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 2 

Abstract 3 

Green technologies play a crucial role in fostering regional comparative 4 

advantages during the sustainability transition. Despite their importance, the 5 

extent to which knowledge spillovers from these technologies impact a broad 6 

spectrum of firms remains underexplored. This study provides pioneering evidence 7 

on the independent and combined effects of green knowledge relatedness and green 8 

knowledge complexity on SMEs’ firm-level productivity. Utilising data from Orbis 9 

Intellectual Property and Orbis Balance Sheet, encompassing 17,736 UK 10 

manufacturing firms from 2013 to 2020, we employ multilevel modeling 11 

estimations. Finer-grain analyses are conducted by splitting the regions into 12 

different groups, comparing the effects between regions with high and low levels 13 

of green knowledge relatedness and complexity. Our findings underscore the 14 

importance of both green knowledge relatedness and complexity, as well as their 15 

interaction, in enhancing SMEs’ productivity. The paper concludes by providing a 16 

practical framework for SMEs in the green transition for the UK. 17 

 18 

Plain English Summary 19 

This study estimates the independent and combined effects of green knowledge 20 

relatedness and green knowledge complexity on firm-level productivity of small 21 

and medium-sized enterprises (SMEs). Utilising data from Orbis Intellectual 22 

Property and Orbis Balance Sheet, encompassing 17,736 UK manufacturing firms 23 

from 2013 to 2020, we employ multilevel modeling estimations with regional 24 

breakdowns. Both green knowledge relatedness and complexity, as well as their 25 

interaction, are significant in enhancing SMEs’ productivity. The paper provides a 26 

practical framework for SMEs in the green transition for the UK. 27 

 28 

Keywords: green knowledge spillovers; green knowledge relatedness; green 29 
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 2 

1. Introduction 34 

Green innovation refers to the development of products, services, or processes 35 

that minimize environmental harm, impact, and deterioration while optimising 36 

resource use (Schiederig et al., 2012). Regional and national policies have 37 

increasingly focused on supporting the creation and adoption of green technologies 38 

to achieve sustainable growth. Existing literature predominantly focuses on green 39 

innovation production (Becchetti et al., 2022), green entrepreneurship (Colombelli 40 

and Quatraro, 2019; Corradini, 2019; DiVito and Ingen-Housz, 2021), the impacts 41 

of green innovation on firms' economic performance (Colombelli et al., 2021), and 42 

environmental performance (Costantini et al., 2017; Cojoianu et al., 2024). Despite 43 

investigations into green knowledge spillovers from regional green knowledge 44 

investment and stock (Colombelli and Quatraro, 2019), it remains unclear how the 45 

composition of regional green knowledge (e.g., similarities between green 46 

technological domains; the difficulty of producing and transferring green 47 

technologies across regions) influences the extent to which local firms benefit from 48 

green knowledge spillovers. 49 

This paper addresses this gap by investigating how green innovation can 50 

generate knowledge spillovers that affect the economic performance of external 51 

firms using SME firm-level evidence. We adopt the concepts of knowledge 52 

relatedness and knowledge complexity from economic geography (Balland et al., 53 

2019). Knowledge relatedness indicates regions’ technological capabilities and 54 

learning processes that share roots in similar knowledge domains (Balland et al., 55 

2022). Knowledge complexity represents regions’ technological capabilities to 56 

produce non-ubiquitous knowledge, creating barriers to imitation for other regions 57 

(Yayavaram and Chen, 2015). We apply these concepts to green technologies and 58 

examine how SMEs can utilise green knowledge spillovers from regional green 59 

related and complex knowledge to boost productivity. The importance of 60 

addressing this question lies in evaluating the economic impacts of green 61 

technologies on SMEs that may not directly engage in creating green technologies 62 

in-house, but are exposed to knowledge spillovers from external green technologies. 63 

Our empirical analysis is based on 17,736 UK manufacturing SMEs over the 64 

period 2013-2020 using Orbis balance sheet and Orbis Intellectual Property data 65 

from Bureau van Dijk. We hypothesise that regional related green knowledge can 66 
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 3 

facilitate inter-firm learning by leveraging similar knowledge backgrounds, 67 

including scientific backgrounds and analytical skills (Aarstad and Kvitastein, 68 

2020). Complex green knowledge could provide local firms with rare bundles of 69 

green knowledge elements, enabling them to extract economic benefits (Balland 70 

and Rigby, 2017). SMEs in regions can also benefit from the combined effect from 71 

related and complex green knowledge to enhance productivity. 72 

This paper makes three contributions. First, our analysis provides a 73 

comprehensive understanding of how SMEs can leverage green knowledge 74 

spillovers from external related and complex green knowledge to autonomously 75 

enhance economic performance. Existing studies have predominantly focused on 76 

top-down and bottom-up approaches in promoting green technologies (Ball and 77 

Kittler, 2019; Cecere et al., 2020; Colombelli et al., 2021). While emphasising the 78 

significance of public funding and policies, key factors identified include firms’ 79 

accumulated technological capacity, the ability to conduct mergers and 80 

acquisitions, build international connections, or establish overseas research 81 

centres for technological advancement (Hansen and Hansen, 2020; Schäfer et al., 82 

2024). However, these strategies are often challenging for SMEs to implement. 83 

Despite the high novelty and broad applicability of green technologies across 84 

various industries (Pearson and Foxon, 2012), its substantial potential to generate 85 

knowledge spillovers that enhance productivity has been largely overlooked 86 

(Dechezleprêtre, et al., 2014). Our paper addresses this gap by highlighting the 87 

necessity to complement existing research with an examination of how SMEs can 88 

autonomously identify and utilise green knowledge spillovers to boost economic 89 

performance in the green transition, supported by large-scale micro-level evidence. 90 

Second, it offers a micro-level analytical framework and provides evidence of 91 

how regional green knowledge relatedness, green knowledge complexity, as well 92 

as their joint effect can shape local SMEs’ economic performance. Although prior 93 

studies have typically examined these two dimensions separately (Davies and 94 

Maré, 2021; Pintar and Scherngell, 2021; Moreno and Ocampo-Corrales 2022), we 95 

still have limited understanding of how they come about when they are 96 

strategically combined (Balland et al., 2019). The overarching reasoning for 97 

combining them is that without green related knowledge, knowledge spillovers 98 

may be difficult to realise because complex knowledge is more difficult to diffuse 99 
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 4 

than simple knowledge (Balland and Rigby, 2017). On the other hand, despite the 100 

presence of a related green knowledge in the region, it is unlikely to generate 101 

economic benefits for local SMEs if the composition of knowledge is rather simple, 102 

easy to move across space, and can be easily copied by firms in other regions 103 

(Balland et al., 2019). 104 

Third, this paper contributes to the discussion about sub-national policies to 105 

boost SMEs’ productivity. The existing literature predominantly explores how 106 

regions develop new green technologies (Montresor and Quatraro, 2020; Perruchas 107 

et al., 2020; Santoalha et al., 2021; Moreno and Ocampo-Corrales, 2022). It is 108 

equally crucial to examine the economic benefits derived from the exploitation of 109 

green technologies. There have been only a few attempts, not specially focusing on 110 

green technologies, to discover how knowledge relatedness and complexity affect 111 

regional economic performance (e.g., employment or GDP) in Europe (Antonelli et 112 

al., 2020; Mewes and Broekel, 2020; Davies and Maré, 2021; Pintar and Scherngell, 113 

2021) and in China (Chatzistamoulou et al., 2022). Addressing this gap at the firm 114 

level is essential for identifying targets of place-based development policies that 115 

support SMEs in the green transition. This paper also provides a practical 116 

application of the framework in the UK at the NUTS-2 regional level, offering 117 

valuable insights for sub-national policy-making. 118 

2. Literature Review and Research Hypotheses 119 

2.1  Knowledge relatedness and complexity 120 

Regional knowledge relatedness and complexity are two building blocks of the 121 

smart specialisation literature on regional economic development (Balland et al., 122 

2019). A high degree of knowledge relatedness facilitates inter-firm learning 123 

through interactions. Firms tend to search new knowledge around their core 124 

knowledge domains. Inter-firm learning requires sharing and exchanging 125 

knowledge that is similar, but not identical, to facilitate knowledge spillovers 126 

without bringing in direct competition that can hinder mutual learning 127 

opportunities (Nooteboom et al., 2007). A high degree of knowledge relatedness 128 

indicates that businesses in a region have similar “combinations of inputs, 129 

knowledge and routines” (Hidalgo, 2021), and this in turn allows knowledge 130 

spillovers between local firms to enhance productivity. Related knowledge shares 131 

similar cognitive capabilities, physical factors, infrastructure, institutions and 132 
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 5 

routines (Balland et al., 2019). Regional knowledge relatedness reflects the degree 133 

of complementary set of knowledge, skills and technological classes at regional 134 

level. 135 

Complex knowledge is more difficult to generate, diffuse and imitate than 136 

simple knowledge. Knowledge complexity captures whether the knowledge 137 

produced in a region can be easily imitated by many other regions, and if the 138 

knowledge is complex that only a few regions have the capabilities to produce it. 139 

Not every region is capable of producing complex knowledge (Balland and Rigby, 140 

2017). Regions that manage to develop complex knowledge create barriers for other 141 

regions to compete, and can enjoy long-run economic benefits (Balland et al., 2019). 142 

As for empirical evidence, Mewes and Broekel (2020) and Pintar and Scherngell 143 

(2021) found that knowledge complexity drove regional GDP growth in Europe. 144 

However, Antonelli et al. (2020) suggested that knowledge complexity reduced 145 

labour productivity because complex knowledge could be difficult to apply and 146 

exploit benefits from. 147 

Although knowledge relatedness and complexity are key drivers for regional 148 

economic development, they are typically examined separately (Balland et al., 149 

2022). A few exceptions include Balland et al. (2019) who suggested that regions 150 

could fix a growth path by developing more complex knowledge, and regions 151 

needed to develop more complex knowledge in knowledge domains where they have 152 

already developed related knowledge to minimise investment and risks. Pintar and 153 

Scherngell (2021) found that both knowledge relatedness and complexity drove 154 

regional economic growth in Europe. Even considering both knowledge relatedness 155 

and complexity (Balland and Rigby, 2017; Balland et al., 2019; Rigby et al., 2019; 156 

Perruchas et al., 2020; Davies and Maré, 2021; Hane-Weijman et al., 2022), little 157 

has been done to appreciate their potential joint effect at the micro (i.e., firm) level. 158 

2.2  Features of green technologies and their spillover potential 159 

2.2.1 Cognitive and contextual specificity of green technologies 160 

The development of green technologies typically involves integrating 161 

knowledge from distant and heterogeneous domains—such as environmental 162 

science, engineering, and public policy—which demands interdisciplinary 163 

collaboration and increases the need for interdisciplinary collaboration (Barbieri 164 

et al., 2020). This broad knowledge base makes green technologies more sensitive 165 
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 6 

to local contexts, in contrast to the standardised and technically specialised nature 166 

of non-green technologies (De Marchi, 2012). 167 

In terms of transferability, green knowledge encompasses both codified 168 

elements (e.g., patents, standards, manuals) and tacit components, including 169 

experiential know-how and collaborative routines. The tacit dimension is 170 

particularly significant, as green technologies often require adaptation to local 171 

environmental conditions and integration into existing production systems. 172 

Consequently, their diffusion relies more heavily on relational and experiential 173 

mechanisms than on formal, codified channels. 174 

These characteristics make green knowledge more prone to spillovers than 175 

non-green knowledge. Its context-dependent and tacit nature means that effective 176 

transfer often depends on proximity, trust, and interactive learning—such as 177 

through partnerships and collaborative routines. This aligns with theories of 178 

localised learning and innovation, which emphasise the importance of relational 179 

networks in facilitating knowledge exchange. 180 

2.2.2 Cross-sectoral applicability and structural diversity 181 

Green technologies are characterised by broad applicability and cross-sectoral 182 

relevance. They are more frequently cited and deployed across diverse 183 

technological domains, reflecting their potential for recombination and diffusion 184 

beyond their original context (Colombelli and Quatraro, 2019). This wide-ranging 185 

relevance stems from their foundation in diverse knowledge bases, which span 186 

multiple disciplines and industries. 187 

These structural features make green knowledge more prone to spillovers 188 

than non-green knowledge. The cross-sectoral nature of green technologies 189 

facilitates knowledge transfer across industries, especially in regions with dense 190 

innovation networks. Their diversified foundations increase the likelihood that 191 

insights developed in one domain can be adapted and applied elsewhere, 192 

enhancing inter-industry diffusion. 193 

2.2.3 Institutional support and policy-driven diffusion 194 

Third, green technologies are frequently embedded in policy and institutional 195 

