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Executive Summary 

 

This paper analyzes product, organizational and marketing innovations using structural capital, such 

as research and development (R&D) and organizational capital (OC), as inputs. These are derived 

from the related labor costs using a full register-based dataset of Finnish firms for the period 2000–

2016 from Statistics Finland. Structural capital is the core input in the innovation value chain 

producing related innovations. Innovativity also depends on the quality of innovation workers causing 

innovation-labor-biased technical change (IBTC) and knowledge spillovers. The analysis shows that 

all elements of structural capital are used in different phases; therefore, organizational capital and 

related IBTC and innovations are vital parts of productivity growth. IBTC increases all types of 

innovations and does not show a decrease in technological change. 
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1. Introduction 

The objective of this study is to analyze how structural intangible capital and technical change 

enhance innovations and growth. The core innovation inputs, such as research and development (R) 

and organizational capital (O), are the outcomes of accumulated knowledge, while the quality of 

innovation work also creates innovation-labor-biased technical change (IBTC) (Piekkola, 2020). The 

main aim of previous studies has been to explain aspects of firm performance, such as total factor 

productivity (Polder, Leeuwen, Mohnen, & Raymond, 2010), sales (Evangelista & Vezzani, 2010), 

value added (Battisti & Stoneman, 2010) or profitability (Cho & Pucik, 2005; Cozza, Malerba, 

Mancusi, Perani, & Vezzulli, 2012; Prajogo, 2006). Earlier papers have also analyzed the total factor 

productivity effect from the residual of the production function, as in Añón Higón, Gómez, and 

Vargas (2017). Technical change-driven productivity changes, as in Ilmakunnas and Piekkola (2014), 

are considered here together with the accumulation of intangibles. 

IBTC is similar to well-known skill-biased technical change and depends on the recruitment of 

intangible workers (Ilmakunnas & Piekkola, 2014) and their quality (Piekkola, 2020). In the first 
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stage, quality is proxied by the relative compensation for innovation work. The production function 

estimates show the quality of innovation work at NACE 3-digit levels after distinguishing the 

contribution of intangible capital accumulation to productivity. 

In addition to IBTC, organizations and technologies, such as proprietary software systems, and 

structural capital, digitalization and cooperation are considered inputs to innovativity. One related 

study by Polder et al. (2010) used the tripartite design to model O, R and (information and 

communication technology) ICT investment in a system of three innovation output equations 

(product, process and organizational innovation). They find organizational investments to be 

important drivers of innovation; see also Bloom, Schankerman, and Van Reenen (2013) and Syverson 

(2011). 

The Oslo Manual already classifies four main types of innovation, divided into product, process, 

organizational and marketing innovations (OECD, 2005).1 The value chain runs from research and 

development to prototyping, production, assembling parts (with their own value chains) and 

implementing, commercialization and marketing. Finally, innovations create new technology that 

appears as an increase in productivity (Corrado, Haskel, Jona-Lasinio, & Iommi, 2016). Higher shares 

of innovation workers generate knowledge spillovers that affect growth in industries and regions 

(Acs, Braunerhjelm, Audretsch, & Carlsson, 2009; Audretsch & Keilbach, 2008; Audretsch, 

Keilbach, & Lehmann, 2006; Del Giudice, Scuotto, Garcia-Perez, & Petruzzelli, 2019). 

Some analyses follow the CDM tradition, starting from Crepon, Duguet, and Mairessec (1998), who 

used innovation inputs to determine innovation output and, in turn, productivity growth. The 

occurrence of innovations is analyzed with the tripartite model on product, organizational and 

                                                 
1 In the Oslo Manual, organizational innovation is defined as the implementation of a new organizational method in the 
firm’s business practices, workplace organization or external relations. Marketing innovation is defined as the 
implementation of a new marketing method that involves significant changes in product design or packaging, product 
placement, product promotion or pricing. 
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marketing innovations that accounts for the correlation of random effects (Roodman, 2011). In the 

final stage, productivity growth is explained by innovation outputs instrumented by the predicted 

value of innovation outputs, following the method recommended by Wooldridge (2010, 939). 

We exploit a panel of innovation surveys in Finland linked to full employer-employee data of the 

total Finnish economy over the period 1999-2016. The analyses show how product innovations are 

complemented, especially by organizational innovations, and how R&D and organizational worker 

innovativity lead to IBTC, which is an important driver of innovativity. The puzzle of productivity 

slowdown is not supported by any major shift in IBTC after 2000. R&D work-driven IBTC grew over 

time until 2016. 

Section 2 contains a literature review, and section 3 provides the IBTC method. Section 4 describes 

the data, including the measurement of R&D, organizational and ICT capital. Section 5 provides the 

estimation method, and section 6 provides the results. Section 7 concludes. 

 

2. Literature on structural capital 

  

Micro- and macroeconomic studies offer strong evidence on intangible capital and productivity 

growth (see ThumTysen et al. (2017) for a review). Structural capital here covers the organization 

and technology, such as proprietary software systems, so that R and O should be considered together. 

Piekkola (2020) refers to the management and accounting literature finding that intangibles that 

involve large discretion by management are more valued than others, such as R or purchased 

goodwill. These assets have a shorter technology cycle but may be better recorded in accounts (Wyatt, 

2005). It is also clear that organizational capital is oriented toward quality, innovation and care of the 
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environment (F‐Jardón & Martos, 2009). The other dimensions of intangibles, such as ICT and 

cooperation, are linked to structural capital. 

