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Abstract

Regional diversification and innovation depend on how well existing knowledge bases
align with emerging scientific domains. Conventional measures of relatedness, however,
rely on static classification systems that struggle to capture the interdisciplinary and
dynamic nature of modern knowledge production. This study introduces semantic proxim-
ity as a novel, text-based approach to assess the cognitive alignment between regional sci-
entific activity and new fields. Drawing on scientific publications from European NUTS-3
regions between 2010 and 2021, we employ BERTopic and BERT-based similarity to map
regional knowledge spaces and measure their proximity to quantum science, an interdis-
ciplinary field of high strategic importance. Using negative binomial regression models,
we find that regions with higher semantic proximity to quantum science generate signifi-
cantly more quantum-related publications. By moving beyond rigid taxonomies, the con-
cept of semantic proximity provides a more flexible and fine-grained tool for analyzing
regional knowledge evolution. Our findings extend evolutionary economic geography and
offer actionable insights for policymakers seeking to foster smart specialization and guide
regional innovation strategies in emerging technologies.
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Introduction

The accumulation and application of local knowledge are critical drivers of innovation and
economic growth in regional economies (Feldman, 1994; Nelson, 1993). Local knowledge,
embedded in regional networks comprised of actors, entities, and institutions (Kedron et al.,
2020), forms the foundation for technological advancement and economic diversification
(Feldman & Kogler, 2010). The principle of relatedness builds on this notion, highlighting
how regions can leverage existing knowledge bases to explore new, albeit related, techno-
logical domains in order to expand their technological knowledge portfolios (Hidalgo et al.,
2018). This concept asserts that the likelihood of a region successfully developing a new
technology depends on its alignment with the region’s existing knowledge base. Rooted in
the Evolutionary Economic Geography (EEG) paradigm (Kogler et al., 2023a), this princi-
ple has informed both scientific inquiry and policy frameworks, most notably the European
Union’s Smart Specialization Strategy policy initiative (Kim, et al., 2024a, 2024b, 2024c;
Rigby et al., 2022; Santoalha, 2019).

Empirical studies often quantify relatedness through the co-occurrence of technologi-
cal classes in patent data, typically using classification systems like the International Pat-
ent Classification (IPC), Cooperative Patent Classification (CPC), or alternative schemes
(Boschma et al., 2015; Kogler et al., 2013). These hierarchical knowledge classification
systems enable researchers to map regional knowledge spaces, to identify technological
adjacencies, and to infer the direction of knowledge production and innovation trajectories
(Kogler, 2015). Typically, relatedness is measured by examining how frequently two or
more technological classes co-appear within the same patent document, normalized against
their overall baseline occurrence (Boschma et al., 2015; Kogler et al., 2017; Rigby, 2015).
Such analyses shed light on the compatibility and recombinant frequency between tech-
nologies and provide insights into the dynamics of regional innovation systems.

Such analyses have established that technologies more closely related to a region’s exist-
ing capabilities are more likely to emerge, while unrelated ones tend to fade (Boschma
et al., 2015; Kogler et al., 2017). Boschma et al. (2014), for instance, demonstrated that
new biotechnology topics were more likely to appear in cities already hosting semantically
related scientific activity, reinforcing the principle of path dependency in regional knowl-
edge evolution.

Despite these advancements, current approaches to measuring relatedness face several
notable limitations. Foremost is their reliance on static classification systems such as the
IPC and CPC, which, despite their utility, are manually curated and usually struggle to
keep up with the rapid evolution of technology. These systems provide a static and some-
times incomplete snapshot of knowledge domains, potentially overlooking novel and inter-
disciplinary trends. Likewise, studies that utilize broad and static scientific knowledge
categorizations, such as the science subject categories provided in the Web of Science
database, usually fail to capture the contextual richness of scientific contributions, espe-
cially in emerging fields. This challenge is further exacerbated by the nature of modern
discoveries, which frequently occur at the intersection of disciplines, making them diffi-
cult to fit within traditional classification schemas (Fagerberg et al., 2012). Yet, these inter-
disciplinary breakthroughs are often at the forefront of innovation, combining established
knowledge into novel forms (Eisenhardt & Martin, 2000; Lee et al., 2015; Schumpeter,
1942, 2021). Another significant challenge stems from the potential biases introduced by
the systemic approach in the assignment of classifications (Kogler et al., 2024). The nov-
elty of a patent application is examined by searching prior art, and where relevant it is then
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the technological knowledge domains contained in prior patents, i.e., patent citations, that
largely determine the various classification codes that are attributed to a new invention.
Thus, there is an inherent path-dependency ingrained in the system that favours structural
consistency, even if it might become outdated, over structural dynamics that would better
reflect the evolution of technological change (Kogler et al., 2024). Similarly, journal cat-
egorizations are vulnerable to subjective interpretation during manual assignments. These
biases can undermine the accuracy of relatedness measures, leading to distorted outcomes
and in parallel raising endogeneity concerns.

To overcome these constraints, this paper introduces a new concept: semantic proximity.
This approach evaluates the relatedness of a region’s existing knowledge base to poten-
tial new technologies by analyzing the actual semantic content of scientific outputs rather
than relying on prescribed, static categorizations. Semantic proximity provides a more
dynamic and comprehensive understanding of knowledge alignment by moving beyond
traditional classification systems to incorporate textual and contextual information. We
apply this method to the field of quantum science, an inherently interdisciplinary field that
draws from a wide range of scientific and technological domains, making traditional clas-
sification methods insufficient to fully capture its complexity. Recently, quantum science
has garnered significant attention and investment at the national level, with governments
worldwide recognizing its transformative potential across industries such as computing,
cryptography, and materials science. This scientific area is particularly well-suited for the
application of semantic proximity due to its inherently interdisciplinary nature, and equally
due to recent significant government leadership and intervention actions that aim at driving
rapid advancements in this growing science field.

