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Generative Al tool@hatGPT& Grammarly were used to assist itodingand writing; Appendix
R of this thesis provides a detailed account of the use of Generative Al tools during the
development of this thesis. By submitting this thdsagclare that | am fullyesponsible for the

accuracy and completeness of its content
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Abstract

With growing attentionand discussiomf the GDPR'smpact on innovation and the position of
the EU in theglobal digital marketthis is a tangent problem fathe EUto tackle. This study
investigatesthe effect of the GDPRon Al innovation in the EUEXisting studies showed
contradictory findings, underscoring the complexity and conependent relationship
between privacy regulationsnd innovation This thesi®#mployspanel data regressiorand an
SCMutilizingmultiple datasources suchs OECIDpenAlexandPreqin from 2014to 2020. The
outcomes investigated in this study are Al and data patentsglated publications Al knowledge
flows, VCinvestments in Al and data startupss well asn different sectors, supplemented with
regular R&D datal he findings arthat the GDPRs associated with negativeyet nonsignificant
effect on most outcomesThis study is one of the first to examine and find that the effecth®f
GDPR differ based on national technological capabilities and governance struttuee®sults
highlight the need for further research into the specific effects per courBnch insights could
help steer the European Commission in refining its policy apprtaachitigate any unintended

negative consequences tife GDPR.
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1 Introduction

GO9dzNR LISQA 20aSadaaAz2y gAGK RIFEGFAVNE @RMGtRYY A&
the words ofAxel Voss, a member of the European Parliamienthe digital era, data processing
plays an increasingly essential role in the production of goods and se(@oédfarb & Tucker,
2019) As personal information on individuals becomes increasingly valuable, its expanded use
has prompted heightened policy attention and regulatory measures. General Data Protection
Regulation (GDPR), implemented by the European UEONN 2018, represents one of the most
ambitious and stringent datarotection frameworks globallyTheprimary objectiveof the GDPR
is to safeguard individual privacy amive consumers more control over their data. Moreover,
they want to provide space for the digital egamy to grow, as the GDPR also aims to secure
competition in markets related to personal daguropean Union, 2025l organizations that
control and process data of EU citizens must comply with the GB#®¥ever, besides its primary
objective of safeguarding privacy, the regulation has-ré&aching consequencesthis is
particularly the case for businesses dependent on dhtaen technologies such as artificial
intelligence(Al), which causes lots of discussion.

This thesiswill examinehow the GDPR hamfluencedinnovation within the BE). More
specificallyit will focuson Alinnovation, which depends heavily on ladgtasetsand faces direct
consequences of tnGDPR. Beyond -Apecific effectsthe GDPR might induce changes in Al
innovation that indirectlyinfluencebroader economic and technological innovation. Al is a key
driver of productivity anefficiencyacross multiple sectors, including healthcare and finance. This
implies thatconstraintson Al development might have a ripple effect across these industries. This
thesis thus seeks to examine both the direct effectthefGDPR on Al innovation and the indirect
effects on broader sectoral innovation, using a combinatioarpiricalmethods.

To implement the analysighis thesis draws on multiple datasetsuch as theOECD,
Pregin,World Bank, WIPO, Ler@perAlex Stack Overflowand CrunchbaseThesealata sources
are reliable and provide accurate indicators for this research. Using these databasaboalso
to track changes over time and capture heterogeneity more effectively.

This study found thain generalthe GDPRs associated witla negative yetnsignificant

effect on Al innovative outcomes, but this is vatgpendenton the specific outcome variable.
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However,when the technological capabilities and governance structures of countries are taken
into accountthe GDPRs associated with emore negative and significant effect.

This thesis contributes to the existing literature in different wdysspite a growing body
of literature onthe effects ofthe GDPR, many studies have focused on its broader economic
effects, privacy tradeffs, and enforcement cos{&oldfarb & Tucker, 2019; Johnson et al., 2023)
There is also literature on how privacy regulations influence firms' behavior, investments, and
consumer trus{Acquisti et al., 2016)Focusing on innovatigothere are two opposing theoretical
views inthe literature (Tombal, 2021)Some studies argue th#te GDPR might have a positive
effect on innovation, as it will foster competition and new value creation by opening the digital
economy to new playergNiebel, 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 restrictigffrrey & Presidente, 2024; Johnson & Shriver, 2(81),
the effect on Al innovation is underexplored. Additionally, few studies have investigated how
these changes spread through different industries, particularly those highly dependentTmsAl.
thesis attempts to fill this gap

The research design of this study also has advantages over previous skidsemany
studies onthe GDPR and innovation rely on descriptive statistics or case studies, which, while
informative, lack the ability to establish clear causal relationships. This te=sgpanel data and
employs asynthetic control method (SCMapproach, which allows for a more robust
identificationstrategy

Second by not only focusing odata from one countnput expanding the focuto the
entire EU, this study also allows for an examination of coosstry differences and how
absorptive capacity, or technological capabilitiefiuence thigelationship.Theresults have also
shown that this is very relevant.

In addition to its academic contributions, this research has important policy implications.
As governments worldwidstrugglewith data governance issues, understanding the traffs
associated with stringent data protection laws is crucialidgmakers must weigh the benefits of
enhanced privacy and consumer trust against potential costs to technological competitiveness.

The findings of this thesis willerefore alsoprovide 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 structureas 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 presehtddst, the
discussion andonclusions willinderline the practical applications and contribution of this paper,
as well as highlight certain limitationsf this study. Additionally, possible ways for further

research will bgoroposed
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2 Theoretical framework

2.1 Privacy regulations and (Al) innovation

Al has emergeds a key enabler of economic transformation, driving productivity gains,
fostering new business models, and reshaping traditional industries. As a gpuoepake
technology (GPT) LQ& AYLJ OG SEGSYyRa o6Sé2yR GKS (S0OK
or lesser wayBrynjolfsson, & Mcafee, 20&). A growing body of research shows that Al increases
productivity, accelerates R&D, and enables the creation of new products and services (Babina et
al., 2024). The share of -Adlated patents has increased by over 30% annually since 2010,
demonstrating is growing role in technological advancemé@bckburn et al., 2018Also, firms
adopting Al have experienced higher labor productivity and increased R&D effi¢iRuglyin et
al., 2018) Given its foundational role in modern innovation, understanding how Al interacts with
regulatory frameworks likéhe GDPR is crucial when investigating its effect on innovation.

The GDPR was adopted in 20I®wever 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 innovationnaultifaceted 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 optis), information (howregulation affects information
availability), and stringency (required compliang@novation and burden). Uncertainty and
timing are also crucial.

hy (GKS 2yS KFyRX NB3IdzE I GAz2y Aa LISNOSAGSR
0 KSANJ 0dza Ay, Sithell by ntdéadidg Gost® of By making certain actions more difficult
or impossible, which can harm innovatigDemirel et al., 2018)Prescriptive, rigid regulation
often hinders innovation by discouraging R&D, limitingmmercialization, and creating
suboptimal lockin effects (Pelkmans & Renda, 201Ear Al, unlike traditional sectors, R&D
investment is reliant on dataAl models require continuous feedback loops and lesgale data
aggregation Theeffectiveness of Al algorithmasoimproves with the quantity, diversity, and

guality of data, making access to personal aetiaviouraldata amust(Truhn et al., 202250,if

as
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there are data control mechanisms in place that hinder the entry, processing, andbmnks
transfers of datathat can significantly affect datmtensive operationgGao, 2024)Moreover,
uncertainty surrounding regulatory interpretations can deter investment kdriMen 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, windiet
case a welldesigned environmental regulation is found to stimulateFa NiNhQuation by
SYKIYyOAy3d LINPRAZOGAGAGES 6KAES | G (PorfeS& LintleYyS (A Y
1995) However, the empirical evidence on this is mixed. A number of studies found a
positive impact indeed, with increased productivitgcause ofa working regulatior(Berman &

Bui, 2001; Lanoie et al., 2008; van der Vlist et al., 2@Yjhe other handBrannlund et al. (1995)
and Rassier & Earnhart (201found 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 tradeff exists between privacy and innovation, as it is difficult to find the
optimal balance between the benefits of datliven innovationand the costs of privacy
infringement. They refer to several studies focusingomtine advertisingand the healthcare
sector. Further exploring this dynamic, Lefouili et al. @0&nalyze how privacy regulations,
specifically caps on information disclosure, influence qualitgancing innovation. They find that
when the proportion of privacgonscious users is relatively small, such regulations can diminish
innovation incentivesrd potentially harm consumer welfare. Conversely, if a significant share of
users prioritizes privacy, these regulations may bolster innovation and benefit consumers.

Regarding Al, firms may start to focus on privpogserving solutionssreating a wayn
which Al innovation antéchnological progressiaroexistwith the imperative to protect personal

privacy and data rightSTiman & Mann, 2021)
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2.2 GDPR information

¢ KS 9! Quas difisiallywadopted on the 25th of May 20{Regulation 2016/679)
(European Parliament & Council of the European Union, 200 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 td 8U member states. It also extends to every entityether
within or outside the Elthat collects the personal data of EU citizens. NeverthelibesGDPR
does not apply to the fields of national securiy the data processing for private household
activities, provided that the safeguards are in pléiceO, 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 accountabilitfEuropean Parliament & Council of the European Union, 2016)
Organizations that process personal data must have one of the legal bases towloidoare
consent, contractual necessity, legal obligations, vital intergmiblic 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 diieir data. Those rightare: the
right to be informed, the right of access, to rectify, to restrict processing, to move data, to object,
and to eras€European Parliament & Council of the European Union, 2016)

Beyond individual rights, the GDRwever, sets forth an outline of responsibility and
controlsthat requireorganizations to put "data protection by design" into their procedures. Apart
from that, in case there is a personal data breach, compaaresobliged to inform the
appropriate supervisory authorityvithin a span of 72 hours. If the regulation is not strictly
FRKSNBR (G2 o6& (KS O2YLI yASazr GKSe Oly 3ASG KA
million or 2% of global annual revenue (whichever is higtoerhe less serious breaches and up
G2 enn YATEAZ2Y 2N m: 2F usBrédth®&sg A RS al £ Sa FT2NJ G

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 worldwiddoing 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@Al) Innovation

2.3.1 Previous findings

Focusing on studies on the GDPR, there is still only limited empirical literature.
Theoretically, some studies state thiéie GDPR will foster competition and new value creation
by opening the digital economy to new playeFurthermore, by avoidingpecific technology
mandatesthe GDPRligrsitself with the Porter Hypothesisvhich suggesti will encourage and
expand opportunities for innovatioNiebel, 2021) Empirically Arcuri (2020) claims that the
value of Europeatisted financial firms has increased after the implementation of the GDPR,
however, they do not compare to a control grquend other studies applyingiore rigorous
methodscome to less promising conclusions. Peukert et al. (2022) document a substantial decline
in engagement between websites and web technology providers followivg D5t wQa
implementation, even among firms not directly subject to the regulatidhis reduction in
interactions has contributed to higher market concentration in web services, favoring dominant
players while potentialltifling competition and, by extension, innovation, particularly among
European firms (Johnson et al., 2023)Questioning the innovatio®nhancing through
competition impact furthermore is the finding that firms, especially smaller pegsosed to the
GDPR experienced declines both in turnover and even more pr(fitsy & Presidente, 2024,
Johnson & Shriver, 201%1owever, althouglthe compliance costef the GDPRvere expected
to burden innovationwell-established Europeahased firms have not experienced this effect
(Godinho de Matos & Adjerid, 2022)

The studies mentioned earlier only looked indirectly the effects ofthe GDPR on
innovation. Looking more directlthere are only very limited studieand their results are mixed
(Johnson, 2022)it was first expected thabecause of thecompetitionrenhancingimpact the
GDPR woulthcentivizeplatform providers to innovatehowever, this has been foundot to be
the case, except fonealthcareplatforms (Kramer, 2021; Pietronudo et al., 202Besidesthe

GDPR caused a third of the available apps to leave the EU nidaiketen et al., 2022he future

10
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of startups, which arperceived as essential drivers for innovati@also impacted by the GDPR,
and it is noticeable that after the implementation of the GDPR, there has been less venture capital

(VCinvested in the EU compared to the (I et al., 2021)

2.3.2 GDPR and #hovation

One of the most critical ways in whidhe GDPR affects Al innovation is through
restrictions on the availability and usability of training data. Al mqasigecially those based on
machine learning and deep learnimgquire vast datasets to improve accuracy and reliabilibe
D5t wQa RIFGF YAY WNch testrittd the/colledhdh yf(ardaiiabdata to what is
strictly necessary for a given purpose, is particularly a concern for firms developbaget
solutions. This restriction limits the volume of training data available for machine learning
algorithms, potentially reducing model accuracy and effectivenéSaropean 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[pespitethis resource constraintstartups mayon 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 willlso face the effects when they process datasets
containing personal data for Al developments and stu(keezadaravarez et al., 2022Academic
collaborations across borders are also constrained, as the extensive legal and administrative
frameworksthe 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 explanationfHamon 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 cooperatia and the isolation of European firms opposed to those in other regions
(Gui et al., 2018; Lamperti at., 2020)

11
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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 Al 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 Al innovations

The right to object enables data subjects to request that the processing of their data be
terminated under certain condition$pecifically, 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 Al, given that profiling and statistics are
indeed key applications of Al to personal dataconsumeluses this right, a human has to review
the decisiorfor which Al was used. This will increase the cost for f(\Wiallace & Castro, 2018)

While the cost of compliance has not been founde much ofaburden for established
European firms, for startups it is a significant c@gfartin et al., 2019)Al and datarelated
startupsareparticularlynecessary to keep the EU competitive in innovatidpowered startups
alsohaveattracted higher levels o¥/Cinvestment, particularlyn economies like the US and China
(Jia et al., 2021)n the Elhowever, there havebeen negative effects on the number of (new)
datarelated firms and their raised finances aftbe implenmentation of theGDR

To conclude, the expected causal pathway through wthelGDPR affects Al innovation
goes as follows: Athe GDPR limits data collection, firms and institutions have fewer training
samples, so Al models become less accumakech leads to lower innovation output. Secondly,
asthe GDPR allows data deletion, @king)firms might have to retrain models and add human
labor, which increases costs and slows Al deploymehdslitionally,the GDPR raises compliance
costs, which might lead to higher entry barriers for Al startups, so there could be M@er
investment in Al startupsChis is also shown in Figure 1.

The following hypotheses are drawn:

Hla: The implementation othe GDPR has a negative impact on Al innovaticdhe EU

as measured by the number of-Adlated patent applications.
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H1b:The implementation ofhe GDPR has a negative impact on Al innovatidhe EU

as measured by thamount ofVCinvestments in Al

H1c:The implementation othe GDPR haanimpact on Al innovatioim the EU as

measured by the number of A¢lated publications

H1d: The implementatioonf the GDPR has a negative impact orki#dwledge flowsn

Right to Erasure &
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Minimization
f
)

Y

Fewer Training Samples

Lower Model Performance
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.\\k
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More Research on Privacy
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v

Increased Al Innovation

Besideghe effect on Al and dateelated firms, directly, there is also an indirect effect. Al

also plays a crucial role in innovation, particularly in sectors like healtheer@ finance

(Brynjolfsson & Mcafee, 20bY. High Akeliant sectors, such as pharmaceuticals and fintech, may

experience greater innovation slowdowns, while lowréllant sectors, like agriculture and

manufacturing that relyrimarily on machinegenerated data rather than personal dataay be
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less affectedBughin et al., 2018Here as well the data minimization and the right to erase will
play a role Additionally, te right to explanation consumers get would also discourage companies
from using Alas there exists a tradeff between an algorithm's sophistication and its explicability
(Goodman & Flaxman, 2017)

To concludethis andexplain the mechanispior high-AkreliantsectorstheD5t wQa R G |
minimization and right to erasure reduce the availability of personal data, limiting the
effectivenessaand useof Al applicationsFurthermore, lhe right to explanatiorcould discourage
firms from adopting advanced Al moddfor low Adreliant sectorsthe GDPR is expected to have
alimited impact because they do not process large amounts of personal data.

The hypothesis that follows from this is:

H2a: TheGDPR has a stronger negative effect on Al innovation in higHi&it sectors

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

Ore particular sector on which the GDPR might have had a positive effect is cybersesurity
it has spurred privacNB f G SR Ayy 201 A2y & ¢St f-explditingh y ONS |
AYY20F0A2yQ G2 &dzlli2 NI |, Kd, complidideBnaradementseftwdrey R O 2
or encryption capabilitiegMartin et al., 2019) Therefore, the change in Al innovation in the

cybersecurity sector will also be investigatedth the following hypothesis

H2b: Unlike other sectorghe GDPR has a positive effect ordiiven innovation in

cybersecurity

The conclusions for this chapter are also visualized in Figure 2.

14
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GDPR Implementation

Data Restrictions & Increased Privacy &
Compliance Costs Security Demand
Impact on Al Innovaticn ‘ Cybersecurity Sector ‘

N
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Fintech \
| I
 J

Negative Impact Minimal Impact

Positive Impact on Al
Innovation

Less Reliance on Personal
Less Data for Al Models

Data
i l

‘ Reduced Al Innovation ‘ ‘ Stable Al Innovation

HGURR: INDIRECEFFECT OFHEGDPRONAIINNOVATION

2.5 Different impacts per country

Even though the GDPR is amiide policy, its effect on Al innovation megrysignificantly
between the different member states. Thésdue toseveral reasons. Fitghe EU countries have
different levels of technological capabilities, which migtier the way the GDPR impadtsese
countries. Some countries have stronger Al ecosystems, along with-dee#loped digital
infrastructure, advanced research institutions, and high levels of prsatéor R&D investment.
It is, for example visible that Gemany, Franceand the Netherlands have substantially more Al
research and development activity than other European coun{iesopean Commission. Joint
Research Centre, 2018yet, whether this is good or nawith the GDPR coming into effect is
unclear. On the one handtudies have shown that countries with higher Al capabilities are better
able to adapt to privacy regulations, mitigating negative innovation eff@ughin et al., 2018;
Yan & Liu, 2024However, when the countries also rely more on this Al@ir economynegative
effectsof the GDPRnight be stronger, whereas countries with a lédsntensiveeconomy may

face fewer slowdowns. Empirical researchs alsosuggested that economies with a greater
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relianceon digital services and higlch industries arenore sensitiveto Alrelated regulatory
changeqJones, 2023)

A second reason why there might lbeosscountry differences is that even thougthe
GDPR is an EU regulation, national data protectaathorties enforce it differently across
member stategKuner 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 consumey trust
also in Addrivenservices so the effect is possiptwofold (Golpayegani et al., 2022)

This leads to the following hypothesis:

H3a: The impact othe GDPR on Al innovation varies across EU member states depending on
their technological capabilities.
H3b:The impact othe GDPR on Al innovationay vary based othe institutional framework or

stricter enforcement othe GDPR

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

same structure but producghe opposite effects.

GDPR Heterogeneity

—

; ™

¥
High Technological
igh Technologica Strong Governance

Capabilities
f_/" ~ Ve .
i ™~ Ve R
I.I Ll II-. l-ll
v Highly Al and data r =
Better able to adapt dependent Institutional Trust Stricter Interpretation
— more impact

FGUREB: GDPB®HETEROGENEOHS-ECTS
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3 Data andMethodology

This study employsmixedmethodempirical approach to measure the effectsioé GDPR

on Al innovation and broader sectoral innovation.
3.1 Outcomevariables

This research has several variables of inter€stt hypothesis 1a, data will be used from
Lens(Lens,2025)This study focuses on Aklated patents classified under CPC codes GO6N (Al)
and GO6F (data processin@pecificallytwo key patentbased metricawill be used the total
number of Alrelated patent applicationat filing dateo Wt I 4G Sy d wSO2NRaQu | yR
GKSaS LI GSyida FNBE NBFSNBYOSR Ay SpdedicafytingzSy G Ay
patents withten or more citations will be countefibr hypothesis 1awhich accounts fot-5% of
the total GO6N and GOGpatents for the EULater, for hypothesis 3, the total number of cited by
patents will be used, due tbmited data quantity.For hypothesis 1c, data will be used from
OpenAlex to examine the amountatademic literature on Al as an applicat{@penAlex2025)
Additionally, top-cited publicationsare counted if they have more than 100 citations, which
accounts for 3% of the total of these publicationd. comprehensive list of topigacluded is
provided in AppendiA. For hypothesis i, data will be used from Preqin gtudythe investment
in Al startupgOECIAI,2021a). An Al startup is defineds a private company that researches and
delivers all or part of an Al system or researches and delivers products and services that rely
significantly on Al system®©ECD2021). Additionally, the mvestment in data startupss also
investigated(OECD.AI, 2021bJA data startup is defined as a private company that provides
solutions for large volumes of data through data gathering, storing, or anéBBiSD2021). The
variables are measured & investments in USD millions by countfpr hypothesisd, data will
be used from Stack Overflof@ECD.Al, 2023Vheir data orknowledge flowgrovidesinsights
into how countries share specialised Al knowledge over tile outgoing Al flow measures how
many Alrelated questions a country answered for other countriésthis research, for the EU,

only the answers sent to countries outside the EU are used. The incoming Al flow measures how
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many answers a country received from other countries. Also, ,Herethe EU, only answers
coming from outside the EU are considered.

