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Abstract
Moving beyond the traditional focus on geographical proximity, this study investi-
gates the existence and nature of spillover effects within a non-geographical space.
The core novelty of the paper is operational and methodological: we exploit text
data scraped from corporate websites to construct a novel semantic proximity matrix
within a spatial econometric framework, capturing firms’ industrial specialisations,
technological adoptions, and cognitive competencies. Focusing on the tech ecosys-
tem of Milan, the study examines how the balance between positive and negative
externalities shifts across different phases of firm growth. From a conceptual perspec-
tive, the paper integrates growth with spillover dynamics, explaining the mechanisms
through which firm maturity transforms knowledge-sharing opportunities into com-
petitive frictions. We distinguish between two archetypes: younger, smaller startups
operatingwithin an exploratory innovation paradigm, andmoremature scaleups driven
by market exploitation and asset accumulation. The empirical results reconcile these
perspectives by showing that the net effect of proximity is strictly contingent on the
growth stage of neighbouring firms. Proximity to startups is associated with signifi-
cant positive knowledge spillovers, consistentwith their role as open, learning-oriented
nodes. By contrast, proximity to scaleups triggers negative competitive pressures and
“businessstealing” effects, as their aggressive market expansion imposes costs on
technologically and industrially close neighbours. These findings offer fresh insights
for researchers and policymakers, demonstrating that in modern tech ecosystems, the
impact of proximity depends entirely on who is proximate.
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1 Introduction

Proximity is a double-edged sword for firm performance. While it is widely recog-
nized as a key driver of collaboration, knowledge diffusion, and localized learning, it
simultaneously intensifies product market rivalry, congestion, and “business-stealing”
effects (Bloom et al. 2013; Davids and Frenken 2018). Although the coexistence of
these countervailing mechanisms is well-established, conventional empirical frame-
works face two major limitations. First, they often overlook how the balance between
positive and negative spillovers shifts across different phases of firm growth. Second,
they frequently rely on purely geographical distance, failing to capture the multi-
layered industrial, technological, and cognitive spaces where modern firms actually
interact.

This paper enters the picture to address these gaps by analysing the net impact
of multi-dimensional proximity within the tech ecosystem of Milan. We explicitly
account for firm heterogeneity by distinguishing between two distinct archetypes:
younger, smaller, innovation-focused startups and more mature, larger, growth-
oriented scaleups. We examine whether these different growth stages generate
systematically opposite externalities. Specifically, we maintain and test whether
startups act primarily as sources of positive, knowledge-based spillovers, whereas
scaleups, driven by market exploitation and rapid expansion, tend to trigger negative
competitive pressures that crowd out proximate rivals.

By doing so, the paper offers a twofold contribution. The operational and method-
ological contribution represents the core novelty of our work. Moving beyond
traditional geographical or rigid categorical sector matrices (Debarsy and LeSage
2022; Marra and D’Isidoro 2025), we exploit text data scraped from corporate web-
sites to construct a novel semantic proximity matrix within a spatial econometric
framework. This approach allows us to map a non-geographical space that simultane-
ously captures firms’ industrial specialisations, technological adoptions, and cognitive
competencies. The conceptual contribution, more modestly, allows integrating and
clarifying existing strands of literature on proximity, knowledge diffusion, and rivalry.
We provide a tighter alignment between firms’ growth phases and spillover dynamics,
explaining the mechanisms through which firm maturity transforms knowledge-
sharing opportunities into competitive frictions (Audretsch et al. 2021).

Our empirical results reconcile these perspectives by showing that the net effect
of proximity is strictly contingent on the developmental stage of neighbouring firms.
We find that proximity to startups yields significant positive externalities, confirm-
ing that early-stage ventures operate as open, learning-oriented nodes that enrich
the local knowledge pool. Conversely, proximity to scaleups generates distinct neg-
ative competitive spillovers, demonstrating that as firms transition into aggressive
market expansion, their growth imposes “business-stealing” costs on technologically
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and industrially close neighbours. These findings show that the impact of proximity
depends entirely on who is proximate.

The paper is structured as follows. Section 2 reviews the literature and develops
our research hypotheses. Section 3 describes the dataset and the context of Milan’s
tech ecosystem. Section 4 outlines our spatial econometric methodology and the con-
struction of the semantic matrix. Section 5 presents and discusses the empirical results
alongside robustness checks. Finally, Sect. 6 concludes by outlining policy implica-
tions, limitations, and future research paths.

2 Literature Review and Hypotheses Development

This Section integrates and clarifies existing strands of literature on proximity, knowl-
edge spillovers, and competitive dynamics. By combining these perspectives, we aim
to clarify how the indirect effects of proximity operate across different phases of
firm growth, framing our empirical contribution which utilizes web-based semantic
proximity within a spatial econometric framework.

The literature linking proximity to firm performance establishes that closeness
facilitates interactions, collective learning, and access to complementary resources
(Tubiana et al. 2022; Martin-Rios et al. 2022; Hallin and Lind 2012). While tradi-
tional spatial econometric models heavily rely on purely geographical proximity due
to its exogeneity (Hazir and Autant-Bernard 2014; Ter Wal 2013), geographic dis-
tance alone is insufficient to capture the complexity of modern knowledge economies.
Moving beyond purely physical boundaries requires incorporating non-geographical
dimensions (such as industrial, technological, cognitive, and semantic proximities)
to accurately map the channels of knowledge exchange and competitive pressure
(Autant-Bernard 2012; Corrado and Fingleton 2012; Parent and LeSage 2008). These
non-geographical dimensions capture different facets of alignment between firms.
Cognitive and technological proximity reflect the degree of similarity and comple-
mentarity between firms’ knowledge bases and technological capabilities, shaping
their ability to absorb, integrate, and internalise external knowledge and advance-
ments (Aldieri 2013; Kogler et al. 2013; Kaneva et al. 2023). Industrial proximity
captures market communality and shared operational focus (Aarstad et al. 2016).
Semantic proximity derived from corporate websites offers a dynamic, multi-layered
reflection of a firm’s actual market positioning, technological focus, and cognitive
orientation (Marra et al. 2024; Marra and Baldassari 2022). Regardless of the specific
dimension, the relationship between proximity and performance is inherently non-
linear (Boschma 2005; Nooteboom et al. 2007). An intermediate degree of similarity
maximizes mutual understanding and competitive stimulation (Boschma et al. 2009;
Timmermans andBoschma 2014); conversely, extreme cognitive or industrial distance
prevents meaningful exchange, while excessive similarity induces severe redundancy
and operational friction (Marra and D’Isidoro 2025).

