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SUMMARY 

The purpose of this paper is to investigate how to measure primarily new growth determinants, which 

incorporate new technologies (Industry 4.0), global value chains, changing population structure with 

ageing, which affect the performance of firms. The focus is not on the theoretical linkages (these have 

been provided in (Redek, Domadenik, et al., 2019)), but primarily on the challenges on measuring new 

growth determinants using existing data sources. The possible data sources are discussed at three levels: 

macro level, industry level and firm level. Table S1 summarizes the main available data at different levels 

(national, industry and firm level) and Table S2 matches the new sources against key data criteria. The 

paper also discusses each of the data source in more detail and provides an overview of key productivity 

estimation methods, studying also the appropriateness of these data for such analysis.  

Table S1: Summary of available data sources to measure new growth determinants 

 Macro level Industry level Micro level 

Global value chains 

Global Trade Analysis 
Project (GTAP) 

Database 
IDE-JETRO Asian Input-

Output Tables,  
World Input-Output 

Database,  
EXIOBASE,  

Eora Database,  
OECD Inter-Country 
Input-Output) Tables 

(TiVA) 

Global Trade Analysis 
Project (GTAP) Database 
IDE-JETRO Asian Input-

Output Tables,  
World Input-Output 

Database,  
EXIOBASE,  

Eora Database,  
OECD Inter-Country 
Input-Output) Tables 

(TiVA  

Firm financial 
statements data, data 
on import and export 

Ageing 

Eurostat national 
accounts data 

combined with the 
data on share of age-
specific labour force 
EU KLEMS database 
Quality Adjusted Labour 

Input (QALI) 
NTA dataset 

EU KLEMS database 

Matched employer-
employee datasets 

European Structure of 
Earnings Survey 

 

New technologies 
(digitalization, ICT, 
other I4 technologies) 

EU Klems 
Eurostat 

International 
Federation of 

Robotics dataset 
OECD Statistics 

EU Klems 
Eurostat 

International 
Federation of 

Robotics dataset  
European Manufacturing 

Survey 

Eurostat survey data 
European Manufacturing 

Survey 
 

Firm size, market entry 
and growth 
 

Eurostat - Structural 
business (Size class 

analysis) 

Eurostat Structural 
business (Size class 

analysis) 
CompNet database 

Possible calculation from 
micro-level data 

Amadeus dataset 
OECD firm-level project 
CompNet database 

Possible calculation from 
micro-level data 
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Table S2: Benchmarking main sources against the criteria 
 

Data sources 
Internat. 

comparab-
ility 

Reproduci-
bility 

National 
accounts 

consistency 
Exhaustiveness 

Global 
value 
chains 

Global Trade Analysis Project (GTAP) 
Database 

Y Y Y Y 

World Input-Output Database Y Y Y Y 

Firm financial statements data 
(Amadeus) 

Y Y 
Y  (Partial, 

industry 
breakdown) 

Limited (just 
imports, 

exports data) 

Ageing 

Eurostat national accounts data 
combined with the data on share of 
age-specific labour force 

Y Y Y Partial 

EU KLEMS database Y Y Y Partial 
Matched employer-employee datasets Y Y Y Partial 
European Structure of Earnings 
Survey  

Y Y Y Partial 

New 
technologi
es  

EU Klems Y Y Y Y 
Eurostat 
International Federation of Robotics 
dataset  

Y Y 
Y (Partial, 
industry 

breakdown) 
Just robotics 

Eurostat (National accounts data) 
 

Y Y Y Partial 

Eurostat survey data Y Y 
Partial 

(industry 
breakdown) 

Partial 

European Manufacturing Survey Partial Y 
Partial, 

(industry 
breakdown) 

Partial 

Firm size, 
market 
entry and 
growth 
 

CompNet database Y Y 
(Partial, 
industry 

breakdown)- 
Partial 

Eurostat - Structural business 
(Size class analysis) 

Y Y Y Y 

Firm financial statements data 
(Amadeus) 

Y Y 
(Partial, 
industry 

breakdown) 

Partial 
(dependant on 

calculation) 

OECD firm-level project Y Y 
(Partial, 
industry 

breakdown) 
Partial 
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1 Introduction 

The literature on intangible capital and intangible investment is old. The discussion on productive and 

non-productive resources dates back to the time of classical political economy (for more see Hill (2013)). 

While the first systematic definition of intangible capital dates back to Veblen  (1908), who said that 

"Intangible assets" are immaterial items of wealth, immaterial facts owned, valued, and capitalized on 

an appraisement of the gain to be derived from their possession”,  the literature began to develop more 

systematically in 1970s, but primarily around year 2000. In 1972 Kendrick (1972), addressed the 

measurement of capital stock and investments, both tangible and intangible, between 1929 and 166 and 

demonstrated that in the US the share of total investment in GDP rose. He attributed all this increase 

to intangible investment by claiming that “increase occurs in the intangible component comprising R & 

D, education and training, health, and mobility” (Kendrick, 1972). Ducharme (1998) in his review of 

existing empirical work on intangibles points to the fact that Kendrick (1956, 1976), Denison (1962, 

1967), Jorgenson and Griliches (1967) and also some others also highlighted the deficiency of existing 

growth accounting to explain growth by showing that a significant share of productivity growth cannot 

be explained by standard productivity growth elements (capital and labour), 

The investigation into the measurement of intangible assets and intangible investment started more 

seriously in late 1990s and early 2000s (Lev, 2001; Nakamura, 1999). In 1999 Leonard Nakamura in 

his paper “Intangibles: What put the New in the New economy?” begins his discussion with the 

examples of economic giants such as Microsoft, Pfizer and Gillette, stressing the importance of copy-

rights and patents for these firms in order to stimulate the investments into “intangible assets”, which 

carried a significant amount of value. He continues his discussion to develop a definition of intangible 

assets, which besides copyrights and patents also comprise product and process innovations, brand 

names and trademarks, even reputation is mentioned in the text. Besides focusing on the actual 

definition, he already also addresses the problem of mismeasurement of actual investment by claiming 

that “most expenditure on intangibles are not recognized as investments” (…) and adds that this 

practice is not problematic when such “assets was a negligible portion of total investment”, but stresses 

that that “is no longer the case”. He also points to the two important consequences: (1) Corporate profits 

are understated, and price/earnings ratio are overstated, (2) In aggregate national income, savings and 

investment are understated. In 2001 Baruch Lev continues the discussion and defines intangible assets 

by stressing that “intangible asset like any other asset (a machine or rental property) is a source of 

future benefits”, but “intangibles lack a physical embodiment”.  

But a very focused study of intangible capital, intangible investment, the development of the 

methodologies to capture intangible investments and to link intangible capital and intangible 

investment to productivity, was initiated very strongly by the seminal work of Corrado et al. (2006) 

(published first in 2005, then published in journal in 2009). Corrado et al. (2006) also prepared a 

definition of intangible capital, which the literature still relies on heavily. The definition categorizes the 

intangible assets into three components: computerized information, innovative property and economic 

competencies. The categories are further divided into several subcategories. Computerized information 

is divided into software and databases. Innovative property is further divided into 5 sub-categories, 
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ranging from R&D, to mineral exploration and evaluation, copy-right and license costs, development 

costs in financial industry, new architectural design and engineering designs, while economic 

competencies are divided into brand equity (advertising expenditure, market research), firm specific 

human capital (continuing vocational training, apprentice training) and organizational structure 

(purchased and own account).  

While the Corrado et al. (2006) definition is the generally accepted definition, (1) the quick development 

of the field as well as (2) specific aspects of intangibles, relevant for catch-up economies, call for a wider 

approach.  So far, the definition of intangibles has been extended by relational, informational capital, 

social capital of the firm and eco-capital (Janez Prašnikar, 2010; Janez Prašnikar & Knežević Cvelbar, 

2012; Janez Prašnikar, Redek, & Memaj, 2012). But in the assessment of the contributions of factors to 

productivity it is not important to just incorporate intangible capital, but to also incorporate the relevant 

aspects of new technologies (Industry 4.0.), population structure (in particular with relation to ageing), 

market power of firms and firm size and global value chains position (see (Redek, Domadenik, et al., 

2019)).  

The purpose of this paper is to investigate how primarily new growth determinants, which incorporate 

new technologies (Industry 4.0), global value chains, changing population structure with ageing and 

firm specifics impact the performance of firms. The focus is not on the theoretical linkages (these have 

been provided in (Redek, Domadenik, et al., 2019), but primarily on the challenges on measuring new 

growth determinants using existing data sources (focus on survey-based data approach is discussed 

separately in deliverable 1.3 (Redek & Bavdaž, 2019)). The possible data sources are discussed at three 

levels: macro level, industry level and firm level. These data sources are then evaluated in view of 

possible productivity analysis at different levels.  

In continuing, the paper first addresses the definition of intangible capital in more details and presents 

the so far reported problems of measurement. In continuing, the new sources of growth are discussed 

in view of the link between the type of the intangible resource and the available data in order to identify 

an appropriate measure. Last, an assessment of the possible uses of existing data in productivity 

analysis is done.   

2 New sources of productivity growth  

Following the review of the new sources of growth, provided in the deliverable 1.1 titled “A survey on 

challenges of new growth: The productivity puzzle  in the context of (new) growth determinants.”, we 

in continuing very briefly summarize the selected “new” growth determinants. These new growth 

determinants will be investigated (empirically) within this project more in detail as the project 

continues. Here, we briefly link them to the process of productivity growth first theoretically based on 

extensive discussion in deliverable 1.1. The theoretical discussion below is based on this text and we 

invite readers to refer to it for a more extensive discussion.  

The literature (as presented in deliverable 1.1.) stresses 4 key new productivity growth factors: the 

technologies of the fourth industrial revolution (Industry 4.0), including digitalization, ICT, platform 

etc., the participation and position within global value chains, the impact of ageing and age structure of 
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workforce on productivity growth and market position of firms (market share, size). As summarized in 

Table 1 and as was described in Redek et al. (2019) these factors are linked to productivity growth. Below 

we provide a brief summary of findings based on Redek et al. (2019).  

Ageing and age structure of the work-force. Ageing workforce is stereotypically considered as a 

burden on economic growth and on productivity growth. Macroeconomic forecasts claim that the 

changed population structure will have a negative impact on economic growth and productivity growth 

for several reasons: from fiscal pressures due to pension and health-care expenditures, consumption 

level and structure, primarily with the focus on more service intense industries, relative size of the 

labour force or changed structure of the working-age cohorts, impact on savings and capital 

accumulation (Broersma, van Dijk, & Noback, 2017; Guest, 2011; Lisenkova, 2018; B. Mahlberg, 

Freund, Crespo Cuaresma, & Prskawetz, 2013a; Prskawetz, 2005).  

While macroeconomic studies seem to provide primarily a negative outlook, the impacts of ageing 

on individual’s productivity and firm-level performance/ productivity are not so linear. 

Primarily, the literature stresses the diverging impact of ageing on individual’s productivity depending 

on the nature of the tasks they undertake as the ability to perform certain tasks changes. Therefore, an 

inverted U-shaped or J-shaped curve is identified in the literature. Individual’s productivity first 

increases, then stabilizes, and then often declines. Negative impact for those aged 50 or more was for 

example identified primarily where speed, learning, and problem-solving abilities were required. 