frameworks—including environmental regulations, subsidies, and mission-196 

oriented R&D programmes—that actively promote their production and adoption 197 

(Porter and van der Linde, 1995). These institutional supports reduce barriers to 198 
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 7 

knowledge access and amplify spillover effects, particularly for resource-199 

constrained firms. 200 

2.3  Importance of green knowledge spillovers for SMEs 201 

The tacit dimension of green knowledge is particularly important for SMEs, 202 

as successful adoption often requires hands-on learning, adaptation to local 203 

conditions, and interaction with external partners. SMEs typically face financial 204 

and human resource limitations that restrict their ability to develop green 205 

technologies in-house. (Hervas-Oliver et al., 2020). External green knowledge can 206 

create spillover effects, enabling SMEs to access and assimilate various subsets of 207 

green knowledge. This process helps them overcome internal technological 208 

limitations to enhance efficiency. 209 

For SMEs with limited in-house managerial expertise, external green 210 

technologies provide access to innovative ideas and green practices from other 211 

firms and industries. They can benefit from collaborative routines, peer learning, 212 

and informal exchanges with other firms and institutions. It can help them 213 

integrate new knowledge into their operations, enabling them to internalise new 214 

green technologies and boost efficiency (Cecere et al., 2020). 215 

The cross-sectoral nature of green technologies means that spillovers are not 216 

confined to specific industries. SMEs across various sectors can benefit from green 217 

innovations developed in other industries, especially in regions with a rich and 218 

diverse green technology bases (Colombelli and Quatraro, 2019). 219 

Prior studies have highlighted that knowledge spillovers are mediated by 220 

firm-level absorptive capacity — the ability to identify, assimilate, and apply 221 

external knowledge (Cohen and Levinthal, 1990). This capacity is shaped by prior 222 

knowledge, managerial experience, and organisational routines, which influence 223 

how effectively firms can internalise externally sourced knowledge. This paper 224 

proposes that even SMEs with limited internal capabilities can benefit from green 225 

knowledge spillovers to improve performance, provided that such knowledge is 226 

deeply embedded in local knowledge networks. The following sections outline the 227 

channels through which green knowledge relatedness and green knowledge 228 

complexity generate spillovers that enhance SMEs’ productivity. 229 

2.4  The impact of green knowledge relatedness on SMEs’ productivity 230 
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 8 

There are at least three reasons to expect that firm productivity could be 231 

determined by regional green knowledge relatedness. First, related green 232 

knowledge facilitates inter-firm learning by reducing cognitive distance between 233 

firms and external green knowledge sources (Hidalgo, 2021). SMEs, often lacking 234 

internal capacity to adapt green technologies, benefit from proximity to green 235 

knowledge producers—such as suppliers, customers, and business networks—236 

which enables the transfer of tacit knowledge and best practices. This could also 237 

occur via buyer-supplier linkages where suitable knowledge producers allow 238 

continuous interactions for SMEs to grasp new green knowledge and improve 239 

productivity. Even when SMEs operate in cognitively distant technological 240 

domains, exposure to related knowledge can help them adopt greener inputs, 241 

production methods, and problem-solving approaches (Ghisetti et al., 2015). 242 

Second, co-location with related green knowledge producers enhances SMEs’ 243 

access to specialised expertise, research infrastructure, and support services, and 244 

helps them identify green technology opportunities and improve production 245 

efficiency (Pintar and Scherngell, 2021). Co-location with green knowledge 246 

producers increases SMEs’ likelihood to identify emerging green technologies and 247 

market trends, such as new green raw materials, cleaner methods of production, 248 

and technologies to re-use products at the end of product life-cycles. This enables 249 

cost reductions and efficiency gains (Kveton et al., 2022). 250 

Third, regions rich in related green knowledge offer access to human capital 251 

with relevant green skills. These skills are particularly important for applying 252 

green technologies, which often require higher analytical capabilities than 253 

conventional ones (Horbach et al., 2013). Workers’ experience in related knowledge 254 

fields could help SMEs better evaluate the feasibility and applicability of new 255 

green technologies for cost saving and productivity improvements (Jara-Figueroa 256 

et al., 2018). Labour mobility further facilitates the diffusion of tacit knowledge 257 

and conforms green knowledge to different practices across industries (Östbring et 258 

al., 2018). We therefore propose: 259 

Hypothesis 1: Green knowledge relatedness is positively associated with SMEs’ 260 

productivity. 261 

2.5  The impact of green knowledge complexity on SMEs’ productivity 262 
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 9 

Regional green knowledge complexity—defined by the sophistication and 263 

rarity of technological capabilities—can significantly enhance SME productivity. 264 

Such knowledge typically emerges in regions with dense networks of specialised 265 

firms, skilled labour, and supportive institutions (Maskell and Malmberg, 1999). 266 

These regions often possess robust interpersonal connections and well-established 267 

local innovation networks (Antonelli et al., 2017). SMEs embedded in these 268 

environments benefit from access to advanced green skills, including 269 

understanding customer needs, adopting cleaner production approaches, and 270 

developing sustainable supply chain strategies (Vona et al., 2015). Proximity to 271 

complex knowledge enables learning through collaboration, labour mobility, and 272 

informal spillovers. 273 

Moreover, complex green technologies also offer higher economic returns and 274 

stronger spillover potential due to their novelty and broad applicability (Ardito et 275 

al., 2016). SMEs engaging with such technologies can improve productivity by 276 

entering higher-value markets and leveraging strategic partnerships, imitation, or 277 

reverse engineering (Roper et al., 2017). 278 

Importantly, local access to complex knowledge reduces the need to source 279 

expertise from distant regions, minimising knowledge transmission and 280 

interpretation errors, and facilitating timely problem-solving (Tubiana et al., 2022). 281 

Continuous interaction with local green knowledge producers supports the 282 

effective adoption of green technologies, particularly in adapting raw materials, 283 

production processes, product designs and technical integration with external 284 

partners (De Marchi, 2012). Therefore, minimising communication errors with 285 

local green knowledge providers can enable SMEs to effectively leverage complex 286 

external green knowledge, thereby enhancing productivity. We therefore propose: 287 

Hypothesis 2: Green knowledge complexity is positively associated with SMEs’ 288 

productivity. 289 

While complex knowledge may pose internalisation challenges—such as 290 

higher cognitive demands and integration costs (Antonelli et al., 2020)—SMEs in 291 

regions with strong knowledge creation and diffusion networks are better 292 

positioned to overcome these barriers. Mechanisms such as labour turnover and 293 

peer learning help SMEs access and absorb complex green knowledge (Aboelmaged 294 

and Hashem, 2019). These channels reduce the costs and risks of adoption, 295 
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 10 

enabling SMEs to benefit from complex green knowledge without needing to 296 

develop them entirely in-house. 297 

2.6 Joint effect of green knowledge relatedness and complexity on SMEs’ 298 

productivity 299 

The motivation to interact green knowledge relatedness and complexity is that 300 

regions with high relatedness possess a coherent technological structure that 301 

facilitates recombination for innovation, while regions with high complexity host 302 

rare and diverse knowledge domains that offer substantial potential for innovation 303 

and economic development. When these two dimensions co-exist, novel yet 304 

cognitively proximate knowledge combinations are possible. Theoretical 305 

perspectives from evolutionary economics and economic geography (e.g., Balland 306 

et al., 2019) suggest that such environments foster innovation and economic 307 

growth, making the joint presence of relatedness and complexity particularly 308 

conducive to productivity gains. 309 

There are at least two reasons to expect that knowledge relatedness and 310 

complexity jointly contribute to SMEs’ productivity. First, relatedness indicates 311 

the degree of connection between knowledge domains, enabling regions to build on 312 

existing capabilities to develop new technologies (Balland et al., 2022). Knowledge 313 

complexity captures the rarity and difficulty of replicating knowledge, offering 314 

SMEs access to diverse non-ubiquitous knowledge that fuels productivity (Glaeser 315 

et al., 1992). While expanding into related knowledge domains may risk a “lock-in” 316 

effect, where regional capabilities do not extend to unfamiliar domains, knowledge 317 

complexity broadens the scope for valuable technological advancements that drive 318 

productivity gains (Balland et al., 2019). 319 

Second, regions rich in both related and complex knowledge support more 320 

efficient resource (re-)allocation and resilience to economic shocks. Jobs requiring 321 

complex knowledge yield stronger growth multipliers (Hane-Weijman et al., 2022), 322 

and shared competencies allow faster adaptation during downturns (Davies and 323 

Maré, 2021). 324 

Exposure to related green knowledge locally facilitates interactive learning 325 

among firms, promoting green knowledge spillovers and enhancing SMEs’ 326 

productivity. Improving production efficiency often involves adopting cleaner 327 

production technologies, supported by novel changes in industrial design and 328 
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engineering mechanisms (Marzucchi and Montresor, 2017). The broad scope of 329 

green knowledge suggests that it is challenging for SMEs to source such knowledge 330 

from a single external provider (Ghisetti et al., 2015). The presence of multiple 331 

green knowledge providers with related knowledge makes it easier for SMEs to 332 

identify, acquire, and internalise external green knowledge to improve 333 

productivity. SMEs can either jointly develop green knowledge with external 334 

knowledge providers or learn to acquire green knowledge spillovers to reduce 335 

production costs. Due to the complexity of knowledge, localised individuals, 336 

networks and routines create barriers for firms in other regions to imitate. 337 

Consequently, SMEs in regions with complex green knowledge can leverage access 338 

to rare bundles of green knowledge to enhance efficiency. 339 

In summary, related green knowledge facilitates green knowledge 340 

dissemination and spillovers, while complex green knowledge offers significant 341 

opportunities for economic benefits. Furthermore, more complex knowledge can be 342 

challenging for firms to internalise, exploit, and benefit from spillovers to boost 343 

productivity (Antonelli et al., 2020). These challenges can be mitigated by a robust 344 

green knowledge base. The cognitive proximity between green knowledge domains 345 

makes it easier for local SMEs to absorb even complex green knowledge compared 346 

to more distant domains (Hidalgo, 2021). Therefore, green knowledge relatedness 347 

and complexity are expected to jointly contribute to firm productivity. We therefore 348 

propose: 349 

Hypothesis 3: Green knowledge relatedness and complexity are jointly positively 350 

associated with SMEs’ productivity. 351 

3 Data and Model 352 

3.1 Data 353 

This paper follows the mainstream literature to measure green technologies 354 

by patents that have their International Patent Classification (IPC) codes listed in 355 

the World Intellectual Property Organisation (WIPO) IPC Green Inventory, or 356 

their Cooperative Patent Classification (CPC) codes listed as “Greenly Sound 357 

Technologies” (ENV-TECH) technology domains by the OECD (2016) (Perruchas 358 

et al., 2020; Moreno and Ocampo-Corrales, 2022). 359 

The data to construct the green knowledge relatedness and complexity 360 

variables are obtained from the Orbis Intellectual Property database. The most 361 
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relevant information to this study includes patent application date, International 362 

Patent Classification (IPC) code and Cooperative Patent Classification (CPC) code 363 

which show technological classes, and patent owners’ NUTS-2 location. The other 364 

variables are based on balance sheet data from the Bureau van Dijk Orbis. A total 365 

of 82,668 observations for 17,736 manufacturing firms in the UK during 2013-2020 366 

were included in this analysis. 367 

3.2 Key explanatory variables 368 

The first key variable is green knowledge relatedness density, which proxies 369 

the degree of proximity between a green technology and the green technological 370 

portfolio of a region. This is generated by two steps. First, we calculate the degree 371 

of relatedness between green technologies, following the knowledge space 372 

framework applied by Boschma et al. (2015) and Balland and Boschma (2021). It 373 

captures technology relatedness through the frequency of co-occurrence of two 374 

technology classes in patents. The co-occurrences are normalised using the cosine 375 

similarity index (Balland and Boschma, 2021). In this 𝑛 × 𝑛 network, each node a 376 

