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This study focuses on the sectoral and geographical differences in open knowledge collaboration for the inno-
vation performance of UK firms. Drawing on transaction cost theory and appropriability of knowledge, we adopt
a resource-based view to focus on limits to open innovation. We use a generalized multi-level mixed model to test
our hypotheses, controlling for time, regional and firm unobserved characteristics. Our sample includes 19,510
observations and 17,859 firms, with a small panel element of 1651 firms mainly from the UK Innovation Survey
and Business Registry. Our results demonstrate that limits to open innovation differ across knowledge-intense

sectors and at different geographic dimensions, with creative sectors experiencing the greatest limits to
knowledge collaboration in both national and international markets. We discuss why and how this occurs, and
conclude with several theoretical and policy implications.

1. Introduction

The major motivation for open innovation (Dahlander and Gann,
2010; West and Bogers, 2014, 2017; Obradovic et al., 2021) is that it
improves a firm’s ability to generate knowledge spillovers (Grilitches,
1979; Jaffe et al., 1993; Audretsch and Feldman, 1996; Griffith et al.,
2006) and create new products internally and in collaboration with
external partners (Cappelli et al., 2014; Bogers et al., 2018, 2019;
Granstrand and Holgersson, 2020). In this context, we draw on West
etal. (2014a,b) and Bogers et al. (2018) in defining open innovation as a
concept that encompasses the novel challenges, norms and practices of
innovation processes. Open innovation strategies increase the likelihood
of knowledge complementarities, leading to faster and higher-quality
innovation along with greater firm productivity (Hall et al., 2013
Audretsch and Belitski, 2020). It has become a “key innovation strategy”
(Frenz and Ietto-Gillies, 2009; Hsieh et al., 2018; Kobarg et al., 2019) as
small and large firm, start-ups and incumbents promote open collabo-
rative activities, deepening and broadening the portfolio of activities
with innovation partners (Roper et al., 2017; Audretsch et al., 2021).

While the open innovation model has demonstrated substantial
benefits to both product and process innovation (Chesbrough, 2003;
Chesbrough et al., 2006, 2018; Bogers et al., 2018, 2019), we still lack a
clear understanding of the downsides of open innovation (Saura et al.,

2022).

Underlying the theoretical positioning of this strategy is the
assumption that collaboration has a positive impact on innovation
(Denicolai et al., 2016; Roper et al., 2017), which in practice results in
the proposition that knowledge collaboration is often an ‘objective in
itself’ (Del Giudice and Maggioni, 2014). The downside of collaboration
includes resource redeployment and relocation, along with the use of
time and effort (Stadler et al., 2022), in addition to operational, tech-
nological, cognitive, cultural and regulatory barriers that limit open
innovation. Knowledge collaboration may shift resources and focus
away from experimentation and in-house innovation, preventing inter-
nal investment in R&D and training (Mention, 2011; Barham et al.,
2020).

Scholars have acknowledged the importance of external knowledge
in the form of knowledge transfer or spillovers for firm’s innovation and
productivity (Jaffe, 1989; Griliches, 1992; Dahlander and Gann, 2010;
Bogers et al., 2018). However, relatively little empirical research has
investigated the limits to open innovation across different contexts. This
gap is unfortunate because several authors have argued that the limits of
open innovation must be studied and discussed using the risk manage-
ment perspective (Hervas-Oliver et al., 2021), resources perspective
(Garcia-Quevedo et al., 2018; Stadler et al., 2022; Saura et al., 2022),
institutional perspective (Hsieh et al., 2018), organizational perspective
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(Vanhaverbeke et al., 2017) and technology perspective (Noh and Lee,
2020).

The novelty of this study lies in the fact that, owing to the various
matched micro-level datasets, and by filling the gap in the available
research, we identify and discuss the boundaries of knowledge collab-
oration evidenced by the sectoral and geographical contexts of open
innovation.

This study addresses two research questions. First, what are the
limits of open innovation for knowledge-intensive and other industries?
Second, what is the role of geography in limiting knowledge collabo-
ration between innovators and external partners locally, nationally, and
internationally? To answer these two questions, we aim to achieve the
following objectives:

- To create knowledge about limits to open innovation by discussing
theories and explaining the boundary conditions for knowledge
collaboration and open innovation more broadly;

- To explore the differences between industries with different levels of
knowledge in the relationship between knowledge collaboration and
firm innovation;

- To outline the way partner location affects returns to knowledge
collaboration for innovation and the industry context;

- To establish future directions for overcoming the limitations of open
innovation research.

The next section of this study will discuss the theoretical framework
and set out the research hypotheses. Section 3 discusses the data
matching and sample, and outlines the econometric modelling. Section 5
reports the main findings and examines the main developments in the
extent literature. Section 6 concludes with a discussion of the theoretical
and practical implications, and makes suggestions for future research.

2. Theoretical framework
2.1. Collaboration and innovation performance

The concept of open innovation is central to this study (Bogers et al.,
2019). As firms aim to accelerate the process and product innovation,
firms require external knowledge in a form of knowledge collaboration
(West and Bogers, 2014, 2017) and access to knowledge spillovers
(Griliches, 1992).

Theoretically, while the mechanism of a knowledge collaboration
seems clear (Roper et al., 2017), its empirical identification is rather
complex (Mention, 2011; Alassaf et al., 2020). Collaboration is defined
as “the process through which two or more actors engage in a
constructive management of differences in order to define common
problems and develop joint solutions based on provisional agreements
that may coexist with disagreement and dissent” (Hartley et al., 2013:
826). Knowledge collaboration includes mutual innovation activities
with shared goals and the active participation of external stakeholders,
and hence represents a distinct type of open innovation (Enkel et al.,
2009). Working collaboratively on innovation allows for the acquisition
of additional resources and the greater avoidance of negative contin-
gencies, and increases the likelihood of goal achievement (Audrestch
and Belitski, 2020).

Knowledge collaboration may target a variety of external partners in
collaboration (Frenz and Ietto-Gillies, 2009; Hsieh et al., 2018; Kobarg
et al., 2019; Granstrand and Holgersson, 2020) as well as a selection of
specific partners (e.g. customers, competitors, suppliers) deepening
knowledge collaboration with them (Laursen and Salter, 2006).

Given the high heterogeneity of partners’ knowledge (Belderbos
et al., 2004) and their distinct impact on different types of innovation
(incremental and radical) (Denicolai et al., 2016), the diversity of
collaboration partners has been seen as an important strategy in build-
ing a portfolio of firm innovation (Van Beers and Zand, 2014).

The resource-based view (Grant, 1996; Barney, 1996) applied to
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open innovation could be useful in explaining the costs and benefits of
collaboration. Firstly, knowledge collaboration is associated with the
acquisition of knowledge that is not available within a firm (Chesbrough
et al., 2006; Bogers et al., 2018). This knowledge may include but is not
limited to customer preferences, technological developments and
infrastructure, fundraising channels, and market needs (Belderbos et al.,
2004). Knowledge collaboration expands the knowledge base of a firm
available for redeployment of knowledge or knowledge transfer (Kobarg
et al.,, 2019; Stadler et al., 2022). Secondly, from an organizational
learning perspective (Argote, 2013), knowledge collaboration enables
innovators to exchange experiences and competences, and to develop
new procedures, routines and norms of collaboration related to the
technology and market aspects, thus increasing innovation output
(Almeida and Kogut, 1999; Van Beers and Zand, 2014). Finally, the
resource-based view (Grant, 1996) integrated with organizational
learning theory (Belderbos et al., 2004; Argote, 2013) explains how
access to the resources owned by external partners can shorten and
reduce uncertainty during the innovation process, in particular in
high-technology contexts.

While open innovation research has long focused on its positive
impacts (Chesbrough and Moedas, 2018), studies have also explored the
potential negative aspects of open innovation (Knudsen and Mortensen,
2011; Chesbrough and Bogers, 2014; Kobarg et al. 2019; Saura et al.
2022), as well as beneficial and limiting effects of open innovation, with
the evidence still limited at the microlevel (Salge et al., 2013).