For hypothesi2, also from Preqin, th& Cinvestments in Al in USD millions by country
will be investigated OECIAI, 202L). The sectors that will be included are for thegh Alreliant
sectors the healthcare, drugs, and biotechnology segttre financial and insurance services
sector, and for the low Afeliant sectorsthe constructionsector, and the agriculturesector.
Furthermore data is used from the OEC®Idok at the R&D expenditure per sec(@ECD2024)
Thebusiness enterprise R&D expenditure (BERD) in USD millions by countgsisgated To
align as closely as possible with the sectors frongiRrehe BERD is taken from theancial and
insurance sectorthe construction sector, the human health sectqrand the pharmaceutical
sector. For hypothesib, the digital security sector will be investigated separatesyngVVC
investments Thisdigital security sectorconsistsof technologiesthat aim to protect against
increasing cybersecurity threats, dataebches, and ransomware attack& full list of what is
measured under this sector can be foundippendixB.

For hypothesis 3a, following Yan & Liu (2024), the Global Innovation(@tgrom WIPO
will be usedWIPO2018) If a country had a score lower than 50 in 2018, they are seen as having
low technological capabilities. Additionally, the GovernmentRa&hdinesdndex will be used
(Oxford Insights, 2019Yhe index ranks and scores t@untriesof the worldfrom best to least
Already.Besides a rank, a score is presentgdich will be used for this researdha hypothesis
3b, the World Government Indicators, published by the World Bank, will be (Wedd Bank,
2025a; World Bank, 20254n particular, theRegulatory Quality indicatand the Rule of Law
indicator are examinedwhich capture a country's ability to design and implement effective
regulations, which can impact the perceived stability of a country's regulatory framewbek
indicators are expressed in a percentile ramdditionally, countries where the GDPR is
implemented the mosstrictly will be investigated separatelyrhis is done with th€MS. Law
GDPR Enforcement Trackand the total sum of fines is used as an indicator of strictness in this
research(Yacoob, 2025)The countries with the highest strictness asggrting with the highest

one: Spain, ItalyLuxembourglreland, Germany, Frandde NetherlandsGreece and Swede.
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All the outcome variables are normalizpdr million population to ensure comparability

across countries varying in size.
3.2 Independent variable

The variable of interest the GDPRIt has been implemented in the 27 EU member states.
TheGDPR was announced in 2016 and implemented in 20b&ther 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. (2020fpund no changen behavior after theannouncement but theydid
find a change after the implementation. With thecusof thisresearchbeing on Al innovations,
dataavailabilityis also limiteglespeciallyn the period before 2016. It wake UShat started the
push towards Aln 2012 and other countries followed aftefFujii & Managi, 2018)till, this

research uses data from 2014 onwards, and where negebettla tess will be performed.
3.3 Control variables

To ensure that the estimated effects thfe GDPR on Al innovation are not confounded by

broader macroeconomic conditions, this study includegeral controlariables.

GDRoould influencd O2dzy i NB Q& Ayy20FGA2y LROGSYOGAl X
more resources for R&D, Al adoption, and digital transformat®oldberg et al., 2019; Jia et al.,
2021) Datafor GDP per capita is gathered from tiéorld Bankand is measured in current US
dollars(World Bank2025c).

The unemployment rate captures labor market conditions tlwatuld influence Al
innovation, particularly through human capital availability and firm hiring behavibgher
dzy SYLJX 28 YSy G YI& NBRdzOS FANNAQ [o0AfAlE (G2 AyOdS
increase Al adoption due to labor shortages and automation incen{kesmoglu & Restrepo,
2020) Data for the unemployment rate is gathered from térld Bankand is measured as
national percentage ahe 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. Furtheriofiation creates uncertainty that

moves firms away fronrmnovative activities toward safer but retwgthominated oneqEvers et
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al., 2020) Data for the inflation rate is gathered from tW#orld Bankand is measured by the
consumer price indefWorld 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 lalf@ilippetti & Guy, 2020Data for the education rate is
gathered from theWorld Bankand ismeasuredasgross tertiary school enroliment in percentage

(World Bank, 2025f)
3.4 Method:

3.4.1 Basic model

At first, a panel data regression is run fgqpotheses 1 and, Ztarting with solely including
all independent variables one by oaadthe GDPRis the only explaatoryvariable, to investigate
whether there is any basic relationship between tregiabledn this dataset. Additionally, control
variables were added to this regression, includBigP per capitainemployment rateinflation
rate, andeducation rate The equation model belonging to this shows the outcomeafntries

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

@ [ O00Y T 6&&01 £dif - (1)

In equation 1, the variation in the dependent varialdBR?PRfor countryi in year t, could
be explained by the independent varialite that representsAlinnovation for country i in year t,
measured via Alelated patents, research papeiCinvestmentsand R&D investmenid he full
list of outcome variables) will take is presented in Table 1.

GDPRis a dummy variable equal to 1tiie GDPR is in effect and O otherwisgne
variable,0 ¢ ¢ 0 ] sgaifiesthe control variablesGDP unemployment rate inflation, and
education rate 6 denotes thecountryfixed effects. Thecountry-fixed effects account for
unobserved, timdnvariant characteristics specific to eadwountry that can influence the
dependent variable] represents the timdixed effects. The timéixed effects control for time
specific factors that might affect atbuntriesin a given year. This includes any events or other

time-related shocks that take place in the years covered by the datdenotes the clustered
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error term of the model. The error term is clustered at thwuntry level. This clustering allows
for the possibility that the error terms are correlated withtountriesover time, which adjusts
the standard errors to account for this clustering and provides more reliable infer@uen &
Miller, 2015)

TABLEL: OUTCOMB/ARIABLES

QOutcome Variables
GO6N
Top GO6N
GO6F
Top GO6F
Publications
Top Publications
Outgoing Al
Incoming Al
Al startups
Data startups
VC Al digital security
VC Al finance
VC AI healthcare
WVC Al agriculture
VC Al constructing
RD pharma
RD constructing
RD finance
RD healthcare

3.4.2S5CM

This study will usan SCM as constructed Bbadie et al. (2010 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 DifferengeDifferences model, as used in the
study ofGoldfarb & Tucker (2012) and Jia et al. (2081 ontrast the EWith 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 ovante. This would imply hangicking a country to serve
as a control group, such as the.WBwever, the parallel trend assumption did not hold for all of
the outcome variablesn 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 donorgrabforming 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 elhssifhigincome
or uppermiddle-income economies by the World Bank. The Western and the Asian economies
are all innovation antechnologyfocused which makes them a good control group for the nature

of this study. The equation estimated for this methedased orbadie (2021)

o @

In equation2,| is the estimated treatment effect adhe GDPR in period t for the EU,
which makes it unit 1& is the observed outcome for this unit 1 in period t, consisting of the
same variable as can be foundTiable 1.

@ is the counterfactual outcome, meaning the outcome value the EU would have had
in the absence othe GDPR. Since this is unobserved, a synthetic control unit as a weighted

average othe control countries is constructad equation 3

® B 0o (3)

Witht moeé® 0 »p

In equation 3J is the total number of control unitand j is used to index themd is the
observed outcome for control unit j at timednd¥ is the weight assigned to control unit j.

The vector of weightsy 0 E 0 is chosen taninimize

A WA W Ow @O W (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 equationd, @l isa matrix containing préreatment characteristics for the EU
and &0 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 pteeatment times(Abadie, 2021)V can give different weights
to the characteristics ikl andd0, 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 ratiitionally,the
total researchand development expenditurs added, taken from the World Bardgnd measured
as a percentage of GDPWorld Bank, 2025g)}urthermore,internet penetrationmeasured in
percentage of the population using the internetiso addedtaken from the World BaniVorld
Bank, 2025h)Lastly also foreign VC exposure is added, which is taken from Crunchbasé&/Bro as
funding per country excluding the country of investmentind is transformed per capita
(Crunchbase, 2025)Together, these predictors capture economic capacs#iability, labor
availability technologicalstate, and human capdl, which are all critical determinants of Al
innovation. Using these variables will help ensure that the synthetic control approximates the EU
not just economically, but also in terms of its innovation potenfldleweights assignedotthe
countries for each variable and hypothesis can be found in AppendidesiyhF. The predictor
balances can be found in AppecésGthroughl.

There are three key assumptions that must hold fioe reliable use of the SCMs
explained byMcClelland & Gault, 2017)

Firstly, there should be no interference, meaning that only the treated unit should be
affected by the policy. To ensure that this conditiosasisfied this studyconsidescountries that
are not in the EU. This condition also implies that there cannot be any spillover effatis of
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 midg® harmed as the effect might be either
overestimated or underestimated, depending on the direction of the spillover effects. The

outcomes chosen, such as patent filing€investments, and publications in-Adlated sectors,
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however, are less sensitive to these potential spillover effects. The vastablemight encounter
spillover are the Al knowledge flows, which will therefore be carefully investigated and discussed.
There is also literature about countries adapting their data policies inspireédeb@DPR and/or
wanting to get a more uniform approach to data privacy that would simplify international
collaborations agair(GadoniCanaan, 2023; Gstrein & Zwitter, 2028 pwever, it is important to

note that most concrete legislative changesnon-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 variaifléis 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 fourtiarmye in behavior
after the announcement was mad@ia et al., 2021)Still, to account for the possibilitya
robustness test is conducted, specifically artinme 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 interventiime, 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 nmegative weights tat 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 pirgervention 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. Investigguoligy changes revealed no
other large policies around the timtbe GDPR was introduced, except for Brexit. For this reason,
data for the EU is consistently based on the EW@2d for all yearsthe UK has been left out, to

ensure Brexit does not influendke analysis
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To further validate the findings, placebo gaps will also be presented for all anatyses
Appendices], Kand L.These are constructeldy assigning a placebo treatment to each donor
country and then calculating the difference between its piogérvention trend and its synthetic
control. The resulting placebo gaps are then used to calculatalyes, which indicate the
likelihood of obseving 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 effeethen 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 {reatment fit, but in this casgthe benefits
would not outweigh the added complexity. Nonetheless, the ASCM treatment effects for the
general analysis will be presented AppendixN, as an extra robustness check, providing an

additional layer of validation of the results

3.4.3 Heterogeneity

To explore heterogeneity as laid out undgrpothesis3, the EU will be divided into two
groups depending on their score for each specific variakddle2 explores the specificriteria
usedfor each indicator AppendixOwill give detailonwhich countriesvere specificallyput into
which group for each variable. The SCM is applied separately for each subgroup, constructing a
synthetic version of thetwo treated groupsbased on the same donor poolhese groups
represent countries with relatively strong versus weak institutional andvativecapacity. Each
group is then treated as a single madevel unit in the SCMnalysis.Thisapproach allows a

comparison of the effect of GDPR across distinct country types and characteristics
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TABLE2: COUNTRGROUPINGRITERIA FA#/POTHESBS

Hypothesis Indicator Treshold criteria
Hypothesis 3a GII Score > 50 = High
Score < 50 =Low
Al Readiness Index EU median score = 6.683
Score > 6.683 = High
Score < 6.683 = Low
Hypothesis 3b Jorld Governance Score > 75 on both

Indicators:

- Regulatory Quality
- Rule of Law

GDPR enforcement Tracker:

- Sum of fines issued

indicators = High
Score < 75 on both
indicators = Low

Top 10 EU countries versus
rest
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3.5 Statistics

TABLE3 : SUMMARYSTATISTICS

Statistic N Mean St. Dev. Min Median Max
GO6N 245  7.384 21.958 0000 0511 197.951
Top GO6N 238 0.178 0.788 0.000  0.000 6.134
GOGF 245 42.089 89.157 0.000  6.951 407.527
Top GOGF 245 14.005 46.243 0.000  0.000 252.036
Publications 245  5.487 6.191 0000  3.291 41.101
Top Publications 245  0.350 0.749 0.000  0.098 6.850
Outgoing Al 238 35.175 41.923 0.000 24513 363.370
Incoming Al 238 26.219 28.304 0.000  17.579 172.446
Al startups 1290 0.185 0.550 0.000  0.000 3.991
Data startups 112 1176 2.064 0.000  0.197 0.832
;”Z lﬁ;lg“al 120 0917 2.394 0.000  0.094 17.004
VC Al Finance 104  3.273 10.316 0.000  0.559 86.326
VC Al Healthcare 147  1.967 4.252 0.000  0.407 30.888
VC Al Agriculture 63 0.463 0.867 0.000  0.045 4.243
VC AI Constructing 37 0.180 0.454 0.000  0.0I11 2.473
RD Pharma 223 65.207 104801 0413  20.035 581.343
RD Constructing 207 4.545 5.344 0.000  2.755 31.482
RD Finance 203 18.262 26.654 0.000  8.230 166.686
RD Healthcare 180  1.350 1.682 0000  0.517 7.970
GDP 252 1,142,490.000 5,777,591.000 7,078.860 39,094.320 37,439,564.000
Inflation 252 1331 2.140 2.097 0991 16.332
Unemployment 252 7417 4.181 2.015 6.295 26.708
Education 252 74.531 20332 19392 72.761 143.963

Table3 presents the summary statistitgsed on thedatasetthat is used for the analysis in
this researchThe number of observations igg2when all countries, including6 EU countries
and 9 control countriesre taken separatelyand when there is no missing dattem 2014to
2020 There are 26 EU countries, as Malta has been excluded from the analysis due to insufficient

data.

27



Emily Desmet

Jun. 23, 25 Master Thesis, Economics

4 Results

This section presents the results of the different regression mddealsoutin the previous

chapter.

4.1 Panel data regression

Thefirst models run are the twavay fixed effects panel data regression modelstfier EU

and the control countriesThe modes in which control variables are added gradually for each

variable can be found in Appendix

TABLEL: PANELREGRESSIG#YPOTHESISPARTL

Deperndent variable:
GOSN Top GO6N GO6F  Top GO6F Publicati Top
op °p UDUCANONS  pblications
(1) (2) (3) (4) (3) (6)
GDPE. -12.441 -0.265 -23.783 0.208 -0.509 -0.240
(15.752) (0.788)  (22.186)  (1.024) (2.953) (0.376)
GDP 0.00002** 0.00000*** 000000 -0.00000%  -0.00000 -0.00000
(0.00000)  (0.00000)  (0.00000)  (0.00000)  (0.00000)  (0.00000)
Inflation 3.832 -0.165 -0.613 -0.149 -0.690 -0.080
(2.552) (0.123) (3.595) (0.160) (0.479) (0.061)
Unemplovment 0458 0.0268 -3.923 0.001 0.455 0.027
(3.178) (0.179) (4.475) (0.233) (0.596) (0.076)
Education -0.387 0.032 0934 -0.054 0.004 -0.004
(0.619) (0.031) (0.872) (0.040) (0.116) (0.015)
Observations 70 70 70 T0 T0 70
R2 0.548 0.433 0.062 0.362 0.073 0.091
Adjusted R2 0363 0.182 -0.321 0.080 -0.305 -0.280
F Statistic (df = 11.879"** (df 6.563"*° (df= 0.644 (df = 4.879"* (df= 0.772 (df= 0.982 (df=5:
5- 49) =5 49) 5:43) 5: 49) 5:43) 5: 49) 49)
Nate:
‘P**P“‘IJ‘{D-O]-
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TABLEb: PANELREGRESSIG#YPOTHESISPART2

Dependent variable:
AT startups Data startups Outgoing AT Incoming Al
(1) (2) (3) (4
GDFR -0.680 0.094 12286 -5.411
(0.518) (1.234) (40.083) (13.107)
GDF -0.00000 -0.00000° -0.00001 -0.00000
(0.00000) (0.00000) (0.00001) (0.00000)
Inflation -0.001 -0.234 -16.603" -3.520
(0.094) (0.228) {6.698) (2.326)
Unemployment -0.167 0.509° 2750 -0.256
(0.10%) (0.233) (2.088) (3.050)
Education 0.002 -0.032 1.840 -0.034
(0,021 (0,031 (1.364) (03907
Obzervations 56 56 63 63
RI 0.080 0.173 0.149 0.091
Adjusted R? -0.3568 -0.229 -0.227 -0.310

F Statistic (df=3; 49) 0.643 (df =5 37) 1.548 (df=73:37) 1.508 (df=3;43) 0.864 (df=73:43)

Note: *p"'p" " p=0.01

Tables4 and 5show that br all variables under hypothesis thereare no significant effects
However the panel regression resultseingstatistically insignificant across most specificatiens

not entirely unexpectedjiventhe nature of the treatment and the structure of the daiathis

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 expegtaptfor

the top GO6F that show a positive coefficieRor publications, the direction could have gone both
ways, but now the effect is visible aggative The Al starips 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 kowledge flowshowa positiveeffect. Thencoming knowledge flow

shows a negative coefficient as expected.
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VC AI Digstal Security VC Al Healthcare VC Al Finance WVC Al Agriculture VC Al Constructing

(1) ) (3) (4) ()
GDPR -1.691 1.185 -3.081 -0.145 0416
(2.414) (3.308) (2.458) (0.668) (0.479)
GDP -0.00000 -0.00000 -0.00000° -0.00002* 0.00001
(0.00000) (0.00000) (0.00000) (0.00001) (0.00002)
Inflation -0.317 -0.066 -0.444 -0.228° 0271
(0.3990) (0.568) (0.443) (0.119) (0.244)
Unemployment 0.081 1.696% -0.249 0.208" -0.008
(0.490) (0.686) (0.502) (0.135) (0.128)
Education -0.012 -0.242* -0.001 0.012 -0.053
(0.094) (0.133) {0,009y (0.028) (0.042)
Observations 56 63 49 49 30
R 0.062 0.187 0.165 0252 0.202
Adjusted R2 -0.395 -0.173 -0.293 -0.158 -0.653
F Statistic 0.486 (df=5:37)  1.974 (df=35:43) 1224 (df = 5: 31) 2.088" (df =3:31) 0.709 (df = 5; 14)
Note: ppTp=0.01
TABLE/: PANELREGRESSIAHY POTHESEPARTZ
Dependent variable:
RD Healthcare BD Pharma ED Finance  BD Constructing
(1 (2) (3 (4)
GDPR -1.251 -8.631 0282 1.306
(0.845) (24 803) (4.720) (2.661)
GDP -0.00000° -0.00000 0.00000 0.00000™
(0.000007} (0.000007} (0.000007) {(0.00000)
Inflation 0.467 -0.880 -0.454 0.008
(0.291) (4.240) (0.872) (0.491)
Unemployment 0.046 3.060 -0.438 0.332
(0.197) (5.11%) (0.9564) (0.544)
Education 0.011 -1.961 0.269 0.185
(0.049) (1.374) (0.208) (0.118)
Chbservations 42 63 36 36
Rl 0.225 0.089 0.052 0.248
Adjusted B2 -0.272 -0.313 -0.409 -0.118
F Statistic 1.448 (df = 5; 25) 0.843 (df = 5; 43) 0.400 (df = 5; 37) 24357 (df = 5; 37)
Note: p T p=0.01
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Also, for all variables under hypothesis shown in Tables6 and 7,the results are
statistically insignificant acrosall specificationsThe investment in digital security is negative,
contrary toexpectations For the healthcareector, there is a positive coefficient, contrary to
expectations, while in thdinance sector, a negative effect was hypothesizedi is visible
Reversely, for agriculture and constructjanwas expected that they auld not be affected, yet
the coefficients are negative. In Tablethe pharmaceutical and finance sectors asgative in
line with expectations, yefinanceis not. For constructing, the coefficient is positive, which is in

line with the expectations.
4.2 SCM

4.2.1 Descriptive Analysis
Now, theattention is turned to the effect othe GDPR for the EU, in comparison to the
control countries. To start, a descriptive comparison is madeable &etween the EU and the
control countries for the preand postperiod, with no weighting considered yeas the
coefficients are simply averaged
TABLES: DESCRIPTNFFERENCES BETWEERNDROW

EU ROW

Variable Pre 2018 Post 2018 Difference  Significant Pre 2018 Post 2018 Difference  Significant
GOGN 3,76 16,29 12.52 ik 9.52 44,56 35,03 ok
Top GO6N 0,08 0.10 0,02 ok 0,43 1.19 0,75 ok
GO6F 50,99 59,03 8,05 ok 125,53 148,75 2322 ok
Top GOGF 0,63 021 -0.42 o 1.86 0,85 -1,01 ok
Publications 2,26 7,06 4,80 o 2,52 8,93 6,40 ok
Top Publications 0,07 0.40 0,33 ok 0,11 0,73 0,62 ok
Outgoing Al 18,28 40,30 22,02 ok 35,20 65.54 30,33 Rk
Incoming Al 12,96 25,53 12,58 hik 26,71 45,90 19,19 ook
Al startups 0,04 0,11 0,07 ok 0,08 0,33 0,25 ok
Data startups 0,27 0,64 0,37 ok 0,57 2,06 1.49 ok
VC Al digital security 0,07 0.19 0,12 ok 0,65 247 1.82 ok
VC Al Finance 0,48 2,07 1.59 HkE 140 4,74 3.34 ok
WVC AI Healthcare 0,13 0,95 0,82 o 142 6,14 4,72 ook
VC Al Agriculture 0,00 0.03 0,02 ik 024 0,90 0,66 ok
VC AI Constructing 0,03 0,04 0,01 ik 0,12 0,38 0,26 ok
RD Finance 33,67 45,42 11,75 hkk 98,82 122,98 24,16 ook
RD Pharma 3.07 3.98 0,90 hkk 5.99 6,84 0,85 ook
RD Healthcare 7,63 12,02 4,39 ook 16,84 20,05 321 ok
RD Constructing 1,10 1,67 0,57 o 1,76 3,08 1,31 ok

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 dllypothesedormulatedunder bothhypothesesl and 2 will be
presented. These visualizations allagto see the effect clearly, and afterwards also the size of
the treatment effects will be giverm.oassesshe robustness of the findings, placebestswere
conducted by assigning the treatment, so the GDPR to the control countries aaslimeating
the model. The resulting placebo gaps serve as a benchmark to evaluate whether the estimated
effects for the EU are significantly different from what mightdxpected due to chance. It is then
also on this basis that significance was assigned to the effect®ieefull set of placebo gaps is
presented inAppendix] Throughouthe followinganalysisabbreviated labelsvill be used which
are explained in Table.

