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Abstract

The Net-Zero Industry Act (NZIA) is a key initiative of the European Union aimed
at accelerating the green transition and strengthening the EU’s clean-tech indus-
trial base. However, the adoption of net-zero technologies across firms, sectors
and regions remains largely undocumented, mainly due to the limitations of con-
ventional innovation metrics. This paper addresses this gap by operationalising the
NZIA technology framework at the firm level and combining structured firm-level
data with unstructured information extracted from corporate websites via large-scale
web scraping. Focusing on Italian companies, we map the adoption of net-zero tech-
nologies by firms and, within adopters, identify firms that are also engaged in their
technological development by integrating web-based signals with patent data. We
document the geographical and sectoral distribution of adopters and developers and
analyse the firm-level drivers associated with technology adoption and development.
Our results show that web-based data are effective in identifying the adoption of
net-zero technologies, but they need to be complemented with patent information to
accurately capture technological development. These findings have important impli-
cations for the design of targeted, place-based industrial policies under the NZIA
framework.
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1 Introduction

The Net-Zero Industry Act (NZIA, henceforth), adopted as Regulation (EU)
2024/1735 and in force since 29 June 2024, plays a pivotal role in fostering inno-
vation and accelerating the transition toward sustainable industrial practices in the
European Union. As a part of the Green Deal Industrial Plan, the NZIA provides a
strategic framework to expand the EU’s domestic manufacturing capacity for key
net-zero technologies. Together with the Critical Raw Materials Act (CRMA), the
NZIA strengthens Europe’s clean energy security by reducing reliance on volatile
global supply chains. Beyond advancing climate neutrality, it seeks to position the
EU as a global leader in the net-zero economy, fostering clean-tech industries, creat-
ing high-value jobs, and enhancing long-term competitiveness.

Despite their relatively recent embracing, these initiatives have already largely
attracted scholarly attention. Existing contributions have examined the economic
rationale and strategic underpinnings of European green industrial policy (Lofgren
et al. 2024), the legislative architecture and pillars of the NZIA (Tagliapietra et al.
2023), its interaction with other regulatory instruments such as the CRMA (Hool
et al. 2024), and its positioning relative to comparable policy frameworks, most
notably the U.S. Inflation Reduction Act (Kleimann et al. 2023).

However, while a growing literature has clarified the institutional and policy
design of the NZIA, much less is known about how its technological aim translates
into firm-level behaviour across firms, sectors and territories. Indeed, the empirical
mapping of net-zero technologies at the firm level remains undocumented. A possi-
ble reason for this shortcoming is the fact that measuring the adoption and develop-
ment of net-zero technologies poses substantial challenges. These technologies are
inherently interdisciplinary, evolve rapidly, and are often embedded in complex pro-
duction processes that are difficult to capture by conventional indicators. Traditional
tools—such as innovation surveys, financial statements, and patent statistics (Gault
2013; OECD 2015; OECD and Eurostat 2018; Hall et al. 2010; Nagaoka et al. 2010;
Mairesse and Mohnen 2010)—while well established, tend to underrepresent small
and medium-sized enterprises (SMEs), fail to capture early-stage or non-patentable
innovations, and suffer from time lags that limit their responsiveness to fast-moving
technological domains (Griliches 1990; Arundel et al. 2013; Balland and Boschma
2020).

To address these measurement challenges, this study combines structured firm-
level data with unstructured (non-conventional) textual information extracted from
corporate websites through large-scale web scraping. A growing literature has
increasingly recognized the value of digital traces and unstructured information in
capturing innovation dynamics (Nathan and Rosso 2015; Papagiannidis et al. 2018;
Stich et al. 2022). In particular, web scraping can uncover firm-level innovation sig-
nals that are typically unavailable from traditional datasets (Arribas-Bel and Bakens
2019; Gentzkow et al. 2019; Ash and Hansen 2023). This method provides timely,
granular, and self-reported evidence of technological engagement. Corporate web-
sites, in particular, serve as strategic communication tools through which firms
signal products, partnerships, technological capabilities, and long-term objectives,
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thereby offering a valuable window into the adoption of emerging technologies such
as those encompassed by the NZIA.

However, web-scraped data are less informative when it comes to identifying
firms that engage in the internal development of new technologies. Web-based sig-
nals primarily reflect outward-facing communication and observable technology
engagement, while providing only limited and often indirect information on firms’
internal R&D activities and proprietary innovation efforts. In this paper, we there-
fore distinguish between adoption, which reflects the broad diffusion and imple-
mentation of net-zero technologies across firms, and development, which captures
the activity of the narrower subset of actors that generate proprietary technological
knowledge in the net-zero technology domain. This distinction represents a central
challenge for both research and policy: failing to distinguish between adopters and
developers leads to misleading inferences and policy interventions that implicitly
assume similar needs across fundamentally different firms. Recognizing this distinc-
tion is therefore essential for understanding the structure of innovation systems and
for designing effective industrial policies in the clean technology domain.

To distinguish between adopters and developers, we explicitly integrate patent
data into our empirical framework. Drawing on the innovation literature that con-
siders patents as indicators of firms’ engagement in the creation of new techno-
logical knowledge (Archibugi 1992; Peeters and Pottelsberghe de la Potterie 2007),
we exploit patent information to distinguish developers from adopters within the
broader population of firms exposed to net-zero technologies. Operationally, we col-
lect firm-level patent data and determine whether patents portfolios relate to net-zero
technologies by leveraging a Large Language Model (LLM) that assigns Interna-
tional Patent Classification (IPC) codes to NZIA technology domains. As a robust-
ness check for the identification of technology-developing firms, we conduct an
additional analysis on company websites — similar to the adoption exercise — using a
set of keywords specifically related to technological development.

The focus on Italian companies is particularly well suited to this analysis because
Italy represents a critical case for studying net-zero technologies and industrial pol-
icy. Indeed, its productive system is characterized by a strong manufacturing base,
a dense network of industrial districts, and a predominance of SMEs, which play
a central role in technology adoption but are less frequently engaged in technol-
ogy development, i.e., formal R&D and patenting activities. Moreover, Italy’s geo-
graphical heterogeneity and sectoral specialization patterns provide an ideal testing
ground for assessing how the Net-Zero Industry Act interacts with local innovation
ecosystems and existing industrial structures.

The contributions of this paper are twofold. First, we demonstrate that web-
scraped data are effective in identifying firms that adopt net-zero technologies but
are insufficient to detect technology developers. By integrating website information
with patent data, we show that a combined data strategy is necessary to avoid mis-
classification. Second, we provide a firm-level mapping of adopters and developers
that is explicitly aligned with the NZIA technological framework, enabling the iden-
tification of distinct firm-level drivers associated with adoption and development of
net-technology, which is crucial for further research and policy analysis.
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As a preview of our findings, we show that firms developing net-zero technolo-
gies differ markedly from those that merely adopt them. Developers tend to exhibit
distinct financial, organizational and skill-related profiles, whereas adopters—par-
ticularly if SMEs—face more constraints related to liquidity and access to credit.
Moreover, both technological roles are shaped by sectoral and territorial contexts.
These results indicate that distinguishing between adoption and development is cru-
cial for assessing the heterogeneity of the net-zero ecosystem and for informing tar-
geted policy design.

The remainder of the paper is structured as follows. Section 2 reviews the litera-
ture. Section 3 introduces the web scraping methodology and the construction of the
NZIA technology mapping. Section 4 presents the firm-level mapping of adopters
and developers. Section 5 explores firm-level drivers of adoption and development.
Section 6 discusses research and policy implications. Section 7 concludes.

2 Literature Review
2.1 Limitations of Conventional Approaches

Measuring innovation within firms has become an increasingly complex task, requir-
ing the simultaneous use of both traditional and novel methods. The former have
been widely discussed in the literature, with the identification of innovative firms
mainly relying on surveys, financial statements, and patent data (Gault 2013; OECD
2015; OECD and Eurostat 2018; Hall et al. 2010; Nagaoka et al. 2010; Mairesse
& Mohnen 2010). While these sources are acknowledged for their reliability and
rigorous standards, they also reveal important shortcomings, which are particularly
pronounced in contexts such as the Italian one. Surveys may be affected by response
biases or fail to adequately ensure representativeness across firm size classes, par-
ticularly micro firms with fewer than ten employees, a limitation well documented
in the Community Innovation Survey (Arundel et al. 2013). Financial statements
also present limitations. In SMEs, for example, much of the research and develop-
ment (R&D) activity is informal, often embedded within personnel expenses and
protected with alternative methods, making it difficult to assess innovation through
accounting data (Santarelli and Sterlacchini 1990; Holgersson 2013). Patents bring
additional challenges. They often only partially capture innovation activities, do
not account for the fact that the propensity to patent varies across sector (e.g., it is
higher in highly specialized manufacturing) (Griliches 1990; Jaffe et al. 1993) and
may exhibit distortions in informational content arising from the strategic motiva-
tions behind patent filings (Cohen et al. 2000). Additional drawbacks stem from
time lags in data availability, arising from the lengthy collection and processing of
survey data, the delayed disclosure of financial statements, and the time required for
patent examination and granting procedures (Lanjouw and Schankerman 2004).
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2.2 The Emergence of the Text Mining and Web-Scraping Approaches

The shortcomings of traditional data sources have prompted scholars to explore
alternative or complementary sources, such as user-generated content, unstructured
data and digital traces. Recent literature highlights the importance of these novel
sources in gaining a comprehensive view of firms’ innovative behaviour (Gok et al.
2015; Ojanpera et al. 2017; Antons et al. 2020; Rammer and Es-Sadki 2023). In
particular, the use of large volumes of textual data, analysed through text mining
techniques, has become increasingly common for extracting information on inno-
vation-related activities (Antons et al. 2020; Rammer and Es-Sadki 2023; Marra
et al. 2024a, b). In this regard, corporate websites and other online platforms have
emerged as key repositories of relevant content and are increasingly used as an addi-
tional information source for innovation research (Papagiannidis et al. 2018; Stich
et al. 2022; Nathan and Rosso 2015, 2022; Arora et al. 2013). Websites act as digi-
tal storefronts through which firms communicate and promote products, operational
details, and strategic positioning, thus offering valuable insights into innovation
dynamics (Domenech et al. 2012; Blazquez and Domenech 2018). For instance,
Nathan and Rosso (2015, 2022) leverage platforms like Reuters and Yahoo! to track
product launches and digital activity as proxies for innovation, while Ojanpera et al.
(2017) combine data from GitHub, Wikipedia, and domain registrations to meas-
ure digital transformation. Papagiannidis et al. (2018) apply topic modelling on UK
corporate websites to detect clusters of innovative firms, whereas Gok et al. (2015)
extract information on R&D activities from web content. Similar approaches have
been applied to US SMEs, within the Triple Helix framework (Li et al. 2018) and in
studies on firms’ dynamic capabilities (Arora et al. 2020).

Among these unconventional approaches, the systematic scraping of corporate
websites has gained traction as a powerful tool for innovation analysis. Web-scraped
textual data have been used to classify business models, construct innovation tax-
onomies, and assess the innovative potential of firms, particularly small and young
enterprises (Libaers et al. 2016; Daas and van der Doef 2020; Kinne and Lenz
2021). Some studies also demonstrate how such data can uncover commercialization
strategies and innovation pathways among SMEs (Arora et al. 2013). For example,
Guzman and Li (2023) analyse the websites of over 12,000 US startups to assess
strategic differentiation using textual distance measures from peer firms. Keyword-
based approaches further support the construction of innovation indicators and tax-
onomies (Libaers et al. 2016), offering timely, scalable, accurate, and cost-efficient
metrics, particularly suited to fast-evolving sectors (Daas and van der Doef 2020;
Kinne and Lenz 2021).

More recent contributions extend these methods by developing web scraping
tools to identify product innovation and R&D orientation (Katz & Cothey 2006;
Ashouri et al. 2022) or by mapping innovation systems through hyperlink networks
among corporate websites (Kinne and Axenbeck 2020; Abbasiharofteh et al. 2023).
Bishop et al. (2022) and Stich et al. (2022) show how archived website data can
support bottom-up classifications of economic activities and help identify firms
operating in the green economy, while Marra and Baldassari (2022) and Marra et al.
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(20244, b) apply text mining and semantic algorithms to label innovative companies
and examine firms in clean tech sectors.

3 Identifying Net-Zero Technologies from Company Websites
3.1 The Process of Scraping Company Websites

To gather granular, firm-level evidence on the adoption of net-zero technologies,
we implement a large-scale web scraping exercise targeting the textual content of
a large sample of Italian firms’ websites. We collect an initial sample of 1,702,893
active Italian companies (excluding dormant, non-trading, or dissolved firms), for
which we obtain the company name, VAT identification number and the link to the
company’s homepage. Thereafter, we identify those for which a valid and uniquely
attributable corporate domain can be matched to the firm record. This step is
required to ensure a reliable linkage between firm-level registry data and web-based
information. The absence of a valid domain may reflect either incomplete reporting
in AIDA or the firm’s lack of an official website. Furthermore, to avoid misattri-
bution of online content, we exclude domains shared by multiple firms to ensure a
one-to-one matching. The resulting set comprises 477,812 companies—effectively
the observable population for our web scraping procedure—without any ex-ante fil-
tering. While this process may still introduce a potential selection bias, having a
website is a strategic choice and is especially relevant to our focus on external com-
munication and transparency. Firms with websites tend to be more externally ori-
ented, and they span a wide range of sectors and firm types, ensuring sufficient het-
erogeneity. Including firms without websites would add no meaningful information,
as no comparable online data could be collected. Thus, the sample restriction is both
theoretically and empirically consistent with the chosen method. Firms included in
the sample provide a partial yet meaningful representation of the national industrial
landscape.

We apply a large-scale web scraping to these firms. The scraping was conducted
using beautifulsoup4 and requests in Python 3.11.9, hosted on a Virtual Machine
for greater scalability. We begin by mapping each company’s homepage (the “par-
ent”) to identify its structure and retrieve all intra-site hyperlinks, the so-called
“child pages.” We define depth 1 as direct links from the homepage (i.e., one click
away), and depth 2 as links reachable through a child page (two or more clicks from
the homepage). To minimize connection or timeout errors, we feed every web page
URL to the scraping algorithm at least twice. A visual example of this hierarchy is
provided in Fig. 1.

We restrict the scraping exercise to the parent page and depth-1 child pages only.
We assume that firms deliberately signal their most relevant strategic initiative, such
as engagement with net-zero technologies and decarbonization strategies at the
upper tiers of their website hierarchy, which are specifically designed to communi-
cate with external stakeholders. The rationale lies in the need to mitigate potential
biases related to website size and structure and ensure methodological parsimony
and reduce noise. To this end, we do not search for keywords across the entire
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Child in depth 1 [ Contact ][ About ] [ Product ]
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Child in depth 2
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Fig. 1 Hierarchy of company’s webpages. Notes: The figure illustrates the hierarchical structure of com-
pany webpages used in the analysis. Authors’ elaboration

website. By excluding deeper-level pages, which are more likely to reflect heteroge-
neity in website length, complexity, and auxiliary content, we substantially reduce
the risk that raw keyword search captures website size rather than pure technologi-
cal engagement. Accordingly, our approach focuses on identifying the presence of
adoption signals, rather than constructing an index of adoption intensity. This is
consistent with the aim of distinguishing adopters from non-adopters, while avoid-
ing confounding effects related to differences in firms’ communication strategies or
website architecture. This decision is further justified by the fact that most websites
have child pages in depth 1. Figure 2 provides the distribution of the number of child
pages for corporate websites included in the analysis.

