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Introduction

The circular economy (CE) is a major building 
block for transitioning toward more environmen-
tally sustainable economies. Reaching the target of 
net-zero emissions in fact requires to urgently 
switch from the linear paradigm based on “take, 
make, dispose” to a circular one based on “reduce, 
reuse, recycle, and recover.” This transition entails 
different strategies, practices, and behaviors by 
both consumers and firms, which are also and 

above all enabled by technological innovations for 
circularity, or CE innovations (Engez et al., 2021; 
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Piscitello et al., 2026). Consistently with the Oslo 
Manual (OECD and Eurostat 2018), these CE inno-
vations could be of different kinds, including both 
technological and non-technological (like organi-
zational or marketing innovations), with the latter 
encompassing CE innovations in the firms’ busi-
ness model, like the case of the “pay-per-use” busi-
ness model (Urbinati et  al., 2017). However, 
available data (as we will see, patent data) enable 
us to carry out systematic analyses only with 
respect to technological CE innovations, amount-
ing to new products and processes encapsulating 
characteristics that reflect one or more of the dis-
tinguishing pillars of the CE: such as, for exam-
ple, new products designed to last longer and 
return to circulation, and material efficiency 
improvements to reduce the use of primary raw 
materials. While the spectrum of CE innovations 
is wider and encompasses complementary non-
technological innovations, the implementation of 
CE practices in the real economy of production 
and consumption crucially relies on technological 
advancements. New products and processes repre-
sent the tangible means through which circular 
principles are operationalized—from design for 
durability and reparability to material substitution 
and efficiency improvements. Technological CE 
innovations thus play a foundational role in ena-
bling the systemic shift required by the CE, pro-
viding the core functionalities around which 
organizational, business model, and behavioral 
changes can be built.

An extensive literature on the geography of envi-
ronmental innovation indicates that different regional 
factors contribute to an uneven geography of innova-
tions with a favorable environmental impact, with 
some regions exhibiting better conditions than oth-
ers for developing this special kind of innovations 
(Losacker et al., 2023). This is apparently so also for 
CE innovations, whose geographical analysis is, 
however, still at an incipient stage. Economic geog-
raphy, particularly in its evolutionary variant, has 
only recently begun addressing the CE and its ena-
bling innovations, highlighting the critical influence 
of local factors such as proximity, territorial govern-
ance, and collaborative networks (Bourdin and 
Torre, 2025). Within this stream of research, recent 

studies have shown the relevance of the kinds of 
knowledge that constitute the knowledge base of 
regions (Chembessi et al., 2024; Fusillo et al., 2024; 
Gonçalves et al., 2022; Meili et al., 2024). Indeed, 
following the recombinant innovation theory at the 
regional level (Asheim, 2007; Asheim and Coenen, 
2005), new regional technologies can be claimed to 
emerge through recombinations of local existing 
knowledge, whose features thus represent a crucial 
determinant for their emergence. Among these, in 
the recent research about the geography of the so-
called “twin transition,” the local endowment of 
green and digital knowledge has appeared to be rel-
evant for CE innovations (Fusillo et  al., 2024). 
However, other aspects and characteristics of the 
knowledge base on which regional innovation sys-
tems draw (Asheim and Coenen, 2005) can be 
deemed important in understanding their capacity 
for developing CE innovations, and their analysis is 
still unexplored. Among these factors, little, if any, 
attention has been given so far to the type of knowl-
edge with which regions are endowed and to how 
this shapes their local capabilities to generate new 
CE innovations through the recombination of their 
existing knowledge base. In particular, the extent to 
which regional knowledge bases are differentially 
structured to support product versus process types of 
CE innovation has remained largely underexplored.

This is unfortunate as neglecting the distinction 
between product and process knowledge overlooks 
critical factors shaping how CE innovations are 
implemented locally. Regions with innovation 
knowledge of a more product kind may limited to 
focus on the development of durable, repairable, 
and circularly designed goods, for reducing 
resource inputs and extending product lifecycles. 
On the other hand, regions prioritizing innovations 
in the process domain can have more chances to 
engage in the wide and crucial set of CE innova-
tions that pertain to operational efficiency, waste 
management, and resource reuse. However, 
research rarely distinguishes between process and 
product knowledge when explaining regional dif-
ferences in CE innovation.

In this paper, we address this gap and contribute 
to the growing body of research on the geography of 
CE innovation in at least two aspects. First, we add 
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to the extant literature about the regional mapping of 
CE by proposing a more granular way of detecting 
CE innovations across regional technologies. To do 
that, we develop and utilize a unique patent dataset 
that captures patents related to the CE. Unlike other 
studies, this patent dataset does not rely on existing 
technology classes to identify CE content. Instead, it 
uses a machine learning approach, classifying pat-
ents as related to the CE based on the abstract texts 
(following Kriesch and Losacker, 2024), moving 
beyond the shortcomings of conventional rule-based 
approaches to identify CE in patent data (Manera 
and Quatraro, 2025; Modic et  al., 2021; Rainville 
et al., 2025). This approach enables a highly granular 
research design, allowing for both cross-regional 
comparisons of the overall share of CE patents and 
the examination of regional differences in the distri-
bution of CE patents across specific technological 
fields. In brief, our CE patent identification strategy 
enables us to ascertain the extent to which the 
unfolding of CE innovations is localized in some 
regional technologies rather than others. Indeed, we 
find significant variation in the share of CE patents 
in several technology fields between regions, indi-
cating that the transition to a CE in these fields 
unfolds heterogeneously between them. The share of 
CE content in the patent stock of a region–technol-
ogy observation will serve as the dependent variable 
in our study. Importantly, focusing on region–tech-
nology pairs allows us to disentangle two distinct 
sources of heterogeneity: (i) cross-regional differ-
ences in overall technological specialization and (ii) 
within-technology differences in the composition of 
the knowledge base mobilized by regions. In partic-
ular, by examining the balance between product- and 
process-oriented knowledge within the same techno-
logical field across regions, we can assess whether 
differences in CE innovation are associated not sim-
ply with the presence of certain technologies in a 
region, but also with the way knowledge is struc-
tured and deployed within those technologies. This 
design, therefore, enables us to isolate compositional 
effects in the knowledge base from pure technologi-
cal specialization effects.

The second contribution of this paper relates to 
the regional knowledge base conditions associated 
with new CE technologies. By addressing the gap 

we have detected above, we add to previous studies 
by focusing on two types of knowledge available in 
the region: knowledge related to the invention of 
novel products (product knowledge) and knowl-
edge related to the invention of new production 
processes (process knowledge). The relevance of 
these different types of knowledge has been dis-
cussed extensively in innovation studies, at least 
since the seminal work by Utterback and Abernathy 
(1975). However, despite some recent classifica-
tory schemes (Engez et al., 2021), their relationship 
to the CE has not yet been explored. By reflecting 
on the inner characteristics of the patterns through 
which the CE unfolds, we maintain that the regional 
balance between process and product knowledge 
could be an important correlate of the emergence of 
new local CE technologies. More precisely, since 
the concept of the CE primarily revolves around 
transformations in production processes, we posit 
that a robust regional knowledge base in process 
innovation is positively associated with higher lev-
els of CE-related innovation.

From an empirical point of view, we detect this 
balance by utilizing a novel dataset on the identifica-
tion of product and process patents (Heinrich et al., 
2022) and design our main independent variable as 
the region–technology-specific incidence of process 
knowledge. We then test our hypothesized relation-
ship using various regression designs on a  
comprehensive dataset covering region–technology 
observations in Europe (NUTS2 regions, CPC three-
digit technologies) over the period 1980–2016.

Our findings support the hypothesis that a higher 
share of process knowledge in a region pertaining to 
a particular technology field is associated with a 
higher share of CE patents in that technology field 
within the region. The findings of our study are 
important for better understanding the (uneven) 
geography of CE innovation and the regional knowl-
edge base conditions associated with it, aiding poli-
cymakers in supporting the transition to a CE in 
European regions.

The remainder of this paper is structured as fol-
lows. In the section “Background literature,” we pro-
vide a review of the emerging literature on the 
geography of the CE and its innovations, and we pre-
sent arguments as to why different types of regional 
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knowledge, namely process or product knowledge, 
are associated with the invention of CE technolo-
gies. In the section “Empirical analysis,” we describe 
in detail the data used for this study and how we 
identify CE inventions from patent abstracts using a 
machine learning approach. We also elaborate on the 
econometric strategy in this section. In the section 
“Empirical results,” we present the main results of 
the paper and discuss our main hypothesis. Section 
“Conclusions” concludes this paper.

Background literature

The geography of the CE and its 
innovations

Against the backdrop of pressing environmental 
concerns, including climate change, waste pollution, 
and resource depletion, there is growing awareness 
of the potential of a CE to mitigate these issues. The 
concept of a CE has been discussed in scholarly lit-
erature in and across various disciplines for several 
years, though its definition and understanding vary 
(Kirchherr et al., 2017, 2023). Among the different 
approaches, in this paper, we adopt a technological 
understanding of the CE, omitting its more societal 
and systemic aspects. We adopt this approach for 
two interconnected reasons. First, we recognize that, 
as recent empirical studies suggest (IEA, 2020), a 
significant portion of the environmental targets set 
for 2050 relies on the development of new green and 
CE technologies that are yet to be created. Second, 
our approach is driven by the way we operationalize 
the concept of the CE for our empirical analysis.

Following the sensu stricto definition of the CE, 
as outlined by Bocken et  al. (2016) and Moraga 
et al. (2019), we distinguish the CE from the linear 
economy by two key characteristics: slowing and 
closing resource loops. “Slowing” refers to the 
design of long-life goods and product-life exten-
sion, such as service loops to extend a product’s life 
through repair or remanufacturing. This results in 
the extension and/or intensification of the utiliza-
tion period of products, thereby slowing the flow of 
resources. “Closing” occurs when the loop between 
post-use and production is closed, creating a circu-
lar flow of resources. In this process, waste flows are 

transformed into secondary resources. This defini-
tion specifically focuses on the technological cycle 
of resources.