Utilizing scientific journal publications listed in the Web of Science (WoS) database,
and geocoded at the NUTS-3 level across European regions from 2010 to 2021, we identify
the key knowledge domains within both, general scientific fields and quantum science.’
Specifically, we apply unsupervised topic modelling to classify research topics from large
volumes of scientific publications, enabling a systematic analysis of regional knowledge
bases. By leveraging an embedded topic modelling approach, i.e., BERTopic, which is
built on Bidirectional Encoder Representations from Transformers (BERT), we gain deeper
insights into the composition and structure of regional expertise (Devlin et al., 2019). These
identified topics are further refined using generative Al to produce precise and contextually
relevant labels. Subsequently, and based on these labelled topics, we measure the seman-
tic proximity between a region’s existing knowledge base and quantum science. This, in
turn, allows us to quantify the alignment between regional expertise and the emerging field
of quantum science, offering valuable insights into the potential for regional specializa-
tion and development in this strategically important scientific field. In summary, this study
examines and refines the stylized findings that a region’s pre-existing knowledge and capa-
bilities are pivotal in its ability to specialize in an emerging field via a novel approach to
assess knowledge alignment through semantic proximity. In particular, we test the hypoth-
esis that greater semantic proximity to a region’s knowledge base is positively associated
with the generation of new knowledge. To explore this in more detail, the field of quantum

! For further information about the European NUTS (Nomenclature of territorial units for statistics) clas-
sification system, see: https://ec.europa.eu/eurostat/web/nuts. Restrictions apply to the publication dataset
used in this paper. The Web of Science data is owned by Clarivate Analytics. To obtain the bibliometric
data in the same manner as authors, one needs to contact Clarivate Analytics at "https://clarivate.com/webof
sciencegroup/solutions/web-of-science/contact-us/" in order to gain access.
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science is employed as a case study. It is reasonable to expect that results will confirm
prior findings and indicate that regions with knowledge more semantically aligned with
quantum science are also the ones more likely to generate new knowledge in this emerg-
ing field. However, and in contrast to existing methods to measure knowledge relatedness,
it is also to be expected that the suggested semantic proximity approach will offer a more
nuanced and dynamic method to capture emerging and especially inter-/multi-disciplinary
science/technology fields, and applied in the context of regional economies development
trajectories will offer a significant improvement to the current state-of-the-art and thus also
provide more advances insights towards policy actions aiming to advance regional innova-
tion systems.

The article is structured as follows: The next section provides the theoretical background
on regional specialization and existing measures of knowledge proximity. Sect. "Data and
methods" describes the data sources and methodology in detail, including the measure of
semantic proximity. Sect. "Discussions & concluding remarks" introduces and analyzes the
results obtained. Finally, Sect. 5 discusses the main findings of the study, along with its
limitations and suggestions for future research.

Theoretical background
Regional specialization and evolutionary economic geography

Regional specialization and competitiveness, paired with policy relevance in the realm of
science, technology, and innovation, are central tenets in the Evolutionary Economic Geog-
raphy paradigm (Kogler et al., 2023a), emphasizing the role of pre-existing knowledge,
capabilities, and spatial configurations in shaping economic trajectories. Regions develop
distinct economic profiles through the interplay of localized skills, technological capabili-
ties, and industrial structures. This process is almost exclusively path-dependent, meaning
that existing knowledge bases and industrial landscapes significantly influence opportuni-
ties and limitations for the diversification into new activities (Grabher, 2009; Kogler, 2015;
Kogler et al., 2023b; Martin & Sunley, 2006). The "stickiness" of knowledge, its tendency
to remain geographically localized, reinforces these trajectories, fostering the clustering of
knowledge production and innovation in specific regions and times (Feldman & Kogler,
2010; Jaffe et al., 1993; von Hippel, 1994).

While advances in transportation and information technologies are believed to have mit-
igated some geographical constraints in that context, spatial differences remain critical in
shaping regional innovation potential and, in turn, result in uneven spatial development.
Proximity to knowledge hubs determines the extent of knowledge spillovers, perpetuat-
ing disparities in innovation outcomes across regions (Jaffe et al., 1993; Sonn & Storper,
2008). These dynamics often give rise to agglomeration of specialized commercial and
industrial activities due to localized and dense concentrations of interconnected firms and
institutions. As a result, such clusters act as innovation ecosystems, enabling resource shar-
ing, knowledge diffusion, and synergy creation, analogous to spatial strategic alliances
(Cooke et al., 2007; Feldman & Choi, 2015; Gertler, 2003).

Within such clusters, innovation is driven not only by sheer physical proximity but also
by resulting social and cognitive proximity arrangements that are considered essential for
effective collaboration and knowledge exchanges to take place (Boschma, 2005). Social
proximity reflects the role of interpersonal relationships and trust in fostering cooperation,
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while cognitive proximity pertains to the shared understanding of knowledge bases, facili-
tating communication and innovation. Together, these forms of proximity drive collabo-
ration at various levels, i.e., individual, organizational, industrial, and regional, enabling
actors to share risks, pool resources, and enhance innovation outcomes (Ahammad et al.,
2016; Broekel, 2012; Broekel & Boschma, 2012; Huber, 2012).

Cognitive proximity is particularly crucial for regional innovation, as it enables the
recombination of diverse expertise to create new technologies (Nooteboom, 2000). This
principle underpins the concept of relatedness, which measures the similarity and com-
patibility between activities based on shared capabilities and knowledge bases. Related-
ness explains how new technologies emerge through the recombination of existing knowl-
edge, fostering diversification and driving regional economic growth, and further empirical
evidence shows that regions with highly related knowledge bases are better positioned to
sustain technological development and economic growth while also being more resilient
to economic shocks demonstrate that regions with high relatedness in their knowledge
bases exhibit greater economic resilience, stronger technological evolution, and enhanced
specialization (Neftke et al., 2011; Téth et al., 2022). Although these insights are highly
relevant and have advanced the line of inquiry concerned with evolutionary development
trajectories at the intersection of regional knowledge production and socio-economic out-
comes, all associated studies heavily rely on methodologies that measure relatedness via
the co-occurrence of knowledge domains specified in static hierarchical classification
systems and thus most likely underestimate, if not ignore, the dynamic nature of regional
knowledge production and innovation processes; something the proposed semantic proxim-
ity concept aims to address.

