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Abstract
Innovation events - the introduction of new products or processes - represent the end of a
process of knowledge sourcing and transformation. They also represent the beginning of a
process of exploitation which may result in an improvement in the performance of the
innovating business. This recursive process of knowledge sourcing, transformation and
exploitation comprises the innovation value chain. Modelling the innovation value chain for a
large group of manufacturing firms in Ireland and Northern Ireland highlights the drivers of
innovation, productivity and firm growth. In terms of knowledge sourcing, we find strong
complementarity between horizontal, forwards, backwards, public and internal knowledge
sourcing activities. Each of these forms of knowledge sourcing also makes a positive
contribution to innovation in both products and processes although public knowledge sources
have only an indirect effect on innovation outputs. In the exploitation phase, innovation in
both products and processes contribute positively to company growth, with product
innovation having a short-term ‘disruption’ effect on labour productivity. Modelling the
complete innovation value chain highlights the structure and complexity of the process of
translating knowledge into business value and emphasises the role of skills, capital investment
and firms’ other resources in the value creation process.
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Modelling the Innovation Value Chain
1. Introduction
An innovation event, such as the introduction of a new product or process, represents
the end of a series of knowledge sourcing and translation activities by a firm. It also
represents the beginning of a process of value creation which, subject to the firm’s
own attributes and market conditions, may result in an improvement in the
performance of the innovating business. Knowledge or productivity spillovers may
also then lead to improvements in the performance of other co-related or co-located
firms (Klette et al., 2000; Beugelsdijck and Cornet, 2001). Here, however, following
Crépon et al. (1998), Lööf and Heshmati (2001 and 2002) and Love and Roper (2001),
our focus is on the gains from innovation to the innovating firm itself. Building
explicitly on our earlier work on knowledge sourcing and innovation (Roper et al
2006), we are interested in modelling the recursive process through which firms
source the knowledge they need to undertake innovation, transform this knowledge
into new products and processes, and then exploit their innovations to generate added
value. This process – which may involve feedback loops and external linkages –
comprises the Innovation Value Chain (IVC). Knowledge, of different types and from
different sources, is the unifying factor providing the main operational link between
the different elements of the innovation value chain. Competitive pressures and
opportunities, however, provide the motivation for firms to engage in the risky,
uncertain and costly activity which is innovation.

Our view of the IVC comprises three main links, beginning with firms’ attempts to
assemble the bundle of different types of knowledge necessary for innovation. This
may involve firms’ in-house R&D activities alongside, and either complementing or
substituting for, external knowledge sources (e.g. Pittaway et al., 2004). Cassiman and
Veugelers (2002), for example, find evidence of a complementary relationship
between firms’ internal R&D and their ability to benefit from external knowledge
1

sources (see also Roper et al. 2006). Other studies, however, have identified a
substitute relationship between internal knowledge investments and external
knowledge sourcing (Schmidt 2005; Love and Roper 2001) As Guellec and van
Pottelsberghe (2004) and Anselin et al. (1997, 2000) suggest, however, externally
acquired knowledge is not homogenous and its complement or substitute relationship
with in-house R&D may depend on the type of external knowledge being considered.

Following firms’ knowledge sourcing activity, the next link in the innovation value
chain is the transformation of knowledge into physical innovation. We model this
using the innovation production function approach (e.g. Geroski 1990; Harris and
Trainor 1995; Love and Roper, 1999) which relates innovation outputs (i.e. new
products or processes) to knowledge inputs. In the spirit of models of open innovation,
however, we allow firms’ innovation outputs to reflect both internally-generated
knowledge – the result of in-house R&D – and different types of knowledge sourced
from external partners. The efficiency of the firm in translating this knowledge into
product and process innovation is linked to the characteristics of the enterprise and its
prior knowledge and managerial resources. Michie and Sheehan (2003), for example,
suggest the importance of human resource management procedures for innovation,
while Love et al. (2006) consider the beneficial effects for innovation of
organisational factors such as cross-functional teams. The final link in the IVC relates
to the exploitation of firms’ innovations. This we model using an augmented
production function approach (e.g. Geroski et al., 1993).

Our more detailed conceptual framework for the innovation value chain is outlined in
Section 2, which also relates our notion of the innovation value chain to other theories
of the firm and to our earlier analysis (Roper et al 2006). This emphasises the
recursive nature of the causal process we envisage from knowledge sourcing to
exploitation and describes in more detail our approach to estimating the different links
in the innovation value chain. Section 3 describes our application of the innovation
value chain model to data for manufacturing firms in Ireland and Northern Ireland.
Section 4 reports the main empirical findings and Section 5 concludes with a brief
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review of the key empirical results and the policy and strategy implications. The main
empirical innovation in the paper is the ability to identify the impact of different
knowledge sources on business performance through the different links in the
innovation value chain.

2. Conceptual Foundations
Our interest here is the process through which firms source, transform and exploit
new – and potentially pre-existing – knowledge through innovation. At a fundamental
level, this firm-specific process can be seen as part of a broader evolutionary dynamic
in which product and process technologies are steadily refined and occasionally
transformed (Nelson and Winter, 1962). Our empirical analysis, however, provides
evidence of organisational learning, emphasising the Lamarkian rather than purely
Darwinian character of technological development. It also emphasises the importance
of the wider knowledge eco-system within which firms are operating, and the
potential benefits of operating in an environment where there exist rich external
knowledge sources and extensive networking opportunities (Iansiti and Levien, 2004).
At the level of the firm, however, our analysis becomes more deterministic, relating
innovation outputs and business performance to firms’ knowledge and internal
resources. In this sense at least our perspective is consistent with a resource-based or
capabilities perspective on business growth and development (Foss, 2004).
Within this perspective, the first link in the innovation value chain is firms’ knowledge
sourcing activity, and we focus, in particular, on the factors which shape firms’
engagement with particular knowledge sources. Here, in the literature we find a
contrast in the relatively narrow perspective on knowledge acquisiton in some
empirical studies of the innovation process, which regard in-house R&D as the only
source of knowledge for innovation (e.g. Crépon et al.,1998; Lööf and Heshmati,
2001, 2002), and other studies which have placed increasing emphasis on different
knowledge sources for innovation and the potential complementarities between them
(see for example Veugelers and Cassiman,1999; Roper and Love, 2005). Building
on our previous analysis (Roper et al 2006; Du et al 2007) we follow the latter
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approach, and identify five different types of knowledge sourcing activity which
might shape firms’ innovation: in-house R&D (Shelanski and Klein, 1995); forward
linkages to customers (Joshi and Sharma, 2004); backward links to either suppliers or
external consultants (e.g. Horn, 2005; Smith and Tranfield, 2005); horizontal linkages
to either competitors or through joint ventures (Hemphill, 2003; Link et al., 2005);
and linkages to universities or other public research centres (Roper et al., 2004).

