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Tiivistelmä 
Suomen on väitetty saavuttaneen teknologian eturintaman ja siirtyneen 
investointiperusteisesta kasvusta innovaatioperusteiseen kasvuun. Tämä väitöskirja koostuu 
viidestä teknologian eturintamaa, innovaatiopolitiikkaa ja suomalaista 
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1.  Introduction 

This dissertation is inspired by the claim that Finland lies at the technology 
frontier. I seek to explore whether this has been simple “feel good” political 
rhetoric, or whether there is actual evidence in favour of the claim. This is an 
important question with implications for effective innovation and technology 
policy formulation. What factors, and to what extent, have been important in 
defining proximity with the technology frontier, are further research ques-
tions.  
  The first three essays approach the issue top-down, starting from an interna-
tional country comparison perspective, narrowing the focus to Finnish indus-
tries, and further to the Finnish ICT industry, which has dominated the Finn-
ish high-tech scene. The fourth essay investigates knowledge spillovers in a 
comparison of innovating Finnish and Dutch firms and research institutes. 
The fifth essay complements the picture by establishing the direction of these 
spillovers in the Finnish ICT industry. In sum, key research questions ad-
dressed in the essays include: 

 
1 Has Finland reached the technology frontier? 
2 Has R&D contributed to keeping or catching up with it? 
3 What other factors have helped? 
4 Has innovation policy been supportive of the Finnish high-tech fron-

tier, i.e. the ICT industry? 
5 Has innovation policy been designed towards the generation of social 

returns on innovation?  
 

  But first, a brief history of the economic background and theoretical frame-
work of the essays presented subsequently is given below.  

1.1 Finland’s regime shift from investment to innovation  

In neoclassical growth theory, given natural resource endowments and popula-
tion growth, capital accumulation is the main policy instrument to raise labour 
productivity growth. Although Solow’s (1956 and 1957) theory of economic 
growth suggested that technological change is superior to capital accumula-
tion, it took decades for the so-called AK model to be removed from policy pre-
scriptions and design. In the 1980s, innovation economics1 finally gained clout 
across the world with the advent of the (new) endogenous growth theory and a 
                                                           

1 For a survey of core contributions in innovation economics see Fagerberg et al. (2012). 
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revival of Schumpeterian theories stressing continuous innovation and crea-
tive destruction in the evolutionary economics line of thought. A key difference 
in endogenous growth theory is the removal of limits to growth, allowing tech-
nical change and subsequent economic growth to be accelerated permanently 
by investing in innovation, research, human capital and knowledge accumula-
tion (Easterly 2001). Provided that spillovers are geographically bounded, gov-
ernments of technologically lagging countries can improve their growth pro-
spects with a temporary public R&D subsidy to eliminate their disadvantage in 
high-tech industries. (Grossman and Helpman 1991).  

With the advent of endogenous growth policy in the early 1990s, national in-
novation systems (NIS) were widely implemented and many governments 
quickly adopted features of innovation and human capital-based growth strat-
egies, requiring a reallocation of resources to education and R&D. The EU Lis-
bon agenda (European Council 2002) was adopted to close the EU-US produc-
tivity gap, a key element being to raise the EU economies’ R&D investments to 
3% of GDP.  

Finland implemented such a system towards the end of the 1980s, but with 
more determination following the early 1990’s depression, which revealed the 
shortcomings of the prior investment promotion model. These included di-
minished capital productivity, inefficiencies, low average value-added, and 
capital and energy intensity in exports, i.e. a suboptimal allocation of resources 
(see e.g. Pohjola 1996). Finland emerged from the depression with a decisive 
shift in policy regime from an investment-led industrial policy to a knowledge-
based growth strategy and a reliance on R&D and human capital. The shift was 
accompanied by an increased market orientation, deregulation, liberalization, 
privatization and a floating exchange rate. (Developments over the period are 
surveyed in Kiander 2001).  

Ever since the early 1990s, Finland has implemented a strategy aiming at 
success in producing innovations (Science and Technology Policy Council of 
Finland 2006), while Finland’s physical investment level relative to GDP has 
hovered at historically low levels. The share of gross investment (excl. housing 
construction) in fixed price value-added declined from around 20% in the 
1980s to about 15% in the 2000s. This reduced investment rate has been ar-
gued e.g. by Sorjonen (2006) to reflect a shift from a resource-based economy 
to the information age, structural change from physical capital-intensive to 
R&D-intensive sectors in the economy, and/or a move from extensive growth 
to quality-oriented intensive growth. Extensive growth arises from additional 
factor inputs, while quality-oriented intensive growth necessitates productivity 
growth arising from innovation and new technologies.  

During the period, R&D investment indeed appeared to have replaced physi-
cal investment. As Figure 1 below shows, R&D investments reached over 3% of 
GDP after 1999 and subsequently remained among the highest in the world in 
relative terms. Only Sweden, Israel, Korea and Japan have matched Finnish 
R&D intensity since the mid 1990s. Intangible investment, which includes oth-
er intangibles in addition to R&D, has gradually increased to 10% of total in-
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vestment. R&D intensity2 has increased in absolute and relative terms, irre-
spective of whether one relates R&D to the number of employees, value-added 
or sales. Past capital intensity in Finland is likely to have reduced efficiency 
and returns on the existing capital stock, while structural change to rapidly 
growing industries most likely raised returns on all types of investment in 
them.  

 

 

Figure 1. Gross Domestic Expenditure on R&D (GERD) as a percentage of GDP in certain 
large R&D investor countries, 1985 – 2012. Data source: OECD. 

Claims that R&D has compensated for reduced physical investment are in line 
with prevailing theory. According to a widely accepted premise, as countries 
climb up the technology ladder, they need to increasingly resort to their own 
innovation to move further up the ladder. A technologically lagging country 
invests in capital-embodied new technologies in order to catch up, in which 
case physical investment dominates innovation. Once the frontier has been 
reached, it is necessary to shift to innovation strategies to maintain technologi-
cal progress, simply because frontier countries/ industries/ firms already ap-
ply best-practice technology and methods, and productivity cannot be im-
proved by adapting existing technologies. This policy shift represents what 
Acemoglu et al. (2006) identify as a shift from adaptation of existing technolo-
gies to innovation to create new technologies. Porter (1990) calls it a shift from 
an investment-driven stage (reliant on efficient manufacturing and out-
sourced service exports) to the innovation-driven stage. At this stage nations 
compete on their “ability to produce innovative products and services at the global 
technology frontier using the most advanced methods” (Porter and Schwab 2008, 
p.51).  

                                                           
2 As mentioned in Essay 3, the 1990’s ICT hype may have encouraged firms to exaggerate R&D invest-
ment to raise investor appeal, which in turn may reduce apparent returns to R&D. 
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1.2 The technology frontier and reliance on own innovation 

Advanced countries, such as EU member states, are frequently assumed to 
have reached the technology frontier (see e.g. Kok 2004). According to the 
official evaluation of the Finnish NIS, Finland is close to the global technology 
frontier, and this increasingly necessitates innovation-based strategies, in 
which context it is only natural for investment in physical capital to decline. 
“Since the late 1980s Finland has been moving from an investment-driven catching-up 
country towards an innovation-driven and knowledge-based economy.” (TEM 2009, 
p. 130). Science, education, innovation and technology policies have governed 
the political rhetoric, and Finland has been said to feature among the foremost 
so-called information or knowledge societies (see e.g. 
http://www.research.fi/en).  

The Finnish NIS has been praised as a model for establishing (own) innova-
tion at the core of economic growth (Hjerppe and Kiander 2004). The reliance 
on (own) innovation has only become accentuated over the years. In 2009, 
Finland was a clear leader within the EU in public funding of ICT research in 
GDP, well above other member states and even the US (European Commission 
2009).  The reliance on own innovation represents a significant departure 
from most common small country technology strategies, demonstrating a 
greater reliance on knowledge diffusion and technology absorption. Innova-
tion policies in other small European countries have e.g. promoted technology 
transfer through foreign direct investment (FDI) (Ireland, Hungary) or market 
demand for innovations (Netherlands, Greece, Slovenia) (Cogan and McDevitt 
2003).  

1.3 Globalization and R&D spillovers 

Economic reforms and policy changes helped lift Finland from the depths of 
the 1990’s depression, but the rebound truly speeded up with the emergence of 
a new technology and its successful launch on the global consumer market, i.e. 
mobile phones.  That is to say, the rapid expansion of the ICT industry was by 
no means catch-up from the depths of the recession, but structural change to 
an entirely new high-technology field. By specializing in this small ICT niche, 
the Finnish Nokia Corporation became a global market leader and growth en-
gine of the entire Finnish economy.  Its tremendous success transformed Fin-
land’s image from low to high-tech. Exports rose rapidly until 2000, reaching 
40% by 1997. Hence the total factor productivity (TFP) growth in the ICT in-
dustry was genuine and had little to do with recovery in the rest of the econo-
my (see e.g. Paija 2001). 

The bursting of the dot-com stock market bubble in 2000 and the recession 
that followed evened out expectations regarding new ICT-led growth. Produc-
tivity growth remained strong, however, as the off-shoring of the labour-
intensive manufacturing stages of high-tech production to lower-cost countries 
took off in the new millennium. Meanwhile, re-imports of cheap intermediate 
products allowed Finnish manufacturers to attach high-value-added services 
to their end products exported to the global market (Pajarinen et al., 2010). As 
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Figure 2 shows, Finland was a high-tech net-exporter during the 13 year period 
1996–2009. In 2000, high-tech exports rose to 23% of total exports. In 2008, 
about 80% of all high-tech exports were electronics or ICT equipment.  The 
collapse of the ICT industry around 2009 revealed how dependent the Finnish 
economy had become on its productivity growth. At the same time, the inter-
national financial crisis revealed the gravity of the investment drought and 
inability of R&D investments to fully compensate3 (Berghäll 2009).  

The capacity of small open economies to influence their comparative ad-
vantage by means of public support for R&D may have been transformed over 
the past two decades. That is to say, while Eaton and Kortum (1999) showed 
that technology diffusion used to be clearly faster within than between coun-
tries, this state of affairs may have altered. The scope for national innovation 
policies has faded since knowledge spillovers have become perfectly interna-
tional, and ideas no longer linger within borders, but are as easily transferred 
across them (Klette et al. 2000). Technological change and globalization have 
no doubt accelerated cross-border knowledge flows substantially. More than 
ever, then it is time to re-evaluate the rationality of an innovation policy based 
on own innovation.  

 

 

Figure 2. Finnish high-tech exports and imports 1995–2013. Data source: Finnish Customs. 

1.4 Frontier position based on stringent assumptions 

Frontier technology provides an intuitive explanation for Finland’s reduced 
level of physical capital investment, but was Finland ever at the frontier? At 
present, such claims of frontier dominance seem at best premature. Even at 
the time, the evidence that Finland was indeed competing on innovation at the 
technology frontier was rather scarce and rested on unsubstantiated evidence, 
such as high R&D and education inputs, (past) success of the ICT industry, 
                                                           

3 R&D passed physical capital in technology industry investments already in 2000. Following the financial 
crisis of 2008, investment including R&D dropped again, though output contractions have increased the 
share of R&D to GDP.  
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World Economic Forum (WEF) and IMD country competitiveness rankings4, 
and labour productivity comparisons. Labour productivity does not take into 
account capital inefficiencies, which, according to Pohjola (1996), were signifi-
cant in Finland in the past, and take time to amend. Nor does it consider R&D 
efficiency. 

The pitfalls and constraints on international data comparisons are notorious. 
For example, input measures must sufficiently reflect differences in the cycli-
cal effects of adjustment costs and input quality between countries (see 
Schreyer 2001). The recent KLEMS and complemented GGDC (Groningen 
Growth and Development Centre) databases were constructed to resolve such 
impediments (Inklaar and Timmer, 2008).5 In addition to the above, the 2009 
evaluation of the national innovation system also referred to multifactor 
productivities (MFP) as evidence of Finland’s frontier status (TEM 2009, pag-
es 106-107), available in the EUKLEMS database. A comparison of these in the 
electrical machinery and post and telecommunication services sectors show 
Finland to fare better than the US, with a 124% score in 2005, but behind 
Sweden’s 258% score. In manufacturing, even excluding electrical machinery, 
Finland reached 107% of the US MFP level in 2005, with only Belgium (109%) 
and Ireland (154%) faring better. Since multifactor productivity (MFP) levels 
place Finnish electronics at the OECD technology frontier, and Finnish manu-
facturing high among the OECD economies, immaterialization of investment 
into R&D or intangible investment would appear to offer a comforting expla-
nation for the lost investment. 

However, MFP comparisons typically suffer from stringent and unrealistic 
assumptions, such as perfect competition6, an identical production function, 
and constant returns to scale inherent in a Cobb-Douglas specification7. In 
addition, revenue maximization or cost minimization is required of the firm 
level, which at the industry or aggregate economy level requires even more 
stringent assumptions. Technical efficiency is confused with scale efficiency 
and technological progress with TFP growth. Capital-embodied technology 
cannot be accounted for, nor can other factors causing differences in the shape 
of production functions between countries, i.e. other than mere level differ-
ences. Provided that such assumptions hold, differences in MFP levels can be 
interpreted as differences in technology (very narrowly defined)8 or efficiency. 
Growth accounting and related Divisia, Malmqvist, Solow and Kendrick index-

                                                           
4 These rankings have declined subsequently. The most recent WEF (2014-2015)  ranking placed Finland 
4th, while IMD (2015) ranking had dropped Finland to 20th place in its global competitiveness index.  
5 Even this data excluded important high-tech exporters, such as China, India, Korea and Taiwan. By 
2008, Finnish ICT manufacturing had largely relocated to such countries or larger markets.  
6 For example, Stiglitz (2015) has argued that most markets are characterized by market imperfections. 
7 In such settings, a production frontier can be formed by running a line though the origin and a single op-
timal point.  
8 As technological change often affects all inputs, not only the primary factor inputs of labour and capital, 
gross output-based MFP levels better reflect differences in technology than value-added-based ones. 
From the producer’s perspective there is no inherent difference in the primary inputs (labour and capital) 
and intermediate inputs (materials, energy and service inputs). Production decisions are made for all in-
puts simultaneously and substitution between all inputs can take place, making them non-separable. In-
stead, value-added-based MFP measures provide only an indication of the importance of the productivity 
differences in factor inputs (capital and labour) for the economy as a whole. The value-added-based 
measure was obtained by independent comparisons of gross output and intermediate inputs with their 
own PPPs (so-called “double deflation”).  
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es are commonplace in country comparisons of economic efficiency, but are 
similar to MFP estimates in typically assuming perfect competition, Cobb-
Douglas technology and constant returns to scale.   

Increasing returns to scale and imperfect competition are, however, common 
characteristics of R&D activity at the technology frontier (Romer 1990) 9. Since 
increasing returns to scale can be expected in any economy with an imperfectly 
competitive industrial structure, as in Finland10, frontier estimates based on 
growth accounting, perfect competition or constant returns to scale must be 
biased. Moreover, the exclusion of R&D may lead R&D-intensive industries to 
show high productivity growth, although in reality they have relied on exten-
sive growth based on additional R&D inputs. As Figure 1 shows, Finland fea-
tures among the top R&D investors in the world. It is therefore not certain that 
inefficiency in investment has not shifted from conventional fixed capital in-
vestment to inefficient investments in knowledge. It may be just as difficult to 
“push” growth with knowledge accumulation as it was with physical capital 
accumulation.  

1.5 Frontier estimation methodology 

The state-of-the-art approach to measuring the technology gap to the frontier 
is based on efficiency estimation. Frontier methodology allows one to disen-
tangle productivity growth into technical change, returns to scale and efficien-
cy change. Some efficiency estimation methods take into account unobserved 
heterogeneity in production and allow one to explore its potential causes. Con-
sidering that technologies are increasingly traded and copied on the interna-
tional market and the fact that rates of technical change differ greatly by in-
dustry, large differences in productivity are likely to reflect the efficiency with 
which these technologies are applied.  

Ever since Farrell (1957)11 pointed out that the production possibility frontier 
can be identified from extreme observations in data, efficiency estimation 
methodologies have been developed. An important milestone was Leiben-
stein’s theory of X-inefficiency (subsequently termed technical inefficiency) 
published in 1966. Microeconomic productive efficiency arises from the long-
term equilibrium in perfectly competitive markets, when average costs are 
minimized on the average cost curve. An individual firm’s or production unit’s 
relative distance from the theoretical frontier, due to various market imperfec-
tions and other causes, equals its technical inefficiency.  

At first, economists were not willing to accept the notion that firms do not 
necessarily optimize given their circumstances.  Müller (1974) argued that 
frontier estimation is merely a way of establishing whether significant varia-
bles have been omitted from the estimation of an otherwise average produc-
tion function, suggesting that information with respect to production methods 

                                                           
9 That is, in the case of industries at the technology frontier, there is little a priori justification for assuming 
convexity or constant returns to scale.  
10 Cartels became illegal only in 1993 (Hyytinen and Toivanen 2010), while the Finnish Competition Au-
thority was founded already in 1988, not 1993 as stated in Essay 2.  
11 Koopman (1951) and Debreu (1951) laid the rigorous analytical approach.  



Part I: Introduction and Overview 

22 

or markets can constitute an important omitted variable. (In recent literature 
this has been frequently tackled by including human capital or R&D inputs in 
the estimation). Stigler (1976) criticised X-inefficiency as a rather useless con-
cept, perceiving it to merely reflect differences in utility functions for leisure or 
other benefits, and “in neoclassical economics, the producer is always at a pro-
duction frontier, but his frontier may be above or below that of other produc-
ers.”  Not all agreed, as e.g. Førsund et al. (1980), describe the average produc-
tion function more as a “red herring”, as it does not give the maximum obtain-
able output, but the mean of the sample. Considering e.g. management theory 
and literature it would appear obvious that managers are not always able to 
optimize their own utility functions in terms of firm performance. However, it 
was not until the mounting empirical evidence from computerized data analy-
sis from the early 1990s onwards that economists were forced to widely accept 
the notion that firms do not always operate at their efficient frontier.    

To explore Finland’s true position with respect to the frontier, three frontier 
methodologies have been applied which represent the most important strands 
of the literature: stochastic frontier analysis (SFA), representing the fully par-
ametric approach, data envelopment analysis (DEA) for the nonparametric 
approach, and a robust semi-parametric methodology, the so-called order-m 
method, representing recent advances in estimation methodology. These 
methods are described in more detail in each respective essay they concern, 
and are merely briefly overviewed below.  

The most commonly used parametric approach is stochastic frontier analysis 
(SFA). In parametric efficiency estimation, similar to equation (1), the error 
term is divided into a random error part and a systematic inefficiency part. 
Hence strict exogeneity of the random error term and the variables is assured. 
The systematic part of the error term, i.e. inefficiency, can be tackled subse-
quently by analysing its determinants.  

 
Output= f(inputs)+ inefficiency + random error  (1) 
 
Relative to deterministic non-parametric methods, a major advantage of SFA 

models is this separation of random variation from actual productivity effects. 
Furthermore, parametric methods are less sensitive to outliers than nonpara-
metric methods. In contrast to growth accounting, this has the advantage that 
productivity growth can be disaggregated into technical change, efficiency 
change and returns to scale. As for its disadvantages, SFA methodology is 
similar to growth accounting in that it is also based on stringent assumptions 
regarding the functional form of the production function, i.e. the technology 
used, as well as the distribution of the error term. Therefore it requires a ra-
ther homogenous sample to be fitted in the same functional form of the pro-
duction function (Coelli et al. 1999).  The results are sensitive to the underly-
ing assumptions and number of observations, but are applicable with large 
datasets. The inputs in production functions may be limited to capital and la-
bour inputs, which therefore raise the risk that the results are biased by omit-
ted variables.  
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Non-parametric efficiency estimators, such as data envelopment analysis 
(DEA) and free disposal hull (FDH) do not impose a functional form. DEA is a 
rather straightforward application of Farrell’s original idea of a production 
frontier where inputs are minimized for static output, or, vice versa, output 
maximized for defined inputs. 12 Most efficient firms receive a score of one, and 
less efficient firms a score somewhere below one, but above zero.  The major 
drawback of non-parametric efficiency estimators is the absence of an adjust-
ment for outliers (Coelli et al. 1999), noise or simple mistakes in the data. They 
frequently require large datasets to overcome the curse of dimensionality13. 
Standard assumptions DEA imposes include convexity of the production set14 
and strong disposability15 of inputs and outputs. Hence a standard variable 
returns-to-scale DEA estimator assumes convexity throughout the production 
function, contrary to the microeconomic theory premise of an S-shaped pro-
duction function with increasing returns to scale/ marginal productivity in the 
initial stages. Another non-parametric efficiency estimator, the free disposal 
hull (FDH), introduced by Deprins et al. (1984), removes the convexity as-
sumption, and is therefore more applicable and consistent in situations involv-
ing indivisibility of inputs and outputs, and economies of scale and specializa-
tion. However, it remains sensitive to outliers and extreme values. Non-
parametric methods also ignore the impact of exogenous factors beyond the 
control of the decision-making unit.  

In sum, methodologies have generally demanded ample quality data from a 
well-functioning market economy setting. Significant progress has been made 
in overcoming the drawbacks in various methods. One could, for instance ap-
ply the meta-frontier approach developed by Battese et al. (2004), which al-
lows the estimation of comparable firm efficiencies, as well as the potential 
technology available to the industry in the presence of different technologies. 
For example, Lee et al. (2014) estimate the efficiencies of Android and iOS 
platform users as a group relative to the meta-frontier. Due to the small sizes 
of the samples, the fact that different group sizes may bias the results, as well 
as in order to avoid restrictive assumptions (de Witte and Marques 2009), the 
meta-frontier method was not selected. 

Another alternative,  the so-called StoNED (stochastic nonparametric envel-
opment of data) method developed by Kuosmanen (2006) and Kuosmanen 
and Kortelainen (2012), which has the advantage of estimating the frontier 
without such a stringent assumption regarding the functional form, while be-
ing able to separate noise from efficiency, unlike DEA methodology. The com-
putationally burdensome approach nevertheless suffers from the curse of di-
mensionality when there are several inputs (Kortelainen 2008). Moreover, it 

                                                           
12 In FDH and DEA, the frontier is first drawn from the optimal DMUs, and efficiency thereafter measured 
from the DMU’s distance to the frontier.  
13 That is to say, efficiency is influenced by sample size. Only large samples give reasonably precise es-
timates. 
14 In contrast to FDH, due to convexity in DEA, all linear combinations of frontier DMU’s are feasible. 
15 Strong disposability contends that an increase in inputs cannot lead to a reduction in output(s), or that 
unwanted output can be disposed of without a positive cost, while weak disposability allows for a cost. 
(The weak disposability hypothesis asserts that no radial, or equiproportionate, increase in inputs can 
lead to a reduction in outputs, and that no radial reduction in outputs becomes infeasible without an in-
crease in inputs) (Färe et al. 1994). 
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requires three steps to include the determinants of efficiency in the estimation, 
while prior methods, such as the Battese-Coelli (1995) maximum likelihood 
efficiency estimation methodology, allow the estimation of efficiency and its 
determinants in a single step. When single-step methods or programs are una-
vailable, a two-step approach is common, with the determinants of efficiency 
estimated in the second step. The first step estimates the shape of the produc-
tion function, or the production set, depending on the estimation methodolo-
gy, while the second step estimates which factors influence the distance from 
the frontier.  

More recent methodologies overcome most drawbacks. One such popular 
method is the so-called order-m, which surmounts the curse of dimensionality, 
is less sensitive to outliers, and does not impose stringent, possibly unrealistic, 
assumptions on the structural form of the production function. Similarly to 
DEA, the order-m methodology allows for heterogeneous technology across 
firms, industries and countries, when returns to scale are not constant. It was 
introduced by Cazals et al. (2002) and expanded by Daraio and Simar (2005, 
2007). Instead of benchmarking a decision-making unit (DMU) against the 
best-performing peer in the sample, as e.g. in DEA, in order-m the DMU is 
benchmarked against the expected best performance of a sample of m peers, 
i.e. their average. This varying coverage of observations excludes and includes 
outliers in the sample on which efficiency is estimated. Provided that the exer-
cise is repeated numerous times, statistical probabilities mitigate the impact of 
outliers or measurement error on the average of the estimates obtained.16  

2.  Overview of the essays 

This dissertation consists of five essays on Finnish ICT firms, innovation policy 
and the technology frontier. The data is focused on the period 1995 – 2003, 
when Finland experienced strong ICT-led economic expansion, but extends to 
1986 in essay 2. Technological leadership was a common dogma, and innova-
tion policy was tailored to it.  

2.1 What factors contributed to catching up with the frontier? 

The first two essays are linked. The first essay, (Innovation vs. Investment at 
the Technology Frontier) seeks to answer the broad question of whether ad-

                                                           
16 Essay 2 presents the input oriented version in equation (2), instead of the output oriented version in 
equation (2) of essay 1, as there should be.  
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vanced country industries have in general entered the innovation stage. Con-
sidering the modest outcomes of innovation lead productivity growth strate-
gies e.g. in the EU, the relevance of the innovation emphasis is reinvestigated. 
Is there a shift from investment to innovation at the technology frontier as 
theory recommends, and does it help to keep up with it?  

The paper aims to contribute with improved data and methodology, and with 
a view to overcoming various shortcomings of previous studies. Due to the 
relatively small sample size, technology gaps are estimated with order-m 
methodology, which is robust to outliers, and does not suffer from the curse of 
dimensionality or stringent assumptions regarding production technology. The 
determinants of efficiency are then estimated with random effects generalized 
least squares (GLS) regression, while controlling extensively for fixed and 
time-varying effects, but allowing for nested effects. The time period, 1995–
2003, is selected to gain a fairly balanced panel of 11 countries and 13 indus-
tries drawn from the EUKLEMS database.  

The results show both innovation and investment to be significant determi-
nants of efficiency. That is to say, one cannot observe a shift from the need for 
investment to innovation in the sample economies. Innovation-oriented 
growth strategies may raise efficiency even in less efficient small developed 
economies. However, frontier economies gain greatly from investment in 
terms of capital intensity, which can be explained by the significant competi-
tive edge given by market size. That is to say, innovation does help even in the 
more lagging smaller countries, but after all is controlled for, capital intensity 
and large country size are essential to efficiency.  

2.2 Was Finland at the frontier and did R&D intensity help catch-
up? 

The second essay (Has Finland advanced from an investment to an innova-
tion-driven stage?) narrows the focus on Finland, where it has been claimed 
that low aggregate investment reflects a shift from investment- to innovation-
based growth as is appropriate for a frontier economy. The purpose of this 
paper is to explore whether low aggregate investment in Finland indeed re-
flects a structural change from a lagging country seeking to catch up by means 
of investment to an innovating frontier economy. The data and methodology 
are almost the same as in the previous essay, with the exception that the data 
period is extended to 1986–2003 to benefit from a larger sample size and for a 
longer perspective. The determinants of efficiency are then estimated with 
fixed-effects panel data methodology.  

While the data does not allow the estimation of Finland’s distance from the 
world technology frontier relative to all other countries, results show Finnish 
industries lagging, on average, far behind the frontier. Caution should be ap-
plied in interpreting the low score, however, since efficiency is a relative con-
cept related to the respective sample analysed. If more efficient countries are 
added to the sample, the gap will widen, and vice versa for less efficient coun-
tries. Hence the results only show Finland’s position relative to the fairly simi-
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lar countries of the sample, and small differences among them amplify differ-
ences in efficiency. In a global context, Finland is in any case relatively close to 
the frontier, although on average not at it.  

As to how to reach the frontier, the impact of R&D intensity on efficiency 
proves insignificant after almost everything is controlled for. Clearly, raising 
R&D intensity does not offer a universal remedy for catch-up. Hence a policy 
emphasis on own innovation does not appear to have been the appropriate 
strategy. Other so-called determinants of efficiency suggest that improved ab-
sorption capacities (education), new ICT technologies, as well as net tax17 and 
service intensities helped.  

2.3 Was R&D fundamental to productivity growth in the Finnish ICT 
industry?  

Was innovation policy nevertheless effective in reducing the technology gap in 
the ICT industry by encouraging additional R&D expenditure? The third essay 
further narrows the focus to the Finnish information and communications 
technology (ICT) industry. If not the Finnish economy, at least the ICT indus-
try seemed to lie on the WTF in the 1990s in the mobile handset production 
niche. Claims of a structural shift to an innovation economy at the world tech-
nology frontier, rest crucially on its success.  

This time, whether Finland advanced from an investment to an innovation 
regime is tested with an unbalanced panel of ICT firms operating in Finnish 
manufacturing, over a period of rapid growth, 1990–2003. The data set con-
sists of firms from Statistics Finland databases. Stochastic frontier methodolo-
gy (SFA) is applied to estimate technical efficiency using two methods: the 
Battese-Coelli maximum likelihood estimator and the method of moments. 
SFA with a flexible functional form of the production function is chosen be-
cause the size and quality of the data allow it, and it in turn allows the separa-
tion of random variation from efficiency, as well as the distinction of technical 
change, efficiency change and scale elasticities from TFP. The flexible translog 
functional form reduces the risk of imposing distorting assumptions. The de-
terminants of efficiency are estimated from several models to capture fixed 
and time-varying effects.  

If innovation policy indeed contributed to the success of the industry, the 
productivity of R&D investment should be high. However, the results show 
that, contrary to common belief, R&D elasticity was relatively low, regardless 
of whether measured by the efficiency impacts of R&D intensity, technical 
change or the R&D elasticity of output. In contrast, the elasticity of labour was 
high. Moreover, the results show firm size and scale elasticity to be predomi-
nant in generating productivity growth. The distribution of efficiencies is wide 
and quasi-permanent, suggesting that risks inherent in the uncertainty related 

                                                           
17 Net taxes are obtained by deducting subsidies from taxes. Taxes per se may not therefore raise effi-
ciency, but more efficient firms may pay more taxes. In addition, subsidies may reduce efficiency or be 
allocated to inefficient industries or firms.  
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to innovation outcomes explain only part of the efficiency differences between 
firms, which may instead be due to organizational or managerial differences.18  

2.4 Was Finnish innovation policy designed to generate knowledge 
spillovers? 

Spillovers are notoriously difficult to measure. Collaboration is a likely avenue 
for knowledge spillovers, since a formal agreement on cooperation may enable 
the signatories to internalize otherwise external knowledge flows. The fourth 
essay19 looks at R&D cooperation between innovating firms and public R&D 
institutions, i.e. universities and/or public R&D institutes. Innovation policy 
measures aimed at stimulating R&D cooperation between innovating firms 
and universities and public knowledge institutes are a means to encourage 
academic spillovers towards innovating firms, which may in turn raise their 
innovative contribution to the economy. 

Community Innovation Survey (CIS) data for 1996 – 2000 allows a compari-
son of Finnish and Dutch firms and research institutes. Two datasets are con-
structed for 1998-2000 (CIS-3), and 1996-1998 (CIS-2). Since the method in-
volves the selection of firms that were innovative in the data in both 1996-1998 
and 1998-2000, a selection bias is introduced, with the sample firms being 
significantly larger than on average. To correct for it, a Heckman corrected 
probit model is estimated. 

The results show incoming knowledge spillovers to be an important deter-
minant of R&D collaboration for indigenous public knowledge institutions in 
both countries. Relative to indigenous firms, the results show that foreign 
firms in the Netherlands are less likely to cooperate with indigenous public 
knowledge institutions, while in Finland the difference was insignificant. In-
coming knowledge spillovers proved a more influential incentive to cooperate 
with public knowledge institutions for firms of foreign origin than for indige-
nous firms in Finland, while in the Netherlands the difference was insignifi-
cant. Furthermore, the need for academic or basic knowledge, in contrast to 
applied knowledge, does not affect innovating firms’ likelihood of co-operating 
with public knowledge institutions in Finland. In contrast, in the Netherlands 
the need for more basic than applied knowledge raises the probability of inno-
vating firms cooperating with Dutch universities and public knowledge institu-
tions. While innovating firms in Finland are willing to share proprietary 
knowledge with public R&D partners, in the Netherlands there is reluctance.   

The differences in the outcome are likely to stem from two fundamental dif-
ferences between the countries: First, the Finnish economy is structurally 
more dominated by high and medium technology firms than the more service-
oriented Dutch economy. One can expect a priori that high and medium tech-
nology industrial firms cooperate more intensively with public knowledge in-
stitutions than other firms do.  Second, Finnish innovation policy has encour-

                                                           
18 With hindsight and the emergence of so-called smartphones, it is easy to see that the problem with low 
returns on innovation was not due to the technology being mature.   
19 Nominated candidate for best paper award at the Druid Summer Conference in 2006 and published in 
Research Policy.  
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aged cooperation by conditioning public R&D support explicitly on collabora-
tion irrespective of whether a firm is indigenous or foreign-owned. Even today 
(Tekes 2014), the general terms and conditions for funding companies’ R&D 
projects allow all firms innovating in Finland to apply. Subject to certain con-
ditions, the potential R&D support increases if the research project involves 
cooperation between at least two independent firms or with a research insti-
tute.20 The essay raises the question of whether Finnish innovation policies, 
which provide an explicit incentive for cooperation in R&D, are more able to 
integrate foreign-owned firms into the national innovation system. In contrast, 
in the Netherlands, foreign firms rely on their own internal knowledge links as 
sources of innovation ideas.  

2.5 Where did the knowledge spillovers flow? 

The issue of social returns such as knowledge spillovers is at the heart of inno-
vation policy. According e.g. to Klette et al. (2000), government R&D support 
can be justified by large expected social, but inadequate private returns on 
R&D, provided that public R&D agencies are able to identify such projects. 
While collaboration is a way to internalize horizontal knowledge spillovers, it 
facilitates the flow of knowledge between the collaborators. Hence it may be 
worthwhile for Finnish innovation policy-makers to provide pecuniary incen-
tives even to foreign-owned firms to encourage them to collaborate with indig-
enous knowledge institutes, i.e. if they expect the Finnish economy to gain 
from it through social returns on innovation.  

But did such social returns materialize? Information spillovers are not a pre-
requisite for Tekes support. The fourth essay shows that Finnish firms were 
more willing to share proprietary knowledge with public R&D institutes. It also 
found that incoming spillovers from such R&D institutes were the major rea-
son for foreign-owned firms to cooperate with them. That is to say, knowledge 
flowed from Finnish firms to Finnish public R&D institutes and from Finnish 
public R&D institutes to foreign-owned firms. We can therefore ask whether 
Finnish innovation policy helped foreign firms to source superior Finnish 
technology via their local subsidiaries. If so, the social returns on Finnish pub-
lic R&D support may have been negative.21 

One way to explore this is to compare the relative efficiencies of Finnish and 
foreign-owned firms in the leading high-tech industry, mobile phones. If for-
eign-owned firms were closer to the technology frontier, they may have trans-
ferred technology to Finland. If not, Finnish innovation policy may have 
helped foreign firms to source superior Finnish technology.  

                                                           
20 The specific terms and conditions for R&D support in various years are obtainable from Tekes, not from 
the report by Castells and Himanen (2002) as referred to in the article. The details of the terms and condi-
tions have been modified, but the principle that foreign-owned firms are entitled to apply and be funded 
on equal terms has been maintained. Similarly, the terms and conditions governing cooperation with pub-
lic R&D institutes have remained largely the same, allowing the results to be kept secret if the firm covers 
all costs apart from Tekes support. Moreover, public R&D support is not conditional on cooperation with 
domestic universities as stated in Essay 4, though it may improve the likelihood of receiving R&D support.  
21 That is, bearing in mind that in export-intensive industries rent spillovers primarily benefit foreign con-
sumers (in the form of consumer surplus). 
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The fifth essay compares foreign-owned and Finnish firms in the Finnish ICT 
industry in 1993–2003. All-encompassing data for global frontier comparisons 
is unavailable. Since the link between foreign direct investment (FDI) and the 
world technology frontier (WTF) is strong in the theoretical and empirical lit-
erature, the point of departure of the paper is to explore the ability of foreign 
firms to proxy the WTF. The data is the same unbalanced panel of Finnish and 
foreign-owned ICT firms operating in Finland as in the third essay, but in con-
trast to SFA, data envelopment analysis (DEA) and order-m methodologies are 
applied in the efficiency estimation for the 10-year period. These methodolo-
gies are applicable to the small sample of foreign firms. DEA reveals differ-
ences that the order-m method may hide, while order-m is more robust to out-
liers and the curse of dimensionality. Used in conjunction, the order-m meth-
od provides a robustness check on the straightforward efficiency estimates 
produced by DEA.  

The results show Finnish firms to have been, if anything, slightly more effi-
cient than foreign-owned entrants into the industry. Foreign-owned firm effi-
ciency does not appear to be a proxy for the WTF. The paper concludes that 
when the gap is to the benefit of Finnish firms, and cost and market size mo-
tives are not prevalent, the comparison can reveal the technology-seeking mo-
tive of inward FDI, provided that there are significant inflows. This in itself 
suggests that Finnish firms were close to the WTF. A simple DEA robustness 
check with KLEMS data supports the finding when restricted to the electronics 
industry22. The results confirm the technology-sourcing motive found in a sur-
vey of foreign firms by Pajarinen and Ylä-Anttila (2001).  

In sum, the fourth essay suggests that knowledge spillovers flowed more eas-
ily from Finnish than from foreign firms to public knowledge institutions. Col-
laboration-inducing innovation policy may indeed have been instrumental in 
generating knowledge spillovers, but, as suggested by the fifth essay, the direc-
tion of the spillovers is more likely to have run from technologically more ad-
vanced Finnish ICT firms to lagging foreign ICT firms. Since inflows into the 
ICT industry dried up at about the same time as foreign firms reached the 
Finnish technology level23, there does not appear to have been any subsequent 
reversal of the knowledge spillovers.  In conclusion, this result is in line with 
the survey finding of Pajarinen and Ylä-Anttila (2001) of stronger technology 
flows and knowledge spillovers to parent companies abroad and their net-
works of affiliates than inwards.  