Given that the CE also includes the rationale of 
localized resource flows and territorial governance 
systems for that to happen, a growing body of 
research on the CE has emerged within economic 
geography, regional studies, and related fields (for 
an overview, see Bourdin and Torre, 2025). From a 
conceptual point of view, the regional dimension of 
the CE has been theorized by connecting its working 
principles with those underlying different approaches 
in regional studies, such as the knowledge base, the 
regional system of innovation, and the proximity 
schools (Bourdin et  al., 2022; Chembessi et  al., 
2024; Fromhold-Eisebith, 2024; Tapia et al., 2021). 
On this basis, empirical studies about the unfolding 
of the CE at the territorial level have been growing, 
enriching our understanding of factors such as col-
lective circular practices, industrial symbiosis, 
closed resource loops, and other spatial factors in the 
implementation of the CE. Some of these studies 
have exploited detailed case studies, like for exam-
ple that by Gonçalves et al. (2022), which highlights 
how collective methanization projects in France rely 
heavily on territorial governance structures and 
inter-firm cooperation, underscoring the importance 
of local coordination and embeddedness for success-
ful CE implementation; or the recent study by 
Fromhold-Eisebith (2024), which shows that 
addressing CE challenges within regional innovation 
systems in Germany requires not only technological 
capabilities but also institutional adaptability and 
cross-sectoral collaboration.

Exploiting the recent increase in the availability 
of relevant data, empirical research is also advancing 
in the systematic quantitative measurement and 
mapping of the CE at the regional level, thereby 
offering broader insights into its geographical 
dimension. In a recent study among firms in France's 
chemical sector, Arfaoui et al. (2024) show that col-
laborating with partners considered to be geographi-
cally close is positively correlated with the intensity 
of CE practices, with some nuances in the types of 
CE practices. Again, for the French case, but focus-
ing on firm and employment growth, Niang et  al. 
(2024) highlight that the number of companies in the 



Cicerone et al.	 5

CE is mainly concentrated in metropolitan areas, 
leading to an uneven geography of CE activities. 
Using a novel database on regional European 
funds and text-mining techniques, Barbero et  al. 
(2025) find that the share of EU funds allocated to 
CE projects reveals an uneven geography and that 
factors such as institutional quality, employment 
levels, human capital, and income help explain the 
regional concentration of CE-related R&D fund-
ing. Moreover, their analysis highlights differ-
ences in EU financing between technology- and 
CE-oriented projects. In a recent paper, Platon 
et al. (2024) provide evidence of a fragmented dis-
tribution of CE performance across EU regions, 
showing that while some regions lead in certain 
CE indicators—such as recycling rates or CE 
investments—they lag in others, revealing an une-
ven and multidimensional regional landscape of 
CE development.

Besides these findings and more important for the 
empirical analysis in this paper, there are also a few 
recent studies that investigate technological innova-
tion in the CE, exploring its (regional) drivers. In a 
recent study, Fusillo et  al. (2021) used technology 
classes to identify CE inventions in patent data and 
showed that CE inventions tend to be concentrated 
in the higher-performing regions of central Europe, 
while CE relative specialization is highly fragmented 
and appears stronger in more peripheral regions. In a 
related study, the same authors examine the relation-
ship between local knowledge bases and recombi-
nant dynamics in CE technologies (Fusillo et  al., 
2024). By referring to citations of CE patents across 
regions, they demonstrate that both green and digital 
complementary localized capabilities are crucial 
drivers of regional recombinant activities around CE 
technologies, highlighting that the local knowledge 
base plays a key role in regional differences in the 
transition toward the CE. Based on survey data from 
Swiss firms, Meili et  al. (2024) study the role of 
regional CE knowledge in the implementation of CE 
innovations in firms. They find that firms located in 
regions with more CE knowledge are, on average, 
more likely to introduce CE innovations.

However, the number of studies investigating 
regional CE innovations quantitatively remains lim-
ited. This lack of (quantitative) research may be 

attributed to the scarcity of systematic data and 
appropriate indicators for CE innovations, which 
span all economic sectors and industries, making it 
challenging to utilize administrative data for meas-
urement. Indeed, standard indicators and classifica-
tion systems may fall short in accurately capturing 
circular activities, a challenge that we will address in 
the section “Empirical analysis.” This shortage of 
studies has meant that important aspects of the geo-
graphical distribution of CE innovations remain 
underexplored—particularly the regional differenti-
ation between process and product knowledge, 
which we address in the following section.

A regional differentiation of process and 
product knowledge

In innovation studies, researchers often distinguish 
between two types of technological innovations: 
technological product innovations and technological 
process innovations. As the operationalization of this 
distinction in measuring innovation concretely 
reveals (see the Oslo Manual by OECD and Eurostat, 
2018), technological product innovation is a new 
product with technological characteristics or 
intended uses that differ significantly from those of 
previously produced products. Such innovations 
may involve the development of entirely new tech-
nologies, the novel combination of existing technol-
ogies with new applications, or the application of 
new knowledge. In contrast, technological process 
innovation refers to the introduction of technologi-
cally new or significantly improved production 
(business) methods. These methods may involve 
changes in equipment, production organization, or a 
combination of both, often derived from the applica-
tion of new knowledge. Process innovations are 
typically aimed at producing or delivering techno-
logically advanced or improved products that cannot 
be created or provided using conventional produc-
tion methods (OECD and Eurostat, 2018).1

The distinction between product and process 
innovations is fundamental for understanding tech-
nological life cycles and technological change. In 
their seminal study, Utterback and Abernathy (1975) 
described the stylized dynamics of such life cycles. 
They observed that product innovations tend to 



6	 European Urban and Regional Studies 00(0)

dominate the early stages of a life cycle, as firms 
compete by introducing a variety of new products. 
As technologies mature, competition increasingly 
shifts toward price, and product changes become 
incremental. At this stage, competitive pressure 
drives firms to reduce production costs, often lead-
ing to the introduction of process innovations to 
remain competitive and access mass markets. The 
distinction at stake is also pivotal in the seminal 
paper by Anderson and Tushman (1990), where 
product innovations locate in the occasion of techno-
logical discontinuities, while process ones follow the 
advent of a dominant design (i.e., a technological 
standard). At the firm level, product and process 
innovations have a different timing and, what is 
more, require different capabilities and strategies 
that make the firms’ size and market structure differ-
ently relevant (Argente et al., 2020).

While process and product innovation, along with 
the knowledge required to develop such innovations, 
have been studied extensively in the economics of 
innovation literature (Damanpour, 2010; Fritsch and 
Meschede, 2001; Hullova et  al., 2016; Reichstein 
and Salter, 2006),2 they have received comparatively 
little attention in geographical innovation research. 
In this research field, early studies at the meso level 
pointed out that regional variations in product and 
process innovation entail different patterns of 
regional development (Oakey et  al., 1982). More 
recent studies at the micro level have explored the 
different (regional) drivers influencing the introduc-
tion of product versus process innovations at the 
firm level (Fitjar and Rodríguez-Pose, 2013). 
However, to our knowledge, no geographical 
research so far has mapped and examined the impact 
of the regional balance of product over process inno-
vations on the subsequent local development of spe-
cific technologies, like those related to the CE. This 
represents a significant research gap regarding the 
(likely uneven) geography of innovation in general 
and, for the sake of our paper, the geography of CE 
innovations, which we aim at filling.

In general terms, the existence of regional differ-
ences in the tendency of local innovators to intro-
duce either product or process innovations can be 
accounted for by considering that regional knowl-
edge bases are heterogeneous and vary in terms of 

the knowledge required to develop novel products 
(product knowledge) versus novel processes (pro-
cess knowledge). This idea can be traced back to the 
seminal concept of differentiated regional knowl-
edge bases, as introduced by Asheim and Coenen 
(2005), where the distinction between product and 
process knowledge, to which we have referred 
above, is however missing. The standard knowledge 
base approach identifies three epistemologically dis-
tinct and largely independent forms of knowledge 
creation that are deemed relevant to innovation pro-
cesses in general: analytical knowledge, synthetic 
knowledge, and symbolic knowledge. In brief, ana-
lytical knowledge is produced through scientific 
methods and is characterized by its universal, 
abstract, and largely codified nature. It often involves 
collaborations with universities and research insti-
tutes. Synthetic knowledge, on the other hand, is 
derived from the application or combination of exist-
ing knowledge, typically through interactive learn-
ing with customers or suppliers, and is highly tacit 
and context-specific. Symbolic knowledge, in con-
trast, is rooted in creative processes within project 
teams and is crucial for generating meaning, desire, 
and aesthetic qualities. It is intangible and highly 
context-dependent. Following the regional knowl-
edge base approach, the regional mix of these three 
kinds of knowledge can also help explain spatial dif-
ferences in innovation dynamics: for example, 
regions that are more oriented toward analytical 
knowledge—such as those with strong university 
and research infrastructures—may tend to specialize 
in product innovations, whereas regions relying on 
synthetic knowledge—such as those with robust 
engineering traditions and strong user–producer 
linkages—may display a comparative advantage in 
process innovations. As a result, the regional balance 
between product and process innovation can be 
interpreted as reflecting the underlying nature of 
regional knowledge bases.