Knowledge relatedness and regional branching into new and emerging knowledge
domain specializations

Historically, early attempts to measure the cognitive and relational distance or relatedness
between distinct knowledge domains have been carried out across multiple disciplines,
including science and technology studies (Engelsman & Van Raan, 1994; Kopcsa & Schie-
bel, 1998), economics (Jaffe, 1986; Teece et al., 1994), management studies (Almeida,
1996; Makri et al., 2010), and regional science (Fischer et al., 2006; Quatraro, 2010). In
parallel, the relevant literature also started to engage in an number of fundamental dis-
cussions concerning “the definition and operationalization of concepts such as relatedness
of scientific (or Technological subfields” (Van Raan, 1997), which continues, in particular
also in the context of aspects that might result in the variations and potential implications
derived from such studies (Milojevié, 2015). From a territorial innovation systems perspec-
tive, and based on evolutionary thinking (Nelson & Winter, 1985), the literature encom-
passing Regional Innovation Systems (RIS) took particular interest in how regional tech-
nological knowledge structures determined by relatedness measure might explain uneven
place-specific socio-economic outcomes (Cooke, 1998; Morgan, 1997). Here the focus has
been primarily on technological relatedness and regional knowledge spaces as measured
either by hierarchical or co-occurrence relatedness measures (Whittle & Kogler, 2020).2

2 Whittle and Kogler (2020) offer a detailed overview and critical review regarding contemporary studies
that focus on relatedness in the context of methodological approaches and associated empirical evidence.
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Hierarchical relatedness approaches leverage the hierarchical structure of patent, indus-
try, or product classification schemas to decompose observed variations into within-cat-
egory (related variety) and between-category (unrelated variety) components (Frenken
et al., 2007). While conceptually useful, this approach imposes top-down structures that
may obscure emerging or nuanced interdependencies between technologies, while another
limitation is that these models typically treat relatedness as a binary, i.e., either related or
unrelated, and thus fail to capture gradations in technological proximity (Barbero et al.,
2024; Santoalha, 2019). Relatedness measures based on co-occurrence patterns manage
to overcome some of these limitations by employing a bottom-up approach that identifies
related technologies based on their co-occurrence within the same patent document, or via
the probabilities that patents in a certain technological knowledge domain, i.e., CPC class,
will cite patents in other classes (Kogler et al., 2013, 2017; Rigby, 2015). Building on this
foundation, the concept of relatedness density introduces a spatial perspective, evaluating
how closely new or disappearing technologies align with a region’s existing technological
capabilities (Boschma et al., 2014; Rigby et al., 2022). A high relatedness density implies
strong potential for regional adoption and specialization, while low values signal misalign-
ment. This measure assists in tracing technological trajectories, providing insights into how
regional knowledge can be recombined to support and advance future regional innovation
processes. In addition to quantitative indicators, knowledge space networks offer a visual
framework for exploring technological proximity. Nodes represent technologies (e.g., pat-
ent classes), and links indicate the degree of relatedness. These networks map the structure
of regional innovation systems and reveal strategic pathways for knowledge recombination
(Broekel et al., 2014; Kogler et al., 2023a, 2023b; Ter Wal & Boschma, 2009) Central-
ity measures such as weighted degree and betweenness help identify core and bridging
technologies, respectively, offering insight into their role in driving regional diversification
(Jung et al., 2021; Kim et al., 2019, 2024a, 2024b, 2024c).

While existing measures of regional knowledge relatedness provide valuable insights
into how a region’s pre-existing knowledge base aligns with potentially new to the region
or even emerging technologies, they have notable limitations. First, these measures often
rely on static classification systems such as CPC or IPC, which struggle to keep pace with
the rapid evolution of technology. Such classification systems may fail to capture emerg-
ing trends and contextual nuances in regional knowledge bases, leading to an incomplete
understanding of technological alignment. Second, patent classification is typically con-
ducted manually by patent examiners, who rely on prior art and existing classification
codes. Since these codes are largely determined by the technological knowledge domains
of prior patents (i.e., patent citations), this process introduces an inherent path dependency.
As a result, the system tends to favour structural consistency, even if it becomes outdated,
over structural dynamics that would better capture the evolution of technological change
(Kogler et al., 2023a). These classifications can be influenced by subjective interpretations,
organizational strategies, or contextual factors, which may distort the accuracy of related-
ness measures. Third, and concerning scientific knowledge, while scientific publications
are an important reflection of regional knowledge production and technological capabili-
ties, they are often not fully leveraged in relatedness analyses. This is because studies using
scientific journal publications typically rely on broad subject categories, which may not
capture the detailed nuances of emerging fields (Mongeon & Paul-Hus, 2016). For exam-
ple, the categorization system used by the WoS database includes 177 broad subject cat-
egories that may fail to reflect the specificities and contextual depth of scientific contribu-
tions, particularly in rapidly evolving fields. As a result, they may not provide deep insights
into regional knowledge, particularly in areas where academic research plays a critical role
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in driving innovation (Shin et al., 2023). These limitations underscore the need for more
comprehensive and adaptive approaches to measuring regional knowledge proximity with
the ability to capture the dynamic and multifaceted nature of knowledge production.

To address these challenges, this study introduces semantic proximity as a more adap-
tive and nuanced measure of regional knowledge alignment. Rather than depending on
rigid, predefined categories, semantic proximity evaluates the textual and conceptual simi-
larity between knowledge domains by analyzing the language used in scientific outputs.
Specifically, this method enables a fine-grained assessment of relationships between exist-
ing and emerging knowledge, the recognition of interdisciplinary linkages, and a more
accurate reflection of contemporary innovation dynamics.