  

                                                           
22 The result does not contradict with those of Essay 2, since this robustness check concerned only the 
electronics industry, and was carried out with DEA methodology with hours worked, physical capital and 
the R&D stock as the explanatory variables.  
23 Subsequent inflow peaks, as in 2006-2007, may be related to portfolio investment (Figure 4 in Essay 
5). 
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3. Discussion and conclusions 

3.1 Discussion 

The first essay revealed the key role of investment and scale economies at the 
technology frontier. The second paper showed that R&D intensity has not been 
central to efficiency in Finnish industries. The third paper showed that even in 
the leading Finnish high-tech industry, scale economies have been more sig-
nificant than R&D for catch-up. In other words, while innovation may raise 
productivity, it may not raise it relative to technologically more advanced 
competitors, or relative to alternatives such as capital-embodied technology 
transfer or simple purchase of technology as a material input. In conclusion, 
technology policy based on own innovation does not appear to have been ap-
propriate even for the leading Finnish high-tech industry, and its inappropri-
ateness has been aggravating as demonstrated by R&D-saving and labour-
using technical change. That is to say, my findings support Toivanen’s (2008) 
argument that there may be a role for an activist innovation policy in a small 
open economy, but it should be targeted at obtaining R&D spillovers from oth-
er countries. While he mentions education and basic R&D as the main vehicles 
to this end, my results provide support for the role of education in terms of 
human capital. In contrast, my results do not suggest research to have been 
critical in Finland.24  

While public R&D (if geographically bounded) can change the fate of a hu-
man capital-endowed country with limited accumulated research, it may also 
crowd out private R&D in high-tech manufacturing unless the supply of hu-
man capital from abroad is elastic (Grossman and Helpman 1991). As Finland 
features among the top R&D investors in the world, it is not certain that in-
vestment inefficiency has not shifted from conventional fixed capital invest-
ment to R&D. It may be just as difficult to “push” growth with knowledge ac-
cumulation as it was with physical capital accumulation. It is possible that 
R&D crowds out investment in a critical bottleneck, or that increases in R&D 
demand increase wages and costs, without a respective supply increase. 25 
Meanwhile, scale economies and the high elasticity of non-R&D labour, as 
shown in the third essay, may have encouraged Finnish ICT firms to off-shore 
production to lower labour cost countries. 

                                                           
24 A distinction between basic and applied research could affect the result, although in basic research 
there is an obvious case for international, e.g. EU-wide, cooperation in funding, as the spillovers may be 
enjoyed at the global level. 
25 Low interest rates in the 2000s significantly reduced the risk of public R&D crowding out private invest-
ment, but potential wage impacts are another matter. 
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The capacity of small open economies to influence their comparative ad-
vantage by means of public support for R&D may have been transformed over 
the past two decades. The ability of national innovation policy to confine social 
returns to the benefit of the indigenous economy has declined with interna-
tionalization. Globalization has eased the diffusion of ideas, knowledge and 
technologies across borders (Klette et al. 2000). The fourth and fifth essays 
combined suggest that there were efficiency-raising knowledge spillovers, but 
the direction of the flow may have been predominantly from Finnish to for-
eign-owned firms and that innovation policy and indigenous public R&D insti-
tutes may have helped create them.  

There is little research on social returns not captured by private returns to 
public R&D support26 in Finland. A high profile evaluation report of Finnish 
innovation policy (TEM 2009) states that there have been high returns on 
public R&D, but leaves them unsubstantiated.27 Since the national technology 
agency, Tekes, has strong incentives to show high social returns (above private 
returns) on public R&D support, and has enjoyed several decades of ample 
funding to produce such evidence28, the lack of it insinuates that net of private 
returns and associated costs, the social returns on public R&D may have been 
insignificant, if not negative.29 In the most recent Tekes impact assessment 
report (Tekes 2015) a few references to studies showing positive externalities 
are included, although a closer inspection finds one full reference to be miss-
ing, the result to concerns only a small subset of activities and/or to be based 
on rather weak evidence30. Terttu Luukkonen (1998) has pointed out that  

 
“evaluation studies not based on ‘objective data’ may more easily be biased, e.g. by 
prior beliefs, which is a problem because evaluation studies typically are done by 
‘professional evaluators’ who are part of the political process that formulates the 
programs, and who ‘are dependent on those commissioning the evaluation studies 
for further projects and studies, and risk losing future clients if they voice strong 
criticism’” (Luukkonen 1998).31   

Due to small open economy characteristics and export-intensity of the high-
tech R&D-intensive industries, it may be difficult to capture the benefits from 
potential knowledge spillovers or rent spillovers to customers and buyers of 
intermediate goods. As the falling export price indices show, foreign consum-

                                                           
26 Positive externalities show social returns to exceed private returns. In addition, the term “return on in-
vestment” (ROI) includes the various costs involved, such as negative externalities and other social costs. 
Public R&D support is warranted only to the extent that the firm is unable to fully appropriate the (net) so-
cial returns (to the funding society).   
27 Instead, a survey of the literature by Rouvinen (2007) mentions Vuori (1997), Lehto (2000) and Rou-
vinen (2002) as having found significant and positive spillovers. In addition, McCann and Simonen (2005), 
and later on Koski and Pajarinen (2015), find knowledge spillovers from worker mobility. Takalo et al. 
(2005) found, however that most positive externalities spill abroad, while the remaining returns are mostly 
internalized by the innovating firm.  
28 Since its founding in 1983, Tekes has had the opportunity to put in place appropriate data collection 
procedures for unbiased high-quality evaluation of social returns to be routinely carried out.  
29 Takalo, Tanayama and Toivanen (2005) have suggested that social returns may even be negative con-
sidering the burdensome application procedure to obtain R&D support and the risk that returns flow 
abroad.  
30 Subjective perceptions of increased knowledge, cooperation or internationalization, as those referred to 
e.g. in Valtakari et al. (2010) may not suffice to quantify the externalities due specifically to innovation 
support. 
31 If the evaluator is the institution that funds R&D support, the incentive problem is accentuated.  
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ers have gained greatly from improved-quality products at declining prices. 
While much of the price declines may have resulted from the off-shoring of 
manufacturing belt phases to China and other low-cost countries, the quality 
improvements reached by means of R&D investments in Finland may have 
spilled over to foreign consumers. Another avenue of spillovers abroad is the 
sale of patents, generated with the help of public R&D support, which has not 
been uncommon in Finland. Again, as Klette et al. (2000, pp. 489-490) point 
out,  

 
“if a substantial part of the spillovers created through R&D subsidy programs is to 
the rest of the world, e.g. because targeted R&D intensive industries are highly ex-
port oriented, one may question why the government of the source country should 
bear the financial burden. This reservation seems particularly relevant to small 
open economies…Governments should only subsidize R&D up to the point where 
the marginal cost equals the marginal social benefit accruing to its nationals. 
When evaluating the marginal social benefit, potential negative repercussions from 
increased competition due to unintentional spillovers received by foreign firms 
should be included…” 

There is only one paper that seeks to evaluate marginal cost and marginal so-
cial benefit accruing to nationals. Assuming that Tekes is a benevolent social 
planner and disregarding the fixed costs of R&D projects and financial market 
imperfections, Takalo et al. (2013) find that Tekes R&D support has matched 
the opportunity cost of public funds. Considering the numerous assumptions, 
the short length of the data period (January 2000 to June 2002), heterogenei-
ty in effects and the fact that the results may be period sensitive, it is not clear 
how representative and constant the results are. Considering also the inherent 
selectivity biases arising from simple data availability and the discretion of 
R&D support-granting authorities in selecting industries and types of support, 
more evidence is necessary to establish whether such programmes improve 
efficiency in resource allocation or vice versa.  

3.2 Main findings and policy implications 

First, the evidence does not suggest Finland to have been a frontier economy 
even in 1995-2003. Second, Finnish innovation policy, which supported coop-
eration with foreign-owned firms operating in Finland, does not seem to have 
helped Finland to catch up with the world technology frontier. On the contra-
ry, innovation policy may have facilitated technology sourcing by foreign-
owned firms from Finnish firms. Third, innovation can help even small and 
lagging countries catch up with the frontier, but the advantages of large firm 
and market size bestowed by economies of scale and scope, as well as in the 
potential for capturing knowledge spillovers, appear to be overwhelming. In 
sum, innovation policy that fostered own innovation and cooperation with 
foreign-owned firms appears to have been ineffective with respect to catching 
up with the technology frontier.  

It is also questionable whether such policy could be more successful in gen-
erating economic growth in the future and even if the technology frontier is 
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reached.  While R&D can help even small and lagging country industries to 
narrow the technology gap, they have few chances of sustained technological 
leadership, since small economies do not enjoy the spillover and scale poten-
tial of a large home market. The returns on innovation may accrue primarily to 
foreign consumers and firms, while the national social returns on innovation 
may be marginal. Whatever scope there was to improve comparative ad-
vantage by means of public innovation policy may have been diminished with 
globalization. More than ever, it is therefore time to re-evaluate the rationality 
of an innovation policy based on own innovation.  

There have been important reforms in innovation policy in recent years, 
which the dataset could not account for. Their impacts are left for further re-
search. An issue related to appropriate innovation policy meriting further re-
search is overall tax and subsidy policy. Contrary to common perception, pro-
duction phases of the value chain do not appear to have left Finland because of 
high taxes, since sample average net taxes on production appear to have been 
negative. In addition, if returns on public R&D support are predominantly 
confined to private returns, R&D support acts as a transfer of income or subsi-
dy. Hence, it may be perceived as a means for fiscal devaluation in the Euro-
zone, blessed by EU regulations. In any case, there is an obvious need to collect 
sufficient quality data to carry out independent research on social returns on 
public R&D support.  
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Essay 1: Innovation vs. Investment at 
the Technology Frontier 

Elina Berghäll 
 

Abstract 

A widely entertained hypothesis asserts that as countries catch-up with the 
global technology frontier, they need to shift from investment to innovation-
based growth models. Considering the disappointing returns on innovation in 
some developed countries, the appropriateness of the innovation emphasis 
needs a recheck. I estimate technology gaps, with order-m methodology, and 
their determinants with random effects, while controlling extensively for fixed 
and time-varying, but allowing for nested effects, over the sample period 1995 
– 2003, for 11 countries and 13 industries in the EUKLEMS database. These 
allow me to overcome various shortcomings of previous studies. Results show 
both innovation and investment significant determinants of efficiency. Innova-
tion oriented growth strategies may raise efficiency even in less efficient small 
developed economies. Yet, frontier economies gain greatly from investment in 
terms of capital intensity, which can be explained by the significant competi-
tive edge given by market size.  
 

Key words: Innovation; investment; catch-up; technology frontier; R&D; 
order-m efficiency.  

JEL codes:  O3, O4, O5, E22, H25, L5. 
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1.  Introduction 

It has become a widely entertained hypothesis that when countries’ technolog-
ical capacities approach the global technology frontier, they need to accommo-
date their strategies and public policies from that of investment and technolo-
gy transfer to innovation. This policy change represents what Acemoglu et al. 
(2006) define as the shift from an adaptation of existing technologies to inno-
vation to create new technologies, or what Porter (1990) calls a shift from an 
investment to an innovation driven stage. At this stage nations compete by 
their “ability to produce innovative products and services at the global tech-
nology frontier using the most advanced methods” (Porter & Schwab 2008, 
p.51)32. In the early 1990s, national innovation systems were widely imple-
mented to support shifts to the innovation driven stage. Advanced countries, 
such as EU Member countries, were frequently referred to as having reached it 
(see e.g., Kok (2004) on the EU Lisbon Agenda 2000). Innovation promotion 
was argued as beneficial also for technologically lagging countries, on the con-
dition that spillovers are geographically bounded (Grossman and Helpman 
1991).  

The scope for national innovation policies may however have declined with 
rapid technical change and globalization. The returns to innovation policies in 
terms of productivity growth have been fairly modest as evidenced e.g. by the 
failure of the Lisbon Agenda. It is therefore in place to check some basic prem-
ises of the hypothesis. Have advanced economies reached the innovation stage 
in terms of frontier proximity? Does the effectiveness of innovation policies 
depend on the distance with the technology frontier as theory suggests? Is the 
R&D emphasis in growth strategies33 misplaced? Are there more influential 
factors than R&D in closing the technology gap? This paper seeks to answer 
these questions by exploring frontier proximity and its determinants with ad-
vanced methodology, ever better data, extensive controls for omitted variable 
bias, while refraining from unrealistic assumptions. 

The related literature is too extensive to be reviewed comprehensively. With 
an attempt to do justice to some key contributors, the policy emphasis on in-
novation began to gain clout following the advent of endogenous growth theo-
ry (Abramovitz 1986, Romer 1990, etc.). These together with the revival of 
Schumpeterian theories brought innovation and technology to the forefront of 
economics in the early 1990s. The original Romer (1990, p.98) model and 
                                                           

32 Porter (1990) identifies three stages beginning with the Factor or Resource Driven Stage (labour and 
natural resource endowment based competition) progressing to the Investment-Driven Stage (reliant on 
efficient manufacturing and outsourced service exports), and finally the Innovation-Driven Stage. 
33 E.g. the EU Lisbon Agenda target was to raise EU Member country R&D to 3% of GDP by 2010. 
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Mankiw et al. (1992) emphasized human capital, but was subsequently com-
plemented or substituted (e.g., Lucas 1998, Aghion and Howitt 1998, Gross-
man and Helpman 1991) to include R&D and other knowledge generating or 
diffusing efforts.  

The technology frontier is characterized by innovativeness and technological 
diffusion. With the accumulation of empirical research, the R&D intensity and 
innovativeness of the technology frontier (Griffith, et al. 2004) has been well 
established, as well as the potential in foreign R&D spillovers, with estimates 
rising as high as 40 % of productivity growth in the US in 1988. Eaton and 
Kortum (1999) also found that technology diffusion is faster within than be-
tween countries, but they restricted their research to five large economies. The 
role of absorptive capacities (Arrow 1969, Eaton & Kortum 1996) in defining 
the ability to adopt foreign technologies, enhanced by investing in human capi-
tal (Abramovitz 1986, Cohen & Levinthal 1989) or R&D (Fagerberg 1988, 
Verspagen 1991), have also been established. The role of capital embodied 
technological progress was revived with the ICT productivity paradox litera-
ture (e.g. Brynjolfsson 1993 and Stiroh 2002). New ICT technologies, which 
are frequently capital embodied, have been found to accelerate productivity 
especially on US data, although the proof has been less persuasive in Europe 
(see e.g. Vijselaar and Albers 2004 or Koszerek et al., 2007). Hence, there is 
evidence suggesting that investing in R&D, education and new technologies 
help catch up with the global technology frontier.  

Yet for many substantial R&D investors performance has been dissappoint-
ing. The EU failed to reach its Lisbon Agenda targets with increased R&D 
spending34. Even for non-frontier countries, the ability to capture R&D spillo-
vers may have declined in recent years with tremendous developments in 
globalisation and technical change. As falling export price indices show, this is 
particularly true for export-intensive high-tech products. While much of the 
price declines may have resulted from the off-shoring of manufacturing belt 
phases to China and other low-cost countries, the quality improvements 
reached by means of R&D investments may have spilled over to foreign con-
sumers (Klette et al. 2000). At the same time, exports of high-tech goods in-
creasingly originate from less advanced countries in absolute terms as well as 
relative to the share of manufactured goods35, and they are capturing increas-
ing shares of the value chain. While low-cost countries’ share of product value-
added has been low (see e.g. Xing 2011), trend growth has been strong.  

The actual evidence of country-specific efficiencies and factors that influence 
them is rather scarce and likely to be biased by omitted variables or restrictive 
assumptions. One example is provided by Kneller and Stevens (2006), who 
applied stochastic frontier analysis (SFA) to test human capital and R&D im-
pacts on 9 manufacturing industries in 12 OECD countries over 1973 – 1991. 
They found that inefficiency depends on the level of human capital of the 
country's workforce, while R&D effects were less robust. Another by Bos et al. 
(2010) that disregarded the impact of human capital found with data for 6 
                                                           

34 The agenda itself has been regarded a failure. See e.g. https://en.wikipedia.org/wiki/Lisbon_Strategy. 
35 See e.g. World Development Indicators published by the World Bank: 
http://databank.worldbank.org/data/home.aspx. 
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OECD countries over the period 1980 – 1997 that R&D facilitates the absorp-
tion of existing technologies. Färe, et al. (2006) applied OECD industry data 
for 1965 – 1998 on a Malmquist index, DEA and distance function. They found 
positive capital accumulation effects plunge once human capital accumulation 
was included. Guellec and Pottelsbergh de la Potterie (2001) estimated multi-
factor productivity (MFP) with country-level data on domestic and foreign, 
private and public R&D, while controlling for capacity utilisation and German 
unification. Their approach necessitated the assumption of constant returns to 
scale and perfect competition, although according to Romer (1990) increasing 
returns to scale and imperfect competition are common to innovation. To 
summarize, strong assumptions required by past methodologies undermine 
the credibility of obtained results.  

This paper contributes to the literature with empirical evidence on the effec-
tiveness of innovation policies in advanced market economies, while address-
ing several past methodological and data limitations. In the first phase, I esti-
mate the actual competitive advantage of nations as defined by their relative 
distance to the technology frontier. I determine the inefficiencies with fairly 
recent and robust order-m methodology, which allows me to mitigate the im-
pact of outliers and errors, and avoid potentially biasing assumptions with 
respect to the error term, nature of competition or scale economies, etc., which 
plague growth accounting approaches, earlier non-parametric and parametric 
efficiency estimation methods, as well as many other popular methods. In the 
second phase, I analyze how innovation and other factors contribute to bridg-
ing the gaps. These other factors include R&D intensity, human capital intensi-
ty, ICT capital intensity, and physical capital (non-ICT capital) intensity. They 
are expected to influence the efficiency in which the technologies are applied 
in terms of value-added creation. These determinants of efficiency are there-
fore regressed on efficiency results with panel data methodology, including 
extensive controls for omitted variables involving fixed and time-varying ef-
fects. The data is drawn from a harmonized industry level EU KLEMS data-
base (Inklaar and Timmer 2008), which allows the estimation of a fairly bal-
anced panel of 11 countries and 13 industries for 1995 – 2003. The data allows 
me to take into account the quality of physical capital (ICT and other) and hu-
man capital (level of education) in the efficiency estimation, which is related to 
the technologies applied.  

Although data limitations prevent a global comparison, results give such 
wide disparities in efficiency to suggest that few, if any, sample economies had 
reached the technology frontier, i.e., the presumed requisite to enter the inno-
vation stage. While the so-called determinants of efficiency do not reveal cau-
sality, the case for it with respect to both innovation and investment is fairly 
robust. For all countries, most significant appears to have been large country 
size. Innovation oriented growth strategies appear appropriate even in less 
efficient relatively small developed economies, but overall, capital intensity 
and country size have been critical in defining frontier competitiveness. The 
second section will present the methodology, and section 3 the data. Results 
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are reported more extensively in section 4 and conclusions summarized in the 
final section 5.  

 

2.  Methodology 

Ever since Farrell (1957) pointed out that the production possibility frontier 
can be identified from extreme observations in the data, efficiency estimation 
methodologies have been developed. Microeconomic productive efficiency 
arises from the long-term equilibrium in perfectly competitive markets, when 
average costs are minimized on the average cost curve, (true production fron-
tier in Figure 1). An individual firm’s or production unit’s relative shortfall 
from the theoretical frontier, due to various market imperfections and other 
causes, equals its technical (productive or x-efficiency) inefficiency, i.e. the 
inefficiency.  

Some frontier methodologies take into account unobserved inefficiency in 
production and allows one to explore its potential causes. Growth accounting 
and related Divisia, Malmqvist, Solow and Kendrick indexes are commonplace 
in country comparisons of economic efficiency, while typically assuming per-
fect competition, Cobb-Douglas technology and constant returns to scale.  

At first, economists were not willing to accept the notion that firms do not 
necessarily optimize given their circumstances.  Müller (1974) argued that 
frontier estimation is merely a way of establishing whether significant varia-
bles such as information on production methods or markets have been omitted 
from the estimation of an otherwise average production function. In recent 
literature such factors have frequently been addressed by including human 
capital or R&D inputs in the estimation. Stigler (1976) criticised the x-
inefficiency concept as rather useless, perceiving X-inefficiency to merely re-
flect differences in utility functions for leisure or other benefits, while “in neo-
classical economics, the producer is always at a production frontier, but his 
frontier may be above or below that of other producers.”  Not all agreed, as e.g. 
Førsund et al. (1980), describe the average production function more as a “red 
herring”, as it doesn’t give the maximum obtainable output, but the mean of 
the sample. It was not until the mounting empirical evidence from the early 
1990s onwards that forced economists to widely accept the notion that firms 
do not always operate at their efficient frontier.    

In contrast to parametric efficiency estimation, nonparametric efficiency es-
timators, such as Data Envelopment Analysis (DEA) and Free Disposal Hull 
(FDH) do not impose a functional form. Their major drawback is the absence 
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of an adjustment for outliers36, noise or simple mistakes in the data. They fre-
quently require large datasets to overcome the curse of dimensionality. DEA is 
a straightforward application of Farrell’s insight that simply seeks the points 
that maximize output given inputs (output-oriented measure) or minimize 
inputs given output (input-oriented measure). Most efficient firms receive a 
score of one, and less efficient a score somewhere below one, but above zero. 
Standard assumptions which DEA imposes, include convexity of the produc-
tion set and strong disposability37  of inputs and outputs. The assumption of 
convexity contradicts microeconomic theory involving increasing returns to 
scale at low levels of production. The Free Disposal Hull (FDH), introduced by 
Deprins, Simar and Tulkens (1984), removes the convexity assumption, and is 
therefore more applicable and consistent to situations involving indivisibility 
of inputs and outputs, and economies of scale and specialization. It remains, 
however, sensitive to outliers and extreme values. 

Alternative methods could also have been the so-called StoNED method or 
the metafrontier approach. The StoNED (stochastic nonparametric envelop-
ment of data) developed by Kuosmanen (2006) and Kuosmanen and Korte-
lainen (2012) has the advantage of estimating the frontier without a stringent 
assumption on functional form, while being able to separate noise from effi-
ciency. The computationally burdensome two-stage approach nevertheless 
suffers from the curse of dimensionality (Kortelainen 2008), which renders it 
sensitive to small samples. The metafrontier approach developed by Battese et 
al. (2004) allows the estimation of comparable firm efficiencies, as well as the 
potential technology available to the industry, while allowing for different 
technologies. E.g. Lee et al. (2014) estimate the efficiencies of Android and iOS 
platform users as a group relative to the meta-frontier. Again, due to the small 
size of the sample (Witte & Marques 2008) and to avoid unnecessary assump-
tions, it was not selected. 

2.1 Efficiency estimation methodology 

Recently, Cazals et al. (2002) have suggested a new approach, the robust or-
der-m method, expanded by Daraio and Simar (2005, 2007). It overcomes 
several major drawbacks, such as outlier sensitivity and the curse of dimen-
sionality, without imposing stringent, possibly unrealistic assumptions on the 
structural form of the production function. Similarly to DEA, the order-m 
methodology allows for heterogeneous technology across firms, industries and 
countries, when returns to scale are not constant.  

Instead of benchmarking a DMU38 against the best performing peer in the 
sample, as e.g. in DEA, in order-m the DMU is benchmarked against the ex-
pected best performance of a sample of m peers, i.e., their average. This vary-
ing coverage of observations excludes and includes outliers in the sample on 
which efficiency is estimated. Provided that the exercise is repeated numerous 
                                                           

36 Coelli, Rao and Battese (1997). 
37 Strong disposability contends that inputs/ output cannot be reduced/ increased respectively without a 
cost (Färe et al. 1994). 
38 The production units are frequently referred to as decision making units (DMUs). 
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times, statistical probabilities mitigate the impact of outliers or measurement 
error on the average of the received estimates. Thus the size of m, i.e., the 
number of random draws defines the sensitivity of the estimation to outliers, 
its robustness. Parameter m should not be too low, to obtain results based on 
the efficient frontier that reflects the true shape of the production function, but 
it should not be too high as not to merge with the outlier sensitive FDH result.  

Let Y1,...,Ym be m random observations drawn from the distribution of Y giv-
en X ≤ x0 , where y represents output and x inputs. Hence, only countries with 
equal or less inputs than country (x0, y0) are considered. The output-oriented 
order-m efficiency measure m

~
(x0,y0) is defined for country (x0,y0) as m

~

(x0,y0) = max(i=1,...,m) {min(j,...,q) (Y / y  with Y (y  being the jth compo-

nent of Yi (of y0 respectively). It compares the relation between an observa-
tion’s output to the best practice found among observations with equal or less 
inputs. In the context of the paper, it indicates by how much a country’s value-
added has to increase in order for this country to become best practice (effi-
cient) given its level of factor inputs. Here m

~
 (x0, y0) is a random variable be-

cause the countries against which (x0, y0) is compared, are randomly drawn. 
 

m 0 0 m 0 0 0 0 0
b 1

1ˆ (x ,y ) = E[ (x ,y )|X ]  (x ,y ).
B

B
b
mx 0 0

1 (x ,y ).0 00

B
b

m 0 0 0m 0 0 00 0 B
(x y )|X ]m 0 0 00 0m

1]]00
 

(1)
 

Daraio and Simar (2007, p. 72, 83) simplify the computation to a four step 
procedure39:  

 
1) m peer DMUs are randomly drawn from the sample with replace-

ment. 
2) Pseudo FDH efficiencies are calculated using this artificial reference 

sample. 
3) Steps 1 and 2 are repeated B times, with B defining the accuracy of 

the computation.  
4) The final order-m inefficiency estimate m

ˆ (x0, y0) of country (x0, y0) 

is computed from the arithmetic mean of the pseudo FDH scores m
~

(x0, y0). 
 

Values of m
ˆ  smaller or equal to one indicate efficiency and larger values 

represent inefficiency, since the final efficiency score is obtained from its in-
verse. A distinctive feature of order-m analysis is the presence of so-called su-
per-efficiencies, in which the final efficiency score exceeds one. Point A in Fig-
ure 1 is a super-efficient point. In traditional methodology super efficiencies 
referred to extreme (outlier) observations in the data. In order-m methodology 
they are commonplace because, in contrast to FDH and DEA, in each replica-
tion a DMU may be unavailable as its own peer. Hence, a point on the order-m 
frontier maximizing output relative to inputs, may be compared against ineffi-

                                                           
39 Cazals et al. (2002) proposed a Monte-Carlo algorithm. 
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cient points (such as B). As Figure 1 shows, the true production frontier lies 
above the estimated order-m frontier since the sample is not all-inclusive. In 
reality, for the same inputs output cannot be expanded to A, but it can be ex-
panded to points on the true production frontier. Figure 1 is a simplified one 
input and output illustration, which does not attempt to cover all potential 
variations. Super-efficient points may also lie below the true production fron-
tier, and true production and estimated or true order-m frontiers can be close 
to each other.  

Figure 1. True and estimated output oriented order-m frontiers with one output and one input, 
and with respect to the true production possibilities frontier (A is a super-efficient, while B is an 
inefficient point). 

Due to its advantages, order-m is selected to estimate distances to the technol-
ogy frontier in the first stage of the analysis.40 The output based efficiency 
measure is selected, since it is reasonable to assume that competitive firms in 
open market-based economies maximize value-added rather than minimize 
costs. To ensure the appropriateness of the approach, industries at risk of be-
ing dominated by cost-minimization (or budget maximization), such as the 
public sector, services and heavily regulated industries, are excluded from the 
sample.  

                                                           
40 The methodology has been extended to a so-called α-quantile approach (Aragon et al. 2005), which is 
even more robust to outliers than the order-m estimators, but the loss of robustness is expected to be 
small (as in Daouia and Simar 2007). 
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2.2 Estimation of the determinants of efficiency  

In the second stage of the analysis, the obtained efficiency scores41 are ex-
plored to identify their determinants. Factor inputs or other endogenous fac-
tors may influence also the efficiency in which the technology is applied, or 
there may be exogenous environmental factors that may influence the produc-
tion process, but are beyond the control of the production units. In a two-stage 
procedure, efficiency scores serve as dependent variables regressed on poten-
tial determinants of efficiency (Z):  
 

 ijtijtijt eZˆ/1    (2) 

where ijt
ˆ/1  indicates estimated m-order efficiencies, of the i-th industry and 

j-th country observed in period t, the ’s denote parameter estimates of the 
regression function, and Z’s the determinants of efficiency and e the error 
term. The distribution of the error term eijt is assumed to be i.i.d. N(0, 2e).  

Since the data is aggregated to the industry level by country, clustering is in-
troduced to allow for nested effects. Technologies diffuse rather well within 
countries, as has been shown by e.g. Jaffe et al. (1993)42, but there may be sig-
nificant lags in the process of creative destruction and reallocation of resources 
and hence persistent inefficiencies. Cluster (robust) regression increases 
standard errors, but renders them robust to disturbances being heteroscedas-
tic and autocorrelated. As a result previously significant coefficients may be-
come insignificant.  

In consequence, the model is estimated with random effects GLS regres-
sion43, where (φi) are fixed effects.  
 

ˆ1/ ijt ijt i ijtZ e
  (3) 

To control for potential omitted variable bias, further dummies are intro-
duced as control variables. These included separate time (γt) varying effects 
and their interactions with industry and country, i.e., time*industry (γt*φi) and 
time*country (γt*øj). These control for global economic cycles and technology 
shocks, industry specific technological shocks and country specific economic 
cycles respectively. In addition, separate industry (φi) and country (øj) fixed 
effects are introduced to control for such factors as industry specific fixed fac-
tors, and country differences in institutions and initial endowments. Hence the 
final model estimated is defined as 

 

ijtitjtijtijijtijt eZˆ/1
 (4) 

                                                           
41 Tthe technology gap term has been used for aggregate industry level efficiency to distinguish it from 
firm level results (see e.g. Battese et al. 2004). 
42 According to them knowledge spillovers tend to be local in nature, to flow more easily within a country, 
state, culture, or industry. 
43 See e.g. Greene, 2007 for a detailed presentation of random effects estimation. 
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The functional form is kept simple on purpose.44 Some variables dropped out 
due to multicollinearity.  
 

3. The Data 

3.1 The EU KLEMS data 

Distances to the technology frontier are computed from industry-level EU 
KLEMS and its linked databases (Inklaar and Timmer 2008) for the period 
1995-2003. The EU KLEMS200345 project was a sizable effort to construct a 
harmonized database to estimate economic growth, productivity, employment 
creation, capital formation and technological change at the industry level46. 
The database was specifically designed to generate high-quality comparative 
assessments of productivity growth and divergence, skill formation, technolog-
ical progress and innovation.  

The resulting 63-industry breakdown for the EU’s 25 Member States as well 
as for the US, Japan and Canada, from 1970 onwards (1990 for the recently 
acceded Member States) is in practice much more limited in data availability. 
Due to various mismatches, lack of initial purchasing power parities (PPPs)47 
for the base year (1997) and the base country (Germany), the availability of 
R&D and education-level data, data checks, as well as the exclusion of regulat-
ed industries, the initial dataset for efficiency estimation dwindled. For maxi-
mum homogeneity, all countries and industries lacking R&D data are re-
moved, and the sample is restricted to industry only. All public and regulated 
industries are excluded from the sample, because they are more likely to be 
cost-minimizing or budget-maxmimizing industries, thus necessitating a dif-
ferent input-oriented approach. These include agriculture and fishing, mining, 
electricity, social services, public administration, education, health, and other 
social services. In contrast, market-based industries can be assumed to max-
imize output or revenue, requiring a similar output-oriented estimation ap-
proach48. Since estimation results proved sensitive to the underlying sample 
                                                           

44 A translog specification with dummies proved sensitive to slight model and sample variations. Due to 
the lack of theoretical basis to exclude variables, the simple non-reduced form was preferred. 
45 Source: Productivity in the European Union: A Comparative Industry Approach (EUKLEMS2003) , Pro-
ject Description and database available at http://www.euklems.net. 
46 E.g., according to de la Fuente and Doménech (2006), poor data quality can explain the (lack of) rela-
tionship between education and growth found in the literature. 
47 PPPs represent the price ratio of a product or bundle of products between two countries. 
48 Despite the exclusion of the public sector, public ownership of manufacturing firms may influence the 
performance of the respective industries, if other goals dominate revenue or profit maximization. Unfortu-
nately there is no way to control for this. 
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an almost balanced panel is selected to make it as broad and comparable at the 
same time as possible. These exclusions limited the sample to 11 countries and 
13 (2-digit European NACE revision 1 classification) for 1995 – 200349 (Table 
1). The total number of observations in the final sample declined to 1216.  

Since the sample countries are all developed market countries, one can as-
sume that they are reasonably close to the world technology frontier (WTF)50. 
The data set excluded the largest developed country and R&D investor, the US, 
which, combined with the exclusion of some other countries from the sample 
due to a lack of harmonized data, may cause underestimates of the inefficien-
cies. The US dropped out of the dataset due to the absence of tax intensity and 
competition from the determinants of efficiency. Nevertheless, the dataset 
does include several large technologically leading OECD economies, such as 
Germany and Japan, and results can be regarded as minimum distances of the 
WTF. Moreover, the absence of the U.S. has the advantage of narrowing the 
focus to a more comparable set of countries in terms of size.51  

To obtain PPPs, the EU KLEMS website provides initial levels for the 
benchmark year 1997 for all 25 countries and industry levels. PPPs are com-
puted from equation (5) provided by Timmer et al. (2007, p. 49–50) below. 
Industry-specific PPPs for gross output are available for all countries c and 
industries j for 1997 (PPPc, j,1997), but not country aggregations (TOT). The base 
country for the PPPs is Germany (G). The PPPs are back- and updated to cover 
the data period (t), using gross output, value-added or input price deflators (PY 
, PVA  or PII) for each country c relative to Germany (G) at a detailed industry 
level”.  

 

tj,c,Y
j,1997G,

Y
tj,G,

Y
j,1997c,

Y
tj,c,

j,1997c, PPP*
P/ P
P/ P

  PPP  (5) 

A major advantage of the EU KLEMS data is the availability of ICT capital ser-
vices in addition to traditional physical capital services, i.e. flows derived from 
the stock of physical assets and software, estimated as a capital income-
weighted average of the growth rates of each asset. Short-lived assets such as 
inventories, equipment and software provide more services per unit of stock 
than long-lived assets such as structures and land. Hence capital services are 
not sensitive to depreciation assumptions.  
 

  

                                                           
49 This period witnessed exogenous shocks such as,  rapid ICT led growth, the dot-com bubble, EU Lis-
bon Agenda 2000, Euro integration, EU enlargement, etc. 
50 Developing country effects may differ greatly. Fagerberg (1994), e.g., has emphasized a minimum 
threshold in the efficiency with which human capital can effectively mediate technology transfer.  
51 Results show size to be highly significant. 
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Table 1. Number of observations for countries and industries52 in the data sample. Data 
source: EUKLEMS database.  

Country notations: AUS Australia, CZE Czech Republic, DNK Denmark, ESP Spain, FIN Finland, GER 
Germany, ITA Italy, JPN Japan, NLD Netherlands, SWE Sweden, and UK United Kingdom.  
Industry notations: 15t16 Food, beverages and tobacco, 17t19 Textiles and leather products, 20 Wood, 
21t22 Pulp, paper, printing and publishing, 23 Coke, refined petroleum and nuclear fuel, 24 Chemicals and 
chemical, 25 Rubber and plastics, 26 Other non-metallic mineral, 27t28 Basic metals and fabricated metals, 
29 Machinery, nec., 30t33 Electrical and optical equipment, 34t35 Transport equipment, 36t37 Manufactur-
ing nec; recycling.  
 

 
  

                                                           
52 The industries are classified according to the European NACE revision 1 classification, which is very 
close the International Standard Industrial Classification (ISIC) revision 3.  
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Table 2. Pearson Correlations (Sig. 2-tailed, N=1216) of some key variables.  
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Intensities are estimated per hours worked.  
 

Moreover, the disaggregation of capital into non-ICT and ICT, and labor by the 
level of education allows their influence to be considered already in the estima-
tion of efficiency. Kneller and Stevens (2006) found that human capital has a 
direct impact on the production technology, not just on the efficiency, in which 
it is applied53. Although the order-m methodology does not give estimates of 
the production function coefficients, the correlations of factor inputs with out-
put are significant as shown in Table 2. 

The capital variables are calculated separately for ICT and non-ICT capital 
based on capital services per hour worked (CAPIT_QPH) in purchasing power 
parities and hours worked (H_EMP). The labor variable is hours worked by 
high, medium, and low-skilled employees. R&D is excluded from the order-m 
efficiency estimation to avoid double counting, which arises because over half 
of R&D expenditure is typically used to employ highly educated researchers 
and engineers (Hall, 2002). Table 2 shows how the correlation of R&D intensi-
ty (per hours worked) declines with the level of education. Moreover, unless 
the pace of change in the industry is fast, R&D is not expected to affect the 
current shape of the production function, although it may have an effect on the 
efficiency in which current technology is applied. The data is deflated to 1995 
prices with the price indexes available (i.e. the gross output, value-added and 
intermediate input price indices). The descriptive statistics applied to the or-
der-m efficiency analysis are presented in Table 3a.  
 
Table 3a.  Descriptive statistics, 1995 – 2003.  Data source: EU KLEMS database. 
Technology gap estimation 
variables 

Obs. 
(N) 

Min. Max. Mean Std. Dev. 