As such, proximity activates two distinct, countervailing mechanisms that shape
firm performance (Bloom et al. 2013; Carreira and Lopes 2018). On the positive side,
proximity generates knowledge spillovers (Audretsch and Belitski 2020). Firms oper-
ating in similar fields or technological spaces benefit from a shared sectoral knowledge
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pool, localized synergies, and collaborative problem-solving (Quatraro 2010; Frenken
et al. 2007; Neffke and Henning 2008). This collective learning environment accel-
erates innovation capacity, productivity, and growth (Cortinovis et al. 2020; Content
et al. 2022; Jespersen et al. 2018). On the negative side, proximity intensifies competi-
tive pressures and business-stealing effects. When firms operate in close technological
or product market proximity, the expansion of one firm can lead to market share ero-
sion, creative destruction, or duplicative patent races for its neighbours (Bloom et al.
2013; Goya et al. 2016; Hall et al. 2009). Under high market overlap, proximity can
induce negative externalities: technological leaders may shut down local operations
to prevent unwanted knowledge leakage, and intense competition for regional talent
can drive up operational costs (Livanis and Lamin 2016; Hoberg and Phillips 2016).

Consequently, the net impact of proximity depends heavily on whether positive
knowledge-sharing dynamics outweigh, or are neutralized by, these negative compet-
itive frictions (Bernal et al. 2022; Audretsch and Belitski 2022; Smrkolj and Wagener
2017). The trade-off between knowledge spillovers and business-stealing is not uni-
form across the business registry (Cainelli and Ganau 2018; Wang 2015); rather, it is
strictly moderated by firm heterogeneity, particularly regarding firm size and growth
stage (Civera et al. 2025; Marra et al. 2024). The existing literature recognizes the
distinct roles that different organizational archetypes (such as startups, spin-offs, scale-
ups, and hidden champions) play within regional ecosystems (Audretsch and Keilbach
2007; Wennberg et al. 2011; Lehmann et al. 2025; Schenkenhofer et al. 2025). Empir-
ical evidence suggests that smaller, younger firms exhibit a fundamentally different
sensitivity to horizontal spillovers compared to larger, established, or R&D-intensive
incumbents (Grillitsch and Nilsson 2019; Guerrero et al. 2023).

To understand why these differences emerge without falling into tautological
assumptions, it is necessary to examine the specific organizational mechanisms, learn-
ing behaviours, and strategic resource constraints that characterize a firm’s growth
phases (Audretsch et al. 2021; Davids and Frenken 2018). On one side, early-stage,
younger firms (startups) operate primarily within an exploratory innovation paradigm
(Gilbert et al. 2008; Audretsch et al. 2015). Because they generally lack extensive
internal R&D infrastructure, established intellectual property portfolios, and formal
market power, their survival hinges on external learning networks, informal knowl-
edge sourcing, and high employee mobility (Zhou et al. 2019b). Startups exhibit
open organizational boundaries, making them highly permeable nodes within an
ecosystem. Furthermore, because their strategic priority is product development,
proof-of-concept, and technological validation rather than immediate, aggressive
market-share consolidation, their interactions with proximate peers are predominantly
collaborative rather than zero-sum (Marra et al. 2024). They contribute to and draw
from local knowledge pools, acting as catalysts for regional growth and technology
diffusion (Colombelli and Quatraro 2019). Because they do not yet pose an immediate
threat of volume-based market displacement to neighbouring firms, the positive exter-
nalities of knowledge exchange remain uncompromised bybusiness-stealing anxieties.
Thus, we hypothesize:

Hp#1: Younger, innovation-focused firms (startups) are more likely to generate
positive knowledge spillovers.
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On the other side, as firms mature and enter a rapid growth phase (scaleups), their
strategic orientation shifts fundamentally from exploration to market exploitation,
asset accumulation, and revenue scaling (Bock and Hackober 2020). Scaleups have
developed robust internalR&Dcapabilities, formal organizational structures, andvalu-
able proprietary technologies that they must actively protect from imitation (Livanis
and Lamin 2016). Consequently, their organizational boundaries become less per-
meable, and their willingness to engage in informal, open-ended knowledge sharing
decreases.More importantly, the defining objective of a scaleup is rapidmarket expan-
sion. This aggressive pursuit of growth inevitably brings them into direct conflict with
proximate competitors for finite regional resources such as specialised venture talent,
local supply chain capacity, and customer attention (Bloom et al. 2013). At this devel-
opmental stage, high proximity to similar firms triggers intense product market rivalry.
The expansion of a scaleup is likely to generate a net negative “business-stealing”
externality for its neighbours, as its competitive gains often come at the direct expense
of nearby rivals’ market shares (Triguero and Fernández 2018; Arvanitis et al. 2020;
Alcácer and Chung 2007). Therefore, we hypothesize:

Hp#2:Moremature, growth-oriented firms (scaleups) are more sensitive to com-
petition and may generate negative competitive spillovers.