Following this approach, we perform an initial data cleaning before proceeding
with the keyword search within the websites. Specifically, we drop all non-functional

1e6 Distribution of number of children per corporate website

Corporate website

0 20 40 60 80 100
Number of children

Fig. 2 Distribution of number of child pages per corporates’ websites. Notes: The figure displays the dis-
tribution of the number of child pages linked to corporate websites. Authors’ elaboration
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URLSs that produce errors such as "404 page not found." Additionally, we remove all
URLSs with excessive loading times (flagged via a timeout protocol) by introducing a
timeout during the web scraping operations. For these URLs, we repeat the scraping
to determine if the issue was temporary (related to the connection) or not. Among
the functional URLSs, we exclude three types of links pointing outside the company’s
domain or to social media platforms: a) links that, although reachable within one
click, redirect users to external websites outside the company’s domain, and there-
fore cannot be considered as part of the company’s web content'; b) links to the
company’s social media sites such as Facebook, Instagram, Twitter, and others, as
they are not relevant to our analysis; c) links generated by pop-ups within the web
pages that appear inappropriate. Finally, we keep only unique links to remove any
duplicate webpages that skew our results and increase the processing time. This rig-
orous filtering process results in a refined sample of 6,541,465 unique links across
366,440 companies—dropping from 477,812 companies, ready for keyword mining.

3.2 Keyword-Based Text Extraction and Processing

From each link, we extract relevant textual content and identify keywords related to
net-zero technologies. We construct a tailored dictionary of keywords based on the
European Commission’s NZIA-related documentation (see Appendix A for details
on NZIA institutional framework), encompassing technological terms, morphologi-
cal variants, and broader semantic variations (see Appendix B with the full list of
net-zero technology-related keywords, Table 23). For details regarding the definition
of the key terms used, see Implementing the EU’s Net-Zero Industry Act, provided
by the European Parliament (Ragonnaud 2025). Moreover, any word referring to
raw materials is excluded from the NZIA-keyword list as it is better covered under
the CRMA.

Given the noisy and unstructured nature of web text, we develop a robust pre-pro-
cessing pipeline. First, the standardization of punctuation and whitespace is crucial.
Since website text often lacks consistent punctuation, we devise a strategy to stand-
ardize punctuation by replacing key characters (points, comma, dash, parentheses,
etc.), the new line symbol \n, and the new tab symbol \t in the raw HTML output of
the scraper with a space. Second, we tokenize the text into single words, bigrams
and trigrams. We ensure that the entire text in the raw HTML is transformed into a
list of individual words to facilitate sequential reading. Specifically, we implement
an algorithm to read not only individual words (e.g., "RAN") but also bigrams (e.g.,
"artificial intelligence") and trigrams (e.g., "radio access network"). For instance, in
the case of bigrams, we are not interested in capturing just "artificial" or just "intel-
ligence". Instead, when the scraping algorithm reads "intelligence," it recognizes it
as part of a bigram and also reads the preceding word immediately. Third, we check
the position of the text and whether the word appears in the body of the website, in

! For example, a company may advertise a collaboration with a university and include, on its homepage,
a link inviting users to apply. However, clicking on this link leads to a depth-1 page that redirects directly
to the university’s website rather than to a page hosted within the company’s own domain.
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a menu, in a link, in a disclaimer, or in irrelevant parts (e.g. footer, cookie banner).
Finally, as website text is often “contaminated” with words from other languages,
we follow a dual encoding (UTF-8 and UTF-16) to handle multilingual content and
avoid data loss from incompatible characters.

After two rounds of scraping, we obtain information for 203,717 companies,
regardless of their involvement (yet) in net-zero technologies. The results are com-
piled in a tabular form and aggregated at the firm level, with two post-processing
refinements: morphological harmonization and semantic alignment. The first refine-
ment refers to singular/plural forms and gendered forms. After searching for key-
words in both singular/plural and masculine/feminine forms, we aggregate them into
a single word and sum their frequencies. The second refinement pertains to acro-
nyms vs. full form. After searching for both the acronyms (e.g., RAN) and the full
term (e.g., radio access network), we group them and sum their frequencies. This
phase yields, for each firm, the frequency with which each net-zero-related key-
word appears throughout the entire company website and the total frequency count,
including firms for which no such keywords are detected (i.e., the total frequency
count equals zero).

Finally, we perform manual validation to ensure the quality and reliability of the
collected data. Specifically, we extract a random sample of 500 companies from the
scraped population, stratified across industrial sectors to ensure representativeness.
For each company, we manually verify: i) That the website is active and accessible;
ii) That the content of the website corresponds to the company in the database (one-
to-one matching); iii) That the presence of net-zero-related keywords, as identified
by our automated search, is consistent with the company’s actual activities. The
results of this validation confirm that the automated keyword detection accurately
reflects the firms’ technological focus, supporting the reliability of the web-based
identification of adopters and developers. See Table 1 for an excerpt of the keyword
count matrix and Fig. 3 for an overview of the scraping methodology.

Table 1 Example of the output (table of keywords frequencies) from the web-scraping

VAT number Wordl, Word1, Word2, Word2, WordN, Tot. Keyword

AAA 0 0 0 1 18 3 Word, = 19
i=1

BBB 10 1 0 0 0 3 Word, = 11
i=1

777 1 12 3 0 10 3 Word, = 26

i=1

The table provides a generalized example of what we obtain from web scraping procedures. In each row,
we provide the VAT identification number of companies. In each column, we report the keywords used.
The last column, we sum up the total frequency for each company. For each company-keyword, we show
the related frequency. Source: authors’ elaboration
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Companies *477,812 companies
with « First webscraping (twice)
Webpage irst webscraping (twi

URLs forall | *Homepage
companies « Parent and childs
leari *366,440 companies (6,541,465 links)
¢ e};;l’slgg *No double links
P «No social media/external pages
Dataset of «List of ke‘:ywords.
) . « Punctuations, adjustments
useful URL . .
« Second webscraping (twice)
Tabl
freque
1 «No single/double
*No acronyms
*No irrelevant parts
&> Manual 500 random firms
Validation | «Check the results

Fig.3 Summary of the methodological framework. Notes: The figure presents a summary of the meth-
odological framework used in the analysis, outlining the key steps and processes followed to study the
adoption of NZIA-related technologies by firms. Authors’ elaboration

203,717 companies
«Raw results

3.3 TheFinal Database

The cleaned dataset contains keyword counts for all 203,717 companies. We cre-
ate a dummy variable (NZIA) that equals one if the firm has at least one NZIA-
related keyword on the website, zero otherwise. Firms with NZIA equal to one are
considered adopters of technologies. Firms with NZIA equal to zero are therefore
non-adopters, defined as firms whose websites do not display any reference to net-
zero technologies, rather than firms for which information is missing. This approach
allows us to distinguish adopters of net-zero technologies from non-adopters within
a common and consistently scraped sample of firms. Then, we merge this data with
those from AIDA using the VAT identification number as matching variable.> After
this merge, 172,361 companies are successfully linked and have available financial
information.

We follow Kalemli-Ozcan et al. (2024) in implementing data cleaning proce-
dures. First, we exclude firms with negative revenue values and remove observations
with leverage and/or equity ratios greater than one or lower than zero. This step
ensures accounting consistency and economic interpretability, while also preventing

2 Moody’s AIDA dataset (Moody’s Bureau van Dijk, 2024) is a proprietary database that includes com-
prehensive information on financials, ownership structure, geographic location, and sectoral classifica-
tion (NACE 4-digit and ATECO 6-digit) for all Italian firms, as well as URLs of companies’ websites,
the BvD ID of the company and VAT identification number.
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the inclusion of financially distressed firms or observations affected by data errors.

The final cleaned sample comprises 105,159 firms. We then check the validity of the
sample to rule out potential concerns related to non-representativeness, including
survivorship bias, incomplete coverage of small and young firms, and the systematic
overrepresentation of large and persistent firms. Failure to address these issues may
result in distorted firm-level distributions and biased estimates that are not repre-
sentative of the underlying firm population. The cleaning procedure leaves the key
characteristics of the sample largely unchanged, indicating that the final dataset pre-
serves the structural features of the original data, including its sectoral composition.
Moreover, because the data cleaning process does not alter the empirical patterns
discussed throughout the paper—which remain stable before and after cleaning—we
are confident that our findings can be generalized to the broader population of firms.
Figure 4 illustrates the distributions of the sample before and after data cleaning.

Finally, we include a set of structured variables capturing firm-level characteris-
tics commonly associated with innovation activity. These variables are grouped into
two main categories: (i) Firm-internal characteristics, and (ii) Firm-external condi-
tions, reflecting market structure and local economic context.

Regarding firm-internal characteristics, we consider four variables. First, firm
size and firm age are included as standard predictors of innovation capacity (Cohen
and Levinthal 1990; Huergo and Jaumandreu 2004). Firm size is measured as the
natural logarithm of the number of employees (LnEmploy),* while firm age is com-
puted as the difference between the year of analysis (2025) and the firm’s year of
incorporation (Age). Second, we control for sectoral affiliation (Nace-2-digit) to
account for heterogeneity in technological opportunities and regulatory exposure
across industries. This is particularly relevant given that some manufacturing sec-
tors—such as chemicals, electrical and technical equipment, machinery, and auto-
motive—are structurally more exposed to the net-zero transition (Dechezleprétre
et al. 2014; Lofgren et al. 2024). Third, we include regional location at the NUTS-2
level (Region) to capture geographic heterogeneity. Regional location reflects differ-
ences in institutional environments, infrastructure, and cluster dynamics that shape
firms’ access to knowledge, skills, and policy incentives (Boschma 2005; Crescenzi
and Gagliardi 2018).

3 We exclude firm-year observations with leverage ratios outside the (0,1) interval, equity ratios outside
the (0,1) interval, and negative revenues to ensure accounting consistency and economic interpretability
(Fama & French 2002; Giannetti 2003). Leverage values above unity imply negative book equity and
typically characterize firms in severe financial distress, for which observed capital structures no longer
reflect standard financing decisions. Similarly, extreme or negative equity values and negative revenues
are commonly associated with accounting irregularities, exceptional events, or non-going-concern situa-
tions. This treatment is consistent with the established corporate finance literature, which excludes firms
with equity or leverage ratios falling outside the (0,1) range (Hovakimian et al. 2001; Brown et al. 2009;
Leary & Roberts 2010; Almeida & Campello 2007; Frank & Goyal 2009), as well as firms reporting
non-positive revenues (Brown et al. 2009; Campello et al. 2010; Kalemli-Ozcan et al., 2024), in order to
preserve the economic meaning of financial variables.

* For firms with one employee, the logarithm equals zero. Since all firms have at least one employee,
the logarithmic transformation is well-defined. Employment data are sourced from Orbis and used as
reported, without adjustment to full-time equivalent (FTE) units.

@ Springer



M. Cucculelli et al.

e o~ w
< 4
o | 2
c < =M
o S ]
© B ©
o © S
w w w o
v
S
w
S
> -~
o —_ o - . o_mnﬁn.m_ —
Size Age Market Concentration
4 0
&
— 4
(\j'_
(\l.A
= c cw |
kel k<] o~
© S ©
o v | @ ®©
T3 © ©
w w w
M |l “ )
|| ) |l
od- e ol l.un 1o ﬂ_ll[llln o ﬂ ln II[III.II.uIIII
Local GDP Sector Region

Fig. 4 Distribution of firm characteristics pre and post Kalemli-Ozcan et al. (2024) procedures. Notes:
The figure illustrates the distribution of firm characteristics before and after applying the Kalemli-Ozcan
et al. (2024) procedures for data cleaning. The shade bars depict the sample distribution before the
employing of cleaning procedures. The blue bars show the distribution of the sample after the cleaning
procedures. Authors’ elaboration

Turning to firm-external conditions, we focus on market concentration and local
economic condition, widely recognized as variables influencing firms’ incentives to
innovate (Aghion et al. 2005; Audretsch and Feldman 1996). As for the former, mar-
ket concentration is measured using the Herfindahl-Hirschman Index (HHI), com-
puted at the NACE four-digit level, with higher values indicating greater concen-
tration within industrial sectors. Specifically, the HHI was computed as the sum of
squared market shares, where market shares are derived from firms’ revenues (sales)
within each sector. As for the latter, the natural logarithm of GDP per capita at the
NUTS-3 level (LnGDP) is included as a proxy for local economic conditions, cap-
turing differences in wealth, demand, and market potential.

3.4 Identifying Developers of Net-Zero Technologies Using Patent Data

The final step of the analysis consists of identifying developers of net-zero technolo-
gies within the broader group of adopters. This exercise is grounded in a key concep-
tual distinction between technology developers—that is, firms that generate proprie-
tary technological knowledge—and others, which may adopt, produce, manufacture,
or commercialize technologies developed by third parties. In this paper, adoption
is defined in a broad sense and refers to firms that exhibit explicit engagement with
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net-zero technologies, as indicated by the presence of NZIA-related keywords on
their corporate websites. Such engagement may take different forms, including the
use, production, sale, or internal development of net-zero technologies. While these
activities differ in the degree of commitment they entail, they all imply a minimum
level of awareness, exposure, and operational knowledge of net-zero technologies—
ranging from deployment and commercialization to in-house production and devel-
opment. Instead, development refers specifically to the generation of proprietary net-
zero technologies and thus identifies a narrower subset of firms within the broader
population of adopters.

To identify developers, we use two complementary approaches: a) An extension
of the web scraping analysis targeted to search innovation-related signals, and b) An
integration of the initial web scraping analysis using information from the company
patent portfolio.

As for the first approach, we introduce a second dictionary of keywords aimed
at capturing innovation-related signals and identifying firms potentially engaged in
technological development (see Appendix B, Table 24). The methodological steps
are identical to those in Fig. 3, starting from step four, but using a different set of
keywords. A company is classified as a developer if its corporate website contains
innovation-related terms (Developer_Ws). The selection of innovation-related key-
words (e.g., “patent”, “trademark”, “research centres”, “research and development”,
“in-house R&D”, “proprietary technologies”) is grounded in established practices in
the innovation and text-mining literature, which has shown that references to intel-
lectual property and R&D activities provide meaningful signals of firms’ innova-
tive engagement (e.g., Kinne and Lenz 2021; Antons et al. 2020; Leippold and Yu
2025). These approaches have been proven to offer dependable proxies for firms’
engagement in innovation, especially when traditional indicators are unavailable or
incomplete.

Indeed, prior studies show that references to intellectual property and R&D activ-
ities in textual sources can be effectively used as proxies to identify innovative firms.
In particular, innovation indicators have been successfully extracted from firm-level
textual data using keywords related to patents, trademarks, and R&D investments,
capturing firms’ engagement in innovative activities but not innovation intensity
(Tseng et al. 2007). Moreover, web-derived indicators based on references to R&D
and intellectual property have been shown to converge with traditional survey-based
measures of innovation, supporting their validity as proxies for innovative activity
(Héroux-Vaillancourt et al. 2020). Importantly, the inclusion of trademarks along-
side patents improves the identification of innovative firms, especially in contexts
where innovation is not exclusively protected through patents, reinforcing the use of
intellectual property references as proxies for technological development (Morales
et al. 2024).

A company is defined as a potential technology developer based on website infor-
mation (D_Ws_NZIA) if its website contains both NZIA-related keywords and inno-
vation-related terms. This approach leverages websites as repositories of strategic
information and allows us to distinguish, within adopters, firms that are potentially
involved in net-zero technological development using a single methodology.
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However, information extracted from corporate websites does not allow us to
determine whether the relevant technological capabilities have been developed inter-
nally or acquired from external sources. As a result, web-scraped data alone cannot
clearly distinguish firms that act as technology developers from those that primarily
produce, deploy, or use technologies developed elsewhere. Moreover, this approach
does not indicate whether firms are specifically developing net-zero technologies,
as opposed to developing other technologies that are subsequently applied or used
within NZIA-relevant activities. Consequently, this strategy may over include firms
whose innovative efforts fall outside the NZIA framework or whose role is limited to
production or application rather than technological development.