Organizational innovations have a direct effect on productivity, create lead times, and improve 

flexibility (e.g., Womack et al., 1990; Hammer and Champy, 1993; Goldman et al., 1995). Caroli and 

Van Reenen (2001) argue that a higher skill level of the workforce tends to reduce the costs and 

increase the benefits of decentralization. Organizational innovations may relate to teamwork in 

production, supply chain management or quality-management systems (Damanpour, 1987; 

Damanpour & Evan, 1984) or to joint adoption of organizational innovation. Rexhaüser, Hottenrott, 

and Veugelers (2016), using the Mannheim Innovation Panel, find organizational change to augment 

the introduction of new environmental technologies. Bresnahan, Brynjolfsson, and Hitt (2002) 

combine organizational change with ICT use to create product innovation at the firm level. 

Intangible workers represent a high share of personnel, approximately 10% in Piekkola (2020), and 

require decentralized decision-making processes at the level where IAs are used. Kotey and Slade 

(2005) equally emphasize the important role of middle management in innovative firms. The 

literature also finds organizational innovations to be successful responses to the efficient use of 

product and process innovations (Caroli & Van Reenen, 2001; Damanpour, Szabat, & Evan, 1989; 

Piva & Vivarelli, 2002). We link these with product rather than process innovations because they are 

more likely to be radical and because process innovations have more ambiguous performance than 

product innovation (Hall, Mairesse, & Mohnen, 2010). Piekkola and Rahko (2020) find with similar 

Finnish data that product innovations alone rather than together with process innovations have the 

greatest effect on productivity growth. 

Organizational investments can also support bureaucracy. As the firm grows larger, decision-making 

can become more efficient. However, entrepreneurial effort may be replaced by professional 

management that is more interested in following profit margins than innovation (Adams & Brock, 
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1986; Graves & Langowitz, 1993). There is a risk of the replication of information in the absence of 

centralized management (Greenan & Guellec, 1994). Therefore, cooperation and ICT are also needed. 

ICT is considered vital for information spread, which can improve relational capital and trust, and 

can support the collaboration of dispersed groups (Adamides & Karacapilidis, 2006; Cabrilo, Dahms, 

Mutuc, & Marlin, 2020). Therefore, ICT services and related development complement the general 

cooperation of the firm. Digitalization is a notable driving force for SMEs’ knowledge-based 

strategies and can address numerous operational issues (Noori & Lee, 2006). The information and 

knowledge available online reduce costs for small firms and new entrepreneurs. 

 

3. Innovation growth model with structural capital 

In each period, there is a fixed number L of employees, some of whom engage in innovative 

work to create new intangible investment. The “final” good of consumers is produced here by 

perfectly competitive firms using inputs: quality adjusted labor O R,A( L L )L , R and O with the 

Cobb-Douglas production technology (Piekkola, 2020). 

 OL K R

t O R Y t t t t,Y ( A( L L )L ) K R O   , (1) 

where Yt is the value added in period t, At is a parameter that reflects the productivity of the O and 

R labor inputs in that period and 1L L R O      . ALYt refers to the economy’s effective labor 

supply of labor LYt engaged in production (excluding time spent on intangible investment), where the 

quality At creates IBTC depending on the time spent in intangible investment. Kt is the sum of the 

stock of buildings and machinery and equipment (accumulated value of respective investment with 

10% depreciation of machinery and equipment and 3% depreciation of buildings). 
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The improved quality of innovation work increases the returns to innovation relative to the returns of 

other firms in the industry. IBTC depends on the share of workers engaged in innovation labor in addition 

to the gap between the existing skills of innovation workers and all workers an average so that the first term 

in production function (1) is written as: 

Rt Rt Ot Ot Yt
t

Lt t Lt t

O Y

t

R

a

L
,

L a L L
L

a L a L
A( L L )L

  
    

  


 ,  (2) 

where 
Rt

a , 
Ot

a are the quality of innovation workers relative to the average quality 
Lta  of all 

workers in the firm (subindex for firm i is not shown here) and 
t Yt Rt OtL L L L    is the total labor 

force including the time spent on intangibles. High investment in research not only affects output but 

also brings the firm more qualified researchers with a higher probability of successful innovation. 

Successful innovation depends on the share of workers engaged in innovation labor and on the gap between 

the existing skills of innovation workers and all workers, on average, following the Schumpeterian growth 

proposed by Aghion, Harris, Howitt, and Vickers (2001). 

We are interested in IBTC for total workforce 
tL , and the terms in the brackets can be rewritten as: 

 1 1 1Rt Rt Ot Ot Yt Rt Rt Ot Ot

Lt t Lt t t Lt t Lt t

a L a L L a L a L

a L a L L a L a L

   
         

   
 (3) 

L

O R Y t,( A( L L )L )  in (1) using (3) is then in log form approximated by 

  1 1L t L Rt Lt Rt t Ot Lt Ot tlnL ( a / a )L / L ( a / a )L / L     , (4) 

where the approximation in log form is  1 1 1Rt Lt Rt t Ot Lt Ot tln ( a / a )L / L ( a / a )L / L      

1 1Rt Lt Rt t Ot Lt Ot t( a / a )L / L ( a / a )L / L    given that the first two terms are not too far from zero. IBTC 
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increases depending on the improvement in the quality of labor and the increase in the share of IA 

workers. The concept of “fishing out” states that good ideas are used first, so improved relative quality 

of innovation workers 
IAt Lta / a , IA R,O  is needed to produce new innovations. 