However, the previous approach neglects the fact 
that, in several cases, like that of the CE, innovation 
is likely to rely on different types of knowledge that 
are less region-specific and instead differ with 
respect to their prospected technological application, 
such as a new product or a new technological pro-
cess. Rather than region-specific—such as 
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the distinction between analytical, synthetic, and 
symbolic knowledge—this kind of heterogeneity is 
arguably finer grained and technology-specific, as it 
relates to the properties of the knowledge base that, 
together with those of technological opportunities, 
appropriability, and cumulativeness, constitute a 
“technological regime” (Breschi et al., 2000). In this 
respect, the distinction between product- and pro-
cess-oriented knowledge reflects not merely a 
regional characteristic, but a structural feature of the 
knowledge regime within a given technological 
field. Product knowledge typically relates to the gen-
eration of new artifacts and functionalities, while 
process knowledge concerns improvements in pro-
duction methods, resource efficiency, and system 
integration. In the context of CE innovation, where 
the optimization of material flows, recycling pro-
cesses, and circular production systems is central, 
process-oriented knowledge may play a particularly 
critical role. Crucially, the relative balance between 
product and process knowledge can vary across 
regions even within the same technological domain, 
depending on regional firms’ capabilities, industrial 
organization, and local green policy stringency. It is, 
therefore, theoretically meaningful to examine this 
balance at the technology–region level, rather than 
exclusively at the aggregate regional level, as the 
same technology may embody different knowledge 
structures across regional contexts.

The regime of certain technologies can be made 
up of knowledge that is typically used in forging new 
products rather than new processes.3 As with the 
other features of a technological regime, this feature 
of the knowledge base also affects the trajectory 
along which a technology develops and the features 
of its inventive outcomes, such as their degree of 
novelty and, above all, their sphere of application, 
for example, to the CE. As we will argue more exten-
sively in the following section, irrespective of the 
regional balance among analytical, synthetic, and 
symbolic knowledge—and the associated propensity 
to develop product versus process innovations that 
may arise from it—CE innovations tend to rely on a 
technological regime whose knowledge content is 
predominantly process-based rather than product-
based. This is because CE innovations mainly aim to 
redesign or optimize how resources, materials, and 

energy flows are managed throughout the production 
and consumption cycle. They typically involve the 
reconfiguration of existing processes—such as waste 
recovery, reuse, recycling, or substitution of raw 
materials—rather than the creation of entirely new 
end products. For example, improving material effi-
ciency, introducing modular repair systems, or ena-
bling closed-loop production chains requires deep 
knowledge of industrial processes, systems integra-
tion, and operational routines, all of which fall under 
the domain of process knowledge. Accordingly, our 
expectation is that regions where, across different 
technologies, the balance between product and pro-
cess knowledge for CE innovation is more in favor 
of the latter reveal a higher capacity to innovate in 
the CE realm across the same technologies.

CE innovations in-between regional 
product and process knowledge

As we have previously argued, CE innovations 
exhibit a heterogeneous nature, encompassing both 
the product and process spheres. CE innovations can 
involve the creation of products that are easier to 
repair or recycle, which reduce resource inputs, and 
extend product lifecycles. These innovations contrib-
ute to the CE by minimizing waste and enhancing the 
longevity of products, aligning with the principles of 
reducing, reusing, and recycling. For instance, 
designing products for disassembly and recycling, 
using durable materials, and incorporating modular 
components are all examples of product-centric CE 
innovations (Engez et  al., 2021). However, innova-
tions that are more directly capable of facilitating the 
transition from a linear to a CE model are typically 
process-oriented and involve optimizing production 
and operational processes to enhance resource effi-
ciency, reduce waste, and enable the reuse of materi-
als. Examples include advanced recycling 
technologies, sustainable supply chain management, 
and energy-efficient manufacturing processes.

Unlike product CE innovations, whose circular 
impact is generally limited to specific market seg-
ments and customer categories, CE process innova-
tions are capable to transform entire industrial 
systems by creating more closed-loop processes for 
materials and products (Kiefer et al., 2021). Indeed, 
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the effect of CE process innovations extends beyond 
specific products or sectors by reshaping the founda-
tional processes within entire industrial ecosystems. 
These innovations do not merely alter the character-
istics of individual products but lead to systemic 
changes in the ways materials are sourced, used, and 
reused across various industries. They influence the 
interactions between different stakeholders—such as 
manufacturers, suppliers, and consumers—and pro-
mote more integrated approaches to managing 
resources and waste. Across regions, and acknowl-
edging the uneven geographical distribution of the 
CE, CE innovations of a process-oriented nature 
align more closely with what Bourdin and Torre 
(2025) describe as “Territorial Circular Ecosystems.” 
Indeed, they define these ecosystems as “integrated 
and dynamic networks of actors (such as companies, 
public authorities, research organizations, non-gov-
ernmental organizations (NGOs), and citizens), and 
processes (like eco-design, recovery, recycling, and 
reuse) that foster economic circularity rooted within 
the territory” (p. 9, emphasis added).

Given their pivotal role in the unfolding of the 
CE, our expectation is that regions where, across dif-
ferent technologies (see section “A regional differen-
tiation of process and product knowledge”), the 
balance between product and process knowledge for 
CE innovation is more in favor of the latter, reveal a 
higher capacity to innovate in the CE realm. This is 
the main hypothesis of our work, which we test with 
the empirical analysis illustrated in the following 
section. Importantly, this argument does not imply 
that product knowledge is irrelevant for CE innova-
tion. Our main claim is not that process knowledge 
universally dominates product knowledge in this 
domain. Rather, because many CE solutions depend 
on the reconfiguration of production processes, 
material flows, and resource-use systems, we claim 
that process-oriented knowledge is a particularly rel-
evant component of regional technological knowl-
edge bases for CE innovation.

Empirical analysis

Data

For the empirical part of the paper, we combine two 
original datasets. Both datasets are based on patents, 

a key indicator for studying knowledge and innova-
tion (Griliches, 1990). The first dataset is a patent 
dataset that includes information on whether a patent 
relates to the CE. The second dataset, also focused 
on patents, distinguishes between product inventions 
and process inventions. We will use the first dataset 
to create the dependent variable and the second data-
set to create the main independent variable of inter-
est for this study.

The dataset on CE patents used in this study was 
created using a natural language processing approach 
to identify whether, by reading its abstract, a patent 
relates to the CE. Previous studies that have used 
patent data to examine CE innovations have typi-
cally relied on technology codes, keyword searches, 
or a combination of both to identify CE technologies 
(for an overview, see Manera and Quatraro, 2025; 
Modic et al., 2021; Rainville et al., 2025). However, 
these so-called rule-based approaches have several 
limitations, as the CE spans all technology fields, 
making it difficult to accurately identify CE inven-
tions using such methods. As a result, previous stud-
ies are likely to present an incomplete picture of the 
CE patent landscape. In contrast, we argue that CE 
inventions can be identified from the patent descrip-
tions provided in the patent abstracts, which contain 
valuable information about the purpose of the tech-
nology, its benefits, and its fields of application. As 
such, our identification approach is based on all 
English-language patents taken from the PATSTAT 
2022 Spring Edition over the period 1980–2020 and 
closely follows the process outlined by Kriesch and 
Losacker (2024). We manually labeled a training set 
of 1592 patent abstracts according to a sensu stricto 
CE definition focused on inventions that enable 
slowing and/or closing resource loops (Bocken et al., 
2016; Moraga et al., 2019). The manual annotation 
was conducted by two researchers familiar with CE 
concepts and patent-based innovation research. The 
labeled dataset was constructed iteratively, starting 
from Y02W patents as likely CE candidates and sub-
sequently expanding the data with non-CE compari-
son patents, low-margin cases, and manually 
relabeled cases. The final dataset contained 625 CE 
and 967 non-CE abstracts. The details of the identi-
fication process we used are illustrated in Appendix 
B. After testing the performance of different machine 
learning models, we selected “PatentSBERTa” as the 
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final model to flag CE patents. The trained classifier 
was evaluated using a 50% test set and achieved an 
accuracy of 88.7%, a precision of 83.9%, a recall of 
88.8%, and an F1 score of 86.3%, indicating strong 
overall performance. Post-prediction analysis of the 
entire dataset revealed that approximately 6.85% of 
all patents were classified as CE patents.

During the most recent decades covered by our 
analysis (1995–2015),4 the majority of CE patents 
were found in the following technology classes: B09 
(Disposal of solid waste; reclamation of contami-
nated soil), C05 (Fertilizers), C02 (Water treatment; 
water supply), F03 (Machines or engines for liquids; 
non positive displacement machines), and C13 
(Sugar; starch; and their derivatives; processing 
thereof).5

Figure 1 shows the change in the share of CE pat-
ents for the top five CPC technologies over the same 
period. All of them show a stable or increasing pat-
tern until 2005–2008 with a marked decline after-
wards with only technologies in engines remaining 

at levels higher than the 1995 level. This is in line 
with the changing focus of CE technologies, which 
have increasingly focused on other technologies 
than those in the figure—like electric generation 
(H02) and the emergence of digital and cross-sector 
enablers (Y04)—in an attempt to move from waste 
disposal to reduce, recycle, and reuse, which is a CE 
imperative (Kirchherr et al., 2017, 2023).