TABLE: ABBEVIATIONS

Indicator Abbreviations
Score on th GlI Gll
Score on the AReadines$ndex Al
Score for thaNVorld Governancéndicators GOV
Enforcament stictness STRICT
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PanelA of Figure4 shows how the GO6N patents have evolved for the EU. The synthetic
control country matches the EU well in the preervention period.From 2018 forward, the EU
had a slightly higher valué’anelB shows thetop GO6Npatents. The synthetic control country
matches the EUelatively well in the preGDPRoeriod. In 2018 the EU had anncrease but
afterward decreasednore than the counterfactual.PanelC showghe evolution of the GO6F
patents. The synthetic control country matches the EU well in theGid@Reriod. Theravasno
effectvisible afterward For thetop GO6F cited patents ipanel D the synthetic control matched
the EUgood Both have a clear downward trend from the start. From 20i8vever, the EU went
down less steeply than the counterfactudheevolutionof publications in pandtshows a good
match between the EU and the waterfactual in the preGDPRperiod. Fom 2018 onwards, the
counterfactual hasiada higher value than the EBanel F shows th®p-cited publications, with
arelativelygood match between the EU and the counterfactual-@BPR. PossDPR, there is
no effect visible as both followach othervery closelyFor the outgoing Al flown panel Gthere
is a good match between the EU and the contifier 2018, theEU keeps on rising steadily while
the counterfactual does notFor the incoming Al flowin panel Hthere is a good pré&SDPRit
between the EU and the counterfactu&ince2018, the Eland the counterfactuahave gonaup
anddown at alternating ratesPanell showsthe VCinvested in Al startupshereis a goodnatch
between the EU and the counterfactual pB®PR. There is a downward movement for 2018
2019, but in 202the investment in the EU went wgmain, leaving big gap between the EU and
the counterfactual Forthe data startups irpanel], there is no good pr&DPRit between the

EU and the counterfactudror the EU here is an increase for 204819 and a decrease for 2020

34



Emily Desmet Jun. 23, 25 Master Thesis, Economics

Panel K: VC Al Digital Security Pt L2 VO Al Finemes

o
- 1 —
== myrie sl v —
= -
r".
24 SN
¥ 'r \‘ g
E w | Fi [ &
W b
Ed i . -
o 5 - K L ¢
k. ¥
rl
e ¥ o
| M
T T T T
M4 Pk 20 017 20 FLOL] 200
Yaar

Pansl M: VC Al Healthcare
Panel N: VC Al Agriculture

8 4 el
[=3
=4 == Synihelc Conbial Cveug
b i
¢ 5 °*] . .h**"'--
& "
* o | 2= N
';_ : E ;
L s -
e g ,'
L P . )
- L
&
’
T T T T g [ -
2014 s 01 2017 2018 018 2030 & ¥ T T T
204 Hnh 2018 n7 20 2019 v
Foar
Yeur
Yeu
] . Panel P: RD Finance
e

VC ~ A Constutieg
0
L

Y
2014 ms 2010 2017 2018 2019 a0

014 ms 20100 2 2018 2019 0
Yeur Your
Panel Q: RD Pharma Panel R: RD Healthcare

T T T
2014 2015 2018 201 2018 2019 2020 2014 2008 2000 200 201 010 220

Year Your

Panel 5: RD Constructing

R Corstructing
'l

AGURB: SCMPLOTHYPOTHESE

35



Emily Desmet Jun. 23, 25 Master Thesis, Economics

PanelKin Figureb shows theinvestment in digital securitylhe synthetic control matches
the EU relatively well pr&DPR After 2018, the EU remasd at the same level, while the
synthetic controlwent up. In 202Q however, the EWvent up slightly, while the controlwent
down, bringing them to the same level agaihheVCinvestment infinancein panelL shows a
relativelygood fit between the EU and the synthetic control {is8®PRHere, the investment went
down in 2018 for the EU and increased for the synthetic control. However, from 2019 onwards,
there wasa steep increase for the EWhile the counterfactual showsolatility. For the VC in Al
healthcarein panelN, there is agoodfit between the EU and the counfactualpre-GDPR. From
2018 onwardsthere is a divergence between the EU and the counterfactwith the EU
increasing at a steady rate, and the counterfactual being volatileiny202Q the counterfactual
stood at a higher rate~or the VC investment il for agriculture, inpanelM, there is a good fit
between the EU and the counterfactual pgDPRHowever for this variable inparticular, it must
be noted that the counterfacial only consistsof two control countries From 2018 the
counterfactualincreaseda lot while the EU did notThe evolution of VC in constructingpanel
Ois showing a relativelgimilar trend for the Eldnd the counterfactualyet at different levelsin
2019,there wasa steep decrease in investment for both the EU and the counterfactual, yet the
counterfactual showd a higher increase again in 202Ztheevolutionof R&D in finance inpanel
P showsnot a greatfit for the BJ and the synthetic control beforéhe GDPRyet they remain
close and were at the same level for 201Fom 2018 the EU increas® more than the
counterfactual.For the R&DOnvestmentin the pharmaceuticasector,in panelQ, there isnot a
great pre-GDPR fjtwith the EU always being slightly higher from 20®m2018 onwards, the
EU experiencednincrease, while the counterfactual did ndh panelR the evolution of RD in
healthcareis shown There is goodpre-GDPR fjtand there is no effect after 2018, as the EU and
the control keep increasing at the same rat@rthe R&D in constructinghownin panel Sthere
isagoodpre-GDPRit. From 2018the EU é&ll behind thecounterfactual butwas almost closing
the gap again i2020.
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TABLELO: SCMTREATMENEFFECTRYPOTHESIS

Dependsns variabls:

GDPE
(Treatment Effect)

GOEN 1317
(0.10)

Top GOSN 0,033
(1.0%)

GlsF 814
(0.41)

Top GU6F 0.078%
(1.62)

Publications -1.594#
(1.77)
Top Puklications 0014
(0.28)

Al startups -0.007
(011}

Diata startupsz 0.023
(0.02)

Cutgoing Al flow F.00T7#=%
(7271

Incoming AT flow 0.915
(0.05)

Nete:

Treatmernt effects estimated using the Synthetic Control Method (Abadie ef al,, 2010).

FPre-treaiment period: 2014-2017; Post-treatment period: 2018-2020.

Treatment effect is averaged over the posi-treatment period

One freated unit (EL), nine confrol units (e.g., US, Canada, Japarn, efc ).

Falues in brackets represent the normalized MSPE rafio, which compares the posi-treaiment MSPE to the pre-
freatment MEFPE, providing a meanwre of treatmert effect significance relative fo pre-treatment fit

FPvalues derived from placebo distribution across downor pool units.

o p<0.01

In additionto the plot also thesize and the significanad the effect is tested. Faall the
hypothessunder hypothesid, thisis visible in Tabl&0. Forthe GO6Npatents,the effect size is
1.317.This means that on averagbe EU had..317G06N patentper million people morgafter
the GDPRthan the control countries, whictvere not subject tothe GDPR. Thiap GO6Nhasa

negativeeffect of-0.033 The GO6patentshave apositiveeffect 0f0.814 Thetop GO6Fhasan
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effect that is significant at th&0% level, with a size @.078 Publicationhave a negative and
significant effecbf -1.594 Top publications have a slightly positive, nonsignificant effEeg Al
startupshavean effect of-0.007. This means that on average, the EU N&bf 0.007million or

7000 dollars per million people leswested in Al startups aftéhe GDPRvas implementedhan

the control countries withouta GDPR. The same reasoning applies to the data startup variable
with an effect 0f0.028 however,both arenot significant. For the outgoing Al flow, the effect is
highly significant with a size 6f007. This means that on average, the EU answé&@@7more

Al questionger million peopldrom countries outside of the EU, aftdre GDPR, than the control
countries did for foreign countries. For the incoming Al flow, the effeéxBis5andnot significant;

yet it means that the EU, on averaggot 0.915more answers to their questionger million

people afterthe GDPR, than the control countries did.
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TABLEL1l: SCMIREATMENEFFECTRYPOTHESES

Dependent variable:

GDPE.
(Treatment Effect)

WC AT Digital Security Q285

(10.163)
Wi Al Finance -0.140
(1.3300
Wi Al Healthcare 0334
(0.332)
Wi AT Agriculture -007aE
(1.839)
WiC Al Constructing -0.047
(=)
BD Finance 2010
(1.265)
RD Pharma 12.627
(0.347)
FD Healthcare 0.018
(0.03)
ED Constructing 03855
(8.347)

Note:

Treciment effects estimened using the Symthetic Control Method (Abadie et al, 2010).
Pre-freatment period- 2014-2017; Pozi-tractment periad- 2018-2020.

Treatment gffect s averaged over the posi-treatment period

One treated wnit (L), nine controd units (e.g., US, Canada, Japan, efr ).

Values in brackets represent the normalized MEPE rotio, which comparas the post-freaiment
MEPE to the pre-treatment MEPE, providing a measure of treatment gffect significance
relative fo pre-ireatment fif

Povalues derived from placebo distribution across donor pool units.

T T p0.01

For hypothesis 2he effect sizes are put in Tahld. The VC invested in Al for trdhgital
security sector has an effect size-0f285 and is highly significarithis means that on average,
the EUhad0.285million or 285,000dollarsper million peopldess investedfter the GDPR than
the control countries. The VC invested in Al in the finance sector has an efféci4@ For the

healthcaresector, thereis a coefficient 0+0.334 For the agriculture sector, the effect-13.078
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and significant at the 10% levélor the construction sector, the effect-&047. Moving from VC
investments in Al to millions invested in regular R&D, the first variable is R&D invested in the
finance sector, with a coefficient &.01Q In the pharmaceutical sector, it I2.627and in
healthcare0.018 For constructing the effect ireegativeand highly significant, with an effect of
0.389

To further assessrobustness, irtime placebo test were conducted by shifting the
treatment yea, which is 2018, to 2016. This serves two purpos@st it helpsassessvhether
the observed effects could be due to pegisting trends rather thathe GDPR enactment.
Second, 2016 marked the announcement of the GDPR. Sosdsyineating the model with 2016
as the treatment year, it is possible to examine whether any efiecfinsto emerge from then
on. The absence of an effect before 2GLpportsthat the observed effect in the main model is
indeed linked to theGDPR rathethan ananticipation effect or unrelated temporal shock&hile
all the plots can be found in Appéix M, the following discussion will focus on the variables that
stand out.The (top) GO6N patents did go down from 2016 alreddy from 2018 the decrease
became much steeper. The GOg&tentsalso went down in 2016, and then again in 20IBe
outgoing Aknowledge flow begaits big increase from 2016 onwards, which was also visible in
the SCM pilot, so the trend at least started beftlhe GDPRvas implemented

Additionally, in Appendiil, a comparison between the treatment effects of the SCM and
the ASCMs presentedo verify that the SCM findingge 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

Hypothesis3 deals with the possibility of heterogeneity between the different EU countries.
The EU is always splito 2 groups, as laid out in TableRbr hypothesis 3a, the SCM plots on the
Gl will be displayetelow, and the plots orihe Al Readiness Index can be found in Appendix P.
For hypothesis 3b, the plots on the Governance Indicators will be displsled, and the plots

on GDPR enforcement strictness can be found in Appendix Q.

40



Emily Desmet

Jun. 23, 25

Master Thesis, Economics

Panel AAT: GO6N

HIGH Gl EU
Synthetic Control Group
= |
H
8
e
&
a
-
T T T T
2014 2015 2016 2017 2018 2019 2020
Year
Panel BB1: GO6N Cited By
~ - = HIGH Gl EU
= = Synthetic Control Group
© 4
p
w - .
P
i .
2 g 4 ,
¢ -
g . .
Q . -
o
T T T T
2014 2015 2016 2017 2018 2019 2020
Year
Panel CC1: GO6F
z
g
a
%
&
o
w
- T T T T
2014 2015 2016 2017 2018 2019 2020
Year
Panel DD1: GO6F Cited
HIGH Gll EU
[ Synihetic Control Group
2 @A
g -- ———
a
B
E
2
&
o T
@ 4
T T T T
2014 2015 2016 2017 2018 2019 2020
Year
Panel EE1: Publications
HIGH GIl EU
Synthetic Control Group
w
3
o
w
T T T T
2014 2015 2018 2017 2018 2019 2020
Year

GOSN Patents

GO6N Cited By Patents

Panel AA2: GO6N

2020

LOW Gl EU
& 4 Syninetic Control Group
.
a .
.
.,
P
.
,
= -,
2 s
-7 -7
o J -
T f T T
2014 2015 2016 2017 2018 2019 2020
Year
Panel BB2: GO6N Cited By
~
LOW GI EV
Synthetic Contral Group
o
5
“
o P
= .
.
-
P
.
o .
S [ PR, .
R et
) T T T T
2014 2015 2016 2017 2018 2019 2020
Year
Panel CC2: GO6F
<
- = LOW GIlEV
o~ == Synihetic Control Group
g
2
g
&
w
&
(v}
o~ -
= T T T T T
204 2015 2018 2017 2018 2019 2020
Year
Panel DD2: GO6F Cited
-
LOW Gl EU
Syninetic Control Group
o
2
£
]
T
.
]
2
@ -
= T
2014 2015 2016 2017 2018 2019
Year
Panel EE2: Publications
LOW GIl EU
Syntnetic Control Group
2
&
2
2
g
&
T T T T

2014

AGUR®B: SCMPLOTHYPOTHESBE2 PARTL

2020

41



Emily Desmet Jun. 23, 25 Master Thesis, Economics
Panel FF1: Top Cited Publications Panel FF2: Top Cited Publications
°
- oW GilEU
j Syinetx Gontrl Group SRRl S o
o : -t
e
2 g
g o 3 P
a0 -4
% g 3
e I
= o
S
°
= ; : > s T T T T
2014 2015 2016 2017 2018 2010 2020 2014 2015 2016 2017 2018 2019 2020
Year Year
Panel GG1: Outgoing Al Flow Panel GG2: Outgoing Al Flow
8 — LOWGIEU
— wmf«l EC”O"W - Q4 = = Synthetic Control Group
e 4
.
: 2 = L § /
= Rt . 2 N xos
z 8 8 . > N g
e Se e < S
g o N % pe
3 s
e
e
]
T T T T @ T T T T
2014 2015 2016 2017 2018 2019 2020 2014 2015 2016 2017 2018 2019 2020
Year Year
Panel HH1: Incoming Al Panel HH2: Incoming Al
= LOWGIHEU
g - = = Synthetic Control Group
= E
2 2
£ €
8 S
g £
T T T T T T T T
2014 2015 2016 2017 2018 2019 2020 2014 2015 2016 2017 2018 2019 2020
Year Year
Panel lI1: Al Startups Panel lI2: Al Startups
° o
. HIGH G EU ° LOW GIl EU
Synthetic Control Group Synthetic Control Group
® | < Jd
e =]
g a g o
€ o g 3
k4 ]
z 2
< € o |
g Q 9
; -
o EESTER——
b= T T T T
2014 2015 2016 2017 2018 2019 2020 2014 2015 2016 2017 2018 2019 2020
Year Year
Panel J/1: Data Startups n Panel JI2: Data Startups
N HIGH GIl EU “ LOW GIl EU
Synthetic Control Group Synthetic Control Group
g -
o 4
-
i § 37
s b
= < |
g §s N
< < P N
o Ay
g ¢ g AN
P
- ” ‘ \\
o 7 - ’ \‘
B e L M
° T T T T s T T 7 T
2014 2015 2016 2017 2018 2019 2020 2014 2015 2016 2017 2018 2019 2020
Year Year

RGUrRY: SCMPLOTHYPOTHESBA PART2

42



Emily Desmet Jun. 23, 25 Master Thesis, Economics

Panes AA of Figure6 shows how the GO6N patents have evolvedidfoth EUgroups The
high GII group matches well p@DPRwvith the counterfactuabnd shows digher increase than
the counterfactual for 2018 and 2019, but they are the same value ag&026. Thelow GlI
group starts atzero andalmost does not evolve over tim&or manek BB, thehigh GlI group in
BB1 has a good pi®DPR fit with the counterfactual and shows a widening gap with it after 2018.
As there are almost no GO6N patents in the low GII group, there are also almost no citations
before and afterthe GDPRPanes CC showsthe evolution of the GO6F patentsThere isa
relatively goodfit for both groupsand synthetic control beforéhe GDPRBoth groups diverge
from their counterfactual after 2018, with the high GIlI group flatlining and the low GIlI group
declining, while both counterfactuals riseor the GO6F cited by patentspanek DD, there is a
pronounced decline for the high group aftéhe GDPR While not well matchedwith the
counterfactual preGDPRthere isa similar flat trend for thelow groupand the counterfactual,
pre-GDPR, and afterwardthere is an increase in 2020 for the counterfactual, while tieated
group declines furtherThe evolution of publications in panslEE showsa good fit with the
synthetic controls presDPRBoth groups fall behind their counterfactual from 2018 onwards,
but this effect is bigger for the low GIlI group. Panels FF showotheited publications. Both
panels have a good pt@DPR fit with the counterfactuals. There is no effect for the low GlI group,
but the high Gl group dodall behind the control from 2018 onwardBor the outgoing Al flow
in panels G@here is a relativelgoodpre-GDPR fit for both groups and the counterfactual. Both
groups also experience a similar effect and divergerma their counterfactual, yet the high Gll
group decreases in 2020, falling below the counterfactual, while the low GIl group keeps
increasingFor the incoming Al flown 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 counterfactigaln Figure7, panek 1l showthe VCinvested in Al startups
The high GII group keeps increasing steadily after 2018, not experiencing the volatility of the
control. There is no investment in Al startups befahe GDPR for the low GII groufhe
counterfactual experiences a very small increase after 20h8e thelow Gll group does noEor

the data startups inpanel JJ there is no good pr&DPHit between both groupsand thar
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counterfactual For thelow group there is almost no investmenand for the high group, it is very

volatile.
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Pane$ KKin FigureB shows theinvestment in digital securitylhere is aelativelygood fit
pre-GDPR for both groups and thewunterfactuals especially the lowGligroup falls behind to
its counterfactuakfter 2018 TheVCinvestment in finance in pangLLshows again a good fit
for both groups and the counterfactual$he high group decreases at firsidil8 butincreases
strongly afterwards. fie low group falls behind to its counterfactual aftdére GDPRyet the
control is very volatileForthe VC in Ain healthcarein panel LLthere isa goodfit pre-GDPR for
both groups and the counterfactuals. The high GllI experienoesaease but in 2020 the
control increases more. Thew group experienceadivergenceo its counterfactual, as the latter
increased moreFor the VC investment iAl for agriculture, in panslMM, there is a good pre
GDPR fit with the contrelBoth groups fall behind the counterfactuals after 20TBeevolution
of VC inconstructing in paneDOis only showingthe high group, because for each ygtire low
group investment remains at zero, making it unfit to analyize= investment has a volatile nature,
but for 20192020, the values for the group and the control are relatively the sdiheevolution
of R&D in Figure9 showsthe financesectorin Panels PPwith a relatively good fit with the
synthetic controls for both groupghehigh GIlI groupiesslightly above the control after 2018
but the low groupfalls behind the counterfactual afte2018. For the R&Dnvestmentin the
pharmaceutical sectgiin panes QQ, there is a good fit for both groups and the counterfactuals
pre-GDPR. There #&spositiveeffect for the low group, while the high group does fall behind its
counterfactuala bitafter 2018.In panes RR the evolution of RD in healthcare is showihere
is arelatively good pre-GDPR fit for the counterfactuals and the groupbe high groupsall
behind the counterfactual fron2018 yetclosing the gap agaiovertime. The low group stays a
bit above the counterfactual dirst andisthenagain at the level of the counterfactual, so showing
no effect.For the RD in constructingghown in paneES there isa goodpre-GDPR fitThe high

group falls behind its counterfactutbm 2018 while the low group almost does not.
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TABLEL2: SCMIREATMENEFFECTRYPOTHESER PARTL

Dependent variabla:
GDER
{Treatment Effect)
GI = 50 GII<30 A= 6683 AT <6683
GOEN 0374 9568 0.279 9996
(0.063) {0.054) (0.008) (0.006)
GOEN cited -1.668 0636 1170 0799
(0229 (0.099) (0.012) (0.001)
GOEF 3154 3306+ -2.948+ 4.504%
(0.002) (1.000) (0.434) (0.495)
GOEF cited _1.629%+s -1.105 1155+ 1538
(28.160) (0.100) (1.017) (0.105)
Publications 0714 -3.106 -1.096 2127+
(0.242) (0.115) (0.236) (3.00%)
Top Publications -0.52% -0.004 -0.059 0.078
(0211) (0.018) (0.027) (0.014)
AT startups -0.002 0.018%+# 0.013 0.000
(0.002) (44.390) (0.004) (0.004)
Data startups -0.150 -0.125 0111 -0.101
(0.001) (0.025) (0.008) (0.072)
Outzoing Al flow 2.954%+s 52465+ 13435+ 10.533%%=
(7.948) (4.160) (2.495) (18.189)
. 0.620 -1.137 1.734% 0.173+%
Incoming Al flow (0.106) (0.014) (0.5313 (0.584)

Noze:

Treatment gffscts estimated using the Syntheric Conrrol Method fdbadie st al, 2010).
FPre-treatment period: 2014-2017; Post-treatment peripd: 2013-2020.