To overcome these limitations, we complement the web-based identification
strategy with patent data from the Patent Orbis (Moody’s) database. Patents are
widely recognized as indicators of innovation activity and are frequently used to
proxy firms’ technological efforts in empirical studies (Archibugi 1992; Peeters and
Pottelsberghe de la Potterie 2007). Indeed, patents explicitly identify inventing firms
or research organizations and thus provide a more direct proxy for internal techno-
logical development. We classify a firm as a technology developer if it holds at least
one patent (Developer_Orbis). This criterion is not intended to identify net-zero
developers per se, but rather to distinguish firms that generate patentable techno-
logical knowledge from those that solely produce technologies developed elsewhere.
Unlike the above, the presence of patents allows us to identify companies that have
developed in-house skills. Companies are then defined as potential developers of
net-zero technologies (D_Orbis_NZIA) if they have at least one patent and they have
keywords related to net-zero technologies on their site, but regardless of their tech-
nological domain. This approach separates technology developers from producers,
but it may still include developers of technologies outside the scope of the NZIA
framework.

To further refine the D_Orbis_NZIA indicator and isolate developers of net-zero
technologies, we follow Costantini et al. (2017) and Barbieri et al. (2023) by map-
ping patents according to the NZIA framework using IPC codes at the highest level
of granularity (14-digit). This refinement ensures that patents unrelated to net-zero
technologies are excluded from the final classification. However, unlike Costan-
tini et al. (2017) and Barbieri et al. (2023), our strategy relies on a more complex
matching procedure that links highly technical IPC textual descriptions to net-zero-
related technologies. For this purpose, we exploit recent advances in transformer-
based textual analysis and Large Language Models (LLMs), which the literature
highlights as particularly well suited for technological classifications (Colladon et al.
2025).5 After cleaning and standardizing IPC classification data from the World

5 In the relevant literature, green technologies have typically been identified through patent classifica-
tions based on IPC codes. Specifically, Costantini et al. (2017) employ the OECD ENV-Tech indicator,
which associates selected IPC codes with seven environmental technology domains—such as renewable
energy, environmental management, energy efficiency, and emissions mitigation—and complement this
taxonomy with the Y02 section of the Cooperative Patent Classification (CPC) for technologies related
to climate change mitigation. Similarly, Barbieri et al. (2023) rely on CPC Y02 codes to identify patents
pertaining to green technologies and construct regional-level metrics of “Green Technological Fitness”
and “Green Potential,” based on the presence of patents within these domains.
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Intellectual Property Organization (WIPO), we employ an LLM to identify the
IPC codes most closely associated with net-zero technologies, based on semantic
similarity between technology descriptions and IPC textual definitions. The model
is prompted using structured instructions, following prompt-engineering practices
established in the literature (Brown et al. 2020). The LLM is deployed locally via
Ollama, an open-source inference framework that enables transparent and reproduc-
ible experimentation.

We report the prompt structure and technical details in Appendix C to ensure
transparency and replicability. To assess the reliability and consistency of the LLM-
based mapping, we replicate the same identification using alternative LLMs (Chat-
GPT, Google Gemini, and Microsoft Copilot). For instance, after uploading the full
IPC classification and a guide explaining its structure, we employed ChatGPT in an
iterative querying process to associate each NZIA-related technology with its corre-
sponding IPC. We adopted a strategy based on repeated interactions and progressive
refinement of prompts—a technique commonly referred to as “prompt engineer-
ing” or “prompt layering” in recent literature (Liu et al. 2023; Wei et al. 2023)—to
ensure consistent and accurate outputs. Additional validation steps—including man-
ual review of a random subset of IPC codes and keyword-based text-mining proce-
dures—further confirm the reliability of the classification. This process results in the
identification of 2434 IPC codes linked to net-zero technologies. Using these codes,
we select a sub-sample of developer firms from the Patent Orbis (Moody’s) database
that hold patents aligned with NZIA-related technologies (Developer_IPC).

A firm is ultimately classified as a net-zero technologies developer (D_IPC_
NZIA) only if it meets three simultaneous conditions: (i) It is an adopter of NZIA-
related technologies based on web-scraped content (NZIA equal to 1), (ii) It holds
at least one patent, signalling internal technological development (Developer_Orbis
equal to 1), and (iii) At least one of its patents is classified as NZIA-related accord-
ing to the IPC-based mapping (Developer_IPC equal to 1). This identification
strategy isolates developers engaged in net-zero technologies (from developers of
other technologies, producers, users, etc.) within the broad class of adopters of such
technologies.

Figure 5 summarizes the outcomes of following the two identification strate-
gies. It displays the number of technology-developing firms identified through each
method, as well as their overlap and intersection with firms engaged in net-zero
technologies. The comparison of the three identification strategies reveals substan-
tial differences in both the number of firms classified as developers and the share
of those engaged in net-zero technologies. The web scraping approach identifies a
large pool of “developers” (61,367), but only a small fraction (3.7%) of them shows
explicit signals of NZIA-related technologies on their websites. This confirms that
keyword-based classification, while useful for mapping broad innovation activ-
ity, lacks precision in isolating net-zero technology developers, as it tends to over
include producers or developers of other technologies—also far from those net-zero.
By contrast, the patent-based approach using Orbis data significantly narrows the
pool to 14,883 firms, yet the share of those with NZIA-related keywords on their
websites increases to 8.6%. This indicates that patent holders are more likely to
be engaged in net-zero technologies, and that the presence of patents serves as a
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Developer_Orbis Developer Ws

Developer IPC

Developers: Of which with NZIA keywords on site
Obs. Obs. %
Developer according to Web Scraping 61,367 2,276 3.709%
Developer according to Orbis 14,883 1,280 8.600%
Developer according to Orbis and IPC codes 776 581 74.871%
NZIA 4,155

Notes: The figure compares NZIA developer firms identified through web scraping techniques with those identified via patent
data, highlighting overlaps and differences between these two methods of firm identification. Authors’ elaboration.

Fig.5 The identification of developers: comparison between web scraping and patent strategies Notes:
The figure compares NZIA developer firms identified through web scraping techniques with those identi-
fied via patent data, highlighting overlaps and differences between these two methods of firm identifica-
tion. Authors’ elaboration

stronger signal of technological development. The most refined strategy—based on
IPC code mapping aligned with the NZIA framework—further restricts the sam-
ple to 776 firms and yields the highest precision: 74.9% of these firms also display
NZIA-related keywords on their websites. This high overlap confirms the robustness
of the IPC-based classification and suggests that combining the classification of pat-
ent data with web-based signals provides a reliable method for identifying develop-
ers of net-zero technologies.

Accordingly, we rely on the patent-based approach to map net-zero technologies
developers in the following sections of the paper and proceed by using D_IPC_
NZIA. Descriptive statistics and detailed overview of variables construction are pro-
vided in Table 2.
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Table 2 Descriptive statistics

Variable Description Obs Mean  Std.Dev

Dep. Variables

NZIA Dummy =1 for firm adopting net-zero technologies 105,159 0.027 0.162
D_Ws_NZIA Dummy =1 for developers firm according to web- 105,159 0.015 0.122
scraping

D_Orbis_NZIA Dummy = 1 for developers firm according to Patent Orbis 105,159 0.010 0.101
D_IPC_NZIA  Dummy =1 for developers firm according to Patent Orbis 105,159  0.005  0.070

and IPC
Controls
LnEmploy Natural logarithm of total employees 105,159 2.181 1.382
Age Age of the firm 105,159 22.757 15.872
HHI Herfindahl-Hirschman Index at Nace 2-digit level 105,159 0.057 0.094
LnGDP Natural logarithm of GDP at the NUTS-3 level 105,159 10.398 1.084
Drivers
LevRatio Ratio of total debt to total assets 104,805 0.547 0.234
ShortDebt Ratio of short-term debt ratio to total assets 104,805 0.426 0.218
LongDebt Ratio of long-term debt ratio to total assets 104,805 0.121  0.153
Equity Share of total equity over total assets 104,953 0.356  0.228
ROA Return on Assets 105,159 8.209 14.339
ROE Return on Equity 102,230 15.345 28.317
LnEBITDA Log difference of revenues between year ¢ and -/ 97,074 5.111 1.877
SalesGrowth Natural logarithm of EBITDA 102,662  0.082  0.446
Lig_Index Liquidity index 103,193  1.752 1421
District Dummy =1 if the firm operates in an industrial district 105,159 0.296 0.456
FamilyD Dummy =1 if the Global Ultimate Owner (GUO) is a 105,159 0471 0.499
family
FamilyG Dummy =1 if the Direct Ultimate Owner (DUO) is a 105,159 0.482  0.500
family
Duration Average tenure of board members 105,159 6.636 6.851
%STEM Average age of board members 105,159 0.003  0.042
DurationSTEM  Share of managers with a STEM degree 105,159 0.001  0.027
Age_manager  Average tenure of STEM-educated managers 62,960 56.175 10.025

The table reports descriptive statistics for the main variables used in the analysis. For each variable,
we provide the number of observations, mean and standard deviation. Variables are grouped by type:
dependent variables (Dep. Variable), controls, and drivers. The table provides a detailed description of
the variables used in the analysis. Source: authors’ elaboration

4 Mapping Net-Zero Technologies

In this section, we provide a detailed mapping of net-zero technologies. Section 4.1
focuses on firms that adopt net-zero technologies, while Sect. 4.2 focuses on the
developers of such technologies. The mapping is conducted using three different
lenses: geographical, sectoral, and firm level.
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4.1 Mapping the Adoption of Net-Zero Technologies
4.1.1 Geographical Distribution of Net-Zero Technologies

Table 3 presents the regional distribution of firms adopting net-zero technologies
across Italy. Panel A reports the percentage of NZIA- and non-NZIA-labelled firms
over the total sample; Panel B displays the distribution (i.e., regional weights) only
of firms adopting net-zero technologies, expressed as each region’s share of total
NZIA firms; and Panel C reports the within-region composition, comparing the
share of NZIA adopters and non-NZIA adopters within each region.® Overall, the
presence of such technologies remains limited: only 2.7% of firms in the sample
have adopted them, despite their strategic relevance at the European level. The data
reveal a clear geographical concentration with Lombardia, Veneto, and Emilia-
Romagna accounting for approximately 57% of all NZIA-labelled firms. This
clustering suggests that net-zero technologies are predominantly embedded within
industrial ecosystems located in the North-East of Italy. This pattern closely mirrors
the long-standing spatial distribution of industrial activity in Italy, where Lombar-
dia—and, more broadly, the Northern regions—host the highest density of manu-
facturing firms and advanced production capabilities (Istat 2022). The prevalence of
net-zero firms in Lombardia, together with significant shares in Veneto and Emilia-
Romagna, appears to reflect the existing industrial structure.

Beyond absolute numbers, the relative adoption within regions confirms this
asymmetry. Regions such as Trentino-Alto Adige, Lombardia, Liguria, Piemonte,
Veneto, and Umbria show above-average shares of firms engaged in net-zero tech-
nologies relative to their local business population. In contrast, several southern
regions report adoption rates below 1.5%, indicating not only spatial concentration
but also a disparity in technological penetration across territories.

Figure 6 offers a more granular view of this pattern, mapping the distribution of
adopters of net-zero technologies at both the NUTS-3 (Panel A) and municipal lev-
els (Panel B). The visual evidence reinforces the findings from Table 3, with a clear
concentration of net-zero firms in northern areas, particularly in the North-East.

Further analysis considers the relationship between the adoption of net-zero tech-
nologies and local economic conditions, proxied by the NUTS-3 level GDP. Table 4
groups provinces into GDP terciles—poor, medium, and rich—and shows that firms
in wealthier areas are more likely to adopt net-zero technologies. High-income prov-
inces host over 42% of all NZIA-labelled firms, and the adoption rate increases pro-
gressively with local wealth, from 2.2% in poor provinces to 3.2% in rich ones.

These findings suggest that a more favourable economic environment may sup-
port firms in adopting net-zero technologies. In contrast, firms located in poor
regions, often characterized by weaker infrastructure, limited access to finance, and

6 Analytically, in Panel A, the sum of the percentages reported in the two columns equals 100 percent, as
they jointly account for the entire sample. In Panel B, the percentages sum to 100 percent across regions,
reflecting the distribution of NZIA-labelled firms over the national total. In Panel C, percentages sum to
100 percent within each row, as they represent the composition of firms within each region.
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Panel (a) - NZIA Adopters across Italian Provinces Panel (b) - NZIA Adopters across Italian Municipalities

(25.479)

(11.25]

(5.11]

[15]

No data . No data

Fig.6 Distribution of firms adopting net-zero technologies according to provinces and municipalities.
Notes: The figure shows the geographic distribution of NZIA adopters across provinces (Panel A) and
municipalities (Panel B), highlighting regional concentrations and spatial patterns in the adoption of
NZIA-related technologies. Authors’ elaboration

Table 4 Distribution of firms adopting net-zero technologies according to GDP at Nuts-3 level

Panel A Panel B Panel C
GDP Level %NZIA adop-  %No-NZIA % NZIA over  %NZIA %No-NZIA
(nuts-3) ters over tot. adopters over tot. NZIA adopters within adopters within
sample tot. sample adopters region region
Poor 0.692% 31.469% 25.652% 2.153% 97.847%
Medium 0.863% 30.908% 31.959% 2.715% 97.285%
Rich 1.144% 34.923% 42.389% 3.172% 96.828%
Total 2.699% 97.301% 100.000%

The table reports the distribution of firms adopting net-zero technologies based on GDP levels at the
NUTS-3 regional classification. NUTS-3 regions are classified as Poor, Medium, or Rich based on the
tercile distribution of regional GDP, with regions in the first tercile labelled as Poor, those in the second
tercile as Medium, and those in the third tercile as Rich. Panel A shows the share of NZIA and non-
NZIA adopters over the total sample, disaggregated by GDP category (Poor, Medium, Rich). Panel B
displays the proportion of NZIA adopters within each GDP group relative to the total number of NZIA-
labelled firms. Panel C compares the share of NZIA and non-NZIA adopters within each GDP category.
Values are expressed in percentages. Source: authors’ elaboration

less supportive institutional frameworks, may face additional constraints to innova-
tion, ultimately hindering the adoption of such technologies.
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4.1.2 Sectoral Distribution of Net-Zero Technologies

The sectoral dimension offers important insights into the adoption of net-zero
technologies, showing whether the observed patterns align with expectations based
on the sector technological characteristics. As shown in Table 5, firms adopting
these technologies are predominantly concentrated in manufacturing (sector C)
and wholesale and retail trade (sector G), reflecting the overall structure of the
sample.” Together, these two sectors account for over 60% of NZIA-labelled firms,
confirming their central role in the technological transition.®

However, the presence of net-zero technologies is not limited to traditional indus-
trial sectors. Professional, scientific, and technical activities (sector M) also repre-
sent substantial shares of adopters (15.3%), suggesting that knowledge-intensive
services play a complementary role in supporting strategic innovation. When con-
sidering the intensity of adoption within each sector, the data reveal that public
administration (sector O), energy supply (sector D), and professional services (sec-
tor M) exhibit the highest relative engagement. These sectors are typically charac-
terized by higher technological intensity and complexity, regulatory exposure, and
institutional involvement—factors that may facilitate the integration of net-zero
technologies. Notably, the financial and insurance activities sector (K) also emerges
among NZIA adopters. This pattern may reflect investments in energy-efficient
buildings, renewable energy procurement, electric vehicle infrastructure, or partici-
pation in green projects and sustainable finance initiatives. Although these activities
do not constitute the core business of financial institutions, they nonetheless entail
the deployment of net-zero technologies within their operational infrastructures or
investment portfolios (see Figure D.1 in Appendix D for a graphical representation).