In addition to the improvements in classification 
accuracy, our dataset on CE patents offers a key 
advantage over previous attempts to identify them 
from a geographical perspective. Specifically, our 
dataset enables not only the mapping of the share of 
CE patents at the regional level, but also an assess-
ment of how this share varies within different tech-
nology fields at the regional level. This is consistent 
with our understanding of the nature of the regional 
knowledge base for CE inventions, which we have 
illustrated in the previous section. From an empirical 
point of view, this is a significant advantage over 
prior studies, as it captures important nuances in the 

Figure 1.  Change in the share of CE patents for top five CPC technologies at three digits, 1995–2015. Top CPC 
technologies are selected according to the average share of CE patents in the pre-period (before 1995). The change 
is relative to the pre-period. Due to the discrete nature of patent variables, all values are 5-year moving averages.
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geographical distribution of CE patents that were 
detected by them. As shown in Figure 2, when the 
focus is on regional differences in the share of CE 
patents relative to all patents (map A), we observe 
slight regional variations. For example, regions such 
as Algarve, Portugal, had no CE patents during the 
study period, resulting in a share of 0%. In contrast, 
regions with a high share of CE patents include 
Midtjylland (20.4%) and Syddanmark (18.7%) in 
Denmark, among others. While some of these differ-
ences can be explained by the distinct technological 
and industrial specializations of regions, we argue 
that another factor is at play. Specifically, we find 
that the share of CE patents also varies within tech-
nology fields at the regional level. Figure 2 (map B), 
for instance, illustrates the share of CE inventions 
within the technology field Y02 (Technologies or 
applications for mitigation or adaptation against 

climate change). As shown, there are significant 
regional differences in the role of CE inventions 
within the same technology field. We can also 
observe that the share of CE patents in Y02 is con-
siderably higher than the share of CE patents among 
all patents.

Figure 3 shows the dynamics of CE patent share 
for the top five NUTS 2 regions, with the highest 
share of CE patents up to 1995. These regions com-
prise regions located in Denmark, Greece, Slovakia, 
and Spain. Notably, Central Denmark and Navarre 
region in Spain showed marked increases in the 
share of CE patents starting from 2007, following 
regional ad hoc policies to spur the CE.6 However, a 
limitation of our approach is that patent-based meas-
ures may not fully reflect CE activity in practice. 
Inventions can be deployed for circular purposes 
without this being explicitly described in the patent 

Figure 2.  Share of CE patents in NUTS-2 regions, 1980–2016: (Map A) CE share among all patents and (Map B) CE 
share among Y02 patents. Blank regions indicate either a lack of data or fewer than five patents. The upper limit of 
the scale is based on the rounded highest value in the respective data subset.



Cicerone et al.	 11

abstract, and many circular strategies (e.g., organiza-
tional, service-based, or incremental process 
changes) may not be patented at all. Accordingly, 
cross-country and regional differences in CE patent-
ing derived from our classifier should be interpreted 
as differences in patented CE-related inventions 
rather than as a complete measure of CE implemen-
tation. Compared to rule-based identification using 
selected CPC codes (e.g., Y02W) or keyword 
searches (Modic et al., 2021; Rainville et al., 2025), 
our text-based classifier is intended to capture CE 
inventions across a broader technology space, but it 
may yield distributions that differ from code-based 
measures because it relies on how circularity is artic-
ulated in abstracts rather than on pre-defined classi-
fication boundaries. The results of our analysis align 
with those of a recent, similar NLP approach to iden-
tifying CE patents, both in terms of geographical dis-
tribution and differences across technology classes 
(see Manera and Quatraro, 2025).

Moving to the second dataset of our analysis, this 
was created and published by Heinrich et al. (2022). 
The authors developed a methodology to distinguish 
between patents that protect process inventions and 
those that protect product inventions, with the key 
argument that process and product inventions stem 
from different types of knowledge. In their approach, 
they use a keyword search to analyze patent claims, 
flagging them as relating to either a process inven-
tion or a product invention. They then compute the 
share of claims on a patent that relate to either type 
of invention, categorizing patents as process-related, 
product-related, or mixed. Their data, which exam-
ine claim texts from EPO and USPTO patents 
between 1980 and 2016—thus setting 2016 as the 
upper temporal boundary of our analysis—show that 
the share of claims related to processes is signifi-
cantly smaller than that related to products. At the 
same time, the number of mixed patents, involving 
both process and product claims, has increased over 

Figure 3.  Change in the share of CE patents for top five NUTS2 regions, 1995–2015. Top NUTS 2 regions are 
selected according to the average share of CE patents in the pre-period (before 1995). The change is relative to the 
pre-period. Due to the discrete nature of patent variables, all values are 5-year moving averages.
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time. They attribute this to the growing complexity 
in creating inventions. Additionally, they show that 
the share of process claims differs considerably 
between technology fields.

In Figure 4, we present the share of process pat-
ents by region for the period 1980–2016, calculated 
as the average process share of all patents within a 
region. In Map A, we display the process share 
among all patents, while in Map B, we show the pro-
cess share among Y02 patents. Similar to Figure 2, 
Figure 4 also reveals two key observations: first, 
there is regional variation in the share of process 
knowledge across European regions; and second, 
and more relevant for our study, there is regional 
variation within technology fields. Additionally, the 
share of process knowledge in Y02 is, on average, 
higher than the share of process knowledge among 
all patents, though this pattern does not necessarily 
hold for every region.

In summary, we have two original datasets: the 
CE patent dataset, spanning from 1980 to 2020, on 
the one hand, and the process patent dataset, span-
ning from 1980 to 2016, on the other hand. For the 
econometric analysis, which we will describe in 
more detail in the next section, we aggregate and 
merge both datasets with respect to the period 1980–
2016. Specifically, we merge both datasets and 
aggregate them to the regional level by technology, 
using geographic information about the patent inven-
tors. More precisely, we assign each patent to an 
NUTS-2 region in Europe, using full patent counts in 
cases where a patent has multiple inventors. We then 
aggregate the data to the technology–region–year 
level, allowing us to compute the dependent variable 
as the share of CE patents in a specific technology 
field, by region and year. We do the same for the 
independent variable, computing the share of pro-
cess patent claims in a specific technology field, by 

Figure 4.  Share of process patents in NUTS-2 regions, 1980–2016: (a) process share among all patents and (b) 
process share among Y02 patents. Blank regions indicate either a lack of data or fewer than five patents. The upper 
limit of the scale is based on the rounded highest value in the respective data subset.
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region and year. Similar to related studies, in order to 
account for the cumulative nature of knowledge pro-
duction and to smooth outliers, we compute a 5-year 
moving sum when aggregating patents. Thus, for 
year t0, we consider all patents from years t−4 to t0.

Figure 5 provides a schematic representation of 
the whole data processing pipeline. Our final dataset 
consists of 290,025 (out of a potential 1,340,288) 
technology–region–year observations, covering 128 

three-digit CPC technology fields, 283 NUTS-2 
regions, and 37 years from 1980 to 2016. The sample 
used in the regressions is smaller than the full dataset 
employed to calculate moving sums, as not all 
regions record patents in every technology field each 
year. Moreover, we excluded any region–technol-
ogy–year combination with fewer than five patents 
in the 5-year moving sum, following similar 
studies.

Methodology

To investigate the relationship between process 
knowledge and CE innovation, we estimate the fol-
lowing high-dimensional fixed effects linear model:

ce proc share

C
rkt
m

rkt

rt r k t rkt

( ) _

.

� �

� � � � � �

� �

� � � � �
0 1 	 (1)

In this model, cerkt
m� � represents CE innovations in 

region r , technology k , and year t . The superscript 
m indicates the measurement used for the depend-
ent variable. Specifically, we consider two alterna-
tive measures: cerkt

count� � , measuring the number of 
CE patents in region–technology–year cells; and 
cerkt

share� �, corresponding to the share of CE patents 
over total patents at the same level of analysis. We 
estimate equation (1) separately for each specifica-
tion of (m). Namely, we start from the count speci-
fication to assess the direct relationship between 
process-related knowledge and the absolute scale 
of CE inventive activity. We then consider the share 
specification to capture possible portfolio recom-
position toward CE technologies within regional 
technological portfolios.

As for the other variables of equation (1), 
proc sharerkt_  denotes the focal regressor of our 
study: the share of process knowledge within the 
regional–technology–year knowledge base. The 
vector ( )Crt  includes control variables at the region-
year level to account for broader regional character-
istics, with ( )Γ  as the associated coefficient vector. 
The model incorporates fixed effects to control for 
unobserved heterogeneity: µr  accounts for unob-
served time-invariant regional characteristics, λk  
captures technology-specific factors, and τt  controls 
for year-specific effects; in a stricter specification of 
the model, we also include a rich set of 

Figure 5.  Data processing pipeline.
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region–technology fixed effects, which control for 
different technological specializations across 
regions. Finally, εrkt  denotes the independent error 
term. Standard errors are clustered at the regional 
NUTS2 level.

The previous two specifications of equation (1) 
allow us to isolate the association between CE inno-
vation cerkt

m( )� � and the share of process knowledge 

that characterizes a certain regional technology 
proc sharerkt_� �. In other words, our baseline speci-

fication reflects our research interest in the knowl-
edge intensity of inventive activity rather than in its 
absolute scale. In particular, the share variable of 
process knowledge (patents) captures whether 
regions whose technological portfolios are more 
strongly oriented toward process knowledge tend to 
generate relatively more CE innovations. Using 
shares allows us to abstract from scale effects in pat-
enting activity. Nevertheless, to ensure that our 
results are not driven by the specific operationaliza-
tion of the knowledge base, Table A3 reports addi-
tional estimates in which CE patenting is regressed 
on the sheer number of process and product patents 
per regional technology, allowing us to assess their 
individual contributions. The results confirm the 
qualitative pattern of the baseline findings.

While accounting for unobserved region, technol-
ogy, and time effects, to identify the net effect of 
proc_share on ce(m),7 in equation (1), we control for 
several regional characteristics, using data whose 
availability reduces the estimation window from the 
full baseline period (1980–2016) to 1999–2016. 
Following related research, we first account for the 
socioeconomic factors of regions, which shape both 
demand- and supply-side incentives for CE solu-
tions. For instance, affluent regions may have 
stronger regulatory pressures and consumer demand 
for CE, while economically weaker areas may lack 
the absorptive capacity to adopt or develop CE inno-
vations. By sourcing data from Eurostat and 
Cambridge Econometrics, we thus include regional 
GDP per capita (gdp_pc) and regional unemploy-
ment rates (unemp). Higher GDP per capita can 
reflect greater financial and institutional capacity to 
invest in complex green technologies like those 
related to CE (Barbieri et  al., 2020). Conversely, 
regional unemployment may signal structural 

economic weaknesses or social priorities that reduce 
attention and resources devoted to sustainability-
driven innovation like CE ones.