Value-added 1216 114.05 266975.58 15152.52 24311.43 
Non-ICT capital 1216 0.00 77143.36 4367.64 8456.14 
ICT capital 1216 0.58 17955.41 607.23 1291.68 
Hours worked, highly educat-
ed 1216 0.26 986.41 54.78 123.15 

Hours worked, med. educ. 1216 2.37 2912.69 325.52 473.00 
Hours worked, less educ. 1216 0.45 878.28 107.54 148.68 
Determinants of efficiency N Min. Max. Mean Std. Dev. 
Technical efficiency  1216 0.05 2.24 0.54 0.39 
(Non-ICT) capital intensity 1216 0.00 384.96 12.36 29.19 
ICT capital intensity 1216 0.01 13.29 1.63 1.71 
Human capital intensity 1216 0.57 34.97 9.93 7.36 
Energy intensity 1216 0.00 0.84 0.07 0.16 
Material intensity 1216 0.02 0.75 0.45 0.13 
Services intensity 1216 0.03 0.45 0.15 0.05 
Log market size 1216 11.58 16.09 13.82 1.18 
Lack of competition / profita-
bility 1216 -0.07 0.30 0.12 0.04 

Net tax intensity 1216 -0.48 0.61 0.02 0.07 
R&D intensity 1216 0.01 119.63 11.90 19.45 
 
                                                           

53 There has been some controversy on this point, with Benhabib and Spiegel (1994), Pritchett (1996), 
Islam (1995) opposing, and Mankiw, Romer and Weil (1992), Miller and Upadhyay (2000) and Bloom, 
Canning and Sevilla (2002) supporting. 
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As a robustness check, a single labor variable is constructed based on effective 
units of labor (following Griliches 1972, Hendersson and Russel 2005), based 
on the returns to human capital estimated by Psacharopoulos et al. (2004). 
According to them the relative private returns to education in OECD countries 
is 13.4 for primary, 11.3 for secondary and 11.6 for higher education. Since hu-
man capital services were incorporated into the labor variable, human capital 
was excluded from the estimation of the determinants of efficiency (Table 3b).  
 

3.2 Determinants of efficiency variables  

The dataset is also divided by efficiency scores to compare the outcomes in the 
more efficient countries relative to the less efficient countries. The resulting 
gaps with the estimated frontier may emerge from various policy related fac-
tors, institutions, endowments, uneven technological progress, etc. To identify 
which policies might help mitigate the gaps, or which factors have been most 
prominent in contributing to systematic differences in the error term, efficien-
cy results are regressed on potentially important factors available in the data. 
Remaining potential omitted variable biases are controlled for extensively with 
dummy variables on time, country, industry and their interactions. 
 
Table 3b.  Descriptive statistics with human capital augmented labor variable, 
1995 – 2003.  Data source: EU KLEMS database. 
Technology gap estimation 
variables 

Obs. Min. Max. Mean Std. 
Dev. 

Value-added 1216 114.05 266975.58 15152.52 24311.43 
Non-ICT capital 1216 0.00 77143.36 4367.64 8456.14 
ICT capital 1216 0.58 17955.41 607.23 1291.68 
Labor54 1216 6.42 5726.21 609.97 866.64 
Effective units of highly ed. labor 1216 .37 1389.41 77.17 173.46 
Effective units of medium ed. 
labor 

1216 3.00 3676.23 410.85 597 

Effective units of low ed. labor 1216 .52 995.96 121.96 168.60 
Determinants of efficiency N Min. Max. Mean Std. 

Dev. 
Efficiency order-m with leff55 1216 .028 3.351 0.52 .38 
(Non-ICT) capital intensity 1216 0.00 384.96 12.36 29.19 
ICT capital intensity 1216 0.01 13.29 1.63 1.71 
Energy intensity 1216 0.00 0.84 0.07 0.16 
Material intensity 1216 0.02 0.75 0.45 0.13 
Services intensity 1216 0.03 0.45 0.15 0.05 
Log market size 1216 11.58 16.09 13.82 1.18 
Lack of competition / profitability 1216 -0.07 0.30 0.12 0.04 
Net tax intensity 1216 -0.48 0.61 0.02 0.07 
R&D intensity 1216 0.01 119.63 11.90 19.45 
 

                                                           
54 Sum of effective units of high (hours*1.134*1.113*1.116), medium (hours*1.134*1.113) and low 
(hours*1.134) educated employees’ labor. 
55 Leff refers to the estimation of efficiency with a human capital adjusted labor input variable. 
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If the technology gap is small, the industry is close to or at the frontier, and 
innovation should be conducive to efficiency. Major advances in economic 
theory with respect to innovation and frontier technology, such as the advent 
of the new growth theory (Abramovitz 1986, Romer 1990, etc.) and a revival of 
Schumpeterian theories, led already in the 1990s to a widespread replacement 
of prior investment promotion by innovation-based growth models. The origi-
nal Romer (1990, p.98) model emphasized human capital, but the focus was 
subsequently complemented (e.g. Lucas 1998, Aghion and Howitt 1998, 
Grossman and Helpman, 1991) to include R&D and other knowledge-
generating or diffusing efforts, such as national science and technology poli-
cies. With the accumulation of empirical research, the R&D intensity and in-
novativeness of the technology frontier (Griffith, Redding, and Van Reenen 
2004) has been well established. Countries are well known to differ in their 
capacity to absorb foreign technologies56 (Arrow 1969), but investing in human 
capital (Abramovitz 1986, Cohen & Levinthal 1989) or R&D (Fagerberg 1988, 
Verspagen 1991) is believed to facilitate it. Griffith et al. (2004) and Kneller 
(2005) have obtained supportive evidence to this end. The R&D stock may 
generate own innovations, or technology absorption. It influences the shape 
and location of the frontier production function, while human capital is as-
sumed to help absorb new technologies and knowledge produced by others, 
not only by adding to the technology stock, but also by influencing the efficien-
cy in which the technology is applied in production.  

R&D intensity is therefore included among the determinants of efficiency, 
but excluded from the order-m efficiency estimation.  In addition to the stabil-
ity of R&D personnel and the resulting high serial correlation of R&D relative 
to other investment57, shocks to R&D inputs are moderated by the use of R&D 
stocks instead of flows. Because of these stabilizing effects, past shocks to effi-
ciency are unlikely to have significant impacts on current R&D stock intensi-
ties. The use of stocks is also motivated by the significant lags in the productiv-
ity effects of R&D, which according to Rouvinen (2002), can rise up to four 
years.  

In small/ medium sized countries foreign technologies tend to be more im-
portant than own innovation. While foreign knowledge stocks can be estimat-
ed by adding foreign knowledge stocks up, this requires particularly large 
country R&D data. The US is frequently used as the reference benchmark for 
the technology frontier, and to enjoy the largest R&D stock. Due to data defi-
ciencies, the inclusion of the foreign knowledge stock is unavailable as an op-
tion. This potentially important omitted variable bias is nevertheless tackled 
by including industry*time varying dummies to control for industry-specific 
knowledge spillovers, technological change or shocks.   

                                                           
56 In small countries, foreign technologies can be more important than their own R&D. A seminal refer-
ence is Eaton and Kortum (1999), who found that positive R&D externalities from abroad account for 40% 
of productivity growth even in such a large country as the US in 1988. 
57 According to Hall (2002), the high serial correlation of R&D relative to other investment is a well known 
fact. Research personnel and engineers to a large extent embed the firm’s knowledge capital, which can 
therefore easily leak to competitors if the key researchers leave. Hence, firms are likely to be reluctant to 
let such employees go during downturns. 
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ICT technologies, which are frequently capital-embodied, have also been 
found to accelerate productivity (e.g. Brynjolfsson 1993 and Stiroh 2002), alt-
hough the evidence is less convincing in Europe than in the US (see e.g. 
Vijselaar and Albers 2004 or Koszerek et al. 2007). As with human capital, it is 
plausible to assume that they influence both the technologies applied in pro-
duction, i.e. movements of the technology frontier, as well as the efficiency 
with which technology is applied, i.e. the distance from the frontier. While they 
are already included in the estimation of efficiency, they may be significant 
enough to reveal differences in its causes. The collinearity statistics of ICT cap-
ital input and the non-ICT capital indicate high collinearity58, which means 
that their effects cannot be well separated in a production function setting. 
Physical, ICT and human capital are therefore included among the determi-
nants of efficiency, in addition to the efficiency-level analysis. To disentangle 
further effects, their intensities are applied. The Pearson correlation between 
the educated labor input variable in the efficiency estimation and human capi-
tal intensity remains significant nevertheless, at 0.359. The Pearson correla-
tions between the ICT capital input and the non-ICT capital, and their respec-
tive determinants of efficiency are also significant at 0.184 and 0.212 respec-
tively (Table 2). But there is no collinearity between these determinants of effi-
ciency.  

The intensities of ICT services, traditional physical capital services, and hu-
man capital (share of highly educated persons) are estimated relative to total 
hours worked. R&D intensity is also computed by relating the R&D stock59 to 
the number of hours worked. In addition to R&D intensity60, ICT capital inten-
sity, physical or non-ICT capital intensity and human capital intensity, poten-
tial determinants of efficiency motivated by economic theory available in the 
data include material input intensity, energy intensity, services intensity, net 
tax intensity, market size, and competition61. Material and services intensities 
are computed from intermediate services and material inputs related to gross 
output. Energy intensity62 is computed similarly. The descriptive statistics are 
presented in Table 3.63  

Material and services intensities can signal outsourcing and off-shoring in a 
fragmented globalized economy. According to Ramanarayanan (2006), for 
instance, towards the end of the 1990s intermediate input constituted 40-60% 
of total merchandise imports to many OECD economies. The share of inter-
mediates has risen as firms have specialized and outsourced other functions, 
either within the national economy or off-shored them to other countries (An-
tràs & Helpman 2004). The share of offshoring in gross output has not been 

                                                           
58 That is, VIF and Tolerance statistics.  
59 The R&D stock data available in the EU KLEMS linked database is compiled from annual R&D ex-
penditures from the “OECD Research and Development in Industry Database” (ANBERD). The years 
1987-2004 are classified according to ISIC3. The perpetual inventory method is applied to calculate the 
stock with a 12% rate of depreciation as in Nadiri & Prucha (1996). 
60 R&D intensity may leave the global technology frontier unaffected if innovation fails. Some prefer pa-
tents, although not all patents influence the technology used. 
61 Competition was measured by a Lerner index estimated from firm profits.  
62 Energy and material intensity suffer from collinearity.  
63 The initial estimations also included the exchange rate and total factor productivity (TFP) as control var-
iables.  
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uniform across advanced countries. By 2003, it had risen to higher levels in 
countries such as Canada, Germany, Italy and the UK, than in large economies 
such as the US and Japan64. The trade in intermediate inputs also signals im-
ported embodied technical progress (Huovari and Jalava 2007).  

Energy intensity is related to the type of industry, as well as production 
methods. A key aim of technological development for decades now, has been to 
raise energy efficiency. While one can therefore expect energy intensity to re-
duce efficiency, it may be that the energy intensive production that has sur-
vived high energy taxes, is highly efficient. Capital and energy intensity tend to 
be related to heavy industry, applying otherwise rather mature technology, 
while relying on scale efficiency. The impact of energy intensity on the proxim-
ity of the technology frontier may depend on a country’s industrial structure 
and natural endowments. It is therefore necessary to control for industry and 
country fixed effects, and their time varying effects.  

Taxes and subsidies are the most direct form of public sector involvement. 
The TXSP variable in the KLEMS data, which measures (other) taxes minus 
subsidies to production, is used to construct the net tax intensity variable (net 
taxes per value-added). The direction of its impact on efficiency is not clear a 
priori. While high net tax intensity may drain resources from private invest-
ment, it may also make the remaining investments more productive relative to 
what they would have been if all potential investments had been undertaken. 
There are also indirect effects from public spending on infrastructure, educa-
tion and health, which may generate returns in terms of improved private sec-
tor productivity relative to the opportunity cost of taxes.  

Market size is computed by summing gross output by country. As a determi-
nant of efficiency it indicates the potential to reap returns to scale or raise effi-
ciency by means of economic integration. Large market size allows firms to 
enjoy economies of scale and scope on more familiar domestic markets. Due to 
the size of the variable, logarithms are taken to obtain more comparable 
measures.  

Competition is also related to market size, but is based on profit margins. In 
microeconomic theory, profits decline to zero when competition becomes per-
fect. In open economies, this approach has an obvious advantage over a mar-
ket share based measure. A Lerner index (Lerner 1934) is estimated from gross 
operating surplus divided by value-added.  

The final model for estimating the determinants of efficiency is specified as 
below: 

 

1 2 3 4

5 6 7 8 9 10

' & int ' int ' int ' int
'Eint 'Mint 'Sint 'Lerner 'Taxint 'Size

ijt ijt ijt ijt

ijt ijt ijt ijt ijt ijt

j i t j i t j t i ijt

Efficiency R D K ICT HC

e
  (5) 

where R&Dint stands for R&D stock intensity, Kint for capital services intensi-
ty, ICTint for ICT capital services intensity, HCint for human capital intensity, 

                                                           
64 http://www.imf.org/external/pubs/ft/weo/2007/01/c5/Fig5_5.pdf. 
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Eint for energy intensity, Mint for material intensity, and Sint for services in-
tensity, Lerner for competition, Taxint for net tax intensity and Size for log 
market size. Subscript t stands for time, i for country and j for industry, α is a 
constant, β’s are coefficients.  

3.3 Potential sample selection impacts 

The selection of the sample is based on data availability. At the global level, the 
resulting selection bias is obvious, since more efficient countries are likely to 
rise from poverty to income levels that allow public expenditure to maintain 
reliable statistics. The research question is, however, focused on the progres-
sion of advanced countries from the investment to the innovation stage. Since 
it is natural for statistical quality to correlate strongly with technology levels, 
the lack of data does not necessarily cause a sample bias when exploring the 
frontier. All advanced countries supply data for international comparison. Yet, 
even among them there is a risk of selection bias as those countries with rela-
tively more resourceful public sectors may collect and supply data more exten-
sively to international databases. Public sector resources, in turn, may be re-
lated to industrial efficiency, as more efficient private sectors generate more 
taxable income to sustain large public sectors. It may also be related to country 
size. Among developed countries absent from the dataset, four groups could be 
identified:  

1) Far off countries (Canada, the US and South Korea) with different 
statistical traditions from the EU;  

2) Transition economies (Estonia, Latvia, Lithuania, Hungary, Poland 
and the Slovak Republic, Slovenia). Only the Czech Republic has suf-
ficient data for inclusion in the sample;  

3) Small states (Luxembourg, Cyprus and Malta); 
4) Highly indebted countries: Belgium, France, Greece, Ireland, and 

Portugal.  
 

With the exception of far off countries, all these groups entail a potential se-
lection bias. The absence of transition economies in the data may be related to 
administrative and industrial restructuring following the shift to capitalism 
that affect efficiency. The absence of small countries in the data may be related 
to the lack of scale efficiency in data collection. Country fixed effects may not 
control for all country size related effects. The debt overhang countries belong 
to the Eurozone for which the lack of data may also have interacted in some 
cases with a lack of political willingness to supply it. Due to the potential selec-
tion bias, efficiencies can at best be assumed to reveal minimum inefficiencies 
between advanced economies. Since the focus is on policy impacts among de-
veloped OECD industries, the precise size of the technology gaps is rather ir-
relevant.  
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4. Results 

4.1 Efficiency estimation results 

The first purpose of this paper is to establish efficiencies for those countries for 
which harmonized quality data is available. The size of the estimated gaps in-
versely proxy the need for an innovation oriented growth strategy.  

 
Table 4. Average order-m (m=200) output-based efficiency estimates65 on value-
added by country in purchasing power parities (PPP)*.  
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Australia 
(AUS) 117 0.08 1.00 0.34 0.40 -0.30 0.35 0.21 

Czech Repub-
lic (CZE) 64 0.07 1.00 0.29 0.26 1.70 0.25 0.22 

Denmark 
(DNK) 107 0.05 1.00 0.44 0.54 -1.30 0.18 0.40 

Spain (ESP) 116 0.17 1.00 0.44 0.47 1.70 0.43 0.18 

Finland (FIN) 113 0.09 1.00 0.24 0.23 -0.90 0.25 0.20 
Germany 
(GER) 117 0.13 2.08 1.05 1.33 1.10 1.03 0.46 

Italy (ITA) 117 0.22 1.10 0.64 0.71 -0.20 0.75 0.28 

Japan (JPN) 117 0.09 2.24 0.81 1.01 0.10 0.82 0.34 
Netherlands 
(NLD) 114 0.10 1.00 0.35 0.36 -0.70 0.36 0.28 

Sweden 
(SWE) 117 0.10 1.00 0.48 0.35 0.80 0.50 0.37 

United King-
dom (UK) 117 0.07 1.09 0.68 0.78 0.20 0.68 0.26 

Average effi-
ciency 1216 0.05 2.24 0.54  -0.20 0.52 0.39 
* PPPs represent the price ratio of a product or bundle of products between two countries.  
Note: The obtained scores do not reflect country efficiencies on the global scale. Since the sample of coun-
tries is relatively homogenous compared to the rest of the world, small differences e.g., in R&D intensity 
may have been amplified to large gaps in the results.   

 
Results show wide variation in efficiency among the sample economies (Table 
4). Since the data is far from comprehensive, the gaps with the world technol-
                                                           

65 As in Essays 2 and 5, the program FEAR described in Wilson (2008) is applied to obtain the estimates. 
66 Average efficiency weighted by industry’s share in value-added.  
67 Average efficiency from robustness check that replaces labor variables by a single human capital aug-
mented labor input. 
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ogy frontier of the sample countries are likely to be smaller on the global scale, 
since small differences tend to be amplified in the estimation for homogenous 
datasets. That is, since the countries are fairly similar, the efficiency results do 
not reflect their relative efficiency positions in the global context. Moreover, 
the obtained results do not in any way indicate absolute levels of efficiency. 
Although some countries appeared super-efficient (with average efficiencies 
above 1), this is a feature typical to the methodology. Such obtained efficien-
cies merely reflect full efficiency, i.e., the technology frontier among sample 
economies. Apart from them, results therefore contradict the implicit assump-
tion of e.g. Coe and Helpman (1995) and Keller (2001a, b) that countries oper-
ate at the efficient frontier. They also contrast with  Müller’s (1974) suggestion 
that the differences merely reflect omitted variables or information, since hu-
man capital, R&D and various controls for omitted variables are included in 
the estimation. Although factors such as quality differences remain partly un-
accounted for, it is unlikely that such shortcomings account for all of the re-
maining differences in efficiency.  

4.2 Test results and controls for omitted variable bias  

In the second stage estimations, the Baltagi-Li form of the Lagrange Multiplier 
(LM) test rejected the null hypothesis that variances across industries are zero. 
Hence there are panel effects and OLS proved inappropriate. Clustering is 
deemed necessary to allow for nested effects within industries of countries. 
Though it has the impact of raising standard error estimates, thus reducing the 
significance of coefficients, it renders them robust to disturbances being heter-
oscedastic and autocorrelated. These models are estimated with random ef-
fects GLS.   

Since results proved highly sensitive to the underlying sample, it is necessary 
to include extensive controls and restrict the sample to a fairly balanced panel 
to better control for omitted variable bias and sample selection. Estimations 
included dummies in the three dimensions: industry, country and time, as well 
as their interactions. Time dummies control for economic cycles affecting all 
sample countries, including global technology shocks; Industry fixed effects 
control for long-term industry characteristics, such as capital, labor or energy 
intensity or other permanent characteristics;  Country fixed effects control for 
country market size, natural endowments, location effects, institutional and 
cultural differences, and other country-specific heterogeneity; Time*industry 
interaction controls for industry-specific technical change, including techno-
logical diffusion from abroad; Economic cycles may diffuse at varying speeds 
to different countries. Time*country interaction controls for country-specific 
economic cycles. Country*industry interaction is introduced last to explore the 
impact of country and industry specific differences in factor intensity levels, 
relative to variation. The interaction country*industry is assumed to proxy 
country and industry specific initial structural fixed effects, such as R&D, en-
ergy intensity, human and other capital level effects, but also other fixed in-
dustrial structure effects. These extensive dummies can be assumed to control 
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for systematic errors across industries, countries and time. That is, such con-
trols account for differences in initial endowments, industry characteristics 
and economic structures that influence developments and vary over time. 
Country specific economic cycles (country*time) and technological diffusion 
from abroad (industry*time) time-varying effects are significant throughout 
the periods studied.  

The inclusion of all dummy variables raised the explanatory power high to 
0.94 (Table 5). The model rejected numerous binary variables due to collinear-
ity. Many coefficients of the remaining ones proved insignificant, but no at-
tempt towards a reduced form was made since there is no sound theoretical 
basis for the exclusion of insignificant variables beyond those already dis-
cussed.   

4.3 Results on R&D and capital intensity as determinants of effi-
ciency 

Given the gaps, the second objective of this paper is to analyze whether inno-
vation related factors have performed consistently with the theory, i.e., closing 
the gap for frontier economies, but being insignificant in lagging countries. 
Because the variation in efficiency proved high, the sample is further divided 
by efficiency to two subsamples, in order to reveal whether the significance of 
R&D investments differed by frontier proximity. Since a major advantage of 
the order-m methodology is its robustness68 to the curse of dimensionality, 
outliers and differences in structures, technologies and sub-industries at the 2-
digit aggregation level, the methodology is able to generate significant effects 
nevertheless.  

In fact, innovation, as measured by R&D intensity turned out significant only 
for the two subsamples (Table 5), but not the total sample. In contrast, non-
ICT capital intensity appears to have been significant for the total sample and 
more efficient countries, but not the less efficient ones.  Capital intensity 
raised efficiency in all and the more efficient countries. That is, results general-
ly support the positive R&D intensity impact on efficiency also for the less effi-
cient countries, showing the importance of omitted information as argued by 
Müller (1974), but surprisingly, capital intensity supported efficiency signifi-
cantly only in the more efficient countries. Though the coefficients are small, 
the results are notable because capital is directly and R&D indirectly included 
already in the estimation of efficiency. Both results are rather robust to model 
variations with respect to controls for differences in industrial structure, cycli-
cal conditions, institutional differences, and general technological progress, 
carried out initially.  

Results are only partly in line with the theoretical assumption that frontier 
economies thrive on R&D, while lagging economies depend on physical in-
vestment. In particular, the result that efficiency in the more, but not the less 
efficient sample economies gains from capital intensity, contradicts the theory. 

                                                           
68 Robustness checks were carried out with DEA and various order-m magnitudes (10 to 200). 
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This result can, however, be explained by other determinants of efficiency re-
sults.   

4.4 Other determinants of efficiency results 

The third objective is to identify which other factors, such as capital quality, 
energy intensity or taxes, are more significant than R&D in closing the tech-
nology gaps.  These results show market size to be a highly significant deter-
minant of efficiency. In fact, for the high-tech subsample, it is the only signifi-
cant variable.  

Market size suggests that either the more intense competition of larger mar-
kets, or their potential for enjoying scale economies raise efficiency. Since the 
lack of competition/ profitability also turns up as a significant determinant of 
efficiency, scale economies seem to be the answer. Scale economies require 
large investments in physical capital. Since also ICT capital intensity proved a 
significant, but negative determinant of efficiency for the more efficient econ-
omies, clearly the market size impact is not due to investment in new technol-
ogy embodied capital, but pure traditional scale economies. Market size 
proved highly significant despite the exclusion of the US. Hence, it may be 
even more important than the sample suggests.  

The sample division showed efficiency to gain from the lack of competition in 
more efficient countries in addition to the total sample. Results therefore show 
that an assumption of perfect competition would be misplaced at the frontier. 
Hence prior research results based on the assumption of perfect competition, 
characteristic e.g. of growth accounting, may therefore be biased. There appear 
to be important efficiency rents to be gained.  

Human capital intensities turn up insignificant, which may result from the 
fact that the quality of labor with respect to the level of education is included in 
the estimation of efficiency. At the same time, the results imply that human 
capital may influence the production set, i.e., which technologies can be ap-
plied, but not on how efficiently it is done. The resulting insignificance of hu-
man capital as a determinant of efficiency does not contradict the long line of 
theoretical or empirical research on absorptive capacity that underscores hu-
man capital as the key to technological diffusion and to catching up with the 
technology frontier. This is because additional education may allow a country 
and industry to adopt more advanced technology, but the efficiency in which it 
is applied may not be contingent on the employee education level. The insig-
nificance of human capital does contradict, however, with the empirical find-
ings of Kneller & Stevens (2006), who argued that human capital affects both 
the technology and the efficiency in which it is used. In addition to underlying 
sample differences, they did not however, control as extensively for omitted 
variables in their estimation, and applied a stochastic frontier model which 
requires assumptions to be made on the distribution of inefficiency. Such as-
sumptions can bias estimation when the sample size is small, as it tends to be 
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at the country and industry level of aggregation.69 Moreover, my sample data is 
drawn from the extensively harmonized EU KLEMS dataset. 

 
Table 5. Determinants of order-m efficiency, 1995-2003 panel (clustered). 

 Variable 

All  
countries, 
excl. 
coutry* 
industry 
interac-
tion 

All  
countries 

Less  
efficient 

More  
efficient 

High-tech 
industries 
only70 

R&D stock 
intensity 

  .004** 
(.002) .005 (.003) .002* (.001) .01**   

(.003) .003 (.003) 

Capital 
services 
intensity 

.002** 
(.001) 

.002** 
(.001) .004 (.004) .003**   

(.001) .001 (.001) 

ICT capital 
services 
intensity 

-.002 (.008) -.000 (.008) .006 (.013)   -.04**   
(.005) .002 (.019) 

Human 
capital in-
tensity 

-.007 (.005) -.006 (.008) -.01 (.012) -.003 (.01) .002 (.015) 

Energy 
intensity .144 (.965) .208 (.799) -1.041 

(1.276) 
.849  

(2.099) .809 (.837) 

Material 
intensity .300 (.598) .968 (.619) 1.198 (.829) 1.164 (.817) 1.111 (.852) 

Services 
intensity -.012 (.784) .6   (.669) .842 (.967) 1.064 

(1.117) 1.033 (.928) 

Lack of 
competition 
/ Profitability 

.15 (.486) .859** 
(.493) .836 (.821) 1.709* 

(.739) 1.441 (.997) 

Net tax 
intensity 

-.986** 
(.282) 

  -.381 
(.503) .179 (.582) -.68 (.816) .537 (.832) 

Log market 
size .29** (.052) .282** 

(.077) 
-1.285 
(1.097) .108 (.084) .839** 

(.218) 
R2 0.51 0.94 0.88 0.96 0.96 
Observa-
tions 1216 1216 631 585 461 

Coun-
try*industry 
dummies 

No Yes Yes Yes Yes 

Country, Industry, Time, Country*time, Industry*time dummies 

**Significant at the 1 % level; *Significant at the 10 % level. Data source: EU KLEMS. 

 

                                                           
 
70 High-tech industries were identified by high R&D intensity as (i) coke, refined petroleum products and 
nuclear fuel (23); (ii) chemicals and chemical products (24); (iii) machinery, nec. (29); (iv) electrical and 
optical equipment (30t33); and finally (v) transport equipment (34t35 in the European NACE rev. 1 classi-
fication, which is close to the ISIC revision 3 classification). 
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Energy and material intensity proved highly collinear, which is not surprising 
since resource intensive industries tend to be also energy intensive. Final clus-
tered results, however, did not accord any significance to energy, material or 
services intensity. For the total sample, the only two differences that indus-
try*country fixed effects control away, are the impacts of net tax and R&D in-
tensities, suggesting that tax and R&D intensities are related to country-
specific industrial structures. Results on net tax intensity are equally insignifi-
cant in all final clustered models. For R&D intensity, a robustness check is 
carried out solely for high-tech industries to check whether R&D intensity ef-
fects are significant only for them.  
 

4.5 Causality 

The methodology applied does not, as such, show a causal relationship be-
tween innovation and the technology gap. Yet, there are several factors that 
support a causal inference for the sample studied. For one, if no significant 
omitted variable bias is assumed to remain in the analysis, orthogonality of 
determinants with the error term allows determinants of efficiency to imply 
also causality. Due to industry level data, there may remain some bias at the 
firm level, but at the aggregate level, policy inference is possible.   

Second, reverse causality does not appear to be an issue with respect to R&D 
intensity. According to Rouvinen (2002), the causal relationship between R&D 
and productivity runs only from R&D to productivity, but not vice versa. Since 
efficiency effects indicate relative productivity levels, R&D can be argued to 
cause also efficiency. To be sure, one needs a good instrument to establish cau-
sality from innovation to efficiency. Lagged R&D stocks are not viable instru-
ments, since also lagged R&D values influence productivity (Rouvinen, 2002). 
Correlations in Table 2 suggest that human capital intensity offers a viable 
instrument for R&D intensity. The correlation between human capital intensi-
ty and efficiency is insignificant and close to zero (-0.034), while the correla-
tion between human capital intensity and R&D intensity is significant and 
highly positive (0.377). This is in line with empirical findings showing R&D 
implementation to entail the employment of highly educated employees (Hall, 
2002). Results in turn suggest that at the industry level human capital only 
influences the technology used, not the efficiency in which it is used. Hence, 
the correlation between highly educated employees and efficiency is highly 
significant (0.384), but in the estimation of the determinants of efficiency, 
human capital intensity (share of highly educated in the labour force) shows 
no significant impact.71 Hence, the direction of causality appears to run from 
R&D to efficiency, not vice versa.  

Moreover, reverse causality is not a sustainable long-term outcome. In prin-
ciple, it is possible that sample countries have reached the technology frontier 

                                                           
71 If labor costs or profits were included in the estimation, another explanation could be that the returns to 
human capital are captured by private returns and there are no externalities, as argued by Cameron et al. 
(2005). This may of course depend on the functioning of the labor market in individual countries, but if 
generally applicable, it implies that there may be no efficiency externalities from human capital intensity. 
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by means of investment in capital embodied new technology. Once there, they 
may attempt to maintain their positions by means of innovation, as theory 
recommends, but end up reducing their efficiency by wasting resources in un-
successful attempts. That is, R&D investments may be undertaken merely be-
cause of past efficiency, profitability and the consequent availability of funds, 
combined with a policy commitment to support R&D. Yet, if R&D investments 
fail to produce returns, firms investing in it in competitive markets should fail 
themselves over the long run. Assuming no distortions, a negative average im-
pact from innovation on efficiency should inevitably show up in a decline in 
R&D investment over time, and gradual erosion of R&D stocks. In this sample, 
no such erosion is visible, however. On the contrary, average R&D stocks have 
increased. 

Finally, the market failures associated with R&D are assumed to work to-
wards a suboptimal level of R&D investment, not vice versa. These include 
financial market imperfections and/ or high presumed social rates of return to 
innovation, and provide the motivation for public R&D incentives. Public R&D 
support policies, encouraged e.g. by the EU Lisbon Agenda (2000), are specifi-
cally designed to create incentives and divert resources from other purposes 
towards additional R&D investment to correct for such market failures. Social 
returns to innovation may emerge e.g., in the form of knowledge spillovers to 
competitors, which rational managers attempt to minimize. In any case, social 
returns to innovation mean that additional innovation investments can be ex-
pected to raise efficiency in the economy. If the market failure is instead due to 
financial market imperfections that have reduced the level of R&D investment 
below its optimal level, efficiency may indeed raise the availability of funds and 
investment in innovation. A suboptimal level of R&D implies, therefore that 
innovation can in general be expected to raise, or at least not reduce efficiency. 
Hence, the case for causality from innovation to efficiency is fairly sound, alt-
hough the issue of crowding out may be a concern for countries far from the 
frontier.  

Conversely, as ICT intensity results showed, efficient economies may suffer 
from excessive investments in new technology or learning effects, as extensive 
modifications in business practices may be necessary. Hence, the negative im-
pact of ICT capital intensity may, indeed reflect reverse causality.  

Reverse causality may also be the case with respect to the impact of competi-
tion, since the lack of competition is unlikely to raise efficiency. The intensity 
of competition is measured by profitability. Hence the causality may run from 
efficiency to high profitability.72 The negative relationship between competi-
tion and efficiency may also emerge from the larger market share provided by 
imperfect competition, which increases the incentives to invest in technologi-
cal effort. Aghion and Griffith (2005) model the relationship between innova-
tion and competition by assuming that frontier firms manage to “escape” com-
petition though innovation, at least for the time span that a new innovation 
grants monopoly power. Even with frictionless entry and exit, scale economies 

                                                           
72 The harmonization of variables with purchasing power parities smoothed exchange rate fluctuation im-
pacts.  
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give an incentive to raise productivity, which is why the relationship between 
technical efficiency and competition from trade liberalization is ambiguous 
(Rodrik 1991). 

4.6 Robustness checks 

A high-tech subsample, including only R&D intensive sectors, i.e., (i) coke, 
refined petroleum products and nuclear fuel (23); (ii) chemicals and chemical 
products (24); (iii) machinery, nec. (29); (iv) electrical and optical equipment 
(30t33); and (v) transport equipment (34t35) in European NACE rev. 1, is es-
timated. Clustered results show market size as the only significant determinant 
of efficiency. Innovation intensive products can enjoy significant scale econo-
mies, which gain from market size.  This would suggest that larger economies 
enjoy a natural advantage in R&D intensive high-tech industries, while in con-
trast, small countries such as Finland can waste large sums in R&D, while re-
ceiving little in return (see e.g. Berghäll 2014). The weak impact of R&D inten-
sity is not limited to non-R&D intensive industries in the sample.  

Finally, human capital is excluded from the determinants of efficiency, while 
the three labor variables in the efficiency estimation are replaced by one hu-
man capital augmented labor variable reflecting effective units of labor. Re-
sults proved highly variable, unintuitive and contradictory with prior results 
and theory, however. The explanatory power of the models is clearly lower. 
Contrary to theory, the results suggested more efficient countries to be in the 
investment rather than the innovation regime. It seems that the human capital 
augmented labor variable in the production function captures R&D effects to a 
large degree, which may affect the results, reflecting the fact that about half of 
R&D costs are labor costs (Hall 2002), particularly highly educated employees’ 
wages. Previously significant market size impacts turned from positive to 
negative, varying by the sample split. Efficiency estimation results change 
mainly only for Italy and Denmark. Moreover, there may be measurement is-
sues and variability in the transformation of education into effective units of 
labor. In any case, the results were unconvincing.   

Experiments with a flexible translog specification of the production function 
to control for functional form misspecification proved too complex. A stepwise 
selection of significant coefficients to simplify the model, excluded almost all 
original determinants of efficiency, and turned the remaining ones negative.  
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5. Conclusion 

A widely entertained hypothesis asserts that as countries catch-up with the 
global technology frontier, they need to shift from investment to innovation-
based growth models. The need to do so depends on the distance from the 
frontier. To estimate these distances, I apply robust order-m methodology to a 
fairly balanced panel of countries drawn from the harmonized industry level 
EUKLEMS database, covering the period 1995 – 2003.  The data allows me to 
contribute to the empirical literature with more harmonized data, while the 
robust methodology allows me to abstain from common implicit assumptions 
such as perfect competition, and avoid many problems related to causal infer-
ence, omitted variable bias, curse of dimensionality, etc.  

Results confirmed that perfect competition cannot be assumed a priori at 
the technology frontier. Competition and ICT capital have a significant nega-
tive impact on efficiency. While the negative impact of ICT capital may reflect 
learning lags, the presence of significant efficiency rents undermines the cred-
ibility of prior frontier estimation results based on the assumption of perfect 
competition. The two-step approach allowed a distinction between factors that 
influence the production set, from those that influence the distance from the 
frontier. This showed that human capital influences only the choice of technol-
ogy, not how efficiently it is applied in practice.  

On the whole, results confirmed the hypothesis postulating for the need of 
innovation at the technology frontier. What was surprising was the equal im-
portance of physical capital services. Moreover, results show that developed 
economies have differed greatly with respect to their proximity with the tech-
nology frontier in industrial production. Although the true extent of their re-
spective distances could not be determined, the determinants of efficiency con-
firm that caution should be exercised when asserting countries to dominate 
the technology frontier and necessitating innovation to maintain this leading 
position. The analysis reveals innovation based growth strategies feasible, but 
their success subject to returns from investment, particularly economies of 
scale, reflected in the significance of market size. How frontier technology re-
lates to export competitiveness is, however, left for further research due to the 
lack of data on cost competitive Asian countries which have been conquering 
high-tech markets. While R&D intensity may be an effective tool to bridge the 
distance with the technology frontier, cost competitiveness continues to be 
critical in global competition.  
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Abstract 

A widely entertained hypothesis states that as countries catch up with the 
global technology frontier, they need to adjust their strategies and public poli-
cies from investment to innovation. It has been claimed that low aggregate 
investment in Finland reflects such a structural change. The purpose of this 
paper is to explore whether this is true with more harmonized industry-level 
data and recent methodological advances. I estimate the technology gap for 
1986 – 2003 with robust order-m frontier methodology, and thereafter regress 
innovation, investment and other variables on it by applying fixed-effects pan-
el data methodology. Results show Finnish industries lagging far from the 
frontier, providing evidence against an innovation regime. Moreover, R&D 
intensity impacts on efficiency are industry related. R&D intensity increases 
does not therefore offer a universal remedy to catch-up. Other so-called de-
terminants of efficiency suggest that improved absorption capacities (educa-
tion) and new ICT technologies aid catch-up.  

 
Key words:  investment, innovation, R&D, ICT, human capital, efficiency, 

technology gap, Finland.  
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1. Introduction 

A widely entertained hypothesis states that as countries catch up with the 
global technology frontier, they need to adjust their strategies and public poli-
cies from investment to innovation promotion by means of R&D, new technol-
ogies and education. A technologically lagging country invests in capital em-
bodied new technologies in order to catch up, in which case physical invest-
ment dominates innovation. Once the frontier has been reached, it is necessary 
to shift to innovation strategies to maintain technological progress, simply 
because frontier countries/ industries/ firms already apply best-practice tech-
nology and methods, and productivity cannot be improved by adapting exist-
ing technologies. Extensive growth arises from additional factor inputs, while 
quality-oriented intensive growth necessitates productivity growth arising 
from innovation and new technologies. This policy shift represents what Ace-
moglu et al. (2006) identify as the shift from (a) adaptation of existing tech-
nologies to (b) innovation to create new technologies. Porter (1990) calls it a 
shift from an Investment-Driven Stage (reliant on efficient manufacturing and 
outsourced service exports)74 to the Innovation-Driven Stage. At this stage 
nations compete on their “ability to produce innovative products and services 
at the global technology frontier using the most advanced methods” (Porter & 
Schwab 2008, p.51). To generate innovations, countries/ industries/ firms 
shift their investment focus from physical capital to R&D. 

