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Abstract
In Europe innovation is currently a cornerstone for economic development and to face the great challenges of human
kind. Monitoring progress and measuring what drives innovation is crucial for policy development. Information
infrastructures on innovation in Europe contain a number of indicators. Current performance indicators at the national or
sector levels use frameworks based on an efficiency model of inputs and outputs. The Community Innovation Survey
(CIS) has been a bastion of innovation policy research. Despite this, CIS has been criticised for not having an umbrella
framework linking its different underpinnings to explain what drives innovation to actual innovation and economic
outcomes. In this paper we propose a framework that enables the theoretical and empirical linkages between the drivers
of innovation to innovation performance via the integration of core features determining innovative behaviour in to a
single composite. This index enables to assess the total propensity of firms to innovate and assess the relative
innovation performance at the sector and country level. The approach adopted here to create the index overcomes long
standing theoretical and methodological issues related to the reduction of complexity in a meaningful form, scope,

aggregation, normalisation and validation of innovation composites. The empirical testing uses CIS4 data and the results
validate the theoretical structure and robustness of the proposed model. The model underlying the proposed index
provides not only a depiction of the efficiency of the innovation system but also a link to economic performance and to
the factors that determine relative performance.
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1 Introduction1
In Europe innovation is currently seen as a cornerstone not only for economic growth but
also as an intrinsic human activity that could help to face the great challenges of human
kind. Differences on innovation performance across sectors and countries give a varied
landscape to the industrial structure and growth rates. Given the importance of innovation
measuring progress but also monitoring what drives innovation becomes crucial for policy
development. Currently the information infrastructures on Innovation in Europe contain a
number of indicators. Most of the current indicators report over inputs to innovation (i.e.,
levels of investment in R&D, number of innovations to market) innovation activities
(number of new products, processes, services, logistics, etc.), enablers of innovation
(number of technicians, engineers, postgraduates, etc.) and outputs of innovation
(number of patents, citations, turnover related to innovation, etc.) (See Hollanders and
Cruysen, 2008; Schubert et al, 2011).
The integration of a single innovation indicator requires the compilation of a large number
of individual indicators from different national statistical bureaus. Frequently, at the
national level data on innovation is generated by surveying firms where managers’ selfreport diverse information related to the innovative behaviour of firms. The main
instrument to gather this information in Europe is the Community Innovation Survey
(CIS). During the last decade CIS has been a bastion of innovation research. Despite
this, CIS has been criticised for not having an umbrella framework that unifies its different
underpinnings to explain what drives innovation to actual innovation and economic
outcomes (Beckenbach and Daskalakis, 2008; Bloch, 2007). The issue of scientific
validity in science and technology indicators is a long standing problem. As will be
noticed below, from the early works to recent ones on science and technology indicators
many authors have pointed out deficiencies concerning how indicators are designed,
deficiencies that remain to date.
For example, GAO (1979, pp. 50–51), pointed out that “It was natural that the initial
Science Indicators (SI) reports would be based largely on an operational approach,
deriving indicators from the readily available data on the basis of suspected importance.
This approach, however, incorporated a limited view of science and technology, and led
to the construction of a number of indicators whose underlying assumptions are tenuous
or invalid”. More recently it has been acknowledged that the underlying model of inputs
and outputs is not sufficient to create a link between innovation investments and
economic performance … ”SI lacks any overall unifying model that makes sense of the
connections between science, technology, economy and society” (Cozzens, 1991, p. 10).
Furthermore, one of the latest tests on the robustness of innovation indicators at the
European level still indicates the lack clear theoretical models to guide the selection and
weighting of indicators (European Commission, 2003; Grupp and Thorbert, 2010).
In general, four challenges hinder the progress of innovation indicators, these challenges
concern the scope, aggregation, normalisation and validation of indicators (Grupp and
Mogee, 2004; Cherchye et al., 2004, 2008). The issue of scope refers to the underlying
theory that guides the selection of variables that will integrate the composite. Traditionally
there has been a lack of theories that enable the integration of disparate empirical
1
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insights from the literature of innovation towards the linkage of innovation drivers to
innovation activities and to innovation and economic performances. Most composites are
based in a simple input/output model with little possibility of hypothesis testing. The issue
of aggregation regards two aspects. The first concerns the weight given to variables
included in the model. That is, the respective weighing that each variable gets in a given
scale. The second issue in aggregation refers to the bias caused by sample distribution,
averages calculation and the weight given to data aggregated at the region, sector or
national levels. The issue of normalisation concerns the transformation of variables with
different measurement dimensions to enable aggregation or comparison in a meaningful
fashion (Schubert and Braun, 1996). Last, construct validity, concerns the structure and
contents of the theory supporting the construction of the composite. In the case of
indicators, measurement implies the search for empirical structure by means of
extensional, ordered, symmetrical and asymmetrical relations (Korzybsky, 1994). Thus,
validation requires that the empirical structure in the data matches theoretical structure of
the composite (Michell, 1997).
Recent advances in the fields of psychological economics and the economics of
innovation have provided approaches that establish sound causality paths between
innovation drivers and innovation performance (e.g., Ajzen 2005; Wehn 2003, Montalvo
2006, Beckenbach and Daskalakis, 2008, Zhang et al., 2012). In this paper, building on
Montalvo (2006), we propose a framework that enables linkage between drivers of
innovation to innovation performance via the integration of core features determining
innovative behaviour into a single composite. The index enables the assessment of
innovation propensity of firms and corresponding performance in terms of innovation
intensity and innovation efficiency.2 Once computed the index enables benchmarking
sectors or countries with respect productivity, employment or GDP. The advantage is that
indicator offers a graphic composite that displays at the first glance the inputs and
outputs relative size and the throughput efficiency of an innovation system.
The paper is structured as follow: Section two presents the index concept and meaning of
variation. Section three presents the theoretical underpinnings to estimate innovation
propensity and innovation performance that enable the index scoping and its empirical
weighing and validation. Section four conducts the empirical validation with three different
data sets to assess stability and robustness. Section five applies the index to show
innovation performance and system efficiency at the country and sector levels using CIS4
data. The last section discusses the contribution to the literature of innovation to
overcome challenges of scope, aggregation and validation. In addition, it presents
limitations of the proposed approach as well as further venues for research.

2
The literature on innovation reports positive impacts of innovation intensity on economic performance, in (e.g.,
Cainelli et al., 2006). The empirical application of the index reveals that a sector or country could have high
innovation intensity and still fail to profit from innovation activities.