Treatment gffect is avevaged over the post-treatment period

Values in bracksiz represent the normalized MSPE ratio

FPovalues derived from placebo diztvibution acvoss donor poel units.

T p=0.01

Table12 presents the estimated treatment effects of the GDPR, distinguishing between
high and low innovation environmentnd Al readinessor the GO6N patentshe GDPR is

associated with a strong negative effecttime low Gl and low Adgroup, though not significant.
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There isa minor positive effect for the high Gll and Al group. For GO6N citations, all coefficients
are negative yet not significant. GO6F patents are all negative and significant at thdel@do
only the high GII group is not significant. GO6F cited by patenthakswegative coefficients for

all groups, but thg are significant as well for the high GIl and Al gro&pshlications also have a
negative effect for all groups, yet only highly significant for the low Al group.tdpreited
publications show nagignificanteffect across the groups. The investment in Al startups shows no
effect,exceptfor a highly significant positive effect®018 inthe low GlI group. The data startups
show almost consistent negativenonsignificanteffects across all groups. There ashighly
significant and positive increase in outgoing Al knowledge flow #feesGDPR for all groups, with
the effect having higher coefficients of 5.246 and 10.533, for the low GII angrop,
respectively. Incoming Al flow has significanteffects in the Gll splgroup butshowsa positive

and significant effect for both high and low Al groups at the 10%.level
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TABLEL3: SCMIREATMENEFFECTRYPOTHESER PART2

Dependent variabla:

GDFR.
{Treatment Effect)
GII = 30 G =30 Al> 6.683 A= 6683
VC Al Digital Security 0.098 0.182% 004 %+ 0.082
(0.286) (2.980) (10.006) (0.102)
VC AI Finance 0.378 1258 0127 1323
(0.287) (2273) (0.301) (1.454)
VC Al Healtheare 0716 0519+ 0378 0805+
(0.186) (2.742) (0.244) (0.841)
VC AT Agriculturs 0.073# 0,049 %+ -0.066+ 0046+
(2.796) (12.336) (0.328) (0.719)
VC AI Constructing 0.064 - 0.043 -
(0.715) (0.724)
D Finance 1416 -1.96] 4 1.576%+% 06128+
(0.372) (4.803) (3.362) (13.779)
RD Pharma 2,882 1 475%%s 1.914 3.143
(0.174) (24.046) (0.073) (0.746)
RD Healthears 0113 0.078 -0.085 0157
(0.607T) (0.022) (0.043) (0.043)
. -1.33]%42 -0.168 .83 5#es 0393
RD Constructing (34.708) (0.429) [83.984) (0.832)

Note:

Treatment effects estimared using the Syntheric Conrrol Method (Abadie st al., 2010).
Pre-treatment peried: 2014-2017; Post-treatment period: 2015-2020.

Treatment gffect i avevaged over the post-treatment period

Values in brackstz reprecent the normalized MSEFE ratio

Povalues derived from placebo dizsivibution across donor poel units.

e T p=0L01

Table13 shows that ér VC investments in Al in digital security, there is a minor positive
effect, yet notsignificanteffect for the high Gl group, and a negatsignificanteffect for the low
Gll group. Followinghere is a highhsignificantyet little negative effect for the high Al group,
and a negativenot significanteffect for the low Al groupior the VC iAlin the finance sector,

there is nosignificanteffect for allgroups yet thecoefficientsize is bigger and negative for both

49



Emily Desmet Jun. 23, 25 Master Thesis, Economics

low GIlI and low Al groups. For VQAIN the healthcare sectothere is a negative effect for all
groups but it is also highly significant for both low groups. The coefficients for \ATimthe
agriculture sector are small but significant and negativeere are naignificanteffects for VC in

Al in constructing, yet the coefficiemare positive. For R&Ihvestmentin finance, there is
increased R&D spending in both high GIl and high Al groups, with the high Al group also being
highly significant. In both low groups, the effect is negative and highly signifitantR&D in
pharmaceuticals, the effects are mixed, with only a highly significant and positive effect in the low
Gll group. Tére areno significantresults estimated for the R&D in healthcafénally,R&D in
construction shows a negative effect for all groups, which is hgjghificantas well in the high

Gll and high Adroups
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Panes AAof Figurel0shows how the506N patents have evolved footh EU groupsThe
high G®Vgroup matches well prSDPR with the counterfactual and shows a higher increase than
the counterfactual for 2018 and 2019he low GOV group did not match well with the
counterfactual, but comparing trends, there is a decrease after 2@bde the counterfactual
keeps increasing-or mnek BB, thehigh GOV group in BB1 has a good p@&DPR fit with the
counterfactual and shows a widenimggativegap with it after 2018 There are also almost no
citations before and aftethe GDPRor the low GOV grouPanels CC showe evolutionof the
GO6F patentsThere isa good match betweenthe high GOV groupnd the synthetic control
before the GDPRThecontrol remainsalmost at the same level over time, while the high GOV
group increasd, decreasd, and increasd again.Thelow GOV group did not match well with the
counterfactual, but comparing trends, thevgasa decrease after 2018vhile the counterfactual
keepsincreasingFor the GO6F cited by patentspanels DDthe pattern follows the GO6F patent
movement for the high GOV and the low GOV gmijmeevolutionof publications in panslEE
showsa good fit with the synthetic controls pt@DPRThe high GOV groups either incredse
kept up with the synthetic control, while the logroups €ll behind their counterfactual from
2018 onwards. Panels FF show tbp-cited publications. Both panels have a good {B3&PR fit
with the counterfactuals. There is no effect for the low GII group, but the high GllI giddalld
behind the control from 2018 onwardBor the outgoing Al flow panels GGhere is a relatively
goodpre-GDPR fit for both groups and the counterfactual. Both groupseadgeriencedh similar
effect and divergence from their counterfactsalet the high @V groups decreasgin 2019
while the low GII group kg increasingFor the incoming Al flovin panels HH, there is a good fit
with the synthetic controls. Both groupawan increase higher than their counterfactual in 2018,
but a decrease afterwards, creating a gap with the counterfactyat the high GOV group
increases again in 2020, above the counterfactual, while the low group remains beRandls
Il of Figure 1 shows theVCinvested in Al startupsThe high GVgroup ket increasing steadily
after 2018, not experiencing the volatility of the control. There is no investment in Al startups
before GDPR for the loBOV groupand thecounterfactua) there is an increase from 2018 for

the low GOV group, while the counterfactual remains at z&arthe data startups irpanel JJ,
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there is no good pr&DPRit betweenboth groupsand thar counterfactual For the low group,

there is almost no investment, and for the high group, it is very volatile.
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Panels KK in Figut® showshe investment in digital securityThere is a relatively good
fit pre-GDPR for both groups and thewmunterfactuals especially the low GOV grouglfoehind
to its counterfactual after 2018TheVCinvestment in finance in paneLLshows again a good

fit for both groups and the counterfactuals. The high gralgcreasedat first in 2018 but
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increasa strongly afterwards. The low grouglfbehind its counterfactual aftethe GDPRo
almost zeroForthe VC in Al healthcaiia panel LLthere isagood fit preGDPR for both groups
and the counterfactuals. The highO& experiencel an increase, but in 202ahe control
increas& more. The low group experienda divergencefrom its counterfactual, as the latter
increased moreFor the VC investment iAl for agriculture, in panal MM, there is a good pre
GDPR fiwith the controls. Both group%ll behind the counterfactuals after 2018. Taeolution

of VC in constructing in pan®Ois only showingthe high group, because for each ygtire low
group investment remains at zero, making it unfit to analyze. The investment has a volatile nature,
but for 20192020, the values for the group and the control are relatively the sdiheevolution

of R&D in finance inPanels PBf Figure B showsa relativelygoodfit with the synthetic controls
for both groups. The high GlI grolips slightly above the control after 2018, but the low group
fell behind the counterfactual after 201&or the R&Dnvestmentin the pharmaceutical sectpr
in panels QQhereis a good fit fothe high GO\group and the counterfactuapre-GDPRThere

is an increasen 2018,a decrease in 2019nd an increase again in 2020 compared to the
counterfactual. The low GOV group stdtbelow its counterfactual pré&SDPR butoseabove it
after 2018 In panet RRthe evolution of R.D in healthcare is showiThere is a relativelgood
pre-GDPR fit for the counterfactuals and the groups. The high groalbsbéhind the
counterfactual from 2018. The low group séaha bit above the counterfactual ditst andisthen
again at the level of the counterfactual, so showing no efféot.the R.D in constructinghown

in panel SShere is a good pr&DPR fit. The high grougifbehind its counterfactual from 2018,
while the low grouponly did so in 2020.
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TABLEL4: SCMIREATMENEFFECTRYPOTHESBB PARTL

Dependent variabla:
GDPR
{Treatment Effect)

GOV =75 GOV= 73 High Strict Low Strict
GOEM 1.312 -1.613 0565 -0.192
(0.091) (0006} (0.014) (0007
GO&N citad -1.278 -0.51% -0.423 00592
(0.037) (0001} (0.001) (0001
GOEF 12.103%#= -9.134 -1 7RE#H -19.081
(184800 (0162} (6.616) (01207
GO&F cited 1.965%+% -1.302 -1.110 -1.233
(104 881} (0.071) (0261 (0.188)
Publications 0.564 -2.50g% -2.125% -0.83%
(0.243) (B.390) 2721 (0.304)
Top Publications -[.347%*= 0000 -0.036 0,040
(793.512) (00013 (0.023) (0.015)
AT startups -0.002 0.0]1 9%+ 0038 0,158
(0.002) (5T.286) (3311 (0.003)
Data startups -0.151 -0.12% -0.098 -0.022
(0.006) (0029} (0.030% (00443

Chutgomg Al flow 26 34 3% 3245wk T 1T0#* -1.EG] ==
(63.88T) (1.684) (42.113) (3.344)
Incoming Al flow 13100 -1.288 -0 140 -3.747
(4.225) (0010} (0.027) (0.023)

Note:

Treatment gffects estimared using the Syrthetic Control Method (Abadie st al., 2010).
Dre-treatment period: 2014-2017; Posi-treatment peried: 2015-2020.

Treatment gffect iz averaged over the posi-trearment period

Values in bracketz represent the normalized MSPE ratia

Povaluer derived from placebo distribution across donor pool units.

o p=0.01

Master Thesis, Economics

Table ¥ presents the estimated treatment effects of the GDPR, distinguishing between
high and lowgovernanceenvironments andmpliedstrictnessof the GDPRFor the GO6N patents,
GDPR is associated with a negative effect in the |@V &nd lowstrictnessgroup, though not

significant. For GO6N citations, all coefficients are negative, yet not significant. GO6F patents are
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negatiwe, exceptfor the highly significant and big positive effect for the high GOV gréQeF
cited by patents alshasnegative coefficients for all groups, but thegh GOV grouwhich has a
highlysignificantpositive coefficient Publications also have a negative effect for all grobps,
the high GOV group. The low GOV and the hi@TrRICTgroup have negativesignificant
coefficients Thetop-cited publications shova highlysignificantnegative effect for the high GOV
group, andno significanteffect for the other groups. The investment in Al startups shows no
effect, exceptfor a highly significant positive effect 6018 inthe low GOV group. The data
startupsshownegative nonsignificanteffects across all groups. There is a highly significant and
positive increase in outgoing Al knowledge flow aftex GDPR foboth GOV groups, with a very
high coefficient of 26.343 in the high GOV group. There is also a kighlficantpositive effect

in the highSTRICg@roup,but a highly significant negative effect in the I8#RICdroup. Incoming

Al flowis only positive angignificantfor the high GOV group and negative yet sainificant

across the other groups.
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TABLELS: SCMIREATMENEFFECTRYPOTHESBB PART2

Deapendent variable:
GDPE
(Treatment Effact)
GOVz=T3 GOV =75 High Strict Low strict

VC Al Dizital Security 0.099 0,185+ -0.047 -0.025

(0.345) (1.832) (3.911) (4.153)
VC Al Finance 0253 -1230 0.691 -1.290

(0.278) (0.230) (0.331) (2.681)
VC Al Healtheare 0683 0.502% 0.632% 0.742%

(0.188) (4.389) (1.148) (2.649)
VC AI Agricultura -0.050 0.049%+s 0048 0.051%

(0.054) (6269 (0.062) (1.194)
VC AI Constructing 0.061 - 0.031 -

(0.716) (0.397)
ED Finance 1.167 2.010%+# 0.654 4399

(0.372) (4.346) (0.688) (1.360)
ED Pharma 41.139 1287 0.376 B.200

(0.174) (0.007) (0.635) (0.697)
RD Healtheare 0120 0.101 0.494%+2 0.168

(0.923) (0.023) (1.995) (0.076)

. -1.233%4s 0.190%+= -0.931%+= 0.184%+=

ED Constructing (58.852) (84.510) (42.288) {12311}

Noze:

Trsatment gffscts estimated uszing the Syrthetic Contvel Method (dbadie st al, 2010).
Fre-traatment period: 2014-2017; Post-treatment peripd: 2013-2020,

Treatment gffsct i avsraged over the posi-trearment period

Values in bracketz represent the normalized MSPE ratio

Fovalues derived from placebo dizstvibution acvors donor poel units.

T p=0.01

Table 15 shows that ér VC investments in Al in digital security, there is a minor positive
effect, yet notsignificanteffect for the high @Vgroup, and aignificant negativeffect for the
low QOVgroup. Theon strictnessdivided groups are both negative and not significdrdr the VC
in Alin the finance sector, there is maignificanteffect for allgroups yet the coefficientsare

positive in both the high GOV ai®TRICgroupsand negative in the otherdzor VC irAlin the
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healthcare sectqrthere is a negative effect for ajfoups but it is also highly significant for both
low groups. The coefficients for VC ihiithe agriculture sector arellanegative andsmall but
significantfor the low GOV and the Io®TRICdroup. There are no significant effects for VC in Al
in constructing, yet theoefficiensare positive For R&D investment in finanaenly the low GOV
group has a highlgignificantnegative effect the others have a positive yet not significant
coefficient.For R&D in pharmaceuticals, tkeefficients areall positive but not significantThe
R&D in healthcareoefficients are negative for the high GOV &¥RICgroups, and for the latter
also highly significanfThey are positive and natignificantfor the low GOV an&TRICgroup.

Finally,R&D in construction shows a negateed highly significargffect for all groups
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5 Discussion

5.1 Results

The objective of this paper is to assess the impath®fGDPR on Al innovation in the EU.
This was done by first looking at panel data regression moéElswed byan SCM.The SCM
plots are very informative athey 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, shdikted, or persistent. Together with the calculated
treatment effect, this provides a comprehensive view of ghessibleimpact of the GDPR.
However, for several outcomethe pre-treatment fit was suboptimal whichcompromiseghe
validity of the findings. As sugthe followingfindingsshould be interpreted as indicains and/or
associations rather @n definitive causal effects.

For hypothesis 1, the results show thatpothesis A is rejected as the number glatent
applications and the citations did not go down significartlypothesis 1lis rejected as well, as
there is not much of a decreageVC investmenin Aland data startupsThis is in contrast to the
observation of Jia et al. (20RIYet Winecoff & Watkins (2022) found thatartupscould benefit
because thewlign themselves with the regulatidrom the start of their busines$o, the results
found in this analysisnay reflect the simultaneous influence of these two opposing forces,
ultimately offsetting each other and leading to no observable effect. There was noidirect
determined beforehand for hypothesig,lyet the numbeiof Alrelated publicationsdid go down
significantly supporting the finding oKezadaravarez et al. (2022)owever, the number oftop-
cited publications did notdecrease Hypothesisld is also notsupported as the outgoing Al
knowledgeflow increased significantly aft&018.This means thathere is no indication thathe
GDPRaffectedthe amount of knowledge going out of the Elhe incoming Al has no significant
effect, which means that there ialso no visible discouragement from foreign partners to send
knowledgeinto the EU, as was expected by Gui et al. 2018

Hypothesis?2asuggested thathe GDPR has a stronger negative effect on Al innovation in
high Atreliant sectors than in low Akliant sectors Thefindings are interesting, as the VC in Al

has been negative for all sectors, yet only significantly so for the agriculture sediah is
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classified as not Akliant. From the plots on tls, it is actuallyvisiblethat the negative effecis
clearlyvisiblein 2018 for all sectors, but for agricultyréne effect remainsvisiblelater on. For

the regular R&Dnvestment, itshowed that there was a positiveut not significant effect in the
finance, pharmaceuticaland healthcare sector, and a negativeignificant effect for the
constructionsector.AlthoughR&D did not decrease for the-Adliant sectors, ltese results are
supportive of the findings dsoodman & Flaxmaf2017) which suggested thatompaniesnight

be discouragedrom usingmore Al due tothe GDPRThe 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, budn increase in investment for the counterfactual, resulting in the EU
lagging behind. Hypothesis 2b suggested a positive effect on Adriven innovation in
cybersecurity However,this hypothesis is not supportean the contrary there is a significant
decrease for this sectoFrom the plotit is visiblethat the control countries saw a big increase in
2019, hence why the effect isignificantly negativebut also they came dowagainin 202Q Still,
there was no increase imvestmentfor the EU and this unexpectedresult might also suggest
that the increased compliance cosend uncertainty hindered this developmentor the
cybersecurity firmgGinart et al., 2019; Wallace & Castro, 2018)

Hypothesis3a stated that he impact ofthe GDPR on Al innovation varies across EU
member states depending on their technological capabilifidss hypothesis is not rejected, as
there are visible differences in the results betwdmth groups supporting the idea oBughin et
al. (2018 andYan & Liy2024) The GO6N patenisvhile having a positiveoefficientin the high
technologicalcapacity grouphavea negativeeffect in the lowone. GO6F patents did go down
significantlyfor the low technologicatapacity groupbut also for the group with high capabilities.
Publications also went down mosggnificantlyin the low group. Also,for the VC in Al in finance
and healthcarethis is the case. There was evesignificantdecrease irR&D infinancefor the
low capability groupThe R&D in construction,however,went down significantly in the high
group. Hypothesis 3bwhich suggested thathe impact ofthe GDPR on Al innovatianay vary
based on the institutional framework otriter enforcement ofthe GDPRhas mixed results
Almost all variables are (significantly) more negative for the low governance group than for the

high governance group. This is in line wablpayegani et a[2022) but also probable because
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countries with higher governance also have more capabiliMgreover, it could also be that
especially in those Western European countries with high capabilities and governance, the drive
for Al is so high that it outweighs the negative effects that come thit GDPRCath et al., 2017;
Woszczyna & Mania, 2023)he claim thathe GDPR might have a bigger effect in countties
enforce the rule higher, is not supporteas there are very mixed results between the variables
when a split is madbased on enforcement leveletween those countriesThis is likely because

the enforcementbased groups are highly heterogeneous. As shown, splitting by technological
capabilities or governanckevel, does reveal significant effects. However, when grouped by
enforcement level, these countries become very mixed on these aspects. So, thimglerakes

it difficult to detect an effect based on enforcement alone.

5.2 Limitations

Next, it is important to address the limitations of this paper. Fadtmitation arises from
the availability of higlguality 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, esiallysectorleveldatawere not available for the control
countries, which could disrupt the analysis and matching of the SCM.

Additionally, Al innovation is a complex, multidimensional concept, and while this study
uses many variables, it will not fully capture the intangible forms of innovakist, the patents
and publcations variables used capturermal innovation activityNot every Al advancement is
patentedor published 0 informal innovation activities are not reflected in theseasures Not
every investment happerttiroughVVCas well yet it is not possibledtcapture this in quantitative
research.

Considering the statistical models, it must be kept in mind that models will always be a
simplification ofreality, and every model has their flaw@&hmueli, 2010)Especially causal
inference in golicy contextike the GDPR remains with its complexiti€ne of the assumptions
of the SCM modelised in this thesisthat there is a good préreatment fit between the treated
and the control group. While this was the case for most of the variahlatsall of them had a

good fit. The reasons for this most#temfrom the data availability across the control units. For
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instance, in the case of VC investment in Al in the agriculture sector, only two countries had
complete and reliablelata. 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 misattributionExtensive efforts were made to include additional donor
countries, such as Iceland and New Zealand, howehir was not possible due to the lack of
data.

Anotherassumption states that there should be no unobsertigte-varyingconfounders
that differently affect the treated and control grouppst-treatment. In reality it is difficult to
validate this as there areumerousfactorsthat might happen over time. However therefore an
SCM s also preferredver a differencein-difference modelas this at least includes multiple
countries, so if there is some interferendhe results will be less impactéébadie 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 thathbn
firms operating in the EU, adopted GDPR compliant practices actaggtedir markets, to keep
a uniform approachThis could imply that there are some treatment effects in the control, which
might bias the reglt, understating the true impact dhe GDPR.