The estimation follows the preferred method in Piekkola (2020), using relative wages as first-stage 

proxies for relative quality, while earlier studies,  such as those of Hellerstein, Neumark, and Troske 

(1999) and Ilmakunnas and Piekkola (2014), proxy the relative productivity of various worker types 

by their labor shares alone, thus holding /IAit Lita a  for IA=R, O as an unknown parameter. More 

precisely, IBTC is first approximated, proxying the relative quality of work /IAit Lita a  by wage shares 

/IAit Litw w , with IAitw  as the average compensation for innovation work of type IA in firm i being 

indicated by IA=R, O and Litw  as the average compensation for all work in the firm. Wages for IA 

workers and wages for all workers are measured from the sum of regular hourly earnings divided by 

the number of workers in each firm i and year t. Part-time workers’ labor input is assumed to be 2/3 

that of full-time workers. The compensation ratio /IAit Litw w  of each firm is also set within the 1st and 

99th percentiles of the overall distribution in the data. The industry production functions are estimated 

in each NACE-3 digit industry j in the following log form using (1) and (4): 

 
,,

ln ln ( / 1) ln ln

ln ln ln

IAit
it Lj it IBTC IAj IAit Lit Ri it Oj itIA i j

it

Kj it Zj it it

L
Y L w w R O

L

K Z e


      

  


,  (5) 

where itZ  represents the controls (industry and year dummies), ite  is the residual and results from (4) 

,
ˆˆ( / 1) ( / 1)IBTC IAj IAit Lit Lj IAit Litw w a a     , so the adjusted relative productivity is 

,
ˆˆ / ( / 1) /IAit Lit IBTC IAj IAit Lit Lja a w w    1 . If IAj  is found to differ from Lj , we know from (4) that 

the difference must be because relative wages /IAit Litw w  do not reflect true productivity differences. 
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Thus, we calculate a new ˆˆ /IAit Lita a  given that 
IBTCj Lj   . Here, 

 ,
ˆˆ / / / 1 /IAit Lit IBTC IAj IAit Lit Lja a w w     , where the quality of innovation labor increases with 

relative compensation in firm ˆˆ /IAit Lita a . IBCT is, thus, firm- and time-varying. 

We also analyze knowledge spillovers that are industry specific. “Fishing out” of existing ideas may 

lead to negative spillovers since the technology is already used by others. The estimations are 

performed separately in each three-digit industry. The respective knowledge spillovers created by 

firms through IBTC in IA in industry j are given by 

 ˆˆ( ( / 1)it IAit
IAjt IAit Liti j

jt it

L L
Spill a a

L L
  , (6) 

where ˆˆ /IAit Lita a  is from the estimation of (5). Aggregation uses each firm’s labor share in industry j 

as weights. The contribution to knowledge spillovers thus depends on the relative size of the firm. 

The modeling of the innovation value chain and the literature on organizational innovations linked to 

other innovations lead to the following hypotheses for our empirical analysis: 

1. Structural capital, such as R and O, are important drivers of productivity growth. Productivity 

growth also depends on cooperation and its linkages with ICT. 

2. IBTC is the other source of innovativity through high-quality innovation work, which is needed 

to avoid “fishing out” 

3. Innovation value chain evidence shows that product innovations are associated with or followed 

by organizational and marketing innovations. Therefore, these types of innovations are 

interrelated with different time dimensions (Armbruster, Bikfalvi, Kinkel, & Lay, 2008), so 

organizational innovations are a successful means to efficiently use product innovations (Caroli 

& Van Reenen, 2001; Damanpour et al., 1989; Piva & Vivarelli, 2002).  
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4. Innovation activity irrespective of interactions increases productivity growth. 

 

The first hypothesis concerns the importance of the accumulation of innovation inputs for 

productivity growth. Firms may cooperate, e.g., when they are part of a group, have a large amount 

of O, or use digital tools to spread and receive information. The second hypothesis is about the need 

to have a new high-quality innovative input when the best innovations have already been fished out. 

Here, IBTC measures the relative quality of innovation work in the firm to the average knowledge 

available. The third hypothesis concerns the innovation value chain. The fourth hypothesis measures 

the independent effects of product, organizational and marketing innovations. 

 

4. Data 

The EU Horizon 2020 Globalinto 2019-2022 project identifies the structural capital of R and O using 

occupational data that identify R and management and marketing work (O). Information and 

communication technology (ICT) is from ICT-related services and experts. After elaboration of the 

IA labor input from the related occupations, the second task is to evaluate the worktime share spent 

on innovative work. Finally, overheads should cover other factor inputs, such as intermediate and 

tangible inputs used in the construction of IA investment. These own-account IAs are assumed to be 

produced with a similar share of factor inputs as in IA-producing industries, such as O-producing 

business services (Legal and accounting activities M69, Head office M70, Architectural and 

engineering activities M71, Advertising and market research M73). The factor multiplier includes 

half of the intermediate inputs and all capital inputs per unit of labor costs given that IA-producing 

industries are more intermediate input-intensive than other industries, on average. The method is 

analogous for measuring “overheads” in OECD (2010), a method applied to evaluate “software and 
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database expenditures” in ICT from related labor costs. 2 Real expenditure-based investment Y

IAN  of 

type IA = O, R, ICT is given by (firm i, industry j and year t suppressed): 

 

  ,N Y IA IA IA IA

IAP N z l P W     (7) 

 

where IAz  is the time invariant factor multiplier, IAl  is the innovation labor share of type IA and IAW  

is the labor cost investment of type IA (total annual earnings per employee including performance-

rated pay, extra for overtime hours, etc.). The benchmark factor multipliers follow Globalinto to 

represent the entire EU27 area from IA-producing upstream industries IA=O, R, ICT. The shares IAl

are considered the same in all countries, and the combined multiplier IA IAz l  is 1.55 for OC wage 

expenses, 1.53 for R&D wage expenses, and 1.7 for ICT wage expenses. Table 1 summarizes the 

combined multiplier IA IAz l  (the product of the share of effort devoted to IA production and the factor 

multiplier). 