We also allow for potential complementarities or substitutabilities between firms’
knowledge sourcing activities, and for the influence of firms’ prior knowledge
resources and knowledge utilisation capability on each knowledge sourcing activity.
In particular, following the general argument in the literature on the resource-based
view, we expect that the stronger are firms’ in-house stocks of knowledge (e.g.
enterprise size, foregn ownership, group membership) the less likely they are to need
to engage in external knowledge sourcing (see also Schmidt, 2005). Similarly, we
anticipate that firms are more likely to benefit from external knowledge sourcing – or
be able to undertake such external knowledge sourcing at lower resource cost – where
their knowledge utilisation capability is greatest1, as indicated both by the level of
skills available at the plant and by the presence within the enterprise of a strong
organisational capacity for undertaking R&D. Public support for innovation or R&D
may also encourage external knowledge sourcing (Roper and Hewitt-Dundas, 2005;
Link et al., 2005)2 as might a less buoyant market environment (Link et al., 2005)3.
To summarise, the probability that a firm will engage in each of the five knowledge
sourcing activities is given by:

1

Others – notably Kim (1995) – have argued that both firms’ prior knowledge base and knowledge acquisition
capability are elements of absorptive capacity. Here, we differentiate between these two elements of this definition
of absorptive capacity as we believe they may have different implications for knowledge sourcing activity.
2
See Roper and Love (2005) for a detailed account of the development of innovation and R&D policy in Ireland
and Northern Ireland during the period covered by the analysis.
3

Here, our data covers both Ireland – the Celtic Tiger – and Northern Ireland with the latter having
experienced significantly slower growth rates during the 1990s. For example, average real GDP growth
from 1991 to 2000 in Ireland was 7.1 per cent pa compared to 2.7 per cent pa in Northern Ireland.
Sources: Ireland, GDP volume growth average measure, Table 13, Budgetary and Economic Statistics,
March 2001, Department of Finance; Northern Ireland, NIERC/OEF Regional Economic Outlook,
Spring 2001.
4

KS *jit   ' KS kit   0' RI jit   1' KUC jit   2' GOVT jit   3' MKT jit   jit ,

KS jit  1 if KS *jit  0 ; KS jit  0 otherwise,

(1)

where; KSjit stands for the ith firm’s knowledge sourcing activity j (or k) at time t, and

j , k  1,2,3,4,5 , i  1,......, n ; t  1,......, T . The error term εjit is assumed to follow a
multivariate normal distribution with mean zero and variance-covariance matrix V,
where V has values of 1 on the leading diagonal and ρjk=ρkj for j≠k. KSkit represents
the firm’s other knowledge sourcing activities. If β is positive this would suggest a
complementary relationship between the firm’s knowledge sourcing activities;
negative β would suggest a substitute relationship. RIjit is a set of indicators of the
firm’s resource base and, as indicated earlier, we expect γ0 to be negative. KUCjit is a
set of indicators intended to reflect the firm’s knowledge utilisation capacity and
GOVTjit reflect access to government support for innovation and upgrading.
Coefficients on both (i.e. γ1 and γ2) are expected to be positive. MKTjit is intended to
reflect the buoyancy of local markets, and following Link et al., (2005) we expect this
to be negative.

To estimate the simultaneous knowledge sourcing equations (1), the most efficient
approach from an econometric point of view is multivariate probit (MVP) although,
as Greene (2005) notes, the efficiency gains from MVP are reduced where the vectors
of independent variables are strongly correlated. Here, the anticipated determinants of
each knowledge sharing activity are similar (as suggested by equation (1)) with the
added potential for simultaneity between knowledge sourcing activities. Further
difficulties also arise in the practical application of an MVP approach using our
survey based data. First, adopting a simultaneous estimation approach exacerbates the
loss of observations due to missing data in our sample, offsetting any gains in
statistical efficiency. Second, in practice, achieving convergence with an MVP
estimator places some limits on the degree of simultaneity which it is possible to
include. In our model this is particularly undesirable because we are interested in the
complementary or substitute relationship between knowledge sourcing activities.
Third, the derivation of marginal effects, which are important for our understanding of
5

the innovation value chain, is less straightforward with MVP than with simpler
modelling frameworks. Instead of using MVP (on which see Roper et al., 2006) we
therefore prefer to adopt a simpler approach using five single equation probit models.
This approach, while sacrificing some statistical efficiency, provides substantial gains
in terms of the number of observations used, our ability to reflect more fully the
relationship between knowledge sourcing activities and our ability to identify readily
interpretable marginal effects.

The second link in the innovation value chain is the process of knowledge
transformation, in which knowledge sourced by the enterprise is translated into
innovation outputs. This is modelled using an innovation or knowledge production
function (e.g. Geroski 1990; Harris and Trainor 1995) in which the effectiveness of a
firm’s knowledge transformation activities is influenced by enterprise characteristics,
the strength of the firm’s resource-base, as well as the firm’s managerial and
organisational capabilities (Griliches, 1992; Love and Roper, 1999). In terms of
innovation outputs, we follow the suggestion of Pittaway et al. (2004) who emphasise
the importance of examining both product and process innovation, and we anticipate
that knowledge from different sources may have differential product and process
effects. Joshi and Sharma (2004), for example, suggest the importance of knowledge
of customers’ preferences in shaping firms’ innovation success, while Roper et al.
(2006) emphasise the greater value of backwards and horizontal knowledge linkages
for process change. This suggests the possibility of different routes through which
knowledge of different types might influence different aspects of firms’ innovation
activity and hence business performance. In general terms we write the innovation
production function as:

I it   0 KS kit  1 RI it   2 KUC it  3GOVTit   4 MKTit   it
'

(2)

Where Iit is an innovation output indicator, k=1,…,5, indicate the alternative
knowledge sources identified earlier, εit is the error term and other variable definitions
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are as above.

In the innovation production function (equation (2)), however, we have different sign
expectations for some of the independent variables from that in the knowledge
sourcing equations (equation (1)). Where firms’ internal resources are strong, for
example, we would expect this to contribute positively to the efficiency with which
firms develop new innovations but to discourage knowledge sourcing (e.g. Crépon et
al., 1998; Lööf and Heshmati, 2001 and 2002). However, as in the knowledge
sourcing models, we expect firms’ innovation outputs to be positively related to
knowledge utilisation capacity (e.g. Griffith et al., 2003). Government assistance we
would regard as contributing to, or augmenting, the firm’s resource base and would
therefore anticipate positive coefficients (e.g. Roper and Hewitt-Dundas, 2005; Link
et al., 2005). We also include in the innovation production function locational
indicators for whether an establishment is in Ireland or Northern Ireland designed to
reflect the legislative and economic environment within which firms are operating.
Ceteris paribus, a more restrictive regulatory environment, for example, might restrict
firms’ ability to generate new innovation.

The appropriate estimation method for the innovation production function depends
primarily on the nature of the dependent variable. Binary indicators for product or
process innovation suggest simple bivariate probit models, while innovation success
(i.e. the percentage of sales derived from new products) has both upper and lower
bounds and suggests a Tobit model. A potential issue at this stage of the innovation
value chain, however, is selectivity bias (e.g. Lööf and Heshmati, 2002). In the
innovation production function this may arise from two main sources. First, the group
of innovating firms may be self-selecting in some sense, inducing a bias between the
expected values of the parameters of the estimated innovation production function and
the data generating mechanism for the population as a whole. Or, due to sample
design, non-response, or survey methodology, the selected sample may be atypical in
some way of the underlying population. A consistent estimator for this type of model
7

given standard normality assumptions is the two-stage procedure outlined in Heckman
(1979). This involves the estimation of a Probit model to estimate the selection
mechanism and the incorporation of a selection parameter in the innovation
production function (see Greene, 2005, p. 639 for details). An alternative, more
efficient, approach is to use a maximum likelihood estimator for business
performance allowing for sample selection. Practical application of both approaches,
however, raises issues of identification requiring, ideally, some distinction between
the set of variables included in the selection equation and the innovation production
function (see Maddala, 1973, p. 271; Cosh et al., 1997). Elsewhere (i.e. Love et al.,
2006), we have explored the potential importance of selection bias in the innovation
decision using the current dataset. This provided reassuring results, suggesting little
evidence of any significant selection bias in the innovation decision, perhaps due to
the broadly-based and nationally representative sampling approach used in our survey
data and the particular questioning approach adopted4. In the estimation of equation (2)
reported here we therefore base our analysis on standard econometric approaches,
although for comparison we also report additional estimates of equation (2) for
innovation success based on the sample of product innovators only (i.e. excluding the
lower limit value)5.