By incorporating semantic analysis, we propose a framework that better captures the
evolving, multidimensional nature of regional innovation systems. This approach not
only contributes methodologically but also offers practical insights for policymakers and
regional planners aiming to foster innovation. In that context, we apply this approach to the
field of quantum science, an interdisciplinary domain characterized by rapid growth and
high strategic value. Quantum science exemplifies the kinds of challenges static classifica-
tion systems fail to address, given that its development draws on physics, materials science,
computing, and engineering, making it ideal for testing the power of semantic-based meth-
ods. We hypothesize the following:

Hi. The semantic proximity of target scientific knowledge (e.g., quantum science) to
a region’s scientific knowledge base is positively associated with the development of new
scientific knowledge in that field.

This hypothesis links the conceptual framework of semantic proximity to regional inno-
vation potential, enabling us to test how well textual and contextual alignment predicts sci-
entific specialization and knowledge emergence.

Data and methods
Semantic proximity

This section outlines the fundamental process and associated principles underlying our
suggested novel measurement approach. The proposed semantic proximity measure aims
to capture the proximity between a target science field vis-a-vis a region’s entire spectrum
of practiced science fields, incorporating a contextual understanding of science itself. To
empirically capture this concept, we suggest a measurement approach that includes three
stages: topic modelling, label generation, and similarity measurement (Fig. 1).

First, topic modelling is applied to abstracts from two data sets: the region’s overall sci-
ence and the region’s target science. In the context of this study, topic modelling plays
a critical role in identifying semantically coherent and interpretable topics that represent
the latent structure of scientific activity in each region. Rather than analyzing documents
or keywords in isolation, the clustering step enables us to derive topic distributions that
characterize a region’s knowledge profile. More importantly, generated topics serve as a
structured basis for comparing how a region’s emerging scientific domains align with its
overall scientific landscape. In this way, topic modelling is a necessary step for transform-
ing unstructured text data into interpretable representations that allow us to quantify and
compare regional specialization patterns and semantic alignment.
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Fig. 1 Process of measuring semantic proximity

In our study, we used BERTopic, a topic modelling technique that integrates BERT-
based document embedding, dimensionality reduction, clustering, and class-based TF-IDF
(c-TF-IDF) (Grootendorst, 2022). Compared to the conventional Bag of Words (BoW)
approaches that rely solely on term frequency within documents, this method enables a
deeper contextual understanding of the focal documents. This is particularly advantageous
when analyzing a large corpus of text, like scientific publications, that requires a nuanced
semantic interpretation (Kim et al., 2024a, 2024b, 2024c). In this study, “all-MiniLM-
L6-v2”, a lightweight BERT-based transformer model, is used for the document embed-
ding process, as its performance and application quality have been proven in a previous
study (Kim et al., 2024a, 2024b, 2024c). Prior to clustering, Uniform Manifold Approxi-
mation and Projection (UMAP) is applied to reduce the dimensionality of the embeddings
while preserving the essential semantic structure. UMAP has been widely used in topic
modeling pipelines for its ability to retain both local and global relationships in high-
dimensional embedding spaces. While dimensionality reduction inevitably involves a
degree of abstraction, we addressed potential concerns of semantic oversimplification by
fine-tuning UMAP parameters. This preliminary step enhances the coherence and accuracy
of the derived topic clusters. Subsequently, Hierarchical Density-Based Spatial Clustering
of Applications with Noise (HDBSCAN) is employed to group documents that share latent
topics, enabling the identification of semantically coherent themes across the documents
of interest. Finally, representative keywords for each topic are extracted using c-TF-IDF,
which enhances interpretability by highlighting terms that are not only frequent within a
topic but also distinctive compared to others. The c-TF-IDF quantifies the importance of
words within a specific topic by considering their frequency within a topic and their rarity
across other topics, allowing for the identification of a topic-specific vocabulary. Employ-
ing this measure, the top 10 keywords with the highest c-TF-IDF scores are selected in
descending order for each topic to capture its semantic characteristics. Like in any unsu-
pervised learning approach, optimizing hyperparameters is an essential task. In this regard,
we set the maximum number of clusters to a value of 10, and the minimum topic size to
1.5% of all publications. Following several rounds of testing to determine these optimized
parameter settings, it became conclusive that this setup allows us to obtain a minimum of 3
to a maximum of 7 topics while also minimizing the number of outliers. Through this pro-
cess, a list of topic keywords is generated for each dataset, categorized by region and six
distinct two-year periods ranging from 2010 to 2021.
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Using these sets of topic modelling keywords, prompt engineering techniques with gen-
erative Al are applied to create labels for each topic. While topic modelling provides a pri-
oritized list of keywords representing each topic, summarizing these keywords into coher-
ent and descriptive labels is a necessary step. When dealing with numerous topic modelling
results and multiple trials, maintaining consistency and quality of the outcomes becomes
crucial. By utilizing prompt engineering tailored to this task, we generated structured and
well-summarized representations of the topic keywords. Among the various existing gener-
ative Al models, we selected the GPT-4-0 model to implement our prompts,’ successfully
generating topic labels for all identified topic keywords. These generated topic labels can
therefore be regarded as concise summaries of both the region’s overall scientific landscape
and its target science, reflecting their contextual backgrounds.

In a final step, we measured the semantic proximity (Eq. 1) by calculating the similarity
between a region’s overall science labels and target science labels. This comparison allows
us to assess the extent to which the target science is semantically embedded within the
broader scientific landscape of the region. To assess the semantic relationship between the
two sets of topics, BERT-based similarity, which computes cosine similarity within a con-
textualized embedding space, is used. Unlike frequency-based distance measures, it allows
for a more nuanced comparison of text by capturing semantic meaning beyond surface-
level word co-occurrence. For topic embedding, “all-MiniLM-L6-v2” is employed. The
semantic proximity of a region 7 in period ¢ is measured as the cosine similarity between
two embedding vectors: the region’s overall science (S;), and its target science (S,). This is
calculated as the dot product of S, and S,, divided by the product of their magnitudes.