It has been claimed that Finland’s reduced investment level reflects such a 
shift. As Figure 1 illustrates, ever since the early 1990s Finland’s investment 
levels relative to GDP have lingered far behind the 1980s levels. Meanwhile, 
innovation inputs in terms of R&D expenditure have exceeded 3% of GDP ever 
since 1999, being among the highest in the world in relative terms75. Finland 
has been called an “information society”.  Sorjonen has argued that low in-
vestment reflects a shift from a resource-based economy to the information 
age, i.e. structural change from physical capital-intensive to R&D-intensive 
sectors in the economy (ETLA, 2006). According to the official evaluation of 
the Finnish national innovation system carried out in 2008, Finland is close to 
the global technology frontier, and this necessitates increasingly innovation-
based strategies, in which context it is only natural for investment in physical 
capital to decline. “Since the late 1980s Finland has been moving from an in-
                                                           

74 Prior to this, Porter (1990) identifies the Factor or Resource Driven Stage (labour and natural resource 
endowment based competition). 
75 Source: OECD, Main Science and Technology Indicators. 
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vestment-driven catching-up country towards an innovation-driven and 
knowledge-based economy.” (TEM 2009, p. 130).  

 

Figure 1: Gross fixed capital formation per gross domestic product, 1980 - 2011.76  

Now such claims seem premature. Even at the time, the evidence that Fin-
land was indeed competing on innovation at the technology frontier was rather 
scarce and rested on shaky evidence, such as high R&D and education inputs, 
(past) success of the ICT industry and labor productivity comparisons. The 
above evaluation of the national innovation system referred to labour and mul-
tifactor productivities (MFP) as evidence of Finland’s frontier status (see TEM 
2009, pages 106-107). Labor and MFP comparisons based on growth account-
ing typically suffer from stringent and often unrealistic assumptions, such as 
perfect competition77. According to Romer (1990), increasing returns to scale 
and imperfect competition are common characteristics of R&D activity at the 
technology frontier. Moreover, a labor productivity comparison does not take 
into account capital inefficiencies, which at least according to Pohjola (1996) 
were significant in Finland in the past.  

In economics, the distance to the production possibilities frontier is meas-
ured by the technology gap, i.e. efficiency (see e.g. Coelli et al. 1997). Relevant 
empirical literature on technology gaps includes Kneller and Stevens (2006), 
who applied stochastic frontier analysis (SFA) to test human capital and R&D 
impacts on 9 manufacturing industries in 12 OECD countries in 1973–1991. 
They found inefficiency to be dependent on the level of human capital in the 
country's workforce, while R&D effects were less robust. With a Malmquist 
index and DEA applied to a distance function, Färe et al. (2006) found that the 

                                                           
76 Source: Annual national accounts, Eurostat (database). 
77 Particularly prior to the establishment of the competition authority in 1993, the assumption of perfect 
competition is misplaced in Finland.  
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efficiency-enhancing effects of capital accumulation in OECD industries be-
tween 1965–1998 plunge once human capital accumulation is included. Disre-
garding human capital, Bos et al., (2010), in contrast, found that R&D facili-
tates the absorption of existing technologies in 6 OECD countries over the pe-
riod 1980–1997. Such state-of-the-art efficiency comparisons are the most 
appropriate methodologies for estimating the gap to the global technology 
frontier, as well as for exploring what factors contribute to it. Apart from a few 
niches e.g. in ICT (see e.g. Berghäll 2009), there is little Finnish evidence of a 
technology frontier status in the first place, nor of catching up with it.  

The purpose of this paper is to fill this gap by applying harmonized interna-
tional data and state-of-the-art methodology to estimate the technology gap 
and its determinants. Using empirical evidence, I therefore contribute to the 
debate on whether Finland has indeed advanced to compete on innovation at 
the technology frontier. While it is not possible to obtain exact technology gap 
measures due to the lack of globally harmonized data, it is nevertheless possi-
ble to establish a minimum technology gap for sample countries. If there is a 
gap in the sample, the true gap to the world technology frontier is likely to be 
wider still. I shall thereafter explore whether innovation or investment have 
reduced the gap during the sample period.  

The data sample is drawn from the harmonized industry-level EU KLEMS 
database78, which includes measures of the quality of physical capital services 
(ICT and other) and human capital (level of education). I apply order-m meth-
odology in the estimation of actual competitive advantage of Finnish indus-
tries as defined by their relative distance to the technology frontier. Robust 
nonparametric order-m methodology mitigates the impact of outliers and er-
rors, while avoiding simplifying assumptions with respect to the error term, 
the nature of competition or economies of scale etc, which plague growth ac-
counting and earlier non-parametric and parametric efficiency estimation 
methods. In the second stage, I explore the effects of the most likely determi-
nants, such as R&D, human capital, ICT capital, and the physical capital inten-
sities of the technology gap, using fixed-effects panel data methodology, to 
explore whether innovation or investment have been significant in closing the 
gap.  

The results show Finland lagging far behind the frontier. Nevertheless, Fin-
land does not appear to be in an investment regime, although investment in 
new ICT technologies seems to narrow the technology gap. Improved absorp-
tion capacities, in terms of R&D and education, also aid catch-up. The results 
are presented and discussed in more detail in section 4. Prior to them, the 
methodology is presented in section 2 and the data in section 3. The conclu-
sions and policy implications are summarized in the final section, 5.  

 

2. Methodology 
                                                           

78 Available at www.euklems.net. See Inklaar and Timmer (2008) for a description. 
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Ever since Farrell (1957) pointed out that the production possibility frontier 
can be identified from extreme observations in the data, efficiency estimation 
methodologies have been developed. Microeconomic productive efficiency 
comes from the long-term equilibrium in perfectly competitive markets, when 
average costs are minimized on the average cost curve, (true production fron-
tier in Figure 2). An individual firm’s or production unit’s relative shortfall 
from the theoretical frontier, due to various market imperfections and other 
causes, equals its technical (productive or x-efficiency) inefficiency, i.e. the 
technology gap. Data Envelopment Analysis (DEA) is a straightforward appli-
cation of Farrell’s insight that simply seeks the points that maximize output 
given inputs (output-oriented measure) or minimize inputs given output (in-
put-oriented measure). The most efficient firms receive a score of one, and less 
efficient firms a score somewhere below one, but above zero. The standard 
assumptions that DEA imposes include convexity of the production set and 
strong disposability of inputs and outputs. A related methodology, the Free 
Disposal Hull (FDH), introduced by Deprins, Simar and Tulkens (1984), re-
moves the convexity assumption, and is therefore more applicable and con-
sistent with situations involving indivisibility of inputs and outputs, and econ-
omies of scale and specialization. The major drawback of both nonparametric 
efficiency estimators is the absence of an adjustment for outliers79, noise or 
simple mistakes in the data. Both impose assumptions on the production func-
tion or technology, and frequently require large datasets to reach meaningful 
estimates.  

 
Output= f(inputs)+ efficiency + random error  (1) 
 
In parametric efficiency estimation, similar to equation (1), the error term is 

divided into a random error part and a systematic inefficiency part. Hence 
strict exogeneity of the random error term and the variables is assured. The 
systematic part of the error term, i.e. inefficiency, can be tackled subsequently 
by analyzing its determinants. Parametric methods, such as stochastic frontier 
analysis, are less sensitive to outliers than nonparametric methods, but are 
sensitive to the underlying assumptions and number of observations. Mean-
while, growth accounting by index methods, such as Divisia, Malmqvist, Solow 
and Kendrick indexes, typically requires price data and assumes constant re-
turns to scale, confusing technical efficiency with scale efficiencies.  

2.1 Order-m estimation of the technology gap 

I apply the robust order-m method, introduced by Cazals et al. (2002), to es-
timate the distance to the technology frontier in the first stage of the analysis.  
This represents significant progress in overcoming the problems related to 
traditional nonparametric estimators, such as the mitigation of outlier im-
pacts, without imposing stringent assumptions on convexity, structural form, 
or technology across firms, industries and countries. Instead of benchmarking 
                                                           

79 Coelli, Rao and Battese (1997).   
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a decision-making unit (DMU) against the best-performing peer in the sample, 
as e.g. in DEA, order-m benchmarks DMUs with respect to the expected best 
performance of a sample of m peers. While order-m does not remove meas-
urement error, this varying coverage of observations excludes and includes 
outliers in the sample on which efficiency is estimated, thus mitigating their 
impact as the exercise is repeated numerous times. The larger the number of 
random draws, the more robust is the estimate. However, parameter m should 
not be too high as not to merge with the FDH result and lose the advantages of 
the partial frontier approach.  

 
Formally, let Y1,...,Ym be m random observations drawn from the distribution 

of Y given X ≤ x0 , where y represents output and x inputs. Hence, only coun-
tries with equal or less inputs than country (x0, y0) are considered. The output-
oriented order-m efficiency measure m

~
(x0,y0) is defined for country (x0,y0) as 

m
~

(x0,y0) = max(i=1,...,m) {min(j,...,q) (Y / y  with Y (y  being the jth com-

ponent of Yi (of y0 respectively). It compares the relation between an observa-
tion’s outputs to the best practice found among observations with equal or less 
inputs. In the context of the paper, it indicates by how much a country’s value-
added has to increase in order for this country to become best practice (effi-
cient) given its level of factor inputs. Here m

~
 (x0, y0) is a random variable be-

cause the countries against which (x0, y0) is compared are randomly drawn. 
Daraio and Simar (2007, p. 72, 83) simplify the computation to a four-step 
procedure:  

1. m peer DMUs are randomly drawn from the sample with replace-
ment. 

2. Pseudo FDH efficiencies are calculated using this artificial reference 
sample. 

3. Steps 1 and 2 are repeated B times, with B defining the accuracy of 
the computation.  

4. The final order-m inefficiency estimate m
ˆ (x0, y0) of country (x0, y0) 

is computed from the arithmetic mean of the pseudo FDH scores m
~

(x0, y0):  
 

.)y,(x~
B
1  ]yY|)y,(x~ E[= )y,(xˆ

1b
00000m00m

B
b
m

 
(2) 

 
Values of m

ˆ  smaller or equal to one indicate efficiency and larger values 

represent inefficiency, since the final efficiency score is obtained from its in-
verse. A distinctive feature of order-m analysis is the so-called super-
efficiencies, in which the final efficiency score can exceed one. Point A in Fig-
ure 2 is a super-efficient point. These arise because, in contrast to FDH and 
DEA, in each replication a DMU may be unavailable as its own peer. Hence a 
point on the order-m frontier maximizing output relative to inputs may be 
compared against inefficient points (such as B). As Figure 2 shows, the true 
production frontier lies above the estimated order-m frontier since the sample 
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is not all-inclusive. In reality, for the same inputs output cannot be expanded 
to A, but it can be expanded to points on the true production frontier. Figure 2 
is a simplified one-input and output illustration, which does not attempt to 
cover all potential variations. Super-efficient points may also lie below the true 
production frontier, and true production and estimated or true order-m fron-
tiers can be close to each other.  

The output-based efficiency measure was selected, since it is reasonable to 
assume that competitive firms in open market-based economies maximize 
value-added rather than minimize costs. To ensure the appropriateness of the 
approach, industries at risk of being dominated by cost-minimization, such as 
the public sector and services in general, as well as heavily regulated indus-
tries, were excluded from the sample.  

 

 

Figure 2. Output oriented order-m efficiency.  

2.2 Fixed effects estimation of determinants of efficiency 

Following the estimation of efficiency levels with order-m methodology, the 
obtained efficiency scores can be further explored to define the so-called de-
terminants of efficiency. In the second stage, efficiency scores served as de-
pendent variables in regression on potential determinants of efficiency (Z):  
 

 ititit eZˆ/1    (3) 

 
where it

ˆ/1  indicates the estimated m-order efficiencies of the ith industry 

observed in period t, the ’s denote the parameter estimates of the regression 
function, and the Z’s the determinants of efficiency and e is the error term. The 
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regression is estimated with OLS, as well as fixed-effects panel methodology80. 
The initial choice for fixed effects was carried out after running the Hausman 
specification test, which rejected a random-effects formulation81. The fixed-
effects formulation of the above equation includes dummies to control for in-
dustry (φi ) fixed effects and time-specific (γt) effects, such as economic cycles. 
The distribution of the error term eit is assumed to be i.i.d. N(0, 2e).  

 

ittiitit eZˆ/1
  (4) 

 
 

3. The Data 

3.1 The EU KLEMS data 

Distances to the technology frontier are computed from industry-level EU 
KLEMS and its linked databases (Inklaar and Timmer 2008) for the period 
1986-200382. The EU KLEMS200383 project was a sizable effort to construct a 
harmonized database to estimate economic growth, productivity, employment 
creation, capital formation and technological change at the industry level. The 
database was specifically designed to generate high-quality comparative as-
sessments of productivity growth and divergence, skill formation, technologi-
cal progress and innovation.  

 
The resulting 63-industry breakdown for the EU’s 25 Member States as well 

as for the US, Japan and Canada, from 1970 onwards (1990 for the recently 
acceded Member States) is in practice much more limited in data availability. 
Due to various mismatches in data availability and lack of initial purchasing 
power parities (PPPs)84 for the base year (1997) and the base country (Germa-
ny), the availability of R&D and education-level data, data checks, and the ex-
clusion of regulated industries, the initial dataset for efficiency estimation 
dwindled to an unbalanced panel of 11 countries and 13 (2-digit European 

                                                           
80 See e.g. Greene, 2007 for a detailed presentation of fixed effects estimation. 
81 See e.g. Greene, 2007 for a detailed presentation. 
82 It can be found at www.euklems.net. 
83 Source: Productivity in the European Union: A Comparative Industry Approach (EUKLEMS2003) , Pro-
ject Description http://www.euklems.net/project_site.html. 
84 PPPs represent the price ratio of a product or bundle of products between two countries.  
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NACE revision 1 classification) industries for the period 1986 – 2003 (Table 1). 
The total number of observations in the final Finnish sample declined to 227.  

For maximum homogeneity, all countries and industries lacking R&D data 
were removed, and the sample was restricted to industry only85. All public and 
regulated industries were excluded from the sample, because they are more 
likely to be cost-minimizing industries, thus necessitating a different input-
oriented approach. These include agriculture and fishing, mining, electricity, 
social services, public administration, education, health, and other social ser-
vices. In contrast, market-based industries can be assumed to maximize out-
put or revenue, requiring a similar output-oriented estimation approach.  

Since the sample countries are all developed countries, one can assume that 
they are reasonably close to the world technology frontier (WTF). The data set 
excluded the largest developed country and R&D investor, the US86, which, 
combined with the exclusion of some other countries from the sample due to a 
lack of harmonized data, may cause underestimates of the technology gaps to 
the frontier.  
 
Table 1. Industries87 and countries available in the data sample for 1986 - 2003. Data 
source: EU KLEMS database. 

 AUS DNK ESP FIN ITA JPN NLD UK Total 
15t16 17 18 18 18 18 18 18 18 143 
17t19 17 18 18 18 18 18 18 18 143 
20 17 18 18 18 18 18 17 18 143 
21t22 17 18 18 18 18 18 18 18 142 
23 17 0 18 11 18 18 17 18 143 
24 17 18 18 18 18 18 17 18 117 
25 18 18 18 18 18 18 16 18 142 
26 18 17 18 18 18 18 18 18 142 
27t28 18 18 18 18 18 18 18 18 143 
29 18 18 17 18 18 18 18 18 144 
30t33 18 18 18 18 18 18 17 18 143 
34t35 18 18 18 18 18 18 18 18 143 
36t37 18 18 18 18 18 18 17 18 144 
Total 228 215 233 227 234 234 227 234 1832 

Industry notations: 15t16 Food, beverages and tobacco, 17t19 Textiles and leather 
products, 20 Wood, 21t22 Pulp, paper, printing and publishing, 23 Coke, refined petro-
leum and nuclear fuel, 24 Chemicals and chemical products, 25 Rubber and plastics, 
26 Other non-metallic mineral, 27t28 Basic metals and fabricated metals, 29 Machin-
ery, nec., 30t33 Electrical and optical equipment, 34t35 Transport equipment, 36t37 
Manufacturing nec; recycling.  
Country notations: AUS Australia, DNK Denmark, ESP Spain, FIN Finland, ITA Italy, 
JPN Japan, NLD Netherlands and UK United Kingdom. 
  
                                                           

85 This results in the exclusion of only construction from the final panel. 
86 This is not necessarily a drawback, since the mere size of the US makes it an outlier.  
87 The industries are classified according to the European NACE revision 1 classification, which is very 
close the International Standard Industrial Classification (ISIC) revision 3.  
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To obtain PPPs, the EU KLEMS website provides initial levels for the bench-
mark year 1997 for all 25 countries and industry levels. PPPs were computed 
from the available data following Timmer et al. (2007, p.49-50). Industry-
specific PPPs for gross output are available for all countries c and industries j 
for 1997 (PPPc, j,1997). Country aggregations (TOT), however, were unavailable 
for purchasing power parity (PPP) comparisons. The base country for the PPPs 
is Germany (G). The PPPs were back- and updated to cover the data period (t), 
using gross output, value-added or input price deflators (PY , PVA  or PII) for 
each country c relative to Germany (G) at a detailed industry level”. Based on 
the available data, I computed PPPs from equation (7) provided by Timmer et 
al. (2007, p. 49–50) below.  

 

tj,c,Y
j,1997G,

Y
tj,G,

Y
j,1997c,

Y
tj,c,

j,1997c, PPP*
P/ P
P/ P

  PPP  (7) 

 
A major advantage of the EU KLEMS data is the availability of ICT capital 

services in addition to traditional physical capital services, i.e. flows derived 
from the stock of physical assets and software, estimated as a capital income-
weighted average of the growth rates of each asset. Short-lived assets such as 
inventories, equipment and software provide more services per unit of stock 
than long-lived assets such as structures and land. Hence capital services are 
not sensitive to depreciation assumptions. Moreover, the disaggregation of 
capital into non-ICT and ICT, and labor by the level of education allows their 
influence to be considered already in the estimation of efficiency. Kneller and 
Stevens (2006), for instance, found that human capital has a direct impact on 
the production technology, and not just on the efficiency, in which it is ap-
plied88.  

The capital variables are calculated separately for ICT and non-ICT capital 
based on capital services per hour worked (CAPIT_QPH) in purchasing power 
parities and hours worked (H_EMP). The labor variable is hours worked by 
high, medium, and low-skilled employees, thus adjusted for human capital.89 
The data is deflated to 1995 prices with the price indexes available (i.e the 
gross output, value-added and intermediate input price indices). The descrip-
tive statistics applied to the order-m efficiency analysis are presented in Table 
2. Figure 3 shows their average evolution over the sample period. 

 
  

                                                           
88 There has been some controversy on this point, with Benhabib and Spiegel (1994), Pritchett (1996), 
Islam (1995) opposing, and Mankiw, Romer and Weil (1992), Miller and Upadhyay (2000) and Bloom, 
Canning and Sevilla (2002) supporting. 
89 R&D was excluded from the order-m efficiency estimation to avoid double counting, which  arises be-
cause over half of R&D expenditure is typically used to employ highly educated researchers and engi-
neers (Hall, 2002).  
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Table 2.  Descriptive statistics for order-m efficiency analysis, including all coun-
tries for the period 1986 – 2003. Data source: EU KLEMS database. 

Production function variables N Min. Max. Mean Std. Dev. 
Value-added 1832 26.2 266975.6 13262.9 22105.2 
Non-ICT capital 1832 47.0 77143.0 4386.8 8130.4 
ICT capital 1832 1.1 17955.4 453.9 1130.3 
Hours worked by highly  
educated 

1832 .12 986.4 56.5 131.4 

Hours worked by medium  
educated 

1832 2.2 3395.4 343.2 537.0 

Hours worked by least  
educated 

1832 .45 1792.3 139.0 226.2 

 

Figure 3. Average evolution of factor inputs and value-added, 1986-2003. 

The period 1986 – 2003 represents an era of profound transformation, during 
which Finland moved from a reliance on Soviet barter trade to become one of 
the world’s leading high-tech exporters.90 The 1980s represents an era of fi-
nancial deregulation and liberalization, which led to a severe recession in Fin-
land in the early 1990s and floatation of the exchange rate in 1992. Policywise, 
the recession marked a decisive shift from the prior capital accumulation, en-
ergy and material-intensive model to a knowledge-based growth strategy com-
bined with reliance on R&D and human capital91 (see e.g. Kiander et al., 
2006). As discussed, the investment level dropped markedly in the early 90s 
economic crisis (Figure 1), and innovation policy gained increasing clout 
thereafter. The post-recession period witnessed a rapid ICT manufacturing-led 
recovery, and accession to the EU (in 1995) and subsequently to the euro to-
wards the end of the millennium. After 2003 the growth trend continued for 
several years before the financial meltdown on Wall Street resonated to north-
ern Europe, and competition intensified with technological breakthroughs, 
such as the iPad.  
                                                           

90 In particular, Nokia became a leading global mobile handset brand. 
91 Finland does not enjoy natural endowments that would give it a comparative advantage in energy or 
capital-intensive production. In contrast, it enjoys a relative abundance of highly educated employees.  
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3.2 Determinants of efficiency  

The potential determinants of efficiency motivated by economic theory are 
limited by the availability of data. Major advances in economic theory with 
respect to innovation and frontier technology have included the advent of the 
new growth theory (Abramovitz 1986, Romer 1990, etc.) and a revival of 
Schumpeterian theories, which led, in the 1990s, to a widespread replacement 
of prior investment promotion by innovation-based growth models. The origi-
nal Romer (1990, p.98) model emphasized human capital, but was subse-
quently complemented (e.g. Lucas 2002, Aghion and Howitt 1998, Grossman 
and Helpman, 1991) with a broadened focus including R&D and other 
knowledge-generating or diffusing efforts, including national science and 
technology policies. With the accumulation of empirical research, the R&D 
intensity and innovativeness of the technology frontier (Griffith, Redding, and 
Van Reenen (2004) has been well established. According to theory, if Finland 
is indeed close to the estimated frontier, it can also be close to the true fron-
tier, and innovation, rather than investment, would increasingly be needed to 
maintain technological progress.  

If there is a gap with the estimated frontier, one can then estimate what fac-
tors have been most significant in influencing it. If the gap is small, innovation 
should be conducive to efficiency. The R&D stock influences own innovation, 
as well as technology absorption, i.e. the two faces of R&D discussed by Grif-
fith et al. (2004). Along with R&D, human capital helps absorb new technolo-
gies and knowledge produced by others, not only by adding to the technology 
stock, but also by influencing the efficiency with which the technology is ap-
plied in production. Countries are well known to differ in their ability to adopt 
foreign technologies92, i.e. their absorptive capacity (Arrow 1969), but invest-
ing in human capital (Abramovitz 1986, Cohen & Levinthal 1989) or R&D 
(Fagerberg 1988, Verspagen 1991) is believed to enhance this capacity. Griffith 
et al. (2004) and Kneller (2005) have also obtained supportive evidence for 
this. Fagerberg (1994) has emphasized a minimum threshold in the efficiency 
with which human capital can effectively mediate technology transfer.  

Human capital influences the distance from the technology frontier because 
different countries, industries and firms are likely to employ human capital 
with differing efficiencies. ICT technologies, which are frequently capital-
embodied, have also been found to accelerate productivity (e.g. Brynjolfsson 
1993 and Stiroh 2002), although the evidence is less convincing in Europe 
than in the US (see e.g. Vijselaar and Albers 2004 or Koszerek et al. 2007). As 
with human capital, it is plausible to assume that they influence both the tech-
nologies applied in production, i.e. movements of the technology frontier, as 
well as the efficiency with which technology is applied, i.e. the distance from 
the frontier. With some modifications, physical, ICT and human capital are 
therefore included among the determinants of efficiency, in addition to the 
efficiency-level analysis.  

                                                           
92 In small countries, foreign technologies can be more important than their own R&D. A seminal refer-
ence is Eaton and Kortum (1999), who found that positive R&D externalities from abroad account for 40% 
of productivity growth in the US in 1988.  
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According to Huovari and Jalava (2007, p. 17), the expansion of trade in in-
termediate inputs reflects imported embodied technical progress in practice.  
Material intensity may therefore, along with services intensity, signal out-
sourcing and off-shoring in a fragmented globalized economy. These intensi-
ties were computed from intermediate services and material inputs related to 
gross output. Energy intensity was computed similarly. Energy intensity is 
related to the type of industry, as well as production methods.  

Taxes and subsidies are the most direct form of public sector involvement. 
The TXSP variable in the KLEMS data, which measures (other) taxes minus 
subsidies to production, was used to construct the net tax intensity variable 
(net taxes per value-added). The direction of its impact on efficiency is not 
clear a priori. While high net tax intensity may drain resources from invest-
ment in the private sector, it may also make the remaining investments more 
productive relative to what they would have been if all potential investments 
had been undertaken. There are also indirect effects from public spending on 
infrastructure, education and health, which may generate returns in terms of 
improved private sector productivity relative to the opportunity cost of taxes.  

Market size was computed by summing gross output by country. As a deter-
minant of efficiency it indicates returns to scale and market size expansion by 
means of economic integration. Market size is expected to raise efficiency, 
since large size allows firms to enjoy economies of scale and scope. Due to the 
size of the variable, logarithms were taken to obtain comparable measures.  

Competition is also related to market size, but was based on profit margins 
due to trade liberalization. The Lerner index (Lerner 1934) is a measure of the 
lack of competition based on profit margins93 estimated from gross operating 
surplus divided by value-added.  

The potential determinants of value-added efficiency available in the data in-
clude R&D intensity94, ICT capital intensity, physical or non-ICT capital inten-
sity, human capital intensity, but also material input intensity, energy intensi-
ty, services intensity, net tax intensity, market size, and competition. The in-
tensities of ICT services, traditional physical capital services, and human capi-
tal (share of highly educated persons) were estimated relative to total hours 
worked. R&D intensity was also computed by relating the R&D stock95similarly 
to the number of hours worked. Material and services intensities were com-
puted from intermediate services and material inputs related to gross output. 
Energy intensity was computed similarly. The descriptive statistics are pre-
sented in Table 3.96  

                                                           
93 In microeconomic theory profits decline to zero when competition becomes perfect. 
94R&D intensity may leave the global technology frontier unaffected if innovation fails. Some prefer pa-
tents as these measuresinnovation output. However, in both cases productivity and consequently the 
global technology frontier may be unaffected.  
95 The R&D stock data available in the EU KLEMS linked database is compiled from annual R&D ex-
penditures from the “OECD Research and Development in Industry Database” (ANBERD). The years 
1987-2004 are classified according to ISIC3. The perpetual inventory method was applied to calculate the 
stock with a 12% rate of depreciation as in Nadiri & Prucha (1996).  
96 The initial estimations also included the exchange rate and total factor productivity (TFP) as control var-
iables, but were subsequently removed. As a robustness check, TFP correlated with efficiency effects, 
while exchange rate impacts merit a separate detailed inspection.  
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In addition to the stability of R&D personnel and the resulting high serial 
correlation of R&D relative to other investment (Hall, 2002)97, shocks to R&D 
inputs are moderated by the use of R&D stocks instead of flows. Because of 
these stabilizing effects, past shocks to efficiency are unlikely to have signifi-
cant impacts on current R&D stock intensities. The use of stocks is also moti-
vated by the significant lags in the productivity effects of R&D. According to 
Rouvinen (2002), R&D influences productivity with a lag of up to four years.  
 
Table 3. Descriptive statistics for determinants of efficiency for Finnish market-based 
industries, 1986 – 2003.  Data source: EU KLEMS database. 
 N Minimum Maximum Mean Std. Dev. 
Technical efficiency  244 .07 1.01 .42 .31 
Non-ICT capital intensity 
(phw) 

244 .15 36.25 11.3 9.74 

ICT capital intensity (phw) 244 .02 6.91 .93 .97 
Human capital intensity 
(highly  ed. phw) 

244 9.95 33.75 21.48 5.17 

Energy intensity (per GO) 244 .00 .83 .06 .14 
Material intensity (per GO) 244 .02 .65 .45 .12 
Services intensity (per GO) 244 .05 .24 .13 .03 
Log market size (sum of 
GO) 

244 12.00 12.51 12.30 .13 

Lack of competition (Lerner) 244 .01 .27 .13 .05 
Net tax intensity 244 -.11 .00 -.01 .01 
R&D intensity (phw) 244 .10 97.15 11.41 16.46 

Note: phw = per hours worked. ; GO= gross output. 
  

 

4. Results 

4.1 Relative Efficiency 

The results reveal that Finland falls well short of the sample technology fron-
tier.  In fact, Finland was on average the least efficient country in the sample 

                                                           
97 According to Hall (2002), the high serial correlation of R&D relative to other investment is a well known 
fact. Research personnel and engineers to a large extent embed the firm’s knowledge capital, which can 
therefore easily leak to competitors if the key researchers leave. Hence, firms are likely to be reluctant to 
let such employees go during downturns.  
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(Figure 4). Moreover, the distance to the frontier showed no shift over the pe-
riod, rather a gradual decline. Table 4 below shows large variation in country 
efficiencies. Several countries appear super-efficient. Since the sample may not 
include global technology leaders, Finland’s gap with the world technology 
frontier is likely to be wider still.  

 
Table 4. Average order-m (m=200) output-based efficiency estimates98 of value-added 
by country in purchasing power parity (PPP)*, for 1986 – 2003. 

Land N Minimum Maximum Mean Std. Deviation 
Average of all  1832 .04 2.78 0.57 .37 
Australia (AUS) 228 0.11 1.07 0.48 0.27 
Denmark (DNK) 215 0.06 1.01 0.57 0.39 
Spain (ESP)  233 0.06 1 0.44 0.2 
Finland (FIN) 227 0.07 1 0.32 0.27 
Italy (ITA) 234 0.16 1.27 0.62 0.3 
Japan (JPN) 234 0.06 2.78 1.00 0.43 
Netherlands (NLD) 227 0.09 1.01 0.43 0.30 
United Kingdom UK) 234 0.04 1.24 0.70 0.25 
* PPP represents the price ratio of a product or bundle of products between two coun-
tries. 
 

 

Figure 4. Average country99 order-m efficiencies over time, 1986 – 2003.  

4.2 Determinants of Efficiency 

The determinants of the efficiency estimation results for the OLS and fixed 
effects estimations are reported in Table 5. The model estimated (Model 1) is a 
standard OLS regression with no controls. The Baltagi-Li form of the Lagrange 
Multiplier (LM) test rejected the null hypothesis that the variances across in-

                                                           
98 The FEAR program described in Wilson (2008) was applied to obtain the estimates. 
99 Country notations: AUS Australia, DNK Denmark, ESP Spain, FIN Finland, ITA Italy, JPN Japan, NLD 
Netherlands and UK United Kingdom. 
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dustries were zero. Hence there were panel effects and OLS is inappropriate. 
In addition, the initial Hausman test results consistently favored fixed over 
random effects. Since the risk of omitted variable bias with random effects 
estimation is significant, random effects do not appear to be a correct model 
choice in any case.  

The second model (Model 2) therefore includes industry fixed effects to con-
trol for fixed industry-specific differences. The third model (Model3) includes 
controls for time only. Model 3 has the virtue of controlling for cyclical (time) 
effects, i.e. economic cycles only, while it does not account for permanent in-
dustry-specific differences, such as energy, capital or R&D intensity, as Model 
2 does. The fourth model (Model 4) includes both time and industry fixed ef-
fects.  

 
Table 5. Determinants of order-m efficiency for Finnish market-based industries, 1986-
2003 panel. 
Variable Model 1 Model 2 Model 3 Model 4 
Constant 3.498* (1.372) 2.795* (1.291) 1.257** (.284) -4.567* 

(2.204) 
Capital int. -.010** (.002) -.009 (.009) -.009** (.002) .011 (.010) 
ICT int. .032 (.024) .120**(.032) .046* (.026) .145** (.037) 
Human cap. int. -.020** (.003) -.050** (.007) -.015** (.004) .027* (.016) 
Energy int. .123 (.271) 2.214* (.906) .190 (.286) 1.076 (.995) 
Material int. -1.100** 

(.312) 
1.848* (.753) -1.049** 

(.328) 
1.193 (.794) 

Services int. -.104 (.639) 3.111** (.791) .090 (.635) 2.265** (.787) 
Log market size -.159 (.107) -.220* (.093)  .269* (.161) 
Lack of competi-
tion /  
  profitability 

-1.625** 
(.524) 

.623 (.653) -1.932** 
(.564) 

.125 (.750) 

Net tax int. .301 (1.049) 3.711** 
(1.063) 

-.411 (1.114) 3.385** 
(1.103) 

R&D intensity   .003** (.001) .000 (.003) .003* (.001) -.004 (.003) 
R2 .507 .676 .573 .742 
No. obs.  227 227 227 227 
Industry FE No Yes No Yes 
Time FE No No Yes Yes 
Industry*Time No No No No 
**Significant at the 1% level; **Significant at the 10% level. Data source: EU KLEMS. 
 
Controlling for economic cycles, model 3 attributes positive efficiency-
enhancing effects for ICT and R&D intensities and competition, but negative 
effects for physical capital, human capital, and material intensities. R&D and 
ICT-intensive industries, as well as those with low profit margins, tend to be 
more efficient than capital, human capital and material-intensive industries. 
The positive R&D and negative capital investment effects are industry-specific.  

If both industry and time fixed effects are controlled for, ICT, human capital, 
services and net tax intensities, as well as market size, have a positive impact 
on efficiency. Thus, regardless of the economic cycle and industry, high educa-
tion and ICT investment have been among the best means for public policy to 
turn the trend from falling behind towards catch-up in Finnish industry. The 
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positive impact of human capital in the final model is in line with theories of 
absorptive capacity (Arrow 1969, Eaton & Kortum 1996) and human capital 
(Abramovitz 1986, Cohen & Levinthal 1989), and the empirical findings of 
Kneller & Stevens (2006), Griffith et al. (2004), and Kneller (2005).  

Across all models, net tax, competition, services, energy, ICT and R&D inten-
sities have either an insignificant or significantly positive impacts on efficien-
cy. In contrast, capital intensity has either a negative or insignificant impact on 
efficiency, depending on the model’s controls. Material and human capital 
intensity, as well as market size effects, depend on the model.  

The official evaluation of the Finnish national innovation system carried out 
in 2008 was not altogether wrong in its analysis. At least, “the high level of 
education and increasing technology inputs” (TEM 2009, p. 130) indeed re-
duced the technology gap. One cannot, however, truly speak of an innovation 
regime since the technology gap was wide, and it could be more effective to 
imitate technology leaders where possible, rather than engage in risky innova-
tion.  Higher R&D intensity levels may therefore be more related to structural 
change towards R&D-intensive (high-tech) industries, as the official evaluation 
of the Finnish national innovation system suggests (TEM 2009, p. 130). R&D 
intensity does not, however, raise industries automatically towards the tech-
nology frontier. Industries frequently invest in R&D to absorb foreign technol-
ogies, although statistically such imitation is typically categorized as innova-
tion100. In any case, there is little evidence to support a shift since the late 
1980s from “an investment-driven catching-up country towards an innova-
tion-driven and knowledge-based economy” as claimed by TEM (2009, p. 
130). 

Efficiency only measures relative change with respect to the sample frontier, 
and the average sample efficiency change is zero, while underlying productivi-
ty growth can be negative or positive. Productivity growth in leading countries 
in the sample period has not, in all evidence, been negative. Spillovers from 
positive global technological progress can raise productivity growth. It is 
therefore possible that the global technology frontier advanced more rapidly 
elsewhere, resulting in a widening technology gap with Finland despite local 
technical change. The shortage is therefore not of innovation, but of absorp-
tion of foreign technologies. The evidence is in favor of a technology absorp-
tion regime/ stage, rather than of an innovation regime.  

4.3 Correlations by industry 

Average effects are likely to have varied widely across industries. Correlations 
in Table 6 gives an idea of the directions and magnitudes. Since efficiency cor-
relates negatively or insignificantly with capital intensity in all industries, 
shows the absence of an investment regime during the sample period.  

R&D intensity correlates with efficiency in only two export-intensive indus-
tries: paper and pulp (21t22), and electrical and optical equipment (30t33) 

                                                           
100 For instance, the R&D survey of Statistics Finland categorizes products or processes new to the firm 
or the local market as innovation, even if they are not new on the global market.  
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(Table 6). The negative correlation of efficiency with R&D intensity in other 
industries may result from their maturity with respect to the industry life cy-
cle. Hence, only two industries appear to have been anywhere near an innova-
tion regime. In consequence, the exodus of the ICT manufacturing industry, 
the flagship of Finnish innovation, is all the more disconcerting. This industry 
was the key high-tech engine that revived growth after the early 90s depres-
sion and raised R&D intensity to leading global levels. Off-shoring of produc-
tion began already well before the recent adverse economic downturn in 2008.  

 In addition, services intensity, market size and net tax intensity proved posi-
tively associated with efficiency. Public sector intervention in terms of net tax 
intensity (taxes minus subsidies to production) seems on average to have been 
efficiency-raising. This can be explained by the fact that taxes are high for 
profitable enterprises, hence successful industries tend to pay taxes and net 
tax intensity is associated with efficiency. In key export industries, such as 
pulp, paper, printing and publishing (21t22), machinery, nec. (29), electrical 
and optical equipment (30t33), the correlation was positive. While it is natural 
that efficient firms pay more taxes, less expected is the finding that net taxes 
have burdened the private sector only to the extent that subsidies may have 
distorted competition.  

On average, services intensity seems to have contributed to efficiency over 
the entire period studied, rarely endangering efficiency. At the industry level, 
the average correlation was negative only in the wood-processing (20) indus-
try. The positive effect of services intensity is in line with the rapid growth of 
outsourcing in Finnish high-growth sectors, found by  Huovari and Jalava 
(2007, p. 17). In addition, the significant positive market size effects suggest 
that economic integration and globalization contribute to efficiency, as one 
would expect particularly with respect to scale and scope efficiency. 
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Table 6. Order-m Efficiency Pearson Correlations with Determinants of Efficiency by 
Industry101.  

