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Abstract
The recent emergence of Artificial Intelligence (AI) technologies has created multiple 
opportunities for companies. The growing interest in AI adoption has led to an increase in 
technological innovations and business applications. At the same time, web mining tech-
niques have been used to monitor technological trends, often through basic natural lan-
guage processing methods. However, advances in Large Language Models (LLMs) enable 
a more detailed and in-depth analysis of web content, necessitating the development of 
new methodologies. This paper proposes a methodology for integrating LLMs into the 
technology mining of corporate websites, with a focus on Spanish companies. The study 
uses data collected in 2023 and 2025, applying web scraping techniques to gather textual 
information. The analysis process involves automated AI detection, manual validation, 
and evaluation through standard classification metrics. The findings contribute to a better 
understanding of AI adoption trends and inform future research on tech mining applica-
tions for industry.

Keywords  Artificial intelligence · Large language models · Web scraping · Technology 
mining · AI adoption

Introduction

The diffusion of Artificial Intelligence (AI) technologies across firms is reshaping how 
businesses operate, compete, and innovate. As AI applications become more integrated 
into products, services, and decision-making processes, understanding their adoption is 
essential for assessing the pace and nature of digital transformation. This is particularly 
relevant for evaluating firm-level productivity, sectoral dynamics, and broader economic 
performance (Makridakis, 2017; Tegmark, 2018; Cockburn et al., 2019). The extent and 
heterogeneity of AI adoption also have implications for policy design, labor market adapta-
tion, and strategic investment (Stornelli et al., 2021).

Recent studies have documented early patterns of AI diffusion using traditional sources 
such as surveys and administrative data. For example, McElheran et  al. (2024) use U.S. 
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census survey data to show that AI adoption varies across firm sizes and geographies. 
Likewise, Czarnitzki et al. (2023) analyze German innovation survey data to show positive 
productivity effects linked to AI use. Other studies rely on case studies and interviews to 
uncover sector-specific drivers and barriers (Yang et al., 2024).

Traditional methods such as surveys, though valuable, often suffer from limitations 
such as restricted sample sizes, response biases, and reporting lags (Gök et al., 2015). In 
response to these limitations, recent studies have explored digital traces to measure AI 
adoption, employing keyword-based Natural Language Processing (NLP) techniques on 
job postings, scientific publications, or web content. Specifically, focusing on the United 
States, Alekseeva et al. (2021) analyzed online job vacancies to estimate the demand for 
AI-related skills, while Babina et  al. (2024) tracked changes in workforce composition 
through resumes and hiring data to infer AI investments. Similarly, Hunt et al. (2024) com-
bined scientific publication data and job ads to assess spatial patterns of AI diffusion.

In the European context, Dahlke et al. (2024) measured AI adoption based on the textual 
content from company websites in the DACH region. Their approach combines keyword-
based feature selection with a supervised transformer-based classifier trained to differenti-
ate between genuine, deep integration of AI and superficial or promotional mentions.

Recent advances in Large Language Models (LLMs) present a complementary path for 
detecting AI-related content. LLMs can interpret context, infer implicit meaning, and adapt 
to heterogeneous language use (Brown et  al., 2020; Dahlke et  al., 2025; Abbasiharofteh 
et al., 2024). However, the application of LLMs to systematic, large-scale measurement of 
firm-level AI adoption remains limited and requires methodological validation.

This paper presents a method to identify AI adoption using LLM-based analysis of the 
textual content of company websites. The approach is applied to a large sample of firms 
operating in Spain, allowing for scalable and context-aware identification of AI-related 
activity. Drawing on the innovation definitions outlined in the Oslo Manual (OECD & 
Eurostat, 2018), the method distinguishes between different forms of AI use and tracks 
adoption patterns over time. Specifically, we analyze data from 2 years, 2023 and 2025, to 
assess temporal changes in the prevalence and nature of AI adoption.

The main contributions of this study are fourfold: (i) it proposes a replicable method 
to detect firm-level AI adoption based on LLM processing of textual data from corporate 
websites; (ii) it applies the method to Spain, extending empirical research on AI adop-
tion to a large multilingual European setting; (iii) it provides a temporal comparison of 
AI adoption across two years, capturing evolving firm behavior; and (iv) it contributes to 
methodological debates on digital footprints indicators by critically evaluating the advan-
tages and limitations of LLM-based approaches.

The remainder of the paper is organized as follows: Sect.  2 presents a review of the 
relevant literature; Sect.  3 outlines the data and methodology used in the study; Sect.  4 
discusses the evaluation of the proposed methodology; Sect. 5 presents the experimental 
results derived from the analysis; Sect.  6 discusses their implications, addresses limita-
tions, and outlines directions for future research; finally, Sect. 7 summarizes the key find-
ings and conclusions of the study.
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Related work

This section reviews three strands of literature relevant to the study. First, it frames AI 
adoption as a form of innovation, drawing on established conceptual frameworks. Second, 
it examines the use of company websites as a source of firm-level information, highlighting 
their value as a digital trace of technological activity. Third, it discusses recent develop-
ments in natural language processing, focusing on the application of LLMs for automated 
classification tasks.

AI Adoption as Innovation

AI refers to the capability of machines to perform tasks requiring human intelligence, such 
as learning, reasoning, and decision-making (Russell & Norvig, 2016). We define AI adop-
tion as the point at which a firm not only acquires an AI-enabled tool or service but also 
integrates it into at least one core business workflow and communicates that integration 
externally. In this work, such communication is operationalized as the discursive pres-
ence of AI within company website content: statements indicating that AI technologies 
are being used, embedded in offerings, or applied internally. This definition reflects the 
idea that adoption is not solely a technical implementation but also a social process, where 
technologies must be legitimized and publicly signalled as part of the organisation’s iden-
tity and value proposition (Battisti & Stoneman, 2003; Ulucanlar et al., 2013; Dahlke et al., 
2024).

The Oslo Manual provides a widely accepted framework for classifying innovation into 
two categories: product and process. Product innovations involve goods or services that are 
new or significantly improved in their characteristics or intended uses. Process innovations 
refer to new or significantly improved production or delivery methods (OECD & Euro-
stat, 2018). Under this framework, AI adoption qualifies as innovation in both dimensions. 
For instance, companies developing smart devices or autonomous vehicles are engaging 
in product innovation by embedding AI into their offerings. In contrast, the use of AI such 
as machine learning models for internal purposes, like automating document classification 
or enabling predictive maintenance illustrates process innovation. According to the Oslo 
Manual, the key areas of process innovation include: Production of Goods and Services, 
Distribution and Logistics, Marketing and Sales, Information and Communication Sys-
tems, Administration and Management, and Product Development and Business.

Firms often describe these innovations explicitly on their websites (Gök et  al., 2015; 
Daas & Van Der Doef, 2020). For instance, by noting the integration of AI into platforms, 
the use of intelligent systems in operations, or the launch of new AI-based services. These 
statements provide concrete signals that AI has been embedded in the firm’s activities and 
are thus suitable for detection via automated text analysis.

AI adoption often requires changes in the firm, like improving data systems, training 
staff, and reorganizing workflows (Lee et al., 2022, 2023; Chen & Tajdini, 2024). These 
shifts can lead to new or improved ways of delivering products or running processes, 
meeting the Oslo Manual’s definition of innovation. AI can involve incremental or radical 
change (Dewar & Dutton, 1986): the former improves existing products or processes, while 
the latter introduces entirely new technologies or business models that may disrupt markets 
(Bresnahan, 2010). For instance, adding facial recognition to a regular surveillance camera 
is incremental, but creating a fully AI-based product or service is radical.
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Given the intangible and fast-evolving nature of AI, measuring its adoption through dig-
ital traces becomes increasingly relevant. Website content, by capturing how firms describe 
their technological capabilities and market offerings, provides a timely and externally vis-
ible proxy for innovation (Kinne & Lenz, 2021; Rammer & Es-Sadki, 2023; Bottai et al., 
2024). Focusing on these online signals allows for scalable, comparative, and context-
aware identification of AI-related activities. The next sections examine how prior studies 
have mined web content for innovation signals and explore how advances in natural lan-
guage processing can enhance the reliability and comparability of these measures.

