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Harnessing Green Knowledge in Small and Medium Enterprises

Abstract
Green technologies play a crucial role in fostering regional comparative
advantages during the sustainability transition. Despite their importance, the
extent to which knowledge spillovers from these technologies impact a broad
spectrum of firms remains underexplored. This study provides pioneering evidence
on the independent and combined effects of green knowledge relatedness and green
knowledge complexity on SMEs’ firm-level productivity. Utilising data from Orbis
Intellectual Property and Orbis Balance Sheet, encompassing 17,736 UK
manufacturing firms from 2013 to 2020, we employ multilevel modeling
estimations. Finer-grain analyses are conducted by splitting the regions into
different groups, comparing the effects between regions with high and low levels
of green knowledge relatedness and complexity. Our findings underscore the
importance of both green knowledge relatedness and complexity, as well as their
interaction, in enhancing SMEs’ productivity. The paper concludes by providing a

practical framework for SMEs in the green transition for the UK.

Plain English Summary
This study estimates the independent and combined effects of green knowledge
relatedness and green knowledge complexity on firm-level productivity of small
and medium-sized enterprises (SMEs). Utilising data from Orbis Intellectual
Property and Orbis Balance Sheet, encompassing 17,736 UK manufacturing firms
from 2013 to 2020, we employ multilevel modeling estimations with regional
breakdowns. Both green knowledge relatedness and complexity, as well as their
Interaction, are significant in enhancing SMEs’ productivity. The paper provides a

practical framework for SMEs in the green transition for the UK.

Keywords: green knowledge spillovers; green knowledge relatedness; green

knowledge complexity; productivity; SMEs
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1. Introduction

Green innovation refers to the development of products, services, or processes
that minimize environmental harm, impact, and deterioration while optimising
resource use (Schiederig et al, 2012). Regional and national policies have
increasingly focused on supporting the creation and adoption of green technologies
to achieve sustainable growth. Existing literature predominantly focuses on green
innovation production (Becchetti et al, 2022), green entrepreneurship (Colombelli
and Quatraro, 2019; Corradini, 2019; DiVito and Ingen-Housz, 2021), the impacts
of green innovation on firms' economic performance (Colombelli et al., 2021), and
environmental performance (Costantini et al,, 2017; Cojoianu et al., 2024). Despite
investigations into green knowledge spillovers from regional green knowledge
investment and stock (Colombelli and Quatraro, 2019), it remains unclear how the
composition of regional green knowledge (e.g., similarities between green
technological domains; the difficulty of producing and transferring green
technologies across regions) influences the extent to which local firms benefit from
green knowledge spillovers.

This paper addresses this gap by investigating how green innovation can
generate knowledge spillovers that affect the economic performance of external
firms using SME firm-level evidence. We adopt the concepts of knowledge
relatedness and knowledge complexity from economic geography (Balland et al,
2019). Knowledge relatedness indicates regions’ technological capabilities and
learning processes that share roots in similar knowledge domains (Balland et al,
2022). Knowledge complexity represents regions’ technological capabilities to
produce non-ubiquitous knowledge, creating barriers to imitation for other regions
(Yayavaram and Chen, 2015). We apply these concepts to green technologies and
examine how SMEs can utilise green knowledge spillovers from regional green
related and complex knowledge to boost productivity. The importance of
addressing this question lies in evaluating the economic impacts of green
technologies on SMEs that may not directly engage in creating green technologies
in-house, but are exposed to knowledge spillovers from external green technologies.

Our empirical analysis is based on 17,736 UK manufacturing SMEs over the
period 2013-2020 using Orbis balance sheet and Orbis Intellectual Property data

from Bureau van Dijk. We hypothesise that regional related green knowledge can
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facilitate inter-firm learning by leveraging similar knowledge backgrounds,
including scientific backgrounds and analytical skills (Aarstad and Kvitastein,
2020). Complex green knowledge could provide local firms with rare bundles of
green knowledge elements, enabling them to extract economic benefits (Balland
and Rigby, 2017). SMEs in regions can also benefit from the combined effect from
related and complex green knowledge to enhance productivity.

This paper makes three contributions. First, our analysis provides a
comprehensive understanding of how SMEs can leverage green knowledge
spillovers from external related and complex green knowledge to autonomously
enhance economic performance. Existing studies have predominantly focused on
top-down and bottom-up approaches in promoting green technologies (Ball and
Kittler, 2019; Cecere et al, 2020; Colombelli et al, 2021). While emphasising the
significance of public funding and policies, key factors identified include firms’
accumulated technological capacity, the ability to conduct mergers and
acquisitions, build international connections, or establish overseas research
centres for technological advancement (Hansen and Hansen, 2020; Schéfer et al,
2024). However, these strategies are often challenging for SMEs to implement.
Despite the high novelty and broad applicability of green technologies across
various industries (Pearson and Foxon, 2012), its substantial potential to generate
knowledge spillovers that enhance productivity has been largely overlooked
(Dechezleprétre, et al, 2014). Our paper addresses this gap by highlighting the
necessity to complement existing research with an examination of how SMEs can
autonomously identify and utilise green knowledge spillovers to boost economic
performance in the green transition, supported by large-scale micro-level evidence.