Table 1. Combined multipliers for OC, R&D and ICT 

 OC R&D ICT 

Employment shares Yl  30% 50% 50% 

Factor multiplier IAz  1.55 1.53 1.7 

Combined multiplier 
IA IAz l (rounded) 

45% 77% 85% 

 

                                                 
2 The Office for National Statistics (ONS) evaluates ICT factor input from 72.2. industry (Research and experimental 

development on social sciences and humanities) and not from J62-J63 (Computer programming, consultancy and 

related activities and information service activities), as done here. Intermediates are further deducted by those used for 

resale without further processing, road transport, computer services, advertising and marketing costs and depreciation of 

vehicles. They are added by total taxes and levies and total depreciation. Estimation of the rate of return on capital is 

excluded. This yields a nonlabor cost share of 80%, which is close to that observed by (Chamberlin, Clayton, & 

Farooqui, 2007). 
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Appendix A provides a detailed description of the innovative work coding in IA work. Depreciation 

is 20% for OC, 33% for ICT and 15% for R&D. The initial value of IA stock is determined according 

to the geometric formula IA investment (the average over the first three years) divided by the sum of 

depreciation + 2% (the assumed annual increase in IA investment per year). 

 

5. Empirical estimation 

IBTC is first analyzed using the full data. A first proxy for the relative quality of innovation labor 

workers is their wages relative to the average in the firm. Stage 2 uses community innovation survey 

(CIS) data complemented by LEED data to explain innovation output. The final stage 3 applies the 

production function in growth form. Innovation outputs are instrumented by their predicted values 

from the previous stage 2, controlling for productivity shocks. 

5.1 Stage 1: Production function estimation to estimate IBTC 

The production function from (5) includes OLS estimates for three-digit industries to obtain IBTC. 

The analyzed data cover 196 thousand firm-year observations, with an average of 13 years per firm 

over NACE 3-digit industries, and IBTC is estimable for approximately 50 thousand firms. The data 

include additional estimations for the relevant two-digit industry if the NACE 3 observations are too 

few in the first run (with less than 1000 observations). Total IBTC is the sum of own IBTC from (5) 

and IBTC knowledge spillover from (6) with equal weights. Knowledge spillovers are calculated as 

the employment-weighted sum of IBTC of all firms in the industry (except the firm’s own effect). 

For approximately half of the firms in the estimation sample, whose own IBTC is not available, IBTC 

consists only of IBTC knowledge spillover. 
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5.2 Stage 2: innovation output estimation 

A tripartite model with endogenous innovation dummies offers a convenient estimation technique 

when the product, organizational and marketing innovations overlap and are endogenous (Roodman, 

2011). We ignore process innovation given the complex nature of its link with product innovations. 

Several studies show that more of the cost savings created by process innovation are created when 

R&D is performed (which is taken into account) than when new products and services are sold (Cohen 

& Klepper, 1996). The innovation success of product, organizational and marketing innovations is 

explained by intangibles, IBTC, cooperation and other firm resources. Our innovation measures come 

from the CIS data and are binary variables. We estimate the following innovations: 

 
* '

1 1 1 1Product 1   if  product >0  and zero otherwiseit it it itX    
  (8)

 
* '

2 1 2 2Organisation 1   if  Organisation >0  and zero otherwiseit it it itX    
  (9) 

* '

3 1 2 3Marketing 1   if  Marketing >0  and zero otherwiseit it it itX       (10) 

The error terms,  , of the above equations are allowed to be correlated, and lagged inputs are used 

to reduce endogeneity. The identification conditions in stage 2 require the inclusion of variables that 

are not used in the productivity growth estimation in stage 3. Cooperation has been suggested as one 

identifying factor that interacts with ICT, as ICT services are needed for collaboration, not least for 

small firms. The direct effects of cooperation are divided into those from cooperation with the group, 

suppliers, customers, competitors or consultants. External demand shocks, such as exports, also cause 

exogenous variation in the inputs used in product innovations. Hall, Lotti, Mairesse (2009) also use 

dummies for the presence of European, international or domestic competitors related to trade. Keller 

and Yeaple (2009) find only weak evidence of technical import spillovers; thus, these spillovers may 

be more closely related to the use of R&D than to productivity. 
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5.3 Stage 3: productivity estimation 

Productivity growth in firms is analyzed given the probabilities of innovation and knowledge 

spillovers. Productivity growth is estimated by IV-GMM. The generalized method of moments 

(GMM) is a generic method used to estimate parameters in statistical models and is robust against 

arbitrary heteroskedasticity and intracluster correlation. The IV-GMM estimation of productivity 

growth uses the Wooldridge (2010, 939) IV-2SLS type modification with cluster-robust standard 

errors; see also Musolesi and Huiban (2010). Productivity is measured by value added per employee: 

 

 0VA / L X u, u ,    ,    (11) 

  

where VA / L  is the growth of value added per employee, and xX ( N k )  is the matrix of k 

explanatory variables. IV-GMM defines matrix xZ ( N l ) , where l k , instruments are the lagged 

value of inputs (log O/L, log K/L), and the excluded instruments are predicted occurrences of 

innovations, following Wooldridge (2010, 939). Lags are introduced because of the long-term panel 

structure, which considers that a longer period may be needed for innovations to lead to an increase 

in productivity growth. The l  instruments create a set of l  moments 

  1i i i i i

' 'g ( ) Z u Z VA x ,i ,N      , where each 
ig  is an l -vector. GMM considers each l  moment 

equation a sample moment, which is estimated by averaging over N, as follows: 

 

  
1

1 1N

i i i i i

i

'g ( ) z VA / L x Z u
N N

 


    .   (12) 
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GMM estimates 
GMM  solve this equation. The productivity growth estimation includes the lagged 

log productivity. 