Overview of the literature  (Ng & Feldman, 2012) also shows that there are several persistently present 

stereotypes in the literature that link age to productivity in a negative manner. These are: lower 

motivation, weaker motivation to participate in training and career development, lower willingness to 

change, lower trust, more health problems, and the more pronounced desire for work-family balance. 

Often individuals’ experience is claimed to have a positive impact. But the literature shows that while 

experience does add to productivity, it (possibly the no longer relevant one) can also be an obstacle to 

adaptability ((Hu, 2016) in (Redek, Domadenik, et al., 2019)). Also, where work verbal abilities, the 

negative impact was either not clear or was less negative and also creativity was not negatively linked 

to age (Backes‐Gellner & Veen, 2013). Surprisingly, also the technology bias is not necessarily significant 

for older workers and the older also do not necessarily have weaker cognitive abilities (V. Skirbekk, 

2008; Vegard Skirbekk, 2004). Sectoral and country results differ as well (Gordo & Skirbekk, 2013; B. 

( 1 Lee 2 ), Park, & Yang, 2018; B. Mahlberg, Freund, Crespo Cuaresma, & Prskawetz, 2013b).  

The impact of ageing on productivity also depends on the firm and its human resource management. 

Primarily it requires forming teams and dividing tasks in a manner that takes advantage of the 

comparative strengths of each age group (e.g. see (Göbel & Zwick, 2013)). Work-place and equipment 

adaptation could also be required (Göbel & Zwick, 2013). And in addition, stimulating motivation of 

older workers to update skills is also important (V. Skirbekk, 2008).  
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Table 1: The (new) growth determinants and their impact on productivity growth 
Determinant of 
productivity 

Selected authors Main linkages to productivity growth 

Ageing and 
workforce age 
structure 

(Alexia Prskawetz et al., 2005; Gordo & 
Skirbekk, 2013; Bokwon Lee, Park, & 
Yang, 2018; Loser, Fajgenbaum, Kohli, & 
Vilkelyte, 2017; Bernhard Mahlberg, 
Freund, Crespo Cuaresma, & Prskawetz, 
2013b, 2013a; V. Skirbekk, 2008; Vegard 
Skirbekk, 2004) 

− Aggregate effect considered negative 

− At the level of individuals and firm-level evidence not so clear: 

− Increase of productivity, later stabilization and possible decline 

− Negative effects: lower speed, slower learning and problem-solving, weaker health, 
motivation, adaptability, desire for more work-life balance 

− Positive impacts: possibly experience, verbal abilities 

− Effect also depends on type of task performed and HRM in firms 

− Industry and country differences 

Corporate 
participation in 
GVC 

(Agostino, Giunta, Nugent, Scalera, & 
Trivieri, 2015; John R. Baldwin & Gu, 
2003; Bernard & Jensen, 2004; Choi, 
2015; Pietrobelli & Rabellotti, 2011; 
Prasnikar, Redek, & Drenkovska, 2017; 
Ribeiro, Carvalho, & Santos, 2016; 
UNCTAD, 2013; N. Vrh, 2018; Nataša 
Vrh, 2017; J. Wagner, 2018; Joachim 
Wagner, 2005, 2007) 

− Exports and trade liberalization traditionally linked to productivity 

− GVC a deeper phenomenon of global production and distribution system 

− Many positive impacts: aggregate demand, employment, technology and knowledge 
transfer, innovation, and other  

− But unequal effect on productivity along the smile curve 

− Countries may benefit by moving along the curve by taking advantage of GVCs 

The new 
technologies of 
the fourth 
industrial 
revolution (I4) 

(Černe, Ajdovec, Kovačič Batista, & 
Vidmar, 2017; Deloitte, 2016; Jay Lee, 
Bagheri, & Kao, 2015; Redek, Čater, Čater, 
Černe, & Koman, 2019; Rüßmann et al., 
2015; Schwab, 2019; Xu, M. David, & Hi 
Kim, 2018) 

− 3rd and 4th industrial revolution introduce general digitalization, robotics, artificial 
intelligence, lean manufacturing and smart factories, big data, 3D printing, etc.  

− Significant impact on productivity expected due to increased quality, efficiency, lower 
costs, process standardization and optimization, business analytics with improved 
management, customization, accompanying product and process innovation, 
increased flexibility, better understanding of market needs, customer satisfaction, 
market share and other 

− Impact on socio-economic development 

Firm size, 
market share, 
power 

(Benfratello & Sembenelli, 2006; Damijan, 
Kostevc, & Rojec, 2015; Dunning, 1988; 
Griffith, 1999; H. Dunning & Lundan, 
2008; Kok, Brouwer, & Fris, 2006; Larraz, 
Gené, & Pulido, 2017; Leung, Meh, & 
Terajima, 2008a; Shefer & Frenkel, 2005; 
Yang, 2012) 

− Better use of resources, higher capital intensity, economies of scale 

− More R&D 

− Human resources and HR management advantages 

− Firm size, ownership and exports, knowledge transfer 

Source: based on  Redek et al. (2019) (deliverable 1.1.) 
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Trade and participation in global value chains. Trade and trade liberalization have been long 

linked to economic growth and productivity growth. The empirical literature shows that exporters are 

more productive (Fryges & Wagner, 2008; J. Wagner, 2018; Joachim Wagner, 2005, 2007). The 

literature shows that exports is linked to productivity also at firm level, where the impact is not uniform, 

but depends on firm age, ownership, also sector and other factors  (John R. Baldwin & Gu, 2003; J.R. 

Baldwin, Gu, & Yan, 2013) primarily supported the idea that the more productive firms are those who 

go beyond domestic markets (Joachim Wagner, 2005). Generally, exports and trade have long been 

studied for their presumed and also proven impact on knowledge transfer, innovation and productivity 

growth. These effects can be further stimulated also due to possible foreign direct investment. As 

UNCTAD (1999) suggests that FDI  allows the transfer of resources that otherwise are only partially 

tradable “technology, management know-how, skilled labour, access to international production 

networks, access to major markets and established brand names.” (UNCTAD in (Redek, Domadenik, 

et al., 2019)). Trade growth was on the one hand driven by the profit motive in the developed countries, 

which were outsourcing production as well as sourcing resources, while on the other hand, developing 

countries benefited from increasing trade with growing demand, access to markets, growth in 

manufacturing, employment, wages, knowledge and technology transfer, which stimulated also home 

innovation, competitiveness and development (J. Prašnikar, Redek, & Drenkovska, 2017; Ribeiro et al., 

2016; Salomon & Jin, 2006; Sharma, 2018) 

Over time, international trade led to emergence of global supply chains, which derived benefits from a 

number of factors linked to every firm in the chain and gradually led to an emergence of a complex 

global economic production and distribution systems, a global economic system, which today is studied 

in the context of global value chains. Similarly as was shown for trade, recent evidence shows that also 

participation in the global value chains does in fact contribute to productivity growth due to increasing 

demand, but primarily also due to knowledge transfer, stimulation to innovation, technology transfer 

and other reasons, in the past typically linked to exports (UNCTAD, 2013; N. Vrh, 2018; Nataša Vrh, 

2017). Indeed, following the path of the well-known smile curve, proposed already in 1992 by Stan Shih, 

the biggest value added is captured by upstream and downstream firms, while those in the middle are 

worst off (Shin, Kraemer, & Dedrick, 2012). As (UNCTAD, 2013) claims there are a number of ways how 

countries can further benefit from participation in GVCs “including “engaging” in GVCs, “upgrading” 

along GVCs, “leapfrogging” and “competing” via GVCs. The best development outcome may result 

from increasing GVC participation and upgrading along GVCs at the same time.” Consequently, there 

is increasing interest in the literature for global value chains are their link to economic performance in 

general, not only for productivity growth.  

The fourth industrial revolution and new technologies. Technology has contributed a major 

share of total economic growth and productivity growth – around two thirds of total productivity growth 

over the past 250 years has been attributed to technological change (Chadha, 2019). In the past 50 years 

two industrial revolutions, 3rd in 1970s with the rise of electronics and the programmable logic 

controllers as well as first robots, which are an essential part of the 4th industrial revolution as well, 

which today is blurring the divide between the physical, digital and biological world (Schwab, 2019). 

The key new technologies of the 4th industrial revolution are besides robotics also overall digitalization, 
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accompanied by artificial intelligence, machine learning, big data, smart factories, 3D printing and 

many other, which together lead to a significant overhaul and optimization in manufacturing and 

services   (Lasi, Fettke, Kemper, Feld, & Hoffmann, 2014).  

Industry 4.0 is to positively impact firm productivity, which will not only be driven by productivity due 

to the technology itself, but multiplicative effects through enhanced globalization (Schäfer, 2018) and 

the changes in the society are expected, such as Society 4.0 and primarily also 5.0, where human needs 

are put in the centre of the development (Government of Japan Cabinet Office, 2019). Generally, a 

number of intertwined processes are jointly expected to impact productivity growth.  

Increased quality, efficiency, lower transaction costs, process standardization, shorter (optimal) 

delivery times, lean manufacturing, data analysis and business analytics with improved management, 

horizontal and vertical integration, customization, accompanying product and process innovation, 

increased flexibility, better understanding of market needs, customer satisfaction, market share 

increases, and many other are expected to lead to a significant increase in productivity, even 5-8 percent 

and lead to a creation of new jobs despite the creative destruction process (Černe et al., 2017; Deloitte, 

2016; Jay Lee et al., 2015; Mrugalska & Wyrwicka, 2017; Oesterreich & Teuteberg, 2016; Polyanin, 

Golovina, Basarnova, Korgina, & Vertakova, 2018; Rüßmann et al., 2015).  

Another factor, studied from data availability perspective within this deliverable, is firm size, market 

share, power. Yang  (2012) studied 45 thousand companies in more than 100 economies and the 

results showed that large firms had three times higher productivity, double the wages and double the 

share of large firms offered formal training than smaller firms. Firm size impacts productivity because 

of higher productive efficiency (better use of resources, better and more modern technologies, better 

organization, exploitation of resources, returns to scale, possibly higher capital to labour ratio) (Leung 

et al., 2008a). Larger firms exploit or use more of the total factor productivity enhancing factors, 

including having more R&D, larger firms introduce also more innovation (Shefer & Frenkel, 2005). 

Often, larger firms can attract (and pay) experts, more efficiently build teams, exploit 

complementariness between experts, invest more in people, optimize human resource management.   

New growth determinants will, besides those that have been studied in the literature for a number of 

years, impact productivity growth. But one of the main challenges, similarly as is the case for the 

intangible assets, is capturing their value correctly in order to measure their impact.  