Market structure also shapes the adoption patterns. We proxy market concentra-
tion using HHI and classify industry sectors as follows: competitive sectors for com-
petitive industries (HHI <0.15), moderately concentrated sectors for industries with
intermediate levels of competition (0.15<HHI<0.25), and highly concentrated
sectors for oligopolistic or monopolistic industries (HHI>0.25). Table 6 shows
that while the majority of firms operate in competitive sectors (low concentration),
the adoption rate of net-zero technologies is higher in moderately and highly con-
centrated markets. Specifically, firms in oligopolistic or monopolistic sectors show
the highest intensity of adoption, suggesting that greater market power may enable
firms to allocate resources toward long-term strategic investments (i.e., 3.9% in

7 While a semantic versus substantive issue could, in theory, affect our results—similar to concerns
raised in the greenwashing literature—we consider it unlikely to be relevant for several reasons. First,
adoption generally involves visible investments and integration into operational processes or infrastruc-
tures (e.g., smart grids, energy storage, electric charging, renewable fuels), which are highly specific and
easily verifiable. Second, our dataset relies on structured textual information and precise NZIA-related
keywords, rather than generic claims of “green compliance” (such as broad references to sustainabil-
ity, now common across many websites), reducing the risk of overstatement. Third, empirical evidence
shows strong alignment between the sectors most involved (energy, public administration) and the types
of technologies they can realistically adopt. While firms closely aligned with net-zero technologies might
use varied language to signal them, these are niche technologies; if a firm adopts them, they are likely to
be explicitly reported on its website, and if not, they are not claimed.

8 For reasons of space and clarity, we use NACE Divisions.

@ Springer



M. Cucculelli et al.

uoneIoqe[d SIOYINe :201n0§ 'saSejuadrad ur passardxa are sanfeA UOISIAIP FOVN Yoee ungim sieydope yIZN-uou pue yizN jo
uonodoxd oy syrodar O [oued "SWLIY PI[[QR[-VIZN JO I9qUINU [210} 3} 0} ARSI J0303s yoed uryim siaydope yzZN jo o8ejusorad oy shefdsip g [oueq o[duwes 210} oy}
190 s1a1dope Y[ZN-UOU pue Y[ZN JO dIeys oY) SMOYs Y [dued SUOISIAIP JDVN HSIp-0m) sso1oe sardojouyds) o1oz-jou Jundope suwiiy jo uonnqrnsip ays siiodar a[qe) ay [,

%000°001 %10¢°L6 %669°C [e1oL
%190°66 %6£6°0 %ETY0 %Y0T T %110°0 SONIANOY 9JIAIRS IO S
%089'66 %0S€°0 %9LT°0 %SSET %5000 UOTJBAIONY PUE ‘JUSWIUTRIINUH ‘SITY Nt
%T09'66 %86€°0 %e61'0 %6TE'E %€10°0 SINIANOY FIOM [BID0S pue Yi[edH Uetiny 0
%9TT 66 %YLLO %ETY0 %E9Y'1 %110°0 uoneonpy d
A1noog
%00S"L8 %00S°CT %S€0°0 %L00°0 %1000 [eoog A1os[ndwio)) :eousjo( pue UOHENSIUIIPY dIqnd (0}
%yyL 86 %9ST'T BY1T'T %S8Y'Y %LS0°0 SONIANOY 901A19g 110ddng pue oAnensuIpY N
%88L 6 %TIT'S BLSTST %68%"'L %TIY0 SINIANOY [BOIUYDI], PUB “OYNUSIOS TRUOISSIJOI] A\
%S8¢'86 %S19'1 %811 %€S8’1 %0€0°0 SINIANOY 9JeIsy [eoy 1
%C0T L6 %86LC %eET T %9ST'T %EE0°0 SANIATOY 2OURINSU] PUR [RIOUBUIL] D
%EVE 86 %LSY'T %9Y6°¢ %1TE9 %LOT 0 UONEIIUNUWIWIO)) PUB UOTIRULIOJUT [
%191°66 %6€8°0 %TLS'T %60T'8 %6900 SANIANDY IDIAIDS POO,] PUE UOHEPOWTOIDY I
%000'66 %000°T %LSOT %ST8'T %6200 98eI01§ pue uonelodsuei], H
SO[OADI0JOIN
%S60'86 %S06'T %E9EST %TSETT %S17°0 PUE SI[OTYIA T0JOA] JO Ireday ‘opel], [1e10y pue S[esa[oym D
%166'L6 %600'C %20T9 %€91'8 %LIT0 uononnsuo) d
SANIANDY uon
%€T8'S6 BLLTY BLTL'T %690°T BLYO'0  -RIPIWAY PUE JUSWOTEURIA AISEA “OFeIoMIS A[ddng 1o1epm q
%88T'T6 %BTIL'L %LSO'T %BIVE0 %620°0 A1ddng Suruonipuo) Iy pue ‘wedlS ‘sen ‘AoLnod[g a
%08€°S6 %029y %L0O8'S¥ %1TS'ST %9ET T SuLmoBynueRA o)
%ESL'LO %LYTT %L86°0 %8ST'1 %LT0O0 Surysig pue ‘Ansaro] ‘OImnoLdy A%
uorgax ordures
uorSar UM s19)  UTy)Im s1sydope s1oydope VIZN 10 1940 s19)dope  ordwes 10} 10A0
-dope VIZN-ON% VIZN% 01 I9A0 VIZN % VIZN-ON%  s101dope VIZN% uondrosa  UOISIAI( 99BN
D [Pued d Pued V [oued

SUOISTAIP FDVN 0} SUIpI10do€ sar30[ouyod) 019z-jou Sundope suuy Jo uonnquisiq S ajqel

pringer

AQs



Mapping Net-Zero Technologies Through Web Scraping: Evidence...

uoneIoqe[d SIoyIne :201nog§ 'soSejuedrad ur passardxa are senfeA ‘dnoid JHH yoee unpim sioydope YIZN-UOU pue VIZN JO SIYSIOM dy) SMOYS ) [ouBd "SWIY pa[[oqe]
-VIZN [[¢ 03 dane[a1 K1089)e0 THH Aq s1sydope YIZN JO 21eys ay) sajeorpur g [oue -opdwes (830} oy} 1040 s1oydope yZN-uou pue yIZN Jo 28ejuaorad oy syrodar y [oued
"(JHH) XopuJ UeWYOSITH—[YEPULISH 2y} Aq PaINseaw Sk ‘S[9A9] UONEBIIUIIUOD JONIBW U0 Paseq sAISojouyds) o1oz-jou Jundope swiiy Jo uonnquusip ay) smoys d[qe) [,

%000°00T %10E" L6 %669'C [eI0L
%891°S6 %TES' Y %SY6'11 %6¥<9 %TTE0 (uonenuaouod y31y) [HH YSIH
%YE1'96 %998°¢ %LLT'TIT BITITYT %TLS O (uonenuaduod 21eISPON) [HH WNIPIA
%COL’'L6 %86C°C %8L899 %IYLIL %S08°1 (oxrew oannedwos) [HH Mo
UOI3AI UIYIIM $I9) uoI3ar urgm s1dope VIZN ordures 1101 ordures 10y
-dope VIZN-ON% s1o1dope VIZN% 0] 10A0 VIZN % 120 s1oydope VIZN-ON% 1o s1aydope VIZN% IHH
O [eued g [oued V [Pued

[HH 03 Surpioode sarSojouyde) o1ez-jou Sundope swiay jo uonnqiusiq 9 ajqeL

pringer

As



M. Cucculelli et al.

moderately concentrated markets and 4.8% in highly concentrated ones, compared to
2.3% in competitive markets). In contrast, firms in highly competitive environments
may face tighter margins and shorter strategic horizons, which limit their capacity to
engage in innovation-intensive transitions.

4.1.3 Firm Characteristics and Adoption of Net-Zero Technologies

Firm-level characteristics such as size and age offer additional insights on net-zero
technology adoption. Starting from size, we identify four groups based on the num-
ber of employees: micro (no more than 10 employees), small (between 11 and 50
employees), medium (between 51 and 250 employees), and large (more than 250
employees) firms. As shown in Table 7, smaller firms—particularly micro and small
enterprises—represent the majority of the sample. These firms also represent a sub-
stantial share of adopters, accounting for nearly 68% of all NZIA-labelled firms.
However, when looking at the adoption rates within each size category, a clear rela-
tionship emerges: the adoption of net-zero technologies increases with firm size.
While only a small fraction of micro and small firms engages in these technologies
(1.6% and 2.9%, respectively), the adoption rate rises significantly among medium
and large firms, reaching 13.7% in the latter group. This pattern suggests that larger
firms, likely due to larger financial and organizational resources, are better posi-
tioned to undertake the strategic investments required for net-zero transitions.
Finally, firm age reveals a different pattern. Table 8 shows that the majority of
adopters are among older firms, particularly those operating for more than 20 years.
These incumbent firms account for over half of all NZIA-labelled adopters, while
younger firms—especially those less than 10 years old—are underrepresented (only
17% and 2% of young and new firms are adopters). Yet, when considering adop-
tion rates within each age group, a more nuanced picture emerges. Both very young
and very old firms exhibit relatively higher adoption rates, suggesting a non-linear,
U-shaped relationship between firm age and the net-zero technologies adoption

Table 7 Distribution of firms adopting net-zero technologies according to firms’ size

Panel A Panel B Panel C
Size (N. %NZIA adop-  %No-NZIA % NZIA over  %NZIA %No-NZIA
Employees) ters over tot. adopters over tot. NZIA adopters within adopters within
sample tot. sample adopters region region
Micro 0.932% 56.804% 34.531% 1.614% 98.386%
Small 0.905% 30.752% 33.545% 2.860% 97.140%
Medium 0.612% 8.177% 22.692% 6.967% 93.033%
Big 0.249% 1.567% 9.232% 13.717% 86.283%
Total 2.699% 97.301% 100.000%

The table displays the distribution of NZIA and non-NZIA adopters by firm size, measured by the num-
ber of employees. Panel A reports the share of NZIA and non-NZIA adopters over the total sample.
Panel B indicates the share of NZIA adopters by size category relative to all NZIA-labelled firms. Panel
C shows the weights of NZIA and non-NZIA adopters within each size group. Values are expressed in
percentages. Source: authors’ elaboration
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Table 8 Distribution of firms adopting net-zero technologies according to firm’s age

Panel A Panel B Panel C
Age %NZIA adop- %No-NZIA % NZIA over %NZIA %No-NZIA
ters over tot. adopters over tot.  tot. NZIA adopters within adopters within
sample sample adopters region region
New 0.047% 2.538% 1.727% 2.803% 97.197%
Young 0.455% 23.434% 16.843% 1.903% 98.097%
Mature 0.686% 25.960% 25.405% 2.573% 97.427%
Incumbent 1.512% 45.369% 56.025% 3.225% 96.775%
Total 2.699% 97.301% 100.000%

The table reports the distribution of NZIA and non-NZIA adopters by firm age category. Panel A shows
the share of NZIA and non-NZIA adopters over the total sample. Panel B indicates the proportion of
NZIA adopters within each age category relative to all NZIA-labelled firms. Panel C compares the
weights of NZIA and non-NZIA adopters within each age group. Values are expressed in percentages.
Source: authors’ elaboration

rates. On the one hand, new firms may be more agile, growth-oriented, and embed-
ded in dynamic sectors (i.e., they are in embryonic or high-growth phases of the
industry life cycle), which facilitates early adoption. On the other hand, incumbent
firms benefit from accumulated knowledge, established market positions (i.e., they
are in mature or declining stage of the business life cycle), and reduced competitive
pressure. They can support long-term strategic investments. This duality highlights
how both entrepreneurial dynamism and organizational maturity can serve as ena-
blers of technological transition, albeit through different mechanisms.

To sum up, findings depict the adoption of net-zero technologies as phenomenon
depending on both spatial and sectoral factors. High levels of GDP and technologi-
cally intensive industries, like those in the North-East of Italy, play a crucial role
in enabling firms to innovate. As regards the sector, firms adopting net-zero tech-
nologies are predominant in technologically intensive industries, where the presence
of existing knowledge and capabilities may facilitate the adoption of strategic ones.
Moreover, the level of market competitiveness and firms’ market power appear to
play a role in this context. Finally, although many NZIA-labelled firms are small,
their share increases with firm size. Age shows a U-shaped relationship with adop-
tion rate.

4.2 Mapping Developers of Net-Zero Technologies
4.2.1 Geographical Distribution of Net-Zero Technologies Developers

To map the developers of net-zero technologies, we restrict the sample to firms that
(1) Adopt NZIA-related technologies (i.e., NZIA equal to 1), and (ii) Hold at least
one patent (i.e., Developer_Orbis equal to 1). Figure 7 provides a graphical repre-
sentation of the sample selection criteria.” This approach ensures that the analysis

° We only keep the part of the sample that falls into the two darkest areas of blue.
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focuses exclusively on firms that, within the group of adopters, are developers of
both net-zero and other technologies, thus possessing innovative capabilities and a
minimum level of technological engagement (as evidenced by their adoption of net-
zero technologies).

Table 9 compares the geographical distribution of net-zero technologies develop-
ers with firms developing other technologies. Although net-zero developers repre-
sent nearly half of the sample considered (48.5%), their presence is uneven across
the national territory. Northern regions—particularly Lombardia, Emilia-Romagna,
and Veneto—emerge as the core hubs of development, collectively accounting for
over 60% of all NZIA-labelled developers (Panel B). This concentration mirrors the
industrial structure and technological endowments of these regions, where accu-
mulated capabilities, dense innovation networks, and supporting infrastructures are
more likely to sustain the development of strategic technologies.

Looking at the regional composition of developers, in regions with an extremely
limited pool of technologically active firms, relative shares tend to be more polar-
ized, reflecting the presence of only a handful of developers. In this context, Basili-
cata and Valle d’Aosta, while accounting for a negligible share of developers at the
national level, display a high relative incidence of net-zero developers within their
regional samples. By contrast, regions with a broader and more diversified industrial
base—such as Lombardia and Veneto—exhibit more balanced internal distributions,
with NZIA-labelled developers representing around 48% and 41% of regional devel-
opers, respectively.

Southern regions generally lag behind both in absolute and relative terms. In
Calabria and Molise, firms do engage in technological development activities, but
these efforts are not directed toward net-zero technologies, despite the presence of
firms adopting such technologies locally. Similarly, the share of net-zero developers
remains below 25% in Sicilia and Puglia. Taken together, these patterns point to a
persistent gap between adoption and development in Southern regions, highlighting
structural constraints that limit the transition from technology use to in-house tech-
nological development.

Figure 8 enriches the mapping of developers of net-zero technologies, focusing
on provincial and municipal levels. The spatial patterns reinforce the strategic role
of northern provinces, particularly in the North-East, mirroring the geography of
adopters but with a more restricted numerical base.

A further layer of spatial analysis considers the relationship between development
and local economic conditions. Table 10 shows that developers are more preva-
lent in wealthier provinces, which host over 41% of all NZIA-labelled developers
(Panel B). The development rate increases with GDP levels, reaching 54.4% in high-
income provinces compared to 48.4% and 41.6% in poor and medium-GDP areas,
respectively (Panel C). These findings reinforce the idea that provinces with stronger
financial and institutional foundations appear better equipped to support the emer-
gence of net-zero development capabilities, offering fertile ground for net-zero tech-
nological development.
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Panel (a) - NZIA developers across Italian Provinces Panel (b) - NZIA developers across Italian Municipalities

(9,108]

(39] 6
(13] 6

i8] A 8

No data No data

Fig. 8 Distribution of firms developing net-zero technologies according to provinces and municipalities
Notes: The figure shows the geographic distribution of NZIA developers across provinces (Panel A) and
municipalities (Panel B), highlighting regional concentrations and spatial patterns in the development of
NZIA-related technologies. Authors’ elaboration

4.2.2 Sectoral Distribution of Developers of Net-Zero Technologies

Table 11 reveals a clear concentration of net-zero technology developers in the
manufacturing sector: firms in sector C account for nearly one-third of the total
sample of developers (Panel A, columns 1-2) and represent almost 65% of NZIA-
labelled developers (Panel B). This predominance underscores the central role of
manufacturing in the development and scaling of strategic technologies. Alongside
this, professional, scientific, and technical activities (sector M) emerge as significant
contributors, representing 19.3% of NZIA developers, while wholesale and retail
trade (sector G) plays a more marginal role (4.4%).

The share of net-zero development within sectors offers further insights. Electric-
ity and gas supply (D), water and waste management (E), and financial services (K)
exhibit particularly high engagement, with over 75% of firms in these sectors clas-
sified as developers of net-zero technologies. Transportation and storage sector (H)
also shows a notable concentration, while sector M confirms its relevance with over
60% of firms involved in net-zero development. In contrast, sectors like construc-
tion (F) and wholesale trade (G), despite their presence in the sample, display lower
engagement levels, suggesting more limited involvement in strategic technological
development.