(a = 1, …, n) represents a specific green technological class. There are 118 four-377 

digit green IPC classes present in 41 NUTS-2 regions in the UK. The relatedness 378 𝜙𝑎𝑏𝑡 between each pair of technologies a and b is generated by taking the 379 

minimum of the pair-wise conditional probabilities of regions patenting in the 380 

technological class a given that they patent in the technological class b during the 381 

same period: 382 𝜙𝑎𝑏𝑡 = 𝑚𝑖𝑛{𝑃(𝑅𝑇𝐴𝑥𝑎𝑡|𝑅𝑇𝐴𝑥𝑏𝑡), 𝑃(𝑅𝑇𝐴𝑥𝑏𝑡|𝑅𝑇𝐴𝑥𝑎𝑡)} 383 

where a region r has a revealed technological advantage (RTA) in green technology 384 

a in time t if the share of this technology a in the region’s green technological 385 

portfolio is higher than the share of this technology a in the entire green patent 386 

portfolio in the UK. More specifically, if: 387 𝑔𝑟𝑒𝑒𝑛 𝑝𝑎𝑡𝑒𝑛𝑡𝑠𝑟,𝑎𝑡 ∑ 𝑔𝑟𝑒𝑒𝑛 𝑝𝑎𝑡𝑒𝑛𝑡𝑠𝑟,𝑎𝑡𝑎⁄∑ 𝑔𝑟𝑒𝑒𝑛 𝑝𝑎𝑡𝑒𝑛𝑡𝑠𝑟,𝑎𝑡𝑟 ∑ ∑ 𝑔𝑟𝑒𝑒𝑛 𝑝𝑎𝑡𝑒𝑛𝑡𝑠𝑟,𝑎𝑡𝑎𝑟⁄ > 1, 𝑅𝑇𝐴𝑟,𝑎𝑡 = 1, 𝑎𝑛𝑑 0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 388 

In the second step, the density of related green knowledge around a specific 389 

green technology a in region r at time t is derived from the sum of relatedness 𝜙𝑎𝑏𝑡 390 

of the focal green technology a to all the other green technologies b in which the 391 

region has an RTA, divided by the sum of relatedness of this green technology a to 392 

all the other green technologies b in all the regions (i.e., UK as a whole) at time t. 393 
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Knowledge relatedness density has a minimum value of 0 when no other green 394 

technologies are related to the focal green technology a present in region r at time 395 

t, and it takes the maximum value of 100 when all the other green technologies 396 

related to the green technology a are present in the region r at time t: 397 𝐺𝑟𝑒𝑒𝑛 𝑘𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒 𝑟𝑒𝑙𝑎𝑡𝑒𝑑𝑛𝑒𝑠𝑠 𝑑𝑒𝑛𝑠𝑖𝑡𝑦𝑎𝑟𝑡 = ∑ 𝜙𝑎𝑏𝑡𝑏∈𝑟,𝑏≠𝑎∑ 𝜙𝑎𝑏𝑡𝑏≠𝑎 ∗ 100 398 

Another key variable is green knowledge complexity index. Based on Hidalgo 399 

and Hausmann (2009), a binary-valued network is constructed which links regions 400 

to green patent IPC where they have an RTA. It is an 𝑛 × 𝑘 two-mode binary 401 

matrix 𝑀𝑟,𝑧  which has dimension n = 41 NUTS-2 regions by z = 118 green 402 

technological domains. Green knowledge complexity index is an iteration between 403 

two variables: the diversity of region r and the ubiquity of green technology z. The 404 

degree of diversity of a region is given by the number of green technologies where 405 

the region has RTA: 406 𝑘𝑟,𝑜 =∑𝑀𝑟,𝑧𝑧  407 

The degree of ubiquity of a green technology is given by the number of regions 408 

with an RTA in this green technology: 409 𝑘𝑧,𝑜 =∑𝑀𝑟,𝑧𝑟  410 

Green knowledge complexity index (green KCI) is the iteration of diversity and 411 

ubiquity, following Balland and Rigby (2017): 412 𝐺𝑟𝑒𝑒𝑛 𝐾𝐶𝐼𝑟,𝑛 = 1𝑘𝑟,0∑𝑀𝑟,𝑧𝑧 𝑘𝑧,𝑛−1 413 

𝐺𝑟𝑒𝑒𝑛 𝐾𝐶𝐼𝑧,𝑛 = 1𝑘𝑧,0∑𝑀𝑟,𝑧𝑧 𝑘𝑦,𝑛−1 414 

For n = 1, 𝐺𝑟𝑒𝑒𝑛 𝐾𝐶𝐼𝑟1 represents the average ubiquity of the green technologies 415 

where region y has RTA. For n = 2, 𝐺𝑟𝑒𝑒𝑛 𝐾𝐶𝐼𝑟2 represents the average diversity 416 

of regions that have green technologies similar to region r. The matrix 𝑀𝑟,𝑧 and 417 

its transpose (𝑀𝑟,𝑧𝑇 ) are row standardised. The product matrix (𝐵 = 𝑀𝑟,𝑧 ×𝑀𝑟,𝑧𝑇 ) is 418 

a square matrix with dimensions equal to the number of NUTS-2 regions. The 419 

green knowledge complexity index for each region r is provided by the second 420 

highest eigenvalue of the projected region-region matrix 𝐵: 421 
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𝐺𝑟𝑒𝑒𝑛 𝐾𝐶𝐼𝑟⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ = 𝐾⃗⃗ − 𝑎𝑣𝑒𝑟𝑎𝑔𝑒(𝐾⃗⃗ )𝑠𝑡𝑑𝑒𝑣(𝐾⃗⃗ )  422 

3.3 Control variables 423 

Firm-level controls include the share of green patent stock in total patent stock, 424 

capturing firms’ accumulated green technological capabilities that can boost 425 

productivity (Leoncini et al., 2019). Patent data from the Orbis Intellectual 426 

Property database are used to construct patent stock and total patent stock 427 

following the perpetual inventory method (Guellec and Potterie, 2004). In addition, 428 

intangible assets are included as a control variable to account for SMEs’ internal 429 

knowledge and innovation capacity. According to Orbis, intangible assets 430 

encompass research and development expenses, goodwill, and knowledge 431 

development costs. These components reflect a firm's investment in non-physical 432 

resources that contribute to innovation, learning, and competitive advantage, 433 

which are found to be positively associated with firm-level productivity (Higon et 434 

al., 2017). Firm size and age are measured by the number of employees and years 435 

since establishment, respectively. As for the regional control, a regional 436 

diversification index is included by counting the number of green technologies in 437 

which a region has RTA based on the region-green technologies matrix 𝑀𝑟,𝑧 438 

(Pintar and Scherngell, 2021). Industry-level controls include market 439 

concentration (Herfindahl-Hirschman index), industry size (total number of 440 

employees), and industry sales growth at the NACE2 level (Cainelli et al., 2019; 441 

Howell, 2020). NACE2 industry dummies and year dummies are included to 442 

control for the aggregate industry and year-specific fixed effects, respectively. 443 

Table 1 presents the summary statistics. Figure 1a and Figure 1b demonstrate the 444 

regional heterogenous distribution of green knowledge relatedness and green KCI. 445 

3.4 Model 446 

The model for the empirical estimations can be expressed as: 447 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦𝑖𝑠𝑟𝑡 = 𝛽0 + 𝛽1𝐺𝑟𝑒𝑒𝑛 𝑘𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒 𝑟𝑒𝑙𝑎𝑡𝑒𝑑𝑛𝑒𝑠𝑠𝑟𝑡−1 + 𝛽2𝐺𝑟𝑒𝑒𝑛 𝐾𝐶𝐼𝑟𝑡−1 +448 𝛽3𝐺𝑟𝑒𝑒𝑛 𝑘𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒 𝑟𝑒𝑙𝑎𝑡𝑒𝑑𝑛𝑒𝑠𝑠𝑟𝑡−1 × 𝐺𝑟𝑒𝑒𝑛 𝐾𝐶𝐼𝑟𝑡−1 +  𝐹𝑖𝑟𝑚 𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡−1 +449 𝑅𝑒𝑔𝑖𝑜𝑛𝑎𝑙 𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑟𝑡−1 + 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑠𝑡−1 + 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝑑𝑢𝑚𝑚𝑖𝑒𝑠𝑠 +450 𝑌𝑒𝑎𝑟 𝑑𝑢𝑚𝑚𝑖𝑒𝑠𝑡 + 𝑐𝑖 + 𝑢𝑖𝑡 Eq. (1) 451 

where 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦𝑖𝑠𝑟𝑡 is the productivity of a manufacturing SME i in NACE2 452 

industry s in region r in year t. 𝑐𝑖 in the error term is the unobserved individual 453 
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heterogeneity, and 𝑢𝑖𝑡  is the idiosyncratic errors. Productivity is measured by 454 

Total Factor Productivity (TFP) following Levinsohn and Petrin (2003). It 455 

addresses simultaneity bias in production function estimation by using 456 

intermediate inputs (e.g., materials) as proxies for unobserved productivity shocks. 457 

This method assumes that firms choose input levels based on their productivity, 458 

and that intermediate inputs respond more flexibly to productivity than capital. 459 

The estimation is performed using a semi-parametric procedure that recovers 460 

productivity as the residual from a production function, controlling for input 461 

choices (see Appendix A for more details). All the explanatory variables are lagged 462 

one year to address the potential endogeneity concern (Moreno and Ocampo-463 

Corrales, 2022). 464 

3.5 Estimation method 465 

We use multilevel modelling as the key estimator to address the concern that 466 

parameters vary at more than one level (Antonakis et al., 2021). More specifically, 467 

the dependent variable is at the firm level nested in a higher level NUTS-2 region. 468 

As for robustness checks, we used the linear panel fixed effects estimation because 469 

the continuous nature of the dependent variable makes this estimator the most 470 

appropriate. The approach also has the advantage of allowing for any correlations 471 

between the explanatory variables and the individual unobserved heterogeneity 472 

(𝑐𝑖) in the error term, thus controlling for bias due to unobserved heterogeneity and 473 

omitted variables (Wooldridge, 2010). The explanatory variables are assumed to 474 

be exogenous with respect to the idiosyncratic error terms (𝑢𝑖𝑡). 475 

Multilevel modeling is preferred because it explicitly accounts for the 476 

hierarchical structure of SMEs nested within NUTS-2 regions. It allows the 477 

inclusion of both firm-level and region-level predictors while modeling the 478 

dependency among SMEs within the same region. Unlike fixed effects models, 479 

which discard between-group variation and assume independence across units, 480 

multilevel modeling provides a coherent framework that respects the nested data 481 

structure and improves inference. Appendix B provides details comparing both 482 

estimation methods. 483 

To explore whether the relationship between the explanatory variables and 484 

the outcome varies across different regional contexts, we split the sample based on 485 

the median value of green knowledge relatedness and complexity. This helps 486 
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uncover whether the effect of key variables is stronger or weaker in different 487 

regional environments. If results differ across subsamples, it suggests that the 488 

effect of certain variables may be conditional on the regional context, which is 489 

important for policy and theoretical implications. 490 

4 Findings 491 

4.1 Main results 492 

Table 2 Column (1) shows suggestive evidence that green knowledge 493 

relatedness is positively related to SMEs’ productivity (βGreen knowledge relatedness = 494 

0.004, p < 0.10). It provides tentative support for Hypothesis 1 at the 10% level. 495 

This finding indicates that SMEs in regions that have more related green 496 

technologies are more likely to capture new technological benefits to boost 497 

productivity. 498 

Moreover, column (1) also shows that regional green knowledge complexity is 499 

significantly and positively related to SMEs’ productivity (βGreen knowledge complexity = 500 

0.039, p < 0.01), supporting Hypothesis 2. 501 

Column (2) shows that the interaction term between green knowledge 502 

relatedness and green knowledge complexity is significantly positive (βGreen knowledge 503 

relatedness * Green knowledge complexity = 0.004, p < 0.01). It indicates that SMEs in regions 504 

with highly related green knowledge tend to enjoy extra benefits from complex 505 

green knowledge to drive up productivity, supporting Hypothesis 3. 506 

Figure 2 is marginal effects graph presents three lines representing the 507 

predicted impact of green knowledge complexity on SMEs’ productivity at different 508 

levels of green knowledge relatedness. These levels are defined using the 25th, 509 

50th (median), and 75th percentiles of the green knowledge relatedness variable 510 

across UK regions. The orange dashed line corresponds to low relatedness (25th 511 

percentile), the blue solid line represents medium relatedness (median), and the 512 

green solid line reflects high relatedness (75th percentile). As complexity increases, 513 

TFP rises across all levels of green knowledge relatedness. However, the slope of 514 

the increase is steeper in regions with higher relatedness (i.e., 75th percentile). 515 

This indicates that the productivity-enhancing effect of green knowledge 516 

complexity is stronger in regions where green technologies are more related, 517 

reinforcing the idea that relatedness amplifies the benefits of complexity. 518 
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As for other control variables, SMEs that have higher share of green patent 519 

stock and those with more intangible assets have higher productivity. Larger and 520 

older SMEs have higher productivity. SMEs in larger-sized industries and 521 

industries that experienced higher growth rate tend to have higher productivity. 522 