 

6. Results 

Stage 1: IBTC analysis using NACE 3-digit industry-level production function estimations. 

IBTC is performed separately in each NACE 3-digit industry and for firms with at least 10 employees, 

on average (265 551 firm-year observations in 2000-2016). We restrict to firms having at least some 

structurally intangible capital (O or R in any year) (198 thousand firm-year observations). 

 

Stage 1: Table 2. IBTC in NACE 3-digit industries 

Variable Mean Q1 Median Q3 Std N 

Innovation survey firms (CIS)       

Output elasticity of employment 0.59 0.56 0.62 0.69 0.30 22425 

Output elasticity of R 0.09 0.03 0.07 0.14 0.30 22425 

Output elasticity of relative quality of R 
work 

-0.02 -0.55 0.19 0.41 1.72 22425 

Output elasticity of O 0.10 0.04 0.08 0.12 0.18 22425 

Output elasticity of relative quality of O 
work 

0.61 0.09 0.49 1.43 5.39 22425 

Output elasticity of capital 0.03 0.02 0.04 0.06 0.29 22425 

Initial relative quality (wages) of R work 3.33 1.33 2.33 3.88 3.58 12179 

Initial relative quality (wages) of O work 4.77 1.80 3.04 5.37 5.80 11196 

Relative quality of R work 1.24 0.90 1.00 1.09 5.91 11181 

Relative quality of O work 1.12 1.00 1.02 1.08 2.69 10671 

R-IBTC 0.020 -0.015 0.000 0.007 0.797 11181 

O-IBTC 0.003 0.000 0.000 0.002 0.083 10671 

R-knowledge spillover 0.023 -0.017 0.001 0.008 1.010 22425 

O-knowledge spillover 0.003 0.000 0.001 0.002 0.067 22425 

Full data Mean Q1 Median Q3 Std N 

Output elasticity of employment 0.60 0.56 0.61 0.69 0.22 196399 

Output elasticity of R 0.07 0.03 0.05 0.09 0.17 196399 
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Output elasticity of relative quality of R 
work 

-0.08 -0.59 0.06 0.29 1.11 196399 

Output elasticity of O 0.08 0.04 0.06 0.10 0.10 196399 

Output elasticity of relative quality of O 
work 

0.52 0.06 0.36 1.10 3.11 196399 

Output elasticity of capital 0.04 0.03 0.04 0.07 0.15 196399 

Initial relative quality (wages) of R work 3.89 1.39 2.28 4.37 4.57 53108 

Initial relative quality (wages) of O work 5.85 1.75 3.09 6.37 7.59 44158 

Relative quality of R work 1.01 0.90 1.00 1.07 4.27 48726 

Relative quality of O work 1.06 1.00 1.02 1.09 2.13 41962 

R-IBTC -0.004 -0.012 0.000 0.009 0.633 48726 

O-IBTC 0.002 0.000 0.000 0.002 0.093 41962 

R-knowledge spillover -0.002 -0.002 0.000 0.002 0.510 196399 

O-knowledge spillover 0.001 0.000 0.000 0.001 0.046 196399 

IBTC is based on returns to work, (initial) quality of innovation work and R and O employment shares relative 
to total employment.  Outlier correction is performed for the relative wages of R and O workers, which 
represent the initial proxy for quality of innovation work. 

 

The median O worker is paid 3 times more and R worker 2.3 more than average workers (about the 

same in the CIS sample and the full data). These ratios are based on regular annual earnings per 

employee. The estimation results show that in stage 1, the median output elasticity of total 

employment is approximately 61% (in both CIS survey firms and the full data). The median output 

elasticities are approximately 5-7% for R and 6-8% for O. The initial relative quality of innovation 

workers relies on the relative wages of innovation workers. The IBTC results show that the relative 

quality of innovation workers varies around the average of zero. IA accumulation already captures 

much of the average effect on the quality of intangibles. Approximately 68% of the IBTC 

observations are in the one standard deviation range of -0.8 - +0.8 for R-IBTC, while the range 

narrows to ten times lower, -0.08 - +0.08 for O-IBTC. IBTC can thus potentially explain a large part 

of the distribution of labor productivity around the median zero effect. Figure 1 shows the 

development of R-IBTC, including spillovers in the full sample or R-IBTC alone. 
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Figure 1 R-IBTC in full data from 1999-2016 

 

 

R-IBTC has increased over time, although the rise of R-IBTC spillovers has flattened. The following 

figure shows O-IBTC. 

 

Figure 2 O-IBTC in full data from 1999-2016 
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The mean O-IBTC varied over time, reaching the highest level in 2009, when the financial crisis was 

most severe. It is evident that technical change has not decreased over time. The following figures 

show the evolution of OC, R&D, and ICT intensities over time in the full data. 