. . 2SSy
Semantic proximity;, = )

\/Z;:l S?j ’ \/Z,'L] S%j

Data

To enable the empirical analysis, it was necessary to collect and process informa-
tion concerning scientific publications, and quantum science publications in particu-
lar, that were produced across European regions from the WoS database. The initial
step was to determine if a publication record was associated with a European institu-
tion. To do so, the address information provided in the WoS database was geocoded
by converting institutional addresses into geolocation data (latitude and longitude).
These geolocation data were then mapped to European NUTS classification codes,
allowing us to identify and analyze publication records from researchers affiliated
with European institutions between 2010 and 2021. Considering the time typically
required for publications to be processed and indexed, it appears reasonable to focus
on two-year time intervals in the subsequent analysis. In parallel, additional infor-
mation regarding each publication, derived from various WoS sub-tables that offer
details on authors, institutions, funding, and science subject categories, was collected
as well. In a second step, the aim was to identify publication records that are directly

3 The following prompt has been used with ChatGPT (GPT-4): “The list of keywords is the outcome of
topic modelling on journal articles related to quantum science. Based on the keywords, generate a single
label that best describes the topic of the articles. No descriptions are required.”
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related to quantum science. For this purpose, a list of quantum keywords from the
Korea Institute of Science and Technology Information (KISTI) report,* which
also used WoS to analyze publication patterns in the field of quantum science, was
applied. In a further step, the unit of analysis was determined by further converting
the geolocation data into a NUTS-3 level regional dataset. This process included cre-
ating NUTS-3 level science-related variables and adding socio-economic regional
data obtained from the Annual Regional Database of the European Commission’s
Directorate General for Regional and Urban Policy (ARDECO). One challenge during
this process was the finding that not all regions had produced quantum science publi-
cations; perhaps not surprising given the highly complex and advanced nature of this
field. However, in the analysis that follows, this may cause unexpected results for two
key reasons. First, regions without quantum science publications will have a semantic
proximity value of 0. Second, a topic modeling analysis based on very few publica-
tions may lead to misinterpretation. To address these issues, only the top 100 NUTS-3
regions (see Appendix 1), ranked by the number of quantum science publications,
were selected for further analysis.

Research model

In this study, we econometrically examine the relationship between semantic proximity
and the creation of new knowledge at the regional level, using NUTS-3 region-period
data (see Table 1). To operationalize new knowledge creation, we focus on the field of
quantum science, an emerging, interdisciplinary domain that has gained substantial global
policy attention and research investment over the past decade. Quantum science was cho-
sen deliberately because it remains at a relatively early stage of development compared
to other domains, such as Artificial Intelligence (AI) or more general Information and
Communication Technologies (ICT), which have already become widely adopted general-
purpose technologies. These more mature fields are now so embedded across virtually
all scientific and industrial domains that measuring their relatedness to regional knowl-
edge bases yields little meaningful variation. In contrast, quantum science retains distinct
boundaries, allowing us to capture how strongly its emergence is shaped by alignment
with existing regional knowledge capabilities. As such, it provides a suitable empirical
setting for testing whether and how semantic proximity facilitates regional specialization
in newly emerging domains.

The dependent variable, quantum knowledge, is measured by the number of quantum-
related journal publications in each region for a given period. This metric serves as a proxy
for new knowledge creation in the field of quantum science. The choice of this dependent
variable is substantively grounded in both the nature of quantum science and the broader
literature on regional innovation and relatedness. First, in emerging and frontier scientific
domains such as quantum science, journal publications are often the most direct and timely
outputs of new knowledge generation, preceding commercialization or patenting activities.
Unlike patents, which are more common in applied or engineering-driven domains, quan-
tum science remains highly academic and exploratory, making publications a more accu-
rate indicator of innovation and regional capacity-building in this field. Second, our focus

4 https://astinet.kr/reports/data-insights/289658
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on publication counts aligns with established research in evolutionary economic geography
and relatedness studies, which frequently use publication data to track the emergence of
new scientific activities (e.g., Boschma et al., 2014; Heimeriks & Boschma, 2014).

To test our hypothesis, we include semantic proximity as our key independent
variable. This variable captures the alignment between a region’s general scientific
expertise and the domain of quantum science, as measured using BERT-based seman-
tic similarity between topic model labels generated from each body of research. We
expect that higher semantic proximity is positively associated with quantum knowl-
edge production. To account for regional heterogeneity in the factors influencing sci-
entific knowledge production, we include several control variables. First, the number
of publications in a region serves as a proxy for the overall research output and base-
line scientific activity. Second, the number of distinct scientific subjects present in a
region captures the breadth of its research landscape, reflecting the potential for inter-
disciplinary knowledge recombination. Third, quantum funding intensity, defined as
the share of funding allocated to quantum-related publications relative to total research
funding, reflects the degree of financial support specifically targeted at quantum sci-
ence. We also include GDP per capita to control for overall regional economic devel-
opment, which may influence research capacity and infrastructure. Fifth, population is
included to account for the scale of the regional labor force and demand-side factors
that may influence knowledge production. Sixth, a metropolitan dummy variable dis-
tinguishes urban from non-urban regions, accounting for the typically greater avail-
ability of research infrastructure, collaboration opportunities, and institutional density
in metropolitan areas. Additionally, the number of adjacent regions is included to cap-
ture potential spatial spill-over effects, under the assumption that neighboring regions
may influence each other’s scientific development through proximity-based collabora-
tion and knowledge diffusion (Hoekman et al., 2009; Jaffe et al., 1993). Lastly, period
fixed effects (two-year dummies from 2010 to 2021) are included to control for time-
specific influences such as global trends in quantum research activity and scientific
publishing. The variables for publications, GDP per capita, and population are log-
transformed to reduce skewness and account for their wide numerical range.