Second, it offers a micro-level analytical framework and provides evidence of
how regional green knowledge relatedness, green knowledge complexity, as well
as their joint effect can shape local SMEs’ economic performance. Although prior
studies have typically examined these two dimensions separately (Davies and
Maré, 2021; Pintar and Scherngell, 2021; Moreno and Ocampo-Corrales 2022), we
still have limited understanding of how they come about when they are
strategically combined (Balland et al, 2019). The overarching reasoning for
combining them is that without green related knowledge, knowledge spillovers

may be difficult to realise because complex knowledge is more difficult to diffuse

3
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than simple knowledge (Balland and Rigby, 2017). On the other hand, despite the
presence of a related green knowledge in the region, it is unlikely to generate
economic benefits for local SMEs if the composition of knowledge is rather simple,
easy to move across space, and can be easily copied by firms in other regions
(Balland et al,, 2019).

Third, this paper contributes to the discussion about sub-national policies to
boost SMEs’ productivity. The existing literature predominantly explores how
regions develop new green technologies (Montresor and Quatraro, 2020; Perruchas
et al, 2020; Santoalha et al, 2021; Moreno and Ocampo-Corrales, 2022). It is
equally crucial to examine the economic benefits derived from the exploitation of
green technologies. There have been only a few attempts, not specially focusing on
green technologies, to discover how knowledge relatedness and complexity affect
regional economic performance (e.g., employment or GDP) in Europe (Antonelli et
al., 2020; Mewes and Broekel, 2020; Davies and Maré, 2021; Pintar and Scherngell,
2021) and in China (Chatzistamoulou et al, 2022). Addressing this gap at the firm
level i1s essential for identifying targets of place-based development policies that
support SMEs in the green transition. This paper also provides a practical
application of the framework in the UK at the NUTS-2 regional level, offering
valuable insights for sub-national policy-making.

2. Literature Review and Research Hypotheses
2.1 Knowledge relatedness and complexity

Regional knowledge relatedness and complexity are two building blocks of the
smart specialisation literature on regional economic development (Balland et aZ,
2019). A high degree of knowledge relatedness facilitates inter-firm learning
through interactions. Firms tend to search new knowledge around their core
knowledge domains. Inter-firm learning requires sharing and exchanging
knowledge that is similar, but not identical, to facilitate knowledge spillovers
without bringing in direct competition that can hinder mutual learning
opportunities (Nooteboom et al, 2007). A high degree of knowledge relatedness
indicates that businesses in a region have similar “combinations of inputs,
knowledge and routines” (Hidalgo, 2021), and this in turn allows knowledge
spillovers between local firms to enhance productivity. Related knowledge shares

similar cognitive capabilities, physical factors, infrastructure, institutions and
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routines (Balland et al, 2019). Regional knowledge relatedness reflects the degree
of complementary set of knowledge, skills and technological classes at regional
level.

Complex knowledge is more difficult to generate, diffuse and imitate than
simple knowledge. Knowledge complexity captures whether the knowledge
produced in a region can be easily imitated by many other regions, and if the
knowledge is complex that only a few regions have the capabilities to produce it.
Not every region is capable of producing complex knowledge (Balland and Rigby,
2017). Regions that manage to develop complex knowledge create barriers for other
regions to compete, and can enjoy long-run economic benefits (Balland et a/, 2019).
As for empirical evidence, Mewes and Broekel (2020) and Pintar and Scherngell
(2021) found that knowledge complexity drove regional GDP growth in Europe.
However, Antonelli et al. (2020) suggested that knowledge complexity reduced
labour productivity because complex knowledge could be difficult to apply and
exploit benefits from.

Although knowledge relatedness and complexity are key drivers for regional
economic development, they are typically examined separately (Balland et al,
2022). A few exceptions include Balland et al (2019) who suggested that regions
could fix a growth path by developing more complex knowledge, and regions
needed to develop more complex knowledge in knowledge domains where they have
already developed related knowledge to minimise investment and risks. Pintar and
Scherngell (2021) found that both knowledge relatedness and complexity drove
regional economic growth in Europe. Even considering both knowledge relatedness
and complexity (Balland and Rigby, 2017; Balland et al, 2019; Rigby et al., 2019;
Perruchas et al, 2020; Davies and Maré, 2021; Hane-Weijman et al., 2022), little
has been done to appreciate their potential joint effect at the micro (z.e., firm) level.
2.2 Features of green technologies and their spillover potential
2.2.1 Cognitive and contextual specificity of green technologies

The development of green technologies typically involves integrating
knowledge from distant and heterogeneous domains—such as environmental
science, engineering, and public policy—which demands interdisciplinary
collaboration and increases the need for interdisciplinary collaboration (Barbieri

et al., 2020). This broad knowledge base makes green technologies more sensitive
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to local contexts, in contrast to the standardised and technically specialised nature
of non-green technologies (De Marchi, 2012).

In terms of transferability, green knowledge encompasses both codified
elements (e.g., patents, standards, manuals) and tacit components, including
experiential know-how and collaborative routines. The tacit dimension is
particularly significant, as green technologies often require adaptation to local
environmental conditions and integration into existing production systems.
Consequently, their diffusion relies more heavily on relational and experiential
mechanisms than on formal, codified channels.

These characteristics make green knowledge more prone to spillovers than
non-green knowledge. Its context-dependent and tacit nature means that effective
transfer often depends on proximity, trust, and interactive learning—such as
through partnerships and collaborative routines. This aligns with theories of
localised learning and innovation, which emphasise the importance of relational
networks in facilitating knowledge exchange.

2.2.2 Cross-sectoral applicability and structural diversity

Green technologies are characterised by broad applicability and cross-sectoral
relevance. They are more frequently cited and deployed across diverse
technological domains, reflecting their potential for recombination and diffusion
beyond their original context (Colombelli and Quatraro, 2019). This wide-ranging
relevance stems from their foundation in diverse knowledge bases, which span
multiple disciplines and industries.

