive effects between the two changes 

emerged. Analyses based on microdata confined to a specific industry provide more 

heterogeneous results. For instance, Baccini and Cioni (2010) focused on the impact of 

new technologies on the skill composition in the Italian textile industry, showing that 

ETC negatively affected low-skilled workers in most cases, while only in rare cases 

high-skilled occupations were displaced by new machinery.  

In Spain, Aguirregabiria and Alonso-Borrego (2001) used a panel of 1,080 

manufacturing firms and tested the relation between new technologies and upskilling 

using the GMM estimator for dynamic panels. Using as technological variable a dummy 

on the introduction of ‘technological capital’, the SBTC hypothesis was confirmed. 

Luque (2005), using an unbalanced panel data of approximately 1,000 Spanish firms 

over the 1990-1998 period, showed – through a decomposition methodology - that 

the raise in the demand for skills came mainly from surviving firms increasing their 
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skill-mixes in response to the re-tooling or upgrade in technology. Furthermore, firms 

belonging to high-tech sectors accounted for the majority of the increase in the skill-

mix. 

Turning to more flexible labour markets countries, the US and the UK, results 

mainly confirm the SBTC hypothesis.  

Berman et al. (1994) analyzed the dynamics of 450 US manufacturing sectors 

during the ‘80s. Their econometric analysis showed how the shift in employment 

structure in favor of skilled workers was significantly determined by investments in 

computers and R&D. Autor et al. (1998) extended the previous study over a longer 

period, 1950-1990, also including non-manufacturing sectors, and confirmed the 

complementary relationship between investment in computers and the skill structure. 

Sectoral outcomes concerning the US economy were also confirmed by studies 

using micro data. For instance, Dunne et al. (1997) - using US manufacturing firms 

data from over the period 1972-1988 - showed a positive but not robust relation 

between 17 advanced industrial technologies and skilled labour; however, they found 

a positive and significant relationship between R&D and skilled labour. 

Doms et al. (1997) followed a similar approach and showed that the use of the 

most advanced industrial technologies caused a greater utilization of workers with 

higher qualifications in a cross section analysis, even if, once the time dimension 

(1987-1992) was taken into account, the link between new technology and upskilling 

did not seem very significant. 

In a more recent work, Morrison and Siegel (2001) tried to assess simultaneously 

the impact of trade, technology and outsourcing on shifts in labour demand using a 

dynamic cost function framework. Using an iterative 3SLS method and data on US 

manufacturing sectors (1959-1989) and computing cost elasticity measures for 4 

educational classes of workers, they provided evidence that technology had the 

strongest impact in favor of highly educated workers and simultaneously reduced the 

demand for workers without a college degree.  

In the case of UK, Machin (1996) – using both firm-level data (1984-90) and 

sector-level data (1979-90) – showed a positive relation both between the use of 

computers and skilled labour in the case of the firms and between R&D intensity, 

number of innovations produced and number of innovations used, and skilled labour in 

the sector analysis. His results were supported by a study by Haskel and Heden 

(1999) at firm-level (during the ‘80s) in which the positive relation between 

investment in computers and skilled labour was confirmed. 

Finally, some authors tried to go beyond the national level. Machin and Van 

Reenen (1998) set up a panel (at the manufacturing-sector level for 7 countries: 
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Denmark, France, Germany, Japan, Sweden, UK and US) and showed that the relative 

demand for skilled workers was positively linked to R&D expenditure. The robustness 

of the results was confirmed both with reference to alternative econometric 

specifications and controlling for potential problems of endogeneity.  

More recently, Los et al. (2014) proposed a new method to analyze the changing 

skills structure of employment in countries based on the input-output (World Input-

Output Database - WIOD) structure of the world economy (ten developed countries). 

Using structural decomposition analysis, they studied the relative importance of 

changes in technology, trade and consumption for the period 1995-2008 on skills. 

They provided evidence that the most important role has been played by technological 

change as the main culprit regarding downward pressure on employment of low-skilled 

and medium-skilled workers in advanced countries. 

On the whole and at least till the overturn of the XX century, the evidence in favor 

of the skill-biased (in terms of number of employees) nature of new technologies is 

robust and proved across different OECD countries, various economic sectors and 

different types of innovation. 

However, as anticipated in Section 3.1, the SBTC hypothesis has recently been 

extended to better focus on the precise nature of tasks required to workers. This 

additional analysis is motivated by a widespread evidence of an increasing job 

polarization: if jobs are ranked by their initial wage at a point in time in the late 1980s 

or early 1990s, then increases in employment share are observed at the top and 

bottom of this distribution, whereas those jobs that are in the middle have lost 

employment share over time. A U-shaped curve represents the polarization 

phenomenon (see McIntosh, 2013, for an updated survey on this topic).  

There is evidence of “job polarization” especially in the UK (see Goos and Manning, 

2007) and in the US (Autor and Dorn, 2009). To illustrate their results, and in 

particular their most surprising finding that employment was growing in the lowest 

level jobs, Goos and Manning (2007) listed the ten occupations that had seen the 

largest increases in employment share between 1979-1999, using Labour Force 

Survey (LFS) data. This list was dominated by high-level jobs in business and finance, 

but in positions 1, 6 and 7, respectively, there were care assistants, education 

assistants and hospital assistants.  

Other studies have confirmed the results of Goos and Manning, using different 

datasets and studying slightly different periods. For example, Holmes and Mayhew 

(2012), using LFS for 1981-2008, ranked jobs by early mean average pay (in 1986), 

and then divided into deciles. When the employment figures were adjusted to take 

account of hours of work (rather than just number of workers), they found that 
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employment share grew in deciles 1, 9 and 10, with the largest increases in the latter 

two. 

A similar pattern of polarization has been observed in the US. Autor and Dorn 

(2009), using US census data over the period 1980-2005, showed the usual U-shaped 

curve, with positive changes in employment share observed up until the 15th 

percentile, and then from the 60th percentile upwards. 

Even in other institutional contexts, evidence of polarization has been provided. 

For instance, Spitz-Oener (2006) created her own ‘Skill index’, based on predicted 

levels of education, and ranked occupations - over the period 1979-1999 - in Germany 

into deciles based on this index. She obtained similar findings to those in the UK and 

the US, with a rising employment share for deciles 1, 9 and 10. Kampelmann and 

Rycx (2011) extended the period under consideration to 1985-2008 and confirmed 

that the usual polarisation pattern remains over this longer period. 

All in all, while the first decades of the ICT revolution were mainly characterized by 

the SBTC, more recently job polarization emerges and seems to be caused by the so-

called: Task-biased technological change (TBTC) or Routine-biased technological 

change (RBTC). The falling cost of computing power has led to a fast introduction and 

diffusion of technologies which replace jobs involving routine tasks that are easily 

programmed, such as administrative and production jobs.  

Moving from the aggregate statistical evidence of polarization into more granular 

studies, the seminal contribution by Autor et al. (2003) has zoomed into the 

relationship between new technologies (mainly computers and ICT) and skills, 

sustaining indeed that innovations can replace human labour when it is mainly based 

on routines, but they can hardly replace non-routine tasks where technologies are 

complements, and not substitutes of the existing tasks. Thus, when the price of 

computing power fells - as it has done exponentially in recent times - routine jobs are 

the most at risk (see also the introductory Section 2.1). In order to carry out their 

analysis, Autor et al. (2003) defined the tasks involved in each one of the 450 

occupations included the Dictionary of Occupational Titles (DOT). The tasks considered 

were classified according to one of five types: non-routine cognitive/analytic, non-

routine cognitive/interactive, routine cognitive, routine motor (manual) and non-

routine motor. Each occupation received a score for each of the task measures. The 

resulting scores were consistent with expectations (i.e., for example, the highest-

scoring task amongst managers was non-routine cognitive/interactive, etc.). They 

then studied the evolution of the five tasks derived. Moreover, they measured 

technological change by the change in the fraction of workers in the industry who used 

computer in their jobs in the 1984-1997 time-span. Regressing the change in task 
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involvement on the change in computer use revealed that technological change was 

positively related to the increased use of non-routine cognitive tasks. On the other 

hand, routine tasks (both cognitive and manual) were strongly negatively related to 

technological change. As far as non-routine manual tasks are concerned, they turned 

out to be unrelated to technological change until the 1990s, when a positive and 

significant relationship between them has emerged4. 

Recently, in a different institutional context, Adermon and Gustavsson (2015) 

showed that - between 1975 and 2005 - Sweden exhibited a pattern of job 

polarization with expansions of the highest and lowest-paid jobs compared to middle-

wage jobs. Their estimates did not support TBTC for the 1970s and 1980s, but a 

stronger evidence, albeit not conclusive, was found for the 1990s and 2000s. In 

particular, there was both a statistically and economically significant growth of non-

routine jobs and a decline of routine jobs.  

Considering multi-country studies, Michaels et al. (2014) undertook their analysis 

at the industry level in eleven countries (nine European countries, Japan and US). The 

data source was the EUKLEMS data set for the 1980-2004 time span. The authors 

distinguished between high, middle and low-qualified individuals (correlated to more 

likely job tasks), and measured the wagebill share of each group within each industry-

country-year observation. The main explanatory variable of interest is ICT capital. The 

results revealed a positive coefficient of ICT in the high-qualified workers, a negative 

coefficient of ICT in the mid-qualified equation, and a positive but insignificant 

coefficient in the low-qualified workers. Under the assumption that highly-qualified 

workers are employed in high skill level jobs, these results are consistent with the 

TBTC hypothesis (the results suggest that a one percentage point increase in ICT 

intensity is associated with a 0.8 percentage point fall in the proportion of mid-

qualified workers).  

As much as recently, Goos et al. (2014) tested, beyond the TBTC hypothesis, 

offshoring and the global competition hypothesis in 16 Western European countries 

over the period 1993-2010. They found that changes in wages across occupations 

were not strongly related to the technology and offshoring variables. However, they 

turned out to affect employment levels. Authors suggested that this result is due to 

labour market institutions that prevent flexibility of wages in many European 

countries, particularly at the bottom end of the wage distribution. 

                                          

4 In a more recent work in the US, Autor and Dorn (2013) extended the basic model to a spatial equilibrium 

setting, providing evidence of reallocation of low-kill workers from routine-task intensive occupations into 

service occupations (due to TBTC) and showing how service occupations co-locate with demanders of their 

services. 
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Naticchioni et al. (2014), analyzing Europe overall, using EU-KLEMS and WIOD 

industrial data, the harmonized European Community Household Panel (ECHP) and the 

European Union Statistics on Income and Living Conditions (EU-SILC) at the individual 

level for the 1995-2007 time-span, showed how technological changes had an effect 

especially on polarization of jobs, but not on polarization of wages. 

Even more recently, Marcolin et al. (2016a) put forward a study based on sectoral 

data from 2000 to 2011 for 28 OECD countries, split employees into four categories 

depending on the degree of routine intensity. The analysis relied on a new country-

specific measure of their routine intensity built using individual-level information from 

the OECD Programme for the International Assessment of Adult Competencies (PIAAC) 

survey. A new routine intensity index (RII) was constructed using responses to four 

PIAAC questions. RII, which was calculated for countries, occupations and sectors in 

an independent fashion and at fairly disaggregated levels, was used to group 

occupations into four routine-intensity classes: non-routine, low routine-intensive, 

medium routine-intensive and high routine-intensive. In order to test the TBTC, ICT 

intensity, to proxy innovation, exhibited a positive correlation with employment levels 

in non-routine occupations, and a negative one with high routine-intensive 

occupations (see also Marcolin et al., 2016b). 

As a summary, it is obvious that new technologies hardly affect skills and tasks in 

all the economic sectors. However, a trend is detectable over time: in the first decades 

of the ICT revolution (since the late ‘70s to the late ‘90s) a SBTC impact has been 

obvious, especially with regard to manufacturing and production activities. Later (since 

the late ‘90s to nowadays) and especially in the world leading country (the US) the 

TBTC has emerged as a powerful driver of an increasing polarization of jobs and 

wages, involving both manufacturing and service sectors. 

 

 

 

3 .4 Conclusions 

 

Some very brief summarizing remarks can be proposed at the end of this survey. 

 The economic theory does not provide a clear-cut answer about the 

quantitative employment effect of innovation, since this depends on 

institutional factors, crucial parameters such as price and income elasticities, 

demand and profit expectations and other contextual factors. This is why the 
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attention of the economists is nowadays focusing on the empirical studies 

discussed in this chapter. 

 Although the econometric evidence is not fully conclusive about the final overall 

employment impact of innovation, most of recent studies provide evidence of a 

positive relationship between technological change and jobs. However, this job-

creation effect is particularly obvious when R&D and/or product innovation are 

adopted as proxies of innovation and when high-tech sectors (both in 

manufacturing and services) are considered. A weaker evidence of a labour-

saving impact of process innovation is also detected in some studies, especially 

when low-tech manufacturing sectors are considered. 

 Beyond the quantitative impact of innovations on the level of employment, it is 

also relevant to investigate the qualitative effect of innovation on the different 

categories of workers, in terms of their education, skills and performed tasks. 

In particular, the literature focusing on the complementary between 

technological progress and skilled labour has put forward the skill-biased 

technological change (SBTC) hypothesis. 

 However, while until the late ‘90s a SBTC impact has been obvious (especially 

with regard to manufacturing and production activities) and documented by a 

plethora of econometric studies, later the task-biased technological change 

(TBTC, that is destructive of routinized jobs) has emerged as a powerful driver 

of an increasing polarization of jobs and wages, involving all the economic 

sectors. 
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4  EUROPEAN SECTORAL AND FIRM-LEVEL EVIDENCE 

 

 

4 .1 Introduction 

  

The purpose of this chapter is to provide two empirical studies comprising different 

European countries, the first based on sectoral data and the second one based on firm-

level data. Both studies replicate previous analyses, using either updated or entirely new 

datasets.  

In more detail, the first sectoral study (Section 4.2) is based on: 

 Bogliacino, F. - Vivarelli, M. (2012), The Job Creation Effect of R&D Expenditures, 

Australian Economic Papers, 51, 96-113. 

In Section 4.2 we described how we updated the reference dataset to the year 2011 

and its new national and sectoral splitting. As in the reference article, the econometric 

analysis is based on a standard dynamic labour demand, augmented with technology.  

The results are discussed in the second part of the Section and summarized in the 

conclusive Section 4.4. 

 The second study uses microdata and it is based on: 

 Bogliacino, F. - Piva, M. - Vivarelli, M. (2012), R&D and Employment: An 

Application of the LSDVC Estimator Using European Data, Economics Letters, 116, 

56-59. 

In Section 4.3 we make clear that - although performing estimates of the same 

specification and using the same econometric methodology of Bogliacino, Piva and 

Vivarelli, 2012 - this replication exercise uses the IPTS-Scoreboard data, differently from 

the original article based on COMPUSTAT data. Section 4.3 describes in detail the 

construction of the new workable dataset. 

 Results are presented in the second part of Section 4.3 and further discussed in 

Section 4.4. 

 

The reader can refer to the two sourcing articles for further description of the nature 

of the data and the detailed discussion of the adopted methodologies both in terms of 

the estimated specifications and the related econometric issues.  

In what follow, we will focus on the different data used, the new results obtained and 

the discussion of the degree of consistency to what found in the two studies listed above. 
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4 .2 The sectoral study 

 

Bogliacino and Vivarelli (2012) based their work on a database including two-digit 

sectors belonging to manufacturing and market services, covering the 1996-2005 period 

for 15 European countries (Austria, Belgium, Czech Republic, Denmark, Finland, France, 

Germany, Greece, Hungary, Italy, Netherlands, Portugal, Spain, Sweden, United 

Kingdom) for a total of 2,295 observations. They used the statistical source OECD-STAN 

for most of the information, coupling it with OECD-ANBERD as far as business R&D is 

concerned. 

 

In this replication study, we use exactly the same statistical sources with two 

extensions: 1) we extend the analysis to all the available sectors which were not 

previously available; 2) we extend the time-span to the period 1998-2011, for an 

increased total number of observations equal to 3,073.  

However, due to the recent adoption of the industrial ISIC Rev. 4 classification5, reliable 

harmonized OECD ANBERD and STAN sectoral data are now available for a reduced 

number of European countries. Therefore, we have to limit our focus to the following 11 

European countries: Austria, Belgium, Czech Republic, Denmark, Finland, Germany, 

Hungary, Italy, Norway, Slovenia, Sweden. 

Value added has been deflated using the sectoral deflators provided by STAN, which take 

hedonic prices into account. All other nominal variables have been deflated using GDP 

deflators. We have considered 2010 as the base year. We have corrected all the series 

for purchasing power parities, expressing, at the end, all the monetary values in constant 

prices and PPP 2010 US dollars6.  

 

 

In Table 4.1 we report the average R&D intensity for the covered industries, 

measured as the ratio of R&D expenditures over value added (for a comparison, see 

Table 1 in Bogliacino and Vivarelli, 2012, p.101). 

 

As in Bogliacino and Vivarelli (2012), the estimated equation is a standard dynamic 

labour demand, augmented with technology: 

                                          

5 Previous sectoral classification was ISIC Rev. 3. Even if ISIC Rev. 3 and ISIC Rev. 4 are not dramatically 

different, the adopted sectoral classification – which is our main focus of analysis – has to be fully reliable 

and comparable across countries. Therefore, we choose to use only data classified with ISIC Rev. 4, as 

declared by the OECD data source. 
6 In order to be consistent within our statistical sources, we used information provided by OECD: 

http://stats.oecd.org/ where both deflators, exchange rates and PPP series are available. 

http://stats.oecd.org/
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where i, j, t indicate respectively industry, country and year; E is employment, W is 

labour compensation per employee, Y is value added, I is gross fixed capital formation, 

R&D is straightforward, C is a set of country dummies, T is a set of time dummies, and 

the last two terms are the components of the error term.  

 

Table 4.1: The sectoral splitting  

Industries ISIC Rev. 4 R&D intensity  

Agriculture, forestry and fishing 01-03 0.39 LT 

Mining and quarrying 05-09 1.02 MT 

Food products, beverages and tobacco 

products 

10-12 0.97 LT 

Textiles 13 2.01 MT 

Wearing apparel 14 1.53 MT 

Leather and related products, footwear 15 1.88 MT 

Wood and products of wood and cork, 

except furniture; articles of straw and 

plaiting materials 

16 0.51 LT 

Paper and paper products 17 1.29 MT 

Printing and reproduction of recorded 

media 

18 0.46 LT 

Coke and refined petroleum products 19 1.13 MT 

Chemicals and chemical products 20 5.16 HT 

Basic pharmaceutical products and 

pharmaceutical preparations 

21 16.46 HT 

Rubber and plastics products 22 2.70 MT 

Other non-metallic mineral products 23 1.50 MT 

Basic metals 24 2.35 MT 

Fabricated metal products, except 

machinery and equipment 

25 1.62 MT 

Computer, electronic and optical 

products 

26 22.67 HT 

Electrical equipment 27 6.80 HT 

Machinery and equipment n.e.c. 28 5.47 HT 

Motor vehicles, trailers and semi-

trailers 

29 9.11 HT 

Other transport equipment 30 12.40 HT 
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Industries ISIC Rev. 4 R&D intensity  

Furniture; other manufacturing; repair 

and installation of machinery and 

equipment 

31-33 2.15 MT 

Electricity, gas and water supply; 

sewerage, waste management and 

remediation activities 

35-39 0.30 LT 

Construction 41-43 0.20 LT 

Wholesale and retail trade, repair of 

motor vehicles and motorcycles 

45-47 0.30 LT 

Transportation and storage 49-53 0.07 LT 

Accommodation and food service 

activities 

55-56 0.02 LT 

Publishing, audiovisual and 

broadcasting activities 

58-60 1.33 MT 

Telecommunications 61 1.71 MT 

IT and other information services 62-63 5.18 HT 

Financial and insurance activities 64-66 0.43 LT 

Real estate activities 68 0.01 LT 

Scientific research and development 72 32.85 HT 

Administrative and support service 

activities 

77-82 0.11 LT 

Public administration and defense; 

compulsory social security 

84 0.00 LT 

Human health and social work activities 86-88 0.15 LT 

Arts, entertainment and recreation 90-93 0.06 LT 

Other service activities. Activities of 

households as employers; 

undifferentiated goods- and services-

producing activities of households for 

own use 

94-98 0.05 LT 

 

Notes: LT stands for low-tech; MT for medium-tech and HT for High-tech industries. As 

long as the available classifications are not fully exhaustive 

(http://ec.europa.eu/eurostat/statistics-explained/index.php/Glossary:High-

tech_classification_of_manufacturing_industries; 

http://ec.europa.eu/eurostat/cache/metadata/Annexes/htec_esms_an3.pdf), we decided 

to adopt an endogenous classification based on the revealed R&D intensities, in order to 

have three homogeneous groups (the outcome is  however almost fully consistent with 

EUROSTAT classification). In particular, sectors are classified as LT if R&D intensity is less 

than 1%; MT if it is included between 1% and 5%; HT if R&D intensity is larger than 5%.  