2 Innovation System Efficiency index concept
The notion of innovation system efficiency is implicitly present in the seminal works on
innovation systems (Freeman, 1988, Nelson, 1993; Lundvall, 1992, Malerba, 2002). An
overarching concern in policymakers is to make innovation systems efficient concerning
the rate of transformation of inputs into outputs. The notion of innovation system holds a
number of definition and methodological issues related with levels of analysis, system
components and boundaries (for a revision see Carlson et al., 2002 and Coenen and
Diaz-Lopez, 2010). Despite the many issues of innovation systems definitions recently
there have been some attempts to measure efficiency following the classical definition of
mechanic efficiency (Nasierowski and Arcelus, 2003; Kats, 2006; Guan and Chen, 2011).
The latest innovation indicators aim to aggregate data at the national level or sector level
and test whether investments made produce satisfactory returns. Despite overall
agreement in the heuristics and analysis offered conclusions in general are spurious as
there is no way to validate scores and results (Grupp and Mogee, 2004).
The index here proposed is complementary to previous attempts to assess innovation
system efficiency as we take a micro approach, taking as primary unit of analysis the
firm. While taking a supply side approach we emulate efficiency measurement of as it is
done in physics and biology. In classical sciences any system analysed is composed by
passive and active elements. A system has flows of energy and materials and rates of
transformation. Despite that all components play a role in the system performance,
generally efficiency measurement is done via throughput rates with respect to any of its
components or any other overarching aim of the system (e.g., flow, pressure, potency,
speed, acceleration, etc). Similarly, innovation system efficiency can be measured with
respect to any of its elements (e.g., education, research, government, industry, etc.) and
its throughput rates can be associated to employment, productivity, turnover, GDP, or
broader aims like health, security, safety or environmental quality. Looking at how
resources and framework conditions enabling or restricting innovation are accrued at the
firm level we implicitly assess how well other components in the system support
innovative behaviour.
The communication of complex, multidimensional phenomena in simple terms is a
challenge in any scientific field. The aim of creating a composite innovation indicator is to
summarize the big picture in relation to a complex issue with many dimensions
(European Commission, 2003, p.70). Thus the index aims to summarise the interplay of
innovation inputs, throughputs and outputs while maintaining visible issues of scale and
rates of transformation. The rest of this section presents the index concept and the
meaning of its variation. The overall concept regards an efficiency measure, thus we
necessarily start with an input and output model, where we aim to know the
transformation rate from inputs to outputs. So far the concept offered is not different to
what is the state of the art in the literature. From here on the development of the index is
based on behavioural science. In behavioural research it is known that most human
social behaviour in specific situations is guided by goals. In turn goals are preceded by
intent, a propensity to behave towards the accomplishment of the goal (Ajzen, 1985;
Gollwitzer and Bargh, 1996).
Similarly, innovation activities, one type of behaviour in organizations, are generally
guided by goals to fulfil and goals are guided by a strategic intent (Mintzberg, 1994).
Innovation propensity is a summary of all conditions that predetermine engagement in
innovation and to a large extent innovation performance. Metzelaar (1997) and Montalvo
(2006) demonstrated empirically that the better the conditions to engage in innovation,

the higher the propensity to innovate. In this sense, innovation propensity is meant to
serve as a proxy measure of the social effort put into innovation in a given innovation
system as experienced at the firm level.
The assessment of both concepts - Figure 2.1 Basic behavioural input/output measures
innovation propensity and innovation
performance - is carried out at the firm
level, and by aggregation, at the sector
Total
Innovation
or country level. A data array of factors
innovation
Performance
propensity
affecting innovation engagement and
innovation activities conducted along a
sector provide elements to calculate a
total innovation propensity and corresponding innovation performance. Figure 2.1 shows
the basic relationship between innovation propensity and innovation performance.
Differences in propensity and performance across a population sample will produce
varied rates of innovation efficiency.

2.1 ISE – definition and meaning of variation
The process to build the composite is the following: first the total innovation propensity
(TIP) is estimated following equation (3.4); then the innovation performance (IP) is
defined; the average scores in the population sample of TIP and IP obtained per country,
region, sector or firm are scaled to take values that range in unit interval [0, 1], that is
0 ≤ TIP ≤ 1, and 0 ≤ IP ≤ 1 .3 Both constructs are to be scoped in section three of this
paper.
The innovation efficiency is defined here as the innovation performance minus the total
innovation propensity:
(2.1)4.
η = IP − TIP
The innovation system efficiency index, ISE, is then defined to be an increasing, smooth
and odd5 function of the innovation efficiency,

ISE = g (η )

(2.2).

With the range ℜ (i.e., − ∞ < ISE < ∞ ).
2.2 Geometric representation
The graphical representation if the ISE index aims to summarise the interplay of
innovation inputs, throughputs and outputs while maintaining visible issues of scale and
3

This is a process of normalisation where the dimensionality of disparate variables are standardised to make
comparisons possible (see Nardo et al., 2005).
4
Note that innovation efficiency η takes value in interval [-1, 1]. While the efficiency of an ideal innovation
system is one, i.e. η=1. However, to maintain a perfectly ideal innovation system, the innovation performance
should be 1 while the total innovation propensity being absolute zero, which is impossible to reach. Therefore,
perfect innovation efficiency can never be achieved and consequently an actual innovation system's efficiency will
always be less than one, (η<1). An innovation system with innovation efficiency η is called efficient of degree | η |
if η ≥ 0, and (more or less) inefficient of degree | η | if η ≤ 0.
5
A real value function f with real domain called odd for every x in its domain we have that f(-x)=-f(x).
Geometrically, the graph of an odd function has rotational symmetry with respect to the origin, meaning that
its graph remains unchanged after rotation of 180 degrees about the origin.This condition is needed to ensure that
the signs of η and ISE are the same.

rates of transformation. Thus, innovation performance (IP) and total innovation propensity
(TIP) are presented by circles C(OIP, RIP) and C(OTIP, RTIP) (where C denotes a circle with
radius R and centre O ) with areas IP and TIP respectively, i.e. :

RIP =

IP

and RTIP =

π

TIP

π

(2.3).

In order to represent ISE geometrically we use the trigonometric circle. We fix OTIP at the
origin and let OIP be positioned on the trigonometric circle depending on ISE. To do that,
we first specify the ISE function in 2.2 as follows:

π

ISE = g (η ) = tan( η )
2

(2.4).

This is an odd and increasing function of innovation efficiency. Define

α=
As −1 ≤ η ≤ 1 , we have that −

π
2

≤α ≤

π
2

π
2

⋅η .

and consequently − ∞ < ISE < +∞ .

In this case, ISE is the slope of the line segment OTIP OIP . Given that OTIP is fixed at the
origin, ISE determines the geometric position of OIP in the trigonometric circle. That is
OIP (the centre of the circle which represents IP) moves around the trigonometric circle
from − π /2 to π /2 while ISE varies from −∞ to ∞ .
For policy analysis the above implies that the trajectory along which the results of
function (2.4) vary describes the range of efficiency in the innovation system. The
efficiency of a particular innovation system evolves along this trajectory ranging from
infinite efficiency to infinite inefficiency. We can therefore broadly predict three situations
of innovation performance and efficiency tendencies in firms, sectors and countries.
These are: falling behind, punctuated equilibrium and forging ahead. The geometrical
representation of ISE gives elements to assess the relative state and positioning of an
innovation system across regions and countries with strong implications for policy design
and assessment. These situations are illustrated in Figure 2.2 below, the upper side
shows the index and the lower part shows the smoth function along which of the ISE
index varies, which is in fact a classic efficiency curve.
The graphic representation of ISE shows in green tones cases where innovation
performance ranges between proportional to more than proportional with repect to the
total innovation propensity. The green range indicates that there is a confort zone where
inputs, performace and efficiency could be considered ideal. The yellow zone indicates a
tendency of falling behind. Red zones indicate undesirable innovation efficiency. The
arrow indicates the rate of efficiency in the innovation system.