Table 2 presents descriptive statistics and correlations. Considering that some vari-
ables in Table 2 exhibit relatively high correlations, we assessed variance inflation fac-
tors (VIFs) to check for multicollinearity. The analysis shows that all VIF values are
below 5, suggesting minimal multicollinearity issues. Additionally, we performed sup-
plementary analyses excluding the highly correlated variables, and the findings were
consistent.

A negative binomial regression model is employed for econometric estimation since
our dependent variable is a count outcome. This approach accounts for the discrete and
non-negative nature of the dependent variable while addressing potential overdisper-
sion in the data. Time-period dummy variables are included in all models to account
for variations in quantum-related journal publications across different time periods. In
addition, to confirm the robustness of our results, we conducted additional analyses
using robust standard errors and cross-sectional time-series feasible generalized least
squares (FGLS) regression with the ratio of quantum publications, i.e., the share of
quantum publications relative to overall science publications.
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Results
Semantic proximity results

Employing the proposed semantic proximity measurement, semantic proximity to quan-
tum science in each of the 100 European NUTS-3 regions is measured® while Table 3 pre-
sents detailed results of the case of CHO13 (Geneva) in 2020-2021. As shown in Table 3,
topic words are first generated, and then summarized labels are created using those words.
These labels reflect the main topics extracted from the abstracts using BERTopic analysis,
which applies topic modeling techniques to identify prominent themes within the texts.
The labels were then used to calculate BERT-based similarity, enabling a comparison of
semantic overlaps between overall science and quantum science abstracts. When averaging
by region, the semantic proximity was found to be around 0.057, with Geneva having the
highest value at 0.099. Although the semantic proximity values appear to be quite low, this
can be considered reasonable given the diversity of scientific activities within each region
and the fact that quantum science and technology is still in its early stages. Considering
the presence of several quantum science research institutes in Geneva, such as the Geneva
Quantum Center, Quantum Information & Communication at the University of Geneva,
the Open Quantum Institute, and Swiss Quantum Centers and Initiatives, our measurement
certainly reflects present realities.

Providing a more universal, pan-European perspective on the regional distribution of
quantum science knowledge production and the level of semantic proximity amongst the
top 100 regions of interest, Fig. 2 offers further insights. The map to the left highlights
the proportion of quantum-focused publications as a share of the total number of publica-
tions over the entire observed time period, 2010-2021. Of the over 1350 European regions
investigated, one-third did not produce any quantum publications, while the share of quan-
tum publications amongst approximately 750 regions was less than 1% if all their scientific
publication outputs are considered. This leaves only 100 European regions where the quan-
tum science publication share was at least 1% or more based on their entire scientific pub-
lication outputs, respectively. The region with the highest share among those latter groups
of NUTS3 regions is AT332 Innsbruck, Austria. This might be surprising given that Inns-
bruck is only a medium-sized city situated in the middle of the Alps, but given the relative
importance of the University of Innsbruck as the most important research and educational
institution in western Austria, combined with the fact that the institution’s Physics depart-
ment with particular focus on quantum and particle physics is highly ranked in Europe and
globally, makes this finding indeed plausible. The largest city near the top of the list of
places that have the highest proportion of quantum science outputs in their entire scientific
publication portfolio is Munich, Germany. The map to the right in Fig. 2 highlights the
derived BERT-based similarity measures for each of the focal 100 regions. The top-ranked
region, i.e., CHO13, Geneva, was already described in detail above. The list of places that
follow in the ranking is composed of a mix of German and Italian cities, e.g., Trieste,
Darmstadt, Padova, and Karlsruhe. At the bottom of the ranking, i.e., places that, despite
having produced a notable amount of quantum science publications, display low seman-
tic proximity to quantum science when considering their entire regional scientific knowl-
edge portfolio, are Gothenburg, Lille, Leeds, Leiden, and Basel. The top 10 regions in the

3 All results are available at the following link: https://awekim.shinyapps.io/SemanticProximity_shiny/
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2| [semantic Proximity

Fig.2 Map of EU quantum science (left—quantum publication count; right — semantic proximity)

sample in terms of quantum publication outputs, as well as semantic proximity values, are
highlighted in Table 4. All 100 regions included in the analysis are listed in Table 1 that is
featured in the Appendix.

Regression results

Table 5 presents the results from the negative binomial regression models. The first column
presents results only with the control variables. The number of publications has a posi-
tive and statistically significant effect on quantum-specific journal publications, suggesting
that regions with higher overall scientific output are more likely to contribute to emerging
fields like quantum science. The coefficients for the number of subjects are significantly
negative in all models, suggesting that regions with a broader disciplinary spread may be
less focused in their research efforts, potentially diluting resources away from specialized
fields like quantum science. This finding implies that while diversity in research domains

Table 4 Top 10 regions of quantum publication count and semantic proximity

Quantum publication count Semantic Proximity

Rank NUTS3 Region name Rank Region Region name

1 FR101 Paris 1 CHO13 Geneva

2 FR104 Essonne 2 ITH44 Trieste

3 CHO040 Ziirich 3 DE711 Darmstadt

4 DE300 Berlin, 4 ITH36 Padova

5 UKJ14 Oxfordshire 5 DE122 Karlsruhe

6 ES511 Barcelona 6 ES212 Gipuzkoa

7 ES300 Madrid 7 DE263 Wiirzburg

8 UKHI12 Cambridgeshire 8 DEA26 Diiren

9 FR714 Isere 9 DEA2D Stddteregion Aachen
10 DED21 Dresden 10 PL213 Miasto Krakéw
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Table 5 Regression results

dard Dependent variable: Quantum knowledge
(standard errors) Regression model: Negative binomial regression
@) @
Semantic proximity 1.930%**
(0.509)
Publications (In) 1.063%** 1.045%%*
(0.041_ (0.041)
Subjects —0.008%** —0.008 %
(0.001) (0.001)
Quantum funding 40.218%** 40.893%**
(2.387) (2.350)
GDP (In) —0.064* —-0.052
(0.036) (0.035)
Population (In) —0.106%%*%* —0.096%**
(0.027) (0.027)
Metro —0.1297%#* —0.132%%*
(0.045) (0.045)
Adjacent regions 0.020%%%* 0.020%%**
(0.006) (0.006)
Constant —1.727%%% —2.104%%*
(0.488) (0.491)
Period Included Included
Observations 516 516
LR 4? 702.79%** 717.06%%*
Pseudo R? 0.1318 0.1345
Log likelihood —2315.1264 —2307.9936