These patterns point to strong sectoral heterogeneity, where development is con-
centrated in industries characterized by high technological intensity, regulatory
exposure, and strategic positioning. The ability to develop net-zero technologies
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appears closely tied to the structural and institutional features of the sector itself (see
Fig. 10 in Appendix D for a graphical representation).

Market structure also adds further insight (Table 12). While competitive sectors
host the largest number of developers overall, the development rates of net-zero
technologies increase with market concentration. Firms in highly concentrated sec-
tors—often oligopolistic or even monopolistic—exhibit the highest development
rates (67.5%), followed by those in moderately concentrated markets (54.9%). This
confirms that firms operating in less competitive environments may benefit from
greater strategic autonomy and resource availability, enabling them to invest in cap-
ital-intensive technologies. In contrast, firms in highly competitive sectors may face
tighter constraints, limiting their capacity to engage in long-term innovation.

4.2.3 The Business Profile of Developers of Net-Zero Technologies

Firm size emerges as a key factor in shaping the engagement in net-zero technol-
ogy development. As shown in Table 13, medium and large firms dominate the
developer landscape, together accounting for over 63% of NZIA-labelled develop-
ers (Panel B). While micro and small firms are numerically present, their contribu-
tion to net-zero development remains limited. This distribution reflects the structural
advantages of larger firms, which typically benefit from greater financial capacity,
organizational complexity, and access to specialized resources—conditions that are
conducive to the development of strategic technologies. The intensity of develop-
ment across size classes further reinforces this pattern. The share of NZIA-labelled
developers increases progressively with firm size, peaking at nearly 70% among
large enterprises (Panel C). Firm size not only facilitates investment in innovation
but also enhances the ability to absorb the risks and complexities associated with
developing advanced technologies.

Firm age offers a complementary perspective (Table 14). The majority of devel-
opers are concentrated among older firms, particularly incumbents operating for
more than 20 years. These firms also represent the largest share of NZIA-labelled
developers, followed by mature and young firms, while newly established firms
remain a minority (Panel B). However, when examining the share of develop-
ers within each age group, the data reveal a relatively balanced distribution, with
development rates hovering around 47-49% across all categories. This suggests that,
unlike firm size, age does not exhibit a strictly negative or positive relationship with
development propensity.

Instead, the data seem to suggest also in this case a non-linear pattern. Both very
young and very old firms appear capable of engaging in net-zero development, albeit
through different mechanisms. Young firms may benefit from agility, innovation-
driven strategies, and positioning in emerging sectors, while incumbents leverage
accumulated knowledge, stable market positions, and long-term planning horizons.
This duality hints at a non-linear relationship between age and development, where
both ends of the spectrum can support strategic technological engagement under the
right conditions.

To conclude, the mapping of net-zero technologies developers broadly mirrors
the patterns observed among adopters. The spatial distribution follows a similar
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Table 14 Distribution of firms developing net-zero technologies according to firm’s age

Panel A Panel B Panel C

Age %NZIA devel-  %No-NZIA % NZIA over %NZIA devel-  %No-NZIA
opers over tot. developers over  tot. NZIA opers within developers within
developers tot. developers  developers region region

New 0.093% 0.186% 10.192% 47.333% 52.667%

Young 4.178% 4.364% 8.621% 48.913% 51.087%

Mature 9.192% 10.121% 18.965% 47.596% 52.404%

Incumbent 35.005% 36.862% 62.222% 48.708% 51.292%

Total 48.468% 51.532% 100.000%

The table reports the distribution of NZIA and non-NZIA developers by firm age category. Panel A
shows the share of NZIA and non-NZIA developers over the total sample of developers. Panel B indi-
cates the proportion of NZIA developers within each age category relative to all NZIA-labelled develop-
ers. Panel C compares the weights of NZIA and non-NZIA developers within each age group. Values are
expressed in percentages. Source: authors’ elaboration

trajectory showing concentration in northern and economically advanced regions,
and a positive correlation with firm size and market concentration. Nevertheless,
developers are concentrated high-tech industries, where firms must have specialized
capabilities and domain-specific expertise. This complexity distinguishes developers
from adopters and suggests that the transition from adoption to development entails
not only strategic commitment but also deeper integration of technical knowledge
and innovation capacity.

5 Drivers of Adoption of Net-Zero Technologies

In this section, we investigate potential drivers that affect the likelihood of adopting
(developing) net-zero technologies. As no empirical evidence exists on the role of
these drivers in the NZIA framework, their effects are not assumed ex-ante, i.e., they
may enable or hinder the adoption of net-zero technologies (Dosi 1988; Roper et al.
2008). In Sect. 5.1 we introduce the empirical strategy, whereas in Sects. 5.2 and 5.3
we discuss the results for adopters and developers, respectively. Finally, in Sect. 5.4,
we explore the heterogeneity across SMEs and large companies.

5.1 Empirical Strategy

Our analysis focuses on a set of explanatory variables—referred to as drivers—that
may influence the adoption and development of net-zero technologies (Laursen and
Salter 2006; Cefis & Marsili 2006; Cainelli et al. 2015; Balland & Boschma 2020).
These drivers are clustered in four distinct groups: (1) Financial constraints, (2)
Profitability, (3) Organizational and relational features, and (4) Knowledge intensity.
Financial and profitability-related drivers affect the availability of resources and risk
tolerance, which are crucial for investing in technologies. Organizational and rela-
tional drivers influence internal decision-making and external collaborations, both
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of which can influence innovation processes. Knowledge and human capital driv-
ers determine the firm’s ability to understand and implement complex technologies,
making them essential for effective engagement with NZIA-related innovation.

Under financial drivers, we include capital structure indicators as enablers or con-
straints for risky investment (Hall and Lerner 2010; Hottenrott and Peters 2012).
Specifically, we measure the firm’s debt exposure, distinguishing between long-
term and short-term debt. We measure the firm’s indebtedness using leverage as the
ratio of total debt to total assets (LevRatio). We further compute the short-term debt
ratio (ShortDebt) and long-term debt ratio (LongDebt). In addition, we calculate the
equity ratio as the share of total equity over total assets (Equity).

Regarding the profitability drivers, we include return on assets (ROA) and return
on equity (ROE), which capture operational and financial performance, respectively.
We also include the natural logarithm of EBITDA as a proxy for operating profit
(LnEBITDA), and the firm’s liquidity ratio (Lig_Index). Finally, we define firm’s
revenue growth rate as the logarithm difference of revenues between year ¢ and ¢-/
(SalesGrowth). Profitability can be a signal of good performance and investment
potential (Savignac 2008).

As for organizational and relational drivers, we focus on two relevant features in
the Italian context: family ownership and affiliation to industrial districts. Family
ownership and local embeddedness are central for their influence on long-term ori-
entation, risk aversion, and path dependence (Anderson and Reeb 2003). For family
firms, we construct two dummy variables: FamilyD and FamilyG: FamilyD equals
one if the direct ultimate owner (DUO) is a family, and zero otherwise, whereas
FamilyG equals one if the global ultimate owner (GUO) is a family, and zero other-
wise. As for industrial districts, we create a dummy variable (District) equal to one
if the firm is in an industrial district, officially recognized by ISTAT, and zero other-
wise. Classification is based on a match between the firm’s provincial location and
the XV ISTAT Census of Population and Housing.

Finally, knowledge- and human capital-related drivers refer to the composition of
the firm’s managerial board. STEM qualifications and managerial characteristics are
indicators of absorptive capacity and innovation propensity (Grimpe and Hussinger
2013; Huergo 2006). Indeed, we consider the percentage of managers with a STEM
degree (%STEM), the average tenure of board members (Duration), the average ten-
ure of STEM-educated managers (DurationSTEM), and the average age of managers
(Age_manager). Data have been drawn from the AIDA dataset.

We estimate the following probit model to test the association of these drivers
with NZIA outcomes:

NZIA;; = a, + ay+ f * Driver;, | +y * Controls;, | +¢;

where i = 1... 105,159 corresponds to the number of firms and t = 2024. The
dependent variable is the dummy NZIA. The main coefficient of interest is § that
measures the effect of each driver, included individually in the specification, on the
likelihood of adopting net-zero technologies. Vector Controls include the set of vari-
ables we used in the mapping: LnEmploy, Age, Age®, HHI, and LnGDP. Firm age is
modelled in quadratic form — consistent with both the evidence emerging from the
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univariate descriptive analysis and the firm-level literature — to account for a non-
linear relationship between firm age and innovation or technology adoption (Evans
1987; Coad et al. 2018; Lopez-Delgado et al. 2024).!° To avoid simultaneity bias,
the controls are one-year lagged. We saturate our model including sectors (e,) and
regions (a,) fixed effects. According to the mapping evidence, we expect firms oper-
ating in specific sectors, such as advanced manufacturing or professional, scientific,
and technical activities or energy, to be more likely to adopt NZIA-related technolo-
gies due to greater environmental exposure. Similarly, firms located in regions with
stronger environmental regulations or incentive policies may face higher pressure, or
find more support, to adopt these technologies.!! ¢; is the error term. Standard errors
are clustered at firm level.

5.2 Drivers of Net-Zero Technologies Adoption

We first test our baseline specification looking at the effect of Controls on net-zero
technologies adoption (Column 1 of Table 15): the signs of their coefficients (y) are
coherent with the evidence stemming from the mapping of firms adopting net-zero
technologies (see Sect. 4.1).!> Moreover, the coefficients’ signs remain consistent
across different model specifications and estimators, confirming the stability of our
model specification (see Appendix E).

Focusing on financial drivers (columns 2-5), the increase in debt exposure (Lev-
Ratio) significantly decreases the likelihood of adopting net-zero technologies.
Specifically, both short-term (ShortDebt) and long-term (LongDebt) debt have a
negative effect, but the short-term debt tends to reduce the likelihood of adopting
net-zero technologies more than the long-term debt does. Conversely, an increase
in equity (Equity) fosters innovation activities related to net-zero technologies. The
results show that higher debt exposure amplifies firms’ financial constraints, particu-
larly when funding innovative-related projects. These constraints—combined with
the higher cost of debt—reduce the likelihood that firms will be able to finance risky
investments, such as those required for technological innovation. By contrast, firms
with higher internal resources, i.e., equity, tend to adopt these technologies more
easily.

The different behaviour of firms in financing innovation is further supported by
the coefficients in columns 6-10. Although ROA, SalesGrowth and Lig_Index are
not statistically significant, higher profitability—proxied by ROE and LnEBITDA-is
positively associated with the likelihood of adopting net-zero technologies. Greater
profitability enhances internal cash flows that can be reinvested in innovation.

10" To improve interpretability, we rescale firm age in decades (age/10).

"' While the inclusion of sector and region fixed effects necessarily absorbs part of the cross-sectoral
and spatial variation in net-zero adoption, their use is motivated by the sectoral and geographical con-
centration documented in the descriptive analysis. Controlling for these dimensions allows us to identify
firm-level correlates net of heterogeneity, while ensuring that estimated associations are not driven by
compositional effects across industries or regions.

12 The estimated coefficients do not change the signs and significance, and the magnitudes remain close
to those presented in Table 15 even when the pre-clean procedure sample is not used.
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Moving to the organizational drivers (Table 16), operating in an industrial dis-
trict (District) does not significantly influence the likelihood of adoption (Column
1). While this result may appear at odds with the traditional view of Italian indus-
trial districts as engines of open and diffuse innovation (Giunta and Rossi 2017), it
is consistent with the idea that district-based innovation has historically been rooted
in sector-specific, incremental, and path-dependent technological trajectories. In
this context, districts may remain highly innovative within traditional production
domains, while being less directly involved in the development or early adoption of
net-zero technologies, which often require cross-sectoral knowledge, new scientific
competences, and substantial coordination across actors.'® In contrast, being a fam-
ily-owned firm, FamilyD and FamilyG, negatively affects the probability of adopt-
ing net-zero technologies (Columns 2-3). This result reflects the more conservative
management approach and long-term orientation of family-owned firms compared
with non-family firms, which often prioritize stability and intergenerational conti-
nuity over the adoption of innovative technologies such as those promoted by the
NZIA framework.

Finally, longer managerial tenures (Duration) are associated with a lower prob-
ability of adoption (Column 4): managers with extended tenure are more reluctant
to embrace changes, preferring to avoid disruptive and high-risk investments. In
contrast, shorter tenures are often linked to a greater openness to strategic transfor-
mation, as newly appointed managers may be more inclined to introduce changes
and demonstrate value in the short run. Moreover, a higher share of managers with
STEM degrees (%STEM) and long-tenure managers with STEM backgrounds
(DurationSTEM) are positively associated with the adoption of net-zero technolo-
gies (Columns 5-6). These findings suggest that a stronger base of technical knowl-
edge boosts managerial awareness and responsiveness to structural change, acting
as a key enabler for the uptake of innovative technologies. Lastly, managerial age
(Age_manager) does not show a statistically significant effect.

5.3 Drivers of Net-Zero Technologies Development

To investigate the drivers of net-zero technologies development, we re-estimate
Eq. 1 by replacing the dependent variable NZ/A with D_IPC_NZIA. Furthermore, as

13 The lack of statistical significance suggests that districts are not systematically disadvantaged in abso-
lute terms, but rather that they do not represent the primary organizational locus of innovation for NZIA-
related technologies. In other words, the competitive and innovative advantages of industrial districts
may operate through channels that are only weakly connected to the technological and organizational
requirements of the net-zero transition. This interpretation is consistent with a view of districts as innova-
tion-intensive structures whose strengths are concentrated in established technological paradigms, rather
than in radical and transversal green technologies. This pattern may also reflect the fact that net-zero
technologies often involve higher coordination requirements, longer investment horizons, and comple-
mentarities across firms and institutions, which are not always easily accommodated within fragmented
district structures. While these coordination issues are not always directly testable, they are consistent
with the idea that district-based innovation may be less effective in supporting radical and cross-cutting
technological transitions. Importantly, this does not imply that industrial districts are inherently less inno-
vative, but rather that their traditional sources of competitive advantage may be less closely aligned with
the specific technological and organizational demands of NZIA-related innovations.
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done in Sect. 4.2, we limit the sample to companies that, among adopters, are also
technology developers.

Within this restricted sample, the dependent variable D_IPC_NZIA allows us to
isolate firms that go one step further, namely those that adopt and develop technolo-
gies that are specifically aligned with the NZIA framework. In other words, we aim
to identify factors that drive firms, already equipped with innovation capacity and
exposed to net-zero technologies, to become actual developers of them.

The column 1 of Table 17 reports the coefficients of the control variables: their
signs are consistent with the evidence from the mapping discussed in Sect. 4.2. The
short-term debt significantly reduces the probability of developing net-zero tech-
nologies, whereas the long-term debt and equity increase it. These results suggest
that lower short-term financial distress and stronger capital buffers are critical for
funding the up-front R&D and capital-intensive activities required for technological
development. On the other hand, the presence of long-term debt may facilitate the
undertaking of substantial investments in net-zero technologies, by allowing firms to
operate under extended repayment horizons. This financial structure can ease liquid-
ity constraints and align investment timelines with the long-term nature of techno-
logical development.

Profitability appears to have a differentiated effect on the likelihood of develop-
ing net-zero technologies. While ROA and SalesGrowth negatively affect develop-
ment propensity, the coefficient of LnEBITDA is positive and statistically signifi-
cant. In fact, developers may not prioritize short-term profitability in terms of asset
efficiency but rather rely on operational cash flow as a more relevant indicator of
their capacity to engage in strategic investments. In this context, firms may toler-
ate lower accounting returns (as captured by ROA) while leveraging stronger inter-
nal cash generation (as proxied by EBITDA) to support long-term technological
commitments.