Company website mining for firm characteristics

Company websites have become a convenient source of information for researchers seek-
ing to understand different aspects of a company’s profile, including strategic orientation, 
innovation capacity, and market behavior (Blazquez & Domenech, 2018). Unlike tradi-
tional data sources, websites offer greater timeliness, granularity, and coverage. They are 
frequently updated, providing real-time insights into business activities, technological 
adoption, and strategic changes that official databases and surveys often fail to capture due 
to reporting lags (Rammer & Es-Sadki, 2023; Bottai et  al., 2024; Crosato et  al., 2024). 
They also capture fine-grained data on small and medium-sized enterprises, which often 
have fewer reporting obligations and may not be captured adequately by traditional sources 
(Mazzoni et al., 2024). Consequently, website data complement established indicators such 
as surveys, patents, and official registries (Héroux-Vaillancourt et al., 2020)

Several studies have examined how company websites can be used to identify innova-
tion-related activities, mainly through keyword-based methods and cross-sectional analy-
ses. Early research focused on the frequency of specific terms: Gök et al. (2015) counted 
R&D-related terms on UK “green-goods” Small and Medium-sized Enterprise (SME) 
websites to infer research activity, showing that such lexicons capture downstream inno-
vation not visible in patents or surveys, while Héroux-Vaillancourt et  al. (2020) built 
formative indices for R&D, intellectual property, collaboration and financing by match-
ing carefully curated word lists against Canadian nanotechnology pages. Using Dutch CIS 
data, Daas and Van Der Doef (2020) trained a text model that still relies on discriminative 
words and highlighted issues of concept drift and minimum word counts when scaling key-
word approaches to the full business population. Subsequent work blended keywords with 
machine-learning: Axenbeck and Breithaupt (2021) showed that terms such as “develop” 
together with English-language share and page volume predict product and process innova-
tion in German firms via Random Forests, and Kinne and Lenz (2021) used survey-labelled 
websites to teach a deep neural network that outperforms static lexicons yet still draws on 
salient word patterns to flag product innovators nationwide.

More recent studies move beyond pure keyword counts: Dahlke et al. (2024) used large-
scale website scraping in the DACH region to identify AI adopters and measure spatial 
diffusion effects, initially using keywords but later complementing this with transformer-
based models to overcome limitations in semantic inference. In contrast, Bottai et  al. 
(2024) showed that structural website features such as HTML tag profiles, rather than 
textual content, could distinguish innovative from non-innovative Italian manufacturing 
SMEs, indicating that non-lexical signals may also be informative.

The use of website data for innovation studies can be situated within the broader field of 
tech mining, which aims to extract insights from large volumes of unstructured data using 
bibliometric and text mining tools (Zhang et al., 2017).
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As NLP continues to evolve, its integration into tech mining is transforming how such 
data is extracted, structured, and interpreted. Unlike patent databases, which primarily 
reflect technological output, website data offers a richer view by incorporating informa-
tion about market activities, external collaborations, and real-time corporate positioning 
(Kinne & Axenbeck, 2020). While bibliometrics offers a retrospective view of formal 
outputs, website data provide a forward-looking perspective on firms’ public signaling of 
innovation.

Despite these benefits, website data present challenges. Content is unstructured and var-
ies widely in style, requiring robust scraping and cleaning pipelines. The use of websites 
as a source may introduce biases: firms may use marketing language that exaggerates capa-
bilities, leading to false positives, or omit internal innovations that they choose not to pub-
licize, causing under-coverage (Gök et al., 2015). Technical barriers also exist. Dynamic 
content rendered through scripts can be difficult to extract, and access may be limited by 
server availability or restrictions imposed by the robots exclusion protocol (Koster et al., 
2022). Multilingual websites add another layer of complexity, as variations in translation 
and local terminology hinder consistent keyword-based extraction (Bottai et  al., 2024). 
Finally, the frequency of website updates differs across firms and sectors, meaning that 
websites may not reflect the actual timing of technology adoption.

The following section discusses how advances in natural language processing, and par-
ticularly through LLMs, can address some of the limitations associated with website min-
ing and improve the reliability of AI adoption.

Large Language Models for automated classification

Recent developments highlight the transformative role of LLMs in mining unstructured 
content. These models enhance tasks such as information extraction, summarization, and 
semantic classification with unprecedented precision (Porter et al., 2024).

LLMs demonstrated capabilities in classification and labeling across fields such as edu-
cation, healthcare, and business analytics, effectively processing complex inputs like essays 
or clinical notes with human-comparable accuracy (Savelka & Ashley, 2023; Huang et al., 
2024). Their semantic understanding supports contextual tasks, including sentiment analy-
sis, topic classification, and sensitive content detection (Chang et al., 2024). However, chal-
lenges persist. LLMs are prone to “hallucinations” and may generate inconsistent outputs, 
sometimes misinterpreting or overlooking important context (Liu et al., 2023; Huang et al., 
2025).

Enhancing LLM-based labeling can be achieved by incorporating structured rubrics 
into prompt design. In education, rubrics define assessment criteria binary or multi-class 
to standardize evaluations and reduce subjectivity (Jonsson & Svingby, 2007; Panadero & 
Jonsson, 2013). Similarly, the “LLM-as-a-Judge” framework employs detailed instructions 
and constraints to guide models as consistent scoring agents across domains (Chiang et al., 
2024; Gu et al., 2025).

These capabilities are now being leveraged in tech mining applications, especially when 
analyzing unstructured content from company websites and scientific literature. LLMs 
facilitate the discovery of hidden patterns and trends in textual data, supporting more 
informed decision-making in innovation management (Bouschery et al., 2023). This shift 
illustrates how tech mining is moving beyond classical bibliometric analysis and embrac-
ing AI-powered approaches that extend the boundaries of research intelligence.
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Despite the advantages, maintaining model consistency under repeated tasks remains a 
challenge. An emerging solution involves complementing LLM-based classification with 
Retrieval-Augmented Generation (RAG) techniques (Lewis et al., 2020; Gao et al., 2024). 
This approach segments or chunks input text, providing the LLM with only the most rele-
vant fragments, thus reducing ambiguity and improving the model’s focus on critical infor-
mation (Liu et al., 2023).

Thus, building on prior research in AI adoption, web content analysis, and the applica-
bility of Large Language Models, this study proposes a scalable and replicable method for 
identifying and monitoring firm-level AI adoption based on the semantic analysis of com-
pany website content.

Methodology

This section describes the methodology used to detect AI adoption among Spanish firms 
through the analysis of their website content. First, we present the data sources, which 
include structured firm-level information and web-based text. Then, we explain the pro-
cessing steps and analysis pipeline to identify and categorize AI use within companies.

Data sources

This study draws on firm-level data from two complementary sources to construct a bal-
anced panel of Spanish companies observed in 2023 and 2025. The objective is to measure 
the prevalence and evolution of AI adoption by combining structured business information 
with website-based content.

The first source is the Sistema de Análisis de Balances Ibéricos (Bureau van Dijk, 2025, 
SABI), a commercial database widely used in economic and innovation studies. It pro-
vides structured firm-level information such as employment size, geographic location, sec-
tor classification, and company website. Firm size is classified according to the European 
Commission (2003) SME employment thresholds: firms with fewer than 10 employees are 
considered micro, those with 10 to 49 are small, those with 50 to 249 are medium, and 
those with 250 or more are large.1 Economic activity is classified using the NACE Rev. 
2 system at the section level (European Commission, 2008). All major sections are rep-
resented except three: Public administration and defense (section O), Activities of house-
holds as employers (section T), and Activities of extraterritorial organizations and bodies 
(section U). These sections were absent or virtually unrepresented in the initial frame and 
were therefore omitted. Geographic location is recorded at the province level, correspond-
ing to the NUTS 3 level (Commission, 2024).

The second source consists of the contents of company websites, which were crawled in 
the first quarter of 2023 and 2025. They serve as digital footprints reflecting external com-
munication of technological capabilities. The collection and processing of website content 
are described in detail in Sect. 3.2.

1  Although the full SME definition also considers turnover and balance sheet totals, these variables were 
not used due to limited availability and inconsistency across firms. This simplification may affect the clas-
sification of capital-intensive firms with small workforces.



2339Scientometrics (2026) 131:2333–2372	

The sample frame comprises all Spanish firms listed in SABI for the year 2025 that 
report a website. From this universe, we applied a series of filters to construct a balanced 
2-year panel: 

	 (i)	 Firms must be active in both 2023 and 2025 according to SABI records.
	 (ii)	 A valid and publicly accessible website URL must be present in both years.
	 (iii)	 Size, sector and geography information at a firm-level must be available.

The application of these criteria resulted in a final panel of 118,605 unique firms observed 
in both years, for a total of 237,210 company–year observations. The stepwise filtering pro-
cess is illustrated in Fig. 1. Firms that were newly created, exited the market, or had incom-
plete records across the 2 years were excluded from the final panel. As a result, the sample 
may overrepresent larger and more digitally established firms, and underrepresent microen-
terprises and those without a public online presence. The implications of this restriction for 
generalizability are discussed in Sect. 6.1.

Table 1 displays the final sample distribution of firms across size categories and eco-
nomic sectors for each year analyzed in the study.

Fig. 1   Flowchart of the Sample Creation Process. The diagram illustrates the steps taken to construct the 
final sample for the study
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Website content processing pipeline

This section describes the procedure used to derive AI adoption indicators from firm web-
site content, as outlined in Fig.  2. The methodology integrates web crawling, semantic 
filtering, and large language model classification to extract structured information from 
unstructured text. The resulting indicators capture the presence and type of AI use in firms’ 
processes and products.