Another limitation isthat other policies might have an impasimilar to theGDPR at the
same time, which could not be identified in this study. There might have been certain policies
implied in individual countries, which interferedth or supportedAl innovation as well, which
are not captured in this research. Another unfortunate everasthe COVIBLY pandemic in
2020.Becausehis was a worldwide happeninthe impact on the analysis isw, yet had COVID
not happenedthere might have been different results.

This aligns with anothefinal limitation of this research and that isthat innovation
outcomes often manifest over a longer time period, but the pmeaitment window is limited to
three yearsof the GDPRThis is partly due to data availability and the féett COVIDnterrupted

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 ofthe GDPRare. This thesis can not conle thatthe GDPR has caused negative
effects, only that certain negativeutcomesare associated with ifThe key policy implication is
the need for careful informed decisionmaking to ensire that the GDPR and other data
protection measures anot unintentionallyhinder (Al) innovation.Moreover, the EU has faced
criticism from researchers and politicians such as Adam Thierer and Alex Voss, thttihg
GDPRloes hinder innovationin the technological sector, it &ften saidthat the EU is severely
falling behind(Li et al., 2019; Shastri et al., 202D) the healthcare sector, therare concerns
raised abouthe GDPR hindering healthcare services and medical res€amitcalves-erreira et
al., 2019) An example of which is that during the CO\NIdDpandemicharvestng health data to
protect public health and address tipandemicwas very necessary, yet hindered thye GDPR
(Meszaros et al., 2022)

The EU is aware of this probleandthe first changemade is the Al AdRegulation (EU)
2024/1689) whichcameinto force on the first of August 2024, and will be fully applicable on the
second ofAugust2026.The Al Act is the firstver legal framework on Al, which addresses the
risks of AlwhilepositioningEurope to play a leading role globallyhe AlActsets out riskbased
rules for Al developers and deployers, thereby clearing up some of the ambiguous interpretations
that occurredunder the GDPR. Undethe GDPRmany Adrelated practices, especially those
involving automatediecisionmakingand data processing, fell into grey legal zones. Thi&cAl
addresses this by introducing a clearer classification of Al systems based d{Ewispean
Commission2024a)

The AlActis, however, not relaxingthe GDPRon the contrarythe EU strives for regulatory
complementarity that reinforces its digital sovereignty and fundamental rights agenda. For
example, Al systems that process personal data are still subjebet@DPR principlesuch as
data minimization, purpose limitation, transparency, and the right to erasamd the AIActwill
add additional obligations such as risk assessment and transparency requirements. This shows
that there will be a stacked regulatory regime, which may in,fiacrease complianceostsand

complex operations. Stilhe EU underscores how it wilbt undermine but foster innovation and
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has come up with support measures such as thda&dt, the Al Innovation Packagand Al
factories tohelpbusinesseadapt to theserules(EuropeanCommission2025a, 2024h)

However this new policy alsofaceslots of criticismalready Among othersa common
concern is that the dual layering with the GDPR anddfailsto provide a uniform framework
(Almada & Petit, 2025; Hacker, 202Byuropean tech companies and trade associations hise@
written their concerns aboutheir competitiveness in a letter to the European Commission
(European tech companies, 202#owever, 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 administrativermiahd increase
competitiveness. Further measures are still under negotiation following the 2025 Commission

Work Programme, published in February 2@EbropeanCommission2025b)

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. BSas developed byBrodersen et al. (2015)kould be usefyl
especially in cases like VC in Al 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 firm$lind et al(2024) havedone 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, becausefirm-level or investodlevel data could allow for more refined SCM
implementation and better matching for all outcomes. Moreover, using -fewel data on Al
innovation, R&Dor VC activity would provide deeper insights iheterogeneouseffects across
T A NSvzés{kgions,and sectorsThis sudy alsofocuses on sectelevel aitcomes, but fture
researchcould explore witm-sector heterogeneity mre. For examplein finarce, there might
be a difference in the effectsnotraditional banks and fintech firms.Invesigating such
heterogeneitycan also gi® more insights into howhe GDPRaffectsinnovaion across aors

within the same industryAdditionally, 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, whichhave for example, been done for a Portuguese software firnLbige et al.
(2022)

Next, as far as is knowthis study is the first to also loakt howthe GDPR has a different
AYLI OG RSLISYRAY3I 2y O2dzy GNAS&aQ (GSOKy2f23A0Ft (
factors have shown to make the impact differ substantially across EU member states, further
research should explore this heterogeneity more systematic@tig.SCM used in this studyso
did not allow fora continuousinteraction approach, bufurther studies could use different
methods to invesgate this. Recognizing such variation is crucial for the EU if it aims to design
tailored supportmeasures aneénsure that the burden of compliance and innovation does not fall
disproportionately on especially Eastern European countnésich have lower technological
capabilities and governance levels

Moreover, with the introduction of the Al 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 eggtime consequences, to
ensure that the EU remains competitive andll-positionedwithin the global digital economy.

Lastly the GDPR has inspired other countries such as Brazil and India to set up their own
strict data protection law$Corning, 2024; Gstrein & Zwitter, 2021 & Chen, 2024)It would be
interesting to compare the effectsf theselikewise policiesn different nationalcontexts,as they
would help identify common patterns as well as courgpecific challengesin the balance

between innovation and data protection.
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6 Conclusion

This thesis tried to answer tlgpiestionabout what effecthe GDPR has on Al innovatjon
such as Al patentpublicationsandVCinvestmentsn the EUAfter running severédCMmodels,
the resultssuggest thatthe GDPRs associated witha varied but often anegative yet not
significant effect on the outcomes. However, a key contribution of this study lies in highlighting
how the effect ofthe 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 afttie GDRvQ & A Yy (i, NURuR deSaarkh2sifould 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 fiewel data to get even more robust results. Looking ahead
the introduction of the Al Act and the revision the GDPR will require continued research to
monitor how these policies affect innovation across the different sectors and memlessss
to also ensure that future policy design can be evideddea SR G2 YIAYy Ol Ay

competitiveness in the global Al and digital landscape.
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Appendix

AppendixA : List of included topics in the publications variable

Artificial Intelligence in Healthcare and Education
BigData and Business Intelligence

Weed Control and Herbicide Applications
Explainable Artificial Intelligence (XAl
Radiomics and Machine Learning in Medical Imaging
Reproductive Physiology in Livestock
Albased Problem Solving and Planning

Al inService Interactions

Topic Modeling

Online Learning and Analytics

COVIBL9 diagnosis using Al

Al 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
loT and Edge/FoGomputing

Machine Learning in Healthcare
HumarAutomation Interaction and Safety
Advanced Breast Cancer Therapies

Network Security and Intrusion Detection
InsectPlant Interactions and Control
PrivacyPreserving Technologies in Data
Advanced\eural Network Applications
Colorectal Cancer Screening and Detection
Machine Learning in Materials Science
Teaching and Learning Programming
Computability, Logic, Al 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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DigitalMental Health Interventions

Anomaly Detection Techniques and Applications
Law, Al, and Intellectual Property

Cardiac Imaging and Diagnostics

Software Engineering Research

Neural dynamics and brain function

Natural Language Processihgchniques

Logic, Reasoning, and Knowledge

Semantic Web and Ontologies

Multimodal Machine Learning Applications

ECG Monitoring and Analysis

Artificial Intelligence in Law

Impact of Al and Big Data on Business and Society
Smart Agriculture and Al

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 Optimizatidechniques
Turfgrass Adaptation and Management
Multi-Agent Systems and Negotiation

Insect Pest Control Strategies

Stock Market Forecasting Methods

BIM and Construction Integration

EEG and Brai@omputer Interfaces

Simulation Techniques ambplications

Prostate Cancer Treatment and Research
Insect and Pesticide Research

Cell Image Analysis Techniques

Innovative HumasTechnology 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 amiagnostics

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 aiekfect 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 andehabilitation

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 an@yberbullying Detection
Cardiovascular Health and Disease Prevention
Evolutionary Algorithms and Applications

Cloud Computing and Resource Management
Occupational Health and Safety Research
Neuroethics, Human Enhancement, Biomedinabvations
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
GenerativeAdversarial Networks and Image Synthesis
Breast Cancer Treatment Studies

Diabetes, Cardiovascular Risks, and Lipoproteins
ContextAware Activity Recognition Systems
Distributed and Parallel Computing Systems
Prostate Cancer Diagnosis aheatment
Information and Cyber Security

Protein Structure and Dynamics

Data Visualization and Analytics

Traffic Prediction and Management Techniques
Al 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 affitktraterrestrial Life
Lipoproteins and Cardiovascular Health
Advanced Xay 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
ComputationaPhysics 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
AdvancedWireless Communication Technologies
Peanut Plant Research Studies

Suicide and Selarm Studies

Health, Environment, Cognitive Aging
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Obesity, Physical Activity, Diet

Food Security and Health in Diverse Populations
Modular Robots and Swarintelligence
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
SARE0V2 and COVH29 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
QoSAware Web Services Composition and Semavisitching
3D Surveying and Cultural Heritage
Entomopathogenic Microorganisms in Pest Control
Hydrological Forecasting Using Al

COVIBL9 epidemiological studies,

Privacy, Security, and Data Protection

Music and Audid’rocessing

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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AppendixB: Definition of the digital security sector

Thedigital security sector for VC investments infldim the Preqin databasescludes various

cybersecurity tools and technologi€ghis includes:

1.
2.

o g M W

Nextgeneration cybersecurity tools to combat sophisticated hacking attacks

Machine learning applications for identifying patterns in malicious behavior and
detecting potential threats

Phishing simulation tools that address the human behavior factor in cybersecurity
Advanced encryption technologies
Firewalls and mulfactor authentication systems

Continuous monitoring solutions to defend against unauthorized access
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Appendix C: Full panel regressions

GO6N panel TOP GO6N panel
Dependent variable: Dependent variable:
GO6N TOPGO6N
(1) (2) (3) ) (3) &) 2) (3) (€]
GDPR 22510 -13.225 -13.504 -13.195 -12.441 GDPR -0.738 -0.371 -0.366 -0.265
(18.671) (13.267) (13.084) (15.610) (15.752) (0.788) (0.622) (0.624) (0.788)
GDP 0.00002°** 000002  0.00002°* 000002  GDP 0-00000"** 0-00000** 0.00000™
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000) (0.00000) (0.00000)
Inflation 2,990 2956 3.832 Inflation -0.077 -0.165
(1.901) 2.121) (2.552) (0.090) (0.123)
Unemployment 0.115 0.458 Unemployment 0.026
(3.111) (3.178) (0.179)
Education -0.387 Education 0.032
(0.619) (0.031)
Observations 70 70 70 70 70 Observations 70 70 70 70
R2 0.027 0522 0.544 0.544 0.548 R? 0.018 0.408 0.417 0.433
Adjusted R? -0.267 0.366 0384 0.371 0363 Adjusted R? -0295 0202 0.197 0182
F Statistic 1.453 (df = 28.419*** (df = 20.308""* (df = 14.933** (df = 11.879" (df =  F Statistic 0'8774%& = 15’827:;)(“: = mﬂj:;fdf: ¥ 6'563223()“: >
1; 53) 2:52) 3:51) 4: 50) 5:49)
Note: *p*p*"p<0.01 Note: p ™ p<0.01
GOG6F panel TOP GO6F panel
Dependent variable: Dependent variable:
GO6F TOP GO6F
1 @ 3 (€Y ) (D (2) 3 (4)
GDPR -15.171 -13.642 -13.709 -21.865 -23.783 GDPR 0593 0241 0260 0.208
(18.384) (18.511) (18.681) (22.181) (22.186) (0.970) (0.859) (0.817) (1.024)
GDP 0.00000 0.00000 0.00000 0.00000 GDP ~0.00000°" -0.00000° -0.00000°"
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000) (0.00000) (0.00000)
Inflation 0.727 1612 -0.613 Inflation _0.285% -0.149
(2.714) (3.014) (3.595) (0.118) (0.160)
Unemployment -3.053 -3.923 Unemployment 0.001
(4.421) (4.475) (0.233)
Education 0.984 Education -0.054
(0.872) (0.040)
Observations 70 70 70 70 70 Observations 63 63 63 63
R 0.013 0.027 0.028 0.037 0.062 R? 0.008 0.248 0334 0362
Adjusted R2 -0.285 -0.291 -0.315 -0.329 -0.321 Adjusted R? -0.309 0.014 0.082 0.080
F Statistic 0.6815(3d)f 1; 0.?145(2d)f 2 0_4925(;1)1‘ 3; 0_4845%1)1" 4; 0_6444(;1)1‘ 5; F Statistic 0_3;:44(;1);;, 1, 7582 46()df, 2. 7520 45(de7 3. 4879 43()df7 5.
Note: PP p=0.01 Nore: PP p<0.01
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Al startups panel Data startups panel
Dependent variabls: Dependent variable:
Al startups Data_startups
)] (2) (3) ) (3) (1) (2) 3 @ &)
GDPR 0.175 0.192 -0.203 0.637 0.660 GDPR. 1114 1254 1303 0.028 0.094
(0.422) (0.429) (0.433) (0.509) (0.518) {1.065) {1.069) (1.068) (1.240) (1254)
GDP -0.00000 -0.00000 -0.00000 -0.00000 GDP _0.00000 L0.00000 _0.00000 _0.00000°
(0.00000)  (0.00000)  (0.00000)  (0.00000) (0.00000) (0.00000) (0.00000)  (0.00000)
Inflation 0.044 0.004 -0.001 Inflation £0.179 0321 0234
(0.069) (0.074) (0.094) (0.171) (0.180) (0.228)
Unemployment -0.163 -0.167 Unemployment 0488 0.500"
(0.103) (0.105) (0.251) (0.255)
Education 0.002 Education -0.032
(0.021) (0.051)
Observations 36 36 36 36 36 Observations 56 56 56 56 56
R? 0.004 0.007 0.018 0.080 0.080 R 0.026 0.056 0.081 0.164 0.173
Adjusted R -0.336 0365 0336 0332 0,368 Adjusted R 0307 0200 0,205 0210 0220
- 0172 (df=1; 0.145 (df=2; 0232 (df=3; 0824 (df=4: 0643 (If=7: _1 =9 1153 (df= 13- < (df= d- _s.
F Statistic 4f1] 4(0 J 3{9 } 3{3 | 3( ] F Statistic 1_0964(1d)i‘ 1; 1.176 dj}c;f 2 1.1_:33:;1r 3 1.&6;3(93f 4 1.5483(%1r 5
Note: o™ p=0.01 Note: op e 01
Publications Panel Top Publications Panel
Dependent variable: Dependent variable:
Publications TOPPUB
(6] @ (€)) @ (©) w 2) @) () (5)
GDPR -1.601 -1.601 -1.725 -0.501 -0.509 GDPR 0204 0294 0312 -0.248 -0.240
(2.470) (2.470) (2.460) (2.917) (2.955) (0.316) (0.316) (0.312) (0.372) (0.376)
GDP -0.00000 -0.00000 -0.00000 GDP -0.00000 -0.00000 -0.00000
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000) (0.00000)
Inflation -0.548 -0.681" -0.650 Inflation -0.082* -0.089* -0.080
(0357) (0.396) (0.479) (0.045) (0.050) (0.061)
Unemployment 0.458 0.455 Unemployment 0.024 0.027
(0.581) (0.596) (0.074) (0.076)
Education 0.004 Education -0.004
(0.116) (0.015)
Observations 70 70 70 70 70 Observations 70 70 70 70 70
R 0.008 0.008 0.061 0.073 0.073 R2 0.016 0.016 0.088 0.090 0.091
Adjusted R? 0292 0292 0270 0279 0.305 Adjusted R 0281 0281 -0.234 -0.256 -0.280
F Statistic 0_4205%1?:1; 0_4205(;;1":1; 1_1135(1&)f=3,- 0_9345(0‘1)1?:4,- 0.7724gf=5,- F Statistic 0_36?5(3<1)f:1; 0_35?5(3<1)f:1; 1_6395(1d)f:3,' 1_2345(0‘1;:4,- 0.9324(;1)&5;
Nate: PUPp0.0l  Note: P p=0.01

90



Emily Desmet Jun. 23, 25 Master Thesis, Economics
Outzoing Al Panel Incoming AT Panel
Dependent variable: Dependent variable:
Cutgoing_AT Incoming_AT
(L (2} ) () (3) (1) ] 3} (4} (5}
GDER. -3.313 -11.900 -12.720 14.870 12.286 GDER 6617 7407 7,680 8461 2411
(34.50%) (34.678) (33.847) (40.1713 (40.063) (12.563) (12.718) (12.344) (14.211) (15.107)
Goe -0.00001 -0.00001 -0.00001 -0.003001 GDE -0.00000 -0.00000 -0.00000 -0.00000
(000001} (0.00001} (0.00001) (0.00001} (0.00000) (0.00000) {0.00000] {0.00000)
Inflation £.376° -12.2047 -14.6057 Inflation -3.601° 3.610° -1.520
(3.163) (3.630) (5.608) [1E54) (2.000) (2.326)
Unemploynoant o128 8.750 Unemploymant 0282 -0.256
(2.028) (B.08E) (2.984) (3.050)
Education 1.240 Education 0034
[1.364) (05007
Ohszarvations 63 £3 63 £3 63 [ e —— & = 5= 5 5
E 0.0m 0.023 0.080 011 0.149 R’ 0.006 D014 0.091 0.091 0.091
Adjusted B? -0318 hle 024 03T . _{;2-2;? ) Adjusted B 311 -0.330 -0.252 -0.281 0310
F Statistic D'”*f,f L 055 _gf = 1'43'54(;: % 1"15&; %13 4(3} 5 e 0F "4(;1:: I 03154(rjd;'= % 1.:534;:1:: 3 1105 -Er g 0.3544(;:: 5;
Moze: B Pl ‘Note: Ty pel
VC Al Digital Security Panel VC Al Finance Panel
Dependent variable: Dependent variabla:
VC_AI_digital_security VC_AI finance
(0 2 (3) ) (5) (§))] @) (3) &) )
GDPR -1.696 -1.864 1914 1717 -1.691 GDPR -1.751 -2.180 2387 -3.085 -3.081
(1.925) (1.950) (1.945) (2.374) 2.414) (2.024) (2.001) (1.955) (2.400) (2.458)
GDP -0.00000 -0.00000 -0.00000 -0.00000 GDP -0.00000 -0.00000* -0.00000° -0.00000*
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000) (0.00000) (0.00000) (0.00000)
Inflation -0.326 0346 -0317 Inflation 0517 -0.446 -0.444
(0.295) (0.328) (0.399) (0.310) (0.343) (0.443)
Unemployment 0.071 0.081 Unemployment -0.250 -0.249
(0.477) (0.490) (0.487) (0.502)
Education -0.012 Education -0.001
(0.094) (0.099)
Observations 56 56 56 56 36 Observations 49 49 49 49 49
R? 0.019 0.031 0.061 0.061 0.062 R 0.021 0.087 0.158 0.165 0.165
Adjusted R2 -0.317 -0.332 -0.325 -0.359 -0.395 Adjusted R2 _0.343 _0.289 0225 0.253 0293
F Statistic 0_??64(Sf— 1; 0.6484(0cif— 2 0.8403(ng— 3: 0.6203(8d)f— 4; 0.4863%f— 3 — O_MSB(jd)f: 1. 1_6253&1;: 2 2_0643(3(1;: 3 1_)793%f= 4 1m 43(5f= 5
Note: P00l g pp p<0.01
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VC Al Healthcare VC AT Agriculture Panel
Dependent variable: Dependent variable:
VC_AI healthcare VC_AI agriculture
n &) 3) @ 5 (1 2 3 #® (5)
GDPR -3.253 -3.295 -3.310 0.831 1.185 GDPR. -0.642 -0.854 -0.898 -0.087 -0.145
(2.957) (3.005) (3.032) (3.481) (3.398) (0564) (0.581) (0.578) (0.647) (0.669)
GDP -0.00000 -0.00000 -0.00000 -0.00000 GDP -0.00001 -0.00002 -0.00002* -0.00002*
(0.00000) (0.00000) (0.00000) (0.00000) (0.00001) (0.00001) (0.00001) (0.00001)
Inflation -0.197 -0.633 -0.066 Inflation -0.104 -0.196™ -0.228°
(0.463) (0.488) (0.568) (0.086) (0.090) (0.119)
Unemployment 1.515% 1.696™ Unemployment 0.305* 0.208*
(0.697) (0.686) (0.132) (0.135)
Education -0.242° Education 0.012
(0.133) (0.028)
Observations 63 63 63 63 63 Observations 49 49 49 49 49
R? 0025 0025 0029 0124 0187 R2 0.036 0.082 0122 0248 0.252
Adjusted R2 -0.286 -0.313 -0.337 -0.235 -0.173 Adjusted R2 0.322 _0.205 _0.278 _0.129 0158
F Statistic 1_2104(7L;f_ L 0-6034(6‘;f— 2 0-4544(;;f =3 1-3524(4C;f =4 1.9?44%f— S e 1_2963(§f= I; 1.527351%1‘: 2 1.5233(3d)f= 3; 2.632; g)if= 4 2.088; %ﬁ= 5;
Note: p"p"p=<0.01 Note: *pp ™ p=0.01
VC AI Constructing Panel R&D Pharma Panel
Dependent variable: Dependant variable:
VC_AI_constructing RD _pharma
(n @ (3) & (5) (0 @ G) ) 9]
GDPR -0.308 -0.337 -0.444 -0.404 -0.416 GDPR. -12.412 -12.718 -12.976 -0.873 -8.651
(0.357) (0.383) (0.394) (0.490) (0.479) (20937) (21.282) (21.111) (25.169) (24.893)
GDP -0.00000 -0.00001 -0.00001 0.00001 GDP -0.00000 -0.00000 -0.00000 -0.00000
(0.00002) (0.00002) (0.00002) (0.00002) (0.00000) (0.00000) (0.00000) (0.00000)
Inflation 0.242 0.254 0.271 Inflation -4.116 -4.453 -0.880
(0.227) (0.249) (0.244) (3.110) (3.462) (4.240)
Unemployment 0.019 -0.008 Unemployment 1.161 3.060
(0.129) (0.128) (4.995) (5.113)
Education -0.053 Education -1.961
(0.042) (1.374)
Observations 30 30 30 30 30 Observations 63 63 63 63 63
R? 0.040 0.044 0.107 0.108 0.202 R? 0.007 0.008 0.045 0.046 0.089
Adjusted R2 -0.547 -0.631 -0.619 -0.724 -0.653 Adjusted R2 -0.309 -0.337 -0.316 -0.344 -0.313
F Statistic O.?451(Sc;f= 1; 0.3891(%1& 2; 0.6391(6d)f= 3 0.4551(5d)f= 4; 0.?091%1': 3 F Statistic 0.3514(;;f= 1; 0.1814(6d)f= 2; 0.?074(5d)f= 3; 0.532458f= 4 0.8434gd)f= 3
Note: “p"p ™ p=0.01 Note: “p"p ™ p=0.01
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R&D Finance Panel R&D Healthcare Panel
Dependent variable: Dependent variable:
RD finance RD_healthcare
1) ) 3 6] (%) 1) @ 3 “ (%)
GDPR 1.787 1.766 1.782 1.100 0.282 GDPR -0.650 -0.854 -1.302° -1.209 1251
(3.785) (3.860) (3.904) (4.707) (4.720) (0.674) (0.657) (0.686) (0.808) (0.845)
GDP -0.00000 0.000 0.00000 0.00000 GDP -0.00000° -0.00000" -0.00000* -0.00000*
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000) (0.00000) (0.00000) (0.00000)
Inflation 0.108 0.267 -0.454 Inflation 0.470" 0.479° 0.467
(0.596) (0.676) (0.872) (0.273) (0.281) (0.291)
Unemployment -0.218 -0.438 Unemployment 0.044 0.046
(0.958) (0.964) (0.193) (0197
Education 0269 Education 0.011
(0.208) (0.049)
Observations 36 56 56 56 36 Observations 42 42 42 42 42
B2 0.005 0.005 0.008 0.010 0.052 R2 0.031 0.136 0.222 0273 0.225
Adjusted R? -0.334 -0.367 -0.300 -0.433 -0.400 Adjusted R? 0370 -0.265 -0.182 -0.225 -0.272
F Statistic 0-2234(1t;f =1 0-1104({;1; =I 0-1033(9t1)f =3 0-0933(8d)f =4 0-4093%1; = E Smtistic 0_9292(9d)f= I: 2.2042(8d)f=2; 2.561;%1f: 3 1.8662(6d)f= 4; 1.4482(5d)f= 5:
Note: 'p"p .“IJ{O. 01 Note: *p**p***p<0_0 1
R&D Constructing Panel
Dependent variable:
RD constructing
(1) 2) &) & (5)
GDPR 0052 0.585 0.647 1.035 1.306
2401y (2347) (2.245) (2.681) {(2.661)
GDP 0.00000* 0.00000 0.00000* 0.00000*
(0.00000) (0.00000) {0.00000) (0.00000)
Inflation 0.745" 0.503 0.008
(0.343) {0.385) (0.491)
Unemployment 0.482 0332
(0.545) (0.544)
Education 0.185
{0.118)
Observations 56 36 56 36 56
R? 0.00001 0.082 0.181 0.197 0.248
Adjusted R2 -0.341 -0.263 -0.155 -0.162 -0.118
F Statistic 0.0:‘.;?3‘11@)1& 1.??S4g§’f= 2; 2.868';9()df= 3; 2.33S;é?f= 4; 2.435;%1& 5;
Note: ™t p=0.01
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Appendix D: Weighting of SC for hypothesisdd 2