Cost-benefit analyses of collaborations for innovation are not well
developed in the organizational learning and open innovation theories.
There is a widespread assumption that collaboration is a superior
approach to pursuing strategic objectives (such as innovation) based on
an “implicit” cost-benefit analysis; indeed, it is commonly thought that
collaboration partners expect the benefits of collaboration will outweigh
the costs (Tartari and Breschi, 2012). Collaborators may experience
information asymmetry (they might not know all the costs and benefits
related to collaboration), but they often underestimate collaboration
costs (Simon, 1976). This challenges the assumption that innovation
outputs can be achieved only in collaboration (Edmondson, 2016).

Open innovation scholars have only recently demonstrated that
there are risks relating to a lack of internal investment in absorptive
capacity (Denicolai et al., 2016; Roper et al., 2017; Barham et al., 2020).
Prior research has underestimated the role of managers and their stra-
tegic approach to decision-making in supporting knowledge collabora-
tion (Audretsch and Belitski, 2020). The strategic orientation of
managers is crucial, as external knowledge needs to be integrated in
form routines and innovation processes to enhance innovation (Enkel
et al., 2009). Managerial decision-making as it relates to identifying and
then managing the risks related to over-searching for partners and
projects or going through additional legal protection of collaboration
(Hall and Sena, 2017) may add to the costs associated with resource
allocation (Laursen and Salter, 2006) and redeployment (Stadler et al.,
2022), negatively affecting open innovation (Knudsen and Mortensen,
2011; Keijl et al., 2016). Authors distinguish between different levels of
transfer and recombination of knowledge (low, intermediate, high) and
determine their differential impact on innovation with the highest level
of technological impact. We argue that the degree to which limits to
open innovation accrue in collaborations depends on various factors,
including  the appropriability = of knowledge, managerial
decision-making and readiness, and the breadth and the depth of
collaboration, to name a few (Kobarg et al., 2019).

2.2. Sector, collaboration and innovation performance

One may expect that different industries will have different limits in
open innovation. Transaction cost theory of collaborative innovation
can be used to explain the mechanisms behind the theorizing the limits
to open innovation for firms in knowledge-intensive sectors. Transaction
cost theory argues that partners incur coordination costs of monitoring,
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controlling and managing knowledge transfers (Camacho, 1991), and
that they will seek to optimize collaboration governance (Williamson,
1981). Authorn explains that the analysis considers the comparative
costs of planning, adapting, and monitoring collaboration under alter-
native governing structures. Transaction cost theory can be employed by
assuming that the open innovation management structures have to be
applied that best fit a particular knowledge transfer and transaction, and
that knowledge collaboration is approximated to a set of transactions
between partners.

Due to differences in absorptive capacity across industries with
different levels of R&D investment (e.g. high-tech manufacturing,
knowledge intense services, ICT, creative) and the different costs of
knowledge creation in-house, one may expect significant heterogeneity
between industries in terms of coordination ability and working
together effectively (Vural et al., 2013). Differences in investment,
protection and maintaining knowledge led to differences in transaction
costs in the form of higher (for knowledge-intensive sectors) or lower
(for low-intensity sectors) coordination and knowledge-treatment costs
of open innovation. Transaction costs could be viewed within two
broader categories: costs related to the nature of the innovation, and
costs related to knowledge collaboration management. Autonomy,
communication, and waiting costs, managerial efforts are part of the
costs related to the nature of innovation. Formal and informal in-
stitutions, organizational hierarchy and firm size, productivity and
geographical location are related to management collaboration costs.
Both types of costs are likely to be higher in industries rich in knowledge
than in industries with a paucity of knowledge, given that the value
added per unit of time and by a unit of labour force (including top
managers and head of innovation units) is significantly higher.

Open innovation may be limited in sectors where the cost of
knowledge transfer between collaborators is high and where intellectual
property protection requires additional coordination and transaction
costs (Hall and Sena, 2017). Knowledge has the attributes of a public
good and cannot be fully appropriated by the knowledge producer,
meaning firms who invest in knowledge will bear higher costs to protect
and commercialize it. Meanwhile some knowledge may still outflow to
competitors and collaborators involuntarily (Cassiman and Veugelers,
2002; Chesbrough, 2003; Dahlander and Gann, 2010), creating addi-
tional risks and costs. Knowledge-intensive sectors with weak appro-
priability conditions may contain firms that are reluctant to invest in
R&D and hence will have to invest in knowledge protection to appro-
priate the outcomes of R&D and technological search. This will again
increase the costs of open innovation (Hall et al., 2014).

In addition, knowledge-intensive industries have higher levels of
cross-sectoral collaboration (Jaffe et al. 1993), in which the innovation
problems are usually complex and across many dimensions (e.g., tech-
nical, economical, and social). Complex problems have low degrees of
decomposability due to a high degree of task interdependence, and will
therefore require additional effort in coordination between different
external partners. This is because each partner may need to understand
the complexity of a problem and interdependency of the elements, as
well as the role of other partners in dealing with the problem before
starting to work on new solutions. This requires both more time to
proceed with innovation and additional investment in absorptive ca-
pacity. More complex tasks (Alassaf et al., 2020) related to knowledge
generation and recombination mean external partners and focal firms
will have less autonomy in carrying out their own tasks, and coordina-
tion and management costs will increase significantly. Open innovation
mechanisms will require more frequent and intensive in-depth
communication with external partners, thus increasing monetary and
time costs (MacMillan et al., 2004).

Open innovation demands coordination of innovation between a
variety of partner types (Kobarg et al., 2019; Audretsch et al., 2021) as it
may involve heterogeneous vertical (suppliers and customers) and
horizontal (competitors) structures of collaboration (Van Beers and
Zand, 2014). For knowledge-intensive firms who source and combine
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knowledge from various partner types, a multi-partner collaborations
are more expensive to coordinate and monitor (Camacho, 1991). This is
not the case for low-intensity firms. Firms will need cross-partner
structures to be clear and well-defined in order to secure effective
sourcing of knowledge between partners, leading to additional costs.
Firms in low-tech sectors are less likely to establish rigid control struc-
tures over intellectual property due to the low risk of infringement, as
well as the reduced ability and interest of competitors to imitate or
reverse-engineer their products (Roper et al., 2017). This will reduce the
degrees of formality and hierarchy (Gazley, 2010) in, for example,
low-tech projects and non-profit sector services, which will reduce the
transaction costs of open innovation. Due to uncertainty about the future
value of knowledge, and the willingness to formally appropriate future
knowledge, knowledge-intensive firms are more likely than firms in
other sectors to apply formal arrangements, as formality is often asso-
ciated with rigidity. This will further increase the transaction costs of
collaboration (Rawley, 2010).

We therefore argue that the highest cost of collaboration will occur
when sourcing knowledge from sectors that have invested heavily in
R&D and possess a high concentration of knowledge workers, and where
open innovation includes an increased depth and breadth of collabora-
tion partners. External collaborators are likely to be most interested in
learning from and reverse-engineering, when collaborating with firms in
KIBS, high-tech manufacturing, ICT and the creative industries. The
benefits of collaboration with different partner types and across
different structures are higher for these four sectors. However, the risk of
knowledge outflows and imitation remains high, as does the need to
protect knowledge while investing in absorptive capacity, knowledge
management and managerial decision-making. We thus hypothesise:

H1. Firms in knowledge-intensive sectors will have larger limits to
open innovation than firms in other sectors.

2.3. Geography of collaboration

Learning from external partners and knowledge transfers remains a
primary rationale for firm knowledge search strategies. Costs are
incurred when acquiring and accessing relevant external knowledge,
and also for the retention and management of internal knowledge.
Collaborative innovation has been the core factor pushing innovators to
move away from innovating internally and expanding the technological
and geographical boundaries of open innovation (Chesbrough, 2003;
West et al., 2014a,b). However, there remains an unresolved tension in
the geography of innovation literature from the consideration of the role
of localization economies vs. global networks in firm innovation (Her-
vas-Oliver et al., 2018; Ascani et al., 2020). With few exceptions (Cui
et al., 2006), most prior research on technology transfers globally has
focused on macro-economic or institutional factors as determinant of
technology transfers, while micro-economic factors such as the market
or cultural environment have remained unexplored. Furthermore, sig-
nificant differences in appropriating knowledge internationally may be
industry-specific, with knowledge intensive sectors have more to lose
and less to gain from localization (McCann and Folta, 2011).