The final link in the innovation value chain is knowledge exploitation, i.e. the process
by which enterprise performance is influenced by innovation (Geroski et al., 1993). At
this point we envisage that firms’ acquired knowledge has been codified into specific
product or process innovations captured in our innovation output variables. It is
therefore these variables, which represent new market offerings, that might drive
enhanced business performance, and which provide the link between firms’
knowledge sourcing activities and performance. The strength of this linkage, however,
4

Non-response surveys conducted after each main survey suggested little evidence of any systematic difference in
innovation behaviours between respondents and non-respondents (e.g. Roper and Hewitt-Dundas, 1998, Annex 1).
Question non-response was also relatively limited. For example, 91 per cent of respondents indicating they were
product innovators (binary response) also provided information on the extent of their innovation activity.
5
Another potential issue is multi-collinearity between the knowledge sourcing variables themselves and other
elements of the innovation production function (compare equations (1) and (2), for example). In practice, however,
we find something of an empirical separation between the two models with different factors determining firms’
knowledge sourcing and knowledge transformation (compare Tables 2 and 3). In practice this should minimise any
multicollinarity issues.

8

will depend on firms’ ability to appropriate the full market rent from their innovations.
To model this effect we use an augmented production function including the
innovation output measures on the right hand side. Firms’ market position and the
strength of their internal resource base are used to capture the ability to appropriate
post-innovation returns. In terms of the recursive innovation value chain, we regard
the innovation output indicators as necessarily predetermined before the exploitation
process which may lead to improvements in business performance. The augmented
production function is expressed as:

BPERFit  0  1 INNOit   2 X i  3 MKTit   i

(3)

Where BPERFi is an indicator of business performance (e.g. labour productivity or
value-added per employee, sales growth or employment growth), INNOi is a vector
including innovation outputs measures for both process and product innovation, Xi is
a set of enterprise specific variables that are hypothesized to affect enterprise
performance, and MKTi is a set of market environment indicators.

Two main econometric issues arise in operationalising equation (3): heterogeneity in
performance outcomes and potential endogeneity of the innovation output measures.
In terms of heterogeneity, it is clear that very large variations can exist in business
performance even in narrowly defined industries (see Caves, 1998 for a survey; and
on innovation behaviour see Lööf and Heshmati, 2002). To counter the bias
introduced by potential outliers we here adopt robust regression approaches to the
estimation of the augmented production function (Rousseeuw and Leroy, 1987;
Koenker and Bassett, 1978). The potential endogeneity of innovation output measures
in models of business performance has been discussed extensively in the literature,
and a range of potential approaches have been adopted including two-stage estimation
methods (e.g. Crépon et al, 1998) and the simultaneous estimation of the innovation
and augmented production functions (e.g. Lööf and Heshmati, 2002). In conceptual
terms, however, the recursive nature of the innovation value chain suggests that
9

innovation output measures are necessarily predetermined prior to exploitation; in
other words the innovation cannot be exploited until it has been introduced.

3. Data6

Our empirical analysis is based on data from the Irish Innovation Panel (IIP) which
provides information on the innovation, technology adoption, networking and
performance of manufacturing plants throughout Ireland and Northern Ireland over
the period 1991-2002. The IIP comprises four linked surveys conducted using similar
postal survey methodologies, sampling frames provided by the economic
development agencies in Ireland and Northern Ireland, and questionnaires with
common questions. Each survey covers the innovation activities of manufacturing
plants with 10 or more employees over a three year period with an average survey
response rate of 34.5 per cent7. The resulting panel is highly unbalanced with the 1775
observations used in the knowledge sourcing models, for example, covering 1393
individual establishments.

Innovation in the IIP is represented by three main variables. First, the proportion of
total sales (at the end of each three year period) derived from products newly
introduced during the previous three years. This variable – “innovation success” reflects not only firms’ ability to introduce new products to the market but also their
short-term commercial success. On average, 15.1 per cent of firms’ sales were derived
from new products across the IIP (Table 1). The second innovation output measure is
a binary indicator of product innovation which reflects the extent of product
innovation within the target population. The third innovation output measure is a
similar binary indicator of process innovation, an indication of the extent of process
innovation within the target population8. Over the whole sample, 62.5 per cent of
firms were product innovators while 59.2 per cent were process innovators (Table 1).
6

This section closely follows Roper et al (2006), which also contains a fuller description of the IIP
surveys.
7

Details of each wave of the survey can be found in Roper et al. (1996), Roper and Hewitt-Dundas (1998), Roper
and Anderson (2000), Roper et al., (2004).
8
For this variable a product (process) innovator was defined as an establishment which had introduced any new
or improved product (process) during the previous three years.
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Notably, however, the overlap between the group of product and process innovators
was not complete: around 70.2 per cent of product innovators were also process
innovators, with 75.3 per cent of process innovators also being product innovators.

Across the panel, the most common form of knowledge sourcing was in-house R&D,
being undertaken by 48.2 per cent of establishments (Table 1). In terms of firms’
external knowledge sourcing activities the IIP, like other innovation surveys, suggests
that linkages along the supply chain are most common as part of firms’ innovation
activity: backward linkages (32.5 per cent) were most common followed by forward
linkages (26.5 per cent). Horizontal linkages (12.1 per cent) and links to public
knowledge sources (19.3 per cent), were less common but still formed a potentially
important part of the knowledge sourcing strategies of a significant proportion of
enterprises.

Our resource indicators are intended to give an indication of the strength of firms’
in-house resource base, and its potential impact on knowledge sourcing and
innovation. We also allow for the possibility that intra-group knowledge flows may
enhance firms’ own in-house resources, an issue of particular importance in Ireland
(Buckley and Carter, 1999; Love and Roper, 2001). We therefore include variables
which might give a quantitative indication of the scale of firms’ resources – e.g. plant
size, finance constraints – as well as other factors which might suggest the quality of
firms’ in-house knowledge base – e.g. multi-nationality, plant age, and production
type. Multi-nationality is included here to reflect the potential for intra-firm
knowledge transfer between national markets and plants, while plant age is intended
to reflect the potential for cumulative accumulation of knowledge capital by older
establishments (Klette and Johansen, 1998), or plant life-cycle effects (Atkeson and
Kehoe, 2005).

Firms’ knowledge utilisation capacity may reflect both the quality of human resource
(Freel, 2005) as well as the organisational characteristics of the enterprise (Finegold
and Wagner, 1998). In the models we therefore include indicators designed to reflect
11

firms’ skills base – the proportion of employees with graduate level qualifications and
no qualifications – and whether the plant has a formal R&D department9.

Literature on publicly funded R&D has suggested repeatedly, since Griliches (1995),
that government support for R&D and innovation can have positive benefits for firms’
innovation activity both by boosting levels of investment and through its positive
effect on organisational capabilities (e.g. Buisseret et al., 1995)10. Arguably, this is
particularly important in Ireland and Northern Ireland, which during much of the
period covered by the IIP enjoyed EU Objective 1 status which provided resources for
substantial investments in developing innovation and R&D capability (Meehan, 2000;
O’Malley et al., 2008). Indeed, over the sample period we find around a quarter of
businesses receiving assistance for innovation, capital investment and/or training
during each three year period (Table 1). Finally, to reflect potential differences in the
operating environment between Ireland and Northern Ireland we include a locational
dummy, and a variable designed to capture any perceived barriers to innovation due to
regulatory or legislative requirements11.