3 Capturing new sources of growth in the data 

In continuing, the paper revises the existing data sources that could be used to capture: 

− Age structure of the population and the effect of age on growth 

− The size and impact of global value chains inclusion 

− The use of new technologies and their impact on economic performance 
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In all cases, the aim is two-fold: 

− To follow the general data-selection criteria, which have already been set within the Innodrive 

project (Piekkola, 2011)and are also very important as they add to scientific and practical value 

of the methodology 

− Capture the extent of new determinants of growth at 3 levels: 

o Macroeconomic (national) level 

o Sectoral level 

o Firm level 

o Both registry as well as survey data sources will be investigated.  

3.1 Criteria for data selection 

Following Jona Lasinio et al. (2011), who were setting up the methodology for the Innodrive project, 

that is also used as a base for the study in this project, set up several criteria to select data for the 

intangibles composition at the macroeconomic level. Although new growth variables are not 

intangibles, for consistency and the purposes of empirical estimation, the criteria are relevant. The 

criteria for the capture of intangible capital at the national level were (Jona Lasinio et al., 2011): 

− Expenditure-based approach to capture gross fixed capital formation in the field of intangible 

capital and capital at large. We attempt to follow these criteria as much as possible, although 

the expenditure data will represent a special challenge primarily in the technology section.  

− Exhaustiveness, which refers to including total expenditures, including those within the firm 

as well as those purchased outside 

− National accounts consistency of the data, where a special challenge was that the purchased 

intangible capital was included in national accounts, while the investments made by firms were 

not; 

− Reproducibility of this research in time, as well as across countries, which is closely linked 

to the criteria of… 

− International comparability. To ensure both reproducibility and international 

comparability we attempt to identify data sources which offer broad country coverage.  

The measurement of new growth determinants can (because of the nature of the data) fully consider 

these criteria. But overall, the paper focuses on identifying sources, which would allow measurement 

of new growth determinants, but ensure: 

− International comparability; 

− Reproducibility; 

− National accounts consistency (where relevant, e.g. ICT) 

− Exhaustiveness (where relevant, e.g. ICT). 

Consequently, we refrain from mentioning one-off survey collection data.  
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The study is also aiming at covering specific sectors and estimate the impacts at sectoral level, refraining 

at the moment from sectors, which are at the public domain or are less important from the economy at 

large. Following the Innodrive methodology  (Jona Lasinio et al., 2011) and the NACE classification 

(EUROSTAT, 2008) , the following non-agricultural business sectors will be examined from the 

perspective of data sources:  

− B Mining and quarrying (divisions 05 – 09) 

− C Manufacturing (divisions 10 – 33) 

− D Electricity, gas, steam and air conditioning supply (division 35) 

− E Water supply; sewerage, waste management and remediation activities (divisions 36 – 39) 

− F Construction (divisions 41 – 43) 

− G Wholesale and retail trade; repair of motor vehicles and motorcycles (divisions 45 – 47) 

− H Transportation and storage (divisions 49 – 53) 

− I Accommodation and food service activities (divisions 55 – 56) 

− J Information and communication (divisions 58 – 63) 

− K Financial and insurance activities (divisions 64 – 66) 

− L Real estate activities (division 68) 

− M Professional, scientific and technical activities (divisions 69 – 75) 

− N Administrative and support service activities (divisions 77 – 82) 

We primarily highlight, whether sectoral data are at all available. For any merging of the data, 

sectors have to be merged in accordance to the data-set with least disaggregation. 

The sectors, which are included in the public domain, will be excluded at this stage as (similarly as was 

done also for the intangible investment in the public sector, which were studied separately e. g. 

(“SPINTAN | Smart Public INTANgibles,” 2013). The excluded sectors at this stage are: 

− O Public administration and defence; compulsory social security (division 84) 

− P Education (division 85) 

− Q Human health and social work activities (divisions 86 – 88) 

At firm level two possible data source types can be used. While registry data ensures full coverage of 

primarily financial data and performance (e.g. data from financial statements), other variables of 

interest, especially about new technologies, are not sufficiently or appropriately captured. Usually, 

registry data must be combined with survey data, which provides a limited sample. In such cases, we 

identify also data sources based on survey approach, where sample size is a challenge.  

3.2 A survey of new components and their measurement 

Table 2 summarizes the main sources of data on new determinants of growth, which are presented more 

in detail in continuing of this chapter. For each determinant, the aim was to identify (based on literature 

and data search) data sources that researchers could use to determine the contribution of new growth 
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factors to performance at different level (macro, industry or micro level). In the analysis, we primarily 

focus on datasets that allow: 

− International comparability; 

− Reproducibility; 

− National accounts consistency (where relevant, e.g. ICT) 

− Exhaustiveness (where relevant, e.g. ICT). 

Unfortunately, both due to the lack of definition of “new growth sources” (e.g. new technologies and 

what they encompass), lack of methodological definition and existence of measurement instruments, 

data on new determinants of growth is often not perfect (if benchmarked in accordance with the above 

4 criteria).  

Table 2: A summary of possible sources (most used highlighted with bold text) 
 Macro level Industry level Micro level 

Global value chains 

Global Trade Analysis 
Project (GTAP) 

Database 
IDE-JETRO Asian Input-

Output Tables,  
World Input-Output 

Database,  
EXIOBASE,  

Eora Database,  
OECD Inter-Country 
Input-Output) Tables 

(TiVA) 

Global Trade Analysis 
Project (GTAP) Database 
IDE-JETRO Asian Input-

Output Tables,  
World Input-Output 

Database,  
EXIOBASE,  

Eora Database,  
OECD Inter-Country 
Input-Output) Tables 

(TiVA  

Firm financial 
statements data, data 
on import and export 

Ageing 

Eurostat national 
accounts data 

combined with the 
data on share of age-
specific labour force 
EU KLEMS database 
Quality Adjusted Labour 

Input (QALI) 
NTA dataset 

EU KLEMS database 

Matched employer-
employee datasets 

European Structure of 
Earnings Survey 

 

New technologies 
(digitalization, ICT, 
other I4 technologies) 

EU Klems 
Eurostat 

International 
Federation of 

Robotics dataset 
OECD Statistics 

EU Klems 
Eurostat 

International 
Federation of 

Robotics dataset  
European Manufacturing 

Survey 

Eurostat survey data 
European Manufacturing 

Survey 
 

Firm size, market entry 
and growth 
 

Eurostat - Structural 
business (Size class 

analysis) 

Eurostat Structural 
business (Size class 

analysis) 
CompNet database 

Possible calculation from 
micro-level data 

Amadeus dataset 
OECD firm-level project 
CompNet database 

Possible calculation from 
micro-level data 

 

Table 3 benchmarks key data sources, which are used in empirical studies, against the aforementioned 

4 criteria. The table reveals several important characteristics of the available datasets: 

− With regards to international comparability, international sources such as WIOD, GTAP, EU 

Klems, International Federation of Robotics, OECD, Amadeus and Eurostat data are most useful due to 

the relatively broad (not necessarily global) coverage of data; 
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− These data, being available to all researchers (some are proprietary, and purchase is required) also 

allow easy reproducibility of results; 

− The consistency with the national accounts is more relevant at macro level and for some variables 

(e.g. those measuring GVC, ageing), while for some sources only partial consistency is ensured (e.g. 

International federation of robotics provides industry level data, which is consistent with international 

national accounts standards). In the case of variables on new technologies, ageing, also firm growth, 

market share, primarily the consistency of breakdowns (e.g. industry breakdown) is important, full 

compliance with national accounts is in the case of such data not relevant 

− But these data generally suffer problems with exhaustiveness regarding a wholesome capture of 

phenomena they are intended to measure. For example, International federation of robotics only 

provides data on the use of (different) robots, but none of the other technologies of the fourth industrial 

revolution are incorporated.  

− An additional challenge is also the lack of a unified methodological approach in both defining as 

well as measuring these new growth sources. A set of international statistical standards regarding the 

determinants, studied here as “new growth determinants” would help develop also more exhaustive 

measures. At least in the case of variables such as age, firm size, market entry, growth, which are not 

novel in the literature. The technology is a major challenge also because it is constantly changing.  

Table 3: Benchmarking main sources against the criteria 
  Internat. 

comparab-
ility 

Reproduci-
bility 

National 
accounts 

consistency 
Exhaustiveness 

Global 
value 
chains 

Global Trade Analysis Project (GTAP) 
Database 

Y Y Y Y 

World Input-Output Database Y Y Y Y 

Firm financial statements data 
(Amadeus) 

Y Y 
Y  (Partial, 

industry 
breakdown) 

Limited (just 
imports, 

exports data) 

Ageing 

Eurostat national accounts data 
combined with the data on share of 
age-specific labour force 

Y Y Y Partial 

EU KLEMS database Y Y Y Partial 
Matched employer-employee datasets Y Y Y Partial 
European Structure of Earnings 
Survey  

Y Y Y Partial 

New 
technologi
es  

EU Klems Y Y Y Y 
Eurostat 
International Federation of Robotics 
dataset  

Y Y 
Y (Partial, 
industry 

breakdown) 
Just robotics 

Eurostat (National accounts data) Y Y Y Partial 

Eurostat survey data Y Y 
Partial 

(industry 
breakdown) 

Partial 

European Manufacturing Survey 
 

Partial Y 
Partial, 

(industry 
breakdown) 

Partial 

Firm size, 
market 
entry and 
growth 
 

CompNet database Y Y - Partial 

Firm financial statements data 
(Amadeus) 

Y Y 
(Partial, 
industry 

breakdown) 

Partial 
(dependant on 

calculation) 

OECD firm-level project Y Y 
(Partial, 
industry 

breakdown) 
Partial 
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3.2.1 Ageing workforce and age structure  

3.2.1.1 Capturing age in the literature 

The population age structure is strongly linked with aggregate productivity and output. A significant 

part of the productivity gap between poor and rich countries can be explained by the cross-country 

differences in the population age structure (Feyrer, 2007). The negative relationship between countries’ 

productivity and the share of elderly workers, was shown in numerous empirical research (Claudio 

Loser, Jose Fajgenbaum, Harpaul Alberto Kohli, & Ieva Vilkelyte, 2017; Martin Werding, 2008; Nicole 

Maestas, Kathleen J. Mullen, & David Powell, 2016)  , using macroeconomic panel regressions on the 

worldwide data, where in general the (growth of) total factor productivity was regressed on the (growth 

of) share of age-specific labour force. Alternatively, when capital intensity was not available, the GDP 

growth was, besides on the age-specific share of labour force, regressed on output per worker (e.g. 

(Loser et al., 2017). In general these analysis use national accounts or OECD data (e.g. (Werding, 

2008)). Whenever data are disaggregated by industry/sector EU KLEMS database for the EU countries 

(Vandenberghe, 2017) and/or census data, such as IPUMS and ACS for the US, are used (Nicole 

Maestas, Kathleen J. Mullen, & David Powell, 2016).   

Along with development, countries are going through a demographic transition, characterized by the 

shift from high to low levels of fertility and mortality. The decline in fertility results into a higher 

increase in the effective number of producers as compared to the increase in the effective number of 

consumers (Mason & Lee, 2007). This causes an increase in the investment resources, resulting in the 

economic growth. However, the positive first demographic dividend eventually turns to become 

negative, because children born during the low-fertility period join the labour market and at the same 

time numerous initial working-age population starts entering the retirement period and becomes 

economically dependent again. Even though, there could be a positive effect of population ageing in the 

form of a second demographic dividend. The positive effect of population ageing is possible because the 

elderly partially finance their consumption by asset income. By living longer, they are forced to save 

more and capital deepening has a positive impact on growth (Mason & Lee, 2007). This effect of 

population ageing on savings/wealth can be analysed using National Transfers Accounts (NTA) data. 