Research on the geography of knowledge collaboration has focused
on the positive externalities of localization economies on firm perfor-
mance (Hervas-Oliver and Albors-Garrigos, 2009, 2014; McCann and
Folta, 2011). This has advanced the earlier line of research in the
knowledge spillover literature (Saxeinan, 1994; Audretsch and Feldman,
1996), suggesting that knowledge is locally bounded and cannot be
easily replicated in other locations (Munari et al., 2012). The most
recent evidence (Hervas-Oliver et al., 2018) in the geography of inno-
vation literature (Jaffe, 1989) also emphasizes that engagement in
knowledge collaboration within a close spatial proximity increases the
diffusion of tacit knowledge and knowledge spillovers. That said, criti-
cism of localization economies and regional knowledge collaborations
focuses on “the lock-in effect” of knowledge for innovation as a negative
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externality of localization economies (Boschma, 2005; Balland et al.,
2015).

As economies gradually expand their digital infrastructure (Caputo
et al., 2021; Belitski et al., 2021), the geographical boundaries of
collaboration are becoming more blurred, and more global knowledge
can be made available quickly via digital technologies. To further this
discussion, we adopt the resource-based view of collaborative innova-
tion (Barney, 1996) and argue that despite the international benefits of
global knowledge collaborations and open innovation, geographical
proximity still matters as global access to knowledge raises the cost of
collaboration and required resources (Barney, 2001), limiting open
innovation strategies. Consistent with the economics theory of bounded
rationality (Simon, 1976), knowledge sourcing and acquisition are
expensive and uncertain: firms have limited resources when looking for
relevant external knowledge and selecting potential collaboration
partner types. This also includes the cost-benefit analysis with size of
collaboration, distance, institutional and legal idiosyncrasies and
cognitive differences to be taken into account, as together they either
reduce or increase collaboration cost (Nooteboom et al., 2007; Ascani
et al., 2020).

Innovators may choose to collaborate locally and nationally when
they have limited resources to avoid an increase in collaboration and
other miscellaneous costs. Firstly, appropriation of knowledge co-
created with external partners matters. This limitation can be exacer-
bated by the location of an external partner as it requires them to solve
regulatory burdens of appropriation of knowledge co-created together.
Differences in regulation and laws may prevent companies from
collaborating (Balland et al., 2015). The risks increase if investors are
unaware of the location of relevant knowledge (Felin and Zenger, 2014)
as the cost to access and sourcing knowledge cannot be directly calcu-
lated. Secondly, if the knowledge for the innovation process resides
beyond national boundaries, knowledge transfers will require perma-
nent updates on information, skills, and ideas to effectively develop and
transfer knowledge, increasing the cost of knowledge creation and
diffusion. International knowledge collaboration increases the
complexity of operations and reduces communication effectiveness due
to cultural and cognitive distance, resulting in information asymmetries
and miscommunications that will affect every aspect of open innovation
(Cui et al., 2006).

Thirdly, access and assimilation of global knowledge requires further
investment in internal capabilities and collaborative arrangements and
trust, directly affecting the firm’s cost of investment in expertise, rou-
tines, market knowledge, legal issues, organization systems and
knowledge diffusion mechanisms (Denicolai et al, 2016). In-
terrelationships and synergies need to be created to an extent which will
enable joint integration of heterogeneous knowledge that originated
within different cultural and institutional contexts and that will increase
costs of capacity building, as the RBV and dynamic capabilities suggest
(Hervas-Oliver et al., 2021). Fourthly, new knowledge created in a
different cognitive and technological context via global networks
(Nooteboom et al., 2007) needs to be adapted to local specifications and
regulations, and may require different testing and approvals procedures
and further resources (Ascani et al., 2020). Institutional variations when
collaborating internationally increase adaptation costs for products and
services, as well as costs related to ongoing technical and legal support
(Ahuja and Katila, 2004). These caveats to open innovation (Barney,
2001) will make it difficult for innovators with limited resources (mainly
micro and small firms) to finance value creation and value capture
internationally. Finally, moving to localized collaborations for in-
novators may reduce the cost of accessing knowledge globally and
across multiple locations. This reduces the cost of knowledge searches
(Kobarg et al., 2019) and shifts open innovation product development to
localized economies (Hervas-Oliver et al., 2018). We hypothesise:

H2. The limits of open innovation are higher in international markets.

Technovation 119 (2023) 102519
3. Methodology and data
3.1. Data and sample

We used three data sources taken from the Business Registry (BSD)
and the UK Innovation Survey (UKIS) within six waves during the period
2002-2014. The UKIS data covers six consecutive periods (2002-04,
2004-06, 2006-08, 2008-10, 2010-12 and 2012-14), while the BSD
was matched to the respective years for the periods 2002, 2004, 2006,
2008, 2010 and 2012 respectively. The BSD offers data on the business
accounting, employment, firm status, industry and firm location, while
the UKIS provides innovation data. The most valuable information was
related to innovation inputs and outputs, as well as different types of
innovations, barriers to innovation and knowledge collaboration
breadth and depth (Van Beers and Zand, 2014; Denicolai et al., 2016).

After cleaning for the missing values in our variables of interest and
product innovation, we were left with 17,859 available firms and 19,510
observations during 2002-2014. All non-applicable answers and
missing values were not included and w did not substitute missing
values to zeroes. The list of variables used in this study is provided in
Table 1, while the industry, size and regional distribution can be seen in
Tables 2A-2C. Our sample includes sixteen aggregated industries. The
left sides of Tables 2A-2C demonstrate the distribution of firms in the
estimated sample,’ while the right sides illustrate the distribution of
firms by industry, region and size. The distribution remains stable dur-
ing 2002-2014, demonstrating the generalizability of our results across
various samples. The correlation between variables is included in
Table 3.

3.2. Dependent and explanatory variables

We measure innovation output as a percentage of product sales
which were new to market (Santamaria et al., 2009; Laursen and Salter,
2006). Our explanatory variables are “UK regional”, “UK national”,
“Europe” and “Other countries” which reflect knowledge collaboration
with at least one external collaboration partner (e.g. enterprise group,
suppliers, clients or customers, competitors, consultants, commercial
labs, universities, government) and across four geographical markets
(Frenz and letto-Gillies, 2009; Kobarg et al., 2019). Interestingly, while
16.7 percent of firms collaborate regionally and 21.7 percent collaborate
on innovation nationally, only 10.6 percent collaborate with European
partners and 9.2 percent collaborate on innovation with partners outside
Europe (other world.) Collaboration across multiple geographical mar-
kets for one firm is possible (Boschma and Frenken, 2010; Cappelli et al.,
2014). We include four binary variables which represent industries
where firms operate and are used to test our H1 and H2: ICT, high-tech
manufacturing, KIBS and the creative industry. Table 4 presents the
geographical  distribution of knowledge collaboration or
non-collaboration between four of the most innovative UK industries.

3.3. Econometric modelling

A modification of a multilevel generalized linear approach which is a
multi-level (mixed-effect) logistic model was used to test our research
hypothesis. This approach was chosen based on the multi-level structure
of the UKIS across industry, region and wave. There are several issues
with the sample which also guided us to use the multilevel generalized
linear approach. First, each wave of the UKIS is a stratified sample, and