Indicator Country Weight

- - = Indicator Country Weight
GOX h}f " ':'-t"g Top Pablications i i
Canada 0.225 Australia 0
Tapan e Canzda 0.191
Morway 0.427 Japan "315
Switzesland 0.013 Nerway 0.047
Eorsz 0.011 Turkey 0.368
China 0.051 Eorea 0
GUGN Top Cited Ts 0 Chunz 0.071
Australia 0.081 Al =tartups U3 ) I:I.?l]'
Canada 0.043 Australia 0.733
Japan 0088 Canada 0.041
Worwey 0.330 rﬁi g?ﬂ;
Switzezland 0.038 Switzerland 0
Turkey 0.394 Turkeav ]
Eorea )] Km-ea 0
China 0.012 Chinz 0.064
IGE Us 0.073 Data startups s 0.063
Australiz 0.042 Australia 0
Canada 0.005 Canzda 0
Japan 0.086 Japan 0340
Werway 0.330 Morway 0
Ewitzerland 0.005 Ewmntzerland 0
Turkey 0.440 Turkey 0
Farea 0.015 Eorea 0.094
China 0 China a
GUGF Top Cited TS ] Outgoing AL flow Us i
Australia 0.025 Australia 0
Canada 0.027 Canada 0.241
Tapan 0.186 Japan 0.410
Morway 0371 Morway 0
Switzerland o Ewmitzerland 0
Turkey 0 Turkey 0
Eorza o Eorea 0
China 0.390 Chinz 0.349
Fublications us ] Incommg AT flow s 0.304
Australia 0.724 Australia 0
Canada 0 Canzda 0.196
Japan b Japan a
Horway b Morway 0
Switzerland 0,107 Sovitzerland 0
Turkey 0.146 Turkev 0
Eaorza 1] Km-ea 0
China 0.003 Chins o
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VC Dhzital secunty s a

. RD Finance Us 0.074
Anstralia 0.280 Australia 0.034
Canzda 0 Canada 0
Japan 0.003 Japan 0.705
Nerway a Norway 0.144
Switzerland 0.032 Switzerland 0
Turkey 0 Tutkey 0.042
Eorea 0.043 Korea 0.001
China 0642 China 0
VC Fmance Us 0.071 RD Pharma Us 0.381
Australia 0.816 Australia 0.440
Canzda i) Canada 0
Japan ] Japan 0.179
Narway 0 Norway 0
Switzerland 1] Switzerland ]
Turkesy 0 Turkey ]
Korsa 0.038 Korea 0
China i} China 0
VC Haaltheare Us 0.024 RD Healthcare us 0.001
Anstrahia i) Australia 0.219
Canada 0.330 Canada 0.128
Japan 0.240 Japan 0
Merway 0.386 Norway 0
Switzerlzand 0 Switzerland 0
Turkev 0 Turkey 0.393
Koraa 0 Korea 0.259
China 0 China 0
VI Apriculture s 0.007 RD Constructing Us 0.043
B Anstraliz 0.707 Australia 0.017
Canzda 0,003 Canada 0.285
Japan 0.134 Japan 0.110
[ — a Norway 0.134
E“itzaﬂ;nd 000l Switzerland 0
Turker 0 Turkey 0.410
m 0 Ko;ea 0
China 0.146 China 0
VT Conztructing s 0.040
Australia i)
Canada i}
Japan 1]
Merway i)
Zwitzerland 0
Turkey i}
Korsa ]
China 0.540
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Appendix EWeighting of SCfor Hypothesis &

Indicator Country Weight Weight Weight  Weight
High Low  High Low
GIEU GHOEU AIEU AIEU

GO6N Us a 0 0 0.001
Australia 0.001 0 0 0.001
Canada 0.036 0 0.019 0.003
Japan 0 ] ] 0
Norway 0383 0 0.144 0.320
Switzerland 0.487 0.714 0.705 0131
Turkey 0 0 0.052 0.543
Korea ] 0 0 ]
China 0.083 0.286 0.080 0.001
GOSN Cited By Us a 0 0.004 0
Australia 0232 0177 0.118 0209
Canada 0 0 0.009 0.007
Japan a 0 0.021 a
Norway 0.620 0.823 0.563 0.784
Switzerland 0 0 0.015 0
Turkey 0.001 0 0257 0
Korza a 0 0.005 a
China 0.147 a 0.008 a
GOEF Us 0.012 0.001 0.033 ]
Australia 0.148 0.004 0.041 0
Canada 0.0046 0.004 0.245 0.027
Japan 0.003 0 0.003 a
Norway 0.489 0299 0455 0.332
Switzerland 0.046 0.089 0.172 0.083
Turkey 0.28. 0.5%9 0 0557
Korea 0.001 0 0.003 0
China 0.002 0.002 0.008 0.001
GOSF Cited By us 0 0 0.008 0
Australia 0.127 0.148 0 0.202
Canada 0.137 0 0.660 0
Japan 0.058 0 0.015 0
Norway 0.678 0.680 0.310 0.798
Switzerland ] 0 0 ]
Turkey 0 0.172 0 0
Korea 0 0 0.004 0
China a 0 0.002 a
Publications Us 0 0. 0 0.025
Australia 0976 03574 0.181 0.848
Canada 0.021 0277 0424 ]
Japan 0 0 0 0
Norway 0.002 0 0 0
Switzerland a 0 0 0
Turkey ] 0 0 a
Korea 0 0 0 0.003
China 0 0.148 0.3%5 0.124
Top Publications us 0 0 0.460 0
Australia 0 0 0 0.002
Canada 0245 0.108 0121 0.034
Japan 0 0.338 0.359 0.402
Norway 0 0.038 0 0.093
Switzerland 0.746 0.020 0 0
Turkey 0 0 0.038 0
Korea ] 0 0.001 ]
China 0 0474 0 0430
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AT startups Us 0.078 0 0.052 0
Anstralia 0.330 0 0.704 0.103
Canada 0 0.931 0 0
Tapan 0 0 0 0.897
Norway 0.392 0 0.243 0
Switzerland 0 0 0 0
Turkey 0 0 0 0
Korea Q Q 1] 1]
China 0 0.069 0 0
Data startups Us 0203 0 0.128 0
Australia 0.408 0 0 0.009
Canada 0 0 0 0.106
Tapan 0.341 1 0.373 0.883
MNorway i} i} 0 0
Switzerland 0 0 0 0
Turkey 0 0 0 0
Korea 0.044 0 0.298 0.002
China 0.003 0 0 0
COutzoing Al flow Us 0217 0 0279 0.028
Anstralia 0 0.001 0 0.070
Canada 0.349 0.171 0.249 0.502
Japan 0 0.330 0 0
Noarway 0 0 0 0
Switzerland 0 0 0 0
Turkey 0 0 0 0
Korea Q Q 0 0
China 0.433 0.478 0472 0
Incoming AT flow Us 0 0 0 0
Australia 0.347 0 0217 0.061
Canada 0 0.071 0.001 0.084
Japan 0236 0275 0 0292
Norway 0.177 0.152 0.13 0.164
Switzerland 0.107 0 0.113 0
Turkey 0 0 0 0
Korea 0.114 0 0.011 0
China 0 0.501 0301 0.3%9
VC Digital security Us 0.019 0 0.006 0
Australia 0.863 0.603 0.231 0.621
Canada 0.002 0.061 0.028 0.019
Japan 0 0.001 0.382 0
Morway i} i} 0 0
Switzerland 0 0 0 0
Turkey 0 0 0 0
Korea 0.113 0 0.101 0
China 0 0.334 0.251 0.360
VC Finance Us 0213 0 0.144 0
Anstralia 0771 0 0.836 0.104
Canada 0 0 0 0.033
Japan 0 1 0 0.158
Norway 0 0 0 0.635
Switzerland 0 0 0 0
Turkey 0 0 0 0
Korea 0.013 0 0 0
China 0 0 0 0.030
W Healthcare s ] ] ] 0
Anstralia 0 0.189 0 0.029
Canada 0233 0 0.084 0475
Jepan 0303 0.016 0431 0
Norway 0 464 0,766 0475 0494
Switzerland ] ] ] 0
Turkey ] ] ] 0
Korea 0 0 0 a
China 0 0.029 0 0
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WV Agriculure s 0.008 0.001 0.004 ]
Australia 0.883 ] 0.696 ]
Canada ] ] 0.006 b
Japan o 0881 0001 0878
Worway ] ] ] ]
Switzerland ] 0 0.002 0.003
Turkey ] ] ] ]
Eorea ] ] ] ]
China ] 0.018 0.292 0.121
VT Constracting s 0.018 0.012
Australiz ] ]
Canada ] ]
Japan ] ]
Worway ] ]
Ewitzerland o o
Turkey ] ]
Eaorea ] ]
China 0.882 0.988
ED Finarce s 0.100 0.240 0.221 0.1921
Australiz ] 0.011 0.086 b
Canada ] ] ] 0.001
Japan 0.061 0.263 0.454 0.388
Worway 0307 o o 0027
Switzerland ] 0.483 ] ]
Turkey 0.532 ] 0.098 0392
Eorza o o 0131 ]
China ] ] ] 0
ED Pharma s 0211 ] 0.053 ]
Australia ] ] ] ]
Canada 0.104 0.200 ] 0.422
Japan ] ] 0.071 b
Morway 0.557 0.281 0.557 0.140
Switzerland 0.040 0.000 0.053 0.01%
Turkey 0007 o 0254 ]
Eorea 0.001 ] 0.012 b
China 0.080 0.501 ] 0.402
B Healthcars s 1] 1] 0.020 1]
Australia ] 0.576 0.488 ]
Canada 0.0.67 0.186 ] 0501
Japan ] ] ] 1]
Worway ] ] ] o
Ewitzerland o o o ]
Turkey 0.833 0.238 0.151 0698
Eorza ] ] 0.342 b
China o o o ]
RD Constnacting U3 0.001 0.144 ] ]
Australiz 0.020 0.000 ] 0.026
Canada 0.323 0.14% 0.411 0.503
Japan 0.322 ] 0179 ]
HWorway 02232 0158 0154 0.002
Ewitzerland ] ] ] ]
Turkey 0.111 0.538 0.200 0.447
Eorza o o 0016 ]
China ] ] ] ]
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Appendix F: Weighting SC for hypothesis 3b

Indicator Country Weizht Weight Weisht Weight
GOV GOV  STRICT STRICT
EU EU EU EU
GO s [1 [1 0 [1
Anstralia 0.001 a ] a
Canada 0.018 0 0 0.003
Tapan a a a 0.004
Warway 0.504 0304 0038 a
Switzerland 0.313 0 0.73% 0.980
Turkey a 0.645 0.201 a
Florea 0 0 0 0
Chinza 0109 0 n.oo3 0.001
GO Citad By s a a i a
Anstralia 0.236 0.105 0.143 n.oo
Canadz a 0014 0.001 0002
Tapan 0.001 0 0 0
Morway 0612 0.751 0548 0.520
Switzerland a a ] 0.083
Turkey 0.001 ] 0.307 0.380
Eaorea a a 1] a
Chinza 0149 0.001 0 0,001
GlaF U [1 [1 n.ooa [1
Anstralia 0.111 0.043 0.006 a
Canada n.002 0 0.04 0
Tapan 0.041 a 0.003 a
Horway 0.517 0.270 0.181 n.oo
Switzerland 0.168 0.106 0.552 0718
Turkey 0.157 0.552 0.232 a
Florea 0 0 n.oo1 0
Chinza 0.003 0018 D.00g 0269
ISF Cited By s 0,001 a i a
Anstralia 0152 0.105 0154 0154
Canadz 0.131 0.001 ] 0.003
Tapan 0.043 0.010 0 0
Horway 0.671 0.824 0.732 0.663
Switzerland a 0.004 ] 0.025
Turkey 0 0.053 0.073 0152
Eaorea 0.001 a 1] a
Chinza 0 0.001 0 0
Publications s 0.013 [1 0 [1
Anstralia 0.674 0411 0.258 0.781
Canada 0.008 0344 0.326 n.024
Tapan a a a a
Horway 0185 0 0 0
Switzerland 0 0 0 0
Turkey 0.117 a ] a
Florea 0 0 0 0
Chinza 0.001 0.243 0415 0.185
Tap Publications s 0219 i i i
Aunstralia 0370 0 0 0
Canada 0034 0.137 0,163 0.1l
Tapan 0.044 0.324 DLG65 0367
Naorway 0.0 0.047 0.032 D0zs
Switzerland 0154 0 0 I
Turkey 0 0 0 0
Flarea 0.043 0 0 I
Chinz 0 0453 0109 0386
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AT starnaps U5 0.073 i i 0.060
Anstralia 0.554 0 0.203 0.706
Canada 0 0.538 0.620 0
Tapan 0 0 0.001 0
Harway 0.371 0 0.010 0.143
Switzerland 0 0 0 0
Turkesy 0 0 0 0
Koarea 0 0 0 0
Chins 1] 0.061 0.165 1]
Dara starmps U5 0153 0 0 0.008
Anstralia 0 0.034 0 0
Canada 0 0 0 0.202
Tapan 0470 0.066 0.755 0451
Norway a a a a
Switzerland 0 0 0 0
Turkey 0 0 0 0
Koarea 0328 0 0.245 0
Chins 1] 0 1] 0.340
Cutzoinz AT fow s 0.209 0 0464 i
Anstralia 0 0 0 0
Canada 0.343 0.171 0.022 0.270
Tapan 0 0.31% 0 0408
Harway 0 0 0 0.001
Switzerland 0 0 0 0
Turkey 0 0 0 0
Koarea 0 0 0 0
Chins 0448 0.510 0.514 0.231
Incoming AT flow U5 0.006 i i i
Anstralia 0.700 0 0 0.119
Canada 0.005 0.076 0.087 0.064
Tapan 0.028 0.278 0.560 0
Harway 0.108 0.145 0.088 0.186
Switzerland 0.005 0 0 0
Turkesy 0 0 0 0
Eoarea 0.036 0 0 0
Chins 0.001 0.501 0.253 0.631
W Digital securiny U5 0.016 i i 0.001
Anstralia 0.366 0.504 0.577 0.043
Canada 0 0.065 0.001 0.085
Tapan 0 0 0 0.306
Norway a a a a
Switzerland 0 0 0 0.022
Turkesy 0 0 0 0
Koarea 0118 0 0 0.060
Chins 1] 0.341 0.421 0.483
VC Finance U5 0.206 i 0.041 i
Anstralia 0.704 0.001 0 0.366
Canada 0 0 0 0
Tapan 0 0.000 0.369 0
Norway a a a a
Switzerland 0 0 0 0
Turkesy 0 0 0 0
Koarea 0 0 0.080 0.003
Chins 0 0 0 0.131
W Healthrara U5 i i i i
Anstralia 0 0.179 0402 0
Canads 0.216 0 0.084 0.028
Tapan 0.316 0 0.055 0.401
Harway 0468 0.791 0.360 0.560
Switzerland 0 0 0 0
Turkey 0 0 0 0
Korea 0 0 0 0
Chinz 0 0.030 0 0
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VC Apricultura us 0.006 i3 0.006 0
Australia 0364 i3 0.056 0.32
Canada 0.003 0.001 0.005 0.002
Japan i} 0987 0437 0.552
Merway 1] 1] 0 0
Switzerland o 0. 0 0
Turkey i} 1] 0 0
Korea 1] 1] 1] 1]
Chma 0.621 0.013 0.4%6 0.117
WV Constructing us 0.013 0.013
Australia o 0
Canada 0 1]
Japan 1] 1]
Merway 0 0
Switzerland 0 1]
Turkey i} 1]
Korea 1] 0
China 0.982 0887
RD Financa s 0.145 0238 0.109 0.102
Anstralia 0.043 0.011 0.004 0.158
Canada i} 0.001 0 0
Japan i} 0.241 0.638 0.371
Marway 0.181 3 0.102 0.002
Bwitzerland i} i3 0 0
Turkay 0.623 0.309 0128 0.387
Korea 0 1] 1] 1]
China 0.004 ] 0 0
RD Fharma us 0.197 i} 0 0.001
Australia i} i3 0 0.943
Canada 0.770 1 0356 1]
Japan o 3 0.027 0
Norway 0.003 i3 0.344 0
Bwitzerland 0.024 i3 0.012 0.051
Turkey 1] 1] 0 0
Korza i} i} 0 0.005
China 0.006 ] 0.256 0
RD Healthcare us i} i} 0.186 0
Australia i} 0.623 0 0
Canada 0.0.69 0.176 0.237 0128
Japan 0 ] 0 0
Morway i} 1] 1] 1]
Bwitzerland i} i} 0 0
Turkay 0931 0.196 0.209 0.434
Korea i} i3 0.358 0.437
China 0 ] 0 0
ED Constructing us 0.001 i3 0 0
Australia 0.027 i} 0.015 0
Canada 0312 0.320 0.450 0.071
Japan 03235 i3 0112 0.001
Norway 0201 0.082 0141 0436
Bwitzerland i} i} 0 0
Turkey 0.133 0.598 0.2853 0.470
Korea o 3 0 0.002
China i} 1] 0 0