These structural features make green knowledge more prone to spillovers
than non-green knowledge. The cross-sectoral nature of green technologies
facilitates knowledge transfer across industries, especially in regions with dense
innovation networks. Their diversified foundations increase the likelihood that
insights developed in one domain can be adapted and applied elsewhere,
enhancing inter-industry diffusion.

2.2.3 Institutional support and policy-driven diffusion

Third, green technologies are frequently embedded in policy and institutional
frameworks—including environmental regulations, subsidies, and mission-
oriented R&D programmes—that actively promote their production and adoption

(Porter and van der Linde, 1995). These institutional supports reduce barriers to
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knowledge access and amplify spillover effects, particularly for resource-
constrained firms.
2.3 Importance of green knowledge spillovers for SMFEs

The tacit dimension of green knowledge is particularly important for SMEs,
as successful adoption often requires hands-on learning, adaptation to local
conditions, and interaction with external partners. SMEs typically face financial
and human resource limitations that restrict their ability to develop green
technologies in-house. (Hervas-Oliver et al, 2020). External green knowledge can
create spillover effects, enabling SMEs to access and assimilate various subsets of
green knowledge. This process helps them overcome internal technological
limitations to enhance efficiency.

For SMEs with limited in-house managerial expertise, external green
technologies provide access to innovative ideas and green practices from other
firms and industries. They can benefit from collaborative routines, peer learning,
and informal exchanges with other firms and institutions. It can help them
integrate new knowledge into their operations, enabling them to internalise new
green technologies and boost efficiency (Cecere et al., 2020).

The cross-sectoral nature of green technologies means that spillovers are not
confined to specific industries. SMEs across various sectors can benefit from green
inovations developed in other industries, especially in regions with a rich and
diverse green technology bases (Colombelli and Quatraro, 2019).

Prior studies have highlighted that knowledge spillovers are mediated by
firm-level absorptive capacity — the ability to identify, assimilate, and apply
external knowledge (Cohen and Levinthal, 1990). This capacity is shaped by prior
knowledge, managerial experience, and organisational routines, which influence
how effectively firms can internalise externally sourced knowledge. This paper
proposes that even SMEs with limited internal capabilities can benefit from green
knowledge spillovers to improve performance, provided that such knowledge is
deeply embedded in local knowledge networks. The following sections outline the
channels through which green knowledge relatedness and green knowledge
complexity generate spillovers that enhance SMEs’ productivity.

2.4 The impact of green knowledge relatedness on SMFEs’ productivity
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There are at least three reasons to expect that firm productivity could be
determined by regional green knowledge relatedness. First, related green
knowledge facilitates inter-firm learning by reducing cognitive distance between
firms and external green knowledge sources (Hidalgo, 2021). SMEs, often lacking
internal capacity to adapt green technologies, benefit from proximity to green
knowledge producers—such as suppliers, customers, and business networks—
which enables the transfer of tacit knowledge and best practices. This could also
occur via buyer-supplier linkages where suitable knowledge producers allow
continuous interactions for SMEs to grasp new green knowledge and improve
productivity. Even when SMEs operate in cognitively distant technological
domains, exposure to related knowledge can help them adopt greener inputs,
production methods, and problem-solving approaches (Ghisetti et al, 2015).

Second, co-location with related green knowledge producers enhances SMEs’
access to specialised expertise, research infrastructure, and support services, and
helps them identify green technology opportunities and improve production
efficiency (Pintar and Scherngell, 2021). Co-location with green knowledge
producers increases SMEs’ likelihood to identify emerging green technologies and
market trends, such as new green raw materials, cleaner methods of production,
and technologies to re-use products at the end of product life-cycles. This enables
cost reductions and efficiency gains (Kveton et al, 2022).

Third, regions rich in related green knowledge offer access to human capital
with relevant green skills. These skills are particularly important for applying
green technologies, which often require higher analytical capabilities than
conventional ones (Horbach et al, 2013). Workers’ experience in related knowledge
fields could help SMEs better evaluate the feasibility and applicability of new
green technologies for cost saving and productivity improvements (Jara-Figueroa
et al, 2018). Labour mobility further facilitates the diffusion of tacit knowledge
and conforms green knowledge to different practices across industries (Ostbring et
al, 2018). We therefore propose:

Hypothesis 1° Green knowledge relatedness is positively associated with SMEs’
productivity.
2.6 The impact of green knowledge complexity on SMEs’ productivity
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Regional green knowledge complexity—defined by the sophistication and
rarity of technological capabilities—can significantly enhance SME productivity.
Such knowledge typically emerges in regions with dense networks of specialised
firms, skilled labour, and supportive institutions (Maskell and Malmberg, 1999).
These regions often possess robust interpersonal connections and well-established
local innovation networks (Antonelli et al, 2017). SMEs embedded in these
environments benefit from access to advanced green skills, including
understanding customer needs, adopting cleaner production approaches, and
developing sustainable supply chain strategies (Vona et al, 2015). Proximity to
complex knowledge enables learning through collaboration, labour mobility, and
informal spillovers.

Moreover, complex green technologies also offer higher economic returns and
stronger spillover potential due to their novelty and broad applicability (Ardito et
al, 2016). SMEs engaging with such technologies can improve productivity by
entering higher-value markets and leveraging strategic partnerships, imitation, or
reverse engineering (Roper et al, 2017).