*. Correlation is significant at the 0.05 level (2-tailed). **. Correlation is significant at 
the 0.01 level (2-tailed). 
                                                           

101 Industry notations: 15t16 Food, beverages and tobacco, 17t19 Textiles and leather products, 20 
Wood, 21t22 Pulp, paper, printing and publishing, 23 Coke, refined petroleum and nuclear fuel, 24 Chem-
icals and chemical products, 25 Rubber and plastics, 26 Other non-metallic mineral, 27t28 Basic metals 
and fabricated metals, 29 Machinery, nec., 30t33 Electrical and optical equipment, 34t35 Transport 
equipment, 36t37 Manufacturing nec; recycling.  
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Determinants include: Capital intensity; R&D intensity; Human capital intensity; Tax 
intensity; Subsidy intensity; ICT intensity; Services intensity; Energy intensity; Material 
intensity; Market Size; and Competition, respectively 

 
 

5. Conclusions 

A widely entertained hypothesis holds that as countries catch up with the glob-
al technology frontier, they need to shift from investment (capital-embodied 
technology adaption) to innovation-based growth models. It has been argued 
that low aggregate investment in Finland reflects such a structural change. To 
explore whether this is true, I estimated the distance to the frontier using or-
der-m frontier methodology on harmonized industry-level data for the period 
1986 – 2003.  

The results show that on average Finnish industries lie far from the frontier, 
with plenty of catch-up potential.102 However, disregarding positive ICT capi-
tal intensity effects, there was no indication of an investment regime either. 
Past overinvestment in capital may continue to burden efficiency long into the 
future, but low aggregate investment may also reflect stuctural change from 
capital-intensive to R&D-intensive industries in the economy. Instead, im-
proved absorption capacities (R&D and education) and absorption of new ICT 
technologies apparently aided catch-up, although the R&D intensity impacts 
turn insignificant once industry fixed effects are controlled for. Their positive 
impacts are therefore industry related, and raising R&D intensity does not 
present a universal remedy to industrial inefficiency. Moreover, the declines of 
the only two industries anywhere near an innovation regime, paper and pulp 
(21t22) and electrical and optical equipment (30t33), do not suggest a merry 
outlook to the Finnish innovation regime.  

 

  

                                                           
102 Though the sample ends in 2003, the fall in the share of high-tech in total exports from over 23% in 
2000 to 7.5% in 2012 supports the conclusion. Source: Finnish Customs, 2014. 
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Abstract 

 

According to knowledge-based growth theories, catch-up with the global technology 
frontier calls for a shift from physical investment to innovation. This prevailing prem-
ise in Finland is tested with an unbalanced panel of firms in Finnish ICT manufactur-
ing, over a period of rapid growth, 1990–2003. Stochastic frontier model estimation 
results are overwhelmed by scale elasticity associated productivity growth. Contrary 
to beliefs, R&D productivity was relatively low, regardless if measured by efficiency 
impacts of R&D intensity, technical change or R&D elasticity of output. Results are 
consistent with industry outcomes and reveal internal causes to the subsequent 
downfall of ICT manufacturing in Finland.  

Keywords: Scale, technical change, efficiency, R&D, size. 
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1. Introduction 

According to knowledge-based endogenous growth theories, catch-up with the tech-
nology frontier calls for a shift from a reliance on physical to R&D and human capital 
investment. As key innovation ingredients they spur endogenous productivity 
growth. Belief in such endogenous growth factors is widespread in small open EU and 
other economies, not least inspired by the prospect of increasing returns to scale. 
Large private and public (25 – 50 %) investments in R&D are made in OECD countries, 
with the EU Lisbon strategy calling for an even greater commitment to close the 
productivity gap with the technology frontier.  

The information and communications technology (ICT) manufacturing sector (or elec-
tronics industry) is considered highly R&D-intensive, high-tech, innovative and skill-
intensive, constituting the most important general-purpose technology revolution of 
our times. In addition to its decades of radical and incremental innovation, it is a key 
source of technological progress and productivity growth in other sectors, and catch-
up with the frontier.  

Finland’s R&D expenditure has been among the highest in the world, at above 3 % of 
GDP, due to private investments by the ICT industry. The electronics industry alone 
has accounted for roughly half of all corporate R&D activity, i.e. about 1.4 % of GDP, 
of which Nokia Corporation has accounted for about 90 %. Without these R&D in-
vestments, private R&D would only be 1 % of GDP and public and private R&D com-
bined 2 %, and Finland would not be considered a high-tech country, but an average 
European economy in terms of private R&D intensity, share of high-tech, labor 
productivity, and per capita GDP103.  

In the early 1990’s, the emergence of the cell phone subsector lifted the Finnish 
economy from the depths of depression to being heralded as the most competitive 
economy in the world104. Toward the end of the 1990’s, ICT manufacturing produc-
tivity and growth rates placed Finland second in the EU after the Celtic Tiger Ireland, 
and the share of high-tech exports rose from a few percentage points to as high as 23 
% of total exports in 2000 (Figure 1). Such a catch-up with the global technological 
                                                           

103 Though per capita income would be slightly above average, labor productivity would be clearly below. 
104 In 2001, for example, the International Institute of Management Development (IMD) rated Finnish 
technological infrastructure as the third best in the world. The United Nations Development Programme 
(UNDP) has considered Finland as the most technologically advanced country in the world, and in 2001 
the World Economic Forum rated Finland first in its growth and current competitiveness rankings.  In 
2002, the IMD placed Finland second in its competitiveness ranking, while the WEF ranked Finland third 
in its technology index and first for public institutions. Top rankings have persisted, although with a declin-
ing trend over the 2000’s, e.g. to 6th (WEF) place in 2008 or to 9th place (IMD) in 2009. See also Sabel 
and Saxenian (2008). 
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frontier is rare and exceptional, particularly because of the alleged prominent role of 
home-grown innovation in the transformation, for which the Finnish innovation sys-
tem has been praised (see e.g. Sabel and Saxenian 2008). 

Figure 1. Shares of high tech imports and exports in Finland’s foreign trade in 
1991-2008. Source: Statistics Finland. 
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Figure 2. Evolution of investment rate (investment/value added at factor cost) 
in total manufacturing, electronics and electrical equipment, and the radio, television 
and communications equipment industry (SIC 32) in Finland 1997 – 2007 and EU27 
2004-2007. Source: Eurostat.  
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Amidst the praise in the 2000’s, Finnish ICT manufacturing has been largely off-
shored, first to countries such as Estonia and Hungary and thereafter to China and 
India, etc. The share of high-tech (R&D-intensive) exports (Figure 1) and electronics 
investments, along with investments, have accordingly been faltering to well below 
average EU levels (Figure 2). Imports from offshored plants or suppliers have allowed 
the radio, television and communications equipment industry (SIC 32) to continue to 
grow in gross output terms (as reported by the Federation of Finnish Technology 
Industries), despite declining prices, while value-added and net exports growth have 
stagnated (Figure 3). Yet the share of value-added produced in Finland has remained 
high, due to China’s low manufacturing costs. As manufacturing has been offshored, 
the remaining functions, such as R&D, marketing, management, financing, logistics, 
i.e. internal corporate services, have been categorized as a services industry (Ali-
Yrkkö et. al. 2011) and the ICT services industry has expanded at the expense of 
manufacturing. Hence the situation has not been as bleak as high-tech export statis-
tics suggest in respect of emerging high-tech exporters. But these ICT services have 
not represented high value-added growth on their own, but have been entirely de-
pendent on the success of the product entity. The most important element for Fin-
land’s high tech future in these services is R&D, which needs to be productive to be 
sustainable.  
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Figure 3. Evolution of deflated output, value-added, intermediate inputs, exports, net 
exports and value-added at factor cost in the radio, television and communications 
equipment industry (SIC 32) in Finland and US output 1990 – 2008105.  

There are also some indications that similarly other old EU Member countries have 
been losing high-technology manufacturing to rapidly growing transition or newly 
industrialized economies, despite extensive investments in R&D and education, and 
liberalization of markets (see Figure 4 for EU and Figure 3 for US output in the SIC 32 
industry). Since 2001, European ICT manufacturing has lost thousands of R&D jobs. 
Employment in the industry106 has generally declined since the 2000 peak below 
previous levels in the OECD economies, with the exception of the Czech Republic, 
Slovakia and Korea (and Switzerland). In 2005, the weight of the ICT sector remained 
the highest in Finland among the EU27, although in 2002 – 2005 the EU countries 
specialized in ICT, Finland and Ireland suffered substantial drops in ICT value-added 
per GDP. However, Finland was the only country in which there was a contraction in 
the ICT sector’s value-added in absolute terms (European Commission, 2009, p.42). 
Despite all the education, innovation and high-tech rhetoric, investment trends have 
favored medium-technology industries (Berghäll, 2009), and have continued to do so 
at least until 2011.  

                                                           
105Korean data is used in comparison since global data on the ICT industry was unavailable. The econo-
my-wide growth and trade data for Finland is highly correlated with industry data, due to its significance to 
the overall economy. Net real exports, which closely follow real value-added, have been in steady decline 
since 2002. Imports from China to Finland grew by about 50 % p.a. for the three years to 2006. Despite 
this, the ICT equipment industry still exported 80 % of its output in 2004 and accounted for 25 % of total 
Finnish goods exports. Source: Federation of Finnish Technology Industries.  
106 SIC 32 classification. 
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Figure 4.  High-tech exports as % of total exports. Source: Eurostat.  

 

What happened to Finland’s shining high-tech future? Public innovation and technol-
ogy policy, its funding in particular, has often been blamed for the lack of growth in 
high-tech industries. Yet, could additional R&D funding really have made a difference, 
when aggregate business R&D relative to GDP has been among the highest in the 
world? Can exogenous shocks be blamed for the high-tech stagnation? Or were 
events the natural results of industry life cycle evolution towards maturity and de-
cline? Were there internal causes for the downfall of the cluster?  Could more appro-
priate innovation policy have saved the industry?  

I examine the premise that catch-up with the global technology frontier calls for a 
shift from physical investment to innovation in a stochastic frontier model applied to 
an unbalanced panel of Finnish firms in a dynamic and innovative leading R&D indus-
try, i.e. Finnish ICT equipment manufacturing over a period of rapid technological 
progress from 1990–2003. I disaggregate multi-factor-productivity growth into tech-
nical efficiency, technical change, scale elasticity, and examine how R&D and other 
factors have contributed to these.  

I seek to contribute to the literature on high-tech and innovation policy, namely to 
the role of R&D at the technology frontier in small open economies. Sufficient relia-
ble and comparable data is rarely available in small countries, while the Finnish case 
has general interest in representing an unusually successful leap to high-tech produc-
tion in a resource-constrained specialized export dependent economy.  Since in this 
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case the industry is unusually homogenous in its orientation toward mobile phone 
production, the assumption of a uniform production function is not as distortive as it 
typically is. Moreover, since ICT manufacturing dominated Finnish (R&D-intensive) 
manufacturing, its implications applied at the national level.  

Contrary to what was widely believed at the time, my results show high R&D injec-
tions to have been rather irrelevant to rapid productivity growth. Relatively low R&D 
productivity, in turn, was not due to a maturing of the industry life cycle toward cost-
efficiency, rather product life cycles in which radical innovations rendered past inno-
vations obsolete, while new innovation failed. In what follows, section 2 reviews rel-
evant empirical and theoretical literature, and section 3 briefly overviews the meth-
odology. Section 4 summarizes the data. The results are reported in section 5, and 
their implications are discussed and some final conclusions are drawn in section 6.  

2. Literature on firm size, innovation 
and industry evolution 

The Schumpeterian (Mark II) hypothesis of ‘creative accumulation’ deems firm size to 
be conducive to R&D, for reasons of both dynamic and static scale economies, asso-
ciated with larger firms’ better access to financial, technological, and production re-
sources, their ability to take on large-scale or risky projects and benefit from the 
learning effects. The regime emphasizes the predominance of tacit knowledge, low 
spillovers, high applicability of innovative activities and consequently high returns to 
R&D. The disadvantages of size include a potential loss of managerial control, bu-
reaucratic inertia, congestion, and strategic commitments that lock in technologies. 
In contrast, the so-called Schumpeterian Mark I regime characterizes situations in 
which technological progress emerges from new technology-based firms through a 
process of creative destruction. Small firms are likely to be more flexible internally, 
entrepreneurially dynamic and responsive to market sentiment, while being subject 
to tougher competition conditions. Scherer (1965) observed that market structure 
and the technological environment or opportunity shape the relationship between 
firm size and technical change. Accordingly, the Winter (1984) hypothesis emphasizes 
that small firm innovation activity responds to a different technological and econom-
ic environment.  

The empirical evidence is for and against both Schumpeterian hypotheses. Evidence 
in favor of the Mark II hypothesis has been found e.g. by Soete (1979), Link (1980), 
Cohen and Klepper (1996), and Pagano and Schivardi (2003).  In contrast, Acs and 
Audretsch (1988) found industry innovation to decrease with concentration and un-
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ionization. They emphasize (1990) the relative innovativeness of small firms consider-
ing their lack of formal R&D expenditures and perceive them as engines of innovative 
activity in certain industries (Audretsch, 1995). Link and Rees (1990) emphasize the 
diseconomies of scale resulting from bureaucratization in large firm innovation. Acs 
et al. (1994) suggest that small firms rely relatively more on spillovers from nearby 
university clusters. The vintage capital theory implies that new firms introduce new 
technology, while older firms need to upgrade their technology to stay in the market.  

Recent literature perceives the roles of small and large firms as complementary ra-
ther than competitive. For example, Autio and Ylirenko (1998) argue that technology-
based SMEs107 act as catalysts of technological diffusion and commercialization of 
new technology, while being pulled along by the demand effect of large locomotive 
firms, to whom small firms offer services aimed at increasing production efficiency, 
external R&D or act as subcontractors or equipment suppliers. Similarly, Pagano and 
Schivardi (2003) argue that the full exploitation of innovation opportunities benefits 
from the presence of large firms, although small and young firms may play a promi-
nent role in experimentation and the introduction of new products.  

In the end the relationship between innovation and market concentration varies 
greatly, being endogenously determined by technology and competition (Scherer & 
Ross, 1990). Technological opportunities and risks vary across industries and over 
time, and these inter-industry differences determine innovation intensities over mar-
ket concentration. According to Audretsch (1995) three factors shape the firm-size 
distribution: the underlying technological conditions, scale economies and demand. 
In his review of the literature on factors influencing R&D intensity and market struc-
ture, Symeonidis (1996) sums up empirical work, also including the institutional 
framework, strategic interaction and chance. The stylized facts and statistical regular-
ities include high sectoral diversity in firm size distribution, labor productivity across 
firms, persistence of profitability, rate of technical change, market structure and or-
ganization of innovative activity. Moreover, industry dynamics are very much influ-
enced by outliers, and non-convergence toward the mean is more likely than conver-
gence. Even within smaller industries, the size, growth, productivity and innovative-
ness, etc., i.e. the structure and performance of firms, varies greatly. (See e.g. 
Malerba, 2006).  

Another strand of literature perceives firm size as a function of industry evolution. 
Life cycle theories portray a dynamic relationship between innovation, returns and 
firm size. Technological opportunity and market structure evolve. In a very simplified 
form,  an industry is characterized in its early stages by small firms and one or more 
radical product innovations108 and technological discontinuities. During the (demand) 
growth stage the industry continues to be highly innovative, but innovative activity 
becomes increasingly incremental, process-related and generated by ever larger 
firms. As a dominant design emerges, competition is increasingly dominated by cost-
cutting and efficiency-raising incremental process innovations supported by scale 

                                                           
107 Defined as firms with less than 200 employees operating in high-tech sectors. 
108 Radical (breakthrough or revolutionary) innovations render existing technological knowledge, compe-
tences or products obsolete. In contrast, incremental innovations are small, with gradual improvements 
that build on and strengthen existing knowledge and competences.  
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economies, though R&D and incremental innovations may continue to play a role in 
product differentiation. While optimal firm size may vary by industry, as the technol-
ogy matures and the technological opportunity narrows industry consolidation pro-
ceeds as large firms tend to take over (often literally) smaller firms and entry falls. 
Finally, in the decline stage, output growth levels or even declines, and the little re-
maining innovation occurs mainly in small firms. (Klepper, 1996, Agarwal & Gort, 
2002, Audretsch & Feldman, 1996). 

Although there is evidence against the industry life cycle109, there are established 
stylized facts: initially output rises, but then it falls; Product innovation is typically 
associated with lower concentration, and emerging and growing industries; In con-
trast, process innovation is associated with concentration in large firms and more 
mature industries. Other stylized facts include a high initial entry rate being replaced 
by exits over time, market share volatility stabilizing over time, and important first-
mover advantages. It is also a stylized fact that in most industries a few firms are 
responsible for a large number of innovations.  

3. Methodology  

Despite the advent of new growth theory and other contributions (e.g. by Romer 
1990, Grossman and Helpman 1991), productivity analyses are frequently hampered 
by strong assumptions, such as perfect competition, production efficiency and con-
stant returns to scale, and are hence unable to distinguish technical change from 
efficiency and scale economies. By applying a stochastic frontier (SF) model, it is pos-
sible to identify various determinants of technical efficiency, as well as to estimate 
the persistence of efficiency advantages and their dependence on the location. Tech-
nical (productive or x-efficiency) efficiency refers to a firm’s ability to obtain maxi-
mum output from a given set of inputs (given their optimal ratios) or expenditure. 
Technical inefficiency captures the firm’s shortfall in productivity relative to the most 
efficient firm(s) in the sample, or its location beneath the industry’s best-attainable 
frontier, over which the firm has some measure of control. The production possibility 
frontier emerges from the long-term equilibrium on perfectly competitive markets, 
when average costs are minimized on the average cost curve (Farrell, 1957).  

A major advantage of stochastic frontier (SF) models, relative to deterministic data 
envelopment analysis, which is also popular, is the separation of random variation 

                                                           
109 For instance, McGahan and Silverman (2001) found no proof of a decline in patent applications, or of a 
shift from product to process innovation, or of market leaders playing more important roles as industries 
matured.  
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from actual productivity effects. Growth accounting by index methods, such as Di-
visia, Malmqvist, Solow and Kendrick indexes, typically require price data and assume 
constant returns to scale, thus confusing technical efficiency with scale efficiencies. 
The major disadvantage of the stochastic frontier approach is the need to assume a 
functional form for the production function.110  

To minimize the risk of imposing distorting assumptions, I relax the constant returns 
to scale assumption and approximate production technology with the following 
translog (transcendental) production function:  

 (1) 
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where Y is the output of the i-th firm observed in period t, the ’s denote parameter 
estimates of the production function, X’s the variables, with i the company, j and h 
denote inputs (i.e. logarithms of physical capital (k), non-R&D labor (l) and R&D capi-

tal (r), and t the year. The error term, it , does not include any pure time-specific 

component since time is introduced as one of the explanatory variables in the pro-
duction function. 

The frontier production function is estimated with OLS and maximum likelihood. The 
Method of Moments and Battese-Coelli efficiency measures are applied to obtain 
both permanent and time-varying efficiency levels, as well as determinants of ineffi-
ciency. Altogether four models were estimated. A standard OLS regression (model 
D0, i.e. with no account taken of unobservable firm heterogeneity or time-specific 
effects) was run to establish the benchmark to which the results of modifications to 
the model could be compared. First, it was extended to account for firm characteris-
tics (foreign/domestic ownership (type), size (number of employees in six groups), 
export status (exports or not), age (4 categories), and leverage), (henceforth model 
D1). Another extension was to include firm dummies to account for fixed effects (i.e. 
the least squares dummy variables model (henceforth model D2)). The OLS estima-
tions included method of moments technical efficiency methodology. Finally, maxi-
mum likelihood estimation was applied to obtain the advantages of Battese-Coelli 
estimates of technical efficiency and to identify determinants of efficiency (similar to 
the D1 model) (henceforth model ML). 

Technical efficiency levels were estimated first to establish the technology frontier 

based on the following assumptions: the error term, ititit uv  is composed of a 

random error term, it is i.i.d. N(0, 2 ) and an inefficiency term, uit, which is i.i.d. N(

itZ , 2
u), i.e. obtained from a truncation of the normal distribution at zero, but with 

mean itZ  and variance 2
u. Battese-Coelli efficiency is specified as  

(2) ititit wZu ,  

                                                           
110 Coelli, Rao and Battese (1999).   
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where wit is defined by truncation of the normal distribution wit ~ N(0, 2
w) with left 

truncation at itZ  for each i.  

To distinguish between permanent and time-varying inefficiency, the technical effi-
ciencies were also estimated with the method of moments in the OLS regressions (as 
in Berghäll, 2006). Heshmati et al. (1995) specify the error term as  

(3 ) ,ititiit     

   

where i are the fixed or unobservable firm-specific effects, it  is random variation 

(i.i.d. and N(0, v
2)), it is technical inefficiency (Teff), (i.i.d. and N(0, 2)) when trun-

cated from the above ( it  0). In addition, it and it are assumed to be independent 
among themselves. 

Productivity growth was thereafter disaggregated into scale and factor input elastici-
ties, technical and technical efficiency change, and outcomes identified for different 
sizes of firms. Input (capital, labor and R&D) elasticities were obtained from the first 
derivative of the production function in respect of each input factor as: 
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where jE is both firm- and time-varying, j,h=k and l, i=firm, t=time. The marginal 

productivities of factor inputs are then obtained from )(Y/X jjE . The rate of exoge-

nous technical change (TC) is obtained as: 

(5)  .lnln
j ijtjtittt

i
it Xt

t
YTC  

Scale elasticity (or returns to scale, RTS), defined as the percentage change in output 
due to a proportional increase in the use of all inputs, can be calculated as the sum of 
input elasticities:  

(6)  jjERTS  

Two measures of total factor productivity growth (TFP with a dot) are estimated. In 
TFP1 (input based TFP) scale elasticity is weighted by input shares proxied by their 
input elasticities:  

(7)  
j jitjititit XERTSTCBceffTFP )1(1  

TFP2 (output based TFP) is estimated by using the unweighted growth rate in output 
as a proxy for estimated changes in output:  
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(8)  itititit YRTSTCBceffTFP )1(2  

 

4. Data and Variables  

The unbalanced panel was constructed of private manufacturing firms engaged pre-
dominantly in ICT equipment manufacturing111 between 1990 – 2003. The Statistics 
Finland databases used include the Longitudinal Database on Plants in Finnish Manu-
facturing112 1974-2002, Financial Statements Statistics113 1986-2003, and R&D Sur-
veys 1985-2003. Micro-firms with less than 20 employees had to be excluded due to 
data shortages and irregularities114. Nevertheless, the sample covers over 90 % of the 
R&D carried out in the sector, which in turn represents about half of corporate R&D 
in Finland.  

Real value-added measures output (Y), the dependent variable, while the factor in-
puts are non-R&D labor (L), the physical capital stock (K) and the R&D stock (R). Labor 
input is proxied by total firm personnel due to data shortages on hours worked. The 
LDPM database provides proxies for physical capital, built from machine and equip-
ment assets using the perpetual inventory method with a 10 % depreciation rate, i.e.  

ttt IKK 1)1(  where δ is the depreciation rate.  

Similarly, the R&D capital stocks were built from total intramural R&D invest-
ments.115 The stock approach follows the lines of Griliches (1979), Griliches and 
Mairesse (1983), Mansfield (1980), and many others, and is in line with the cumula-
tive nature of invention in evolutionary theory116.  As R&D was included as an input, 
R&D employees were deducted from the total labor input number to avoid double-

                                                           
111 If the official categorization shifted back and forth between services and manufacturing, a firm was not 
excluded nor was the time series interrupted, provided that the firm was categorized in manufacturing at 
the beginning and end of the sample period.  
112 LDPM/ Teollisuustilasto. 
113 Tilinpäätöspaneeli. 
114 After the exclusion of firms with less than 20 employees, the Statfin longitudinal database covers 35 – 
70 % of all firms in the period (Maliranta, 2003, p.295).  
115 Since external R&D expenditure has a one-time impact on the company knowledge stock and ranged 
at about 5 % when available at all, it was excluded. 
116 The use of a stock measure raises the R&D input too high only if the R&D depreciation rate is too low. 
Hence the (high) 30 % depreciation rate applied to the knowledge stock is appropriate, although asym-
metric and imperfect information on future returns make it impossible to value it precisely.  In contrast to 
the R&D as an investment view, a flow measure equals 100 % depreciation of knowledge acquired over 
the period.  
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counting117. To the extent that R&D expenditure represents the wages of trained 
R&D employees, the R&D capital measure also incorporates human capital in the 
model. The initial R&D stock was based on data from 1985-1989 when available. 
Otherwise only reported R&D data could be used to construct the R&D stock118. Sev-
eral annual depreciation rates were experimented on. The 30 % rate was applied for 
the initial and the subsequent R&D stock, because it proved to be in line with rapid 
technological development (confirmed by the results) and prior findings for the in-
dustry119. Summary statistics are presented in Table I.a and Table I.b for the sample 
excluding the two largest outlier firms. Regardless of the R&D and capital stock esti-
mation methods, the industry is clearly R&D than capital-intensive.  

Table I.a)  Summary statistics for variables in the stochastic production function 

 N Mean Std. Dev. Mini-
mum 

Maximum 

Value added 
(€), (Y)  

988 39029555 284298161 91531 6474956360 

Turnover (€) 944 147864331 1051549520 768851 25578904364 

Capital (€), (K) 988 12386491 39379952 218 541878095 

No of person-
nel minus 
R&D person-
nel , (L) 

988 305 931 1 13516 

R&D capital 
stock (€), (R) 988 8962878 42069068 826 695930103 

Log Lerner 
index 929 0.06 0.19 -3.66 0.57 

Log debt ratio 
(%) 929 113 453 -2863 8854 

 

  

                                                           
117 In 2004, the sector employed more personnel in subsidiaries abroad than in Finland as a consequence 
of outsourcing, but the sample figures include only activities in Finland. 
118 For 1998-2000, the R&D panel suffers from several missing observations, overcome by imputing two-
year averages. This is justifiable by the high serial correlation of R&D relative to other investment, since 
firms avoid laying off R&D employees during downturns (Hall, 2002).  
119 The depreciation of the R&D stock (δ) is often fixed arbitrarily at 10 % or 15 %, which are consistent 
with the estimates obtained by Bosworth (1978) on the basis of patent renewal data. However, Pakes and 
Schankerman (1984) estimate an average rate of 25 %, also from patent renewal data, and recently 
Bernstein and Mamuneas (2006) estimate industry-specific rates that range from 18 % for chemicals to 
29 % for electrical products.  
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Table I.b)   Key summary statistics excluding the largest firms 

 N Mean Std. Dev. Mini-
mum 

Maximum 

Value added (€), (Y)  966 14924613 28 992188 91 531 270911820 

Turnover (€) 922 67026149 257812963 768851 5389728536 

Capital (€), (K) 988 7861605 14296 615 218 105159228 

No of personnel minus 
R&D personnel , (L) 966 204 290 1 1975 

R&D capital stock (€), 
(R) 966 3504609 15115879 29 374960574 

 

The additional determinants of efficiency introduced into the Battese-Coelli (BC) 
model include the firm-specific Lerner index (for competition), the firm leverage ratio 
(for financial constraints), and four dummy variables, i.e. ownership status in terms 
of domestic or foreign, exporter status, firm size and age. Firm size impacts were 
estimated by separating the sample with dummy variables into 6 categories by the 
number of employees. Exporter status was extracted for 1995-2002 to control for 
exposure to global competition. Entrant and incumbent effects were approximated 
by 4 age categories.120 Their frequency distributions are presented in Tables II and III.  

Table II Frequency distribution of firms by age and number of personnel 

Age in years Freq. (%) Size by no. employees Freq. (%) 

Age1:  under 2 (25 %) Size1: 20 to 50 (35 %) 

Age2: 2 to 4 (15 %) Size2: 50 to 100 (17 %) 

Age3: 4 to 7 (14 %) Size3: 100 to 250 (20 %) 

Age4: over 7 (47 %) Size4: 250 to 500 119 (12 %) 

  Sixe5: over 500 160 (16 %) 

 988  988 

 

  

                                                           
120 Size classes 1 and 2, and age classes proved statistically insignificant in OLS regressions.  
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Table III Frequency distribution of firms by urbanization, localization, export and 
ownership 

Urbanisation 

a 
Freq. 
(%) 

Localisation 

b 
Freq. 
(%) Exports Freq. 

(%) Ownership Freq. 
(%) 

Urb1 : Under 
2 000 

73 (7 
%) 

Loc1:  Less 
than 3c  

85 (8 
%) Exp1: 

No 

130 
(13 
%) 

Type1: 
Domestic 

857 
(87 
%) 

Urb2 : 2 000 
to 110 000 

203 
(21 
%) 

Loc2: 3 to 9 
105 
(11 
%) 

Exp2: 
Yes 

858 
(87 
%) 

Type2: 
Foreign 

131 
(13 
%) 

Urb3:  Over 
110 000 

712 
(72 
%) 

Loc3: Over 
10  

799 
(81 
%) 

    

Total 988  988  988  988 

a Size Population in  Urban Area; b No. of ICT  

The nominal variables were deflated by sectoral producer price indices at the 2 and 3 
digit levels (1995=100), except for R&D data, which was deflated using the sectoral 
earnings level index after 1995, and the general earnings level index prior to it. These 
choices were based on the availability of indices and the strong decline in some ICT 
output prices.  

 

Figure 5.   Size distribution of (non-micro) firms in the sample and in the indus-
try, 1993 and 2003. 
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Figure 6.  Size distribution of (non-micro) firms’ turnover in the sample and in 
the industry, 1993 and 2003. 

R&D, capital, labor and value-added data were available for altogether 164 firms. The 
exclusion of firms with less than 20 employees cuts out only 2 – 6 % of total turnover, 
5 – 9 % of wage costs, 7 – 12 % of employees, but 86 – 89 % of firms in the sector for 
1993 – 2003. Similarly to reality where firms with 500 or more employees accounted 
for 70 % of all R&D, and firms with at least 100 employees for 87 % of total corporate 
R&D121 in 2003, in the sample, firms with over 500 employees account for 76 % of 
total R&D capital. 

Large firms are more likely to report R&D expenditure (Kleinknecht, 1987, Stoneman 
and Toivanen 2001) and be included in the sample, although the 1990’s ICT hype 
encouraged many small firms to exaggerate R&D investment to harness investor 
appeal. The R&D Survey data description concedes that measurement errors may 
arise from varying firm responses to the survey, but that sample error and under-
coverage are small.122 The exclusion of non-R&D-performing firms is not a significant 
drawback, since it contributes to the homogeneity of the sample firms. As an unbal-
anced panel was applied, the selectivity problem caused by entry and exit should be 
less severe.  

In sum, the above biases are tolerable provided that they do not change the shape of 
the production function significantly.  As my sample includes only one industry, the 
panel firms can be assumed to be subject to similar (no) regulation, free markets with 
no restrictions on output, to demonstrate similar profit- or revenue-maximizing be-
havior, which allows me to apply an output distance function, and fit the firms and 
plants into the same functional form of the production function, i.e. technology, for 
their relative efficiencies to be comparable. This represents one of the strengths of 
the analysis, since unlike many studies, no attempt is made to pool different indus-
tries using different technologies, with highly heterogeneous products and respond-
ing to different incentives and operating in different conditions subject to structural 
change. While the technologies firms use may vary greatly by firm even within the 

                                                           
121 Statistics Finland, , Science, Technology and Information Society Statistics, 2005. 
122 Statistics Finland. Quality description: R&D. 2005. 
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same industry, the choice of the Finnish ICT manufacturing industry constrains the 
sample to firms operating in a rather small and yet globally open cluster highly spe-
cialized in mobile communications, particularly handset technology.  

5. Results 

5.1 Estimation results 

The results of the analyses support the stochastic and translog formulation. Ineffi-
ciency accounts for a large share of the variation in the error term (equation 1). The 
scale elasticities vary by firm size and methodology (Tables V.a and V.b, equation 6).  

The significance of firm size became evident from virtually all the results and model 
variations. Almost all elasticities were higher on average in large (sizes 3-5), (old (ages 
3-4), foreign (type 2) and exporting (exp2)) firms regardless of the model, contrib-
uting to substantial scale elasticities. The mean elasticities of capital and non-R&D 
labor declined when firm-specific factors were controlled for (model D2), but show a 
slightly rising trend over time (eq. 4, Table V.a). Only reduced forms i.e., final estima-
tion results, are presented in Table IV and Figure 10).  

Scale elasticities increase with average firm size, i.e. the larger the firm, the better 
returns it gets on its investments and resource inputs, including capital. Figure 7 illus-
trates the situation in a simplified one input and output framework, i.e. most firms 
are below the darker part of the (S-shaped) production possibilities curve, i.e. in a 
position similar to point D. Even large frontier firms are at a point similar to E, i.e. 
technically efficient, but below the scale-efficient point C. The slope of the produc-
tion function appears to be still rising as scale efficiency has not yet been reached. In 
contrast, at points A and B scale elasticities are decreasing, with point A being techni-
cally inefficient and B efficient.  

In addition to scale elasticities, technical efficiency, technical change and total factor 
productivity increase almost systematically with firm size (eq. 2 - 8 and Figures 8 and 
10 and Table V.a,). In contrast to size, firm age proved generally either insignificant or 
beneficial in terms of productivity growth (see e.g. Table IV). Thus, young firms 
showed no obvious new technology vintage advantage relative to older ones. On the 
contrary, older firms seemed more efficient, but this may be related to the fact that 
older firms tend to be larger.  

Technical change appears to accelerate over time in all size classes (eq. 5, ML model, 
Figure 8). After controlling for fixed factors (Model D2, Figure 9), technical change 
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shows a rising trend for the largest, but a declining trend for the smallest firms. Large 
firms are the main engines of technological progress.  

In 1993–2002 the elasticity of R&D (eq. 4) declined most in the largest firms. Once 
firm-specific fixed factors are controlled for (model D2), the elasticity of R&D im-
proves greatly, particularly for the smallest firms (size 1). Average R&D intensity and 
elasticity may be higher in smaller firms (Figure 11). In contrast, small firms were 
clearly technically more inefficient and R&D intensity proved a significant determi-
nant to it (Table IV).  

Some firms are more efficient and productive on a near-permanent basis. As a com-
parison of technical efficiencies for models D0 (OLS) and D2 (fixed effects) in Table 
V.a shows, differences in efficiency declined significantly in the fixed effects model 
(D2). Fluctuations in demand or other exogenous factors can only partly be blamed 
for any shortcomings in efficiency. This also means that inefficiencies cannot be 
blamed on the inherent uncertainty associated with innovation. Inefficiency in R&D 
use is not altogether time-varying, but rather firm-specific.  

 

Figure 7. Technical efficiency relative to scale efficiency, assuming one input (x) and 
one output (y).  
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Figure 8. Average technical change by size class (from smallest size1 to largest size5) 
in maximum likelihood (ML) model, 1990-2003 

 

Figure 9. Average technical change (TC) by size class (from smallest, size1, to largest, 
size5) with fixed effects (D2), 1990-2003. 
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Figure 10. Average scale elasticities by size class (from smallest, size1, to largest, 
size5) in maximum likelihood (ML) model, 1990-2003. 

 

 

Figure 11. R&D intensity (R&D capital / no. of personnel) by firm size between 1991-
2003.  
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Table IV   Maximum likelihood estimates and determinants of technical inefficien-
cy (Bceff, eq. 1 and 2) 

  Full sample Without 2 lar-
gest outliers = 

A 

A - debt, cap. 
int. exports, 

age, urb., loc. 

A - debt, cap. 
int., exports, 

type, age, urb., 
loc. and R&D 

  Par. est. Std. 
error Par. est. Std. 

error 
Par. 
est. 

Std. 
error Par. est. Std. 

error 

  12.27*** 1.09 9.59*** 1.27 10.48*
** 1.06 16.94*** 1.01 

k  -0.07 0.14 -0.00 0.14 -0.05 0.13 -0.24** 0.14 

l  0.04 0.22 0.45** 0.25 0.50** 0.24 0.09 0.22 

r  0.12 0.1 0.28*** 0.11 0.20** 0.10   

t  -0.12** 0.05 -0.06 0.06 -0.10** 0.05 -0.21*** 0.06 

kk  0.04*** 0.01 0.04*** 0.01 0.04*** 0.01 0.04*** 0.01 

ll   0.20*** 0.03 0.18*** 0.03 0.19*** 0.03 0.21*** 0.04 

tt   0.01*** 0 0.01*** 0.00 0.01*** 0.00 0.01*** 0.00 

rr  0.07*** 0.01 0.06*** 0.01 0.06*** 0.01   

kl  0 0.02 -0.02 0.02 -0.02* 0.02 -0.05*** 0.02 

kt  0 0 -0.00 0.00 0.00 0.00 0.00 0.00 

tl  0.04*** 0.01 0.04*** 0.01 0.04*** 0.01 0.03*** 0.01 

kr  -0.03*** 0.01 -0.03*** 0.01 -
0.03*** 0.01   

lr  -0.05*** 0.01 -0.06*** 0.01 -
0.06*** 0.01   

tr  -0.01*** 0 -0.01*** 0.00 -
0.01*** 0.00   

123
 -1.03 0.75 -1.21*** 0.43 -

1.48*** 0.47 2.71*** 0.19 

124   -0.38*** 0.04 -0.35*** 0.04 -
0.38*** 0.05 -0.26*** 0.02 

125   0.02 0.02 0.02* 0.01     

126   -0.02 0.06       

                                                           
123 Intercept for efficiency 
124 Log Lerner index (profits/turnover) 
125 Log debt ratio 
126 Log capital intensity 



Essay 3 

124 

  Full sample Without 2 lar-
gest outliers = 

A 

A - debt, cap. 
int. exports, 

age, urb., loc. 