Figure 2.2 Innovation system efficiency index – meaning of variation

a)

b)

c)

ISE
ISE=tan(α)

Forging
ahead

Lagging
behind

Tendency one: This case includes innovation performances that are less than
proportional to the propensity displayed. This include sets of firms (by aggregation
sectors or countries) that have relative good support and framework conditions for
innovation (TIP) and still have a less than proportional innovation performance (IP) (see
figure 2.2a). The trajectory along the smoth function indicates at the end of yellow area
that there is a threshold where firms, sectors our countries with persistent low efficiency
rates have large shortfall on innovation investment to a point where the risk of lagging
behind and sinking. Extreme decressing returns make difficult for firms to get out of the
sink due to insufficient investments or lack of returns on innovation. Risk of extreme lack
of innovative and absorptive capacities and stagnation. The potential variation in this
tendency spans within the interval ( − π /2, π /4), figure 2.2a shows innovation
performance just below the negative threshold at − π /2 while ISE shows asymptotic
decreasing efficiency tending to −∞ .
Tendency two: refers to innovation performances that are proportional to the propensity
displayed (see figure 2.2b). That is, sets of firms where investments and social support
for innovation (TIP) produce a proportional or near to proportional innovation performance
(IP). This could be conceptualised as a “confort zone” with a highly desirable puctuated
equilibrium. Here timelags in structural change allow for timely adjustmets in labour
supply and capital flows. The variation interval in this tendency spans within the interval
( − π /4, π /4), figure 2.2b shows the middle point with optimal efficiency at the middle of
the graph.

Tendency three: concerns innovation performances that are more than proportional to
the propensity displayed (see figure 2.2c red area). That is, sets of firms that in general
produce more innovation with relatively less inputs (TIP), in some cases firms could face
a less favourable social support for innovation and still show a more than proportional
innovation performance (IP). Although this tendency in some cases is highly desirable
and all firms aim to achieve high returns, this tendency shows also a threshold of extreme
returns on innovation investments. Extreme innovation efficiency at the sector level bares
the risk of churning, overheating, fast structural change, unbalances in labour supply and
capital markets favouring investments in a fast growing sectors with the potential of
creating finacial bubbles. The variation interval in this tendency spans within the interval
( π /4, π /2), figure 2.2c shows innovation performance very close to the positive
threshold at π /2 while ISE shows increasing asymptotic efficiency tending to + ∞ .
In general, detours from the “confort zone” depicted in figure (2b) above, should be seen
as natural structural anomalies where a far less than proportional performance would
indicate problems of inefficiency in the use of social resources for innovation. A deviation
too far into more than proportional returns could indicate hiden subsidies or overheating
of the innovation system. Both cases in the long run are not economically and socially
desirable.
Once computed the index can be used to benchmark the relative performce of sectors or
countries. Figure 2.3 below provides an example of typical plottings. The circles red and
blue represent respectively the normalised measures of total innovation propensity (TIP)
and (IP). The left side shows countries with efficient systems of innovation but with
different overall size. This side holds the moto that innovation performance is proportional
to propensity. That is, there is proportionality between the social investments made on
innovation and corresponding innovation performance. The rigth side of the figure shows
situations that are closed to what happens in reality. That is, that there are different
innovation efficiency rates where some sectors or countries perform at different levels. It
will be shown in the empirical application (section 5) that although most sectors and
countries have less than proportional performances, there are some cases where sectors
or countries do more with less. A common feature in both sides of the plot is that the
higher the innovation efficiency of the country the higher the levels on employment,
productivity and GDP could be expected. This is an empirical issue tested in the empirical
part of this paper.

GDP, employment or productivity

Figure 2.3 Typical plotting ISEi vs. GDP, employment or productivity
Country n
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Country 2
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3 ISE elements definition and scoping
The issue of how and what integrates innovation indicators has been widely discussed in
the literature of innovation (e.g., Kleinknecht et al., 2002; Godin, 2003; Mairesse and
Hohnen, 2008). In this section we define and construct the model to assess the total
innovation propensity and innovation performance. Here we address the issues of scope
and weighing, that is, how and what variables are included in the composite and how
their importance and weight is given in the index.

3.1 Total innovation propensity – elements scoping
The theory used to build the single innovation indicator to assess and monitor the state of
an innovation system here proposed is based in a behavioral model designed to explain
and predict human innovative behaviour in specific situations and contexts. Under the
framework proposed behaviour is explained once its determinants have been traced to
the underlying belief system motivating action (Ajzen, 1991, 2012). The model has been
widely tested and used to explain human social behaviour in multiple settings (for a
review see Armitage and Conner 2001, Ajzen 2005).6 Recently the model has been
applied to assess the propensity of firms to engage on innovation and tested empirically
in diverse innovation setttings. The explainded variance on behaviural innovation ranged
form 0.62 to 0.86 of the total variance in the data (Montalvo 2002, Wehn 2003, Montalvo
2006, Sartorious, 2008). More recently the approach has been applied in surveys at a
European level producing satisfactory results in sectors like industy, transport, agriculture
and energy (Montalvo et al., 2007). The basic rationale of the model to guide the
integration of and innovation efficiency index is presented below.
Ajzen (1985) demonstrated that the behavioural intent of people could be explained in
terms of three constructs: the attitude towards the behaviour, the social norm pushing pro
or against the behaviour, and the degree of control exerted upon behavioural
performance. An equivalent structure with three constructs to organise behavioural
drivers was proposed by Guttman (1973). Guttman’s structure includes a cognitive
component (attitude), an affective-normative component (social norm) and an
instrumental component (control over behaviour). Each of these constructs is formed by a
number of latent variables (salient beliefs held by people, by decision makers in the case
of firms). The beliefs can arise from expectancies, current or long past experience.
Following Guttman (1973), Ajzen (1991) and Montalvo (2006) here is proposed that the
belief system held by decision makers in firms concerning innovation engagement, i.e.,
the drivers of innovation, can be captured via these three components. Thus, the
concatenation of these three components enables the creation of a multi-dimensional
construct, construct that here is denoted as total innovation propensity (TIP).
The relationships between the three constructs and the respective paths between
different drivers generating and moderating innovation propensity and innovation
performance is depicted in Figure 3.1 below.7

6
An indication of its wide use is given by the number of citations found in Google Scholar, 13208 citations in 8
October 2011. For applications in different behavioural domains see http://people.umass.edu/aizen/tpbrefs.html
7
The path of causality is depicted here for matters of stylised presentation, the relationships between contructs are
limited to those to the lines indicated. Empirical evidence indicates that there are also correlations between
constructs other that those indicated in the diagram. See for example Chian et al, (2012) and Wehn, 2003.

Figure 3.1 Determinants of innovation propensity and innovation performance

Source: Modified from Montalvo (2002).

The first component, a cognitive component of innovative behaviour (A) is captured
through an index of predisposition towards innovation. (A) is obtained as shown in
equation (3.1). The evaluation of each factor regarding potential outcomes of innovation
engagement (ai) is done by a differential semantic that combines the subjective
evaluation of each belief attributed to innovation and the strength of that belief. The
resulting ratings across a scale (A) are summed over the I salient beliefs.
I

A ∝ ∑ ai

(3.1).

i =1

Where,
A
ai

Σ

is a firm’s evaluation toward the engagement in innovative activities;
is the belief that the engagement in innovation is related to outcome i;
is the sum of the I salient outcomes arising from innovation activities.8

In general, A aims to capture the perception of the business environment as well as the
societal and economic outcomes arising from innovation. A factor affecting innovation
engagement will be included in this component if and only if it holds a connotative load
pertaining to potential or experienced outcomes arising from innovation activities.
The second component, a normative component of innovative behaviour, is captured
through the subjective social norm (N). The dominant social norm concerning innovation
engagement is estimated with a differential semantic for each normative belief with the
firms’ perceived pressure or perceived necessity to comply with or follow the referent in
question (nj). The social norm is hypothesised to be directly proportional to the sum the J
salient beliefs concerning referents, as shown in equation (3.2).