Table 1   Sample composition by economic sector and firm size

Large Medium Small Micro Total

Administrative and support services 35 429 1515 3454 5433
Agriculture, livestock, forestry, and fishing 4 89 414 636 1143
Artistic, recreational, and entertainment activities 5 93 385 1099 1582
Construction 7 506 4880 8364 13,757
Education 3 159 680 1633 2475
Electricity, gas, steam, and air conditioning supply 0 6 69 185 260
Extractive industries 0 8 128 105 241
Financial and insurance activities 2 22 232 1446 1702
Healthcare and social services 11 184 981 2190 3366
Hospitality 11 363 2552 2562 5488
Information and communications 6 241 1327 3766 5340
Manufacturing industry 23 1232 8838 10,598 20,691
Other services 1 46 343 992 1382
Professional, scientific, and technical activities 11 272 2762 11,367 14,412
Real estate activities 1 18 315 4274 4608
Transportation and storage 5 283 1856 1822 3966
Water supply, sanitation, waste management, and 

decontamination
1 34 216 223 474

Wholesale and retail trade; vehicle repair 17 849 9184 22,235 32,285
Total 143 4834 36,677 76,951 118,605

Fig. 2   Pipeline for assessing the use of AI by companies from website text
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Web crawling and text preprocessing

Company website content was collected using a standardized and replicable crawling pro-
cedure applied consistently across both observation periods (2023 and 2025).

The GNU wget crawler was configured to operate within ethical and technical con-
straints, imposing a maximum download quota of 200  MB per website and a rate limit 
of 500  KB/s to minimize server load. Only HTML pages and PDF documents were 
retrieved, as these are the most common formats used for publicly accessible firm-level 
communication.

The crawler was set to follow internal links up to two levels deep. Internal links were 
identified as URLs pointing to the same domain or closely related variants, such as minor 
naming variations (e.g., removal of dashes) or identical second-level domains with differ-
ent top-level domains.

After retrieval, HTML files were converted into plain text by removing all HTML tags 
and embedded scripts. PDF files were processed and converted to text using standard text 
extraction methods (pdftotext, included in standard Linux distributions).

No language-based filtering was applied, resulting in multilingual corpora primarily in 
Spanish, but also containing English and regional languages (e.g., Catalan). Text preproc-
essing involved basic cleaning, specifically HTML tag removal and whitespace normaliza-
tion. No additional linguistic preprocessing steps, such as stopword removal or lemmatiza-
tion, were implemented, as semantic analysis in subsequent stages relies on the original 
context-preserving structure of the text.

The resulting texts from each company’s website, across all retrieved HTML pages 
and PDFs, were concatenated into a single corpus per firm without imposing any size 
constraints. The median size (in bytes) and number of subpages per company website are 
reported in Table 2.

Chunking and relevance filtering

The consolidated text of each website was segmented into 1000-byte non-overlapping frag-
ments (or chunks), without relying on paragraph or sentence boundaries. Each chunk was 
then transformed into high-dimensional vectors using contextual embeddings generated by 
OpenAI’s text-embedding-3-small model. This representation captures the seman-
tic meaning of the text (Devlin et al., 2019; Peters et al., 2018).

To identify AI-relevant content, we encoded the phrase “Artificial Intelligence” using 
the same embedding model. This phrase served as a reference vector for semantic filtering, 
chosen for its generality and neutrality across business and technical contexts.

Cosine similarity was then computed between each chunk and the reference vector. 
Cosine similarity is a widely used metric in NLP that measures the cosine of the angle 
between two vectors, indicating their degree of semantic similarity (Mikolov et al., 2013). 
It is defined as:

Table 2   Median size and number 
of extracted web pages per firm

Year Size (bytes) Number 
of pages

2023 623,952 12
2025 975,384 13
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where A ⋅ B denotes the dot product of the two vectors, and ‖A‖‖B‖ represents the prod-
uct of their magnitudes. In this context, higher similarity values indicate chunks that are 
semantically closer to the concept of artificial intelligence.

Semantic similarity does not imply evidence of AI adoption, but rather highlights seg-
ments of text likely to contain relevant descriptions. From each firm’s corpus, we selected 
the 10 chunks with the highest similarity scores, focusing the analysis on the most relevant 
content while excluding irrelevant or low-alignment material.

To improve the contextual grounding of each selected chunk, a symmetric 1.1KB con-
text window was introduced around each of these top-selected chunks,2 capturing adja-
cent text and sentence boundaries where possible. This enriched input allows the language 
model to better interpret references to AI by incorporating surrounding content. Moreover, 
the combination of chunking and contextual extension helps avoid scoring fragments that 
are merely headings or lists of SEO keywords, as the model is guided by the semantic 
depth of surrounding discourse.

LLM classification and variable construction

Each text chunk identified as potentially AI related through semantic filtering was analyzed 
using an LLM, specifically GPT-4o-mini. The LLM classification was guided by a struc-
tured evaluation rubric detailed in “Appendix 2”. This rubric operationalizes the adoption 
of AI by distinguishing between its presence in company processes and products, aligned 
with the innovation categories described in Sect. 2.1. The prompt was developed through 
an iterative prompt engineering process, in which various formulations were tested and 

(1)Cosine Similarity =
A ⋅ B

‖A‖ ‖B‖
,

Table 3   Description of variables used in the study

Source Variable Description Type Mean

2023 (%) 2025 (%)

SABI Size Size of the company Categorical – –
Sector NACE section of the primary activity Categorical – –
Location Province in which the company is registered Categorical – –

Website AI1 The company uses AI Binary 3.52 4.80
AI2 AI adopted in business processes Binary 3.24 4.42
AI3PGS AI used in Production of Goods & Services Binary 1.40 1.76
AI3DL AI used in Distribution & Logistics Binary 0.40 0.45
AI3MS AI used in Marketing & Sales Binary 1.06 1.75
AI3ICS AI used in Information & Communication Systems Binary 0.84 1.20
AI3AM AI used in Administration & Management Binary 0.95 1.56
AI3PDB AI used in Product Development & Business Binary 0.94 1.39
AI4 AI adopted in products and services Binary 2.45 3.26
AI5 AI is used in products radically Binary 1.74 2.23

2  The choice of chunk size, number of selected chunks, and context window was determined empirically.
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refined through multiple interactions with the model. We compared the outputs of differ-
ent prompt versions against manually labeled examples to assess clarity, consistency, and 
alignment with the intended classification goals. Rather than relying solely on keywords, 
the final prompt includes illustrative examples for each concept (e.g., types of AI use in 
production or marketing), to guide the model’s interpretation and reduce ambiguity.

For each chunk, the model produced a structured output in JSON format, containing 
binary values for the predefined set of variables listed in Table  3. To assign firm-level 
labels, the outputs of all selected chunks for a company were aggregated.

A firm was marked as an AI adopter if at least one chunk was considered positive for the 
relevant variable by the LLM. That is, the firm-level variable was computed as the logical 
OR across all the classified chunks associated with the company. This rule applies to all 
variables derived from the LLM.

The classification procedure incorporates a conservative interpretation of clear evidence 
of implementation, aimed at distinguishing genuine AI adoption from superficial or pro-
motional mentions. The rubric guides the LLM to identify only those instances where AI 
is functionally integrated into internal operations or embedded within products or services, 
based on specific and context-rich descriptions (e.g., predictive analytics in logistics, AI-
driven recommendation systems). Abstract, vague, or aspirational references are excluded 
from positive classification. When the input lacks sufficient detail or is ambiguous, the 
model defaults to a negative response. This strict interpretive framework is further rein-
forced by the initial semantic filtering, which limits the input to highly relevant fragments, 
including adjacent context. Together, these design choices systematically reduce the likeli-
hood of false positives resulting from AI washing.

This approach ensures that the presence of a single, well-formed statement about AI 
adoption is sufficient to mark a company as adopter, even if other fragments are silent or 
ambiguous. It also avoids diluting the signal from the relevant content by averaging or 
requiring multiple positive instances.

Fig. 3   Flowchart illustrating the evaluation strategy included in the rubric for detecting AI adoption in com-
panies
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The evaluation strategy, represented in Fig. 3, starts by determining if AI is explicitly 
utilized within the company. If AI presence is confirmed, further analysis identifies its 
application in internal processes and external products or services. For internal applica-
tions, the model identifies specific business domains where AI is used, such as production, 
logistics, marketing, and others, offering a granular view of operational adoption. “Appen-
dix 3” showcases paragraph examples categorized as either process- or product-oriented AI 
implementations.

When AI is integrated into products or services, its use is categorized as either enhanc-
ing existing functions (incremental innovation) or introducing fundamentally new capabili-
ties (radical innovation). This distinction helps in understanding the depth of AI influence 
on the firm’s offerings.

Evaluation of LLM‑based classification method

This section evaluates the LLM-based method in terms of reliability and validity. Using a 
stratified sample of firm websites manually labeled, we assess whether the model produces 
reliable and valid classifications of AI adoption. This evaluation draws on emerging best 
practices for LLM use in research (Hajikhani & Cole, 2024), addressing concerns around 
bias and transparency through stratified validation and full procedural documentation (see 
“Appendix 5”).

Evaluation design and methodology

Evaluation sample

To evaluate the classification model, we carried out an evaluation procedure using a 
human-labeled dataset. We employed a stratified sampling approach to ensure representa-
tion across all firm categories. Specifically, we stratified the sampling frame by company 
size and economic sector and selected an equal number of companies from each stratum, 
resulting in a validation sample of 228 firms.