The effect of the second demographic dividend has been analysed based on NTA data for 9 EU countries 

(Fürnkranz-Prskawetz & Sambt, 2014). By combining micro and macro data sources, the NTA enables 

comprehensive analysis of consumption and labour income age profiles as well as the analysis of 

channels through which the difference between consumption and labour income is financed (i.e. 

transfers and assets). The saving effect is calculated using intrinsically forward-looking accumulation 

of wealth. The discounted future accumulation of wealth is estimated as a difference between future 

age-specific aggregate consumption and income, assuming fixed growth rates of consumption and 

technology. For the detailed description of the measurement of the saving effect of population ageing 

see Mason and Lee (2007).  

The study of relationship between individuals’ age and productivity requires firm-level data instead of 

individual level data, as labour productivity depends on the interaction between individual’s 

productivity, teamwork and firm environment (B. Mahlberg, Freund, Crespo Cuaresma, et al., 2013a)). 
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Studies that measure the relationship between workers productivity and his/her age rely on different 

data sources such as supervisor’s evaluations, work-sample tests (i.e. piece-rate studies), analysis of 

age-earnings profiles, entrepreneurial activity and employer-employee datasets (see extensive reviews 

by Skirbekk (2004); Prskawetz et al. (2005)), where, nowadays, the later are typically used (Gabriele, 

Tundis, & Zaninotto, 2018; B. Mahlberg, Freund, Crespo Cuaresma, et al., 2013a). 

The main problem of supervisors’ assessment samples is their subjectivity, as managers may tend to 

reward older workers more, because of their loyalty and past achievements (Vegard Skirbekk, 2004). 

To achieve higher level of objectivity, piece-rates can be used. Piece-rate studies are measuring quantity 

and quality of the workers’ output (Prskawetz et al., 2006). However, even though these task-quality 

and speed tests are more objective, they do not necessarily reflect individuals’ productivity; further, the 

results can also be biased, because of the time limitation of such samples (Vegard Skirbekk, 2004).  

Next, age-earnings profiles can be used to analyse the relationship between age and productivity. 

However, only in the circumstances when age-specific wages to a high extent reflect age-specific 

productivity (Prskawetz et al. (2005)), which is often not empirically evident (Lazear, 1979; Rupert & 

Zanella, 2015; Vegard Skirbekk, 2004). In contrast, the analyses based on entrepreneurial activity show 

that younger entrepreneurs of ages 25-44 are more productive than older entrepreneurs (Prskawetz et 

al. (2005)). 

The employer-employee matched datasets are objective as well. In these datasets the workers’ 

productivity is estimated by the worker’s marginal impact of the firm’s value added. This datasets 

usually include data on wages and productivity estimates separately, which allows researchers to 

estimate differences between workers’ productivity and their wages. The employer-employee datasets 

are thus more objective than supervisor’s ratings and are also characterized by the lower sample 

selection bias as compared with the piece-rate studies. However, this comes with a cost. The main 

challenge of these datasets in measuring relationship between productivity and employees’ age is to 

isolate the age effect from other influences on firm’s value added, which means that assumptions should 

be identified. Further, employer-employees data sets are cross-sectional and not longitudinal evidence, 

which causes an estimation bias, as more successful firms employ more, which leads to a younger age 

structure. This could cause biased conclusions that younger age structure in the firm leads to higher 

firm’s success (Vegard Skirbekk, 2004) Prskawetz et al. (2005)). The possible solution to overcome this 

bias is to use lagged value of the firm’s age structure to estimate firm’s current productivity (Prskawetz 

et al., 2006). Further, Prskawetz et al. (2005) claim that older workers’ productivity can be upward 

biased, as older workers who stay at the labour market have higher productivity than those leaving the 

market. 

3.2.1.2 Data 

Macro analysis. The age-productivity relationship can be analysed using Eurostat national accounts 

data combined with the data on share of age-specific labour force. Specifically Eurostat offers annual 

data on “labour productivity per person employed and hour worked” for all EU countries in the period 
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2005-2018. For the same period, Eurostat offers time-series on employment by age, where 

disaggregation by 5-year age groups is possible.  

Eurostat also offers experimental statistics about productivity, specifically, the Quality Adjusted 

Labour Input (QALI). QALI uses national accounts data on hours worked and compensation of 

employees and combines these data with the micro data sources, such as Labour Force Survey (LFS), 

Structure of Earnings Survey (SES) and EU-SILC. By doing this, the labour force is disaggregated by 

age and skills (Eurostat, 2019b), recognizing that labour productivity varies over the workers life cycle 

and crucially depends on his/her experience (age) and skills (education). The QALI data can be thus 

directly used to estimate age-productivity profiles for the period 2002-2015; however, for only relatively 

broad age groups, with the highest age group being 50+. This broad group of 50+ is problematic as 

during the economic development people live longer and are thus physically active until higher ages. To 

analyse the effect of population ageing on the countries’ productivity the highest age group should be 

probably set to older ages, for example being 60+ or 65+ (e.g. Loser et al., 2017; Maestas et al., 2016). 

Figure 1 shows the annual changes (%) in QALI, in hours worked and labour quality in the 

euro area.  

Figure 1: Annual changes (%) in Quality Adjusted Labour Input (QALI), in Hours worked and 

Labour quality in the euro area  

 

Source: (Eurostat, 2019b) 

Similarly, as in the QALI database, the NTA dataset combines both micro- and macro-level data sources. 

As noted in Gabriele et al. (2018) using only macroeconomic data for the analysis of the effect of age on 

productivity usually gives only “a rough approximation for estimating the phenomenon under 

consideration (p. 170)”. To analyse possible positive saving effect of population ageing on the future 

capital accumulation and economic growth, rather new and fully harmonized European NTA data 
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(Istenič, Šeme, Hammer, Lotrič Dolinar, & Sambt, 2016) for 25 EU countries in 2010 can be used. The 

NTA data contain information about economic activities for one-year age groups and it is based on 

combined national accounts data, EU-SILC and Household Budget Survey (HBS) micro data sources as 

well as administrative data sources. However, we have to bear in mind that accounts are cross-sectional 

evidence, currently disposable for the year 2010 only. Further, to analyse the effect of second 

demographic dividend the NTA methodological framework requires several assumptions about the 

discount rates and future growths of technology and consumption. However, to make the evidence more 

realistic, the basic NTA estimates can be combined with the accounts further disaggregated by 

educational level (i.e. NTA by level of education) (Istenič, Renteria, Sambt, & Souto, 2017).  

Figure 2: The importance of public transfers, private transfers and asset-based reallocations 

for financing the difference between consumption and labour income, old age individuals 

(65+), EU countries, 2010 

 

Source: Istenič et al. (2016); own calculations. 

Figure 2 shows the sources through which the excess of consumption over labour income is financed in 

the EU countries. The population ageing can possible has a significant positive effect on countries’ 

capital accumulation in those countries where old age individuals to a higher extent depend on asset-

based reallocations (i.e. the difference between asset income and saving). Such countries are, for 

example, Luxembourg, Germany and the UK. In contrast, without any changes in the public transfers 

system, the positive saving effect of population ageing is expected to be relatively minor in Estonia, 

Austria, Finland, and Slovenia. In these countries the elderly to a high extent rely on public transfers.  

Industry level analysis. EU KLEMS database includes data on economic growth, productivity, 

employment creation etc. at the industry level for all the EU countries in the period 1970-2017. Among 

the others, the database includes data about the age structure of the workforce; however, again for very 
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broad age groups with the highest age group being 50+. Even though EU KLEMS data is an important 

source for the age-productivity analysis in EU countries, the data is available for relatively different 

timeframe across countries (e.g. see (Jäger, 2018)).  

Micro analysis. As noted, researchers analysing age-productivity relationship at the micro level 

nowadays typically use the matching employer-employee datasets. At the European level several 

statistical offices have established their own employer-employee datasets. The country-specific datasets 

are available for France, Norway, Denmark, Great Britain, and Austria (Jensen, 2010; B. Mahlberg, 

Freund, & Prskawetz, 2013). Even though the datasets, prepared by the national statistical offices are 

usually more detailed, there was an attempt for a harmonized employer-employee dataset for all the EU 

member states. The European Structure of Earnings Survey (SES) presents the only multi-

country matched employer-employee dataset (Jensen, 2010). It includes detailed data about employees 

(such as employee remuneration, gender, age, occupation, level of education) and data about the firms 

(such as firm’s size and industry in which firm operates) for all the EU countries (Eurostat, 2019a). The 

SES presents a unique matched employer-employee dataset that enables comparable cross-country 

analysis of the age-productivity relationship. However, it includes only those firms that have at least 10 

employees and it is available only for the following reference years: 2002, 2006, 2010, and 2014. 

3.2.2 Global value chains 

Outsourcing and offshoring activities of firms as well as international insourcing have contributed to 

the restructuring of company operations to include an internationally fragmented production process. 

Global value chains (GVCs) have become ubiquitous to the concepts of multinational enterprises and 

international trade (OECD, 2013). As different stages of production are performed in different 

countries, intermediate inputs cross borders multiple times. As a result, traditional statistics on trade 

values become less reliable as a gauge of value contributed by any particular country. With the growing 

contribution of GVCs measuring their relative importance and their impact has become essential. 

3.2.2.1 Measuring GVC in the literature 

The most widely used approach to GVC measurement is the one first introduced by Hummels et al. 

(2001). The key insight of their approach is based on measuring the use imported inputs in producing 

goods that are exported, which they refer to as vertical specialization. In what was to become industry 

standard, the approach of Hummels et al. (2001) relies on calculating industry-level measures of 

vertical specialization from input-output tables using data on imported inputs, gross output and 

exports. This approach was later generalized by Koopman et al. (2010) with a unified framework for 

measuring vertical and value-added trade in the existing literature. Koopman et al. manage to 

decompose exports into five constituent categories: (i) domestic value added embodies in exports of 

final goods and services absorbed by the direct importer, (ii) domestic value added embodies in exports 

of intermediate inputs used by the direct importer to produce its domestically needed products, (iii) 

domestic value added embodies in intermediate exports used by the direct importer to produce goods 

for third countries, (iv) domestic value added embodied in intermediate exports used by the direct 
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importer to produce goods shipped back to source, and (v) value added from foreign countries embodied 

in gross exports. Figure 1 depicts the decomposition of export value according to Koopman et al. (2010). 

Figure 3: Decomposition of gross exports 

 

Source: (Koopman et al., 2010) 

The conceptual framework presented above allows the attribution of the generation of value added to 

different countries regionally and globally within the production network. 

