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Abstract

This study examines the individual and synergistic effects of FinTech development,
enterprise artificial intelligence (Al) adoption, and green finance depth on renewable
energy investment (REI) across all 27 European Union member states over the period
2014 to 2023. Utilising a balanced panel dataset of N = 270 country-year observations,
the study employs a four-stage sequential estimation strategy comprising pooled OLS,
country fixed effects, two-way fixed effects, and System GMM, supplemented by panel
unit root and cointegration diagnostics and a six-specification robustness battery. The
empirical results support all four research hypotheses. FinTech development exerts a
large positive effect on REI (B = 0.399 (SE = 0.183, p = 0.031) in Two-Way FE; B =
1.731 (p < 0.001) in GMM), confirming the capital-democratisation channel of digital
alternative finance platforms. Enterprise Al adoption exerts a positive effect (B =
0.008, p < 0.05), operating through enhanced credit risk assessment and ESG
analytics. Green finance depth is the most consistently significant predictor (GMM 8 =
0.038, p < 0.001 (Two-Way FE absorbs common GF trend; see Section 4.6.3)),
validating the EU Sustainable Finance Action Plan as an effective mechanism for
channelling institutional capital into renewable infrastructure. Two of three pairwise
interaction terms are statistically significant: AIxGF (B =0.00043, p =0.002) is positive,
confirming Al—green finance complementarity, while FTxAl (8 =-0.046, p=0.001) is
negative, indicating partial substitution between FinTech and Al at high joint adoption
levels. The conditional marginal effect of FINTECH on In(REI) declines from 1.924 (at
P25 of Al, 8.74% of firms) to 1.272 (at P75, 23.06%), indicating that FinTech and Al
operate as partial substitutes in the within-country panel dimension, suggesting that
the three variables may constitute a mutually reinforcing digital-green financial

ecosystem rather than independent additive channels.



Acknowledgements

The successful completion of this thesis would not have been possible without the
support, guidance, and encouragement of many individuals and institutions. | would
like to express my sincere gratitude to all those who contributed to this research.

First and foremost, | thank the Almighty for His blessings, strength, and guidance
throughout my academic journey and during the completion of this thesis.

| am deeply grateful to my respected supervisor, Dr. Md. Qamruzzaman, Department
of Business Administration, United International University, for his invaluable
guidance, constructive feedback, continuous encouragement, and unwavering
support throughout every stage of this research. His expertise, patience, and insightful
suggestions greatly enhanced the quality of this study.

| also extend my sincere appreciation to the faculty members of the Department of
Business Administration, United International University, whose knowledge and
guidance throughout my undergraduate studies provided the academic foundation for
this research. My thanks also go to the university's administrative and library staff for
providing access to essential academic resources and research facilities.

| gratefully acknowledge the organizations that made this study possible by providing
reliable and publicly available data, including Eurostat, the European Commission, the
World Bank Open Data, the Cambridge Centre for Alternative Finance (CCAF), the
Climate Bonds Initiative (CBI), and the Regulatory Indicators for Sustainable Energy
(RISE) database.

| would also like to thank my classmates and friends for their encouragement, valuable
discussions, and continuous motivation throughout this research journey.

Finally, | express my deepest gratitude to my parents and family for their unconditional
love, patience, encouragement, and unwavering support. Their belief in me has been
my greatest source of strength and motivation throughout my academic journey.

To everyone who has contributed directly or indirectly to the completion of this thesis,
| extend my heartfelt appreciation.

Marjia Akter

Student ID: 111222122

BBA (Finance and FinTech Major)
United International University

Vi



Table of Contents

Letter Of TranSMILAl ............iiii e e e e e et e e e e e e e eeeeees i
Certification of SIMIArtY INAEX .........uuuiiiiiiiiiiiiiiii e Iii
Declaration of the STUAENT..........ooiiiiiiii e eeeees v
ADSTITACT ..o %
ACKNOWIEAGEIMENTS ... .t e e e e e e e e e e e e e e e e e e e e e e e Vi
IS o) B 1= o] =2 PP Xiii
IS A0 T USSR XV
LISt Of EQUALIONS.......ccoiieieeici e e e e e e e e e e e e e e e e XVi
List Of ADDIEVIAtIONS ......cciiiiiiiiiiiiiiiiieee e XVil
CHAPTER 1: INtrOUCTION ....ceieieeeieiie et e e e e e e e e ee e e e e e e e eeeennes 1
1.1 Global Context and Research Motivation ....................eeeeiiiiiiiiiiiiieiiis 2
1.1.1 The EU Renewable Energy Investment Imperative..............ccccoeeeeeeeeeeeennn. 2
1.1.2 Key Contextual StatiStiCS........cooveeieeeeeeeeeee e 3

1.2 Research Problem and Identified Knowledge Gap ..............uevvviiiiiiiiiiiiiiininnnnns 4

1.2.1 Gap 1: Lack of Connection Between the Three Digital-Financial Variables4

1.2.2 Gap 2: No Formal Test of Synergistic Interaction Effects........................... 5
1.2.3 Gap 3: Full EU-27 Panel with Contemporary Data Coverage .................... 5

1.3 ReSEArch ODJECHIVES.......ccoeieiiicie e e e e e e aaaans 6
1.4 Research HYPOtheSES .........oovuiiiiiii e 7
1.5 Scope, Delimitations, and SignifiCanCe............cccooeeiiiiiiiiiiiii e, 9
1.5.1 SCOope and SAMPIE ......ccoeeiiii e 9
1.5.2 DelMITALIONS. ... 9
1.5.3 Academic and Policy SignifiCanCe...........cccceieeiiiiiiiieiiiiie e 10

1.6 Organization Of the THESIS ..........uuiiiiiiiiiiiiiiiii e 11
................................................................................................................................. 13

Vii



CHAPTER 2: LItErature REVIEW ......oeieeeeeeee e 13
and TheoretiCal FramMeEWOTIK ... ..o 13
2.1 Theoretical FOUNAIONS ......onieeeieeee e 15

2.1.1 Sustainable Development Theory and the Institutional Architecture of Green

I AINC ..o e e 15

2.1.2 Financial Intermediation Theory: FinTech, Al, and the Reduction of Capital

[ o3 1o 1SRRI 16
2.1.3 Innovation Diffusion Theory: Technology Adoption Dynamics ................. 18

2.1.4 Environmental Kuznets Curve: Income and the Capacity for Green

INVESTMENT ... e e e s 19
2.2 FinTech, Digital Finance, and Renewable Energy Investment ....................... 20
2.2.1 FinTech Platforms as Renewable Energy Capital Mobilisers.................... 20
2.2.2 Financial Development and Renewable Energy: Panel Evidence............ 21

2.3 Artificial Intelligence, Financial Analytics, and Renewable Energy Investment23

2.3.1 Al in Financial Decision-Making: Mechanisms Relevant to Green Investment

.......................................................................................................................... 24
2.3.2 Enterprise Al Adoption in the EU: Data Context and Limitations.............. 25
2.4 Green Finance, Green Bonds, and Renewable Energy Investment ............... 26
2.4.1 Green Bond Mechanics and Cost-of-Capital Channel..............ccccccceeee. 26
2.4.2 Green Finance in the EU: Market Structure and Policy Context............... 27

2.5 Synergistic Interaction Effects: The Digital-Green Financial Ecosystem

HYPOTNESIS ... ettt e e e e e e e et eaeaeeeaanns 28
2.5.1 The FinTech x Al Interaction: Compounding Efficiency Gains................. 28
2.5.2 The Al x Green Finance Interaction: ESG Signal Amplification ............... 29

2.5.3 The FinTech x Green Finance Interaction: Market Access and Liquidity

[D7=T=T o =T ] oo TR 30
2.6 Research Gaps, Contribution, and Hypothesis Summary..............ccccooeeeeeen. 31
2.7 Conceptual FrameWOrK........ccooviiiiiiieeeeeeeee e 34

viii



................................................................................................................................. 37
CH A P TER 3.t e e e e e e eb e e e e aaa e e e eeenans 37
Research MethodolOgY ......ccceviiiiiiiiiiiiiiiiiiiiieeeeeeeeeeeeeeee e 37
3.1 Research Philosophy and DeSigN........coovieeeiiiiiiiiiiiiie e 38
3.1.1 Epistemological, Ontological Stance ...........cccccevvveeeiiiiiiiiiiiieeeeeeeeen 38
3.1.2 Research Approach and Strategy ...........cceuvviiiiieeeeeiieeccie e 38

3.2 Data Sources, Sampling Frame, and Variable Operationalization................... 40
3.2.1 Sampling Frame and Panel Structure ............cccooeeevvviiiiiiiiiiee e, 40
3.2.2 Justification for Panel Data DesSign .............ceiiiieeeiiiiiiiiiiie e 41
3.2.3 Variable Operationalisation and Data SOUICeS..........ccccccceeeeeeeeeeeeeeerinnnnnns 42
3.2.4 Variable Operationalisation Rationale ............cccccccvvvvviiiiiiiiiiiiiiiiiiiiiie 44

3.3 Model SPeCIfICAION........ccee i 46
3.3.1 Theoretical Basis for Model Selection .............cccvvvvveiiiiiiiiiiiiiiiiiiiiiiiiieee, 46
3.3.2 Equation 1 Baseline Two-Way Fixed-Effects Model...........cccccccvvvviinnnnnn. 46
3.3.3 Equation 2 Interaction Specification (H4) ..........coovvvviiiiiiiiiiiiiiiiiiiiiiiiieeee, 47