1 Table 2A illustrates a significant decrease in a sample size in the UKIS 8
(2010-12) and UKIS 9 (2012-14) survey rounds which is explained of missing
values in our dependent variables as a result of financial crises. We deal with it
later using correction for selection bias Heckman procedure. We evidence a
significant increase in non-reporting on questions of product and process
innovation starting from UKIS 8 and UKIS 9 as compared to previous years.
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Table 1
Descriptive statistics.
Label Survey question Mean  Std.
Dev.
Product
innovation
sample 19,510
obs.
Product innovation (DV1) % of firm’s total turnover from goods and services that were new to the market (%), radical product innovation 0.048 0.136
Independent UK Regional Binary variable equal one if business collaborates on any Regionally 0.167  0.37
variables: UK National innovation activities with at least one of the following partners ~ Nationally 0.217 0.41
Collaboration European within specific geographical boundaries: businesses within Europe 0.106  0.30
(UKIS) Countries enterprise group, suppliers, clients or customers, competitors,
Other Countries consultants, commercial labs, universities, government World 0.092 0.28
Sectors (BSD) High-tech Binary variable equal one if firms belongs to one of the following SIC 2007 (2 digit): 19-22, 26-27, 29, 32, 33.20, 0.112 0.31
Manufacturing zero otherwise
ICT Binary variable equal one if firms belongs to one of the following SIC 2007 (2 digit): 58-63, zero otherwise 0.072  0.25
KIBS Binary variable equal one if firms belongs to one of knowledge intensive business services sectors SIC 2007 (2 0.104  0.30
digit): 64-66, 69-71, 74.20, 74.30 and 74.90, zero otherwise
Creative Binary variable equal one if firms belongs to one of SIC2007 (2 digit): 70.21, 71.11, 71.20, 73.11, 73.12, 74.10,  0.043  0.20
74.20, 85, zero otherwise
Firm size (BSD) small Binary variable equal one if number of FTEs is < 50, zero otherwise 0.447 0.49
medium Binary variable equal one if number of FTEs is between 50 and 249, zero otherwise 0.277 0.44
large Binary variable equal one if number of FTEs is > 250, zero otherwise 0.275 0.44
Technological Manufacturing Binary variable equal one if SIC2007 (2 digit): 21, 26, 30, zero otherwise 0.004  0.07
intensity (UKIS) High-tech
Manufacturing Binary variable equal one if SIC2007 (2 digit): 20, 22-25, 27-29, 32, zero otherwise 0.063 0.24
Med-tech
Manufacturing Binary variable equal one if SIC2007 (2 digit): 10-19, 33, zero otherwise 0.082  0.27
Low-tech
High/Med-tech Binary variable equal one if SIC2007 (2 digit): 59, 60-62, 72, zero otherwise 0.068 0.25
services
Low-tech services Binary variable equal one if SIC2007 (2 digit): 35, 38, 41-43, 49-56, zero otherwise 0.781 0.41
Exploration (UKIS) New product Binary variable equals one if a firm states the importance of increasing range of goods or services is high to 0.408  0.49
innovate, zero otherwise
New Market Binary variable equals one if a firm states the importance of increasing market share is high to innovate, zero 0.166  0.37
otherwise
Constraining factor Cost Binary variable equals one if firm states the factors has severely ~ excessive perceived economic risks, direct 0.331  0.47
(UKIS) constrained innovation: innovation costs too high, cost and
availability of finance, zero otherwise
Knowledge lack of qualified personnel, lack of 0.137 0.34
information on markets, lack of information
on technology and markets, zero otherwise
Others market dominated by established businesses, 0.173 0.37
uncertain demand for innovative goods or
services, zero otherwise
Ownership Status Company Binary variable = 1 if firm’s legal status is limited liability company, 0 otherwise 0.844  0.36
(BSD) Sole proprietor Binary variable = 1 if firm’s legal status is Sole-proprietor, 0 otherwise 0.041  0.20
Partnership Binary variable = 1 if firm’s legal status is partnership, 0 otherwise 0.099 0.29
Public corporation  Binary variable = 1 if firm’s legal status is Public corporation, 0 otherwise 0.001  0.03
Non-for-profit Binary variable = 1 if firm’s legal status is Non for profit, 0 otherwise 0.013 0.11
body
R&D intensity (BERD and UKIS) Internal Research and Development expenditure (£) to total sales (£) ratio 0.013 0.05
Foreign (BSD) Binary variable = 1 if a firm has a headquarter in a foreign country, zero otherwise 0.467  0.49
Scientist, % of FTE (UKIS/BERD) The proportion of employees that hold a degree or higher qualification in science and engineering at BA/BSc, MA/  7.673 17.52
PhD, PGCE levels
Exporter (UKIS) Binary variable = 1 if a firm sells its products in foreign markets, 0 otherwise 0.396 0.48
Part of a group (BSD) Binary variable = 1 if a firm is a part of an enterprise group, 0 otherwise 0.149 0.35
Age of firm (BSD) Age of a firm (years since the establishment) 17.40 9.82

Source ONS: BSD - Business Register (2002-2014); UKIS - UK Innovation Survey (2002-2014); Number of observations 19,510 except of process innovation variables

which is 23,070 obs.

although there is a panel element across each of the six waves, several
firms only appear in one wave. The panel element in a sample, if any, is
treated using a multilevel estimation approach. This model specification
has its origin in Papke and Wooldridge (2008).

Second, while this is not a hierarchical model, it is often referred to as
a mixed-effect model, and the data structure in the population is viewed
as a multi-stage estimation (Goldstein, 2003). Consequently, firms are
nested in a three-level model that relates to the innovation output (Luke,
2004).

Third, the macro-level containing the six waves of the BSD-UKIS
dataset 128 borough locations were identified and used in the

estimation. Our dependent variable is innovation performance distrib-
uted between zero and 100 percent of innovation sales [0,100].

We estimate the following model (1) with the dependent variable y;;,
and the independent variable xjj such that:

g[E(yin)] = Bo + By Xije + By Tijk + Eije ¢9)

where i is the firm level-1, j is the region level-2 and k serves to index the
wave survey level-3. y;, relates to innovation output and x;j relates to
the vector of knowledge collaboration, our independent variables. Our
control variables 1y, related to innovation output and driven by the prior
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Table 2A
Sample split by industrial divisions (by SIC 2007).
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Description

Sample of the regressions (DV: Product innovation)

Population sample original: (DV: Product innovation)

2005 2007 2009 2011 2013 2015 Total 2005 2007 2009 2011 2013 2015 Total
1 - Mining & Quarrying 144 <10 11 <10 <10 <10 159 13 16 46 <10 <10
2 - Manufacturing basic 815 141 92 102 21 14 883 341 148 460 136 135
3 - High-tech manufacturing 2600 491 424 265 66 66 2803 1038 591 1235 397 363
4 - Electricity, gas and water supply 93 <10 16 26 <10 <10 107 46 26 112 22 18
5 - Construction 1617 91 74 124 <10 <10 1871 372 124 747 62 47
6 - Wholesale, retail trade 2417 138 130 279 39 58 2770 588 269 1507 205 408
7 - Transport, storage 918 36 31 53 <10 <10 1079 264 78 359 44 38
8 - Hotels & restaurants 794 29 46 120 17 <10 991 197 93 595 56 39
9-ICT 898 169 196 86 28 44 994 452 279 352 131 138
10 - Financial intermediation 578 39 49 28 <10 <10 673 176 74 190 33 44
11 - Real estate & business activities 1701 169 199 262 63 86 1916 600 307 1179 245 285
12 — Admin and support services, defence 1519 84 98 185 18 15 1737 459 168 779 80 81
13 - Education 61 <10 11 <10 <10 <10 71 31 13 <10 <10 <10
16 - Other community, social activities 355 53 47 <10 <10 <10 389 118 65 <10 <10 <10
Total 19,510 33,969
Note: The totals of rows, which could be used to calculate the number of enterprises in cells (<10) across sectors were suppressed for disclosure control.
Table 2B
Sample split by twelve UK regions.
Description Sample of the regressions (DV: Product innovation) Population sample original: (DV: Product innovation)
2005 2007 2009 2011 2013 2015 Total 2005 2007 2009 2011 2013 2015 Total
North East 830 93 85 61 <20 17 950 298 135 262 61 76
North West 1341 129 117 174 32 23 1498 380 198 767 139 130
Yorkshire and The Humber 1179 110 133 126 <20 17 1348 363 203 640 116 125
East Midlands 1178 145 121 121 <20 23 1329 397 189 570 112 128
West Midlands 1285 146 122 143 21 19 1456 409 207 650 114 138
Eastern 1252 143 128 159 25 34 1419 421 176 750 132 152
London 1401 104 111 170 36 32 1615 495 196 1006 205 183
South East 1543 162 157 203 48 45 1738 465 248 1084 228 226
South West 1196 127 141 128 27 18 1361 380 213 637 139 107
Wales 975 106 97 74 <20 19 1100 338 155 344 51 97
Scotland 1115 116 122 104 <20 38 1270 360 176 583 78 167
Northern Ireland 1215 84 90 73 <20 22 1359 389 155 268 40 75
Total 19,510 33,969
Table 2C
Sample split by firm size (Micro and Small, Medium and Large).
Description Sample of the regressions (DV: Product innovation) Population sample original: (DV: Product innovation)
2005 2007 2009 2011 2013 2015 Total 2005 2007 2009 2011 2013 2015 Total
Micro and Small 1-49 6380 513 558 912 184 178 6970 1934 838 2166 356 389
Medium 50-249 4098 362 389 404 61 105 4408 1034 579 1016 117 174
Large >249 4032 590 477 220 23 24 4324 1452 779 524 58 46
Total 19,510 27,164

innovation research are in Table 1 (Laursen and Salter, 2006; Santa-
maria et al., 2009; Van Beers and Zand, 2014). The error term is ;) and
is calculated as:

€ijk =; + M. + b + Vi 2

where v; is related to the omitted variables that vary across firms but not
over regions and waves, ;. relates to the omitted variables that vary
over regions but are constant across firms and time, ty. relates to the
omitted variables which vary across waves but not across firms and
regions, while finally vjy is the error term. Additionally, a multilevel
model enables us to control for the effect by which a region in each
survey wave shapes firm innovation performance. It also demonstrates
that firm performance is not independent from the influences of time
and regional characteristics.