 

http://ec.europa.eu/eurostat/statistics-explained/index.php/Glossary:High-tech_classification_of_manufacturing_industries
http://ec.europa.eu/eurostat/statistics-explained/index.php/Glossary:High-tech_classification_of_manufacturing_industries
http://ec.europa.eu/eurostat/cache/metadata/Annexes/htec_esms_an3.pdf


A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

46 

 

Table 4.2: Dependent variable: number of employees in log scale 

 

 (1) 

GLS 

(2) 

WG 

(3) 

GMM-SYS 

log(Eijt-1) 0.963*** 

[0.008] 

0.755*** 

[0.016] 

0.930*** 

[0.031] 

log(Wijt) -0.020*** 

[0.007] 

-0.028** 

[0.012] 

-0.042 

[0.028] 

log(Iijt) -0.006** 

[0.002] 

-0.007 

[0.004] 

-0.010** 

[0.005]  

log(R&Dijt) 0.002** 

[0.001] 

0.002* 

[0.001] 

0.005** 

[0.002] 

log(Yijt) 0.050*** 

[0.010]  

0.151*** 

[0.024]  

0.096*** 

[0.029] 

const. -0.410*** 

[0.063]  

-0.169 

[0.458] 

-0.794*** 

[0.144] 

S Yes No Yes 

T Yes Yes Yes 

N Obs 3,073 3,073 3,073 

Hansen   250.20 

p value   0.079 

N instruments   220 

AR(1)   -6.74 

p value   0.000 

AR(2)   -1.78 

p value   0.077 

 

Notes: robust standard errors in brackets. E stands for number of employees, Y for Value 

Added, R&D for research and development expenditures, I for gross fixed capital 

formation and W for labour compensation per employee. One, two and three stars 

indicate significance respectively at 10, 5 and 1 percent. All the regressors are 

considered endogenous as in Bogliacino and Vivarelli (2012). Instruments include lags 

from two to four. 
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As can be seen from Table 4.2, the results exhibit some similarities and some 

differences, compared with the ones obtained in Bogliacino and Vivarelli (2012, Table IV, 

p.105). Focusing on the more reliable GMM-SYS estimates and starting from the 

similarities, we can confirm that the employment variable turns out to be highly auto-

correlated (as expected) and that value added is positively linked with employment, 

while wages inhibit the demand for labour (however - opposite to Bogliacino and 

Vivarelli, 2012 - in our estimate the first relationship turns out to be significant, while the 

second does not).  

Together with these expected results, in our case capital formation is negatively (and 

significantly at 95%) related to employment; this result is in contrast with what found in 

Bogliacino and Vivarelli (2012) and points to a possible labour-saving effect due to ETC 

incorporated in the new investment. It may well be the case that in most recent years 

(also including the worldwide financial crisis and its consequences) the rationalizing 

component of investment has turned out to dominate its expansionary component. 

Turning our attention to the main variable of interest (R&D), the outcome based on the 

overall estimate is fully consistent with what was obtained by Bogliacino and Vivarelli 

(2012): the elasticity between R&D expenditures and employment turns out to be 

positive and significant (95% in our case, 99% in the previous study) but very small in 

magnitude: 0.005 in Table 4.2 in comparison with 0.025 in Bogliacino and Vivarelli 

(2012).  

Therefore, considering all the economic sectors, R&D expenditures show a labour-friendly 

nature, although their impact is almost negligible: doubling R&D would induce an 

increase of employment by about 0.5%. However, a novelty of this replication exercise is 

that - in recent years – ETC seems to have played an important role: ceteris paribus, an 

increase of 100% in investment activity in Europe would imply a decrease of 1% in 

employment levels. 

 

Consistently with Bogliacino and Vivarelli (2012), we have also run alternative 

specifications in which we have replaced capital and R&D flows with stocks (respectively 

K and Z); the variables K and Z have been constructed following the methodology 

described in detail in Bogliacino and Vivarelli (2012; p. 106)7. 

 

                                          

7 Since we included all the available sectors - even additional services which were not considered in 

Bogliacino and Vivarelli (2012) - we opted for a cautious approach and we built the cumulated stocks of 

knowledge and physical capital using the Perpetual Inventory Method (PIM) without differentiating the 

depreciation rate among industries and so using the reference rates of 15% for R&D and 6% for physical 

capital. 
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As can be seen in Table 4.3, the demand for labour coefficients well behave, confirming 

the auto-correlated nature of the employment variable, the positive and highly significant 

impact of output and the negative effect of wages (which turn out to be barely significant 

in these estimates). The negative impact of capital formation is not only confirmed (third 

column), but also reinforced by using the stock variable K; indeed, at least in the 

examined period, the complementarity between capital and labour has been reversed 

into a labour-saving impact, possibly due to ETC.  
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Table 4.3: Dependent variable: number of employees in log scale (flows and 

stocks) 

 (1) 

GMM-SYS 

(2) 

GMM-SYS 

(3) 

GMM-SYS 

log(Eijt-1) 0.931*** 

[0.031] 

0.948*** 

[0.027] 

0.947*** 

[0.028] 

log(Wijt) -0.042 

[0.029] 

-0.043* 

[0.026]  

-0.046* 

[0.026]  

log(Kijt) -0.009** 

[0.005]  

-0.012** 

[0.004]  

 

log(Iijt)   -0.012** 

[0.005] 

log(Zijt)  0.009*** 

[0.003]  

0.008*** 

[0.003]  

log(R&Dijt) 0.005** 

[0.002] 

  

log(Yijt) 0.096*** 

[0.028] 

0.086*** 

[0.026]  

0.087*** 

[0.027]  

const. -0.764*** 

[0.218] 

-0.777*** 

[0.157] 

-0.797*** 

[0.158]  

S Yes Yes Yes 

T Yes Yes Yes 

N Obs 3,073 2,826 2,826 

Hansen 2490.90 234.26 225.56 

p value 0.116 0.243 0.234 

N instr 220 220 220 

AR(1) -6.56 -6.61 -6.62 

p value 0.000 0.000 0.000 

AR(2) -1.76 -1.70 -1.70 

p value 0.078 0.089 0.090 

Notes: robust standard errors in brackets. E stands for number of employees, Y for Value 

Added, R&D for research and development expenditures, Z for R&D stock, I for gross 

fixed capital formation, K for capital stock and W for labour compensation per employee. 

One, two and three stars indicate significance respectively at 10, 5 and 1 percent. All the 

regressors are considered endogenous as in Bogliacino and Vivarelli (2012) and 

instruments include lags from two to four. 
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Moving to the R&D flow and stock (Z), its labour-friendly nature is fully confirmed 

and even reinforced: when Z is considered, the estimated elasticity increases to 

0.8/0.9% and its significance rises to 99%. 

On the whole, the stock estimates are consistent with the flow ones and point to a 

labour-friendly nature of R&D and a labour-saving impact of ETC, more or less 

compensating each-other. 

 

A final step in replicating Bogliacino and Vivarelli (2012) consists in using the 

sectoral splitting presented in Table 4.1 in order to investigate possible sectoral 

peculiarities in the relationship between innovation and employment. For both 

methodological and computational reasons - although we used the same econometric 

approach (choosing the LSDVC estimator as the preferred one when dealing with 

samples with a relatively small number of observations) - we have opted for separate 

regressions for the LT, MT and HT sectors, instead of using interacted variables as in the 

original study. 

 

Previous results in terms of path-dependency of the dependent variable, significant 

positive impact of value added and negative impact of the cost of labour, are fully 

confirmed (interestingly enough, the negative role of salaries in affecting employment 

seems to be limited to the low-tech sectors, where competition is mainly based on cost-

saving rather than on innovation).  

 

The sectoral splitting also allows throwing some light on the revealed overall 

negative relationship between investments and employment: this seems to be entirely 

due to the traditional low-tech sectors, while the link is not significant in the HT sectors 

and even positive in the MT ones. Therefore, a possible labour-saving effect due to ETC 

incorporated in process innovation appears to be specific to the low-tech sectors where 

competition is reached through decreasing costs (lower wages and process innovation). 

This picture is consistent with what found with regard to our main variable of interest: 

indeed, R&D expenditures are job-creating in both the medium-tech and the high-tech 

sectors (with a 95% level of confidence and an elasticity raising to 1.8% in the MT and 

2.6% in the HT), but not in the traditional sectors where they turn out to be not 

significant. 

 

Compared with the sectoral outcomes in Bogliacino and Vivarelli (2012), our results 

concerning capital formation are novel, while the ones related to the role of R&D are 

consistent with what found in the previous study (although in that case the labour-
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friendly nature of R&D expenditures was obvious only in the HT industries, with the same 

elasticity - 2.6% - and a 99% level of statistical significance).  

 

Table 4.4: Dependent variable: number of employees in log scale 

 (1) 

LSDVC 

LT 

(2) 

LSDVC 

MT 

(3) 

LSDVC 

HT 

log(Eijt-1) 0.839*** 

[0.030] 

0.858*** 

[0.029] 

0.726*** 

[0.030] 

log(Wijt) -0.051*** 

[0.013] 

-0.001 

[0.006] 

-0.015 

[0.016] 

log(Iijt) -0.013** 

[0.006] 

0.013** 

[0.006] 

-0.008 

[0.005] 

log(R&Dijt) 0.001 

[0.001] 

0.018** 

[0.008] 

0.026** 

[0.013] 

log(Yijt) 0.139*** 

[0.020] 

0.072*** 

[0.016] 

0.159*** 

[0.016] 

T Yes Yes Yes 

N Obs 1,194 732 500 

Initial estimator GMM-DIF GMM-DIF GMM-DIF 

 

Notes: bootstrapped standard errors in brackets (50 iterations). E stands for number of 

employees, Y for Value Added, R&D for research and development expenditures, I for 

gross fixed capital formation and W for labour compensation per employee; one, two and 

three stars stay for a statistical significance respectively at 10, 5 and 1 percent. The 

overall number of observations is less than in previous tables since the initialization 

process uses the Arellano-Bond estimator, which only instruments equations in 

differences using levels. 
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4 .3 The firm-level study 

 

As in Bogliacino et al. (2012), the original microdata strings used in this study were 

provided by the JRC–IPTS of the European Commission. However, while Bogliacino et al. 

(2012) is based on micro-data extracted by a merge of COMPUSTAT and other statistical 

sources (including companies’ annual reports, the Securities and Exchange Commission 

(SEC) 10-K and 10-Q reports, daily news services and direct company contact) and 

covering the time span 1990-2008 for the EU, this replication exercise uses JRC-IPTS 

Scoreboard data and is limited to EU firms over a period of 12 years (2002-2013; see 

JRC-IPTS, 2015).  

 

The longitudinal database contains the following information: 

 

 Company identification and sectoral classifications (both Industry 

Classification Benchmark (ICB) and NACE Rev.2 are available); 

 Basic economic data, including the crucial information for this study, namely: 

net sales, capital formation, R&D expenditures and employment. However, 

with regard to the cost of labour - missing in the IPTS-Scoreboard - we had 

to use information (where available) downloaded from the Orbis database 

(Bureau Van Dijk; see below). 

 

 

It is important to underline that the number of years available for each company 

depends on the company’s history; more specifically, a firm enters the database when it 

first publishes a public financial statement and exits from it in case of bankruptcy, or 

because  it exits from the relevant market or due to M&A. Thus, the longitudinal 

database is unbalanced in nature. 

Once we had acquired the rough original IPTS-Scoreboard data, we proceeded to 

construct a consistent longitudinal database to be properly adequate for running panel 

estimations intended to test the relationship between R&D and employment. We adopted 

the following step by step procedure. 

 

First step: data extraction 

We established the following criteria to guide the extraction of the data from the original 

IPTS files: 

- We selected only those companies located in the EU countries; 
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- We extracted information concerning R&D, net sales, capital formation, R&D 

expenditures and employment. Only firms with complete information were kept. At this 

stage, the sample was composed by 710 companies and 6,170 observations. 

- We expressed all the value data in the current national currency. As all data within the 

Scoreboard are presented in Euro (applying the last available exchange rate for non-Euro 

countries), we transformed them back into nominal and national currency values. 

 

Second step: deflation of current nominal values 

Nominal values were translated into constant price values through GDP deflators 

(source: http://stats.oecd.org/) centered on the year 2010. For a tiny minority of firms 

reporting in currencies different from the national currency (i.e. 1 Belgian, 11 Dutch, 9 

Irish and 11 from Luxembourg reporting in US dollars), we opted for deflating the 

nominal values through the national GDP deflator as well.  

 

Third step: values in PPP dollars 

Once we had obtained constant 2010 price values, all figures were converted into US 

dollars using the PPP exchange rate at year 2010 (source: http://stats.oecd.org/)8. 1 

company from Malta was excluded, due to the unavailability of PPP exchange rates from 

the OECD. The 8 companies reporting in Euro but located in non-euro countries 

(Denmark, Sweden and UK) were excluded as well. The 58 European companies 

reporting in US dollars were - instead - kept as such. 

 

Fourth step: the final format of the panel data 

The obtained unbalanced database comprises 701 companies, 2 codes (country and 

sector) and 4 variables (net sales, capital formation, R&D expenditures and employment 

– cost of labour will be added as the very last step) over a period of 12 years (2002-

2013). 

Since we are interested to test the labour impact of R&D expenditures both in the 

aggregate and according to different technological levels (as in Bogliacino et al., 2012), 

we endogenously ranked firms on the basis of their R&D intensity (R&D/net sales), 

defining firms as High-tech when their R&D intensity is larger than 5%; Medium-tech if 

                                          

8 As reported in Bogliacino et al. (2011), this procedure is consistent with that suggested by the Frascati 

Manual (OECD, 2002) in order to adjust R&D expenditures correctly for differences in price levels over time 

(i.e. intertemporal differences requiring deflation) and between countries (i.e. interspatial differences 

requiring a PPP equivalent). In particular “...the Manual recommends the use of the implicit gross domestic 

product (GDP) deflator and GDP-PPP (purchasing power parity for GDP), which provide an approximate 

measure of the average real ‘opportunity cost’ of carrying out the R&D” (ibidem, p. 217). PPP dollars were 

chosen, since the US dollar is commonly considered the reference currency for global transactions, such as 

those carried out by the investigated firms. 
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R&D intensity is between 1% and 5%; Low-tech if the R&D intensity is less than 1%. 

This classification is fully consistent with the JRC-IPTS Scoreboard report (see JRC-IPTS, 

2015, which uses the same approach), and allows to properly rank also companies 

belonging to service sectors which turn out to be very heterogeneous in their R&D 

intensity. In doing so, we depart from Bogliacino et al., 2012, where an exogenous 

sectoral classification is used. Indeed, the Scoreboard dataset is not representative from 

a sectoral point of view, since it only comprises top world champions in terms of R&D 

investment, irrespective of their sectoral belonging; in this context, a traditional sectoral 

classification turns out to be inadequate to test the possible different job-creation impact 

of different level of R&D investment9.  

 

Since the following econometric exercise is based on a standard dynamic 

specification of the demand for labour and given the unbalanced nature of our 

longitudinal database, the inclusion of the lagged dependent variable in the estimated 

specification involved both a reduction in the number of firms (retaining only those firms 

with at least two consecutive employment data) and a further decrease in the number of 

observations (we lost 27 companies in this step).  

Therefore, we ended up with 674 companies for a total of 5,222 observations. Since the 

consideration of the labour-cost variable would have implied a dramatic decrease in 

terms of the number of information (see below), we have opted for firstly running our 

regressions without the wage control and then to include the additional variable and test 

again the extended specification.  

The following Table 4.5 reports the distribution of the retained firms across the different 

European countries10. 

 

  

                                          

9 Moreover, a sectoral splitting may result highly biased when, for instance, a low-tech sector might be 

entirely represented by few R&D global leaders. However, this classification is sufficiently consistent with the 

sectoral Eurostat classification, since the resulting HT firms are especially concentrated in Electronic & 

Electrical Equipment, Health Care Equipment & Services, Pharmaceuticals & Biotechnology, Software & 

Computer Services, Technology Hardware & Equipment (similar to Bogliacino et al., 2012). Firms codified as 

MT are mainly present in Automobiles & Parts, Chemicals, Construction & Materials, Electronic & Electrical 

Equipment and Industrial Engineering. In the case of LT firms, the most represented industries are: 

Construction & Material, Food Producers, Forestry & Paper, Oil & Gas Producers. 
10 Bearing in mind that all the included firms are quoted, some countries (such as the UK) where stock 

exchange quotation is more common, turn out to be over-represented.  
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Table 4.5: Sample composition 

COUNTRY FIRMS OBS. 

AUT 25 189 

BEL 23 197 

CZE 1 6 

DEU 142 1,016 

DNK 20 174 

ESP 18 147 

FIN 40 379 

FRA 101 855 

HUN 1 8 

IRL 17 132 

ITA 37 239 

LUX 11 37 

NLD 37 261 

POL 2 5 

POR 4 25 

SVN 2 12 

SWE 58 454 

UK 135 1,086 

EU 674 5,222 

 

As in Bogliacino et al. (2012) and consistently with the rest of this chapter, the 

estimated equation is a standard dynamic labour demand, augmented with technology: 
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(4.2)  

 

where i, j, t indicate respectively industry, country and year; E is employment, W is cost 

of labour per employee (when available), Y is net sales, I is capital formation, R&D is 

straightforward, C is a set of country dummies, T is a set of time dummies, and the last 

two terms are the components of the error term.  
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The dynamic specification (4.2) has been estimated using POLS, FE and LSDVC11; 

the following Table 4.6 reports the outcomes for the whole sample. 

 

Table 4.6: Dependent variable: number of employees in log scale 

 (1) 

POLS 

(2) 

FE 

(3) 

LSDVC 

log(Eijt-1) 0.909*** 

[0.006] 

0.547*** 

[0.108] 

0.604*** 

[0.016] 

log(Iijt) 0.005 

[0.004] 

0.043*** 

[0.008] 

0.045*** 

[0.009] 

log(R&Dijt) 0.010*** 

[0.003] 

0.034*** 

[0.012] 

0.029*** 

[0.008] 

log(Yijt) 0.058*** 

[0.007] 

0.319*** 

[0.069] 

0.307*** 

[0.014] 

T 

S 

Yes 

Yes 

Yes Yes 

N Obs 5,222 5,222 4,793 

Initial estimator   GMM-SYS 

 

Notes: robust standard errors in brackets. E stands for number of employees, Y for Net 

Sales, R&D for research and development expenditures and I for capital formation. One, 

two and three stars indicate significance respectively at 10, 5 and 1 percent. In the 

LSDVC estimate bootstrapped standard errors are reported in brackets (50 iterations). 

Due to the instrumentation procedure and the unbalanced nature of the sample, there is 

a slight reduction of observations in the LSDVC estimate. 

 

As it can be seen, the results are in line with the expectations and with most of the 

previous econometric outcomes discussed in this chapter: the demand for labour appears 

to be auto-regressive and positively and significantly affected by both output and 

investment (in this exercise based on global top-R&D investors, no evidence of a possible 

labour-saving impact of the ETC emerges).   

Turning our attention to the key regressor, R&D expenditures positively and significantly 

(99%) affect employment levels, with elasticity equals to 2.9%. Interestingly enough, 

                                          

11 The correlation coefficient between net sales and capital formation is somehow worrying in terms of 

possible collinearity (0.83); however, estimations run without I provide results fully consistent with the ones 

presented in Table 4.6 (available upon request). 



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

57 

 

these results are impressively very similar to the ones displayed by Bogliacino et al., 

2012 (p.58, Table 1, first column) both in terms of significance and magnitude of the 

estimated coefficients. 

Using the R&D intensity grouping criterion discussed above, we were able to run our 

estimates for HT, MT and LT firms separately. Results are presented in the following 

Table 4.7. 

 

Table 4.7: Dependent variable: number of employees in log scale 

 (1) 

LSDVC 

HT 

(2) 

LSDVC 

MT 

(3) 

LSDVC 

LT 

log(Eijt-1) 0.608*** 

[0.023] 

0.351*** 

[0.028] 

0.914*** 

[0.025] 

log(Iijt) 0.047*** 

[0.008] 

0.038** 

[0.019] 

0.059*** 

[0.032] 

log(R&Dijt) 0.089*** 

[0.025] 

0.066** 

[0.032] 

0.010 

[0.022] 

log(Yijt) 0.254*** 

[0.026] 

0.516*** 

[0.044] 

0.050 

[0.054] 

T Yes Yes Yes 

N Obs 1,867 1,851 1,075 

Initial estimator GMM-SYS GMM-SYS GMM-SYS 

Notes: bootstrapped standard errors in brackets (50 iterations). E stands for number of 

employees, Y for Net Sales, R&D for research and development expenditures and I for 

gross fixed capital formation. One, two and three stars stay for a statistical significance 

respectively at 10, 5 and 1 percent.  

 

Interestingly enough - while the other three coefficients do not exhibit substantial 

differences across firms of different technological intensity - the key employment/R&D 

elasticity turns out to be highly significant (99%) and larger in magnitude (8.9%) in the 

HT firms, smaller (6.6%) and less significant (95%) in the MT companies and even not 

significant at all in the low-tech firms. This outcome is consistent with Bogliacino et al., 

2012 (p.58, Table 1, columns 4 and 5) and with the previous empirical evidence 

discussed in this chapter. 
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As mentioned above, we have then proceeded to match the Scoreboard dataset with 

the Orbis one (Bureau van Dijk), in order to get the cost of labour, as reported in the 

balance sheets of the available companies. Obviously enough, this merging has implied 

an important loss in terms of number of firms and information: Orbis information was 

accessible for only 360 Scoreboard companies, for a total of 2,708 observations, over the 

shrunken period 2006-2013. The methodological steps discussed in details above were 

applied to the wage variable, as well.  

Tale 4.8 reports the results. As can be seen, the estimates about the controls are 

confirmed, while the additional wage term turns out to be negative and highly significant, 

as expected. Interestingly enough - notwithstanding the important decrease in terms of 

number of observations -  R&D expenditures keep on having a job-creation impact 

(elasticity equal to 3.4% at the 99% level of significance for the whole sample), but this 

labour friendly effect is limited to the sole High-tech companies. 