Further measures for the scale and scope of GVC participation based on the notion forward and 

backward-looking participation in GVC were added by the OECD (OECD, 2016). Value chain 

participation is defined in terms of the origin of the value added embodied in exports both looking 

backward and forward from a reference country: backward when it comes to foreign value added 

embodied in exports, and forward when it refers to domestic value added which is used as inputs to 

produce exports in the destination country (Kowalski, Gonzalez, Ragoussis, & Ugarte, 2015). 

According to the OECD TiVA database backward participation indices measure the share of foreign 

value added in exports across all sectors and countries in total exports of the benchmark country (based 

on Kowalski et al. (2015)).  

 

𝐸𝑋𝐺𝑅𝑖𝑗
𝑢 = 𝐸𝑋𝐺𝑅_𝐷𝑉𝐴𝑖

𝑢 + 𝐸𝑋𝐺_𝐹𝑉𝐴𝑖𝑘
𝑢𝑠    (1) 

 

where 𝐸𝑋𝐺𝑅𝑖𝑗
𝑢  are gross exports of products of industry u of country i to country j, 𝐸𝑋𝐺𝑅_𝐷𝑉𝐴𝑖

𝑢  is the 

domestic value added provided by industry u in country I (either directly or indirectly in the form of 

domestic intermediates) and 𝐸𝑋𝐺_𝐹𝑉𝐴𝑖𝑘
𝑢𝑠 is the foreign value added supplied by the source sector s of 
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source country k and used by the sector u in country i for producing exports. The backward GVC 

participation indices at the sector and country level, respectively, are 

𝐵𝑊𝐷𝑖
𝑢 =

∑ 𝐸𝑋𝐺_𝐹𝑉𝐴𝑖𝑘
𝑢𝑠

𝑠𝑘

∑ 𝐸𝑋𝐺𝑅𝑖𝑗
𝑢

𝑗
     (2) 

 

𝐵𝑊𝐷𝑖 =
∑ 𝐸𝑋𝐺_𝐹𝑉𝐴𝑖𝑘

𝑢𝑠
𝑢𝑠𝑘

∑ 𝐸𝑋𝐺𝑅𝑖𝑗
𝑢

𝑗𝑢
     (3) 

 

Forward participation indices, on the other hand, measures the share of the benchmark country’s value 

added in the exports of another country in total exports of that country. We therefore need to decompose 

the gross exports of countries to which the benchmark country exports intermediates for the production 

of exports to yet another set of countries x.  

 

𝐸𝑋𝐺𝑅𝑙𝑥
𝑢 = 𝐸𝑋𝐺𝑅_𝐷𝑉𝐴𝑙

𝑢 + 𝐸𝑋𝐺_𝐹𝑉𝐴𝑙𝑖
𝑢𝑠    (4) 

 

where 𝐸𝑋𝐺_𝐹𝑉𝐴𝑙𝑖
𝑢𝑠 is the foreign value added supplied by the source sector s of the source country i and 

used by the sector u in country l for producing their own exports. Forward participation rates at the 

source sector and country level, respectively, are then 

  

𝐹𝑊𝐷𝑖
𝑠 =

∑ 𝐸𝑋𝐺_𝐹𝑉𝐴𝑙𝑖
𝑢𝑠

𝑢𝑙

∑ 𝐸𝑋𝐺𝑅𝑖𝑗
𝑢

𝑗
     (5) 

 

𝐹𝑊𝐷𝑖 =
∑ 𝐸𝑋𝐺_𝐹𝑉𝐴𝑙𝑖

𝑢𝑠
𝑢𝑙𝑠

∑ 𝐸𝑋𝐺𝑅𝑖𝑗
𝑢

𝑗
     (6) 

 

The GVC participation index hence accounts for both the upstream (backward) and downstream 

(forward) participation in the production chain. Both types of indices measure a country’s participation 

in GVCs. If a country mainly serves as a location for assembly of final products, it will likely have a very 

high backward participation index and a low forward participation index. On the other hand, countries 

that supply intermediates to be assembled elsewhere will have a high forward participation index and 

potentially a low backward participation index.  
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Figure 4: Share of domestic value added embedded in exports in 2016 

 

Source: (“OECD Statistics,” 2019) 

Figure 5: Forward participation in GVCs: Domestic VA embodied in foreign exports, as % of total 
gross exports of the source country in 2015 

 

Source: (“OECD Statistics,” 2019) 

Among other relevant measures of GVC participation is also the index of distance to final demand 

(Antràs, Chor, Fally, & Hillberry, 2012) providing information on a country’s position on the supply 

chain. Also called upstreamness, the index shows the number of production stages a given country is 

from final demand. Based on its relative position a country can be classified as upstream or downstream.  

Lastly, the complexity and fragmentation of the production process is measured by the index of the 

number of production stages (Marel, 2015). This index is further split into the number of domestic 

stages of production and the number of foreign stages of production.   
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3.2.2.2 Data sources 

There are several primary sources of data that enable calculation of GVC participation indices, namely 

the Global Trade Analysis Project (GTAP) Database, the IDE-JETRO Asian Input-Output Tables, the 

World Input-Output Database, EXIOBASE, the Eora Database, the OECD Inter-Country Input-Output 

Tables. They all rely on inter-country input-output data and while the EORA dataset does have better 

coverage of developing countries, the quality of underlying input-output and trade data is inferior to 

that of TiVA.  

There are several issues plaguing the data. To construct a global input-output table a variety of data 

sources have to be combined (I-O tables, production, expenditure from national accounts, disaggregate 

bilateral trade data etc.). The data are imperfect: I-O data is unavailable for many countries for 

significant intervals of time and is, at best, produced for benchmark years only. These are often 

asynchronous across countries. Furthermore, technical features of the I-O tables (sector classification, 

price concepts etc.) also differ across countries making I-O data hard to reconcile. Additionally, there 

are three broad issues of concern regarding the data (Johnson, 2018): 

- Data coverage most input-output data sources currently cover the post-1990 period, due to 

the wider availability of input-output data for recent decades. In order to gain deeper insights 

into the changes caused by globalization, technological changes and other structural changes a 

longer data span is required 

- Data aggregation most data sets have been constructed at a level of aggregation that is higher 

than the level of aggregation available in primary sources, partly to resolve industry 

concordance issues across sources, countries, and years 

- Lacking information on imported input there is a need to identify inputs in international 

trade data and then track those inputs to users behind the border. While broad economic 

categories are useful, they do not capture inputs at the required level of detail for many types of 

analyses.   

- I-O tables do not distinguish between patterns of input use for domestically 

produced versus imported goods/services. This implies that one must use assumptions 

(or data imputation techniques) to decompose input use across sources. Most commonly, 

imported input use tables are constructed using “proportionality” (alternatively, “import 

comparability”) assumptions, under which imported inputs are allocated across sectors in the 

same proportion as domestic goods 

- Imported inputs are assumed to be used with equal intensity for domestic and 

export markets. When imported input intensity differs across firms within an industry, then 

using the average input intensity reported in input-output tables to represent production 

techniques may lead to large biases in measurement of the value-added content of trade and 

other GVC metrics. 
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3.2.2.3 Approach used in Globalinto so far  

So far, a paper prepared by a team of researchers from Université Paris Sud included global value chains 

position as one of the determinants of the productivity growth (Nonnis, Özaygen, Bonfour, Beliaeva, & 

Kim, 2019).  The study was a study of the contribution of intangibles to productivity growth, taking into 

account the direct and indirect effect of GVC. The data the study relied on, incorporated World Input-

Output Database (WIOD) for GVC data, Intan-Invest for data on intangibles and OECD and EUKlems 

for data on value added and factors of production. It was particularly important to include WIOD input-

output data to capture correctly the GVC impact. The details are explained in the presentation and paper 

and will not be repeated here. But generally, the authors stress three important conclusions: (1) both 

intangible investment and position in global value chains do have an impact on productivity. (2) 

Intangible capital contributes to productivity growth first directly, but also indirectly through the 

mediating effect of GVC (Nonnis et al., 2019). 

3.2.3 Digitalization and new technologies  

There are numerous new technologies emerging and are being used by companies stimulating their 

performance in many ways. With regards to new technologies, the most talked about are overarching 

digitalization and the use of ICT and robotization. In addition to these, companies use a number of other 

technologies, which do contribute to their visibility and productivity. Such technologies are as simple 

as having own web-page, Facebook or Twitter, which can strengthen the brand and thereby promote 

productivity (Chang, Wang, & Arnett, 2018; Hong & Diep, 2016). 

3.2.3.1 Measuring new technologies in the literature 

Measuring new technologies in the literature is a significant challenge due to the lack of available data. 

Generally, recently the impact of new technologies is primarily captured by two main types of variables: 

those focusing on ICT and those focusing on the use of robotics. The studies stem from those at national 

level to those at industry and at micro level.  

At national level, the most popular or widely used data-set on the use of new technologies in the 

International Federation of Robotics dataset. Quite a significant number of papers has already 

been published using this dataset. For example, Graetz and Micheals (2018) show using a dataset 

between 1993-2007 that increased use of robotics increased annual growth of productivity by about 

0.36 percentage points and it also contributed to lower prices. There is significant worry in the literature 

that the increased use of robots might impact employment negatively. Graetz and Micheals (2018) show 

that the use of robots did in fact contribute towards a decline in the share of low-skilled employees, 

while on the other hand not significantly negatively impacting employment. On the other hand, 

Acemoglu and Restrepo (2017a) show using data on wages and employment change show that in the 

US between 1990 and 2007 increased robot penetration into industries lowers the employment to 

population ratio by 0.18 to 0.34 percentage points and wages as well (0.25-0.5 percent). Prašnikar, 

Koman and Redek (eds.) (2017) show using IFR data that the use of robots has been increasing fast, 

even during the crisis and add that the competition between suppliers served as additional motivation 
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to robot implementation. IFR data are used at country or industry level. There are indeed also papers 

with firm-level robot data, but the datasets do not rely on IFR and were created for a limited number of 

companies (e.g. 100 companies in Spain, (Koch, Manuylov, & Smolka, 2019), (Redek, Čater, et al., 

2019)) and does not allow cross-country or time-wise comparisons. 

At national and sectoral level, another popular source is EU KLEMS data (Jaeger, 2018). A significant 

number of studies have so far relied on the EU Klems database to study the productivity growth, ICT 

usage and also the ICT usage divides. For example, Spiezia (2012) studies the contribution of ICT 

investment (software, communication and computers) to productivity. The study covers 18 OECD 

economies in the period between 1995-2007 at sectoral level. The highest contribution was recorded in 

Australia (1% per year) and the lowest in Japan (0.4%). It is important to highlight also their finding 

that the contribution of ICT investment was higher or equal to that of non-ICT. Usually, computers 

contributed most. Already before the crisis the studies based on EU Klems show a lag of the EU (van 

Ark & Inklaar, 2006). In general they find that the contribution of ICT to productivity growth is slower 

in the EU than the US and that the gap widened since the year 2000 (van Ark & Inklaar, 2006). Based 

on an extended dataset, the results are still similar. European Investment Bank (2011) uses EU Klems 

data to study in detail the movement of productivity in Europe. The productivity growth has been on 

decline since 1995 and according to the study the ICT investment was not strong enough to compensate 

for the decline in overall productivity growth slowdown (productivity growth was only 1.5 % per year). 