However, regions with more diversified technological domains are negatively 523 

associated with SMEs’ productivity. 524 

4.2 A fine-grained analysis 525 

Next, a fine-grained analysis is conducted by splitting the regions into high 526 

versus low relatedness by the median value of green knowledge relatedness 527 

density across the UK, similar to Balland et al. (2019). High green knowledge 528 

relatedness regions are the NUTS-2 regions that have higher than the median 529 

value of green knowledge relatedness across the NUTS-2 regions in the UK, 530 

whereas low green knowledge relatedness regions have less than the median value 531 

of green knowledge relatedness across the UK. 532 

Column (3) includes only regions with high green knowledge relatedness as a 533 

sub-sample for estimation. The interaction term stays significantly positive with a 534 

larger magnitude (βGreen knowledge relatedness * Green knowledge complexity = 0.021, p < 0.01) than 535 

that in column (2), suggesting that SMEs benefit more from complex green 536 

knowledge in regions with highly related green knowledge. Green knowledge 537 

complexity is still significantly positive (βGreen knowledge complexity = 0.045, p < 0.10), but 538 

only at 10% level. Also, green relatedness becomes insignificant in the sub-sample 539 

of regions all of which have high green knowledge relatedness. In contrast, column 540 

(4) includes only regions with low green knowledge relatedness as an estimation 541 

sub-sample. Green knowledge complexity becomes significantly negative at 10% 542 

level (βGreen knowledge complexity = -0.044, p < 0.10) and also the interaction term becomes 543 

negative at 10% level (βGreen knowledge relatedness * Green knowledge complexity = -0.007, p < 0.10). 544 

Furthermore, regions are divided into high versus low green knowledge 545 

complexity by the median value of green knowledge complexity across the UK. 546 

High green knowledge complexity regions are the NUTS-2 regions that have 547 

higher than the median value of green knowledge complexity across the NUTS-2 548 

regions in the UK, whereas low green knowledge complexity regions have less than 549 

the median value of green knowledge relatedness across the UK. Column (5) only 550 

includes the regions with high green knowledge complexity. Notably, green 551 
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knowledge relatedness (βGreen knowledge relatedness = 0.009, p < 0.05), green knowledge 552 

complexity (βGreen knowledge complexity = 0.058, p < 0.05) and their interaction (βGreen 553 

knowledge relatedness * Green knowledge complexity = 0.009, p < 0.01) remain significantly positive, 554 

and the magnitude of their marginal effects double compared with that in column 555 

(2). By comparison, in column (6), green knowledge complexity (βGreen knowledge 556 

complexity = -0.132, p < 0.10) is significantly negative at 10% level. Its interaction 557 

with green knowledge relatedness (βGreen knowledge relatedness * Green knowledge complexity = -558 

0.011, p < 0.05) becomes significantly negative at 5% level. 559 

4.3 Additional robustness checks1 560 

First, we use linear fixed effects estimation in Table 3 columns (1) and (2), 561 

with clustered standard errors by firms to allow account for firm-level clustering. 562 

This estimation method does not explicitly consider that SMEs are nested within 563 

a higher (i.e., regional) level. As the multilevel modeling estimation already allows 564 

for correlations between different levels, it is not surprising that the linear fixed 565 

effects estimation reports consistent results, as it equivalently allows for any 566 

correlations between the explanatory variables and the error term. The results for 567 

green knowledge relatedness and complexity, as well as their interaction effects, 568 

are consistent with those in Table 2. 569 

 Second, we adopt the Mundlak approach by adding level-1 and level-2 mean 570 

values of all the explanatory variables, as shown in columns (3) and (4). These 571 

additional mean values of explanatory variables are also known as contextual 572 

effects in multilevel modeling. Consistent results are observed. 573 

Third, we also add potential confounding factors at the regional level (i.e., 574 

transport infrastructure length, and share of high-tech sector employment) to 575 

account for broader structural factors that may influence SMEs’ productivity. 576 

Appendix F show that they have expected signs but are insignificant. Results are 577 

similar to that in Table 2. 578 

Forth, to allow for heterogeneity in SMEs’ absorptive capacity and innovation 579 

intensity, we add interaction terms between green knowledge variables and firm-580 

level indicators (i.e., share of green patent stock and intangible assets) in Appendix 581 

                         
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 582 

insignificant and the results are consistent with that in Table 2. 583 

Fifth, rather than median splits, we conduct subsample analysis using top and 584 

bottom 25th percentiles of green knowledge relatedness and complexity in 585 

Appendix G and Appendix H2. These more extreme values still show that more 586 

related and complex green knowledge benefits SMEs’ productivity. 587 

Sixth, we use labour productivity as an alternative dependent variable in 588 

Appendix I and J. Results are weaker when splitting the sample using median 589 

values. This is not unexpected and the difference likely reflects the conceptual 590 

distinction between labour productivity and total factor productivity. Labour 591 

productivity measures output per unit of labour input and captures only one 592 

dimension of firm performance. In contrast, total factor productivity accounts for 593 

the efficiency with which all inputs — including labour, capital, and intermediate 594 

goods — are used in production. and suggests that the regional knowledge 595 

environment influences firm performance through broader mechanisms than 596 

labour efficiency alone. 597 

5 Discussion 598 

5.1 Research implications 599 

Green knowledge meets the VRIO criteria—valuable, rare, inimitable, and 600 

difficult to organise—making it a strategic resource for enhancing firm 601 

productivity (Barney, 1991). From an open innovation perspective (Chesbrough, 602 

2003), SMEs can leverage external networks to access and exploit regional green 603 

knowledge spillovers. Regions with high levels of related or complex green 604 

knowledge often host coherent technological structures that generate economies of 605 

scope (Rocchetta et al., 2022). SMEs could maximise the learning outcome to boost 606 

productivity as they learn and internalise externally-sourced green technologies to 607 

boost efficiency. On the contrary, SMEs in regions with cognitively distant green 608 

domains may struggle to absorb and benefit from such knowledge, as we find that 609 

they do not appear to benefit from regional green knowledge to improve 610 

productivity. Prior research highlights the role of knowledge relatedness in 611 

regional technological diversification (Balland and Boschma, 2022), with growing 612 

                         
2 Interpretations are added in the Notes under Appendix H. 
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attention to its importance in developing green specialisations    (Montresor and 613 

Quatraro, 2020; Perruchas et al., 2020; Santoalha et al., 2021). Some studies 614 

focusing on the occupational relatedness find contradictory results (Davies and 615 

Maré, 2021; Hane-Weijman et al., 2022) regarding whether such relatedness 616 

supports regional economic growth. This study contributes to the literature by 617 

providing the first evidence on how regional green knowledge relatedness can 618 

shape SMEs’ firm-level economic performance. 619 

Regarding the knowledge complexity theory, which was originally developed 620 

to explain country-level economic performance (Hidalgo and Hausmann, 2009), 621 

has recently been applied to regional and industry contexts with mixed findings 622 

(Rigby et al., 2019; Mewes and Broekel, 2020; Chatzistamoulou et al., 2022). Some 623 

studies suggest that complexity may hinder productivity due to the difficulty of 624 

applying diverse and specialised knowledge (Antonelli et al., 2020; Bucci et al., 625 

2021). In contrast, our findings support the theory, showing that regional green 626 

knowledge complexity enhances SME efficiency, probably via providing multi-627 

purpose technologies that enhance production efficiency and product quality while 628 

meeting environmental standards (Barbieri et al., 2020). This paper contributes to 629 

the literature by offering the first micro-level evidence that regional green 630 

knowledge complexity positively influences SME productivity, possibly due to the 631 

broad applicability of green technologies across industries (Colombelli and 632 

Quatraro, 2019). 633 

Moreover, the joint effects from knowledge relatedness and complexity is 634 

rarely studied. One exception is Davies and Maré (2021) who observed positive 635 

joint impact from occupational relatedness and complexity on employment growth 636 

in a few large cities in New Zealand. In contrast, our findings reveal broader green 637 

knowledge spillovers that enhance SME productivity. Locating in regions with 638 

existing green related knowledge can help SMEs gain extra efficiency from 639 

complex green knowledge. One possible reason is that green related knowledge can 640 

enhance regional abilities to develop new green knowledge that can further 641 

enhance productivity, meanwhile green complex knowledge has low 642 

substitutability and can establish barriers for SMEs in other regions to imitate 643 

and reduce competition. Despite the challenges to implement complex green 644 

knowledge, having a robust green knowledge base makes firms more likely to 645 
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absorb external green complex knowledge (Hidalgo, 2021). Conversely, the absence 646 

of either dimension limits SMEs’ ability to benefit from green knowledge spillovers. 647 

In short, green knowledge relatedness conditions the extent to which SMEs can 648 

benefit from complex green knowledge. 649 

Our findings on the joint effects of green knowledge relatedness and 650 

complexity can also be interpreted through the lens of dynamic capabilities (Teece 651 

et al., 1997) - a firm's ability to integrate, build, and reconfigure internal and 652 

external competencies to address rapidly changing environments. The observed 653 

threshold effects—where SMEs in regions with both high relatedness and high 654 

complexity experience greater productivity gains—suggest that these firms may 655 

be leveraging external green knowledge in combination with internal capabilities. 656 

This interplay reflects dynamic capabilities, which enable firms to adapt, innovate, 657 

and sustain competitive advantage in evolving technological landscapes. While we 658 

do not directly measure dynamic capabilities, our results imply that such 659 

capabilities may underpin SMEs’ ability to benefit from complex and related green 660 

knowledge. 661 

While prior green innovation studies have focused on the performance of green 662 

technology producers (Leoncini et al., 2019), less attention has been paid to 663 

productivity gains via green knowledge spillovers. Given the characteristics of 664 

green technologies and the economic importance of SMEs in the UK, this paper 665 

suggests that SMEs can benefit from locally embedded related and complex green 666 

knowledge to enhance their productivity. This extends existing studies that either 667 

emphasises top-down policy interventions (i.e., via public funding and policies) or 668 

bottom-up approaches (i.e., significant investment in internal R&D efforts) to 669 

develop and utilise green technologies (Ball and Kittler, 2019; Schäfer et al., 2024). 670 

By examining the composition of regional green knowledge—specifically its 671 

relatedness and non-ubiquity—this study moves beyond the notion of green 672 

knowledge stock to explore its spillover effects (Colombelli and Quatraro, 2019; 673 

Corradini, 2019). The findings suggest that SMEs can enhance productivity by 674 

autonomously accessing and exploiting local green knowledge. 675 

5.2 Policy implications 676 

This study contributes to the policy debate on regional attractiveness for green 677 

investments. First, policymakers can use patent-based indicators of green 678 
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knowledge relatedness and complexity to inform place-based strategies, such as 679 

identifying which green technological domains have developed revealed 680 

technological advantage, which are related to a region’s existing green knowledge 681 

base, and which are complex to yield economic benefits. Policymakers can 682 

prioritise green technological domains that are both feasible and economically 683 

promising. Complexity measures help highlight non-ubiquitous green technologies 684 

that may yield higher returns but require targeted support. Effective policies 685 

would entail the evaluation and identification of the strengths of existing green 686 

technological capabilities, and investments in domains that can yield the highest 687 

economic benefits. These indicators can be integrated into regional innovation 688 

dashboards, making green knowledge spillovers both measurable and targetable. 689 

Second, our categorisation of UK NUTS-2 regions provides a practical 690 

framework for applying these insights. Some regions may maximise benefits by 691 

expanding into related green technological domains to better extract economic 692 

benefits from complex green knowledge. Conversely, other regions may benefit 693 

more by deepening efforts in more complex strategic areas. 694 

5.3 Managerial implications 695 

To illustrate the practical relevance of green knowledge spillovers, consider 696 

two UK regions. The Humber region leveraged its existing industrial base in 697 

maritime engineering and logistics to diversify into offshore wind technologies, 698 

with firms like Siemens Gamesa benefiting from local skills and supply chains. 699 

This reflects how green knowledge relatedness can lower barriers to innovation 700 

(HullCCNews, 2019). In addition, the Orkney Islands developed leadership in tidal 701 

stream energy—a highly complex technology—by coordinating across diverse 702 

domains such as marine engineering and environmental science (Anthony, 2017). 703 