Standard errors are shown in parentheses below the coefficients. *
p<0.1, ¥ p<0.05, *** p<0.01

can foster interdisciplinarity, it may also reduce the intensity of specialization required to
advance knowledge in highly complex and emerging scientific areas. As expected, the posi-
tive and significant coefficient for Quantum funding underscores the importance of strong
policy initiatives and financial support in fostering advancements in quantum knowledge.
Interestingly, the Metro variable exhibits a statistically significant negative coefficient, sug-
gesting that quantum knowledge is more prevalent in non-metropolitan regions than met-
ropolitan ones. However, it is worth noting that out of the 100 NUTS3 regions, only 15
are non-metropolitan, which include regions that have benefited from specialized research
institutes, such as Cambridge (UKH12), Oxford (UKJ14), and Leuven (BE242).

The second column introduces our key variable, Semantic proximity, which shows posi-
tive and statistically significant coefficients. This indicates that the alignment between a
region’s quantum-specific knowledge and its overall scientific knowledge plays an impor-
tant role in the development of quantum knowledge. In other words, regions with a closer
alignment between their general scientific expertise and quantum-specific knowledge are
more likely to have more substantial potential for advancing quantum-related innovations.

To ensure that our results are not affected by heteroskedasticity, we present the results
with robust standard errors in Table 6. As shown, our key variable, Semantic proximity,

@ Springer
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Table 6 Regression results

b dard Dependent variable: Quantum knowledge
(robust standard errors) Regression model: Negative binomial regression
@ @)
Semantic proximity 1.930%%#%*
(0.534)
Publications (In) 1.063%** 1.045%**
(0.040) (0.041)
Subjects —0.008%** —0.008***
(0.001) (0.001)
Quantum funding 40.218%** 40.893%**
(3.068) (2.959)
GDP (In) —0.064** —0.052*
(0.031) (0.031)
Population (In) —0.106%** —0.096%**
(0.024) (0.024)
Metro —0.129%* —0.132%%%%
(0.051) (0.050)
Adjacent regions 0.020%** 0.020%**
(0.005) (0.005)
Constant —1.727%%* —2.104%%*
(0.445) 0.457)
Period Included Included
Observations 516 516
LR 4? 1447.34%** 1450.85%**
Pseudo R? 0.1318 0.1345
Log likelihood —2315.1264 —2307.9936

Robust standard errors are shown in parentheses below the coeffi-
cients. * p<0.1, ¥* p<0.05, *** p<0.01

continues to show consistent results in Model 2, further reinforcing its important role in the
creation of quantum knowledge.

Lastly, we further tested the robustness of our main findings by incorporating lagged
independent variables by one period, which helps mitigate endogeneity concerns, estab-
lish temporal causality, and account for potential delayed effects in quantum knowledge
production (Table 7). In Model 2, Semantic proximity remains consistently positive even
when using lagged values, reinforcing the stability of our findings over time. In Models
3 and 4, we use generalized least squares (GLS) models, where the dependent variable is
the ratio of quantum publications—the share of quantum-related papers relative to total
scientific publications. This approach helps to account for variations in the overall volume
of scientific output. The robustness check confirms that our main results remain consistent,
showing that the positive relationship between Semantic proximity and quantum knowledge
production holds even when an alternative modeling approach is applied, and this in turn
further strengthens the reliability of the presented findings.
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Table 7 Regression results (lagged)

Dependent variable: Quantum knowledge Quantum knowledge share
Regression model: Negative binomial regression Panel generalized least
squares regression
(6] (@) 3 (C))
Semantic proximity 2.700%*%* 0.011%#%*
(0.606) (0.003)
Publications (In) 1.016%%* 0.993%*** 0.000 0.000
(0.046) (0.046) (0.000) (0.000)
Subjects —1.766%** —1.581%** —0.018%** —0.017%**
(0.288) (0.285) (0.003) (0.003)
Quantum funding 35.297%%* 36.220%#* 0.233%** 0.248%**
(2.707) (2.638) (0.024) (0.024)
GDP (In) —0.065 —-0.051 —0.000 —0.000
(0.041) (0.040) (0.000) (0.000)
Population (In) —0.095%#* —0.081#%#* —0.001 %% —0.001%#**
(0.031) (0.030) (0.000) (0.000)
Metro —0.157%** —0.156%** —0.002%** —0.002%%*%*
(0.052) (0.051) (0.000) (0.000)
Adjacent regions 0.016%* 0.017%* 0.000%** 0.000%**
(0.007) (0.007) (0.000) (0.000)
Constant 6.465%+* 5.176%** 0.118%%%* 0.109%%*%*
(1.444) (1.444) (0.014) (0.014)
Period Included Included Included Included
Observations 430 430 430 (86) 430 (86)
LR 2 516.80%** 536.44%%*
Pseudo R 0.1157 0.1201
Log likelihood —1975.485 —1965.6678
Wald y2 459.91%** 494.89%**
BP 4?2 for heteroscedasticity 131.10%** 134.88%#%**
Wooldridge test for autocorrelation 7.454%%% 8.562%#*

All independent variables are lagged by one period. Standard errors are shown in parentheses below the
coefficients. * p<0.1, ** p<0.05, *** p<0.01

Discussions & concluding remarks

This study advances the measurement of regional knowledge bases by introducing the con-
cept of semantic proximity, which relies on the textual analysis of scientific publications
rather than static classification systems that struggle to capture novel and interdisciplinary
fields. By applying advanced NLP techniques, specifically BERT-based embeddings com-
bined with BERTopic, we identify latent cognitive alignments that remain hidden in con-
ventional taxonomies, thereby offering a richer and more adaptive framework for analyzing
regional knowledge spaces.

