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Abstract 
 
We examine whether public R&D funding stimulates AI innovation in Europe and the UK, using patent 

data from the European Patent Office (2003–2021). We construct a novel AI indicator based on patent 

texts and classify innovations using textual analysis. We instrument regional public R&D with plausibly 

exogenous variation in national defense-related spending. We find that public R&D significantly 

increases AI patenting: a 1% increase in public R&D raises AI patent output by 0.27%. 
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Introduction 
 
Artificial intelligence (AI) is now recognized as a transformative technology with the po- tential to boost 
productivity, reshape labour markets, intensify competition, and accel- erate innovation itself (Autor, 
2015; Acemoglu and Restrepo, 2018; Aghion et al., 2019; Cockburn et al., 2018; Mann and Pu¨ttmann, 
2023). While AI has existed in various forms for decades, from early rule-based systems to statistical 
learning models, the re- cent emergence of generative AI has been celebrated by policymakers and 
investors alike (UNCTAD, 2025). This latest wave has triggered record levels of public R&D investment 
and sparked a global race to lead in AI innovation.1 
 
In the US, the federal government allocates over $4 billion annually to AI through a coordinated R&D 
strategy involving agencies such as the National Science Foundation (NSF) and the Defense Advanced 
Research Projects Agency (DARPA), which support innovation across a network of research institutions 
and regional tech hubs. The UK has committed over £1 billion through its AI Sector Deal and National 
AI Strategy,2 while similar initiatives in Switzerland are supported by the Digital Switzerland Strategy. 
The European Union (EU) has launched a suite of ambitious R&D programmes, including Horizon 
Europe (2021–2027) and the Digital Europe Programme to fund the research, development, and 
deployment of AI.3 
 
Given the unprecedented scale of public R&D in AI, in this paper we ask: Does public R&D spending 
help increasing AI innovations? 
 
Our proposed measure of AI innovations relies on patent grant texts. Recent research  

 
1Governments traditionally provide subsidies for research and development (R&D) in emerging tech- nologies. One reason 
for this is that the private sector may fail to internalize the social benefits of innovation. Another is that financial constraints 
can lead small firms to underinvest in the early stages of R&D (Howell, 2017; Haltiwanger et al., 2013). 
2The UK government has committed £7 million from the UK Research and Innovation (UKRI) Technology Missions Fund 
through the Innovate UK BridgeAI programme to support R&D in key AI areas, as part of its broader strategy to position the 
UK as a global leader in AI development. 
3This builds on a policy commitment that began with Horizon 2020. Between 2014 and 2020, EUR 8 billion of EU funding, 
channeled primarily through Horizon 2020 and Cohesion Policy instru- ments, was allocated to AI investments across 
European regions, representing approximately 7% of total annual AI investment in recent years (Santos et al., 2025). Under 
Horizon Europe and the Digital Europe Programme, the European Commission now invests over EUR 1 billion per year in AI, 
supporting the development and scaling of innovative technologies. The broader objective is to mobilize additional 
investment from the private sector and Member States to reach a total annual AI investment of EUR 20 billion by the end of 
this decade. 
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highlights the importance of AI-related technologies compared to other forms of innovation. In the US, 
for instance, AI patents receive significantly more forward citations and command a 9% economic value 
premium relative to non-AI patents within the same sector (Chen et al., 2024). Moreover, regions in 
Europe with higher concentrations of AI patent families tend to experience stronger employment 
growth, with estimated gains of around 2% (Damioli et al., 2024). 
 
We take a practical approach to address the question posed above. If a policymaker had a fixed budget 
of public R&D funding to allocate, to what extent could they expect it to stimulate AI innovation, as 
measured by patenting activity, across regions in Europe and the UK? Addressing this question 
presents several empirical challenges, particularly regarding the classification of AI patents, as well as 
known endogeneity issues related to public R&D funding and the innovation activities occurring within 
the regions receiving such funding.4 We address these issues as follows: 
 
We construct a novel dataset of AI innovations, classified using machine learning techniques applied 
to patent text data. Specifically, we draw on all patents filed with the European Patent Office (EPO) 
between 2003 and 2021. The dataset includes biblio- graphic information such as patent titles, 
abstracts, filing dates, citations, and inventor locations. Using a Naive Bayes Classifier (NBC), we classify 
patents as either AI-related or non-AI-related, thereby mapping AI innovation production across 
Europe and the UK over time. Furthermore, using information on inventors’ locations, we allocate 
patents to NUTS-2 regions and construct AI patent series at the regional level.5 

 
Our AI patent series reveals a substantial rise in AI-related innovation across European regions over 
the past two decades. Between 2003 and 2021, the number of AI patents increased by approximately 
83%, while the share of AI patents relative to total patents grew by nearly 29%. We further identify the 
leading regions in AI patent production over the same period. The distribution of AI innovation is highly 
uneven: the top 10% of patent-producing regions account for approximately 75% of all AI patents in 
the EU and the UK. ̂ Ile-de-France, Oberbayern, and Stockholm stand out as leading AI hubs, with these 
three regions alone accounting for 31% of all AI-related patents. 
 
4See, for example, Moretti et al. (2023) and Pallante et al. (2023) for detailed discussions on the 
endogenous nature of R&D spending, albeit with different research questions than ours. 
5NUTS-2 refers to the second level of the EU’s Nomenclature of Territorial Units for Statistics, commonly used in regional 
economic analysis. Despite the UK’s departure from the EU, the dataset includes UK regions, as they remained part of the 
EPO and the NUTS classification system throughout the sample period. 
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However, identifying the causal effect of public R&D spending on AI innovation re- quires that R&D 
allocations be exogenous to regional innovation capacity. To address this endogeneity, we instrument 
public R&D with plausibly exogenous variation in defense- related R&D spending. Defense R&D is a 
significant component of public R&D policy and represents a key channel through which governments 
influence the direction of inno- vation (Draca, 2013; Moretti et al., 2023). 
 