A - debt, cap. 
int., exports, 

type, age, urb., 
loc. and R&D 

127  0.27*** 0.04 0.27*** 0.04 0.29*** 0.05 -0.09*** 0.01 

128   0.11 0.11 0.11 0.10 0.06 0.11   

129   0.19 0.12 0.21** 0.11     

 Size 
2 -0.12 0.11 -0.07 0.11 -0.10 0.11 -0.29*** 0.07 

 Size 
3 -0.50*** 0.14 -0.43*** 0.12 -0.36 

*** 0.14 -0.69*** 0.10 

 Size 
4 -0.38** 0.16 -0.41*** 0.16 -0.34 

** 0.16 -0.88*** 0.14 

 Size 
5 -0.91*** 0.19 -1.09*** 0.21 -1.03 

*** 0.24 -1.54*** 0.25 

 Age 
2 -0.08 0.11 - 0.06 0.12     

 Age 
3 -0.09 0.12 -0.06 0.12     

 Age 
4 -0.18 0.1 - 0.16** 0.10     

 Loc 
2 -0.29 0.18 - 0.28** 0.17     

 Loc 
3 0.12 0.19 0.11 0.16     

 Urb 
2 0.02 0.18 0.05 0.18     

σ2 Urb 
3 -0.32 0.2 - 0.30* 0.20     

γ130  0.37*** 0.03 0.36*** 0.03 0.40*** 0.04 0.33*** 0.02 

Gamma 0.53*** 0.05 0.54*** 0.05 0.57*** 0.05 0.28*** 0.09 

Mean BC 
efficiency 

0.60  0.57 0.23 0.60 0.22 0.41 0.22 

N 988/ 615    966/ 
599    

*** t-value significant at the 1 % level; ** at the 5 % level; * at the 10 % level. 

Note: The positive delta e.g. for debt ratio indicates that the more indebted firms in the 
sample tend to be less efficient. A negative delta for a dummy variable like size and 
age imply an opposite relationship with inefficiency. A negative delta for the Lerner 
index indicates that the higher the firm’s profitability, the lower its inefficiency. 

                                                           
127 Log R&D intensity 
128 Type 2 (Foreign-owned) 
129 Exp2  (Exporter) 
130 Sigma-squared 
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Table V.a) Average firm size impacts from maximum likelihood (ML), pooled (D0) 
and fixed effects (D2) OLS estimations 
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Table V.b) Average firm size impacts without largest outliers from standard (MLt7) 
and reduced form (MLrf) maximum likelihood and fixed effects estimations  
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*Standard version, as above, **Reduced version without 
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5.2 Outliers and robustness checks 

In frontier analysis, the exclusion of outliers is even more suspect than usual, as it 
may result in the removal of frontier firms defeating the purpose of the exercise. 
Even on average, outliers are likely drivers of industry performance. Hence, only 3-4 
% of the observations were removed from the original sample due to negative or 
missing value-added, extreme annual variation or otherwise impossible figures. Nev-
ertheless, to further explore the impact of the frontier on the industry average, esti-
mations were repeated for a sample excluding the two largest outlier firms in terms 
of labor, capital and R&D. Due to data secrecy requirements and because Nokia 
Group has been split into its subgroups in the data, it is not clear whether these out-
liers belonged to Nokia Group. The only clear difference in the results was a level 
increase in R&D elasticity in the maximum likelihood estimations of the original sam-
ple for firms of all sizes. In addition, value-added and R&D stock growth, as well as 
R&D intensity, declined for the largest firm size group. Hence, the largest, which are 
also frontier firms, appear to have innovated extensively, but rather inefficiently. 

Other robustness checks included the estimation of the models and samples with 
true fixed and random effects frontier methodology. In addition, loss-making and 
wealthy firm effects were re-examined by adding the largest loss or debt +1 prior to 
the logarithmic transformations. Results considering losses and wealth effects for 
true fixed and random effects estimates were similar to the original ones for compe-
tition (-), R&D intensity (-) and firm size (+) effects on efficiency. Although the impact 
of firm size on efficiency was not as strong as the original sample suggested, its im-
pact actually increased with the exclusion of the largest firms. Moreover, as before, 
technical change was labor-using and R&D-saving. Among the factor inputs, labor 
continued to enjoy clearly highest elasticity. All variations of robustness checks 
proved consistent with respect to declining R&D elasticity, but rising non-R&D labor 
elasticity for firms of all sizes. This in fact may be one explanation to rising off-
shoring, since non-R&D labor is of limited supply in Finland.  

Altogether, although the flexibility of the functional form renders the results less 
robust to changes than rigid functional form estimates, the results proved surprising-
ly consistent to both sample and methodological alterations. The main difference for 
panel data estimates that the Battese-Coelli and true fixed effects drew out was sig-
nificantly lower scale elasticity combined with no technical change or regress. The 
panel data BC model also showed decreasing RTS, but positive TC. The estimates 
ranged around 0.6-0.9 showing decreasing returns to scale. Hence, the extent of 
scale elasticity and rate of technical change seem sensitive to the methodology. 
While technical regress is implausible, so are strongly increasing returns to scale on 
average over a long period and large sample.  

What the robustness checks eventually corroborate, are low returns to R&D, but high 
returns to scale, despite sensitivity of scale elasticity to the methodology. That is, 
high elasticities and efficiencies of the largest (frontier) firms are more related to firm 
size and competition, while R&D in contrast contributes to inefficiency. This is not to 
say that R&D is irrelevant, quite the opposite. Sensitivity of the results with respect 
to R&D productivity, particularly R&D elasticity, to the exclusion of the two largest 
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firms reveals the significance of R&D productivity. These findings have interesting 
implications, discussed further below.  

6. Discussion and conclusions 

High productivity growth in the Finnish ICT industry has been well documented and 
acknowledged. The aim of this paper was to evaluate whether it was indeed due to 
R&D investments, as has been generally assumed, and whether there were internal 
causes to the subsequent downfall of the industry. Contrary to general perceptions, 
my results show R&D returns to have been relatively small. The fall of the ICT cluster 
may therefore at least partly be explained by shortages in returns to innovation.  

Even if the frailty of R&D returns, relative to overall scale elasticities, and noncorrela-
tion of R&D intensity with technical change, was detected, it was easy to misinterpret 
the signs. In the presence of low returns to innovation, ICT product life cycles can be 
mistaken for industry life cycle developments toward maturity and cost efficiency. 
Firm size differences, high non-R&D labor and relatively low R&D and capital elastici-
ty (Table V.a) are associated with industry maturity. Moreover, in a mature industry, 
production techniques have been standardized and competition is increasingly cost-
based. Although the original sample produced rapid technical change and increasing 
scale elasticities at the firm level (Figures 8 and 9), the robustness checks with true 
fixed and random effects turned this into technical regress or no technical change 
and decreasing returns to scale. Moreover, a plant-level analysis of the data 
(Berghäll, 2008) revealed decelerating technical change at the plant level. The com-
bination points toward maturing production techniques, in the presence of mutli-
plant economies.  

Maturity is typically linked to offshoring to cheaper production locations, as has been 
the case in the 2000’s. After 2003, firms seem to have gradually shifted their opera-
tions abroad and cut domestic operations. Virtually all ICT manufacturing firms have 
offshored their production sites or disappeared in some other way. The maturity 
interpretation is also supported by the entry and exit of firms in the industry. Klepper 
and Graddy (1990) and Gort and Klepper (1982) identify mature industries based on 
net entry rates, with the latter perceiving maturity to begin when the growth rate of 
the number of firms begins to decline (i.e. the absolute number of firms or industry 
sales do not need to decline at this stage). As Figure 12 below shows, the absolute 
number of firms in the mobile phone (SIC 32) industry has been in decline in the 
2000’s.  
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Figure 12.  Entry and exit in the Finnish ICT manufacturing industry, 2001-2009. 
Source: Statistics Finland 

Yet, the declining trend in the number of firms was reversed in 2005, as Figure 12 
above shows, with rapid growth setting in, sustained until the global financial crisis 
broke out in 2008. Other signs of important technological opportunities include suc-
cesses at the high end of the market, i.e. in so-called smartphones, by other global 
firms, such as Apple and Google. Ample growth opportunities have also been found 
by Korean electronics conglomerates and growing Chinese firms. Also my results on 
entirely Finnish data showed rapid productivity growth and accelerating R&D saving 
technical change at the firm level over the period.  

Outlier tests suggest that frontier firms’ R&D productivity, whether part of Nokia 
Group or not, has been rather low, despite their knowledge of markets, critical mass, 
public support and other resourcefulness. The benefit of hindsight has confirmed 
important missed technological opportunities by the market leader Nokia, which 
slashed returns to innovation despite an abundance of R&D inputs and profits to 
maintain them. R&D productivity among the rest of the ICT manufacturing cluster 
may have been of little significance when the entity fell with its market leader. Since 
the Nokia Group has accounted for the most fundamental and substantial share of 
Finnish R&D, its innovation inefficiency has been reflected in low national R&D effi-
ciency.  
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Figure 13.  Size distribution of firms in total industry in 1993 and 2003. 

The problems encountered by small new firms cannot be explained away by sample 
selection. Figure 13 shows the size distribution of firms in the industry in 1993 and 
2003, revealing the reversal of dominance from small to large firms in terms of firm 
number and turnover. Scale-related advantages seem to have overwhelmed the 
technological advantages of new firms. Increasing scale elasticities are consistent 
with the natural monopoly/monopsony characteristics of Nokia in the Finnish ICT 
industry. Although some robustness checks showed decreasing returns to scale, 
these results were due to the methodology, rather than the sample.   

Thus, there were important internal causes to the fall of the cluster that cannot be 
blamed on exogenous shocks. Yet, could more appropriate innovation policy have 
saved the industry? Finnish innovation policy encouraged firm cooperation and net-
working by making R&D support contingent on it (see e.g. Van Beers et al, 2008), 
which should have helped overcome at least R&D related scale-disadvantages. In 
addition, public investment in human and venture capital has produced an ample 
supply of highly skilled graduates, and abundant public and private financing leading 
to top world R&D investment rates, not to mention policy frameworks hailed in glob-
al competitiveness comparisons, i.e., conditions that can be categorized as ideal.  
Hence, there has been a lack of growth firms and absence of “new-Nokia” success 
stories131 despite active policy.  

                                                           
131 The search for new Nokias has been a constant feature of the Finnish public debate. 
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Could more appropriate policy have mitigated the internal obstacles encountered by 
new firms, such as those related to scale and R&D returns? Results showed that inef-
ficiencies in R&D cannot be blamed on the inherent uncertainty associated with in-
novation, but on firm-specific fixed effects. These are factors such as disadvantages 
due to large firm size, management, location, the innovation policy environment or 
other long-standing or predictable efficiency influencing factors or circumstances in 
the operating environment. In the end, such factors equal bad management, since 
they were not remedied despite the years to tackle them. Only to the extent that 
permanent location or policy related environmental factors contributed to firm-
specific fixed effects, could policy have made a difference. If for instance the funda-
mental error was Nokia’s inability to read consumer preferences, the remedy could 
have been headquarter offshoring to crucial markets, i.e., a prospect Finnish policy-
makers have dreaded ever since Nokia began its global conquest.  

At the same time, innovation policy rhetoric has altered to argue for the offshoring of 
monotone and routine low value-added manufacturing jobs, as long as Finland main-
tains its position as the R&D-intensive source of ideas, value-added, frontier technol-
ogy and productivity growth.132 How R&D intensive tasks could be maintained with 
low returns to R&D is, however, unclear. In addition to high R&D productivity, a 
strong R&D base requires substitutability with deficient physical investment (Figure 
2), and a general shift from manufacturing to services133 and intangible goods. Off-
shoring of manufacturing has, indeed, been accompanied by rapid expansion in ICT 
services as the remaining internal firm network services functions have been re-
categorized into the services industry. The success of services is, however, dependent 
on demand for the final manufactured product, and the prospects for services 
productivity growth are generally meagre relative to past ICT manufacturing produc-
tivity growth rates134. Moreover, services inputs can easily be outsourced elsewhere. 
That is, the so-called third wave of globalization involving the offshoring of individual 
tasks may gradually extend further into internal firm services. Furthermore, if a com-
pany such as Nokia, with its extensive global resources and channels, was unable to 
figure out consumer preferences in important markets abroad, how could Finland be 
a lucrative innovation base to smaller firms? Hence, the prospects of maintaining 
R&D functions, if manufacturing leaves and returns to the accumulated R&D stock 
are low, are undoubtedly weak.  

The case of the Finnish ICT industry highlights how easily innovation can fail at the 
technology frontier despite all policy efforts. While it may be difficult to reap increas-
ing returns to R&D after significant investments have been made, R&D productivity is 
vital to maintain and advance a frontier position, regardless of whether this origi-
nates from innovation or imitation. Recent developments135 underscore the risks of 

                                                           
132 A recent study has shown that 39 % of the value-added of a standard Nokia phone (N95) has on aver-
age been produced in Finland (Pajarinen et al. 2010). 
133 Relative to success stories such as Hong Kong or Singapore, Finland’s scanty record in services, its 
location and taxes promise no leapfrogging. 
134 In 2008, though well above the total economy average, the value-added per employee in ICT services 
(sector J) relative to ICT manufacturing (sectors 26 – 27) was less than 60 %.  
135 Nokia and Microsoft cooperation plans (published in winter 2011) have made Nokia R&D stocks and 
technologies obsolete to the extent they have been replaced by Microsoft technology. Such a downgrad-
ing of the largest accumulated Finnish R&D stock would obviously slash future returns to R&D.  Moreo-
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founding national competitiveness on endogenous factors when their productivity 
can suddenly turn out low. While it is necessary to ride technological waves from 
early innovation to more mature development, high-tech product cycles may be 
short and the productivity of R&D may turn out to be low, even if circumstances and 
policies seem recipe book ideal. R&D productivity is influenced by countless factors 
beyond endogenous growth theory.  

Policy cannot and should not interfere with internal firm management, but it can 
provide appropriate incentives and operating environments. Even at the frontier, 
incentives to invest in R&D may misallocate resources and lead to inefficiency. Sound 
national strategies diversify risks and do not determine R&D productivity based on 
labor productivity, R&D support additionality, economic or export growth, innovation 
indexes or their correlations with GDP,136 but seek to maximise returns on invest-
ment and improve resource allocation in general. Had the returns to R&D been bet-
ter at the national level, i.e., in terms of social returns and ICT cluster growth, R&D 
support policy would have been extremely sound, since obviously the private returns 
to R&D (at the firm level) did not encourage high R&D investment levels. On the oth-
er hand, ICT cluster growth and returns were high during the period. They only start-
ed to falter in the 2000’s after off-shoring to Asia began. 

 

References 

Agarwal, R & Gort, M 2002, ‘Firm and Product Life Cycles and Firm Survival’, Ameri-
can Economic Review, vol. 92, no. 2, pp. 184-190.  

Ali-Yrkkö, J, Rouvinen, P, Seppälä, T & Ylä-Anttila, P 2011, ‘Who captures value in 
global supply chains? Case Nokia N95 smartphone’, Discussion Papers no. 1240, ETLA 
(The Research Institute of the Finnish Economy),  Helsinki. 

Acs, ZJ & DB Audretsch 1988, ‘Innovation in Large and Small Firms: An Empirical 
Analysis’, The American Economic Review, vol. 78, no. 4 (Sep., 1988), pp. 678-690.  

Audretsch, DB 1995, Innovation and Industry Evolution, The MIT Press.  

Audretsch, DB & Feldman, MP 1996, ‘Innovative Clusters and the Industry Life Cycle’, 
Review of Industrial Organization, vol. 11, no. 2, pp. 253-273.  

                                                                                                                                                         
ver, the destruction may not be altogether creative, since R&D stocks take the physical form of research-
ers whose highly specialized expertise is not necessarily useful to other industries. 
136 Approaches favored by the national technology agency, Tekes in its reporting.  



Essay 3 

133 

van Beers, C, Berghäll E & Poot, T 2008, ‘R&D Internationalization, R&D collaboration 
and public knowledge institutions in small economies: Evidence from Finland and the 
Netherlands’, Research Policy, vol. 37, pp. 294-308. 

Berghäll, E 2006, ‘Technical Efficiency in an R&D intensive industry: Finnish ICT manu-
facturing’, VATT Discussion Papers no. 389, Government Institute for Economic Re-
search, Helsinki.  

Berghäll, E 2008, ‘Revealing Agglomeration Economies with Stochastic Frontier Mod-
elling in the Finnish ICT Industry’, VATT-Discussion Papers no. 435, Government Insti-
tute for Economics Research, Helsinki. 

Berghäll, E 2009, ‘R&D, investment and structural change in Finland: Is low invest-
ment a problem?’ Working Papers 6, Government Institute for Economic Research 
Finland (VATT).  

Bernstein, JI & Mamuneas, TP 2006, ‘R&D Depreciation, Stocks, User Costs and 
Productivity Growth for US R&D Intensive Industries’, Structural Change and Econom-
ic Dynamics, vol. 17, pp. 70–98.  

Bosworth, B 1978, ‘The Rate of Obsolescence of Technical Knowledge -- A Note’, 
Journal of Industrial Economics, vol. 26, no. 3 March, pp. 273–279.  

Cohen, WM & Klepper, S 1996, ’Firm Size and the Nature of Innovation within Indus-
tries: The Case of Product and Process R&D’, The Review of Economics and Statistics, 
vol. 78, no. 2, pp. 232-243. 

Farrell, MJ 1957, ‘The Measurement of Productive Efficiency’, Journal of the Royal 
Statistical Society, vol. 120 (pt.3, 1957), pp. 253–82. 

Gort , M & Klepper, S 1982, ‘ Time Paths in the Diffusion of Product Innovations’, The 
Economic Journal, vol. 92, no. 367 (Sep., 1982), pp. 630-653.  

Grossman, GM & Helpman, E 1991, Innovation and Growth in the Global Economy. 
The MIT Press, Cambridge, Massachusetts.  

Hall, B 2002, ‘The Financing of Research and Development’, Oxford Review of Eco-
nomic Policy, vol. 18, pp. 35-51.  

Kleinknecht, A 1987, ‘Measuring R&D in Small Firms: How much are we missing?’ The 
Journal of Industrial Economics, vol. 36, no.2, pp. 253-256. 

Klepper, S 1996, ‘Entry, Exit, Growth, and Innovation over the Product Life Cycle,’ The 
American Economic Review, vol. 86, no.3, pp. 562-583. 

Klepper, S & Graddy, E 1990, ‘The Evolution of New Industries and the Determinants 
of Market Structure’, The RAND Journal of Economics, vol. 21, no. 1, pp. 27-44. 

Link, A 1980, ‘Firm Size and Efficient Entrepreneurial Activity: A Reformulation of the 
Schumpeter Hypothesis’, Journal of Political Economy, vol. 88, no. 4, pp. 771-782. 



Essay 3 

134 

Link, A & Rees, J 1990, ‘Firm Size, University Based Research, and the Returns to 
R&D’, Small Business Economics, vol. 2, pp. 25-31.  

Malerba, F 2006, ‘Innovation and the evolution of industries’, Journal of Evolutionary 
Economics, vol. 16, no. 1-2, pp. 3-23.  

Maliranta, M 2003, ‘Productivity Growth and Micro-Level Restructuring: Finnish Ex-
periences in the Turbulent Decades’, Discussion Papers 757, The Research Institute 
for the Finnish Economy (ETLA).  

McGahan, AM & Silverman, BS 2001, ‘How does innovative activity change as indus-
tries mature?’ International Journal of Industrial Organization, vol. 19, issue 7, pp. 
1141-1160. 

Pagano, P & Schivardi, F 2003, ‘Firm Size Distribution and Growth’, Scandinavian 
Journal of Economics, vol. 105, no. 2, pp. 255-274.  

Pajarinen, M, Rouvinen, P & Ylä-Anttila, P 2010, Missä arvo syntyy? Suomi globaalissa 
kilpailussa. Taloustieto (ETLA B 247). The Research Institute of the Finnish Economy. 
Helsinki.   

Pakes, A & Schankerman, M 1984, ‘Rates of Obsolescence of Knowledge, Research 
Gestation Lags, and the Private Rate of Research Resources’, in Griliches, Z (ed.), 
R&D, Patents and Productivity, University of Chicago Press, Chicago, pp. 209–232.  

Pavitt, K 1984, ‘Sectoral patterns of technical change: Towards a taxonomy and a 
theory’, Research Policy, vol. 13, pp. 343-373. 

Robinson, J 1933, The Economics of Imperfect Competition, London, Macmil-
lan. 

Romer, PM 1990, ‘Endogenous Technological Change,’ Journal of Political Economy, 
vol. 98, no. 5, pp. 71-102. 

Sabel, C & Saxenian, AL 2008, ‘A Fugitive Success – Finland´s Economic future,’ Sitra 
Reports 80, Helsinki, Sitra. 

Scherer, FM 1965, ‘Firm Size, Market Structure, Opportunity, and the Output of Pa-
tented Inventions,’ The American Economic Review, vol. 55, no. 5, part 1 (Dec 1965), 
pp. 1097-1125.  

Scherer, FM & Ross, D 1990, Industrial Market Structure and Economic Performance, 
Houghton and Mifflin Company, Boston. 

Soete, L 1979, ’Firm Size and Inventive Activity: The Evidence Reconsidered’, Europe-
an Economic Review, vol. 12, pp. 319-40. 

Stoneman, P & Toivanen, O 2001, ’The Impact of Revised Recommended Accounting 
Practices on R&D Reporting by UK Firms’, International Journal of the Economics of 
Business, vol. 8, no. 1, pp.123-136. 



Essay 3 

135 

Symeonidis, G 1996, ‘Innovation, firm size and market structure: Schumpeterian hy-
potheses and some new themes’, Economics Department Working Papers, no. 161, 
OECD.  

World Economic Forum (WEF), Global Competitiveness Report, 2001-2002, Palmgrave 
Macmillan. 

World Economic Forum (WEF), Global Competitiveness Report, 2002-2003, Palmgrave 
Macmillan. 





137 

 

Essay 4 

R&D internationalization, R&D collaboration and public knowledge insti-
tutions in small economies: Evidence from Finland and the Netherlands 
 
Cees van Beers, Elina Berghäll, Tom Poot  
 
Research Policy, volume 37, issue 2, pages 294–308, 2008. 
 

 

© 2008 Copyright Elsevier. 
Reprinted with permission 
 

  



Essay 4 

138 

 



139 

Essay 4: R&D Internationalization, 
R&D Collaboration and Public 
Knowledge Institutions in Small 
Economies: Evidence from Finland 
and the Netherlands 

Cees van Beers137, Elina Berghäll138, Tom Poot139 

                                                           
137 Department of Innovation Economics, Delft University of Technology, Jaffalaan 5, 2628 BX Delft, the 
Netherlands. 
138 Government Institute for Economic Research (VATT), Arkandiakatu 7, 0101 Helsinki, Finland. 
139 Department of Innovation and Environmental Sciences, University of Utrecht, P.O. Box 80115, 3508 
TC Utrecht, the Netherlands. 



 

140 

Abstract 

This paper investigates domestic and foreign innovating firms’ determinants of 
R&D collaboration with domestic universities and public knowledge institutes 
in Finland and the Netherlands. We put particular emphasis on the impact of 
incoming academic spillovers on the probability to co-operate with these pub-
lic R&D institutes.  

Based on data from Community Innovation Surveys we find that foreign 
firms in the Netherlands are less likely to co-operate with domestic public 
knowledge institutions than domestic firms, while in Finland no significant 
difference can be detected. Another result is that incoming knowledge spillo-
vers are an important determinant for R&D collaboration with domestic public 
knowledge institutions in both countries. In case of foreign firms in Finland, 
incoming knowledge spillovers affect the probability to co-operate with public 
knowledge institutions more positively as compared with domestic firms. For 
the Netherlands no substantial difference could be found in this respect. Fur-
ther, innovating firms in Finland that require academic or basic knowledge do 
not co-operate significantly more with public knowledge institutions than 
those that need applied knowledge. At the same time they are willing to share 
knowledge with public R&D partners. In the Netherlands innovating firms that 
require relatively more basic than applied knowledge, increase the probability 
of co-operation with Dutch universities and public knowledge institutions but 
there is reluctance to share proprietary knowledge with public R&D partners. 
For both countries no significant difference between foreign and domestic 
firms with regard to academic knowledge requirements could be found. This 
raises the issue whether Finnish innovation policies with a strong focus on 
R&D co-operation provide incentives for strategic behaviour by domestic pub-
lic partners to put more emphasis on applied research. 

 
Keywords: Multinational Enterprises, Innovation, R&D collaboration, Public 
Knowledge Institutions, National Innovation Systems. 

JEL-code: O32, O38 
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1. Introduction 

Research and Development (R&D) collaboration is a means to increase the 
impact of R&D on economic growth through enhanced R&D productivity and 
technological diffusion. More specifically, R&D collaboration between innovat-
ing firms and public R&D institutions, i.e. universities and/or public R&D in-
stitutes, is a channel through which academic R&D spillovers can be internal-
ized by innovating firms. Innovation policies aimed at stimulating R&D co-
operation between innovating (foreign) firms and domestic universities and 
public knowledge institutes, are important instruments to encourage academic 
spillovers to innovating firms and hence contribute to their innovative contri-
bution to the domestic economy. 

An increasing number of studies deal with R&D collaboration between firms 
and public knowledge institutions. Most of these studies focus on the large 
economy of the United States (e.g. Mansfield, 1980, 1991, 1995; Hall et.al, 
2003). Less attention has been paid to R&D co-operation between innovating 
firms and public knowledge institutions in small countries. This is an im-
portant issue as in small countries a larger part of domestic production and 
R&D is done by foreign firms than in large nations. Increased competition and 
the increasing complexity of technologies stimulate innovating Multinational 
Enterprises (MNEs) to relocate R&D investments such as to access knowledge 
in foreign public knowledge institutions and research talent. This encourages 
them to co-operate with other firms and public knowledge institutions both 
domestically and abroad (Archibugi and Iammarino, 1999; World Investment 
Report 2005).  

As MNEs are much more footloose than domestic firms (Blomström and 
Kokko, 2003), it is more pressing for small countries to be an attractive loca-
tion for innovating foreign firms as a means to increase national innovative 
capacity (Furman, et.al, 2002).  

This study investigates the determinants of R&D collaboration of innovating 
firms with public knowledge institutions in Finland and the Netherlands. We 
distinguish between foreign and domestic innovating firms and put particular 
emphasis on incoming academic knowledge spillovers that are expected to 
lead to higher rates of return than non-academic spillovers (Adams, 1990). 
Further, we relate the results to different innovation policies between these 
two countries.  

The choice of a comparison between Finland and the Netherlands is motivat-
ed by their small size and differences in innovation policies.140 In Finland, 
more weight is attached to networking and integrating firms and universities 
into a national innovation system than in the Netherlands. Consequently, 
Finnish policy-induced collaboration can be expected to link innovating firms 
to the domestic public knowledge institutional structure, i.e. universities (in-
cluding academic hospitals) and public R&D institutes, more effectively than 
Dutch innovation policies. In other words, innovating firms in Finland will – 

                                                           
140 Although the Netherlands has twice as many inhabitants as Finland, it is still considered a small coun-
try in the European Union. 
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ceteris paribus – more often co-operate with domestic knowledge institutions 
and hence benefit more from academic knowledge spillovers than in the Neth-
erlands (Hjerppe and Kiander, 2004; Nieminen and Kaukonen, 2001).  

In order for these innovation policies to be effective it is important to inves-
tigate whether (academic) knowledge spillovers is an important motive of in-
novating firms to co-operate with universities and public knowledge institutes. 
When innovating firms do not consider academic knowledge spillovers as an 
important incentive to co-operate with public knowledge institution, the theo-
retically expected higher benefits of academic spillovers for economic growth 
might not materialize.  

We first investigate whether foreign innovating firms are less or more in-
volved in R&D co-operation with domestic universities and public R&D insti-
tutes than innovating domestic firms. As foreign firms are more mobile or 
footloose than domestic firms it can be expected that foreign firms are less 
connected to the domestic public knowledge institutions than domestic firms. 
Then, we examine whether incoming knowledge spillovers and the firms’ 
needs for academic or basic research affect the probability to collaborate with 
domestic public knowledge institutions and particularly, whether the effects 
are different when distinguishing between foreign and domestic firms. Incom-
ing knowledge spillovers are measured by the use of publicly available infor-
mation sources in the firm’s innovation process. The academic character of 
spillovers is measured by the need of basic relative to applied research.  

The contribution of this paper is twofold. First, it investigates differences be-
tween domestic and foreign firms’ intensities to collaborate with public 
knowledge institutions with a special emphasis on academic knowledge spillo-
vers. Second, it compares the results of two small open economies with differ-
ent innovation policies by using large-scale cross-industry data.  

Our results are based on Dutch and Finnish Community Innovation Survey 
(CIS) data for the second half of the 1990s. They show that in Finland no dif-
ference exists between foreign and domestic firms in the probability to co-
operate in their research activities with domestic public knowledge institu-
tions. In the Netherlands innovating foreign firms’ probability to co-operate 
with domestic public knowledge institutions is lower as compared with domes-
tic innovating firms. Incoming knowledge spillovers are an important deter-
minant for R&D collaboration of innovating firms with domestic public 
knowledge institutions in both countries. However, in case of foreign firms 
incoming knowledge spillovers in Finland affects the probability to co-operate 
with public knowledge institutions more as compared with domestic firms. For 
the Netherlands no substantial difference between foreign and domestic spill-
overs could be found. Further, innovating firms in Finland that require aca-
demic or basic knowledge do not co-operate significantly more with public 
knowledge institutions than those that need applied knowledge. However, they 
are willing to share their own knowledge with public R&D partners. In the 
Netherlands innovating firms that require relatively more basic than applied 
knowledge, have a higher probability of co-operation with Dutch universities 
and public knowledge institutions but there is reluctance to share ideas origi-
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nally developed by the innovative firms, with public R&D partners. For both 
countries no significant difference between foreign and domestic firms with 
regard to academic knowledge requirements could be found.  

The paper is organized in seven sections. In the next section, the motives of 
R&D co-operation between firms and public knowledge institutions for both 
partners are summarized. Hypotheses explaining R&D co-operation with pub-
lic partners are formulated in section 3. In section 4 the model and its opera-
tionalisation is described. Section 5 describes some macro-data on Multina-
tional Enterprises (MNEs) and R&D investments, as well as the Community 
Innovation Survey (CIS) micro-data that are used for the econometric esti-
mates shown in section 6. The final section reports the conclusions. 
 

2. Theoretical background and empirical research on private-
public research co-operation 

2.1 Motives of innovating firms 
Since the 1980s, an increasing variety of collaborative arrangements between 
innovating firms have emerged. More rapid and complex technologies together 
with easier dissemination of information encourage innovating firms to co-
operate on R&D with other firms or R&D institutes (Baumol, 2002). Other 
motives include cost sharing, uncertainties inherent in developing new tech-
nologies, and access to tacit knowledge (Hagedoorn, 1993). The growing litera-
ture on various types of R&D collaboration schemes has recently shifted its 
focus to motives in R&D partner selection, such as e.g. alliances among private 
or public R&D organizations (Leiponen, 2002). 

R&D co-operation with public knowledge institutions offer innovating firms 
the complementary characteristics of public knowledge institutions’ skills and 
knowledge (Bower, 1993; Santoro and Gopalakrishnan, 2000). Especially uni-
versities offer firms access to fundamental or basic research, as well as to a 
pool of potential recruits. Meanwhile, firms have practical knowledge of mar-
ket opportunities for new products, and the incentives to commercialise re-
search results into innovations.  

The active search for new product ideas and new forms of organization are 
an integral part of innovating firms’ strategies to gain or sustain a competitive 
advantage (Eisenhardt and Martin, 2000). Laursen and Salter (2004) find that 
firms that use many external sources of knowledge in their innovations also 
tend to use more knowledge drawn from universities. They conclude that the 
more “open” the search strategy of the firm, the more university research is 
used intensively.  

 

2.2. Motives of policy-makers 
In the last twenty-five years, the linear innovation model, involving the idea 
that knowledge originates in universities and automatically spills over to firms, 
has lost importance (Cohen et.al, 2002). Since the 1980s, several studies have 
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pointed out that innovation processes are characterized by an interactive rela-
tionship between public and private research (Feller 1990; Jaffe, 1989; Mans-
field, 1991, 1998; Narin et.al, 1997; von Hippel, 1988). This interaction be-
tween firms and publicly funded knowledge institutions is considered an im-
portant determinant of innovation, and therefore of economic growth and na-
tional competitiveness (OECD, 2002). Universities and public R&D institutes 
generate substantial R&D spillovers and contribute thus to the social returns 
to innovation. Basic R&D is estimated to enjoy high rates of return (Mansfield, 
1980; Adams, 1990), and university patents are more frequently and generally 
cited than average patents (Henderson et.al, 1998). These spillovers promote 
growth and local industry development (Blomström and Kokko, 2003). More-
over, research for the USA suggests that knowledge spillovers originating from 
public knowledge institutions tend to be more localized than those from indus-
try (Mansfield and Lee, 1996; Adams, 2001; Keller, 2002). 

R&D co-operation between publicly funded institutions and private firms is 
considered an important avenue in converting publicly funded basic research 
into commercialized innovations, technological progress and productivity 
growth. Governments in OECD countries strive to integrate universities, public 
research institutes and all other actors in the national innovation system into a 
balanced entity permeated with cooperation and knowledge spillovers 
(Mowery and Sampat, 2005). For example, in Finland the integration of uni-
versity activities into other parts of the national innovation system is an explic-
it feature of Finnish innovation policy (Nieminen and Kaukonen, 2001).   

   

2.3 R&D internationalization and the national innovation system 
Until the mid-1980s, innovation processes in MNEs took mainly place at the 
headquarters in the home country. Overseas technological activity was adap-
tive and strongly dependent on the centralised knowledge base at headquar-
ters (Dunning, 1988; Patel and Pavitt, 1991). From the mid-1980s onwards, 
R&D facilities in foreign locations were strengthened to explore host country 
R&D facilities and to tap into their national innovation systems (Patel and Ve-
ga, 1999). Rising R&D costs and competitive pressure pushed international 
firms to increasingly work in research alliances with customers, competitors or 
universities and public R&D institutes (Dunning, 1994). E.g., Archibugi and 
Iammarino (1999) have argued that mounting globalisation of innovation and 
technology has raised collaboration between domestic and foreign actors. R&D 
capabilities of host countries have become an important location-specific 
characteristic motivating FDI (Cantwell and Iammarino, 2003; Blomström 
and Kokko, 2003). 

Sanna-Randaccio and Veugelers (2002, 2003) provide theoretical analyses 
of the benefits and costs of R&D decentralization for an MNE. Beneficial in-
coming external knowledge spillovers to the subsidiary are weighed against 
outgoing information leakages. They argue that the net outcome of incoming 
spillovers for foreign firms improves when local partners are public knowledge 
institutions and the know-how of a fundamental character.  
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Several empirical studies have investigated the internationalisation strate-
gies of MNEs in R&D. Almeida (1996) has investigated foreign firms in the US 
semi-conductor industry. He found them to seek technology by investing local-
ly, and to contribute to local technological progress. Foreign subsidiaries in the 
United States use and contribute to local knowledge at the regional level as 
well as at the country level though to a much lesser extent. Nobel and Birkin-
shaw (1998) have identified various motives for internationalising R&D, and 
access to scientific talent is one of them. Von Zedtwitz and Gassmann (2002) 
found the proximity of local universities and research parks to be an important 
determinant for MNEs’ R&D decentralization abroad. 

Although both domestic and foreign innovating firms are increasingly inter-
nationalising their research activities, R&D is still one of the least mobile activ-
ities of MNEs. Advanced technical knowledge is complex, which makes it cost-
ly to fragment R&D and locate it in different places. Moreover, the tacit char-
acter of such knowledge requires that research needs face-to-face contacts to 
exchange information and ideas (World Investment Report 2005: 157). Le Bas 
and Sierra (2002) investigated 345 MNEs with the greatest patenting activity 
in Europe and found that in nearly 70 % of the cases, MNEs invest abroad in 
technological areas in which they enjoy a competitive advantage on their home 
market. Tidd, Bessant and Pavitt (2005: 212-213) argue that in the 1990s more 
than 85 % of the innovative activities of 359 of the world’s largest firms are 
located in the home country. In other words, there is certainly a tendency of 
increased R&D internationalisation, but MNEs seem to prefer innovative ac-
tivities in the home markets over host markets although to a lesser extent than 
in the 1970s and 1980s.  

 

3. Hypotheses  

Knowledge interaction between private firms and public knowledge institu-
tions can take several forms ranging from loose direct personal contacts to 
formalized interaction like co-operation in research consortia (Schartinger 
et.al, 2002). In this paper our focus is on formal partnerships in which inno-
vating firms actively, and together with universities and other public R&D in-
stitutes, develop technologically new or improved products and/or production 
processes.141  

As argued in subsection 2.3, R&D internationalization through MNEs has in-
creased in the last decade, although MNEs still seem to prefer co-operation 
with home country universities and public research institutes. To attract inno-
vating foreign firms, host countries have to compete with each other based on 
their advantages, be it a large market, financial incentive policies or a high 
quality innovation system. This makes the knowledge relationship between 
foreign firms and domestic public knowledge institutions more elastic than it 
is with innovating domestic firms. It can therefore be expected that foreign 
                                                           

141 Excluding outsourcing of R&D activities to domestic public knowledge institutions. 
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firms’ probability to co-operate with domestic universities and other public 
R&D institutes in the host country is lower than that of domestic firms. 

 
Hypothesis 1.  The probability for innovating foreign firms to co-operate with host 
countries’ public knowledge institutions is lower than it is for innovating domestic 
firms. 

