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Generative AI tools (ChatGPT & Grammarly) were used to assist in coding and writing; Appendix 

R of this thesis provides a detailed account of the use of Generative AI tools during the 

development of this thesis. By submitting this thesis, I declare that I am fully responsible for the 

accuracy and completeness of its content. 

 

 

 

 

 

  

 



Emily Desmet Jun. 23, 25 Master Thesis, Economics 

1 

 

Abstract 

With growing attention and discussion of the GDPR's impact on innovation and the position of 

the EU in the global digital market, this is a tangent problem for the EU to tackle. This study 

investigates the effect of the GDPR on AI innovation in the EU. Existing studies showed 

contradictory findings, underscoring the complexity and context-dependent relationship 

between privacy regulations and innovation. This thesis employs panel data regression and an 

SCM, utilizing multiple data sources such as OECD, OpenAlex, and Preqin, from 2014 to 2020. The 

outcomes investigated in this study are AI and data patents, AI-related publications, AI knowledge 

flows, VC investments in AI and data startups, as well as in different sectors, supplemented with 

regular R&D data. The findings are that the GDPR is associated with a negative yet non-significant 

effect on most outcomes. This study is one of the first to examine and find that the effects of the 

GDPR differ based on national technological capabilities and governance structures. The results 

highlight the need for further research into the specific effects per country. Such insights could 

help steer the European Commission in refining its policy approach to mitigate any unintended 

negative consequences of the GDPR.  
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1 Introduction 

ά9ǳǊƻǇŜΩǎ ƻōǎŜǎǎƛƻƴ ǿƛǘƘ Řŀǘŀ ǇǊƻǘŜŎǘƛƻƴ ƛǎ ƎŜǘǘƛƴƎ ƛƴ ǘƘŜ ǿŀȅ ƻŦ ŘƛƎƛǘŀƭ ƛƴƴƻǾŀǘƛƻƴέ, that are 

the words of Axel Voss, a member of the European Parliament. In the digital era, data processing 

plays an increasingly essential role in the production of goods and services (Goldfarb & Tucker, 

2019). As personal information on individuals becomes increasingly valuable, its expanded use 

has prompted heightened policy attention and regulatory measures. The General Data Protection 

Regulation (GDPR), implemented by the European Union (EU) in 2018, represents one of the most 

ambitious and stringent data protection frameworks globally. The primary objective of the GDPR 

is to safeguard individual privacy and give consumers more control over their data. Moreover, 

they want to provide space for the digital economy to grow, as the GDPR also aims to secure 

competition in markets related to personal data (European Union, 2025). All organizations that 

control and process data of EU citizens must comply with the GDPR. However, besides its primary 

objective of safeguarding privacy, the regulation has far-reaching consequences. This is 

particularly the case for businesses dependent on data-driven technologies such as artificial 

intelligence (AI), which causes lots of discussion.       

 This thesis will examine how the GDPR has influenced innovation within the EU. More 

specifically, it will focus on AI innovation, which depends heavily on large datasets and faces direct 

consequences of the GDPR. Beyond AI-specific effects, the GDPR might induce changes in AI 

innovation that indirectly influence broader economic and technological innovation. AI is a key 

driver of productivity and efficiency across multiple sectors, including healthcare and finance. This 

implies that constraints on AI development might have a ripple effect across these industries. This 

thesis thus seeks to examine both the direct effects of the GDPR on AI innovation and the indirect 

effects on broader sectoral innovation, using a combination of empirical methods. 

 To implement the analysis, this thesis draws on multiple datasets, such as the OECD, 

Preqin, World Bank, WIPO, Lens, OpenAlex, Stack Overflow, and Crunchbase. These data sources 

are reliable and provide accurate indicators for this research. Using these databases also allows 

to track changes over time and capture heterogeneity more effectively.  

This study found that, in general, the GDPR is associated with a negative yet insignificant 

effect on AI innovative outcomes, but this is very dependent on the specific outcome variable. 
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However, when the technological capabilities and governance structures of countries are taken 

into account, the GDPR is associated with a more negative and significant effect.  

 This thesis contributes to the existing literature in different ways. Despite a growing body 

of literature on the effects of the GDPR, many studies have focused on its broader economic 

effects, privacy trade-offs, and enforcement costs (Goldfarb & Tucker, 2019; Johnson et al., 2023). 

There is also literature on how privacy regulations influence firms' behavior, investments, and 

consumer trust (Acquisti et al., 2016).  Focusing on innovation, there are two opposing theoretical 

views in the literature (Tombal, 2021). Some studies argue that the GDPR might have a positive 

effect on innovation, as it will foster competition and new value creation by opening the digital 

economy to new players (Niebel, 2021). Others suggest that data restriction will hinder 

innovation, as data is needed for developing new technologies, and especially startups and small 

firms will be hindered by this restriction (Frey & Presidente, 2024; Johnson & Shriver, 2019). Still, 

the effect on AI innovation is underexplored. Additionally, few studies have investigated how 

these changes spread through different industries, particularly those highly dependent on AI. This 

thesis attempts to fill this gap.          

 The research design of this study also has advantages over previous studies. First, many 

studies on the GDPR and innovation rely on descriptive statistics or case studies, which, while 

informative, lack the ability to establish clear causal relationships. This thesis uses panel data and 

employs a synthetic control method (SCM) approach, which allows for a more robust 

identification strategy.           

 Second, by not only focusing on data from one country but expanding the focus to the 

entire EU, this study also allows for an examination of cross-country differences and how 

absorptive capacity, or technological capabilities, influence this relationship. The results have also 

shown that this is very relevant.         

 In addition to its academic contributions, this research has important policy implications. 

As governments worldwide struggle with data governance issues, understanding the trade-offs 

associated with stringent data protection laws is crucial. Policymakers must weigh the benefits of 

enhanced privacy and consumer trust against potential costs to technological competitiveness. 

The findings of this thesis will therefore also provide valuable insights for regulators, suggesting 
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ways to refine data policies to minimize unintended negative effects on innovation while still 

upholding privacy protections.        

 This thesis is structured as follows: First, a comprehensive review of relevant literature for 

the research will be presented. Second, an outline of the methodological approach of the 

research will be discussed. Third, the results of the research will be presented. At last, the 

discussion and conclusions will underline the practical applications and contribution of this paper, 

as well as highlight certain limitations of this study. Additionally, possible ways for further 

research will be proposed. 
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2  Theoretical framework  

2.1 Privacy regulations and (AI) innovation  

AI has emerged as a key enabler of economic transformation, driving productivity gains, 

fostering new business models, and reshaping traditional industries. As a general-purpose 

technology (GPT), !LΩǎ ƛƳǇŀŎǘ ŜȄǘŜƴŘǎ ōŜȅƻƴŘ ǘƘŜ ǘŜŎƘ ǎŜŎǘƻǊΣ ƛƴŦƭǳŜƴŎƛƴƎ ŜǾŜǊȅ ǎŜŎǘƻǊ ƛƴ ŀ ƳƻǊŜ 

or lesser way (Brynjolfsson, & Mcafee, 2017a). A growing body of research shows that AI increases 

productivity, accelerates R&D, and enables the creation of new products and services (Babina et 

al., 2024). The share of AI-related patents has increased by over 30% annually since 2010, 

demonstrating its growing role in technological advancement (Cockburn et al., 2018). Also, firms 

adopting AI have experienced higher labor productivity and increased R&D efficiency (Bughin et 

al., 2018). Given its foundational role in modern innovation, understanding how AI interacts with 

regulatory frameworks like the GDPR is crucial when investigating its effect on innovation.  

The GDPR was adopted in 2018; however also before there were data protection 

regulations in place in Europe and the rest of the world. The discussion on the impact of data 

protection or privacy regulation on innovation is multifaceted. Looking at it broadly, information 

can be gathered by looking at how regulation in general affects innovation. Stewart (2010) 

identifies three key dimensions shaping the interplay between regulation and innovation: 

flexibility (number of compliance options), information (how regulation affects information 

availability), and stringency (required compliance, innovation, and burden). Uncertainty and 

timing are also crucial.          

 hƴ ǘƘŜ ƻƴŜ ƘŀƴŘΣ ǊŜƎǳƭŀǘƛƻƴ ƛǎ ǇŜǊŎŜƛǾŜŘ ŀǎ ŀ ƭƛƳƛǘŀǘƛƻƴ ƻƴ ŎƻƳǇŀƴƛŜǎΩ ŎƘƻƛŎŜǎ ǊŜƎŀǊŘƛƴƎ 

ǘƘŜƛǊ ōǳǎƛƴŜǎǎ ƻǇŜǊŀǘƛƻƴǎ, either by increasing costs or by making certain actions more difficult 

or impossible, which can harm innovation (Demirel et al., 2018). Prescriptive, rigid regulation 

often hinders innovation by discouraging R&D, limiting commercialization, and creating 

suboptimal lock-in effects (Pelkmans & Renda, 2014). For AI, unlike traditional sectors, R&D 

investment is reliant on data. AI models require continuous feedback loops and large-scale data 

aggregation. The effectiveness of AI algorithms also improves with the quantity, diversity, and 

quality of data, making access to personal and behavioural data a must (Truhn et al., 2022). So, if 
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there are data control mechanisms in place that hinder the entry, processing, and cross-border 

transfers of data, that can significantly affect data-intensive operations (Gao, 2024). Moreover, 

uncertainty surrounding regulatory interpretations can deter investment in AI-driven innovation 

(Veale & Edwards, 2018).         

 Conversely, regulation is viewed as having the potential to positively influence innovation 

by fostering innovative adjustments to new situations or market opportunities generated by the 

regulation. An example of this positive view can be found in the Porter hypothesis, where, in that 

case, a well-designed environmental regulation is found to stimulate a ŦƛǊƳΩǎ innovation by 

ŜƴƘŀƴŎƛƴƎ ǇǊƻŘǳŎǘƛǾƛǘȅΣ ǿƘƛƭŜ ŀǘ ǘƘŜ ǎŀƳŜ ǘƛƳŜ ƳŜŜǘƛƴƎ ǘƘŜ ǊŜƎǳƭŀǘƻǊΩǎ Ǝƻŀƭǎ (Porter & Linde, 

1995). However, the empirical evidence on this is mixed. A number of studies have found a 

positive impact indeed, with increased productivity because of a working regulation (Berman & 

Bui, 2001; Lanoie et al., 2008; van der Vlist et al., 2007). On the other hand, Brannlund et al. (1995) 

and Rassier & Earnhart (2010) found that high compliance costs, plus the reduced flexibility of 

firms, reduced their productivity and profits. Considering privacy regulations, Goldfarb and Tucker 

(2012) argue that a trade-off exists between privacy and innovation, as it is difficult to find the 

optimal balance between the benefits of data-driven innovation and the costs of privacy 

infringement. They refer to several studies focusing on online advertising and the healthcare 

sector. Further exploring this dynamic, Lefouili et al. (2024) analyze how privacy regulations, 

specifically caps on information disclosure, influence quality-enhancing innovation. They find that 

when the proportion of privacy-conscious users is relatively small, such regulations can diminish 

innovation incentives and potentially harm consumer welfare. Conversely, if a significant share of 

users prioritizes privacy, these regulations may bolster innovation and benefit consumers. 

