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Abstract
Investigating the role of proximity between firms is crucial, as it can influence per-
formance through spillover effects. This paper makes two main contributions. First, 
we introduce a replicable web-based methodology for measuring different types of 
proximity among firms. We draw on text data from company websites to assign firms 
vectors of keywords reflecting their industrial specializations, knowledge and com-
petencies, and adopted technologies. These vectors are then used to compute cosine 
similarity. To account for knowledge exchange, the resulting linear similarity meas-
ures are transformed into an inverted U-shaped relationship, as suggested by theory. 
Second, we assess and compare the spillover effects arising from non-geographical 
proximities and their impact on firms’ performance. We construct three proximity 
matrices (industrial, cognitive, and technological) and employ spatial models to 
distinguish and compare the informational contribution of each matrix in capturing 
spillovers. The findings confirm that proximity, through both knowledge exchange 
and competitive pressures, significantly affects firm performance. This indicates that 
spillovers arising from non-geographical proximities are important indirect drivers 
of firm performance and should not be underestimated.
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1  Introduction

The role of proximity between firms is increasingly discussed in the scientific lit-
erature and in the policy debate. This growing focus highlights the importance of 
geographical, industrial, cognitive, and technological proximities in fostering inno-
vation, collaboration, and competitive advantage: close or similar firms can bene-
fit from knowledge spillovers, which collectively boost productivity and economic 
growth (Neffke and Henning 2008; Ter Wal and Boschma, 2011). While the role 
of geography is widely acknowledged, attention is being directed toward the condi-
tions under which non-geographical forms of proximity can foster a fertile ground 
for collaboration. The underlying assumption is straightforward yet powerful: a 
shared base of expertise enhances mutual understanding, knowledge exchange and 
fosters the generation of new ideas. However, while firms with a moderate degree 
of overlap are naturally positioned to cooperate, innovate, and grow, such similarity 
can also intensify competition as they contend in the same markets (Aghion et al. 
2005). This tension is further amplified by imitation, as companies often replicate 
their peers’ strategies and policies. The outcome is a set of evolving and dynamic 
interactions: on the one hand, they foster knowledge exchange that fuels firms’ inno-
vation and growth; on the other, they can trigger overtly competitive processes with 
inevitable spillovers, though at times these interactions may take the form of ‘coope-
tition’ (Boschma and Gianelle 2014).

The above assumption is common to different theoretical perspectives. The 
‘related variety’ approach highlights the advantages firms gain when operating 
across related or complementary industries (Frenken et  al. 2007). The ‘absorptive 
capacity’ framework stresses that firms need sufficient prior knowledge and internal 
expertise to recognize, absorb, and apply external knowledge (Cohen and Levinthal, 
1990). The ‘recombinant innovation’ perspective emphasizes that innovation often 
emerges from recombining existing knowledge in new ways, a process facilitated 
by industrial, cognitive, or technological proximity (Li et al. 2021). Taken together, 
these perspectives suggest that firms with industrial, cognitive, and technological 
similarities are better positioned to exchange knowledge, collaborate, and innovate.

Nonetheless, the measurement of such non-geographical proximities is far from 
straightforward. Some scholars employ activity codes, emphasizing the advantages 
that arise when firms from related industries are also co-located in the same geo-
graphic area (Frenken et al. 2007; Quatraro 2010; Van Oort et al. 2015). Likewise, 
patent codes are a standard and widely used source of data (Jaffe 1986; Aldieri 
2013). Recent applications leverage data analytics and process text data drawn from 
company websites, patent descriptions, product descriptions, and other sources 
(Nathan and Rosso 2015; Hoberg and Phillips 2016; Bekamiri et al. 2021). Another 
empirical challenge lies in linking proximity to performance: once proximity has 
been measured, the goal is to assess whether spillovers exist and affect performance: 
spatial econometric models are essential tools (Carboni 2013; Marra et al. 2024).

In this paper, we use text data from company websites to construct vectors of key-
words for firms, capturing their industrial specializations, knowledge and competen-
cies, and adopted technologies. Next, we employ these vectors to measure similarity 
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between firms and transform the estimated linear relationship into an inverted-U one, 
as suggested in the literature (Boschma 2005; Nooteboom et al. 2007). Accordingly, 
we use the three resulting proximity matrices (respectively, industrial, cognitive, and 
technological) for two purposes: first, to distinguish and compare the informational 
contribution of each matrix to capture spillovers; second, to interpret the results of 
the chosen spatial models in explaining firms’ performance. Our contribution to the 
literature is twofold. First, we introduce a replicable methodology for measuring dif-
ferent proximities among firms using web-based data. Second, we assess and com-
pare the potential spillover effects arising from non-geographical proximities and 
their impact on firms’ performance.

The paper is structured as follows. Section  2 introduces the relevant literature. 
Section 3 presents the dataset, while Sect. 4 describes the methodology, encompass-
ing both textual analysis and statistical modeling. Section 5 discusses the results and 
Sect. 6 provides some robustness checks. Finally, Sect. 7 addresses the main limita-
tions and outlines future steps of research.