Endogeneity may arise if R&D funding is systematically allocated to regions with ex- isting technological 
capacity or, conversely, to regions lagging behind innovation activity as part of policy interventions. 
Such targeting can introduce spurious correlations between public R&D spending and unobserved 
determinants of AI innovation, potentially overstating the relationship between AI and R&D. 
 
We construct a shift-share instrument based on national variation in defense-related R&D, following 
established identification strategies in the public spending literature (Autor et al., 2013; Miyamoto et 
al., 2019; Nakamura and Steinsson, 2018; Borusyak et al., 2022). The choice of our instrument is 
justified as follows. First, variation in defense R&D over time is primarily driven by exogenous events, 
such as geopolitical tensions, terrorism, and military buildups, that plausibly exogenous to shifts in 
regional AI inno- vation (Ramey, 2011; Nakamura and Steinsson, 2014; Moretti et al., 2023; Pallante et 
al., 2023). Second, the sectoral employment shares used in the shift-share component are 
predetermined, fixed to the year preceding the start of our sample period. This ensures that variations 
in defense R&D spending across regions remain independent of contem- poraneous regional economic 
shocks. Finally, defense R&D in our instrument is observed at the national level, while AI innovation is 
measured regionally. This reduces the risk of reverse causality, as national defense allocations are 
unlikely to respond to local economic or technological conditions. Our identification strategy aligns 
with best practices in the recent literature for shift-share instruments (Borusyak et al., 2025), by 
ensuring that both components of the instrument, the shift and the share, are exogenous. 
 
Our instrumental variable (IV) regressions show that public regional R&D spending has a significant 
positive effect on AI-related patent production, after controlling for innovation drivers, sectoral 
structure, and business cycle conditions. Specifically, a 10% increase in public R&D spending is 
associated with a 2.7% rise in AI patent output per capita. 
 
Our paper contributes to the following strands of literature. First, it provides a novel addition to the 
embryonic body of research on the measurement of AI innovation within Europe. Specifically, we offer 
the first attempt to map regional AI patenting activity across the EU and the UK using machine learning 
techniques. This represents a step towards aligning the European evidence with recent methodological 
advances in the U.S. literature, which increasingly relies on textual analysis to classify AI-related 
innovations (see Giczy et al. (2022)). Prior studies focused on Europe have predominantly used Inter- 
national Patent Classification (IPC) codes or keyword-based search strategies to classify AI patents 
(Buarque et al., 2020; Xiao and Boschma, 2023). However, these methods face significant limitations 
in keeping pace with the rapidly evolving and heterogeneous terminology associated with AI 
technologies (Toole et al., 2020; Baruffaldi et al., 2020; Miric et al., 2023). In contrast, our machine 
learning approach enables the use of a broader and more flexible definition of AI, capturing a wide 
array of technologies, in- cluding neural networks, machine learning, and speech recognition, that have 
emerged over several decades. This approach enables the classification of AI innovations that may be 
overlooked by conventional query-based methods. Furthermore, it facilitates the con- struction of a 
regional AI innovation index that can be readily integrated into our panel econometric framework. 
 
Second, we contribute to the broader literature on regional R&D and innovation. Several studies have 
examined how public investment influences patenting activity in Europe, highlighting the role of public 
R&D in supporting regional innovation (Bloom et al., 2019; Bottazzi and Peri, 2003; Miguelez and 
Moreno, 2018). For example, Bot- tazzi and Peri (2003) show that innovation is highly path-dependent, 
with public R&D 
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reinforcing existing regional strengths. Miguelez and Moreno (2018) further demonstrate that the 
effectiveness of public R&D depends on the technological relatedness of regional capabilities. 
However, this literature has largely overlooked the domain of AI, despite its substantial policy support, 
as discussed earlier. 
 
We, therefore, add to the emerging literature on public policy and AI innovation. Only a limited number 
of studies have addressed this area. Igna and Venturini (2023), for instance, emphasize that firm-level 
factors, such as digital capabilities and ICT in- frastructure, as key drivers of AI adoption and innovation. 
In contrast, our study shifts attention to the regional level, where R&D policy constitutes the main 
public policy tool. Santos et al. (2025) also study the allocation of AI-related funding across regions. 
However, while their emphasis is on identifying the regional characteristics that make regions more 
likely to receive R&D funding, we focus on assessing the causal impact of exogenous public R&D 
funding on AI-related patenting activity. 
 
In this context, our third contribution lies in employing defense-related R&D spending as an IV to 
establish a causal relationship between public R&D investments and AI patenting. While the use of 
such instruments is well-established (Ramey, 2011; Moretti et al., 2023), their application to the 
domain of AI innovation is novel. This plausibly exogenous instrument helps address endogeneity in 
the allocation of public funds and identify the true effect of public R&D on AI innovation. 
 
The paper proceeds as follows: Section 2 describes the data sources and methodology used to classify 
and regionalize AI innovations. Section 3 outlines the empirical model and identification strategy to 
establish causality between public R&D and AI innovation. Section 4 presents and discusses our results. 
Finally, Section 5 concludes the paper. 
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Data 
 
This section describes our data, the strategy used to classify AI innovations, and our approach to 

regionalize patents and the mapping of these patents across European regions. 

Using textual analysis to measure AI innovations 
 

Patents as a Measurement of Innovation 

Patent texts remain one of the most widely used proxies for innovation in empirical re- search (Acs et 

al., 1994; Kelly et al., 2021). Compared to alternatives, patents offer an objective and structured means 

of tracking technological developments, as their granting process involves examination criteria that 

ensure a baseline level of novelty in each invention (OECD, 2004).6 Furthermore, patent databases 

provide extensive, long-term coverage across multiple industries and geographical regions, making 

them particularly valuable for studying the evolution of technological progress over time (Kim and Lee, 

2015; Kelly et al., 2021). Additionally, patents capture a significant portion of technological 

advancements, particularly in sectors with high research intensity, such as AI and computer software 

(Buesa et al., 2010). 