Importantly, local access to complex knowledge reduces the need to source
expertise from distant regions, minimising knowledge transmission and
interpretation errors, and facilitating timely problem-solving (Tubiana et al, 2022).
Continuous interaction with local green knowledge producers supports the
effective adoption of green technologies, particularly in adapting raw materials,
production processes, product designs and technical integration with external
partners (De Marchi, 2012). Therefore, minimising communication errors with
local green knowledge providers can enable SMEs to effectively leverage complex
external green knowledge, thereby enhancing productivity. We therefore propose:
Hypothesis 2° Green knowledge complexity is positively associated with SMEs’
productivity.

While complex knowledge may pose internalisation challenges—such as
higher cognitive demands and integration costs (Antonelli et al, 2020)—SMEs in
regions with strong knowledge creation and diffusion networks are better
positioned to overcome these barriers. Mechanisms such as labour turnover and
peer learning help SMEs access and absorb complex green knowledge (Aboelmaged

and Hashem, 2019). These channels reduce the costs and risks of adoption,
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enabling SMEs to benefit from complex green knowledge without needing to

develop them entirely in-house.

2.6Joint effect of green knowledge relatedness and complexity on SMEs’
productivity

The motivation to interact green knowledge relatedness and complexity is that
regions with high relatedness possess a coherent technological structure that
facilitates recombination for innovation, while regions with high complexity host
rare and diverse knowledge domains that offer substantial potential for innovation
and economic development. When these two dimensions co-exist, novel yet
cognitively proximate knowledge combinations are possible. Theoretical
perspectives from evolutionary economics and economic geography (e.g., Balland
et al, 2019) suggest that such environments foster innovation and economic
growth, making the joint presence of relatedness and complexity particularly
conducive to productivity gains.

There are at least two reasons to expect that knowledge relatedness and
complexity jointly contribute to SMEs’ productivity. First, relatedness indicates
the degree of connection between knowledge domains, enabling regions to build on
existing capabilities to develop new technologies (Balland et al., 2022). Knowledge
complexity captures the rarity and difficulty of replicating knowledge, offering
SMEs access to diverse non-ubiquitous knowledge that fuels productivity (Glaeser
et al., 1992). While expanding into related knowledge domains may risk a “lock-in”
effect, where regional capabilities do not extend to unfamiliar domains, knowledge
complexity broadens the scope for valuable technological advancements that drive
productivity gains (Balland et al., 2019).

Second, regions rich in both related and complex knowledge support more
efficient resource (re-)allocation and resilience to economic shocks. Jobs requiring
complex knowledge yield stronger growth multipliers (Hane-Weijman et al., 2022),
and shared competencies allow faster adaptation during downturns (Davies and
Maré, 2021).

Exposure to related green knowledge locally facilitates interactive learning
among firms, promoting green knowledge spillovers and enhancing SMEs’
productivity. Improving production efficiency often involves adopting cleaner

production technologies, supported by novel changes in industrial design and
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engineering mechanisms (Marzucchi and Montresor, 2017). The broad scope of
green knowledge suggests that it is challenging for SMEs to source such knowledge
from a single external provider (Ghisetti et al, 2015). The presence of multiple
green knowledge providers with related knowledge makes it easier for SMEs to
identify, acquire, and internalise external green knowledge to improve
productivity. SMEs can either jointly develop green knowledge with external
knowledge providers or learn to acquire green knowledge spillovers to reduce
production costs. Due to the complexity of knowledge, localised individuals,
networks and routines create barriers for firms in other regions to imitate.
Consequently, SMEs in regions with complex green knowledge can leverage access
to rare bundles of green knowledge to enhance efficiency.

In summary, related green knowledge facilitates green knowledge
dissemination and spillovers, while complex green knowledge offers significant
opportunities for economic benefits. Furthermore, more complex knowledge can be
challenging for firms to internalise, exploit, and benefit from spillovers to boost
productivity (Antonelli et al., 2020). These challenges can be mitigated by a robust
green knowledge base. The cognitive proximity between green knowledge domains
makes it easier for local SMEs to absorb even complex green knowledge compared
to more distant domains (Hidalgo, 2021). Therefore, green knowledge relatedness
and complexity are expected to jointly contribute to firm productivity. We therefore
propose:

Hypothesis 3° Green knowledge relatedness and complexity are jointly positively
associated with SMEs’ productivity.

3 Data and Model

3.1 Data

This paper follows the mainstream literature to measure green technologies
by patents that have their International Patent Classification (IPC) codes listed in
the World Intellectual Property Organisation (WIPO) IPC Green Inventory, or
their Cooperative Patent Classification (CPC) codes listed as “Greenly Sound
Technologies” (ENV-TECH) technology domains by the OECD (2016) (Perruchas
et al., 2020; Moreno and Ocampo-Corrales, 2022).

The data to construct the green knowledge relatedness and complexity

variables are obtained from the Orbis Intellectual Property database. The most
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relevant information to this study includes patent application date, International
Patent Classification (IPC) code and Cooperative Patent Classification (CPC) code
which show technological classes, and patent owners’ NUTS-2 location. The other
variables are based on balance sheet data from the Bureau van Dijk Orbis. A total
of 82,668 observations for 17,736 manufacturing firms in the UK during 2013-2020
were included in this analysis.
3.2 Key explanatory variables