The transition from exploratory innovation to market exploitation can be further
understood through the lens of technological regimes and the fundamental distinc-
tion between Schumpeter Mark I and Mark II patterns of innovation. According to
Breschi et al. (2000), a SchumpeterMark I regime is defined by “creative destruction”,
where technological ease of entry allows new entrepreneurs and young firms to play
a central role in innovative activities. This aligns closely with our conceptualization
of startups, which operate within an exploratory paradigm, relying on open organi-
zational boundaries and external learning networks to validate new technologies. In
contrast, a Schumpeter Mark II regime is characterized by “creative accumulation”.
In this regime, innovation is dominated by large, established firms that build upon
an accumulated stock of knowledge, competencies in R&D, and significant financial
resources, which collectively act as barriers to entry for new players. This archetype
mirrors the strategic shift observed in scaleups: as these firms mature, their orientation
moves toward revenue scaling. At this stage, the focus shifts from the “widening” of
the innovative base to a “deepening” of market exploitation, where firms are more
inclined to engage in aggressive expansion that may impose business-stealing costs
on proximate rivals.

3 Data

Data were obtained from Dealroom (2024). Dealroom is a commercial database spe-
cializing in high-technology companies, with a particular focus on the European
ecosystem. It integrates machine-learning techniques with user-contributed informa-
tion, which is subsequently reviewed and validated by a dedicated team of analysts.
The database has gained increasing attention in academic research in recent years,
particularly for studies examining entrepreneurial ecosystems, high-growth firms,
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and innovation dynamics (van Meeteren et al. 2022; Consoli et al. 2025; Marra and
D’Isidoro 2025).

Our initial dataset comprised approximately 3600 technology-oriented firms
located in the city of Milan, Italy’s business and financial capital, which generates
a regional GDP exceeding e390 billion. Milan’s economic structure is characterised
by strong specialisations in life sciences, fintech, and fashion and design (OECD2006).
Withmore than 5000multinational headquarters and several homegrown unicorns, the
city represents amajor European hub for advanced services and a particularly dynamic
area, having expanded by roughly fifteenfold in terms of combined enterprise value
over the past decade and accounting for nearly half of the total value of the Italian tech
ecosystem (Antonietti et al. 2013; Arbia et al. 2012).

To ensure data reliability, we retained only companies exceeding a minimum data
completeness threshold, asmeasured by the completeness component of theDealroom
Signal, a composite score that incorporates profile completeness, founder quality,
employee growth, and the likelihood of an upcoming funding round. This filtering
reduced the sample to approximately 1200 firms. It is worth noting that the collection
and updating of economic and financial information by Dealroom benefit from collab-
orations with local institutional partners. In the case of Milan, the database provider
established a partnership with Milano & Partners, the City of Milan, the Chamber
of Commerce of Milano Monza Brianza Lodi, and Promos Italia, allowing to obtain
reliable proxies for startup performance based on the knowledge of the local ecosys-
tem, an otherwise challenging phenomenon to capture due to its highly dynamic and
fragmented nature.

Firm-level financial and structural data were collected in March 2024. Textual data
used to construct the semantic proximity matrix were collected through web scraping
of official corporate websites conducted in April and May 2024. The empirical anal-
ysis adopts a short-term longitudinal perspective, focusing on the period 2022–2023.
Specifically, the dependent variable (sales growth rate) is measured as the logarith-
mic difference between firms’ revenues in 2023 and 2022. Similarly, key explanatory
variables, including the average number of employees and employee growth rate, are
computed over the same period. The initial scaleup status is defined based on firms’
revenues at the beginning of the observation window (i.e., 2022), thereby reducing
potential endogeneity concerns and capturing firms’ baseline characteristics.

From the 1,200 companies, we further selected 505 firms for which consistent
information on geographic location, sales, and employmentwas available.We assessed
the representativeness of the final sample across several dimensions (spatial location
in Table 1, sales in Table 2, and sectoral distribution in Table 3) confirming that it
adequately reflects the broader population of Milan-based tech companies.

The City of Milan is divided into nine administrative zones (formerly Districts),
consisting of a central circular zone (the Historic Center) and eight surrounding zones.
Figure 1 illustrates these zones and reports, for each of them, the percentage of firms
in our sample.

In line with Dealroom’s classification, we distinguish between younger, smaller
technology-oriented firms andmoremature, larger companies. In addition, we identify
whether firms display startup characteristics by observing whether they operate at
the seed or early growth stage. Dealroom assigns firms to growth stages through a
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Table 1 Distribution of firms’
headquarters in the City of
Milan by zone (Sample vs Total)

Zones Sample (%) Total (%)

Zone 1 30.8 33.1

Zone 2 4.0 3.1

Zone 3 9.8 8.2

Zone 4 10.5 9.5

Zone 5 7.8 7.7

Zone 6 6.2 6.5

Zone 7 7.4 6.0

Zone 8 13.6 15.0

Zone 9 9.9 10.9

Table 2 Distribution of firms by
sales quartile, in logarithmic
scale (Sample vs Total)

Quartile Sample Total

Min 0.90 0

25% 5.21 5.06

50% 5.85 5.60

75% 6.42 6.26

Max 10.08 10.21

Mean 5.92 5.73

Table 3 Distribution of firms by
industry (Sample vs Total) Industries Sample (%) Total (%)

Fintech 13.96 11.77

Marketing 9.89 9.84

Software enterprise 9.36 9.37

Media 7.77 7.37

Health 7.24 8.57

Food 6.18 7.13

Energy 4.77 4.32

Real estate 4.42 4.24

Home living 4.06 3.36

Transportation 3.53 3.68

Fashion 3.36 4.24

Education 3.36 3.36

Travel 2.65 3.04

Wellness 2.30 2.24

Sports 1.94 1.92

Others 15.19 13.77
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Fig. 1 Distribution of firms’ headquarters in the City of Milan by zone

hierarchical classification framework that leverages on employment size, total funding,
and firm age. Startups are identified as firms in the seed or early stages: seed-stage
firms typically employ fewer than 10 workers, have raised less thane2 million in total
funding, or are younger than approximately 1.5–2 years. Early-stage firms generally
employ between 11 and 50 workers, have raised e2–10 million in funding, or are
between 2 and 5 years old. Firms are classified as late-stage when they employ more
than 50 workers, have raised over e10 million in funding, or are older than 5 years.