4.

Empirical Analysis

The complete innovation value chain model is given by equations (1) to (3) below:

KS *jit   ' KS kit   0' RI jit   1' KUC jit   2' GOVT jit   3' MKT jit   jit , j,k=1,5

KS jit  1 if KS *jit  0 ; KS jit  0 otherwise,

(1)

I it   0 KS kit  1 RI it   2 KUC it  3GOVTit   4 MKTit   it

(2)

BPERFi  0  1 INNOi   2 X i  3 MKTi   i

(3)

'

9 Just under half of the plants which carried out in-house R&D did so using a formal R&D facility (Table 1).
10 Trajtenberg (2001), for example, offers more direct evidence on the links between public R&D support and
firms' proprietary knowledge base. In his examination of government support for commercial R&D in Israel
operated by the Office of the Chief Scientist (OCS), he concludes that ‘industrial R&D expenditures are closely
linked (with a reasonable lag) to patents, and so are R&D grants awarded by the OCS'.
11
This derived from a question asking respondents to rank the importance on a Likert scale of regulatory or
legislative requirements as a barrier to innovation.
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Discussion of our empirical results follows the recursive structure of the innovation
value chain model. Enterprises’ knowledge sourcing activities are explored in Section
4.1; Section 4.2 then deals with the innovation production function and considers the
determinants of enterprises’ decision to innovate and their innovation success. Finally,
Section 4.3 focuses on the exploitation link of the innovation value chain. All
estimations also include 2-digit industry dummy variables, results of which are not
shown in order to save space. A key focus throughout our analysis is the marginal
effects of knowledge sourcing and innovation which determine the strength of the
links in the innovation value chain.
4.1 Knowledge Sourcing

The initial link in the innovation value chain is enterprises’ knowledge sourcing
activity. Bivariate probit models for each of the knowledge sourcing activities are
reported in Table 2 based on a pooled sample from the IIP. Two issues are of
particular interest here: first, what pattern of complementarity or substitutability exists
between enterprises’ knowledge sourcing activity; and, secondly, what other factors
determine enterprises’ knowledge sourcing behaviour.

In terms of potential complementarity or substitutability between knowledge sourcing
activities, we find strongly significant and positive associations between in-plant
R&D and backward knowledge sourcing and public knowledge sourcing. These are
illustrated in Figure 1 where each arrow represents a significant (complementary) link
between alternative forms of knowledge sourcing activity. For example, there is a
complementary relationship between internal knowledge generation (i.e. in-plant
R&D) and some external knowledge sourcing, supporting the results of Cassiman and
Veugelers (2002) but running contrary to the results of Schmidt (2005) and Love and
Roper (2001) which both suggest a substitution relationship between internal R&D
activity and external knowledge sourcing (see also Irwin and Klenow, 1996). Our
results on the complementarity of internal and external knowledge sourcing also
provide support for the importance of firms’ knowledge utilisation capacity at the
13

micro-level, reinforcing similar evidence from macro-economic studies (e.g. Griffith
et al., 2003; Guellec and van Pottelsberghe, 2004). We also find strong evidence of
complementarity between different external knowledge sourcing activities, with
forward and backward knowledge sourcing and backward and public knowledge
sourcing being particularly strongly linked (Table 2). One possible explanation is that
enterprises are obtaining economies of scope as they learn to manage external
relationships effectively and so benefit more from extending the range of their
external knowledge sourcing activities.

In terms of the determinants of knowledge sourcing, our results provide limited
support for the argument that firms’ knowledge sourcing strategies are linked to the
strength of their internal resource-base (Schmidt, 2005). For example, we find a
non-linear relationship between plant size and all knowledge sourcing activities
except public knowledge sourcing. For in-plant R&D and forward knowledge
sourcing (which have little direct linkage – Table 2), the relationship takes an inverted
U-shape suggesting the probability of knowledge sourcing increases with scale below
the turning point at 240-280 employees. Conversely, the probability of engaging in
backward and horizontal knowledge sourcing decreases with scale until the turning
point (180 employees in the case of backward knowledge sourcing and 230
employees in the case of horizontal) before increasing again. In substantive terms this
suggests that smaller firms are more likely to engage in horizontal or backward
knowledge sourcing but less likely to engage in forward knowledge sourcing or
in-plant R&D, a situation which is reversed above the turning points. In more
methodological terms, the different impacts of the scale of the enterprise on the
probability of each knowledge sourcing activity, a point echoed in Schmidt (2005),
emphasises the importance of the disaggregated approach adopted here.

Other resource indicators prove of less general importance but do suggest some
important relationships between enterprise characteristics and their knowledge
sourcing activities. Multinational firms, for example, are less likely ceteris paribus to
be undertaking in-house R&D in our sample, but more likely to be undertaking
14

knowledge sourcing from public sector organisations. This type of linkage may reflect
recent suggestions about technology sourcing, where multinational firms invest in
certain locations to access technology that is generated by host country firms or
universities (Driffield and Love, 2005)12. Firms experiencing financial constraints
were also more likely to be undertaking knowledge sourcing through in-house R&D
from competitors and public knowledge sources than other firms. Here, horizontal
links to competitors may reflect the potential for horizontal alliances and joint
ventures to allow cost sharing and risk reduction (Irwin and Klenow, 1996), with
similar cost considerations also potentially shaping firms’ desire to develop links to
publicly available knowledge sources.

Firms’ knowledge utilisation capacity does have some impact on their knowledge
sourcing activities but the links are perhaps weaker, and less general, than might have
been anticipated (Table 2). In particular, skill levels within the enterprise prove largely
unimportant in shaping external knowledge sourcing, although there is some link to
undertaking internal R&D. Enterprises with a formal R&D department were also
significantly more likely to be engaged in public knowledge sourcing13. These results
closely reflect the recent findings of Schmidt (2005) in his analysis of absorptive
capacity in German firms. He too finds strong R&D effects on firms’ ability to absorb
external knowledge but much weaker effects linked to human resources and
knowledge sharing routines within the firm. Public support for R&D, innovation and
training have a positive impact on both internal R&D and public knowledge sourcing
but little consistent effect on enterprises’ other knowledge sourcing activities.
Enterprises which received public support for product or process development were,
in total, 32 per cent more likely to be engaging in in-plant R&D, a result which is
consistent with some previous findings (see for example, Griliches, 1995). Public
support for R&D or innovation also had a positive effect on the level of public
12 This suggestion may provide another potential motivation for US inward investment to Ireland over
and above more standard accounts based on tax advantages and market access (Ruane and Görg, 1997).
But see also Wrynn (1997).
13
This differs from Roper et al (2006), in which formal R&D is positively associated with all other
forms of knowledge sourcing. However, this earlier analysis does not allow for the separate influence
of all five sources of knowledge including in-house R&D, thus potentially overstating the influence of
a formal R&D department on the likelihood of using other knowledge sources.
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knowledge sourcing which was increased by 6.7 per cent. Some care is necessary,
however, in the interpretation of both effects given the potential for selection bias in
the award of public support. Finally, market environment effects on firms’ external
knowledge sourcing behaviour were also weak, although the probability of engaging
in R&D in Northern Ireland was significantly lower than that in Ireland, perhaps
reflecting firms’ lower anticipated level of post innovation returns (Levin and Reiss,
1994).