Despite the fact that ICT investment growth was high (even reaching up to 25% per year) and ICT share 

as part of capital stock increased, it still lagged behind the US (6% of capital stock in Germany, Spain in 

comparison to 14% in US). Overall, it contributed only 0.5 percentage points to overall productivity 

growth.  

At the micro level, The European Manufacturing Survey, conducted by Fraunhofer Institute is a 

source, which was being used. The source has been used in studies to investigate productivity and 

impact of new technologies on employment. For example, the 2016 report on the impact of robotics on 

employment (Jager, Moll, & Lerch, 2016). The study shows that new technologies, especially robots, have 

not negatively impacted employment but have improved significantly productivity. For example, an 

earlier dataset in used to study the differences between countries in the introduction of techno-

organizational innovation in European manufacturing firms (Armbruster, Kinkel, Lay, & Maloca, 2005). 

Kirner et al. (2009) for example study the difference between low, medium and high-technology firms in 

different sectors and find that while low-technology firms do lag behind the medium and high in 

innovation performance, they claim that this is often “to a large degree on purely definitional grounds”, 

but add that these firms seem to perform well also. The data is also used in an extensive study of the 

competitiveness of the German manufacturing sector, focusing on innovation and performance aspects 

in detail (Som & Kirner, 2014). But generally, the use of this data in scientific research is limited, by far 

not as widely used as International federation of robotics data.   
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3.2.3.2 Data sources 

At the national level, the most widely used database in the International Federation of Robotics 

database. The database provides a number of indicators. First, the national level time-series on 

accumulated stock and yearly purchases (investment) into robots is available. The data can be broken 

down by industry and by type of robots (7 main categories and up to 10 sub-categories in each of the 

categories are available). The data provides also details about the total delivered robots as well as the 

operational stock of robots. The database covers time period from 1992 on for the entire world, but it is 

true that for less developed countries coverage is poorer, especially also when detailed breakdowns are 

prepared.  

Table 4: Operational stock of robots in European countries in 2016 (units)  
000-All 

Applications 
110-

Handling 
operations 
/ Machine 
Tending 

160-
Welding 

and 
soldering 

170-
Dispen-

sing 

190-
Process-

ing 

200-
Assembl. 

and 
disassembl. 

900-
Others 

999-
Unspecified 

EU-EUROPE 5E+05 253824 99813 17664 12880 24478 11219 40059 

CEU-Central/Eastern 
Europe  

43612 20454 13323 2050 1080 2351 814 3540 

               CZ-Czech Republic 13049 5636 4674 663 456 604 219 797 

               HU-Hungary 5424 2694 916 221 81 882 148 482 

               PL-Poland 9693 4925 2564 367 179 361 113 1184 

               RO-Romania 2468 1459 534 61 109 59 86 160 

               RU-Russian Fed. 3366 989 1449 292 138 27 132 339 

               SK-Slovakia 6071 2930 2287 372 40 190 53 199 

YUG-Balkan Countries 2732 1437 674 72 72 208 50 219 

                    BA-BiH 19 14 0 4 0 0 1 0 

                    CR-Croatia 163 103 26 13 4 6 4 7 

                    MD-Moldova 5 4 0 0 0 0 0 1 

                    RS-Serbia 93 63 19 1 1 1 1 7 

                    SL-Slovenia 2452 1253 629 54 67 201 44 204 

OEE-other Eastern Europe 809 384 225 2 5 20 13 160 

                    BY-Belarus 150 54 50 0 1 1 0 44 

                    BG-Bulgaria 288 146 83 1 0 3 3 52 

                    EE-Estonia 123 49 17 0 1 12 1 43 

                    LV-Latvia 24 11 7 1 1 1 1 2 

                    LT-Lithuania 128 72 36 0 2 3 5 10 

                    UA-Ukraine 96 52 32 0 0 0 3 9 

WEU-Western Europe 4E+05 212746 77353 14522 10414 20584 9136 28785 

               AT-Austria 9000 5772 1148 261 203 300 418 898 

               BE-Belgium 8521 4088 3006 347 109 281 197 493 

               CH-Switzerland 6753 4315 259 155 182 410 538 894 

               DE-Germany 2E+05 107093 35988 7743 5898 10828 3951 17769 

               ES-Spain 30811 16352 8305 1300 499 1773 882 1700 

               FR-France 33384 17713 8248 1561 941 1108 1130 2683 

               IT-Italy 62068 40385 10779 1991 1997 4609 556 1751 

               NL-Netherlands 11320 6082 2527 130 157 165 683 1576 

               PT-Portugal 3942 1634 1444 109 63 117 369 206 

               UK-United King. 18471 9312 5649 925 365 993 412 815 

NEU-Nordic Countries 24181 12944 5266 505 1224 737 1051 2454 

               DK-Denmark 5915 3811 591 98 213 188 100 914 

               SE-Sweden 12671 5861 3558 299 846 294 841 972 

               FI-Finland 4422 2554 975 91 131 230 51 390 

               NO-Norway 1173 718 142 17 34 25 59 178 

REU-Rest of Europe 18604 7680 3871 587 162 806 218 5280 

               TR-Turkey 9756 4406 3689 498 125 101 117 820 

OEU- other Europ. countries 2725 1595 152 10 32 133 99 704 

                    GR-Greece 491 366 37 2 3 2 9 72 

                    IC-Iceland 31 17 3 0 0 0 0 11 

                    IE-Ireland 880 431 28 7 5 86 15 308 

                    IL-Israel 1278 757 84 1 24 45 75 292 

                    MT-Malta 45 24 0 0 0 0 0 21 

EUU-Europe unspecified 6123 1679 30 79 5 572 2 3756 

Data: (IFR, 2018) 
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Table 4 and Figure 6 present selected highlights of data available in the IFR database. As such it allows 

a complex set of analyses at national as well as at industry level. At national level total number and types 

of robots can be studied in a lot of detail, while at industry level primarily total number of robots can be 

captured. In any case, due to the prevalence of the use of this dataset  

Figure 6: Number of robots per 10 thousand employees in manufacturing in 2016 

 

Data: (IFR, 2018) 

 

At national and sectoral level, another popular source is EU KLEMS data (Jaeger, 2018). EU Klems 

provides an extensive coverage of capital investments, including IT. For IT, it provides two different 

categories: IT and CT, representing Computing equipment and Communications equipment. EU Klems 

also provides data on Computer software and databases (which accounts as part of intangible capital). 

Total gross fixed capital formation also includes data on Transport Equipment, Other Machinery and 

Equipment, Total Non-residential investment, Residential structures, Cultivated assets, Research and 

development, Other IPP assets (mineral exploration, artistic originals). Variables are valued either as 

monetary value, as millions (national currency), indices (2010=100), percentage growth and as 

contributions to growth in percentage points. The data is available at aggregate and industry level from 

1995-2015. Methodologically, the EU Klems database is prepared in accordance with the European 

System of National Accounts (ESA 2010). All data on GFCF, prices (deflators) and capital stocks are 

aligned with the Eurostat data. Methodologically, the database also uses data based on the European 

Labour Force Survey and the Structure of Earnings Survey (Jaeger, 2018). 
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Figure 7: EU Klems data on the contribution of ICT services to productivity growth (%) in 
percentage points in Germany between 1996-2015 

 

Data: (Jaeger, 2018) 

OECD Statistics offers a number of indicators that could be used either alone or complementary (but 

problems of multicollinearity could emerge) to capture technology use. Besides the standard indicators 

of R&D with a number of indicators (per capita, total, % of GDP, growth rate), patent numbers, number 

of researchers (number and FTE, growth, etc.), gross expenditure on R&D (GERD, again available in 

multiple indicators and by sectors), business financed R&D (BERD, available in total, % of value added, 

by sub-sector and other), higher education expenditure on R&D (similarly again with a number of 

indicators), government intramural expenditure on R&D, government intramural expenditure n R&D, 

Total Government Allocations for R&D, number of patents (with several indicators, including 

collaborative patents), imports and exports and shares of imports and exports in high-tech industries 

(several indicators) (OECD, 2019d). However, these indicators measure primarily the intensity of R&D  

and not the use of different technologies. The OECD also provides information about the information 

and communication technology use (OECD, 2019a). The indicators include ICT value added for 

business sectors, ICT employment in the business sector, ICT investments, ICT goods exports, access to 

computers from home, internet access.  

OECD provides also several indicators that measure the intensity of use of new technologies at 

national level. These indicators include: persons regularly using computer at work (% of total), 

businesses with a broadband download speed (by speed), persons employed using internet-connected 

computer and using internet-enabled portable device, companies with a web-site or home-page, 

companies with a web-site allowing on-line ordering or reservation, businesses receiving orders over 

computer networks, EDI-type messages, internet. The indicators also include businesses that received 

orders via computer networks or internet, business placing orders via networks, companies using cloud 

computing services (for a number of services), companies performing big-data analysis (internally, 

externally or both), companies that employ ICT specialists, those that offered training to develop ICT 
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related skills or had ICT job openings. The data is mostly provided as percentages. The OECD also 

measures the indirect ICT investment (OECD, 2019b). First, the OECD stresses that the real 

contribution of ICT might be bigger than stated, because also non-ICT capital contains a lot of ICT, 

which are not being treated as ICT, because of the capital nature of non-ICT investment. This 

intermediate component, which is often considered as neglected, increases the actual ICT investment 

by about a third.  

Figure 8: Selected OECD technology indicators 
 

 

Data: (“OECD Statistics,” 2019) 

Eurostat also offers a number of technology indicators, which could be used in productivity studies as 

indicators  of new technologies (Eurostat, 2019b). These can be used at national level. But since many 

of these indicators are survey-based (see also deliverable 1.3), the data could be linked to other firm-

level data, including financial performance data. The combined datasets would indeed be samples, but 

it is possible to prepare a weighted sample. Thus, in continuing, we first describe the national-level 

indicators. Besides the standard Research and development indicators, which include  Eurostat also 

provides high-tech industry and knowledge indicators. These (comparatively) provide information 

about the high-tech exports as % of total exports, employment in high-and-medium technology intense 

sectors and employment in high-tech sectors (as % or thousands). Eurostat also provides data on human 

resources in science in technology (also by sector and education level, in absolute numbers or shares), 

and also doctorate students. These indicators, indeed, are not a signal of the use of new technologies, 

but primarily the high-tech sectoral data would be beneficial for the analysis at least at a descriptive 

level. For a more in-depth analysis patent data are the first option, which could be used. Total number 

of patents, patents per million of population or per million of active population can be obtained for 

several fields: aviation, Computer and automated business equipment, Communication technology, 

Laser, Micro-organism and genetic engineering, Semiconductors and the total number. Again, this is 

not technology use data, but can provide additional information about the country.  
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Regarding the use of new technologies, Eurostat provides a series of indicators in the section on the use 

of new technologies in companies (ICT usage in enterprises). These are (Eurostat, 2019b):  

− Enterprises having received orders online (at least 1%) - % of enterprises   

− Share of enterprises' turnover on e-commerce - %   

− Connection to the internet  

− Enterprises with broadband access   

− Enterprises giving portable devices for a mobile connection to the internet to their employees  

− E-business  

− Enterprises using radio frequency identification (RFID) instrument   

− Enterprises whose business processes are automatically linked to those of their suppliers 

and/or customers  

− Enterprises using software solutions, like CRM to analyse information about clients for 

marketing purposes  

Data can be broken down into more detail also by firm size and broad sector. In addition, the indicators 

(some, not all) can be obtained also conditionally, so that for example, one can see how much firms use 

digitally connected processes along the value chain out of those who use ADE. But the data does suffer 

two major deficiencies: 

− The new technologies are only being introduced more actively at the moment. Many new are 

emerging. Therefore, the statistical methodology on the specification of relevant technologies 

is not yet fully developed and questionnaires change. Consequently, some data might be 

available for 2009, a different data on similar technology might be available for 2012, etc. This 

presents a special challenge for empirical analysis at any level, firm level or national level.  