International firms have always used R&D to adapt technologies and prod-
ucts to local conditions in the host countries. Recently, MNEs also aim for set-
ting up R&D facilities abroad in order to search for new knowledge and tech-
nologies. Laursen and Salter (2004) suggest to measure searching behaviour 
by an “openness” variable, which measures the degree to which firms seek to 
draw in new knowledge and to re-use existing knowledge from external 
sources (Laursen and Salter, 2004: 1204). Cassiman and Veugelers (2002) use 
a more limited concept of openness by restricting it to openness to incoming 
horizontal spillovers. In order for innovation policies – aimed at reducing ac-
cess barriers to research done by universities and public knowledge institutes 
– to be effective it is important that innovating firms’ consider incoming 
knowledge spillovers a relevant stimulus for R&D co-operation with public 
knowledge institutions. We expect that innovating firms, experiencing incom-
ing horizontal knowledge spillovers, are encouraged to co-operate with domes-
tic universities and public R&D institutes due to an increase in the scope for 
learning between partners (Cassiman and Veugelers, 2002: 1172). 

 
Hypothesis 2. Incoming horizontal knowledge spillovers of innovating (domestic and 
foreign) firms endorse their R&D collaboration with public knowledge institutions. 

 
Innovation policies’ most direct point of application is the domestic public 

knowledge institutions, which provide academic and basic knowledge. Inno-
vating firms’ principal incentive for R&D collaboration with universities and 
other public R&D institutes is to gain access to knowledge they cannot provide 
themselves, particularly academic or basic research. We assume that innovat-
ing firms that use basic knowledge more often than applied knowledge for 
their innovation projects are more inclined to co-operate with public 
knowledge institutions.  

 
Hypothesis 3.  If innovative (domestic and foreign) firms use more basic than applied 
knowledge for their innovations, they are inclined to co-operate more with public 
knowledge institutions.  
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4. Model and model operationalization 
 

4.1 The model 
The three hypotheses formulated lead us to specify a model on the determi-
nants of R&D collaboration with public knowledge institutions. The model is 
formulated in (1). 

 

)1(1110

9&8)ln(7_6*54

*_3_210

OtherSector

BarriersDRSizesourceInternalMNEBasicBasic

MNEsourceExternalsourceExternalMNEnCooperatio

 
The dependent variable is R&D co-operation between innovating firms and 

domestic universities and/or public R&D institutes. Hypothesis 1 is tested by 
the variable MNE, which describes whether the firm is foreign or domestic. A 
negative impact of this variable on Cooperation is expected. Hypothesis 2 is 
tested with the External_source-variable. It is a measure for how open inno-
vating firms are to external or incoming knowledge spillovers as a source for 
innovative ideas. It is expected to be an incentive for them to co-operate with 
domestic universities and public R&D institutes (Cassiman and Veugelers, 
2002: 1171). Whether or not a firm is open to these spillovers is a management 
decision. 142  The third determinant is a cross product of the incoming 
knowledge spillovers with the MNE-variable and shows whether and how for-
eign firms deviate from domestic firms with regard to this explanatory varia-
ble.  

The kind of innovations (Basic) explains the importance of basic knowledge 
use in the innovation process relative to the use of applied knowledge and 
deals with the third hypothesis. Universities and public R&D institutes are 
particularly attractive for innovating firms that need basic knowledge. This 
variable is assumed to affect co-operation positively.  The cross product of 
Basic with MNE aims to estimate a separate effect for foreign firms. 

The variable Internal_source is included as a control variable that takes into 
account the impact of outgoing knowledge spillovers – from the innovating 
firm to its external knowledge environment – on co-operation with public 
knowledge institutions. It measures whether or not the information source of 
the innovation projects comes from inside the firm. A firm that innovates 
based on information developed inside the firm is expected to co-operate less 
with external partners as it prefers to use proprietary relevant and strategic 
knowledge, and not share it with external partners. Hence a priori we expect a 
negative impact of this variable on Cooperation. 

Other variables that can be assumed to influence the dependent variable are 
also incorporated. The size of the firm is in many studies considered as a rele-
vant determinant of R&D collaboration with public knowledge institutions 

                                                           
142 Laursen and Salter (2004) also define an openness variable but they are interested in all sources of 
information while we follow Cassiman and Veugelers (2002) by defining horizontal incoming spillovers as 
these are considered as more important than vertical incoming spillovers.  
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(Laursen and Salter, 2004; Schartinger et.al, 2001). Larger firms have more 
means to spend on fundamental research and are therefore better able to use 
knowledge of universities and public research knowledge institutes. Further-
more, large firms also employ more staff with an academic background in sci-
ence and engineering. This is a channel through which relationships with uni-
versities are relatively easy to establish and to maintain. A positive effect is 
expected for the Size-variable. 

R&D-intensity measures whether or not a firm invests intensively and fre-
quently in R&D. Own knowledge or ‘absorptive capacity’ needs to be high 
enough to transform the fruits of R&D co-operation with public knowledge 
institutions to commercial use (Cohen and Levinthal, 1989; Mohnen and 
Hoareau, 2003). A positive coefficient is expected. 

Potential barriers to innovation are numerous and impacts varying. The bar-
riers-to-innovation variables are 1) organizational barriers, 2) barriers due to 
uncertainty with regard to sales and finance, 3) cost barriers. Organizational 
barriers are generally expected to affect R&D co-operation negatively because 
they divert management’s attention away from external knowledge sources. 
The other two barriers can provide incentives to set up R&D collaboration 
schemes with either private or public parties as co-operation results in sharing 
R&D-costs.  

The Sector variables are sector dummies to correct for the sector structure. 
The variable Other is the sector average of these two variables. Some authors 
(Cassiman and Veugelers, 2002; Cohen and Levinthal, 1989) have argued that 
including sector averages of qualitative variables like External_source and 
Internal_source reduces the problem of subjectivity and hence measurement 
errors.143  

 

4.2 Model operationalisation 
The operationalisation of the model variables as specified in (1) is based on the 
questions in the CIS-questionnaires (see also Table A.1 in Annex A). The de-
pendent variable Cooperation is 1 if a firm co-operates on R&D-efforts with 
domestic universities and public R&D institutes and 0 otherwise. The co-
operation is a formal active participation of both the innovating firms and pub-
lic knowledge institutions in a joint R&D project. 

In order to eliminate causality problems, the independent variables are in-
cluded with lags except for MNE and Sector (sectoral dummies). The first de-
terminant of R&D co-operation (MNE) is whether the firm is an affiliate of a 
foreign firm (MNE = 1) or not (MNE = 0) in the period in question. The second 
independent influence is incoming horizontal knowledge spillovers (Exter-
nal_source). These are defined as information from analyses of competitor’s 
products, investigations of existing patents and external databanks and inves-
tigations from scientific journals, ranging from 1 to 4, i.e., it takes the value of 1 
(not used), 2 (limited important), 3 (important) or 4 (very important). The 

                                                           
143 Both External_source and Internal_source are qualitative variables with a scale of 1 − 4. These values 
are filled in by individual respondents that might differ in their use of this four-point scale. See subsection 
4.2 for operationalisation of these variables. 
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scores on each of the questions were summed and re-scaled to a number be-
tween 0 and 1. Firms that use these information sources are assumed to be 
more open to incoming knowledge spillovers than firms that do not (Cassiman 
and Veugelers, 2002). This attitude increases the probability to co-operate 
with partners like universities and public R&D institutes. 

Whether the kind of knowledge (fundamental or applied) is relevant, is test-
ed by the basicness variable (Basic), which refers to the logarithm of the ratio 
of basic to applied innovations. This variable was introduced by Cassiman and 
Veugelers (2002) and the ratio’s numerator is the sum of scores (1 = unim-
portant; 5 = crucial) of information sources from universities, public research 
institutes and technical research institutes. The denominator is defined as the 
sum of scores (1 = unimportant; 5 = crucial) of information sources from sup-
pliers of materials, suppliers of equipment and customers. Basic research dif-
fuses more easily than applied research and firms that consider sources of 
basic R&D more important than information sources of applied R&D, benefit 
more from incoming spillovers of basic research (Cassiman and Veugelers, 
2002: 1173). A positive effect of Basic on Cooperation means that a stronger 
focus on innovations that require more basic research compared to applied 
research, increases the probability to co-operate with public knowledge insti-
tutions.  

The sixth variable describes outgoing knowledge spillovers and is defined as 
whether or not the information source of the innovation comes from inside the 
firm (Internal_source). This variable also takes values from 1 to 4. Just like 
External_source this measure is also constructed by summing the scores on 
each question and re-scaling the total scores to a number between 0 and 1. It is 
expected to affect the probability to co-operate with universities or public 
knowledge institutes negatively.  

Firm size (Size) is measured by the natural logarithm of the firm’s turnover 
in the previous period. The variable R&D consists of two variables: (i) R&D-
intensity, defined as R&D employees’ share of the total number of employees 
in a firm, and (ii) R&D-permanence, which is a dummy variable that takes val-
ue 1 if the firm performs R&D every year, and 0 otherwise. Nieminen and Kau-
konen (2001: 71) suggest that the more firms invest in in-house R&D, the more 
they are involved in R&D co-operation schemes with universities.  

The CIS questionnaires also ask whether or not innovating firms experienced 
barriers to their innovation projects. Three barriers to innovation are distin-
guished, organizational (Orgimp), financial (Finsalunc) and cost barriers 
(Costimp). These are measured as a score variable with values 0 (no barriers 
experienced), 1 (barriers with slight negative impact), 2 (barriers with a nega-
tive impact) and 3 (barriers with a strong negative impact).  

The variable Sector describes the impact of the sector structure on the prob-
ability to co-operate and consists of five dummy-variables of which three refer 
to the Pavitt (1984) sector classification. As described by Pavitt (1984), sci-
ence-based industries such as chemicals or electronics are heavily dependent 
on knowledge, skills and techniques from academic research. In scale-
intensive industries such as extraction and processing of bulk materials or au-
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tomobiles, technological progress consists mainly of incremental technological 
improvements in complex production processes and complex products. The 
design, building and operation of complex production processes and/or prod-
ucts are considered as the main source of technological accumulation. In spe-
cialized supplier industries, such as machine tools or software, technological 
progress has been fast, but based on incremental improvements. Most of the 
companies are small and provide high performance inputs into complex pro-
duction systems.144 The other two sector variables are only relevant for the 
services sector. These refer to value added services (financial, ICT and engi-
neering) and pre-specified services (utility, trading, construction and other 
services).  

 

5. Data 

We have identified two countries sufficiently comparable in market size and 
economic development, Finland and the Netherlands. Furman et al. (2002) 
have shown that a higher level of economic development correlates strongly 
with national innovative capacity. Apart from differences in innovation poli-
cies and sector structures, the innovative capacities of Finland and the Nether-
lands are expected to be equally attractive to foreign firms at the aggregate 
level. Their most important similarities and differences are reported in Table 1. 
  
Table 1. R&D- and MNE data in a comparative setting 
 Inward FDI 

as % of total 
gross in-
vestment 
averages 
1997-2002 

High and medi-
um high tech-
nology manu-
factures share 
in total value 
added (%), 2000 

R&D-
expenditures 
as share of 
value added in 
domestic 
manufacturing 
firms, 2001 

R&D-
expenditures 
as share of 
value added in 
foreign manu-
facturing 
firms, 2001 

Finland 20.2 11.10 2.89 0.48 

Netherlands 46.1 5.98 1.32 0.36 

     

Germany 15.1 11.70 2.19 0.51 

UK 28.2 7.29 1.14 0.74 

USA 11.2 7.87 2.37 0.40 

Sources:  

- World Investment Report 2005 for “inward FDI as % of total gross investment”, 
- OECD Technology and Industry Scoreboard, 2005 for the other columns 

 

                                                           
144 Pavitt (1984) defines as a fourth category called ‘supplier-dominated industries’, with textiles as a typi-
cal example. In these industries, suppliers drive technological change. The relative importance of this 
category is captured by the constant term.  
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Table 1 presents some macro data on R&D and MNE investments in Finland 
and the Netherlands compared with three large economies Germany, UK and 
USA. The share of foreign assets in total investment is clearly higher in the 
Netherlands revealing the predominance of foreign firms in the Dutch econo-
my. As the third column in Table 1 shows, the Finnish economy is more high-
technology manufactures-oriented, while in the Netherlands the share of total 
value added originating from high-technology sectors is low, also in compari-
son to the larger economies. This is also reflected in R&D-expenditures as a 
share of valued added of domestic Dutch manufacturing firms, which is sub-
stantially lower than that of domestic manufacturing firms in Finland.145 How-
ever, in the case of foreign MNEs, this variable is only slightly different be-
tween the two countries. This suggests that Finland’s relative strength in high-
technology sectors has been weakly translated into R&D-intensive foreign in-
vestment (contrary e.g. to Pajarinen and Ylä-Antilla, 2001). All countries in 
Table 1 show that R&D expenditures of foreign firms, as a share of their value 
added, are lower than those of domestic firms. This corresponds to the obser-
vation that most R&D expenditures are still spent in the home markets (see 
subsection 2.3). 

The micro-data used for the analysis are drawn from CIS-questionnaires of 
Finland and the Netherlands. The European Community CIS-questionnaires 
consist of questions on innovative behaviour of firms. Although these ques-
tions are harmonized among the participating European countries, and there-
fore provide researchers with exceptionally comparable data, few researchers 
have used this option (mostly due to practical problems). Many studies carried 
out on CIS data focus on one country.146 We compare at the micro-level be-
tween two small open countries, Finland and the Netherlands.  

As our main goal is to explain R&D collaboration between innovating firms 
and public knowledge institutions, we use innovative firms from these repre-
sentative CIS-datasets to construct our sample.147 Firms are innovative if they 
report that they produced technically improved or new products and/or use 
technically new or improved production processes in the years 1996-1998 and 
1998-2000. In the Finnish case, 210 observations of innovating firms’ data for 
the years 1996-1998 and 1998-2000 are available. In the Dutch situation, the 
number of observations is 1134. 

Table 2 shows the percentages of innovating domestic and foreign firms be-
ing permanent innovators and the percentual share of innovating firms that 
work “actively and in co-operation with public knowledge partners on the de-
velopment of technologically new or strongly improved products”.  

 
  

                                                           
145 Finnish R&D is dominated by the electronics sector and within it, by Nokia (see also Daveri and Silva, 
2004).  
146 One of the exceptions is Mohnen et.al (2006). 
147 CIS-data are collected by national statistics offices. 
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Table 2. Permanently innovating firms and R&D collaboration schemes with public 
knowledge institutions: percentages of domestic and foreign innovators in Finland and 
the Netherlands (1996 and 2000).  
 Finland Netherlands 
 Domestic Foreign Domestic  Foreign 
     
Permanent 76 83 49 53 
R&D collaboration with domestic 
public knowledge institutions 

53 66 11 12 

Source: Community Innovation Survey databases of Finland and the Netherlands: 
years 1996 and 2000. 
 

A first observation is that the share of permanent innovators in the total 
number of innovators is higher in Finland (> 76 %) than in the Netherlands (< 
53 %). This is in line with the relatively strong specialization of Finland in 
high-technology production. Second, in Finland the share of innovating do-
mestic and foreign firms that are involved in R&D collaboration schemes with 
domestic public knowledge institutions is five times higher than in the Nether-
lands. 

The relatively high shares of innovators with public R&D collaboration 
schemes in Finland can be accounted for by two factors. First, the Finnish 
economy is structurally more dominated by high and medium technology 
firms than that of the Netherlands, which is a more service-oriented economy. 
It can be expected a priori that high and medium technology industrial firms 
co-operate more intensively with public knowledge institutions than other 
firms. (Castells and Himanen, 2002). Second, Finnish innovation policies have 
strongly encouraged co-operation among all relevant players within the na-
tional innovation system. The National Technology Agency of Finland 
(TEKES) supports R&D in companies based in Finland and Finnish research 
institutes and universities. Networking and co-operation between universities 
and industry is a central funding criterion irrespective of whether a firm is of 
domestic or foreign origin (Castells and Himanen, 2002).  

In contrast, the Dutch approach has been concentrated on general innova-
tion policies through financial instruments like tax credits that address firm’s 
production costs. Also national agencies exist – SENTER and SYNTENS - 
granting technology subsidies to firms. A gradual change took place with the 
establishment of so-called Top Technological Institutes in 1997. These are in-
stitutes in four scientific fields (material science, food science, polymer science 
and telematics) in which private firms and scientific organizations co-operate 
on fundamental research that should be made applicable in the longer term. 
Although networking and R&D collaboration between firms and public 
knowledge institutions play a role as conditions for some subsidies, they are 
not applied with a fully integrated national innovation system as in Finland 
(Hjerppe and Kiander, 2004). 

In Table 3, mean and standard deviation descriptives of some relevant inde-
pendent variables are reported.  
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Table 3. Descriptive statistics: means and standard deviations of innovative firms 
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In Finland, the average values of innovative firms’ Size-variables are higher 

than in the Netherlands. In both countries foreign firms are larger than do-
mestic firms, and particularly in Finland, the small standard deviation reveals 
that nearly all firms of foreign origin in the sample are large ones. The average 
R&D-intensity in Finland is between 7 and 10 % and between 2 and 3 % in the 
Netherlands. This is consistent with higher R&D expenditures as a share of 
value added in the manufacturing sector in Finland as shown in Table 1.  

The average scores of External_source are lower than those of Inter-
nal_source in both countries. Comparison between the two countries shows 
that the average scores on External_source are higher in Finland than in the 
Netherlands. This suggests that innovating firms in Finland are more open to 
incoming knowledge spillovers than innovating firms in the Netherlands. For 
the Internal_source-variable the same pattern can be observed, but the differ-
ences between the two countries are smaller especially with regard to foreign 
firms.  



 

154 

The Basic-variable shows that this ratio is on average higher in Finland. For-
eign firms are on average more involved in basic research than domestic en-
terprises. The small standard deviation in Finland shows that this is valid for 
nearly all foreign enterprises in the sample.  

 

6. Econometric results 

In order to enter into R&D-partnering, firms have to be innovative. Therefore 
the empirical analysis is restricted to innovative firms. As we are interested in 
the relationships between innovative firms and public knowledge institutions, 
our analysis is only valid for innovative firms. 

Two datasets of innovative firms were constructed from the Dutch and Finn-
ish Community Innovation Surveys. Survey data on the year 1998-2000 (CIS-
3) represent the current year. The lagged variables refer to 1996-1998 survey 
data (CIS-2). As we select firms that are innovative in both 1996-1998 and 
1998-2000, we introduce a selection problem that can affect the estimates. 
Descriptive statistics of relevant economic indicators show that firms repre-
sented in both CIS-2 and CIS-3 are on average significantly larger than firms 
represented in CIS-3 only.148 Therefore we estimate model (1) with a Heckman 
corrected probit procedure to correct for this possible selection bias.149 The 
selection equation is a probit estimation of a dummy with value 0 if an innova-
tive firm is present in 2000 only, and value 1 if it is present in both 1996 and 
2000 on the natural logarithm of the firm’s sales in 2000. The results are 
shown in Table 4. The variables of main interest are MNE, External_source, 
and Basic.  

Regression 1 shows that foreign ownership status does affect the probability 
to co-operate with Finnish universities and public R&D institutes positively, 
but not significantly (MNE). In the Dutch case (regression 3) the effect of in-
novating foreign firms on R&D-collaboration is negative. Although not signifi-
cant, it suggests that innovating firms of foreign origin in the Netherlands have 
a lower probability to co-operate in their R&D efforts with Dutch public 
knowledge institutions than domestic firms. Hypothesis 1 should be rejected 
for Finland. 

The lack of a negative effect in Finland can be explained by Finnish innova-
tion policies and/or the Finnish sector structure, which is more inclined to-
wards R&D-intensiveness than the Dutch economy. As the sector dummies 
control for it, it is likely that innovation policies explain remaining differ-
ences.150 

Incoming horizontal knowledge spillovers are an important determinant for 
co-operation with public knowledge institutions (External_source). Ideas 
                                                           

148 For the sake of brevity, these descriptives are not reported, but are available upon request from the 
authors. 
149 Restricting the sample to innovative firms only might lead to another selection bias if co-operation 
would be the only strategy to innovate for firms that would otherwise not be innovative. This is quite un-
likely and discussed in Cassiman and Veugelers (2002). 
150 This conclusion is suggestive. A better test would be to combine the Dutch and Finnish dataset and 
use a country-dummy. This is not possible as CIS data are collected by national statistical offices and – 
for the time being – unavailable for pooling with other countries.  
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from outside the firm affect innovative firms’ co-operation with Finnish public 
knowledge institutions positively, but not significantly. In the Dutch case the 
coefficient of this variable is positive as well, and significantly different from 
zero. For the Netherlands hypothesis 2 cannot be rejected. These findings im-
ply that if managers in both countries follow strategies that open their firms to 
incoming knowledge spillovers, it would result in a higher probability to col-
laborate on R&D with public knowledge institutions. This is in line with results 
of Laursen and Salter (2004) for the United Kingdom. 

The cross product of External_source with MNE attempts to filter out 
whether incoming knowledge spillovers to innovating foreign firms provide an 
additional stimulus for co-operation with public knowledge institutions. In 
Finland, the estimated coefficient for MNE is 1.291 (β2 + β3), which is higher 
than the coefficient for domestic firms, i.e. 0.886 (β2). Although these coeffi-
cients are not significant, they do cautiously suggest that in Finland the impact 
of incoming knowledge spillovers on foreign firms’ probability to co-operate 
with public knowledge institutions is higher than it is for domestic firms. This 
is not found for the Netherlands.  

The small positive, though insignificant, effect of the Basic-variable in re-
gression 1 shows that in innovating firms in Finland the need of basic research 
is barely more important than applied research in explaining their probability 
to co-operate with domestic public knowledge institutions. The Basic-variable 
in the third regression is positive and significant, which implies that innovat-
ing firms requiring basic research have a higher probability to co-operate with 
Dutch universities and public R&D institutes. Hypothesis 3 is rejected for Fin-
land and cannot be rejected for the Netherlands.  

The cross products of Basic and MNE show that the requirement of basic 
knowledge by foreign firms is not a significant additional explanation. It is 
slightly positive in Finland and slightly negative in the Netherlands.  

A significant positive effect of Internal_source or outgoing knowledge spillo-
vers on the probability to co-operate with domestic public knowledge institu-
tions is shown for Finland, i.e. innovative ideas that originate in the innovating 
firms increase the probability to co-operate with Finnish universities or public 
R&D institutes. It suggests that innovative firms consider Finnish universities 
and public knowledge institutions useful R&D partners for academic, as well 
as applied research. This finding is in contrast with a priori expectations, 
which assume a negative relationship as found for the Netherlands although 
this estimate is not significant.151 Finnish science and technology policies that 
use networking and co-operation between universities and industry as a cen-
tral funding criterion reduce access barriers to knowledge in universities and 
public knowledge institutes. As a consequence, innovating firms are provided 
with more information on the usefulness of the available knowledge in these 
institutions and hence become willing to share information with public R&D 
partners. 

                                                           
151 The predominance of the service sector in the Netherlands cannot explain this result. Restricting re-
gression 3 to the manufacturing sector does not change the results. E.g., the coefficients become 0.456 
(External_source), –0.125 (Internal_source) and 0.212*** (Basic). Regressions restricted to the manufac-
turing sector are available upon request from the authors.  
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Table 4. Heckman probit estimates of co-operation with domestic public knowledge 
institutions in Finland and the Netherlands: all sectors in 1996 and 2000. 
Regression  1 2 3 4 
Meaning Variable Finland Netherlands 
 Constant  -5.894***   

(3.287) 
-
5.912***  
(3.282) 

-1.597   
(1.444) 

-1.748   
(1.486) 

MNE          MNEt 0.134 
(0.306) 

 -0.134 
(0.090) 

 

Incoming 
Spillovers  

External_sourcet-1 0.927 
(0.673) 

0.886 
(0.683) 

0.472* 
(0.263) 

0.506* 
(0.269) 

  External_sourcet-1 
*MNEt  

 0.405 
(0.982) 

 -0.070 
(0.089) 

Academic 
Knowledge 

Basict-1 0.046 
(0.180) 

0.038 
(0.187) 

0.241*** 
(0.059) 

0.281*** 
(0.085) 

  Basict-1 * MNEt   0.059 
(0.525) 

 -0.071 
(0.101) 

Outgoing 
Spillover   

Internal_sourcet-1 1.425*** 

(0.548) 
1.417*** 

(0.550) 
-0.125 
(0.198) 

-0.123 
(0.200) 

Size  Ln(Salest-1)  0.374** 
(0.189) 

0.380** 
(0.190) 

0.042 
(0.081) 

0.046 
(0.082) 

R&D   R&D-intensityt-1  3.167** 
(1.271) 

3.183** 
(1.276) 

1.584** 
(0.627) 

1.608** 
(0.632) 

 R&D-permanentt-1  -0.091 
(0.275) 

-0.091 
(0.278) 

0.191* 
(0.108) 

0.194* 
(0.109) 

Barriers   Orgimpt-1  -0.955 
(1.019) 

-0.970 
(1.026) 

0.108 
(0.282) 

0.105 
(0.285) 

 Finsalunct-1  0.714 
(0.759) 

0.707 
(0.760) 

-0.090 
(0.177) 

-0.082 
(0.179) 

 Costimpt-1  0.030 
(0.986) 

0.045 
(0.990) 

-0.076 
(0.392) 

-0.085 
(0.397) 

Sector  Sciencet  0.739* 
(0.400) 

0.744* 
(0.401) 

-0.221 
(0.219) 

-0.233 
(0.222) 

 Scalet  -0.163 
(0.354) 

-0.167 
(0.355) 

-0.156 
(0.123) 

-0.162 
(0.124) 

 Spectoelt  0.518* 
(0.315) 

0.524* 
(0.313) 

-0.354** 
(0.170) 

-0.362** 
(0.172) 

 Vat  0.400 
(0.874) 

0.361 
(0.895) 

-0.562** 
(0.236) 

-0.578** 
(0.240) 

 Pespect  -0.679 
(0.703) 

-0.709 
(0.731) 

-0.482 
(0.157) 

-0.486 
(0.158) 

Other  A_External_sourcet-

1  
0.096 
(2.401) 

0.095 
(2.401) 

-0.408 
(1.286) 

-0.375 
(1.297) 

 A_Internal_sourcet-

1  
1.069 
(1.408) 

1.028 
(1.426) 

0.786 
(0.921) 

0.803 
(0.930) 

      
 rho  -0.362 

(0.630) 
-0.369 
(0.633) 

-0.653** 
(0.233) 

-0.642** 
(0.241) 

 Log-likelihood -503.354 -
503.343 

-
2397.792 

-
2397.792 

      
 Number of observa-

tions 
789 789 3502 3502 

 Uncensored obser-
vations 

210 210 1134 1134 

Notes: *  = significant at 10 % 
 **  = significant at 5 % 
 ***  = significant at 1 % 
 

In the Netherlands the opposite result is found. The negative sign of Inter-
nal_source in the Dutch estimates indicate that firms seem not to be willing to 



Essay 4 

157 

share their proprietary knowledge with universities and public research insti-
tutes. Although innovating firms that consider basic R&D more important 
than applied R&D, are more inclined to co-operate with Dutch universities and 
public knowledge institutes, they are reluctant to co-operate with universities 
and public research knowledge institutes when the innovative ideas originate 
within the firm. This suggests that although the need for academic research 
and spillovers are an important incentive to co-operate, foreign and domestic 
innovating firms in the Netherlands are reluctant to share their internally de-
veloped knowledge and ideas with public knowledge institutions.  

As expected, the size variable is positive. The insignificance for the Nether-
lands results from the Heckman correction.152 R&D intensity is positive, show-
ing it as an important factor in cooperation with public knowledge institutions 
in both countries. R&D-permanence is positive and significant in the Dutch 
case, but in the Finnish regression it is slightly negative. This suggests that in 
Finland, firms that produce innovations continuously do not co-operate more 
with universities and public R&D institutes than firms that innovate inci-
dentally. This is consistent with the provision of R&D subsidies in Finland be-
ing conditional on R&D co-operation and networking with domestic universi-
ties, which removes impediments for incidentally performing firms.  

Organisational barriers to innovations affect the probability to co-operate 
with domestic public knowledge institutions negatively in the Finnish case and 
positively in the Dutch regressions. However, the results are not significant. 
Insignificant results are also found for finance/sales- and cost barriers.  

The Pavitt dummies show insignificant results for the science dummy in the 
Netherlands, which cannot be attributed by multicollinearity. In Finland the 
science dummy affects the dependent variable positively. Multicolinearity is 
found for the Science-dummy, but not for the Basic-variable.153 

 Innovating firms in the specialized supplier sector (spectoel) in the Nether-
lands, co-operate less on R&D with Dutch public knowledge institutions than 
the average. In Finland this estimate is positive and significant. Firms in this 
sector require applied knowledge, which they can get from Finnish universi-
ties, but much less from Dutch universities and public R&D institutes, as can 
be observed by the different coefficients of the Basic-variable. The negative 
significant estimates for the service sector dummies Va and Pespec in the 
Netherlands reveal that firms in the important service sector do not co-operate 
in R&D with universities and public R&D institutes. 

The variables A_external_source (= average of External_source-variable) 
and A_internal_source (= average of Internal_source-variable) show no sig-
nificant effects on the dependent variable. 

 

                                                           
152 If the regressions were run with a simple probit procedure, the coefficients remain the same except for 
the size variable, which is significantly positive in the simple probit model. The stability of the relevant co-
efficients has been tested with a Hausmann test. 
153 Variance Inflation Factor (VIF) for the science dummy in Finland (Netherlands) is 3.81 (1.50) and for 
the Basic-variables in Finland (Netherlands) VIF = 1.16 (1.03).  
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7. Conclusions and questions for further research 

The purpose of this paper has been to examine the determinants of R&D co-
operation between innovating firms and domestic public knowledge institu-
tions in Finland and the Netherlands, with a special emphasis on foreign affili-
ates. Both countries were compared with harmonized data from two waves of 
Community Innovation Survey (CIS-) data (1996 and 2000).  

Our results show that as expected, foreign firms are less involved in R&D co-
operation with public knowledge institutions than domestic firms in the Neth-
erlands. For Finland this is not the case. We suggest cautiously that Finnish 
innovation policies – with strong incentives to stimulate co-operation with 
universities and public knowledge institutes – might play an important role in 
explaining this. In order for such innovation policies to be effective it is neces-
sary that innovating firms 1) experience incoming knowledge spillovers, and 2) 
require academic or basic knowledge R&D in developing innovations. Only 
then the theoretically expected high benefits of academic knowledge spillovers 
for economic growth can materialize. In both countries incoming knowledge 
spillovers affect the probability to co-operate with universities and public 
knowledge institutes positively. Weak evidence was found that in Finland for-
eign firms’ incoming knowledge spillovers affect the probability for R&D co-
operation with public knowledge institutions more positively as compared 
with domestic firms. 

Our study also shows that stronger basic knowledge needs relative to applied 
knowledge, is an important stimulus for innovating firms in the Netherlands to 
co-operate with Dutch public knowledge institutions. In Finland basic 
knowledge and applied knowledge are equally relevant as a stimulus for co-
operation with Finnish public knowledge institutions.  

Another observation is that – in contrast to expectations – in Finland inno-
vating ideas developed within the walls of the firms stimulate R&D collabora-
tion with domestic universities and public knowledge institutes. As the inno-
vating firms’ motives for these co-operation schemes in Finland are less gov-
erned by the need for academic research spillovers, they do consider co-
operation with universities and public research institutes relevant for develop-
ing their own ideas further. Finnish innovation policies aimed at reducing ac-
cess barriers to academic knowledge, might contribute to this result. In the 
Netherlands, although the need for academic research and spillovers are an 
important incentive to co-operate, foreign and domestic innovating firms are 
reluctant to share their proprietary knowledge with public knowledge institu-
tions.  

Some questions are left for further research. First, in this paper we assume 
implicitly that universities and public research institutes in Finland and the 
Netherlands are more or less comparable, providing the same type of 
knowledge and with the same attitude towards co-operation with the private 
sector. The result that Finnish innovating firms’ R&D co-operation with do-
mestic public knowledge institutions is not stimulated when the innovations 
are fundamental, raises the question whether Finnish innovation policies pro-
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vide (implicit) incentives for these institutes to put more emphasis on applied 
work. In order to receive R&D subsidies, firms and domestic public knowledge 
institutions might behave strategically.  To shed more light on this policy issue, 
it is recommendable to investigate it from the perspective of universities and 
public R&D institutes. The focus of the present study was on the perspective of 
private innovative firms only.  

Second, the finding that innovating firms seem not to be willing to share 
their proprietary knowledge with Dutch universities and R&D institutes, in-
duces the question in which sectors the mismatch takes place and what poli-
cies should be modified to improve knowledge exchange between public 
knowledge institutions and private firms. Further investigation at the sectoral 
level is necessary to deal with this issue. 
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Annex A 
Table A.1. Explanation and operationalisation of variables. 

Meaning Variable Operationalisation 

Dependent 

Cooperation Cooperationt 

 

Dummy variable with value 1 if firm co-
operates with domestic public 
knowledge institutions in period t and 0 
otherwise 

 

Independent 

MNE MNEt Dummy variable with value 1 if the firm 
is part of a foreign concern and 0 other-
wise in period t 

Incoming spil-
lover 

External_sourcet-1 Source of idea for innovation from out-
side the firm in period t-1. Score varia-
ble ranging from 1 (not used) – 4 (de-
gree of use is high) 

Academic 
knowledge 

Basict-1 natural logarithm of the ratio of funda-
mental to applied innovations in period 
t-1 

Outgoing spil-
lover 

Internal_sourcet-1 Source of idea for innovation from in-
side the firm in period t-1. Score varia-
ble ranging from 1 (not used) – 4 (de-
gree of use is high) 

Size Ln(Sales)t-1 natural logarithm of firm’s turnover in 
period t-1 

R&D R&D intensityt-1 R&D employees as fraction of the 
firm’s total employees in period t-1 

R&D permanentt-1 Dummy variable with value 1 if firm 
innovates every year and 0 otherwise in 
period t-1 

Barriers Orgimpt-1 Organizational barriers to innovations in 
period t-1. Score variable ranging from 
0 (not perceived) – 3 (strong barrier) 
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 Finsalunct-1 Barriers to innovations due to uncertain-
ty with regard to sales and finance in 
period t-1. Score variable ranging from 
0 (not perceived) – 3 (strong barrier) 

 Costimpt-1 Cost barriers to innovations in period t-
1. Score variable ranging from 0 (not 
perceived) – 3 (strong barrier) 

Sector Sciencet Pavitt dummy with value 1 if firm be-
longs to Science Based sectors and 0 
otherwise in period t 

 Scalet Pavitt dummy with value 1 if firm be-
longs to Scale Intensive sector and 0 
otherwise in period t 

 Spectoelt Pavitt dummy with value 1 if firm be-
longs to Specialised Equipment Suppli-
ers sector and 0 otherwise in period t 

 Vat Dummy with value 1 if firm belongs to 
valued added services sector (financial, 
ICT and engineering) and 0 otherwise in 
period t 

 Pespect Dummy with value 1 if firms belongs to   
pre-specified services (utility, trading, 
construction and other services) and 0 
otherwise in period t 

Other A_External_sourcet-1 Average of “outside the firm” innova-
tion source variable in period t-1 

A_Internal_sourcet-1  Average of “inside the firm” innovation 
source variable in period t-1 
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Technology Frontier 

Elina Berghäll 
 
 

Abstract 
 

The link between foreign direct investment (FDI) and the world technology 
frontier (WTF) is strong in the theoretical and empirical literature. Consider-
ing the data constraints on global frontier comparisons, I explore whether the 
technical efficiency of foreign firms provides a useful proxy of the WTF. I apply 
DEA and order-m methodology to an unbalanced panel of Finnish ICT manu-
facturing firms in 1993-2003 and industry-level EU KLEMS data. The results 
show that if anything indigenous firms are more efficient than foreign firms. 
Foreign firms cannot therefore be assumed to proxy the WTF a priori. Such a 
comparison can nevertheless confirm a technology-seeking motive, which, in 
the presence of ample FDI inflows, suggests the proximity of Finnish firms to 
the WTF, while the drying-up of inflows suggests the loss of technological ad-
vantage.  
 
 
Key words: efficiency; world technology frontier; FDI; high-tech; R&D.  
 
JEL codes:  O47, O33, O52, L63.  
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1. Introduction 

While being a key concept in productivity measurement, the world technology 
frontier (WTF) has proved difficult to grasp due to chronic deficiencies in 
harmonized data. Comparable data may be accessible at a researcher’s home 
country, the EU, OECD or some other limited group of countries, but in a 
globalized world, competitiveness is tested on world markets. Even when 
available, datasets generally lack capital and R&D stocks or some other key 
information. Such constraints typically confine frontier comparisons to limited 
labour or multifactor productivity estimates that rely on strong assumptions of 
perfectly functioning markets.  

Yet varying production functions, variable returns to scale, imperfect compe-
tition, and technical and allocative inefficiency are also present in mature 
market economies154. The mere existence of cross-border foreign direct in-
vestment (FDI) proves the assumption of perfect competition to be unrealistic, 
since the internalization of firm-specific (monopolistic) advantages is one of 
the key reasons why FDI is preferred over exporting (Markusen 1995). Recent 
literature has also recognized the hypothetical nature of a frictionless frontier 
(e.g. Caselli and Coleman 2006). Moreover, since the global technology fron-
tier by definition responds to innovation, as opposed to technological diffu-
sion, standard assumptions of perfect competition and decreasing returns to 
scale are inappropriate if not contradictory. Issues such as R&D, innovation, 
imperfect competition, increasing returns, technological progress, knowledge 
diffusions, etc. are of particular relevance at the WTF. New technological 
breakthroughs can establish significant leads in competition and increasing 
returns for a while, until laggards copy and catch up with the innovators (Agh-
ion et al. 2005).  