101



Emily Desmet Jun. 23, 25 Master Thesis, Economics

AppendixG: Predictorbalance ofSC for hypothesis &nd 2

Indicator Variable EU Synthetic Indicator Variable EU Synthetic
GOsN GLE 31745081 S0420.013 Top Publications GOF T1746.081 150418 062
Unemployment 0314 G.149 Unemployment 034 6412
Inflation 1.438 1.769 Inflation 1.438 3.589
Education 70.188 §9.304 Education 70.19% 744128
ED 1128 1361 ED 1128 1133
Intemet 76.548 25181 Internet 75.848 75548
v 5.014 £.231 v 5014 8174
Valus in 2014 1.814 1.721 Value in 2014 0.063 0.062
Value in 2015 1307 2.051 Value in 2015 0.077 0.043
Value in 2016 3.082 1.809 Value in 2015 0.063 0.058
i Waluein 2017~ 6.034 _T.184 Value in 2017 0.084 0.004
GO Tep Cited GCP 3XT46.081  173316.664 AT startaps GOF II746.081  6a064.268
Unemployment §.524 4.832 Unemployment 034 5665
[nflation 1.438 1.487 Inflation 1.438 1143
Education 70198 10416 Educzton 70.108 09,197
ED 1118 1733 ED 1128 1.083
Intemet 76.548 18.416 Internet 75848 B4.244
v 5.014 5078 ; : -
Lve L v 5014 £.239
Value in 2014 0.051 p.oal Value in 2014 0.014 0.001
Value in 1013 0.042 0.042 Valmein 2015  0.020 0.020
WValae in 1016 0.0g2 0.102 Value in 2015 0.025 D024
Valus in 2017 0.125 0.121 e i 3019 2
— — . Value in 2017 0.084 0.084
GOaF GO 31745081 130136067 — —
- 2 Data sfarhaps: GLF 31744.982 31710034681
Unemployment 0314 4 678 u o e
: - nemployment 0324 L4835
Inflation 1.438 1.441 : : i
— - Inflation 1.438 7712
Education 70.19% 70.213 P . -
s it Education 70,108 23,020
ED 1128 1580 ;
3 gk ED 1128 1415
Intemet 76,848 76,856 :
Ve 5014 5034 Intemet 18.848 0333
Valnein 2014 40.029 48232 e 2018 el
Valae in 2015 40.746 47.405 Vale in 2014 0122 D233
Value in 2014 51478 51418 Value in 2015 0.667 0.183
Valnein 3017 33.650 55333 Valueinl0l D102 b.les
T0EF Top Citd GO TI450E1 5094543 : Valein 017~ DI% 0309
Unemployment 0314 5372 Outgoing AT flow GDE :.‘.11_-5._3.. 43 1-_.E]:
) - - Tnemployment 034 7.358
Inflation 1.43% 1342 ; :
A . - Inflation 1.438 4,504
Education 10.198 §4.580 - - i
v v Education 70,108 74.037
ED 1128 1333 )
: oo ED 1128 1.548
Intrmet 16,848 17.560 Intemet 76,248 77135
Vo 2018 3666 Ve 5018 11103
Value in 2014 0.803 0.1+ Value in 2014 g.081 10336
WValae in 2015 0.742 0.732 Valsein 2015 11367 11520
Wale in 2014 0.551 0.5335 Value in 2014 19.433 17.957
Valus in 2017 0.41% 0415 Value in 2017 33.211 33313
Fublications GDT 31785051  BIBGA.SIE Tacommng AL flow GOF 31745081 £3227.801
Unsmployment 0324 5.138 Unemployment 034 7.032
Indlation 1.438 1437 Infiztion 1.438 5.168
Education 70.198 20106 Education 70.108 77.900
ED 1128 1131 ED 1118 1.561
Imternet 76,848 B0.200 Tmrermer T4.E48 80761
v 5.014 5772 Ve 5014 8.017
Yalae in 2014 1163 1.008 Waloe in 2014 6. 765 6430
Value in 1015 1100 e Value in 2015 8.043 8125
A . Value in 2015 12361 13018
Valus in 2014 1189 1384 zueln -bia :
Value in 1017 2475 2523 Value in 2017 23.563 23918
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VT Drigrtal security GDP 31744987 1303391007
Unemployment 0314 4582
[ flation 1438 1054
Education 70,198 70548
ED 1118 2107
Intemnet T5.842 63.920
Vi 3.014 3.827
Value in 2014 0.010 0.024
Value in 2015 0.033 0.0863
Value in 2018 0.031 0.043
WValue in 2017 0180 0.164
%Z Finance GDP 31744981 98130343
Unemployment L3ls 3810
[nflation 1438 171
Education 70.198 112203
ED 1118 1076
Internet 74.548 B5.033
Vi 5014 6.367
Value in 2014 0401 0.282
Value in 2013 0.707 0.633
Value in 2015 0.355 0417
Walue in 2017 0434 0.374
VI Healthcars GDP 31744981 40872ETE
Unemployment 034 2424
[nflation 1438 3463
Education T0.198 B4 Bl
ED 1128 1.743
Internet 75.842 23118
Vi 3014 4332
Value in 2012 0.004 0.029
Valoe in 2013 0.032 0.073
Value in 2015 0118 0100
Valoe in 2017 0.354 0.350
VC Agniculnire GLP 31744987 46320.000
Unemployment 034 0303
[nflation 1438 1.649
Education 70,158 100.627
ED 1128 1.934
Internet T6.842 BO.432
Vi 3014 4.7%§
Value in 2014 1] 0.003
Value in 2015 0 0.004
Value in 2015 0.003 0.007
WValue in 2017 0.007 0.007
VT Constnacting GDP 31744987 31860710
Unemployment 034 4.613
[nflation 1438 1.770
Education T0.198 50560
ED 1128 1118
Internet T5.842 53.137
Vi 3014 7.323
Valoe in 2014 0.004 0.007
Value in 2015 0.019 0.030
Valae in 2018 0.031 0.011
Value in 2017 0.060 0.033

ED Fimance GLDP 31744981 160978179
Unzmployment 034 2813
[nflation 1438 6313
Education 70,198 21933
ED 1118 1.367
Intemmet T6.842 B2.585
N 3.014 3.143
Value im 2014 6.643 731
Value im 2013 6.203 TR0
Value im 20145 2283 T.042
Value in 2017 1682 1470
BRI Pharma GLDP 31744981 51183177
Unzmployment 034 TE12
[nflation 1438 11331
Education 70.198 74135
ED 1113 1.381
Intemmet T6.842 20434
N 3.014 18104
Value im 2014 30.372 33.583
WValue im 2013 31113 334873
Value im 20145 35430 32018
Value im 2017 37.37 34816
B Healthcara GLDP 31744981 1030124.974
Unemployment 034 4338
[nflation 1438 1.512
Education 70,198 E3.518
ED 1113 1063
Intemet 70.548 70363
N 3.014 6.329
Value im 2014 0202 no14
WValue im 2013 n.eel 1.054
Value im 20145 1.082 1.151
Value in 2017 1404 1.113
RD Constracting GLDP 31746981  17BO3L.B23
Unzmployment 034 412
[nflation 1438 1.021
Education 70,198 70.215
ED 1113 1485
Intemmet T6.842 77.033
N 3.014 12.210
Value im 2014 1703 1712
Value in 2015 1789
Value im 20145 ERAL
Value in 2017 3.674
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Appendix H: Predictobalance forhypothesis 3a

Indicator Variable High GII EU Svnthetic Low GII EU Synthetic High AT Synthethic Low AT Synthetic
EU EU
GO6N GDP 52292.889 337554.547 19780.724 451389.313 45183.516 671867.242 22505.876 241504.596
Unemployment 7175 4.556 11.048 4277 7.693 4.291 10.058 4.286
Inflation 0.731 127 0215 2218 0.695 1.881 0172 0.774
Education 71.064 69.741 71.416 71.475 69.184 74.133 73.351 64.521
RD 2354 2.387 1.075 1975 2172 2173 1.060 2.998
Internet 88.223 88.193 71.714 77.175 84.368 84.369 73.210 73.810
Ve 4983 15.425 4.597 7919 4428 18.795 5243 5129
Value in 2014 0.506 0.581 0.112 0381 0.351 0417 0173 0.194
Value in 2015 0.583 0.670 0.182 0.582 0.426 0.544 0.244 0.157
Value m 2016 1.751 1.410 0.234 1385 1.234 0.944 0285 0.430
Value mn 2017 2.606 2.789 0.551 3.150 1.860 2.035 0.744 0.927
GO6N Cited GDP 52292 889 78711.262 19780.724 78870.519 45183.516 750623.668 22505876 78316.424
By
Unemployment 7175 5.034 11.048 5.018 7.693 4.770 10.058 5.064
Inflation 0.731 0.744 0215 0.281 0.695 0.693 0.172 0.390
Education 71.064 71.955 71416 70.679 69.184 69218 73351 72514
RD 2.354 2,658 1.075 2.869 2172 2.797 1.060 2.822
Internet 88.223 87.387 71.714 94.695 84.368 84.406 73.210 94.293
vC 4.983 5.057 4597 5.037 4.428 4482 5243 5.219
Value in 2014 0.114 0.141 0.017 0.065 0.076 0.120 0.031 0.083
Value in 2015 0.179 0.210 0.004 0.089 0.120 0.175 0.008 0.119
Value 1n 2016 0.500 0.534 0 0.128 0.336 0.407 0 0.174
Value in 2017 0.994 0.979 0.035 0.165 0.680 0.737 0.040 .234
GOG6F GDP 52292 889 1360304.189 272377.492 2625449982 45183.516 120470.701 22505.876 244245288
Unemployment 7175 4.518 11.048 3.828 7.693 4512 10.058 3.939
Inflation 0.731 0.752 0.215 0.748 0.695 0.565 0.172 0.701
Education 71.064 71.049 71416 63.983 69.184 68.851 73351 63.698
RD 2354 2875 1.075 3.047 2172 2921 1.060 3.024
Internet 88.223 82.589 71.714 71.859 84.368 84.374 73.210 73.558
vC 4.983 4983 4597 4118 4.428 4626 5243 4.803
Value 1n 2014 20.715 21.045 4576 4951 14.609 14.609 6.472 7.565
Value in 2015 21.835 21.084 5.045 4.817 15.755 14.582 6.411 6.989
Value in 2016 24.884 25215 6.062 6.404 18.014 18.596 7.853 8.978
Value in 2017 25.574 25924 5.790 6.668 18.309 19.090 7.860 8.978
GO6F Citad By GDFP 51292 889 73693010 19780.724 TH3546.742 43183.516 131385.484 22305876 80964 229
Unsmployment 1.175 5570 11.048 4.710 7.653 4.661 10,038 3.042
Inflation 0.751 0.396 0.213 0.403 0.683 0.695 0172 0333
Education T1.064 71.138 71416 69352 69.184 59.186 73.351 72.04%
ED 2354 1.620 1.075 2929 2172 2.899 1.060 1841
Internet 88.223 94052 T1.714 88173 34368 83.566 73210 94421
vC 4983 B.843 4.387 4.223 4428 4.428 5.243 3023
Value in 2014 35.072 5032 0.086 0.596 3383 3265 0.157 0327
Value in 2015 3046 5.053 0.130 0.646 0.138 0.891
Value in 2016 3248 5251 0.100 0.920 0.142 1.243
Value n 2017 3.505 5.624 0.104 0.88% 0.142 1.332
Publications GDP 51292 889 73324391 159780.724 G3206.578 45183.516 12505.876 165900421
Unemployment 7175 5.877 11.048 5.945 7.653 10,058 3676
Inflation 0.751 2771 0.215 2.288 0.655 0,172 21633
Education T1.064 68.651 T1.416 93.505 69.184 73.351 93.523
ED 2.354 1.908 10735 1878 2172 1.060 1938
Intzrnet §8.223 §5.530 7 B1.653 $4.368 73.210 £1.077
Ve 4983 4.937 12.660 4.428 3243 3.11%
Value m 2014 2271 2.007 2480 722 LE33 1733
Value m 2013 2.286 2228 2.578 2.588 1.9387 1948
Value n 2016 2334 2.368 21.98% 1.856 1922 2057
Value n 2017 2.439 21.562 . 3.206 3.063 . 2.248 2235
Top GDP 51291 889 470415484 271377482 57504.063 453183.516 320639488 23505.876 47406252
Publications
Unemployment 7.173 4481 11.048 6.953 7.65%3 7.173 10038 7.108
Inflation 0.751 0.213 4.202 0653 4473 0.172 4403
Education 71.064 T1.416 6%.831 69134 38.470 73.351 71.041
RD 1334 1073 1687 172 2.057 1060
Internet 88.223 T1.714 72402 34368 83.574 75.210
v 4933 4.357 7993 4.428 20.343 5.243
Value n 2014 0.241 0.043 0.036 0.089 0.083 0.031 0.020
Value m 2013 0.268 0.069 0.033 0.0%1 0.063 0.07% 0.043
Value in 2016 0.331 0.030 0.03% 0.0%7 0.099 0.008 0.024
Value in 2017 0.283 0.061 0.07% 0100 0120 0.087 0.105%
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AT startups GDP 52292 8R9 TIE36.168 19780724 56394 632 45183516 TI3B2.E28 22505876 FT086.597
Unsmployment 7175 5404 11048 &.700 7.693 5574 10.058 6323
Inflation 0.731 1.361 0213 1.330 0693 2031 0.172 1.557
Education T1.064 Q2814 Tl416 . 69184 100.000 73.5351 702581
ED 2354 2433 1.731 2172 2.241 1.060 1.713
Iternet 88.223 89.416 87.367 84,368 87.370 73210 90,090
Ve 459383 6927 31.729 4428 6054 5243 32,656
Vale in 2014 0.062 0.002 1] 0.041 0002 ] 0
Value in 2013 0089 0.090 0 0.060 0.060 0 4]
Value m 2016 0.136 0.013 0 i} 0,090 0024 0.002 0.001
Valuz in 2017 0223 0213 0.001 0.001 0.131 0.145 0 0.001
Data startuns GDP 573221782 1326728436  19780.724 32209076 435183.316 954030607  22303.876 36104821
Unemployment 7175 7195 11048 2361 7693 1726 10.058 100023
Inflation 0.731 4693 0215 2.361 0.693 5739 0172 £.238
Education T1.064 104035 71416 9%.20% 69134 96278 73.5351 96.110
ED 2354 1.883 1.075 1.007 2172 2157 1.060 1.100
Internet 28.223 B6.500 TL.714 91.273 24 368 20358 73.210 Q0470
Ve 49383 9640 4597 2648 4428 7.066 5243 2813
Valuz in 2014 0.343 0.674 0.006 0.027 0229 0435 0.011 0.024
Value m 20135 1.650 0.440 0,006 0.061 1.073 0.302 0019 0.058
Value in 2016 0.500 0427 0006 0.033 0.331 0.29% 0.025 0034
Value in 2017 0405 0.77% 0.007 0.087 0262 0.524 0.041 0.084
Outgomg Al GDE 52297 REG 55116.493 19780724 46397511 45183516 535019917 22505876 56251.507
flow
Unamployment 7175 5503 T.043 7.693 5509 10.058 5860
Inflation 0.731 1.778 4193 0695 1834 0.172 2833
Education T1.064 64.123 69.601 69.134 64,345 73351 78.504
RD 2354 2.106 1.638 2172 2189 1.060 1.870
Internet 88.223 71222 72041 84 368 69074 73210 T0.733
vC 45983 21.453 9395 4428 20332 5243 7632
Value m 2014 14611 17252 6.614 TA4TE 10.938 13532 9039 Q770
Valuz in 2013 19,121 19.149 7452 8384 14.591 15.488 9.163 9352
Value m 2016 30.169 30.403 14576 13.023 24 833 25.205 15.769 14357
Value m 2017 53.230 52205 24.003 24477 43 858 42363 23619 24.009
Incoming AT GDPE 512072 BE9 3385504 824 197E0.724 51578077 45183.516 451276 818 22503876 53045507
flow
Unemployment 6414 11.048 6412 7.65%3 4 838 10058 6.622
Inflation 3589 0315 3380 0.6595 1.727 0.172 3.537
Education 26.087 71.416 63,399 69,134 69331 73351 71.032
ED 2135 1.075 1.907 2172 2201 1.060 1.886
Intermet £5.754 71.714 72.063 24 368 70432 73.210 73830
Ve 61352 4397 6732 44218 7.389 5.243 6980
Value m 2014 5826 5.3 5975 3.045 5121 7.055 7.142
Value in 2015 12371 6.398 6.997 9.522 9.639 850 £.393
Value m 2016 21.631 §.238 2747 17.005 16341 11.103 11.004
Value m 2017 37.834 17.597 17370 20,427 28200 21434 21.577
VC Dizital GDP 52292 8RO 3869317 856 19780.724 62735422 45183.516 341469.102 22505 876 62910354
security
Unemployment 5576 11.048 5495 7693 7.086 10058 5416
Inflation 2612 0213 2374 06593 4652 0.172 2396
Education 75.712 71416 91213 69184 39501 73351 91427
ED 2176 1.073 1952 2172 1.826 1.060 1.963
Internet B3.992 T1.714 74351 34 368 79818 73210 73.252
we 4914 4397 6.557 4428 5.018 5.243 2818
Value i 2014 0018 0,021 0.026 0.028 ] 0.007
Value m 20135 0.0%3 0.091 0.0383 0.082 0.028 0.047
Value in 2016 0.007 0.026 0.073 0.072 0.011 0.024
Vale in 2017 3 X 0.075 0.071 0.122 0.123 0.017 0.071
WC Financs GDPE 512072 BE9 504708367 197E0.724 GO081. 994 45183.516 22503876 69053.741 741
Unsmployment 7175 5689 11048 5.859 7.693 10.03% 5862
Inflation 2674 0215 2.805 0.6%95 0.172 2.809
Education T6.B60 71416 95203 69184 73351 95400
ED 2.334 2133 1.910 2172 1.060 1.910
Internet 83.223 84340 84400 34 368 73210 83405
vC 4933 10.555 4524 4428 5.243 4329
Value in 2014 0.937 0.8438 0.030 0.006 0648 0.002 0.007
Value m 2013 2.063 1.604 0.030 0.159 1411 0.021 0.159
Value m 2016 0.863 0934 0105 0.165 0628 0679 0.071 0.166
Value i 2017 0.964 1.441 0.129 0.135 0673 1.013 0152 0.137
WV Healtheare GDP 575221.782 62304 334 19780724 T7157.837 45183.516 A1476.966 244975425 69328370
Unemployment 7173 T.026 11048 3111 TEY3 7469 10.0358 3930
Inflation 0.731 2018 0213 0518 0.693 3836 0.172 1.690
Education 71064 74214 71416 71.568 69.134 78025 73.351 71428
ED 2354 2.12% 1.075 1794 2172 2056 1.060 2503
Intermet 83.223 93,551 T1.714 93166 24 368 93751 73.210 Q1.045
vC 4933 11.050 4557 5.004 4428 5 5243 6221
Value in 2014 0012 008 0.007 0.006 0011 0.003 0.032
Value in 2013 0.089 0.20% 0.008 0.015 0.033 0.028 0.077
Value in 2016 0.243 0.354 0.036 0.028 0.124 0.164 0.133
Value m 2017 0.E46 0.7386 0.010 0.025% 0483 0.259 0.233
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e GDP 52292 889 6BR36.735 19780.724 32613714 45183516 2659384 430 22505876 36263321
Apricultura
Unemployment 5.862 11048 10231 7693 7623 10,058 9772
Inflation 2.790 0215 8723 0.695 5.591 0.172 7981
Education B6.238 71418 98236 69.134 38975 73.351 91982
ED 1916 1.075 1.028 2172 1444 1.060 1.13%
Intarmet B5.400 71.714 90,523 24 358 75497 73.210 B6.456
Ve 4,806 4597 2723 4428 5.026 5.243 3.083
Value in 2014 0.001 0 o 0 0.005 0 0.002
Value in 2015 0.003 0 o 0 0.006 0 0.002
Value in 2016 0.012 0 o 0.008 0.008 0 0.001
Valus in 2017 0.011 0.003 0.004 0.008 0.008 0.009 0.003
e GDP 52292 889 56697725 / 45183516 S6691.166
Constructing
Unemployment 1175 6.827 7653 6.837
Inflation 0.731 1.52% 0.695 1.524
Education T1.064 65060 69.134 68539
ED 2354 1.726 2172 1.720
Internet 23.223 90.082 34 368 90124
vC 4933 33655 4428 33657
Value in 2014 0.014 0.002 0.009 0.001
Value in 2015 0 0.00% 0 0.006
Value in 2016 0.073 0.003 0.050 0.002
Value in 2017 0 0.012 0 0.008
ED Fimance GDP 52292 889 21BB175.557 19780.724 207871.412 45183516 481671.793 22505876 1688196323
Unsmployment 7173 4361 11.048 5.642 7693 7295 10058 6474
Inflation 0.751 1207 0213 3387 0.693 5115 0172 7
Education T1.064 66,883 71418 79.162 69.134 94143 73351
ED 2354 3.001 1.075 1.526 2172 2.105 1.060
Internet 83.223 73543 T1.714 71.859 34 368 34851 73.210
vC 4983 11179 4597 B.896 4428 9537 5243
Value mm 2014 10392 11179 4843 4.632 8952 8.721 3854
Value m 2015 10.264 10777 4977 5632 3958 0471 4.764
Valus in 2016 11.402 9,367 7.530 6.878 11.012 10.586 5323
Value m 2017 12,552 12771 7.387 7657 11.063 11.178 6.825
RD Pharma GDP 51292888 162828.063 15780.724 66388.762 45183516 153210817 244973 425 67274272
Unemployment 7175 5.055 11.048 5123 7653 4.794 10.058 5
Inflation 0.731 0.736 0.215 1.134 0.695 0.992 0.172
Education T1.064 67.240 T1.416 56.245 69184 66,847 73.351
RD 2354 2753 1.075 2278 2172 2.903 1.060
Internet 88.223 §8.242 71714 72,504 34368 84.766 73.210
VC 4933 14 815 4,597 11.548 4428 6.269 5243
Value in 2014 59.247 58.507 12.561 2.535 42.114 41.877 16.726
Value in 2015 59.418 §1.173 13.136 13.188 42 654 433811 16.916
Value in 2016 67.839 66.870 14.152 14.107 48465 47.268 18.732
Vahue in 2017 70.534 70,518 15.216 15.230 50,2290 50.691 20.823 3
RD Healtheare GDE 52292.889 3935022004  197E0.724 105946976  45183.516 1203128354 22305.876 298055.179
Unsmployment 7173 3477 11.048 5418 7683 4,638 10.038 4322
Inflation 0.731 1.014 0.215 2.130 0655 1.580 0.172 1.13%
Education 71.064 §3.116 71.416 95235 69.134 76.260 73.351 66.942
ED 2354 3.118 1.075 2184 2172 2.868 1.060 2763
Internet 88.223 59.172 79.520 34368 33.041 73.210 66.942
Ve 4983 2.568 2327 4428 4201 5243 10.342
Value m 2014 0.238 0.325 1.695 0,959 0.529 1.249 1.161
Value in 2013 0.361 0.340 2039 1.073 1.206 1.270 1222
Value m 2016 0.400 0,435 2289 1.234 1.427 1.153 1361
Value in 2017 0.431 0.381 2.305 1.630 1.439 1.421 1.342
ED GDP 52292 889 559857421 19780.724 251081438 45183516 1469234 507 22505876 201085.069
Constructing
Unsmployment 7173 7.154 11.048 4331 7683 6.383 10.038 5134
Inflation 0.731 3.451 0.215 1.085 0655 2436 0.172 1294
Education 71.064 77.081 71.416 §7.518 69.134 72.063 73.351 67.154
ED 2354 1.962 1.075 2002 2172 2.148 1.060 2421
Internet 88.223 88.196 T1.714 71.832 34368 84.483 73.210 74.562
Ve 4983 13.030 4,597 10.850 4428 16.273 5.241 17.261
Value m 2014 4.696 4704 1.636 1.571 3441 3471 2.240 2110
Value in 2013 4670 4741 1.812 1.372 3715 3.761 1.845 1.83%
Value m 2016 5.458 5348 1.B08 1.933 4282 4.236 1.761 2184
Value in 2017 5.868 5913 2715 2616 4,803 4,788 2811 2614
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Appendixl: Predictorbalance for hypothesis 3b