− Data for many technology indicators are survey based. Consequently, they are only available for 

2007, 2009, 2014, etc., with gaps.  

At the micro level, several sources other can be used, where a possible problem is the actual estimation 

procedure of the productivity due to the availability of other relevant data for productivity studies. We 

highlight those as well.  

The Fraunhofer European Manufacturing Survey has been developed gradually from the 1993 

Modernization of Production Survey to the European Manufacturing Survey. The survey has been done 

internationally since 2001 and in 2015/2016 it was conducted in 11 countries in over 3000 companies 

(“European Manufacturing Survey Fraunhofer ISI,” 2019).  The survey provides firm level data. The 

target group represents companies with at least 20 employees. The sampling is done in a stratified 

random sampling to ensure representability. Data is also harmonized to ensure international 

comparability (Lerch, 2014). The survey covers core topics: firm characteristics, inputs, value generating 

processes and outputs/ outcomes. The details are more closely described in the survey description 

(Lerch, 2014). Here, only the throughput process, which focuses on technologies. The aspects included 

among other are the following: use, planned use, year of introduction, intensity of use of advanced 
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manufacturing technologies. These technologies include robotics and automation, processing and 

production technologies, digital factory and IT cross-linkages, and technologies focusing on resource 

efficiency. The survey also covers new organizational approaches, innovation, and R&D processes. The 

output dimension focuses on several relevant elements for productivity estimation: sales, productivity, 

costs. The main challenge would nonetheless be merging the firm level data with other national firm-

level sources in order to ensure more accurate and detailed productivity analysis.  

3.2.3.3 Approach used in Globalinto so far  

So far, a paper prepared by a team of researchers from Université Paris Sud, who are part of Globalinto, 

included ICT data  as one of the determinants of the productivity growth (Kim, Bonfour, Özaygen, 

Nonnis, & Babiloba, 2019). The purpose of the study is to determine the contribution of ICT to 

productivity focusing on intangibles and interior/exterior ICT externalities. The main data source for 

the analysis is the EU Klems data, specifically this was also the data source used to capture the impact 

of ICT. Specifically, for this country-industry level panel data analysis several data sources were used to 

fully capture the determinants of productivity. These were besides the EU KLEMS, also WIOD data and  

INTANINVEST data. A specific challenge in the analysis was the decomposition of ICT to intangibles 

and other ICT. Therefore, to avoid double-counting, only a limited definition of intangibles was used, 

focusing on innovative property and competencies, while ICT was excluded as a separate category. The 

authors (2019) also extend the existing literature by focusing besides on classic determinants (Labour, 

ICT Capital, non-ICT capital, Intermediate Inputs), the already accounted for intra-industry 

externalities, and exterior ICT externalities, also intangibles (limited) and Interior ICT externalities 

(Domestic intra-, foreign inter- and intra-industry). The results show not only a positive ICT 

contribution, but also show positive exterior intra-industry externalities and positive ICT spill-overs.  

3.2.4 Firm size, market entry and growth 

The relationship between firm size and productivity is well documented. Studies show a positive 

relationship between firm size and both labor productivity and TFP is found in both the manufacturing 

and non-manufacturing sectors (Leung et al., 2008). 

3.2.4.1 Measuring firm size, market entry in the literature 

Papers that investigate the gap in labour productivity between the large and small manufacturing firms 

show, that the gap is large (Ark & Monnikhof, 1996; Leung, Meh, & Terajima, 2008b; Van Biesebroeck, 

2005). For example, Van Ark and Monnikhof (1996) show that in 1990, the gross output per employee 

in Germany manufacturing plants with 0-9 employees was 77 per cent of that of all manufacturing 

plants, while the gross output per employee in plants with 500 or more employees was 112 per cent of 

that of all manufacturing plants. The gap was even bigger in USA and UK. Baldwin, Jarmin and Tang 

(2002) also make comparisons using value-added per employee and show that the gap productivity gap 

between large and small firms is smaller. 

The evidence on the relationship between firm size in non-manufacturing firms and TFP is scarcer. Van 

Biesebroeck (2005), Lee and Tang (2007) and Leung et al. (2008b) show that that there is also a positive 
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relationship between firm size of non-manufacturing firms and productivity. Leung et al. (2008) show 

that while relationship between firm size and labour productivity, measured by sales per employee, is 

stronger in manufacturing firms than in non-manufacturing firm, reverse is true with respect to TFP.    

The effect of firm size on aggregate productivity levels and growth is not widely studies. Micro data 

studies were decomposing changes in aggregate productivity into within-firm growth, reallocation 

across surviving firms and the contributions of entry and exit. These studies show (Ahn, 2001; Doms & 

Bartelsman, 2000), that he within-firm productivity growth of incumbents accounts for the largest 

fraction of aggregate labor productivity growth and that fluctuations in aggregate productivity growth 

are driven largely by incumbents, but the effect of net entry is also significant. For example, Baldwin 

and Gu (2006) find that the contribution of multi-plant firms (big firms) greatly exceeds that of single-

plant firms (small firms) in both the within-firm and net entry components, and that the contribution 

of multi-plant firms to productivity growth is much greater than their share of employment. Therefore 

single-plant firms (small firms) have little contribution to the labor productivity growth in 

manufacturing. However, when TFP was used instead of labour productivity (Ahn, 2001), the role of 

within-firm TFP growth of incumbents lessens and the role of net entry becomes more important, which 

suggests that small firms (entry firms are usually smaller) contribute to aggregate productivity growth.  

To measure the size of the firm, different criteria may be used. Most common measures of firm size are 

number of persons employed, employees, labour cost, balance sheet total, total sales, market value of 

equity, investment etc. (Eurostat, 2019b). As Dang et al. (2018) point out, different size measures can 

lead to different empirical results. Therefore, the choice of size measures needs both theoretical and 

empirical justification. The one most common measure of firm size in a statistical context is number of 

persons employed. Based on that measure Eurostat (2019) classifies firms into following categories: 

micro firms: fewer than 10 persons employed; small firm: 10 to 49 persons employed; medium-sized 

firms: 50 to 249 persons employed; and large firms: 250 or more persons employed. Firms with less 

than 250 persons employed are classified also as small and medium firms (SME). 

Small, micro and medium sized enterprises represent 99.8 %  of enterprises active within the EU-28’s 

non-financial business economy in 2016.  They employed around 23.5 million people in year 2016, 

which represents  two thirds (66.6 %) of the EU’s non-financial business economy workforce. SME  

contributed 56.4 % of the value added. The share of value added of micro enterprises was in year 2016 

almost 20% (see Figure 9 for details) 
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Figure 9: Enterprise size class analysis of value added, EU-28, 2016 (%) 

Source: (Eurostat, 2019a) 

However, classification of firms into different categories differs between European countries. For 

example, in Slovenia the firms are classified into above 4 categories based on average number of 

employees in a given year, net revenues and total asset value (“Zakon o gospodarskih družbah, 55. Člen,” 

2019)1.  

In continuing we present an estimation framework as was developed in Melitz and Polanec (2015). In 

order to study the effect of firm size on aggregate productivity levels and growth we need to first define 

an aggregate productivity. Aggregate productivity at time t is defined as a share-weighted average (sit) 

of firm productivity ϕit can be expressed as:  

Φt = ∑sitϕit,  

                                                             

1 Micro firm needs to satisfy 2 out of 3 following criteria: average number of employees in a given year cannot be bigger than 10, 
net revenue cannot be bigger as 700,000 euro and total asset  value cannot be bigger as 350,00 0euro. Small firm, is a firm , 
which is not micro firm and satisfies 2 out of 3 following criteria: average number of employees in a given year cannot be bigger 
than 50, net revenue cannot be bigger as 8.000,000 euro and total asset  value cannot be bigger as 4, 000,000 euro.  Medium 
sized firm , is a firm , which neither  micro  nor small  firms and satisfies 2 out of 3 following criteria: average number of employees 
in a given year cannot be bigger than 250, net revenue cannot be bigger as 40,000,000 euro and total asset  value cannot be 
bigger as 20, 000,000 euro.  Large firm is a firm, which is neither, micro, small or medium firm.  
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where sit≥0, sum to 1.  

The most commonly used share weights are number of employees and valued, while the most commonly 

used productivity measures are labour productivity and total factor productivity (for more details see 

Foster et al.,2001). The change in aggregate productivity over time (from t = 1 to 2) can be defined as: 

∆Φ = Φ2 − Φ1. There are many ways how to decompose changes in aggregate productivity.  Baily et al. 

(1992) decomposition (BHC) follow surviving firms over time, tracking their changes to both shares and 

productivity and decomposes changes in aggregate productivity into 4 parts: between firm component 

for surviving firms (S), within firm component for surviving firms, component of entering firms (E) and 

component of exiting firms (X). Aggregate productivity change can be decomposed as follows: 

∆Φ = ∑S si1(ϕi2 − ϕi1) +∑S (si2 − si1)ϕi2 + ∑E si2ϕi2 − ∑E si1ϕi1 = ∑S si1(ϕi2 − ϕi1) +∑S (si2 − si1)ϕi2 + sE2ΦE2 

− sX1ΦX1,  

where sE2 = ∑E si2 , ΦE2 = ∑E (si2/sE2) ϕi2, sX1 = ∑X si1 and ΦX1 = ∑X (si1/sX1) ϕi1 

The Griliches and Regev (1995) decomposition (GR) and Foster et al. (2001) decomposition (FHK) use 

the same approach as the BHC decomposition, however they introduce a reference average productivity 

level (Melitz & Polanec, 2015).  

GR use the average aggregate productivity level between the two periods, ΦA = (Φ1 + Φ2)/2, as the 

reference productivity level. Their composition is given by:  

Their decomposition is then given by (Melitz & Polanec, 2015):  

∆Φ = ∑S sAi(ϕi2 − ϕi1) +∑S (si2 − si1)( ϕAi − ΦA) + ∑E si2(ϕi2 − ΦA) − ∑X si1(ϕi1 − ΦA) = ∑S sAi(ϕi2 − ϕi1) +        

∑S (si2 − si1)( ϕAi − ΦA) +  sE2 (ΦE2 − ΦA)− sX1 (ΦX1 − ΦA),  

where sAi = (si1 + si2)/2 and ϕAi = (ϕi1 + ϕi2)/2. 