The key analytical contribution is the demonstration that semantic proximity, the align-
ment between a region’s general scientific activity and an emerging field such as quantum
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science, has a positive and statistically significant effect on the creation of new quantum
knowledge. This relationship is robust across multiple specifications, even after account-
ing for research output, funding, economic development, and spatial context. Importantly,
although overall levels of semantic proximity between quantum science and general scien-
tific activity were modest, regions with even partial alignment produced substantially more
quantum-related publications. This suggests that complete overlap is not essential; rather,
even partial semantic alignment can serve as a meaningful indicator of a region’s potential
to engage in emerging scientific domains. In this sense, semantic proximity reveals latent
and sometimes tacit capabilities that traditional measures, reliant on codified knowledge or
citation-based spillovers, fail to capture. Such insights are particularly valuable for identi-
fying regions that, while not yet specialized, possess the foundational knowledge needed to
diversify into frontier domains.

Building on these empirical findings, the study contributes to theoretical debates in eco-
nomic geography and innovation studies by extending the concept of relatedness. While
traditional approaches emphasize explicit overlaps in classification systems, semantic prox-
imity highlights subtle affinities that can facilitate breakthrough innovations. It shows that
knowledge recombination does not require strong, direct overlap but can also emerge from
underlying semantic connections that enable novel combinations of knowledge. This per-
spective enriches evolutionary economic geography by providing a more flexible lens for
understanding how regional knowledge bases evolve and diversify. By focusing on scien-
tific publications rather than patents, the study also underscores the pivotal role of aca-
demic knowledge production in shaping regional innovation trajectories, particularly in
science-driven sectors where early-stage research is essential (Kogler et al., 2024). This
emphasis enhances the academic discourse on the interplay between science and regional
economic development, underscoring the value of integrating bibliometric and semantic
data in innovation research.

Policymakers can harness semantic proximity as a powerful diagnostic and strategic
planning tool to better align innovation policies with regional strengths and emerging
opportunities. For instance, by measuring the semantic proximity between government pol-
icy documents and regional scientific or technological knowledge outputs (such as publica-
tions and patents), policymakers can assess how well current policies align with a region’s
existing capabilities and emerging specializations. This analysis helps to identify gaps
where policies may need to be adjusted to better support nascent fields or regions showing
potential for growth. Additionally, semantic proximity can be used to track the effective-
ness of policy interventions over time by examining changes in the alignment between pol-
icy focus areas and regional innovation outputs. This enables dynamic and evidence-based
policy adjustments that respond to evolving regional knowledge landscapes. Moreover,
integrating semantic proximity into smart specialization strategies allows policymakers
to move beyond traditional metrics of specialization (e.g., patent counts) and incorporate
richer, context-driven insights into regional knowledge structures. This approach helps in
selecting priority areas for investment by identifying regions with moderate to high seman-
tic proximity to target fields, ensuring resources are directed where the likelihood of suc-
cessful knowledge recombination and innovation is greatest. Policymakers can also apply
semantic proximity analyses to foster cross-sectoral and interdisciplinary collaborations by
identifying thematic overlaps between different industries, research institutions, and policy
domains. This can support the creation of innovation ecosystems that bridge knowledge
silos and accelerate the development of frontier technologies.
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Funding and economic development agencies can derive substantial value from insights
based on semantic proximity indicators. At a system-wide level, these measures can help
identify interdisciplinary opportunity spaces within the scientific and technological knowl-
edge landscape, informing the design of more targeted and effective funding instruments.
Simultaneously, they can offer strategic guidance on the feasibility of sector-specific devel-
opment strategies within particular national or regional contexts. Semantic proximity thus
serves as a diagnostic benchmark, indicating whether regional path-creation policies are
likely to succeed or fail, depending on the alignment (or misalignment) between existing
scientific or technological capabilities and a prospective domain of interest. Importantly,
such indicators are applicable across all regional innovation systems but enable differenti-
ated policy design based on regional capacity. For instance, regions exhibiting high prox-
imity to a broad array of scientific domains may pursue science-technology optimization
strategies, leveraging their strong existing capabilities. In contrast, regions with uniformly
low proximity values may need to concentrate limited resources on narrowly defined areas
that are most aligned with their current knowledge base, thereby maximizing the potential
for effective knowledge recombination and innovation.

While the proposed method addresses several limitations of traditional classification-
based approaches, it also presents certain challenges. First, relying on textual data may
introduce biases related to language use and publication practices, which can lead to the
overrepresentation of some scientific fields or regions. This imbalance may skew the analy-
sis, particularly disadvantaging regions with lower scientific output or non-English pub-
lications. Second, scientific journal articles capture only a portion of regional knowledge
production and may miss other critical forms of knowledge production, such as unpub-
lished research, or private-sector innovation activities. Future work could address these
gaps by integrating multiple textual sources into a unified semantic framework, providing a
more comprehensive view of regional knowledge dynamics.

Despite these challenges, semantic proximity holds significant potential for advancing
both research and policy. It can be applied to diverse textual corpora such as patent docu-
ments, government policy reports, and industry papers, offering a more comprehensive
understanding of knowledge production, policy alignment, and knowledge diffusion. For
example, future research could employ this approach to explore the science-technology
interface in greater depth, identifying emerging technology clusters grounded in regional
scientific strengths. By capturing subtle and often hidden connections between knowledge
domains, semantic proximity equips researchers and policymakers with a dynamic and
forward-looking tool to guide regional innovation systems in an era of rapid technological
change and growing interdisciplinarity.

Appendix

See Table8
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