3.4 EStIMAtioN Srategy......ccooiieiieiiie e 48
3.4.1 Four-Stage Sequential Estimation Pipeline...........cccccovvviiiiiiiieeeieveiiinn, 48
3.4.2 Stage 1: OLS Benchmarking and Fixed-Effects Estimation ..................... 49
3.4.3 Stage 2: Hausman Specification TeSt ..........cccceveieeeiiiiiiiiiiiiiceeeeeeeee, 49
3.4.4 Stage 3: System GMM for Endogeneity Correction................cccevvvvvvvnnnnn. 50
3.4.5 Stage 4: FMOLS for Long-Run Cointegration ............ccccoevviieiieivineeeeennnn. 51

3.5 Pre-Estimation DIiagnOStiC TESIS.....ccivvuiiieieiiiie e 51
3.5.1 Panel Unit ROOL TESHING ....ccccvuuiiiiiiii e 52
3.5.2 Panel Cointegration TeSHNG ........cuviiiiiiiiiiiiiiiiiiiieieeeeeeeeeeee e 53

3.5.3 Heteroskedasticity, Serial Correlation, and Cross-Section Dependence.. 53

3.6 RODUSINESS TEeStNG Srategy .......ceeeeieeeeeeeeee e 54



3.6.1 Rationale for Robustness Validation ..........ccoooveieii e 54

3.6.2 Six Robustness Checks (R1=R6).........ccouuuuuuiiiiiiiiiieeiiiiiee e 54

3.7 Factors that May Affect the Ethics of a Design Project............ccccooeeeeeeeeeeeee. 56
3.7.1 Ethical COMPIIBNCE ......oovviiiiiiiiiiiiiiiiieeeeeeeeeeeeeee e 56
3.7.2 Methodological LIMItatioNS ...........iiiieeeiiiiiiiiiii e 56

3.8 Chapter SUMMAIY ......ooviiiiiii e e e e e e e e e e e e e e e e e e e e e e eeeaanas 57
................................................................................................................................. 59
CHAPTER 4 ..t e e e e e e e e e e e eenans 59
Empirical RESUILS @Nd..........iiiii i 59
D= U= A g =11 P 59
4.1 DESCHPLVE SEALISTICS.....eiiiiiiiiiiiiiiiiiiiiiieiie ettt 60
4.1.1 Interpretation of Descriptive StatiStiCS ...........uuuururimriiiiiiiiiiiiiiiiiiiiiiiiiiineanns 61

4.2 Country-Level Cross-Sectional ANalySIS..........ccooiiviiiiiiiiiiiiieeeee e 64
4.3 Temporal Trend ANAIYSIS........cooiiiiiiiiiiiiiiieeeeeee e 66
4.3.1 Key Temporal Patterns and Policy Inflection PointS...........ccccccevvvienneennn. 67

4.4 Correlation Analysis and Multicollinearity DiagnoStiCS ..........ccovvvvveiiiiiiiiieeennne. 70
4.5 Panel Unit Root and Cointegration TeSES..........ccuvvviiiiiiiiiiiiiiiiieiiieeeeeeeeeeeeeeee 71
4.6 Main Regression RESUILS............uuiiiiii e 73
4.6.1 FINTECH Coefficient Interpretation (H1)..........ccoovvviiiiiiiieieiiiieiiee e 74
4.6.2 Al Coefficient Interpretation (H2)..........oouuiiiiiiiiiiieeiee e 75
4.6.3 GF Coefficient Interpretation (H3) ........oovvviiiiiieiiiiicee e 76
4.6.4 Control Variable Interpretation .............coooiiiiiiii e 77

4.7 Interaction Effects and Synergistic Amplification (H4) ........cccoooviiiiiiiiiiiinnnnnn. 79
4.8 RODUSINESS TESES ....ccoiiiiiiiiiiiiiieieee e 80
4.8.1 Detailed Robustness Interpretation ...................eeeeeeieeeiiiieiiiiiiiiiiiiieeeenns 82

4.9 Summary of Empirical FINAINGS .......ccooiviiiiiiiiiiiieeeeeeeee 83
(O o 1N PP 87



DISCUSSION, CONCIUSION, vttt e e e e e 87
AN IMPHCATIONS ... 87
5.1 Summary of KeY FINQINGS.....cccoiiiiiiiiiiiiiee e 88

5.1.1 Finding 1 H1: FinTech Development Drives Renewable Energy Investment

5.1.3 Finding 3 H3: Green Finance Depth and Renewable Energy Investment 90
5.1.4 Finding 4 H4: Synergistic Interaction EffectS..........cccccccviviiiiiiiiiiiiiiiinnnnn. 91
5.2 Theoretical IMPHCAtIONS .........cooiiiiieeee 91

5.2.1 Sustainable Development Theory: Green Institutional Architecture Works

.......................................................................................................................... 92
5.2.2 Financial Intermediation Theory: FinTech as Capital Mobiliser ................ 93
5.2.3 Innovation Diffusion Theory and GPT Complementarity ............ccc.ovvuee. 93
5.3 POliCY IMPlICALIONS ....coeeeiiiiiee e e e e e 94

5.3.2 European Investment Bank: FinTech Lending Pipeline Co-Investment ... 95

5.3.3 Member States: Al Capacity Building for Green Finance Applications..... 96
5.3.4 ESMA: Cross-Border Green Bond Market Deepening ...........ccceevveveeeeeeen. 97
5.3.5 EU Cohesion Policy: Resolving the Digital-Financial Synergy Trap......... 97
5.4 Practical Implications for INAUSEIY .........ooooeiiiiiiii 98

5.4.1 Institutional Asset Managers: Country Allocation in EU Renewable

INFFASITUCTUIE ...t 98
5.4.2 FinTech Firms: Al Integration as Competitive Imperative......................... 99

5.4.3 Renewable Energy Developers: Accessing Capital in Shallow Bond Markets

.......................................................................................................................... 99
5.5 Methodological LIMItatioNsS ...........cccooiiiiiiiiiiie e 100
5.5.1 Dependent Variable Proxy: Installed Capacity vs. Investment Flows..... 100

Xi



5.5.2 FinTech Proxy Coverage: Formal Alternative Finance vs. Embedded

FINANCE ..o e et e e e e et e e e e aeeane 100
5.5.3 Atrtificial Intelligence Data Quality Pre-2021 ...........cooovviiiiiiiieeeeeeeiiiinnn, 101
5.5.4 Endogeneity: Reverse Causality ...........coouuuviiiiiiieeiieeiiiccee e, 101

5.5.5 Omitted Variables: Carbon Pricing, Energy Prices, and Political Economy

........................................................................................................................ 102

5.6 Directions for Future Research...........ccoooo 102
5.7 CONCIUSION ... 103
REFEIENCES ... 106

Xii



List of Tables

The following tables appear in this thesis. Page numbers are approximate and may

shift slightly after final formatting.

Table 1.1. Key Contextual Statistics Motivating the Study ............ccoooeeeviiviiiiiiinneeen. 3
Table 2.1. Summary of Key Prior Studies, Variables Included, and Research Gaps

Table 3.1. Coordinating the operationalisation of this indicator, as well as the sources
and signs of success, and the range of data provided by EU countries, is a task of the
EU-27 Panel (2014-2023). .....cccuiiiiieeee e e ettt e e e e e e e e e e e e e e e e e 42
Table 3.2. The tutorial provides an overview of the Estimation Strategy: Four-Stage
Sequential ECONOMELHC PIPEIINE. .......ccoiii i 48

Table 3.3. Diagnostic Battery: Tests, Null Hypotheses, and Decision Rules (pre-

(<253 (1. = 110 ) USSP 51
Table 4.1. Descriptive Statistics EU-27 Panel Dataset, 2014-2023 (N = 270)........ 60
Table 4.2. Country-Level 10-Year Means EU-27 Panel, 2014—-2023 (sorted by mean
= PR PPPPPRPPPRR 64
Table 4.3. Year-Wise EU-27 Unweighted Panel Means, 2014-2023 (N=27 per year)
................................................................................................................................. 66
Table 4.4. Pearson Correlation Matrix EU-27 Panel Dataset (N = 270) .................. 70
Table 4.5. Variance Inflation Factor (VIF) Diagnostics Baseline and Interaction
SPECITICALIONS ... e e et e e e e e e e e e e aanaa 71
Table 4.6. Panel Unit Root and Cointegration Test Results EU-27 Panel (n=27, T=10)
................................................................................................................................. 71
Table 4.7. Main Regression Results Dependent Variable: In(REI) EU-27 Panel, 2014—
2023 (NZ270) ceeeeeeiiiiiieiit ettt e e e e e e st e e e e e e e e s e s bt e e e eeeeeeesannnbrrrreeaaeeeeaans 73
Table 4.8. Interaction Effect Estimates H4: Synergistic Amplification Dependent:
INIREID, NZ270 ...ttt ettt n et n et enen e teeeen s 79
Table 4.9. Conditional Marginal Effects of FINTECH on In(REI) at Varying Levels of
N 17X (0] o 1[0 o PSPPI 79
Table 4.10. Robustness Battery FINTECH, Al, and GF Coefficients Across Six
Alternative SPecCIfiCatiONS .........coovii i 80

Xiii



Table 4.11. Consolidated Hypothesis Testing Outcomes EU-27 Panel, 2014-2023

................................................................................................................................. 83
Table 4.12. Summary Bivariate Associations and Specification Comparison All Focal
VaNADIES ... 84

Table 5.1. Theoretical Framework Alignment Theory, Mechanism, Variable,
Prediction, Empirical Evidence, and VerdiCt............ccoovviiiiiiiiiiiiiiieeeeeeeeiie e 92
Table 5.2. Future Research Directions Data Needs, Methodology, and Expected
(@] 0111 011 11 0] o I 102

Xiv



List of Figures

Figure 1 Conceptual Framework: Digital-Financial Drivers of Renewable Energy
INVESIMENT. ... et e e e e e e e e e e e e e e e eeaas 12