Furthermore, when estimating equation (1), it was necessary to
control for a sample selection bias by carrying out a two-stage Heckman

approach. Stage one of the analysis, also known as selection equation
identified, using a probit regression, all observations for which the
innovation output was observed in the original sample, those that
implement intellectual property rights (IPR) protection measures
(Table 5). This bias originates due to the firm’s willingness to report a
share an information on collaboration with external partners in the
reduced UKIS sample. This response and collaboration per se may be
conditional on applying various IPR protection mechanisms while
knowledge transfer. Observations knowledge collaboration can be
affected for those observations that adopt the IPR protection measures.

Selection

. . 3
step: Pr(D=1]z%) =@ (o' z )
where D indicates that the firm adopts IPR protection measures (D = 1 if
Pijk > 0 and D = 0 otherwise), where py; is a dependent variable mea-
sures the degree of IPR protection, « is a vector of unknown parameters,
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Table 3
Correlation matrix.
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Variables ...
1 Product 1
innovation

2 UK Regional 0.14* 1

3 UK National 0.22% 0.39* 1

4 European 0.21* 0.34* 0.57* 1

Countries

5 Other Countries 0.20* 0.26* 0.43* 0.58* 1

6 New product 0.24* 0.15* 0.24* 0.18* 0.16* 1

7 New market 0.05* 0.10* 0.11* 0.08* 0.06* 0.20% 1

8 Cost 0.13* 0.14* 0.17* 0.12* 0.11* 0.22% 0.12% 1

9 Knowledge 0.09* 0.09* 0.11* 0.06* 0.06* 0.15% 0.07* 0.32% 1

10 Others 0.07* 0.09* 0.10* 0.07* 0.06* 0.14* 0.07* 0.36* 0.36* 1

11 R&D intensity 0.36* 0.10% 0.21* 0.22* 0.26* 0.16* —0.01* 0.12% 0.08* 0.07* 1

12 Foreign 0.06* 0.09* 0.06* 0.09* 0.07* 0.01 0.01 —0.07* —0.08* —0.04* —0.03* 1

13 Scientist 0.28* 0.09* 0.22* 0.23* 0.26* 0.15* 0.00 0.12% 0.08* 0.08* 0.42* 0.02* 1

14 Exporter 0.17* 0.06* 0.21* 0.28* 0.25* 0.23* 0.03* 0.10% 0.04* 0.08* 0.18* 0.18* 0.25* 1

15 Part of a group 0.19* 0.50* 0.63* 0.47* 0.45* 0.20% 0.10* 0.14* 0.09* 0.08* 0.14* 0.07* 0.16* 0.16* 1

16 Age —0.11* 0.03* 0.01* 0.03* 0.00 0.05* 0.03* —0.03* 0.04* —0.01* —0.11* 0.23* —0.10* 0.09* 0.01*
Note: * significant at 5% significance level. Source ONS: matched Business Register (2002-2014) and UK Innovation Survey (2002-2014). Number of observations
19,510.
Table 4

Knowledge collaboration across four geographical dimensions across four major UK sectors (N = 19,510).

Number of firm in the sample

Regional
High Tech Collaboration Total ICT Collaboration Total KIBS Collaboration Creative Collaboration
No Yes No Yes No Yes No Yes
No 83.6% 16.4% 17305 No 83.5% 16.5% 18089 No 83.3% 16.7% 17463 No 83.7% 16.3% 18654
Yes 80.3% 19.7% 2205 Yes 80.5% 19.5% 1421 Yes 83.1% 16.9% 2047 Yes 72.7% 27.3% 856
Total 17422 2088 19510 Total 17422 2088 19510 Total 17422 2088 19510 Total 17422 2088 19510
Nation
High Tech Collaboration Total ICT Collaboration Total KIBS Collaboration Creative Collaboration
No Yes No Yes No Yes No Yes
No 79.2% 20.8% 17305 No 79.2% 20.8% 18089 No 78.4% 21.6% 17463 No 79.1% 20.9% 18654
Yes 70.7% 29.3% 2205 Yes 66.5% 33.5% 1421 Yes 76.6% 23.4% 2047 Yes 59.3% 40.7% 856
Total 17422 2088 19510 Total 17422 2088 19510 Total 17422 2088 19510 Total 17422 2088 19510
Europe
High Tech Collaboration Total ICT Collaboration Total KIBS Collaboration Creative Collaboration
No Yes No Yes No Yes No Yes
No 90.3% 9.7% 17305 No 89.7% 10.3% 18089 No 89.0% 11.0% 17463 No 90.0% 10.0% 18654
Yes 81.1% 18.9% 2205 Yes 84.8% 15.2% 1421 Yes 92.0% 8.0% 2047 Yes 73.9% 26.1% 856
Total 17422 2088 19510 Total 17422 2088 19510 Total 17422 2088 19510 Total 17422 2088 19510
Europe
High Tech Collaboration Total ICT Collaboration Total KIBS Collaboration Creative Collaboration
No Yes No Yes No Yes No Yes
No 91.9% 8.1% 17305 No 91.4% 8.6% 18089 No 90.7% 9.3% 17463 No 91.4% 8.6% 18654
Yes 82.1% 17.9% 2205 Yes 82.4% 17.6% 1421 Yes 91.8% 8.2% 2047 Yes 76.7% 23.3% 856
Total 17711 1799 19510 Total 17711 1799 19510 Total 17711 1799 19510 Total 17711 1799 19510

and @ is the cumulative distribution function. A vector containing the
independent and control variables is z.

The first stage follows the generalized Heckman approach as devel-
oped by Greene (2003), and we compute the inverse Mills ratio (A;) by
predicting the likelihood of innovation to appear in both the reduced
and the original samples. The selection bias was corrected by including
Mills ratio in the final equation (4). We can now re-write equation (1) as
follows:

g[E(yijk) |Xijk7 D= 1} = By + B Xijx + By Tijk + POeAik
+ (Yl + K. + te + Vijk) (©)]

where p is the correlation between unobserved determinants of pro-
pensity to apply Mills ratio and the observed error term g, and o, is the
standard deviation of ;5. The presence of a selection bias was observed
if the Mills ratio coefficient in equation (4) was significant.

4. Results and discussion
4.1. Sector, collaboration and innovation performance

We used a generalized linear mixed model to test our hypotheses,
with the major results presented in Table 6. It is important to mention
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Table 5
Random-effects probit estimates (N = 67, 162 obs) (First stage).

Two-step Heckman approach — stage 1 Protection (D = 1)

Coef. SE
Age of firm Age, log —0.005 0.001
Employment, in logs Employment, log ~ 0.238 0.011
Scientist, % of employments Scientist 0.016 0.001 bl
R&D intensity to sales RD internal 4.439 0.300  ***
Context for Innovation
Increasing range of goods or services . New product 0.331 0.016  ***
Increasing market share New market 0.241 0.016  ***
Constant —2.968 0.196 e
sigma u 1.024 0.050
rho 0.512 0.024
Sectoral dummies Yes
Regional dummies Yes
Likelihood ratio test Wald chi2 1353.85

Note: *** ** and * Significance at the 1%, 5% and 10% levels, respectively.

that the method used and logistic transformation of our dependent
variable in Table 6 means that the product innovation variable was
rescaled between zero and one.