This equal-allocation design guarantees that every business segment is represented, 
and it affords sufficient coverage of large firms, despite their smaller numbers, since they 
account for the highest share of AI adopters. A strictly proportional sampling strategy 
would have underrepresented large firms and risked biasing our accuracy assessment. The 
resulting labeled dataset serves as the ground truth against which we compare the LLM-
based classifications. The manual labeling was conducted by two members of the research 
group with diverse backgrounds to ensure an independent and multidisciplinary evaluation. 
Both evaluators received the same prompt and classification rubric used by the LLM. In 
cases of disagreement, the annotation was jointly reviewed and resolved through discussion 
between the two evaluators.

Model reliability

LLMs are known to introduce variability in outputs even under fixed prompts and inputs. 
Reliability refers to the degree to which a measurement procedure yields consistent and 
reproducible results when it is applied repeatedly under identical conditions (Nunnally & 
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Bernstein, 1994). Applied to our setting, reliability refers to the stability of the LLM-based 
classifier across multiple runs that use the same input data and prompts.

To assess the model’s stability across executions, we applied the classification pipeline 
ten times to the websites of the companies in the evaluation sample. The outputs from 
these runs were compared to assess the level of agreement in binary classification deci-
sions. Two statistical measures were used to quantify reliability.

The Intraclass Correlation Coefficient (ICC) is a standard metric used to assess the reli-
ability of repeated measurements when the same subjects are rated multiple times. In our 
context, the “subjects” are the company websites, and the “rater” is the LLM classification 
pipeline applied repeatedly under identical conditions. The formula is:

where MSR is the mean square for rows (subjects), MSE is the mean square error, and k is 
the number of raters or repeated measurements.

High ICC values (close to 1) indicates that the classifier generates stable and repeat-
able labels (Qin et  al., 2019), suggesting the model is reliable for large-scale automated 
annotation.

Cohen’s � is a complementary measure calculated to evaluate the level of agreement in 
categorical classifications across runs. Unlike simple percent agreement, � adjusts for the 
likelihood of chance agreement, offering a more rigorous evaluation of reliability (Cohen, 
1960).

where po is the observed agreement proportion, pe is the expected agreement by chance, 
and p(1)

i
 and p(2)

i
 are the marginal proportions for category i from each run.

Cohen’s � values are interpreted as follows (Landis & Koch, 1977): 𝜅 > 0.41 indicates 
moderate agreement, 𝜅 > 0.61 indicates substantial agreement, while 𝜅 > 0.81 indicates 
almost perfect agreement.

Model validity

Validity refers to the extent to which a measurement procedure accurately captures the 
concept it is intended to assess (Messick, 1995). In our context, it concerns whether the 
LLM-based classification correctly identifies AI adoption by firms based on their website 
content. A classification method should produce labels that are not only reliable but also 
aligned with expert human judgment when applied to the same input data.

To assess the validity of the LLM in classification tasks, we employ widely recognized 
evaluation metrics, including accuracy, precision, recall, and the F1Score (Powers, 2020). 
These metrics provide a comprehensive understanding of the model’s effectiveness by 
measuring different aspects of its predictive capabilities and are calculated based on True 
Positives (TP) , True Negatives (TN) , False Positives (FP) , and False Negatives (FN).

(2)ICC =
MSR −MSE

MSR + (k − 1)MSE
,

(3)� =
po − pe

1 − pe
,

(4)pe =

k∑

i=1

p
(1)

i
⋅ p

(2)

i
,
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Accuracy represents the proportion of companies correctly identified regarding their use 
or non-use of AI. It reflects the model’s overall effectiveness in distinguishing between 
companies that adopt AI solutions and those that do not:

Precision assesses the performance of the model in correctly classifying a company as an 
AI user. It measures how many of the companies identified as AI users truly implement it, 
ensuring that AI implementation is not overestimated:

Recall quantifies the model’s ability to identify all companies that use AI. This is particu-
larly relevant to capture the full extent of AI adoption across companies:

The F1Score provides a balanced measure between precision and recall, making it espe-
cially useful when there is an uneven distribution of AI-adopting and non-adopting compa-
nies. This metric ensures that both false positives and false negatives are considered in the 
overall evaluation:

To complement the conventional metrics, we also report the Matthews Correlation Coef-
ficient (MCC). MCC is better suited than accuracy or F1Score for evaluating models under 
class imbalance, as it incorporates all elements of the confusion matrix and does not inflate 
performance when one class dominates. It is computed using the following formula:

The MCC value ranges from −1 to 1, where 1 indicates perfect classification, 0 represents 
random performance, and −1 signifies total disagreement between predictions and actual 
labels (Chicco & Jurman, 2020).

Evaluation results

Model reliability

Results of the ten times executions under identical conditions are presented in Table 4. The 
highest reliability, measured by ICC and Cohen’s �, is observed when classifying com-
panies as AI users (AI1). High reliability is also found in classifying whether companies 
employ AI in business processes (AI2) and in products and services (AI4).

In contrast, the method exhibited relatively lower reliability in identifying the functional 
domains where AI is used (AI3 variants), likely reflecting the greater complexity involved 
in these distinctions. This was not the case for AI3MS, suggesting that the detection of AI 

(5)Accuracy =
TP + TN

TP + TN + FP + FN
.

(6)Precision =
TP

TP + FP
.

(7)Recall =
TP

TP + FN
.

(8)F1Score = 2 ×
Precision × Recall

Precision + Recall
.

(9)MCC =
TP × TN − FP × FN

√
(TP + FP)(TP + FN)(TN + FP)(TN + FN)

.
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use in marketing and sales is more reliable. Finally, the classification of the product’s inno-
vation radicalness (AI5) also showed good reliability.

Model validity

Table 5 reports the model’s predictive validity metrics averaged across ten repeated execu-
tions for each classification output defined in the framework. The high overall accuracy 
across models (mean ≈ 0.951 ) confirms the system’s capacity to distinguish between firms 
that do or do not adopt AI (AI1), apply AI in internal processes (AI2), embed AI into prod-
ucts or services (AI4), and distinguish between incremental or radical innovation (AI5). 
These high-level decisions yield F 1Scores between 0.68 and 0.77, and Matthews Correla-
tion Coefficients in the range of 0.66 to 0.74, indicating robust discriminative power and 
reliable signal detection even under potential class imbalance.

However, performance is more heterogeneous for AI3—the dimension that identifies the 
specific functional area in which AI is applied. While some categories such as AI3MS and 
AI3PGS exhibit strong accuracy (0.96 and 0.95) and acceptable F1Scores (0.59 and 0.53), 
others like AI3ICS and AI3DL show more imbalanced trade-offs between precision and 
recall, resulting in lower F1Scores (0.35 and 0.42) and MCC values under 0.50. This is con-
nected with the lower reliability of these same classifications.

Table 4   ICC and Cohen � results 
for each AI response

ICC Cohen �

AI1 0.89 0.88
AI2 0.87 0.87
AI3PGS 0.67 0.66
AI3DL 0.61 0.59
AI3MS 0.78 0.78
AI3ICS 0.45 0.44
AI3AM 0.60 0.59
AI3PDB 0.64 0.64
AI4 0.80 0.80
AI5 0.74 0.74

Table 5   Model performance 
metrics for each AI dimension

Accuracy Precision Recall F
1
Score MCC

AI1 0.94 0.69 0.80 0.74 0.71
AI2 0.95 0.72 0.82 0.77 0.74
AI3PGS 0.95 0.64 0.46 0.53 0.52
AI3DL 0.95 0.85 0.29 0.42 0.47
AI3MS 0.96 0.61 0.58 0.59 0.58
AI3ICS 0.94 0.45 0.30 0.35 0.34
AI3AM 0.97 0.53 0.60 0.56 0.55
AI3PDB 0.93 0.63 0.35 0.45 0.44
AI4 0.95 0.66 0.71 0.68 0.66
AI5 0.96 0.56 0.75 0.64 0.63
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In summary, the model exhibits suitable validity across core classification dimensions 
(AI1, AI2, AI4, AI5), while showing moderately lower but still informative performance in 
the more granular classification of functional AI use (AI3).

Results

This section presents the key results of our analysis on AI adoption among Spanish firms, 
based on web content extracted from their official websites in 2023 and 2025. The results 
are organized into three main dimensions: adoption patterns across firm sizes and eco-
nomic sectors, the geographic distribution of adopters at the provincial level, and the typol-
ogy of AI use within firms—distinguishing between internal process integration and prod-
uct-oriented applications.