Figure 2 Conceptual Framework: Digital-Financial Drivers of Renewable Energy

INVESTMENT. ...t e e e e e e e e e e e e e e e ennn e e e e ennaeeeeens 34
Figure 3.1 Research Methodology Framework .............ccccovvviiiiiiiii e 40
Figure 3.2. Conceptual Variable Map of the Study ... 45
Figure 4.1 Distribution of Renewable Energy Investment [In(REI)] in the EU-27 Panel
(N =270), 20142023 ....ooeeeeeeeeiieieeit ettt e e e e e e e s e e e e e e e s s assab b e reeaaeeeeaaan 63
Figure 4.2 Distribution and Year-on-Year Evolution of FinTech (% of GDP) in the EU-
27 PaANEl (2014—2023)....cceeeeeeeeiieieee ettt e e e e e e s a e e e e e e e 64
Figure 4.3 Top 10 EU Member States by Mean Renewable Energy Installed Capacity
(GW), 20042023 . eeeeeeeeee ettt e e e e st e e e e e e e st eee e e e e s e s nnbrrereeaaeeenaanns 66

Figure 4.4 Bivariate Relationships between FinTech, Atrtificial Intelligence, Green
Finance, and Renewable Energy INVESIMENt...........ccovvvviiiiiiiiiiiiiiiiiiiiieeeeeeeeeee 66
Figure 4.5 Trend in Mean Green Finance Depth across the EU-27 (2014-2023).... 69
Figure 4.6 Temporal Growth Trends in Renewable Energy Investment, FinTech,
Artificial Intelligence, and Green Finance across the EU-27 (2014-2023) ............... 69
Figure 4.7 Pearson Correlation Heatmap of the Study Variables..........ccccccccvvvenen. 70
Figure 4.8 Comparison of Regression Coefficients across Alternative Model
SPECITICALIONS ... .t e e e e e e e e e e e e e aaaaaa 78
Figure 4.9 Comparison of Model Goodness-of-Fit (R2) across Alternative Estimation
SPECITICALIONS ... 78
Figure 4.10 Conditional Marginal Effect of FinTech on Renewable Energy Investment

Figure 4.11 Comparative Coefficient Estimates across the FinTech, Atrtificial

Intelligence, and Green FINanCe MOEIS .........coovvvvieiiiiii e 83
Figure 5.1 Alignment of Theoretical Frameworks with Empirical Findings ............... 94

XV



List of Equations

The following numbered equations are presented in this thesis.

Equation 1  Baseline Two-Way Fixed-Effects Model............cccooooveeiiiiiiiiiiinnnenen, 46
Equation 2  Interaction Specification for Hypothesis H4 ...............cccevvviviiieneeee, 47

XVi



List of Abbreviations

The following abbreviations are used throughout this thesis. Each term is defined in

full at its first occurrence in the text.

Al
ADF
AR(2)
BBA
CCAF
CBI
CSRD
CVv

DV
DORA
EID
EIB
EKC
ESMA
ETS
EU
EuGBS
FE

FIT
FMOLS
FT
FINTECH
GF
GMM
GPT
GW
GDP
GDPPC
H1-H4

Artificial Intelligence

Augmented Dickey-Fuller

Arellano-Bond Second-Order Autocorrelation Test

Bachelor of Business Administration

Cambridge Centre for Alternative Finance

Climate Bonds Initiative

Corporate Sustainability Reporting Directive

Coefficient of Variation

Dependent Variable

Digital Operational Resilience Act (Regulation EU/2022/2554)
Energy Import Dependency

European Investment Bank

Environmental Kuznets Curve

European Securities and Markets Authority

Emissions Trading System

European Union

European Green Bond Standard

Fixed Effects

Financial Intermediation Theory

Fully Modified Ordinary Least Squares

FinTech (in interaction notation)

Financial Technology (Alternative Finance Credit Volume as % GDP)
Green Finance (Green Bond Issuance as % of Total Bond Market)
Generalised Method of Moments

General-Purpose Technology

Gigawatts

Gross Domestic Product

Gross Domestic Product per Capita

Research Hypotheses 1 to 4

XVii



IPS

JEL
LLC
LSDV

OLS
R&D
RD
RE
RED
REI
RISE
SFDR
SDT
SE

TRADE
ulu
VIF

Im-Pesaran-Shin Panel Unit Root Test

Instrumental Variable

Journal of Economic Literature Classification Codes
Levin-Lin-Chu Panel Unit Root Test

Least Squares Dummy Variable

Number of Observations (Panel)

Ordinary Least Squares

Research and Development

Research and Development Intensity (% GDP)
Random Effects

Renewable Energy Directive

Renewable Energy Investment / Installed Capacity (GW)

Regulatory Indicators for Sustainable Energy
Sustainable Finance Disclosure Regulation
Sustainable Development Theory

Standard Error

Number of Time Periods (Panel)

Trade Openness (% GDP)

United International University

Variance Inflation Factor

XViii



CHAPTER 1: Introduction




1.1 Global Context and Research Motivation

In response to the European Union's ambitious Green Deal agenda and the revised
Renewable Energy Directive ("Directive (EU) 2023/2413: Renewable Energy Directive
[l (RED III)," 2023; C. European, 2023), a massive private and institutional investment
surge is needed at unprecedented levels and in a timely fashion, of which public
money will not be sufficient. The three digital-financial innovations that are converging
— FinTech platforms, artificial intelligence-based investment analysis and the emerging
green bond market — have the potential to profoundly transform the flows of investment
in renewable energy and, as such, have been only lightly studied at a pan-EU level to
date. The study examines these three forces in detail — their separate impacts, how
they interact in a synergy and their overall impact on the EU's renewable energy
transition — using a detailed panel econometric analysis of all 27 member states of the

European Union over 10 years from 2014 to 2023.

1.1.1 The EU Renewable Energy Investment Imperative
The EU's Renewable Energy Investment Imperative is here to stay. The EU Energy

Investment Imperative to renewable energy remains.

The need for investments into renewables in the European Union is crucial. The EU
has pledged to increase the share of renewables to 42.5% of gross final energy
consumption in 2030, and 45% is the EU's aspirational target as outlined in the
REPowerEU plan (European Commission, 2022), under the changed EU Renewable
Energy Directive("Directive (EU) 2023/2413: Renewable Energy Directive 11l (RED
[l)," 2023; European Commission, 2023). The estimated amount of investment in
clean energy infrastructure needed to meet these targets for 2024-2030 is €370-400
billion per year, which is a substantial increase from €394 billion in 2023 (IEA, 2024).
Total EU renewable electricity installed capacity has doubled, from some 495 GW in
2014 to some 1,050 GW in 2023, although this represents just a fraction of the capacity
needed for 2030 (Eurostat, 20244, International Renewable Energy, 2024). To fill this
investment gap, it is essential to systematically mobilize private institutional
investments, which goes beyond existing approaches of public utility and banking

loans, through financial market mechanisms (Polzin & et al., 2021).

Under this backdrop, three seismic shifts in the financial industry have been

undergoing equally dramatic growth over just the last 10 years—specifically during the



study's time frame. Overall, the EU alternative finance market (peer-to-peer lending,
equity crowdfunding & invoice financing platforms (FinTech)) has reached and
surpassed the €13 billion mark in cumulative annual volumes in 2023, up from near
zero in 2014 (Cambridge Centre for Alternative Finance, 2024). Adoption of Al has
increased in the EU, from 4.9% of companies using it for credit assessment in 2014 to
35.6% in 2023, affecting the financial services sector(Eurostat, 2026). As of end-2023,
a total of more than €500 billion of green bonds had been issued in the EU, making it
the world's largest green bond debt market (Climate Bonds, 2024b; S. European &
Markets, 2022). The three forces have all been moving upwards, alongside the EU's
ambition to boost renewable energy investments, and all have been important drivers
of these investments, prompting this study's key research question: do these three
forces individually and collectively drive investment in renewable energy, and do they

generate synergic amplification effects beyond the sum of their parts?
1.1.2 Key Contextual Statistics

Table 1.1. Key Contextual Statistics Motivating the Study

Indicator 2014 Baseline 2023 Value Source

EU Renewable ~495 GW ~1,050 GW (+112%) Eurostat (2024a); IRENA
Installed Capacity (2024)

(GW)

EU Renewable ~€220 bn €394 bn (+79%) IEA (2024)

Energy

Investment (€

bnl/year)

EU Green Bond <€20 bn > €500 bn (>25x%) CBI (2024); ESMA (2023)
Issuance

(cumulative, €)

EU Enterprise Al < 5% > 35% (~7x) Eurostat DESI (2024b)
Adoption (%

firms)

EU Alt. Finance ~€0.7 bn ~€13.2 bn (18.9x%) CCAF (2024)

Volume (€

bn/year)

EU Green 3.10% 18.55% (6.0x) CBI (2024); Author calc.
Finance Share (%

bonds, mean)

EU Annual — €370-400 bn/year required IEA (2024); European
Renewable 2024-2030 Commission (2022)
Investment Gap

(est.)




Note: All values rounded. EU renewable capacity from (Eurostat, 2024a)
and(International Renewable Energy, 2024). Green bond cumulative from (Climate
Bonds, 2024c). (Eurostat, 2024a). Alternative finance from CCAF (2024). Investment

values in current euros.

Remarkably, the statistics in Table 1.1 show that the time 2014-2023 saw all four
variables (FinTech market penetration, enterprise Al adoption, depth of the green bond
market and renewable energy installed capacity) growing at the same time in the EU-
27. This co-movement does not as such imply causality, but it is consistent with the
theoretical prediction, which is based on Financial Intermediation Theory (Diamond,
D, Dybvig, & P, 1983; Levine & R, 1997), General Purpose Technology Theory (T. F.
Bresnahan & Trajtenberg, 1995), and Sustainable Development Theory (United,
1987b), that digital-financial innovation is a structural enabling factor for renewable
energy capital mobilization. The key contribution of this study is to empirically describe

and measure these relationships.