2 � Literature

As well-known, several streams of research provide insights into the mechanisms of 
knowledge exchange. The related variety perspective projects an industrial form of 
proximity, underscoring the benefits firms gain from operating in sectors that share 
commonalities or complementarities, as such conditions foster mutual learning (Van 
Oort et al. 2015; Cortinovis and Van Oort, 2015). The idea is that firms operating 
within related industries face analogous challenges and are better positioned to 
exchange knowledge, learn from one another, and generate spillovers. The absorp-
tive capacity framework typically refers to cognitive and technological proximities, 
positing that firms can effectively capture and exploit external knowledge only when 
they possess a sufficient base of prior expertise and internal capabilities (Cohen 
and Levinthal, 1990; Lin et  al. 2012). This shared capacity accelerates the diffu-
sion of ideas, ultimately fostering innovation and improved performance. Finally, 
the recombinant innovation literature, although perhaps the most distant from the 
approach proposed in this paper, deserves brief mention: it highlights how novel 
ideas and products often emerge through the recombination of existing knowledge 
(Guan and Yan 2016; Cecere and Ozman 2014). The underlying mechanism is that 
two similar firms, by sharing their own knowledge bases, can combine complemen-
tary expertise in new ways. In this view, similarity facilitates mutual understanding 
while maintaining sufficient differentiation to enable the creation of innovative prod-
ucts, processes, or services (Nan et al. 2018).

Even if the assumption underlying the above streams is broadly acknowledged in 
the literature, capturing and quantifying non-geographical proximity is anything but 
simple. With regards to industrial proximity, many argue that activity codes, while 
useful, can be excessively rigid and fail to reflect the dynamic nature of modern 
markets: as these evolve and new sectors emerge, activity codes may not capture 
the latest trends. Also, industrial classifications overlook the multifaceted opera-
tions of new firms, especially in the tech sectors, limiting the accuracy of economic 
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analyses and policy implications (Nathan and Rosso 2015). For such a reason, most 
studies complement activity codes with additional sources of information, such as 
workflows, input–output relationships, or the co-occurrence of products and services 
(Neffke and Henning 2013; Timmermans and Boschma 2014; Boschma and Iam-
marino 2009; Neffke et al. 2011). The measurement of technological proximity is a 
pivotal aspect of innovation studies, with patent codes serving as a standard tool: the 
distribution of patents across technology classes is a proxy for similarity between 
firms (Jaffe 1986). Numerous developments have followed: for instance, Aldieri 
(2013) extends this framework by incorporating the covariance between different 
technology classes, improving the identification of potential knowledge spillovers 
and opportunities for collaboration. Nevertheless, the proposed advancements come 
with limitations: patent classifications may not fully capture the complexity nature 
of modern technological progress. Additionally, the reliance on patent data assumes 
that firms actively patent their innovations, which may not be the case for all firms 
and for all industries. Therefore, patent codes should be used in conjunction with 
other qualitative and quantitative measures (Bekamiri et al. 2021; Marra and Baldas-
sari 2022).

Recently, the ability to harness vast amounts of structured and unstructured digi-
tal data is transforming traditional research methods. Shi et  al. (2016) use topic 
modeling on unstructured online text data describing business activities to measure 
proximity between firms. Nathan and Rosso (2015) and Papagiannidis et al. (2017) 
highlight how text data can deepen our understanding of industrial sectors, particu-
larly technology-intensive ones, and help to build more accurate company profiles. 
Pavone and Russo (2017) and Kinne and Lenz (2021) show the potential of text 
analysis to reveal collaboration networks, supply chains, and innovative perfor-
mance. These new approaches serve not only to provide a more accurate characteri-
zation of the observed firms but also to develop more refined measures of proximity 
among them.

Once proximity between firms has been measured, the goal is to assess whether 
reciprocal effects (positive or negative) increase in magnitude as distance decreases 
within the chosen space (i.e., in a linear manner), or whether they follow nonlinear 
patterns. Boschma (2005) cautions that the benefits of proximity may be nonlinear: 
when firms are either too distant or too close, the advantages diminish. If too lit-
tle proximity may hinder knowledge exchange, also too much proximity can lead to 
redundancy and lack of new ideas (Nooteboom 2003; Nooteboom et al. 2007). On 
a similar line of reasoning, Cohen and Levinthal (1990). Accordingly, the knowl-
edge exchange taking place between firms would shape as a U-inverted curve. From 
an empirical perspective, the evidence appears to be substantial and supported by 
robust analyses. Boschma et  al. (2009) observe that when firms are excessively 
similar, the benefits diminish or even become detrimental. Along the same lines, 
Timmermans and Boschma (2014) highlight the need for an optimal degree of 
relatedness in inter-firm connections. Aarstad et al. (2016) further argue that firms 
embedded in related (but not identical) sectors tend to enhance their innovative 
capacity, while those operating in unrelated domains often suffer productivity losses 
due to limited opportunities for knowledge exchange. Beyond the numerous empiri-
cal confirmations, understanding how proximity influences performance remains a 
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major empirical challenge worth discussing. It lies at the core of a broad stream of 
research that addresses various research questions and carries concrete, policy-rele-
vant implications (Guerrero et al. 2023; Audretsch et al. 2022). Spillovers generally 
foster innovation and growth, but only under specific conditions. For instance, Guer-
rero et  al. (2023) emphasize that their magnitude depends on firm size and R&D 
intensity, while Colombelli and Quatraro (2019) show that startups particularly ben-
efit from access to heterogeneous yet complementary expertise. Martin-Rios et al. 