These cases demonstrate how regional capabilities can support firms in absorbing 704 

and adapting complex green knowledge, highlighting the importance of dynamic 705 

capabilities in translating spillovers into economic performance. 706 

Based on these examples, SMEs’ managers should invest in business and 707 

social networks, and collaborations with firms that produce green knowledge to 708 

introduce new ideas for process innovation, product design, distribution channels 709 

for green products, risk management associated with adopting green technologies 710 

in production, and cost-savings to enhance production efficiency. Linking internal 711 
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know-how with external, especially complex and hard-to-imitate, green knowledge 712 

can enhance productivity. This requires strengthening absorptive capacity to 713 

evaluate and assimilate external knowledge (Cohen and Levinthal, 1990), and 714 

developing internal learning routines and cross-functional capabilities to adapt 715 

and reconfigure resources—core elements of dynamic capabilities essential for 716 

navigating evolving green innovation landscapes. 717 

5.4 Limitations 718 

First, the effect of green knowledge relatedness is only marginally significant 719 

(10% level) across UK regions and should be tested in other contexts. Although we 720 

lag independent variables by one year to reduce reverse causality, potential 721 

endogeneity from omitted variables or simultaneity remains. Thus, findings should 722 

be interpreted as correlational, not causal. 723 

Second, while our robustness checks do not confirm a significant role for SMEs’ 724 

absorptive capacity (Cohen and Levinthal, 1990), this does not imply it is 725 

unimportant. It may suggest that external green knowledge benefits a broad range 726 

of SMEs, not only those with high absorptive capacity. Future research should 727 

explore this with richer measures of firm-level heterogeneity. 728 

Third, although dynamic capabilities are conceptually relevant, we do not 729 

directly measure them. Future studies should develop empirical strategies to 730 

capture firms’ ability to reconfigure internal and external knowledge, especially in 731 

green innovation contexts. 732 

Forth, the knowledge relatedness and complexity measures are based on RTA. 733 

While other metrics exist, they rely on different foundations and are not directly 734 

applicable within our framework. We acknowledge this as a limitation and suggest 735 

future work could explore suitable alternatives. 736 
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Table 1: Summary statistics 984 
 

Mean Std. Dev. Min Max 

Dependent variable 
    

Total factor productivity 3.623  2.637  -3.348  9.417  

Labour productivity  2.459  2.178  -2.580  11.601  

Green Knowledge Spillovers 
    

Green knowledge relatedness 16.257  6.804  0.902  34.765  

Green knowledge complexity index (green 
KCI) 

0.006  0.177  -1.890  1.010  

Firm Characteristics 
    

Green patent stock share 1.439  9.540  0 100 

Intangible assets (logarithm) 0.466  1.313  0 9.170455 

Firm size (logarithm) 3.704  1.269  0.693  5.521  

Firm age 26.120  19.998  1.000  88.000  

Region and Industry Control Variables 
    

Regional technological diversification index 18.590  8.551  1.000  41.000  

Herfindahl index 0.085  0.113  0.006  1.000  

Industry size 11.393  0.824  6.172  12.727  

Industry sales growth 0.024  0.215  -1.588  1.919  

Transport (motorways and roads) length 
(logarithm) 

10.403  0.416  9.607  10.993  

Share of high-technology manufacturing 
employment in total employment 

0.971  0.369  0.380  1.710  

Observations 82,668 
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Table 2: Impacts of green knowledge relatedness and complexity on SMEs’ 
productivity 

 
(1) (2) (3) (4) (5) (6) 

 
All 
regions 

All 
regions 

High 
green 
knowledge 
relatednes
s regions 

Low green 
knowledge 
relatednes
s regions 

High 
green 
knowledge 
complexity 
regions 

Low green 
knowledge 
complexity 
regions 

Green Knowledge Spillovers             

Green knowledge 
relatedness 

0.004* 0.005** -0.005 0.004 0.009** 0.004 

 
(0.002) (0.002) (0.005) (0.003) (0.004) (0.004) 

Green knowledge 
complexity 

0.039*** 0.040*** 0.045* -0.044* 0.058** -0.132* 

 
(0.011) (0.011) (0.023) (0.022) (0.029) (0.074) 

Green knowledge 
relatedness * Green 
knowledge complexity 

 
0.004*** 0.021*** -0.007* 0.009*** -0.011** 

  
(0.001) (0.008) (0.004) (0.003) (0.005) 

Firm Characteristics 
      

Share of green patent stock 0.002*** 0.002*** 0.002** 0.002*** 0.003*** 0.001  
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Intangible Assets 
(logarithm) 

0.032*** 0.032*** 0.023*** 0.041*** 0.033*** 0.040*** 

 
(0.003) (0.003) (0.005) (0.004) (0.004) (0.004) 

Firm size (logarithm) 0.360*** 0.360*** 0.403*** 0.383*** 0.410*** 0.441***  
(0.006) (0.006) (0.010) (0.007) (0.008) (0.008) 

Firm age 0.008*** 0.008*** 0.008*** 0.004*** 0.005*** 0.006***  
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Region and Industry 
Control Variables 

      

Regional technological 
diversification index 

-0.007*** -0.007*** -0.001 -0.004 -0.007* -0.009*** 

 
(0.002) (0.002) (0.004) (0.003) (0.003) (0.003) 

Herfindahl-Hirschman 
index 

-0.017 -0.016 0.005 0.008 0.025 0.013 

 
(0.029) (0.029) (0.055) (0.034) (0.044) (0.045) 

Industry size 0.169*** 0.168*** 0.177*** 0.140*** 0.123*** 0.161*** 
 

(0.020) (0.020) (0.036) (0.024) (0.031) (0.029) 

Industry sales growth 0.021** 0.021** 0.044*** 0.003 0.014 0.011 
 

(0.009) (0.009) (0.017) (0.011) (0.013) (0.015) 

Constant -1.545*** -1.451*** -1.734*** -1.273*** -1.011** -1.606***  
(0.258) (0.260) (0.474) (0.305) (0.398) (0.379)        

Observations 82,668 82,668 35,719 46,949 38,713 43,955 

Number of groups 41 41 19 37 41 41 

Notes: (1) The dependent variable is firm-level total factor productivity. (2) Multilevel modelling 
estimation is used. (3) Year dummies and NACE2 industry dummies are included in all estimations. 
(4) *** p<0.01, ** p<0.05, * p<0.10. 

 1 

 2 

 3 

 4 

 5 

 6 

 7 

 8 

 9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

27 

28 

29 

30 

31 

32 

33 

34 

35 

36 

37 

38 

39 

40 

41 

42 

43 

44 

45 

46 

47 

48 

49 

50 

51 

52 

53 

54 

55 

56 

57 

58 

59 

60 

61 

62 

63 

64 

65 



 35 

  
 1 

 2 

 3 

 4 

 5 

 6 

 7 

 8 

 9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

27 

28 

29 

30 

31 

32 

33 

34 

35 

36 

37 

38 

39 

40 

41 

42 

43 

44 

45 

46 

47 

48 

49 

50 

51 

52 

53 

54 

55 

56 

57 

58 

59 

60 

61 

62 

63 

64 

65 



 36 

Figure 2: Green knowledge relatedness and complexity interaction effect  

 

 
Note: To interpret the interaction effects, we categorise green knowledge relatedness into three 
levels based on its distribution across regions: low (25th percentile), medium (50th percentile or 
median), and high (75th percentile). These cut-off values allow us to examine how the marginal 
effect of green knowledge complexity on productivity varies across regions with differing degrees of 
technological coherence. 
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Table 3: Robustness checks 
 

(1) (2) (3) (4) 
 

Fixed Effects Fixed Effects Multilevel 
modelling 
with 
contextual-
effects 

Multilevel 
modelling 
with 
contextual-
effects 

Green Knowledge Spillovers         

Green knowledge relatedness 0.004* 0.004** 0.004* 0.004* 
 

(0.002) (0.002) (0.002) (0.002) 

Green knowledge complexity 0.034** 0.031** 0.031*** 0.033*** 
 

(0.014) (0.013) (0.011) (0.011) 

Green knowledge relatedness 
* Green knowledge 
complexity 

 0.004*** 
 

0.004*** 

Firm Characteristics  (0.001) 
 

(0.001) 

Share of green patent stock 0.002** 0.002** 0.002*** 0.002*** 
 

(0.001) (0.001) (0.001) (0.001) 

Intangible Assets (logarithm) 0.030*** 0.018*** 0.030*** 0.030*** 
 

(0.006) (0.005) (0.003) (0.003) 

Firm size (logarithm) 0.168*** 0.151*** 0.172*** 0.172*** 
 

(0.019) (0.017) (0.008) (0.008) 

Firm age 0.007 0.009 0.030*** 0.030*** 
 

(0.010) (0.007) (0.004) (0.004) 

Region and Industry Control 
Variables 

  
  

Regional technological 
diversification index 

-0.008*** -0.008*** -0.007*** -0.008*** 

 
(0.002) (0.002) (0.002) (0.002) 

Herfindahl-Hirschman index -0.055 -0.029 -0.054* -0.054* 
 

(0.034) (0.033) (0.030) (0.030) 

Industry size 0.185*** 0.166*** 0.182*** 0.181*** 
 

(0.025) (0.022) (0.020) (0.020) 

Industry sales growth 0.026*** 0.023*** 0.023** 0.023** 
 

(0.008) (0.008) (0.009) (0.009) 

Mundlak Firm-level Means   
  

Green knowledge relatedness   0.076*** 0.077*** 
 

  (0.023) (0.023) 

Green knowledge complexity   0.635*** 0.643*** 
 

  (0.121) (0.121) 

Share of green patent stock   -0.003** -0.003** 
 

  (0.001) (0.001) 

Intangible Assets (logarithm)   0.036*** 0.036*** 
 

  (0.010) (0.010) 

Firm size (logarithm)   0.470*** 0.469*** 
 

  (0.012) (0.012) 

Firm age   -0.028*** -0.028*** 
 

  (0.004) (0.004) 
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Regional technological 
diversification index 

  0.026 0.025 

 
  (0.020) (0.020) 

Herfindahl-Hirschman index   1.279*** 1.278*** 
 

  (0.158) (0.158) 

Industry size   -0.225*** -0.224*** 
 

  (0.047) (0.047) 

Industry sales growth   -0.374*** -0.374*** 
 

  (0.128) (0.128) 

Mundlak Region-level Means   
  

Green knowledge relatedness   0.150** 0.152** 
 

  (0.072) (0.073) 

Green knowledge complexity   -3.316*** -3.296*** 
 

  (0.684) (0.688) 

Share of green patent stock   0.116 0.120 
 

  (0.178) (0.179) 

Intangible Assets (logarithm)   1.104** 1.108** 
 

  (0.454) (0.457) 

Firm size (logarithm)   -0.819*** -0.819*** 
 

  (0.303) (0.305) 

Firm age   0.084** 0.084** 
 

  (0.035) (0.035) 

Regional technological 
diversification index 

  -0.206*** -0.208*** 

 
  (0.059) (0.060) 

Herfindahl-Hirschman index   18.139*** 18.236*** 
 

  (7.030) (7.069) 

Industry size   0.215 0.211 
 

  (0.462) (0.465) 

Industry sales growth   -0.146 -0.111 
 

  (5.985) (6.019)  
  

  

Observations 82,668 82,668 82,668 82,668 

R-squared 0.022 0.020 
  

Number of region groups   41 41 

Number of firm ID 17,736 17,736     

Notes: (1) Standard errors are clustered by firms to allow for firm-level clustering. (2) The 
dependent variable is firm-level total factor productivity. (3) Year dummies and NACE2 industry 
dummies are included in all estimations. (4) *** p<0.01, ** p<0.05, * p<0.10. 
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Appendices 

Appendix A: Estimation of total factor productivity 

The estimation of total factor productivity (TFP) is estimated following the widely 

adopted approach proposed by Levinsohn and Petrin (2003) and applied by 

industrial economics literature (Howell, 2020). The key assumptions of this 

method are: (1) firms are profit-maximizing; (2) intermediate inputs are monotonic 

in productivity; and (3) intermediate inputs are monotonic in productivity. Firms 

are profit-maximizing A Cobb-Douglas production function is expressed as: 𝑦𝑖𝑡 = 𝛽0 + 𝛽𝑙𝐿𝑖𝑡 + 𝛽𝑘𝐾𝑖𝑡 + 𝛽𝑚𝑀𝑖𝑡 + 𝜔𝑖𝑡 + 𝜂𝑖𝑡     𝐸𝑞. (𝐴. 1) 
where 𝑦𝑖𝑡 is the logarithm of output, 𝐿𝑖𝑡, 𝐾𝑖𝑡, 𝑀𝑖𝑡 are logarithm of labour, capital 

and input materials for firm i in year t. The error term 𝜔𝑖𝑡 is called “transmission 

bias” that impact the firm’s input decisions but are unobserved by the 

econometrician. This leads to the possible endogeneity problem due to the 

correlation between the production inputs and the error terms. 𝜂𝑖𝑡  is the error 

term that is a random productivity shock and is uncorrelated with inputs decisions. 