 Regarding AI, firms may start to focus on privacy-preserving solutions, creating a way in 

which AI innovation and technological progression coexist with the imperative to protect personal 

privacy and data rights (Timan & Mann, 2021).       
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2.2 GDPR information 

¢ƘŜ 9¦Ωǎ D5tw was officially adopted on the 25th of May 2018 (Regulation 2016/679) 

(European Parliament & Council of the European Union, 2016). The until then in place Data 

Protection Directive (Directive 95/46/EC) was then replaced. In contrast to the directive that 

allowed EU member states more national flexibility, the GDPR is a regulation, meaning that the 

same data protection laws apply to all EU member states. It also extends to every entity, whether 

within or outside the EU, that collects the personal data of EU citizens. Nevertheless, the GDPR 

does not apply to the fields of national security or the data processing for private household 

activities, provided that the safeguards are in place (ICO, 2019).     

 The GDPR has been constructed with seven main principles: lawfulness, fairness, and 

transparency; purpose limitation; data minimization; accuracy; storage limitation; integrity and 

confidentiality; and accountability (European Parliament & Council of the European Union, 2016). 

Organizations that process personal data must have one of the legal bases to do so, which are 

consent, contractual necessity, legal obligations, vital interests, public interest, and legitimate 

interests (ICO, 2019). The most significant feature of the GDPR is the enhancement of the rights 

of individuals, therefore giving the consumers more power over their data. Those rights are: the 

right to be informed, the right of access, to rectify, to restrict processing, to move data, to object, 

and to erase (European Parliament & Council of the European Union, 2016).    

 Beyond individual rights, the GDPR, however, sets forth an outline of responsibility and 

controls that require organizations to put "data protection by design" into their procedures. Apart 

from that, in case there is a personal data breach, companies are obliged to inform the 

appropriate supervisory authority within a span of 72 hours. If the regulation is not strictly 

ŀŘƘŜǊŜŘ ǘƻ ōȅ ǘƘŜ ŎƻƳǇŀƴƛŜǎΣ ǘƘŜȅ Ŏŀƴ ƎŜǘ Ƙƛǘ ōȅ ǎŜǾŜǊŜ ǇŜƴŀƭǘƛŜǎΦ ¢ƘŜ ŦƛƴŜǎ Ŏŀƴ Ǝƻ ǳǇ ǘƻ ϵмл 

million or 2% of global annual revenue (whichever is higher) for the less serious breaches and up 

ǘƻ ϵнл Ƴƛƭƭƛƻƴ ƻǊ п҈ ƻŦ ǿƻǊƭŘǿƛŘŜ ǎŀƭŜǎ ŦƻǊ ǘƘŜ ƳƻǊŜ ǎŜǊƛƻus breaches.   

 As the most comprehensive data protection framework to date, the GDPR plays a crucial 

role in shaping the trajectory of the digital economy. By setting rigorous compliance standards, it 

influences corporate data practices and regulatory frameworks worldwide. In doing so, it not only 
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enhances consumer rights but also establishes a new benchmark for data governance, with long-

term implications for global markets and digital innovation.  

2.3 GDPR and (AI) Innovation  

2.3.1 Previous findings 

Focusing on studies on the GDPR, there is still only limited empirical literature. 

Theoretically, some studies state that the GDPR will foster competition and new value creation 

by opening the digital economy to new players. Furthermore, by avoiding specific technology 

mandates, the GDPR aligns itself with the Porter Hypothesis, which suggests it will encourage and 

expand opportunities for innovation (Niebel, 2021). Empirically, Arcuri (2020) claims that the 

value of European-listed financial firms has increased after the implementation of the GDPR, 

however, they do not compare to a control group, and other studies applying more rigorous 

methods come to less promising conclusions. Peukert et al. (2022) document a substantial decline 

in engagement between websites and web technology providers following the D5twΩǎ 

implementation, even among firms not directly subject to the regulation. This reduction in 

interactions has contributed to higher market concentration in web services, favoring dominant 

players while potentially stifling competition and, by extension, innovation, particularly among 

European firms (Johnson et al., 2023). Questioning the innovation-enhancing through 

competition impact furthermore is the finding that firms, especially smaller ones, exposed to the 

GDPR experienced declines both in turnover and even more profits  (Frey & Presidente, 2024; 

Johnson & Shriver, 2019). However, although the compliance costs of the GDPR were expected 

to burden innovation, well-established European-based firms have not experienced this effect 

(Godinho de Matos & Adjerid, 2022). 

The studies mentioned earlier only looked indirectly at the effects of the GDPR on 

innovation. Looking more directly, there are only very limited studies, and their results are mixed 

(Johnson, 2022). It was first expected that, because of the competition-enhancing impact, the 

GDPR would incentivize platform providers to innovate; however, this has been found not to be 

the case, except for healthcare platforms (Krämer, 2021; Pietronudo et al., 2022). Besides, the 

GDPR caused a third of the available apps to leave the EU market (Janssen et al., 2022). The future 
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of startups, which are perceived as essential drivers for innovation, is also impacted by the GDPR, 

and it is noticeable that after the implementation of the GDPR, there has been less venture capital 

(VC) invested in the EU compared to the US (Jia et al., 2021).  

 

2.3.2 GDPR and AI innovation 

One of the most critical ways in which the GDPR affects AI innovation is through 

restrictions on the availability and usability of training data. AI models, especially those based on 

machine learning and deep learning, require vast datasets to improve accuracy and reliability. The 

D5twΩǎ Řŀǘŀ ƳƛƴƛƳƛȊŀǘƛƻƴ ǇǊƛƴŎƛǇƭŜ, which restricts the collection of personal data to what is 

strictly necessary for a given purpose, is particularly a concern for firms developing AI-based 

solutions. This restriction limits the volume of training data available for machine learning 

algorithms, potentially reducing model accuracy and effectiveness (European Parliament. 

Directorate General for Parliamentary Research Services, 2020).  

The impact is particularly severe for startups and smaller firms that do not have access to 

large proprietary datasets, unlike tech giants such as Google or Amazon, which can rely on first-

party data (Johnson et al., 2023). Despite this resource constraint, startups may, on the other 

hand, be in an ideal position to align themselves with the regulation and start their business with 

it in mind (Winecoff & Watkins, 2022).        

 Moreover, research institutions will also face the effects when they process datasets 

containing personal data for AI developments and studies (Kezada-Tavarez et al., 2022). Academic 

collaborations across borders are also constrained, as the extensive legal and administrative 

frameworks the GDPR brings, slows down the process and the fluidity of knowledge exchange 

(Atta-Owusu, 2019). However, the GDPR has led to an increase in publications providing GDPR-

compliant explanations (Hamon et al., 2022). Next to research institutions, firms and 

organizations might also be discouraged from collaborating with foreign partners. Technological 

endeavors rely on open knowledge flows, but the GDPR might complicate this, resulting in lower 

international cooperation and the isolation of  European firms opposed to those in other regions 

(Gui et al., 2018; Lamperti et al., 2020).  
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Additionally, the right to erasure implies that personal data should be deleted when 

requested by the data subject. This is an issue for AI as the data may be used in a trained 

algorithmic model, and unlike traditional databases, machine learning models cannot easily 

"forget" data once trained, requiring costly model retraining or complex technical workarounds 

(Ginart et al., 2019). This creates additional compliance burdens and slows down the deployment 

of AI innovations.            

 The right to object enables data subjects to request that the processing of their data be 

terminated under certain conditions. Specifically, individuals have an unconditional right to object 

to direct marketing and related profiling and can object to research or statistical processing unless 

it is for public interest. Such provisions are relevant to AI, given that profiling and statistics are 

indeed key applications of AI to personal data. If a consumer uses this right, a human has to review 

the decision for which AI was used. This will increase the cost for firms (Wallace & Castro, 2018).  

While the cost of compliance has not been found to be much of a burden for established 

European firms, for startups it is a significant cost (Martin et al., 2019). AI and data-related 

startups are particularly necessary to keep the EU competitive in innovation. AI-powered startups 

also have attracted higher levels of VC investment, particularly in economies like the US and China 

(Jia et al., 2021). In the EU, however, there have been negative effects on the number of (new) 

data-related firms and their raised finances after the implementation of the GDPR.  

To conclude, the expected causal pathway through which the GDPR affects AI innovation 

goes as follows: As the GDPR limits data collection, firms and institutions have fewer training 

samples, so AI models become less accurate, which leads to lower innovation output. Secondly, 

as the GDPR allows data deletion, AI (using) firms might have to retrain models and add human 

labor, which increases costs and slows AI deployments. Additionally, the GDPR raises compliance 

costs, which might lead to higher entry barriers for AI startups, so there could be lower VC 

investment in AI startups. This is also shown in Figure 1.  

The following hypotheses are drawn:  

 

H1a: The implementation of the GDPR has a negative impact on AI innovation in the EU, 

as measured by the number of AI-related patent applications. 
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H1b: The implementation of the GDPR has a negative impact on AI innovation in the EU, 

as measured by the amount of VC investments in AI. 

H1c: The implementation of the GDPR has an impact on AI innovation in the EU, as 

measured by the number of AI-related publications. 

H1d: The implementation of the GDPR has a negative impact on AI knowledge flows in 

and out of the EU. 

 

 

FIGURE 1: DIRECT EFFECT OF THE GDPR ON AI INNOVATION 

2.4 GDPR and indirect AI innovation 

Besides the effect on AI and data-related firms, directly, there is also an indirect effect. AI 

also plays a crucial role in innovation, particularly in sectors like healthcare and finance 

(Brynjolfsson & Mcafee, 2017b). High AI-reliant sectors, such as pharmaceuticals and fintech, may 

experience greater innovation slowdowns, while low AI-reliant sectors, like agriculture and 

manufacturing that rely primarily on machine-generated data rather than personal data, may be 
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less affected (Bughin et al., 2018). Here as well, the data minimization and the right to erase will 

play a role. Additionally, the right to explanation consumers get would also discourage companies 

from using AI, as there exists a trade-off between an algorithm's sophistication and its explicability 

(Goodman & Flaxman, 2017).  

To conclude this and explain the mechanism; for high-AI-reliant sectors, the D5twΩǎ Řŀǘŀ 

minimization and right to erasure reduce the availability of personal data, limiting the 

effectiveness and use of AI applications. Furthermore, the right to explanation could discourage 

firms from adopting advanced AI models. For low AI-reliant sectors, the GDPR is expected to have 

a limited impact because they do not process large amounts of personal data.  

    The hypothesis that follows from this is:  

 

H2a: The GDPR has a stronger negative effect on AI innovation in high AI-reliant sectors 

(healthcare, finance) than in low AI-reliant sectors (agriculture, manufacturing). 

 

       One particular sector on which the GDPR might have had a positive effect is cybersecurity, as 

it has spurred privacy-ǊŜƭŀǘŜŘ ƛƴƴƻǾŀǘƛƻƴ ŀǎ ǿŜƭƭ ŀǎ ƛƴŎǊŜŀǎŜŘ ŘŜƳŀƴŘ ŦƻǊ ΨǊŜƎǳƭŀǘƛƻƴ-exploiting 

ƛƴƴƻǾŀǘƛƻƴΩ ǘƻ ǎǳǇǇƻǊǘ Řŀǘŀ ǇǊƻǘŜŎǘƛƻƴ ŀƴŘ ŎƻƳǇƭƛŀƴŎŜ, e.g., compliance management software 

or encryption capabilities (Martin et al., 2019). Therefore, the change in AI innovation in the 

cybersecurity sector will also be investigated, with the following hypothesis: 

 

H2b: Unlike other sectors, the GDPR has a positive effect on AI-driven innovation in 

cybersecurity. 

 

       The conclusions for this chapter are also visualized in Figure 2.  
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FIGURE 2: INDIRECT EFFECT OF THE GDPR ON AI INNOVATION 

2.5 Different impacts per country   

Even though the GDPR is an EU-wide policy, its effect on AI innovation may vary significantly 

between the different member states. This is due to several reasons. First, the EU countries have 

different levels of technological capabilities, which might alter the way the GDPR impacts these 

countries. Some countries have stronger AI ecosystems, along with well-developed digital 

infrastructure, advanced research institutions, and high levels of private-sector R&D investment. 