Table 1   Distribution of Milan’s 
tech companies according to 
size (subset vs. dataset)

Size Subset Dataset

Micro (< 10 employees) 44.6% 47.3%
Small (10–50 employees) 38.0% 37.6%
Medium (50–250 employees) 11.3% 9.9%
Big (> 250 employees) 6.1% 5.2%

Table 2   Distribution of Milan’s 
tech companies according to 
sales (subset vs. dataset)

Quartile Subset Dataset

Min 0.9 0.2
25% 5.2 5.1
50% 5.8 5.6
75% 6.4 6.3
Max 10.1 10.2
Mean 5.9 5.7

Table 3   Composition of Milan’s 
tech ecosystem by industries 
(subset vs. dataset)

Some tech companies belong to more than one industry

Industries Subset Dataset

Fintech 14.0% 12.8%
Marketing 9.9% 9.8%
Software 9.4% 9.4%
Media 7.8% 7.6%
Health 7.2% 8.6%
Food 6.2% 7.1%
Energy 4.8% 4.5%
Real estate 4.4% 4.2%
Home living 4.1% 3.7%
Transportation 3.5% 3.7%
Fashion 3.4% 4.2%
Education 3.4% 3.4%
Travel 2.7% 3.0%
Wellness 2.3% 2.2%
Sports 1.9% 1.9%
Others 15.0% 14.8%
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(2022) highlight the specific role of small- and medium-sized enterprises in innova-
tion dynamics. In this regard, a firm’s size may not only reflect its resource availabil-
ity, but the number of employees can also serve as a proxy for its knowledge base or 
absorptive capacity (Bloom et al. 2013). It is important to note that high dynamism 

Table 4   Geographical 
distribution of company 
headquarters in Milan by zone 
(subset vs. dataset)

Zones Subset Dataset

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%

Fig. 1   Geographical distribution of companies in the City of Milan, Source: OpenStreetMap (2024)
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of startups and early-growth firms might reflect in the speed of workforce expansion 
(Coad et  al. 2016). Finally, the presence of technologically similar and physically 
neighboring firms emphasizes the role of geographical proximity (Rao-Nicholson 
et al. 2019).

3 � Data

We collected data on the Milan’s tech companies from Dealroom.co, a commercial 
database combining machine learning and data engineering with user-submitted 
data and verification processes, in March 2024 (Dealroom 2024). We started with 
the 3,600 units available in the database. Based on the completeness score (or ‘Deal-
room Signal’) provided by the data provider, we retained only firms with enough 
reported data, reducing the sample to 1,200 units to ensure adequate information 
for analysis. From these 1,200 firms, we further focused on a subset of 505 units for 
which were available data on sales and number of employees over the last two years 
and data for geographical localization.

We verified that the selected sample is representative in terms of firm size 
(Table  1), sales (Table  2), sectoral composition (Table  3), and geographic 

Table 5   Distribution of Milan’s tech companies by firm size and industry (subset)

Firm size (by employees)

Industry ≤ 10 employees 11–50 employees 51–250 employees  > 250 employees

Fintech 39.5% 42.1% 15.8% 2.6%
Marketing 46.4% 41.1% 7.1% 5.4%
Software 45.3% 39.6% 11.3% 3.8%
Media 50.0% 29.6% 15.9% 4.6%
Health 48.8% 36.6% 12.2% 2.4%
Food 38.2% 35.3% 14.7% 11.8%
Energy 41.7% 50.0% 4.2% 4.2%

Table 6   Distribution of Milan’s 
tech companies by firm age and 
industry (subset)

Age classes (by years)

Industry 2–4 years 5–7 years 8–10 years  > 10 years

Fintech 28.4% 40.5% 16.22% 14.9%
Marketing 18.8% 41.7% 22.92% 16.7%
Software 26.7% 35.6% 26.67% 11.1%
Media 22.5% 20.0% 32.50% 25.0%
Health 41.5% 36.6% 19.51% 2.4%
Food 22.6% 35.5% 25.81% 16.1%
Energy 33.3% 45.8% 8.33% 12.5%
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distribution (Table 4 and Fig. 1), thereby ensuring the robustness and generalizabil-
ity of our findings.

All firms in our dataset are technology-based, with technology representing their 
defining characteristic. For example, a startup in the software sector can exhibit a 
level of technological intensity comparable to that of a firm operating in the health 
or food sectors. Moreover, it is worth noting that the companies’ age ranges from 1 
to 16 years, with the majority (84%) still at the startup stage. For the dataset used in 
this study, we also included two cross-tabulations, restricted to the six main sectors, 
which account for approximately 60% of the observed firms, to combine the sectoral 
dimension with firm size (Table 5) and firm age (Table 6).

Milan is Italy’s business and financial capital, with over 800,000 firms and a 
regional GDP exceeding 390 billion euros. The city’s sectoral strengths include life 
sciences, agribusiness, fintech, advanced manufacturing, and fashion and design. 
With more than 5,000 multinational companies that have their headquarters in 
Milan, the city has also produced its first two homegrown unicorns: Scalapay and 
Satispay.