Startups account for roughly 84% of the sample. Even if companies in the dataset
are technology-driven, technological intensity varies across sectors (Table 3).

As detailed in Sect. 4.2 (Model Specification), each firm is assigned a scale-up
status measured using the logarithm of revenues at the beginning of the observation
period, the average number of employees between 2022 and 2023, and the employee
growth rate over the same period, reflecting the prevalence of very young firms in the
dataset. In addition, we include a dummy variable distinguishing firms at the seed or
early-growth stage from those at a later or more mature stage.
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4 Methodology

4.1 Proximity Matrices

Our operational contribution consists in advocating the use of methodologies that
exploit text data from corporate websites to construct measures of semantic proximity.
This approach allows us to better capture firm interactions and to shed light on the
mechanisms through which spillovers operate.

An increasing number of articles are leveraging the potential intrinsic in the descrip-
tions of industrial activities and technological advancements, available on company
websites and in other textual data sources (Nathan and Rosso 2015; Kinne and Axen-
beck 2020; Papagiannidis et al. 2017). Qin et al. (2021) use topic modelling for
measuring cognitive proximity by mining patent description texts. Peng et al. (2023)
identify critical technologies through text analysis to assist firms in discovering tech-
nology opportunities, and Zhou et al. (2019a) detect ‘typical’ research patterns to help
technological recombination. With a similar purpose, Ranaei et al. (2020) use textual
data from scientific publications. Qi et al. (2022) investigate partner selection for col-
laborative innovation by mining the content of patent documents, while Marra et al.
(2020) use data provided by Crunchbase to explain merger and acquisition strategies
in the clean tech sector. Nathan and Rosso (2015) illustrate how text data can deepen
our understanding of digital industries. Hoberg and Phillips (2016) examine how firms
differentiate themselves from competitors using novel text-based measures of prod-
uct similarity derived from 10-K product descriptions. Russo et al. (2022) map the
potential application of Internet of Things technologies by using textual analysis to
identifyNACE codes associatedwith five technological domains. Similarly, Kinne and
Axenbeck (2020) employ data from over two million company websites to discover
emerging innovation ecosystems.Marra and Baldassari (2022) classify firms and iden-
tify technological trajectories across industries using text data from companywebsites.
Losurdo et al. (2019) introduce an innovative measure of industrial specialisation in
digital sectors, relying on adopted technologies rather than standard activity codes.
Kinne and Lenz (2021) demonstrate the ability of text analysis and big data to uncover
collaboration networks and innovative outcomes. Using textual and relational content
from corporate websites, Abbasiharofteh et al. (2024) show that cognitive proximity
is positively associated with a firm’s level of innovation.

We start by collecting textual content from companywebsites, ensuring that the data
is up-to-date and self-reported, accurately reflecting each firm’s positioning.Keywords
are then extracted to identify the firm’s core industrial specialisations, technologies,
knowledge and competencies. To standardise across firms, we employ Latent Dirichlet
Allocation (LDA), a widely used probabilistic topic modellingmethod. LDA uncovers
latent themes, providing a structured representation of industrial, technological, and
cognitive domains and enabling the assignment of broader topics for higher-level
generalisation while retaining relevant detail. Mapping firms onto a common set of
topics increases comparability and supports the identification of semantic proximity
and spillovers.
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Keywords are processed using standard natural language processing (NLP) proce-
dures, including text cleaning, tokenisation, lemmatisation, and stop-word removal.
Texts are first cleaned by removing symbols, numbers, separators, and case distinc-
tions using functions from the quanteda R package (Benoit et al. 2018). Tokenisation
is then performed using the tokens() function, which constructs a tokens object and
applies user-specified removal and splitting rules. At the end of this process, each firm
is represented as a vector of tokens. Pairwise textual similarity between firms is then
computed using cosine similarity, implemented through the textstat_simil family of
functions in quanteda, which generate similaritymatrices that can be easily converted
into standard matrix or data-frame formats for subsequent analysis. Cosine similarity
is suitable here as it measures orientation rather than magnitude, making it robust to
differences in text length and allowing refined comparisons of semantic content across
heterogeneous datasets.

Following Boschma (2005) and Nooteboom et al. (2007), we transform the linear
cosine similarity scores into an inverted-U function to construct our semantic proxim-
itymatrix. This captures the non-linear relationship between proximity and knowledge
exchange: moderate proximity maximises the potential for mutual understanding, col-
laboration, and competitive stimulation, whereas too little or too much similarity can
hinder learning, limit idea diversity, and trigger business-stealing effects (Kok et al.
2020; Marra et al. 2020, 2024). In this way, the matrix captures how intermediate
levels of proximity are most conducive to innovation and performance gains.

Accordingly, we build a spatial weights’ matrix (W), which is the semantic prox-
imity matrix retrieved from the cosine similarity calculated above. The W matrix is
assumed as exogenous and constructed according to a hyperbola: the values on the
main diagonal are assumed as zero; moreover, if two firms have very low or very high
cosine similarity, wi j is again zero; then, since higher values of the cosine similarity
may have a more pronounced impact on the extent of proximity or spillover effects,
wi j is expected to increase up to one (the maximum), if the cosine similarity grows
towards the median.