The first key variable is green knowledge relatedness density, which proxies
the degree of proximity between a green technology and the green technological
portfolio of a region. This is generated by two steps. First, we calculate the degree
of relatedness between green technologies, following the knowledge space
framework applied by Boschma et al. (2015) and Balland and Boschma (2021). It
captures technology relatedness through the frequency of co-occurrence of two
technology classes in patents. The co-occurrences are normalised using the cosine
similarity index (Balland and Boschma, 2021). In this n x n network, each node a
(a =1, ..., n) represents a specific green technological class. There are 118 four-
digit green IPC classes present in 41 NUTS-2 regions in the UK. The relatedness
¢a.p: between each pair of technologies a and b is generated by taking the
minimum of the pair-wise conditional probabilities of regions patenting in the
technological class a given that they patent in the technological class 4 during the
same period:

bape = min{P(RTAx;|RTAxp,), P(RT Axp,|RTAx )}

where a region rhas a revealed technological advantage (RTA) in green technology
a in time ¢ if the share of this technology a in the region’s green technological
portfolio is higher than the share of this technology a in the entire green patent
portfolio in the UK. More specifically, if:

greenpatentst , />, green patentst,

Y. green patents} /Y. Y, green patentsf,

> 1,RTAL, = 1,and 0 otherwise

In the second step, the density of related green knowledge around a specific
green technology ain region rat time ¢is derived from the sum of relatedness ¢,p;
of the focal green technology a to all the other green technologies 4 in which the
region has an RTA, divided by the sum of relatedness of this green technology a to

all the other green technologies b in all the regions (i.e., UK as a whole) at time ¢

12
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Knowledge relatedness density has a minimum value of 0 when no other green
technologies are related to the focal green technology a present in region r at time
t, and it takes the maximum value of 100 when all the other green technologies

related to the green technology a are present in the region r at time &

Zber,bia ¢abt

Zbia ¢abt

Another key variable is green knowledge complexity index. Based on Hidalgo

Green knowledge relatedness density,; = * 100

and Hausmann (2009), a binary-valued network is constructed which links regions
to green patent IPC where they have an RTA. It is an n X k two-mode binary
matrix M,, which has dimension n = 41 NUTS-2 regions by z = 118 green
technological domains. Green knowledge complexity index is an iteration between
two variables: the diversity of region rand the ubiquity of green technology z The

degree of diversity of a region is given by the number of green technologies where

the region has RTA:
kr,o = Z Mr,z

The degree of ubiquity of a green technology is given by the number of regions

with an RTA in this green technology:

kz,o = Z Mr,z
r

Green knowledge complexity index (green KCI) is the iteration of diversity and

ubiquity, following Balland and Rigby (2017):

1
Green KCI,, = EZ My sk, n—1
7 z

B

Green KCI,,

=

2 Mrzky s
z,0 Z

For n=1, Green KCI,,; represents the average ubiquity of the green technologies
where region yhas RTA. For n= 2, Green KCI,., represents the average diversity
of regions that have green technologies similar to region r. The matrix M, , and
its transpose (M[,) are row standardised. The product matrix (B = M, , x M) is
a square matrix with dimensions equal to the number of NUTS-2 regions. The
green knowledge complexity index for each region r is provided by the second

highest eigenvalue of the projected region-region matrix B:
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K- average(]?)
stdev(l_f )

Green KCI, =

3.3 Control variables
Firm-level controls include the share of green patent stock in total patent stock,

capturing firms’ accumulated green technological capabilities that can boost

productivity (Leoncini et al, 2019). Patent data from the Orbis Intellectual

Property database are used to construct patent stock and total patent stock

following the perpetual inventory method (Guellec and Potterie, 2004). In addition,

intangible assets are included as a control variable to account for SMEs’ internal
knowledge and innovation capacity. According to Orbis, intangible assets
encompass research and development expenses, goodwill, and knowledge
development costs. These components reflect a firm's investment in non-physical
resources that contribute to innovation, learning, and competitive advantage,
which are found to be positively associated with firm-level productivity (Higon et
al, 2017). Firm size and age are measured by the number of employees and years
since establishment, respectively. As for the regional control, a regional
diversification index is included by counting the number of green technologies in

which a region has RTA based on the region-green technologies matrix M, ,

(Pintar and Scherngell, 2021). Industry-level controls include market

concentration (Herfindahl-Hirschman index), industry size (total number of

employees), and industry sales growth at the NACE2 level (Cainelli et al, 2019;

Howell, 2020). NACE2 industry dummies and year dummies are included to

control for the aggregate industry and year-specific fixed effects, respectively.

Table 1 presents the summary statistics. Figure 1a and Figure 1b demonstrate the

regional heterogenous distribution of green knowledge relatedness and green KCI.

3.4 Model
The model for the empirical estimations can be expressed as:

Productivity;ss = Bo + f1Green knowledge relatedness,;_, + [,Green KCl.._; +
BsGreen knowledge relatedness,;_, X Green KCl,._1 + Firm controls;_, +
Regional control,,_, + Industry controlsg,_, + Industry dummies, +
Year dummies, + c¢; + u;; Eq. (1)

where Productivity;s; is the productivity of a manufacturing SME 7 in NACE2

industry sin region rin year ¢. ¢; in the error term is the unobserved individual

14
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heterogeneity, and u;; is the idiosyncratic errors. Productivity is measured by
Total Factor Productivity (TFP) following Levinsohn and Petrin (2003). It
addresses simultaneity bias in production function estimation by using
intermediate inputs (e.g., materials) as proxies for unobserved productivity shocks.
This method assumes that firms choose input levels based on their productivity,
and that intermediate inputs respond more flexibly to productivity than capital.
The estimation is performed using a semi-parametric procedure that recovers
productivity as the residual from a production function, controlling for input
choices (see Appendix A for more details). All the explanatory variables are lagged
one year to address the potential endogeneity concern (Moreno and Ocampo-
Corrales, 2022).