4 � Methodology

4.1 � Text analysis

We calculated various measures of proximity to capture knowledge flows between 
firms. To this end, we begin with the descriptive texts available on company websites 
to extract an initial set of keywords (or ‘entities’). This step relies on publicly acces-
sible online content, where firms typically present their core activities, products, and 
services. Through text mining, we identify the most relevant entities that capture a 
firm’s specializations, competencies, and technologies (Marra and Baldassari 2022). 
We recognize the concern regarding the heterogeneity of information between start-
ups and more established firms: in our procedure, websites are considered inform-
ative only if they provide sufficient textual content; otherwise, firms with ‘empty 
boxes’ are discarded from the analysis. Next, we employ topic modeling (Latent Dir-
ichlet Allocation, LDA) on the extracted entities to generate additional keywords 
(or ‘topics’) for each firm. LDA uncovers latent information by clustering entities 
into coherent ‘topics’, which effectively serve as supplementary keywords (Shi et al. 
2016). Where necessary, we semantically refine and enrich these keywords by add-
ing contextual information, ensuring that the terms are both relevant and meaningful 
within the industry. These two additional steps are specifically designed to mitigate 
potential heterogeneity in the available textual content. The outcome is a compre-
hensive firm profile that captures both the explicit and latent dimensions of its spe-
cializations, competencies, and technologies. All conventional operating steps have 
been taken (Gentzkow et al. 2019). We removed stop words and proceeded to stem-
ming and lemmatization. Following normalization, text data underwent filtering to 
remove symbols, numbers, and other non-alphabetic characters. Also, we removed 
generic words or those too common across the firms’ vectors of keywords, which 
helped in reducing redundancy and focusing on more distinctive terms.
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4.2 � From similarity to proximity matrices

Each firm is assigned three final vectors of keywords, one for each relevant dimen-
sion (industrial, cognitive, and technological). The vectors of keywords serve as 
unique identifiers, encapsulating the company’s distinct characteristics, and are used 
to calculate the cosine similarity between every pair of firms. As well-known, the 
cosine similarity measures how similar two vectors are by calculating the cosine of 
the angle between them in the defined multi-dimensional space: unlike other simi-
larity measures, it focuses only on the angle between vectors rather than their mag-
nitudes or the number of keywords included. The value ranges from -1 to 1, where 
1 indicates identical orientation, 0 indicates orthogonality, and -1 indicates opposite 
orientation.

To shift from cosine similarity to our proximity measure, meant to replicate the 
chance of knowledge exchange between firms, we model the attained linear rela-
tionships into an inverted-U shaped one. Such a shape suggests that the probability 
of knowledge exchange is highest at modest levels of proximity and decreases at 
the extremes (Boschma 2005; Nooteboom et al. 2007). Accordingly, we build spa-
tial econometric models using different adjacency matrices ( W ) that are assumed as 
exogenous and constructed according to a hyperbola: if two firms have very low or 
very high cosine similarity, wij is zero; higher values of the cosine similarity may 
have a more pronounced impact on the extent of proximity or knowledge exchange. 
Hence, wij is expected to increase up to one (the maximum), if the cosine similarity 
grows toward the median. The values on the main diagonal are zero.

4.3 � Statistical models

We aim to explain firm performance, under the assumption that a greater exchange 
of knowledge occurs between firms that are moderately proximate in the industrial, 
cognitive, and technological space. Before modeling the interaction between firms 
using spatial econometric specifications, we define a basic ordinary least square 
(OLS) model of firms’ performance as:

(1)yi = � + xt
i
� + �i

Table 7   Summary statistics of variables (subset)

Variable Min 20% 40% 60% 80% Max Median Mean

Δ_sales -0.95 0.00 0.01 0.18 0.35 2.18 0.03 0.09
Sales_t0 0.90 5.12 5.58 5.99 6.48 10.1 5.82 5.94
Δ_emp -0.89 -0.25 0.11 0.40 0.85 1.49 0.21 0.33
Avg_emp 1 4.86 9.84 16.02 38.86 22,940 13.34 178.66
Age 2 5 6 8 11 17 7 10.86
Geo 10 18 21 33 42 50 23 29.14
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where yi is the growth rate of sales ( Δ_sales ) for the i = 1…N firms between 2022 
and 2023, calculated as the log difference between sales in 2023 and 2022 (Coad 
and Rao 2008); α is the intercept; β is the parameters’ vector related to each of the 
covariates; �i is the error term. X is a matrix of i = 1…N units and r = 1…P vari-
ables, including: the log of revenues in 2022 ( Sales_t0 ), as a proxy for the firms’ 
initial scale (Uhlaner et al. 2013); the average number of employees between 2022 
and 2023 ( Avg_emp ), which represents the firms’ knowledge base (Bloom et  al. 
2013); the growth rate of employees between 2022 and 2023 ( Δ_emp ), to account 
for the speed of firms’ knowledge base expansion, given the prevalence of startups 
and early-growth firms; a variable ( Age ) considering how old is the firm (Rydehell 
et al. 2019; Guerrero et al. 2023); the number of neighboring firms within an area 
of one square kilometer radius ( Geo ), which serves to account for the ‘physical’ or 
geographical space (Rao-Nicholson et al. 2019).

The summary statistics for the variables included in the model are presented in 
Table 7.