For summary, some key aspects of the data collection and processing steps are
summarised in Table 4.

4.2 Model Specification

Spillover effects among firms can bemodelled using a spatial econometric framework.
As a first step, we define a basic ordinary least square model (OLS):

yi � α + x ′
iβ + εi (1)

where, yi is the sales growth rate (�_rev) for the i � 1 . . . N firms between 2022
and 2023 calculated as the log difference between sales in 2023 and 2022 (Coad
2009; Dosi 2023); α is the intercept; β is the parameters’ vector related to each of the
covariates; εi is the error term. The r � 1 . . . P variables included in the matrix X
are: a proxy for the scaleup status (Scale_t0), measured by the log of revenues at the
beginning of the observation period (Civera et al. 2025; Schenkenhofer et al. 2025);
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Table 4 Steps for constructing the semantic proximity matrix from collected text data

Step Method/tool Notes

Data collection Web scraping From company websites, based on
current and self-reported
information

Keyword extraction NLP-based Focus on industrial specialisations,
adopted technologies, knowledge
and competencies

Topic modelling Latent Dirichlet Allocation (LDA) Needed to increase comparability

Text preprocessing NLP Lemmatisation, stop-word removal,
tokenisation

Firm vector
construction

Bag-of-words Each firm has been represented as
vector of tokens

Similarity computation Cosine similarity Useful because it measures
orientation (rather than
magnitude), robust to vector length
differences

Proximity
transformation

Inverted-U function Needed to map similarity scores to
non-linear semantic proximity,
reflecting optimal levels for
knowledge exchange. Kernel
gaussian transformation around the
median

the average number of employees between 2022 and 2023 (Avg_emp), reflecting
the firm’s stock of intangible or intellectual resources (Bloom et al. 2013; Balsmeier
et al. 2014); a dummy variable (Early) distinguishing startups at the seed or early-
growth stage (Audretsch et al. 2015; Rydehell et al. 2019; Guerrero et al. 2023);
and the employee growth rate over the same period (�_emp), capturing the pace
at which these resources expand, particularly relevant given the prevalence of very
young firms in the dataset (Lindelöf and Löfsten 2004; Zhao et al. 2014). The use
of employment growth as a regressor for sales growth is motivated by Coad (2010),
who conceptualizes firm growth as a multidimensional and co-evolving process in
which different growth indicators provide distinct but complementary information.
From this perspective, employment growthmay represent a key “stimulus” or strategic
decision variable that precedes and contributes to subsequent firm expansion. In the
context of the technology-oriented firms examined in our dataset, rapid workforce
expansion represents a fundamental condition for scaling market activities, supporting
organizational development, and commercializing exploratory innovations. Therefore,
employment growth captures an important dimension of firms’ scaling trajectories and
provides relevant information for explaining variations in contemporaneous revenue
performance.

Additionally, only in the semantic specification of the spatial model, we include
the geographical location of companies, which serves to account for the physical
space (Rao-Nicholson et al. 2019; Baldwin et al. 2008), using a synthetic variable that
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quantify the geographical distance, using latitude and longitude, of each firm from
the barycentre of all the firm’s locations, which is close to the centre of the city of
Milan (Bary). Our choice is consistent with existing evidence on the spatial reach
of spillovers: Elhorst et al. (2024) suggest that indirect effects are positive but decay
with distance, while Baldwin et al. (2008) and Baum-Snow et al. (2024) find that
the productivity effects of knowledge spillovers extend only few kilometres beyond
individual plants.

The variables do not exhibit collinearity, as indicated by correlation coefficients
that all fall within the interval [− 0.22; 0.44]. Notably, the number of employees and
sales are only weakly correlated. This pattern is largely attributable to the high share
of startups in the sample: in technology-intensive industries, it is common to observe
small firmsgenerating relatively high sales or, conversely, larger firms reporting limited
or no sales at early stages. As a result, the observed correlation is weaker than would
be expected in a sample with a higher proportion of mature firms.

The hypothesis of no spatial autocorrelation is tested using Moran’s statistic (King
1981). Values significantly higher than expected lead to the rejection of the no correla-
tion hypothesis in favour of the presence of positive spatial autocorrelation, justifying
the introduction of spatial econometrics models.

Several procedures can be followed to select the best spatial specification. We rely
on Elhorst (2014), who affirms that the best strategy to test for spatial interaction
effects is to adopt a top-down approach, verifying step by step if some parameters
should be included or not. In line with this approach, LeSage (2014) suggests that
one of the best specifications to start with is the SDM, since it may overcome the bias
related to omitted variables (Pace and LeSage 2010).

The SDM is defined as:

yi � α + x ′
iβ + ρ

N∑

j�1

wi j y j +
P∑

r�1

N∑

j�1

wi j x jrθr + εi wi th j �� i (2)

where ρ is the spatial autoregressive parameter, while the vector of parameters θ , for
r � 1 . . . P , measures the influence of the covariates on the dependent variables of
neighbours.

To interpret the results, direct and indirect impacts should be computed by calcu-
lating the matrix of the partial derivatives of the expected value of y with respect to
the rth explanatory variable (LeSage and Pace 2009).

Following the top-down approach, if the spatial parameter ρ results as not signifi-
cant from the estimation of the SDM, the natural consequence is to choose the SLX
specification. In favour of SLX adoption, Elhorst (2017) advises using models that
include only the exogenous interaction effects (WX ) in case of a high-density W .
Moreover, Corrado and Fingleton (2012) suggest using this type of effects, showing
that the endogenous spatial lag (WY ) can be misleading, as it may only masks the
effects of omitted spatially dependent variables included in WX . Additionally, Hal-
leck Vega and Elhorst (2015) assert that the SLXmodel is one of the simplest in terms
of computational burden and interpretative difficulties.
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The SLX model takes the form:

yi � α + x ′
iβ +

P∑

r�1

N∑

j�1

wi j x jrθr + εi wi th j �� i (3)

which is a reduced form of a SDM without the inclusion of the endogenous effects,
that is the spatial interactions between dependent variables.