3.5 Estimation method

We use multilevel modelling as the key estimator to address the concern that
parameters vary at more than one level (Antonakis et al, 2021). More specifically,
the dependent variable is at the firm level nested in a higher level NUTS-2 region.
As for robustness checks, we used the linear panel fixed effects estimation because
the continuous nature of the dependent variable makes this estimator the most
appropriate. The approach also has the advantage of allowing for any correlations
between the explanatory variables and the individual unobserved heterogeneity
(c;) in the error term, thus controlling for bias due to unobserved heterogeneity and
omitted variables (Wooldridge, 2010). The explanatory variables are assumed to
be exogenous with respect to the idiosyncratic error terms (u;,).

Multilevel modeling is preferred because it explicitly accounts for the
hierarchical structure of SMEs nested within NUTS-2 regions. It allows the
inclusion of both firm-level and region-level predictors while modeling the
dependency among SMEs within the same region. Unlike fixed effects models,
which discard between-group variation and assume independence across units,
multilevel modeling provides a coherent framework that respects the nested data
structure and improves inference. Appendix B provides details comparing both
estimation methods.

To explore whether the relationship between the explanatory variables and
the outcome varies across different regional contexts, we split the sample based on

the median value of green knowledge relatedness and complexity. This helps

15



O Joy b wN

O OO OO U U U OO DD DSDDDDEDWWWWWWWWwwNhhNhdNNNdNDNDNdDNdNRERREPRRRRRRRE
GO WNEFEFOWOW-JTOHOULPd WNEFPFOWOWJIOHUDd WNREFPOWOJOUdWNEOWO-TITOHUDdWNE OWOOW-Jo U WNRE O

487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518

uncover whether the effect of key variables is stronger or weaker in different
regional environments. If results differ across subsamples, it suggests that the
effect of certain variables may be conditional on the regional context, which is
important for policy and theoretical implications.

4 Findings

4.1 Main results

Table 2 Column (1) shows suggestive evidence that green knowledge
relatedness is positively related to SMEs’ productivity (Breen knowledge relatedness =
0.004, p < 0.10). It provides tentative support for Hypothesis 1 at the 10% level.
This finding indicates that SMEs in regions that have more related green
technologies are more likely to capture new technological benefits to boost
productivity.

Moreover, column (1) also shows that regional green knowledge complexity is
significantly and positively related to SMEs’ productivity (Bcreen knowledge complexity =
0.039, p < 0.01), supporting Hypothesis 2.

Column (2) shows that the interaction term between green knowledge
relatedness and green knowledge complexity is significantly positive (Breen knowledge
relatedness * Green knowledge complexity = 0.004, p < 0.01). It indicates that SMEs in regions
with highly related green knowledge tend to enjoy extra benefits from complex
green knowledge to drive up productivity, supporting Hypothesis 3.

Figure 2 is marginal effects graph presents three lines representing the
predicted impact of green knowledge complexity on SMEs’ productivity at different
levels of green knowledge relatedness. These levels are defined using the 25th,
50th (median), and 75th percentiles of the green knowledge relatedness variable
across UK regions. The orange dashed line corresponds to low relatedness (25th
percentile), the blue solid line represents medium relatedness (median), and the
green solid line reflects high relatedness (75th percentile). As complexity increases,
TFP rises across all levels of green knowledge relatedness. However, the slope of
the increase is steeper in regions with higher relatedness (Z.e., 75th percentile).
This indicates that the productivity-enhancing effect of green knowledge
complexity 1s stronger in regions where green technologies are more related,

reinforcing the idea that relatedness amplifies the benefits of complexity.
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As for other control variables, SMEs that have higher share of green patent
stock and those with more intangible assets have higher productivity. Larger and
older SMEs have higher productivity. SMEs in larger-sized industries and
industries that experienced higher growth rate tend to have higher productivity.
However, regions with more diversified technological domains are negatively
associated with SMEs’ productivity.

4.2 A fine-grained analysis

Next, a fine-grained analysis is conducted by splitting the regions into high
versus low relatedness by the median value of green knowledge relatedness
density across the UK, similar to Balland et al (2019). High green knowledge
relatedness regions are the NUTS-2 regions that have higher than the median
value of green knowledge relatedness across the NUTS-2 regions in the UK,
whereas low green knowledge relatedness regions have less than the median value
of green knowledge relatedness across the UK.

Column (3) includes only regions with high green knowledge relatedness as a
sub-sample for estimation. The interaction term stays significantly positive with a
larger magnitude (Bareen knowledge relatedness * Green knowledge complexity = 0.021, p < 0.01) than
that in column (2), suggesting that SMEs benefit more from complex green
knowledge in regions with highly related green knowledge. Green knowledge
complexity is still significantly positive (Bcreen knowledge complexity = 0.045, p < 0.10), but
only at 10% level. Also, green relatedness becomes insignificant in the sub-sample
of regions all of which have high green knowledge relatedness. In contrast, column
(4) includes only regions with low green knowledge relatedness as an estimation
sub-sample. Green knowledge complexity becomes significantly negative at 10%
level (BGreen knowledge complexity = ~0.044, p < 0.10) and also the interaction term becomes
negative at 10% level (BGreen knowledge relatedness * Green knowledge complexity = “0.007, p < 0.10).