 

Table 4.8: Dependent variable: number of employees in log scale 

 (1) 

LSDVC 

WHOLE 

SAMPLE 

(2) 

LSDVC 

HT 

(3) 

LSDVC 

MT 

(4) 

LSDVC 

LT 

log(Eijt-1) 0.588*** 

[0.026] 

0.518*** 

[0.033] 

0.765*** 

[0.039] 

0.623*** 

[0.046] 

log(Iijt) 0.033*** 

[0.008] 

0.026*** 

[0.010] 

0.016 

[0.015] 

0.045*** 

[0.015] 

log(R&Dijt) 0.034*** 

[0.009] 

0.168*** 

[0.037] 

0.034 

[0.025] 

0.005 

[0.012] 

log(Wijt) -0.177*** 

[0.010] 

-0.178*** 

[0.019] 

-0.109*** 

[0.021] 

-0.393*** 

[0.043] 

log(Yijt) 0.299*** 

[0.018] 

0.225*** 

[0.038] 

0.313*** 

[0.040] 

0.357*** 

[0.045] 

T Yes Yes Yes Yes 

N Obs 2,708 978 1,037 693 

Initial estimator GMM-SYS GMM-SYS GMM-SYS GMM-SYS 

Notes: bootstrapped standard errors in brackets (50 iterations). E stands for number of 

employees, Y for Net Sales, R&D for research and development expenditures, W for cost 

of labour per employee and I for gross fixed capital formation. One, two and three stars 

stay for a statistical significance respectively at 10, 5 and 1 percent.  
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4 .4 Conclusions 

 

As discussed in detail in the previous Sections 4.2 and 4.3, the results obtained in this 

chapter are largely consistent with what obtained both in the sourcing articles and in the 

previous literature (see Chapter 3). 

Still, it is worthwhile to summarize the main outcomes and underline some 

interesting new evidence. 

In particular, in the sectoral study (Section 4.2) capital formation (both in terms of 

flow and stock) is negatively related to employment; this outcome is novel in comparison 

with Bogliacino and Vivarelli (2012) and points to a possible labour-saving effect due to 

embodied technological change incorporated in gross investment (see also the next 

chapter). It seems that in the recent years - possibly because of the worldwide financial 

crisis - the rationalizing component of investment has turned out to dominate its 

expansionary component. Moreover, a possible labour-saving effect due to process 

innovation incorporated in capital formation seems to be specific to the low-tech sectors 

where competition is reached through decreasing costs. If these results will be confirmed 

by future research, this is surely matter for thought for the European policy makers. 

Fully consistent with what was obtained by Bogliacino and Vivarelli (2012) is instead 

the significant labour-friendly impact of R&D expenditures; however, this positive 

employment effect appears to be entirely due to the medium- and high-tech sectors. 

From a policy point of view, this outcome, which is consistent with previous studies 

(see Section 3), proves that the aim of the EU2020 strategy (see European Commission, 

2010) - that is to develop an European economy based on R&D, knowledge and 

innovation - points in the right direction also in terms of job creation. However, this job 

creation has to be expected solely in the high-tech sectors, while most of European 

economies are specialized in traditional industries and this is somehow worrying in terms 

of future perspectives of the European labour market. 

 These considerations also apply to the outcomes from the firm-level study. In fact, in 

the microeconometric estimates based on the JRC-IPTS Scoreboard data R&D 

expenditures positively and significantly affect employment levels. However, the 

employment/R&D elasticity turns out to be highly significant and large in magnitude in 

the high-tech firms, smaller and less significant in the middle-tech companies and not 

significant at all in the low-tech firms. This outcome is consistent with Bogliacino et al. 

(2012) and with the empirical evidence at the sectoral level discussed above and should 

be carefully considered by the European policy makers.  
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5  TWO PANEL ANALYSES: ITALY AND SPAIN  

 

 

 

5 .1 Introduction 

 

In the third chapter of this report, the vast literature devoted to the employment 

impact of innovation has been discussed in detail. In this chapter, new empirical 

evidence – based on two different datasets – will be provided. As made clear in 

Chapter 3, innovation can be proxied either by input measures (such as R&D) or by 

output measures, such as patents and/or proxies of product and process innovation. 

While the latter have the advantage to measure innovations that have been realized 

and accepted by the market; the former have the advantage to be better measured in 

terms of continuous monetary variables, generally obtainable from companies’ 

accounts (while patents are counting variables and process and product innovation are 

generally roughly proxied by dummies). In this chapter we will take advantage of 

having at disposal two datasets (see Sections 5.2 and 5.4) where innovation inputs 

are clearly defined and measured and so they will act as our proxies of innovation 

efforts.  

Two are the main sources of innovation: on the one hand the R&D investment; on 

the other hand, the so-called “embodied technological change” (ETC).  

R&D expenditures are considered as the main innovative input in the approach 

originally proposed by Griliches (1979) pointing to the concept of the “Knowledge 

Production Function” (KPF) as being a feasible tool for describing the transformation 

process that runs from innovative inputs to innovative outputs. Indeed, a vast 

literature has identified a strong and significant link between R&D investment, 

innovation and ultimately productivity gains, demonstrating that R&D is a main driver 

of technological progress both at the macro, sectoral and micro level (for an 

articulated model, see Crépon, Duguet and Mairesse, 1998; for comprehensive 

surveys on this topic, see Mairesse and Sassenou, 1991; Griliches, 1995 and 2000; 

Mairesse and Mohnen, 2001 and – more recent – Hall, Mairesse and Mohnen, 2009) 

However, the innovation literature suggests that it is product innovation (mainly 

delivered by large firms in high-tech sectors) which is significantly based on formal 

R&D: for instance Parisi, Schiantarelli and Sembenelli (2006) and Conte and Vivarelli 
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(2014), found robust and significant evidence that R&D increases the likelihood of 

introducing product innovation. 

On the other hand, process innovation is much more related to “embodied technical 

change” (ETC) acquired by investment in new machinery and equipment and through 

the purchasing of external technology incorporated in licenses, consultancies and 

know-how (Freeman, 1982). Indeed, the embodied nature of technological progress 

and the effects related to its spread in the economy were originally theoretically 

discussed by Salter (1960; see also Solow, 1960 and Jorgenson, 1966); later, vintage 

capital models have been put forward to describe how the replacement of old 

equipment is the main way through which firms introduce process innovation (see 

Clark, 1987; Hulten, 1992; Greenwood, Hercowitz and Krusell, 1997; Hercowitz, 

1998; Mukoyama, 2006). 

Finally, sectoral and microeconomic studies show that R&D is crucial in large firms 

and more advanced sectors, while embodied technological change assumes a 

dominant role in SMEs and more traditional sectors (see Pavitt, 1984; Acs and 

Audretsch 1990; Audretsch and Vivarelli, 1996; Brouwer and Kleinknecht, 1996; 

Conte and Vivarelli, 2014). 

Summing-up, R&D and ETC are the main drivers of technological progress, with the 

former more related to product innovation and the latter more related to process 

innovation; obviously enough, the distinction between product and process innovation 

is often ambiguous from an empirical point of view (see, for instance, the diffusion of 

computers and telecommunication devices) and in many cases the two forms of 

innovation are strictly interrelated. However, from a theoretical point of view, we can 

conclude that two are the innovative inputs and two are the innovative outputs, with 

R&D mainly (but not only) related to product innovation and ETC mainly (but not only) 

related to process innovation; in addition, both R&D and ETC participate to the mixed 

kind of innovative activities which entail both product and process innovation. Table 

5.1 represents what discussed so far pointing to the main links between innovative 

inputs and innovative outputs. 

Turning our attention to the main issue of this report and making value from what 

discussed in the previous chapters, Table 5.1 also depicts the likely effects of process 

and product innovation on employment. These are represented in the right panel of 

Table 5.1: on the one hand, process innovation creates a direct labour-saving effect, 

mainly related to the introduction of machineries that allow producing the same 

amount of output with fewer workers; on the other hand, product innovation entails a 

job creating effect through the emergence of new markets.  
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Table 5.1: Innovation inputs, innovation outputs and their likely impacts on 

employment 
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As can be seen, the R&D innovative input is likely to be linked to a subsequent 

increase in employment12, while ETC gives raise to the job-destructive direct effect of 

process innovation; however - as diffusely discussed in the previous chapters - market 

compensation forces have to be taken into account in assessing the very final impact 

of ETC and process innovation in terms of employment levels. 

This chapter will be devoted to investigate the impact of R&D and ETC on 

employment, using two different longitudinal and firm level datasets. It should be 

noted that while the extant literature frequently tested the role of R&D in affecting 

employment, very few studies tried to take into account ETC and its possible 

employment impact (see Chapter 3). This is an important novelty of this study. 

In particular, taken into account the considerations above and the extant empirical 

literature discussed in Chapter 3, the econometric investigations carried on in this 

chapter will test the following two hypotheses: 

 

                                          

12 Theoretically, the alleged job creation impact of R&D expenditures should be controlled for the employees 

directly hired in the firms’ R&D departments, in order to avoid double-counting; however, on a practical 

side, the percentage of R&D employees is generally limited and most of the datasets do not allow to single it 

out. 
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H1: consistently with the previous literature (see Chapter 3), R&D expenditures 

should be related to an increase in employment at the firm’s level; 

H2: in contrast, ETC should be related either to a decrease in firm’s employment or 

should display a non-significant effect. 

 

These two hypotheses will tested alternatively using an Italian and a Spanish 

longitudinal dataset. In addition, firms’ sectoral and size dimensions will be separately 

investigated, in order to test whether firm’s size and sectoral belonging play a role in 

affecting the innovation/employment relationship. In this perspective, the previous 

literature (see Chapter 3) suggests that the possible job creation effect of innovation 

is most notably detectable in the high-tech sectors. Differently, previous studies taking 

into account firm’s size are virtually absent; however - taking into account what 

discussed above - it is reasonable to assume that basic R&D and radical product 

innovation are more likely to occur in large firms, which are also dominant in some 

high-tech sectors such as chemical, pharmaceutical, space and aircrafts, electronics, 

etc. In contrast, SMEs are much more characterized by applied R&D (if any), ETC, 

process innovation and incremental product innovation. Therefore, the following two 

additional hypotheses can be put forward: 

 

H3: consistently with the previous literature (see Chapter 3), innovation variables 

should be more positively related to employment in the high-tech sectors rather than 

in the low-tech ones; 

H4: innovation variables should be more positively related to employment in the large 

firms rather than in the SMEs. 

 

Consistently with the literature surveyed in Chapter 3 and following the most 

recent approaches adopted in testing the employment impact of innovation using 

longitudinal firm-level datasets, the hypotheses above will be tested through a 

stochastic version of a standard labour demand augmented by including innovation 

(see, for similar approaches: Van Reenen, 1997; Lachenmaier and Rottmann, 2011; 

Bogliacino et al., 2012; Van Roy et al., 2015).  

In particular, for a panel of firms i over time t, our ideal specification will be: 

 

 tiiititititi LagInnogiwyl ,4,3,2,1,            i = 1, .., n; t = 1, .., T  

(5.1) 
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where small letters denote natural logarithms, l is labour, y output, w labour cost, gi is 

gross investments, LagInnov denotes our innovation proxies (either general or 

specifically measuring R&D and ETC; properly lagged in order to take into account a 

delay in the employment impact of innovation), ε is the idiosyncratic individual and 

time-invariant firm's fixed effect and ν the usual error term.  

In order to take into account viscosity in the labour demand (as common in the 

literature, see Arellano and Bond, 1991; Van Reenen, 1997), we move from the static 

expression to the following proper dynamic specification (5.2):   

 

 

 tiiitititititi LagInnogiwyll ,4,3,2,11,,            
i = 1, .., n; t = 1, .., T   

(5.2) 

The rest of the chapter is structured as follows: the next Section will introduce the first 

dataset, based on different waves of the Italian Community Innovation Survey (CIS), 

while Section 5.3 will present and discuss the econometric results based on the Italian 

data. Section 5.4 will present the longitudinal and firm level Spanish dataset, which 

will be also used to assess the employment impact of ETC and R&D (Section 5.5)13. 

Section 5.6 will conclude this chapter.  

 

 

5 .2 The Italian dataset 

 

 The first empirical test of the hypotheses listed above will be conducted using a 

unique and novel longitudinal dataset, based on the merge of different Italian 

Community Innovation Surveys (CIS), complemented with additional information taken 

from companies’ accounts (see ISTAT and Università Cattolica del Sacro Cuore, 201414). 

                                          

13 While we are aware that analyses based on single-country datasets may be affected by national and 

institutional specificities and so not easily generalizable, the availability of longitudinal datasets comprising 

both innovation and economic variables has driven our choice of the two panel datasets used in this chapter. 

For analyses covering different European countries, see the previous chapter. 
14 The merge of Italian CIS surveys is the result a joint research project (launched in 2015 and still in 

progress) between the Italian National Institute of Statistics (ISTAT, Regional Office for Lombardy) and the 

Università Cattolica del Sacro Cuore (UCSC) entitled: "Social capital, Innovation and Finance: empirical 

evidences on the manufacturing sector in Italy and in Lombardy region". 
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 In more detail, the Italian CIS - as it is the case in all the other EU member states - 

is submitted to manufacturing and services firms on a regular basis (every 3/4 years), 

and it is representative at both sectoral and firm size level of the entire population of 

companies with more than 10 employees15. Specifically addressed to measure and to 

assess technological change occurring at the company level, the CIS collects data on 

product and process innovation, on resources allocated to innovation activities as well as 

other information regarding public support to innovation, cooperation activities for 

innovation and obstacles to innovation. The collected data are both qualitative and 

quantitative, with the former referred to the three year period covered by the survey and 

the latter referring to the final year of the covered time span. 

 In our analysis, we specifically refer to four CIS waves: CIS3 (1998-2000 period), 

CIS4 (2002-2004), CIS6 (2006-2008) and CIS7 (2008-2010) including, respectively, 

15,512, 21,854, 19,904 and 18,328 firms (CIS5 has been excluded since that particular 

survey was mainly conducted a long time after the related three-year period, resulting in 

incomplete and mainly interpolated data). It has to be noted that CIS is not designed to 

originate a proper panel structure, addressing more the issue of representativeness at 

time t rather than the possibility to track the same firms over time. As a result, the 

overlapping between the different surveys is extremely limited, accounting for few 

hundreds of firms, basically concentrated in the manufacturing sectors and characterized 

by a medium/large size. 

 Moreover, CIS data - while being extremely detailed with regard to the innovation 

activities - do not offer economic information which are extremely relevant to our 

analysis, such as labour costs, sales, investment and value added. In order to overcome 

this problem, the whole CIS database has been matched with information coming from 

the Italian Statistical Business Register (ASIA), created by the Italian national statistical 

office (ISTAT) and integrating different administrative sources recording all the relevant 

economic and financial variables at the firm level (number of employees, capital 

structure, productivity indexes, etc.). Since quantitative variables in each CIS are 

referred to the last year of the 3-year period covered by the survey, firms’ economic and 

financial data were also matched using the same year (i.e. firm’s accounting data in 2000 

for the CIS3, and so on).  

 One of the implications of the matching between the CIS and ASIA database has 

been the exclusion of companies operating in the service industries: therefore, our 

analysis will necessarily focus on the manufacturing sector. Moreover, the very limited 

                                          

15 In particular, the Italian CIS is a sample survey for firms with 10 to 249 employees and a census survey 

for firms with more than 250 employees.  
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overlap between the different CIS and the need for the matching procedure reduced our 

workable balanced panel to 288 firms over four time periods, for a total of 1,152 

observations. 

 It is important to note that CIS data also include non-innovative firms, while our 

study is specifically devoted to the employment impact of innovation; therefore, our sub-

sample of innovators was then selected identifying innovators as those firms declaring 

that they had introduced either product or process innovations, or had started innovative 

projects (then dropped or still-to-complete) in at least a CIS wave (this is also the official 

procedure adopted by ISTAT in each survey as a filter to single out non-innovators). 

However, since previous data selections have limited our workable panel to 

manufacturing medium-large companies, this further step only implied the loss of 20 

firms, ending up with 270 companies (1,080 obs). 

In a further step, we had to deal with some missing values in accounting data, with 

particular reference to the output measures (sales and value added); to minimize the 

loss in terms of available information, we retained value added as a proxy for output. 

Finally, we dropped the top five percentiles in terms of innovative intensity (total 

innovative expenditures over value added) in order to exclude non-reliable outliers, 

ending up with a final unbalanced panel of 265 firms (947 obs.) 

 

 The following Table 5.2 reports the variables, their precise definitions and the way 

they have been measured and deflated. 

Table 5.2: List of variables 

Variables  Description  

Employment  Number of employees  

Value added  Value added  

Labour cost  Cost of labour per employee  

Total innovative 

expenditures 
 

All the expenditures devoted to innovation activities, including 

internal and external R&D, embodied technological change and other 

innovative expenditures (technological acquisition, engineering, 

training, marketing)  

 

Internal R&D  Intramural (in-house) R&D   

Embodied 

technological 

change (ETC) 

 
Acquisition of machinery, equipment and software  

(excluding expenditures on equipment for R&D)  
 

Note: All the monetary variables have been deflated using the Italian GDP deflator (2010=100) 

– OECD source. 
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Due to an excessive collinearity between value added and capital formation 

(ρ=0.83) in our dataset, we decided to test a simplified version of eq. (5.1), dropping 

the investment variable (therefore, our controls will be limited to value added and 

labour costs). Our aggregate innovation proxy will be the total innovation expenditures 

(as a general indicator of the overall firm’s innovative efforts), while the hypotheses 

H1 and H2 will be tested using our specific R&D and the ETC indicators. Then, 

hypotheses H3 and H4 will be investigated using the OECD classification 

(Hatzichronoglou, 1997) splitting manufacturing sectors into high- and low-tech 

sectors, and the EU threshold of 250 employees splitting firms into small and medium 

enterprises (SMEs) and large ones. 

 

Table 5.3 reports some descriptive statistics of the variables used in the following 

econometric analysis (see Section 5.3). 

 

Table 5.3: Descriptive Statistics 

Whole sample        

N=892     n=265  Mean Std.deviation Min Max  

   overall 648.2    

Employment  547.3 between 763.3 12 4,969  

   within 137.9    

   overall 797,749.3    

Value added  507,633.6 between 894,526.7 6029.9 9,707,794  

   Within 171,915.3    

   Overall 127.3    

Cost of labour per 
employee 

 478.3 Between 126.1 95.8 996  

   Within 50.9    

   Overall 70,794.6    

Total innovative 
expenditures 

 31,541.7 Between 82,812.6 0 725,490.7  

   Within 27,281.7    

   Overall 37,217.5    

Internal R&D  13,522.1    Between 43,954.1 0 469,390  

   Within 12,430.2    

   Overall 32,859.9    

Embodied 
technological change 

 10,577   Between 29,640.5 0 462,330  

   Within 20,403.8    

Note: monetary variables are expressed in hundreds. 
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 As already mentioned, the multi-steps “sample reduction” described above 

generates a final sample biased in favor of the more innovative medium and large firms. 

Comparing our final sample with the population of innovative firms in the last available 

CIS (CIS7), we register an average size of 547 employees vs 203 in the CIS7, an 

average total innovative expenditures that is more than doubled with respect to the CIS7 

(31,541.65 vs 12,658.2) and an average value added that is more than three times that 

reported by the innovative companies in CIS7 (507,633.3 vs 150,433). Albeit we are 

interested in testing the relationship between innovative activities and employment and 

not in assessing the nature and scope of innovation in a representative sample of Italian 

manufacturing firms, still this selection bias should be taken into account when 

interpreting our results and it surely limits its degree of generalizability.  

 

 

 

5 .3 Results based on the Italian data 

 

The following Table 5.4 reports the simple correlation coefficients among the 

variables used in the empirical tests using the Italian data described in the previous 

section. As can be seen, our dependent variable (employment) is positively correlated 

with all the independent variables, with a key role played - not surprisingly – by the 

value added. By the same token, again not surprisingly, the three proxies of innovation 

also result to be highly correlated each other. Obviously enough, this preliminary 

evidence - pointing to a positive employment impact of innovation – can be entirely due 

to a firm’s size effect or be affected by common unobservable firm’s characteristics. Only 

the following econometric analysis can overcome these problems and properly test the 

proper roles of the multi-variate relationships affecting employment dynamics. 
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Table 5.4: Correlation matrix 

 ln(Employment) 
ln(Value 

added) 

ln(Cost of 

labour per 

employee) 

ln(Total innovative 

expenditures) 

ln(Internal 

R&D) 
ln(ETC) 

ln(Employment) 1      

ln(Value added) 0.924 1     

ln(Cost of labour 

per employee) 
0.329 0.566 1    

ln(Total 

innovative 

expenditures) 

0.362 0.379 0.213 1   

ln(Internal R&D) 0.321 0.329 0.223 0.745 1  

ln(ETC) 0.283 0.301 0.116 0.725 0.391 1 

 

 

However, the Italian CIS database described in the previous section does not allow 

to properly test the dynamic specification reported in Eq. (5.2). As discussed, our panel 

is very short (4 periods) and this prevents from the possibility to test a dynamic labour 

demand (in order to include the lagged dependent variable and therefore using a proper 

GMM methodology to take into account endogeneity, one should have at disposal a 

minimum of 6/7 periods). The very short dimension of the panel also prevents from 

using lags for the innovation variable; finally, as already mentioned, multicollinearity 

does not allow to include investments in our tested specification. Therefore - due to data 

limitations - we end up with the following simplified specification of (5.3): 

 

 

 tiititititi innowyl ,,3,2,1,  
        

i = 1, .., 265;    t = 1, .., 4  

(5.3) 

 

 

Given the specification (5.3), we opted for a fixed-effects (FE) panel methodology, 

controlling for unobservable firm’s characteristics (the Hausman’s tests confronting the 

FE with the random effects estimations were always in favour of the former; results 

available under request). As can be seen in the following Tables 5.5 to 5.7, time 
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dummies were also included (generally resulting as jointly significant) and the within-

Rsquared were always satisfactory. 