The PATSTAT dataset 

To track AI innovations in Europe, we use patent data provided by the European Patent Office’s (EPO) 

PATSTAT. The initial dataset covers all patents registered in EPO, covering patents for 39 European 

countries, making it one of the comprehensive patent registries in the world. Additionally, PATSTAT 

contains several features that are in- dispensable at different stages of our analysis. First, it includes 

information on titles, abstracts, and IPC codes, which we rely on for training our textual analysis 

algorithm.7 Second, another advantage is that we have information on the residency of each inventor 

contributing each patent. This feature allows us to match inventor addresses with their corresponding 

NUTS-2 regions as explained later. Third, it includes information linking.6 The main alternative, directly 

measuring commercialized innovations, faces significant data availability constraints, as records of 

innovation-derived revenue are scarce and inconsistent across sectors and regions. Other potential 

innovation indicators, such as survey-based measures, are subject to biases related to firm-level 

reporting practices, response rates, and variations in the interpretation of what constitutes an 

innovation (Kleinknecht et al., 2002). 

 

7IPC is a hierarchically structured code system that classifies patents based on technical content. This classification system is 

established by Strasbourg Agreement and is maintained by the World Intellectual Property Organization. 

https://www.wipo.int/treaties/en/classification/strasbourg/
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each patent to its NACE industrial classification,8 a feature that allows us to disaggregate AI innovations 

by sector of origin, e.g., manufacture or Information and Communication Technology (ICT) sectors. 

Our final sample comprises 2,862,080 inventors allocated to 2,046,294 patents published over the 

period 1980-2022. However, for the empirical analysis, as we discuss below, we further restrict the 

sample to patents filed between 2003 and 2022 to align with the availability of regional R&D spending. 

The detailed steps leading to the final sample are described in Appendix A. 

Defining and Classifying AI patents  

Our objective is to classify patents related to AI technologies. However, due to the large size of our 

dataset, using human coders for this task would be prohibitively expensive. On the other hand, relying 

on keyword queries and patent code classifications to classify AI technologies, as is often done in the 

literature,9 carries its own caveats. The liter- ature highlights key limitations of query-based patent 

classification, including reliance on extensive synonym lists and poor adaptability to evolving 

technology terms, such as the shift from ‘machine learning’ to ‘deep learning.’ Furthermore, patent 

classification systems are periodically updated, leading to inconsistencies in measurement over time 

(Toole et al., 2020; Baruffaldi et al., 2020; Miric et al., 2023). 

Against this background, we apply a supervised machine learning method to classify patent texts after 

constructing a training dataset.10 For our classification strategy, we would ideally rely on a single 

definition for AI that remains largely consistent throughout our classification period. This is not the 

case, however, as there is no consensus on an AI definition (Winfield, 2020).11 The evolution of artificial 

intelligence can be roughly described in three waves (UNCTAD, 2025). The first wave (1950s–1980s) 

focused on rule-based systems, where AI operated through explicitly programmed logic and expert 

systems. The second wave (1990s–2010s) introduced statistical learning, big data, machine learning, 

and deep learning to enable more flexible, data-driven models. The current third wave (late 2010s–

present) is marked by contextual adaptation, where generative AI systems such as ChatGPT 

demonstrate the ability to understand, generate, and interact with human-like adaptability across 

various contexts. 

 

 

 

8NACE stands for Nomenclature statistique des Activités ´économiques dans la Communauté Européenne. 
9See, for example, Fujii and Managi (2018) and Buarque et al. (2020), among others. 
10There is a growing number of studies using textual analysis to classify AI innovations, most of them focusing on the US. To 
name a few, Abood and Feltenberger (2018); Giczy et al. (2022); Miric et al. (2023); Kumar and Burns (2025). For a detailed 
literature review on the different approaches, see Aristodemou and Tietze (2018). 
11The discrepancies in the literature on AI classification are well documented (Baruffaldi et al., 2020). Some classifications, 
such as those proposed by Fujii and Managi (2018) and European Patent Office (2017), adopt a more conservative approach, 
primarily focusing on computational models. By contrast, and closer to the approach of the present study, the OECD (2022) 
definition takes a broader perspective, encompassing AI applications such as image processing and digital devices with an AI 
aspect. Similarly, Cockburn et al. (2018) emphasize a more application-oriented view, particularly in relation to robotics.  
12The assumption of word independence, means that the presence of a specific word in a patent document is assumed to be 
unrelated to the presence of any other word. In practice, this simplifies the computation of probabilities in the NBC. 
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Given the evolving terminology and conceptual scope of AI over the period under study, we adopt a 

broader, component-based approach to our manual classification, fol- lowing Giczy et al. (2022). 

Instead of relying on a narrow definition of AI, we focus on eight core technological components that 

have consistently characterized AI innovations throughout their different stages of evolution and are 

identifiable in patent texts. These components include machine learning, AI hardware, natural 

language processing, speech recognition, computer vision, knowledge processing, planning/control 

and evolutionary computation, each described in detail in Appendix B. In brief, our definition of AI-

related patents is a technology whose main contribution, as defined in the title and abstract, cor- 

responds to at least one of the above components. Appendix C provides an example of an AI and a 

non-AI patent which we manually classify in the construction of the training dataset of our model. 

To identify AI patents, we employ the NBC, a supervised learning algorithm known for its ease of 

interpretation and computational scalability, especially with large datasets. This algorithm operates on 

the assumption that the probability of a word appearing in a document is independent of the presence 

of other words.12 Despite its computational simplicity, its performance has been demonstrated to be 

particularly high (Domingos and Pazzani, 1997). An advantage of the algorithm that makes it suitable 

for this kind of analysis is that due to the small number of estimated parameters, it is not likely to 

overfit (Murphy, 2012). Recently, the NBC has been employed in contexts similar to ours, relating to 

patent classification about emerging and automation technologies (Mann and Pu¨ttmann, 2023; 

Aristodemou and Tietze, 2018). 