8

The usage of this type of scale for all three components of the innovation total propensity is preceded by the
empirical validation of the scale. That is, the internal cohesiveness of all items composing the scale is be
demonstrated. If the reliability test is not satisfactory the computation of the index should not be conducted. This is
contingent on a satisfactory value of Crombach α test for each of the scales generated. This validation will be
shown in the empirical part of this paper.

J

N ∝ ∑ nj

(3.2).

j =1

Where,
N
ni

Σ

is the perceived social norm;
is the organisation’s motivation to comply with, follow or anticipate to the
preferences of the referent j, and
is the sum of the J salient normative beliefs to produce an index of the
overall perception of social pressure and the need to engage in
innovation.

In general, N aims to capture the role and influence of institutions in fostering or
hampering innovation. A factor affecting innovation engagement will be included in this
normative component only if it holds a connotative load pertaining to social pressures pro
or against innovation activities.
The third component, an instrumental component of innovative behaviour (C) is captured
through the estimation of the perceived control and power over the innovation process.
(C) is estimated by assessing the control beliefs (ck) upon of the specific factor that
facilitates or inhibits performance of innovation. The resulting ranking for each factor
affecting control over innovation is summed across the K salient beliefs as shown in
equation (3.3).
K

C ∝ ∑ ck

(3.3)

k =1

Where,
C
ck

Σ

is the perceived control over the innovative activity,
is the perceived capacity or control over factors that facilitate or inhibit the
performance of innovation,
is the sum of the K salient control beliefs to produce an index of the
overall perception of control over the innovation process.

This component aims to gather the perceived capabilities held by the firms to actually to
conduct specific innovations. A factor affecting innovation engagement will be included in
this component if and only if it holds a connotative load pertaining to the capacity,
available resources and impediments to carry out innovation activities.
Finally, following Montalvo (2006), in order to integrate the above components equation
(3.4) indicates that the innovation propensity of the firm is a function of the three
components presented above, i.e., TIP = f ( A, N , C ) .9 The function f is assumed to be
an increasing and concave function in each of its variables, A, N, and C and is defined as

TIP = f ( A, N , C ) = Aα1 ⋅ N α 2 ⋅ C α 3 ,
with

(3.4),

α1 + α 2 + α 3 = 1 and 0 ≤ α i ≤ 1, ∀i . Where,
TIP ≥ 0 is the target population’s total innovation propensity to engage in a

9
Note that Function F is increasing in A, N and C. Moreover, F is concave in its variables, that is for low values of
a variable, e.g. A, the marginal return to TIP as a result of an increase in the variable is relatively high, however,
this marginal return decreases for the higher values of the variable.

specific innovative activity;
is the firm’s attitudinal predisposition to engage on innovative activities;
is the firm’s experienced social pressure concerning the engagement on
innovation;
C ≥ 0 is the firm’s degree of control over the innovation process;
0 ≤ α i ≤ 1 is the weight of the component, this weight is given by the percentage

A≥0
N ≥0

of the variance explained by each of the components in the model.10
Note that the parameters

α i measure the responsiveness of TIP to a change in levels of
either A, N, or C. The assumption that α1 + α 2 + α 3 = 1 , means that the function has
constant returns to scale. That is, if A, N, and C are each increased by 5%, TIP increases
by 5%. The aggregation of diverse propensities across a population sample will generate
an estimate of the total innovation propensity at the region, sector or country level.
In summary, the total innovation propensity (TIP) of a firm arises from internal and
external framework conditions within which an array of firms operate. While innovating a
firm experiences either the availability or the lack of resources and capacity to innovate.
This innovative capacity to a great extent is embedded in and generated by the social
context within which the firm operates (e.g., provision and access to finance, provision
and availability of skills and knowledge resources, technological opportunities, national
patterns of technological specialisation, etc.). The social norm to innovate is a reflection
of the social pressures for and against innovation (competitive pressures, regulation, IPR
regime, demand for innovation, overall national policies, etc.). To a large extent this is
conceptualised as the institutional regime where the firms operate. Last, the
predisposition to innovate is the result of the societal value given to expected innovation
benefits as well as potential risks for business opportunities incurred to the firm arising
from innovation activities (e.g., competitiveness, societal and environmental benefits,
brand image, profitability, etc.). In conclusion, the total innovation propensity can be
conceptualised to consist of the concatenation of social investment capacity and
framework conditions that give support to innovation as experienced by entrepreneurs
and firms. An array of propensities across sectors or countries represents an estimate of
their respective susceptibility to innovate.

3.2 Innovation performance - elements scoping
Innovation has been defined as the introduction of inventions to the markets (Freeman
and Soete, 1997). Given the importance of innovation for economic performance, the
measurement of innovation performance has received a great deal of attention over the
last decades. Despite that there is agreement in this narrow definition of innovation
several indicators that are not directly linked to commercialisation and market
performance have been used to indicate innovation performance. Amongst the most
popular we can include R&D inputs, patent counts, patent citations and new product
announcements. Their nature is revealed following Hagedoorn and Cloodt (2003)
whereby R&D is a good input measure of inventive effort, patents are a good output
indicator of inventive effort, patent citations are a good indicator of the quality of
inventions and new product announcement are a good indicator of product innovation
levels. More recently multidimensional aggregated measures have been popularised.
10

The weight of each component is calculated via a test of principal components. This test also serves to test the
robustness of the model for a particular application (for an in depth discussion see Montalvo 2002, pp.198-220). If
the empirical structure (i.e., data set) fits the model proposed (i.e., most of the variance is explained with three
components) the model can be considered valid. See section 4.2 in this paper.

Examples of multidimensional measures include the European Commission with its
Innovation Scoreboard (Hollanders and Cruysen, 2008), the INSEAD global innovation
index (Dutta, 2011) and the German Innovation Indikator (Schubert et al., 2011). These
composites integrate a large number of individual variables to produce country rankings.
For extensive reviews on innovation performance indicators see Hagedoorn and Cloodt
(2003), Grupp and Schubert (2010) and OECD (2011).
In order to create a reliable measure of innovation performance that follows closely the
notion of market introduction and economic performance at the firm level, we follow the
most recent definition of innovation activities provided by the Oslo Manual
(OECD/Eurostat, 2005). The Oslo Manual in its third edition defines that “…innovation is
the implementation of a new or significantly improved product (good or service), or
process, a new marketing method, or a new organisational method in business practices,
workplace organisation or external relations” (OECD/Eurostat, 2005). This broad
definition of an innovation encompasses a wide range of possible innovations. Building
upon this definition innovation is defined in terms of a number of innovation activities
where change occurs at the firm level. The innovation activities typology listed below
includes technical and non technical change.
•
•
•
•
•
•
•
•
•
•

Products;
Services;
Manufacturing methods;
Logistics, delivery or distribution methods for inputs, goods or services;
Supporting activities for your process, such as maintenance systems or
operations for purchasing, accounting or computing;
Management systems;
Layout changes of production organisation;
Relations with other firms or public institutions (through alliances, partnerships,
subcontracting, etc.);
Design (or packaging or presentation) of a good or service (exclude routine or
seasonal changes);
Sales or distribution methods (e.g. introduction of internet sales, franchising,
licensing, etc.).