In consequence, proximity to the global technology or production possibili-
ties frontier has remained more a matter of belief than evidence. Although 
aggregated data is increasingly available, it conceals large differences between 
and within industries, more likely reflecting industrial structures than tech-
nologies or efficiencies. In studying transition economies, Sabirianova et al. 
(2005) approximated the technology gap with the WTF by the difference in 
technical efficiencies between indigenous and foreign firms155. This is an ap-
pealing alternative, because the link between foreign direct investment (FDI) 
                                                           

154 According to Stiglitz (2015), for example, most markets are characterized by market imperfections. 
155 They benchmarked the WTF as the average efficiency of the top third of foreign firms in a given two-
digit industry. 
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and the WTF is strong in the theoretical and empirical literature (e.g. Griffith 
et al. 2002). Foreign, particularly multinational firms have been found on av-
erage to be technologically superior to domestic firms, and to be active in high-
tech industries at the global technological forefront. Meanwhile, globally har-
monized, reliable and comprehensive all-inclusive data may never be available, 
particularly not at the industry and firm level. 

With data from the Finnish ICT industry for 1993-2003, i.e. when mobile 
phones revolutionized the world, I estimate technology gaps between domestic 
and foreign firms with data envelopment analysis (DEA) and check the results 
with robust order-m efficiency estimation methodologies. As an additional 
robustness check, I apply EU KLEMS industry data to compare efficiencies in 
the electronics industry to the extent data is available.  

The results of the paper show that foreign firms cannot be assumed to proxy 
the distance to the global technology frontier, since indigenous firms proved, if 
anything, more efficient than foreign firms during the sample period. I con-
tribute to the literature with a counter example showing that superior foreign 
technology cannot be assumed a priori. I conclude that when the gap is to the 
benefit of indigenous firms and other motives are absent, the comparison can 
confirm the technology-seeking motive of inward FDI, as defined by Bjorvatn 
and Eckel (2006)156, which in itself suggests the proximity of indigenous firms 
to the WTF, provided that there are ample inward investment flows. 

The next section briefly reviews relevant aspects of the literature on FDI. The 
third section presents the data and variables and the fourth section summariz-
es the methodology. The results are presented in the fifth section and their 
implications are discussed and conclusions drawn in the final sixth section.  

 
 

2. Literature review 

The strong theoretical and empirical link between FDI and the WTF emerges 
from a vast literature, very briefly summarised below. First, there is ample 
empirical evidence reporting higher productivities in foreign than in indige-
nous firms (Terrell 1992, Doms and Jensen 1998; Griffith 1999; Griffith and 
Simpson 2001; Oulton 2000; Conyon et al. 2002; Davies and Lyons 1991). 
Furthermore, these productivity disparities tend to persist over time (Blom-

                                                           
156“if spillovers are local, technologically less advanced firms have an incentive to actively seek these 
spillovers by locating close to the headquarters and production facilities of their more advanced competi-
tors. Such investment is called “technology acquisition” or “technology sourcing” FDI.” 
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ström 1988, Haddad and Harrison 1993, Aitken and Harrison 1999, Arnold 
and Javorcik 2009, Estrin et al. 2009).  Moreover, the advantage of foreign-
owned firms endures despite the inclusion of control variables for such factors 
as age and selection. Helpman et al. (2004) have established that it is the most 
productive firms in advanced economies that establish subsidiaries in other 
countries, while the less productive ones settle for exporting, and least produc-
tive ones do not serve foreign markets at all.  

At the theoretical level, Dunning (1981), Markusen (e.g. 1995) and Helpman 
(1984) refer to firm-specific advantages that parent firms share with their sub-
sidiaries and/or plants. Hymer (1960) originally categorized as owner- or firm-
specific advantages access to raw materials, economies of scale, intangible as-
sets, superior management etc. However, in Dunning’s eclectic paradigm, the 
so-called OLI theory (ownership-specific, location-specific and internalization 
advantages), firm-specific advantages refer particularly to assets such as 
knowledge capital, which can be easily replicated and transferred within the 
firm across countries, without incurring high transaction costs or knowledge 
leakages. Firm-specific advantages therefore explain well MNC activity in 
R&D-intensive, innovative sectors involving complex technologies and intan-
gible capital (know-how, patents) such as the ICT industry.  

Second, there is also ample evidence showing that the higher productivity is 
related to the multinational character of the firms, rather than their foreign 
ownership (see e.g. Martin and Criscuolo 2002; Criscuolo and Martin 2009; 
Griffith et al. 2002 for the UK; Doms and Jensen 1998 for the US; Globerman 
1979 for Canada).157 Original firm-specific advantages that allowed firms to go 
global in the first place may have been further enhanced by their exposure to 
fierce international competition, their ability to source technologies globally, 
organize their operations efficiently on a global scale, etc. Nelson and Wright 
(1992) have argued that no matter how well-designed, national innovation 
systems cannot reproduce similar technological leadership as the US after 
World War II. Internationalization, MNCs, and science (codified knowledge) 
have overridden more location-related learning-by-doing (Nelson and Wright, 
1992). With globalization, such developments should only have accentuated.  

Third, FDI is linked particularly to high-tech industries that are at the fore-
front of global technological progress. Le Bas and Sierra (2002) show with 
empirical evidence that MNCs invest in foreign markets in technological areas 
in which they possess a competitive advantage in their home market. Griffith 
et al. (2002, p.22) claim that it is common knowledge that foreign-owned cor-
porations are more commonplace in high-tech industries, which is positively 
correlated with the likelihood of being on the technological frontier and to ef-
fectively contribute to TFP growth. Similarly, Blomström and Kokko (2003, 
p.3) declare it common knowledge that “multinational corporations (MNCs) 
undertake a major part of the world’s private R&D efforts and produce, own, 
and control most of the world’s advanced technology”. Nachum and Zaheer 
(2005) argue that knowledge and efficiency-seeking are the most prominent 

                                                           
157 Criscuolo and Martin (2009) present conflicting evidence showing US affiliates in the UK to enjoy su-
perior productivity to local MNCs and affiliates from other countries, explained by better plant-picking.  
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reasons for transnational operations in information-intensive industries to 
harness intangible capital. Nordås et al. (2006) underscore that MNCs possess 
cutting-edge production methods and technologies. Furthermore, according to 
Keller (2004, p. 752), typically 90%of productivity growth originates from 
abroad, with FDI and trade being important vehicles of international technol-
ogy diffusion.  

Since the theory and empirics strongly suggest MNC domination of the WTF, 
foreign firms in an industry could be assumed to provide a good proxy of it at 
the local level. This is particularly true for small open economies in contrast to 
the US, which according to Griffith et al. (2006) is the technological leader in 
most industries. Yet, the actual empirical evidence on technology gaps and 
(high-tech) FDI is scarce. Beyond Sabirianova et al. (2005), there are at least 
to my knowledge no applications in the literature that directly proxy the WTF 
with foreign firms’ efficiency. After having established that MNCs tend to be 
more productive on average, research has focused on spillovers to the local 
economy, as e.g. in van Beers et al. (2008). At the same time it is acknowl-
edged that technology diffusion requires associated absorption capacity, thus 
implicitly referring to the need for a relatively narrow technology gap to fully 
gain from technological diffusion.  

It is also known that the type of FDI matters. In Dunning's (1993) taxonomy, 
the principal motives for FDI are market-seeking, resource-seeking, efficiency-
seeking and strategic asset-seeking. Of these, export-oriented resource-seeking 
and efficiency-seeking investment, involving foreign firms that seek to ration-
alize production and maximize scale economies, have been associated with 
positive spillovers, i.e. to raise efficiency in the host country. Market-seeking 
FDI may also raise efficiency following the intensification of host country 
competition.  

In the case of strategic asset-seeking FDI, foreign firms’ frontier domination 
and the benefits of inward FDI are doubtful, however. Griffith et al. (2006) 
found that local R&D establishments may facilitate knowledge sourcing by UK 
firms. Carrying out R&D in the US was associated with accelerated productivi-
ty growth for UK firms, particularly if the local industry’s overall R&D stock 
grew. Innovation hubs have frequently emerged close to a university and been 
reinforced in a ‘triple-helix’ partnership between the municipality, university 
and local entrepreneurs, as discussed e.g. by Etzkowitz and Leydesdorff 
(1999). Pajarinen and Ylä-Anttila (2001) conducted a survey of 300 foreign-
owned firms in June 2000 and found inflow levels to the ICT industry to be 
significant. They also found indications of stronger technology flows and 
knowledge spillovers to the parent companies abroad and their networks of 
affiliates than inwards, and suggest that at the time Finland attracted asset-
seeking FDI to local technology-based firms. As Coad and Rekha (2008) have 
shown, innovation in high-tech sectors is vital to a small number of rapidly 
growing “superstars”. It is evident that even at the WTF, innovation may be 
highly clustered into a few firms, and foreign firms may be seeking to absorb 
the superior technology of an innovative local firm. As evidenced e.g. by Jaffe 
et al. (1993), knowledge spillovers are geographically localized, which moti-
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vates firms seeking them to establish themselves in the vicinity of potentially 
valuable new knowledge.  

It is therefore not evident that foreign firms, even in advanced open econo-
mies, define the technology frontier to the point that they could proxy the 
WTF. While an efficiency comparison of foreign and domestic firms cannot 
establish the technology frontier in such situations, it can nevertheless help 
reveal the direction of knowledge leakages and a technology-seeking motive.  

 

3.  Data and variables 

 

3.1 Finnish ICT firm-level data 

The unbalanced panel of ICT manufacturing firms was constructed from sev-
eral databases from Statistics Finland. Firm-level data on capital and labour 
was obtained by summing up plant-level data to avoid the division of R&D 
capital plant-wise.  In the estimation of efficiency, real value-added measures 
output (Y), and non-R&D labour (L), the physical capital stock (K) and the 
R&D stock (R), the inputs. Labour input is proxied by total firm personnel due 
to data shortages on hours worked158. As R&D was included as an input, R&D 
employees were deducted from the total number of labour input to avoid dou-
ble-counting (see e.g. Hall and Mairesse, 1995).  

Proxies for physical capital, constructed from longitudinal panels of machine 
and equipment investments159, using the perpetual inventory method with a 

10% depreciation rate, i.e.  ttt IKK 1)1(  where δ is the depreciation 
rate, were available from Statistics Finland. Similarly, R&D capital stocks were 
constructed from total intramural R&D investments, available in the R&D 
panel, based on the perpetual inventory method. The initial R&D stock was 
based on data for 1985–1989 to the extent available, and estimated with a 30% 
depreciation rate, in line with rapid technological development (confirmed by 
the results) and a prior finding for electrical products (Bernstein and 
Mamuneas, 2006).  

                                                           
158 At least for blue-collar workers, hours worked are likely to differ little by employee due to strict labour 
regulation in Finland restricting the number of hours worked.  
159 The initial capital stock was taken from book value. The length of the underlying panel reduced the po-
tential bias it may have introduced to the current economic value of machinery and equipment stocks. 
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Due to data shortages, as well as to improve the homogeneity of the sample, 
the analysis was restricted to innovative, exporting and minimum 20-
employee firms. Since efficiency increases with firm size (Berghäll 2012), the 
exclusions increase average efficiency due to firm size and smaller sample 
size.160 Since entry conditions into the industry may differ for foreign and in-
digenous firms, the size cut-off places foreign and indigenous companies on a 
more equal footing for average efficiency comparison than a comparison based 
on the averages of all indigenous vs. foreign firms. Large firms dominate the 
industry in terms of sales and R&D, covering over 90% of the private R&D 
carried out in the industry, which in turn represents over half of total corpo-
rate R&D in Finland.  

The sample was restricted to exporting firms for reasons of homogeneity as 
well as to allow conclusions at the global level. Exporting firms are subject to 
global competition and are therefore more likely to adopt frontier technology 
or innovate it. In contrast, non-exporting firms may be on the frontier at the 
local level, but nothing can be concluded on their global position. This re-
moved a further 12% from the sample, leaving a total of 813 observations. 
Since non-exporting firms were generally few and small, their exclusion does 
not prevent the generalizability of the results to the industry level.  

Nominal variables were deflated with sectoral producer price indices at the 
2- and 3-digit levels (1995=100), with the exception of the R&D stock, which 
prior to 1995 was deflated with the general earnings-level index. Following 
these cuts and modifications, the panel firms can be assumed to be subject to 
similar (minimal) regulation and demonstrate comparable behaviour. Sum-
mary statistics for indigenous and foreign firms are presented in Tables 1a and 
1b, respectively. 

 
Table 1a.  Summary statistics for Finnish firms 

 N Min. Max. Mean Std. dev. 
Value added (€), (Y) 693 91531 6474956360 47552133.3 338510536.4 

Capital (€), (K) 693 218 541878095 14300036.6 46231941.1 
No of personnel ex-
cluding R&D person-
nel, (L) 
 

693 1 7839 294.7 769.7 

R&D capital stock (€), 
(R) 693 826 695930103 10617776.3 49544214.0 

 
Data on foreign firms is available for 1993 – 2002, following the removal of 
remaining entry barriers in 1993. Foreign firms are on average only slightly 
larger than indigenous firms, not enough to expect them to gain an advantage 
in terms of efficiency. Only one foreign firm was excluded from the sample due 
to it having no exports. Hence, inward investment has scarcely been market 
size-seeking, or motivated by other factors than those related to competitive-
ness on global markets. Due to the narrow focus of the local industry base on 
mobile phones, all remaining firms are expected to operate in the same tech-
                                                           

160 Average efficiencies are of interest only with respect to their differences between indigenous and for-
eign firms.  
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nology niche. Even though similar technologies are not assumed by the meth-
odology, foreign and local firms present a rather homogeneous sample, which 
is pooled to compare efficiencies in respect of the same frontier.  
 
Table 1b.  Summary statistics for foreign firms 

 N Min. Max. Mean Std. dev. 

Value added (€), (Y) 121 119267 176033413 23475238.4 31533415.5 

Capital (€), (K) 121 25998 66150378 11479143.0 13403853.3 
No of personnel ex-
cluding R&D person-
nel, (L) 
 

121 13 1094 312.7 310.9 

R&D capital stock (€), 
(R) 121 16776 70539293 5520402.5 10328705.1 
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Figure 1. Number of indigenous and foreign firms in the sample 1990-2003.  

3.2 Robustness check on best readily available (KLEMS) data 

The data period, 1993 – 2003, covers a period when the global mobile handset 
industry took off. Towards the end of it, offshoring e.g. to China got underway. 
That is to say, the time period represents an era when Finnish ICT firms were 
most likely to be close to the WTF. For further support, I examine best availa-
ble harmonized international data, i.e. the EU KLEMS and its linked databases 
(Inklaar and Timmer 2008). The data available on the related electronics in-
dustry is far from global coverage, being limited to similar advanced medium-
sized developed open economies. The final sample consisted of 11 countries 
and 215 observations over a longer period of 1980 – 2003 for industry catego-
ry 30 to 33 based on European NACE rev. 1 industrial classification (Table 2), 
i.e. a broader electronics category than used in the firm-level inspection.  
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Table 2. Availability of KLEMS data by country 
Country Frequency/ Years Percent Time period 
Austria (AUS) 24 11.2 1980 - 2003 
Czech (CZE) 5 2.3 1999 - 2003 
Denmark (DNK) 24 11.2 1980 - 2003 
Spain (ESP) 18 8.4 1986 - 2003 
Finland (FIN) 24 11.2 1980 - 2003 
Germany (GER) 13 6.0 1991 - 2003 
Italy (ITA) 24 11.2 1980 - 2003 
Japan (JPN) 24 11.2 1980 - 2003 
Netherlands (NLD) 24 11.2 1980 - 2003 
Sweden (SWE) 11 5.1 1993 - 2003 
United Kindgdom (UK) 24 11.2 1980 - 2003 
Total 215 100.0  

 
The estimated variables included value-added (Y), R&D stock (R), capital stock 
(K), hours worked (H_EMP/L) (Table 3). These were deflated with the price 
indices available in the dataset and converted into US dollars for comparabil-
ity. However, since KLEMS linked database R&D stocks were estimated signif-
icantly differently from the firm level analysis, the results are not directly 
comparable. In particular, the data does not specify the share of R&D labour 
input. Hence R&D labour is “double-counted”. Moreover, the depreciation rate 
applied to the R&D stocks available was 12 %, i.e. much lower than the 30% 
applied at the firm level. While the 30% was drawn from empirical evidence of 
rapid depreciation in the electrical and electronic products industry, the 12% 
R&D stock depreciation rate was applied uniformly to all industries in the da-
tabase. Hence R&D stocks are likely to be overestimated and the results biased 
accordingly. In addition, the hours worked labour input variable differs from 
the Finnish ICT sector comparison number of employees variable.   

 
Table 3. Descriptive Statistics for KLEMS electronics industry data (European NACE 
Rev. 1 industrial classification 30 to 33).  

Variable      Mean  Std.Dev.  Minimum       Maximum  No. Of Obs. 
Value Added 25558.8 49804.2 767.5 286420.0 215 
Hours Employed  933.6 1401.3 59.0 5428.3 215 
Capital Stock 43113.4 92128.7 963.5 532507.0 215 
R&D Stock 31340.5 64347.6 201.0 377190.0 215 
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4.  Methodology 

4.1 Data Envelopment Analysis (DEA) 

Non-parametric efficiencies are estimated to establish technological gaps be-
tween foreign and domestic firms. Farrell’s (1957) original insight was to ex-
tract information from extreme observations of data to determine the best 
practice production frontier. In theory this production possibility frontier 
emerges from the long-term equilibrium of perfectly competitive markets, 
when average costs are minimized on the average cost curve. This technical 
(productive or x-efficiency) efficiency refers to the ability to obtain maximum 
output on the production possibility frontier from a given set of inputs (given 
their optimal ratios) or expenditure. Technical inefficiency captures the pro-
duction unit’s shortfall in productivity from the most efficient units in the 
sample. In practice the most efficient units receive a score of one, and less effi-
cient a score somewhere below one, but above zero. 

Non-parametric DEA is a straightforward application of this principle. The 
method seeks the points that maximize output given the inputs (output-
oriented measure) or minimize inputs given the output (input-oriented meas-
ure). One of the major advantages of DEA and order-m discussed below is that 
beyond convexity, no assumptions are imposed with respect to the technology, 
i.e. on the shape of the production function.  Again, the most efficient firms 
receive a score of one, and less efficient firms a score somewhere below one, 
but above zero. It applies linear programming to compare relative perfor-
mance when the production process involves multiple inputs and outputs. 
Several programs are available to carry out the linear programming problem. 
Hence its complexity in terms of the number of inputs and outputs causes no 
constraint. If the motivation of foreign firms is technology-sourcing, it would 
be incorrect to assume similar technologies for foreign and indigenous firms, 
as in parametric analysis. 

On the other hand, the meta-frontier approach developed by Battese et al. 
(2004) allows the estimation of comparable firm efficiencies while allowing for 
different technologies. For example, Lee et al. (2014) estimate the efficiencies 
of Android and iOS platform users as a group relative to the meta-frontier. 
Since the sample firms cannot be categorized based on clear technological dif-
ferences beyond efficiency differences, the objective of foreign and domestic 
firms was to compete on or for the same technology, and different group sizes 
could bias the results (de Witte and Marques 2009) without obtaining signifi-
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cant additional advantages, the meta-frontier approach was not selected. In-
stead, the firms were pooled and comparable efficiencies estimated with DEA.  

The original constant returns DEA methodology was developed by Charnes 
et al. (1978), and further developed by Banker et al. (1984) to a variable re-
turns to scale (VRS) version, relaxing the scale efficiency assumption. Since 
prior tests had proved returns to scale in the industry to be highly variable 
(Berghäll 2012), there is no pitfall in applying the VRS model warned against 
by Dyson et al. (2001). When input-based efficiency is less than output-based 
efficiency, returns to scale are decreasing and vice versa for increasing returns 
to scale (Coelli 1996).  

There is no clear rule as to whether one should select the input or the output-
based efficiency measure, other than the type of industry studied. The output 
measure may be more appropriate, since it is reasonable to assume that during 
“normal/ good” times, competitive firms in open market-based economies 
maximize value-added rather than minimize costs. Moreover, the R&D-
intensity of the ICT industry suggests that firms would maximize output since 
R&D imposes no additional size-related marginal cost and there are significant 
benefits to size.  

Coelli et al. (1999) present an output-oriented variable returns to scale DEA 
model in the following way: 

 
 maxФ,λФ,   (1) 

so that  -Фyi + Yλ ≥ 0,   (2) 

  xi  - Xλ ≥ 0,    (3) 

  N1’ λ = 1,     (4) 

λ ≥ 0,   (5) 

where Ф is a scalar, λ is a Nx1 vector of constants, 1 ≤ Ф < , and Ф – 1 is the 
proportional increase in output that could be achieved by the i-th firm, with 
input quantities held constant. That is to say, i indicates the unit of analysis 
and N the number of DMUs161. 1/Ф defines a technical efficiency score between 
0 and 1. yi and xi are values of output and input, respectively, at point i, and X 
represents the input matrix and Y the output vector that include all the data in 
the DMUs. The linear programming problem is optimized for each DMU in the 
sample.  

As mentioned, non-parametric methods are detached from assumptions re-
garding the functional form, but cannot separate random variation from actual 
productivity effects. Hence there is no adjustment for outliers (Coelli et al. 
1999), which is a major drawback of the DEA method.162 In addition to the 
robustness checks below, I mitigate their impact by comparing the averages of 

                                                           
161 The production units are frequently referred to as decision-making units (DMUs). 
162 DEA also rests on assumptions of homogeneity (firms can share the same technology), accuracy of 
data, monotonicity (disposability of inputs), ability to expand/contract activity (firms face no production lim-
its), and convexity (firms can combine their product). 
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foreign and domestic firms, as well as the average of the top-third firms in 
both groups. 

4.2 Sample size and robustness check with order-m method-logy 

DEA efficiency declines with sample size, because the probability of encounter-
ing more efficient firms rises with sample size, as the estimated frontier as-
ymptotically approaches the true production frontier (Banker 1989), the so-
called curse of dimensionality. Since efficiency is estimated from a pooled 
sample of foreign and indigenous firms, their different sample sizes do not bias 
their efficiencies with respect to one another. Similarly, the technology frontier 
is estimated for foreign and indigenous firms from the top third of indigenous 
and foreign firms from the pooled estimation results. While the approach 
avoids biases caused by the different sample sizes of indigenous and foreign 
firms, the overall sample size may affect the results. As a first robustness 
check, the first years of foreign inflows, 1993 – 1995, were removed from the 
comparison due to the low number of foreign firms. While pooling may result 
in comparing a DMU to its future observation, the results for indigenous and 
foreign firms are compared over the time period (Figures 2 and 3). Hence only 
the relative values are of interest.  

As another robustness check, so-called order-m methodology was applied to 
control for the impact of sample size and outliers on the estimates. Zhang and 
Bartels (1998) have proposed adjusting obtained DEA efficiency results to the 
sample size based on random draws of nf firms from the larger sample of in-
digenous firms. These random draws are repeated several times without re-
placement. The final mean efficiency estimate is the average of these draws. In 
their example, the mean efficiency of the larger sample rose more than that of 
smaller samples.  

This method resembles a popular and more state-of-the-art method called 
order-m proposed by Cazals et al. (2002), with the exception that in order-m 
the random draws are repeated with replacements. Instead of benchmarking a 
DMU against the best-performing peer in the sample, as in DEA, in order-m 
the DMU is benchmarked against the expected best performance of an m sam-
ple of peers. This varying coverage of observations excludes and includes outli-
ers in the sample on which efficiency is estimated.  

In more formal terms, let Y1,...,Ym be m random observations drawn from the 
distribution of Y given X ≤ x0 , i.e. only firms with equal or less inputs than 
firm (x0, y0 ) are considered. The output-oriented order-m efficiency measure 

mm (x0, y0) is defined for firm (x0, y0 ) as mm (x0, y0) = max(i=1,...,m) 

{min(j,...,q) (Y / y 163 with Y ( y  being the jth component of Yi (of y0 respec-

tively). It compares the relation between an observation’s output to the best 
practice found among observations with equal or less inputs. In the context of 
the paper, it indicates by how much a firm’s value-added has to increase in 
order for the firm to become best practice (efficient) given its level of capital, 
                                                           

163 In a one output case, this simplifies to mm (x0, y0) = max(i=1,...,m) (Yi/ y0  
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labour and R&D. Here mm (x0, y0) is a random variable because the firms 

against which (x0, y0) is compared are randomly drawn.  
 

0 0 m 0 0 0 0 0
b 1

1ˆ (x ,y ) = E[ (x ,y )|X x ]  (x ,y ).
B

B
b

m m 0 0
1(x ,y )|X x ]  (x ,y ).0 00
1
B

B
b

m 0 0 0(x y )|X x ]m 0 0 00 0 0m 0 0 00 0 0]x ]x ]000
 

(6) 

 
Daraio and Simar (2007, p. 72, 83) simplify the computation to a four-step 
procedure:  

 
1. m peer DMUs are randomly drawn from the sample with replacements. 
2. Pseudo FDH164 efficiencies are calculated using this artificial reference 

sample. 
3. Steps 1 and 2 are repeated B times165, with B defining the accuracy of 

the computation. With contemporary ample computing power, B can 
be raised to e.g. 200, and the approximation in equation (6) can be re-
placed with an equality sign. 

4. The final order-m inefficiency estimate ˆm (x0, y0) of country (x0, y0) is 

computed from the arithmetic mean of the pseudo FDH scores mm (x0, 

y0).  

Values of ˆm  smaller or equal to one indicate efficiency and larger values 

represent inefficiency, since the final efficiency score is obtained from its in-
verse. Super-efficiencies, in which the final efficiency score exceeds one, arise 
because, in contrast to DEA, in each replication a DMU may be unavailable as 
its own peer. If at least equally efficient DMUs are absent from the draw, the 
comparison of the DMU against inefficient points shows super-efficiency. That 
is to say, an inefficient point appears more efficient than it is in reality.  The 
true production frontier may lie above the estimated order-m frontier since the 
sample is not all-inclusive. It is therefore important to find an appropriate B 
and m to minimize the impact of super-efficient points. In practice, a relatively 
large m reduces the number of super-efficiencies and the impact of outliers on 
the results, while not merging with the FDH result. 

 

  

                                                           
164 See Daraio and Simar (2007) for an explanation of the Free Disposal Hull (FDH).  
165 Cazals et al. (2002) proposed a Monte-Carlo algorithm.  
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5. Results 

5.1 Firm-level results 

On the whole, the results show that on average indigenous firms lead in effi-
ciency during the period. Foreign firms proved less efficient relative to the 
sample average of indigenous firms, with 0.83 relative to 0.85 average output-
oriented DEA efficiency, respectively. The WTF benchmark applied by Sabiri-
anova et al. (2005), i.e. the average efficiency of the top third of firms, gave an 
average efficiency score of 0.88 to foreign firms relative to a higher score of 
0.92 for indigenous firms for output-oriented DEA.  
 
Table 4a. Input and output-based DEA and order-m166 efficiency estimates for total 
sample ICT firms. 

N DEA min. DEA max. DEA mean 
Finnish Input-based 689 0.62 1 0.82 

 
Output-
based 689 0.63 1 0.85 

Foreign  Input-based 121 0.65 0.91 0.77 

 
Output-
based 121 0.69 0.93 0.83 

Total 810 

   
Order-m (200) 

min. 
Order-m (200) 

max. 
Order-m 

(200) mean 
Finnish Input-based 693 0.36 1.55 1.16 

 
Output-
based 693 0.49 1.06 0.89 

Foreign  Input-based 121 0.54 1.55 1.15 

 
Output-
based 121 0.62 1.04 0.88 

Total 814 
 
Input-based DEA measures give indigenous firms an even stronger lead: 0.77 
vs. 0.82 respectively for foreign and domestic firms. The indigenous top third 
of firms beat their foreign counterparts by an even larger margin, i.e. 0.92 
against 0.82, respectively. That is to say, foreign firms are even less able to 
minimize inputs given output (ceteris paribus). Differences between input- 
and output-based DEA prove that returns to scale are not constant, but are 
increasing in this case. Declining average efficiency over time can be explained 
by successful innovation and growth in leading firms, as lagging firms fall fur-

                                                           
166 Only results for m=200 are shown, but the relative results were fairly consistent regardless of the size 
of m. A relatively large m reduces the number of super-efficiencies and the impact of outliers on the re-
sults, while not merging with the FDH result. 
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ther behind the rapidly progressing frontier. This result also emerges as a re-
sult of scale economies, but even among small firms average efficiency de-
clined over time.  
 
Table 4b. Input and output-based DEA and order-m efficiency estimates for top third 
of Finnish and foreign ICT firms. 

N DEA min. DEA max. DEA mean 
Finnish Input-based 222 0.86 1.00 0.92 

 
Output-
based 210 0.87 1.00 0.92 

Foreign  Input-based 46 0.78 0.91 0.82 

 
Output-
based 38 0.86 0.93 0.88 

      
 
   

Order-m (200) 
min. 

Order-m (200) 
max. 

Order-m 
(200) mean 

Finnish Input-based 232 1.31 1.55 1.40 

 
Output-
based 229 0.93 1.06 1.00 

Foreign  Input-based 40 1.28 1.55 1.39 

 
Output-
based 41 0.91 1.04 0.97 

Note 1: Efficiency greater than one equals full efficiency.  
 

Figure 2 below shows that in 1994 – 2000 the average technical efficiency of 
indigenous firms was above that of foreign firms, while Figure 3 shows it for 
the top third for 1994-2002. The absence of data on foreign firms prior to 1993 
can be explained by the removal of the final barriers to foreign direct invest-
ment in that year. Inflows subsequently rose rapidly, being highest in 1997–
2003. Judging by average output-based DEA efficiencies (Figure 2), foreign 
firms caught up with the indigenous industry in 2000. Figure 3 confirms the 
outcome for the top third of firms, except that indigenous firms kept their lead 
a little longer until 2002.   
  An important drawback of DEA methodology is that efficiency estimates are 
sensitive to sample size. The decline in DEA efficiencies as sample size grows is 
apparent in Figure 2. As a robustness check, the first years of foreign inflows, 
1993–1995, were removed from the comparison, but the average results were 
little affected.  

As a second robustness check, robust order-m estimates following Cazals et 
al. (2002) were derived (lower sections of Tables 4a and 4b). Only results for 
regressions with m=200 are shown, but regardless of the size of m, the results 
were fairly consistent in showing indigenous firms to be equally or more effi-
cient compared to foreign firms. The top-third input-oriented order-m results 
confirmed full efficiency, while the output-oriented results showed a small 
difference in favour of indigenous firms. These efficiency results turned out to 
be significantly higher, many showing full efficiency. Since foreign and indige-
nous firms also proved almost as efficient, one cannot conclude that indige-
nous firms lagged behind the global frontier. Rather the contrary: leading 
Finnish firms easily met the threshold set by foreign firms. Again, once obser-
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vations preceding 1996 were removed, the average results remained almost the 
same. The slight difference between foreign and indigenous firms that re-
mained was in favour of indigenous firms. Since the curse of dimensionality 
causes higher efficiencies the smaller the sample, the relative DEA results do 
not appear to be biased by it. Moreover, foreign firms were on average slightly 
larger, while on average larger size tends to increase efficiency. Hence, if there 
was any difference in efficiency, it was in favour of indigenous firms.  
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Figure 2.  Average output based DEA technical efficiency in foreign and indigenous 
ICT firms in Finland, during 1990-2003.   
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Figure 3.  Average output based DEA technical efficiency of the top third of foreign 
and indigenous ICT firms in Finland, during 1990-2003.   
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5.2 Internationally harmonized data comparison results 

Technical efficiencies were compared with EU KLEMS data to map average 
technology gaps in the electronics industry167 between countries. Various mod-
els and methods were attempted, but the DEA methodology was among the 
few that produced viable results with such limited data.  

The DEA results showed high efficiency for both output- and input-based es-
timates (Table 5). The high score of the Czech Republic, a former transition 
economy, is possible due to FDI into the electronics industry, which enabled 
technological upgrading without heavy R&D investments, i.e. through technol-
ogy transfer. The high relative position of Denmark may similarly be due to 
some small producer that does not carry out R&D in the country.  In contrast, 
in Finland the industry was sizeable, while its extensive R&D investments may 
have reduced its relative efficiency (see essay 2). As mentioned in the data sec-
tion, in addition to limited coverage, the KLEMS data cannot be adjusted to 
avoid double-counting of R&D without excluding it. Its overestimation may 
therefore bias the results in favour of industries in countries carrying out little 
R&D. These results support the assumption that the Finnish ICT industry was 
relatively close to the global frontier during the sample period, even though 
one cannot conclude that it was at it.168  

 
Table 5. Average input- and output-oriented DEA efficiency (incl. R&D) estimates for 
KLEMS electronics industry.  

DEAEFF_I DEAEFF_O 

Austria (AUS) 0.9692 0.9593 

Czech (CZE) 0.9980 0.9963 

Denmark (DNK) 0.9950 0.9929 

Spain (ESP) 0.9682 0.9779 

Finland (FIN) 0.9907 0.9858 

Germany (GER) 0.9705 0.9777 

Italy (ITA) 0.9635 0.9717 

Japan (JPN) 0.9614 0.9712 

Netherlands (NLD) 0.8981 0.9013 

Sweden (SWE) 0.9574 0.9578 

United Kindgdom (UK) 0.9787 0.9827 

 

  

                                                           
167 European NACE rev. 1 industrial classification 30 to 33. 
168 These results do not contradict those obtained in Essay 2, since in this paper the dataset is limited to 
the manufacture of radio, television and communication equipment and apparatus and extended to 1980. 
Moreover, ICT capital and the education level of employees are not considered.  
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6. Discussion 

Finland does not enjoy the advantages of a large market or cheap labour, but 
there is an ample supply of highly educated labour. Resource-seeking and/or 
efficiency-seeking investment might have been the case if Finnish engineers 
had been exceptionally skilled and unwilling to move abroad, and/or an ample 
supply of them had enabled otherwise unattainable returns on scale or scope.   
Such motives have been associated with positive spillovers, i.e. to raise effi-
ciency in the host country. Market-seeking FDI may also raise efficiency fol-
lowing the intensification of host-country competition. Since there is no rea-
son to assume that Finnish employees have on average169 been more apt in 
innovating or raising efficiency in the mobile phone industry, and the local 
market is small, the motives for inward FDI flows other than strategic asset-
seeking are fairly implausible. Finland attracted little FDI prior to 1993, due to 
constraints on inward FDI. Meanwhile, the Finnish ICT industry grew rapidly, 
and invested heavily in R&D. While knowledge spillovers from labor mobility 
are an important form of technology diffusion, even if the motive for FDI was 
the desire to employ local engineers with exceptional technological knowledge, 
in such cases the motive for FDI is technology-sourcing, not efficiency-seeking. 
In the absence of other apparent motives, ample FDI inflows and superior effi-
ciency indicate domestic firms’ proximity to the WTF. At the same time, the 
benefits of inward FDI are doubtful.  

There may nevertheless be large variation between individual firms. Leading 
global firms may refrain from FDI, while those already present may withhold 
their best available technology to prevent horizontal knowledge spillovers. If 
one assumes that this is the case, policies that encourage horizontal spillovers 
by means of public R&D support170 may accelerate the loss of technological 
advantage. When the motive of foreign firms is technology-seeking, once for-
eign firms catch up and close the technology gap, FDI inflows are likely to dry 
up. Indeed, in the 2000s, inward FDI began to fade and the sample of foreign 
firms with it (Figures 1 and 4), while offshoring, i.e. outward FDI became in-
creasingly commonplace in the Finnish ICT industry.  

 

                                                           
169 That is, while there may be individual exceptions among the workforce, on average there is no reason 
to assume Finnish employees to be more skilled or productive than those in similar settings abroad.  
170 In particular due to EU regulations on equal treatment, foreign firms carrying out R&D in Finland can 
apply for public R&D support. One key condition for approval is cooperation with a Finnish firm. 
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Figure 4. FDI Inflows into the Finnish ICT Industry, 1992–2009 in millions of euro. 
Source: OECD Statistics.171  
 
While the efficiency of foreign firms may provide a good proxy of the technolo-
gy frontier in countries that lag far behind it, the results show that in advanced 
countries the issue is less clear-cut. Since indigenous firms proved, if anything, 
more efficient than the top third of foreign firms, foreign firms’ efficiency does 
not proxy the WTF. A narrowing gap and declining FDI stock can signal a loss 
of technological advantage. 

 
 

7. Summary and conclusion 

Due to the lack of harmonized global data, proximity to the WTF has remained 
more a matter of belief than evidence. Reliable and comprehensive all-
inclusive data may be unavailable for a long time to come. Good proxies at the 
industry and firm level can complement the various less accurate measures 
used, which are frequently based on unrealistic assumptions. Sabirianova et al. 
(2005) applied the difference in technical efficiencies between indigenous and 
foreign firms to proxy the technology gap with the WTF. Although the link 

                                                           
171 The 2007 peak in FDI inflows may represent foreign portfolio acquisitions of e.g. Nokia Corporation 
associated with the stock market boom. Year 2007 broke the worldwide record in acquisitions, which 
reached a total of 4.2 billion US dollars.  

-600

-400

-200

0

200

400

600

800

1000

1200

1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

Eu
ro

, m
ill

io
ns

Year

Total (3000 + 3200, i.e., industry 3295 )    Radio,TV,communication equipments (3200)



 

186 

between foreign direct investment (FDI) and the WTF is strong in the theoreti-
cal and empirical literature, the actual evidence for technology gaps and (high-
tech) FDI is scarce. I explore and discuss the limitations of this approach with 
an example from a small advanced open economy, i.e. the Finnish ICT indus-
try, in 1993 – 2003.   

The example shows that while foreign firms can be useful proxies of the WTF 
when technology gaps are flagrant, as with transition economies in the early 
1990s or developing economies, this cannot be assumed a priori. The results 
show indigenous firms to be slightly more efficient than foreign firms in the 
ICT industry. When the gap is to the benefit of indigenous firms and other mo-
tives are unlikely, in the presence of sizeable inflows the comparison can nev-
ertheless help reveal or confirm a technology-seeking motive of inward FDI, 
which in itself suggests proximity of indigenous firms to the WTF. Conversely, 
the drying-up of such FDI inflows may indicate a loss of technological ad-
vantages to foreign competitors. In sum, this paper contributes with a counter 
example to foreign firm frontier dominance, which at the same time shows 
how quickly technological advantages may be lost.  
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