We ensure an equal allocation between AI and non-AI classified patents, resulting in a training sample 

of 2,064 patents, with 1,000 patents classified as AI and 1,064 as non- AI patents.13 Among the AI-

classified patents, approximately 50% pertain to computer vision, 35% to speech recognition, and 16% 

to natural language processing.14 

Figure 1 visualizes the 105 tokens selected by the mutual information criterion. Note that the size of 

each token is proportional to its mutual information score. The three most important tokens appear 

to be “method”, “data”, and “image”, general terms that could appear in all eight components of AI 

technology. We observe two broad groups of tokens. The first group is associated with methodological 

aspects of AI, such as “algorithm”, “learn”, “network”, and “train”. The second group consists of tokens 

related to the input/output of the respective patent, including “input”, “output”, “audio”, “voice”, 

“speech”, “object”, and “pixel”. 

Note also that we assess the in-sample performance of the NBC by classifying a subsample of the 

training sample. Specifically, we train the algorithm using 60% (1,239 patents) of manually classified 

patents and use the remaining 40% (825 patents) as a test sample. Overall, the results indicate that 

the algorithm achieves a high degree of accuracy in distinguishing between AI-related and non-AI 

patents. 

The final step is to employ the NBC to classify the remaining out-of-sample patents. Although we 

classify all patents since 1980, hereafter we focus only on the patents pub- lished during the period 

2003-2021. This period is selected as it aligns with the sample period used in our empirical analysis, 

which is determined by data availability of re- gional R&D spending. We classify a total of 1,371,864 

European patents for the period 2003–2021, of which 208,634 are classified as AI patents (see the 

detailed steps leading to the final sample in Appendix A). Figure 2 illustrates the aggregate volume of 

classified 

13Balancing classes in text classification tasks helps prevent bias toward the majority class and im- proves model 
generalization; see, for example, Chawla (2005). 
14See also Appendix B for a detailed description of the AI classes. 
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Figure 1: Tokens selected by the mutual information criterion. 

 

 

Note: Token size is proportional to the mutual information score. 

Source: PATSTAT and own calculations. 

 

AI patents over time. We observe an increasing annual trend that becomes more pro- nounced after 

2017. In particular, the number of patents related to AI increased from 8,154 in 2003 to 14,930 in 2021 

(an 83% increase). An increase can also be observed in the share of AI patents out of all patents, as 

shown in E1, Appendix E. Specifically, in 2003 the share of AI patents over the total number of patents 

is 14% while in 2021 the corresponding share is 18%. 
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Our approach to classifying AI patents is one of the few approaches tracking AI innovation in Europe 

(see Buarque et al. (2020); Xiao and Boschma (2023)). Unlike these studies that rely on keyword-based 

queries to classify AI patents, we use a trained machine learning classifier to analyze patent text. 

Consequently, our approach identifies a significantly larger number of AI patents. This is expected, as 

our method allows us to detect innovations not only based on recent definitions of AI, but also those 

that reflect the evolving terminology and conceptual scope of AI, as explained earlier in Section 2.1. As 

a result, our method captures a broader range of AI-related advancements. A comparable classification 

to ours can be found in Giczy et al. (2022), who also used a supervised ML classifier to track US AI 

patents. Their results contrast with the smaller number of patents classified through traditional 

keyword searches, with the supervised approach finding almost nine times as many patents (Ho¨tte et 

al., 2023). 

Regionalization of patents 

We next disaggregate our AI-related patents to the regional level (NUTS-2). We leverage a key feature 

of the dataset: approximately 98% of AI patents registered at EPO are geocoded at the NUTS-2 level 

across EU countries and the UK. Each patent is assigned to the NUTS-2 region of the inventor’s 

residence. For patents with multiple inventors, we attribute the patent to the region with the majority 

of inventors; if no majority exists, it is assigned to the region of the first-listed inventor. 

Figure 3 maps AI patenting activity during this period, illustrating both the overall growth of AI 

innovation and its evolving spatial distribution. Notably, countries such as Spain and Finland have 

substantially increased their AI patenting, narrowing the gap with traditional leaders such as Germany 

and France. Table 1 presents the twenty regions with the highest number of AI-related patents. At the 

country level, Germany and Switzerland stand out, with six and three regions represented, 

respectively. The remaining countries are represented by one or two regions each. The leading 

producer of AI patents over the full period is ˆIle-de-France; however, by 2021, it ranks fourth, behind 

Stockholm, Oberbayern, and North Brabant. 
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Table 1: Top AI producing NUTS-2 regions 

NUTS-2 Region AI Patents Non-AI Patents AI Patents 2021 

FR10 ˆIle de France 24,210 147,615 1,018 

DE21 Oberbayern 24,137 175,527 1,395 

SE11 Stockholm 16,371 30,042 1,550 

NL41 North Brabant 15,600 46,055 1,095 

FI1B Helsinki-Uusimaa 8,475 20,899 573 

DE11 Stuttgart 7,037 80,308 460 

DE12 Karlsruhe 41,80 32,773 287 

UKI3 Inner London - West 3,755 23,597 144 

CH04 Zurich 3,207 24,682 201 

DE71 Darmstadt 3,068 57,587 222 

ITC4 Lombardia 2,803 42,260 192 

SE22 South Sweden 2,750 11,002 192 

DEA2 Köln 2,738 45,486 208 
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IE02 Southern and Eastern 2,406 9,297 211 

UKJ1 Berkshire 2,336 16,447 146 

CH01 Lake Geneva 2,234 23,225 140 

CH03 Northwestern Switzerland 2,160 40,610 228 

DE30 Berlin 2,153 16,143 173 

FR71 Rhône-Alpes 2,136 32,043 95 

FI19 West Finland 2,119 5,456 226 

Notes: See text for classification of AI patents and assignment of patents to NUTS-2 regions. 

Source: PATSTAT and own calculations. 