1.2 Research Problem and Identified Knowledge Gap

Although the empirical interest in the financial drivers of renewable energy investments
is already quite large and is growing, the literature suffers from a basic fragmentation;
until now, the determinants of renewable energy investments have been studied either
under the FinTech umbrella or the artificial intelligence or the green finance umbrella,
without having been brought together in a comprehensive empirical model. This
division creates three types of gaps in existing knowledge, which this study aims to

address.

1.2.1 Gap 1: Lack of Connection Between the Three Digital-Financial Variables

The main drawback of the current body of knowledge is that it does not account for
FinTech, Al and green finance as three factors affecting renewable energy investment
in one empirical model. Anton and Nucu (2020) study the financial development more
generally, but do not incorporate any FinTech, Al or green bond variables in their panel
of EU level studies. However, the effects of green bonds on investment in renewables
does not take account of the simultaneous development of FinTech and Al (Tolliver,
Keeley, & Managi, 2019). Mavlutova, Ostrovska, Natrins, Atstaja and Hermanis (2023)
study the concept of green finance and renewable energy sustainability in the EU, but
do not include FinTech platforms or the use of (M. A. Khan & Shahid, 2024)study the



topic of FinTech and green finance together and leave out the role of Al and do not
take the installed capacity of renewable energy as the dependent variable. (A. Omri,
Saidi, & Nguyen, 2024) conducted the same study as the authors of the current paper
but omitted FinTech and did not test the interaction effects. (Zia et al., 2024) analyze
FinTech and green bonds in the EU context but are not as specific as the paper as
they only look at energy poverty, not renewable energy capacity and do not include
Al. The main knowledge gaps this study aims to fill are the lack of a study that includes
all three variables of the project (FINTECH, Al, and GF) together with a dependent
variable that includes a renewable energy installed capacity and the complete sample
of EU-27 countries.

1.2.2 Gap 2: No Formal Test of Synergistic Interaction Effects

A second, analytically separate gap relates to the lack of empirical testing of the
synergy effects of the combination of FinTech and Al and green finance. The
theoretical literature on General Purpose Technologies (GPTS)(T. F. Bresnahan &
Trajtenberg, 1995), on the other hand, financial market complementarities (Milgrom,
P, Roberts, & J, 1990), and on digital-green financial ecosystems (M. A. Khan &
Shahid, 2024; A. Omri et al., 2024)offers robust theoretical justification to predict that
the synergic use of FinTech, Al, and green finance can give rise to unpredictive effects
on RE investments (i.e., the total effect is greater than the sum of its parts).

Specifically, the Al+FinTech distribution platform can help enhance the green bond
market's liquidity and the availability of green bonds to retail investors (FTXGF
channel); the Al+FinTech channel can help bring compounding efficiency gains in
green project financing; and the AI+GF channel can help strengthen the capital-
mobilising power of green bond certification. However, to date, no study has explicitly
considered interaction effects between the three variable pairs in a regression of
renewable energy investments (M. A. Khan & Shahid, 2024; A. Omri, Hamza, &
Slimani, 2025; G. Tian, Li, & Cheng, 2024), making this study a completely new

empirical contribution to the literature.

1.2.3 Gap 3: Full EU-27 Panel with Contemporary Data Coverage
The number of rows in this section represents the number of rows that will be added.

The number of rows in this section corresponds with the rows that will be added.



A third issue relates to the breadth and timeliness of the EU panel studies available.
Some existing studies focus on a specific subset of EU member states, (C. Tolliver et
al., 2019)only includes 22 countries, excluding several eastern European members of
the EU; or data was only collected before the EU Fit-for-55 policy package (July 2021);
or before the EU Green Bond Standard (2023); or before the digital acceleration due
to COVID (2020-2023). Studies that end before 2021 do not include more than half of
the observations for which an enterprise Al indicator is measured directly (not
interpolated) due to the systematic measurement quality limitations. The present study
aims to fill this gap, by creating a full panel covering all 27 EU member states for the
entire decade of the Paris Agreement baseline period and the Fit-for-55
implementation phase (2014-2023), and by making the Al interpolation limitation
explicit by testing it using the pre-COVID/post-COVID robustness subsample battery.

This study aims to fill the three identified gaps by estimating individual and combined
effect of the three key factors FinTech, Al and green finance on log transformed
renewable electricity installed capacity for N = 270 country-year observations during
2014-2023 using a 4-step estimation pipeline (Pooled OLS, country FE, 2-way FE,
system GMM, and FMOLS) and a 6-specification robustness battery.

1.3 Research Objectives

Each of the research objectives in this study is directly related to one of the four
hypotheses that are tested in the empirical analysis, and one of the four knowledge
gaps identified in Section 1.2. They are cast in a positive-empirical style of quantitative
panel econometrics: they are stated as directionally and falsifiable stated hypotheses
that are tested against the data using formal statistical inference (Wooldridge & J,
2010).

Objective 1: To explore the country-specific and direct impact of the development of
FinTech (as represented by Alternative finance credit volume as a percentage of GDP
(CCAF, 2024)) on the installed capacity of renewable electricity (In [REI]) in all 27 EU
member states over the panel time 2014-2023, while considering income, regulatory

quality, R&D investment, energy import dependency, and trade openness.

Objective 2: To measure the direct effect of enterprise Al adoption (indicated by the
Eurostat DESI enterprise Al indicator, (Eurostat, 2024b): share of firms using Al
technologies) on the electricity installed capacity of renewables in the EU-27 panel,
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controlling for other developments of FinTech and green finance and for country and
year heterogeneity by estimating a two-way fixed-effects model.

Objective 3: To examine the link between green finance market depth (proxied by the
green bond issuance share of total bond market issuance, based on CBI, 2024 and
ESMA, 2023) and the uptake of renewable electricity installed capacity in the EU-27,
as to whether the deeper the green capital market, the more systematically it brings in
investment into renewable electricity infrastructure, after accounting for

macroeconomic and institutional determinants.

Objective 4: To test the statistical significance of the three pairwise interaction effects
(FinTechxAl, AIxGF, and FinTechxGF) in explaining the renewable energy investment
and whether they produce greater synergistic amplification effects than simply the
additive effects of the three main effects; determine whether FinTech, green finance,
and Al can be considered a mutually reinforcing digital-green financial ecosystem or

a distinct set of additive channels of investments into renewable energy.

1.4 Research Hypotheses

Formal statements of the four research hypotheses are given below. All are based on
the theoretical framework discussed in Chapter 2, and translated into the variable
measurement in Chapter 3, and tested in the real world in Chapter 4. All hypotheses
are always presented in the alternative form (Ha) and presumed a certain direction of
effect (a coefficient of zero); the null hypothesis (H,) is the absence of the stated effect
(a coefficient of zero). The significance level for statistical analysis is assumed to be p
< 0.05 (two-tailed) and the p < 0.01 and p < 0.001 levels of significance are also

assumed.

H1 FinTech and Renewable Energy Investment

Null (Ho): FinTech development has no statistically significant effect on renewable
energy investment (B, = 0).

Alternative (Ha): FinTech development exerts a statistically significant positive
effect on renewable electricity installed capacity across EU-27 member states,
ceteris paribus (31 > 0, p < 0.05).

Theoretical Basis: FinTech platforms reduce information asymmetries and
transaction costs in renewable project finance, democratizing access to capital for
small and medium renewable developers(Cornelli et al., 2023; Goldstein et al.,



2019; Goldstein, Jiang, & Karolyi, 2019). Theory: Financial Intermediation
(Diamond et al., 1983; Levine & R, 1997).

H2 Artificial Intelligence and Renewable Energy Investment
Null (Ho): Enterprise Al adoption has no statistically significant effect on renewable
energy investment (B, = 0).
Alternative (Ha): Enterprise Al adoption exerts a statistically significant positive
effect on renewable electricity installed capacity across EU-27 member states,
ceteris paribus (B > 0, p < 0.05).
Theoretical Basis: Al enhances credit risk assessment, ESG scoring, and portfolio
optimization in financial services, reducing the cost and risk of capital allocation to
renewable energy assets (Goodell et al., 2021; Heaton, Polson & Witte, 2017; Tian
et al., 2024). Theory: Financial Intermediation + Innovation Diffusion (Rogers,
2003).

H3 Green Finance and Renewable Energy Investment
Null (Ho): Green finance market depth has no statistically significant effect on
renewable energy investment (B; = 0).
Alternative (Ha): Green finance depth (green bond issuance share) exerts a
statistically significant positive effect on renewable electricity installed capacity
across EU-27 member states, ceteris paribus (B; > 0, p < 0.05).
Theoretical Basis: Green bond markets direct long-duration institutional capital to
certified renewable energy infrastructure at a cost-of-capital discount (the
"geranium"), consistent with the EU Taxonomy institutional alignment mechanism
(C. Tolliver et al., 2019; Zerbib & O, 2019). Theory: Sustainable Development
Theory (United, 1987a).

H4 Synergistic Interaction Effects

Null (Ho): The interaction terms FTxAIl, AIXGF, and FTxGF have no statistically
significant amplification effects on renewable energy investment (Bg = B10 = B11 =
0).

Alternative (Ha): The joint deployment of FinTech, Al, and green finance generates
synergistic amplification effects on renewable electricity installed capacity that
exceed the sum of individual effects; at least one of By (FT*AIl), B1o (AIXGF), and
B11 (FTxGF) is positive and statistically significant (p < 0.05).