In summary, we find strong evidence of complementarities between enterprises’
knowledge sourcing activities, although these vary considerably in strength (see also
Cassiman and Veugelers, 2002). Aspects of enterprises’ resource base also prove
important but again the relationship to each knowledge sourcing activity differs
significantly. Firms’ knowledge utilisation capacity is perhaps less significant than
anticipated, with in-plant R&D playing the most significant role in influencing
knowledge sourcing; skill-related measures prove less useful. Locational and policy
factors also prove important in the analysis reflecting the specificities of firms’
operating environment in Ireland and Northern Ireland. Our findings resemble those
of Schmidt (2005) for Germany in two important senses. First, our study like his
emphasises the different factors which influence knowledge sourcing. Secondly, our
study also emphasises in-house R&D capacity and organisation as the key element of
absorptive capacity rather than other potential contributors such as skill levels.

4.2 Innovation

The second link in the innovation value chain is the transformation of knowledge into
product and process innovation represented by the innovation production function
(equation 2). Here, we are interested in the contribution of each knowledge source to
innovation as well as in the range of factors contributing to the efficiency of
enterprises’ knowledge transformation activity. Estimates of the innovation production
function for the three innovation output measures are given in Table 3, with column (3)
reporting sub-sample estimates for enterprises with non-zero innovation success.
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Despite the differences in estimation methods and dependent variables there are
marked similarities between the sign patterns and significance of key variables across
the innovation production function estimates. Establishment size, for example, has no
impact on product innovation but is significant for process innovation. Likewise plant
age has a uniformly negative effect, being significant for product innovation success
and process innovation. Differences in the estimated models are reflected in Figures 2
and 3 which summarise the key marginal elasticities emerging from the innovation
value chain estimation.

Knowledge sourcing of different types has, as expected, a positive impact on
innovation where it is statistically significant. In-plant R&D, for example, has a
positive and significant effect on both product and process innovation as well as
innovation success in the whole sample. Interestingly, however, in-plant R&D has no
significant effect on innovation success where the model is estimated only for the
innovation sub-sample. In substantive terms this suggests that in-plant R&D is
boosting the likelihood of enterprises engaging in product innovation, but then having
no significant impact on the success of that innovation activity. In fact, our estimates
suggest that enterprises conducting in-plant R&D are 27.5 per cent and 11.9 per cent
more likely to develop product innovation and process innovations ceteris paribus14.
As we have argued elsewhere (Roper et al 2006), in conjunction with the results of the
knowledge sourcing equations in Table 2 this suggests that in-house R&D contributes
to firms’ innovation activity in two ways. First, through complementarities, in-house
R&D increases the likelihood that firms will engage in external knowledge sourcing,
and hence the likelihood that they will be able to obtain successfully the knowledge
necessary for innovation. This is an ‘absorptive capacity’ effect of the sort envisaged
by Cohen and Levinthal (1989, 1990), and Zahra and George (2002). Second,
in-house R&D contributes directly to enterprises’ knowledge stock increasing average
innovation success – an ‘appropriation’ effect due perhaps to higher innovation

14

In more methodological terms the contrast between the R&D effects in the whole sample and sub-sample
models do suggest the potential importance of sample selection bias when estimation is restricted to innovators
only. In our sample this approach would have under-estimated the true effect of R&D on increasing the extent of
innovation in the population of enterprises.
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quality .

As expected, forward knowledge sourcing has significant positive influence on both
the product innovation decision, increasing the probability of product innovation by
11.2 per cent, and innovation success by 11.1 per cent. Forward knowledge sourcing,
however, has no significant process innovation effect, perhaps reflecting the stronger
impact of customer-led innovation on product rather than process change (Karkkainen
et al., 2001). Conversely, backward and horizontal knowledge sourcing increase the
probabilities of firms’ decision to engage in product and process change, but have no
impact on innovation success (Figures 2 and 3). Finally, unlike the other knowledge
sources, links to public knowledge sources (i.e. universities, public and
industry-owned laboratories) have no direct impact on either the probability of
process or product innovation, or its success (Figures 2 and 3)15.

Other resources also prove important in shaping enterprises’ innovation outputs. Size
– as suggested earlier – has no impact on product innovation but does have a positive
(and linear) impact on the probability of undertaking process innovation. Plant age
has a negative effect on the probability that a plant will be a process innovator and
also on innovation success, with the percentage of innovative sales declining by
around 0.1 per cent for each year a plant ages. This is consistent with a life-cycle
model of plant development, which envisages a concentration of innovative activity
occurring in the first years after a plant is established, and then declining levels of
innovation and increasing product maturity (Atkeson and Kehoe, 2005). Plants
focussed on more routinised production also seem more likely to be undertaking
innovation in both product and processes than those geared towards bespoke or
one-off products. This may reflect the greater managerial sophistication of these
plants, or be some aspect of economies of scale in R&D, especially where relatively
long runs of fairly settled products give rise to positive returns to process
improvements coupled with product improvements. Perhaps more unexpected is the
15

Public knowledge sourcing does, however, have an indirect positive effect on innovation through its
complementary relationship to other types of knowledge sourcing activity (Table 1).
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finding that, ceteris paribus, enterprises which are part of multinational groups in
Ireland and Northern Ireland are no more likely to be either product or process
innovators than other firms. Access to financial resources and external (group) R&D
also prove important, with financial stringency encouraging innovation - mater atrium
necessitas - and access to group R&D increasing the probability of engaging in
product innovation by 8.5 per cent, process innovation by 13 per cent and innovation
success by 6.5 per cent.

Measures of firms’ knowledge utilisation capacity also prove important in boosting
innovation outcomes, reflecting the various dimensions of absorptive capacity
emphasised by Zahra and George (2002). High quality human resources contribute
strongly to both the product and process innovation decisions and innovation success
(e.g. Freel, 2003; Michie and Sheehan, 2002); having a formal R&D department also
proves a significant bonus in terms of product innovation success. This latter result
emphasises the point that it is not simply the presence within an enterprise of the
resources needed for innovation but that their mode of organisation can also make a
significant difference to their contribution to innovation.

Government support for innovation also proves important, although as indicated
earlier some care is necessary in interpreting the policy implications of this result
(Greene, 2005, p. 982). In particular, the coefficients on the policy support – treatment
terms – reflect the combination of ‘assistance’ and ‘selection’ effects16.
4.3 From Innovation to Productivity and Growth

The final link in the innovation value chain is the exploitation of enterprises’ product
and process innovation. The main focus of interest here is the impact of the
innovation indicators on business growth and productivity (i.e. value added per
employee). Tables 4 and 5 report marginal effects from the estimation of growth and
16