 

Figure 3 OC, R&D and ICT per employee from 1999-2016, in thousand € in 2015 prices 

 

It is clear that R intensity has increased from 50 thousand to approximately 70 thousand per employee 

in the 15.1 thousand firms that report R&D. Using formal R&D from R&D surveys and without any 

correction of sampling weights would be problematic, however. The average formal R&D intensity 

has increased more than double to 130-150 thousand since 2012 for those firms that have R&D, while 

the number of firms reporting R&D more than halved to 600 by 2016. There is, hence, no coherent 

trend in R&D intensity over the years, since the decreasing number of firms investing in R&D is 

offset by much higher average R&D intensity. The number of firms reporting occupational R&D 

instead increased from 9200 to 10400 in 2008 and then decreased to 7700 by 2016 (not shown in the 

figure). O intensity stayed close to 20 thousand per employee over the period (11.6 thousand firms), 

while ICT intensity increased in recent years to 30 thousand per employee (4.8 thousand firms). The 
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latter is to a large extent explained by a reform in ISCO coding such that some R&D occupations are 

reclassified as ICT work in ICT-producing industries NACE J62-J63. 

 

Stage 2: Innovation output 

The innovation survey samples in 2000 and every other year from 2004-2016 are amended with 

information from the preceding years, since the occurrence of innovations is asked regarding the 

current and last two years. The innovation survey coverage is thus doubled to 51.7 thousand firm-

years. The sample reduces to 31.7 thousand firm-year observations after dropping finance, 

construction, public administration and other services and using lagged inputs to 23.6 thousand firm-

year observations, roughly covering the years when the CIS was carried out. Table 3 shows the 

summary variables in the CIS estimation sample. 

 

Table 3. Intangibles summary 

Variable Mean Q1 Median Q3 Std 
Obs         

22425/ 
Share % 

Organizational innovation dummy 0.4 0.0 0.0 1.0 0.5 100 

Marketing innovation dummy 0.35 0.00 0.00 1.00 0.48 100 

Production innovation dummy 0.45 0.00 0.00 1.00 0.50 100 

Cooperation 0.33 0.00 0.00 1.00 0.47 100 

Cooperation, ICT per empl. 0.22 0.00 0.00 0.00 0.82 100 

Productivity growth 0.006 -0.136 0.007 0.149 1.170 100 

Value added per empl. 3166 56 76 107 25094 100 

Organizational capital per empl. 0.02 0.01 0.01 0.02 0.0 98 

R&D capital per empl. 0.07 0.02 0.04 0.09 0.1 99 

ICT capital per empl. 0.01 0.00 0.00 0.01 0.1 55 

Capital per empl. 253 43 151 331 599 100 

Part of group 0.64 0.00 1.00 1.00 0.48 100 

Export per sales 2.78 0.00 0.25 10.00 4.30 100 

Figures in thousand € in 2015 prices (per employee). 
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Approximately 40% of firms have innovations, usually more than one type. The median value added 

is 76.2 thousand 2015€ per employee. The median productivity growth (logarithmic difference of 

value added per employee) are 0.7% over the period. The median R and O stocks per employee are 

42 and 10 thousand 2015€ per employee, respectively, while the average R and O in CIS are lower 

than those reported in the full sample (see Figure 3). The sample is thus not biased to intangible-

intensive firms. Organizational capital and ICT investments are usually larger subcategories of 

intangible investment in macrolevel analysis (Van Ark et al. 2009, Bloom and Van Reenen 2010, 

Piekkola 2016). One-third of firms cooperate (mostly with suppliers of equipment, materials, 

components, software or customers). 

In the estimations, all explanatory variables except IBTCs and exports per sales are in logs and lagged 

by one period. Controls include year and NACE 2-digit industry dummies (approximately 37 

industries). The Wald test of exogeneity rejects the null hypothesis of exogeneity (rho = 0); thus, the 

error terms in the product, organizational and marketing innovations are correlated. Table 4 shows 

the estimation results in stage 2. Given the many ways innovation input is measured, the coefficients 

for R intensity are 14% lower for product innovations than previously found in the literature (see Hall 

et al. (2010)). The reason is that it is a significant input for organizational innovation output with a 

coefficient of approximately 10%, while it is negatively related to market innovations.  R-IBTC (the 

sum of own and industry spillovers) increases innovativity throughout the innovation value chain. 
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Stage 2: Table 4 Innovation output tripartite model estimates 

  
Product 

innovation 
Organizational 

innovation 
Marketing 
innovation 

R/L t-1 0.1367*** 0.0841*** -0.0748*** 
 (0.0115) (0.0113) (0.0209) 

O/L t-1 0.0760*** 0.0858*** 0.0886*** 

 (0.0119) (0.0117) (0.0209) 

ICT/L t-1 -0.0884*** -0.0480*** -0.0882*** 

  (0.0106) (0.0105) (0.0178) 

R-IBTC with spillovers 0.4124*** 0.2879*** 0.1784***  
(0.0153) (0.0138) (0.0408) 

O-IBTC with spillovers 0.2305*** 0.2430*** 0.1004** 

 (0.0091) (0.0088) (0.0352) 

Cooperation, ICT t-1 0.002 -0.0008 0.0057 

 (0.0033) (0.0033) (0.0047) 

Employment t-1 0.0283 0.0723*** -0.0692 

 (0.0214) (0.0212) (0.0358) 

Export/sales 0.0197 -0.0061 -0.0441* 

 (0.0131) (0.0109) (0.0208) 

Part of group -0.5999* 0.0467 -0.3986 

 (0.2674) (0.1163) (0.3222) 

Constant -1.3497* -2.0273** 4.6985 

 (0.6500) (0.7410) (144.5421) 

Rho product, organizational innovations 0.483   

Rho product, marketing innovations 0.602  

Rho organizational, marketing innovations 0.640   

Observations  22425 
 

Log likelihood  -36543 
 

Chi2  5871   

Estimation relies on the cmp command implemented in Stata (Roodman, 2011). 
All variables except dummy variables are in logs. Estimation includes 26 industry 
and year dummies.  P-values: * p < 0.05, ** p < 0.01, *** p < 0.001. 