AI Adoption segmented by size and sector

Table 6 presents AI adoption patterns by industry and firm size in 2025, revealing impor-
tant differences in how companies integrate AI technologies depending on their charac-
teristics. A clear gradient emerges across firm sizes: large companies consistently show 
higher adoption rates, followed by medium-sized firms, while small and micro-enterprises 

Table 6   AI adoption rates across industries and firm sizes in 2025

Values represent the proportion of firms in each category using AI
*Indicates sectors with fewer than 15 firms

Description Large Medium Small Micro Total

Administrative and support services 0.143 0.065 0.066 0.041 0.051
Agriculture, livestock, forestry, and fishing * 0.022 0.014 0.017 0.017
Artistic, recreational, and entertainment activities * 0.043 0.044 0.020 0.027
Construction * 0.032 0.021 0.019 0.020
Education * 0.132 0.121 0.061 0.082
Electricity, gas, steam, and air conditioning supply * * 0.043 0.059 0.062
Extractive industries * * 0.008 0.010 0.008
Financial and insurance activities * 0.045 0.121 0.076 0.082
Healthcare and social services * 0.071 0.057 0.041 0.047
Hospitality * 0.008 0.008 0.009 0.008
Information and communications * 0.573 0.414 0.180 0.257
Manufacturing industry 0.130 0.062 0.026 0.015 0.023
Other services * 0.152 0.050 0.034 0.042
Professional, scientific, and technical activities * 0.360 0.148 0.060 0.083
Real estate activities * 0.222 0.054 0.033 0.035
Transportation and storage * 0.046 0.023 0.015 0.021
Water supply, sanitation, waste management, and 

decontamination
* 0.118 0.028 0.013 0.027

Wholesale and retail trade; vehicle repair 0.118 0.079 0.043 0.031 0.036
Total 0.154 0.103 0.057 0.040 0.048
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present more modest levels of uptake. This gradient is consistent with prior evidence on 
scale advantages in digital technologies.

AI adoption is highest in the Information and Communications sector, driven by its dig-
ital maturity and reliance on data-intensive services. Professional, Scientific, and Technical 
Activities also show strong uptake, particularly among medium and large firms, reflecting 
AI’s value in enhancing knowledge-based work. In contrast, traditional sectors like Agri-
culture, Hospitality, Construction, and Manufacturing exhibit limited adoption, with AI use 
often confined to support functions rather than core operations, especially among smaller 
firms. This contrast aligns with expectations of greater uptake in knowledge-intensive sec-
tors compared to traditional industries.

Figure 4 illustrates the change in the proportion of companies adopting AI between 2023 
and 2025, broken down by firm size. The results reveal a consistent increase in AI adoption 
across all size categories, with the most pronounced growth observed among larger firms. 
Medium-sized firms also saw notable growth, while small and micro-enterprises experi-
enced only modest gains, indicating persistent resource and capability gaps.

Figure  5 presents the percentage change in AI adoption by economic sector between 
2023 and 2025. The results confirm that the expansion of AI use is highly uneven across 
industries, with a few sectors driving most of the observed growth.

The Information and Communications sector leads in AI adoption growth, reinforcing 
its role in digital innovation. Significant increases are also observed in Energy and Edu-
cation. Moderate gains in Professional, Scientific, Technical, and Financial sectors reflect 
continued integration of AI in service delivery. In contrast, sectors like Construction, Man-
ufacturing, and Hospitality show limited progress, with Extractive Industries stagnant and 
Agriculture experiencing a slight decline.

AI Adoption segmented by Geography

Figure  6 illustrates the geographic distribution of AI usage across Spanish provinces in 
2023 and 2025, respectively. The maps are segmented by quintiles, with darker shades 

Fig. 4   Change in the proportion of AI-adopting companies by size between 2023 and 2025



2350	 Scientometrics (2026) 131:2333–2372

indicating higher levels of AI adoption based on the proportion of firms mentioning the use 
of AI on their corporate websites.

To quantify these spatial dynamics, we computed dispersion statistics for the provincial 
distribution of AI adoption. The Herfindahl–Hirschman Index (HHI) decreased from 0.115 
in 2023 to 0.106 in 2025, while the Gini coefficient fell from 0.691 to 0.669, and the Theil 
index from 1.054 to 1.002. These declines indicate a modest reduction in concentration 
across provinces, consistent with a gradual democratization of adoption patterns.

In 2023 (Fig.  6a), the spatial pattern of AI usage is relatively dispersed, with higher 
adoption concentrated in a few central and northern provinces. The majority of provinces 
fall within the lower to middle quintiles, denoting that AI adoption was still in its early 
diffusion phase, with limited regional concentration. Some industrial hubs and urbanized 
areas already displayed moderate adoption, but the national landscape was characterized by 
fragmentation and uneven development.

Fig. 6   AI adoption across Spanish provinces (NUTS-3 level) in 2023 and 2025. Provinces are grouped into 
quintiles by the proportion of firms adopting AI
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Fig. 5   Percentage change in AI adoption by sector from 2023 to 2025. Increases are shown in green and 
decreases in red. (Color figure online)
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By 2025 (Fig.  6b), the landscape changes significantly. A clear intensification of AI 
usage is observed, with a larger number of locations moving into the upper quintiles. High 
AI adoption is no longer confined to a few regions; instead, it spreads across both northern 
and southern provinces, indicating a broader diffusion of AI technologies. Notably, several 
traditionally less digitized provinces have progressed into higher quintiles, suggesting that 
regional gaps are beginning to narrow—although some disparities persist.

This spatial pattern matches expectations. In 2023, higher adoption appears in Madrid, 
Catalonia, and the Basque Country, which are established innovation hubs. By 2025, adop-
tion spreads to more provinces, showing a diffusion from core regions to others. This sug-
gests that the indicator is capturing plausible regional dynamics of AI adoption.

AI Adoption segmented by Process/Product Application

Based on firm website content, the model indicates that among companies identified as 
AI adopters in 2025, AI use tends to be more commonly associated with process-related 
activities (92.08%) than with product-related ones (67.92%). When AI is mentioned in 
relation to products, around 68.4% of those mentions are interpreted as referring to radical 
innovation.

Focusing on the process-oriented results, Fig. 7 illustrates how companies of different 
sizes applied AI across various business functions in 2023 and 2025, specifically in the 
context of process innovation. The radar charts clearly reveal a persistent size-based gradi-
ent: larger firms consistently demonstrate higher levels of AI integration in all functional 
areas compared to medium, small, and micro enterprises with the exception of Distribution 
and Logistics.

In 2023 (Fig.  7a), large firms concentrated their AI efforts in Marketing and Sales, 
Product and Business Development, and Administration and Management. Medium-sized 
companies showed moderate engagement across functions, with relatively stronger use in 
Production of Goods and Services and Distribution and Logistics. Micro and small firms 
reported minimal use of AI, with their limited activity primarily focused on accessible 
domains like Information and Communication Systems and Distribution and Logistics.

By 2025 (Fig. 7b), the functional reach of AI broadened for all firm sizes, but the dis-
parity between large firms and the rest grew even more pronounced. Larger companies 

Fig. 7   Comparison of AI usage across business functions by firm size in 2023 and 2025. The figures show 
the shift in AI adoption across different business functions and firm sizes over time
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exhibited intensified adoption in almost every area, especially in Administration and Man-
agement and Product and Business Development. Medium-sized firms increased their pres-
ence in Production, while smaller firms maintained a limited but slightly expanded use 
in technical areas like Information and Communication Systems and Distribution and 
Logistics.

These results are consistent with expectations. Firms more oriented toward products, 
such as those in digital services and communications, show stronger signals of AI in 
product innovation, while process-intensive industries like manufacturing display greater 
emphasis on internal applications. The predominance of process-related use across all sec-
tors also reflects the common trajectory in which companies first apply AI to improve oper-
ations before embedding it in external offerings. This alignment suggests that the indicator 
captures plausible distinctions between product- and process-oriented adoption.

The distribution of the different business functions remains consistent across firm sizes 
and over time. This is visually reflected in the concentric shape of the radar plots, where 
firms of different sizes follow similar patterns of AI application within each year.

Overall, the charts highlight that firm size plays a key role in shaping not only whether 
AI is adopted, but also where within the business it is implemented. Larger firms appear 
more capable of leveraging AI across multiple functional domains.

Discussion

The integration of LLMs into the analysis of corporate web content represents a methodo-
logical advancement on innovation measurement and digital transformation. By applying 
an LLM-based pipeline to analyze the textual content of corporate websites, we introduce 
a novel and scalable approach for detecting firm-level innovation and technology adop-
tion. This method improves upon traditional survey-based techniques, which, in addition 
to being more costly, often suffer from limited sample sizes and delayed reporting (Gök 
et al., 2015; McElheran et al., 2024). It also overcomes key limitations of previous web-
based approaches that rely on keyword matching, which can miss implicit references to AI 
or generate false positives, particularly in multilingual contexts (Alekseeva et  al., 2021). 
In contrast, our LLM-based method provides semantic understanding of textual content, 
enabling more accurate detection of AI adoption even when firms use varied or indirect 
language. Furthermore, this approach offers a dynamic alternative to static measurement 
methods by allowing continuous monitoring of technological adoption through publicly 
available digital content. As such, it enhances the methodological toolkit for innovation 
studies, providing timely and context-aware indicators suited to tracking fast-evolving 
technologies.