Separately identifying the selection and assistance effects requires a different estimation approach to

that adopted here. See Maddala, 1973, pp. 257-290 for a general discussion of the issue and Roper and
Hewitt-Dundas (2001) for an application.
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productivity equations with product innovation represented by innovation success and
the binary product innovation decision variable respectively.
The first striking result in the performance models is the strongly significant and
positive impact of both product and process innovation on business growth in both
Tables 4 and 5. The implication is that, regardless of other factors, enterprises which
are undertaking either product or process innovation grow faster than those which are
not (Figures 2 and 3). The same cannot be said, however, of productivity where we
find insignificant process innovation effects and, at least in the innovation success
models (Table 4), negative product innovation effects. This result, which has been
noted elsewhere (Freel and Robson 2004), we interpret as a disruption effect. For
example, the introduction of new products to a plant may disrupt production and
reduce productivity, an effect which is also suggested by the negative productivity
effects of bespoke production (i.e. one-offs and small batches). Alternatively, the
negative productivity effect of innovation success may be explained by a product
life-cycle effect. In this scenario, newly introduced products are initially produced
inefficiently with negative productivity consequences before becoming established
and the focus of process innovations to improve productive efficiency.
In addition to the innovation indicators, the strength of enterprises’ resource base also
proves important in determining performance, although again the importance of
different indicators differs somewhat between the productivity and growth models
(Tables 4 and 5). Plant size, for example, has a consistent (inverted U) influence on
productivity but has no significant impact on either employment or sales growth (e.g.
Barkham et al., 1996; Hakim, 1989). The effects of plant age also differ, having a
positive effect on productivity but consistently negative growth effects. In other
words, older plants tend to have higher productivity but slower growth (Roper and
Hewitt-Dundas, 2001). Being part of a multi-national group has a similar effect to that
of enterprise age, positively impacting on productivity but having a negative growth
effect. Unsurprisingly too, enterprises with higher capital intensity (per employee)
also have higher productivity and tend also to have faster employment and sales
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growth (Tables 4 and 5). Two other factors also prove consistently important in
determining growth and productivity performance. Skill levels have a consistently
positive effect on both performance measures, but being located in Northern Ireland is
reflected in lower productivity and slower sales and employment growth. In general
terms our augmented production function estimates therefore emphasise the
importance of enterprises’ resource base for productivity and growth, but also suggest
that innovation has a significant performance augmenting effect.

5. Conclusion

The key results of our estimation are summarised in Figures 2 and 3 which illustrate
the innovation value chain using the product innovation decision indicator and the
innovation success indicator respectively. In each case, the causal link from
knowledge sourcing through innovation to business growth and productivity is clear,
although the strength and sign of the different linkages varies depending somewhat on
indicator choice. The implication is that in both Ireland and Northern Ireland there is
evidence of a positive innovation value chain with firms’ innovation activities
grounded in their knowledge sourcing activity and resulting in enhanced business
performance. Firms’ characteristics, internal resources, and market environment,
however, all play a part in shaping the strength of each of the links in the innovation
value chain. In our data, for example, internal R&D and backward knowledge
sourcing have positive direct effects on both product and process innovation as well
as positive complementarity effects on enterprises’ other knowledge sourcing
activities. Forward and horizontal knowledge sourcing have similar complementary
effects with enterprises’ other external knowledge sourcing activities but have a direct
influence only on product innovation. Finally, enterprises public knowledge sourcing
activities have no direct impact on innovation but have an indirect positive effect on
innovation through their strong complementarity with other knowledge sourcing
activities.
In this sense, our analysis suggests an important difference in the routes by which
public knowledge sourcing on one hand, and the other types of external knowledge
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sourcing and internal knowledge sourcing on the other, contribute to innovation and
hence business performance. This suggests the need for a more differentiated
approach to knowledge acquired from different sources – and firms’ ability to absorb
knowledge from different sources – than generally characterises the innovation
literature (although see Schmidt, 2005), and raises some questions about the
accessibility of public knowledge generators as innovation partners. In a more specific
sense it raises questions about the ability of the university network in Ireland and
Northern Ireland to contribute to innovation, at least during our sample period17. Since
2000, however, and too late to have a significant impact on the current analysis, steps
have been taken to strengthen commercially relevant research in universities in
Ireland and Northern Ireland. In Ireland, investments under the 2000-06 National
Development Plan – including Science Foundation Ireland and the Programme of
Research in Third Level Institutions – have increased investment in higher education
R&D by an order of magnitude. In Northern Ireland, similarly large investments have
been made in developing Centres of Research Excellence. Both may help in the
longer-term to strengthen the direct contribution of the higher education sector in
Ireland and Northern Ireland to innovation.
In addition to highlighting the direct and indirect routes through which enterprises’
knowledge sourcing can influence innovation and business performance, the
innovation value chain also highlights the enabling role of other factors in shaping
enterprises’ knowledge sourcing behaviour and influencing enterprises’ knowledge
transformation and exploitation capability. The quality of enterprises’ human
resources, for example, which we interpret here as an indicator of firms’ knowledge
utilisation capacity, influences the innovation value chain for Irish firms through three
routes. First, although they have little impact on external knowledge sourcing, high
quality human resources do enable internal R&D in our sample of firms (Table 2), and
through complementarity effects have a positive effect on firms’ other knowledge
sourcing activities. Secondly, high quality human resources contribute positively to
17

This is despite significant investment during the late-1990s in building connectivity and applied
research capability (e.g. the START programme in Northern Ireland and the Programmes for Advanced
Technologies (PATs) in Ireland).
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firms’ knowledge transformation ability in both the product and process innovation
production functions (Table 3). Thirdly, skill levels contribute to firms’ ability to
generate value from their innovation, taking strong positive coefficients in both the
growth and productivity production functions (Tables 4 and 5). The structural nature
of our innovation value chain analysis allows these different links to be identified
explicitly.
In policy terms our innovation value chain analysis has two main implications. First,
we are able to clearly identify the drivers of firm-level growth and productivity in
Ireland and Northern Ireland, and in particular to highlight the complementary role of
capital investment, skills, ownership and innovation. This provides a clear signal that
each of these factors is important in influencing innovation and business performance
both through their direct effect but also potentially through complementary effects
with other innovation drivers. The innovation value chain approach also exposes the
the mechanisms through which these factors influence innovation performance,
providing a potential structure for the evaluation of future policy initiatives. Secondly,
through the innovation value chain we are able to identify the drivers of innovation
behaviour itself, emphasising the role of R&D as both a direct and indirect influence
on innovation success, but also the role of other important sources of knowledge for
innovation. The implication is that policy intervention to strengthen knowledge
sharing may have direct benefits for innovation, but may also have indirect benefits
through complementary relationships with other innovation drivers. Key here is the
role of in-house R&D which has both direct benefits and helps to maximise the
innovation benefits of other forms of knowledge sourcing.
The richness of the information in the IIP database allows the innovation value chain
to be explored in considerable detail for Ireland and Northern Ireland. Our current
approach has some limitations, however, which could usefully be addressed in future
work. First, although based on panel data we have here adopted a pooled approach to
the estimation. This reduces the temporal sophistication of our analysis and the
potential to allow for lagged innovation and performance effects. For example, it may
be that allowing for lagged product innovation success in the productivity models
23

would suggest a positive impact rather than the negative ‘disruption’ effect identified
in Tables 4 and 5. Future work might examine the dynamics in more detail as new
survey data become available. Second, our current analysis is limited to Ireland and
Northern Ireland. It would be of considerable interest to see whether the type of
relationships identified here were robust across national boundaries. Third, in the
modelling to date we have employed fairly simple model specifications and
estimation approaches. Both could usefully be developed to allow for potential
interactions between variables, for example, and to test for the potential impact of
selection biases or simultaneity. Finally, there is the issue of sector-specific effects.
While all of the estimations discussed above include 2-digit industry dummies to
allow for sectoral variations in, for example, innovation intensity and productivity,
these cannot capture all sector-specific differences. Variations might be expected
between the knowledge sourcing behaviour of science-based and scale-intensive
sectors, for example, with the possibility of differences in the patterns of
complementarity between the different knowledge sources. Future work might
profitably explore the extent and nature of such sectoral differences.
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Table 1: Summary Statistics
Variable Description

Mean

Std.
Dev.