Organizational and human-capital drivers suggest that certain structural configu-
rations may hinder the likelihood of engaging in net-zero technology development.
Specifically, firms located within industrial districts show a statistically signifi-
cant negative association with NZIA-labelled development (Column 1, Table 18).
District-based firms often operate within tightly knit networks and established
organizational routines, which, while beneficial for incremental innovation and effi-
ciency, may limit the flexibility and autonomy required for investing in disruptive
or capital-intensive technologies. Moreover, while districts foster innovation in tra-
ditional domains, they can be less directly involved in the development of net-zero
technologies.

Similarly, family-owned firms are negatively associated with net-zero develop-
ment (Columns 2-3). This could be attributed to more conservative strategic orien-
tations, lower risk tolerance, and a preference for preserving financial stability over
long-term technological bets. In both cases, the organizational context may constrain
the firm’s capacity or willingness to undertake the additional technological and
managerial complexity required for developing strategic net-zero technologies.

Finally, only %STEM and DurationSTEM are statistically significant (Columns
5-6). The positive effect of %STEM highlights the centrality of technical expertise
within the workforce, suggesting that a higher share of employees with scientific and

@ Springer



M. Cucculelli et al.

AoAn22dsal ‘S[OAJ] %0 PUB ‘%G ‘%] U3 I8 OUBIYIUSIS QJOUIP 4 PUR 4y ‘s "O[qRI YD
JO wopoq Ay} 18 paiodar e (/]A) SI0IOB) UOHEYUL SOUBLIEA UBSW PUE SOUSHE)S .3 OPNasd ISNGOI I (SJ9)0rIq UL) SIOLIS PIEPUBIS “JNOYSNOIY) PIPN[OUL SIE SIOAYS Poxy
[EUOISAI pue 10)99S “(d(OUT) [9AJ] [eUOISI AU} Je J(D PUR ‘(JHH) UONEIUDUOD JoNIeW ‘(,25Y 25Y/) orenbs i1 pue o3e wiiy ‘(dojduigury) 9z1S WY J0J [0UOD SUOISSITaI
v “(xapuy—bry) xapur Aypibi pue ‘(Y@ r/ggu7) VALIGd Jo wye3o] ‘(yimoinsapps) ymoI3 sofes ‘(F0y) Anbo uo uinjar ‘(Yoy) siesse uo uinjar ‘(A1nbz) Aynbo
‘(1ga@8u07) 1qap WI-3Uo[ ‘(Jg27I10YS) 1qIP ULID)-LIOYS ‘(01DY427T) O1jel BRI SISALIP paje[al-aduruLIofd pue [erouBUY JUISYIP 9pn[oul (1) 03 (Z) SUWN[OD) "dSIMID
-[10 () pue ‘sa130[0uydd) PAR[AI-Y[ZN sdo[orap Wiy e J1 | 0] [enbo Awrwunp e s1 9[qeLIeA Juopuadap 9y 2IoyMm SUOISSAIZI JIqOIJ WOIJ $109)J0 [eurdrew oY) syrodar o[qe) ayJ,

L8T eLT 60'C L8'T eLT eL'T 88'T 88'T 88'1 9L'T  AIA UedN
090°0 %900 SLO0 9900 890°0 900 990°0 #90°0 7900 900 ¥ opnesd
SOX SoX SoX SoX SoX SO SO SO SoX SoX HA ﬁmcoﬁwom
SOA SOA SOA SOA SN SO SO SO SO SO HH 10193§
S 701 00T 0€6 901 1L0T 9901 €901 €901 €901 1201 sq0
(1610°0) (0610°0) (1020°0) (6810°0) (L810°0) (6810°0) (8810°0) (0610°0) (6810°0) (8810°0)
01€0°0 +7S€0°0 #xL6€0°0 xLSE0'0 x+78€0°0 xLVE00 x0S€0°0 xLSE0'0 *8€€0°0 %L9€0°0 dasui
(S660°0) (1001°0) (€91T°0) (5960°0) (1L60°0) (€960°0) (1£60°0) (L960°0) (¥960°0) (5960°0)
#xx0817°0 #x3x07LE°0 #x%€9LE°0 #1:S00%7°0 #x::C80E°0 #x:6£6€°0 xS L8E0 #xxSE8E0 54 C00E°0 3660170 IHH
(1200°0) (1200°0) (9200°0) (1200°0) (0200°0) (1200°0) (2200°0) (T200°0) (T200°0) (1200°0)
#€00°0 4 7700°0 #£6500°0 x0700°0 xx0700°0 xxS700°0 %6£00°0 xx€700°0 #xx7700°0 #xS700°0 25V
(1120°0) (1120°0) (9t20°0) (120°0) (9020°0) (€120°0) (S120°0) (S120°0) (S120°0) (T120°0)
0V€00—  #x6S700—  #xLFSO'0— %6S€0°0— x16€0°0—  #xSEP0'0— 75€00— #C1H0°0— #«LTP00—  sxlEV00— 28y
(¥600°0) (€600°0) (8L10°0) (1600°0) (6800°0) (0600°0) (1600°0) (1600°0) (1600°0) (0600°0)
$x%8L50°0 #%%£090°0 #%x£L£0°0 w4k CLS0°0 #xx9L50°0 wxkLLSO0 #xx8550°0 % 185070 #xx0L50°0 #xx7LS0°0 Kopdwzuy
(ST10°0) (S0£0°0) 0¥10°0) (L000°0) (1100°0) (8990°0) (s901°0) (IsLo'o) (LL90°0)
L1000 x0VS0'0— %x9L70°0 01000~ %x9700°0— SSHO'0 #x+88LT0 *CIET0— 75000~ A2414(]
xopur bry - yimounsaps  VALIGAUT 404 VoI &unbg 1g2q8uoT  1gaqHOYS onvyar] =241
VIZN VIZN VIZN VIZN VIZN VIZN VIZN VIZN VIZN
VIZN 0dI d odl-a odl-a odl-a odl-d odl-a odl-a odl-a odl-d odl-d
(on (6) (8) Ww 9) (<) (2] (€) @ (1) e1qerep doq

so130[0UY09) 019Z-3ou Surdo[oAdp SWLIY JO SISALIP PAje[aI-Aiqeiyold pue SISALI [eroueur /| d|qel

pringer

AQs



Mapping Net-Zero Technologies Through Web Scraping: Evidence...

KToATIO0dSaI “S[OAS] %(T PUB ‘%G ‘%] ) 18 QOUBIYTUSIS JOUIP 4 PUE ‘4 sy "[qEI AY) JO W0)J0Q Y} I payiodor are
(AIA) $1010BJ UONEPUI SOUELIEA UBIW PUE SOUSHEIS [yf OPNAsd ISNGOI e (SJ9Y0rIq UI) SIOLIS PIEPUE]S "SUONEIYIOAS [[e Ul Papn[oul AJE S1O9JQ PIXY [BUOISAI PUk 10J09S
(daou7) dqD [eUOISaI puE “(JHH) UOTIENUOUOD JoYIEW “(,28Y 28Y) axenbs I pue oFe Wiy ‘(Kojduizuy) 9ZIs WY I0J S[OIUOD IPNIUT SUOISSAISII [V “(42Spunus asy)
1o3euew Ay} Jo e pue ‘(NHLSuonein) sakoidwa WHLS Jo uonemnp ‘(WH.LS%) sodkojdwa Suowe sajenpess NHLS JO areys ‘(uounin(y) 20nud) 29Lojdws jo uoneinp
“(@Apnun,y) drysioumo Arurey 3oa1rp ‘(94jnun,.y) dnois Aiwey e Aq dIysioumo ‘(20L4s1(7) 19LISIP [RLIISNPUL UR UI 90U9SAId 1IOALIP JUSIQJJIP B SOPNOUT UWN[OD YOBH "ASIMISYI0
0 pue ‘sar3o[ouyd9) pare[aI-yZN Sdo[easp wiay e J1 T 0) [enba Awwnp e ST 9[qeLieA juopuadop oY) 210yMm SUOISSAISAI JIqOId WOoIJ S1oafe [eurSrew oy sjrodor o[qe) oy,

6C'C SL'T L1 SL'T L1 YL'1 6L°1 AIA U\

2600 1L0°0 6900 $90°0 L90°0 L90°0 8900 <d opnesd

SOx SOx SOX S9x SO SOx SO g Teuordoy

SOX SO SOX SOX SO SOX SO g 101098

Y4 1,01 1L01 1,01 1L01 1L01 1L01 $q0
(L6€0°0) (L810°0) (£810°0) (8810°0) (L810°0) (L810°0) (¥020°0)

LS00°0 %61€0°0 %*L€€0°0 #%CLEO0 %9¢0°0 %*£9¢€0°0 €810°0 daou]
(ZTOST0) (€L60°0) (6960°0) (€960°0) (€960°0) (2960°0) (L960°0)

#x8C1€0 #%xx978€°0 #5x976€°0 #%x0017°0 #xxSGT°0 #xxS91Y°0 #%xxLS0Y°0 IHH
(#900°0) (1200°0) (1200°0) (1200°0) (1200°0) (1200°0) (1200°0)

0900°0- #7000 #x£700°0 #x7700°0 #x£700°0 #x£700°0 #x£700°0 23V
(8950°0) (T120°0) (1120°0) (T120°0) 01200 (0120°0) (1120°0)

L8000 *88€0°0— *£0V0°0— #xLTP0'0— =x0CP0'0— #8700~ #x0CP0'0— 28y
(P1€0°0) (9600°0) (€600°0) (8600°0) (1600°0) (2600°0) (6800°0)

€00 #xxV6V0°0 #5xCCS0°0 #%x0650°0 #5xxEVS0°0 #%x0€60°0 #5x1L50°0 Kopdwiuy
(€v00°0) (rL8T'0) (TL110) (L£00°0) (61€0°0) (STe0'0) (9L€0°0)

6100°0 x9VL9°0 #%x950€°0 2000~ *£850°0— *0190°0— xxCV80°0— daa1q

A23punui— a8y WA LSUouvIng WALSY% uonpIng O,y afpun,y 1014181 =u42414(
VIZN OdI d VIZN OdI a VIZN OdI d VIZN OdI d VIZN OdI d VIZN OdI d VIZN OdI d

0 9) (©) ) (€) @ (1 s[quLrep doq

so130[0uTo?) 019z-1ou Furdo[eAap SULIY JO SIALIP [elded uewny pue 93pa[MOUY ‘SISALIP [RUOTIR[AI pUE [eUONRZIUBSI) gL d|qeL

pringer

As



M. Cucculelli et al.

engineering backgrounds enhances a firm’s capacity to engage in complex techno-
logical development. Likewise, the positive coefficient for DurationSTEM indicates
that longer tenures of STEM-trained managers contribute positively to development
outcomes. This underscores the importance of accumulated experience and domain-
specific knowledge in overseeing innovation-driven processes, where strategic deci-
sions and technical oversight must be integrated.

5.4 Large Companies vs. SMEs

Within the Italian context, distinguishing between large enterprises and SMEs is
essential to better understand how the drivers influencing adoption operate differ-
ently across firm size categories. Firms with different sizes may have distinct devel-
opmental trajectories, strategic objectives, and technological capabilities. We iden-
tify SMEs following the standard European Commission’s definition, while large
companies are defined as all firms not classified as SMEs.'* See Tables 19 and 20
for SMEs (Panel A) and large companies (Panel B).

First, we focus on controls across SMEs and large companies. The coefficients of
LnEmploy and LnGDP are both positive and statistically significant. Further, firm
age confirms a U-shaped relationship in both cases. By contrast, while HHI does
not significantly affect the likelihood of adopting net-zero technologies in SME:s, its
coefficient is positive and significant in large companies. The latter are more likely
to innovate when operating in less competitive markets.

When disaggregating the analysis, some differences emerge in the financial and
organizational drivers. The most notable distinction concerns the role of debt matu-
rity. For SMEs, long-term debt is negatively and significantly associated with the
likelihood of adopting net-zero technologies, suggesting that financial rigidity or
limited access to long-term financing may constrain their capacity to adopt these
technologies. In contrast, for large firms, short-term debt shows a significant nega-
tive effect, reflecting heightened rollover risk and liquidity pressures that discourage
long-horizon technological commitments.

Further differences are observed in profitability. While ROE does not appear to
influence adoption among SMEs, it has a negative and significant effect for large
firms, indicating that higher equity returns may be associated with more conserva-
tive investment strategies in this group.

Organizational characteristics also show divergent patterns (Table 20). Dis-
trict membership does not exhibit a significant effect on the likelihood of adoption
among large enterprises, potentially because these firms benefit from broader rela-
tional networks. In contrast, SMEs display a negative and statistically significant
coefficient for district affiliation. This evidence is particularly relevant as it indicates
that industrial districts act as a constraint on the adoption of net-zero technologies.
Industrial district membership is negatively associated with adoption only among
SMEs, possibly reflecting structural rigidities or path dependencies within localized
networks. Conversely, DurationSTEM is significant only for large firms, suggesting

14 We label firms as SMEs if the number of employees is lower than 250 and the value of total assets is
lower than €43 million.

@ Springer
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that the accumulation of technical leadership experience plays a more decisive role
in complex adoption environments typical of larger organizational structures.

Tables 21 and 22 report additional results for large firms vs. SMEs developing
NZIA-related technologies. While SMEs represent the majority of firms in the over-
all sample, developers are concentrated among large companies. This size asymme-
try already suggests that engaging in the development of net-zero technologies—
rather than their mere adoption—requires organizational and financial capacities
that are more frequently observed among larger firms.

Indeed, the estimated patterns largely mirror those observed in the full sample of
developers, but the disaggregation by firm size reveals important nuances. In par-
ticular, financial and profitability drivers play a limited role for SMEs, whereas they
are central for large firms. Among SMEs, none of the financial variables, includ-
ing leverage, debt maturity, equity, or profitability indicators, significantly affects
the probability of developing net-zero technologies. This suggests that, for smaller
firms, financial constraints or performance do not systematically translate into devel-
opment engagement, possibly reflecting structural barriers that go beyond balance-
sheet conditions.

By contrast, for large companies, several financial and performance-related vari-
ables emerge as significant. LongDebt and LnEBITDA are positively associated with
the likelihood of developing net-zero technologies, indicating that access to stable
financing and higher operating margins support long-horizon, innovation-intensive
investments. At the same time, return on assets (ROA) displays a negative and signif-
icant effect, pointing to a trade-off between short-term asset efficiency and engage-
ment in complex technological development. Altogether, these results reinforce
the idea that net-zero development requires financial slack and long-term planning
capacities that are primarily available to large firms, while SMEs appear largely
excluded from this margin.

A similar size-dependent pattern emerges when considering organizational,
relational, and human capital drivers (Table 22). For large firms, both %STEM and
DurationSTEM exert a positive and significant effect on the probability of being net-
zero developers. This finding is fully consistent with the results observed for adop-
ters and with the aggregate developer sample, but it is clearly driven by large firms.
Economies of scale, economies of scope, and internal labour markets allow these
firms to accumulate and retain specialized skills, which in turn increase their ability
to develop net-zero technologies. For SMEs, by contrast, human capital variables do
not display statistically significant effects.

One result that clearly differentiates SMEs from large firms concerns industrial
district membership. For SMEs, belonging to an industrial district is negatively and
significantly associated with the probability of developing NZIA-related technolo-
gies. This finding strengthens the interpretation already discussed above and indi-
cates that industrial districts do not represent the primary organizational locus of
innovation for net-zero technology development. This pattern further suggests a
misalignment between the organizational and coordination requirements of NZIA-
related technological development and the traditional innovation mechanisms char-
acterizing industrial districts.
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6 Research and Policy Implications
6.1 Discussion

Based on these findings, this paper contributes to the growing literature that exploits
corporate websites to study firms’ engagement with innovation and emerging tech-
nologies. A central insight of this strand of research is that web-based data provide
timely and granular information on technological engagement that often remains
invisible to conventional indicators such as financial data, patents, or surveys. Con-
sistent with this literature (e.g., Kinne et al. 2024; Kinne and Lenz 2021; Ashouri
et al. 2022), our large-scale mapping of NZIA-related technologies shows that web-
scraped signals are particularly effective in capturing technology adoption, revealing
a broad layer of firms interacting with net-zero technologies that would otherwise
remain unobserved. This evidence aligns with the notion of “local digital footprints”
proposed by Nathan and Rosso (2015) and further developed by Stich et al. (2022).