We also control for the industry and technoeco-
nomic structure of regions in different respect. First, 
we include the share of employees in manufacturing 
(manuf), which are particularly exposed to resource 
use, waste generation, and regulatory pressure linked 
to the CE. Second, agglomeration economies, which 
have been found to be relevant also in the context of 
the CE (Pan et al., 2024), are accounted for by includ-
ing a variable that captures regional population den-
sity (pop_dens). Third, we explicitly control for the 
innovation capabilities of regions, which is of course 
a key enabling factor for the development and diffu-
sion of CE-related technologies, by including the pat-
ent stock (calculated using a 5-year moving window) 
at the region–technology level (inno_stock).

Finally, to retain the crucial role of environmental 
regulations in the development of CE patents, we 
include a variable based on the EUPRO dataset 
(Scherngell et  al., 2024) that captures the share of 
EU-funded R&D projects dedicated to green pur-
poses across regions (green_funds). However, since 
this dataset does not cover all countries in our sam-
ple (e.g., the United Kingdom, Switzerland, and 
Norway), it is not used in the main model but 
included as a robustness check.

Tables A1 and A2 report descriptive statistics for 
all variables and the relative correlation matrix, 
respectively.

Empirical results

Main results

The results of the baseline model, in which CE inno-
vations are proxied with the count of CE patents, are 
reported in Table 1. As expected, in the first specifi-
cation (Column 1), we find a positive and significant 
correlation between the share of process knowledge 
on which regional technologies rely and the number 
of CE inventions developed across them. This sup-
ports our expectation that process-related knowledge 
is a key correlate of CE innovation at the region–
technology level. Indeed, CE solutions mainly 
require the redesign of production processes, the 
optimization of material and energy flows, and the 
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development of more resource-efficient manufactur-
ing systems. In this perspective, a knowledge base 
oriented toward process innovation appears closely 
aligned with CE inventive activities and with pro-
duction models aimed at replacing linear “take–
make–dispose” systems with more circular modes of 
production. Despite their generally lower incidence 
across regional technologies (see Figure 4), the 
development of CE innovations draws on the gain of 
new knowledge of a process kind, suggesting that 
the science and technology policy support to CE 
technologies should also address the typology, and 
not only, the size, of regional inventive efforts.

This key result remains robust when including 
regional, technology, and year fixed effects (Column 
2). When adding control variables (Column 3), the 
number of observations decreases slightly due to the 
lack of data for a few regions and the adjusted time 
frame. Regarding their effects, we find that the share 
of employees in manufacturing industries is posi-
tively associated with a higher count of CE innova-
tions at the regional level, indicating that CE 
innovations are more likely to emerge in industrial 
regions. In contrast, GDP and population density, 
used as a control for the level of economic develop-
ment and of agglomeration economies, turn out to be 
insignificant. These findings suggest that CE inno-
vation is primarily rooted in regions with a strong 
industrial base rather than in large and developed 
metropolitan areas. This is consistent with the idea 
that many CE solutions originate from the reconfigu-
ration of production processes and industrial sys-
tems, rather than from urban-scale agglomeration 
dynamics. Conversely, the stock of local innovation 
capabilities at the region–technology level is posi-
tively associated with the number of CE innovations, 
suggesting that their development rely on pre-exist-
ing regional technological competences. Column 4 
includes the share of EU R&D funding related to 
green purposes to account for the influence of gov-
ernmental support for environmentally friendly 
research, but this variable also remains insignificant. 
Additionally, in this model, the number of observa-
tions decreases further due to the lack of data for the 
United Kingdom, Switzerland, and Norway. In con-
clusion, it should be noted that the coefficient of CE 
(counted) patent share remains positive and 

statistically significant even after including a rich set 
of region–technology fixed effects that control for 
different technological specializations across regions 
(Column 5).

Table 2 reports the estimates of equation (1) when 
the share of CE patents is used as dependent varia-
ble, to capture possible portfolio recomposition 
toward CE technologies within regional technologi-
cal portfolios.

The share of process knowledge across regional 
technologies keeps on correlating significantly and 
positively with that of CE patents, even in the most 
stringent of the specifications, with regional technol-
ogy fixed effects (Column 5). This finding reinforces 
our idea that a stronger orientation toward process 
knowledge is systematically associated with a 
greater relative importance of CE inventions within 
regional technological portfolios. On the other hand, 
most of the controls lose the significance they 
showed in the previous specification (Table 1). This 
pattern is consistent with the different nature of the 
dependent variables. While CE patent counts reflect 
the absolute scale of CE inventive activity, the share 
specification captures portfolio composition. 
Variables such as the regional stock of patents and 
the manufacturing employment share are likely to 
raise patenting activity more broadly (including non-
CE patents), so their effect may largely cancel out 
when CE patenting is expressed relative to total pat-
enting. In the share specifications—especially when 
including stringent region–technology fixed 
effects—these controls therefore lose explanatory 
power, whereas the orientation of the knowledge 
base toward process innovation remains systemati-
cally associated with CE specialization.

All in all, the hypothesis we put forward is sup-
ported by our empirical analysis. The intensity of 
process knowledge characterizing regional technolo-
gies is robustly associated with their propensity to 
develop CE innovations, which often rely on the 
redesign of production processes underlying circular 
production models.

Robustness checks

To verify the validity of our econometric results, we 
conducted different robustness checks, including 
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testing different model specifications, whose results 
are reported in Appendix A.

When the absolute number of process and prod-
uct patents across regional technologies is included 
as predictors of the number of CE inventions (Table 
A3), our main findings are confirmed. Both types of 
knowledge are positively and significantly associ-
ated with CE patenting, indicating that circular inno-
vations build upon broader local technological 
capabilities across the board. Importantly, process 
patents remain significantly associated with CE pat-
enting even when product patents are simultaneously 
accounted for. This supports our interpretation that 
process-oriented knowledge is a particularly rele-
vant correlate of CE innovation, without implying 
that product-oriented knowledge is irrelevant.

Our main result is confirmed when the baseline 
model—regressing the number of CE patents on the 
share of process knowledge across technologies—is 
estimated using a Poisson pseudo-maximum likeli-
hood (PPML) estimator. Given the count nature of 
the dependent variable, this specification is particu-
larly suitable for modeling patent counts. As shown 
in Table A4, proc sharerkt_  remains positive and 
statistically significant across all specifications, 
including the most stringent one.

As an additional robustness check, we also repli-
cate the baseline analysis by aggregating patent data 
at the regional level. While our preferred specifica-
tion exploits the region–technology dimension to 
account for technological heterogeneity across 
regional portfolios, the regional-level estimates 
allow us to verify that the relationship between pro-
cess-oriented knowledge and CE innovation is not 
driven by the specific technological composition of 
regions. Reassuringly, the results obtained at the 
regional level confirm the qualitative pattern of our 
baseline findings. Across all specifications reported 
in Table A5—using OLS estimators (Columns 1 and 
2) and a PPML estimator (Columns 3 and 4), both in 
weighted and unweighted versions to account for 
differences in the size of regional technological port-
folios—the coefficient associated with 
proc sharerkt_  remains positive and statistically 

significant. This stability indicates that the relation-
ship between the orientation of regional technologi-
cal portfolios toward process knowledge and the 

generation of CE innovations is not sensitive to the 
estimation method or to alternative model specifica-
tions. In other words, regions whose technological 
portfolios are more strongly oriented toward process 
innovation consistently display a higher propensity 
to generate CE inventions.

Finally, in a set of unreported estimates,8 we also 
tested the robustness of our main result to alternative 
specifications of the focal variables. Specifically, we 
varied the moving window approach (using 3 or 
4 years instead of 5), ran regressions with subsets of 
the data by altering the study period and excluding 
individual countries, tested multiple transformations 
of the variables, included the lagged value of our 
main explanatory variable and controls to tackle 
potential reverse causality (see Note 7 for a more 
detailed explanation), and changed the unit of analy-
sis to one-digit technology fields. The main results 
presented above remain robust to these changes and 
confirm the main insight of our study. Regions with 
knowledge bases predominantly focused on process-
oriented technologies demonstrate a greater ten-
dency to foster CE innovation within those 
technological domains.

Conclusions

In most recent years, the CE has gained prominence 
as a critical component in the transition toward net-
zero emission targets. This green transition requires 
a fundamental shift from a linear “take, make, dis-
pose” model to one based on “reduce, reuse, recycle, 
and recover.” In this context, technological innova-
tions for circularity, or CE innovations, play a piv-
otal role, involving new products and processes that 
integrate characteristics such as material efficiency 
improvements, extended product lifecycles, and 
designs for disassembly (Engez et al., 2021).

Despite the growing interest in the geography of 
environmental innovation, the analysis of CE inno-
vations at the regional level remains nascent 
(Losacker et al., 2023). Economic geography, espe-
cially in its evolutionary strand, has only recently 
begun exploring the CE and its enabling technolo-
gies, by highlighting the crucial influence of local 
factors like proximity, territorial governance, and 
collaborative networks (Bourdin and Torre, 2025). 
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However, the specific role of the regional knowledge 
base of regions for their CE innovations remains still 
underexplored. This research addresses this gap by 
investigating how the composition of regional 
knowledge bases influences the regional propensity 
for CE innovation by examining for the first time the 
role of product versus process knowledge in them. 
By integrating the literature on knowledge bases of 
regional innovation systems (Asheim, 2007; Asheim 
and Coenen, 2005) with that on technological 
regimes (Breschi et al., 2000), we argue that technol-
ogy specificities in the regional knowledge bases 
should be carefully considered. Indeed, the extent to 
which technology-specific knowledge is more viable 
for product than for process innovations is an impor-
tant aspect to retain in predicting its novelty and 
domains of application, also and above all to the CE 
innovation realm. In this last respect, we argue that 
the distinctive characteristics of the CE and of its 
enabling technological innovations entail that 
regions whose technologies are more heavily rooted 
in process-oriented knowledge are more likely to 
display higher levels of innovations aligned with CE 
principles. Indeed, CE solutions mainly require the 
redesign of production processes, the optimization 
of material and energy flows, and the development 
of more resource-efficient manufacturing systems, 
all of which are intensive of a process kind of 
knowledge.