Theoretical Basis: FinTech+Al compounding in green project intermediation;
AlI+GF in strengthening the strength of the green bond signals; FinTech+GF in
broadening the access of the green financing in the retail market(T. F. Bresnahan
& Trajtenberg, 1995; M. A. Khan & Shahid, 2024; A. Omri et al., 2024). Theory:

GPT (GPT + Complementarity).



1.5 Scope, Delimitations, and Significance

1.5.1 Scope and Sample

The study covers the entire European Union with its 27 member countries ranging
from Austria through Denmark and Estonia, France, Germany, Greece, Hungary,
Ireland, Italy, Latvia, Lithuania, Luxembourg, Malta, Netherlands, Poland, Portugal,
Romania, Slovakia, Slovenia, Spain to Sweden over 10 years, from 2014 to 2023. The
complete EU-27 inclusion was an intentional design decision that aims to avoid
selection bias and provides external validity of the results for the whole EU policy
context (Baltagi & B, 2008). Data for all nine variables became available around the
same time as that of the panel —in 2014 — and the data is from that period also used
as the EU's 2030 Climate and Energy Framework baseline. The post-pandemic digital
acceleration and the first implementation impacts of Fit-for-55 package (C. European,
2021c; European Commission, 2023) are reflected in the panel end date of 2023. The
entire sample size is N = 270 country-year observations, that are fully balanced (T =
10 foreachi=1, ..., 27). All the data are taken from publicly available, internationally
recognized institutional databases, including Eurostat (2024a, 2024b), Cambridge
Centre for Alternative Finance (Cambridge Centre for Alternative Finance, 2024),
Climate Bonds Initiative (Climate Bonds, 2024b)and ESMA (2023), the World Bank
World Development Indicators (World, 2024b, 2024d) and the World Bank Regulatory
Indicators for Sustainable Energy (World, 2024a).

1.5.2 Delimitations

The study has several delimitations that are explicitly mentioned. The first is that the
geographic boundary is the EU-27, excluding non-EU European countries such as the
United Kingdom after Brexit, Switzerland, Norway, Iceland etc. as they are not
included in the data sources used (CCAF and Eurostat), and are in different regulatory
and institutional settings (C. European, 2023). Secondly, the proxy for renewable
energy investment is installed electricity generating capacity (GW), from Eurostat's
nrg_inf_epcrw database (Eurostat, 2024b) instead of direct investment inflows,
measured in euros. The operationalization is selected because there is no missing
data in the Eurostat capacity series in contrast to investment flow data (BNEF, IEA),
which have significant missing data for smaller member states in the EU and for the
earlier years. Installed capacity is a stock variable that is directly linked with the

increase of capital investment in renewable energy infrastructure and is the most
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common dependent variable in the panel energy economics literature (Bilgili et al.,
2016; Marques et al., 2011b). Third, the operationalisation of FinTech is done via the
alternative finance credit volume/GDP measure, which limits the scope of the
FINTECH results to the alternative credit market part of FinTech, and not for example

digital payments or even banking more broadly.

1.5.3 Academic and Policy Significance

The study has three contributions to the knowledge. It offers the first empirical
assessment of the relationship between the three pillars of FinTech, Al and green
finance as co-determinants of renewable energy investment in a full EU-27 panel,
meeting the main gap highlighted in Section 1.2. Second, this is the first empirical
study of pairwise interactions between these three digital-financial indicators in an RE
investment environment, filling the gap of prior research that merely theorized about
the "digital-green financial ecosystem" hypothesis (M. A. Khan & Shahid, 2024; Omri
et al.,, 2014). Third, the study uses a methodological standard, which is higher
compared to most of the similar studies before it, such as Anton and Nucu (2020), (l.
Mavlutova, A. Spilbergs, et al., 2023) and (Zia et al., 2024), including two-way fixed-
effects primary specification, system GMM endogeneity correction, panel
cointegration test, FMOLS long-run estimation and a six-specification battery of
robustness tests.

The findings directly impact on three aspects of EU sustainable finance governance,
for policy. The GF findings (H3) offer empirical evidence of beneficial capital allocation
impacts that the institutional green bond market architecture is delivering on the EU
Sustainable Finance Action Plan (C. European, 2018)and the EU Taxonomy
Regulation ("Regulation (EU) 2020/852: EU Taxonomy Regulation,” 2020). The
findings of the FINTECH exercise (H1) offer empirical evidence for the European
Commission's Digital Finance Strategy and FinTech Action Plan (C. European, 2020)
that the digital alternative financing channels are having a real impact on the
investment flows for clean energy, in addition to regular bank financing. The EU Al Act
("Regulation (EU) 2024/1689: Artificial Intelligence Act (Al Act)," 2024) and the role of
Al in sustainable finance capital allocation supervision (ESMA 2023) rely on the
empirical basis of the findings on Al — H2 for the EU Al policy hypothesis which
suggests positive externalities for the use of Al in enterprise in sustainable finance

capital allocation. Most importantly, the synergy results (H4) suggest that EU member
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states that invest in all three dimensions of the infrastructure for FinTech, Al in
enterprises and the green bond market depth will benefit from an even higher return
on renewable energy investments, also known as triple dividend, which has direct
implications for EU cohesion fund targeting and Just Transition mechanism design (C.

European, 2021c).

1.6 Organization of the Thesis

The rest of this thesis is laid out in four additional chapters that explore each of the
different aspects of the research process. Theoretical underpinning and empirical
research on FinTech, Al, green finance and renewable energy investments are
summarized with an integrative conceptual framework in four thematic sections in
Chapter 2, followed by the formal statement of the four hypotheses. The econometric
methodology is detailed in Chapter 3, which contains the equations used in the model
of the panel data, the four-stage sequential estimation procedure, and the pre-
estimation diagnostic procedure as well as the six-specification robustness testing
approach. The empirical results are presented in full detail in Chapter 4, which includes
descriptive statistics, cross-country and time-trend analysis, correlation and VIF
diagnostics, unit root and cointegration tests for the panels, the main regression
results, the verdicts from the hypothesis tests, the results of the interaction effect
analysis, and the results of the robustness tests. The findings are discussed
theoretically and in terms of policies in Chapter 5, and placed within the current
literature, the limitations of the study are discussed, and five directions are suggested

for future study.

The conceptual framework of this study is shown in the figure below (Figure 1.1). The
three focus explanatory variables and their direct hypothesized pathways to RE
investment (H1, H2, H3) are shown on the outer perimeter. On the middle perimeter,
the pairwise interaction pathways are shown where synergistic amplification effects
are hypothesized to occur (H4). The five control variables (In (GDPPC), RD, RISE,
EID, and TRADE) are plotted as a separate conditioning block as they are also used
as partial effect isolators in the econometric model but not primary variables of

theoretical interest.
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Figure 1 Conceptual Framework: Digital-Financial Drivers of Renewable Energy

Investment

Figure 1.1. The project was developed by the EU-27 Panel, an interdisciplinary expert
group of researchers and practitioners established in the field of the impact of FinTech,
Artificial Intelligence, and Green Finance on Renewable Energy Investment, with the
aim of conceptualizing the individual direct effects (H1 — H3) and synergistic interaction
pathways (H4) of these three fields. Direct (Hypothetical) effects (H1: FinTech—REI;
H2: AI-REI; H3: GF—REI) are represented by solid arrows. The dashed arrow in the
synergy zone is for the H4 interaction effect (FTxAI + AIXGF + FTxGF). All pathways
are affected by control variables (GDPPC, RD, RISE, EID, TRADE). Source: Author.
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This study focuses on the intersection of three strategic priorities that the EU has
identified as central to its 2030 energy and digitalisation agenda: FinTech-based
alternative finance, enterprise artificial intelligence, and green finance instruments (C.
European, 2023; European Commission, 2021). Their combined influence on
renewable energy investment is the central empirical question addressed in this

chapter.

This chapter develops the theoretical and empirical foundations for the four research
hypotheses. Each hypothesis is grounded in a specific theoretical perspective, which
are introduced in Section 2.1: Sustainable Development Theory (United, 1987b),
Financial Intermediation Theory (Levine & R, 1997), Innovation Diffusion Theory
(Rogers & E, 2003), and the Environmental Kuznets Curve (G. M. Grossman &
Krueger, 1995). Section 2.2 summarizes the empirical studies on the linkages between
FinTech and REI, Section 2.3 summarizes the empirical studies on the linkages
between Al and REI and Section 2.4 summarizes the empirical studies on the linkages
between green finance and REI, respectively, and critically examines the state of the
research and the specific gaps that motivated this study. The theoretical basis for the
synergistic interaction effects tested in Hypothesis H4 is in Section 2.5. In section 2.6,
all the gaps found in the literature are combined in a structured gap-identification table
and are formally derived into all four testable hypotheses. Finally, the chapter presents
the study's conceptual framework diagram (Figure 2.1), which amalgamates the four
theoretical mechanisms and the hypothesized pathways to the outcomes of investing

in renewable energy.

The theoretical foundation of this study rests on four interconnected frameworks that
collectively explain why FinTech development, Al adoption, and green finance depth
should each independently and jointly influence renewable energy investment. These
frameworks operate at different levels of analysis institutional, financial intermediary,
technological, and macroeconomic and their combination provides a multi-layered
theoretical grounding for the four research hypotheses (T. F. Bresnahan &
Trajtenberg, 1995; Levine & R, 1997; Rogers & E, 2003; Stern & D, 2004). The
following sub-sections present each framework and connect it to its corresponding

hypothesis.
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2.1 Theoretical Foundations

Sustainable Development Theory, as articulated by the Brundtland Commission
(United, 1987b) and operationalised in subsequent UN frameworks (United, 2015b),
holds that long-term economic development must be reconciled with environmental
preservation through institutional arrangements that align private capital incentives
with collective environmental goals (Sachs & J, 2015).