O intensity has the same coefficients of approximately 8-9% for product, organizational and 

marketing innovations. Professional management is needed to increase innovation output and not 

only to make best use of profit margins. These results are valid for a large set of organizational 

workers so that O also proxies human capital in small firms, which need less formal reorganization 

of work to be innovative. St-Pierre and Audet (2011) find SMEs to rely on knowledge or the human 

capital of employees and customer relations and thus on informal organization. Managers may also 

prefer to look at sales and profits rather than accepting new risk-taking in the introduction of new 
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products. Finally, the size of the firm (number of employees) has a positive effect on organizational 

innovations. 

The interaction between cooperation (mostly with customers or supplies of equipment, material, etc.) 

and ICT intensity is a significant factor for all types of innovation. Firms with a large market share 

exploit their better network connectedness (cooperation is twice as likely for large firms than for 

small firms). SMEs invest relatively more in ICT per employee (ICT per employee is twice as high 

as that for large firms with market share over the median in NACE-3-digit industries). Bjørkholt, 

Fjærli, and Rybalka (2019) find that SMEs with high network connectedness through board members 

are also R&D intensive. SMEs benefit from “platform”-type behavior, thus making products and 

services accessible to customers or material supplies, among others. Marketing also relies on 

consultants’ help. Product and organizational innovations benefit from similar kinds of cooperation. 

In a small open economy, such as Finland, all export activity should be driven by intangibles, leading 

to a high rate of domestic product innovation. However, we can see that controlling for intangible 

exports per sales does not have a positive effect on the innovation rate. This may be in line with the 

fact that the high-tech industry share of the nonpublic sector in GDP decreased from 13% in 2000 to 

slightly over 4% by 2016 (the high-tech industry covers the manufacture of Pharmacy 21 and 

Computer, electronic and optical products 26). Exports have also decreased in the paper and pulp 

industry since 2006.3 

 

Stage 3: Productivity growth estimation 

                                                 
3 These figures cover NACE industries B, C, D, E, F, G, H, J, L, M, N and R, thus excluding finance K, public 

administration O, education P, health Q, other services, etc., S, T, U, X. 
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Labor productivity growth is explained in column 1 by the three types of innovations and in column 

2 by the nonoverlapping interactions of innovations. Product innovations are considered along with 

organizational innovations. Organizational innovations alone or with marketing innovations show the 

independent role organizational innovations play in productivity growth. The GMM instruments 

(IVREGRESS in stata) include lagged input variables. The excluded instruments are the predicted 

occurrence of the respective alternatives from the tripartite model estimations. All variables except 

industry and year dummies are in log values.  

Stage 3: Table 5. GMM productivity growth estimates (in log), 2000-2001-2003-2016 

  

No 
interaction 

With 
interactions 

Product innovation -2.281* - 

 (0.973)   

Product innovation only or with organizational innovation - 0.851*** 

 with or without marketing innovation   (0.163) 

Organizational innovations 4.501*** - 

 (1.169)   

Organizational with or without marketing innovation, no - 1.468*** 

  product innovation   (0.425) 

Marketing innovation -1.081* - 

     

Marketing alone or with product innovations, no - -4.229*** 

  organizational innovation   (0.909) 

R-IBTC with spillovers 0.026 0.026  
(0.033) (0.029) 

O-IBTC with spillovers -0.483 -0.172 

 (0.396) (0.340) 

Tangible capital per empl. 0.029* 0.015 

 (0.012) (0.008) 

Employment t-1 -0.160*** -0.110*** 

  (0.037) (0.020) 

Labor productivity -0.427*** -0.415*** 

 (0.023) (0.020) 

Constant 2.509* 0.546 

 (1.274) (0.288) 

Observations 22425 22425 
All except dummy variables are in logs. GMM instruments are all inputs, lagged by one period. 
The excluded instruments are the predicted occurrences of respective innovation types, also with 
interactions. Dummies cover 37 industries and years. P-values: * p < 0.05, ** p < 0.01, *** p < 
0.001. 
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Cooper and Kleinschmidt (1986) find that managing new product innovations (radical innovation) 

entails different requirements than operating normal and existing activities. New product innovations 

produce uncertainty, cross boundaries and require time for firms to build adjustments in their design. 

Our results show that such innovations enhance productivity growth only when combined with 

organizational innovations. Product innovations only with no other innovations is indeed relative rare 

(7% of firms have only product innovaitons) When firms succeed in product innovation, particularly 

in combination with organizational innovation, productivity growth increases by 0.8%, which is 

sizeable giventhe average productivity growth of 0.7%. The growth effect is also wide as 

approximately 50% of firms present new product innovation with organizational innovations. 

Organizational innovations had also an independent role, while 14% of firms have organizational 

innovations with or without marketing innovations and not product innovations. 