More recent studies, such as Dahlke et al. (2024), also address these limitations through 
the use of supervised language models trained to differentiate between substantive and 
superficial references to AI. Their method combines keyword-based filtering for feature 
selection with a supervised transformer model trained for classification. Our approach uses 
chunk selection based on cosine similarity to select relevant content, followed by classifi-
cation through a rubric-based LLM. This design supports comparability across firms and 
sectors, reduces dependency on labeled data, and enables monitoring of AI adoption using 
open web content.

The findings from this study offer detailed evidence of how AI adoption is spread-
ing among Spanish firms following the launch of ChatGPT in 2022. To support external 
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validity, we compare our results with official data from the Spanish National Statistics 
Institute (INE), which reports a 5.75% AI usage rate among firms with more than 10 
employees in 2023. This aligns well with our overall estimate of 4.8% across all firm sizes 
in 2025, and 10.3% among medium and large firms. Sectoral patterns also converge across 
datasets. In both our data and that of INE, the services sector emerges as the most AI-
intensive. In contrast, more traditional sectors—including Agriculture, Hospitality, and 
Manufacturing—consistently report lower adoption rates.

Geographically, high adoption regions coincide. Madrid (INE: 12.82%) and the Basque 
Country (INE: 10.66%) lead in both datasets, while Extremadura, Ceuta, and Melilla con-
sistently show lower levels. Our province-level data further reveal a gradual diffusion of 
AI into less urbanized areas between 2023 and 2025, supporting the notion of narrowing 
regional gaps. Unlike INE data, our approach also captures functional differences—high-
lighting that most adopters use AI in internal processes (92%) and, when used in products, 
it often represents radical innovation (68%).

Overall, we observe a substantial increase in the prevalence of AI use between 2023 
and 2025, confirming that the adoption of AI technologies has accelerated markedly in 
recent years. While the overall AI adoption levels observed in this study are consistent with 
similar research (Calvino & Fontanelli, 2023; McElheran et al., 2024; Dahlke et al., 2024), 
our LLM-based methodology provides a more detailed perspective on adoption patterns. 
Specifically, this approach allows for differentiation of AI integration across firm sizes, 
economic sectors, and geographic areas, as well as identification of the functional domains 
in which AI technologies are employed. Consequently, it delivers a more granular under-
standing of the heterogeneity and evolution of AI adoption compared to previous methods 
relying on keyword-based approaches or aggregate survey data.

The results show that larger firms exhibit substantially higher AI uptake than small and 
mid-sized enterprises, consistent with prior research evidence that AI diffusion shows a 
“large firm bias”. Cross-country data indicate that the share of AI-using firms is highest 
among those with over 250 employees, often roughly double the adoption rate of the next-
largest size category (Calvino & Fontanelli, 2023). This results align and complement 
similar studies which focused on other geographies such us European countries or United 
States (Calvino & Fontanelli, 2023; Alekseeva et al., 2021; McElheran et al., 2024).

As presented in Fig.  5, this study shows that sectoral differences in AI adoption are 
similarly pronounced, with knowledge-intensive industries leading the way and traditional 
sectors lagging behind. Other studies also confirm that AI use is especially prevalent in 
high-tech and professional industries—for example, the Information and Communication 
sector and professional, scientific and technical services show the highest adoption rates 
(Calvino & Fontanelli, 2023; McElheran et al., 2024).

Beyond confirming well-known patterns such as the dominance of large firms and 
knowledge-intensive sectors in AI adoption, our study reveals a widening gap in AI adop-
tion across both firm size and sectoral dimensions. Larger firms consistently exhibit higher 
growth rates in AI adoption compared to medium-sized, small, and micro-enterprises, sug-
gesting increasing disparities linked to resource availability and technical capabilities. This 
divergence raises important questions about the potential for digital inequality, as smaller 
firms may face structural barriers preventing them from fully leveraging AI-driven pro-
ductivity gains. Similarly, the sectoral analysis underscores that industries already posi-
tioned at the technological frontier, mainly Information and Communications, Education, 
and Financial and Insurance activities, continue to accelerate their adoption rates, whereas 
traditional sectors like Agriculture, Construction, Manufacturing, and Hospitality show 
limited progress. This growing sectoral divide highlights the uneven distribution of digital 
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transformation benefits and suggests the need for targeted policy interventions aimed at 
reducing barriers to AI adoption in lagging sectors and smaller firms, to mitigate potential 
long-term competitive disadvantages.

A further dimension of uneven adoption highlighted by our study is geography. AI 
adoption by firms in Spain remains geographically concentrated in major urban and eco-
nomic hubs. At the same time, dispersion statistics indicate modest spread from 2023 to 
2025 (Gini 0.69 to 0.67; Theil 1.05 to 1.00; HHI 0.115 to 0.106), suggesting a gradual but 
limited narrowing of regional gaps. Firms headquartered in larger cities still show substan-
tially higher rates of AI-related activity, reflecting their role as centers of technological 
innovation, talent, and digital entrepreneurship, while less populated regions continue to 
lag. This core-periphery pattern of technological diffusion is again consistent with prior 
research. McElheran et al. (2024) document that in the US, a handful of “superstar” cit-
ies (e.g., San Francisco, Seattle, New York) and emerging hubs led the early adoption of 
AI among startups, whereas other regions lagged, raising concerns about spatial inequali-
ties. In Europe, recent analyses similarly point to regional hotspots driving AI uptake. For 
instance, Dahlke et al. (2024) identify strong geographic clustering of AI adoption in the 
DACH region (Germany, Austria, Switzerland), finding that firms embedded in knowl-
edge-rich regions and networks are much more likely to adopt AI.

Our findings reveal that the majority of Spanish firms adopting AI tend to apply it 
within internal processes while more than half also use it in products. This aligns with pre-
vious studies suggesting that firms often integrate new technologies incrementally, using 
them first to enhance productivity (Alekseeva et al., 2021; Czarnitzki et al., 2023).

In terms of functional application, AI is most frequently used in Administration and 
Management, followed by Production of Goods and Services and Business Development. 
These areas show the highest levels of process-related adoption, especially among larger 
firms, indicating a focus on decision-making, coordination, and strategic planning. This 
pattern is consistent with recent studies highlighting the growing role of AI in management 
and innovation functions (Alekseeva et al., 2021; Rammer & Es-Sadki, 2023), in contrast 
to earlier expectations that emphasized its use in operational tasks (Hollenstein & Woerter, 
2008).

Beyond process innovation, our findings reveal that when AI is embedded in products, 
most of these cases qualify as radical innovations. This supports the theoretical perspective 
that AI-driven product innovations have the potential to significantly reshape industries, 
particularly through technologies such as deep learning, autonomous systems, or advanced 
diagnostics (Bresnahan, 2010; Schumpeter & Swedberg, 2013). Unlike incremental pro-
cess improvements, radical product innovations introduce fundamentally new functionali-
ties or redefine existing offerings, often enabling firms to move into entirely new market 
spaces. Although fewer companies integrate AI into products compared to processes, those 
that do are often pursuing high-impact transformations. This observation resonates with 
the notion of AI as a general-purpose technology whose most disruptive potential lies in 
enabling entirely new forms of value creation (Cockburn et al., 2019).

Notably, the use of a rubric-guided LLM allows for classification of AI adoption by 
business function, offering a level of granularity not typically captured in survey-based or 
keyword-driven approaches. The results indicate that administrative and product develop-
ment functions dominate among large firms, while early signs of AI use in logistics and 
information systems are emerging among smaller companies. These functional patterns 
provide a more nuanced picture of how AI is being integrated across organizational layers 
and firm sizes. This approach reflects recent developments in the “WebAI” paradigm for 
innovation research (Dahlke et al., 2025), which emphasizes the growing role of AI-driven 
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tools in extracting structured insights from firms’ digital self-representations. In this con-
text, the present study contributes to ongoing debates about the use of web data for inno-
vation measurement by demonstrating how LLMs—when paired with domain-specific 
rubrics and contextual filtering—can move beyond superficial mentions and toward mean-
ingful indicators of technological adoption and functional integration.

Limitations

A number of limitations should be acknowledged in this study. First, not all active compa-
nies in Spain are included in the SABI database, which may limit the coverage of the sam-
ple. Second, there is not always a one-to-one correspondence between companies and web-
site URLs—some firms may share a single URL (as in the case of franchises), while others 
may operate multiple digital domains, complicating the mapping process. Third, the selec-
tion of firms based on the availability of a corporate website introduces a coverage bias, 
as companies without an online presence are systematically excluded. Fourth, limiting the 
analysis to firms observed in both 2023 and 2025 may introduce survivorship bias, poten-
tially underrepresenting newer firms or those that exited the market during the period and 
overrepresenting larger and more digitally established firms. Fifth, evaluation results were 
lower in some AI3 subcategories, likely due to the greater complexity of more granular 
functional classifications beyond the product/process level. Sixth, the human-labeled sam-
ple was annotated by members of the research team rather than external experts, despite 
efforts to ensure multidisciplinary input.