The most general institutional framing of the question of the linkages between financial
market structure and environmental investment outcomes is Sustainable Development
Theory as formulated in the Brundtland Commission's (United, 1987b) and
implemented in the United Nations Sustainable Development Goals (United, 2015b).
The key principle of this theory is the need to ensure long run sustainability, which
means the ability of current generations to meet their needs without reducing the ability
of future generations to meet their needs by supporting institutions that deliberately
reconcile the economic, environmental, and social goals of financial markets (Sachs
& J, 2015; C. Tolliver et al., 2019). Without this alignment, financial markets, which are
driven by return maximization over the short time, systematically underinvest in long-
term public goods in the natural environment, like infrastructure on renewable energies
(Stern & N, 2007; United, 2015a).

2.1.1 Sustainable Development Theory and the Institutional Architecture of Green
Finance

Sustainable Development Theory contributes to the concepts of the Sustainable
Finance Action Plan of the European Commission, 2018(C. European, 2018), the EU
Taxonomy Regulation ("Regulation (EU) 2020/852: EU Taxonomy Regulation,” 2020),
the Sustainable Finance Disclosure Regulation ("Regulation (EU) 2019/2088:
Sustainable Finance Disclosure Regulation (SFDR)," 2019), and (C. European,
2021a). They form the institutional framework that ties the allocation of capital to
environmental sustainability goals: the EU Taxonomy provides a science-based
definition of what economic activities are 'environmentally sustainable' or not, thus
changing the cost structure of capital, making investments that are certified green
more cost-effective (as they are given lower risk-weightings, tax exemptions, and
investors are obliged to disclose investment portfolios), while investments in brown
activities will become more expensive (because of stranded asset risk, carbon pricing,

and the phasing out of fossil fuel subsidies) ("Action plan: Financing sustainable
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growth (COM/2018/097 final)," 2018; Flammer & C, 2021). The depth of the green
finance market, in terms of the share of the bond market dedicated to certified green
bonds, is thus a direct market consequence of these institutions. Countries and
periods with more financial regulations aligned with the sustainability goals should
have more depth of GF, which will lead to more financial resources being allocated to
renewables projects (Climate Bonds, 2024b; Mavlutova, Ostrovska, Natrins, Atstaja,
& Hermanis, 2023; C. Tolliver et al., 2019). It is direct, in that it produces the study's
third hypothesis directly.

H3: Green Finance Depth exerts a positive and statistically significant effect on
Renewable Energy Investment in EU member states.

2.1.2 Financial Intermediation Theory: FinTech, Al, and the Reduction of Capital
Frictions

The empirical evidence is consistent with this theoretical prediction: the depth of green
bond markets in EU member states has grown from 3.10% to 18.55% of total bond
market issuance over 2014-2023 (Climate Bonds, 2024b), and several studies confirm
a positive and significant relationship between green bond issuance and renewable
energy investment at the national level (Flammer & C, 2021; Polzin & et al., 2021; C.
Tolliver et al., 2019).

This lesson examines the Financial Intermediation Theory, which explores the impact
of FinTech and Al on the process of financial intermediation and how this process can
reduce the frictions of capital. The microeconomic mechanism that is the basis for both
the theory of FinTech development and for the theory of Al usage as a catalyst for
renewable energy investment is called Financial Intermediation Theory, which was
developed in the fundamental works of (Diamond et al., 1983), (Stiglitz, J, Weiss, & A,
1981), and (Levine & R, 1997). This theory's key concept is the minimization of the
information asymmetries, transaction costs and risk premiums that impede the
effective allocation of funds to socially productive uses that otherwise receive
insufficient financing by the capital providers (savers and investors) compared to the
capital users (renewable energy project developers) (Diamond et al., 1983; Levine &
R, 1997; Stiglitz et al., 1981).

FinTech platforms are a new generation of digital financial intermediaries that redefine

and amplify the role of capital allocation in three keyways. First, platform-based peer-
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to-peer (P2P) lending, equity crowdfunding and invoice finance dramatically cut down
search costs, the time and expense renewable project developers need to find and
contact capital providers, by bringing together the fragments of supply and demand on
digital marketplaces available to retail and institutional investors across EU member
states. (Cornelli et al., 2023; Goldstein et al., 2019; P. Langley & Leyshon, 2021).
Second, on FinTech platforms, algorithmic credit scoring and automated due diligence
will significantly lower the credit risk assessment cost per transaction, which typically
would be achieved by an investment in solar rooftop, community wind and district
heating systems among the small and medium sized projects not typically considered
by traditional banks for credit financing (Ashta, 2023; Ogunruku et al., 2024; F. Polzin,
Eqgli, Steffen, & Schmidt, 2021). Third, the secondary market feature of the investment
platforms in the FinTech sector contributes to better liquidity for green assets, thereby
decreasing the liquidity premium that investors require and, hence, the true cost of
capital for renewable energy projects (Goldstein et al., 2019; P. Langley & Leyshon,
2021). In all the three ways, FinTech development is expected to have a positive and

significant impact on the installed capacity of renewable energy.

H1: FinTech Development exerts a positive and statistically significant effect on

Renewable Energy Investment in EU member states.
Al enhances the intermediation role with a parallel and somewhat overlapping range
of mechanisms. Al technologies have three analytically different functions in financial
intermediation for green investment. First, machine learning algorithms can be applied
to enterprise credit assessments to extract predictive signals from large, diverse data
sets that human analyst cannot process, which can help to price the risk of renewable
projects more accurately, and thus allocate capital more efficiently (Goodell, Kumar,
Lim, & Pattnaik, 2021; Heaton et al., 2017; H. Tian, Long, & Li, 2025). Second, Al-
driven ESG (Environmental, Social, and Governance) rating engines add further value
to green bond certifications by providing granular, standardized, and independently
verifiable ESG ratings, which helps reduce investor uncertainty and helps bring in a
broader investor base to green bond financial instruments, thereby expanding green
finance markets(S. European & Markets, 2022; A. Omri et al., 2025). Third, Al can be
used to lower the risk premium in renewable project discount rates, which decreases
the operational and financial risk of renewable energy assets by enhancing capacity

factor forecasting and curtailment estimates (J. W. Goodell et al., 2021; G. Tian et al.,
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2024). Together, these mechanisms contribute to the prediction that enterprise Al
usage has a positive and independent impact on the investment of renewables.

H2: Enterprise Al Adoption positively and significantly influences Renewable

Energy Investment in EU member states.

2.1.3 Innovation Diffusion Theory: Technology Adoption Dynamics

Rogers' (2003) multi-edition Innovation Diffusion Theory (IDT) offers the dynamic
temporal framework for understanding market penetration of FinTech platforms and
Al based financial tools in the various EU member states. The underlying concept is
the S-shaped curve of adoption: innovations first tickle early adopters (usually
technology-oriented, high income, well-educated people, and companies) and then
spread quickly to the early majority (where the network effects and standardisation of
the technology and falling unit costs make adoption easier) before finally slowing down
once a market reaches saturation (Rogers & E, 2003). Most important, Rogers (2003)
distinguishes five types of adopters that move through the chain, thus creating the
typical S-curve that can be seen at the population level: innovators, early adopters,

early majority, late majority, and laggards.

The EU-27 panel data used in this study allows three key predictions of the Innovation
Diffusion model to be applied. Almost all enterprise Al adoption rates in the EU have
been in line with the S curve, from around 6.9% of enterprises in 2014 (innovator
phase) to 34.9% in 2023 (early majority/late majority transition phase) as reported by
Eurostat's DESI data (Eurostat, 2024a) as summarized in Chapter 4. This indicates
that the EU panel is at the most significant part of the diffusion curve — the steepest
part of the S curve — in which the marginal effect of adoption on the economic results
is highest (E. M. Rogers, 2003). Second, there are significant predictions across
countries for diffusion timing, depending on the country's technology orientation, with
northern EU member countries, including the technology-forward ones (Sweden,
Denmark, Finland, Netherlands), being the lead adopters and their experience
predicting the path for laggard member countries (Bulgaria, Romania, Slovakia). The
main source of identifying variation in the fixed-effects panel estimates is from this
cross-country variation in Al and FinTech adoption. Third, diffusion theory suggests
the strength of the AI-REI and FinTech—REI relationships could be nonlinearly

increasing over time: larger coefficients in the post-2019 time as network effects and
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scale economies grow. Third, diffusion theory implies that the strength of the AlI-REI
and FinTech—REI relationships may be nonlinearly increasing over time: larger
coefficients in the post-2019 time as network effects and scale economies grows.
Partially based on diffusion theory, the interaction specification of Hypothesis H4
suggests that the synergy effects are likely to become stronger as the interaction of
both FinTech and Al enters the early-majority phase and the combined complementary
network effects of both products will be synergistic (Bresnahan, T, Trajtenberg, & M,
1995; E. M. Rogers, 2003).

2.1.4 Environmental Kuznets Curve: Income and the Capacity for Green Investment

The Environmental Kuznets Curve (EKC) was first advanced by Grossman and
Krueger (1991)(Grossman, G, Helpman, & E, 1991), in the context of free trade in
North America, and subsequently formalized by Stern (2004) who conducted a
comprehensive methodological review. The EKC hypothesis suggests that
environmental degradation is related to economic growth in an inverted U fashion such
that in low-income countries, economic growth favors industrialization and the
degradation of the environment, and in high-income countries, richer societies have

developed preferences and the institutional capacity for environmental protection.

As extended to the finance-environment nexus by Bilgili, Kocak and Bulut (2016) and
Inglesi-Lotz (2016), applied to the investment in renewables, the EKC framework
suggests that higher wealth EU member states will have greater installed renewable
electricity capacity, through a series of reinforcing mechanisms: (1) Higher absolute
fiscal capacity for subsidising renewable electricity procurement and public
investment; (2) Deeper domestic capital markets with more sophisticated institutional
investors able to assess the long-duration assets of renewable infrastructure; and (3)
Stronger political demand for environmental quality by higher wealth electorates (G.
M. Grossman & Krueger, 1991; Stern & D, 2004).