Complementary data used for regressions 

We complement our dataset with regional R&D spending data from the Eurostat Regional R&D 

Expenditure Database (rd e gerdreg), our key independent variable.15 The data concern public R&D 

expenditure at the NUTS-2 level from 2003 to 2021, reported in millions of national currency and 

converted to euros where applicable.16 From the same database, we extract business R&D spending, 

which measures private sector contributions to R&D, and university R&D spending, which tracks 

investments in R&D by  

 

 

15The data is available at:  
https://ec.europa.eu/eurostat/databrowser/view/rd_e_gerdreg__custom_14787353/default/table?lang=en. 
16Although some countries report R&D expenditure outside this period, we focus on this time frame to maximize the number 
of regions included in the analysis. There are still some missing years, which we linearly interpolate, ensuring that we avoid 
any forward or backward extrapolation. Note that interpolated data account for between 0% and 34.05% depending on the 
region. This imputation strategy is commonly used in studies involving regions, which often contain many missing values. For 
instance, a similar approach to handling missing data of comparable magnitude is used by Moretti et al. (2023). 

https://ec.europa.eu/eurostat/databrowser/view/rd_e_gerdreg__custom_14787353/default/table?lang=en
https://ec.europa.eu/eurostat/databrowser/view/rd_e_gerdreg__custom_14787353/default/table?lang=en
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higher education institutions and public hospitals. Next, we complement our dataset with national 

defense R&D spending, which we use to construct our IV. This data is sourced from the OECD and 

measured through government budget allocations for R&D (GBARD). We also incorporate human 

resources in science and technology (HRST), de- fined as the percentage of the population with tertiary 

education or employment in science and technology occupations. Other regional-level variables are 

sourced from the Annual Regional Database of the European Commission’s Directorate General for 

Regional and Urban Policy (ARDECO), which include regional GDP, regional employment, and regional 

population. Regarding national-level variables which are used in our empirical analysis, we source 

national GDP, GDP deflators, and trade openness from the World Bank, as well as R&D tax credits from 

the OECD, which capture policy incentives for private R&D investments. 

All the variables and their sources are described in detail in Table D1 in the Appendix. 

 

Empirical Strategy 
 
This section outlines our empirical strategy to capture the impact of public R&D spending in generating 

AI-related patents across European and UK regions. We outline our baseline econometric specification, 

followed by our identification approach and the IV strategy used to address potential endogeneity 

concerns. 

Main specification 

Our specification is the following and accommodates regional and yearly variation. The level of 

observation is a regional-country-year (r, c, t): 

 

where AIr,c,t represents the natural logarithm of classified AI-related patents per capita in region r of 

country c.17 RDr,c,t−1 denotes lagged public R&D spending per capita in region  

 

17Following the literature on the determinants of innovation, we adjust for regional population to account for potential scale 

effects in invention (Furman et al., 2002; Buesa et al., 2010).  
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r, also expressed in logarithmic terms. Xc,t−1 and Zr,t−1 are vectors of country-by-year and region-by-year 

variables, respectively, that capture various determinants of AI innovation as well as potential 

confounding factors. For example, these vectors include controls for regional and national business 

cycle fluctuations, measured through regional GDP per capita, employment and national fiscal policies. 

Our specification also incorporates region-by-country fixed effects (dr,c) to account for institutional 

heterogeneities across regions and differences in regional trajectories of R&D investments and AI 

patenting activity. Additionally, we include time dummies (dr,t) and an idiosyncratic error term (ur,c,t). 

The focus of our analysis is on estimating the coefficient β, which captures the relationship between 

annual changes in R&D spending and AI patenting activity in the subsequent year. 

Endogeneity concerns and Instrumental Variables 

Public R&D policies are unlikely to be random and may be set endogenously as a function of shocks to 

regional patenting activity. Regional R&D funding may respond to AI innovations emerging in a given 

region; for example, governments or local authorities may support highly innovative regions to exploit 

their comparative advantage. Conversely, funding may also be directed toward regions with fewer 

patents per capita to stimulate innovation activity. 

To address these concerns, we adopt a well-established macro identification strategy and rely on R&D 

defense spending instruments (Autor et al., 2013; Miyamoto et al., 2019; Nakamura and Steinsson, 

2018; Moretti et al., 2023). Defense R&D constitutes a substantial component of government R&D in 

most countries and contributes to significant variations in public R&D over time. In addition, as Daffix 

and Jacquin (2009) show, there is a strong association between regional public R&D and national 

military R&D spending, driven by spillover effects, national funding structures, and public-private 

partnerships, which supports the relevance of our instrument. 18 

 

 

 

 

18Defense R&D has historically driven key innovations with widespread civilian applications, such as commercial aerospace, 

semiconductors, and software (Daffix and Jacquin, 2009). In some countries, particularly France and the UK, publicly funded 

R&D performed by private firms often originates from defense contracts, linking military and civilian research efforts. 
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Importantly, defense R&D is largely driven by exogenous shocks, such as geopoliti- cal tensions, 

terrorism, and war buildups (Mowery, 2010; Moretti, 2021), rather than by countercyclical policies 

aimed at stabilizing economic conditions at the regional level. To support the validity of defense 

spending as an instrument, we document fluctuations in military expenditure driven by geopolitical 

events, suggesting exogenous variation unre- lated to domestic economic conditions. We plot the 

Geopolitical Risk Index (GPR) from Caldara and Iacoviello (2022) to capture such events. Figure E2 in 

Appendix E plots military spending as a share of GDP (orange line) alongside the GPR index (blue line). 

In countries such as Germany, Spain, Belgium, France, Norway, and Poland, military spending increased 

following periods of elevated geopolitical risk. Taken together, we ar- gue that defense R&D is plausibly 

exogenous to shifts in AI innovation activity, making it a strong candidate for instrumenting public R&D 

spending. 