By combining a novel dataset of CE patents—
identified using advanced machine learning tech-
niques—with a recent database distinguishing 
between product and process patent claims (Heinrich 
et al., 2022), and georeferencing the resulting data, 
we are able to identify regional technologies draw-
ing on product versus process knowledge. This 
approach allows us to examine the relationship 
between the prevalence of process-oriented technol-
ogies and regional CE innovations, for a comprehen-
sive set of region–technology observations across 
European regions (NUTS2 regions, CPC three-digit 
technologies) from 1980 to 2016.

Our findings demonstrate a positive and signifi-
cant correlation between the share of process knowl-
edge within regional technologies and the count and 
share of CE innovations at the same level of analy-
sis. This robust result, validated through multiple 

checks, highlights that regions with a higher propor-
tion of process-oriented knowledge across their 
technologies are more likely to display higher CE 
innovation intensity. Importantly, our argument is 
not that product knowledge is irrelevant, but that 
process-oriented knowledge constitutes a particu-
larly relevant component of regional technological 
knowledge bases for CE innovation.

This paper contributes to the existing literature 
in different respects. First, it enriches the extant 
evidence of the CE innovation geography by offer-
ing a new and detailed map of its distribution at 
both regional and technological levels. Second, it 
advances the investigation of the determinants of 
CE innovation geography by integrating the analy-
sis of the regional knowledge base with that of the 
balance between product and process knowledge 
within its composition. This perspective provides a 
nuanced understanding of the interplay between 
regional knowledge characteristics and CE innova-
tion potential. Beyond the econometric contribu-
tion, this paper provides a transparent text-based 
approach to identifying CE patents at scale, moving 
beyond CPC-code and keyword-only strategies 
(Modic et  al., 2021; Rainville et  al., 2025), and 
complementing similar approaches (Manera and 
Quatraro, 2025).

The results of this study underscore important 
policy implications for fostering CE innovation. 
At the outset, our findings highlight the need for 
a regionalized approach to CE innovation policy, 
ensuring that interventions align with the specific 
knowledge strengths and industrial contexts of 
different regions. More precisely, policymakers 
should not solely prioritize the scale of CE inven-
tive activities within regions but also pay close 
attention to the nature and composition of the 
knowledge base associated with these innova-
tions. The differentiation between product- and 
process-oriented knowledge is crucial, as regions 
with a robust base of process knowledge exhibit 
unique strengths in implementing innovations 
that could foster operational efficiency, waste 
reduction, and resource reuse, which are key ele-
ments of the CE. By addressing both the quantity 
and quality of inventive efforts, policymakers can 
more effectively facilitate the transition to a CE 
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while maximizing regional potentials for 
innovation.

Despite these contributions, our study has limita-
tions. First, our patent-based measure captures pat-
ented CE-related technological inventions, not the 
broader universe of CE practices and implementa-
tion. Many circular activities, including organiza-
tional innovations, business-model changes, and 
process improvements, may not be patented or may 
not be explicitly identifiable from patent abstracts. 
The results should, therefore, be interpreted as evi-
dence on the geography of patentable CE inventions 
rather than as a comprehensive measure of CE inno-
vations. Second, the scope of our dataset is limited to 
European regions, which may restrict the generaliza-
bility of our findings to other contexts. Additionally, 
while our estimation strategy controls for time invari-
ant factors and we have controlled for a range of rel-
evant time-varying factors, other unobserved 
time-varying variables might still influence our 
results. Future research could explore in greater depth 
the role of institutional factors, such as regulatory 
frameworks or public policy, in fostering CE innova-
tions across different regional settings. Moreover, 
expanding the dataset to include non-European coun-
tries would provide a broader view of the global 
geography of CE innovations and the roles played by 
different types of regional knowledge.
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Notes

1.	 Although distinguishing between product and pro-
cess innovation offers a useful heuristic for studying 
different types of innovation from a theoretical per-
spective, many real-world technological innovations 
are a combination of both (Heinrich et al., 2022).

2.	 In the same literature, the distinction between prod-
uct and process innovation is also crucial to disentan-
gle the employment effects of technological change 
(Arenas Díaz et al., 2024).

3.	 Smartphone technology, for example, relies on 
advancements in materials science (e.g., flexible 
screens), microelectronics, and software engineer-
ing that are amenable to introduce entirely new fea-
tures or products. Conversely, other technologies 
might find prevalent application in developing new 
processes. The technology for 3D Printing (Additive 
Manufacturing), for example, integrates principles 
from engineering, materials science, and automation 
to enhance how objects are manufactured, rather than 
focusing on the final product itself.

4.	 As we will see, although the CE patent dataset cov-
ers a longer temporal span, merging it with the other 
focal dataset required us to focus the main analysis on 
the period 1980–2016.

5.	 A more comprehensive list of the top 20 CPC sub-
classes with the corresponding share of CE patents is 
provided in Table B1.

6.	 See https://navarrazirkular.es/ and http://climate-
buildings.dk/vestenskov.php
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7.	 We acknowledge that reverse causality could be a 
concern in our analysis; however, we contend that it 
is unlikely to bias our estimates. First, there are strong 
theoretical grounds for anticipating that the share of 
process technologies developed in a region drives 
the number of CE patents, rather than vice versa. CE 
technologies are still under development, and their 
associated scale is considerably smaller than that of 
mainstream process-technology developments (e.g., 
automation or Industry 4.0 innovations). Hence, 
while process-technology measures may encompass 
a minor fraction of CE patents, they predominantly 
capture broader technological advances from the 
recent past. Second, to show potential indications of 
reverse causality, we conducted a robustness check 
by incorporating a 1-year lag of our principal explan-
atory variable (and all controls). The (unreported) 
results—available from the authors upon request—
corroborate our principal findings, suggesting no 
meaningful attenuation of the estimated effect.

8.	 Available from the authors upon request.
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Table A2.  Correlation matrix.

ce_cnt ce_sh proc_cnt prod_cnt proc_sh inno_
stock

green_
funds

gdp_pc pop_
dens

unemp

ce_sh 0.27***  
proc_cnt 0.53*** −0.02***  
prod_cnt 0.47*** −0.06*** 0.80***  
proc_sh 0.10*** 0.24*** 0.15*** −0.03***  
inno_stock 0.49*** −0.05*** 0.89*** 0.96*** 0.03***  
green_funds −0.03*** −0.06*** −0.04*** −0.04*** 0.03*** −0.01***  
gdp_pc 0.05*** −0.06*** 0.09*** 0.10*** 0.05*** 0.12*** 0.21***  
pop_dens −0.01*** −0.03*** 0.01*** 0.00 0.03*** 0.01*** −0.04*** 0.41***  
unemp 0.09*** 0.04*** 0.09*** 0.10*** 0.01*** 0.10*** 0.02*** −0.09*** 0.06***  
manuf 0.04*** 0.00 0.03*** 0.08*** −0.09*** 0.06*** −0.17*** −0.33*** −0.32*** −0.13***

*p < 0.05. **p < 0.01. ***p < 0.001.
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Table A5.  CE innovations (share of CE patents) and share of process knowledge: Regional estimates.

Dependent variable: 
ce share( )

(1) OLS (2) OLS_w (3) PPML (4) PPML_w

proc_share 0.1095** (0.0353) 0.1125** (0.0365) 1.7939*** (0.5437) 1.7959** (0.5523)
green_funds 0.0046 (0.0024) 0.0016 (0.0016) 0.1291** (0.0468) 0.0748* (0.0324)
inno_stock −0.0096 (0.0164) −0.0201 (0.0143) −0.3319 (0.2990) −0.4017 (0.3099)
gdp_pc 0.0122* (0.0057) 0.0028 (0.0066) 0.0399 (0.0991) −0.0829 (0.1196)
pop_dens −0.0042 (0.0096) −0.0092 (0.0149) −0.1620 (0.1735) −0.1805 (0.2710)
unemp 0.0056* (0.0022) 0.0014 (0.0021) 0.0686** (0.0235) 0.0497* (0.0235)
manuf 0.0038 (0.0046) 0.0014 (0.0036) 0.1036 (0.0792) 0.0884 (0.0616)
Control A 1.5810*** (0.2030) 1.2615*** (0.1465) 19.0323*** (2.1597) 16.1780*** (1.8657)
Herfindahl Index 0.0002 (0.0756) 0.0059 (0.0726) −0.1705 (0.8759) −0.0422 (0.9057)
Region FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Num. obs. 3149 3149 3109 3109
R2 0.6453 0.6867  
N (year) 18 18 18 18
N (regions) 210 210 201 201
Deviance 36.6816 705.5804
Log Likelihood −586.3 −24252.2
Pseudo R2 −0.3179 0.1486

Note. Both the share of CE patents (ce_share) and the share of process knowledge (proc_share) are aggregated across all technolo-
gies within each region. The number of observations varies depending on data availability and variable inclusion and generally refers 
to the period 1999–2016. Models (1) and (2) are estimated using OLS, while Models (3) and (4) use a PPML estimator. Models (2) 
and (4) are weighted by the innovation stock at the region-year level. Regional regressions include controls for the composition 
of regional technological portfolios: (i) Control A, computed as the sample-average CE share in each technology field and weighted 
by the technological composition of the region’s patent portfolio and (ii) a Herfindahl index capturing the degree of technological 
diversification of the regional patent portfolio. Standard errors clustered at the regional level are reported in parentheses. 95% 
Confidence intervals in parentheses.
PPML: Poisson pseudo-maximum likelihood.
*p < 0.05. **p < 0.01. ***p < 0.001.