In order to operate innovation performance we define two terms: Innovation intensity and
innovation efficacy. Here we differentiate between innovation intensity (IPI) and
innovation efficacy (IPE). Innovation intensity will be given by the number of innovation
activities conducted by the firm in a given period, depicted in equation 3.5. In turn,
innovation efficacy is the value of innovation intensity moderated by the imputed turnover
to the innovation activities conducted at the firm level, depicted in equation 3.6.
Innovation efficacy is a better indication of market value attributed to the innovation effort.
n

IPI ∝ ∑ IAi

(3.5),

i =1

and
n

IPE ∝ (∑ IAi ) ⋅ ITi
i =1

Where,
IPI
IPE
IAi

is innovation intensity,
is innovation efficacy,
is the innovation activity i,

(3.6).

ITi

Σ

is the imputed market value to innovation activities conducted in a given
period,
is the sum of the n innovation activities.

These definitions follow closely the definition of innovation as provided by Freeman and
Soete (1997) that implied market value and economic performance derived from
innovation.

3.3 Variables and aggregated composite elements weighing
The construction of indicators requires the selection of variables to be included in the
composite and attribution of weights to each variable included, whereby the number of
variables included and the weights imputed are not easily deducted from innovation
theory (Grupp and Schubert, 2010: p. 68). The section above gave a rationale for the
inclusion of variables in each of the components that integrate the index. The weighing of
the variables in each of the components is done in the following manner. First, each
variable is rated in a interval (0-3, -3,3, or 1,7), where all variables in the component are
geared to measure a dimension of innovation propensity in firms as defined in section
3.1. The difference in the relevance of each variable in a component is given by the
expectancy-value reported by each respondent that participates in the data survey. The
expectancy-value model ensures that each variable has independent probability to
contribute to the overall weight of each of the three components in TIP.11
The variables considered for inclusion in the model are dependent on insights derived
from the literature on innovation and from empirical reseach aiming to elicit factors
affecting innovation in firms via direct interviews with managers in firms. The number of
variables in the composite is not set at the outset of the composite design. This depends
on two aspects. First whether the variable belongs to the domain that is intended to
assess, i.e., it follows the ratione of one of the constructs in the model and its internal
cohesiveness is high. Second, inclusion is also contingent upon the variance explained in
the data when an additional variable is included.

11

In the expectancy-value model (EV) the probability of each item within a component is independent while in the
subjective utility model (SU) all items in a component must add to one. The later approach to decision making
analysis presents problems in the allocation of variables weights while the former the weight of each item is given
by its statistical distribution in empirical data.

4 Empirical validation
4.1 Empirical validation – Total Innovation Propensity
The empirical validation of the ISE index structure was done in two instances. The first
used a limited data set that strictly followed Montalvo’s (2002) approach, gathering data
to fit the model with a dedicated questionnaire and respective survey. This exercise used
the ideal type of data needed to test the model. The later in terms of scales intervals and
questionnaire wording for data collection. The second instance used an existent data set,
the Community Innovation Survey (CIS4), where variables included in the analysis were
selected and aggregated following the euhristics described in section 3.1 and 3.2. The
conceptual match between the ISE index components and variables present in CIS4 data
set are shown in Figure 4.1 below.
Figure 4.1 ISE and Community Innovation Survey (wave 4) – conceptual match

INNOVATION DRIVERS
BUSINESS ENVIRONMENT (0-3)
(Atitudes)
EMAR
Increased market share
EFLEX
Increased flexibility
ECAP
Increased production capacity
EMAT
Reduced material energy
HDEM
Uncertain demand for innovation
EENV
Reduced environmental impact
INSTITUTIONAL SETTING
Subjective NORMS (0-3)
ESTD
Meeting regulation and standards
HDOM
Market dominated by dominant enterprises
HMAR
No demand for innovation (consumers)
INNOVATION CAPABILITY (0-3)
(Behavioural control)
RDENG
R&D engagemen level ( 1= Continous 2=Esporadic)
CO
Cooperation activities
HFENT
Lack of funds internally
HFOUT
Lack of funds externally
HPER
Lack of qualified personnel
HTEC
Lack of information on technologies
HINF
Lack of information on market
HPAR
Difficulty finding partners for cooperation

INNOVATION
PERFORMANCE
INPDGD
INPDSV
INPSPD
INPSLG
INPSSU
ORGSYS
ORGSTR
ORGREL
MKTDES
MKTMET
TURN
TURNMAR

Product
Service
Process
Logistics
Supporting activities
Management systems
Layout production organisation
Industrial relations
Design
Marketing
Turnover
Innovation turnover

The European Community Innovation Survey (version CIS4) provides relatively good
possibilities to apply and test the theoretical framework proposed in Section 3. The
conceptual match is relatively good, the left side in Figure 4.1 displays different
innovation drivers pertaining to the three domains mentioned at the outset of this paper:
cognitve – conating outcomes of innovation; norms – conating social pressures and
instrumental aspects – conating the control over innovation. It is clear that there is an
underrepresentation of aspects related to the social norm (institutional factors). Only
three items where found that match the criteria set in section 3.1. The insufficient
attention given in CIS to normative aspects arising from regulation, market competition,
standards, community demand, and other international standards that are known to affect
innovation have been pointed out in the literature (Blind 2007; Montalvo, 2007; Montalvo,
2011). Despite the small conceptual mistmatch with CIS the results are highly
satisfactory. The clustering done following the model of innovation propensity here
provided renders a good fit to the data. Figure 5.2 below shows empirical results with
three different data sets.

Figure 4.2 Structural validity – robustness in different data sets and samples

Figure 4.2a displays the results of a small data set where the data was collected with
questionnaire and survey dedicated to test the model. This implies ideal wording and
better balance in the scope of the variables included to test the model. In this case the
survey was conducted on innovation drivers and innovation performance four sectors
innovating in environmental technologies. Here there is a good match in all three
components of the model. Figure 4.1b and 4.1c display results from two data sets with
the same questionnaire and survey where the questionnaire and scope was not primarily
designed to test the model here proposed. To select the variables for each of the
components in the index we followed the heuristics proposed in section 3.
Figure 4.1b shows the test of the structure and contents with a moderate size population
sample. The fit to the model is good in two components and and less favourable in one.
Figure 4.1c shows results in a very large data sample, this result is remarkably stable
model structure in relation to what is shown in figures 4.1 and 4.2. The fit achieved in the
usage of the second data set is due to the not sufficient representation of normative
variables in the dataset used. In addition, the loading of the variables included in the
normative component is caused by the poor wording of the items in the questionnaire. In
these two cases the items include two target concepts, thus rendering a poor reliability of
the questions used to generate data on regulation and standards in the CIS4
questionnaire.
The results from the principal components analysis support the validity of the structure
and contents proposed for the creation of the input composite “total innovation
propensity” (TIP). This validity stems from the basic definition of measurement validity in

social sciences (see Morgenthaler, 2001; Montalvo, 2002, Appendix A). The composite
captures a large proportion of the variance in three different datasets. In addition, its
theoretical structure remains to a large extent valid over the three samples. The stability
and robustness of the structure has the benefit of generating robust weights for each of
the components in the model as indicated in equation (0.8) in section 3.1.