It should be noted that sales growth reflects a startup’s ability to generate rev-
enue, signaling actual demand for its products or services, while also facilitating 
access to funding, partnerships, and talent. Sales growth has several advantages: it 
is widely used in the literature, and sales data are generally available, allowing com-
parisons across startups in different sectors or stages (Coad and Rao 2008; LeBras-
seur et al. 2003). However, sales growth also has limitations (Modina et al. 2023; 
Bronzini et al. 2020). Sales growth may be accompanied by low margins or opera-
tional losses, particularly if driven by heavy investment, and may not capture other 
important dimensions of performance, such as innovation (Coad and Rao 2008). 
Moreover, for startups, sales growth primarily signals market traction and scalabil-
ity, often providing more meaningful information than profitability. In contrast, for 
mature firms, sales growth reflects competitive performance and market expansion 
and should be interpreted alongside profitability, as revenues tend to be more stable. 
To account for potential heterogeneity, Table 8 shows the average sales growth by 
firm age and size. We do not find any significant misalignment among the firms in 
the dataset.

Two standard spatial econometric models are considered: Spatial Lag Model 
(SLM) and Spatial Error Model (SEM). We consider the SLM as:

Table 8   Average sales growth by firm age and size (subset)

Firm size (by employees)

Age classes (by years) ≤ 10 employees 11–50 employees 51–250 
employees

 > 250 employees

2–4 years 0.10 0.08 0.30 −
5–7 years 0.04 0.08 0.09 0.04
8–10 years −0.02 0.06 0.07 0.01
 > 10 years 0.05 0.02 0.06 0.09
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where ρ is the autocorrelation parameter for the dependent variable indicating the 
magnitude of the mutual influence between neighbors. This means that if two firms 
are close according to the chosen similarity ( wij ≠ 0) , their outcome values influ-
ence each other proportionally to the spatial parameter ρ. Through the estimation 
of a SLM we can measure direct and indirect impacts. In spatial models including 
endogenous interaction effects, such as the SLM, the interpretation of parameters is 
not straightforward: direct and indirect impacts should be computed by calculating 
the matrix of partial derivates of y on each covariate (LeSage and Pace 2009). Direct 
effects can be defined as the impact of an explanatory variable, in one region, over 
the dependent variable of the same region. We can find these direct effects on the 
principal diagonal of the matrix containing the partial derivatives of the expected 
value of y with respect to the rth explanatory variable, for all units. Instead, the off-
diagonal elements of the matrix capture spatial spillovers in the form of indirect 
effects that is the impacts due to a change in the covariates of a neighboring firm. 
The total impacts are obtained by summing the direct and indirect impacts. LeSage 
and Pace (2009) proposed two synthetic measures to describe these effects, called 
respectively the ‘average direct impact’ (of the rth variable) as the average of the 
matrix diagonal elements, and the ‘average indirect impact’ as the average of the 
row sums, or the column sums, of the off-diagonal element in the same matrix. In 
our case, indirect impacts can be considered as a measure of spillovers: for example, 
neighbors with a higher value for the variables related to the number of employees 
(the extent of the firms’ knowledge base or the speed of its expansion) are expected 
to have a greater chance to exchange knowledge with close firms (Ter Wal and 
Boschma, 2011; Guerrero et al. 2023).

Another spatial model considered in our work is the SEM, which takes the fol-
lowing form:

where λ is a parameter for the level of the autocorrelation embedded in the error 
component. In this model, the error term ui is the sum of an autocorrelated com-
ponent plus an independently and identically distributed term �i . In this model, the 
spatial dependence between the dependent variables is inserted in the error term, 
thereby modeling the interaction effects between disturbance terms. Such a specifi-
cation allows the interpretation of the coefficients as in the OLS case.

Spatial tests.
We tested for the spatial autocorrelation in the residuals of the OLS model, 

based on the Moran’s I statistic (Moran 1950). Starting from a generalization of 
this statistic, Cliff and Ord (1972) developed the Moran’s I test for spatial auto-
correlation in the regression error term of an OLS model. This well-known test 

(2)yi = � + xt
i
� + �

N
∑

j=1

wijyj + �i with j ≠ i

(3)yi = � + xt
i
� + ui with ui = �

N
∑

j=1

wijuj + �i and j ≠ i
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has many properties (King 1981). It is based on the Moran’s I calculated for the 
regression error term as follows:

where n is the number of units, �i is the error term for unit i , � is the average of 
the error term and wij is the weighting between two units as the generic element of 
the spatial weights’ matrix. Under the hypothesis of no spatial autocorrelation, the 
expected value of the Moran’s index is: E(I) = 1∕(n − 1).

Starting from the computed value I� , Cliff and Ord (1981) demonstrated that 
the Moran’s I test, being n sufficiently high, is asymptotically normal distributed 
as:

The null hypothesis of the test is the absence of spatial autocorrelation between 
the error terms of the OLS regression. Instead, values significantly higher than 
expected lead to the rejection of the no correlation hypothesis in favor of the 
presence of positive spatial autocorrelation. Although the Moran’s I test is the 
most used spatial diagnostic model test, it is susceptible to potential misspecifi-
cations and cannot be used to discriminate between the two specifications, SLM 
and SEM (Anselin and Rey 1991). With this regards, Anselin (1988) developed a 
Lagrange Multiplier ( LM ) statistic to test for SLM and SEM. However, since the 
LMLag and the LMErr test are not mutually independent to each other, Bera and 
Yoon (1993) proposed a robust version of these tests ( RLM ). In their robust tests 
the hypothesis considers both the parameters as follows:

Starting from the error term of the OLS model, the Moran’s I test is used to detect 
the presence of spatial autocorrelation due to the proximity structure chosen and the 
RLM tests are employed to identify both the most appropriate spatial weights matrix 