Appendix B

Circular economy patents
The process we used to identify CE patents began by 
training a sentence-transformer model using the 
SetFit library (Tunstall et al., 2022). SetFit utilizes 
pre-existing large language models and fine-tunes 
them for specific tasks, employing a contrastive 
learning approach (Reimers and Gurevych, 2019) 
that is particularly well-suited for few-shot learning 
settings with limited labeled data. Transformer mod-
els have demonstrated considerable success in patent 
classification, outperforming keyword-based meth-
ods and other machine learning models, and the 

effectiveness of fine-tuning depends heavily on the 
careful selection of training data, which is crucial 
both for optimizing the model for the specific task 
and for evaluating its predictive performance, espe-
cially in patent landscaping (Abood and Feltenberger, 
2018; Kriesch and Losacker, 2024). The manually 
labeled dataset used for classifier training was con-
structed iteratively. In a first step, we started from 
patents assigned to the CPC class Y02W, which cov-
ers climate-change mitigation technologies related 
to wastewater treatment or waste management. We 
used this class as an entry point because it contains a 
high concentration of patents that are likely to be rel-
evant to the CE. However, the labeled dataset was 
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not restricted to Y02W. Since the CE cuts across a 
broad range of technological fields, relying only on 
predefined CPC classes would risk reproducing the 
limitations of rule-based identification approaches. 
We, therefore, complemented the Y02W-based can-
didate set with non-CE comparison patents and addi-
tional patent abstracts from outside this class. 
Building on this initial set, we expanded the labeled 
data through additional manual labeling rounds. 
These included second-round CE and non-CE exam-
ples, low-margin cases identified during classifier 
development, and relabeled cases after manual 
inspection. Low-margin cases refer to patent 
abstracts for which a preliminary classifier produced 
uncertain predictions and which were, therefore, 
particularly informative for refining the classifica-
tion boundary. The final labeled dataset used for 
model training contained 1592 patent abstracts, of 
which 625 were labeled as CE and 967 as non-CE. 
The final number of labeled abstracts was, therefore, 
not determined ex ante, but resulted from the itera-
tive annotation procedure. More specifically, the ini-
tial labeled dataset contained 1374 patent abstracts, 
consisting of 531 CE and 843 non-CE patents. This 
initial dataset was then expanded with 59 manually 
labeled low-margin cases, of which 13 were labeled 
as CE and 46 as non-CE, and 159 additional rela-
beled cases, of which 81 were labeled as CE and 78 
as non-CE. The final labeled dataset used for model 
training, therefore, contained 1592 patent abstracts 
in total, including 625 CE and 967 non-CE patents.

All manual labels were assigned at the abstract 
level according to a sensu stricto definition of the 
CE drawing on Bocken et  al. (2016) and Moraga 
et al. (2019). The manual annotation was conducted 
by two researchers familiar with CE concepts and 
patent-based innovation research; ambiguous cases 
were discussed and resolved jointly. In this defini-
tion, the CE is distinguished from the linear econ-
omy by two key characteristics: slowing and closing 
resource loops. Slowing refers to the design of long-
life goods and product-life extension, such as service 
loops that extend a product’s life through repair or 
remanufacturing, thereby extending and/or intensi-
fying the utilization period of products and slowing 
resource throughput. Closing occurs when the loop 
between post-use and production is closed, creating 

a circular flow of resources in which linear waste 
flows are transformed into secondary resources; this 
definition focuses specifically on the technological 
cycle of resources. We provide anchor examples in 
Table A4.

Following the creation of comprehensive and rep-
resentative training and test datasets, we evaluated 
alternative pretrained encoders for the sentence-
transformer backbone. In particular, we tested the 
open-source model BAAI/bge-base-en-v1.5, which 
is highlighted in the context of the Massive Text 
Embedding Benchmark (Muennighoff et al., 2023), 
and compared it with PatentSBERTa, a model pre-
trained on patent data (Bekamiri et al., 2024). After 
testing different model types, PatentSBERTa was 
chosen as the final model for identifying CE patents. 
The chosen model was fine-tuned on the manually 
labeled dataset described above, and its performance 
was assessed using a 50% test set.

The trained classifier achieved an accuracy of 
88.7%, a precision of 83.9%, a recall of 88.8%, and 
an F1 score of 86.3% on the 50% test set. These 
results indicate good overall classification perfor-
mance, with the model performing particularly well 
in identifying CE patents while maintaining a mod-
erate level of false-positive classifications. We 
selected the final model based on the overall balance 
between precision and recall, as reflected in the F1 
score, rather than maximizing one metric in isola-
tion. This choice reflects the nature of the classifica-
tion task. Since CE patents are not confined to a 
small number of technology classes and circularity is 
often expressed indirectly in patent abstracts, a 
strongly precision-oriented strategy would reduce 
false positives but could also systematically omit rel-
evant CE inventions outside conventional CE-related 
technological domains. Conversely, a purely recall-
oriented strategy would capture more relevant CE 
patents but would risk inflating the number of false 
positives. The chosen model, therefore, represents a 
balanced compromise, with a slightly recall-oriented 
performance that is appropriate for identifying a 
broad and cross-cutting technological phenomenon 
such as the CE.

After training, we applied the classifier to 
approximately 68 million English-language patent 
abstracts from PATSTAT and classified patents 
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into CE and non-CE categories. Post-prediction 
on the full dataset revealed that approximately 
4.64 million patents, corresponding to about 
6.85% of all scored patents, were categorized as 
CE patents. As a plausibility check on the techno-
logical profile of the resulting CE patent set, the 
classified patents span a wide range of CPC 
classes, with pronounced emphasis on classes 

related to waste separation and treatment and a 
sizable presence in climate-change mitigation 
technologies (see Table A3).

The results of our analysis align with those of a 
recent, similar NLP approach to identifying CE pat-
ents, both in terms of geographical distribution and 
differences across technology classes (see Manera 
and Quatraro, 2025; Table B2).

Table B1.  Top 20 CPC subclasses according to the average share of CE patents, period 1995–2015.

CPC code CPC subclass title Mean share of CE patents

B09 Disposal of solid waste; reclamation of contaminated soil 0.43
C05 Fertilizers 0.41
C02 Water treatment; water supply 0.36
F03 Machines or engines for liquids; non-positive-displacement machines 0.29
C13 Sugar; starch; and their derivatives; processing thereof 0.27
B03 Separating solids from solids; classification 0.22
F26 Drying 0.20
D21 Paper-making; production of cellulose 0.17
C10 Petroleum, gas or coke industry; technical gases containing carbon 

monoxide; fuels
0.13

F25 Refrigeration or cooling 0.13
F22 Production of mechanical power; engines in general 0.13
F05 Machines or engines not otherwise provided for in F01–F04 0.12
B01 Physical or chemical processes or apparatus in general 0.12
B31 Making or breaking of corks, closures, or seals 0.11
B02 Crushing, pulverizing, or disintegrating 0.10
C01 Inorganic chemistry 0.10
E03 Water supply; Sewerage 0.10
Y02 Technologies or applications for mitigation or adaptation against 

climate change
0.10

B65 Conveying; packing; storing; handling thin or filamentary material 0.10
B07 Sorting; screening 0.09
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 m

id
dl

e 
of

 t
he

 a
na

ly
si

s 
to

w
er

 is
 c

on
ne

ct
ed

 w
ith

 a
n 

ou
tle

t 
pi

pe
lin

e 
fo

r 
pu

ri
fie

d 
w

at
er

 t
re

at
ed

 b
y 

a 
w

as
te

w
at

er
 d

ev
ic

e,
 t

he
 o

ut
le

t 
pi

pe
lin

e 
fo

r 
pu

ri
fie

d 
w

at
er

 t
re

at
ed

 b
y 

th
e 

w
as

te
w

at
er

 d
ev

ic
e 

is
 p

ro
vi

de
d 

w
ith

 a
 p

ur
ifi

ed
 w

at
er

 w
as

te
 h

ea
t 

re
co

ve
re

r 
an

d 
a 

pu
ri

fie
d 

w
at

er
 c

oo
le

r 
th

at
 is

 c
on

ne
ct

ed
 w

ith
 a

 t
hi

rd
 p

ip
el

in
e 

co
nn

ec
te

d 
to

 a
 s

ed
im

en
ta

tio
n 

ta
nk

, a
nd

 a
 p

ip
el

in
e 

lo
w

 p
oi

nt
 

de
lu

ge
 v

al
ve

 c
on

ne
ct

ed
 t

o 
th

e 
m

id
dl

e 
of

 t
he

 a
na

ly
si

s 
to

w
er

 is
 in

st
al

le
d 

at
 t

he
 lo

w
er

 e
nd

 o
f a

 m
id

dl
e 

le
ad

 o
f t

he
 p

ip
el

in
e 

co
nn

ec
te

d 
to

 t
he

 m
id

dl
e 

of
 t

he
 a

na
ly

si
s 

to
w

er
. T

he
re

fo
re

, t
he

 b
ot

tle
ne

ck
 o

f h
ig

h-
lo

ad
 lo

ng
-p

er
io

d 
pr

od
uc

tio
n 

of
 a

 m
el

am
in

e 
hi

gh
-p

re
ss

ur
e 

pr
oc

es
s 

un
it 

is
 o

ve
rc

om
e.