Furthermore, regions are divided into high versus low green knowledge
complexity by the median value of green knowledge complexity across the UK.
High green knowledge complexity regions are the NUTS-2 regions that have
higher than the median value of green knowledge complexity across the NUTS-2
regions in the UK, whereas low green knowledge complexity regions have less than
the median value of green knowledge relatedness across the UK. Column (5) only

includes the regions with high green knowledge complexity. Notably, green
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knowledge relatedness (BGreen knowledge relatedness = 0.009, p < 0.05), green knowledge
complexity (Bareen knowledge complexity = 0.058, p < 0.05) and their interaction (Bgreen
knowledge relatedness * Green knowledge complexity = 0.009, p < 0.01) remain significantly positive,
and the magnitude of their marginal effects double compared with that in column
(2). By comparison, in column (6), green knowledge complexity (Bareen knowledge
complexity = “0.132, p < 0.10) is significantly negative at 10% level. Its interaction
with green knowledge relatedness (BGreen knowledge relatedness * Green knowledge complexity = -
0.011, p < 0.05) becomes significantly negative at 5% level.

4.3 Additional robustness checks!

First, we use linear fixed effects estimation in Table 3 columns (1) and (2),
with clustered standard errors by firms to allow account for firm-level clustering.
This estimation method does not explicitly consider that SMEs are nested within
a higher (ie., regional) level. As the multilevel modeling estimation already allows
for correlations between different levels, it is not surprising that the linear fixed
effects estimation reports consistent results, as it equivalently allows for any
correlations between the explanatory variables and the error term. The results for
green knowledge relatedness and complexity, as well as their interaction effects,
are consistent with those in Table 2.

Second, we adopt the Mundlak approach by adding level-1 and level-2 mean
values of all the explanatory variables, as shown in columns (3) and (4). These
additional mean values of explanatory variables are also known as contextual
effects in multilevel modeling. Consistent results are observed.

Third, we also add potential confounding factors at the regional level (e,
transport infrastructure length, and share of high-tech sector employment) to
account for broader structural factors that may influence SMEs’ productivity.
Appendix F show that they have expected signs but are insignificant. Results are
similar to that in Table 2.

Forth, to allow for heterogeneity in SMEs’ absorptive capacity and innovation
intensity, we add interaction terms between green knowledge variables and firm-

level indicators (Z.e., share of green patent stock and intangible assets) in Appendix

1 The results presented reflect statistical associations rather than causal effects. While the robustness checks
support the consistency of these relationships, further research is needed to establish causal mechanisms.
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G and Appendix H, respectively. These additional interaction terms are
imsignificant and the results are consistent with that in Table 2.

Fifth, rather than median splits, we conduct subsample analysis using top and
bottom 25th percentiles of green knowledge relatedness and complexity in
Appendix G and Appendix HZ. These more extreme values still show that more
related and complex green knowledge benefits SMEs’ productivity.

Sixth, we use labour productivity as an alternative dependent variable in
Appendix I and J. Results are weaker when splitting the sample using median
values. This 1s not unexpected and the difference likely reflects the conceptual
distinction between labour productivity and total factor productivity. Labour
productivity measures output per unit of labour input and captures only one
dimension of firm performance. In contrast, total factor productivity accounts for
the efficiency with which all inputs — including labour, capital, and intermediate
goods — are used in production. and suggests that the regional knowledge
environment influences firm performance through broader mechanisms than
labour efficiency alone.

5 Discussion
5.1 Research implications

Green knowledge meets the VRIO criteria—valuable, rare, inimitable, and
difficult to organise—making it a strategic resource for enhancing firm
productivity (Barney, 1991). From an open innovation perspective (Chesbrough,
2003), SMEs can leverage external networks to access and exploit regional green
knowledge spillovers. Regions with high levels of related or complex green
knowledge often host coherent technological structures that generate economies of
scope (Rocchetta et al, 2022). SMEs could maximise the learning outcome to boost
productivity as they learn and internalise externally-sourced green technologies to
boost efficiency. On the contrary, SMEs in regions with cognitively distant green
domains may struggle to absorb and benefit from such knowledge, as we find that
they do not appear to benefit from regional green knowledge to improve
productivity. Prior research highlights the role of knowledge relatedness in

regional technological diversification (Balland and Boschma, 2022), with growing

2 Interpretations are added in the Notes under Appendix H.
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attention to its importance in developing green specialisations (Montresor and
Quatraro, 2020; Perruchas et al, 2020; Santoalha et al, 2021). Some studies
focusing on the occupational relatedness find contradictory results (Davies and
Maré, 2021; Hane-Weijman et al, 2022) regarding whether such relatedness
supports regional economic growth. This study contributes to the literature by
providing the first evidence on how regional green knowledge relatedness can
shape SMEs’ firm-level economic performance.

Regarding the knowledge complexity theory, which was originally developed
to explain country-level economic performance (Hidalgo and Hausmann, 2009),
has recently been applied to regional and industry contexts with mixed findings
(Rigby et al, 2019; Mewes and Broekel, 2020; Chatzistamoulou et al,, 2022). Some
studies suggest that complexity may hinder productivity due to the difficulty of
applying diverse and specialised knowledge (Antonelli et al, 2020; Bucci et al,
2021). In contrast, our findings support the theory, showing that regional green
knowledge complexity enhances SME efficiency, probably via providing multi-
purpose technologies that enhance production efficiency and product quality while
meeting environmental standards (Barbieri et al, 2020). This paper contributes to
the literature by offering the first micro-level evidence that regional green
knowledge complexity positively influences SME productivity, possibly due to the
broad applicability of green technologies across industries (Colombelli and
Quatraro, 2019).