(4)I� =
N
∑n

i=1

∑n

j=1
wij

�

�i − �
��

�j − �
�

�

∑n

i=1

∑n

j=1
wij

�

∑n

i=1

�

�i − �
�2

(5)Z =

I� − E
(

I�
)

�I�

∼ N(0, 1)

(6)RLMLag ∼ �2
(1)

with H0 ∶ � = 0; H1 ∶ � ≠ 0 and � = 0

RLMErr ∼ �2
(1)

with H0 ∶ � = 0;H1 ∶ � ≠ 0 and � = 0

Table 9   Rank correlation 
between the three lists of 
keywords by investigated 
dimension

Industrial Cognitive Technological

Industrial 1 0.484 0.580
Cognitive 0.484 1 0.530
Technological 0.580 0.530 1
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and the most suitable model between SLM and SEM (Anselin and Rey 1991). 
Therefore, we adopt the following procedure:

a)	 we choose each time a spatial weights’ matrix ( W ) according to the selected 
proximity structure (specializations, competencies, technologies, and geography);

b)	 we perform the Moran’s I test to detect the presence of spatial influence in relation 
to the selected proximity structure;

c)	 we use RLM tests for the model selection, to discriminate between SLM and SEM;
d)	 we estimate the best spatial regression model according to the RLM tests.

5 � Results

Before presenting the results related to the Moran’s I test and RLM , we report on the 
rank correlation on the lists of keywords, for each dimension, ordered from the most 
frequent keyword to the least used one. Table 9 shows results: the three rankings 
underlying the proximity measures show low correlation, close to the significance 
threshold of 0.5, indicating that the informational contribution provided by each list, 
on which the proximity matrices are built, is different. In particular, the list of key-
words related to specializations is positively correlated with both the list of compe-
tencies and the list of technologies, though with the relatively low values of 0.48 and 

Table 10   Results of Moran’s 
I tests

W matrix Moran I’s statistic Expectation P value

Industrial 0.040 −0.002 0.000
Cognitive 0.011 −0.002 0.000
Technological 0.053 −0.002 0.000
Geographical 0.009 −0.002 0.039

Table 11   Significance of RLM 
tests

W matrix RLM err p value RLM lag p value

Industrial 0.833 0.008
Cognitive 0.975 0.197
Technological 0.008 0.969
Geographical 0.109 0.608

Table 12   Correlation between 
covariates

Avg_emp Δ_emp Sales_t0 Geo Age

Avg_emp 1 −0.015 0.445 −0.036 0.553
Δ_emp −0.015 1 0.154 −0.017 −0.059
Sales_t0 0.445 0.154 1 −0.043 0.583
Geo −0.036 −0.017 −0.043 1 0.086
Age 0.553 −0.059 0.583 0.086 1
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0.58, respectively. Finally, the list corresponding to competencies is also positively 
correlated with technologies, with the rather low value of 0.53.

Regarding the Moran’s I test, it is noteworthy that even though the statistic is 
close to 0, the p value indicates that there is still a significant deviation from the 
expectation of no spatial autocorrelation. The geographical structure, tested on the 
model without the Geo covariate to avoid endogeneity, suggests some type of spatial 
autocorrelation and supports its inclusion in the model (Table 10).

Concerning the RLM test, we recognize that the p values associated with RLMErr 
(error) and RLMLag (lag) provide a measure of the statistical significance of spatial 
autocorrelation in the regression residuals and lag terms, respectively: if the p value 
associated with each is less than a certain level of significance, it indicates that the 
tested model is the most appropriate (Table 11).

Before discussing the results, we check for the absence of relevant correlation 
between the covariates (Table 12).

It is worth noting that sales and the number of employees are not strongly cor-
related. This pattern is largely due to the high share of startups: in technology-inten-
sive industries, it is common to observe small firms achieving relatively high sales 
or, conversely, large firms generating little or no sales at early stages. As a result, 
the observed correlation is weaker than might be expected in a sample with a larger 
proportion of mature firms.

Table  13 shows the estimates for all the models, indicating that the covariates 
related to the initial firms’ size (negative sign), the firms’ knowledge base, repre-
sented by the average number of employees and its growth rate (both with positive 
signs) are statistically significant and have the expected signs, in line with the rel-
evant literature (Guerrero et al. 2023; Bloom et al. 2013).

The results indicate contrasting effects of firm characteristics on performance via 
spatial spillovers. First, firm size appears to capture competitive dynamics: larger 
firms may prioritize business expansion over R&D or innovation, thereby limiting 
potential benefits for neighboring firms (Marra et al. 2024). This is consistent with 
the expectation that when larger and similar firms focus on growth and market cap-
ture, they may crowd out opportunities for other companies to innovate or leverage 

Table 13   Estimated parameters for all the models

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

OLS SLM industrial SLM cognitive SEM technological

intercept 0.7045*** 0.5027*** 0.7179*** 0.5432**
Sales_t0 −0.1124*** −0.0926*** −0.1042*** −0.0989***
Δ_emp 0.1530*** 0.1501*** 0.1495*** 0.1529***
Avg_emp 0.0003* 0.0003* 0.0003* 0.0003*
Age −0.0053 −0.0078 −0.0053 −0.0009
Geo 0.0376** 0.0303* 0.0344** 0.0319*
� 0.5964*** 0.2942
� 0.7242***
R-squared 0.1767 0.2228 0.2423 0.2029



Knowledge flows through text data: the case of Milan’s tech… Page 15 of 22     30 

complementary knowledge (Aghion et  al. 2005). In contrast, a firm’s knowledge 
base generates positive spillovers, consistent with knowledge diffusion theory: 
Firms that are similar in their activities or technologies can benefit from each other’s 
expertise (Audretsch and Feldman 1996). Proximity thus facilitates learning and 
imitation, amplifying innovation and growth across the relevant industrial or tech-
nological networks (Malmberg and Maskell 2002; Boschma 2005). These dimen-
sions appear to capture firm differences more effectively than the cognitive dimen-
sion, which reflects the underlying knowledge and competences associated with the 
firms’ specializations and technologies. As a result, it seems to dilute the distinctive 
features that characterize individual firms, making them appear closer in the con-
structed non-geographical space.