It is, for example, visible that Germany, France, and the Netherlands have substantially more AI 

research and development activity than other European countries (European Commission. Joint 

Research Centre, 2018). Yet, whether this is good or not, with the GDPR coming into effect is 

unclear. On the one hand, studies have shown that countries with higher AI capabilities are better 

able to adapt to privacy regulations, mitigating negative innovation effects (Bughin et al., 2018; 

Yan & Liu, 2024). However, when the countries also rely more on this AI in their economy negative 

effects of the GDPR might be stronger, whereas countries with a less AI-intensive economy may 

face fewer slowdowns. Empirical research has also suggested that economies with a greater 
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reliance on digital services and high-tech industries are more sensitive to AI-related regulatory 

changes (Jones, 2023).   

A second reason why there might be cross-country differences is that even though the 

GDPR is an EU regulation, national data protection authorities enforce it differently across 

member states (Kuner et al., 2021). Countries with stronger institutional frameworks sometimes 

enforce the GDPR even more strictly. This could lead to higher compliance costs and lower 

innovation. However, countries with strong institutional frameworks have higher consumer trust, 

also in AI-driven services, so the effect is possibly twofold (Golpayegani et al., 2022).  

This leads to the following hypothesis: 

 

H3a: The impact of the GDPR on AI innovation varies across EU member states depending on 

their technological capabilities. 

H3b: The impact of the GDPR on AI innovation may vary based on the institutional framework or 

stricter enforcement of the GDPR. 

 

            This is also shown in Figure 3. Only the high scenario is shown; the low scenario follows the 

same structure but produces the opposite effects.   

 

 

FIGURE 3: GDPRΩS HETEROGENEOUS EFFECTS 
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3 Data and Methodology  

This study employs a mixed-method empirical approach to measure the effects of the GDPR 

on AI innovation and broader sectoral innovation. 

3.1  Outcome variables 

This research has several variables of interest. For hypothesis 1a, data will be used from 

Lens (Lens,2025). This study focuses on AI-related patents classified under CPC codes G06N (AI) 

and G06F (data processing). Specifically, two key patent-based metrics will be used: the total 

number of AI-related patent applications at filing date όΨtŀǘŜƴǘ wŜŎƻǊŘǎΩύ ŀƴŘ ǘƘŜ ŜȄǘŜƴǘ ǘƻ ǿƘƛŎƘ 

ǘƘŜǎŜ ǇŀǘŜƴǘǎ ŀǊŜ ǊŜŦŜǊŜƴŎŜŘ ƛƴ ǎǳōǎŜǉǳŜƴǘ ƛƴƴƻǾŀǘƛƻƴǎ όΨ/ƛǘŜŘ .ȅ tŀǘŜƴǘǎΩύΦ Specifically, only 

patents with ten or more citations will be counted for hypothesis 1a, which accounts for 1-5% of 

the total G06N and G06F patents for the EU. Later, for hypothesis 3, the total number of cited by 

patents will be used, due to limited data quantity. For hypothesis 1c, data will be used from 

OpenAlex to examine the amount of academic literature on AI as an application (OpenAlex, 2025). 

Additionally, top-cited publications are counted if they have more than 100 citations, which 

accounts for 3-6% of the total of these publications. A comprehensive list of topics included is 

provided in Appendix A. For hypothesis 1b, data will be used from Preqin to study the investment 

in AI startups (OECD.AI, 2021a). An AI startup is defined as a private company that researches and 

delivers all or part of an AI system or researches and delivers products and services that rely 

significantly on AI systems (OECD, 2021). Additionally, the investment in data startups is also 

investigated (OECD.AI, 2021b). A data startup is defined as a private company that provides 

solutions for large volumes of data through data gathering, storing, or analysis (OECD, 2021). The 

variables are measured as VC investments in USD millions by country. For hypothesis 1d, data will 

be used from Stack Overflow (OECD.AI, 2023). Their data on knowledge flows provides insights 

into how countries share specialised AI knowledge over time. The outgoing AI flow measures how 

many AI-related questions a country answered for other countries. In this research, for the EU, 

only the answers sent to countries outside the EU are used. The incoming AI flow measures how 
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many answers a country received from other countries. Also, here, for the EU, only answers 

coming from outside the EU are considered. 

For hypothesis 2, also from Preqin, the VC investments in AI in USD millions by country 

will be investigated (OECD.AI, 2021c). The sectors that will be included are for the high AI-reliant 

sectors: the healthcare, drugs, and biotechnology sector; the financial and insurance services 

sector; and for the low AI-reliant sectors: the construction sector; and the agriculture sector. 

Furthermore, data is used from the OECD to look at the R&D expenditure per sector (OECD, 2024). 

The business enterprise R&D expenditure (BERD) in USD millions by country is investigated. To 

align as closely as possible with the sectors from Preqin, the BERD is taken from the financial and 

insurance sector, the construction sector, the human health sector, and the pharmaceutical 

sector. For hypothesis 2b, the digital security sector will be investigated separately using VC 

investments. This digital security sector consists of technologies that aim to protect against 

increasing cybersecurity threats, data breaches, and ransomware attacks. A full list of what is 

measured under this sector can be found in Appendix B. 

For hypothesis 3a, following Yan & Liu (2024), the Global Innovation Index (GII) from WIPO 

will be used (WIPO, 2018). If a country had a score lower than 50 in 2018, they are seen as having 

low technological capabilities. Additionally, the Government AI Readiness Index will be used 

(Oxford Insights, 2019). The index ranks and scores the countries of the world from best to least 

AI-ready. Besides a rank, a score is presented, which will be used for this research. For hypothesis 

3b, the World Government Indicators, published by the World Bank, will be used (World Bank, 

2025a; World Bank, 2025b). In particular, the Regulatory Quality indicator and the Rule of Law 

indicator are examined, which capture a country's ability to design and implement effective 

regulations, which can impact the perceived stability of a country's regulatory framework. The 

indicators are expressed in a percentile rank. Additionally, countries where the GDPR is 

implemented the most strictly will be investigated separately. This is done with the CMS. Law 

GDPR Enforcement Tracker, and the total sum of fines is used as an indicator of strictness in this 

research (Yacoob, 2025). The countries with the highest strictness are, starting with the highest 

one: Spain, Italy, Luxembourg, Ireland, Germany, France, the Netherlands, Greece, and Sweden. 



Emily Desmet Jun. 23, 25 Master Thesis, Economics 

19 

 

 All the outcome variables are normalized per million population to ensure comparability 

across countries varying in size.      

3.2 Independent variable 

The variable of interest is the GDPR. It has been implemented in the 27 EU member states. 

The GDPR was announced in 2016 and implemented in 2018. Whether or not the announcement 

in 2016 caused a reaction or not, is difficult to say. In their research on technology venture 

investment, Jia et al. (2020) found no change in behavior after the announcement, but they did 

find a change after the implementation. With the focus of this research being on AI innovations, 

data availability is also limited, especially in the period before 2016. It was the US that started the 

push towards AI in 2012, and other countries followed after (Fujii & Managi, 2018). Still, this 

research uses data from 2014 onwards, and where needed, extra tests will be performed. 

3.3 Control variables 

To ensure that the estimated effects of the GDPR on AI innovation are not confounded by 

broader macroeconomic conditions, this study includes several control variables. 

GDP could influence ŀ ŎƻǳƴǘǊȅΩǎ ƛƴƴƻǾŀǘƛƻƴ ǇƻǘŜƴǘƛŀƭΣ ŀǎ ǿŜŀƭǘƘƛŜǊ ŜŎƻƴƻƳƛŜǎ ǘŜƴŘ ǘƻ ƘŀǾŜ 

more resources for R&D, AI adoption, and digital transformation (Goldberg et al., 2019; Jia et al., 

2021). Data for GDP per capita is gathered from the World Bank and is measured in current US 

dollars (World Bank, 2025c).  

The unemployment rate captures labor market conditions that could influence AI 

innovation, particularly through human capital availability and firm hiring behavior. Higher 

ǳƴŜƳǇƭƻȅƳŜƴǘ Ƴŀȅ ǊŜŘǳŎŜ ŦƛǊƳǎΩ ŀōƛƭƛǘȅ ǘƻ ƛƴǾŜǎǘ ƛƴ !L ǊŜǎŜŀǊŎƘΣ ǿƘƛƭŜ ƭƻǿŜǊ ǳƴŜƳǇƭƻȅƳŜƴǘ Ƴŀȅ 

increase AI adoption due to labor shortages and automation incentives (Acemoglu & Restrepo, 

2020). Data for the unemployment rate is gathered from the World Bank and is measured as a 

national percentage of the total labor force (World Bank, 2025d).     

 The inflation rate also could have an effect, as high inflation can reduce investment in R&D 

and innovation because costs for firms increase. Furthermore, inflation creates uncertainty that 

moves firms away from innovative activities toward safer but return-dominated ones (Evers et 
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al., 2020). Data for the inflation rate is gathered from the World Bank and is measured by the 

consumer price index (World Bank, 2025e). 

Tertiary education is also of importance for a country's innovation, as having a high share 

of educated individuals typically results in stronger human capital, more research institutions, 

and a higher concentration of skilled labor (Filippetti & Guy, 2020). Data for the education rate is 

gathered from the World Bank and is measured as gross tertiary school enrollment in percentage 

(World Bank, 2025f).  

3.4 Method: 

3.4.1 Basic model 

At first, a panel data regression is run for hypotheses 1 and 2, starting with solely including 

all independent variables one by one and the GDPR as the only explanatory variable, to investigate 

whether there is any basic relationship between the variables in this dataset. Additionally, control 

variables were added to this regression, including GDP per capita, unemployment rate, inflation 

rate, and education rate. The equation model belonging to this shows the outcome of countries  

i in time t, depending on the observable and unobservable variables:  

 

ὣ  ‍ὋὈὖὙ ‍ὅέὲὸὶέὰίό ‏  ‐                        (1) 

In equation 1, the variation in the dependent variable, GPPR, for country i in year t, could 

be explained by the independent variable ὣ that represents AI innovation for country i in year t, 

measured via AI-related patents, research papers, VC investments, and R&D investments. The full 

list of outcome variables ὣ will take is presented in Table 1. 

GDPR is a dummy variable equal to 1 if the GDPR is in effect and 0 otherwise. The 

variable, ὅέὲὸὶέὰί, signifies the control variables GDP, unemployment rate, inflation, and 

education rate. ό denotes the country-fixed effects. The country-fixed effects account for 

unobserved, time-invariant characteristics specific to each country that can influence the 

dependent variable.  ‏ represents the time-fixed effects. The time-fixed effects control for time-

specific factors that might affect all countries in a given year. This includes any events or other 

time-related shocks that take place in the years covered by the data. ‐ denotes the clustered 
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error term of the model. The error term is clustered at the country level. This clustering allows 

for the possibility that the error terms are correlated within countries over time, which adjusts 

the standard errors to account for this clustering and provides more reliable inference (Colin & 

Miller, 2015).  

TABLE 1: OUTCOME VARIABLES 

 

 

3.4.2 SCM 

This study will use an SCM as constructed by Abadie et al. (2010) to contrast the activity 

of the EU with the rest of the world before and after the rollout of the GDPR. Another method 

that is often used with this kind of design is a Difference-in-Differences model, as used in the 

study of Goldfarb & Tucker (2012) and Jia et al. (2021), to contrast the EU with the US. However, 

the disadvantage of this method is that it requires the parallel trends assumption to hold, stating 

that in the absence of the treatment, the average outcomes for the treatment and control groups 

would have followed parallel trends over time. This would imply hand-picking a country to serve 

as a control group, such as the US. However, the parallel trend assumption did not hold for all of 

the outcome variables in this way. Instead, the synthetic control group can be formed by a 

combination of countries, which is objectively chosen based on the available data.  
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SCM is particularly effective in settings with a single treated unit and multiple potential 

control units, allowing the construction of a counterfactual scenario in the absence of treatment. 