4.2 Empirical validation – Innovation Performance
The validity test for the innovation performance construct is relatively simpler than TIP.
This stems from the high agreement on the scale of innovation activities at the firm level
present in the literature of innovation studies. The reliability of this scale is highly
satisfactory; its Crombach Alfa reliability test resulted above 0.79. According to normal
practice in self-report questionnaire design the reliability of a scale above 0.60 is
considered acceptable (Crombach, 1994). This means that the internal cohesiveness and
meaning of the latent variable ‘innovation performance’ is well covered by the typology
proposed by OECD/Eurostat (2005). Table 4.1 shows the inter-correlations between
innovation types. All innovations types are highly inter-correlated.

Products
Services
Manufacturing
Logistics
Supporting
Mgmt. systems
Production layout
Relations w others
Designs
Sales or distribution

Sales or
distribution

Designs

Relations with
others

Layout production
changes

Management
systems

Supporting
activities

Logistics

Manufacturing

Services

Products

Table 4.1 Correlations between innovation types – CIS4 data

1.000
0.5521*

1.000

0.3519*

0.3524*

1.000

0.3219*

0.3684*

0.4661*

1.000

0.2854*

0.3434*

0.3979*

0.4956*

1.000

0.2318*

0.2494*

0.2462*

0.3175*

0.3461*

1.000

0.2325*

0.2324*

0.2491*

0.2901*

0.3126*

0.5640*

1.000

0.2118*

0.2252*

0.1791*

0.2314*

0.2198*

0.3621*

0.4149*

1.000

0.3024*

0.2697*

0.2799*

0.2718*

0.2275*

0.3127*

0.3139*

0.2767*

1.000

0.2540*

0.2726*

0.2549*

0.3151*

0.2323*

0.3461*

0.3521*

0.3188*

0.4463*

1.000

Data source: EUROSTAT CIS4 data, Automotive sector, N=1865 observations, Similar patterns of inter-correlations of
innovation were found across all sectors in CIS4.

Given that both measures proposed to calculate and integrate the composite ISE are
validated concerning their structure and content we apply the ISE index to a CIS data set
at the sector and country level. This is done to test whether the ISE index ranking results
confirm current innovation ranking trends for countries in Europe (i.e., Innovation Union
Scoreboard). The rationale is to show that some countires could be ranking relatively
lower than innovaiton leaders and still show healthy and efficient innovation systems. The
algorithm to calculate the ISE index is presented in Appendix 1.

5 State of an innovation system
The empirical demonstration of this index is conducted for the sectors of transport
(automotive and aviation), construction, food and beverages, optial and electical
equipment, knowledge intensive businesses, textiles, and wholesales and retail trade.
The estimation of ISE is done with CIS4 data including 63917 observations. The
12
response distribution weighting follows Eurostat (2004) norm. The landscape of
innovation performance is presented for sectors and countries. The results presented to a
large extent match what other innovation performance measures indicate concerning the
relative ranking of countries. The difference concerns the multi-dimensional character of
the indicator that allows gauge in a simple picture the social effort gone in to innovation
and the rate of returns.
5.1 Sectors innovation efficiency
Figure 5.1 below shows the performance athe sector level in terms of innovation
intensity. The arrows show the rate fo efficiency in the innovation system. In general,
systems with higher efficiencies will be found in the right side of the plottings.
Figure 5.1 Sectors innovation intensity (IPI)

ISE
The picture shows two groups of sectors where the right side of the plot indicate sectors
with relative higher innovation intensity. The top ranking sector is the knowledge intensive
sector and the sector lagging behind is the construction sector. The sectors in the right
side show more than proportional returns to the innovation effort compared to those in
the left side. Figure 5.2 shows the same picture with the imputed value to innovation in
the turnover of firms. The overall positioning of the sectors now in terms of innovation
efficacy does not change drastically. In general, those sectors with higher innovation
intensity profit more from innovation.
12
For the sector-level aggregation of each of the variables aggregated in the composites ‘A’, ‘N’, ‘C’, and ‘IP’ the weighted
average is used. The weighting factors in CIS dataset (‘WEIGHT ’ or ‘WEIGHTNR’ ) are based on shares between the numbers
of enterprises in the realised sample and the total number of enterprises in each stratum of the frame population (Eurostat, 2004,
p. 7). . To avoid sampling bias generated by county size and response levels we conducted stepwise averaging. First, we
calculate average for sectors within a country and then proceed to calculate average at the EU level.

Figure 5.2 Sectors innovation efficiency (IPE)

ISE
On average firms in the electrical and optical equipment sector profit the most of
innovation and show the highest innovation system efficiency. The transport equipment
and knowledge intensive sectors follow closely. The food and drinks sector present a
situation where the overall propensty to innovate match the returns on innovation. The
sectors wholesale and retail, textiles and clothing and construction resulted lagging
behind in the innovation efficacy ranking. In average their innovation systems produce
lower returns compared to their own innovation effort. Here it is worth to be noticed that
the rough shape of the efficiency function describing the relatioship of the ISE index with
labour productivity match the meaning of the index variation depicted in figure 2.2. This is
an empirical result that should be investigated further as this would confirm the index
prediction power as was described in section 2.2.

5.2 Sectors innovation performance – countries specificities
Section 3.1 mentions that available composite innovation indicators tend to hide the
weaknesses and strengths of an innovation system. In this regard, the index here
proposed is meant not only to link to factors determiing innovation performance but also
allow easy to follow differentiation in sectoral innovation efficiencies. The plots in previous
section described the overall positions of sectors innovation efficiencies with and without
the imputation of turnover value to innovation. The relative overall innovation intensity
(IPI) and innovation efficacy (IPE) ranking across sectors per country is shown in tables
5.1 and 5.2 respectively.

Table 5.1 Sectors innovation intensity (IPI) ranking13

Sectors
Knowledge Intensive Bussines
Electrical and optical equipment
Food & beverages
Automotive & AS
Textiles and clothing
Wholesale & Retal Trade
Construction

score

NO
SK
BG
HU
LT
RO
SI
ES
BE
CZ
PT
DE
GR
Score
-0,13035 -0,1556 -0,33715 -0,22375 -0,1813 -0,15265 -0,1121 -0,03155 -0,019 0,1627 0,2788 0,1982 0,5781 -0,12565
-0,0521 -0,2546 -0,238 -0,1882 -0,1018 -0,2292 -0,0012 -0,0297 0,1108 0,1414 0,1975 0,1533 0,3553 -0,1365
-0,2891 -0,1494 -0,5319 -0,2148 0,1067 -0,2151 -0,1527 -0,1401 0,0073 0,1025 0,1346 0,0747 0,1145 -1,1528
-0,2622 -0,2005 -0,4957 -0,299 -0,388 -0,2661 0,0609 0,0015 -0,0089 0,1745
0,159 0,1777 -0,1671 -1,5139
-0,2425 -0,2889 -0,2095 -0,2931 -0,4229 -0,3206 -0,0914 -0,1242 -0,0531 0,0478 -0,0402
0,233 0,0948 -1,7108
-0,5313 -0,7984 -0,2299 -0,3965 -0,3488 -0,3948 -0,330767 -0,173867 -0,2496 0,0113 0,12755
0,135 0,1906 -2,989483
-0,7628 -0,4254 -0,194 -0,5679 -0,2917
-0,4516 -0,1881
-0,41 0,0057 0,1025
-3,1833
-2,27035 -2,2728 -2,23615 -2,18325 -1,6278 -1,57845 -1,078867 -0,686017 -0,6225 0,6459 0,95975 0,9719 1,1662