At the same time, our results highlight an important limitation of relying on web-
based indicators alone. While corporate websites are well suited to identifying adop-
tion and outward-facing technological engagement, they provide limited information
on firms’ involvement in the development of new technologies. A key contribution
of this study is therefore the explicit distinction between adopters and developers, a
taxonomy that remains largely underdeveloped in the existing literature. Although
previous contributions have proposed alternative firm classifications (e.g., manufac-
turers versus service providers in Schwierzy et al. (2022), or product versus pro-
cess digitalization in Ashouri et al. (2022)), web-based signals are often treated as
an exhaustive proxy for innovation activity. By integrating patent data, we show
that while the web “unhides” a vast population of adopters, patent-based indicators
remain essential to identify firms engaged in the development of proprietary techno-
logical knowledge (Tseng et al. 2007).

This distinction proves to be economically meaningful. Firm-level patterns
among adopters broadly align with earlier findings in the web-based innovation lit-
erature, notably the positive association with firm size and the non-linear relation-
ship with firm age. However, once the focus shifts to developers, these turn out to be
firms that tend to be more established, better capitalized, and endowed with stronger
internal capabilities. This result underscores that adoption and development respond
to different constraints and incentives and should not be mixed, either empirically or
conceptually.

Our geographical and sectoral evidence further reinforces this interpretation. The
strong concentration of NZIA-related development activities in Northern Italian
regions mirrors patterns documented in the literature on green and digital innovation
systems, where innovation tends to cluster in areas characterized by dense industrial
ecosystems and accumulated technological capabilities. For instance, Kriesch et al.
(2025) show that German green-digital firms tend to co-locate in specific regional
clusters. Similarly, the prominence of the Italian North-East reflects the role of his-
torical industrial specialization and pre-existing manufacturing capabilities, in line
with studies on spatially embedded innovation processes. This finding aligns with
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the literature on innovation clusters and spatially embedded innovation processes
(Singh et al. 2023; Schwierzy et al. 2022), which highlights the importance of prox-
imity to technical universities, lead users, and specialised supply chains. However,
our findings also indicate that the mere presence of industrial districts is not suffi-
cient to foster net-zero technology development, particularly for SMEs. These chal-
lenges simplified cluster-based views of innovation and suggest that firm-specific
internal resources—rather than local spillovers alone—are decisive for engagement
in high-risk, capital-intensive net-zero technologies.

From a sectoral perspective, manufacturing firms play a central role in techno-
logical development, while service firms are more prevalent among adopters. This
asymmetry is consistent with evidence showing that manufacturing firms tend to
signal technical competences through their websites, whereas service firms more
often communicate adoption of advanced technologies (Bottai et al. 2024). Overall,
these results confirm that web-based indicators capture meaningful heterogeneity in
firms’ modes of engagement, but also that such heterogeneity must be interpreted
carefully when inferring innovative roles.

The firm-level patterns identified among NZIA adopters are largely consistent
with earlier web-based studies. In line with Mazzoni et al. (2024) and Thonipara
et al. (2023), we find a strong positive association between adoption and firm size,
reflecting greater digital visibility and communication capacity among larger firms.
Moreover, the relationship between adoption and firm age displays a non-linear
(U-shaped) pattern, suggesting that both young and incumbent firms engage with
emerging technologies through distinct channels. Younger firms benefit from agil-
ity and strategic positioning in dynamic markets, while older firms rely on accu-
mulated resources and established market positions. These findings are consistent
with studies using website-based indicators to detect engagement with advanced
technologies. However, this pattern does not extend to technological development.
Focusing on developers reveals a markedly different firm profile: they are generally
more established and capital-intensive, indicating that the development of net-zero
technologies is concentrated among firms with the financial capacity to sustain long
and risky R&D activities, while younger firms tend to be adopters.

Financial conditions play a central role in shaping this divide. Our findings
show that leverage and economic performance exert a decisive, albeit contrasting,
effect on adoption and development, highlighting capital constraints as a primary
bottleneck for investments related to the green transition. This result challenges
approaches that treat web signals as a comprehensive indicator of innovation (e.g.
Ashouri et al. 2024), as it demonstrates that a visible “green” digital presence must
be supported by solid financial fundamentals to translate into genuine technological
advancement.

A further contribution of our study concerns the role of industrial districts and
regional specialization. While the literature often emphasizes the innovation-
enhancing role of clusters through shared infrastructures and knowledge spillovers
(Singh et al. 2023; Kriesch et al. 2025), our evidence finds that district affiliation
does not significantly increase the likelihood of being a developer, particularly for
SME:s. This complements traditional cluster-based narratives (e.g. Kinne et al. 2024;
Wildnerova et al. 2024; Schwierzy et al. 2022) and suggests that, in the context of
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high-tech NZIA development, geographical proximity alone is insufficient. Instead,
development appears to be driven primarily by firm-specific internal capabilities
rather than by potential localized spillovers.

Human capital represents a key component of these internal capabilities. While
a basic level of digitalization may be sufficient to support adoption (Mazzoni et al.
2024), the availability of high-skilled human capital—especially STEM competen-
cies—emerges as a critical determinant of technological development. This finding
extends the insights of Bottai et al. (2024), indicating that innovativeness is not only
signalled by the firm’s digital presence, but depends on the quality of its internal
knowledge base and its ability to transform information into patentable innovation.

These results are particularly relevant for SMEs. While some studies suggest that
the innovative activity of manufacturing SMEs can be effectively captured through
digital traces (Bottai et al. 2024 among others), Thonipara et al. (2023) point to a
persistent “digital divide” driven by resource constraints. Our evidence reconciles
these views by showing that SMEs may appear as adopters of net-zero technologies
in web-based data yet remain structurally constrained in moving towards develop-
ment due to limited access to finance and shortages of specialized skills.

Taken together, our findings support and extend the web-based innovation liter-
ature by confirming both its strengths and its limitations. Website data provide a
timely and scalable tool to map technology adoption and to identify spatial and sec-
toral patterns of engagement with emerging technologies. Nevertheless, they remain
an imperfect proxy for technological development, reinforcing the need for multi-
source approaches that combine unstructured web information with structured indi-
cators such as patents. We show that this combination yields a more nuanced and
accurate picture of firms’ engagement with net-zero technologies. Further, we dem-
onstrate that distinguishing between adoption and development is crucial for under-
standing green innovation systems and for designing effective industrial policies, as
policies aimed at accelerating adoption cannot be expected to automatically foster
domestic technological development.

6.2 Policy Implications

Our insights have direct and policy-relevant implications for both research and pol-
icy. From a research perspective, we highlight four main contributions. First, we
demonstrate how the integration of unconventional web-based indicators with struc-
tured firm-level data is particularly valuable in emerging technological domains,
where traditional indicators often fail or are delayed. Second, our contribution
highlights that the web scraping methodology provides a valuable tool for mapping
firms adopting net-zero technologies, but it falls short when it comes to identifying
developers. The use of patent data is necessary to better identify developers of net-
zero technologies. Third, we discover the existence of geographical, sectoral, and
organizational patterns: this confirms the relevance of place-based and path-depend-
ency perspectives in regional and innovation studies and highlights the role of local
ecosystems, sectoral specialization, and firm structures in enabling the net-zero
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transition. Fourth, our evidence outlines how the same factors act differently when
firms engage in adoption of net-zero technologies rather than development.

From a policy view, a central message emerging from our analysis is that engage-
ment with net-zero technologies is highly heterogeneous, and that policies aimed at
accelerating the net-zero transition should explicitly distinguish between technology
adoption and technological development. First, policies supporting the adoption of
net-zero technologies should move beyond uniform and technology-neutral meas-
ures. Firms participate in the net-zero transition through different roles, face distinct
constraints, and respond to different incentives. Treating adopters and developers
as a homogeneous group risks generating ineffective or misdirected interventions.
Instead, an effective policy mix requires differentiated and coordinated instruments
tailored to firms’ technological roles, financial structures, and local production
environments.

Second, the financial dimension emerges as a key axis for policy differentiation.
Developers rely more heavily on long-term and equity-based financing, reflecting
the capital intensity, risk exposure, and long investment horizons associated with
the creation of new net-zero technologies. By contrast, adopters tend to face tighter
financial constraints and depend more strongly on standard debt instruments. This
heterogeneity implies that financial policies should be explicitly role-specific.
Patient capital, equity-like instruments, and blended public—private financing
schemes are better suited to support developers, while loan guarantees, subsidized
long-term credit, and adoption-linked tax incentives are more appropriate for facili-
tating technology uptake among adopters, particularly SMEs.

These insights are especially relevant in light of recent developments in the Euro-
pean monetary, supervisory, and banking framework, which increasingly emphasize
the role of sustainable finance in supporting the green transition. As climate-related
risks and sustainability considerations are progressively integrated into banking
regulation, financial institutions are becoming more inclined to provide long-term
financing for green investments—especially when supported by public guaran-
tees or aligned with EU standards. Our results suggest that this evolving financial
landscape can be effectively leveraged to support NZIA objectives, provided that
financial instruments are aligned with firms’ roles within the net-zero ecosystem.
While developers require long-term capital and risk-sharing mechanisms to address
technological uncertainty, adopters—particularly SMEs—benefit most from policies
that ease access to long-term bank credit and reduce adoption risk.

Third, financial constraints are closely intertwined with human capital bottle-
necks. Technological development is significantly more skill-intensive than adop-
tion, underscoring the central role of STEM-related competencies and advanced
managerial capabilities. This evidence speaks directly to the human capital pillar of
the Net-Zero Industry Act, including the establishment of Net-Zero Industry Acad-
emies and EU-wide reskilling and upskilling initiatives. Importantly, our results
suggest that investments in STEM education and managerial reskilling should be
viewed as targeted complements to financial support instruments. By alleviating
skill constraints, such initiatives enhance firms’ capacity to absorb public fund-
ing, scale up production, and translate financial support into effective technological
development and deployment.
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Fourth, our evidence on industrial districts highlights a more nuanced role for
place-based policies. While districts are often considered engines of innovation due
to localized spillovers and shared infrastructures, district membership alone does not
increase the likelihood of developing net-zero technologies, especially for SMEs.
This suggests the presence of technological lock-ins, whereby existing production
structures and competences are misaligned with the requirements of the net-zero
transition. In this context, place-based policies should not simply reinforce exist-
ing district configurations, but actively support their upgrading and transformation.
Investments in shared R&D, testing and certification facilities, collective training
programs, and the modernization of district-level infrastructure are crucial to pre-
vent district membership from becoming a constraint. Such interventions can help
turn districts into platforms for coordinated adoption of NZIA-compliant technolo-
gies, particularly benefiting SMEs.

Finally, while the Net-Zero Industry Act is primarily a supply-side industrial pol-
icy, it explicitly acknowledges the role of public demand in supporting the scale-up
and deployment of net-zero technologies. In this context, green public procurement
can act as a lead-market mechanism, reducing demand uncertainty and facilitating
the transition from development to large-scale adoption. Our results indicate that
this channel is particularly relevant given firms’ heterogeneous roles. For develop-
ers, procurement contracts can provide stable long-term demand, complementing
equity-based and long-horizon financing. For adopters—especially SMEs—public
procurement can lower adoption risks by setting technical standards and providing
predictable market signals. Moreover, procurement aligned with NZIA objectives
can function as a coordination device within production networks, encouraging large
firms to act as anchor buyers and technology integrators, thereby fostering adoption
along supply chains.

Overall, the policy implications of our findings point to the need for a differ-
entiated and coordinated policy mix. Accelerating the net-zero transition requires
policies that explicitly recognize the distinction between adoption and development,
align financial and human capital instruments accordingly, and combine place-based
and demand-side interventions to support the net-zero industrial ecosystems.

7 Conclusion

This paper provides a firm-level analysis of the adoption and development of net-
zero technologies in Italy within the policy framework of the Net-Zero Industry Act
(NZIA). By combining unstructured textual information from corporate websites
with structured patent and firm-level data, we propose a scalable and policy-relevant
approach to observe technological engagement in contexts where conventional inno-
vation indicators are insufficient.

From a methodological perspective, our results highlight a clear distinction
between adoption and development and contribute to the growing literature on the
use of digital traces in innovation studies by demonstrating both the potential and
the limits of web-based data. While web scraping proves highly effective in iden-
tifying firms that adopt net-zero technologies, only the integration of web-based
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information with patent data allows a precise and conceptually consistent identifica-
tion of net-zero developers. This integrated framework offers a novel and scalable
tool for mapping firms’ innovative roles in emerging technological domains.

Empirically, we show that adoption is relatively widespread but unevenly distrib-
uted across territories (e.g., Northern Italy), industry sectors (e.g., technologically
intensive industries, specialized manufacturing and energy), and firm characteristics
(e.g., larger ones), whereas development is concentrated among a narrower group of
firms characterized by stronger financial capacity, larger size, and higher levels of
human capital (e.g., high-skilled environments, managers with STEM backgrounds).

Importantly, SMEs show distinct patterns. While smaller firms are less likely to
engage in development compared with larger, resource-rich companies, they can be
highly agile adopters of net-zero technologies, particularly when supported by tar-
geted policies. This suggests that SME-oriented policies should focus on reducing
adoption barriers through subsidized credit, fiscal incentives, and knowledge-shar-
ing networks, while development-oriented support (such as equity-like financing and
specialized training programs) may be crucial to enable SMEs to move from adop-
tion toward technology development.

This paper highlights key policy implications. Failing to distinguish between
developers and adopters may lead to misdirected and less effective interventions.
Developers face distinct constraints, requiring targeted support such as long-term
and equity-like finance, advanced STEM skills (and initiatives like the Net-Zero
Industry Academies), and attention to territorial and sectoral contexts. By contrast,
adoption benefits more from subsidised credit, guarantees, fiscal incentives, and
demand-side measures. The findings support place-based and technology-specific
policies tailored to firms’ roles within the NZIA ecosystem.

This study represents a first empirical contribution to the study of the adop-
tion and development of net-zero technologies in Italy and opens several avenues
for future research. Extending the analysis to a cross-country setting would allow
comparative assessments of how different productive structures and policy environ-
ments shape adoption and development patterns. Further, exploiting the longitudinal
dimension of corporate websites could offer new insights into the dynamics of tech-
nological transition. Lastly, while our web scraping strategy is designed to capture
the presence of net-zero technology adoption rather than its intensity, future research
could exploit information on website size and structure to construct normalised,
intensity-based indicators, potentially in combination with patent data. Overall, this
paper offers a first tool for researchers and policymakers for monitoring and support-
ing the engagement of net-zero technologies in an increasingly dynamic industrial
landscape.

Appendix
Appendix A — NZIA - Net-Zero Industry Act

The Net-Zero Industry Act (NZIA)—formally adopted as Regulation (EU) 2024/1735
and in force since 29 June 2024—constitutes a part of the European Green Deal
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Industrial Plan.'> As a regulatory instrument, it reflects a paradigm shift in EU cli-
mate and industrial policy: from fostering early-stage innovation to promoting the
large-scale deployment of net-zero technologies. The NZIA seeks to bolster the
EU’s strategic autonomy in the clean tech sectors, enhance economic resilience,
and support the industrial dimension of the green transition. It mirrors global efforts
such as the United States’ Inflation Reduction Act (IRA), underlining the increas-
ingly geopolitical nature of clean technology leadership.'®

The NZIA was introduced alongside the Critical Raw Materials Act (CRMA)"
and the reform of the EU electricity market design,'® within a broader policy pack-
age aimed at strengthening the competitiveness and technological sovereignty of the
European cleantech industry. Its regulatory rationale is grounded in the rapid expan-
sion of the global market for net-zero technologies—which reached an estimated
value of $700 billion in 2023 and is projected to almost triple by 2035.'° Within this
context, the NZIA functions both as a policy signal and as an institutional frame-
work guiding public and private investment toward a more geographically balanced
industrial base for net-zero technologies across Europe.