With regards to the interpretation, in SLX direct impacts are represented by β

coefficients, while θr parameters are the indirect effects (Elhorst 2014). For example,
the estimated coefficient θ for the lag of the variable Early gives immediately the
extent of the indirect impact, interpreted as the influence of being a seed or early-
growth firm on the performance of neighbours.

To discriminate between SDM and SLX, a recommended approach is to evaluate
whether its nested models provide a better fit for the situation by using Likelihood
Ratio tests (LR-tests; Elhorst 2014). The LR-test is structured as follows:

−2(LogLres − LogLunres) (4)

where LogLres represents the log-likelihood of the restricted, and LogLunres repre-
sents the log-likelihood of the most general model (i.e., the SDM). The null hypothesis
states that the SDM does not perform better than the simpler, more restricted model,
making the latter preferable. This test statistic follows a Chi-squared distribution, with
degrees of freedom equal to the number of restrictions applied.

Another specification which can be considered in model selection, according to
LeSage and Pace (2009) and LeSage (2014), is the Spatial Durbin Error Model
(SDEM). This model nests the SLX and adds the spatial autocorrelation between
disturbances:

yi � α + x ′
iβ +

P∑

r�1

N∑

j�1

wi j x jrθr + ui wi th ui � λ
∑N

j�1
wi j u jr + εi and j �� i

(5)

where λ is the parameter which considers the spatial autocorrelation between the
disturbances. This model could be compared to the SLX using LR-tests because they
are nested, since SLX is a SDEM with the constriction λ � 0.

5 Results

5.1 Testing framework

Before using the proximity matrix in the statistical model of firms’ performance, we
tested for spatial autocorrelation in the residuals of the OLS model with the Moran’s
I test, for both semantic and geographical proximity (King 1981). Even though the
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Table 5 Results of Moran’s I test

W matrix Moran I’s statistic Expectation p-value

Semantic 0.043 − 0.002 0.000

Geographical 0.009 − 0.002 0.034

Table 6 Estimated parameters
for OLS and SLX models OLS SLX

Intercept 1.09*** 1.10***

Scale_t0 − 0.015900*** − 0.016229***

Avg_emp 0.000005*** 0.000005***

Grow_emp 0.005720*** 0.005314**

Early − 0.002020 − 0.002000

Bary 0.000002** 0.000002**

Lag_Scale_t0 − 0.023872*

Lag_Grow_emp 0.000031*

Lag_Avg_emp 0.022720**

Lag_Early 0.091369**

Lag_Bary 0.000004

p-values *< 0.1; **< 0.05; ***< 0.01

Moran’s I statistic is not so far from0, the p-value indicates that there is still a significant
deviation from the expectation of no spatial autocorrelation (Table 5).

Table 6 shows the estimates for both OLS model and SLX model, estimated via
MaximumLikelihood (ML), indicating that the coefficients are statistically significant
and have the expected signs. This circumstance is confirmed across the two specifi-
cations, since the direct impacts of the SLX model show same polarity and similar
magnitudes with the OLS coefficients.

Regarding the indirect impacts, results are in line with the literature, by which
startups at the seed or early-growth stage (Early) are more prone to exchange knowl-
edge (Audretsch et al. 2015; Rydehell et al. 2019; Guerrero et al. 2023). In contrast,
neighbours with a higher value for the variable Scale_t0 are expected to generate
negative effects, implying some form of competition (Guerrero et al. 2023; Arvanitis
et al. 2020; Marra et al. 2024). Broadly speaking, neighbours with higher values of
the variables capturing the size of the firms’ knowledge base or the pace at which it
expands (namely, Avg_emp and�_emp) are expected to generate stronger knowledge
spillovers (Bloom et al. 2013; Balsmeier et al. 2014). The significance of parameters
θ , and the consequent estimated impacts, confirms that the semantic proximity matrix
is relevant.

To support the selection of the SLX model, Table 7 summarises the LR-tests per-
formed, with all models estimated via ML. The results indicate that this model is the
only one that outperforms the SDM, and the SDEM, making it the most suitable for
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Table 7 LR-tests of SDM versus
nested models Model LR-tests vs SDM LR-test vs SDEM

OLS 28.769*** 28.649***

SLM 16.562***

SLX 0.096 0.835

***p-value < 0.01

interpreting the current data. This provides evidence that global effects are challeng-
ing to justify, particularly when contrasted with local effects (Gibbons and Overman
2012; Lacombe and LeSage 2013).

5.2 Robustness and Endogeneity

The validity of estimated statistical models and their results is typically assessed
through robustness checks. These checks aim to evaluate the reliability of key coeffi-
cients by altering the model specification. In cases like the one presented in this paper,
where the estimatedmodel coefficients align in both polarity andmagnitudewith those
of the OLS and are theoretically plausible, these coefficients may be assumed to be
reliable (Lu and White 2014). However, it is always advisable to verify the robustness
of the core coefficients by testing their insensitivity to alternative estimations and by
introducing redundant variables.

Table 8 presents a comparison of the direct and indirect impacts among three mod-
els: the chosen SLXmodel (Model 1), the corresponding SDM (Model 2), and an SLX
model that includes two additional independent variables, specifically Age and B2B
(Model 3).

Age is a standard determinant in the literature on firm performance (Coad et al.
2017), as it captures the transition from the experimental routines of very young
ventures to the more established operational structures of mature firms. By controlling
for age alongside initial revenues (Scale_t0), we ensure that the observed performance
effects are specifically linked to its growth stage and scaleup status. The B2B dummy
accounts for the fundamental differences in how firms interact with their ecosystem;
firms operating in a business-to-business context are inherently more embedded in
professional networks, fostering a greater degree of reciprocal exchange of knowledge,
ideas, and supply-chain opportunities (Marra and D’Isidoro 2025).