The EKC framework specifically predicts a positive relationship between renewable
investment and income in the EU-27 context, as Germany ($52,265 mean GDPPC,
99.0 GW mean REI) is not only at the top of the income distribution, but is also at the
top of the renewable capacity distribution, while Bulgaria ($9,219, 5.3 GW) and
Romania ($11,955, 14.1 GW) are at the bottom of both. There is enough variability

along the cross-country income range within the EU-27 panel ($8,145 in 2014 in

19



Bulgaria and $126,017 in 2023 in Luxembourg) to be a good test for this control
relationship (Chapter 4). One of the key findings of this study's identification strategy
is that the EKC framework suggests that the penetration of FinTech, Al and green
finance is also correlated with GDPPC, which is why it serves as a control variable to
account for all other income gradients besides the one caused by the focal variables.
The EKC also supports a robustness check (R6) that considers a sample split based
on income: the income-specific robustness check would imply the larger effects of the
FinTech and GF variables in the high-income subsample, consistent with the EKC
prediction that capital market mechanisms are more effective in financially developed
economies (Polzin & et al., 2021).

2.2 FinTech, Digital Finance, and Renewable Energy Investment

The EU context is analytically distinct from these non-EU studies, because EU
member states operate within a common regulatory architecture including the EU
Taxonomy Regulation (EU/2020/852), the SFDR (EU/2019/2088), and the EuGBS
(EU/2023/2631) that does not exist in the US or Chinese contexts (C. European,
2021a). This institutional distinctiveness motivates the focus on the EU-27 panel rather

than a global sample.

FinTech and renewable energy investment represents one of the fastest-growing
intersections in energy economics and digital finance research (Cornelli et al., 2023;
Yilmaz & Can, 2024). Since crowdfunding and marketplace lending platforms emerged
as commercially significant around 2010, a growing empirical literature has examined
how digital financial innovation reduces financing costs and expands capital access
for clean energy projects (Buchak, Matvos, Piskorski, & Seru, 2018; Climate Bonds,
2024a). This section reviews this literature across four themes: the mechanisms
linking FinTech to renewable project finance; the broader financial development—REI
literature; the EU-specific FinTech context; and the specific gaps that this study

addresses.

2.2.1 FinTech Platforms as Renewable Energy Capital Mobilisers

The theoretical rationale behind the possible link between the FinTech and renewable
energy (RE) sectors rests on the concepts in the platform economics literature. (Ashta,
2023)shows that the rise of FinTech platforms, especially crowdfunding and P2P

lending platform, has significantly increased access to renewable energy project
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finance for small investors who were unable to invest in renewable energy projects
like solar and wind power projects previously. Retail investor networks (Ashta, 2023;
Climate Bonds, 2024b) have been used to directly finance rooftop solar, community
wind and biogas projects in the EU via platforms like Abundance Investment (UK),
Lumo (France) and Oneplanetcrowd (Netherlands). Ogunruku, Okoye and
Nwachukwu (2024) further explore this in the developing world, highlighting three sets
of FinTech mechanisms which, when combined, make renewable energy investment
more affordable to both individual investors and the total amount of capital invested
mobile payment based solar leasing, blockchain based energy asset tokenisation, and
algorithmic green microloans (O. O. Ogunruku et al., 2024).

Khan and Shahid (2024) at the macro-level examine the impact of the penetration of
alternative finance credit on sustainability performance outcomes, such as clean
energy transition, across a panel of 25 emerging and developed countries between
2014 and 2022, and find that the penetration of alternative finance credit positively and
significantly affects outcomes of sustainability performance at the macro-level at least
for the period of 2014-2022 for the 25 emerging and developed countries considered.
The authors see this as evidence of the financial intermediation mechanism, as the
"green premium" the extra risk-adjusted return required by investors to cover the
information opacity of green project assessment is lowered by offering credible
platforms, rich in data, for the evaluation of green projects (Khan & Shahid, 2024). In
an EU panel (2014-2021), Zia, Fikri, Hashim and Bhutto (2024) investigate the
relationship between FinTech development and green bond market development,
which is found to be positive and lead to a decrease in energy poverty, thus confirming
FinTech's role as a catalyst for the wider green financial ecosystem in the EU. But the
energy poverty is considered as dependent variable by (Zia, Zhong, & Akbar, 2024)
instead of installed capacity of renewable energy, which remains unanswered whether

FinTech directly promotes the installation of new renewable energy.

2.2.2 Financial Development and Renewable Energy: Panel Evidence

A substantial panel-econometric literature examines the relationship between financial
sector development and renewable energy investment across multiple country
contexts, providing important benchmark evidence for the present (Anton, S, Nucu, &
A. E, 2020; Songwe & Stern, 2021).
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There is a larger literature on the link between financial sector development broadly
(defined as banking depth, capital market development and sophistication of
institutional investors) and investment in renewable energy. For the present study the
most relevant benchmark study is the study by (Anton et al., 2020)which also uses a
fixed-effects and GMM panel of EU members between 2008 and 2018 and reports a
positive and significant relationship between renewable energy consumption and both
stock market capitalisation and domestic credit to the private sector as measures of
financial development. This study directly extends Anton and Nucu (2020) by replacing
their broad financial development proxies with the operationally specific CCAF
alternative finance series for FinTech, the Eurostat DESI enterprise Al indicator, and
the CBI green bond share for GF none of which were available at EU-27 panel level
during their 2008-2018 study period (Climate Bonds, 2024b; Eurostat, 2024b; World).

Polzin, Egli, Steffen and Schmidt (2021) systematically review 70 empirical studies on
the finance—renewable energy nexus, finding that private investments in renewable
energy are much more likely to be mobilised by the policy-directed finance instruments
(green bonds, guarantees and concessional finance) than by carbon pricing
mechanisms alone, especially for early-stage technologies. In line with the three
findings of the Polzin et al. (2021) review, this study combines the three following
findings: (1) across the different studies, financial market depth (measured as total
capital market size relative to GDP) is consistently positive and significant; (2) in line
with the platform economy dimension of renewable project finance, mechanisms of
reduction in information asymmetry are identified as being of the first order
theoretically but less explored in practice; and (3) no existing study takes a
comprehensive digital finance proxy that captures FinTech specifically, instead relying
on traditional bank credit variables that do not capture the platform economy
dimension of renewable project finance. The study by Reboredo (2018) on green bond
market co-movement with equity and conventional bond markets reports limited co-
movement between green bond and equity returns, which supports the green finance
deepening mechanism proposed in H3: green bond investors constitute a distinct,
committed investor base that provides long-term patient capital to renewable energy
assets independently of conventional equity market cycles (Flammer & C, 2021;
Reboredo & J, 2018).
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H1 is tested in the case of the EU alternative finance market. According to the EU-27
Alternative Finance Credit Volume report (Cambridge Centre for Alternative, 2024),
the credit volume for alternative finance has increased by 18.9 times, from around €0.7
billion in 2014 to €13.2 billion in 2023, and was mainly due to the credit volume of
northern EU markets (Netherlands, Sweden, Denmark), which accounted for about
65% of the total EU volume over the period. The distribution of FINTECH across the
different countries in the panel data is skewed, with the highest share of GDP in
Sweden (0.376%) and the lowest in Bulgaria (0.025%) and Romania (0.038%) and a
15-fold cross-country range, implying that this is the source of the identifying variation
for the fixed-effects estimation. This is the first study to have used the country-level
alternative finance/GDP data series from the CCAF for the entire EU-27 panel of
countries and relate it to the installed capacity of renewable energy as the dependent
variable. This is the first study using the series of country-level alternative finance/GDP
data from CCAF together with the panel of countries spanning EU-27 and the installed

capacity of renewable energy as the dependent variable.

2.3 Atrtificial Intelligence, Financial Analytics, and Renewable Energy Investment

Artificial intelligence tools have become increasingly embedded in financial decision-
making processes over the period 2015-2024, as financial services firms have
commercialised machine learning, natural language processing, and deep neural
network capabilities (Buchak et al., 2018; Goldstein et al., 2019). The resulting
empirical literature on Al in finance has grown rapidly, with a focused strand examining
implications for ESG analytics, climate risk assessment, and renewable energy
portfolio optimisation (Goodell et al., 2021; Heaton et al., 2017). A key strand of the
literature focuses on the implications of Al-driven tools for analysis, risk management,
and portfolio optimization on capital flows for renewable and sustainable energy
investments. The literature under this broader theme includes specific studies on the
impact of Al-driven analytics, risk assessment tools, and portfolio optimization on
investment flows into renewable and sustainable energy assets. The systematical
review of this literature is addressed by proceeding from the theoretical background to
empirical evidence and then to the specific context of the EU enterprise. This is done
in a systematic way, starting from the theoretical background to the empirical evidence
and then to the specific case of EU enterprises, to identify the panel data gap of this

study.
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2.3.1 Al in Financial Decision-Making: Mechanisms Relevant to Green Investment
The most comprehensive survey of the application of Al in financial markets is that of
Goodell et al. (2021)(J. W. Goodell et al., 2021) who draw on more than 200 studies
to identify six main areas where Al is having a meaningful impact on the efficiency of
financial decision making: (1) asset pricing and the prediction of asset returns through
machine learning; (2) automated credit risk assessment; (3) deep learning factor
models for financial portfolio construction; (4) pattern recognition for fraud detection
and regulatory compliance; (5) sentiment analysis and financial trading signals from
natural language processing; and (6) the use of Al in the field of robo-advisory and
automated financial planning. Of these, the domains in (2), (3) and (5) are most directly
pertinent to the renewable energy investment channel because they have a direct
impact on lowering the capital allocation risk and cost associated with renewable
infrastructure investments (Goodell et al., 2021).