Innovation Indicators
Innovation success - percentage of new products in sales (%)
Product innovation - new or improved products in the previous three years (0/1)
Process innovation - new or improved processes in the previous three years (0/1)

15.125
0.625
0.592

22.842
0.484
0.492

0.482
0.265
0.325
0.121
0.193

0.5
0.442
0.468
0.326
0.395

Firm Performance
Labour productivity (value added per employee)
Sales growth
Employment growth

3.476
38.197
20.038

0.755
94.096
54.574

Resources
Employment (number)
Part of a multi-national enterprise (multinational firms) (0/1)
Plant age (years)
Capital intensity (investments on fixed assets/total employment)
Type of production in plant - mainly one-offs (0/1)
Type of production in plant - mainly large batches (0/1)
Innovation constraints: Shortages of finance (score)
Relevant R&D being conducted in the group (R&D in group) (0/1)

114.48
0.32
32.528
5.886
0.192
0.294
2.812
0.192

315.685
0.466
30.123
16.319
0.394
0.456
1.452
0.394

Knowledge Utilisation Capacity
Percentage of workforce with degree (%)
Percentage of workforce with no qualifications (%)
Formal R&D Department in plant (0/1)

9.064
46.947
0.213

12.294
32.369
0.409

0.271
0.268
0.184

0.445
0.443
0.388

0.424
2.227

0.494
1.277

Knowledge Sourcing Activities
R&D being undertaken in the plant (0/1)
Forward knowledge linkages to clients or customers (0/1)
Backward knowledge linkages to suppliers or consultants (0/1)
Horizontal knowledge linkages to competitors or joint ventures (0/1)
Public knowledge linkages to universities, industry operated labs or public labs

Government and EU Assistance
Government assistance on product/process innovation (0/1)
Government assistance on capital (plant/machinery) (0/1)
Government assistance on management training/training on process
development/best practice (0/1)
Market Environment
Northern Ireland plant (0/1)
Legislative/regulatory requirements (score)

Source: Irish Innovation Panel
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Table 2: Knowledge sourcing equations
Forward

Backward

Horizontal

Public

knowledge

knowledge

knowledge

knowledge

sourcing

sourcing

sourcing

sourcing

-

0.00980

0.0741**

0.00156

0.0607***

In-plant R&D
Variables

Knowledge sources
In-plant R&D
Forward KS
Backward KS
Horizontal KS
Public KS

-

(0.030)

(0.034)

(0.016)

(0.020)

0.0215

-

0.528***

0.170***

0.134***

(0.039)

-

(0.029)

(0.025)

(0.026)

0.0933**

0.472***

-

0.0792***

0.280***

(0.037)

(0.027)

-

(0.020)

(0.027)

-0.0373

0.321***

0.160***

-

0.0590**

(0.044)

(0.044)

(0.048)

-

(0.026)

0.141***

0.197***

0.438***

0.0367*

-

(0.039)

(0.037)

(0.038)

(0.019)

-

0.249***

0.177***

-0.148**

-0.0687**

-0.00277

(0.070)

(0.062)

(0.075)

(0.031)

(0.042)

-0.0443***

-0.0367***

0.0415**

0.0148**

0.00198

(0.016)

(0.014)

(0.017)

(0.0067)

(0.0091)

-0.0618*

-0.00361

0.0361

0.0260

0.0590***

(0.033)

(0.031)

(0.036)

(0.017)

(0.021)

Resource Indicators
Employment
Employment-squared
Multinational firms
R&D in group
Shortage of finance

-0.000649

0.0694**

-0.000856

-0.0178

0.00429

(0.037)

(0.035)

(0.040)

(0.015)

(0.021)

0.0245**

0.0113

-0.00565

0.00902*

0.0108*

(0.0096)

(0.0090)

(0.011)

(0.0048)

(0.0061)

0.00452***

0.00130

-0.00116

0.0000138

0.00108

(0.0012)

(0.0011)

(0.0013)

(0.00056)

(0.00069)

Knowledge Utilisation Capacity
Staff with degree
Staff with no qualification

-0.000715

0.000537

0.000254

-0.000687***

-0.000205

(0.00045)

(0.00044)

(0.00050)

(0.00023)

(0.00030)

R&D department

-

-0.00139

0.000342

-0.00700

0.0474*

-

(0.034)

(0.041)

(0.017)

(0.025)

Government and EU assistance
Government assistance on product/process

0.320***

0.0299

0.000551

0.0238

0.0682***

innovation
Government assistance on capital

(0.028)

(0.030)

(0.036)

(0.017)

(0.022)

-0.00299

-0.00772

-0.00421

0.00245

0.0328

(plant/machinery)

(0.032)

(0.029)

(0.035)

(0.015)

(0.021)

Government assistance on management

0.0623*

0.0924***

0.0351

0.00828

0.0514**

training/training on process development/best

(0.035)

(0.033)

(0.038)

(0.016)

(0.023)

-0.116***

0.0415

0.00413

-0.0212

-0.0242

(0.028)

(0.027)

(0.031)

(0.014)

(0.018)

0.0144

-0.00757

0.00415

0.00864

0.00372

(0.011)

(0.010)

(0.012)

(0.0053)

(0.0069)

Observations

1775

1741

1741

1741

1741

Log likelihood

-996.46

-611.80

-657.67

-512.97

-526.98

Market Environment
Northern Ireland plant
Legislative/regulatory requirements

Notes:

Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1. All the figures in the table are marginal

effects generated from probit models. All models include industry dummies.
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Table 3: Innovation Production Functions
Decision
Knowledge sources
In-plant R&D
Forward KS
Backward KS
Horizontal KS
Public KS
Resource Indicator
Employment
Employment-squared
Age
Multinational firms
One-off production
R&D in group
Shortage of finance
Knowledge Utilisation Capacity
Staff with degree
Staff with no qualification
R&D department
Government and EU assistance
Government assistance on product/process
innovation
Government assistance on capital
(plant/machinery)
Government assistance on management
training/training on process
development/best practice
Market Environment
Northern Ireland plant

Product Innovation
Success: whole
Success: product
sample
innovator only

Process
innovation:
decision

0.275***
(0.027)
0.112***
(0.034)
0.0811**
(0.034)
0.0984***
(0.037)
-0.0307
(0.043)

0.1806401***
(0.02569)
0.1109711***
(0.03054)
0.0329439
(0.03065)
0.0402106
(0.03305)
-0.0522171
(0.03325)

-0.0206291
(0.27)
0.0551659***
(0.007)
-0.0189386
(0.376)
-0.0028787
(0.899)
-0.0241271
(0.296)

0.119***
(0.029)
0.0367
(0.038)
0.160***
(0.034)
0.0814**
(0.041)
0.0142
(0.042)

0.000153
(0.00018)
0.00000857
(0.000034)
-0.000237
(0.00045)
0.00787
(0.029)
-0.123***
(0.037)
0.0850***
(0.030)
0.0200**
(0.0088)

0.0000755
(0.00007)
-0.00000142
(0.000003)
-0.0015937***
(0.00039)
0.0139323
(0.02648)
-0.1135328***
(0.03251)
0.0653202**
(0.02867)
0.0263102***
(0.00799)

0.000019
(0.69)
1.42E-07
(0.95)
-0.0012434***
(0.0002569)
0.002311
(0.904)
-0.025847
(0.314)
0.0107255
(0.593)
0.0135643**
(0.017)

0.000320***
(0.00012)
-0.00000835
(0.0000075)
-0.000943**
(0.00043)
0.0240
(0.030)
-0.0570
(0.036)
0.130***
(0.032)
0.00137
(0.0092)

0.00373***
(0.0013)
0.0000404
(0.00041)
0.108***
(0.035)

0.0025178**
(0.00105)
-0.0002872
(0.00038)
0.0961436***
(0.02927)

0.0005818
(0.42)
-0.0004358
(0.112)
0.0631407***
(0.001)