Table 5.2 Sectors innovation efficacy (IPE) ranking

Sectors
Automotive & AS
Electrical and Optical Equipment
Knowledge Intensive Bussines
Textiles and Clothing
Food & Beverages
Construction
Wholesale & Retal Trade

score

13

NO

LT

-0,394 -0,1723
0,5569 -0,1714
-0,271 -0,47395
-0,4469 -0,4832
-0,2971 -0,0152
-0,8383 -0,3778
-0,6337 -0,3652
-2,3241 -2,05905

SK

HU
BE
RO
BG
SI
GR
ES
PT
CZ
DE
Score
1,4662 -0,6198 0,1735 -0,3814 0,3051 -0,1023 -0,4312 1,0695 -0,0349 0,5824 1,3224 2,7832
-0,5393 0,2474 0,3723 -0,1876 -0,0999 0,1164 -0,2095
-0,06 0,2552 0,1955 -0,2234 0,2526
-0,47305 -0,3738 -0,34245 -0,4252 -0,3139 -0,253 0,40215 -0,2476 0,0542 -0,14625 -0,242 -3,10585
-0,4342
0,268 -0,3083 -0,4803 -0,2973 0,1629 -0,3627 -0,2413 -0,195 -0,1288 -0,2396 -3,1867
-0,3597 -0,3676 -0,2794 -0,3469 -0,5743 -0,1913 -0,3225 -0,2847 -0,1557 -0,124 -0,244 -3,5624
-0,5693 -0,3351 -0,5228
-0,4189 -0,5522
-0,3523 -0,1219 -0,109
-4,1976
-1,0295 -0,41635 -0,611967 0,3384 -0,0569 -0,595433 -0,1904 -0,440233 -0,15135 -0,131433 -0,1823 -4,466367
-1,93885 -1,59725 -1,519117 -1,483 -1,4561 -1,414933 -1,11415 -0,556633 -0,34945 0,138417 0,1911

The ranking done here per country with inputs at the sector level has the advantage of eliminating the data bias issue concerning relative country or sample sizes.

The tabulations show the differences in innovation intensity and innovation efficacy in
each of the sectors analysed in this paper. The scoring tables should be read vertically
and horizontally. The vertical tabulation shows the performance of sectors, where those
sectors doing better are placed at the top of the table. This tabulation shows how each
sector contributes to the position of each country in the overall ranking. The horizontal
tabulation shows the scores achieved per country. Those countries located at the
extreme right are those forging ahead on innovation, thus performing better.
Table 5.1 shows scores and positions on innovation intensity (IPI) for sectors and
countries. Concerning the amount of innovation activities in different types of innovation,
table 5.1 shows a good to excellent performance for more than half of the countries
included in the analysis. The performance position for some sectors and countries as
displayed in table 5.1 changes when the percentage of turnover due to innovation is
imputed to the innovation intensity, i.e., the monetary value imputed to the amount and
type of innovation activities conducted over the last three years prior to the survey date.
These changes are displayed in Table 5.2, one of the most extreme country repositioning
concerns Grece. In the innovation intensity ranking where many countries show relative
good performances Grece resulted top. After recalculation with the imputation of
monetary value to innovation, it falls back to fifth position with two sectors with critical
innovation systems inefficiencies in two sectors. Belgium falls back three positions and
Spain is promoted one position. The imputation of value to innovation activities shows
that two sectors in Spain are failing to profit from their innovation activities. Countries like
Norway, Hungary, Lituania, Slovakia and Belgium with lower efficiency and innovation
performance show little variation in their positions before and after turnover imputation to
innovation. These countries show several sectors with strong inefficiencies in their
innovation systems.

5.3 State of the innovation system in European countries
The figures 5.3 and 5.4 below show the innovation intensity and innovation efficacy for
several european countries. Simlarly to what is shown for sectors, countries in the right
side of the plots show higher system efficiencies. In general countries showing lower
efficiency rates report relatively similar in total innovation propensities with low innovation
performance, that is lower turnover imputed to innovation. In agreement with what was
presented at the sector level those countries showing higher innovation intensities show
also higher innovation efficacy. The tendency here is that sectors and countries with
higher innovation intensity also profit relatively more from innovation. Countries like
Germany, the Zchek Republic, and Portugal are the best performers.

Figure 5.3 Countries innovation intensity landscape (IPI)

ISE
Figure 5.4 Countries innovation througput efficiency landscape (IPE)

6 Conclusion
In some policy circles innovation is seen as one of the main instruments to promote
growth and employment while helping to face the great human challenges. Monitoring
progress across different countries innovation systems has become crucial for policy
design and assessment. Progress in composite innovations indicators that capture the
complexity of the innovation system has been slow. In this paper, we have proposed a
new approach to build an innovation index that overcomes issues of scope, aggregation,
normalisation and validity. The index was validated with three data sets, the test revealed
stability and robustness across datasets. In the following we highligh the theoretical
contribution, innovation efficiency monitoring applicability issues in sectors and countries,
limitations identified and issues requiring further research.
6.1 Theoretical contribution
In contrast with current innovation indictors available underpinned only by an input-output
model, the index here proposed is based on behavioural science that has been
successfully applied in diverse areas of human activity. Perhaps the stronger theoretical
contribution of the paper is the application of a model to reduce complexity on innovation
drivers in a meaningful way. The sheer number of potential drivers of innovation
performance is reduced to a three simple concepts very much amenable to policy
intervention. These are the social pressures to innovate, the capabilities to actually
conduct innovation and perceived results of innovation accrued in the firm and the society
at large. That is, the main constructs of the total innovation propensity in firms, sectors or
countries. The high reliability and validity of the constructs proposed enable the focusing
and prioritisation of the policy effort with a higher degree of certainty based on normal
science.
The second contribution is the assessment of the innovation system in a graphical
fashion and the possibility of assessing where a given innovation system is situated in
tendencies like falling behind, equilibrium or forging ahead. The later bears the possibility
of assessing stagnation or overheating at the sector level. This is an aspect that requires
further research via the application of the model to longitudinal data.
The third theoretical contribution regards the underlying rationales for scoping and
validation of the index. Previous efforts to create a single index that explain performance
and efficiency in innovation systems lacked a theory to justify the inclusion and scoping of
the index components. The model used here has been widely tested to predict human
behaviour in very many settings of human activity.
The fourth theoretical contribution regards the robust design of ISE to ensure stability
across time. Stability is one of the most critical problems indicators, i.e., what comes in
and what comes out of the indexes. This frequently makes comparison across time
invalid. Benefits of the type of scaling and standardisation introduced in section 2.1 and
the three components definition in sections 3.1 and 3.2 have the additional benefit of
providing flexibility while still ensuring stability to ISE across time. Regarding flexibility of
each of the index components, the internal design of each component can vary across
time depending on new insights about framework conditions and determinants of
innovation. Concerning stability, the total size of the effect of each component will still be
determined by its statistical relevance in the explanation of variance in the sample.
Finally, the main constructs in the index, i.e., TIP and IP are scaled to take values that