Indicator Variable High Synthetic Low Synthetic High Synthethic Low Synthetic
GOV EU GOV EU STRICT STRICT
EU EU
GO6N GDP S0661.344 244313159 18069.157 58772.079 39706.920 1310023595 40569921 605240393
Unemployment 711 4.633 10,525 4205 10.657 4.013 8491 4.108
Inflation 0.761 0.843 0241 2.466 0393 1968 0455 2434
Education 72215 65.882 67.121 80516 72774 15974 70.469 80.809
RD 2359 257 0.084 1.920 1.851 2259 1401 1.930
Internet 87.227 88,680 70.832 87283 813811 81.818 76.503 87478
vC 4741 11.921 4881 23816 4629 18.155 4918 23970
Value in 2014 0.482 0.566 0.118 0.444 0.192 0.210 0.124 0209
Value in 2015 0.556 0.597 0.190 0.624 0.245 0.286 0.186 0432
Value in 2016 1.668 1508 0.245 0.716 0414 0252 0303 0362
Value in 2017 2.057 3.020 0.578 1.589 0.642 0.769 0.586 1.026
GO6N Cited GDP 50661344 70067.946 18069.157 616384701 39706.920 135435550 40369.021 175775571
By
Unemployment 711 5.047 10.525 4.766 10.657 4.493 8.401 4159
Inflation 0.761 0.774 0.241 0.247 0393 0.559 0.455 0.459
Education 72.215 72.219 67.121 66.957 72774 69.378 70.469 63.276
RD 2359 2.648 0.984 2951 1851 2051 1.491 3.031
Internet 87.227 §7.260 70.832 90.253 81.811 82,858 76.503 80.204
vC 4741 5.063 4.881 4871 4.629 3.622 49018 409012
Value in 2014 0.108 0.148 0.018 0.053 0.034 0.057 0 0.018
Value in 2015 0.170 0.219 0.005 0.083 0.27 0.078 0 0.022
Value in 2016 0.476 0.554 0 0.120 0.047 0.114 0.028 0.023
Value in 2017 1.054 1.013 0.036 0.189 0.080 0.155 0.021 0.045
GO6F GDP 30661344  B26321.619 18069.157 2420397 801 39706.920 136388.022 40369921 45948.741
Unemployment 71 4.817 10.525 3.015 10.657 4.117 8.401 4272
Inflation 0.761 1.104 0.241 0.804 0393 1576 0.455 2223
Education 72215 72.209 67.121 63972 72774 72.750 70.469 71971
RD 2359 2.687 0.084 2.956 1851 2452 1.401 1975
Internet 87.227 87.255 70.832 71968 81.811 81.857 76.593 17.789
vC 4741 7470 4.881 4474 4.629 14.652 4918 19.056
Value in 2014 19.765 19.960 4.762 7.148 6.407 6.342 6.472 10.714
Value in 2015 20.829 20.080 5.250 7.562 6.926 6.781 6.411 14.047
Value in 2016 23753 23759 6312 10345 7643 7617 7853 25145
WValue in 2017 24412 25.235 6.020 10.980 7.595 8.000 7.860 28.547
GO6F Cited By GDP 30661.344 91642204 18069.157 309348.841 39706.920 38415244 40369921 72622026
Unemployment 7.111 5511 10.525 4911 10.657 4917 8491 4378
Inflation 0.761 0.849 0241 0233 0393 0423 0455 0472
Education 72215 72.061 67.121 67.186 72774 71.788 70.469 70224
RD 2359 2626 0.984 2934 1851 2.860 1491 2885
Internet 87227 93872 70.832 93203 81811 91586 76.593 88 641
vC 4741 8.697 4.881 4.906 4.629 4.669 4918 4875
Value in 2014 4836 4.800 0.086 0.848 0558 0.794 0.117 0.696
Value in 2015 4816 4772 0,127 0917 0.687 0.859 0.186 0.756
Value in 2016 4.996 5.001 0.105 1201 0.705 1.190 0310 1.030
Value in 2017 5251 5348 0.105 1.276 0576 1278 0.172 1.103
Publications GDP 50661344 362497600 18069.157 60760.266 30706.920 58217.580 405690921 63550035
Unemployment 7.111 5359 10.525 5.803 10.657 5.653 8401 5.633
Inflation 0.761 2.005 0.241 2.009 0393 1941 0455 2566
Education 72215 09 533 67.121 83.638 72774 72708 70469 100.000
RD 2359 2201 0.084 1879 1.851 1912 1491 1.937
Internet 87.227 84.004 70.832 78814 §1811 72874 76.593 78.886
vC 4741 4.691 4.881 14.806 4.629 14.459 4918 5289
Value in 2014 2290 2025 2.646 2402 2327 2153 1936 1.690
Value in 2015 2208 2209 2536 2.567 2218 2.187 1.880 1.858
Value in 2016 2265 2428 2081 3.045 2588 2.621 1.817 1976
Value in 2017 2444 2710 3.231 3.261 2.692 2814 2.087 2.145
Top GDP 30661.344 1566775.648 18069.157 47906501 39706.920 44354 964 40369921 47441388
Publications
Unemployment 7.111 5497 10.525 6.822 10.657 8970 8491 7.181
Inflation 0.761 2458 0.241 3.020 0393 6371 04355 4.201
Education 72215 95.165 67.121 68.100 72774 86.495 70.469 71313
2359 2277 0984 1.725 13851 1325 1491 1672
Internet 87.227 86.366 70.832 T1.784 §1811 86.881 76.593 75.620
vC 4741 15.580 4.881 8.505 4.629 9.051 4918 9.591
Value in 2014 0.099 0.099 0.045 0.040 0.057 0.055 0.055 0.051
Value in 2015 0.103 0.104 0,072 0.036 0.067 0.039 0.076 0.044
Value in 2016 0.111 0.111 0032 0.036 0.053 0.054 0.041 0.044
Value in 2017 0226 0226 0.064 0.083 0.077 0.091 0.083 0.099
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AT startups GDP 50661344 72646.393 18069157 36477.066 39706.920 64030938 40569921 70104.573
Unemployment 7111 3428 10.525 6.717 10.657 6.258 8491 5671
Inflation 0.761 1.628 0.241 1.527 0393 1.800 0.455 2344
Education 72.215 94.108 67.121 67430 72774 75.003 70469 100.000
RD 2.359 2410 0.984 1.729 1.851 1.823 1.491 2132
Internet 87.227 80.197 70.832 87.871 §1.811 82.909 76.593 86.699
Ve 4741 6.804 4881 31936 4629 22.759 4918 6.193
Valve in 2014 0.059 0.002 0 0 0 0 0.048 0.002
Value in 2015 0.085 0.086 0 0 0 0.001 0.069 0.069
Valve in 2016 0.129 0.019 0 0 0.007 0.007 0.096 0.027
Value in 2017 0212 0.204 0.001 0.001 0014 0.014 0.110 0.105
Data startups GDP 50661344 10047794 368 18069.157 33488228 39706.920 817277.949 40569921 44265471
Unemployment 7.111 7171 10.525 10.346 10.657 8.785 8.401 7.714
Inflation 0.761 5.086 0.241 §.633 0393 6.990 0.435 4.908
Education 72.215 95.440 67.121 90.822 72.774 97.915 70469 75.625
RD 2359 2.366 0.984 1.038 1.851 1.761 1.401 1525
Internet 87.227 80.147 70.832 91.275 81811 01.203 76.503 77442
vC 4.741 9.087 4.881 2.703 4629 3.051 4.018 10,170
Valve in 2014 0327 0.643 0.006 0.026 0.005 0.020 0.120 0.162
Valve in 2015 1529 0.426 0.006 0.060 0.009 0.035 0.309 0.197
Valve in 2016 0477 0.421 0.006 0.035 0015 0.043 0.351 0267
Value in 2017 0.386 0.746 0.007 0.086 0.027 0.082 0.418 0.496
Qutgoing AI GDP 50661.344 55046.380 18069.157 46767.412 39706.920 131002.595 40569.921 47072.631
flow
Unemployment 7.111 3.482 10.525 6.860 10.657 4.902 2491 8.142
Inflation 0.761 1775 0.241 3.973 0393 1.986 0.455 5221
Education 72.215 63.654 67.121 67.965 72774 67.381 70469 79.112
RD 2.359 2103 0.984 1.671 1.851 2410 1.491 1445
Internet 87.227 70.725 70.832 70.794 81.811 65.585 76.593 81.753
vC 4741 21.038 4.881 9.504 4629 19.099 4.918 11.718
Valve in 2014 14.604 16.870 6.241 7451 6901 7.083 8.816 11.626
Valve in 2015 18.701 18.726 7319 8354 8317 7.943 12.409 13.001
Valve in 2016 20.514 29.715 14915 12.965 15333 14.821 18.854 20.090
Value in 2017 519031 51.052 23925 24266 21766 22139 39525 37.641
Incoming Al GDP 50661344 1935787.383 18069157 51323407 39706.920 50356370 40569921 60079 477
flow
Unemployment 7111 5.737 10.525 6.438 10.657 8.141 8401 4023
Inflation 0.761 2542 0.241 3414 0.393 5.526 0.455 1478
Education 72215 08.635 67.121 65.727 72774 79871 70469 60,021
RD 2359 2138 0.984 1.894 1.851 1531 1491 2218
Internet 87.227 £7.001 70.832 72.017 81811 81.563 76.593 66.378
vC 4741 4.789 4.881 6.878 4.629 6.671 4.018 7.205
Value in 2014 9.493 9.742 6.024 5.945 4951 5.398 8.185 7434
Value in 2015 12.025 11.768 6.404 6005 6.882 6.833 7480 8373
Value in 2016 22334 22.290 8171 8.697 9.863 10425 10211 10274
Value in 2017 35.085 36.083 18.092 17.644 19.796 19.386 20.748 20.627
VC Digital GDP 50661.344  3969417.32 18069.157 62639.557 397062.920 62877.631 40560921 2052627449
security
Unemployment 711 5.569 10.525 5.486 10.657 5.320 8491 6.567
Inflation 0.761 2.611 0.241 2358 0.393 2.354 0.455 3931
Education 72.215 05.043 67.121 90.331 72774 §8.082 70.469 71.998
RD 2.359 2.180 0.984 1.953 1.851 1.979 1491 1.827
Internet 87.227 86.013 70.832 74.122 81811 71.091 76.593 71.584
Ve 4741 4.794 4.881 6.685 4.629 4.927 4.918 7393
Value in 2014 0.018 0.033 0.019 0.022 0 0.001 0.047 0.051
Value in 2015 0.037 0.067 0.098 0.096 0.025 0.032 0.151 0.146
Value in 2016 0.102 0.069 0.007 0.027 0.026 0.026 0.058 0.064
Value in 2017 0.107 0.102 0.078 0.073 0.082 0.081 0.194 0.158
VC Finance GDP 50661.344 66737.776 18069.157 37003.646 397062.920 302695.595 40569921 167513.6935
Unemployment 7111 5717 10.525 10.498 10.657 9.652 8401 5.684
Inflation 0.761 2.698 0.241 8.852 0.393 7.901 0.455 2.661
Education 72215 05350 67.121 99219 72774 08296 70469 100.000
RD 2.359 2.097 0.984 1.009 1.851 1359 1491 1938
Internet 87.227 84.307 70.832 91.264 81811 20.81 76.593 80.973
vC 4741 10.295 4.881 2.649 4.629 4.046 4018 4.501
Value in 2014 0.892 0.813 0.032 0.047 0.455 0.206 0.046 0.010
Value in 2015 1.965 1.545 0.052 0.189 0418 0.454 0.085 0.166
Value in 2016 0.822 0.901 0.110 0.087 0.257 0.247 0358 0279
Value in 2017 0.894 1.348 0.131 0.426 0.337 0.633 0372 0.407
WV C Healthcare GDP 50661.344 68678.728 18069.157 77908.679 39706.920 70394.529 40569.921 60696.417
Unemployment 7111 7.062 10525 5.011 10.657 5.821 8.491 7.170
Inflation 0.761 3.002 0241 0.345 0393 1897 0455 3.449
Education 72215 74.568 67.121 70386 72774 91279 70.469 76.343
RD 2359 2571 0.984 2.837 1.851 2273 1491 2206
Internet 87227 93501 70832 93317 81811 90.298 76.593 94334
ve 4741 10.535 4881 5.051 4.629 7.022 4018 5.005
Value in 2014 0011 0.084 0.007 0.006 0.004 0.031 0.020 0022
Value in 2015 0.085 0.197 0.009 0014 0.032 0.071 0.048 0.054
Value in 2016 0.231 0.332 0.038 0.027 0.140 0.123 0.044 0.076
Value in 2017 0.807 0.698 0.010 0.022 0.269 0.261 0.260 0247
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vC GDP 50661344 58634.256 18069157 32532751 39706920 44657.943 40569921 46804.239
Agriculture
Unemployment 71 5.067 10.525 10.427 10.657 7253 8.401 8.274
Inflation 0.761 2128 0241 8.765 0393 4.909 0.455 6.018
Education 72.215 73.725 67.121 98.5341 72774 74.658 70.469 90,056
RD 2359 2.016 0.084 1.022 1.851 1.601 1.401 1431
Internet 87.227 64.205 70.832 90.769 81811 71.102 76.593 84.661
vC 474 5508 4881 2.707 4.629 4587 4918 3.636
Value in 2014 0 0.010 0 0 0 0.008 0 0.002
Value in 2015 0 0.012 0 0 0 0.009 0 0.002
Value in 2016 0.011 0.011 0 0.001 0.007 0.008 0.001 0.002
Value in 2017 0.011 0.009 0.005 0.004 0.011 0.009 0.002 0.003
VC GDP 30661.344 36696.402 397062.920 36692.234
Constructing
Unemployment 7111 6.828 10.657 6.836
Inflation 0.761 1528 0.393 1525
Education 72.215 69.041 72774 68.955
RD 2359 1.725 1.851 1721
Internet 87.227 90.068 §1.811 90.116
vC 4741 33.653 4.629 33.657
Value in 2014 0.013 0.002 0.010 0.001
Value in 2015 0 0.008 0 0.006
Value in 2016 0.071 0.003 0.053 0.002
Value in 2017 0 0.011 0 0.008
RD Finance GDP 30661.344 2793572.316 18069.157 2177447.323 30706.920 577180.014 40369.021 1390804848
Unemployment 7m 3.020 10525 5478 10.657 8.401 8401 6.546
Inflation 0.761 1.030 0.241 3.208 0393 6.186 0.435 4323
Education 72.215 68.812 67.121 78.285 72774 80527 70.469 87503
RD 2359 3.076 0.984 2.575 1.851 1701 1.401 2151
Internet 87.227 88.689 70.832 71.839 81811 86.205 76.593 76.608
vC 14741 11.021 4.881 §.806 4.629 5.041 4918 5.815
Value in 2014 10.162 11.131 4810 4.646 4816 5.005 10.114 11.775
Value in 2015 10.504 11122 4.087 5.621 5364 5316 10279 11.969
Value in 2016 11.183 10.659 7.568 6.844 3.905 5.252 13.950 12.246
Value in 2017 12.291 12.689 7.346 7.632 7.167 6.608 13.229 11611
RD Pharma GDP 50661344 71808383 18069.157 36678.597 30706.920 1310023.505 40569.021 242575881
Unemployment 7111 6.439 10.525 6.858 10.657 4.013 8491 6.702
Inflation 0.761 1.684 0.241 1.514 0393 1.968 0.455 1.559
Education 72215 72357 67.121 68.601 72774 75974 70.469 69.447
RD 2350 1.936 0.984 2278 1.851 2259 1491 1.730
Internet 87.227 87.042 70.832 72.504 81811 81818 76.593 76.375
vC 4741 33.001 4.881 11548 4629 18.155 4018 4.681
Value in 2014 56.821 56.257 12775 15995 42114 41.877 33.635 34058
Value in 2015 56.908 39.169 13.370 16.822 42.654 43811 34.961 36.807
Value in 2016 65.008 63.671 14.421 16.987 48.465 47.269 41.436 39.604
Value in 2017 67.615 66.982 15.544 18.420 50.2200 50.601 43.359 42028
RD Healthcare GDP 50661344 3047707.082 18069.157 882175.018 30706.920 13153768 400 40569.021 16386643.616
Unemployment 7111 3482 10.525 5521 10.657 4.544 8491 3.809
Inflation 0.761 1.015 0.241 2221 0393 1.439 0.455 1.156
Education 72215 63.135 67.121 98.048 72774 80.472 70.469 77.168
RD 2350 3.116 0.084 2131 1.851 3.104 1491 3403
Internet 87.227 59226 70.832 80.683 81811 81814 76.593 76.276
vC 4741 2624 4.881 8608 4629 15812 4018 6354
Value in 2014 0.301 0.330 1.786 1.745 1325 1.226 0.410 0.564
Value in 2015 0.366 0.346 1.900 2.115 1372 1.482 0.561 0.583
Value in 2016 0.404 0.445 2107 2376 1523 1.621 0.610 0.724
Value in 2017 0.432 0.388 2813 2394 1919 1.817 0.960 0.694
RD GDP 50661344 618254286 18069.157 2558471492 30706.920 1230582.663 40569.021 200458.058
Constructing
Unemployment 7111 7.124 10.525 4525 10.657 5.940 8491 4231
Inflation 0.761 3.510 0.241 1.048 0393 1.952 0.455 0.462
Education 72215 775357 67.121 64.463 72774 70.006 70.469 62315
RD 2350 1.963 0.084 2.723 1.851 2252 1491 3.046
Internet 87227 87284 70.832 70.845 81811 81.777 76.593 77539
vC 4.741 12612 4.881 11390 4620 16.319 4018 49022
Value in 2014 4713 4712 1474 1.566 3117 3.163 2339 2394
Value in 2015 4.663 4.709 1.680 1.639 3.007 3.014 2.690 2.760
Value in 2016 5.383 5302 1.704 1.946 3484 3479 3.000 2957
Value in 2017 5.794 5.828 2617 2483 3901 4.053 3.068 jou
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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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