Moreover, it is important to notice that the signs are confirmed across the differ-
ent models. The significance of the spatial proximity based on specializations and 
technologies, measured respectively through the parameters � and � , is substantial. 
Interestingly, the significance levels of the (positive) coefficients associated with the 
geographical variable differ across models (Rao-Nicholson et  al. 2019). This may 
suggest the limited relevance of geography in the modern world, where digital tech-
nologies reduce the benefits of physical proximity. However, it should be noted that 
this result could be influenced by the metropolitan context under study, where dis-
tance may play a smaller role compared to analyses covering larger geographical 
areas: in other words, excessive geographical proximity can lead to spatial lock-in, 
in which over-embeddedness within a local system reduces exposure to diverse ideas 
and constrains innovative capacity (Martínez et al. 2024; Capó-Vicedo et al. 2008; 
Molina-Morales et  al. 2011). This suggests investigating new methodologies that 
allow the simultaneous use of different proximity matrices, especially when each 
dimension captures distinct and complementary types of information.

Table 14 shows the direct and indirect impacts in the SLM with reference to the 
dimension of specializations. It can be observed that both impacts are significant: 
a direct impact on the dependent variable when covariates change, and an indirect 
impact, or spillover effect, which is the impact that a covariate has on the dependent 
variable of neighboring units through its direct effect. Accordingly, the dependent 
variable for one unit interacts with the dependent variable for other units by means 
of the spatial parameter � . The direct effect of the initial dimension ( Sales_t0 ) is 
confirmed to be negative, as larger firms tend to grow less (Uhlaner et  al. 2013). 
Additionally, the indirect impact shows that such a negative (direct) effect also 

Table 14   Impacts of SLM based 
on the proximity matrix of 
specializations

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

Direct impacts Indirect impacts Total impacts

Sales_t0 −0.0943*** −0.1352** −0.2295***
Δ_emp 0.1524*** 0.2185*** 0.3709***
Avg_emp 0.0003* 0.0005* 0.0008*
Age −0.0079 −0.0014 −0.0093
Geo 0.0301** 0.0043 0.0344**
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spreads to neighboring firms: possible interpretations may relate to a sort of com-
petitive effect among companies that, similar in terms of specializations, may tar-
get the same markets and, consequently, exert downward pressure on each other’s 
growth prospects (Marra et al. 2024). Significant direct and indirect impacts of the 
variables related to employees ( Avg_emp and Δ_emp ) confirm that the more people 
are potentially connected, the greater the benefit for firms’ growth, both directly and 
indirectly. This result is consistent not only regarding the literature on the resource-
based view of the firm, but also with the literature on knowledge spillovers (Guer-
rero et al. 2023; Bloom et al. 2013).

Table 15   Direct and indirect 
impacts of SLM with industrial 
adjacency matrix (the adopted 
model, Model 1), SLM model 
estimated via IV (Model 2), and 
SLM with the addition of two 
variables (Model 3)

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

Model 1 Model 2 Model 3

Direct impacts
Sales_t0 −0.0943*** −0.1007*** −0. 0949***
Δ_emp 0.1524*** 0.1557*** 0.1493***
Avg_emp 0.0003* 0.0003** 0.0003*
Age −0.0079 −0.0087 −0.0079
Geo 0.0301** 0.0326* 0.0355**
Startup −0.0410
B2B 0.0104
Indirect impacts
Sales_t0 −0.1352** −0.1433*** −0.0915**
Δ_emp 0.2185*** 0.2217*** 0.1441***
Avg_emp 0.0005* 0.0005* 0.0003*
Age −0.0014 −0.0012 −0.0070
Geo 0.0043 0.0046* 0.0043*
Startup −0.0394
B2B 0.0101

Table 16   Estimated parameters 
of SEM with technological 
adjacency matrix (the adopted 
model, Model A), SEM model 
estimated via IV (Model B), and 
SEM with the addition of two 
variables (Model C)

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

Model A Model B Model C

intercept 0.7179*** 0.6887*** 0.7959***
Sales_t0 −0.1042*** −0.0919*** −0.1075***
Δ_emp 0.1495*** 0.1545*** 0.1486***
Avg_emp 0.0003* 0.0003* 0.0003*
Age −0.0053 −0.0104 −0.0552
Geo 0.0344** 0.0426*** 0.0344**
Startup −0.0604
B2B 0.0452
� 0.7242*** 0.6391** 0.6834***
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6 � Robustness checks

In empirical studies, the validity of estimated statistical models is typically assessed 
through robustness checks, which aim to evaluate the stability of core coefficients 
under alternative model specifications. It is advisable to examine the insensitivity of 
the main coefficients to different estimation methods and the inclusion of additional 
(potentially redundant) variables (Lu and White, 2014).