The results are reported in Table 6 and illustrate the direct effect of
knowledge collaboration regionally (Model 1), nationally (Model 2),
Europe (Model 3) and in other countries internationally (Model 4) on
firm’s innovation sales across four knowledge intensive industries (with
other sectors as a reference category). We interpret our hypotheses
based on the sign and significance of the interaction coefficient for each
sector and knowledge collaboration across four geographical di-
mensions. Although the benefits from external knowledge collaboration
are different across four sectors, the direct effect of regional, national
and European and international knowledge collaboration on innovation
is consistently positive and significant. The size of the UK national
collaboration coefficients is greater than for regional and international
collaboration and varies between 0.14 and 0.16 ( = 0.144-0.159, p <
0.05) (Models 1-4, Table 6), which means that firms that collaborate on
innovation with national partners have on average a 14.4-15.9% higher
share of products that are new to the market in sales.

This finding provides further support to Boschma and Frenken
(2010) on the role of optimal proximities of knowledge collaboration.
This becomes important when there is a variety of knowledge outside
the region, but national cultural distance enables collaborators to avoid
institutional and cognitive barriers associated with international
collaboration, expanding the argument of international knowledge
transfer caveats (Cui et al., 2006). This finding is intriguing, as it dem-
onstrates that sourcing knowledge from within national boundaries is
optimal for firms in knowledge-intensive sectors. These findings also
contrast with earlier studies which found that knowledge collaboration
and transfer is most efficient in the immediate proximity of collaborators
(Saxenian, 1994; Audretsch and Feldman, 1996).

There are no additional benefits or costs for firms in high-tech
manufacturing, ICT and KIBS from external knowledge collaboration
regionally (Model 1) nationally (Model 2) and internationally (Models
3-4, Table 6) compared to firms in olow-intensity sectors. . Our H1
which states that firms in the knowledge-intensive sectors will have
larger limits to open innovation than firms in other sectors is not sup-
ported. If H1 is true, then one would expect negative values of the
interaction coefficients for high-tech manufacturing, creative, ICT and
KIBS sectors. This finding contrasts with the widespread assumption that
collaboration is a superior way to pursue strategic objectives (such as
innovation) and that knowledge-intense firms achieve greater benefits
from knowledge collaboration than firms with low capabilities and
absorptive capacity (Nooteboom et al., 2007). In fact, we found that the
benefits of collaboration are likely to outweigh the costs (Tartari and
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Breschi, 2012), and that this holds true for knowledge collaborators
across all geographical proximities and for firms in KIBS, high-tech
manufacturing and ICT as well as other sectors (Edmondson, 2016).
Our results demonstrate that the benefits of open innovation may be
achieved across different sectors (Van Beers and Zand, 2014) and that
sectors with a paucity of knowledge also rely on knowledge collabora-
tion in creating their new products (Roper et al., 2017; Kobarg et al.,
2019). This finding also supports the argument that knowledge collab-
oration as a form of open innovation is not the set of complex processes
and challenges, supporting Mention (2011) and what was described in
Alassaf et al. (2020), Saura et al. (2022) as negative externalities of
collaboration. Our findings also extend the work of Fischer et al. (2021)
who argued that networks can serve as a relevant source of knowledge
creation and we showed they are able to drive change in organizations
with different focuses on investment in knowledge. As Chesbrough and
Bogers (2014) argued, we find that knowledge collaboration is
becoming more and more accessible to all firms, and this is how these
firms may rip the benefits of open innovation along with other more
specialised or knowledge-intensive firms.

Interestingly, the findings in Table 6 (Models 2-4) support H1 for the
creative sector. The size of the interaction coefficient with a binary
variable of creative industry varies between the minimum for national
collaboration partners —0.13 (§ = —0.13, p < 0.05) (Model 2, Table 6) to
a maximum of —0.21 (§ = —0.21, p < 0.05) (Model 4, Table 6) for
collaboration with international partners. This result means that firms in
creative sectors who collaborate on knowledge with external partners
nationally and internationally have a 13-21 percent average lower share
of innovative products in sales compared to other industries. The results
demonstrate the challenges of appropriability of knowledge in the cre-
ative industries, extending the sectoral specificities of formal and
informal mechanisms of knowledge protection, and extend the earlier
works of Hall et al. (2014); Hall and Sena (2017) and Bogers et al. (2017,
2019). Creative industry firms are less able to retain intellectual prop-
erty rights on investment in knowledge than other sector firms, and thus
are less able to prevent knowledge outflows in other sectors (Cassiman
and Veugelers, 2002). Knowledge is harder to protect in the creative
industries (Shipilov et al., 2017).

4.2. Geography of collaboration

Our H2 states that the limits of open innovation are higher in in-
ternational markets, and is not supported for ICT, KIBS and high-tech
manufacturing. This because i) these sectors are not more or less
likely to achieve innovation output if they engage in open collaboration
compared to other sectors; and ii) the significance of the interaction
coefficients does not change across four geographical proximities. This
demonstrates that the ICT, KIBS and high-tech manufacturing sectors are
not more or less likely to experience limits to open innovation than any
other sectors. While the interaction coefficients of the creative industries
and knowledge collaboration across three geographical dimensions are
significant, the confidence intervals and standard errors overlap which
demonstrates that limits to open innovation are not higher in interna-
tional markets than nationally. Interestingly, in regional markets the
interaction coefficient is insignificant (Model 1, Table 6), while it is
negative for Models 1-3 (Table 6). This demonstrates that the limits to
open innovation for firms in the creative industries are higher outside of
a region where the firm is located and internationally. This is an unex-
pected finding which supports the knowledge spillovers literature that
advocates the importance of spatial proximity in tacit knowledge
diffusion (Audretsch and Feldman, 1996; Audretsch et al., 2015) and as
a way to benefit from localized externalities (Hervas-Oliver and
Albors-Garrigos, 2014; Hervas-Oliver et al., 2018). Limits to open
innovation are associated with two boundary conditions: the geography
of knowledge collaboration, and the industry. This finding extends prior
research on differences in returns to investment in R&D across industries
(Hall et al., 2013) and the role of intra- and inter-industry collaboration
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Table 6
Generalized linear mixed model: innovation performance and knowledge collaboration (second stage).

Model Model 2 Model 3 Model 4

1

Coef. SE p-value Coef. SE p-value Coef. SE p-value Coef. SE p-value
Sectors
High-tech manufacturing —0.112 0.067 * —-0.125 0.071 * —0.102 0.060 * —0.137 0.067 o
ICT 0.298 0.083 e 0.306 0.087 ek 0.320 0.081 s 0.331 0.081 i
KIBS —0.203 0.080 i —0.142 0.083 * —0.160 0.077 i —0.194 0.077 o
Creative —0.259 0.148 —0.057 0.124 —0.153 0.114 —0.130 0.112
Other reference reference reference reference
Collaboration
UK Regional 0.052 0.023 i 0.065 0.020 Hk 0.065 0.020 i 0.063 0.020 el
x High-tech 0.004 0.059
x ICT 0.075 0.077
x KIBS 0.044 0.054
x Creative 0.025 0.068
x Other reference
UK National 0.144 0.019 il 0.159 0.022 e 0.145 0.019 i 0.144 0.019 il
x High-tech 0.019 0.042
x ICT 0.018 0.055
x KIBS —0.046 0.047
x Creative —0.137 0.049 ik
x Other reference
European Countries 0.019 0.033 0.025 0.033 0.055 0.041 0.028 0.033
x High-tech —0.033 0.069
x ICT 0.010 0.098
x KIBS —0.080 0.087
x Creative —0.163 0.076 i
x Other reference
Other Countries 0.016 0.004 * 0.019 0.000 b 0.026 0.004 ol 0.032 0.007 *k
x High-tech 0.075 0.075
x ICT —0.040 0.086
x KIBS 0.053 0.089
x Creative —-0.211 0.081 el
x Other reference
Firm size
Small reference reference reference reference
Medium —0.375 0.055 —0.374 0.055 —0.372 0.055 e —0.371 0.055
Large —0.704 0.066 —0.706 0.066 —0.704 0.066 wk —0.707 0.066
Exploration
New products 0.596 0.046 bl 0.594 0.046 il 0.595 0.046 i 0.597 0.046 i
New markets —0.098 0.053 —0.096 0.053 —0.097 0.053 —0.097 0.053
Hampering factor
Cost 0.220 0.046 ek 0.220 0.046 0.220 0.046 e 0.220 0.046 i
Knowledge 0.134 0.061 i 0.129 0.061 0.132 0.061 0.133 0.061 o
Others 0.033 0.056 0.034 0.056 0.033 0.056 0.032 0.056
Legal Status
Company reference reference reference reference
Sole proprietor —0.165 0.131 —-0.162 0.131 —0.162 0.131 —0.163 0.131
Partnership -0.133 0.086 —0.131 0.086 —-0.132 0.086 -0.130 0.086
Public corporation 0.356 0.651 0.335 0.652 0.350 0.651 0.341 0.650
Non-profit making body —0.421 0.210 i —0.378 0.207 * -0.377 0.208 —0.384 0.208 *
R&D intensity to sales 0.832 0.488 0.995 0.488 i 0.951 0.490 1.004 0.489 i
Foreign firm -0.211 0.051 —0.208 0.051 —0.208 0.051 -0.210 0.051
Scientist, % of employments —0.004 0.001 —0.004 0.001 —0.004 0.001 —0.004 0.001
Exporter firm 0.600 0.046 bl 0.597 0.046 e 0.596 0.046 wEH 0.597 0.046 el
Part of a group 0.434 0.072 ek 0.413 0.072 g 0.409 0.072 * 0.411 0.072 sk
Age of firm 0.004 0.002 * 0.004 0.002 0.004 0.002 0.004 0.002 *
Mill’s ratio —1.410 0.052 —1.408 0.052 —1.407 0.052 —1.406 0.052
Constant —0.203 0.101 i -0.219 0.102 wx —0.219 0.102 —0.212 0.101 o
Number of obs. 19510 19510 19510 19510
Log likelihood —7641 —7637 —7639 —7636
Chi2 3000.0 3002.6 3001.3 3003.3
LR Vs Log Chi2 1527.8 1518.6 1522.0 1525.4