All the estimations, obtained via ML, exhibit the same polarity and similar mag-
nitudes, with very few variables occasionally proving insignificant. This consistency
reinforces the robustness of our results.

Additionally, to address endogeneity which could emerge in our specification due
to reverse causality of employees related variables, or common unexpected factors that
influence start-ups,we employ a 2SLS estimation using the recommended instruments,
WX ,W 2X , andW 3X where, in the case of the SLX,WX is an internal instrument and
W 2 andW 3 are, respectively, the second and the third spatial lag (Kelejian and Prucha
1998; Baltagi et al. 2014). However, although these instruments are recommended,
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Table 8 Direct and indirect impacts of model 1 (the adopted model, SLX), model 2 (SDM), and model 3
(SLX with 2 added variables)

Model 1 Model 2 Model 3

Direct impacts

Scale_t0 − 0.016229*** − 0.015680*** − 0.017340***

Avg_emp 0.000005*** 0.000005*** 0.000003*

Grow_emp 0.005314** 0.005411*** 0.005136***

Early − 0.002000 − 0.003758 − 0.003371

Bary 0.000002** 0.000002*** 0.000002*

Age 0.000169

B2B 0.000084

Indirect impacts

Scale_t0 − 0.023872* − 0.025806** − 0.021590**

Avg_emp 0.000031* 0.000008 0.000024

Grow_emp 0.022720** 0.008906** 0.024220***

Early 0.091369** − 0.006186 0.083620**

Bary 0.000004 0.000004 0.000001

Age 0.000393

B2B − 0.015280

p-values *< 0.1; **< 0.05; ***< 0.01

we perform test of over-identification and weak instruments to ensure their goodness.
The results are shown in Table 9.

Weak instruments tests show that the null hypothesis of weakness is rejected in
almost all the cases, while the over-identification test cannot reject the null hypothesis
of uncorrelation between instruments and error term, proving the validity of the chosen
instruments.

Table 9 Test of
over-identification and weak
instruments

Type of test Test value

Weak instruments tests Scale_t0 3.696***

Avg_emp 16.956***

Grow_emp 3.741***

Early 0.557

Bary 2.153**

Over-identification test Sargan test 1.42

p-values *< 0.1; **< 0.05; ***< 0.01
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5.3 Discussion of Results

We focus on two different impacts: the direct impacts on the dependent variable when
covariates change, and the indirect effects (or spillovers), namely the impacts of a
covariate on the dependent variable of neighbouring units. In the SLX we define each
coefficient β as the direct impact of the associated variable and the parameters θ as
the indirect impacts, while in the SDM we must estimate the impacts.

Regarding the SLX model, all the coefficients concerning the direct effects are
statistically significant, except for the growth stage. As expected, the negative coef-
ficient of Scale_t0 highlights that the effect of the initial scaleup status is negative,
as smaller firms tend to grow more and vice versa. The statistical significance of the
Bary variable indicates that the location of firms within the city ofMilan is important,
confirming the role of the physical space for firm interdependence.

Except for the geographical variable, indirect effects are statistically significant.
Such effects are so relevant that they emerge even if limited to first order interac-
tion effects, that is within small ‘local’ networks of neighbours, without considering
the ‘global’ scope resulting from the propagation of feedback effects (Gibbons and
Overman 2012; Lacombe and LeSage 2013). More specifically, the SLX model con-
siders only local spillovers from one unit to the neighbouring ones, neglecting global
spillovers involved in SDM and SLMmodels, which include feedback effects because
of impacts passing through neighbouring units (LeSage and Pace 2011; Halleck Vega
and Elhorst 2015). Such a result also captures more intuitively the dynamics typical
of technology ecosystems (Boyer et al. 2021). Through channels such as collabora-
tion, imitation, and competition, these interactions strengthen or undermine learning,
competitive stimuli, and growth, thereby affecting the performance trajectories of
participating firms (Fotopoulos and Qian 2025).

As anticipated, these effects are not unconditionally beneficial (Smrkolj and
Wagener 2017; Alcácer and Chung 2007): when competitive pressures intensify, such
aswhen firms compete for scarce resources, talent, ormarket opportunities, these same
interactions may trigger counterproductive dynamics (Bloom et al. 2013; Arvanitis
et al. 2020). In such cases, initially positive spillovers can be offset or even reversed,
as firmsmay engage in ‘defensive’ behaviours, limit knowledge sharing, or experience
business-stealing effects that reduce the overall gains for the ecosystem (Livanis and
Lamin 2016; Goya et al. 2016; Hall et al. 2009).

We find that the neighbours of scaleups do not benefit from positive spillover
effects: the negative indirect effects can be attributed to the cannibalisation of each
other’s business (Zhou et al. 2019b; Marra et al. 2024; Guerrero et al. 2023). This
result can also be interpreted in line with the knowledge equilibrium argument, by
which knowledge externalities diminish the performance of high-growth firms to ben-
efit low-growth firms, until performance disparities disappear (Grillitsch and Nilsson
2019). Conversely, we acknowledge the positive spillovers generated by startups that
exhibit a strong propensity to innovate and originate spillovers that benefit neighbours
(Audretsch et al. 2015; Audretsch and Keilbach 2007; Gilbert et al. 2008). The distinc-
tion between startups and scaleups is partly mitigated by the positive effects associated
with viewing the firm as a ‘knowledge base’, which are more pronounced in firms with
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a larger number of employees: each employee would contribute individual knowledge
to the firm’s aggregate knowledge base, and a larger workforce would increase oppor-
tunities for interaction and exchange with employees from other companies, thereby
enhancing the overall potential for spillovers (Martin-Rios et al. 2022; Tubiana et al.
2022). Given that most of the observed technology companies are startups, we cannot
overlook the firm’s employee growth rate, which expands the firm’s knowledge base
and appears to generate positive indirect effects.