 

The results based on the overall sample and using our three alternative proxies of 

firm’s innovation efforts (total innovation expenditures, internal R&D and ETC) are 

reported in the following Table 5.5. As can be seen, the labour-demand controls (value 

added and cost of labour) always display the expected sign (respectively positive and 

negative), a 99% level of statistical significance and a considerable magnitude 

(showing an employment elasticity around 0.5). These outcomes - further confirmed 

in the following Tables 5.6 and 5.7) - are highly consistent with those from the extant 

empirical literature (see Chapter 3). 

Turning our attention to the main variables of interest, our general proxy for 

innovation appears to have a positive and significant (95%) employment impact, 

although very small in magnitude: according to our estimate, a 100% increase in total 

innovative expenditures would imply a 0.5% increase in employment. Moreover, this 

labour-friendly effect is barely significant when the sole in-house R&D expenditures 

are considered and fades away when ETC is included as a proxy for innovation 

activities. Finally, when jointly included (column 4), both R&D and ETC do not display 

any significant impact on employment levels16. 

 

  

                                          

16 R&D and ETC are components of the total innovation expenditures and this prevents from jointly including 

the three variables in our estimated specification (see also the very high correlation coefficients in Table 3.3, 

column 4. 
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Table 5.5: Econometric results – manufacturing sectors – whole sample. 

Dependent variable: ln(Employment) 

    Fixed Effects – Whole sample 

  (1) (2) (3) (4) 

ln(Value added)  0.485*** 0.487*** 0.492*** 0.488*** 

  (0.045) (0.047) (0.046) (0.047) 

ln(Cost of labour 

per employee) 
 -0.516*** -0.518*** -0.518*** -0.518*** 

  (0.116) (0.122) (0.121) (0.122) 

ln(Total innovative 

expenditures) 
 0.005**   

 

  (0.002)    

ln(internal R&D)   0.004*  0.003 

   (0.002)  (0.003) 

ln(ETC)    0.002 0.001 

    (0.002) (0.002) 

Time-dummies  yes yes yes yes 

      

Constant  2.820*** 2.801*** 2.773*** 2.810*** 

  (0.844) (0.887) (0.873) (0.878) 

Wald test  

time-dummies 

(p-value) 

 
2.42* 

(0.066) 

2.20* 

(0.088) 

2.61* 

(0.052) 

2.27* 

(0.081) 

   R2 (within)  0.42 0.42 0.42 0.42 

No. of 

observations 

No. of firms 

 

 

892 

 

265 

Notes:  

- Robust standard errors in parentheses;  

- * significance at 10%, ** 5%, *** 1%. 

 

Consistently with the previous empirical literature (see Chapter 3), on aggregate 

the link between innovation and employment turns out to be positive, but negligible in 

size. However, when ETC is taken into account, the labour-saving nature of innovation 

fully counterbalances any possible job creation effect and the positive employment 
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effect disappears; this is a novel result in comparison with the extant literature that 

never addressed the role of ETC explicitly.  

Therefore, the evidence provided in Table 5.5 weakly supports our H1 hypothesis, 

while partially confirms our H2 hypothesis pointing out to a not significant - albeit not 

negative - employment effect of embodied technological change. 

In order to test hypothesis H3, in Table 5.6 the results from the separate estimates for 

firms belonging to high- and low-tech manufacturing sectors are reported. As can be 

seen, the aggregate outcomes discussed above are entirely due to the firms operating 

in the high-tech. With regard to the low-tech sectors, neither the overall innovative 

expenditures, nor the internal R&D, nor the ETC seem to have a significant impact on 

employment (both when separately and jointly included). In contrast, in the high-tech 

manufacturing sectors, the positive employment impact of the overall innovative 

expenditures and of the sole in-house R&D expenditures emerge with the same levels 

of statistical significance and with higher coefficients in comparison with those 

obtained in Table 5.5. 

Therefore, H3 is confirmed: consistently with previous evidence from the extant 

literature, innovation and employment are positively linked only in the high-tech 

sectors, where elasticities increase to 0.7/0.9%; in contrast, in low-tech 

manufacturing, innovation (in its various aspects) does not reveal any labour-friendly 

nature. 

Finally, Table 5.7 reports the estimated coefficients separately for the SMEs (firms 

with less than 250 employees) and for their larger counterparts. What emerges is that 

a robust positive link between innovation (both total expenditures and in-house R&D) 

is detectable in the large firms, while no significant impacts emerge as far as SMEs are 

concerned. Interestingly enough, in large manufacturing firms, the R&D expenditures 

reach their highest level of significance (99%) obtained so far, both when solely 

included and when inserted jointly with ETC. Moreover, in the last specification, a 

barely significant negative employment impact of ETC emerges. Therefore, our 

hypothesis H4 is strongly confirmed by these regressions, while H2 - albeit limited to 

large firms -  receives its first support. 
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Table 5.6: Econometric results – manufacturing sectors – High-tech and Low-tech. Dependent variable: ln(Employment) 

    Fixed Effects – High-tech Fixed Effects – Low-tech 

  (1) (2) (3) (4) (1) (2) (3) (4) 

ln(Value added)  0.412*** 0.420*** 0.427*** 0.420*** 0.537*** 0.540*** 0.541*** 0.539*** 

  (0.065) (0.065) (0.065) (0.066) (0.059) (0.062) (0.060) (0.061) 

ln(Cost of labour per 

employee) 
 -0.593*** -0.608*** -0.629*** -0.609*** -0.521*** -0.518*** -0.518*** -0.519*** 

  (0.154) (0.155) (0.151) (0.156) (0.138) (0.145) (0.142) (0.143) 

ln(Total innovative 

expenditures) 
 0.009**    0.004    

  (0.005)    (0.002)    

ln(internal R&D)   0.007*  0.007  0.002  0.001 

   (0.004)  (0.005)  (0.003)  (0.003) 

ln(ETC)    0.002 0.0003   0.002 0.002 

    (0.003) (0.004)   (0.003) (0.003) 

Constant  4.416*** 4.432*** 4.507*** 4.437*** 2.103** 2.066* 2.055* 2.076* 

  (0.821) (0.817) (0.846) (0.850) (1.063) (1.122) (1.089) (1.106) 

Wald test time-dummies 

(p-value) 
 

2.47* 

(0.066) 

2.32* 

(0.080) 

3.17** 

(0.027) 

2.32* 

(0.080) 

2.68** 

(0.049) 

2.48* 

(0.063) 

2.95** 

(0.035) 

2.61* 

(0.053) 

   R2 (within)  0.47 0.47 0.46 0.47 0.42 0.42 0.42 0.42 

No. of observations 

No. of firms 
 

340 

108 

552 

157 

Notes: - Time-dummies always included; - Robust standard errors in parentheses; - * significance at 10%, ** 5%, *** 1%.  
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Table 5.7: Econometric results – manufacturing sectors – SMEs and Large firms. Dependent variable: ln(Employment) 

    Fixed Effects – SMEs Fixed Effects – Large Firms 

  (1) (2) (3) (4) (1) (2) (3) (4) 

ln(Value added)  0.506*** 0.517*** 0.499*** 0.507*** 0.433*** 0.432*** 0.442*** 0.435*** 

  (0.010) (0.104) (0.102) (0.102) (0.045) (0.046) (0.046) (0.046) 

ln(Cost of labour per 

employee) 
 -0.299 -0.303 -0.314 -0.332 -0.505*** -0.512*** -0.501*** -0.514*** 

  (0.268) (0.265) (0.262) (0.252) (0.131) (0.138) (0.141) (0.142) 

ln(Total innovative 

expenditures) 
 0.003    0.005**    

  (0.004)    (0.002)    

ln(internal R&D)   -0.003  -0.007  0.007***  0.008*** 

   (0.005)  (0.006)  (0.002)  (0.002) 

ln(ETC)    0.007 0.009   -0.001 -0.003* 

    (0.005) (0.006)   (0.002) (0.002) 

Constant  0.633 0.560 0.793 0.826 3.785*** 3.852*** 3.699*** 3.830*** 

  (2.081) (2.119) (2.045) (2.001) (0.796) (0.820) (0.856) (0.834) 

Wald test time-dummies 

(p-value) 
 

1.21 

(0.312) 

1.19 

(0.319) 

1.04 

(0.377) 

1.08 

(0.360) 

1.88 

(0.135) 

1.67 

(0.174) 

2.42* 

(0.068) 

1.85 

(0.141) 

   R2 (within)  0.32 0.32 0.33 0.34 0.47 0.48 0.47 0.48 

No. of observations 

No. of firms 
 

315 

99             

577 

185 

Notes: - Time-dummies always included; - Robust standard errors in parentheses; - * significance at 10%, ** 5%, *** 1%. 
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Summing-up, the estimates reported in Tables 5.5 to 5.7 seem to confirm a positive - 

although negligible - employment impact of innovation; however, this labour-friendly 

effect is statistically significant only when the total innovative efforts and in-house R&D 

expenditures are considered, while never significant when ETC is used as proxy of 

innovation (with one exception, however pointing out to a negative effect). Moreover, the 

detected positive employment impact of innovation is totally due to firms in the high-tech 

manufacturing (rather than firms active in more traditional sectors) and to large firms 

(rather than SMEs). 

 

 

 

5 .4 The Spanish dataset 

 

The second empirical test of the hypotheses listed in Section 5.1 will be conducted 

using firm-level data from the Survey on Business Strategies (Encuesta Sobre 

Estrategias Empresariales, ESEE) which has been conducted yearly since 1990 by the 

SEPI foundation, on behalf of the Spanish Ministry of Industry17. This annual survey 

gathers extensive information on around 2,000 manufacturing companies operating in 

Spain and employing at least ten workers; given its longitudinal structure and its 

reliability, this source has been extensively used by previous empirical research, albeit 

no former study was specifically addressed to investigate the employment impact of 

innovation. 

The sampling procedure ensures representativeness for each two-digit NACE-

CLIO18 manufacturing sector, following both exhaustive and random sampling criteria. 

In particular, in the first year of the survey all Spanish manufacturing firms employing 

more than 200 workers were required to take part (715 in 1990) and a sample of 

firms employing between 10 and 200 workers were selected by stratified sampling 

(across 20 manufacturing sectors and four company’s size intervals), with a random 

start (1,473 firms in 1990). To ensure a proper level of representativeness over time, 

all newly created companies with more than 200 employees (rate of response around 

60%) together with a random sample of firms with fewer than 200 workers and more 

                                          

17 We thank Gabriele Pellegrino (WIPO-EPFL) for providing this firm-level dataset. 
18 NACE is the usual industrial classification of economic activities within the European Union while CLIO is 

the nomenclature used by the Spanish input–output tables. The Spanish Accounting Economic System 

(Spanish National Statistics Institute: http://www.ine.es/) officially recognizes both classifications  
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than 10 (rate of response around 4%) have been incorporated in the survey every 

year.  

In this study we use data for the period 2002-2013 and select our working 

database from an initial theoretical sample of 63,648 firm-year cells. Firstly, we 

checked for missing values for the variables relevant to our empirical analysis (loosing 

49,047 cells, mainly due to missing values in innovative indicators). Secondly, we 

discarded all firms involved in M&A (loosing 1,084 firm-year observations). Thirdly, we 

excluded all those non-innovative firms that during the observed time period have 

never invested in R&D and in innovative machinery and equipment (in other words, we 

retained those firms that have invested in R&D at least once in their life and have 

invested in ETC at least once in their life).  Finally, given the target to estimate the 

dynamic eq. (5.2), we retained only firms for which two consecutive lags of the 

dependent variable were available. 

 

Table 5.8 shows the composition of the final dataset following the data cleaning 

described above19. As can be seen, almost 43% of the 561 firms included in the final 

sample are observed for less than six years; the remaining 57% are observed for at 

least 6 years and about 16% of the firms in the sample are observed for all the 

investigated period. 

 

Table 5.8: Panel composition 

Time obs. Nº of firms % % Cum. 

3 111 19.79 19.79 

4 66 11.76 31.55 

5 64 11.41 42.96 

6 56 9.98 52.94 

7 39 6.95 59.89 

8 41 7.31 67.20 

9 70 12.48 79.68 

10 11 1.96 81.64 

11 12 2.14 83.78 

12 91 16.22 100 

Total 561 100 

                                           

19 Obviously enough, the multi-step procedure adopted to build this unbalanced panel has implied a certain 

degree of selection bias in favor of the largest and most innovative firms; this should be taken into account 

in interpreting our results. 
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According to the previous discussion (see Section 5.1) our dependent variable is 

represented by the natural logarithm of the number of employees within the firm, 

while the explanatory variables used in the econometric specification have been 

selected on the basis of a standard labour demand function augmented for taking into 

account innovation (eq. 5.2) 

Given the available information in our dataset, we compute output as the natural 

logarithm of firm’s value added; gross investment is measured as the natural 

logarithm of investment in tangible capital goods and labour cost is measured as the 

natural logarithm of gross wage per employee.  

 

Moreover, in order to assess the impact of R&D and ETC on labour demand (see 

Table 5.1), we consider two quantitative indicators: namely, 1) the total amount of 

firm’s expenditures in both internal and external R&D; and 2) the firm’s expenditures 

to acquire machinery or equipment specifically bought for introducing new or 

significantly improved products and/or processes.  

Value added, fixed capital investment, wages and the two indicators of innovation 

activity were deflated using industry-specific deflators.20 

 

Table 5.9 presents a detailed description of the variables used in the empirical 

analysis, while Table 5.10 provides the related descriptive statistics.  

 

  

                                          

20 Specifically, information provided in current prices in the ESEE database were converted into constant 

prices by using sectoral GDP deflators (source: INE-Spanish National Statistics Institute) centered on the 

year 2010. 



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

78 

 

Table 5.9: The variables: acronyms and definitions 

 

Dependent Variable 

 

ln(Employment) Log of employees  

 

Explanatory variables 

 

ln(Value added) Log of value added 

 

ln(Investment in physical capital) Log of investment in physical capital (purchases of 

information processing equipment, technical facilities, 

machinery and tools, rolling stock and furniture, office 

equipment and other tangible fixed assets)  

ln(Cost of labour per employee) Log of cost of labour per employee  

 

ln(R&D) Log of internal and external expenditures in R&D 

ln(ETC) Log of expenditures in innovative machinery and equipment 
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Table 5.10: Descriptive statistics 

 

  Mean St Dev. Min Max 

Value added  123,261.8   717,344.2   21.16   12,689,446  

ln(Value added)  9.72   1.77   3.09   16.36  

Investment in physical capital  4,895.11   23,843.66   0   421,955  

ln(Investment in physical capital)  6.23   2.39   0   12.95  

Cost of labour per employee  38.09   14.12   5.58   173.17  

ln(Cost of labour per employee)  3.60   0.35   1.88   5.16  

Employment  455.32   1,192.09   5   14,400  

ln(Employment)  5.20   1.25   1.79  9.58  

R&D  3,857.91   27,285.27   0   505,143  

ln(R&D)  5.40   2.34   0   13.13  

ETC  1911.19   15,319.68   0   314,251  

ln(ETC)  2.95   3.29   0   12.66  

 

 

 

5 .5 Results based on the Spanish data 

 

Differently from the Italian case (see Section 5.3), the longitudinal nature of our 

Spanish dataset (extended over 12 years, see previous section) allow us to test 

dynamically eq. (5.2). In particular - given the very high AR(1) correlation of our 

dependent variable (equal to 0.98) and the dominant role of the between variability 

(standard deviation equal to 1,092 employees) vs the within variability (146) in our 

dataset - we opted for a GMM-SYS methodology (see Blundell and Bond, 1998). 

Therefore, in the following tables, the attention will be focused on the GMM-SYS 

estimated coefficients, although POLS and FE estimates are also reported for 

completeness21.  

According to the outcomes of the Wald tests for the joint significance of the 

included dummies, all the POLS and GMM-SYS estimates have been obtained including 

time and sectoral (two-digit) dummies. As far as diagnosis tests are concerned, LM 

tests in the GMM-SYS specifications require a two-lag structure of the instruments in 

                                          

21 Notice that in the following tables the GMM-SYS estimated coefficients for the lagged dependent variable 

always turn out within the upper bound given by the corresponding POLS estimated coefficients and the 

lower bound given by the FE estimated coefficients; these outcomes strongly support the chosen 

methodology (see Bond, 2002). 
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Table 5.11, while a three-lag structure turns out to be necessary in Tables 5.12 and 

5.13. Finally, the Hansen test never rejects the hypothesis of a correct 

instrumentation and this is very reassuring22. 

 

 

As can be seen in the following Tables 5.11 to 5.13, the dependent variable - as 

expected and common in an employment equation - reveals to be strongly auto-

correlated with a highly significant coefficient of about 0.9. Moreover, the controls 

(value added, cost of labour and investment in tangibles) always turn out with the 

expected sign and with a 99% level of statistical significance, with the only exception 

of the investment variable that - although always positive - is not significant in most 

of the GMM-SYS estimates. 

Turning our attention to the two variables of interest (R&D and ETC), the former has 

been lagged two years while the latter one year23; this structure of lags takes into 

account that innovation may need some time to have an impact on employment and 

that this delay is shorter for ETC - that is directly embodied in new machineries - while 

longer for R&D expenditures which may take time in generating an innovation output. 

This dynamic structure reduces the overall number of individuals and observations 

available to - respectively - 517 and 2,404. 

Another advantage of having a disposal a long-enough longitudinal structure is the 

possibility to include both R&D and ETC in the same specification and jointly test their 

possible impacts on employment24. 

 

As obvious in Table 5.11, neither R&D nor ETC seems to have any significant 

employment impact, at least when the entire sample of firms is taken into account. 

 

 

 

 

                                          

22 Moreover, a battery of differenced Hansen tests have been run to test the alternative ways to instrument 

the various variables (available upon request). In the preferred specification, the lagged dependent variable 

and the investment variable have been considered endogeneous. In addition, in the Appendix, a summary 

table (Table 5.14) with a lower number of instruments to test for robustness for severely reducing the 

instrument count (instruments including lags from two to four when AR(2) is not rejected and from three to 

four when AR(2) is rejected) is reported, as suggested by Roodman (2009). 
23 The correlation coefficient between ETC and Investment in physical capital turned out to be as high as 

0.78. To avoid multicollinearity issues, we decided to lag the Investment variable, as well  (the correlation 

coefficient dropping to 0.35).  
24 Moreover, the different lag structure of the two variables minimizes their possible contemporaneous 

interaction. 
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Table 5.11: Econometric results – manufacturing sectors – whole sample. 

Dependent variable: ln(Employment) 

  
(1) 

POLS 

(2) 

FE 

(3) 

GMM-SYS 

ln(Employment)t-1  0.927*** 0.651*** 0.902*** 

  (0.007) (0.036) (0.034) 

ln(Value added)  0.065*** 0.072*** 0.081*** 

  (0.007) (0.010) (0.024) 

ln(Cost of labour 

per employee) 
 -0.189*** -0.422*** -0.236*** 

  (0.020) (0.044) (0.022) 

ln(Investment in 

physical capital) t-1 
 0.009*** 0.009*** 0.008 

  (0.002) (0.002) (0.006) 

ln(ETC) t-1  -0.001 -0.001 -0.002 

  (0.001) (0.001) (0.001) 

ln(R&D) t-2  0.002 0.002 0.004 

  (0.001) (0.002) (0.003) 

Time-dummies  Yes Yes Yes 

     

Sectoral-dummies  Yes No Yes 

     

Constant  0.265*** 2.485*** 0.386*** 

  (0.049) (0.247) (0.089) 

Wald test  

time-dummies 

(p-value) 

 
20.27*** 

(0.000) 

17.10*** 

(0.000) 

10.13*** 

(0.000) 

Wald test  

sectoral-dummies 

(p-value) 

 
4.39*** 

(0.000) 
- 

4.07*** 

(0.000) 

R2   

R2 (within) 
 

0.99 

 

 

0.66 
 

AR(1) (p-value) 

AR(2) (p-value) 

Hansen test χ2(96) (p-value) 

(129 instruments) 

   

0.000*** 

0.449 

0.653 

Notes: -Robust standard errors in parentheses; -* significance at 10%, ** 5%, *** 1%. 
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However, when we split (according to the OECD classification, see 

Hatzichronoglou, 1997) into high and low-tech manufacturing (Table 5.11), a positive 

and very significant (99%) employment impact of R&D clearly emerges, although 

limited to the high-tech firms. While in the low-tech firms the impact of both R&D and 

ETC is negligible and not significant, in the high-tech companies and increase of 100% 

in the R&D expenditures implies an increase in the employment level of 1,7%. 

 

Once we turn our attention to the size dimension25, no significant impacts emerge 

with regard to the large firms, while the ETC exhibits a significant labour-saving 

nature within the smaller companies. 

 

On the whole, these batteries of estimates using our Spanish dataset do not offer 

a clear support to our H1 and H2 hypotheses since R&D and ETC - although showing 

the expected signs (positive for the former and negative for the latter) – do not turn 

out to be significant in Table 5.10. However, H1 turns out to be confirmed when 

attention is limited to the high-tech sectors; in addition, the estimates splitting high- 

and low-tech sectors strongly support our hypothesis H3, showing that a possible job-

creation impact of innovation is limited to the technologically advanced firms. Finally, 

our hypothesis H4 is not supported by the outcomes shown in Table 5.12, since no 

significant labour-friendly impacts emerge among large firms; however, these 

estimates based on the size differentiation indirectly support our hypothesis H2, since 

a clear labour-saving effect of ETC emerges with regard to the SMEs. 