In line with Nekarda and Ramey (2011); Dupor and Guerrero (2017); Moretti et al. (2023), we construct 

a shift-share instrument. Specifically, our shift-share IV, Defr,c,t, is defined as: 

 

where Defr,c,t represents total military R&D spending in country c in year t in region r. We construct this 

instrument by weighting it with the share of regional employment in the public sector, which aims to 

capture cross-regional variations in military sector employment. Here, sectoral employmentr,2002 

represents the number of pre-existing public-sector employees in region r in the base year 2002, and 

the denominator aggregates total em- ployment in the region. The variable Def RDc,t−1 denotes lagged 

national defense R&D spending per capita, which captures exogenous variations in government R&D.19 

 

19Pre-existing employment shares and employment growth shares have been widely used in the shift- share instrument 
literature. For example, Bartik (1991) originally proposed this approach to examine labor market policies. Blanchard and Katz 
(1992) applied a similar methodology to study regional employment dynamics. Autor et al. (2013) used initial employment 
shares to assess the local labor market impact of Chinese import competition, while Nunn and Qian (2014) employed a shift-
share approach to analyze the effects of US food aid on civil conflict. More recently, Goldsmith-Pinkham et al.  
(2020) provide an extensive discussion on the identification assumptions and applications of shift-share instruments. 
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Intuitively, the instrument exploits exogenous national-level fluctuations in defense R&D spending, 

weighting them by each region’s pre-existing public employment share from 2002. This approach relies 

on the assumption that national defense R&D is largely driven by geopolitical events and security policies 

rather than local economic conditions. By using a predetermined 2002 employment-based exposure 

measure, we ensure that variations in defense R&D spending across regions remain independent of 

contemporaneous regional economic fluctuations, mitigating potential biases from endogenous regional 

factors (Goldsmith-Pinkham et al., 2020). Overall, our identification strategy aligns with best practices for 

Bartik-type shift-share instruments, as described by Borusyak et al. (2025), by ensuring that both 

components of the instrument are exogenous, the shift (national defense R&D spending) and the share 

(2002 regional public employment). 

Figure 4: Defence spending by Initial Sectoral Shares (2002) in NUTS-2 Regions 

 

 

 

 

 

 

Note: The instrument is constructed as the interaction between initial (2002) regional sectoral 

employment shares in public services and the log of national defence R&D expenditure. The two panels 

reflect variation over time.. Grey areas indicate regions with missing defence data. 
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Results  
 
Table 2 shows the estimated results using both OLS and IV, employing the instrument described in Section 

3.1.1. We include the following controls: regional employment to capture region-specific labor market 

effects, regional GDP to account for cyclical effects, and national government spending to capture broader 

fiscal policies. Overall, our baseline controls represent demand shifters which are traditionally thought to 

influence innovation and patenting activity (Aghion and Howitt, 1990; Acemoglu et al., 2018; Bloom et al., 

2019). 

The first-stage results of our IV estimates indicate that the instruments are generally strong. Weak 

instrument diagnostics, reported at the bottom of Table 2, confirm that the instruments have sufficient 

power. The first-stage F-statistics range from 31.6 to 66.9, consistently exceeding the conventional 

threshold of 10, indicating strong instrument relevance. Furthermore, the Anderson-Rubin Wald F-test 

rejects the null hypothesis of weak instruments across all specifications. All regressions exhibit high R2, 

which should be attributable to the inclusion of regional and time fixed effects. Finally, the high p-values 

from the Sargan tests suggest that our IV estimates do not reject the overidentifying restrictions, 

supporting the validity of our instrument. 

The first-stage coefficients are reported in the lower part of Table 2. An increase in regional military R&D 

would raise regional publicly-funded R&D, reflecting spillover effects, national funding structures, and 

public-private partnerships, as discussed earlier. Our first-stage coefficients are consistently positive and 

statistically significant across all specifications. Under the baseline (column 2), a 1% increase in military 

R&D is associated with a 0.43% increase in public R&D spending. This also confirms the relevance of the 

instrument and the assumption that military R&D is a meaningful predictor of broader public R&D funding 

in line with the literature (Daffix and Jacquin, 2009; Miyamoto et al., 2019; Moretti, 2021; Pallante et al., 

2023). 

Across all IV specifications, the estimated effect of public R&D spending on AI patent- ing is positive and 

statistically significant. Under our baseline IV specification (column 2), a 10% increase in public R&D 

spending is associated with a 2.7% increase in AI innovation output per capita. This suggests a substantial 

impact of public R&D investment in driv- ing AI-related innovation. In contrast, the OLS estimates are 

consistently smaller, likely reflecting attenuation bias from measurement error in public R&D spending. 

The IV estimates, provide stronger evidence that public R&D spending significantly contributes to AI 

innovation. 

To address potential reverse causality, where past AI production influences current AI patenting, such as 

through spillovers from ongoing R&D projects, we control for lagged AI patents in column (3). 

Incorporating this control reduces the coefficient of public R&D to 0.21, indicating that part of the 

observed effect is due to persistence in AI innovation. This is further confirmed by the significantly positive 

coefficient of the lagged variable, suggesting that past innovation contributes to future patenting 

outcomes. Despite this reduction, the coefficient of public R&D remains positive and statistically 

significant. 
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In columns (4) to (6), we introduce controls for regional employment, regional GDP, and national 

government spending to account for potential confounding factors related to the business cycle and fiscal 

policies. These additional controls lead to only minor changes in the estimated effect, with coefficients 

ranging from 0.24 to 0.27. The stability of the R&D coefficients across these specifications indicates that 

public R&D spending has a robust effect on AI patenting, independent of macroeconomic conditions. 

Column (7), which includes the lagged AI, shows a drop in the R&D coefficient, again highlighting the role 

of past innovation.
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Table 2: Baseline Regression Results 

 
OLS IV IV IV IV IV IV 

 

(1) (2) (3) (4) (5) (6) (7) 

R&D Spendingt−1 (pc, ln) 0.05* 0.27*** 0.21*** 0.27*** 0.24*** 0.25*** 0.18*** 
 

 (0.03) (0.07) (0.08) (0.07) (0.07) (0.07) (0.09)  

AI Patentst−1 (pc, ln)   0.32*** 

(0.02) 

   0.32*** 

(0.02) 

 

Regional Employmentt−1 (ln)    0.00*** 0.00*** 0.00*** 0.00***  

    (0.00) (0.00) (0.00) (0.00)  

Government Spendingt−1 (ln)     -0.02** -0.02** -0.01  

     (0.01) (0.01) (0.01)  

Regional GDPt−1 (ln)      0.00 0.00  

      (0.00) (0.00)  