Additionally, broader methodological challenges common to web-based data analysis 
must also be considered. These include the use of marketing language that may exaggerate 
capabilities, heterogeneous web structures and content quality, technical barriers to extract-
ing dynamic or restricted pages, multilingual inconsistencies and local terminology that 
hinder keyword-based detection, and asynchronous website updates that may not reflect 
the actual timing of technology adoption (Gök et al., 2015; Koster et al., 2022; Bottai et al., 
2024; Dahlke et al., 2025).

Implications for future research

While this work focused on AI adoption, the same approach can be extended to monitor the 
emergence and diffusion of new and frontier technologies across sectors and geographies. 
Future research could adapt the detection rubric and embedding strategies to track tech-
nologies such as quantum computing, synthetic biology, green hydrogen, or digital twins, 
providing early signals of innovation hotspots and market shifts.

In addition, this methodology opens avenues for analyzing the evolution of technologi-
cal discourse over time. By comparing website content across years, researchers can detect 
changes in the prominence, framing, and co-occurrence of technological concepts, ena-
bling a dynamic view of innovation cycles and hype curves. This approach can also help 
identify first movers and trendsetters by flagging firms that consistently reference cutting-
edge technologies before they become mainstream.

From a policy perspective, the application of LLMs for technology mining supports 
evidence-based decision-making. Innovation agencies and governments can leverage this 
methodology to monitor real-time adoption of priority technologies, evaluate the impact 
of policy interventions, and detect sectoral or regional gaps in technological uptake. The 
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ability to extract signals from open web data complements official statistics and enables 
anticipation of technological transitions ahead of traditional reporting mechanisms.

As an initial step in this direction, “Appendix 4” presents a bag-of-words analysis com-
paring product- and process-related AI use, highlighting distinct lexical patterns. Future 
work could expand on this by incorporating topic modeling techniques as a complementary 
validation layer, in line with recent advances in web-based innovation research.

Finally, further research could delve deeper into product-oriented classifications and 
explore how varying intensities and forms of innovation are reflected in web-based dis-
course. Combining this approach with alternative data sources—such as patent filings or 
firm-level surveys—would enhance the robustness and validity of innovation measurement 
frameworks.

Conclusion

This study presents a novel methodology for detecting AI adoption in companies through 
the integration of Large Language Models and web mining techniques. By analyzing the 
content of corporate websites for 118,605 Spanish firms, we provide a scalable and repli-
cable approach to monitoring AI adoption in real-time. Our framework combines seman-
tic embeddings, chunk-based retrieval, rubric-guided classification, and stratified manual 
validation, offering an alternative to traditional survey-based methods and enhancing our 
understanding of how firms communicate innovation externally.

The results reveal several important patterns. Firm size is an important determinant of 
AI adoption. Larger firms are substantially more likely to adopt and disclose AI technolo-
gies, both in 2023 and 2025. They also show broader functional integration, particularly 
in areas such as administration, product development, and marketing. Sectoral differences 
are pronounced. AI is most prevalent in digital- and knowledge-intensive industries such 
as Information and Communications, Professional Services, and Education. Conversely, 
traditional sectors like Agriculture, Construction, and Hospitality show lower and slower 
uptake. AI is more commonly used in internal processes than in products. This suggests 
that companies find it easier to integrate AI into existing operations rather than embed 
it into market-facing innovations, partly due to the sectoral nature of some firms and the 
lower implementation complexity of process AI. When AI is applied to products, it often 
represents a radical innovation. Over two-thirds of AI product cases are classified as radi-
cal, highlighting the transformative potential of AI when used in external offerings. Geo-
graphic distribution of AI adoption is becoming more balanced. Between 2023 and 2025, 
we observe greater diffusion across Spanish provinces, indicating that regional gaps in 
technological uptake may be narrowing.

Finally, this framework can contribute to technology foresight and strategic intelli-
gence by identifying weak signals and mapping early-stage ecosystems. Combined with 
additional data sources—such as funding data, scientific publications, or startup activity—
LLM-based tech mining can become a cornerstone tool for shaping forward-looking inno-
vation policy and guiding public and private investment strategies.

Appendix 1: Complementary information

See Table 7. 
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Table 7   AI adoption rates across industries and firm sizes in 2023

Values represent the proportion of firms in each category using AI
*Indicates sectors with fewer than 15 firms

Large Medium Small Micro Total

Administrative and support services 0.057 0.033 0.046 0.027 0.033
Agriculture, livestock, forestry, and fishing * 0.022 0.014 0.022 0.019
Artistic, recreational, and entertainment activities * 0.032 0.023 0.015 0.018
Construction * 0.034 0.019 0.013 0.016
Education * 0.075 0.069 0.036 0.048
Electricity, gas, steam, and air conditioning supply * * 0.014 0.016 0.015
Extractive industries * * 0.000 0.010 0.004
Financial and insurance activities * 0 0.069 0.054 0.056
Healthcare and social services * 0.038 0.045 0.030 0.035
Hospitality * 0.006 0.005 0.006 0.005
Information and communications * 0.485 0.307 0.129 0.190
Manufacturing industry 0.087 0.045 0.021 0.011 0.017
Other services * 0.130 0.029 0.023 0.028
Professional, scientific, and technical activities * 0.265 0.109 0.044 0.061
Real estate activities * 0.111 0.025 0.023 0.023
Transportation and storage * 0.039 0.014 0.009 0.013
Water supply, sanitation, waste management, and 

decontamination
* 0.059 0.023 0.004 0.017

Wholesale and retail trade; vehicle repair 0.118 0.051 0.036 0.024 0.028
Total 0.119 0.076 0.043 0.029 0.035

Appendix 2: LLM Prompt instructions

AI implementation evaluation on websites

You will receive a text fragment extracted from a website. Your task is to identify and 
evaluate the presence and use of Artificial Intelligence (AI) in the content, applying the 
criteria and examples outlined below.

AI detection in content

Determine if the content mentions or implies the use of AI, avoiding false positives. To do 
this, review the following aspects:

Direct References: Identify key terms such as ‘artificial intelligence’, ‘machine learn-
ing’, ‘deep learning’, ‘neural networks’, ‘automatic learning’, ‘cognitive computing’, ‘gen-
erative AI’, ‘generative models’, and ‘AI algorithms’.

Conversational Systems: Chatbots, virtual assistants, automatic response generation. 
Example: “Our chatbot answers queries in seconds with generative AI.”

AI News: Announcements of internal developments, investments in AI. Example: “Our 
company has developed a new AI model for financial analysis.”
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Applications and Services: AI-based personalization, computer vision, predictive ana-
lytics, recommendation systems. Example: “We use AI to predict market demand.”

Technological Innovations: Use of LIDAR, GANs, RPA, NLP, continuous learning. 
Example: “We use GANs to generate visual content” or “We use NLP to process text 
information.”

Specific Models: Mentions of models like GPT-4, BERT, DALL⋅ E, Stable Diffusion, 
etc. Example: “Our system uses GPT-4 to automatically analyze legal documents.”

Decision Automation: Use of AI in decision-making processes. Example: “We opti-
mize banking credit with machine learning models.”

Avoid false positives: - Do not assume the company uses AI just because the con-
cept is mentioned generically. - Look for clear evidence of implementation in products or 
processes.

If there is insufficient evidence, indicate that AI was not detected.

AI implementation evaluation

If AI presence is detected, proceed to classify it according to the following criteria:

Key definitions

To avoid ambiguity, the following definitions are established:

•	 Product: AI-based solutions designed to be marketed and used externally by clients or 
end-users. Examples: smart devices, autonomous vehicles, AI-as-a-service platforms.

•	 Process: AI applications implemented internally to improve efficiency, automate tasks, 
or optimize operations. Examples: internal chatbots, data analysis systems, or adminis-
trative process automation.

[AI1] Use of artificial intelligence in the company (1 or 0)

Is the use of AI technologies in products and/or processes evidenced by the informa-
tion available on the website? - 1 (Yes): AI use is identified. - 0 (No): No clear evidence 
of AI use. Note If AI mention is ambiguous, assign 0. Furthermore, if AI1 = 0, the follow-
ing metrics (AI2, AI3, AI4, AI5) must be set to 0.

[AI2] Implementation level in processes (1 or 0) (if AI1 = 1)

Is the use of AI in internal company processes mentioned or inferred? Consider ‘pro-
cesses’ to be applications aimed at improving efficiency, automating routine tasks, or 
optimizing operations. Example: internal chatbots, predictive analytics in logistics, or rec-
ommendation systems for administrative processes. - 1 (Yes): AI integration in internal 
processes is evident. - 0 (No): No conclusive evidence found. If information is ambiguous, 
assign 0.
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[AI3] Application area (if AI2 = 1)

If AI2 = 1, classify the AI implementation in the corresponding area using the following 
codes and examples:

PGS: Goods or Services Production Example: Industrial automation with robots and 
AI systems, predictive maintenance using sensor analysis, quality control with computer 
vision.

DL: Distribution and Logistics Example: Route optimization with AI, inventory man-
agement with machine learning, warehouse automation with robots and drones, real-time 
tracking.