                                          

25 The chosen size threshold is 200 employees, very close to the size median of our sample (199) and 

allowing a good balance between the two estimates (1,233 observations vs 1,171). 
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  Table 5.12: Econometric results: High-tech (684 obs.,137 firms) and Low-tech (1,720 obs.,387 firms) 

  
(1) 

POLS 
HIGH-TECH 

(2) FE 
(3) 

GMM-SYS 
(1)  

POLS 
LOW-TECH 

(2) FE 
(3) 

 GMM-SYS 

ln(Employment) t-1  0.925*** 0.725*** 0.878*** 0.923*** 0.590*** 0.908*** 

  (0.015) (0.048) (0.029) (0.007) (0.047) (0.033) 

ln(Value added)  0.055*** 0.045*** 0.084*** 0.072*** 0.092*** 0.087*** 

  (0.016) (0.017) (0.021) (0.059) (0.012) (0.022) 

ln(Cost of labour per employee)  -0.232*** -0.418*** -0.284*** -0.180*** -0.423*** -0.236*** 

  (0.057) (0.078) (0.061) (0.018) (0.054) (0.030) 

ln(Investment in physical capital) t-1  0.012*** 0.009** 0.007 0.008*** 0.009*** 0.001 

  (0.003) (0.004) (0.009) (0.002) (0.002) (0.002) 

ln(ETC) t-1  -0.001 0.001 -0.002 -0.001 -0.001 0.001 

  (0.002) (0.001) (0.002) (0.001) (0.001) (0.002) 

ln(R&D) t-2  0.009*** 0.002 0.017*** 0.004 0.002 0.001 

  (0.003) (0.004) (0.006) (0.001) (0.002) (0.002) 

Constant  0.519*** 2.466*** 0.695*** 0.322*** 2.564*** 0.317*** 

  (0.127) (0.258) (0.174) (0.049) (0.332) (0.109) 

 
Wald test time-dummies 
(p-value) 

 
5.73*** 
(0.000) 

6.13*** 
(0.000) 

3.17** 
(0.027) 

17.30*** 
(0.000) 

12.83*** 
(0.000) 

4.92*** 
(0.000) 

Wald test sectoral-dummies 
(p-value) 

 
5.34*** 
(0.001) 

- 
3.17** 
(0.027) 

3.48*** 
(0.000) 

- 
 

73.71*** 
(0.000) 

R2 (POLS) / R2 within (FE)  0.99 0.63  0.99 0.68  

AR(1) (p-value) 

AR(2) (p-value) 
AR(3) (p-value) 
Hansen test (p-value)  

 

   

0.000*** 
0.050** 

0.377 
0.495 

χ2(77) (p-value) 

(97 instruments) 

  

0.001*** 
0.063* 

0.251 
0.336 

χ2(77) (p-value) 

(111 instruments) 
Notes: - Robust standard errors in parentheses; - * significance at 10%, ** 5%, *** 1%.; - time and sectoral dummies are included in POLS and GMM-SYS estimates.  
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Table 5.13: Econometric results – Large (1,233 obs., 263 firms) and Small firms (1,171 obs., 300 firms) 

  (1) POLS 
LARGE 
(2) FE 

(3) 
GMM-SYS 

(1) POLS 
SMALL 
(2) FE 

(3) 
GMM-SYS 

ln(Employment) t-1  0.919*** 0.850*** 0.893*** 0.898*** 0.590*** 0.871*** 

  (0.011) (0.015) (0.053) (0.011) (0.048) (0.045) 

ln(Value added)  0.058*** 0.066*** 0.068** 0.075*** 0.075*** 0.080*** 

  (0.009) (0.011) (0.028) (0.012) (0.016) (0.025) 

ln(Cost of labour per employee)  -0.139*** -0.166*** -0.202*** -0.224*** -0.426*** -0.266*** 

  (0.017) (0.022) (0.032) (0.032) (0.065) (0.039) 

ln(Investment in physical capital) t-1  0.007*** 0.007*** 0.014 0.010*** 0.010*** 0.023*** 

  (0.002) (0.002) (0.009) (0.002) (0.003) (0.007) 

ln(ETC) t-1  -0.0001 -0.0003 -0.002 -0.002 0.001 -0.006** 

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

ln(R&D) t-2  0.001 0.003 0.001 0.001 0.002 0.001 

  (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

Constant  0.262*** 2.466*** 0.479*** 0.513*** 2.484*** 0.558*** 

  (0.059) (0.258) (0.115) (0.077) (0.188) (0.113) 

Wald test time-dummies 
(p-value) 

 
16.04*** 
(0.000) 

117.73*** 
(0.000) 

14.37*** 
(0.000) 

7.23*** 
(0.000) 

4.82*** 
(0.000) 

2.82*** 
(0.005) 

Wald test sectoral-dummies 
(p-value) 

 
3.53*** 
(0.000) 

- 
3.14** 
(0.000) 

3.32*** 
(0.000) 

- 
 

2.48*** 
(0.000) 

R2 (POLS) / R2 within (FE)  0.98 0.58  0.99 0.61  

AR(1) (p-value) 
AR(2) (p-value) 

AR(3) (p-value) 
Hansen test (p-value) 

   

0.000*** 
0.019** 
0.156 

0.687 
χ2(77) (p-value) 

(110 instruments) 

  

0.000*** 
0.888 

- 

0.190 
χ2(77) (p-value) 

(129 instruments) 
Notes: - Robust standard errors in parentheses; - * significance at 10%, ** 5%, *** 1%.; - time and sectoral dummies are included in POLS and GMM-SYS estimates. 
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5 .6 Conclusions 

 

In Section 5.1, we sketched the links relevant to the investigated issue, starting 

from the different ways how technology is implemented into the economy and ending 

with the discussion of its final possible employment impacts. In this framework, we 

clarified that R&D expenditures generating product innovation are likely to be labour-

friendly, while embodied technological change as a way to introduce process 

innovation might reveal a labour destroying nature. However, on the one hand product 

and process innovation are often interrelated and, on the other hand, the direct 

labour-saving impact of process innovation may be - at least partially - compensated 

by different market mechanisms which may assure the re-absorption of the 

technological unemployment initially generated by process innovation.  

 

Taken into account what discussed in Section 5.1 and the extant empirical literature 

discussed in Chapter 3, the econometric investigations carried on in this chapter have 

been addressed to test the following four hypotheses, here recalled for the reader’s 

convenience: 

 

H1: consistently with the previous literature (see Chapter 3), R&D expenditures 

should be related to an increase in employment at the firm’s level; 

H2: in contrast, ETC should be related either to a decrease in firm’s employment or 

should display a non-significant effect. 

H3: consistently with the extant literature (see Chapter 3), innovation variables 

should be more positively related to employment in the high-tech sectors rather than 

in the low-tech ones; 

H4: innovation variables should be more positively related to employment in the large 

firms rather than in the SMEs. 

 

Our estimates based on the Italian CIS data and the Spanish ESEE data, allow us to 

draw the following conclusions. 

 

H1: this hypothesis is weakly confirmed by the estimates based on the Italian data 

and not confirmed when the Spanish data are used; on the whole, a generalized 

labour-friendly nature of R&D expenditures is not detectable in the present study. 
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H2: this hypothesis is confirmed by our estimates: ETC never exhibits a labour-

friendly nature and in one case (within the Spanish SMEs) turns out to generate a 

significant labour-saving impact. 

H3: this hypothesis is strongly confirmed on the basis of our regressions: in the Italian 

case, the positive employment impact of the total innovation expenditures and the 

sole R&D expenditures is totally due to high-tech firms, while in the Spanish case, the 

job-creation impact of R&D expenditures (after being assessed as not significant with 

regard to the entire sample) becomes highly significant when attention is focused on 

the high-tech firms. 

H4: this hypothesis is confirmed by our estimates based on the CIS data (both total 

innovation expenditures and R&D are significant with regard to the large firms and not 

significant for the SMEs), but not by the regressions based on the ESEE data where 

the R&D variable is not significant for both the large companies and the SMEs.  
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Appendix 

Table 5.14: Econometric results – Dependent variable: ln(Employment)  

  (1) 

GMM-SYS 

WHOLE 

(2) 

GMM-SYS 

HT 

(3) 

GMM-SYS 

LT 

(4) 

GMM-SYS 

LARGE 

(5) 

GMM-SYS 

SMALL 

ln(Employment)t-1  0.904*** 0.833*** 0.898*** 0.888*** 0.896*** 

  (0.033) (0.050) (0.037) (0.047) (0.050) 

ln(Value added)  0.077*** 0.099*** 0.087*** 0.081*** 0.059** 

  (0.024) (0.034) (0.023) (0.025) (0.025) 

ln(Cost of labour per 

employee) 
 -0.218*** -0.259*** -0.240*** -0.201*** -0.244*** 

  (0.022) (0.058) (0.028) (0.041) (0.029) 

ln(Investment in 

physical capital) t-1 
 0.008 0.012 0.009 0.004 0.024* 

  (0.007) (0.011) (0.015) (0.006) (0.012) 

ln(ETC) t-1  -0.001 -0.002 -0.001 -0.001 -0.006* 

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

ln(R&D) t-2  0.003 0.019** 0.002 0.001 0.001 

  (0.002) (0.008) (0.002) (0.002) (0.002) 

Time-dummies  Yes Yes Yes Yes Yes 

Sectoral-dummies  Yes Yes Yes Yes Yes 

Constant  0.349*** 0.742*** 0.334*** 0.414*** 0.576*** 

  (0.097) (0.160) (0.113) (0.101) (0.093) 

Wald test  

time-dummies 

(p-value) 

 
83.30*** 

(0.000) 

46.85*** 

(0.000) 

3.98*** 

(0.000) 

59.63*** 

(0.000) 

2.18** 

(0.029) 

Wald test  

sectoral-dummies 

(p-value) 

 
66.19*** 

(0.000) 

170.50*** 

(0.000) 

63.13*** 

(0.000) 

67.34*** 

(0.000) 

2.98*** 

(0.000) 

AR(1) (p-value) 

AR(2) (p-value) 

AR(3) (p-value) 

Hansen test (p-value) 

 

0.000*** 

0.410 

- 

χ2(57) 0.404 

90 inst. 

0.000*** 

0.063* 

0.443 

χ2(38) 0.418 

58 inst. 

0.001*** 

0.059* 

0.256 

χ2(38) 0.755 

72 inst. 

0.000*** 

0.040** 

0.148 

χ2(56) 0.852 

89 inst. 

0.000*** 

0.665 

- 

χ2(38) 0.758 

90 inst. 

No. of observations 

No. of firms 
 

2,404 

517 

684 

137 

1,720 

387 

1,233 

263 

1,171 

300 

Notes: - Robust standard errors in parentheses; - * significance at 10%, ** 5%, *** 1%; 

- instruments include lags from 2 to 4 when AR(2) is not rejected and from 3 to 4 when AR(2) is rejected - 

see Roodman (2009). 



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

88 

 

6  INNOVATION AND SKILLS: NEW EMPIRICAL 

EVIDENCE 

 

 

 

6 .1 Introduction 

 

In the third chapter of this report, the literature devoted to the employment 

impact of innovation - in terms of skills and tasks - has been largely discussed. In this 

chapter, new empirical evidence - based on a new sectoral database – is provided. As 

the main objective of this chapter is to test the impact of innovation on qualifications 

of workers at the meso(sectoral)-level in the European area, we opted for R&D 

expenditures as proxy of innovation. R&D expenditures have the advantage to be 

measured in terms of continuous monetary variables and they are the most used 

variable in sectoral-level empirical studies to analyze the impact of innovative 

investments on employment in its “qualitative terms” (see Chapter 3). 

The main research question is the one behind the Skill-Bias Technological Change 

(SBTC) hypothesis: innovation and new technologies - to be implemented effectively 

and efficiently - require suitable complementary skills, meanwhile they might replace 

unskilled workers, mainly executing manual and routine tasks. 

   

Generally speaking, when the skill dimension of employees is considered, the 

classification adopted is based either on the educational level (tertiary education is the 

common threshold) or on the occupational level (white-collars - who do not undertake 

manual work - and blue-collars - who undertake manual work). Although usually 

highly correlated each other (OECD, 1998), the indicator based on education partly 

reflects the continuous increase in the supply of skills, meanwhile the indicator based 

on occupations is more directly connected with the evolution of the demand for labour. 

However, as anticipated in Section 3.1, the SBTC hypothesis has recently been 

extended to better focus on the precise nature of tasks required to workers. This 

additional classification is mainly determined by the routine nature of the task, 

assuming that ‘routinized’ jobs and tasks are easily substitutable by automation and 

new technologies, meanwhile more creative and non-routinized tasks require an ad 
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hoc innovation and, therefore, could be positively connected (complement) to 

innovation (Autor et al., 2003). 

The research question analyzed in this chapter is verified using sectoral-data. This 

is the finest disaggregation level available, since data at firm-level on the composition 

of human capital - for a representative sample of companies adequate to set an 

international comparison - are not available26. 

 

The three education/occupation/routine classifications allow us to formulate the 

following set of hypotheses. 

 

 

In the case of the ‘education’ classification (see OECD, 1998), the main hypotheses 

are: 

 

H1: consistently with previous literature (see Chapter 3), innovation expenditures 

should be related to an increase of employees with at least tertiary education (high 

educated); 

 

H2: in contrast, innovation expenditures should be related to a decrease (or at least 

to a non-significant effect) of employees with low educational degree (less than 

tertiary education - low educated) 

 

 

In the case of the ‘occupation’ classification, the most used dichotomic segmentation 

is between white-collars (including clerks and managers) and blue-collars (including 

mainly manual workers). In this context, the main hypotheses are: 

 

H3: innovation expenditures should be related to an increase in employment of non-

manual employees (white-collars); 

 

H4: in contrast, innovation expenditures should be related to a decrease of manual 

employees (or at least to a non-significant effect) mainly involved in the physical 

production process of goods and services (blue-collars). 

                                          

26 Firm-level studies are as common as sectoral-studies to test the SBTC hypothesis. However, when 

considering tasks (classified in “routinized” and “non-routinized”) and the TBTC, this degree of analysis can be 

hardly applied to the company-level since databases with this detail of investigation are generally not available 

at the micro-level. 
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In order to better exploit this classification, we also adopt the finer segmentation 

proposed by OECD (1998), based on the International Standard Classification of 

Occupations of the International Labour Office, ISCO 88 (close in spirit to the one 

adopted by Cirillo et al., 2016). It separates white-collars into white-collars high-skill 

(senior official and managers) and white-collars low-skill (clerks and service workers), 

and blue-collars into blue-collars high-skill (skilled agricultural and fishery workers, 

craft and related trade workers) and blue-collars low-skill (plant and machine 

operators and assemblers, elementary occupations). This effort is aimed at better 

understanding if the heterogeneity within the two macro-categories provides different 

evidence. 

 

 

In the case of the ‘routine’ classification (to test the “Task-Biased Technological 

Change” – TBTC - approach, as detailed in Section 3.3), the hypotheses would be 

quite easy to formulate, but it is tricky to determine a good criterion to split 

occupations among routinized and non-routinized jobs (this classification is indeed less 

straightforward than the previous two). 

Therefore, we relied on a very recent classification provided by Marcolin et al. 

(2016b). They exploited data from the OECD Programme for the International 

Assessment of Adult Competencies (PIAAC) to construct a novel measure of the 

routine content of occupations for 20 OECD countries. This measure, called the 

Routine Intensity Indicator (RII), is built on information about the extent to which 

workers can modify the sequence of their tasks and decide the type of tasks to be 

performed on the job27. It thus captures the degree of codifiability of such tasks28. The 

RII is selected among a number of indices built relying on a wide array of 

methodologies, and is used to group occupations into four routine intensity groups, 

namely high routine intensive, medium routine intensive, low routine intensive, and 

non-routine occupations29. 

 

                                          

27 Filling a questionnaire is mainly a subjective evaluation; therefore - by construction - data might be 

endogenously biased by interpretations and individual perceptions. 
28 Seabright (2000) defines as “codifiable” those tasks “for which a set of instructions can be given so that 

the task is exercised by following steps in a more or less algorithmic manner” (p.858). Autor et al. (2013) 

underline that tasks following explicit codifiable procedures may be computerised and automated and that 

codifiable tasks may be performed at a distance without compromising the quality of the result. 
29 This approach is an evolution of the routine task-codification procedure used by Autor et al. (2003), who 

adopted definitions from the Handbook for Analyzing Jobs, dated 1972. 
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 In order to keep the distinction between routine (characterized by a repetitive 

step-by-step procedure) and non-routine occupation (when there is more space for 

cognitive skills, creativity and flexibility).  

as simple and readable as possible, we decided to group the occupations in two 

general categories: routinized and non- routinized based, on the RII median value30 

computed by Marcolin et al. (2016b). 

 

Overall, the TBTC hypotheses are: 

 

H5: innovation expenditures should be related to an increase in non-routine jobs; 

 

H6: in contrast, innovation expenditures should be related to a decrease in routine 

jobs and tasks, which are substituted by innovation and new technologies. 

 

 

Consistently with the literature surveyed and the specification adopted in the previous 

Chapters and following the most recent approaches adopted in testing the 

employment impact of innovation using panel datasets, the hypotheses above are 

tested through a stochastic version of a standard labour demand augmented by 

including innovation. 

In particular, for a panel of sectors i in country j over time t, our ideal specification is: 

 

 ijtiijtijtijtijtijt DRgiwyl   &4321
         

 i = 1, .., n;   j = 1, …, c;   t = 1, .., T       

(6.1) 

 

where small letters denote natural logarithms, l is a category of employees, y output, 

w labour cost, gi is gross investments, R&D - R&D expenditure - denotes our 

innovation proxy, ε is the idiosyncratic individual and time-invariant industry’s fixed 

effect and ν the usual error term. 

 

In order to take into account persistence in the labour demand (even in different 

categories of workers), we move from the static expression (6.1) to a proper dynamic 

specification: 

                                          

30 Dispersion in the values of the RII and the consequent relatively high standard deviations values observed 

in Marcolin et al. (2016b), may be due to the pooling of data across all PIAAC countries and reflect 

differences in the level of sectoral specialisation across countries. 
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 ijtiijtijtijtijtijtijt DRgiwyll    &43211     

 
i = 1, ..,  n; j = 1, …,  c; t = 1, .., T           

(6.2) 

     
 

The rest of the chapter is structured as follows: the next section will introduce the 

sectoral dataset, based on the merge of ANBERD-STAN OECD dataset with European 

Union Statistics on Income and Living Conditions (EU-SILC) individual data for the 

available European countries31. Section 6.3 will present and discuss the econometric 

results. Section 6.4 will conclude this chapter.  

 

 

 

6 .2 The dataset 

 

 The empirical test of the hypotheses listed above is conducted using a unique and 

novel longitudinal dataset, based on the merge of ANBERD-STAN OECD dataset  with the 

EU-SILC surveys for the European countries and the time-span available. 

Following specification (6.2), employees, value added (as a proxy of output), cost of 

labour (as labour compensation for employees), gross fixed capital formation were 

obtained from the STAN-OECD dataset. R&D expenditures were obtained from the 

ANBERD-OECD database. 

 

 In order to get data on different categories of workers, we used EU-SILC (as 

Naticchioni et al., 2014), gathered by the Eurostat. EU-SILC is the reference source for 

comparative statistics on income distribution and social inclusion in the European 

Union. Statistics on income, social inclusion and living conditions cover objective and 

subjective aspects of these issues in both monetary and non-monetary terms for both 

                                          

31 To our knowledge, the merge of ANBERD-STAN with EU-SILC has not been carried out and put forward by 

any other previous study. 

http://ec.europa.eu/eurostat/statistics-explained/index.php/Glossary:European_Union_%28EU%29
http://ec.europa.eu/eurostat/statistics-explained/index.php/Glossary:European_Union_%28EU%29
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households and individuals. They are used to monitor the Europe 2020 strategy in 

particular with regard to its poverty reduction headline target32. 

In detail, EU-SILC provides cross-sectional annual data pertaining to a given time or a 

certain time period with variables on income, poverty, social exclusion and other living 

conditions. It is conducted in the Member States of the European Union by using the 

same concepts and definitions: this allows economic sounds comparisons between the 

countries of interests and the labour market definitions are very detailed both in terms 

of individual activity status and income level. Furthermore, it uses common 

classifications (NACE, ISCO, ISCED) which allows comparisons by sectors of economic 

activity, occupations and educational levels. This allows comparison across countries.  

We opted for the EU-SILC data, as it also offers the opportunity - for each relevant 

employment category and sector of economic activity - to compute the wage per hour 

per employee which is the more appropriate proxy to measure the cost of labour 

(instead of  the average cost of labour per employee gathered from OECD data). 

 

The overlap between OECD source and EU-SILC allows us to cover the 2004-2011 

time-span. 

 

The overlapping countries are: Austria, Belgium, Czech Republic, Denmark, Finland, 

Hungary, Italy, the Netherlands, Norway, Slovenia. 

 

 

Looking at the sectoral dimension in EU-SILC, the NACE 1-digit classification (Rev.1.1) 

is reasonably representative of sectoral labour markets, while the 2-digit classification 

is missing in some cases or not always representative. Therefore, we had to adopt, as 

binding, the sectoral aggregation proposed by EU-SILC: 

 

 

- Agriculture, hunting and forestry + Fishing;  

- Mining and quarrying + Manufacturing + Electricity, gas and water supply;  

- Construction;  

                                          

32 EU-SILC was launched in 2003 on the basis of a gentlemen’s agreement between Eurostat and six 

Member States (Austria, Belgium, Denmark, Greece, Ireland, Luxembourg) and Norway. It was formally 

launched in 2004 in fifteen countries and expanded in 2005 to cover all of the then EU-25 Member States, 

together with Norway and Iceland. Bulgaria launched EU-SILC in 2006 while Romania, Switzerland and 

Turkey introduced the survey in 2007. For additional information see 

http://ec.europa.eu/eurostat/web/income-and-living-conditions/overview.  

http://ec.europa.eu/europe2020/index_en.htm
http://ec.europa.eu/eurostat/statistics-explained/index.php/Glossary:Eurostat
http://ec.europa.eu/eurostat/statistics-explained/index.php/Glossary:EU-25
http://ec.europa.eu/eurostat/web/income-and-living-conditions/overview
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- Wholesale and retail trade; repair of motor vehicles, motorcycles and personal and 

household goods;  

- Hotels and restaurants;  

- Transport, storage and communication;  

- Financial intermediation;  

- Real estate, renting and business activities;  

- Public administration and defence; compulsory social security;  

- Education;  

- Health and social work;  

- Other community, social and personal service activities + Activities of households + 

Extra-territorial organizations and bodies. 