Following this approach, we re-estimate the two main models (i.e., the SLM 
using the industrial matrix and the SEM using the technological adjacency 
matrix) by including two additional independent variables: a dummy variable 
capturing the firm’s growth stage ( Startup ) and a dummy variable for the business 
model ( B2B ). The first control variable is introduced to complement the discus-
sion in Sect.  4.3 on the statistical models, specifically to account for potential 
differences in growth performance between startups and more mature firms. The 
second variable serves as an additional control to capture potential differences in 
how firms with different business models may grow in terms of sales, as Busi-
ness-to-Consumer (B2C) firms might achieve higher performance due to a larger 
consumer base (Cappelli and Cucculelli 2024). The results are provided, respec-
tively, with Model 3 and Model C in Table 15 and Table 16.

Additionally, we perform an Instrumental Variable (IV) estimation by lagging 
the covariates (Model 2 and Model B in Tables 15 and 16) to address potential 
endogeneity concerns. The instruments employed are WX , W2X , and W3X , as rec-
ommended in the literature (Kelejian and Prucha 1998; Baltagi et al. 2014).

All estimations yield coefficients with the same sign, similar magnitudes, and 
comparable levels of statistical significance. Although the chosen instruments are 
theoretically recommended, we further perform tests for over-identification and 
weak instruments to verify their validity. The results of these tests are reported in 
Table 17.

Table 17   Weak instruments

Tests show that the null hypothesis of weakness is rejected in all the 
cases, while the over-identification test cannot reject the null hypoth-
esis of uncorrelation between instruments and error term, proving 
the validity of the chosen instruments; p values * < 0.1; ** < 0.05; 
*** < 0.01

Type of test Test value

Weak instruments tests Sales_t0 5.463***
Δ_emp 4.823***
Avg_emp 13.803***
Age 7.856***
Geo 3.778***

Over-identification test Sargan test 7.853 (p value: 0.346)
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7 � Conclusions

Since proximity affects firms’ performance through spillover effects in both geo-
graphical and non-geographical spaces, it is important to examine its role from mul-
tiple research perspectives. The methodology proposed in this paper builds on text 
data collected from the web, which are used to assign firms vectors of keywords 
capturing their industrial specializations, knowledge and competencies, and adopted 
technologies. These vectors are then employed to measure inter-firm similarity. Fol-
lowing theoretical insights, the estimated linear similarities are transformed into a 
nonlinear, inverted U-shaped relationship.

We leveraged three proximity matrices (respectively, industrial, cognitive, and 
technological) to distinguish and compare the informational contribution of each 
matrix to capture spillovers; second, to interpret the results of the chosen spatial 
models in explaining firms’ performance. The results confirm that ‘not too much’ 
and ‘not too little’ proximity between firms enhances performance through spillo-
vers. Both industrial and technological proximities show substantial significance. 
Initial firm size and firms’ knowledge base display the expected signs (negative and 
positive, respectively) in line with the relevant literature. More specifically, these 
patterns suggest the presence of competitive pressures on the one hand, and knowl-
edge spillovers on the other. Finally, we observe that the significance levels of the 
coefficients associated with the geographical variable vary across models, indicating 
the need for further investigation.

We consider Milan, the metropolitan area of this first application, as an excel-
lent starting point since it represents a clear example of a metropolitan tech eco-
system. Its strong technology-intensive profile and the dynamism of its startup and 
innovation landscape position Milan as one of the most vibrant technological hubs 
in Europe, making it particularly well suited as a benchmark for studying innovation 
ecosystems at the city level. The evidence obtained from this analysis can serve as 
a benchmark for future applications aimed at assessing the relevance of non-geo-
graphical proximities and the existence of indirect effects related to firm size, age, 
and knowledge base.

From a policy perspective, these results are relevant. Depending on the tech-
nological ecosystem to be supported, policymakers may choose to foster differ-
ent types of inter-firm networks (industrial or technological) to enhance spillover 
effects and stimulate growth. The findings also highlight the value of policies that 
promote related and complementary activities, rather than focusing narrowly on 
specific industrial specializations. Furthermore, attracting firms that may not appear 
immediately functional to the existing cluster could prove beneficial in the long run, 
as they may contribute to the emergence of new technological trajectories and new 
market trends.

This paper has several limitations. Even if the commercial database on startups 
and tech firms has several advantages, the number of variables that can be effec-
tively applied in the statistical model are limited, primarily due to the scarce data 
availability that is common when firms are in the seed or early stages of growth. 
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These limitations had implications for our choice of variables and, consequently, in 
the model configuration.

Moving forward in the research program, our next step is to explore alternative 
functional forms that can help us understand knowledge spillovers beyond the con-
ventional inverted U-shape. This investigation aims to uncover more relationships 
and dynamics, as proposed or discussed in the literature, within our data. Further-
more, we plan to employ models capable of capturing the indirect effects of covari-
ates on the performance of neighboring firms. Future research will also integrate 
semantic similarity measures with geographical space (Autant-Bernard & LeSage 
2011). By combining geographical and non-geographical proximity matrices, we 
aim to develop a more comprehensive understanding of the mutual impacts that 
firms exert on one another. These extensions will strengthen our ability to analyze 
and interpret inter-firm interactions, providing useful insights for both academic 
research and policy design.
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