MS: Marketing and Sales Example: Personalized advertising with AI, chatbots for cus-
tomer support, trend analysis with machine learning, advertising campaign automation.

ICS: Information and Communication Systems Example: Cybersecurity with AI, vir-
tual assistants for technical support, system performance optimization, data processing 
with AI.

AM: Administration and Management Example: Predictive financial analysis, account-
ing automation, AI-based recruitment, automatic document management, AI-based man-
agement assistants.

PDB: Product and Business Process Development Example: AI-assisted product 
design, virtual simulation and testing, business process optimization, AI-assisted software 
development.

For each column, indicate, in binary form, whether AI implementation is detected (1) 
or not (0) in the respective area. It is essential that, if AI2 = 1, at least one of these fields is 
marked as 1; otherwise, AI2 should be assigned 0.

[AI4] Use in products (1 or 0) (if AI1 = 1)

Is AI part of a product or service offered? (Consider ‘product’ to be AI-based solutions 
designed for clients or end-users). - 1 (Yes): AI is an integral component of the product 
or service. Example: a smart device with facial recognition or an autonomous vehicle. - 0 
(No): No AI application in products or insufficient information. If information is ambigu-
ous, assign 0.

[AI5] Product type (if AI4 = 1)

If AI4 = 1, determine whether the product depends essentially on AI for its operation or if 
AI is just an added value:

0: Incremental: Gradual improvements that do not drastically change the market but 
maintain competitiveness. These products use AI as a complement, improving efficiency, 
functionality, or user experience without completely transforming the market. Example: a 
surveillance camera using AI for facial detection but still recording video without it. Other 
examples include: - Recommendation systems. - Interface improvements. - AI features that 
optimize existing tasks.
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1: Radical: Disruptive changes that create new industries or significantly transform 
existing ones. Example: the development of autonomous vehicles that use AI to oper-
ate without human intervention, creating new forms of transportation and entirely new 
markets.

If AI4 = 0 or information does not allow conclusions, assign 0.

Expected output

The response must be exclusively in table format with the following columns:

•	 AI1: 0/1: Is AI used in the company?
•	 AI2: 0/1: Is AI use detected in internal processes?
•	 PGS: 0/1: Is AI used in Goods or Services Production?
•	 DL: 0/1: Is AI used in Distribution and Logistics?
•	 MS: 0/1: Is AI used in Marketing and Sales?
•	 ICS: 0/1: Is AI used in Information and Communication Systems?
•	 AM: 0/1: Is AI used in Administration and Management?
•	 PDB: 0/1: Is AI used in Product and Business Process Development?
•	 AI4: 0/1: Is AI used in a product or service?
•	 AI5: 0/1: Product Category (0 if not applicable or incremental, 1 for radical)

Do not include any additional text outside of the table.

Appendix 3: Examples of chunks classified as process/product 
innovation

Category Description

AI process “Route planning is dynamically optimized using maps and sales forecasts to identify high-
priority machines. This reduces unnecessary visits by up to 30%”

AI process “Manual processes are prone to errors and consume valuable time that could be dedicated to 
strategic tasks. AI Solution: Robotic Process Automation (RPA) uses AI-powered bots to 
handle repetitive tasks, such as data management or email dispatch, allowing employees 
to focus on higher-value activities”

AI product “Our solutions are built on deep knowledge of big data technologies. They are scalable, secure, 
and capable of handling complex datasets. From generative AI and natural language process-
ing to machine learning and predictive analytics, our AI-powered solutions are designed to 
unlock new opportunities and optimize operations”

AI product “Our integrated Data Fabric platform unifies all your information and artificial intelligence 
technology in one place. Our mission is to help companies maximize the value of their 
data, establishing ourselves as leaders in digital transformation”

The original texts were in Spanish and have been translated into English for illustration purposes
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Appendix 4: Topic modeling exploration

This “Appendix” provides an exploratory linguistic and thematic analysis of how Spanish 
firms describe artificial intelligence on their corporate websites. The objective is to com-
plement the quantitative classification results with qualitative and probabilistic text analy-
sis, offering deeper insight into the narratives through which firms articulate AI adoption. 
We combine descriptive visualization and topic modeling techniques to examine how the 
discourse differs across two dimensions of adoption: (i) internal, process-oriented applica-
tions (AI2) and (ii) external, product- and service-oriented applications (AI4). Together, 
these approaches help to uncover the cognitive and communicative structures underpinning 
the diffusion of AI across organizational boundaries.
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Fig. 8   Word cloud for process-related AI use

Fig. 9   Word cloud for product/services-related AI use
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(A) Word Cloud
As a first step, we conducted a complementary exploratory analysis by generating com-

parative word clouds from AI-related fragments in processes (AI2) and products/services 
(AI4). The visualizations reveal a clear lexical divergence: process-related texts empha-
size automation, efficiency, and workflow, pointing to internal optimization, while product-
related texts highlight recommendation, personalization, and customer, reflecting user-fac-
ing innovation. This contrast reinforces our classification framework and provides a basis 
for deeper topic modeling (Figs. 8, 9).

(B) Topic Modeling using Latent Dirichlet Allocation (LDA)
To deepen the analysis of AI-related language on company websites, we applied Latent 

Dirichlet Allocation to the previously classified text fragments. LDA is an unsupervised 
probabilistic model that detects hidden thematic structures by treating each document as a 
combination of topics, and each topic as a distribution of words.

We evaluated multiple topic configurations and compared their performance using 
standard indicators of model quality and thematic stability for both internal-process AI 
adoption (AI2) and product- and service-related AI adoption (AI4). In both cases, mod-
els with K = 50 and K = 100 achieved the strongest overall balance between semantic 
coherence and clustering consistency, whereas smaller specifications such as K = 4 pro-
duced broader but more general thematic structures that captured dominant narratives 
with limited differentiation. Larger models (e.g., K ≥ 200 ) yielded lower perplexity and 
higher cluster stability but led to thematic fragmentation and overlapping semantic fields 
that reduced interpretability. Based on this evidence, we retained K = 100 as the preferred 
extended configuration to explore sub-thematic variation with sufficient granularity, and 
the resulting topic structures are summarised in the tables below (Tables 8, 9).

The topic modeling over AI2 and AI4 reveals two complementary dimensions of AI-
related discourse among Spanish firms. The most probable topics, such as Solutions/Ser-
vices and Data Intelligence, suggest a stable and overarching narrative focused on tech-
nological capabilities and service provision. Within AI2, topics like Datos IA, IA Datos, 

Table 8   Summary of model 
selection metrics for AI2 
(internal-process AI adoption)

K Coherence ARI Perplexity

4 0.128 0.688 2041.14
50 0.185 0.444 1148.95
100 0.174 0.458 1030.86
200 0.137 0.524 969.41

Table 9   Summary of model 
selection metrics for AI4 
(product- and service-related AI 
adoption)

K Coherence ARI Perplexity

4 0.048 0.216 835.16
50 0.184 0.673 495.37
100 0.168 0.650 476.09
200 −0.007 0.772 492.26
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and Procesos de Negocio exhibit markedly higher probabilities than in AI4, highlighting a 
process-oriented view of AI centered on data management, decision-making, and internal 
efficiency. This pattern reflects a discourse grounded in organizational processes and mana-
gerial optimization rather than product communication.

Conversely, AI4 displays stronger associations with market-oriented and web-derived 
themes, including IA Lenguaje (language models), Modelo IA (e.g., OpenAI, DeepSeek, 
ChatGPT), and legal or compliance-related topics such as cookies and privacy policies. 
These reflect the external projection of AI as a product feature, technological attribute, or 
regulatory concern. Taken together, the results illustrate a clear distinction between func-
tional adoption—where AI supports internal processes—and communicative adoption—
where AI forms part of firms’ product and marketing narratives. This duality underscores 
the multidimensional nature of AI diffusion across organizational boundaries.

The probability values reported in Table  10 correspond to the average topic weights 
estimated from the LDA model. Specifically, Prob represents each topic’s overall preva-
lence across all relevant paragraphs, while Prob_AI2 and Prob_AI4 indicate its relative 
importance within the process-oriented and product-oriented subsets, respectively. This 
information helps to compare the semantic dominance of each topic across both dimen-
sions of AI adoption. This approach resembles that presented in the y material of Dahlke 
et al. (2024).

Overall, the topic model reinforces the distinction between internal and external AI nar-
ratives, revealing how firms simultaneously frame AI as a tool for operational improvement 
and as a market-facing technological asset.

Appendix 5: LLM classification details

See Table 11. 

Table 11   LLM classification configuration

Component Description

Model GPT-4o-mini
Platform OpenAI API
Prompt structure Custom rubric-based classification prompt (see “Appendix 2”)
Task Binary classification of AI adoption (IA = 1/0), with sublabels for 

process (AI2) and product (AI4)
Temperature 1.0
Top-p 1.0
Fragments per firm Top 10 highest-ranked fragments by semantic similarity to AI queries
Chunking configuration each chunk  1000 bytes; symmetric context window of  1.1 KB
Validation method Stratified manual validation across firm size, sector, and region
Fine-tuning None
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