       

 

 All OECD monetary variables have been expressed in Euro in case they were not 

(Czech Republic, Denmark, Hungary and Norway) (at annual exchange rate – OECD 

source33), to match the EU-SILC data where monetary variables are all expressed in 

Euro. 

All the monetary variables of the new matched dataset have been deflated using GDP 

deflators. We have considered 2010 as the base year (OECD source34). All the variables 

have been log-transformed. 

 

 We compared the distribution of employees (OECD source) with the distribution of 

employees (EU-SILC source): the distribution of the two variables turned out not to be 

significantly different among sectors and countries and years based on a t-test . This 

evidence suggests us the employment series are matchable. Moreover, the average 

correlation coefficient among the two employment series is 0.74, reinforcing the previous 

interpretation. 

 

 At this stage, we computed the intensities - by EU-SILC - of the different categories 

of workers (considering education attainment classification, occupation classification and 

task classification) over the total number of employees for each year and we applied 

these intensities to OECD employment series35.  

                                          

33 http://stats.oecd.org/ 
34 http://stats.oecd.org/ 
35 Categories of workers with less than 10 employees were considered too small in absolute values to be 

fully reliable and therefore were dropped. For this reason, in the following estimates the number of 

observations slightly varies. 
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We used this procedure to be on the safer side: EU-SILC employment data are collected 

on a cross-sectional basis, therefore they cannot fully guarantee comparability in 

absolute numbers among years. Nevertheless, the intensities computed in each year are 

reliable and they can be applied to the OECD employment variable, which is, by 

construction, comparable in its time-dimension. 

 

 

 Considering the overall sample of 103 sectors (578 observations), the distribution 

among countries is presented in Table 6.1. 

 

 

Table 6.1: Sample composition 

Country Observations 

AUT 76 

BEL 76 

CZE 87 

DNK 26 

FIN 55 

HUN 60 

ITA 74 

NLD 22 

NOR 56 

SVN 46 

  

EU 578 

 

 

 

The descriptive statistics of the main variables are presented in Table 6.2.  
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Table 6.2: Descriptive statistics 

Whole sample      

N=578       Mean Std.deviation  

   overall 732.41  

Employment - 

thousands (OECD) 
 480.90 between 1,055.84  

   within 28.31  

   overall 0.749  

R&D  4.13e+08 between 3.31e+09  

   within 1.80e+08  

   overall 5.76e+10  

Value Added  2.86e+10 between 7.62e+10  

   within 4.80e+09  

   overall 1.73e+10  

Gross Investments  6.74e+09    between 2.21e+10  

   within 1.56e+09  

   overall 3.672  

Wage per hour (EU-

SILC) 
 7.737 between 3.474  

   within 1.395  

 

  

 Overall, as expected in a sectoral panel (considering absolute values), the ‘between’ 

standard deviation turns out to be the dominant one. 

 

 

 Looking at the correlation matrix of the regressors (log-transformed) in this sample 

(Table 6.3), it turns out that Gross Investments are highly correlated with both Value 

Added and R&D. Therefore, we need to drop the Gross investments variable to avoid a 

severe multicollinearity issue in the econometric estimates. 
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Table 6.3: Correlation matrix 

 
ln(Value 

Added) 

ln(R&D 

expenditures) 

ln(Gross 

Investments) 

ln(Wage 

per Hour) 

ln(Value Added) 1    

ln(R&D 

expenditures) 
0.714 1   

ln(Gross 

Investments) 
0.924 0.822 1  

ln(Wage per 

Hour) 
0.544 0.453 0.526 1 

 

 

 

 To test the dynamic specification considering the three classifications previously 

discussed, we proceeded as follows. 

 

Turning to the educational attainment, as far as - on average - the highly educated 

employees represent approximately the 19% of workers, and the no highly educated the 

remaining 81%, we opted for splitting educational level in three groups, according to 

the International Standard Classification of Education (ISCED97), in order to check 

whether there is heterogeneity within the general category of the not highly educated. 

We, therefore, considered “highly educated” (H1) the workers with post-secondary or 

tertiary education (ISCED levels 5 and 6), ‘middle educated’ the employees with upper 

secondary (ISCED levels 3 and 4) and ‘low educated’ (H2) the employees with lower 

secondary education (ISCED97 levels 0–2). Overall, low educated are on average the 

30% of the sample, the middle educated almost the 51% and the highly educated 

approximately the 19%. 

 

Turning to the occupational classification, we first split employees in white and 

blue collars, each of them covering, respectively on average, 63% and 37%. After 

that, following OECD (1998) and Cirillo et al. (2016), we split each of these categories 

in high and low in order to better study the heterogeneity within these two large 

categories. On average, white-collars high-skill (senior official and managers) cover 

the 37% of employees, white-collars low-skill (clerks and service workers) 26%, blue-

collars high skilled (skilled agricultural and fishery workers, craft and related trade 

workers) 20% and blue-collars low-skill (plant and machine operators and assemblers, 
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elementary occupations) 17%. In detail, these categories are built on the basis of the 

International Standard Classification of Occupation (ISCO-88). Taking the one-digit 

ISCO-88 categories, the white-collar high-skill (WCHS) group corresponds to 

categories 1 up to 3; the white-collar low-skill (WCLS) correspond to categories 4 and 

5; the blue-collar high-skill (BCHS) corresponds to categories 6 and 7 and, finally, the 

blue-collar low-skill (BCLS) group corresponds to categories 8 and 9. 

 

 

In Table 6.4 a correlation matrix of the ratio (_R) of these two classifications is 

proposed. 

 

 

Table 6.4: Correlation matrix between education and occupation 

classifications 

 High_R Middle_R Low_R WCHS_R WCLS_R BCHS_R BCLS_R 

High_R 1.000       

Middle_R -0.702 1.000      

Low_R -0.606 -0.113 1.000     

WCHS_R 0.663 -0.395 -0.484 1.000    

WCLS_R -0.023 0.171 -0.154 -0.101 1.000   

BCHS_R -0.503 0.205 0.480 -0.487 -0.610 1.000  

BCLS_R -0.471 0.224 0.412 -0.368 -0.287 0.216 1.000 

 

 

The correlation matrix among the two most used classifications emphasizes there 

is still the  expected positive correlation between high educated and WCHS, as well as 

there is a positive correlation between low educated and both BCHS and BCLS, 

meanwhile the most relevant negative correlation is between high educated and 

BCHS. 

 

 

 Considering the task classification, we adopted the one proposed by Marcolin et al. 

(2016b – Table 3a). We decided to use their task interpretation to assign to each ISCO-
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88 occupation a “routine” / “non- routine” label based on the computed RII36 for the 

2011 and 2012 period and considering, as a threshold, the median value of 2.4. When a 

category showed a RII lower than 2.4, as in the case of managers, professionals, 

technicians, skilled agricultural workers and clerks, this was codified as “non-routine”, 

when a category showed a RII  higher than 2.4, occupations were considered as ‘routine’ 

(crafts, shoppers, plant operators, elementary occupations).  

 

 

In Table 6.5 a correlation matrix of the ratio (_R) of the occupation classification 

and of the routine-based one is proposed: 

 

Table 6.5: Correlation matrix occupation and task classifications 

 Non-

routine_R 

Routine_R WCHS_R WCLS_R BCHS_R BCLS_R 

Non-

routine_R 

1.000      

Routine_R -0.931 1.000     

WCHS_R 0.748 -0.761 1.000    

WCLS_R 0.093 -0.085 -0.098 1.000   

BCHS_R -0.633 0.632 -0.541 -0.619 1.000  

BCLS_R -0.406 0.422 -0.409 -0.310 0.214 1.000 

 

 

Results suggest an expected positive correlation between non-routine occupations 

and white-collars and also between routine occupations and blue-collars, but, more in 

detail, the positive correlation with the largest magnitude is among high-skilled white-

collars and non-routine workers. For these occupations, tasks are likely to be the least 

routinized, where, for the remaining occupations, there is a higher heterogeneity37. 

                                          

36 RII is built on information about the extent to which workers can modify the sequence in which they carry 

out their tasks and decide the type of tasks to be performed on the job. 
37 This evidence is, in general, in line with the  results from Marcolin et al. (2016b) where the correlation 

between skill content and routine intensity is indeed negative, i.e. more routine intensive occupations tend 

to be associated with lower skills, They show that non-routine and low routine intensive occupations appear 

to be monotonically increasing in skill intensity, when these are measured according to individuals’ 

educational attainment or occupation type, but this is not the case for medium and high routine intensive 

occupations, which are mostly intensive in medium skills. 



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

100 

 

6 .3 Econometric analysis 

 

In order to test our dynamic labour demand specification of, we decided to choose 

the following econometric strategy. To have a reference estimation, we run Fixed Effects 

estimations (LSDV), being aware that the estimates (especially in the case of the lagged 

dependent variable) are downward biased. Furthermore, as the number of 

individuals/observations is not large enough to use estimators based on a GMM structure 

and an instrumentation procedure (GMM-DIF and GMM-SYS), we rely on the Least 

Squares Dummy Variable Corrected estimator (LSDVC – see Bruno, 2005a, 2005b). 

Indeed, Bruno (2005a, 2005b) shows that – when the number of individuals is low 

related to the number of effects to identify and the panel is unbalanced (our case) – 

the LSDVC estimator performs better than the GMM ones. This methodology is based 

on the LSDV estimator, but corrected for its asymptotic bias. Since the procedure 

must be initialized by a dynamic estimate, we could alternatively use GMM–SYS and 

GMM-DIF. Robust standard errors are obtained through bootstrapping, with 50 

iterations. 

 

 

As there is variability among persistence in the different categories of employees, we 

decided to be parsimonious in the instrumentation procedure and to use the GMM-DIF 

(instead of the GMM-SYS) to initialize the LSDVC estimator. 

Unfortunately the LSDVC does not allow the inclusion of time-invariant variables, 

therefore country dummies cannot be included. Nevertheless, we estimated the LSDV 

with (presented in the Tables) and without (available upon request) country-dummies; 

indeed, the magnitude and significance of the main economic variables were not 

significantly affected. This evidence supports our choice to use, as the preferred 

specification, the LSDVC (without country-dummies). 

 

In Table 6.6 estimates for the educational classification are presented in order to 

verify H1 and H2. The marginal loss of sectors and observations depend on the 

instrumentation of the LSDVC which requires at least three sequential observations. 

 

  



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

101 

 

Table 6.6: Econometric results. Dependent variable: ln(Employees) by 

educational attainment 

 

 

(1) 

LSDV 

 

(2) 

LSDVC 

 

(3) 

LSDV 

 

(4) 

LSDVC 

(5) 

LSDV 

 

(6) 

LSDVC 

 

ln(High Educated)_1 0.117*** 0.276***     

 (0.049) (0.049)     

ln(Middle Educated) _1   0.288** 0.516***   

   (0.115) (0.074)   

ln(Low Educated) _1     0.304*** 0.557*** 

     (0.086) (0.064) 

ln(R&D Expenditures) 0.113*** 0.098*** -0.046** -0.040 -0.012 -0.015 

 (0.032) (0.035) (0.023) (0.030) (0.045) (0.062) 

ln(Value Added) 0.051 -0.043 0.001 0.020 0.124** 0.107* 

 (0.033) (0.035) (0.020) (0.030) (0.051) (0.062) 

ln(Wage per Hour) 0.274*** 0.248** -0.098* -0.080 -0.141 -0.146* 

 (0.097) (0.113) (0.056) (0.094) (0.096) (0.082) 

Time-dummies yes yes yes yes yes yes 

       

Wald test time-

dummies 

(p-value) 

6.28*** 

(0.000) 

43.99*** 

(0.000) 

7.63*** 

(0.000) 

44.26*** 

(0.000) 

3.27*** 

(0.003) 

27.38*** 

(0.000) 

N. Observations 

 

N. Sectors 

457 

 

96 

360 

 

87 

457 

 

96 

360 

 

87 

453 

 

96 

356 

 

87 

Notes:  

* significance at 10%, ** 5%, *** 1%;  

country-dummies are included in the LSDV estimates. 

 

 

 

Results provide evidence of a ‘monotonic’ persistence in the employment. low 

persistence for the highly educated, higher for the low educated. This might signal 

that, in general, the employment of highly educated is more dynamic than in the case 

of low educated. Turning to our main hypotheses, H1 is strongly confirmed with its 
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positive and highly significant impact of innovation on the highly educated employees. 

Also H2, with a negative and not statistically significant coefficient, is confirmed. It 

therefore seems that, at the sectoral level, there is complementarity among 

investments in innovation and employees with tertiary education, meanwhile the effect 

on employees with lower secondary education is negative, but not significant. 

Other control variables have less-clear-cut interpretation: value added and wage per 

hour affect, respectively, in a positive and in a negative way, only the low educated 

category. This might probably emphasize that, for this category of workers, the 

control variables follow the expected impact, meanwhile in more educated workers the 

economic structure effect is more articulated. In the case of the highly educated, the 

impact of the cost per hour is positive: this result might be interpreted as the 

occurrence of a premium for the higher productivity of the high-skill workers. 

 

Estimates for the occupational attainment classification are presented in Table 

6.7. 

 

Considering the two macro-categories, for both of them there is persistence in the 

relative occupation. Turning to H3, even if the impact of R&D on white-collars is 

positive, it is not significant and, therefore, it is not confirmed. Only H4 is confirmed 

due to a negative, although barely significant, impact of R&D expenditures on Blue-

collars.  

Consistently with the previous discussion, we decided to additionally split the White-

collars and the Blue-collars categories, to try to disentangle the possible effects. 
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Table 6.7: Econometric results. Dependent variable: ln(Employees) by 

occupational attainment  

 

 

(1) 

LSDV 

 

(2) 

LSDVC 

 

(3) 

LSDV 

 

(4) 

LSDVC 

ln(White collars)_1 0.360*** 0.585***   

 (0.053) (0.074)   

ln(Blue collars) _1   0.192*** 0.407*** 

   (0.053) (0.068) 

ln(R&D 

Expenditures) 
0.040 0.041 -0.181** -0.160* 

 (0.069) (0.076) (0.074) (0.083) 

ln(Value Added) 0.023 -0.042 0.156** 0.150* 

 (0.070) (0.074) (0.075) (0.079) 

ln(Wage per Hour) -0.185 -0.091 -0.226 -0.139 

 (0.209) (0.187) (0.056) (0.232) 

Time-dummies yes yes yes yes 

     

Wald test time-

dummies 

(p-value) 

8.93*** 

(0.000) 

60.16*** 

(0.000) 

18.83*** 

(0.000) 

110.20*** 

(0.000) 

N. Observations 

 

N. Sectors 

447 

 

96 

353 

 

87 

445 

 

96 

347 

 

85 

Notes:  

* significance at 10%, ** 5%, *** 1%;  

country-dummies are included in the LSDV estimates. 

 

 

In Table 6.8 estimates for the four categories are reported (only LSDVC is 

reported for a more precise focus). 

 

As can be seen, persistence in employment is higher in low skilled workers for 

both white and blue collars. 

Focusing on the impact of R&D expenditures on employment, it seems there is a real 
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polarization in the effect with a positive and significant effect in the case of white-

collars high-skill and a negative one for blue-collars low-skill. 

 

Table 6.8: Econometric results. Dependent variable: ln(Employees) by 

occupational attainment (4 categories) 

 
(1) 

LSDVC 

(2) 

LSDVC 

(3) 

LSDVC 

(4) 

LSDVC 

ln(WCHS)_1 0.274***    

 (0.070)    

ln(WCLS) _1  0.576***   

  (0.071)   

ln(BCHS) _1   0.357***  

   (0.064)  

ln(BCLS) _1    0.553*** 

    (0.075) 

ln(R&D 

Expenditures) 
0.094** 0.032 -0.092 -0.024* 

 (0.051) (0.064) (0.067) (0.020) 

ln(Value Added) -0.109** -0.016 0.104 0.018 

 (0.046) (0.061) (0.069) (0.081) 

ln(Wage per Hour) 0.387*** -0.308** 0.189 -0.108 

 (0.123) (0.154) (0.203) (0.212) 

Time-dummies yes yes Yes yes 

     

Wald test time-

dummies 

(p-value) 

2.44 

(0.875) 

3.67 

(0.721) 

103.54*** 

(0.000) 

44.26*** 

(0.000) 

N. Observations 

 

N. Sectors 

353 

 

87 

353 

 

87 

326 

 

84 

351 

 

86 

Notes:  

* significance at 10%, ** 5%, *** 1%;  

country-dummies are included in the LSDV estimates. 
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The third classification, following Marcolin et al. (2016b), is based on routine and 

non-routine jobs, as detailed above. 

 

In Table 6.9 estimates for the routine and non-routine categories are reported. 

 

Table 6.9: Econometric results. Dependent variable: ln(Employees) by task 

attainment 

 

(1) 

LSDV 

 

(2) 

LSDVC 

 

(3) 

LSDV 

 

(4) 

LSDVC 

ln(Non routine)_1 -0.024 0.253***   

 (0.045) (0.068)   

ln(Routine) _1   0.103*** 0.255*** 

   (0.055) (0.066) 

ln(R&D 

Expenditures) 
0.101** 0.090* -0.040 -0.029 

 (0.050) (0.052) (0.061) (0.063) 

ln(Value Added) -0.131** -0.118* 0.081 0.070 

 (0.051) (0.063) (0.062) (0.065) 

ln(Wage per Hour) 0.671*** 0.644*** -0.875 -0.872*** 

 (0.153) (0.145) (0.186) (0.178) 

Time-dummies Yes yes yes yes 

     

Wald test time-

dummies 

(p-value) 

0.36 

(0.906) 

3.15 

(0.789) 

1.24 

(0.285) 

8.03 

(0.236) 

N. Observations 

 

N. Sectors 

447 

 

96 

316 

 

83 

416 

 

93 

316 

 

83 

Notes:  

* significance at 10%, ** 5%, *** 1%;  

country-dummies are included in the LSDV estimates. 

 

 

Results support especially H5, suggesting there is a positive impact of R&D 

expenditures, as proxy of innovation activities, on non-routine employees, performing 
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more dynamic and creative tasks. On the contrary, looking at routine jobs, H6 is only 

partially confirmed, as the impact of innovation is negative, but not statistically 

significant. Again, wage per hour seems to affect positively non-routine employees 

(productivity premium) and negatively - in a significant way - routine jobs (more 

conventional labour-market demand). 

 

 

6 .4 Conclusions 

 

In Section 3.3, we discussed the main empirical papers relevant to the 

investigated issue, considering the “Skill-biased Technological Change” (SBTC) as well 

as the more recent “Task-biased Technological Change” (TBTC) hypothesis. In both 

cases, even if with different classifications, the main idea is that new technologies are 

complement to skills, meanwhile there might be a substitution effect between 

innovations and unskilled employees. Taken into account what discussed in Section 

3.3 and the extant empirical literature, the econometric analysis at sectoral-level 

carried on in this chapter has been addressed to test the following six hypotheses 

(four of which related to the SBTC and the last two to the TBTC) which were generally 

confirmed: 

 

H1: consistently with previous literature, R&D expenditures turned out to be related to 

an increase of employees with at least tertiary education (highly educated); 

 

H2: in contrast, R&D expenditures had a non-significant effect on employees with low 

educational degree (low educated).  

 

Interestingly enough, the results concerning H1 and H2 allow to qualify the overall 

positive employment impact of R&D expenditures found in the previous chapters: 

indeed, this is the outcome of a strong complementarity with educated labour, while 

the less educated workers are not significantly affected by innovation; 

 

H3: R&D expenditures resulted to be significantly and positively related to 

employment of high-skilled non-manual employees (high-skilled white-collars); 

 

H4: in contrast, R&D expenditures turned out to be related to a decrease of manual 

low-skilled employees.  
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Considering hypotheses H3 and H4, there is a polarization of results, while the 

categories of workers between high-skill white-collars and low-skill blue-collars, are 

less clearly affected by innovation expenditures. 

 

These outcomes in terms of skills are consistent with what found in the previous 

chapters. Indeed, it turned out that the labour-friendly nature of R&D expenditures 

was significantly detectable only in the high-tech sectors and in the larger firms: 

exactly where higher skills are more massively employed. 

 

Finally, considering the TBTC: 

 

H5: R&D expenditures showed a positive and significant impact on non-routine jobs; 

 

H6: in contrast, R&D expenditures determined a non-significant decrease in routine 

jobs and tasks.  

 

 These results are also consistent with those related to the quantitative impact 

of new technologies (see previous chapters) and qualify the fact that any possible 

labour-friendly impact of innovation is in favor of the non-routine jobs. 
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7  CONCLUSIONS 

 

 

As the reader of this report should be now aware, the relationship between 

innovation and employment is far from being a simple one.  

As detailed in Chapter 2, technological change generates a direct impact and many 

indirect effects. In more detail, process innovation implies a labour-saving effect, while 

product innovation is generally labour friendly. However, process and product 

innovations are often interrelated and this is a first source of complexity (see Table 

4.1).  