Time Effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ 
 

Regional Effects ✓ ✓ ✓ ✓ ✓ ✓ ✓  

First-stage coefficient 
 

0.43*** 0.27*** 0.43*** 0.43*** 0.45*** 0.22*** 
 

(R&Ddef,c,t−1×Empshare,r,2002)  (0.09) (0.08) (0.08) (0.09) (0.09) (0.09)  

First Stage F  66.91 41.88 66.56 66.56 60.78 37.55  

Anderson Rubin-χ2 (p-val) 
 

0.00 0.00 0.00 0.00 0.00 0.00 
 

Sargan Test (p-val)  0.49 0.65 0.86 0.97 0.93 0.27  

R2 0.92 0.92 0.93 0.92 0.92 0.92 0.92 
 

Observations 3,136 3,136 2,843 3,136 3,136 3,136 3,136  

Note: Columns (1)–(7) examine AI patent activity. All models include time and regional fixed effects. ”IV” instruments public R&D using regional defense R&D allocations. 

Regressions are weighted by the regional share of employment in 2002. The first-stage coefficient refers to the instrumented relationship. Anderson-Rubin tests assess instrument 

strength; Sargant tests check overidentification. Statistical significance: *** p < 0.01, ** p < 0.05, * p < 0.1. 
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Figure 5 shows how the marginal effect of R&D spending per capita on AI patenting evolves over time. We 

estimate this by interacting the predicted public R&D variable obtained from the IV with five non-overlapping 

four-year period dummies. The blue error bars represent 95% confidence intervals. The results reveal a steady 

increase in this effect over time. Between 2003 and 2014, the impact of R&D spending on AI patenting is 

borderline statistically insignificant, indicating a moderate influence during that period. However, from 2015 

onward, the effect becomes more pronounced and statistically significant, suggesting that public R&D 

spending has become increasingly effective in driving AI-related innovation. 

Figure 5: Marginal effect of R&D spending (p.c.) over time 

 

 

Note: The figure shows the marginal effect of predicted public R&D spending per capita on AI patenting activity 

across five-year periods. Estimates are based on interactions of the IV-predicted R&D variable with period 

dummies. Error bars represent 95% confidence intervals. 

 

Conclusion 
 
This paper examines the impact of public R&D spending on the production of AI-related innovations at the 
regional level within European and UK regions. We adopt a practical policy-oriented perspective: if a 
policymaker were to ask us how much additional AI- related innovation could be generated by an additional 
1% increase in public R&D, for innovation policy, how would we respond? 
 
Our proposed measure of AI innovation relies on patent grant texts. By leveraging a novel dataset that 
integrates bibliographic information from patents and applying machine learning techniques to classify AI 
patents, we construct a regionalized index of AI-related innovation activity across NUTS-2 regions. 
 
Our results are directly relevant to policy debates on effective strategies to improve the cost-effectiveness of 
R&D funding in boosting AI innovations. We estimate that a 1% increase in public R&D spending per capita 
leads to an increase in regional AI patenting activity per capita of 0.27%, indicating that public investment 
plays a direct and measurable role in stimulating technological advancement in AI. 
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Given the highly uneven distribution of AI innovation across regions—where just 10% of NUTS-2 regions 
account for 75% of all AI patents, there is a clear need for a more geographically inclusive innovation policy. 
Policymakers should prioritize expanding and sustaining public R&D funding, especially in regions currently 
underrepresented in AI innovation. This could help avoid reinforcing existing disparities and instead support 
the emergence of new AI clusters. A place-based R&D strategy, tailored to regional strengths and institutional 
capacities, would ensure that funding does not simply flow to areas that are already technologically advanced 
but also helps lagging regions build foundational capabilities. 
 
The study also highlights the potential of leveraging defense R&D as a source of civilian AI innovation. Since 
defense-related R&D has historically produced technologies with widespread civilian applications, 
policymakers should actively design dual-use R&D strategies that facilitate knowledge spillovers from military 
to commercial and public sectors. Such strategies can be especially effective when coupled with public-private 
partnerships that align government and industry interests in developing strategic AI technologies. 
 
Last, the results reveal that the impact of R&D spending on AI innovation has grown over time, becoming 
particularly significant after 2015. This suggests that stable, multi-year commitments to R&D are more 
effective than short-term funding bursts. Policymakers should, therefore, institutionalize long-term funding 
strategies that provide certainty for researchers and firms alike, recognizing that innovation outcomes often 
materialize with a lag. 
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Appendix A - Adjustment of the final sample 
 
Our prediction sample comprises EPO patents filed between 1980 and 2023. Starting from an initial universe 
of approximately 4.38 million patents linked to 8.45 million inventor records, we implement a series of filtering 
steps. We first exclude patents with inventors based in Turkey (–4.21%), remove patents lacking abstracts, 
titles, or IPC codes (–0.64%), and retain only patents with English-language abstracts (–6.71%) to ensure 
consistency in text processing. Next, we restrict our dataset to patents with inventors located in Europe (–
44.27%) and retain only those that can be geocoded at the NUTS-2 level (2,046,294 patents). Finally, we focus 
on patents filed between 2003 and 2021 to to align with the availability of regional R&D spending available. 
The resulting sample includes approximately 1.37 million patents. The steps above are summarized in Table 
A1. 
 
Table A1: Sample Construction from European Patent Office (EPO) Data (1980–2023) 
 

Step Inventors Number of Patents Percentage 

Patent Universe 8,453,326 4,379,892 100% 

(1980–2023): All EP    

patents    

Remove Turkey 8,436,702 4,195,294 –4.21% 

Drop data without ab- 8,393,676 4,168,388 –0.64% 

stracts, titles, IPC codes    

Drop data in non-English 8,025,195 3,888,611 –6.71% 

abstracts    

Remove inventors
 from 

3,865,873 2,167,140 –44.27% 

outside Europe    

NUTS-2 geocoding avail- 2,862,080 2,046,294 –5.58% 

ability    

Restriction to 2003–2021 – 1,371,864 32.96% 
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Appendix B - Definitions of AI components 
 
In this research, we do not confine ourselves in a single definition of AI. Rather than that, based on Giczy et al. 
(2022), we consider eight broad components of AI technologies: ma- chine learning, AI hardware, natural 
language processing, speech recognition, computer vision, knowledge processing, planning/control, and 
evolutionary computation. A patent may belong to more than one of these categories. For example, an 
invention in computer vision could utilize a machine learning method. Next, we provide a definition for each 
AI technology. 
 