Moreover, the joint effects from knowledge relatedness and complexity is
rarely studied. One exception is Davies and Maré (2021) who observed positive
joint impact from occupational relatedness and complexity on employment growth
in a few large cities in New Zealand. In contrast, our findings reveal broader green
knowledge spillovers that enhance SME productivity. Locating in regions with
existing green related knowledge can help SMEs gain extra efficiency from
complex green knowledge. One possible reason is that green related knowledge can
enhance regional abilities to develop new green knowledge that can further
enhance productivity, meanwhile green complex knowledge has low
substitutability and can establish barriers for SMEs in other regions to imitate
and reduce competition. Despite the challenges to implement complex green

knowledge, having a robust green knowledge base makes firms more likely to
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absorb external green complex knowledge (Hidalgo, 2021). Conversely, the absence
of either dimension limits SMEs’ ability to benefit from green knowledge spillovers.
In short, green knowledge relatedness conditions the extent to which SMEs can
benefit from complex green knowledge.

Our findings on the joint effects of green knowledge relatedness and
complexity can also be interpreted through the lens of dynamic capabilities (Teece
et al, 1997) - a firm's ability to integrate, build, and reconfigure internal and
external competencies to address rapidly changing environments. The observed
threshold effects—where SMEs in regions with both high relatedness and high
complexity experience greater productivity gains—suggest that these firms may
be leveraging external green knowledge in combination with internal capabilities.
This interplay reflects dynamic capabilities, which enable firms to adapt, innovate,
and sustain competitive advantage in evolving technological landscapes. While we
do not directly measure dynamic capabilities, our results imply that such
capabilities may underpin SMEs’ ability to benefit from complex and related green
knowledge.

While prior green innovation studies have focused on the performance of green
technology producers (Leoncini et al, 2019), less attention has been paid to
productivity gains via green knowledge spillovers. Given the characteristics of
green technologies and the economic importance of SMEs in the UK, this paper
suggests that SMEs can benefit from locally embedded related and complex green
knowledge to enhance their productivity. This extends existing studies that either
emphasises top-down policy interventions (Ze., via public funding and policies) or
bottom-up approaches (i.e., significant investment in internal R&D efforts) to
develop and utilise green technologies (Ball and Kittler, 2019; Schifer et al., 2024).
By examining the composition of regional green knowledge—specifically its
relatedness and non-ubiquity—this study moves beyond the notion of green
knowledge stock to explore its spillover effects (Colombelli and Quatraro, 2019;
Corradini, 2019). The findings suggest that SMEs can enhance productivity by
autonomously accessing and exploiting local green knowledge.

5.2 Policy implications
This study contributes to the policy debate on regional attractiveness for green

investments. First, policymakers can use patent-based indicators of green
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knowledge relatedness and complexity to inform place-based strategies, such as
1identifying which green technological domains have developed revealed
technological advantage, which are related to a region’s existing green knowledge
base, and which are complex to yield economic benefits. Policymakers can
prioritise green technological domains that are both feasible and economically
promising. Complexity measures help highlight non-ubiquitous green technologies
that may yield higher returns but require targeted support. Effective policies
would entail the evaluation and identification of the strengths of existing green
technological capabilities, and investments in domains that can yield the highest
economic benefits. These indicators can be integrated into regional innovation
dashboards, making green knowledge spillovers both measurable and targetable.

Second, our categorisation of UK NUTS-2 regions provides a practical
framework for applying these insights. Some regions may maximise benefits by
expanding into related green technological domains to better extract economic
benefits from complex green knowledge. Conversely, other regions may benefit
more by deepening efforts in more complex strategic areas.

5.3 Managerial implications

To illustrate the practical relevance of green knowledge spillovers, consider
two UK regions. The Humber region leveraged its existing industrial base in
maritime engineering and logistics to diversify into offshore wind technologies,
with firms like Siemens Gamesa benefiting from local skills and supply chains.
This reflects how green knowledge relatedness can lower barriers to innovation
(HullCCNews, 2019). In addition, the Orkney Islands developed leadership in tidal
stream energy—a highly complex technology—by coordinating across diverse
domains such as marine engineering and environmental science (Anthony, 2017).
These cases demonstrate how regional capabilities can support firms in absorbing
and adapting complex green knowledge, highlighting the importance of dynamic
capabilities in translating spillovers into economic performance.

Based on these examples, SMEs’ managers should invest in business and
social networks, and collaborations with firms that produce green knowledge to
introduce new ideas for process innovation, product design, distribution channels
for green products, risk management associated with adopting green technologies

in production, and cost-savings to enhance production efficiency. Linking internal
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know-how with external, especially complex and hard-to-imitate, green knowledge
can enhance productivity. This requires strengthening absorptive capacity to
evaluate and assimilate external knowledge (Cohen and Levinthal, 1990), and
developing internal learning routines and cross-functional capabilities to adapt
and reconfigure resources—core elements of dynamic capabilities essential for
navigating evolving green innovation landscapes.

5.4 Limitations

First, the effect of green knowledge relatedness is only marginally significant
(10% level) across UK regions and should be tested in other contexts. Although we
lag independent variables by one year to reduce reverse causality, potential
endogeneity from omitted variables or simultaneity remains. Thus, findings should
be interpreted as correlational, not causal.

Second, while our robustness checks do not confirm a significant role for SMEs’
absorptive capacity (Cohen and Levinthal, 1990), this does not imply it is
unimportant. It may suggest that external green knowledge benefits a broad range
of SMEs, not only those with high absorptive capacity. Future research should
explore this with richer measures of firm-level heterogeneity.

Third, although dynamic capabilities are conceptually relevant, we do not
directly measure them. Future studies should develop empirical strategies to
capture firms’ ability to reconfigure internal and external knowledge, especially in
green innovation contexts.

Forth, the knowledge relatedness and complexity measures are based on RTA.
While other metrics exist, they rely on different foundations and are not directly
applicable within our framework. We acknowledge this as a limitation and suggest

future work could explore suitable alternatives.
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