Accordingly, the results support both hypotheses,which cannot be rejected given the
statistical significance of the estimated indirect effects across the different models and
specifications. While data limitations prevent a more direct empirical investigation
of the underlying mechanisms, our analysis contributes to the empirical discussion
by interpreting these findings considering well-established theoretical and empirical
literature.

6 Conclusions

In this paper, our contribution to the literature is twofold. First, the operational and
methodological contribution represents the core novelty of our work. Moving beyond
traditional geographical or rigid categorical matrices, we exploit text data scraped
from corporate websites to construct a novel semantic proximity matrix within a spa-
tial econometric framework. This approach allows us tomap a non-geographical space
that simultaneously captures firms’ industrial specialisations, technological adop-
tions, and cognitive competencies. Second, our conceptual contribution integrates
existing strands of literature by providing a tighter alignment between firms’ growth
phases and spillover dynamics (Audretsch et al. 2015, 2021; Bloom et al. 2013).
This framework allows us to explain the mechanisms through which firm maturity
transforms knowledge-sharing opportunities into competitive frictions (Audretsch
and Belitski 2022; Guerrero et al. 2023). Our results reconcile these perspectives
by showing that the net effect of proximity is strictly contingent on the develop-
mental stage of neighbouring firms. On the one hand, we find that startups, which
operate within an exploratory innovation paradigm, act as open, learning-oriented
nodes that generate significant positive knowledge spillovers. Since their priority is
technological validation rather than immediatemarket-share consolidation, their inter-
actions are predominantly collaborative.On the other hand, the negative indirect effects
associated with scaleup status point to the prevalence of competitive spillovers and
“business-stealing” effects. As firms mature and shift toward market exploitation and
asset accumulation, their organizational boundaries become less permeable, and their
aggressive expansion imposes costs on technologically and industrially close neigh-
bours. These findings demonstrate that the impact of proximity depends entirely on
who is proximate.

Since our empirical evidence is limited to the case of the city of Milan, the results
do not provide a universally generalizable basis for drawing clear policy implications,
but they nonetheless offer informative insights that may be relevant for similar urban
and innovation-driven contexts. Policymakers aiming to foster innovation and eco-
nomic growth could benefit from tailoring interventions to the composition of firms
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within a given ecosystem (Audretsch et al. 2015; Civera et al. 2025). Policies promot-
ing collaboration and knowledge-sharing among startups (also through intermediary
organizations such as funding schemes for joint research projects, co-working spaces,
and innovation hubs) can amplify positive spillover effects, especiallywhen leveraging
industrial, technological, or cognitive similarities. Conversely, in areas characterised
by a high density of scaleups, policy interventions should aim at mitigating exces-
sive competitive pressures while still harnessing the dynamism of these firms. This
could involve supporting upskilling programmes, promoting complementary business
opportunities, and encouraging partnerships between neighbouring firms, including
startups, to balance competition with cooperation. More broadly, urban planners and
regional development agencies could use these insights to design spatial strategies that
optimise the co-location of startups and scaleups.

This paper is subject to several limitations. While the database on startups and
technology-based firms offers important advantages, the availability of detailed eco-
nomic and financial variables is inherently limited, reflecting the well-known data
constraints affecting young and rapidly evolving firms. These limitations influence
the size of the observed sample, the selection of variables, and, consequently, the
overall model specification.

Despite these constraints, our findings point to plausible mechanisms that may
help explain why proximity to scaleups is more likely to generate negative indirect
effects for neighbouring firms. Competitive forces play a role, but they do not oper-
ate in isolation. Scaleups typically operate at a more advanced stage of R&D and
market development and benefit from superior access to financial, organisational,
and reputational resources. Underlying mechanisms may include market saturation,
the reallocation of skilled labour and specialised suppliers toward the scaleup, and
the concentration of investor attention on a leading firm at the expense of its neigh-
bours. In addition, scaleups often rely on more standardised products, technologies,
and business models, which may limit opportunities for learning and differentiation
among proximate firms, thereby amplifying rivalry. By contrast, startups are more
likely to engage in exploratory activities and informal interactions, making proximity
more conducive to positive spillovers. Future research combining richer firm-level data
would allow these mechanisms to be investigated more precisely and would further
strengthen the interpretation of our results.

Moving forward in our research programme, the next step is to disentangle and
jointly model multiple forms of non-geographical and geographical proximity to
account for their potentially distinct contributions to the generation of spillovers
(Parent and LeSage 2008; Debarsy and LeSage 2022). We aim to assess whether
knowledge-driven effects are more closely associated with cognitive or technological
proximity, while competitive-driven effects are more likely to arise from industrial
proximity. To this end, we plan to adopt a modelling strategy in which interpretabil-
ity represents a key criterion: the convex combination approach would allow multiple
(more than two) proximity structures to be integrated into a single connectivity matrix,
with each component weighted by a parameter capturing its relative contribution
(Debarsy and LeSage 2022). This framework would generalise beyond a standard
two-matrix setting (e.g., geographical and semantic proximity) to an arbitrary num-
ber L of matrices, enabling the inclusion of additional separate dimensions such as
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industrial, technological, or cognitive proximity (Debarsy and LeSage 2022; Pace and
LeSage 2010; Hazır et al. 2018). This approach would avoid many of the estimation
and interpretation challenges associated with higher-order spatial models, while yield-
ing parameters that directly reflect the relative importance of each form of proximity
in shaping spillovers.
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