On the other side, FHK use the aggregate productivity level in period 1 instead of the time average ΦA 

as a reference productivity level. Their decomposition is given by (Melitz & Polanec, 2015): 

∆Φ=∑S si1(ϕi2 − ϕi1) +∑S (si2 − si1)(ϕi1 − Φ1) +∑S (si2 − si1)(ϕi2 − ϕi1) + sE2 (ΦE2 − Φ1) − sX1 (ΦX1 − Φ1). 

The newest composition is the dynamic Dynamic Olley-Pakes composition introduced by  Melitz and 

Polanec (2015).  Their composition is given by (Melitz & Polanec, 2015): 

∆Φ = (ΦS2 − ΦS1) + sE2(ΦE2 − ΦS2) + sX1(ΦS1 − ΦX1) = ∆ϕAS + ∆covS +sE2(ΦE2 − ΦS2) + sX1(ΦS1 − ΦX1),  

where ΦSt = ∑S (sit/sSt)ϕit and ϕAS is is the unweighted firm productivity mean of surviving firms. 

Table 5: Productivity Contributions of Surviving, Entering, and Exiting Firms 
Group GR FHK Dynamic OP 

Surviving firms sS2(ΦS2−ΦA)−sS1(ΦS1−ΦA) sS2(ΦS2−Φ1)−sS1(ΦS1−Φ1) ΦS2 − ΦS1 

Entering firms sE2(ΦE2 − ΦA) sE2(ΦE2 – Φ1) sE2(ΦE2 − ΦS2) 

Exiting firms sX1(ΦA − ΦX1) sX1(Φ1− ΦX1) sX1(ΦS1 − ΦX1) 

Source: Melitz and Polanec (2015) 
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Table 1 shows the differences between compositions. It shows that for all 3 decompositions aggregate 

productivity increases with the higher aggregate productivity of entrants (ΦE2), lower aggregate 

productivity of firms exiting (ΦX1) and with higher productivity difference (ΦS2 − ΦS1) of surviving firms. 

The clear advantage of dynamic OP decomposition is that more accurately reflects the contributions of 

those three groups in the sense that it relates each group contribution to a specific counterfactual 

scenario as follows: The contribution of surviving firms is simply the aggregate productivity that would 

have been observed absent entry and exit, the contribution of entry, is the change in aggregate 

productivity generated by adding/removing the group of entrants and  contribution of exit, is the change 

in aggregate productivity generated by adding/removing the group of exiting firms (see Melitz and 

Polanec (2015) for more details). 

To investigate the effect of firm size, each component of the above decompositions needs to be then 

further split by firm size category. 

3.2.4.2 Data sources 

In order to evaluate the effect of firm size and market entry on productivity growth and productivity 

contributions longitudinal firm level data are required. Given the different level of analysis that 

Globalinto undertakes (national, industry and firm level), data that would allow an analysis at all three 

levels would be beneficial.  

Value added analysis by firm size based on micro, small, medium and large enterprises  can be done 

using by Eurostat Structural business statistics - Size class analysis (Eurostat, 2019c, 2019a) both  at 

the national and industry level.  However micro level data are not easily available.  One possible source 

of firm level data is Amadeus dataset (Bureau van Dijk, 2019).  They include company information 

for both Western and Eastern Europe, with a focus on private company information. However, this data 

set is payable and for some countries (Slovenia for example) coverage is very weak. Also, for most 

countries they do not accurately reflect the actual entry and exit of firms, which would lead to biased 

results.  

The other possible source of micro-level longitudinal data is OECD firm-level project (OECD, 

2019c). It includes firm level data from ten OECD countries (United States, Germany, France, Italy, 

United Kingdom, Canada, Denmark, Finland, the Netherlands and Portugal). For Canada, Denmark, 

France, Finland, Netherlands, United Kingdom and United States) the analysis is based on business 

registers, while for Germany and Italy the analysis is based on social security databases Data for 

Portugal are drawn from an employment-based register. These databases track firms through time and 

also reflect the actual entry and exit of firms.  

The third possible source of data is CompNet database (“CompNet,” 2019). It covers 18 European 

countries, including the six biggest EU economies (DE, FR, IT, ES, NL and PL). The dataset includes 

variables on employment, trade, sales, productivity, mark-ups, financial constraints, and more. 

Although the available information is only available at the sector level, it comes from firm level data. 

Moments of the distributions of each variable mentioned above and each country is also available. This 

for example enables the analysis of whether more productive firms grow faster or whether big firms are 
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more productive than small firms. Upon request and a positive evaluation of the research proposal by 

CompNet officials, it is possible to run statistical code also on firm level datasets on each of 18 countries. 

That would allow researchers to investigate the effect of firm size, on each component of the productivity 

change decomposition for each of 18 countries.  

4 The new growth determinants and the challenges of productivity 

analysis 

In continuing, we summarize the main indicators or new growth measures and briefly comment on their 

use in productivity analysis. This is a non-technical summary.  

4.1 World Input Output Database 

World Input-Output Tables and the underlying data covers 43 countries and provide a model for the 

rest of the world for the period 2000-2014. The data on the production of final manufacturing goods is 

classified for 56 sectors according to the International Standard Industrial Classification Rev. 4. The 

database combines detailed information on national production activities and international trade data. 

The constructed tables reflect how much each of 59 products (based on the international classification 

of products by activity, CPA) is produced and used by each of 35 industries. By tracing the sectoral 

shares in the total product by the product category, WIOD database provides the necessary input to 

decompose the overall productivity in the factor-driven input and the residuals. The residuals can be 

estimated directly from the standard approximation of the Cobb-Douglass production function. These 

residuals can then provide the starting point to gauge the multi-factor productivity model and estimate 

the total factor productivity directly from intertemporal residual dynamics. The residual approach to 

estimate total factor productivity gained a widespread momentum in the scholarly literature starting 

(Baier, Dwyer Jr., & Tamura, 2006; Edwards, 1998; Färe, Grosskopf, & Lee, 1995; Färe, Grosskopf, & 

Margaritis, 2001; Miller & Upadhyay, 2000; Prescott, 1998; Restuccia & Rogerson, 2008; Restuccia, 

Yang, & Zhu, 2008; Temple, 1999; Young, 1994). Numerous scholars agree that the differences in 

residual-based TFP measures can explain wide-standing differences in per capita income across and 

within countries ((Caselli, Esquivel, & Lefort, 1996; Córdoba & Ripoll, 2008; Jones, 1995; Parente & 

Prescott, 2005; Romer, 1987). 

4.2 EU KLEMS Database 

EU KLEMS database aims at creating a database on measures of economic growth, productivity, 

employment creation, capital formation and technological change at the industry level for all EU 

member states from 1970 onwards. The database provides an important input to policy evaluation. The 

input measures consist of categories of capital, labour, energy, material and service inputs. The database 

can be used for analytical and policy-related purposes to examine the relationship between skill 

formation, technological progress and innovation and productivity. To facilitate this type of the analysis, 

the database links firm-level databases with a country-level database. Country-level database is further 
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broken down into capital inputs and labour-related inputs. The capital inputs consist of the asset 

breakdown of gross-fixed capital formation into five major types such as machinery and equipment, 

cultivated assets, dwellings, other buildings and structure and intellectual property products. The 

labour inputs consist of two distinctive input classes: (i) shares of employment type in total industry 

employment, and (ii) shares of labour compensation type in total industry labour compensation. The 

key advantage of EU KLEMS database is that the TFP can be broken down by asset type and 

incorporated into a disaggregated analysis. More specifically, the use of capital inputs allows us to 

estimate the Cobb-Douglas and other types of production function by specific input types to infer the 

contribution of capital deepening to TFP broken down by the type of asset. In the similar vein, we are 

able to compute the level of TFP at the industry-level and observe its change over time in response to 

the variation in the amount of labour, broken down by the employment shares and compensation shares 

(Inklaar & Timmer, 2007; Maudos, Pastor, & Serrano, 2008; Romero & McCombie, 2016). Such a 

decomposition-based analysis has not been fully exploited so far to the best of our knowledge. 

4.3 International Federation of Robotics Database 

The International Federation of Robotics Databases provides the cross-sectional and temporal data on 

the use of robots by countries, applications and industries for about 40 countries for the period 2013-

2018. The intensity of robotics use at the industry level enables us to further the use of traditional 

measures of total factor productivity by estimating the degree of knowledge intensity at both the country 

level and industry level (Acemoglu & Restrepo, 2017b). The prevalence of robotics in the manufacturing 

of final and intermediate goods also allows us to tackle the interaction between human capital 

endowment and use of robotics in explaining the growth of total factor productivity over time. More 

specifically, total factor productivity can be estimated as a function of capital and labour together with 

the artificial intelligence proxied by the prevalence of using robotics at the industry level. The key 

advantage of this database is that we can estimate the contribution of industrial automation to total 

factor productivity from a multi-stage production function allowing for input complementarity. In 

particular, the frequency of using robots in the manufacturing can be used as a rough proxy for the use 

of artificial intelligence as a separate factor in the production function. 

4.4 Amadeus Database 

Amadeus is a database of comparable financial and business information on Europe’s largest 520,000 

public and private companies by total assets covering about 43 countries. The database provides 

standardised annual accounts, financial ratio, sectoral activities and ownership data. Many scholars 

view the quality of management as a form of technology (Bender, Bloom, Card, Van Reenen, & Wolter, 

2016; M. Bloom, 2009; N. Bloom, Lemos, Sadun, Scur, & Van Reenen, 2014; N. Bloom & Van Reenen, 

2002; Nicholas Bloom & Van Reenen, 2010) and argue that the quality of management practice is 

strongly associated with firm-level productivity, profitability, Tobin’s Q and survival rates. The 

Amadeus data allows us to expand the production function and allowing for the impact of corporate 

governance on firm-level productivity. There are two possible way. The first is to allow for a direct and 

independent influence of the quality of management in which case it is considered as an input in the 
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production function. The second is to consider an indirect influence of quality of management on firm-

level outcomes through its impact on the production factors. The variables from Amadeus can be 

directly used as an input into the production function. Moreover, the depth of the data allows us to 

construct a detailed set of metrics capturing the quality and strength of corporate governance at the 

firm level and how does it matter specifically for firm-level. 

5 Conclusion 

Measurement any sources of growth has represented a significant challenge to researchers since the 

beginning of growth accounting. Measuring new sources to growth represents an additional challenge 

both due to the lack of definitional context at an international level as well as because of a lack of 

measurement instruments, which would be internationally agreed on and would allow a creation of 

consistent databases.    The paper highlights some of the commonly used databases and alternative data 

sources that measure the new sources of growth (technologies, demographic challenges, inclusion in 

global value chains and market power of firms) at national, industry and firm level. This paper will be 

continuously upgraded until the end of this project to include any new approaches within the Globalinto 

project as well as elsewhere in the literature. In addition, this project report is complemented by the 

deliverable 1.3., which studies the survey sources of data. 
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