Note: reference category for legal status = Company (limited liability company); for firm size = small firms <49 FTEs); for industries = Other industries. Robust
standard errors are in parenthesis. Significance level: *p < 0.10; **p < 0.05, ***p < 0.01.

Source: UKIS- UK Innovation survey; BSD- Business Structure Database.

for innovation (Griliches, 1992). Our findings demonstrate that firms in
creative industries are more successful in appropriating their innovation
in collaboration with regional partners and are at a higher risk of limits
to open innovation in the form of collaboration nationally and
internationally.

We argue that the unique characteristics of the creative industries
make them better able to govern knowledge collaborations with sup-
pliers, customers, universities and government and others in close
regional proximity than those outside their familiar environment-na-
tionally and internationally. They are able to develop the same ability to
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collaborate as other sectors without experiencing limits to open inno-
vation. These unique characteristics that enable levelling up innovation
in creative industries compared to other industries originate in open
innovation strategies in localization economies, extending the findings
of Hervas-Oliver et al. (2018). The higher trustworthiness and the
associated knowledge advantage of creative industry firms are primarily
based on their stronger connections to local customers, communities and
development localized networks, supported by the community
embeddedness of creative artists (Belitski and Herzig, 2018). Frequent
interactions, gaining firsthand experience “on the floor”, as well as
personal and informal relationships (Miller et al., 2011), are the key
ingredients to increasing returns to open innovation in a region. How-
ever, the levelling up effect of the creative industries in knowledge
collaboration in a region is bound for two main reasons.

First, the spatial proximity of collaboration partners is a prerequisite
for regular face-to-face interactions, in particular with people in creative
professions and in the context of the severe resource constraints often
experienced by creative-sector firms (Khlystova et al., 2021). Mutual
trust relationships, intense knowledge exchanges and spillover effects
between the collaboration partners are stronger in creative sector firms
and in spatial proximity (Boschma and Frenken, 2010). Secondly, firms
in the creative industries are more likely to invest their resources in open
partnerships if the goal of the partnership is both economic and
noneconomic (Chapain and Comunian, 2010). This situation is more
likely to occur in partnerships with stakeholders within the close local
communities, so they can also easily observe their partners with little or
no cost. These two factors enable the creative industries to level up their
limits to collaboration in a region compared to creative industry firms
who are more likely to experience limits to open innovation outside their
local communities.

4.3. Differences in knowledge collaboration between sectors

While we hypothesized that limits to open innovation will be higher
in international markets, we do not find support for this hypothesis for
knowledge-intensive and other sectors. One reason for this could be the
ever-growing ability of firms across different industries to protect
knowledge outcomes within and beyond national boundaries (Hall et al.,
2014). Our study adds to the discussion of Cassiman and Veugelers
(2002) and Hall and Sena (2017) on differences in appropriability
conditions across sectors. As we do not find differences in limits to open
innovation across industries and geographical dimensions, this could
mean that appropriability conditions could be enforced efficiently
within national and international knowledge collaborations. It could
also indicate that informal knowledge protection may be as efficient for
knowledge-intensive sectors as for other sectors across all geographical
dimensions, expanding the forms of knowledge protection discussion of
Hall and Sena (2017). We also argued that transaction cost theory will
incur higher coordination costs to monitor, control and manage
knowledge transfers (Camacho, 1991), with the effect being stronger for
knowledge-intensive sectors which is not the case. This means that
knowledge-intensive sectors may have automated their monitoring and
knowledge management process (Li et al., 2016) and will seek to opti-
mize collaboration governance and reduce coordination costs adding to
what we know from Williamson (1981) for the use of digital technolo-
gies in modern industry (Belitski et al., 2021). At the same time differ-
ences in the absorptive capacity across industries still remain an issue as
investment in capabilities is required (Nooteboom et al., 2007) to access,
assimilate and integrate external knowledge efficiently (Vural et al.,
2013). Industries such as high-tech manufacturing, KIBS, ICT, and cre-
ative will still require higher investment in absorptive capacity, meaning
higher collaboration costs, while they also aim to enjoy the greater
benefits of knowledge collaboration (Denicolai et al., 2016; Kobarg
etal., 2019; Audretsch and Belitski, 2020). This means than even though
knowledge-intensive industries are characterised by relatively greater
investment in R&D and higher knowledge collaboration costs (Laursen
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and Salter, 2006; Keijl et al., 2016; Stadler et al., 2022), the amount and
quality of knowledge which is created, co-created and commercialized is
also higher compared to other sectors. This is why our H1 is not sup-
ported: because the profit margins between the costs and benefits of
open innovation as described by Tartari and Breschi (2012) and Simon
(1976) may not be statistically significant between knowledge-intensive
and other sectors. Other sector firms will have lower investment in R&D
and absorptive capacity, while the value of innovation output is also
lower. The result of the estimation is that the elasticities of an increased
investment in open innovation in knowledge-intensive sectors will not
be different from the elasticities of open innovation for other sectors.

4.4. Other factors for firm innovation

Firms in high-tech manufacturing have on average lower product
innovation across all models which tested the limits to open innovation
across four geographical regions (f = —0.10-0.13, p < 0.10); ICT firms
have on average higher product innovation (p = 0.29-0.33, p < 0.01);
KIBS firms have on average lower product innovation (f = —0.14-0.20,
p < 0.10); and creative industry firms have on average the same level of
product innovation as firms in the other sectors when controlling for
various firm, regional and time characteristics (p = 0.00-0.20, p > 0.10).
Firm size is important, with small and micro firms being more likely to
achieve higher product innovation than medium firms (p = -0.371 —
(—0.375), p < 0.01) and large firms (p = -0.704-(-0.707), p < 0.01) with
the results consistent across various geographical dimensions. The
exploration activity of firms is positively associated with innovation
performance with the results varying between f§ = 0.594 and § = 0.597
(p < 0.01). The coefficient of internal R&D intensity is positive and
significant (p = 0.832-1.004, p < 0.01) with a consistent effect across all
geographical dimensions. A firm’s internal R&D intensity and explora-
tion activities play an important role in increasing the likelihood of
innovation, the development of new product ranges and market entry.

Factors which impede innovation, such as high innovation costs and
lack of market knowledge have both positive and significant effects on
innovation performance. While this may sound counterintuitive, firms
which report major obstacles to innovation are those which introduce
new products. Firms which report that innovation activities are expen-
sive (B = 0.22, p < 0.01) or that they lack knowledge on markets (f =
0.13, p < 0.01) are likely to have higher product innovation.