49
38

90
27

3
N

o
M

et
ho

d 
an

d 
de

vi
ce

 
fo

r 
m

an
ag

in
g 

co
m

m
un

ic
at

io
n 

fa
ilu

re
 

be
tw

ee
n 

te
rm

in
al

 a
nd

 
re

al
-t

im
e 

ba
se

 s
ta

tio
n 

an
d 

co
m

pu
te

r-
re

ad
ab

le
 s

to
ra

ge
 

m
ed

iu
m

T
he

 in
ve

nt
io

n 
re

la
te

s 
to

 t
he

 t
ec

hn
ic

al
 fi

el
d 

of
 w

ir
el

es
s 

ne
tw

or
k,

 a
nd

 p
ar

tic
ul

ar
ly

 d
is

cl
os

es
 a

 m
et

ho
d 

an
d 

a 
de

vi
ce

 fo
r 

m
an

ag
in

g 
co

m
m

un
ic

at
io

n 
fa

ilu
re

 b
et

w
ee

n 
a 

te
rm

in
al

 a
nd

 a
 r

ea
l-t

im
e 

ba
se

 s
ta

tio
n 

an
d 

a 
co

m
pu

te
r-

re
ad

ab
le

 s
to

ra
ge

 m
ed

iu
m

. T
he

 m
et

ho
d 

co
m

pr
is

es
 t

he
 fo

llo
w

in
g 

st
ep

s:
 d

et
ec

tin
g 

th
at

 t
he

 c
om

m
un

ic
at

io
n 

fa
ilu

re
 o

cc
ur

s 
be

tw
ee

n 
th

e 
te

rm
in

al
 a

nd
 t

he
 r

ea
l-t

im
e 

ba
se

 s
ta

tio
n 

by
 t

he
 

te
rm

in
al

; r
ep

or
tin

g 
co

m
m

un
ic

at
io

n 
fa

ilu
re

 in
fo

rm
at

io
n 

be
tw

ee
n 

th
e 

te
rm

in
al

 a
nd

 t
he

 r
ea

l-t
im

e 
ba

se
 

st
at

io
n 

by
 t

he
 t

er
m

in
al

 a
cc

or
di

ng
 t

o 
ne

tw
or

k 
re

so
ur

ce
 c

on
fig

ur
at

io
n;

 u
pd

at
in

g 
th

e 
ne

tw
or

k 
re

so
ur

ce
 

co
nf

ig
ur

at
io

n 
by

 t
he

 t
er

m
in

al
, a

nd
 r

ec
ov

er
in

g 
th

e 
co

m
m

un
ic

at
io

n 
fa

ilu
re

 b
et

w
ee

n 
th

e 
te

rm
in

al
 a

nd
 

th
e 

re
al

-t
im

e 
ba

se
 s

ta
tio

n.
 T

he
 t

er
m

in
al

 r
ep

or
ts

 t
he

 c
om

m
un

ic
at

io
n 

fa
ilu

re
 in

fo
rm

at
io

n 
be

tw
ee

n 
th

e 
te

rm
in

al
 a

nd
 t

he
 r

ea
l-t

im
e 

ba
se

 s
ta

tio
n 

ac
co

rd
in

g 
to

 t
he

 s
et

 n
et

w
or

k 
re

so
ur

ce
 c

on
fig

ur
at

io
n 

so
 a

s 
to

 
up

da
te

 t
he

 n
et

w
or

k 
re

so
ur

ce
 c

on
fig

ur
at

io
n;

 c
om

m
un

ic
at

io
n 

be
tw

ee
n 

th
e 

te
rm

in
al

 a
nd

 t
he

 r
ea

l-t
im

e 
ba

se
 s

ta
tio

n 
is

 r
ec

ov
er

ed
, s

o 
th

at
 t

he
 fa

ilu
re

 r
ec

ov
er

y 
sp

ee
d 

of
 t

he
 t

er
m

in
al

 a
nd

 t
he

 r
ea

l-t
im

e 
ba

se
 

st
at

io
n 

ca
n 

be
 q

ui
ck

ly
 in

cr
ea

se
d,

 a
 la

rg
e 

in
flu

en
ce

 o
n 

lo
ad

 o
f o

th
er

 b
as

e 
st

at
io

ns
 is

 a
vo

id
ed

, a
nd

 t
ot

al
 

op
tim

iz
at

io
n 

of
 t

he
 n

et
w

or
k 

is
 c

on
ve

ni
en

tly
 c

ar
ri

ed
 o

ut
.
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A
pp

lic
at

io
n

C
E

T
itl

e
A

bs
tr

ac
t

53
06

15
59

2
N

o
C

lo
ck

 r
ec

ov
er

y 
de

vi
ce

 a
nd

 s
ou

rc
e 

dr
iv

er
 fo

r 
re

co
ve

ri
ng

 
em

be
dd

ed
 c

lo
ck

 fr
om

 
in

te
rf

ac
e 

si
gn

al

In
 g

en
er

at
in

g 
a 

m
as

k 
si

gn
al

 u
se

d 
to

 r
ec

ov
er

 a
 c

lo
ck

 s
ig

na
l e

m
be

dd
ed

 in
 a

n 
in

te
rf

ac
e 

si
gn

al
, t

he
 m

as
k 

si
gn

al
 m

ay
 b

e 
ge

ne
ra

te
d 

by
 c

om
pa

ri
ng

 a
 p

lu
ra

lit
y 

of
 c

om
pa

ri
so

n 
si

gn
al

s,
 g

en
er

at
ed

 b
y 

de
la

yi
ng

 a
 

pl
ur

al
ity

 o
f m

as
k 

ri
si

ng
 s

ig
na

ls
 b

y 
a 

pr
ed

et
er

m
in

ed
 t

im
e,

 w
ith

 t
he

 c
lo

ck
 s

ig
na

l a
nd

 s
el

ec
tin

g 
on

e 
m

as
k 

ri
si

ng
 s

ig
na

l u
se

d 
to

 g
en

er
at

e 
a 

co
m

pa
ri

so
n 

si
gn

al
 c

lo
se

 t
o 

on
e 

po
rt

io
n 

of
 t

he
 c

lo
ck

 s
ig

na
l f

ro
m

 a
m

on
g 

th
e 

pl
ur

al
ity

 o
f m

as
k 

ri
si

ng
 s

ig
na

ls
.
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19

0
N

o
G

as
-f

ir
ed

 b
oi

le
r 

ca
pa

bl
e 

of
 p

re
ve

nt
in

g 
de

fla
gr

at
io

n

T
he

 u
til

ity
 m

od
el

 d
is

cl
os

es
 a

 g
as

-f
ir

ed
 b

oi
le

r 
ca

pa
bl

e 
of

 p
re

ve
nt

in
g 

de
fla

gr
at

io
n.

 T
he

 g
as

-f
ir

ed
 b

oi
le

r 
ca

pa
bl

e 
of

 p
re

ve
nt

in
g 

de
fla

gr
at

io
n 

so
lv

es
 t

he
 p

ro
bl

em
 t

ha
t 

af
te

r 
th

e 
fir

e 
of

 a
n 

ex
is

tin
g 

ga
s-

fir
ed

 b
oi

le
r 

is
 p

ut
 o

ut
 a

nd
 b

ef
or

e 
a 

ra
pi

d-
cl

os
in

g 
va

lv
e 

is
 c

lo
se

d,
 a

 g
as

 s
ou

rc
e 

re
co

ve
rs

 s
up

pl
y 

in
 a

 m
om

en
t, 

an
d 

de
fla

gr
at

io
n 

is
 c

au
se

d.
 T

he
 g

as
-f

ir
ed

 b
oi

le
r 

ca
pa

bl
e 

of
 p

re
ve

nt
in

g 
de

fla
gr

at
io

n 
co

m
pr

is
es

 a
 g

as
-f

ir
ed

 
bo

ile
r 

bo
dy

 (
1)

, w
he

re
in

 a
 g

as
 n

oz
zl

e 
(3

) 
is

 fo
rm

ed
 in

 a
 b

oi
le

r 
w

al
l (

2)
 o

f t
he

 g
as

-f
ir

ed
 b

oi
le

r 
bo

dy
 

(1
), 

a 
ho

llo
w

 r
ef

ra
ct

or
y 

ca
st

ab
le

 w
al

l (
5)

 is
 a

rr
an

ge
d 

on
 a

 b
oi

le
r 

bo
tt

om
 (

4)
 in

si
de

 t
he

 g
as

-f
ir

ed
 b

oi
le

r 
bo

dy
 (

1)
 a

nd
 is

 r
ig

ht
ly

 o
pp

os
ite

 t
o 

th
e 

ga
s 

no
zz

le
 (

3)
, a

nd
 g

as
 p

as
si

ng
 h

ol
es

 (
6)

 a
re

 fo
rm

ed
 in

 t
he

 
ho

llo
w

 r
ef

ra
ct

or
y 

ca
st

ab
le

 w
al

l (
5)

. T
he

 g
as

-f
ir

ed
 b

oi
le

r 
is

 s
im

pl
e 

in
 s

tr
uc

tu
re

, s
af

e 
an

d 
re

lia
bl

e,
 t

he
 

oc
cu

rr
en

ce
s 

th
at

 a
 la

rg
e 

am
ou

nt
 o

f g
as

 is
 a

cc
um

ul
at

ed
 fo

r 
a 

lo
ng

 t
im

e 
an

d 
de

fla
gr

at
io

n 
is

 c
au

se
d 

ar
e 

av
oi

de
d,

 a
nd

 t
he

 s
af

et
y 

of
 o

pe
ra

tio
n 

of
 t

he
 b

oi
le

r 
is

 im
pr

ov
ed

.
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