To tackle the “transmission bias”, Levinsohn and Petrin (2003) propose using input 

materials 𝑀𝑖𝑡 to proxy the unobserved firm-specific shock 𝜔𝑖𝑡. 
Demand for the input materials 𝑀𝑖𝑡 is assumed to be determined by 𝐾𝑖𝑡 and 𝜔𝑖𝑡: 𝑀𝑖𝑡 = 𝑀𝑖𝑡(𝐾𝑖𝑡, 𝜔𝑖𝑡)    𝐸𝑞. (𝐴. 2) 
Assuming the above demand function is monotonically increasing in 𝜔𝑖𝑡, the 

inversion of the above demand function can be re-written as: 𝜔𝑖𝑡 = 𝜔𝑖𝑡(𝐾𝑖𝑡, 𝑀𝑖𝑡)   𝐸𝑞. (𝐴. 3) 
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An additional assumption is that productivity follows a first-order Markov 

process: 𝜔𝑖𝑡 = 𝐸[𝜔𝑖𝑡|𝜔𝑖𝑡−1] + 𝜉𝑖𝑡    𝐸𝑞. (𝐴. 4) 
When the output is measured by logarithm value added (𝑉𝐴𝑖𝑡), the production 

function can be expressed as: 𝑉𝐴𝑖𝑡 = 𝛽0 + 𝛽𝑙𝐿𝑖𝑡 + 𝛽𝑘𝐾𝑖𝑡 + 𝜔𝑖𝑡 + 𝜂𝑖𝑡 = 𝛽𝑙𝐿𝑖𝑡 +𝜙𝑖𝑡(𝐾𝑖𝑡,𝑀𝑖𝑡) + 𝜂𝑖𝑡     𝐸𝑞. (𝐴. 5) 
where: 𝜙𝑖𝑡(𝐾𝑖𝑡, 𝑀𝑖𝑡) = 𝛽0 + 𝛽𝑘𝐾𝑖𝑡 + 𝜔𝑖𝑡(𝐾𝑖𝑡, 𝑀𝑖𝑡)   𝐸𝑞. (𝐴. 6) 

Adding a third-order polynomial in capital 𝐾𝑖𝑡 and input materials 𝑀𝑖𝑡, value 

added can be expressed as: 

𝑉𝐴𝑖𝑡 = 𝛿0 + 𝛽𝑙𝐿𝑖𝑡 +∑∑𝛿𝑏𝑐𝐾𝑖𝑡𝑏3−𝑏
𝑐=0

3
𝑏=0 𝑀𝑖𝑡𝑐 + 𝜂𝑖𝑡     𝐸𝑞. (𝐴. 7) 

This equation is estimated by two steps. The first step is an ordinary least 

squares estimation to consistently estimate labour elasticity 𝛽𝑙. The second stage 

takes the estimated 𝛽𝑙 and minimise the sample residual obtained in the first step: 

min𝛽𝑘∗ ∑(𝑉𝐴𝑖𝑡 − 𝛽𝑙̂𝐿𝑖𝑡 − 𝛽𝑘∗𝐾𝑖𝑡 − 𝐸(𝜔𝑖𝑡|𝜔𝑖𝑡−1)̂ )2𝑖𝑡     𝐸𝑞. (𝐴. 8) 
Standard errors for 𝛽𝑙̂ and 𝛽𝑘̂ are estimated using a bootstrap approach. The 

estimation follows the method suggested by Petrin, Poi and Levinsohn (2004). 
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Appendix B: Multilevel modelling vs. Linear fixed effects 

The dependent variable is measured at the firm level, while explanatory 

variables exist at both the firm and regional levels. Firms are nested within 

regions, creating a hierarchical data structure. Multilevel modeling is specifically 

designed to account for such nesting, allowing for more accurate estimation of 

effects at each level. 

Multilevel modeling correctly models hierarchical dependencies by explicitly 

model the nested structure of the data. It accounts for the non-independence of 

observations within regions, avoiding biased standard errors that can arise when 

ignoring clustering. The empirical model can be re-written as: 

𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦𝑡𝑖𝑟 = 𝛽0 + 𝛽1𝑥𝑡𝑖𝑟 + 𝛽2𝑧𝑡𝑟⏟            𝐹𝑖𝑥𝑒𝑑 𝑝𝑎𝑟𝑡 + 𝑣𝑟 + 𝑢𝑖𝑟 + 𝑒𝑡𝑖𝑟⏟        𝑅𝑎𝑛𝑑𝑜𝑚 𝑝𝑎𝑟𝑡  

𝑣𝑟~𝑁(0, 𝜎𝑣2 ) 𝑢𝑖𝑟~𝑁(0, 𝜎𝑢2 ) 𝑒𝑡𝑖𝑟~𝑁(0, 𝜎𝑒2 ) 
where 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦𝑡𝑖𝑟  is an SME i’s productivity in time t in a NUTS-2 region r. The first 

level of the hierarchy is year t, representing each observation. Each observation is nested within 

each SME i, which is the second level of the structure. Each SME is then nested within each 

NUTS-2 region which is the third level of the structure. 𝛽0 is the overall intercept across all 

observations. 𝑥𝑡𝑖𝑟 are the firm-level predictors. 𝑧𝑡𝑟 are the region-level predictors. 𝑣𝑟, 𝑢𝑖𝑟, 
and 𝑒𝑡𝑖𝑟 are the level-3, level-2 and level-1 random effect, respectively. The random effects 

are assumed normally distributed with mean 0, and independent across units and levels. 𝜎𝑣2 

measures the extent to which an SME’s productivity varies between different NUTS-2 regions. 𝜎𝑢2 measures the extent to which SME’s productivity varies within one NUTS-2 region and 
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between different SMEs. 𝜎𝑒2 measures the extent to which each SMEs’ productivity varies 

between different years. 

Each NUTS-2 region r has their own random intercept: 𝛽0𝑟 = 𝛽0 + 𝑣𝑟 
Each SME i has its own random intercept: 𝛽0𝑖𝑟 = 𝛽0 + 𝑣𝑟+ 𝑢𝑖𝑟 
As a result, multilevel modeling enables modelling of firm-specific and region-

specific intercepts, capturing unobserved heterogeneity across regions more 

flexibly than fixed effects. It accounts for the fact that region-level variables affect 

all firms in that region, and adjusts standard errors accordingly. 

By comparison, a standard panel fixed effects regression assumes: 

𝑦𝑡𝑖𝑟 = 𝛽0 + 𝛽1𝑥𝑡𝑖 + 𝛽2𝑧𝑟 + 𝜀𝑡𝑖 
which treats all observations as independent, ignoring the fact that SMEs within 

the same NUTS-2 region share context. 

Mathematically, in a standard fixed effects regression model, we assume: 

𝐶𝑜𝑣(𝜀𝑖𝑗 , 𝜀𝑖′𝑗′) = 0 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖 ≠ 𝑖′, 𝑗 ≠ 𝑗′ 
This means all residuals are independent and there is no correlation between 

SMEs, even within the same region. But in reality, SMEs within the same region 

may share unobserved characteristics: 

𝐶𝑜𝑣(𝜀𝑖𝑗, 𝜀𝑖′𝑗′) ≠ 0 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖 ≠ 𝑖′ 
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Ignoring this leads to underestimated standard errors, inflating the risk of false 

positives. 

Multilevel modeling corrects this by introducing a region-level random effect 

by explicitly estimates the intra-region correlation, adjusting standard errors 

accordingly: 

𝐶𝑜𝑣(𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦𝑖𝑗 , 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦𝑖′𝑗′) = 𝜎𝑣2 𝑓𝑜𝑟 𝑖 ≠ 𝑖′ 
Moreover, fixed effects models with panel data control for all time-invariant 

characteristics of the unit by demeaning or differencing. Panel fixed effects are 

useful for controlling for unobserved heterogeneity at the firm level, but they 

absorb all between-region variation. If region-level variables are time-invariant, it 

gets dropped from the fixed effects model because it is collinear with the fixed effect. 

However, the region-level variables in this paper are time-varying, which means 

they can be included in a firm-level fixed effects model. But even then, fixed effects 

models do not account for clustering interactions as cleanly as multilevel modelling. 
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Appendix C: Variable measurements 

Using Orbis Intellectual Property data, patent stock of each firm i is generated 

by using the perpetual inventory method (Guellec and Potterie, 2004). 𝑃𝑎𝑡𝑒𝑛𝑡_𝑠𝑡𝑜𝑐𝑘𝑖𝑡 = 𝑃𝑎𝑡𝑒𝑛𝑡_𝑓𝑙𝑜𝑤𝑖𝑡 + (1 − 𝛿) ∗ 𝑃𝑎𝑡𝑒𝑛𝑡_𝑠𝑡𝑜𝑐𝑘𝑖𝑡−1 
where 𝑃𝑎𝑡𝑒𝑛𝑡_𝑠𝑡𝑜𝑐𝑘𝑖𝑡 is the patent stock of firm i in year t; 𝑃𝑎𝑡𝑒𝑛𝑡_𝑓𝑙𝑜𝑤𝑖𝑡 is the 

number of new patents published by firm i in year t. the rate of obsolescence is 

assumed to be annually constant at 15% following the literature (Colombelli and 

Quatraro, 2019). Green patent stock is measured in a similar way. 

 

Using Orbis data, Herfindahl-Hirschman index is calculated as: 

𝐻𝐻𝐼 =∑𝑠𝑖2𝑁
𝑖=1  

where si is the market share of firm i and N is the total number of firms in the 

industry. The maximum value of the Herfindahl-Hirschman index is 1 when there 

is a single monopoly producer, while the minimum value of the Herfindahl-

Hirschman index is 1/N when the industry consists of N equal-sized firms. 
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Appendix D: Practical implications 

The smart specialisation initiative in European countries has faced criticism 

for not adequately prioritising policy support based on place-based capabilities 

(Deegan et al., 2021). Apart from Europe, there is a notable gap in corresponding 

studies for the UK, which examine how regions can identify opportunities and 

leverage existing strength to build comparative advantages.  

Our categorisation of UK NUTS2 regions is based on patent data following the 

methodology of Hidalgo and Hausmann (2009), which allows for the measurement 

of green knowledge relatedness and complexity. Policymakers can use these 

indicators to examine which green technological domains have developed revealed 

technological advantage (RTA), which domains are more related to their region’s 

existing knowledge base, and which are more complex and thus likely to generate 

higher economic returns. This approach provides a practical framework for 

identifying regional strengths and gaps in green innovation capacity. By mapping 

regions according to these dimensions, policymakers can target support toward 

developing either more related or more complex green knowledge, depending on 

the region’s position and potential. 

Drawing inspiration from Balland et al. (2019), Figure 3 illustrates the UK 

NUTS-2 regions according to their average green relatedness density for 

technological domains with RTA (i.e., RTA = 1) on the x-axis, and their average 

green knowledge complexity for technological domains that have RTA on the y-axis 

during 2013-2020. 

Regions positioned to the right of the vertical black line have developed a 

relatively high level of related green knowledge with RTA, whereas those on the 
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left lack such related knowledge. Similarly, regions above the horizontal black line 

have developed a certain degree of complex green knowledge where they have RTA, 

while those below this line lack complex green knowledge. The size of the bubbles 

represents the total number of green patents, capturing the extent of green 

patenting activities. 

Regions in the top-right quadrant exhibit relatively high green knowledge 

relatedness and complexity, with a revealed technological advantage (RTA) in 

green technologies. For instance, Berkshire, Buckinghamshire, and Oxfordshire 

(UKJ1) rank highest in both dimensions and boast a substantial number of green 

patents. It is expected to have highly productive firms. Such regions do not need 

to diversify significantly away from their current specialised green technologies. 

They also have considerable potential to specialise in new green technological 

domains, as they possess the necessary related green knowledge that serves as a 

driver for economic growth. 

Regions in the bottom-right quadrant exhibit highly related green 

technologies but lack complexity in their green knowledge. For example, Inner 

West London (UKI3) possesses a substantial number of green patents, yet its green 

knowledge structure remains relatively simple. To enhance green knowledge 

complexity and productivity, these regions could strategically invest in non-

ubiquitous green technology domains. Implementing supportive policies aimed at 

fostering such investments would be crucial in achieving these objectives. 

The top-left quadrant encompasses regions with high green knowledge 

complexity, but their green technologies are situated in relatively distant 

knowledge domains. These regions possess significant potential to enhance 
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productivity by leveraging complex green knowledge, although developing related 

green knowledge may present challenges. For regions such as North Yorkshire 

(UKE2) and West Wales and the Valleys (UKL1), which have relatively isolated 

green technological domains, productivity could be substantially increased if 

policies were implemented to encourage investment in related green technological 

domains. 