range from zero to one, the later remains independent of the variations that could occur
in the respective internal components.
6.2 Empirical application
The empirical testing validated the structure and contents of the index proposed. The
data analysis shows an empirical structure matches closely the conceptual structure of
the index. In general, with some exceptions, the sectors and countries that showed
higher innovation intensities also showed higher innovation efficacy, thus profiting from
innovation activities reported. In addition, those countries and sectors that showed higher
innovation intensities also resulted with higher labour productivity. The tabulation of
sectors’ innovation efficiency across countries enabled the identification of what sectors
are more efficient and best contributing to the overall ranking of countries. The tabulation
presented in tables 5.1 and 5.2 identifies not only countries but blocks of sectors that
require policy intervention to support innovation.
The possibility of identifying weights for each of the components that integrate the total
innovation propensity makes possible to identify more specific areas of policy
intervention. In the European case used as example, the overall degree of innovation
capabilities account for 27 % of the variance in propensity, while the outcomes derived
from innovation account for 18% and norms account for 8% (see Table 7.2 in Appendix
1). This indicates that those sectors that have stronger innovation capability perform
better.
In the three data sets used to test the index the three components play a role in
explaining the variance in the sample and thus influencing innovation performance. This
implies that policy mixes need to address the issues that pertain to innovation outcomes
as perceived by innovators, the normative and market framework and the conditions
enabling innovation at the sector level. Thus policy mixes failing to address one of the
components will be predisposed to underperform by design. Thus, a strong implication of
this finding is that policies improving general framework conditions for innovation are by
design doomed to have limited success, a strong policy focus is required. The challenge
here for policy makers is to deliver the “cure” to a specific targeted population in a
coordinated manner.

6.3 Limitations and future research
Over several decades, we witnessed the appearance of many science and technology
indicators. Their permanence over time relies heavily on the availability of data. Indeed,
as mentioned in the introduction of this paper, most indicators available in the literature of
innovation were designed upon the limitation of what data is more broadly and readily
available. This is a strong limitation for any new index with different underpinnings
departing from those found traditionally in the literature of science and technology
indicators. Concerning the ISE index proposed here, the limited data availability on
drivers of innovation at the firm level across countries beyond Europe’s limits the
possibility of broader international benchmarking.
Previous research in innovation studies highlighted the relevance of regulation and policy
to set favourable framework conditions for innovation to flourish. The level of variance
explained by the model could be improved when data infrastructures like CIS include a
more representative set of indicators of regulation. Currently the amount of variance in
the model explained by regulation is low. Previous research indicates that this is very

likely due to an under-representation of regulation issues in the instruments to gather
data. This is an issue that deserves attention from statistical authorities to enable the
modification of the CIS questionnaire.
The application of the index has been done with panel data. Longitudinal analyses should
be conducted to reveal the full potential of the proposed model. Longitudinal analyses will
enable efficiency evolution monitoring at the country and sector levels and identification
of salient factors amenable to intervention.
The model proposed is static and addresses one element of the innovation system, the
firm. There are other actors with an important role in the overall system efficiency. A truly
comprehensive evaluation model should include other actors in the system. Given the
realities over the last decades of generating databases at national or European levels for
one actor (i.e., the firm), we can expect that the challenge of creating a European or even
a Global Multi-actor database will remain open for the foreseeable future.
As a last remark, the proposed innovation index could be used as many others that are
available, just to rank sectors or countries, as done for soccer league type ranking. Its
true potential extends far beyond this. The theoretical underpinnings of the index
proposed offer a refined approach based on behavioural research. The possibility of
defining the target variables considering specific innovation behaviour, time and context
allows the sharpening of the monitoring into specific desired innovative behaviour in
industry at the sector or theme level (i.e., environment, health, safety, etc.). The
underlying model has been used to understand and predict many types of behaviour.
This is a stock of knowledge that has not been tapped into by innovation research. This
fact has relevance for reorientation of innovation policy towards the great human
challenges. Challenges like environmental sustainability, healthy aging, energy saving,
safety and resources efficiency require a reorientation of existing national or sector
innovation systems. Thus, in summary the proposed index could be seen as a general
framework to explain, predict and monitor social behavioural change and innovation.
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7 Appendix
7.1 Appendix 1 – ISE Index calculation with CIS4 data
The following the process was conducted to build ISEi with CIS4 data. This algorithm is
based on the general framework discussed in sections 3.1 and 3.2. Let sectors in CIS4
are denoted by Si and firms within a sector Si by j ∈ Si .
First A j , N j , and C j for a firm j in a sector Si are estimated. Where,
Aj=average [emarj+eflexj+ecapj+ematj+(3-hdemj)+eenvj],

where 0≤Aj≤3;

Nj=average [(3-estdj)+(3-hdomj)+(3-hmarj)],

where 0≤Nj≤3;

Cj=average [(3-rdengj)+coj+(3-hfentj)+(3-hfoutj)+(3-hperj)
+(3-htecj)+(3-hinfj)+(3-hparj)],

where 0≤Cj≤3;

IPj1=average [inpdgdj+inpdsvj+inpslgj+inpssuj+orgsysj+orgstrj
+orgrelj+mktdesj+mktmetj],

where 0≤IPj1≤1;

and
IPj2=turnmarj(tunroverj)
The next step is to aggregate A j , N j , C j over all firms in sector Si ( j ’s in Si ) so that

ASi , N Si , and CSi are estimated in such a way that these variables take values in unit
interval [0,1] . To do that the average over all firms within the sector is calculated and
scaled as follows:

average( A j )
ASi =

j∈Si

3

, 0 ≤ ASi ≤ 1

average( N j )
N Si =

j∈Si

3

, 0 ≤ N Si ≤ 1

average(C j )
C Si =

j∈Si

3

, 0 ≤ CSi ≤ 1

Finally we estimate the total innovation propensity for a sector Si , TIPi , following the
definition given in equation 0.8 in section 3.1 and the innovation performance based on

the definitions of innovation intensity (equation 0.9) and innovation efficiency (equation
0.10) given in section 3.2. Then the innovation performance (IP) per sector is defined by:

IPS1i = average( Pj1 ), 0 ≤ IPS1i ≤ 1
j∈Si

∑P

2
j

IPS2i =

j∈Si

∑∑P

2
j

i

, 0 ≤ IPS2i ≤ 1

j∈Si

Finally ISEi index for each sector can be calculated and geometrically presented based
on the methods which are developed in section 2.1. The same aggregation method is
used to obtain ISEi for a sector, region or country. 14

14

To avoid sampling bias generated by county size and response levels we conducted stepwise averaging. First
country sectors averages are calculated and later do averages the EU level. This has a significant flattening effect.
This is specially the case with CIS data where many of the ranking used ranges in the interval [0, 3]. Great
improvements in discrimination and averages calculation will be obtained with a simple change to a broader range,
i.e., [1, 7], for example.

7.2 Appendix 2 – Principal component analysis of CIS4 data set
Table 7.1 Spain

Table 7.2 Europe