This is done by assigning weights to countries from a donor pool and forming a linear combination 

of the dependent variable that is as close as possible to that of the treated unit. It is important 

that the donor pool picked is similar to the treated unit in order to reduce interpolation bias 

(Abadie et al., 2015).  The donor pool used in this study consists of Australia, Canada, China, Japan, 

Korea, Norway, Switzerland, Turkey, and the US. Those countries are chosen because they are all 

fellow OECD countries, with the exception of China. The countries are classified as high-income 

or upper-middle-income economies by the World Bank. The Western and the Asian economies 

are all innovation and technology-focused, which makes them a good control group for the nature 

of this study. The equation estimated for this method is based on Abadie (2021).  

 

‌   ὣ  ὣ   (2) 

 

In equation 2, ‌  is the estimated treatment effect of the GDPR in period t for the EU, 

which makes it unit 1. ὣ  is the observed outcome for this unit 1 in period t, consisting of the 

same variable as can be found in Table 1.  

ὣ   is the counterfactual outcome, meaning the outcome value the EU would have had 

in the absence of the GDPR. Since this is unobserved, a synthetic control unit as a weighted 

average of the control countries is constructed in equation 3.  

  

ὣ В ύὣ   (3) 

With ύ π ὥὲὨ В ύ ρ  

 

In equation 3, J is the total number of control units, and j is used to index them. ὣ  is the 

observed outcome for control unit j at time t, and ύ is the weight assigned to control unit j.  

The vector of weights ὡ ύ Ễ ύ  is chosen to minimize:  

 

ᴁὢ ὢὡᴁ ὢ ὢὡ ᴂὠὢ ὢὡ  (4) 
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The goal is to make the synthetic control as similar as possible to the treated unit before 

the intervention. In equation 4, ὢ1 is a matrix containing pre-treatment characteristics for the EU, 

and ὢ0 is a matrix containing the same characteristics but for the donor pool. V is a symmetric 

and positive semidefinite matrix, chosen to minimize the mean square prediction error of the 

outcome variable over a set of pre-treatment times (Abadie, 2021). V can give different weights 

to the characteristics in ὢ1 and ὢ0, depending on how well they predict the outcome variable. 

The characteristics used are the same as the control variables, previously explained, 

namely GDP, inflation rate, unemployment rate, and tertiary education rate. Additionally, the 

total research and development expenditure is added, taken from the World Bank, and measured 

as a percentage of GDP (World Bank, 2025g). Furthermore, internet penetration measured in 

percentage of the population using the internet is also added, taken from the World Bank (World 

Bank, 2025h). Lastly also foreign VC exposure is added, which is taken from Crunchbase Pro as VC 

funding per country, excluding the country of investment, and is transformed per capita 

(Crunchbase, 2025). Together, these predictors capture economic capacity, stability, labor 

availability, technological state, and human capital, which are all critical determinants of AI 

innovation. Using these variables will help ensure that the synthetic control approximates the EU 

not just economically, but also in terms of its innovation potential. The weights assigned to the 

countries for each variable and hypothesis can be found in Appendices D through F. The predictor 

balances can be found in Appendices G through I.  

There are three key assumptions that must hold for the reliable use of the SCM, as 

explained by (McClelland & Gault, 2017).   

Firstly, there should be no interference, meaning that only the treated unit should be 

affected by the policy. To ensure that this condition is satisfied, this study considers countries that 

are not in the EU. This condition also implies that there cannot be any spillover effects of the 

GDPR on other countries in the donor pool. This is difficult to ensure, as while it is an EU policy, 

other countries that want to use data of EU citizens should also follow the GDPR rules. If there 

are spillover effects, the validity of the findings might be harmed as the effect might be either 

overestimated or underestimated, depending on the direction of the spillover effects. The 

outcomes chosen, such as patent filings, VC investments, and publications in AI-related sectors, 
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however, are less sensitive to these potential spillover effects. The variables that might encounter 

spillover are the AI knowledge flows, which will therefore be carefully investigated and discussed. 

There is also literature about countries adapting their data policies inspired by the GDPR and/or 

wanting to get a more uniform approach to data privacy that would simplify international 

collaborations again  (Gadoni Canaan, 2023; Gstrein & Zwitter, 2021). However, it is important to 

note that most concrete legislative changes in non-EU countries such as Switzerland were only 

implemented from 2021 onward, several years after the GDPR came into effect in 2018. Given 

that the study focuses on the period from 2014 to 2020, the outcome variables of this study 

should not be affected. Regardless, it is hard to fully rule out all possible spillover effects in the 

study.  

Secondly, the policy should not have an effect before it is enacted. As mentioned before, 

the GDPR was announced in 2016 and implemented in 2018. Whether or not the announcement 

in 2016 caused an effect or not is difficult to say. Previous studies found no change in behavior 

after the announcement was made (Jia et al., 2021). Still, to account for the possibility, a 

robustness test is conducted, specifically an in-time placebo test, that involves setting the 

treatment period back to a few years prior to the intervention, which would capture anticipation 

effects. If the effect only appears after the real intervention time, the model is credible.  

The final assumption states that the counterfactual outcome can be approximated by a 

weighted combination of donor units. This is crucial because it ensures that the synthetic control 

unit is formed from actual, observed units using non-negative weights that sum to one. This 

assumption can be checked by inspecting the data, and for each variable, it is visible how closely 

the counterfactual approximates the real pre-intervention trend.  

Another important, though often implicit, assumption is the lack of contaminating events. 

Since the intervention is studied at an aggregate level, the GDPR should be the main policy that 

would have such an influence on the treated countries. Investigating policy changes revealed no 

other large policies around the time the GDPR was introduced, except for Brexit. For this reason, 

data for the EU is consistently based on the EU27, and for all years, the UK has been left out, to 

ensure Brexit does not influence the analysis.  
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To further validate the findings, placebo gaps will also be presented for all analyses in 

Appendices J, K, and L. These are constructed by assigning a placebo treatment to each donor 

country and then calculating the difference between its post-intervention trend and its synthetic 

control. The resulting placebo gaps are then used to calculate p-values, which indicate the 

likelihood of observing an effect larger than the one observed for the treated country (Abadie et 

al., 2015).            

 Lastly, the SCM was chosen as the primary analytical tool due to its transparency, 

interpretability, and good performance in estimating treatment effects when a single treated unit 

is compared against a weighted combination of control units. The augmented SCM (ASCM) can 

offer efficiency gains when there is an imperfect pre-treatment fit, but in this case, the benefits 

would not outweigh the added complexity. Nonetheless, the ASCM treatment effects for the 

general analysis will be presented in Appendix N, as an extra robustness check, providing an 

additional layer of validation of the results.   

 

3.4.3 Heterogeneity 

To explore heterogeneity as laid out under hypothesis 3, the EU will be divided into two 

groups depending on their score for each specific variable. Table 2 explores the specific criteria 

used for each indicator. Appendix O will give details on which countries were specifically put into 

which group for each variable. The SCM is applied separately for each subgroup, constructing a 

synthetic version of the two treated groups based on the same donor pool. These groups 

represent countries with relatively strong versus weak institutional and innovative capacity. Each 

group is then treated as a single macro-level unit in the SCM analysis. This approach allows a 

comparison of the effect of GDPR across distinct country types and characteristics.  
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TABLE 2: COUNTRY GROUPING CRITERIA FOR HYPOTHESIS 3 
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3.5 Statistics  

TABLE 3 : SUMMARY STATISTICS 

 
 

Table 3 presents the summary statistics based on the dataset that is used for the analysis in 

this research. The number of observations is 245 when all countries, including 26 EU countries, 

and 9 control countries are taken separately, and when there is no missing data from 2014 to 

2020.  There are 26 EU countries, as Malta has been excluded from the analysis due to insufficient 

data.  
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4 Results  

This section presents the results of the different regression models laid out in the previous 

chapter. 

4.1 Panel data regression 

The first models run are the two-way fixed effects panel data regression models for the EU 

and the control countries. The models in which control variables are added gradually for each 

variable can be found in Appendix C.  

TABLE 4: PANEL REGRESSION HYPOTHESIS 1 PART 1 

 



Emily Desmet Jun. 23, 25 Master Thesis, Economics 

29 

 

TABLE 5: PANEL REGRESSION HYPOTHESIS 1 PART 2 

 

Tables 4 and 5 show that for all variables under hypothesis 1, there are no significant effects. 

However, the panel regression results being statistically insignificant across most specifications is 

not entirely unexpected given the nature of the treatment and the structure of the data in this 

panel regression. Still, this panel regression is useful to check the direction of the estimated 

coefficients. The patents and their citations have a negative coefficient, as expected, except for 

the top G06F that show a positive coefficient. For publications, the direction could have gone both 

ways, but now the effect is visible as negative. The AI startups also have a negative coefficient, as 

expected, but the data startups, on the other hand, have a positive coefficient, contrary to the 

expectation. The outgoing knowledge flows show a positive effect. The incoming knowledge flow 

shows a negative coefficient as expected.  
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TABLE 6: PANEL REGRESSION HYPOTHESIS 2 PART 1 

 

 
TABLE 7: PANEL REGRESSION HYPOTHESIS 2 PART 2 
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Also, for all variables under hypothesis 2, shown in Tables 6 and 7, the results are 

statistically insignificant across all specifications. The investment in digital security is negative, 

contrary to expectations. For the healthcare sector, there is a positive coefficient, contrary to 

expectations, while in the finance sector, a negative effect was hypothesized and is visible. 

Reversely, for agriculture and construction, it was expected that they would not be affected, yet 

the coefficients are negative. In Table 7, the pharmaceutical and finance sectors are negative, in 

line with expectations, yet finance is not. For constructing, the coefficient is positive, which is in 

line with the expectations.  

4.2 SCM 

4.2.1 Descriptive Analysis 

Now, the attention is turned to the effect of the GDPR for the EU, in comparison to the 

control countries.  To start, a descriptive comparison is made in Table 8 between the EU and the 

control countries for the pre- and post-period, with no weighting considered yet, as the 

coefficients are simply averaged.  

TABLE 8: DESCRIPTIVE DIFFERENCES BETWEEN EU AND ROW 

 

Here, it actually shows that almost all variables did go up in absolute terms for both the EU and 

the control countries, so the relative difference between them will be of real importance.   
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4.2.2 SCM Results 

Now, the SCM plots for all hypotheses formulated under both hypotheses 1 and 2 will be 

presented. These visualizations allow us to see the effect clearly, and afterwards also the size of 

the treatment effects will be given. To assess the robustness of the findings, placebo tests were 

conducted by assigning the treatment, so the GDPR to the control countries and re-estimating 

the model. The resulting placebo gaps serve as a benchmark to evaluate whether the estimated 

effects for the EU are significantly different from what might be expected due to chance. It is then 

also on this basis that significance was assigned to the effect size. The full set of placebo gaps is 

presented in Appendix J. Throughout the following analysis, abbreviated labels will be used, which 

are explained in Table 9. 