The bottom-left quadrant comprises regions with low green knowledge 

relatedness and complexity. Regions such as Leicestershire, Rutland, and 

Northamptonshire (UKF2) still have the potential to develop both dimensions, 

given the relatively large quantities of green patents produced. Overall, the 

majority of regions in this quadrant possess some degree of related green 

technologies and may enhance either complexity or relatedness to drive economic 

development. 

Figure 4 illustrates the UK NUTS-2 regions based on their average green 

relatedness density (x-axis) and their potential gain from green knowledge 

complexity (y-axis) during the period of 2013-2020. Following Pintar and 

Scherngell (2021), potential gain is defined as the ratio of the average green 

knowledge complexity index of technological domains in which the focal region has 

not yet developed specialisation (i.e., RTA = 0) to the average green knowledge 

complexity of technological domains in which the focal region has already 

demonstrated specialisation (i.e., RTA = 1). Regions above the horizontal black line 

exhibit higher potential gains. Regions to the right of the vertical black line possess 

a high level of green related knowledge. The size of the bubbles represents the total 

number of green patents, indicating the extent of green patenting activities. 

 1 

 2 

 3 

 4 

 5 

 6 

 7 

 8 

 9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

27 

28 

29 

30 

31 

32 

33 

34 

35 

36 

37 

38 

39 

40 

41 

42 

43 

44 

45 

46 

47 

48 

49 

50 

51 

52 

53 

54 

55 

56 

57 

58 

59 

60 

61 

62 

63 

64 

65 



 48 

The top-right quadrant comprises regions with considerable potential gains 

and highly related green knowledge. These regions have a significant opportunity 

to reap economic benefits. Policies could assist firms in prioritising green 

technological domains for development, requiring minimal funding due to their 

existing robust technological structure. Regions such as Outer London West and 

North (UKI7), Lancashire (UKD4), Cheshire (UKD6), and Bedfordshire and 

Hertfordshire (UKH2) fall into this category. 

The bottom-right quadrant includes regions with a low level of potential gains 

but a high level of green relatedness density. These regions do not need to diversify 

significantly from their existing technological path. Regions such as Berkshire, 

Buckinghamshire, and Oxfordshire (UKJ1), Inner London (UKI3, UKI4), and East 

Anglia (UKH2) fall into this category. 

The top-left quadrant comprises regions with high potential gains, but their 

green technological domains are relatively distant. Developing more related green 

knowledge in these regions may involve significant costs and risks. Regions such 

as Cornwall (UKK3), North Yorkshire (UKE2), and Lincolnshire (UKF3) could 

benefit from policies that encourage investment in green technological domains 

with a relatively high level of relatedness. Such policies would help mitigate risks 

while enabling these regions to capitalise on their high potential gains. 

The bottom-left quadrant includes regions with low potential gains and low 

green knowledge relatedness. Although these regions specialise in some complex 

green technological domains, these fields are relatively distant. Significant 

investment may be required to either develop related knowledge to avoid being 

locked into a few distant green technological domains or to enhance their green 
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knowledge complexity in areas where they have not yet specialised. Regions such 

as Leicestershire, Rutland, and Northamptonshire (UKF2), Outer London East 

and North East (UKI5), and North Eastern Scotland (UKM5) fall into this category. 

The classification of UK NUTS2 regions into quadrants based on green 

knowledge relatedness and complexity is not merely descriptive but is grounded in 

the empirical framework developed in this study. These typologies are constructed 

using patent-based indicators following Hidalgo and Hausmann (2009), and they 

reflect the structural characteristics of regional green technological capabilities. 

Crucially, the same measures of relatedness and complexity are used in our 

regression analysis, where we find statistically significant associations with SME 

productivity. The quadrant typology thus serves as a policy-relevant lens through 

which regional innovation potential can be interpreted. Furthermore, the 

robustness of our findings across subsample and interaction analyses reinforces 

the validity of these dimensions as predictors of firm-level outcomes. 
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Figure 3: Practical application 
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Figure 4: Potential Gain 
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Appendix E: Correlation matrix  
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) 

(1) Total factor productivity 1 
             

(2) Labour productivity  0.898  1 
            

(3) Green knowledge 
relatedness 

-0.026  -0.019  1 
           

(4) Green knowledge 
complexity 

-0.036  -0.025  0.235  1 
          

(5) Green patent stock 
share 

-0.037  -0.050  0.007  -0.007  1 
         

(6) Intangible assets 0.053  0.065  -0.002  -0.011  0.046  1 
        

(7) Firm size 0.048  -0.189  -0.118  -0.102  0.061  0.124  1 
       

(8) Firm age -0.027  -0.071  -0.026  -0.041  0.043  -0.080  0.292  1 
      

(9) Regional technological 
diversification index 

-0.033  -0.025  0.985  0.254  0.006  -0.005  -0.130  -0.032  1 
     

(10) Herfindahl index -0.240  -0.236  -0.026  -0.031  0.025  0.011  0.084  0.038  -0.025  1 
    

(11) Industry size 0.209  0.177  0.024  0.051  -0.032  -0.030  -0.069  -0.061  0.031  -0.256  1 
   

(12) Industry sales growth -0.027  -0.023  0.004  -0.026  -0.008  -0.003  0.008  -0.006  0.007  0.203  0.027  1 
  

(13) Transport (motorways 
and roads) length 
(logarithm) 

0.024  0.004  -0.044  -0.166  0.026  0.036  0.162  0.087  -0.077  0.073  -0.083  -0.005  1 
 

(14) Share of high-
technology manufacturing 
employment in total 
employment 

0.044  0.041  0.193  -0.090  0.007  0.041  0.044  0.040  0.177  0.027  -0.037  -0.014  0.545  1 
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Appendix F: Dependent variable total factor productivity: with additional 

regional control variables 

  (1) (2) (3) (4) (5) (6) 
 

All 
regions 

All 
regions 

High green 
knowledge 
relatedness 
regions 

Low green 
knowledge 
relatedness 
regions 

High green 
knowledge 
complexity 
regions 

Low green 
knowledge 
complexity 
regions 

Green Knowledge 
Spillovers 

            

Green knowledge relatedness 0.004* 0.004** -0.005 0.005 0.009** 0.005 
 

(0.002) (0.002) (0.005) (0.003) (0.004) (0.004) 

Green knowledge complexity 0.039*** 0.041*** 0.048** -0.043* 0.060** -0.138* 
 

(0.011) (0.011) (0.023) (0.022) (0.029) (0.075) 

Green knowledge relatedness * 
Green knowledge complexity 

 
0.004*** 0.018** -0.007** 0.009*** -0.012** 

  
(0.001) (0.008) (0.004) (0.003) (0.005) 

Firm Characteristics 
      

Share of green patent stock 0.002*** 0.002*** 0.002** 0.002*** 0.003*** 0.001 
 

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Intangible Assets (logarithm) 0.032*** 0.032*** 0.022*** 0.041*** 0.032*** 0.038*** 
 

(0.003) (0.003) (0.005) (0.004) (0.004) (0.004) 

Firm size (logarithm) 0.359*** 0.359*** 0.401*** 0.382*** 0.409*** 0.439*** 
 

(0.006) (0.006) (0.010) (0.007) (0.008) (0.008) 

Firm age 0.008*** 0.008*** 0.008*** 0.004*** 0.005*** 0.006*** 
 

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Region and Industry 
Control Variables 

      

Regional technological 
diversification index 

-0.006*** -0.007*** 0.000 -0.005* -0.007** -0.009*** 

 
(0.002) (0.002) (0.004) (0.003) (0.004) (0.003) 

Herfindahl-Hirschman index -0.015 -0.015 0.006 0.008 0.024 0.016 
 

(0.029) (0.029) (0.055) (0.034) (0.044) (0.045) 

Industry size 0.169*** 0.168*** 0.176*** 0.139*** 0.123*** 0.160*** 
 

(0.020) (0.020) (0.036) (0.024) (0.031) (0.029) 

Industry sales growth 0.021** 0.021** 0.046*** 0.003 0.014 0.012 
 

(0.009) (0.009) (0.017) (0.011) (0.013) (0.015) 

Transport (motorways and 
roads) length (logarithm) 

0.063 0.067 -0.059 -0.023 0.106 0.043 

 
(0.098) (0.098) (0.158) (0.075) (0.104) (0.110) 

Share of high-technology 
manufacturing employment in 
total employment 

0.008 0.005 -0.050 0.034* 0.020 -0.028 

 
(0.017) (0.017) (0.035) (0.020) (0.025) (0.028) 

Constant -1.838* -1.785* 0.078 -1.122 -2.209* -1.515 
 

(1.082) (1.085) (1.787) (0.878) (1.200) (1.274) 

Observations 82,668 82,668 35,719 46,949 38,713 43,955 

Number of groups 12 12 11 12 12 12 

Notes: (1) The dependent variable is firm-level total factor productivity. (2) Multilevel modelling 
estimation is used. (3) Year dummies and NACE2 industry dummies are included in all estimations. 
(4) *** p<0.01, ** p<0.05, * p<0.10. 
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Appendix G: Additional interaction effects with firm-level green patent stock 

 
(1) (2) (3) (4) (5) (6) (7) (8) 

 High (Low) green knowledge relatedness/complexity 
defined by above (below) median values 

High green knowledge relatedness/complexity defined by 
above 75 percentiles; Low green knowledge 
relatedness/complexity defined by below 25 percentiles 

 
High green 
knowledge 
relatedness 
regions 

Low green 
knowledge 
relatedness 
regions 

High green 
knowledge 
complexity 
regions 

Low green 
knowledge 
complexity 
regions 

High green 
knowledge 
relatedness 
regions 

Low green 
knowledge 
relatedness 
regions 

High green 
knowledge 
complexity 
regions 

Low green 
knowledge 
complexity 
regions 

Green Knowledge 
Spillovers 

        

Green knowledge relatedness -0.005 0.004 0.009** 0.004 -0.022* 0.008* 0.009 -0.000 
 

(0.005) (0.003) (0.004) (0.004) (0.011) (0.005) (0.008) (0.006) 

Green knowledge complexity 0.043* -0.044* 0.057** -0.132* 0.204*** -0.003 0.001 -0.342*** 
 

(0.023) (0.022) (0.029) (0.074) (0.036) (0.025) (0.099) (0.116) 

Green knowledge relatedness * 
Green knowledge complexity 

0.022*** -0.007* 0.009*** -0.011** 0.074*** -0.002 0.003 -0.028*** 

 
(0.008) (0.004) (0.003) (0.005) (0.018) (0.006) (0.007) (0.008) 

Share of green patent stock * 
Green knowledge relatedness * 
Green knowledge complexity 

-0.001 -0.000 -0.000 -0.000 -0.002 0.000 -0.000 0.000 

 
(0.001) (0.000) (0.000) (0.000) (0.002) (0.001) (0.000) (0.000) 

Firm Characteristics 
        

Share of green patent stock 0.002** 0.002*** 0.003*** 0.001 0.002 0.003** 0.003** 0.000 
 

(0.001) (0.001) (0.001) (0.001) (0.002) (0.001) (0.001) (0.001) 

Intangible Assets (logarithm) 0.023*** 0.041*** 0.033*** 0.040*** 0.027*** 0.037*** 0.027*** 0.041*** 
 

(0.005) (0.004) (0.004) (0.004) (0.009) (0.005) (0.008) (0.006) 

Firm size (logarithm) 0.403*** 0.383*** 0.410*** 0.441*** 0.442*** 0.412*** 0.480*** 0.499*** 
 

(0.010) (0.007) (0.008) (0.008) (0.017) (0.009) (0.013) (0.010) 

Firm age 0.008*** 0.004*** 0.005*** 0.006*** 0.007*** 0.003*** 0.005*** 0.004*** 
 

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 
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Region and Industry 
Control Variables 

        

Regional technological 
diversification index 

-0.001 -0.004 -0.007* -0.009*** 0.003 -0.005 -0.006 -0.005 

 
(0.004) (0.003) (0.003) (0.003) (0.010) (0.004) (0.007) (0.005) 

Herfindahl-Hirschman index 0.004 0.008 0.025 0.013 0.149 -0.012 0.026 0.037 
 

(0.055) (0.034) (0.044) (0.045) (0.103) (0.049) (0.081) (0.063) 

Industry size 0.178*** 0.140*** 0.123*** 0.161*** 0.217*** 0.137*** 0.180*** 0.174*** 
 

(0.036) (0.024) (0.031) (0.029) (0.059) (0.033) (0.063) (0.044) 

Industry sales growth 0.044*** 0.003 0.014 0.011 0.049 0.015 0.041* 0.019 
 

(0.017) (0.011) (0.013) (0.015) (0.031) (0.016) (0.023) (0.021) 

Constant -1.739*** -1.271*** -1.012** -1.605*** -2.373*** -1.349*** -1.925** -2.035*** 
 

(0.474) (0.305) (0.398) (0.379) (0.816) (0.422) (0.806) (0.563) 
         

Observations 35,719 46,949 38,713 43,955 16,100 24,625 16,378 25,009 

Number of groups 19 37 41 41 10 29 28 40 

Notes: (1) The dependent variable is firm-level total factor productivity. (2) Multilevel modelling estimation is used. (3) Year dummies and NACE2 
industry dummies are included in all estimations. (4) *** p<0.01, ** p<0.05, * p<0.10. 