A central feature of the NZIA is its explicit focus on industrial development,
which directly positions firms as the primary agents of technological upgrading.
The regulation identifies nineteen categories of net-zero technologies: solar photo-
voltaic and solar thermal technologies, onshore and offshore renewable technolo-
gies, battery/storage technologies, heat pumps and geothermal energy technologies,
hydrogen technologies (including electrolysers and fuel cells), sustainable biogas/
biomethane technologies, carbon capture and storage (CCS) technologies, grid tech-
nologies, nuclear fission energy technologies (including nuclear fuel cycle technolo-
gies), sustainable alternative fuels technologies, hydropower technologies, other
renewable energy technologies, energy system-related energy efficiency technolo-
gies (including heat grid technologies), renewable fuels of non-biological origin

15 Regulation (EU) 2024/1735 of the European Parliament and of the Council of 13 June 2024 on estab-
lishing a framework of measures for strengthening Europe’s net-zero technology manufacturing ecosys-
tem and amending Regulation (EU) 2018/1724. (see: https://eur-lex.europa.eu/legal-content/EN/TXT/?
uri=CELEX:32024R1735). For technical details about the European Green Deal Industrial Plan see the
Communication from the commission to the European parliament, the European council, the council, the
European economic and social committee and the committee of the regions (https://eur-lex.europa.eu/
legal-content/EN/TXT/?uri=CELEX:52023DC0062).

16 The Ner-Zero Industry Act (NZIA) and the U.S. Inflation Reduction Act (IRA) both aim to accelerate
the clean energy transition but differ in approach. The IRA provides substantial federal-level financial
incentives, such as tax credits and subsidies, to stimulate clean technology markets. In contrast, the NZIA
focuses on regulatory simplification, domestic production targets, and coordination of national funding,
without major new EU financial commitments. While the IRA offers greater financial certainty to inves-
tors, the NZIA addresses structural barriers like permitting and skills gaps. Both prioritize key net-zero
technologies but reflect distinct policy models: market-driven in the IRA and planning-oriented in the
NZIA.

17 For details about the CRMA see: https://www.europarl.europa.eu/thinktank/en/document/EPRS_
BRI(2024)766253

18 Reform of the electricity market design: https:/www.europarl.europa.eu/thinktank/en/document/
EPRS_BRI(2023)745694

19 For further details, see the World Energy Outlook 2023 provided by International Energy Agency
(https://www.iea.org/reports/world-energy-outlook-2023).
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technologies, biotech climate and energy solutions, other transformative indus-
trial technologies for decarbonization, CO2 transport and utilization technologies,
wind propulsion and electric propulsion technologies for transport, other nuclear
technologies.

Moreover, the regulation also establishes quantitative manufacturing benchmarks,
such as the target of producing 40% of deployment needs domestically by 2030.
These targets are not merely aspirational: they are supported by a suite of regulatory
instruments designed to “download” the policy ambition onto firms, requiring them
to adapt innovation processes, scale production capacity, and align with sustainabil-
ity and resilience criteria in procurement markets.

From a sectoral perspective, the official policy documentation does not identify
specific industrial sectors as eligible or ineligible for the programme, nor does it
impose access restrictions based on sectoral classification. Rather than targeting
predefined industries, the NZIA adopts a technology-based approach: while the
regulation formally covers nineteen categories of net-zero technologies, it is highly
restrictive in defining which technologies fall within the net-zero scope. Within this
framework, particular emphasis is placed on a subset of technologies that are both
commercially mature and critical for achieving the EU’s 2030 climate and energy
targets. These include, in particular, solar photovoltaic technologies, wind technolo-
gies (onshore and offshore), battery and storage technologies, heat pumps, electro-
lysers and fuel cells for hydrogen, grid technologies, and carbon capture and storage
(CCS). These sectors are explicitly identified as strategic due to their high contribu-
tion to decarbonization, their relevance for energy security, and the EU’s current or
growing dependence on extra-EU suppliers. As a result, these technology domains
constitute the core industrial targets of the NZIA and provide the main sectoral ref-
erence for our empirical analysis.

The NZIA also introduces complementary institutional mechanisms aimed at
addressing structural bottlenecks. Net-Zero Industry Academies are designed to sup-
port workforce development through standardized training and credentialing, with
Member States encouraged to mobilize resources from the European Social Fund
Plus (ESF+). At the same time, the regulation promotes the creation of Net-Zero
Acceleration Valleys—regionally concentrated industrial clusters in which permit-
ting, infrastructure provision, and investment support are streamlined. These valleys
are formally recognized as projects of public interest, reinforcing the spatial dimen-
sion of industrial transformation and the relevance of firm-level location data.

In addition, the NZIA regulation promotes regulatory sandboxes to support the
testing and development of innovative technologies that are not yet commercially
viable. These instruments are especially relevant for SMEs and start-ups, offer-
ing administrative assistance and regulatory flexibility and administrative support
in controlled environments, potentially with cross-border collaboration. The inclu-
sion of sandboxes underscores the NZIA’s intention not only to support established
firms but also to stimulate the emergence of new cleantech actors within the broader
industrial ecosystem.

Consistent with the official regulatory framework set out in Regulation (EU)
2024/1735 and the Commission’s explanatory memorandum, the NZIA is structured
around a limited number of interrelated policy pillars that jointly define its industrial
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strategy. These pillars provide the analytical backbone of the regulation and clar-
ify how regulatory simplification, market creation, and investment coordination are
expected to translate into firm-level behavioural responses. Making these pillars
explicit is essential for understanding both the scope of the policy intervention and
the empirical strategy adopted in this paper.

Operationally, the implementation of the NZIA rests on four pillars (Tagliapietra
et al. 2023), each of which has direct implications for firm behaviour and territorial
dynamics:

1. Strategic Technology Prioritization, whereby a subset of technologies is desig-
nated as “strategic” based on their relevance for decarbonization, competitive-
ness, and supply security. This designation shapes the allocation of support and
regulatory focus.

2. Manufacturing Benchmarks and Investment Signalling: by setting measurable
targets, including CCS storage capacity, the regulation provides coordination
tools for Member States and private investors.

3. Project-Based Governance and Spatial Targeting: Member States are required to
identify Net-Zero Strategic Projects (NZSPs), which must involve near-market
technologies and are expected to contribute both to EU climate goals and eco-
nomic security. These projects are inherently territorial—as the policy explicitly
seeks to create geographically anchored industrial clusters—and often embedded
in existing or emerging industrial ecosystems.

4. Support Instruments and Incentive Alignment: the NZIA mandates administrative
simplification (e.g., permitting acceleration, one-stop-shop procedures), incorpo-
rates sustainability criteria into public procurement (with preferential treatment
for domestic suppliers), and promotes blended finance through existing instru-
ments such as the EU Innovation Fund.?° However, the regulation does not create
new EU funding lines, relying instead on national support schemes within the
updated Temporary Crisis and Transition Framework (TCTF).?!

Public procurement plays a central role within this fourth pillar. The NZIA man-
dates the integration of sustainability and resilience criteria into public procure-
ment procedures and renewable energy auctions, allowing such criteria to account
for a substantial share of award scores. Procurement rules are explicitly designed to

20 Specifically, this pillar focuses on three key areas: a) Permitting Acceleration — Simplified procedures
with time limits and one-stop-shop authorities to speed up approvals; b) Market Access and Procurement
— Public procurement must consider sustainability and resilience, with up to 30% weighting; bids relying
heavily (> 65%) on non-EU technologies may be penalized; ¢) Funding Coordination — An estimated €92
billion is needed by 2030, mostly from private sources. While no new EU-level funds are introduced,
existing tools like the EU Innovation Fund (financed through the EU Emissions Trading System) are lev-
eraged, and national governments play a central funding role.

2l The TCTF enables a) Enhanced support for disadvantaged regions, with caps adjusted based on loca-
tion and firm size; b) Broader eligibility of aid forms, including tax benefits and guarantees, allowing
coverage of operational expenditures (OPEX); c) Matching aid, to compete with foreign subsidies and
attract investment within the EU, particularly in cohesion regions or cross-border projects. These provi-
sions reflect a strategic response to global competition in cleantech and signify a more flexible European
state aid regime.
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favour suppliers whose production processes align with the NZIA’s strategic objec-
tives, including reduced environmental impact, enhanced supply-chain resilience,
and lower dependence on non-EU technologies. This makes public procurement a
central channel through which the NZIA shapes market access and competitive con-
ditions for firms operating in targeted net-zero sectors.

Together, these four pillars summarise the NZIA’s strategic rationale as identi-
fied in the policy debate (Tagliapietra et al. 2023) and operationalised in Regula-
tion (EU) 2024/1735. While analytically distinct, they are mutually reinforcing and
jointly define the technological, spatial, and institutional scope of the regulation.

APPENDIX B - List of keywords

See appendix Tables 23 and 24

APPENDIX C - Details about the LLM

LLM environment and model: The classification task is conducted using Ollama,
an open-source framework for running Large Language Models locally. This choice
ensures full control over model versions, prompts, and inference parameters, thereby
enhancing reproducibility. The embedding model used for semantic matching is
nomic-embed-text, which is specifically designed for high-quality text embeddings
and semantic similarity tasks (see: ollama pull nomic-embed-text).

IPC preprocessing: IPC classification files were obtained from the World Intel-
lectual Property Organization (WIPO) and provided in text format. After removing
non-informative elements (headers, footnotes, page numbers), IPC codes and their
official descriptions were extracted and stored in a structured text format. Each IPC
entry consists of a 14-digit code and its corresponding textual definition.

Prompt structure: The LLM is prompted to match NZIA-related technologies
with IPC codes based on official textual descriptions. A simplified version of the
description from the official website is reported below:

While the general structure of the prompt is the following:

NZIA technology description:

"[Insert official NZIA technology definition]"

IPC descriptions:

"[Insert list of IPC codes with official descriptions]"

Question:

Which IPC codes are directly related to this NZIA technology?

Return a list of IPC codes and a short justification for each.

Robustness checks: To verify consistency, the same prompt was (i) repeated mul-
tiple times using the Ollama environment and (ii) replicated without modification
using ChatGPT, Google Gemini, and Microsoft Copilot. The overlap in selected IPC
codes across models exceeded 95%, and discrepancies were limited to marginal or
borderline cases, which were resolved through manual inspection.
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Table 23 List of net-zero technologies-related keywords used in the web scraping procedure

Net-zero technologies (EU Commission)

Keywords related to net-zero technologies

1) Solar photovoltaic and solar thermal technolo-
gies

2) Onshore and offshore renewable technologies
3) Battery/storage technologies

4) Heat pumps and geothermal energy technolo-
gies

5) Hydrogen technologies (including electrolysers
and fuel cells)

6) Sustainable biogas/biomethane technologies

7) Carbon capture and storage (CCS) technologies
8) Grid technologies

9) Nuclear fission energy technologies (including
nuclear fuel cycle technologies)

10) Sustainable alternative fuels technologies

11) Hydropower technologies
12) Other renewable energy technologies

13) Energy system-related energy efficiency tech-
nologies (including heat grid technologies)

14) Renewable fuels of non-biological origin
technologies

15) Biotech climate and energy solutions

16) Other transformative industrial technologies
for decarbonization

17) CO, transport and utilization technologies

18) Wind propulsion and electric propulsion tech-
nologies for transport

19) Other nuclear technologies

solar; solar photovoltaics; solar thermal

offshore renewable; onshore wind; ambient energy;
osmotic energy

batteries; energy storage; battery technologies; stor-
age technologies

thermal energy; geothermal energy; heat pumps
hydrogen; fuel cells; electrolysers;

sustainable biogas; biogas; biomethane; landfill gas;
sewage gas

carbon capture; carbon storage; CCS; CCU

smart grids; electricity grid; power generation

nuclear fuel; nuclear fusion; nuclear fission; radio-
logical enrichment; radiological recycling

new fuels; sustainable alternative fuels; sustainable
propulsion

hydropower technologies
renewable energy; biomass

heat grid; sewage treatment plant; energy efficiency
technologies

renewable fuels

energy efficiency technologies; bio-based chemical
production; biomaterials production technologies

decarbonisation; net-zero technologies; safe and
sustainable

CO, transport technologies

wind propulsion; electric charging; electric propul-
sion

nuclear reactor; reactors; radiation sensing; radio-
logical conversion

Table reports the list of keywords related to net-zero technologies that were used in the web scraping pro-
cedure. Each keyword is presented in its singular and plural form to ensure comprehensive coverage of

variations that may appear in online content
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Table 24 List of innovation-

Keywords related to development (innovation) capabilities
related keywords used in the Y P ( ) cap

web scraping procedure Patent trademark
Research centre research and devel-
opment (R&D)
Technology innovation in-house R&D
Proprietary technologies patented
Utility model intellectual property

Table reports the list of keywords related to development capabili-
ties (to identify developers) that were used in the web scraping pro-
cedure. Each keyword is presented in its singular and plural form
to ensure comprehensive coverage of variations that may appear in
online content

APPENDIX D - Sectoral details

See appendix Fig. 9

APPENDIX E - Net-zero adoption process: different specifications
and estimators

See appendix Figs. 9, 10 and Table 25
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Fig. 9 Distribution of net-zero technologies adoption according to the ATECO classification. Notes: The
figure illustrates the distribution of firms adopting net-zero technologies according to industry sector at
ATECO level. Authors’ elaboration
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Net-zero intensity of developers per ATECO
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Fig. 10 Distribution of net-zero technologies development according to the ATECO classification. Notes:

The figure illustrates the distribution of firms developing net-zero technologies according to industry sec-
tor at ATECO level. Authors’ elaboration
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Table 25 Net-zero adoption process using different models and estimators

Dep.Variable (1) 2) 3) 4 ) (6)
NZIA NZIA NZIA NZIA NZIA NZIA
(Model) Probit (benchmark) Probit Probit Probit OLS Logit
LnEmploy 0.0104%** 0.0105%**  0.0104%** 0.0104%**  0.0129%%** 0.0106%**
(0.0004) (0.0004)  (0.0004) (0.0004)  (0.0005) (0.0004)
Age —0.0031%** —0.0007  —0.0029*** —0.0012* —0.0050%** —0.0027%%**
(0.0007) (0.0007)  (0.0007) (0.0007)  (0.0011) (0.0007)
Age? 0.0003*** 0.0001* 0.0003*** 0.0002%*  0.0007***  0.0003%**
(0.0001) (0.0001)  (0.0001) (0.0001)  (0.0002) (0.0001)
HHI 0.0267*** 0.0487***  0.0267*** 0.0496%**  0.0490%** 0.0258%%**
(0.0046) (0.0038)  (0.0046) (0.0038)  (0.0084) (0.0042)
LnGDP 0.0031#** 0.0036%**  0.0030%** 0.0034%**  (.0032%** 0.0031%**
(0.0006) (0.0004)  (0.0005) (0.0006)  (0.0006) (0.0006)
Constant -0.0353%**
(0.0079)
Obs 105,159 105,607 105,159 105,607 105,601 105,159
Sector FE Yes No Yes No Yes Yes
Regional FE  Yes No No Yes Yes Yes
Pseudo R? 0.127 0.0534 0.126 0.0572 0.130
R? 0.0402
Mean VIF 2.01 3.16 2.08 2.00 2.01 2.01

The table reports the marginal effects from various model specifications and estimators examining the
adoption of NZIA-related technologies. Columns (1) to (4) report Probit models with varying inclusion
of sector and regional fixed effects: (1) benchmark, (2) no fixed effects, (3) sector fixed effects only, (4)
regional fixed effects only. Column (5) shows an OLS regression with both sector and regional fixed
effects. Column (6) reports a Logit model with both sector and regional fixed effects. Standard errors
(in brackets) are robust. Pseudo R? statistics and mean variance inflation factors (VIF) are reported at the
bottom of the table. ***_ ** and * denote significance at the 1%, 5%, and 10% levels, respectively
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