1. Machine learning: The field of machine learning is related to the development and study of statistical 
algorithms that can learn from data and generalize to unseen data, and thus perform tasks without 
explicit instructions. Examples of machine learning models are decision trees, support-vectors 
machines, and neural networks. 

2. AI hardware: The field of AI hardware is related to computer hardware designed to execute AI 
programs. For example, a graphics processing unit may be used to train deep neural networks. 

3. Natural language processing is a field of AI concerned with enabling computers to recognize, 
understand, and generate text and speech. Natural language processing is also related to linguistics. 
One of the first natural language software is ELIZA, a computer program created to explore 
communication between humans and machines. 

4. Speech recognition concerns the development of methodologies and techniques that enable the 
translation of spoken (human) language into text. For example, the Hidden Markov Model represents 
speech as a sequence of hidden states corresponding to phonemes and optimizes the likelihood of 
word sequences using a dynamic programming algorithm. 

5. Computer vision is a field of AI that employs methods enabling computers and systems to process 
information from visual inputs. For example, blob detection is used to identify two neighboring regions 
in a digital image with different properties (e.g., different colors). 

6. Knowledge processing: This is a field of AI concerned with representing information in a way that 
enables a system to deduce new knowledge. Specialized hardware and 

7. software are usually required for the system to process this information effectively. An inference 
engine is an example of software used in knowledge processing. 

8. Planning/control refers to AI technologies concerned with implementing strategies to achieve a 
specified goal. Given a description of an initial state, a desired outcome, and a set of possible actions, 
the planning problem involves determining an order of actions that will guarantee the desired 
outcome. Combinatorial optimization is typically employed, especially in dynamically changing or 
unknown environments. 

9. Evolutionary computation is a family of algorithms for global optimization that mimic biological 
evolution. An initial set of potential solutions is defined and iteratively updated. In each iteration, less 
desirable solutions are discarded, while small changes are introduced to the remaining ones. 
Evolutionary algorithms include, among others, genetic algorithms and programming, differential 
evolution, and neuroevolution. 
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Appendix C Example of Patent Classification as AI and Non-AI 
 

 
 
Note: Patent examples were retrieved from EPO’s Espacenet online query database and correspond to 
observations in our classification sample. The classification as AI or Non-AI is based on the patent’s core 
technological contribution as described in its abstract above. The Non-AI patent is a mechanical device with 
no computational or intelligent processing component, whereas the AI patent explicitly involves classification 
algorithms, sensory input processing, and system-based decision-making, which align with the fundamental 
components of AI innovation. 

https://worldwide.espacenet.com/
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Appendix D - Variable Descriptions 
 
Table D1: Descriptions of Variables Used in the Study 
 

Variable Name Description Level Source 

Public R&D Spend- ing Gross domestic expenditure on R&D (GERD) by 
the government sector (Mil- 
lion Euros) 

NUTS-2 Eurostat 

Business R&D 
Spending 

Gross domestic expenditure on R&D (GERD) by 
the business enterprise sector 
(Million Euros) 

NUTS-2 Eurostat 

University R&D 
Spending 

Gross domestic expenditure on R&D (GERD) by 
the Higher Education Sector 
(Million Euros) 

NUTS-2 Eurostat 

Human Resources in 
Science and Technol- 
ogy (HRST) 

Percentage of the population who fulfil one or 
the other of the following condi- tions: (i) 
successfully completed educa- tion at the third 
level; (ii) not formally qualified as above, but 
employed in a S&T occupation where the 
above qualifications 
are normally required. 

NUTS-2 Eurostat 

Regional population Average annual population in persons NUTS-2 ARDECO 

Regional
 employ- 
ment 

Total Employment (workplace based, em- 
ployed persons) 

NUTS-2 ARDECO 

Regional GDP GDP at current market prices deflated by 
a GDP deflator 

NUTS-2 ARDECO 

Migration Net migration in persons NUTS-2 ARDECO 

Defense R&D Government budget allocations for R&D 
(GBARD) by socio-economic objective: 
defense spending 

National OECD 

R&D Tax Subsidies Implied tax subsidy rates on R&D expen- 
ditures 

National OECD 
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Country GDP GDP (current US$) deflated using the 
GDP deflator and converted into Euros 

National World Bank 

Country population Total population based on the de facto 
definition of population, which counts all 
residents regardless of legal status or citi- 
zenship in midyear estimates. 

National World Bank 

Trade Openness Trade (% of GDP) National World Bank 

Corporate Tax Rate Corporate tax rate (%) National Tax Foundation 

Non-R&D Procure- 
ment 

TED provides details about public pro- 
curement notices, including both contract 
notices and contract award notices in the EU. 
The non-R&D procurement series (values 
expressed in euros) excludes con- tracts 
associated with the procurement of 
R&D services. 

National Tenders   Elec- 
tronic Daily (TED), 
European 
Commission 

Composite Risk In- dex Annual average score that aggregates the 
political, financial, and economic ratings for 
each country’s overall risk. 

National UNIDO Indus- 
trial Statistics 
Database 

Manufacturing Sec- tor 
Value Added 

Total, including Computer, Machinery, 
Transportation, and Pharmaceuticals. 

National UNIDO 
 Indus- trial
 Statistics 
Database 

GDP Deflator Ratio of GDP in current local currency to 
GDP in constant local currency. 

National World Bank 
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Appendix E - Additional Tables and Figures 
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Figure E2: Military Spending and Geopolitical Events in Selected EU Countries. 
 

 
Note: Authors’ calculations using the country-specific geopolitical risk index by Caldara and Iacoviello 
(2022) and Eurostat defense data. 
 
 
 
 
 
 
  
 