TABLE 9: ABBREVIATIONS 

Indicator Abbreviations 

Score on the GII GII 

Score on the AI Readiness Index AI  

Score for the World Governance Indicators GOV 

Enforcement strictness STRICT 
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FIGURE 4: SCM PLOTS HYPOTHESIS 1 
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Panel A of Figure 4 shows how the G06N patents have evolved for the EU. The synthetic 

control country matches the EU well in the pre-intervention period. From 2018 forward, the EU 

had a slightly higher value. Panel B shows the top G06N patents. The synthetic control country 

matches the EU relatively well in the pre-GDPR period. In 2018, the EU had an increase, but 

afterward decreased more than the counterfactual. Panel C shows the evolution of the G06F 

patents. The synthetic control country matches the EU well in the pre-GDPR period. There was no 

effect visible afterward. For the top G06F cited patents in panel D, the synthetic control matched 

the EU good. Both have a clear downward trend from the start. From 2018, however, the EU went 

down less steeply than the counterfactual. The evolution of publications in panel E shows a good 

match between the EU and the counterfactual in the pre-GDPR period. From 2018 onwards, the 

counterfactual has had a higher value than the EU. Panel F shows the top-cited publications, with 

a relatively good match between the EU and the counterfactual pre-GDPR. Post-GDPR, there is 

no effect visible as both follow each other very closely. For the outgoing AI flow in panel G, there 

is a good match between the EU and the control. After 2018, the EU keeps on rising steadily while 

the counterfactual does not. For the incoming AI flow, in panel H, there is a good pre-GDPR fit 

between the EU and the counterfactual. Since 2018, the EU and the counterfactual have gone up 

and down at alternating rates. Panel I shows the VC invested in AI startups; there is a good match 

between the EU and the counterfactual pre-GDPR. There is a downward movement for 2018-

2019, but in 2020, the investment in the EU went up again, leaving a big gap between the EU and 

the counterfactual. For the data startups in panel J, there is no good pre-GDPR fit between the 

EU and the counterfactual. For the EU, there is an increase for 2018-2019 and a decrease for 2020.  
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FIGURE 5: SCM PLOTS HYPOTHESIS 2 
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          Panel K in Figure 5 shows the investment in digital security. The synthetic control matches 

the EU relatively well pre-GDPR. After 2018, the EU remained at the same level, while the 

synthetic control went up. In 2020, however, the EU went up slightly, while the control went 

down, bringing them to the same level again. The VC investment in finance in panel L shows a 

relatively good fit between the EU and the synthetic control pre-GDPR. Here, the investment went 

down in 2018 for the EU and increased for the synthetic control. However, from 2019 onwards, 

there was a steep increase for the EU, while the counterfactual shows volatility. For the VC in AI 

healthcare in panel N, there is a good fit between the EU and the counterfactual pre-GDPR. From 

2018 onwards, there is a divergence between the EU and the counterfactual, with the EU 

increasing at a steady rate, and the counterfactual being volatile, yet in 2020, the counterfactual 

stood at a higher rate. For the VC investment in AI for agriculture, in panel M, there is a good fit 

between the EU and the counterfactual pre-GDPR. However, for this variable in particular, it must 

be noted that the counterfactual only consists of two control countries. From 2018, the 

counterfactual increased a lot while the EU did not. The evolution of VC in constructing in panel 

O is showing a relatively similar trend for the EU and the counterfactual, yet at different levels. In 

2019, there was a steep decrease in investment for both the EU and the counterfactual, yet the 

counterfactual showed a higher increase again in 2020. The evolution of R&D in finance in panel 

P shows not a great fit for the EU and the synthetic control before the GDPR, yet they remain 

close and were at the same level for 2017. From 2018, the EU increased more than the 

counterfactual. For the R&D investment in the pharmaceutical sector, in panel Q, there is not a 

great pre-GDPR fit, with the EU always being slightly higher from 2016. From 2018 onwards, the 

EU experienced an increase, while the counterfactual did not. In panel R, the evolution of R&D in 

healthcare is shown. There is a good pre-GDPR fit, and there is no effect after 2018, as the EU and 

the control keep increasing at the same rate. For the R&D in constructing shown in panel S, there 

is a good pre-GDPR fit . From 2018, the EU fell behind the counterfactual but was almost closing 

the gap again in 2020.  
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TABLE 10: SCM TREATMENT EFFECTS HYPOTHESIS 1 

 

In addition to the plot also the size and the significance of the effect is tested. For all the 

hypotheses under hypothesis 1, this is visible in Table 10. For the G06N patents, the effect size is 

1.317. This means that on average, the EU had 1.317 G06N patents per million people more, after 

the GDPR, than the control countries, which were not subject to the GDPR. The top G06N has a 

negative effect of -0.033. The G06F patents have a positive effect of 0.814. The top G06F has an 
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effect that is significant at the 10% level, with a size of 0.078. Publications have a negative and 

significant effect of -1.594. Top publications have a slightly positive, nonsignificant effect. The AI 

startups have an effect of -0.007. This means that on average, the EU had VC of 0.007 million or 

7000 dollars per million people less invested in AI startups after the GDPR was implemented than 

the control countries without a GDPR. The same reasoning applies to the data startup variable 

with an effect of 0.028; however, both are not significant.  For the outgoing AI flow, the effect is 

highly significant with a size of 5.007. This means that on average, the EU answered 5.007 more 

AI questions per million people from countries outside of the EU, after the GDPR, than the control 

countries did for foreign countries. For the incoming AI flow, the effect is 0.915 and not significant; 

yet it means that the EU, on average, got 0.915 more answers to their questions per million 

people, after the GDPR, than the control countries did. 
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TABLE 11: SCM TREATMENT EFFECTS HYPOTHESIS 2 

 

For hypothesis 2, the effect sizes are put in Table 11. The VC invested in AI for the digital 

security sector has an effect size of -0.285 and is highly significant. This means that on average, 

the EU had 0.285 million or 285,000 dollars per million people less invested after the GDPR than 

the control countries. The VC invested in AI in the finance sector has an effect of -0.140. For the 

healthcare sector, there is a coefficient of -0.334. For the agriculture sector, the effect is -0.078 
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and significant at the 10% level. For the construction sector, the effect is -0.047. Moving from VC 

investments in AI to millions invested in regular R&D, the first variable is R&D invested in the 

finance sector, with a coefficient of 2.010. In the pharmaceutical sector, it is 12.627 and in 

healthcare 0.018. For constructing the effect is negative and highly significant, with an effect of -

0.389.  

To further assess robustness, in-time placebo tests were conducted by shifting the 

treatment year, which is 2018, to 2016. This serves two purposes. First, it helps assess whether 

the observed effects could be due to pre-existing trends rather than the GDPR enactment. 

Second, 2016 marked the announcement of the GDPR. So, by re-estimating the model with 2016 

as the treatment year, it is possible to examine whether any effect begins to emerge from then 

on. The absence of an effect before 2018 supports that the observed effect in the main model is 

indeed linked to the GDPR rather than an anticipation effect or unrelated temporal shocks. While 

all the plots can be found in Appendix M, the following discussion will focus on the variables that 

stand out. The (top) G06N patents did go down from 2016 already, but from 2018 the decrease 

became much steeper. The G06F patents also went down in 2016, and then again in 2018. The 

outgoing AI knowledge flow began its big increase from 2016 onwards, which was also visible in 

the SCM plot, so the trend at least started before the GDPR was implemented.    

 Additionally, in Appendix N, a comparison between the treatment effects of the SCM and 

the ASCM is presented to verify that the SCM findings are also representative and robust. Overall, 

both methods yield the same results. If anything, the ASCM estimates tend to be larger in 

magnitude, though not statistically more significant.   

4.3 Heterogeneity  

Hypothesis 3 deals with the possibility of heterogeneity between the different EU countries.  

The EU is always split into 2 groups, as laid out in Table 2. For hypothesis 3a, the SCM plots on the 

GII will be displayed below, and the plots on the AI Readiness Index can be found in Appendix P. 

For hypothesis 3b, the plots on the Governance Indicators will be displayed below, and the plots 

on GDPR enforcement strictness can be found in Appendix Q.  
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FIGURE 6: SCM PLOTS HYPOTHESIS 3A PART 1 
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FIGURE 7: SCM PLOTS HYPOTHESIS 3A PART 2 
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Panels AA of Figure 6 shows how the G06N patents have evolved for both EU groups. The 

high GII group matches well pre-GDPR with the counterfactual and shows a higher increase than 

the counterfactual for 2018 and 2019, but they are the same value again in 2020. The low GII 

group starts at zero and almost does not evolve over time. For panels BB, the high GII group in 

BB1 has a good pre-GDPR fit with the counterfactual and shows a widening gap with it after 2018. 

As there are almost no G06N patents in the low GII group, there are also almost no citations 

before and after the GDPR. Panels CC shows the evolution of the G06F patents. There is a 

relatively good fit for both groups and synthetic control before the GDPR. Both groups diverge 

from their counterfactual after 2018, with the high GII group flatlining and the low GII group 

declining, while both counterfactuals rise. For the G06F cited by patents in panels DD, there is a 

pronounced decline for the high group after the GDPR. While not well matched with the 

counterfactual pre-GDPR, there is a similar flat trend for the low group and the counterfactual, 

pre-GDPR, and afterwards, there is an increase in 2020 for the counterfactual, while the treated 

group declines further. The evolution of publications in panels EE shows a good fit with the 

synthetic controls pre-GDPR. Both groups fall behind their counterfactual from 2018 onwards, 

but this effect is bigger for the low GII group. Panels FF show the top-cited publications. Both 

panels have a good pre-GDPR fit with the counterfactuals. There is no effect for the low GII group, 

but the high GII group does fall behind the control from 2018 onwards. For the outgoing AI flow 

in panels GG, there is a relatively good pre-GDPR fit for both groups and the counterfactual. Both 

groups also experience a similar effect and divergence from their counterfactual, yet the high GII 

group decreases in 2020, falling below the counterfactual, while the low GII group keeps 

increasing. For the incoming AI flow, in panels HH, there is a good fit with the synthetic controls. 

Both groups see an increase higher than their counterfactual in 2018, but a decrease afterwards, 

creating a gap with the counterfactuals. In Figure 7, panels II show the VC invested in AI startups. 

The high GII group keeps increasing steadily after 2018, not experiencing the volatility of the 

control. There is no investment in AI startups before the GDPR for the low GII group; the 

counterfactual experiences a very small increase after 2018, while the low GII group does not. For 

the data startups in panel JJ, there is no good pre-GDPR fit between both groups and their 
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counterfactual. For the low group, there is almost no investment, and for the high group, it is very 

volatile.  

 
 

  

FIGURE 8: SCM PLOTS HYPOTHESIS 3A PART 3 
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FIGURE 9: SCM PLOTS HYPOTHESIS 3A PART 4 
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Panels KK in Figure 8 shows the investment in digital security. There is a relatively good fit 

pre-GDPR for both groups and their counterfactuals; especially the low GII group falls behind to 

its counterfactual after 2018. The VC investment in finance in panels LL shows, again, a good fit 

for both groups and the counterfactuals. The high group decreases at first in 2018 but increases 

strongly afterwards. The low group falls behind to its counterfactual after the GDPR, yet the 

control is very volatile. For the VC in AI in healthcare in panel LL, there is a good fit pre-GDPR for 

both groups and the counterfactuals. The high GII experiences an increase, but in 2020, the 

control increases more. The low group experiences a divergence to its counterfactual, as the latter 

increased more. For the VC investment in AI for agriculture, in panels MM, there is a good pre-

GDPR fit with the controls. Both groups fall behind the counterfactuals after 2018. The evolution 

of VC in constructing in panel OO is only showing the high group, because for each year, the low 

group investment remains at zero, making it unfit to analyze. The investment has a volatile nature, 

but for 2019-2020, the values for the group and the control are relatively the same. The evolution 

of R&D in Figure 9 shows the finance sector in Panels PP, with a relatively good fit with the 

synthetic controls for both groups. The high GII group lies slightly above the control after 2018, 

but the low group falls behind the counterfactual after 2018. For the R&D investment in the 

pharmaceutical sector, in panels QQ, there is a good fit for both groups and the counterfactuals 

pre-GDPR. There is a positive effect for the low group, while the high group does fall behind its 

counterfactual a bit after 2018. In panels RR, the evolution of R&D in healthcare is shown. There 

is a relatively good pre-GDPR fit for the counterfactuals and the groups. The high groups fall 

behind the counterfactual from 2018 yet closing the gap again over time. The low group stays a 

bit above the counterfactual at first and is then again at the level of the counterfactual, so showing 

no effect. For the R&D in constructing shown in panel SS, there is a good pre-GDPR fit. The high 

group falls behind its counterfactual from 2018, while the low group almost does not. 
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TABLE 12: SCM TREATMENT EFFECTS HYPOTHESIS 3A PART 1 

 
 

            Table 12 presents the estimated treatment effects of the GDPR, distinguishing between 

high and low innovation environments and AI readiness. For the G06N patents, the GDPR is 

associated with a strong negative effect in the low GII and low AI group, though not significant. 