On the one hand, together with their labour-saving impact, process innovations 

involve decreasing prices and increasing incomes and these in turn boost an increase 

in demand and production that can compensate the initial job losses. However, these 

compensation mechanisms can be hindered by the existence of severe drawbacks and 

their efficacy is dependent on crucial parameters such as the demand elasticity, the 

degree of competition, the elasticity of substitution between capital and labour (see 

Chapter 2). On the whole, depending on the different institutional and economic 

contexts, compensation can be more or less effective and the technological 

unemployment due to process innovation may be only partially re-absorbed. 

On the other hand, the job creating effect of product innovation may be more or less 

effective, as well. Indeed, the introduction of new products and the generation of new 

industries have to be compared with the displacement of mature products. However, 

historically, the labour friendly nature of product innovation seems to be largely 

dominant. Still, in different historical periods and different institutional frameworks, 

the relative balance between the direct labour-saving effect of process innovation and 

the counterbalancing impacts of compensation forces and product innovation can be 

substantially different. Of course, the scenario appears even more complicated - and 

less optimistic - when these direct and indirect impacts occur within a period of 

structural crisis as the current one. 

 

Together with the quantitative employment consequences of technological change, 

its qualitative impact has to be taken into account. In particular, new technologies ask 

for specific skills, creating different dynamics among different categories of workers. 

Indeed, innovations are complementary to human capital and the “Skill-Biased 

Technological Change” (SBTC) hypothesis can be put forward; moreover and more 
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recently, the SBTC hypothesis has been encompassed by the “polarization” approach. 

According to this approach, new technologies destroy routine jobs (also including 

some cognitive and middle-skill tasks), while creating opportunities in professional 

categories and skills which turn out to be novel and different from previous ones (also 

including personal services and manual jobs not necessarily characterized by a higher 

level of human capital). 

On the whole, although theoretical economists keep on developing complex models 

about the employment impact of innovation, the economic theory does not have a 

clear-cut answer about the quantitative and qualitative employment effects of 

innovation. Indeed, the actual employment and skill impacts of the new technologies 

depend on the balance between process and product innovation, the values of the 

different parameters assessing the efficacy of the different compensation mechanisms, 

the institutional context and the particular skill-bias and task-bias of the considered 

technologies. 

 

Therefore, attention should be turned to aggregate, sectoral, and microeconomic 

empirical analyses, and this report has been mainly devoted to investigate this 

perspective. 

 

In Chapter 3, a critical and updated analysis of the recent empirical studies 

analysing the employment effect of innovation has been provided, together with the 

evidence emerging from the studies testing the SBTC hypothesis and the analyses 

devoted to the “job polarization” perspective. 

Summarizing the outcomes of the vast literature discussed in Chapter 3, two are the 

main conclusions. 

As far as the quantitative impact of innovation is concerned, the examined 

econometric evidence is not fully conclusive; however, most of recent studies provide 

evidence of a positive relationship between technological change and jobs. In 

particular, the job-creation effect is obvious when R&D and/or product innovation are 

adopted as proxies of innovation and when high-tech sectors (both in manufacturing 

and services) are considered. Finally, some evidence of a labour-saving impact of 

process innovation is also detected in few studies, especially when low-tech 

manufacturing sectors are considered. 

As far as the qualitative impact of innovation is concerned, most of the literature 

points out that - while until the late ‘90s a SBTC impact has been obvious, especially 

with regard to manufacturing and production activities - more recently the task-biased 

technological change (TBTC, that is innovation destructive of routinized jobs) has 
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emerged as a powerful driver of an increasing polarization of jobs and wages, 

involving all the economic sectors. 

 

Having discussed in detail the previous empirical literature, Chapters 4 and 5 of 

this report have been devoted to provide new empirical evidence on the employment 

impact of innovation (quantitative effect), while Chapter 6 has focused on the 

qualitative aspects.  

 

In particular, the econometric approach put forward in Chapters 4 and 5 has been 

based on different estimations of a standard (dynamic) labour demand augmented by 

the inclusion of innovation proxies. 

  

In more detail, Chapter 4 has been devoted to develop two replication studies on 

European sectoral and firm-level datasets, also based on the same dynamic 

specification. 

 

On the whole, the results obtained in Chapter 4 are largely consistent with what 

obtained both in the sourcing articles and in the previous literature (see Chapter 3). 

However, in the sectoral study capital formation emerges as  negatively related to 

employment; this outcome is novel and points to a possible labour-saving effect due 

to embodied technological change incorporated in gross investment (see below).  

Fully consistent with what was obtained by Bogliacino and Vivarelli (2012) 

Bogliacino et al. (2012) is instead the significant labour-friendly impact of R&D 

expenditures, detected both at the sectoral and at the micro level; moreover, this 

positive employment effect appears to be entirely due to the medium- and high-tech 

sectors/firms. 

Moving to Chapter 5 the econometric analysis has been applied to two novel and 

unique datasets: the first based on different waves of the Italian Community 

Innovation Survey; the second based on a longitudinal Spanish dataset. With regard 

to the measurement of the innovative efforts, the relevant literature suggests that 

product innovation (mainly delivered by large firms in high-tech sectors) is 

significantly based on formal R&D, while process innovation is much more related to 

the “embodied technical change” (ETC) acquired by investment in new machinery and 

equipment and through the purchasing of external technology incorporated in licences, 

consultancies and know-how (this is the dominant way how new technologies are 

implemented in the low-tech sectors and in the SMEs; for an extensive discussion, see 

Section 5.1). 
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In this report, R&D and ETC expenditures have been considered the preferred 

proxies for innovation, since they are reliable continuous variables, accounted for by 

firms’ balance sheets (in contrast with other alternative indicators such as dummies 

for product and process innovation). 

Accordingly, four have been the hypotheses tested in the econometric analyses carried 

on in Chapter 5: 

 

 H1: consistently with the previous literature, R&D expenditures should be 

related to an increase in employment at the firm’s level. 

 H2: in contrast, ETC should be related either to a decrease in firm’s 

employment or should display a non-significant effect. 

 H3: consistently with the previous literature, innovation variables should be 

more positively related to employment in the high-tech sectors rather than in 

the low-tech ones. 

 H4: innovation variables should be more positively related to employment in 

the large firms rather than in the SMEs. 

 

As detailed in Sections 5.3 and 5.5, our econometric estimates based on the Italian 

CIS data and the Spanish longitudinal ESEE data, have produced the following 

outcomes. 

 

 H1: this hypothesis is weakly confirmed by the estimates based on the Italian 

data and not confirmed when the Spanish data are used; on the whole, a 

generalized labour-friendly nature of R&D expenditures is not detectable in the 

present study. 

 H2: this hypothesis is confirmed by our estimates: ETC never exhibits a 

labour-friendly nature and in one case (within the Spanish SMEs) turns out to 

generate a significant labour-saving impact. 

 H3: this hypothesis is strongly confirmed on the basis of our regressions: in 

the Italian case, the positive employment impact of the total innovation 

expenditures and the sole R&D expenditures is totally due to high-tech firms, 

while in the Spanish case, the job-creation impact of R&D expenditures (after 

being assessed as not significant with regard to the entire sample) becomes 

highly significant when attention is focused on the high-tech firms. 

 H4: this hypothesis is confirmed by our estimates based on the CIS data (both 

total innovation expenditures and R&D are significant with regard to the large 
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firms and not significant for the SMEs), but not by the regressions based on the 

ESEE data where the R&D variable is not significant for both the large 

companies and the SMEs. 

 

As usual, one has to be extremely cautious in proposing possible policy 

suggestions based on econometric results that are obviously affected by the particular 

data used and their intrinsic limitations. However, these outcomes suggest the 

following implications. 

 

 In general terms, the first finding of this study is unequivocal: the labour-

friendly nature of companies’ R&D investments is not always statistically 

significant, but it never turns out to be detrimental to employment. This 

outcome gives further support to the Europe 2020 policy target, aiming to 

increase the European R&D/GDP ratio, in that it is reassuring as regards the 

possible employment consequences of increasing R&D investment.  

 Turning our attention to the alternative mode of technological change - i.e. the 

possibly labour-saving ETC involving process innovation - its possible adverse 

impact on employment emerges as a likely outcome. In terms of policy 

implications, this means that non-R&D-based innovation may imply an adverse 

effect in terms of employment levels and so the need for adequate labour and 

training policies becomes compelling. 

Indeed, it seems that in recent years - possibly because of the worldwide 

financial crisis - the cost-saving component of investment has turned out to 

dominate its expansionary component. Moreover, a possible labour-saving 

effect due to process innovation incorporated in capital formation seems to be 

specific to the low-tech industries. This is surely matter for thought for the 

European policy makers, since the European sectoral specialization is still 

unbalanced in favour of the middle and low-tech sectors. 

 What emerges clearly from the empirical analysis is that the positive and 

significant effect on employment of R&D expenditures is not equally detectable 

across the different economic sectors. More specifically, it is obvious for high-

tech manufacturing, but absent for the more traditional manufacturing sectors. 

This is something that should be borne in mind by European innovation policy 

makers considering employment as one of their main targets. In this context - 

if the policy purpose is to maximize the employment impact of R&D 

expenditures - the incentives should be concentrated in the high-tech 

industries. 
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  Finally, the possible job-creation effect of R&D expenditures is not equally 

detectable across firms of different size, turning out to be significant only for 

larger firms; here again, R&D incentives should be carefully targeted. 

 

The aim of Chapter 6 of this report was to provide new empirical evidence on the 

qualitative impact of R&D and innovation: in particular, an industry-level analysis has 

been based on an original dataset matching the STAN-ANBERD database with the EU 

statistics on income and living conditions (EU-SILC). The econometric analysis has 

been based on different estimations of a standard (dynamic) labour demand 

augmented by the inclusion of R&D expenditures (similarly to what done in Chapter 5; 

for details about the econometric approach and the data used, see Sections 6.1 and 

6.2).  

 

The SBTC hypothesis has been tested using two different splitting criteria: one 

related to the educational levels and one based on the white vs blue-collar 

classification. 

 

With regard to the ‘education’ classification, the main hypotheses tested were the 

following: 

 

 H1: consistently with the extant literature, R&D expenditures should be related 

to an increase of employees with at least tertiary education (highly educated). 

 H2: in contrast, innovation expenditures should be related to a decrease (or at 

least to a non-significant effect) of employees with lower educational degrees. 

 

In the case of the ‘occupation’ classification, four categories have been obtained, 

ranging from the high-skilled white collars to the low-skilled blue collars, the main 

hypotheses being: 

 

 H3: R&D expenditures should be related to an increase in employment of non-

manual employees (white-collars). 

 H4: in contrast, R&D expenditures should be related to a decrease - or at least 

to a not significant effect - of manual employees (blue-collars). 

 

Finally, with regard to the TBTC hypothesis, the following two hypotheses have 

been tested: 
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 H5: R&D expenditures should be related to an increase in non-routine jobs. 

 H6: in contrast, R&D expenditures should be related to a decrease in routine 

jobs and tasks. 

 

The detailed statistical analyses and the econometric outcomes concerning the 

tests of the hypotheses H1 to H6 are reported and discussed in detail in Sections 6.3 

and 6.4; here it will sufficient to report the main conclusions obtained. 

 

 H1: consistently with the previous literature, R&D expenditures turned out to 

be related to an increase of employees with at least tertiary education. 

 H2: in contrast, R&D expenditures had a non-significant effect on employees 

with lower educational degrees. 

 H3: R&D expenditures resulted to be significantly and positively related to the 

employment of high-skilled white-collars. 

 H4: in contrast, R&D expenditures turned out to be related to a decrease of 

manual low-skilled employees. 

 

Considering hypotheses H3 and H4, there was indeed a polarization of results, 

with the two categories of workers between high-skilled white-collars and low-

skilled blue-collars exhibiting non-significant results. 

 

Finally, the TBTC hypothesis was also confirmed: 

 

 H5: R&D expenditures showed a positive and significant impact on non-routine 

jobs. 

 H6: in contrast, R&D expenditures determined a non-significant decrease in 

routine jobs and tasks. 

 

On the whole, the SBTC hypothesis was confirmed using the employment 

classification in terms of educational attainments; it was also confirmed using the 

occupational classification, but only in its extreme version with innovation favouring 

the high-skilled white collars and destroying low-skilled blue collar jobs. Finally, the 

TBTC hypothesis was also supported by our analyses, particularly in terms of a 

significant expansionary effect in favour of the non-routine jobs. 

 

In terms of policy implications, these outcomes - largely consistent with the extant 

literature - point out the likely destructive impact of innovation against the low-skilled, 
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low-educated and routinized jobs. This means that policy makers should couple R&D 

and innovation policies with education and training policies, able to shape a safety net 

for those workers who are the most vulnerable to the adverse impact of technological 

change.  



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

116 

 

8  REFERENCES 

 

Abowd, J.M., Haltiwanger, J., Lane, J. McKinney, K.L., Sandusky, K., 2007. Technology 

and the demand for skill: an analysis of within and between firm differences. IZA 

Discussion Paper, 2707, Bonn.  

Abraham, K., Houseman, S., 1995. Earnings inequality in Germany. In R.B. Freeman 

and L.F. Katz (eds), Differences and Changes in Wage Structures. Chicago: NBER, 

University of Chicago Press, 371-403. 

Acemoglu, D. 2015. Localised and biased technologies: Atkinson and Stiglitz’s new 

view, induced innovations, and directed technological change. Economic Journal, 

583, 443-463. 

Acemoglu, D., Autor, D.H., 2011. Skills, tasks and technologies: implications for 

employment earnings. In O. Ashenfelter and D. Card (eds.), The Handbook of Labour 

Economics. Amsterdam: Elsevier, 1043-1171. 

Acs, Z. J., Audretsch, D. B., 1990. Innovation and Small Firms. Cambridge (Mass.): 

MIT Press. 

Addison J., Teixeira, P., 2001. Technology, employment and wages. Labour, 15, 191-

219. 

Adermon, A., Gustavsson, M., 2015. Job polarization and task-biased technological 

change: Evidence from Sweden, 1975-2005. The Scandinavian Journal of Economics, 

117, 878-917. 

Aguirregabiria, V., Alonso-Borrego, C., 2001. Employment occupational structure, 

technological innovation, and reorganization of production. Labour Economics, 8, 43-

73. 

Aldieri, L., Garofalo, A., Vinci, C.P., 2015. R&D spillovers and employment: A micro-

econometric analysis. MPRA Paper 67269, Munich. 

Antonucci, T., Pianta, M., 2002. Employment effects of product and process innovation 

in Europe. International Review of Applied Economics, 16, 295-307. 

Appelbaum, E., Schettkat, R., 1995. Employment and productivity in industrialized 

economies. International Labour Review, 134, 605-623. 

Arellano, M., Bond, S., 1991. Some tests of specification for panel data: Monte Carlo 

evidence and an application to employment equations. The Review of Economic 

Studies, 58: 277-297. 



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

117 

 

Arntz, M., Gregory, T., Zierahn, U., 2016. The risk of automation for jobs in OECD 

countries: A comparative analysis. OECD Social, Employment and Migration Working 

Papers n. 189, Paris. 

Atkinson, A.B., Stiglitz, J.E., 1969. A new view of technological change. Economic 

Journal, 79, 573-578. 

Audretsch, D. B., Vivarelli, M., 1996. Firms size and R&D spillovers: Evidence from 

Italy. Small Business Economics, 8, 249-258. 

Autor, D.H., 2015. Why are there still so many jobs? The history and future of 

workplace automation. Journal of Economic Perspectives, 29, 3-30. 

Autor, D., Katz, L., Krueger, A., 1998. Computing inequality: Have computers changed 

the labour market?, Quarterly Journal of Economics, 113, 1169-1214. 

Autor, D.H., Katz, L., Kearney, M., 2006. The polarization of U.S. labour market. 

American Economic Review, 96, 184-194. 

Autor, D.H., Levy, F., Murnane, R.J., 2003. The skill content of recent technological 

change: An empirical exploration. Quarterly Journal of Economics, 116, 1279-1333. 

Autor, D., Dorn, D., 2009. This job is ‘getting old’: Measuring changes in job 

opportunities using occupational age structure. American Economic Review: Papers 

and Proceedings, 99, 45-51. 

Autor, D.H., Dorn, D., 2013. The growth of low-skill service jobs and the polarization 

of the US labour market, American Economic Review, 103, 1553-1597. 

Autor, D.H., D. Dorn and G.H. Hanson. 2013. The geography of trade and technology 

shocks in the United States. American Economic Review: Papers and Proceedings, 

103, 220-225. 

Baccini, A., Cioni, M., 2010. Is technological change really skill-biased. Evidence from 

the introduction of ICT in the Italian textile industry (1980-2000). New Technology, 

Work and Employment, 25, 80-93. 

Benavente, J.M., Lauterbach, R., 2008. Technological innovation and employment: 

Complements or substitutes? European Journal of Development Research, 20, 318-

329. 

Berman, E., Bound, J., Griliches, Z., 1994. Changes in the demand for skilled labour 

within US manufacturing industries: Evidence from the annual survey of 

manufacturing. Quarterly Journal of Economics, 109, 367-397. 



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

118 

 

Blanchflower, D., Burgess, S.M., 1998. New technology and jobs: Comparative 

evidence from a two-country study. Economics of Innovation and New Technology, 5, 

109-138. 

Blundell, R., Bond, S., 1998. Initial conditions and moment restrictions in dynamic 

panel data models. Journal of Econometrics, 87, 115-143. 

Bogliacino, F., Pianta, M., 2010. Innovation and employment. A reinvestigation using 

revised Pavitt classes. Research Policy, 39, 799-809. 

Bogliacino, F., Piva, M., Vivarelli, M., 2011 R&D and employment: Some evidence from 

European microdata, IZA Discussion Paper 5908. 

Bogliacino, F., Vivarelli, M., 2012. The job creation effect of R&D expenditures. 

Australian Economic Papers, 51, 96-113. 

Bogliacino, F., Piva, M., Vivarelli, M., 2012. R&D and employment: An application of 

the LSDVC estimator using European data. Economics Letters, 116, 56-59. 

Bond, S.R., (2002).  Dynamic panel data models: A guide to micro data methods and 

practice. Portuguese Economic Journal, 1, 141-162. 

Boyer, R., 1988A. New technologies and employment in the 1980s: From science and 

technology to macroeconomic modelling. In J.A. Kregel, E. Matzner and A. Roncaglia 

(eds), Barriers to Full Employment. London: Macmillan, 233-268. 

Boyer, R., 1988B. Assessing the impact of R&D on employment: Puzzle or consensus? 

Paper presented at the International Conference on New Technology: its Impacts on 

Labour Markets and the Employment System, December 5-7, Berlin. 

Boyer, R., 1988C. Technical change and the theory of regulation. In G. Dosi, C. 

Freeman, R.R. Nelson, G. Silverberg and L. Soete (eds), Technical Change and the 

Economic Theory. London: Pinter, 67-94. 

Boyer, R., 1990. The capital labour relations in OECD countries: From the Fordist 

“Golden Age” to contrasted national trajectories. Working paper CEPREMAP, 9020, 

Paris. 

Brouwer, E., Kleinknecht, A., 1996. Firm size, small business presence and sales of 

innovative products: a micro-econometric analysis. Small Business Economics, 8, 

189-201. 

Brynjolfsson, E., McAfee, A. 2011. Race Against the Machine: How the Digital 

Revolution is Accelerating Innovation, Driving Productivity, and Irreversibly 

Transforming Employment and the Economy. Lexington, MA: Digital Frontier Press. 



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

119 

 

Brynjolfsson, E., McAfee, A. 2014. The Second Machine Age: Work, Progress, and 

Prosperity in a Time of Brilliant Technologies. New York: W.W. Norton. 

Casavola, P., Gavosto, A., Sestito, P. 1996. Technical progress and wage dispersion in 

Italy: Evidence from firms’data. Annales d’Economie et de Statistique, 41/42, 387-

412. 

Ciriaci, D. (2011). Intangible resources: the relevance of training for European firms’ 

innovative performance. IPTS Working Paper on Corporate R&D and Innovation No. 

6/2011, Institute of Prospective Technological Studies, Joint Research Centre. 

Ciriaci, D., Moncada-Paternò-Castello, P., Voigt, P., 2016. Innovation and  job 

creation: A sustainable relation? Eurasian Business Review, forthcoming. 

Cirillo V., 2014. Patterns of innovation and wage distribution. Do innovative firms pay 

higher wages? Evidence from Chile. Eurasian Business Review, 4, 181-206. 

Cirillo, V., Pianta, M., Nascia, L., 2016. The dynamics of skills: Technology and 

business cycle, ISI Growth WP 7/2016. 

Clark, J., 1983. Employment projections and technological change. In D.L. Bosworth 

(ed), The Employment Consequences of Technical Change. London: Macmillan, 110-

125. 

Clark, J., 1987. A vintage-capital simulation model. In C. Freeman and L. Soete (eds), 

Technical Change and Full Employment. Oxford: Basil Blackwell, 86-98. 

Coad, A., Rao, R., 2011. The firm-level employment effects of innovations in high-tech 

US manufacturing industries. Journal of Evolutionary Economics, 21, 255-283. 

Conte, A., Vivarelli, M. 2014. Succeeding in Innovation: Key Insights on the Role of 

R&D and Technological Acquisition Drawn from Company Data. Empirical Economics, 

47, 1317-1340. 

Crépon, B., Duguet, E., Mairesse, J., 1998. Research, innovation, and productivity: An 

econometric analysis at firm level. Economics of Innovation and New Technology, 7, 

115-158. 

Crespi, G., Tacsir, E., 2012. Effects of innovation on employment in Latin Americ. 

Inter-American Development Bank Institutions for Development (IFD) Technical Note 

No.IDB-TN-496. Inter-American Development Bank, Washington, DC. 

Dachs, B., Hud, M., Koehler, C., Peters, B., 2015. Employment effects of innovation 

over the business cycle: Evidence from European countries, paper presented at the 

conference: DRUID15, Rome, June 15-17, 2015. 