-0.00400***
(0.0013)
0.000111
(0.00043)
-0.00342
(0.039)

0.0742**
(0.030)
0.000572
(0.029)
0.00771

0.0342639
(0.02644)
0.0027234
(0.02547)
0.069377***

-0.0038481
(0.834)
0.0014553
(0.935)
0.041288***

0.0866***
(0.031)
0.145***
(0.028)
0.0614*

(0.034)

(0.02692)

(0.018)

(0.033)

-0.00788
-0.0149813
-0.0153116
-0.0484*
(0.025)
(0.02358)
(0.01731)
(0.027)
Legislative/regulatory requirements
-0.0198**
-0.0115106
-0.0026818
0.00313
(0.0098)
(0.00901)
(0.681)
(0.010)
Observations
1620
1544
1033
1613
Log likelihood
-752.84
-553.13
-68.57
-882.33
Notes: Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; All the figures in the table are marginal
effects generated from Probit/Tobit models; All models include industry dummies.
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Table 4: Augmented Production Function Estimates – Product Innovation Success
Outlier Robust Regressions
Productivity
Sales growth Emp growth
Innovation activities
Innovation success
Process innovation
Firm Characteristics
Employment
Employment-squared
Age
Capital intensity
Multinational firms
One-off production
Small batch production
Large batch production
Knowledge Utilisation
R&D department
Staff with degree
Staff with no qualification
Market Environment
Northern Ireland plant
Observations

Productivity

Median Regressions
Sales growth
Emp growth

-0.302***
(0.067)
0.0151
(0.030)

16.72***
(2.59)
5.256***
(1.14)

6.747***
(1.75)
3.012***
(0.78)

-0.285***
(0.071)
0.0212
(0.032)

28.52***
(2.60)
5.521***
(1.15)

19.15***
(1.87)
2.322***
(0.83)

0.000389***
(0.00015)
-0.0000269*
(0.000014)
0.00187***
(0.00048)
0.0179***
(0.0014)
0.334***
(0.032)
-0.0724*
(0.039)
-0.0726**
(0.028)
0.0136
(0.031)

-0.000609
(0.0053)
0.0000372
(0.00045)
-0.0892***
(0.018)
0.331***
(0.033)
-7.013***
(1.22)
0.130
(1.50)
-0.464
(1.10)
-1.401
(1.20)

0.00151
(0.0026)
-0.0000677
(0.00013)
-0.0836***
(0.012)
0.0308
(0.022)
-4.392***
(0.82)
0.454
(1.02)
0.297
(0.75)
-0.0733
(0.82)

0.000348***
(0.00011)
-0.0000117***
(0.0000037)
0.00140***
(0.00052)
0.0136***
(0.0010)
0.350***
(0.033)
-0.0870**
(0.041)
-0.0767**
(0.030)
0.0162
(0.033)

-0.00354
(0.0052)
0.000144
(0.00039)
-0.0795***
(0.019)
0.209***
(0.034)
-5.583***
(1.22)
3.142**
(1.51)
0.192
(1.11)
-1.087
(1.21)

0.00306
(0.0026)
-0.000134
(0.000092)
-0.0681***
(0.013)
0.150***
(0.024)
-5.588***
(0.87)
0.526
(1.09)
-0.224
(0.80)
-0.212
(0.87)

0.0359
(0.037)
0.0122***
(0.0015)
-0.000704
(0.00047)

2.561*
(1.43)
0.236***
(0.058)
0.0114
(0.018)

1.899**
(0.96)
0.126***
(0.040)
0.00429
(0.012)

0.0327
(0.040)
0.0141***
(0.0016)
-0.000623
(0.00050)

0.932
(1.44)
0.358***
(0.059)
0.0232
(0.018)

0.971
(1.03)
0.181***
(0.042)
0.00528
(0.013)

-0.121***
(0.028)
1681

-2.866***
(1.10)
1674

-1.991***
(0.75)
1677

-0.117***
(0.030)
1683

-3.549***
(1.11)
1675

-1.689**
(0.80)
1677

Notes: Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1. All models include industry dummies.
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Table 5: Augmented Production Function – Product Innovation Decision Indicator
Outlier Robust Regressions
Productivity
Sales growth Emp growth
Innovation activities
Product innovation
Process innovation
Firm Characteristics
Employment
Employment-squared
Age
Capital intensity
Multinational firms
One-off production
Small batch production
Large batch production
Knowledge Utilisation
R&D department
Staff with degree
Staff with no qualification
Market Environment
Northern Ireland plant
Observations

Productivity

Median Regressions
Sales growth
Emp growth

0.0106
(0.031)
0.00769
(0.030)

3.657***
(1.22)
4.863***
(1.15)

1.017
(0.84)
3.153***
(0.79)

-0.00711
(0.031)
0.00800
(0.029)

4.235***
(1.50)
6.104***
(1.42)

2.191**
(0.90)
3.068***
(0.85)

0.000377**
(0.00015)
-0.0000248*
(0.000014)
0.00205***
(0.00047)
0.0167***
(0.0013)
0.330***
(0.031)
-0.0590
(0.038)
-0.0812***
(0.028)
0.00975
(0.030)

-0.00157
(0.0053)
0.000103
(0.00045)
-0.0942***
(0.018)
0.296***
(0.033)
-6.916***
(1.20)
0.441
(1.48)
-0.0867
(1.09)
-1.341
(1.18)

-0.000666
(0.0034)
0.000135
(0.00026)
-0.0874***
(0.012)
0.0375*
(0.022)
-4.022***
(0.82)
0.694
(1.01)
0.459
(0.75)
-0.151
(0.81)

0.000299***
(0.00010)
-0.0000101***
(0.0000033)
0.00145***
(0.00045)
0.0146***
(0.00093)
0.351***
(0.030)
-0.0562
(0.037)
-0.0742***
(0.027)
0.0134
(0.030)

-0.00555
(0.0063)
0.000333
(0.00048)
-0.0869***
(0.022)
0.195***
(0.041)
-5.593***
(1.48)
1.409
(1.82)
1.381
(1.34)
-1.043
(1.46)

0.000000255
(0.0026)
-0.0000412
(0.000094)
-0.0726***
(0.013)
0.164***
(0.024)
-5.143***
(0.87)
1.024
(1.09)
-0.192
(0.80)
0.123
(0.87)

-0.000487
(0.036)
0.0113***
(0.0014)
-0.000566
(0.00046)

2.975**
(1.40)
0.221***
(0.055)
0.0136
(0.018)

2.361**
(0.95)
0.107***
(0.038)
0.00777
(0.012)

0.0256
(0.035)
0.0123***
(0.0014)
-0.000536
(0.00045)

4.187**
(1.72)
0.389***
(0.068)
0.00568
(0.022)

3.179***
(1.02)
0.171***
(0.040)
0.00471
(0.013)

-0.118***
(0.028)
1751

-3.060***
(1.09)
1746

-1.970***
(0.75)
1747

-0.0911***
(0.027)
1753

-3.234**
(1.34)
1747

-1.323
(0.80)
1748

Notes: Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1. All models include industry dummies.
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Figure 1: Significant complementarities between firms’ knowledge sourcing activities

Note: The figures in the chart are marginal probabilities estimated
in knowledge sourcing equations (reported in Table 2).
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Figure 2: The Innovation Value Chain – Product Innovation Success

Note: The figures are based on probit/Tobit estimates and outlier robust regression estimates (reported in Tables 3 and 4).
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Figure 3: The Innovation Value Chain – Product Innovation Decision

Note: The figures are based on probit/Tobit estimates and outlier robust regression estimates (reported in Tables 3 and 5).
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