Emily Desmet Jun. 23, 25 Master Thesis, Economics 

48 

 

There is a minor positive effect for the high GII and AI group. For G06N citations, all coefficients 

are negative, yet not significant. G06F patents are all negative and significant at the 10% level; 

only the high GII group is not significant. G06F cited by patents also has negative coefficients for 

all groups, but they are significant as well for the high GII and AI groups. Publications also have a 

negative effect for all groups, yet only highly significant for the low AI group. The top-cited 

publications show no significant effect across the groups. The investment in AI startups shows no 

effect, except for a highly significant positive effect of 0.018 in the low GII group. The data startups 

show almost consistent negative, nonsignificant effects across all groups. There is a highly 

significant and positive increase in outgoing AI knowledge flow after the GDPR for all groups, with 

the effect having higher coefficients of 5.246 and 10.533, for the low GII and AI group, 

respectively. Incoming AI flow has no significant effects in the GII split group but shows a positive 

and significant effect for both high and low AI groups at the 10% level.  
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TABLE 13: SCM TREATMENT EFFECTS HYPOTHESIS 3A PART 2 

 
 

     Table 13 shows that for VC investments in AI in digital security, there is a minor positive 

effect, yet not significant effect for the high GII group, and a negative significant effect for the low 

GII group. Following, there is a highly significant yet little negative effect for the high AI group, 

and a negative, not significant effect for the low AI group. For the VC in AI in the finance sector, 

there is no significant effect for all groups, yet the coefficient size is bigger and negative for both 
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low GII and low AI groups. For VC in AI in the healthcare sector, there is a negative effect for all 

groups, but it is also highly significant for both low groups. The coefficients for VC in AI in the 

agriculture sector are small but significant and negative. There are no significant effects for VC in 

AI in constructing, yet the coefficients are positive. For R&D investment in finance, there is 

increased R&D spending in both high GII and high AI groups, with the high AI group also being 

highly significant. In both low groups, the effect is negative and highly significant. For R&D in 

pharmaceuticals, the effects are mixed, with only a highly significant and positive effect in the low 

GII group. There are no significant results estimated for the R&D in healthcare. Finally, R&D in 

construction shows a negative effect for all groups, which is highly significant as well in the high 

GII and high AI groups.  
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FIGURE 10: SCM PLOTS HYPOTHESIS 3B PART 1 
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FIGURE 11: SCM PLOTS HYPOTHESIS 3B PART 2 
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Panels AA of Figure 10 shows how the G06N patents have evolved for both EU groups. The 

high GOV group matches well pre-GDPR with the counterfactual and shows a higher increase than 

the counterfactual for 2018 and 2019. The low GOV group did not match well with the 

counterfactual, but comparing trends, there is a decrease after 2018, while the counterfactual 

keeps increasing. For panels BB, the high GOV group in BB1 has a good pre-GDPR fit with the 

counterfactual and shows a widening negative gap with it after 2018. There are also almost no 

citations before and after the GDPR for the low GOV group. Panels CC shows the evolution of the 

G06F patents. There is a good match between the high GOV group and the synthetic control 

before the GDPR. The control remains almost at the same level over time, while the high GOV 

group increased, decreased, and increased again. The low GOV group did not match well with the 

counterfactual, but comparing trends, there was a decrease after 2018, while the counterfactual 

keeps increasing. For the G06F cited by patents in panels DD, the pattern follows the G06F patent 

movement for the high GOV and the low GOV groups. The evolution of publications in panels EE 

shows a good fit with the synthetic controls pre-GDPR. The high GOV groups either increased or 

kept up with the synthetic control, while the low groups fell behind their counterfactual from 

2018 onwards. Panels FF show the top-cited publications. Both panels have a good pre-GDPR fit 

with the counterfactuals. There is no effect for the low GII group, but the high GII group did fall 

behind the control from 2018 onwards. For the outgoing AI flow in panels GG, there is a relatively 

good pre-GDPR fit for both groups and the counterfactual. Both groups also experienced a similar 

effect and divergence from their counterfactuals, yet the high GOV groups decreased in 2019, 

while the low GII group kept increasing. For the incoming AI flow, in panels HH, there is a good fit 

with the synthetic controls. Both groups saw an increase higher than their counterfactual in 2018, 

but a decrease afterwards, creating a gap with the counterfactual, yet the high GOV group 

increases again in 2020, above the counterfactual, while the low group remains below it. Panels 

II of Figure 11 shows the VC invested in AI startups. The high GOV group kept increasing steadily 

after 2018, not experiencing the volatility of the control. There is no investment in AI startups 

before GDPR for the low GOV group, and the counterfactual, there is an increase from 2018 for 

the low GOV group, while the counterfactual remains at zero. For the data startups in panel JJ, 
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there is no good pre-GDPR fit between both groups and their counterfactual. For the low group, 

there is almost no investment, and for the high group, it is very volatile.  
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FIGURE 12: SCM PLOTS HYPOTHESIS 3B PART 3 
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FIGURE 13: SCM PLOTS HYPOTHESIS 3B PART 4 

 

Panels KK in Figure 12 shows the investment in digital security. There is a relatively good 

fit pre-GDPR for both groups and their counterfactuals; especially the low GOV group fell behind 

to its counterfactual after 2018. The VC investment in finance in panels LL shows, again, a good 

fit for both groups and the counterfactuals. The high group decreased at first in 2018 but 
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increased strongly afterwards. The low group fell behind its counterfactual after the GDPR to 

almost zero. For the VC in AI healthcare in panel LL, there is a good fit pre-GDPR for both groups 

and the counterfactuals. The high GOV experienced an increase, but in 2020, the control 

increased more. The low group experienced a divergence from its counterfactual, as the latter 

increased more. For the VC investment in AI for agriculture, in panels MM, there is a good pre-

GDPR fit with the controls. Both groups fell behind the counterfactuals after 2018. The evolution 

of VC in constructing in panel OO is only showing the high group, because for each year, the low 

group investment remains at zero, making it unfit to analyze. The investment has a volatile nature, 

but for 2019-2020, the values for the group and the control are relatively the same. The evolution 

of R&D in finance in Panels PP of Figure 13 shows a relatively good fit with the synthetic controls 

for both groups. The high GII group lies slightly above the control after 2018, but the low group 

fell behind the counterfactual after 2018. For the R&D investment in the pharmaceutical sector, 

in panels QQ, there is a good fit for the high GOV group and the counterfactuals pre-GDPR. There 

is an increase in 2018, a decrease in 2019, and an increase again in 2020 compared to the 

counterfactual. The low GOV group started below its counterfactual pre-GDPR but rose above it 

after 2018. In panels RR, the evolution of R&D in healthcare is shown. There is a relatively good 

pre-GDPR fit for the counterfactuals and the groups. The high groups fell behind the 

counterfactual from 2018. The low group stayed a bit above the counterfactual at first and is then 

again at the level of the counterfactual, so showing no effect. For the R&D in constructing shown 

in panel SS, there is a good pre-GDPR fit. The high group fell behind its counterfactual from 2018, 

while the low group only did so in 2020.  
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TABLE 14: SCM TREATMENT EFFECTS HYPOTHESIS 3B PART 1 

 

Table 14 presents the estimated treatment effects of the GDPR, distinguishing between 

high and low governance environments and implied strictness of the GDPR. For the G06N patents, 

GDPR is associated with a negative effect in the low GOV and low strictness group, though not 

significant. For G06N citations, all coefficients are negative, yet not significant. G06F patents are 
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negative, except for the highly significant and big positive effect for the high GOV group. G06F 

cited by patents also has negative coefficients for all groups, but the high GOV group which has a 

highly significant positive coefficient. Publications also have a negative effect for all groups, but 

the high GOV group. The low GOV and the high STRICT group have negative significant 

coefficients. The top-cited publications show a highly significant negative effect for the high GOV 

group, and no significant effect for the other groups. The investment in AI startups shows no 

effect, except for a highly significant positive effect of 0.018 in the low GOV group. The data 

startups show negative, nonsignificant effects across all groups. There is a highly significant and 

positive increase in outgoing AI knowledge flow after the GDPR for both GOV groups, with a very 

high coefficient of 26.343 in the high GOV group. There is also a highly significant positive effect 

in the high STRICT group, but a highly significant negative effect in the low STRICT group. Incoming 

AI flow is only positive and significant for the high GOV group and negative yet not significant 

across the other groups.  
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TABLE 15: SCM TREATMENT EFFECTS HYPOTHESIS 3B PART 2 

 

     Table  15 shows that for VC investments in AI in digital security, there is a minor positive 

effect, yet not significant effect for the high GOV group, and a significant negative effect for the 

low GOV group. The on strictness divided groups are both negative and not significant. For the VC 

in AI in the finance sector, there is no significant effect for all groups, yet the coefficients are 

positive in both the high GOV and STRICT groups and negative in the others. For VC in AI in the 
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healthcare sector, there is a negative effect for all groups, but it is also highly significant for both 

low groups. The coefficients for VC in AI in the agriculture sector are all negative and small but 

significant for the low GOV and the low STRICT group. There are no significant effects for VC in AI 

in constructing, yet the coefficients are positive. For R&D investment in finance, only the low GOV 

group has a highly significant negative effect; the others have a positive yet not significant 

coefficient. For R&D in pharmaceuticals, the coefficients are all positive but not significant. The 

R&D in healthcare coefficients are negative for the high GOV and STRICT groups, and for the latter, 

also highly significant. They are positive and not significant for the low GOV and STRICT group. 

Finally, R&D in construction shows a negative and highly significant effect for all groups.  
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5 Discussion  

5.1 Results  

The objective of this paper is to assess the impact of the GDPR on AI innovation in the EU. 

This was done by first looking at panel data regression models, followed by an SCM. The SCM 

plots are very informative as they visually show how well the synthetic control matches the 

treated group before the intervention and how the outcomes diverge afterwards, revealing 

whether the effect is immediate, delayed, short-lived, or persistent. Together with the calculated 

treatment effect, this provides a comprehensive view of the possible impact of the GDPR. 

However, for several outcomes, the pre-treatment fit was suboptimal, which compromises the 

validity of the findings. As such, the following findings should be interpreted as indications and/or 

associations rather than definitive causal effects.         