Firms that are part of an enterprise group have higher levels of
innovation output (p = 0.409, p < 0.01) as well as firms that export to
Europe and internationally (p = 0.59-0.60, p < 0.01). Firm age has a
positive but weakly significant effect on product innovation (p = 0.004,
p < 0.10), suggesting that more mature firms have lower resource
constraints which may be used to develop and introduce new-to-market
products. Non-profit firms are likely to innovate less than companies.
The share of employees with a college degree or above in fact impedes
product innovation.

5. Conclusions
5.1. Main findings and contribution to theory

Drawing on the open innovation literature (Chesbrough, 2003;
Chesbrough et al., 2006; West et al., 2014a,b; Bogers et al., 2018), this
study used a generalized linear mixed model to examine the limits to
open collaboration for innovation with external partners located across
four geographical dimensions (regionally, nationally, Europe and world)
and across firms in the most innovative UK sectors (high-tech
manufacturing, ICT, KIBS, creative, and other). Based on the results of
our data analysis, we identified that the returns to open innovation in
the knowledge-intensive sectors and across all geographical proximities
are not statistically different from the returns to open innovation in
other sectors.

Our first research question was “what are the limits of open
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innovation for industries with a paucity of knowledge and for
knowledge-intensive industries?” We applied the foundations of trans-
action costs theory (Camacho, 1991; Williamson, 1981) and the
knowledge-based view of a firm (Grant, 1996; Barney, 1996) to the open
innovation literature in order to examine the mechanisms behind
knowledge collaboration, as well as the benefits and costs. We also
examine idiosyncrasies as they relate to industries, which may change
the limits to knowledge collaboration.

We theoretically debated and empirically demonstrated how the
costs of collaboration and value creation across industries differ,
cancelling out the effects of differences in limits to open innovation
between knowledge-intensive sectors and other sectors. We provided
evidence that the creative industries have limits to open innovation in all
regions, except in the regions where they are located. In addition, this
study further supports a number of previous studies on tacit knowledge
diffusion and the role of industrial clusters for innovation (Hervas-Oliver
and Albors-Garrigos, 2007, 2014; Hervas-Oliver et al., 2018).

Our second research question was “What is the role of geography in
limiting knowledge collaboration between innovators and external
partners locally, nationally and internationally?”” Our findings demon-
strated that limits to knowledge collaboration do not increase with the
geographical markets where this collaboration takes place. This is
because the development of digital technologies and the development of
various informal mechanisms of knowledge appropriation enables
enabled us to effectively apply the open innovation model (Bogers et al.,
2018) across different geographical proximities. Our findings demon-
strated that sectoral differences and geographical proximity are two
boundary conditions which leverage cognitive, technological and insti-
tutional proximities (Boschma, 2005; Nooteboom et al., 2007; Balland
et al., 2015) of knowledge collaboration regionally and internationally.
Based on the characteristics of each model applied in our analysis, we
extracted insights that can help to create new knowledge and reduce the
limits to open innovation (West and Bogers, 2014, 2017).

5.2. Theoretical implications

According to our results, the main limits of open innovation are
transaction costs, investment in knowledge internally and the ability to
appropriate knowledge outputs from open innovation. However, they
also offer further channels to manage knowledge collaboration. While
collaborative strategies between different sectors matter, this remained
beyond the focus of this study and may become a fruitful direction for
future research. The creation of collective knowledge should positively
contribute to innovation outcomes, and if transaction costs can be
balanced and automated, managerial decision-making and complexity
of dealing with external knowledge combinations and in-
terdependencies will be paid off by additional returns to innovation and
profits. Similarly, drawing on Saura et al. (2022) and with longitudinal
data over 2002-2014, this study expanded the method of studying
limitations to open innovation by applying a generalized linear mixed
model to quantify empirically the costs and benefits of the innovation
process across four knowledge-intensive sectors and other sectors.

Furthermore, our results also highlighted the influence of process
innovation, R&D investment, uncertainty, and financial support to
innovation as important firm-level characteristics for the development
of open innovation. Furthermore, as revealed by our results, community
support for ideas, trust and “on the floor” knowledge collaboration
strategy in regions could become an efficient mechanism for knowledge
collaboration and attracting funding, and activities to keep idea-
generating in place. Although the only positive effect was found for
creative sectors, identifying other fine-grained sectors which may also
rely on regional markets and communities in leveraging limits to inno-
vation could become an avenue for future research.

At the same time, our study also suggests that firms driving open
innovation must be guided by structure to reduce transaction costs. This
is particularly the case for knowledge-intensive sectors which may
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encourage further adoption of digital technologies to reduce collabora-
tion costs. Another important insight derived from our data analysis is
that creative ideas are less likely to be appropriated while they generate
knowledge outflows to other sectors. This may play a fundamental role
in open innovation in other sectors, which in most cases is the driving
force behind open innovation in regions. Finally, the success of open
innovation when developing and experimenting with new products is
the ability of knowledge redeployment and recombination within the
enterprise group (Stadler et al., 2022). This is to reduce rigidities and
transaction costs (Rawley, 2010).

5.3. Practical implications

The results of the present study are eminently practical. Accordingly,
managers of firms across all sectors and firms of different size can
meaningfully use our results as a guide for the elaboration of new
communication or organizational mechanisms of knowledge transfer
regionally, nationally and internationally. The findings demonstrate
that managers in knowledge-intensive sectors may not need to
consciously limit their external knowledge and technology search. This
is because the high-tech manufacturing, ICT and KIBS sectors are all
equally likely to be affected when performing knowledge sourcing
across i) different geographical dimensions or ii) different partner types
(Van Beers and Zand, 2014; Kobarg et al., 2019).

Furthermore, the different feelings identified in this research provide
a deeper understanding of employees who are on the ground and
engaging in open innovation with external partners such as suppliers
and universities. Our results also provide meaningful insights concern-
ing how firms across different sectors should organize or promote their
innovation ideas, and the potential challenges and risks they could
consider drawing on RBV and the transaction cost theory. Managers in
creative industries have to be open and to engage with local commu-
nities and do project management together with customers and other
partners within close proximity.

We demonstrated that open innovation within a region is positively
associated with innovation for creative industry firms, while limits to
such collaboration emerge when they collaborate nationally and inter-
nationally. Support programmes designed to bestow innovation activ-
ities via open innovation for creative industries locally may therefore
need to differentiate between support tools and networks for creative
firms and firms in other sectors, including other knowledge-intensive
sectors. While firm managers in the creative sectors may need assis-
tance in accessing the relevant networks and facilitating long-term
relationship management, they may also need support in overcoming
the perceived threats associated with such collaborations in national
markets. This suggestion can also be extended to other institutional
settings where the limits to open innovation for creative firms are
particularly strong (e.g. Europe and international markets).

5.4. Future research

We call for further research on knowledge sourcing and limits to
open innovation in KIBS, ICT and high-tech manufacturing, as well as
other sectors. This could involve adding the different boundary condi-
tions of such collaborations (e.g. process innovation, first mover
advantage, access to finance and intra-organizational knowledge rede-
ployment, skills and capabilities). Although the limits to open innova-
tion may not exist, they could be amplified or further reduced when
different innovation and collaboration strategies are applied and when
the depth of collaboration increases. This study focused only on the fact
and the breadth of collaboration (Kobarg et al., 2019), while future
research needs to measure the depth of collaboration across different
collaboration partners. It is possible that the data we used and sample
size were not enough to measure the evidence of the limits to open
innovation across all sectors. Limits to open innovation can also be
explained by collaboration intensity, type of collaboration partner,
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horizontal vs vertical collaboration strategies, and the economic phe-
nomenon of opportunity costs which are higher in industries rich in
knowledge. We encourage future research on all sectors and compara-
tive studies across country and micro level data.

Given that our main limitation was our inability to measure the
quality of knowledge collaborations, further research could focus on
understanding how various combinations of knowledge can generate
complementarities and substitute effects. This research could further
build on Bogers and West (2012) and Bogers et al. (2018)m who
emphasized that different ecosystem actors (universities, supplies, cus-
tomers) may have different effects on the exploration and exploitation
behaviour of firms.
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