As such Love, Roper, and Bryson (2011) found no relation between R&D and innovative sales for 

UK business services and Roper, Du, and Love (2008) for productivity of manufacturing firms in 

Ireland and Northern Ireland, and Wadho and Chaudhry (2020) for productivity growth in Pakistani 

textile and apparel manufacturing sector. Love et al. (2011) and Roper et al. (2008) instead found a 

positive and significant impact of product innovation on sales growth. In all of these approached the 

insignificance may equally related to wide set of other knowledge capital in the models, which differs 

from CDM type augmented production function estimation relyin on Wooldridge (2010) method or 

using predicted values of innovation output function from stage 2. Here the coefficients are also 

qualitatively the same whether analysing productivity or sales growth (estimations available on 

request from the author). 

Marketing innovations do not enhance productivity growth, possibly because they have other targets, 

such as gaining visibility in the initial phase of product innovations or maintaining market share. With 
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the inclusion of the interaction of organizational innovations in column 2, the overall effect of 

organizational innovation with or without marketing innovations is positive at 1.47. Therefore, 

product innovations alone do not improve productivity growth unless combined with organizational 

innovations. 

The value chain runs clearly from research and development (R&D) to prototyping, production, 

demonstration, parts assembly (with their own value chains), commercialization, and implementation, 

so organizational innovations are needed after new product innovations. The results are essentially 

the same when we lag product innovation by one period (results available from author). 

Organizational innovations without product innovations and with or without marketing innovations 

also appear to improve productivity growth. We thus assign organizational and marketing innovations 

together to be part of the positive initiative that organizational change can have on performance; i.e., 

marketing innovations are inferior to organizational innovations in the innovation value chain. This 

may be related to their timing, as they are usually followed by product innovations from the early 

stage. 

Finally, productivity growth is not improved by R-IBTC or O-IBTC in excess of how it explains 

innovativity. The study also demonstrates significant and rapid catching up, as the coefficient of 

lagged productivity is negative, implying that 40% of the gap between long-run and current growth 

can be achieved in each year. We can finally review our results against the proposed hypotheses. 

Hypothesis 1 that structural capital increases innovativity and productivity growth is valid both for R 

and O capital. ICT is studied here in the context of cooperation, which improves innovativity. 

Hypothesis 2 regarding improved innovativity and growth holds both for R-IBTC and O-IBTC. 
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Hypothesis 3 regarding the innovation value chain holds, such that organizational innovations 

together with product innovations have the strongest effect on productivity growth. Marketing 

innovations should be combined with organizational innovations to generate higher growth. 

Hypothesis 4 that all kinds of innovativity increase productivity growth does not hold because the 

positive effects of marketing innovation are tied to the presence of organizational innovations. One 

possible explanation is that marketing innovations may also be needed in the more difficult initial 

stages of introducing new products to the market. 

 

7. Conclusion 

Our interest is in structural intangibles and further improvement in the quality of innovation work 

through IBTC. Organizational capital always appears to have positive effects on product innovation 

through O-IBTC. The other related channel is organizational innovations that improve productivity 

growth independently or as part of the innovation value chain. R&D improves product innovativity 

and thereby growth together with industry R-IBTC. In recent decades, well-performing firms in the 

Finnish economy have engaged in organizational reform and investment in the quality of 

organizational workers. Product innovations are combined with organizational innovations, and 

organizational innovations are further associated with marketing innovations. We thus find a clear 

innovation value chain from product to organizational innovation, as observed in previous literature, 

while marketing innovations alone may be targeted more during periods when growth is low. 

Each country has its specialty in innovation resources, and Finland is traditionally held to be an R-

intensive country. Clearly, organizational capabilities have taken a more dominant role in driving 

growth. We find no evidence of decreasing productivity over the years, although IBTC has been 

volatile. The labor productivity decrease is thus explained by a decrease in intangible assets during 
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financial crises. Understanding technological change is clearly bound to the efforts to succeed in 

innovativity and to the employment of innovative labor with the best quality. R is only one part of 

the structural capital and the process and also difficult to measure given the concentration of formal 

R in fewer firms in past decades. 
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Appendix A. Measurement of intangible capital (IC) and tables 

Occupation data are used to evaluate the innovative labor input in IA activities. The following table 

shows the innovation occupations chosen using ISCO08 3-digit coding in Globalinto. 

ICT work 

 Information and communications technology services managers 133 

 Information and communications technology professionals 25 (software and applications 

developers and analysts 251 and database and network professionals 252) 

 Information and communications technology professionals 35 (information and 

communications technology operations and user support 351, telecommunications and 

broadcasting technicians 352) 

Organizational work 

 Business services and administration managers 121 

 Sales and marketing managers 1221, 

 Advertising and public relations managers 1222, 

 Production managers in agriculture, forestry and fisheries, 131 

 Manufacturing, mining, construction and distribution managers 132 

 Professional services managers 134 

 Finance professionals 241, Administration professionals 242 

R&D work 

 Research and development managers 1223 

 Physical and earth science professionals 211, Engineering professionals 212, Life science 

professionals 213, Engineering professional (excluding electrotechnology) 214, Electrical 

engineering 215 

 Architects, planners, surveyors and designers 216 
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 Health professionals: Medical doctors 221, Nursing and midwifery professionals 222, Other 

health professionals 226 

 Physical and engineering science technicians 311, Life science technicians and related 

associate professional 314, Medical and pharmaceutical technicians 321 

 Physical and engineering science technicians 311, Life science technicians and related 

associate professionals 314 

 Medical and pharmaceutical technicians 321 

 