 

  

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

27 

28 

29 

30 

31 

32 

33 

34 

35 

36 

37 

38 

39 

40 

41 

42 

43 

44 

45 

46 

47 

48 

49 

50 

51 

52 

53 

54 

55 

56 

57 

58 

59 

60 

61 

62 

63 

64 

65 



 57 

Appendix H: Additional interaction effects with firm-level intangible assets 

  (1) (2) (3) (4) (5) (6) (7) (8) 

 High (Low) green knowledge relatedness/complexity 
defined by above (below) median values 

High green knowledge relatedness/complexity 
defined by above 75 percentiles; Low green 
knowledge relatedness/complexity defined by below 
25 percentiles 

Green Knowledge Spillovers High green 
knowledge 
relatedness 
regions 

Low green 
knowledge 
relatedness 
regions 

High green 
knowledge 
complexity 
regions 

Low green 
knowledge 
complexity 
regions 

High green 
knowledge 
relatedness 
regions 

Low green 
knowledge 
relatedness 
regions 

High green 
knowledge 
complexity 
regions 

Low green 
knowledge 
complexity 
regions 

Green knowledge relatedness 0.045* -0.043* 0.056* -0.133* 0.199*** -0.003 0.002 -0.342*** 
 

(0.023) (0.022) (0.029) (0.074) (0.036) (0.025) (0.099) (0.116) 

Green knowledge complexity -0.005 0.004 0.009** 0.004 -0.021* 0.008* 0.009 -0.000 
 

(0.005) (0.003) (0.004) (0.004) (0.011) (0.005) (0.008) (0.006) 

Green knowledge relatedness * Green knowledge 
complexity 

0.021*** -0.007** 0.008** -0.011** 0.077*** -0.002 0.003 -0.027*** 

 
(0.008) (0.004) (0.003) (0.005) (0.018) (0.006) (0.007) (0.008) 

Intangible Assets * Green knowledge relatedness 
* Green knowledge complexity 

0.001 -0.001 -0.003 0.001 0.015* 0.001 -0.001 0.002 

 
(0.005) (0.002) (0.002) (0.002) (0.009) (0.004) (0.002) (0.002) 

Firm Characteristics 
   

  
    

Share of green patent stock 0.002** 0.002*** 0.003*** 0.001 0.003 0.003** 0.003** 0.000 
 

(0.001) (0.001) (0.001) (0.001) (0.002) (0.001) (0.001) (0.001) 

Intangible Assets (logarithm) 0.023*** 0.042*** 0.033*** 0.040*** 0.027*** 0.037*** 0.027*** 0.041*** 
 

(0.005) (0.004) (0.004) (0.004) (0.009) (0.005) (0.008) (0.006) 

Firm size (logarithm) 0.403*** 0.383*** 0.410*** 0.441*** 0.443*** 0.412*** 0.480*** 0.499*** 
 

(0.010) (0.007) (0.008) (0.008) (0.017) (0.009) (0.013) (0.010) 

Firm age 0.008*** 0.004*** 0.005*** 0.006*** 0.007*** 0.003*** 0.005*** 0.004*** 
 

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Region and Industry Control Variables 
   

  
    

Regional technological diversification index -0.001 -0.004 -0.007* -0.009*** 0.003 -0.005 -0.006 -0.005 
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(0.004) (0.003) (0.003) (0.003) (0.010) (0.004) (0.007) (0.005) 

Herfindahl-Hirschman index 0.004 0.008 0.026 0.013 0.154 -0.012 0.026 0.037 
 

(0.055) (0.034) (0.044) (0.045) (0.103) (0.049) (0.081) (0.063) 

Industry size 0.177*** 0.139*** 0.123*** 0.161*** 0.219*** 0.137*** 0.180*** 0.175*** 
 

(0.036) (0.024) (0.031) (0.029) (0.059) (0.033) (0.063) (0.044) 

Industry sales growth 0.044*** 0.003 0.014 0.011 0.049 0.015 0.041* 0.019 
 

(0.017) (0.011) (0.013) (0.015) (0.031) (0.016) (0.023) (0.021) 

Constant -1.721*** -1.245*** -0.993** -1.583*** -2.378*** -1.330*** -1.916** -2.020*** 
 

(0.474) (0.305) (0.398) (0.379) (0.816) (0.422) (0.806) (0.563) 
    

  
    

Observations 35,719 46,949 38,713 43,955 16,100 24,625 16,378 25,009 

Number of groups 19 37 41 41 10 29 28 40 

Notes: (1) The dependent variable is firm-level total factor productivity. (2) Multilevel modelling estimation is used. (3) Year dummies and NACE2 
industry dummies are included in all estimations. (4) *** p<0.01, ** p<0.05, * p<0.10. (5) The interactions between firms’ absorptive capacity and 
innovation intensity and green knowledge relatedness and complexity are statistically insignificant, suggesting that in our sample, firms with higher 
share of green knowledge stock or intangible assets do not derive significantly greater productivity benefits from green knowledge relatedness or 
complexity than others. It is possible that the nature of green knowledge—particularly its tacit and collaborative dimensions—makes external networks 
and regional context more influential than firm-level absorptive capacity. While this result may reflect the broad accessibility of green knowledge 
spillovers to SMEs regardless of their internal capabilities, it may also indicate limitations in our proxy measure or sample composition. We interpret 
this as a valuable insight for policy, as it implies that external green knowledge may be leveraged by a wide range of firms, not only those with high 
absorptive capacity. 
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Appendix I: Alternative dependent variable: labour productivity 

  (1) (2) (3) (4) (5) (6) 
 

All 
regions 

All 
regions 

High green 
knowledge 
relatedness 
regions 

Low green 
knowledge 
relatedness 
regions 

High green 
knowledge 
complexity 
regions 

Low green 
knowledge 
complexity 
regions 

Green Knowledge 
Spillovers 

      

Green knowledge relatedness 0.004* 0.004* -0.003 0.002 0.007* 0.005 
 

(0.002) (0.002) (0.004) (0.003) (0.004) (0.003) 

Green knowledge complexity 0.022** 0.023** 0.023 -0.036* 0.028 -0.077 
 

(0.010) (0.010) (0.020) (0.021) (0.027) (0.067) 

Green knowledge relatedness * 
Green knowledge complexity 

 
0.003*** 0.018*** -0.004 0.002 -0.006 

  
(0.001) (0.007) (0.004) (0.003) (0.005) 

Firm Characteristics 
      

Share of green patent stock 0.001** 0.001** 0.001 0.002** 0.002** 0.000 
 

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Intangible Assets (logarithm) 0.076*** 0.076*** 0.062*** 0.090*** 0.083*** 0.081*** 
 

(0.003) (0.003) (0.005) (0.003) (0.004) (0.004) 

Firm size (logarithm) -0.189*** -0.189*** -0.142*** -0.173*** -0.130*** -0.116*** 
 

(0.005) (0.005) (0.009) (0.006) (0.007) (0.007) 

Firm age 0.009*** 0.009*** 0.009*** 0.006*** 0.007*** 0.007*** 
 

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Region and Industry 
Control Variables 

      

Regional technological 
diversification index 

-0.005** -0.005*** -0.000 -0.001 -0.005 -0.008*** 

 
(0.002) (0.002) (0.003) (0.003) (0.003) (0.003) 

Herfindahl-Hirschman index 0.043 0.043 -0.006 0.105*** 0.110*** 0.047 
 

(0.027) (0.027) (0.048) (0.033) (0.042) (0.041) 

Industry size 0.136*** 0.135*** 0.178*** 0.083*** 0.108*** 0.130*** 
 

(0.018) (0.018) (0.031) (0.023) (0.029) (0.026) 

Industry sales growth 0.037*** 0.037*** 0.056*** 0.024** 0.041*** 0.030** 
 

(0.008) (0.008) (0.015) (0.010) (0.013) (0.013) 

Constant 0.308 0.380 -0.343 0.893*** 0.545 0.282 
 

(0.236) (0.238) (0.416) (0.292) (0.378) (0.341) 
       

Observations 82,668 82,668 35,719 46,949 38,713 43,955 

Number of groups 41 41 19 37 41 41 

Notes: (1) The dependent variable is firm-level labour productivity proxied by value added per 
employee in logarithm form. (2) Multilevel modelling estimation is used. (3) Year dummies and 
NACE2 industry dummies are included in all estimations. (4) *** p<0.01, ** p<0.05, * p<0.10. 
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Appendix J: Dependent variable labour productivity: with additional regional 

control variables 

  (1) (2) (3) (4) (5) (6) 
 

All 
regions 

All 
regions 

High green 
knowledge 
relatedness 
regions 

Low green 
knowledge 
relatedness 
regions 

High green 
knowledge 
complexity 
regions 

Low green 
knowledge 
complexity 
regions 

Green Knowledge 
Spillovers 

      

Green knowledge relatedness 0.003* 0.003* -0.003 0.002 0.006* 0.006* 
 

(0.002) (0.002) (0.004) (0.003) (0.004) (0.003) 

Green knowledge complexity 0.023** 0.024** 0.026 -0.039* 0.024 -0.102 
 

(0.010) (0.010) (0.020) (0.021) (0.028) (0.067) 

Green knowledge relatedness * 
Green knowledge complexity 

 
0.003*** 0.016** -0.004 0.002 -0.008 

  
(0.001) (0.007) (0.004) (0.003) (0.005) 

Firm Characteristics 
      

Share of green patent stock 0.001** 0.001** 0.001 0.002** 0.002** 0.000 
 

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Intangible Assets (logarithm) 0.074*** 0.074*** 0.059*** 0.090*** 0.083*** 0.078*** 
 

(0.003) (0.003) (0.005) (0.003) (0.004) (0.004) 

Firm size (logarithm) -0.190*** -0.190*** -0.144*** -0.174*** -0.132*** -0.118*** 
 

(0.005) (0.005) (0.009) (0.006) (0.007) (0.007) 

Firm age 0.009*** 0.009*** 0.009*** 0.006*** 0.007*** 0.007*** 
 

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Region and Industry 
Control Variables 

      

Regional technological 
diversification index 

-0.004** -0.004** 0.001 -0.001 -0.005 -0.009*** 

 
(0.002) (0.002) (0.004) (0.003) (0.003) (0.003) 

Herfindahl-Hirschman index 0.046* 0.046* 0.001 0.105*** 0.108*** 0.054 
 

(0.027) (0.027) (0.048) (0.033) (0.042) (0.041) 

Industry size 0.135*** 0.134*** 0.177*** 0.082*** 0.108*** 0.129*** 
 

(0.018) (0.018) (0.031) (0.023) (0.029) (0.026) 

Industry sales growth 0.037*** 0.037*** 0.058*** 0.023** 0.040*** 0.031** 
 

(0.008) (0.008) (0.015) (0.010) (0.013) (0.013) 

Transport (motorways and 
roads) length (logarithm) 

0.042 0.045 -0.087 -0.004 0.088 0.022 

 
(0.088) (0.088) (0.140) (0.064) (0.092) (0.099) 

Share of high-technology 
manufacturing employment in 
total employment 

-0.016 -0.019 -0.022 -0.018 -0.000 -0.079*** 

 
(0.015) (0.015) (0.031) (0.019) (0.024) (0.025) 

Constant 0.289 0.329 1.514 1.098 -0.259 0.741 
 

(0.971) (0.973) (1.578) (0.769) (1.076) (1.139) 

Observations 82,668 82,668 35,719 46,949 38,713 43,955 

Number of groups 12 12 11 12 12 12 

Notes: (1) The dependent variable is firm-level labour productivity. (2) Multilevel modelling 
estimation is used. (3) Year dummies and NACE2 industry dummies are included in all estimations. 
(4) *** p<0.01, ** p<0.05, * p<0.10.
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