 For hypothesis 1, the results show that hypothesis 1a is rejected as the number of patent 

applications and the citations did not go down significantly. Hypothesis 1b is rejected as well, as 

there is not much of a decrease in VC investment in AI and data startups. This is in contrast to the 

observation of Jia et al. (2021). Yet, Winecoff & Watkins (2022) found that startups could benefit 

because they align themselves with the regulation from the start of their business. So, the results 

found in this analysis may reflect the simultaneous influence of these two opposing forces, 

ultimately offsetting each other and leading to no observable effect. There was no direction 

determined beforehand for hypothesis 1c, yet the number of AI-related publications did go down 

significantly, supporting the finding of Kezada-Tavarez et al. (2022); however, the number of top-

cited publications did not decrease. Hypothesis 1d is also not supported, as the outgoing AI 

knowledge flow increased significantly after 2018. This means that there is no indication that the 

GDPR affected the amount of knowledge going out of the EU. The incoming AI has no significant 

effect, which means that there is also no visible discouragement from foreign partners to send 

knowledge into the EU, as was expected by Gui et al. 2018. 

 Hypothesis 2a suggested that the GDPR has a stronger negative effect on AI innovation in 

high AI-reliant sectors than in low AI-reliant sectors. The findings are interesting, as the VC in AI 

has been negative for all sectors, yet only significantly so for the agriculture sector, which is 
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classified as not AI-reliant. From the plots on this, it is actually visible that the negative effect is 

clearly visible in 2018 for all sectors, but for agriculture, the effect remains visible later on. For 

the regular R&D investment, it showed that there was a positive, but not significant effect in the 

finance, pharmaceutical, and healthcare sector, and a negative, significant effect for the 

construction sector. Although R&D did not decrease for the AI-reliant sectors, these results are 

supportive of the findings of Goodman & Flaxman (2017), which suggested that companies might 

be discouraged from using more AI due to the GDPR. The same reasoning applies to the finding 

that there is a significant negative effect for the agriculture sector, as there is not a decrease in 

investment in the EU, but an increase in investment for the counterfactual, resulting in the EU 

lagging behind. Hypothesis 2b suggested a positive effect on AI-driven innovation in 

cybersecurity. However, this hypothesis is not supported; on the contrary, there is a significant 

decrease for this sector. From the plot, it is visible that the control countries saw a big increase in 

2019, hence why the effect is significantly negative, but also they came down again in 2020. Still, 

there was no increase in investment for the EU, and this unexpected result might also suggest 

that the increased compliance costs and uncertainty hindered this development for the 

cybersecurity firms (Ginart et al., 2019; Wallace & Castro, 2018).     

 Hypothesis 3a stated that the impact of the GDPR on AI innovation varies across EU 

member states depending on their technological capabilities. This hypothesis is not rejected, as 

there are visible differences in the results between both groups, supporting the idea of Bughin et 

al. (2018) and Yan & Liu (2024). The G06N patents, while having a positive coefficient in the high 

technological capacity group, have a negative effect in the low one. G06F patents did go down 

significantly for the low technological capacity group, but also for the group with high capabilities. 

Publications also went down more significantly in the low group. Also, for the VC in AI in finance 

and healthcare, this is the case. There was even a significant decrease in R&D in finance for the 

low capability group. The R&D in construction, however, went down significantly in the high 

group. Hypothesis 3b, which suggested that the impact of the GDPR on AI innovation may vary 

based on the institutional framework or stricter enforcement of the GDPR, has mixed results. 

Almost all variables are (significantly) more negative for the low governance group than for the 

high governance group. This is in line with Golpayegani et al. (2022), but also probable because 
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countries with higher governance also have more capabilities. Moreover, it could also be that, 

especially in those Western European countries with high capabilities and governance, the drive 

for AI is so high that it outweighs the negative effects that come with the GDPR (Cath et al., 2017; 

Woszczyna & Mania, 2023). The claim that the GDPR might have a bigger effect in countries that 

enforce the rule higher, is not supported, as there are very mixed results between the variables 

when a split is made based on enforcement level between those countries. This is likely because 

the enforcement-based groups are highly heterogeneous. As shown, splitting by technological 

capabilities or governance level, does reveal significant effects. However, when grouped by 

enforcement level, these countries become very mixed on these aspects. So, this blending makes 

it difficult to detect an effect based on enforcement alone.  

5.2 Limitations 

Next, it is important to address the limitations of this paper. First, a limitation arises from 

the availability of high-quality data across countries and sectors. While this study leverages 

multiple datasets for different indicators, the completeness and consistency of these vary across 

time and countries. In some cases, especially sector-level data were not available for the control 

countries, which could disrupt the analysis and matching of the SCM.     

 Additionally, AI innovation is a complex, multidimensional concept, and while this study 

uses many variables, it will not fully capture the intangible forms of innovation. First, the patents 

and publications variables used capture formal innovation activity. Not every AI advancement is 

patented or published, so informal innovation activities are not reflected in these measures.  Not 

every investment happens through VC as well, yet it is not possible to capture this in quantitative 

research.            

 Considering the statistical models, it must be kept in mind that models will always be a 

simplification of reality, and every model has their flaws (Shmueli, 2010). Especially, causal 

inference in a policy context like the GDPR remains with its complexities. One of the assumptions 

of the SCM model used in this thesis is that there is a good pre-treatment fit between the treated 

and the control group. While this was the case for most of the variables, not all of them had a 

good fit. The reasons for this mostly stem from the data availability across the control units. For 
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instance, in the case of VC investment in AI in the agriculture sector, only two countries had 

complete and reliable data. With such a limited donor pool, the quality of the synthetic control is 

compromised because there is little flexibility in weighting possible to match a control, which may 

result in overfitting or misattribution. Extensive efforts were made to include additional donor 

countries, such as Iceland and New Zealand, however, this was not possible due to the lack of 

data.            

 Another assumption states that there should be no unobserved time-varying confounders 

that differently affect the treated and control group, post-treatment. In reality, it is difficult to 

validate this as there are numerous factors that might happen over time. However therefore an 

SCM is also preferred over a difference-in-difference model as this at least includes multiple 

countries, so if there is some interference, the results will be less impacted (Abadie et al., 2010). 

Furthermore, there should also be no spillover or ripple effects into other countries. As explained 

before, the GDPR did inspire other countries to set up their own strict data regulation policies, in 

the years afterwards, not interfering with the research. Still, it might be the case that non-EU 

firms operating in the EU, adopted GDPR compliant practices across all of their markets, to keep 

a uniform approach. This could imply that there are some treatment effects in the control, which 

might bias the result, understating the true impact of the GDPR.      

 Another limitation is that other policies might have an impact similar to the GDPR at the 

same time, which could not be identified in this study. There might have been certain policies 

implied in individual countries, which interfered with or supported AI innovation as well, which 

are not captured in this research. Another unfortunate event was the COVID-19 pandemic in 

2020. Because this was a worldwide happening, the impact on the analysis is low, yet had COVID 

not happened, there might have been different results.      

 This aligns with another final limitation of this research, and that is that innovation 

outcomes often manifest over a longer time period, but the post-treatment window is limited to 

three years of the GDPR.  This is partly due to data availability and the fact that COVID interrupted 

the normal trajectory.    
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5.3 Implication 

 Seeing the results of this thesis and other papers, it is clear how volatile the results and 

outcomes of the GDPR are. This thesis can not conclude that the GDPR has caused negative 

effects, only that certain negative outcomes are associated with it. The key policy implication is 

the need for careful, informed decision-making to ensure that the GDPR and other data 

protection measures do not unintentionally hinder (AI) innovation. Moreover, the EU has faced 

criticism from researchers and politicians such as Adam Thierer and Alex Voss, stating that the 

GDPR does hinder innovation. In the technological sector, it is often said that the EU is severely 

falling behind (Li et al., 2019; Shastri et al., 2020). In the healthcare sector, there are concerns 

raised about the GDPR hindering healthcare services and medical research (Gonçalves-Ferreira et 

al., 2019). An example of which is that during the COVID-19 pandemic, harvesting health data to 

protect public health and address the pandemic was very necessary, yet hindered by the GDPR 

(Meszaros et al., 2022).  

The EU is aware of this problem, and the first change made is the AI Act (Regulation (EU) 

2024/1689), which came into force on the first of August 2024, and will be fully applicable on the 

second of August 2026. The AI Act is the first-ever legal framework on AI, which addresses the 

risks of AI, while positioning Europe to play a leading role globally. The AI Act sets out risk-based 

rules for AI developers and deployers, thereby clearing up some of the ambiguous interpretations 

that occurred under the GDPR. Under the GDPR, many AI-related practices, especially those 

involving automated decision-making and data processing, fell into grey legal zones. The AI Act 

addresses this by introducing a clearer classification of AI systems based on risk (European 

Commission, 2024a). 

The AI Act is, however, not relaxing the GDPR; on the contrary, the EU strives for regulatory 

complementarity that reinforces its digital sovereignty and fundamental rights agenda. For 

example, AI systems that process personal data are still subject to the GDPR principles, such as 

data minimization, purpose limitation, transparency, and the right to erasure, and the AI Act will 

add additional obligations such as risk assessment and transparency requirements. This shows 

that there will be a stacked regulatory regime, which may in fact, increase compliance costs and 

complex operations. Still, the EU underscores how it will not undermine but foster innovation and 



Emily Desmet Jun. 23, 25 Master Thesis, Economics 

67 

 

has come up with support measures such as the AI Pact, the AI Innovation Package, and AI 

factories to help businesses adapt to these rules (European Commission, 2025a, 2024b). 

 However, this new policy also faces lots of criticism already. Among others, a common 

concern is that the dual layering with the GDPR and AI Act fails to provide a uniform framework 

(Almada & Petit, 2025; Hacker, 2023). European tech companies and trade associations have also 

written their concerns about their competitiveness in a letter to the European Commission 

(European tech companies, 2024). However, the European Commission is planning reforms for 

the GDPR. Most importantly, they plan to ease the GDPR for companies with fewer than 750 

employees, as they recognize that the current regulation places a disproportionate burden on 

smaller businesses. The aim of the relaxation is to reduce administrative burdens and increase 

competitiveness. Further measures are still under negotiation following the 2025 Commission 

Work Programme, published in February 2025 (European Commission, 2025b).  

5.4 Future research  

Further research could first of all try to run a Bayesian Structural Time Series (BSTS) model 

instead of doing an (A)SCM. BSTS, as developed by Brodersen et al. (2015), could be useful, 

especially in cases like VC in AI in the agricultural sector, where data limitations prevent the 

construction of a robust synthetic control.        

 It would furthermore be interesting for future research to look more into the effects of 

the GDPR on firms. Blind et al. (2024) have done their research specifically on German firms, but 

expanding this to more countries and firms would be beneficial, as this would solve the donor 

pool problem, because firm-level or investor-level data could allow for more refined SCM 

implementation and better matching for all outcomes. Moreover, using firm-level data on AI 

innovation, R&D, or VC activity would provide deeper insights into heterogeneous effects across 

ŦƛǊƳǎΩ sizes, regions, and sectors. This study also focuses on sector-level outcomes, but future 

research could explore within-sector heterogeneity more.  For example, in finance, there might 

be a difference in the effects on traditional banks and fintech firms. Investigating such 

heterogeneity can also give more insights into how the GDPR affects innovation across actors 

within the same industry. Additionally, as innovation also has intangible aspects, those could be 
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explored further through case studies of specific companies, and qualitative methods such as 

interviews, which have, for example, been done for a Portuguese software firm by Leite et al. 

(2022).              