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

120 

 

Davis, D.R., 1998. Technology, unemployment, and relative wages in a global 

economy. European Economic Review, 42, 1613-1633. 

Dobbs, I.M., Hill, M.B., Waterson, M., 1987. Industrial structure and the employment 

consequences of technical change. Oxford Economic Papers, 39, 552-567. 

Doms, M., Dunne, T., Troske, K., 1997. Workers, wages, and technology. Quarterly 

Journal of Economics, 112, 253-289. 

Dosi, G., 1982. Technological paradigms and technological trajectories. Research 

Policy, 11, 147-163. 

Dosi, G., 1988. Source, procedure and microeconomic effects of innovation. Journal of 

Economic Literature, 26, 1120-1171. 

Dunne, M., Haltiwanger, J., Troske, K., 1997. Technology and jobs: Secular changes 

and cyclical dynamics. The Carnegie-Rochester Conference Series on Public Policy, 

46, 107-178. 

European Commission, 2010. Communication from the Commission to the European 

Parliament, the Council, the European Economic and Social Committee and the 

Committee of the Regions. Europe 2020 Flagship Initiative Innovation Union, 

COM(2010) 546 final. European Commission, Brussels. 

Evangelista, R., 2000. Innovation and employment in services. In M. Vivarelli and M. 

Pianta (eds), The Employment Impact of Innovation: Evidence and Policy. London: 

Routledge, 121-148. 

Evangelista, R., Perani, G., 1998. Innovation and employment in services: Results 

from the Italian Innovation Survey, paper presented at the EAEPE Conference, 5-8 

November, Lisbon. 

Evangelista, R., Savona, M., 2002. The impact of innovation on employment in 

services: Evidence from Italy. International Review of Applied Economics, 16, 309-

318. 

Evangelista, R., Vezzani, A., 2012. The impact of technological and organizational 

innovations on employment in European firms. Industrial and Corporate Change, 21, 

871-899. 

Fagerberg, J., Laestadius, S., Martin, B.R., 2015 (forthcoming). The triple challenge 

for Europe: Economic development, climate change, and governance. Oxford 

University Press, Oxford. 



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

121 

 

Falk, M., 2001. The impact of office machinery and computer capital on the demand 

for heterogeneous labour. ZEW Discussion Paper 01-66, Mannheim. 

Falk, M., Seim, K., 1999. The impact of information technology on high-skilled labour 

in services: Evidence from firm level panel data. ZEW Discussion Paper 99-58, 

Mannheim. 

Freeman, C., Clark, J., Soete, L., 1982. Unemployment and Technical Innovation. 

London: Pinter. 

Freeman, C., Soete, L. (eds), 1987. Technical Change and Full Employment. Oxford: 

Basil Blackwell. 

Freeman, C., Soete, L., 1994. Work for All or Mass Unemployment? Computerised 

Technical Change into the Twenty-first Century. London-New York: Pinter. 

Frey, C.B., Osborne, M.A., 2013. The future of employment: how susceptible are jobs 

to computerisation? Oxford University Working Paper, September 17, Oxford.  

Goldin, C., Katz, L.F., 2007. Long-run changes in the wage structure: Narrowing, 

widening, polarizing. Brookings Papers on Economic Activity, 38, 135-168. 

Goos, M., Manning, A., 2007. Lousy and lovely jobs. The rising polarization of work in 

Britain. The Review of Economics and Statistics, 89, 118-133. 

Goos, M., Manning, A., Salomons, A., 2014. Explaining job polarization: Routine-

biased technological change and offshoring, The American Economic Review, 104, 

2509-2526. 

Goux, D., Maurin, E., 2000. The decline in demand for unskilled labour: An empirical 

method and its application to France. Review of Economics and Statistics, 82, 596-

607. 

Greenan, N., Guellec, D. 2000. Technological innovation and employment reallocation. 

Labour, 14, 547-590. 

Greenwood, J., Hercowitz, Z., Krusell, P., 1997. Long-run implications of investment-

specific technological change. American Economic Review, 87, 342-362. 

Griliches, Z., 1969. Capital-skill complementarity. Review of Economics and Statistics, 

51, 465-468. 

Griliches, Z., 1979. Issues in assessing the contribution of Research and Development 

to productivity growth. Bell Journal of Economics, 10, 92-116. 



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

122 

 

Griliches, Z., 1995. R&D and productivity: Econometric results and measurement 

issues. In P. Stoneman, (ed.), Handbook of the Economics of Innovation and 

Technological Change. Oxford: Blackwell Publishers, 52-89. 

Griliches, Z., 2000. R&D, Education, and Productivity. Cambridge (Mass): Harvard 

University Press. 

Hall, B.H., Lotti, F., Mairesse, J., 2008. Employment, innovation, and productivity: 

Evidence from Italian microdata. Industrial and Corporate Change, 17, 813-839. 

Hall, B.H., Mairesse, J., Mohnen, P., 2009. Measuring the returns to R&D. NBER 

Working Papers, 15622, Cambridge (Mass.). 

Harrison, R., Jaumandreu, J., Mairesse, J., Peters, B., 2005. Does innovation stimulate 

employment? A firm-level analysis using comparable micro-data from four European 

countries. MPRA Paper n. 1245, Munich. 

Harrison, R., Jaumandreu, J., Mairesse, J., Peters, B., 2008. Does innovation stimulate 

employment? A firm-level analysis using comparable micro-data from four European 

countries. NBER Working Papers 14216, Cambridge (Mass.). 

Harrison, R., Jaumandreu, J., Mairesse, J., Peters, B., 2014. Does innovation stimulate 

employment? A firm-level analysis using comparable micro-data from four European 

countries. International Journal of Industrial Organization, 35, 29-43. 

Haskel, J., Heden, Y., 1999. Computers and the demand for skilled labour: Industry 

and establishment-level evidence for the UK. Economic Journal, 109, C68-C79. 

Haskel, J., Slaughter, M., 1998. Does the sector bias of Skill Biased Technical Change 

explain changing wage inequality? NBER Working Paper 6565, Cambridge MA. 

Hatzichronoglou, T., 1997. Revision of the high-technology sector and product 

classification. OECD Science, Technology and Industry Working Papers No. 1997/02, 

Paris. 

Hercowitz, Z., 1998. The ‘embodiment’ controversy: A review essay. Journal of 

Monetary Economics, 41, 217-224. 

Hicks, J.R., 1932. The Theory of Wages. London: Macmillan. 

Hicks, J.R., 1973. Capital and Time. Oxford: Oxford University Press. 

Hobsbawm, E.J., 1968. Industry and Empire: An Economic History of Britain since 

1750. Harmondsworth Middlesex: Penguin Books. 

Hobsbawm, E.J., Rudé, G., 1969. Captain Swing, London: London Reader’s Union. 

http://ideas.repec.org/p/nbr/nberwo/15622.html


A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

123 

 

Holmes, C., Mayhew, K., 2012. The changing shape of the UK job market and its 

implications for the bottom half of earners. Resolution Foundation Report. 

Hulten, C.R., 1992. Growth accounting when technical change is embodied in capital. 

American Economic Review, 82, 964-980. 

ISTAT and Università Cattolica del Sacro Cuore (2014). Innovazione e performance 

d'impresa in Lombardia e in Italia. Technical report. Centro Studi Economia Applicata 

(CSEA), Università Cattolica del Sacro Cuore. 

Jorgenson, D.W., 1966. The embodiment hypothesis. Journal of Political Economy, 74, 

1-17. 

JRC-IPTS, 2015. The EU R&D Scoreboard. Luxembourg: European Union. 

Kancs, D., Siliverstovs, B., 2015. Employment effect of innovation. JRC-IPTS Working 

Papers on Corporate R&D and Innovation 2015-07, Institute of Prospective 

Technological Studies, Joint Research Centre, Sevilla. 

Kampelmann, S., Rycx, F., 2011. Task-biased changes of employment and 

remuneration: The case of occupations. IZA Discussion Paper 5470, Bonn. 

Katsoulacos, Y.S., 1984. Product innovation and employment. European Economic 

Review, 26, 83-108. 

Katsoulacos, Y.S., 1986. The Employment Effect of Technical Change. Brighton: 

Wheatsheaf. 

Katz, L.F., Murphy, K.M., 1992.  Changes in relative wages, 1963-1987: Supply and 

demand factors. The Quarterly Journal of Economics, 107, 35-78. 

Keynes, J.M., 1973. The General Theory of Employment, Interest and Money, in The 

Collected Writings of John Maynard Keynes. London: Macmillan, first edn 1936. 

Lachenmaier, S., Rottmann, H., 2011. Effects of innovation on employment: A 

dynamic panel analysis. International Journal of Industrial Organization, 29, 210-

220. 

Layard, R., Nickell, S., 1985. The causes of British unemployment. National Institute 

Economic Review, 111, 62-85. 

Layard, R., Nickell, S., Jackman, R., 1991. Unemployment: Macroeconomic 

Performance and the Labour Market. Oxford: Oxford University Press. 

Layard, R., Nickell, S., Jackman, R., 1994. The Unemployment Crisis. Oxford: Oxford 

University Press. 



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

124 

 

Los, B., Timmer, M.P., De Vries, G.J., 2014. The demand for skills 1995-2008. A global 

supply chain perspective. OECD Economics Department Working Papers 1141, Paris. 

Luque, A., 2005. Skill mix and technology in Spain: Evidence from firm-level data. 

Documento de Trabajo 0513, Banco de Espana, Madrid. 

Machin, S., 1996. Changes in the relative demand for skills. In A.L. Booth and D.J. 

Snower (eds), Acquiring Skills: Market Failures, Their Symptoms and Policy 

Responses. Cambridge: Cambridge University Press, 129-146. 

Machin, S., Van Reenen, J., 1998. Technology and changes in skill structure: Evidence 

from seven OECD countries. Quarterly Journal of Economics, 113, 1215-1244. 

Mairesse, J., Mohnen, P., 2001. To be or not to be innovative: an exercise in 

measurement. NBER Working Papers, 8644, Cambridge (Mass.). 

Mairesse, J., Sassenou, M., 1991. R&D and productivity: a survey of econometric 

studies at the firm level. NBER Working Papers, 3666, Cambridge (Mass.). 

Mairesse, J., Greenan, N., Topiol-Bensaïd, A., 2001. Information technology and 

research and development impacts on productivity and skills: a comparison on 

French firm level data. NBER Working Paper 8075, Cambridge MA. 

Malthus, T.R., 1964. Principles of Political Economy. New York: M. Kelley, first edn 

1836. 

Marcolin, L., Miroudot, S., Squicciarini, M., 2016a. Routine jobs, employment and 

technological innovation in global value chains. OECD Science, Technology and 

Industry Working Papers 2016/01, Paris. 

Marcolin, L., Miroudot, S., Squicciarini, M., 2016b. The routine content of occupations: 

New cross-country measures based on PIAAC. OECD Science and Industry Working 

Papers, 2016/02, Paris. 

Marshall, A., 1961. Principles of Economics. Cambridge: Macmillan, first edn 1890. 

Marx, K., 1961. Capital. Moscow: Foreign Languages Publishing House, first edn 1867. 

Marx, K., 1969. Theories of Surplus Value. London: Lawrence & Wishart, first edn. 

1905-10. 

Mastrostefano, V., Pianta, M., 2009. Technology and jobs. Economics of Innovation and 

New Technology, 18, 729-741. 

McIntosh, S., 2013. Hollowing out and the future of the labour market, Department for 

Business, Innovation and Skills Research Paper 134, London. 



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

125 

 

Mejia, J.F., Granada, Y.A., 2014. Innovation and its effects on employment 

composition: Microeconomic evidence from Colombian firms. Documentos de trabajo 

Economía y Finanzas n. 14-20, CIEF, Universitat EAFIT, Medellín. 

Michaels, G., Natraj, A., Van Reenen, J., 2014. Has ICT polarized skill demand? Evidence 

from eleven countries over 25 years. The Review of Economics and Statistics, 96, 60-

77. 

Mill, J.S., 1976. Principles of Political Economy. New York: M. Kelley, first edn 1848. 

Mitra, A., Jha, A. 2015. Innovation and employment: A firm level study of Indian 

industries. Eurasian Business Review, 5, 45-71. 

Morrison Paul, C.J., Siegel, D.S., 2001. The impacts of technology, trade and 

outsourcing on employment and labour composition. Scandinavian Journal of 

Economics, 103, 241-264. 

Mukoyama, T., 2006. Rosenberg’s “learning by using” and technology diffusion. 

Journal of Economic Behavior & Organization, 61, 123-144. 

Naticchioni, P., Ragusa, G., Massari, R., 2014. Unconditional and conditional wage 

polarization in Europe. IZA Discussion Paper 8465, Bonn. 

Neary, J.P., 1981. On the short-run effects of technological progress. Oxford Economic 

Papers, 32, 224-233. 

Nickell, S., Bell, B., 1995. The collapse in demand for the unskilled and unemployment 

across the OECD. Oxford Review of Economic Policy, 11, 40-62. 

Nickell, S., Kong, P., 1989. Technical progress and jobs. Centre for Labour Economics. 

Discussion Paper 366, London School of Economics, London. 

OECD, 1996. The evolution of skills in OECD countries and the role of technology. STI 

Working Paper 1996/8, Paris. 

OECD, 1998. OECD data on skills: Employment by industry and occupation. STI 

Working Paper 1998/4, Paris. 

OECD, 2002.  Frascati Manual - Proposed Standard Practice for Surveys on Research 

and Experimental Development, Paris. 

OECD, 2016. ICT and jobs: Complements or substitutes? The effects of ICT 

investment on labour market demand by skills and by industry in selected OECD 

countries. 2016 Ministerial Meeting on the Digital Economy Technical Report, OECD 

Digital Economy Papers n. 259, Paris. 



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

126 

 

Pantea, S., Biagi, F., Sabadash, A., 2014. Are ICT displacing workers? Evidence from 

Seven European countries. JRC-IPTS Working Papers on Digital Economy 2014-07, 

Institute of Prospective Technological Studies, Joint Research Centre, Sevilla. 

Parisi, M.L., Schiantarelli, F., Sembenelli, A., 2006. Productivity, innovation and R&D: 

Micro evidence for Italy. European Economic Review, 50, 2037-2061. 

Pasinetti, L., 1981. Structural Change and Economic Growth. Cambridge: Cambridge 

University Press. 

Pavitt, K., 1984. Patterns of technical change: Towards a taxonomy and a theory. 

Research Policy, 13, 343-374. 

Petit, P., 1995. Employment and technological change. In P. Stoneman (ed), 

Handbook of the Economics of Innovation and Technological Change. Amsterdam: 

North Holland, 366-408. 

Pianta, M., 2000. The employment impact of product and process innovations. In M. 

Vivarelli and M. Pianta (eds), The Employment Impact of Innovation: Evidence and 

Policy. London: Routledge, 77-95. 

Pianta, M., 2005. Innovation and employment. In J. Fagerberg, D. Mowery and R.R. 

Nelson (eds), Handbook of Innovation. Oxford: Oxford University Press, 568-598. 

Pianta, M., Evangelista, R., Perani, G., 1996. The dynamics of innovation and 

employment: An international comparison. STI Review, 18, 67-93. 

Pigou, A., 1933. The Theory of Unemployment. London, Macmillan. 

Pigou, A., 1962. The Economics of Welfare. London: Macmillan, first edn 1920. 

Piva, M., Santarelli, E., Vivarelli, M., 2005. The skill bias effect of technological and 

organisational change: Evidence and policy implications. Research Policy, 34, 141-

157. 

Piva, M., Vivarelli, M., 2001. The skill bias in Italy: a first report. Economics Bulletin, 

15, 1-8. 

Piva, M., Vivarelli, M., 2002. The skill bias: Comparative evidence and an econometric 

test. International Review of Applied Economics, 16, 347-357. 

Piva, M., Vivarelli, M., 2004. Technological change and employment: Some micro 

evidence from Italy. Applied Economics Letters, 11, 373-376. 

Piva, M., Vivarelli, M., 2005. Innovation and employment: Evidence from Italian 

microdata. Journal of Economics, 86, 65-83. 



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

127 

 

Ricardo, D., 1951. Principles of Political Economy. In P. Sraffa (ed), The Works and 

Correspondence of David Ricardo. Cambridge: Cambridge University Press, vol. 1, 

third edn 1821. 

Roodman, D.M., 2009. How to do xtabond2: An introduction to difference and system 

GMM. Stata Journal, 9, 86-136. 

Sabadash, A., 2013. ICT-induced technological progress and employment: a happy 

marriage or a dangerous liaison? A literature review. JRC-IPTS Working Papers 

JRC76143, Institute for Prospective and Technological Studies, Joint Research 

Centre, Sevilla. 

Salter, W.E.G., 1960. Productivity and Technical Change. Cambridge: Cambridge 

University Press. 

Say, J.B., 1964. A Treatise on Political Economy or the Production, Distribution and 

Consumption of Wealth. New York: M. Kelley, first edn 1803. 

Seabright, P., 2000. Skill versus judgement and the architecture of organisations. 

European Economic Review, 44/4, 856-868. 

Simonetti, R., Taylor, K., Vivarelli, M., 2000. Modelling the employment impact of 

innovation. In M. Vivarelli and M. Pianta (eds), The Employment Impact of 

Innovation: Evidence and Policy. London: Routledge, 26-43. 

Sinclair, P.J.N., 1981. When will technical progress destroy jobs? Oxford Economic 

Papers, 31, 1-18. 

Sismondi, J.C.L., 1971. Nouveaux Principes d'Economie Politique ou de la Richesse 

dans ses Rapports avec la Population. Paris: Calmann- Levy, first edn 1819. 

Smolny, W., 1998. Innovations, prices and employment: A theoretical model and an 

empirical application for West German manufacturing firms. Journal of Industrial 

Economics, 46, 359-381. 

Solow, R.M., 1960. Investment and technical progress. In K.J. Arrow, S. Karlin and P. 

Suppes (eds), Mathematical Methods in the Social Sciences. Stanford: Stanford 

University Press, 89-104.  

Spitz-Oener, A., 2006. Technical change, job tasks and rising educational demands: 

looking outside the wage structure. Journal of Labour Economics, 24, 235-270. 

Steuart, J., 1966. An Inquiry into the Principles of Political Economy. Chicago: Oliver 

and Boyd, first edn 1767. 



A Reappraisal of the Impact of Corporate R&D and Innovation on Employment 

128 

 

Stoneman, P., 1983. The Economic Analysis of Technological Change. Oxford: Oxford 

University Press. 

Sylos Labini, P., 1969. Oligopoly and Technical Progress. Cambridge (Mass.): Harvard 

University Press, first edn 1956. 

UNIDO, 2013. Industrial Development Report 2013. Sustaining Employment Growth: 

The role of manufacturing and structural change. United Nations Industrial 

Development Organization, Vienna. 

Van Roy, V., Vertesy, D., Vivarelli, M., 2015. Innovation and employment in patenting 

firms: Empirical evidence from Europe. IZA Discussion Papers 9147, Bonn. 

Van Reenen, J., 1997. Employment and technological innovation: Evidence from U.K. 

manufacturing firms. Journal of Labour Economics, 15, 255-284. 

Vivarelli, M., 2012. Innovation, employment and skills in advanced and developing 

countries: A survey of the literature. IZA Discussion Papers 6291. Bonn. 

Vivarelli, M., 1995. The Economics of Technology and Employment: Theory and 

Empirical Evidence. Aldershot: Elgar. 

Vivarelli, M., Pianta, M. (eds), 2000. The Employment Impact of Innovation: Evidence 

and Policy. London: Routledge. 

Vivarelli, M., 2013. Technology, employment and skills: an interpretative framework. 

Eurasian Business Review, 3, 66-89. 

Vivarelli, M., 2014. Innovation, employment and skills in advanced and developing 

countries: A survey of economic literature. Journal of Economic Issues, 48, 123-154. 

Vivarelli, M., Evangelista, R., Pianta, M., 1996. Innovation and employment in Italian 

manufacturing industry. Research Policy, 25, 1013-1026. 

Welch, F., 1970. Education in production. Journal of Political Economy, 78, 35-59. 

Wicksell, K., 1961. Lectures on Political Economy. London: Routledge & Kegan, first 

edn 1901-1906. 

Wilson, D.J., 2009. IT and beyond: The contribution of heterogeneous capital to 

productivity. Journal of Business and Economic Statistics, 27, 52-70. 

Yang, C-H., Lin, C-H. A., 2008. Developing employment effects of innovations: 

Microeconometric evidence from Taiwan, Developing Economies, 46, 109-134. 


	List of Tables
	1  Executive summary
	2  INTRODUCTION
	2 .1 Motivation
	2 .2 Theory
	2 .3 The structure of this report

	3  INNOVATION, JOBS, SKILLS AND TASKS: A SURVEY OF THE EMPIRICAL LITERATURE
	3 .1 Introduction
	3 .2 Innovation and employment
	3 .2.1 Aggregate and sectoral evidence
	3 .2.2 Microeconomic evidence

	3 .3 Innovation, skills and tasks
	3 .4 Conclusions

	4   EUROPEAN SECTORAL AND FIRM-LEVEL EVIDENCE
	4 .1 Introduction
	4 .2 The sectoral study
	4 .3 The firm-level study
	4 .4 Conclusions

	5  TWO PANEL ANALYSES: ITALY AND SPAIN
	5 .1 Introduction
	5 .2 The Italian dataset
	5 .3 Results based on the Italian data
	5 .4 The Spanish dataset
	5 .5 Results based on the Spanish data
	5 .6 Conclusions

	6  INNOVATION AND SKILLS: NEW EMPIRICAL EVIDENCE
	6 .1 Introduction
	6 .2 The dataset
	6 .3  Econometric analysis
	6 .4 Conclusions

	7  CONCLUSIONS
	8  REFERENCES