 Next, as far as is known, this study is the first to also look at how the GDPR has a different 

ƛƳǇŀŎǘ ŘŜǇŜƴŘƛƴƎ ƻƴ ŎƻǳƴǘǊƛŜǎΩ ǘŜŎƘƴƻƭƻƎƛŎŀƭ ŎŀǇŀōƛƭƛǘƛŜǎ ŀƴŘ ƎƻǾŜǊƴŀƴŎŜ ǎǘǊǳŎǘǳǊŜǎΦ {ƛƴŎŜ ǘƘŜǎŜ 

factors have shown to make the impact differ substantially across EU member states, further 

research should explore this heterogeneity more systematically. The SCM used in this study also 

did not allow for a continuous interaction approach, but further studies could use different 

methods to investigate this. Recognizing such variation is crucial for the EU if it aims to design 

tailored support measures and ensure that the burden of compliance and innovation does not fall 

disproportionately on especially Eastern European countries, which have lower technological 

capabilities and governance levels.          

 Moreover, with the introduction of the AI Act and the future revisions to the GDPR, it will 

be essential for research to continue monitoring the effects of these policies. Ongoing research 

will be necessary to keep the European Commission informed of any negative consequences, to 

ensure that the EU remains competitive and well-positioned within the global digital economy. 

 Lastly, the GDPR has inspired other countries such as Brazil and India to set up their own 

strict data protection laws (Corning, 2024; Gstrein & Zwitter, 2021; Li & Chen, 2024). It would be 

interesting to compare the effects of these likewise policies in different national contexts, as they 

would help identify common patterns as well as country-specific challenges in the balance 

between innovation and data protection.   
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6 Conclusion 

This thesis tried to answer the question about what effect the GDPR has on AI innovation, 

such as AI patents, publications, and VC investments in the EU. After running several SCM models, 

the results suggest that the GDPR is associated with a varied but often a negative yet not 

significant effect on the outcomes. However, a key contribution of this study lies in highlighting 

how the effect of the GDPR may differ across countries depending on their technological 

capabilities and governance levels. As countries with lower capabilities and/or governance have 

seen significant negative effects after the GDPwΩǎ ƛƴǘǊƻŘǳŎǘƛƻƴ, future research should keep 

exploring this finding to also make the European Commission aware of this phenomenon. With 

this analysis having several limitations, future research should look into using a different 

approach, such as BSTS or using firm-level data to get even more robust results. Looking ahead, 

the introduction of the AI Act and the revision to the GDPR will require continued research to 

monitor how these policies affect innovation across the different sectors and member states, as 

to also ensure that future policy design can be evidence-ōŀǎŜŘ ǘƻ Ƴŀƛƴǘŀƛƴ 9ǳǊƻǇŜΩǎ 

competitiveness in the global AI and digital landscape.   
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Appendix 

                           Appendix A : List of included topics in the publications variable 

Artificial Intelligence in Healthcare and Education 
Big Data and Business Intelligence 
Weed Control and Herbicide Applications 
Explainable Artificial Intelligence (XAI) 
Radiomics and Machine Learning in Medical Imaging 
Reproductive Physiology in Livestock 
AI-based Problem Solving and Planning 
AI in Service Interactions 
Topic Modeling 
Online Learning and Analytics 
COVID-19 diagnosis using AI 
AI in cancer detection 
Artificial Intelligence in Games 
Adversarial Robustness in Machine Learning 
Blockchain Technology Applications and Security 
Computational Drug Discovery Methods 
Estrogen and related hormone effects 
Scientific Computing and Data Management 
Digital Transformation in Industry 
Retinal Imaging and Analysis 
Advanced Memory and Neural Computing 
IoT and Edge/Fog Computing 
Machine Learning in Healthcare 
Human-Automation Interaction and Safety 
Advanced Breast Cancer Therapies 
Network Security and Intrusion Detection 
Insect-Plant Interactions and Control 
Privacy-Preserving Technologies in Data 
Advanced Neural Network Applications 
Colorectal Cancer Screening and Detection 
Machine Learning in Materials Science 
Teaching and Learning Programming 
Computability, Logic, AI Algorithms 
Advanced Techniques in Reservoir Management 
Artificial Intelligence in Healthcare 
Influenza Virus Research Studies 
Reinforcement Learning in Robotics 
Misinformation and Its Impacts 
Genetic and phenotypic traits in livestock 
Neural Networks and Applications 
Insect Resistance and Genetics 
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Digital Mental Health Interventions  
Anomaly Detection Techniques and Applications 
Law, AI, and Intellectual Property 
Cardiac Imaging and Diagnostics 
Software Engineering Research 
Neural dynamics and brain function 
Natural Language Processing Techniques 
Logic, Reasoning, and Knowledge 
Semantic Web and Ontologies 
Multimodal Machine Learning Applications 
ECG Monitoring and Analysis 
Artificial Intelligence in Law 
Impact of AI and Big Data on Business and Society 
Smart Agriculture and AI 
Intelligent Tutoring Systems and Adaptive Learning 
Manufacturing Process and Optimization 
FinTech, Crowdfunding, Digital Finance 
Cutaneous Melanoma Detection and Management 
Bacterial biofilms and quorum sensing 
Fault Detection and Control Systems 
Psychology of Moral and Emotional Judgment 
Adrenal Hormones and Disorders 
Digital Economy and Work Transformation 
Bayesian Modeling and Causal Inference 
Pesticide and Herbicide Environmental Studies 
Parallel Computing and Optimization Techniques 
Turfgrass Adaptation and Management 
Multi-Agent Systems and Negotiation 
Insect Pest Control Strategies 
Stock Market Forecasting Methods 
BIM and Construction Integration 
EEG and Brain-Computer Interfaces 
Simulation Techniques and Applications 
Prostate Cancer Treatment and Research 
Insect and Pesticide Research 
Cell Image Analysis Techniques 
Innovative Human-Technology Interaction 
Cardiac Valve Diseases and Treatments 
Dementia and Cognitive Impairment Research 
Acute Ischemic Stroke Management 
Global Cancer Incidence and Screening 
Dental Radiography and Imaging 
Distributed Constraint Optimization Problems and Algorithms 
Cognitive Science and Mapping 
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Bone and Dental Protein Studies 
Cancer Genomics and Diagnostics 
Genetics, Bioinformatics, and Biomedical Research 
Reproductive Biology and Fertility 
Machine Learning and Data Classification 
Biomedical and Engineering Education 
Advanced Malware Detection Techniques 
Industrial Vision Systems and Defect Detection 
Educational Games and Gamification 
Nutritional Studies and Diet 
Digital Marketing and Social Media 
Smart Cities and Technologies 
Mobile Crowdsensing and Crowdsourcing 
Computational and Text Analysis Methods 
Hearing Loss and Rehabilitation 
Speech and dialogue systems 
Medical Imaging and Analysis 
Advanced Radiotherapy Techniques 
Autonomous Vehicle Technology and Safety 
Obstructive Sleep Apnea Research 
Robotic Path Planning Algorithms 
Hate Speech and Cyberbullying Detection 
Cardiovascular Health and Disease Prevention 
Evolutionary Algorithms and Applications 
Cloud Computing and Resource Management 
Occupational Health and Safety Research 
Neuroethics, Human Enhancement, Biomedical Innovations 
Design Education and Practice 
Economic and Technological Innovation 
Sperm and Testicular Function 
Brain Tumor Detection and Classification 
Biomedical Text Mining and Ontologies 
Neural Networks and Reservoir Computing 
Generative Adversarial Networks and Image Synthesis 
Breast Cancer Treatment Studies 
Diabetes, Cardiovascular Risks, and Lipoproteins 
Context-Aware Activity Recognition Systems 
Distributed and Parallel Computing Systems 
Prostate Cancer Diagnosis and Treatment 
Information and Cyber Security 
Protein Structure and Dynamics 
Data Visualization and Analytics 
Traffic Prediction and Management Techniques 
AI and HR Technologies 
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Cancer Immunotherapy and Biomarkers 
Mental Health Research Topics 
Pancreatic and Hepatic Oncology Research 
Functional Brain Connectivity Studies 
Ethics in Clinical Research 
Virtual Reality Applications and Impacts 
Bioinformatics and Genomic Networks 
Infrastructure Maintenance and Monitoring 
Space Science and Extraterrestrial Life 
Lipoproteins and Cardiovascular Health 
Advanced X-ray and CT Imaging 
Surgical Simulation and Training 
Smart Grid Security and Resilience 
Mobile Health Interventions and Applications 
Complex Systems and Decision Making 
Data Quality and Management 
Robotics and Automated Systems 
Supply Chain Resilience and Risk Management 
Energy Load and Power Forecasting 
Substance Abuse Treatment and Outcomes 
Cardiovascular Function and Risk Factors 
Aesthetic Perception and Analysis 
Social Robot Interaction and HRI 
Ferroelectric and Negative Capacitance Devices 
Monoclonal and Polyclonal Antibodies Research 
Creativity in Education and Neuroscience 
Smoking Behavior and Cessation 
Lung Cancer Diagnosis and Treatment 
Air Quality Monitoring and Forecasting 
Software System Performance and Reliability 
Mosquito-borne diseases and control 
Hip disorders and treatments 
Cardiovascular Health and Risk Factors 
Meteorological Phenomena and Simulations 
Computational Physics and Python Applications 
Seismic Imaging and Inversion Techniques 
Scheduling and Optimization Algorithms 
Bone health and treatments 
Business Process Modeling and Analysis 
Health Systems, Economic Evaluations, Quality of Life 
Advanced Wireless Communication Technologies 
Peanut Plant Research Studies 
Suicide and Self-Harm Studies 
Health, Environment, Cognitive Aging 
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Obesity, Physical Activity, Diet 
Food Security and Health in Diverse Populations 
Modular Robots and Swarm Intelligence 
Augmented Reality Applications 
Liver Disease Diagnosis and Treatment 
Sentiment Analysis and Opinion Mining 
Mental Health via Writing 
Auction Theory and Applications 
Cancer Treatment and Pharmacology 
SARS-CoV-2 and COVID-19 Research, 
Healthcare Systems and Public Health 
Drilling and Well Engineering 
Cholesterol and Lipid Metabolism 
Radiology practices and education 
Ruminant Nutrition and Digestive Physiology 
Recommender Systems and Techniques 
QoS-Aware Web Services Composition and Semantic Matching  
3D Surveying and Cultural Heritage 
Entomopathogenic Microorganisms in Pest Control 
Hydrological Forecasting Using AI 
COVID-19 epidemiological studies, 
Privacy, Security, and Data Protection 
Music and Audio Processing 
Embodied and Extended Cognition 
Prevention and Treatment of HIV/AIDS Infection 
Video Surveillance and Tracking Methods 
Medical Imaging Techniques and Applications 
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Appendix B: Definition of the digital security sector 

The digital security sector for VC investments in AI from the Preqin databases includes various 

cybersecurity tools and technologies. This includes: 

1. Next-generation cybersecurity tools to combat sophisticated hacking attacks 

2. Machine learning applications for identifying patterns in malicious behavior and 

detecting potential threats 

3. Phishing simulation tools that address the human behavior factor in cybersecurity 

4. Advanced encryption technologies 

5. Firewalls and multi-factor authentication systems 

6. Continuous monitoring solutions to defend against unauthorized access 
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Appendix C: Full panel regressions 
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Appendix D: Weighting of SC for hypothesis 1 and 2 
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Appendix E: Weighting of SC for Hypothesis 3a 
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Appendix F: Weighting SC for hypothesis 3b 
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Appendix G: Predictor balance of SC for hypothesis 1 and 2 
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Appendix H: Predictor balance for hypothesis 3a 
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Appendix I: Predictor balance for hypothesis 3b 
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Appendix J: Placebo distributions plots for hypothesis 1 and 2 
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Appendix K: Placebo distributions plots for hypothesis 3a 
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Appendix L: Placebo distributions plots for hypothesis 3b 
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Appendix M: In time plots for hypothesis 1 and 2  
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