The implications drawn from Heaton et al.'s (2017) findings for green portfolio
construction are that Al-powered portfolio optimization allows institutional investors to
efficiently assess the risk and return of large and diverse project portfolios in
renewable energy without the limitation of computational capacity that constrain
human investors from assessing risk-return profiles of renewable energy project
portfolios. This mechanism is directly consistent with Financial Intermediation Theory
(Levine & R, 1997): by reducing the per-unit cost of the intermediation function through
automation, Al expands the universe of renewable projects that clear the investment
evaluation threshold, particularly for smaller and community-scale projects that
previously failed cost-benefit screens (Cornelli et al., 2023; Diamond et al., 1983).

The most empirically closest study to H2, in the present paper, is performed by Tian,
Li and Cheng (2024) who investigate the effect of digital finance (partly measured by
Al implementation in the enterprise) on green innovation activities of large firms in
China. They report a significant and positive link between the penetration of digital
finance and green patent applications and green R&D investment, seen via the
reduction of the costs of green innovation risk assessment due to Al's role in
information processing. By looking at a global sample of 40 countries over the period
2000-2022, Omri, Saidi and Nguyen (2024) can analyse Al adoption, which they proxy
as the adoption of OECD.Al Index is positively correlated with investment in

renewables, and the correlation is greater in countries that have financial markets that
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are more integrated. More critically, (A. Omri et al., 2024) do not include FinTech as a
co-regressor, meaning their Al coefficient may partially capture FinTech effects given
the high correlation between digital finance penetration variables across their sample
(r=0.836 in the EU-27 dataset; see Table 4.4). The present study addresses this co-
regressor omission by including FINTECH, Al, and GF simultaneously in a joint
specification.

2.3.2 Enterprise Al Adoption in the EU: Data Context and Limitations

The indicator "enterprise Al" from the Eurostat index Digital Economy and Society
(DESI) measures the percentage of EU enterprises with 10 or more employees using
at least one Al technology for their business activities, such as machine learning
applications, natural language processing (NLP) systems, and computer vision
technologies (Eurostat, 2024a). This indicator measures Al productive deployment
(not investment or Al research productivity measures) and will measure the moment
where Al starts to have a productivity and efficiency effect in financial intermediation
processes that are relevant to renewable investments, a measure that is uniquely
comprehensive and cross-nationally harmonized, available for the first time (Eurostat,
2024a; Goodell et al., 2021). Data from Eurostat reveals that the adoption of Al by
enterprises in the EU-27 countries has grown significantly, increasing from 6.9% of
enterprises in 2014 to 34.9% in 2023, with notable differences across countries: the
rates of Al adoption are the highest in Finland (32.9%), Denmark (26.0%), and Sweden
(31.8%), and the lowest in Romania (7.4%), Bulgaria (9.0), and Slovakia (8.0)
(Eurostat, 2024b; Chapter 4, Table 4.2).

It's important to remember that the pre-2021 series of Al is subject to a key data quality
warning. The Eurostat DESI enterprise Al indicator has started systematic annual data
collection from 2021 onwards, and the data for 2014-2020 years have been
interpolated from OECD. The Al Policy Observatory Index with a standardized
extrapolation method detailed in Eurostat (2024b) (Eurostat, 2024b)was used to
record this. This interpolation causes classical attenuation bias in the pre-2021
estimates of the Al coefficient, thereby giving a lower bound on the true value of the
Al finding (J. M. Wooldridge, 2010). The post-2020 subsample robustness check (R5,
Chapter 3) offers a robustness check of the measurement quality by adopting only the
directly measured Eurostat information (2020-2023). Moreover, this DESI enterprise

Al adoption measure was not used as a regressor in an investment equation on
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renewable energy until H2 in this study, which is the first EU-27 panel study to employ

this measure.

2.4 Green Finance, Green Bonds, and Renewable Energy Investment

During the study period, allocation of financial capital to economic activities that
produce positive environmental outcomes (green finance) has become a key
component of the EU's climate policy architecture (C. European, 2018, 2021c). Green
bonds are the most empirically researched financial instrument within the green
finance universe, which is defined as 'labelled debt securities whose proceeds are
contractually dedicated to certified environmental projects, such as renewable energy
projects, energy efficiency and adaptation infrastructure for climate change' (Climate
Bonds, 2024a; Flammer & C, 2021; Zerbib & O, 2019). This section summarizes the
literature on green finance—renewable energy investment in four thematic sections
covering the green bond mechanics, the green bond market structure, the EU-specific

green finance context, and the gaps in the literature.

2.4.1 Green Bond Mechanics and Cost-of-Capital Channel

Green bonds are instruments that represent a dedicated capital allocation, bringing
together investors who have an environmental motivation (such as a sovereign wealth
fund, an ESG mandated pension fund, and an impact investor) and developers of
renewable energy projects who need long-duration debt financing, the kind of debt
that is difficult to be provided by traditional bank financing (Flammer & C, 2021,
Reboredo & J, 2018). The core financial dynamics is the “greenium”, the yield spread
between green bonds and traditional bonds of the same credit quality and term-to-
maturity, and issued by the same issuer, that is observed in the market. Several
studies have estimated the greenium, and Zerbib (2019) employs a matched-pairs
approach to find that the greenium is statistically significant at the average level, with
an average yield premium of —2 basis points for the 135 green bonds issued between
2013 and 2017, which represents a lower cost of capital for green certified projects.
Building on this, Flammer (2021) confirms the results and shows that corporate
environmental performance around a green bond issuance event is positively
abnormal, and that the performance of the corporations increases continually after
issuance of a green bond, both of which are consistent with green bonds being credible

signaling mechanisms that attract a new class of long-term investors.
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The most direct empirical predecessor to H3 in the current study is that of Tolliver,
Keeley and Managi (2019), who examine the relationship between the green bond
market and investment in renewables for a panel of 22 countries that are part of the
Paris Agreement between 2012 and 2018. They determine that the issuance of green
bonds is positively and significantly linked with investment in renewable energy, such
that for the increase of one standard deviation in green bond market depth, the
electricity installed capacity in renewable energy is increased by about 9%, controlling
for income and policy quality and energy prices. Critically, Tolliver et al. (2019) cover
only 22 countries excluding several eastern EU member states and do not include
FinTech or Al as co-regressors. Their GF coefficient may therefore be inflated by the
correlated emergence of digital financial infrastructure across their sample. The
present study addresses this by using the full EU-27 panel (n=27) and including all

three focal variables simultaneously (Flammer & C, 2021; F. Polzin et al., 2021).

2.4.2 Green Finance in the EU: Market Structure and Policy Context

During the 2014-2023 period of the study, the EU green bond market experienced a
significant structural growth, both in terms of the development of institutions and the
standardization of the regulations. This transformation is confirmed by Mavlutova,
Ostrovska, Natrins, Atstaja and Hermanis (2023) who found that the introduction of
green finance instruments, notably green bonds and sustainability linked loans, played
a significant role in the sustainability of renewable energy investments in EU member
states from 2010 to 2020. Regulatory harmonization has been identified by the authors
as the key factor in deepening the green finance market in line with Sustainable
Development Theory, which suggests that the deepening of the green finance market
should follow three stages: initial alignment of EU financial regulations with
environmental goals, gradual alignment, and ultimate alignment (C. European, 2018;
European Commission, 2023; "European Green Deal: Progress and future plans
(COM/2023/298 final),” 2023; Mavlutova et al., 2023). Omri et al (2024) study both Al
and Green Finance in a global panel, and while both are found to positively impact
investment in renewable energy, they do not test for interaction between the two; this

is what this paper attempt to address with Hypothesis H4.

The CBI (2024) data show that green bond issuance as a share of the EU total bond
market grew from 3.10% in 2014 to 18.55% in 2023, a 6.0-fold expansion that

represents one of the most significant structural shifts in EU capital markets over the
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decade. However, this aggregate trend masks substantial cross-country
heterogeneity: Sweden (23.1%), Denmark (19.4%), and the Netherlands (20.8%) have
the highest GF depth in the panel, while Bulgaria (1.4%), Croatia (2.7%), and Hungary
(2.7%) have the lowest, representing a 15-fold range across the EU-27 (CBI, 2024;
Eurostat, 2024a)(Eurostat, 2024b). This cross-sectional variation in GF depth provides
the identifying variation for the fixed-effects estimation of the GF — REI relationship.
The main distinguishing variation for the fixed-effects estimation is this heterogeneity.
Khan and Shahid (2024) investigates the interplay of FinTech and green finance but
does not consider sustainability performance as the dependent variable; also, the
study is the first to test the combination of green finance with both FinTech and Al in

a renewable energy investment equation for the complete sample of the EU-27 panel.

2.5 Synergistic Interaction Effects: The Digital-Green Financial Ecosystem Hypothesis
Having reviewed the independent empirical literatures for H1, H2, and H3, this section
develops the theoretical basis for the synergistic interaction hypothesis (H4). H4 states
that FINTECH, Al, and GF are not simply additive inputs to renewable energy
investment but are instead mutually amplifying components of a digital-green financial
ecosystem a theoretical construct consistent with the General-Purpose Technology
complementarity literature (Bresnahan & Trajtenberg, 1995; Milgrom & Roberts, 1990)
and the sustainable finance integration literature (F. Polzin et al., 2021; Steffen, 2020).

2.5.1 The FinTech x Al Interaction: Compounding Efficiency Gains

The underlying theory behind a positive FinTech x Al interaction (H4, Bo) in the
renewable energy investment equation comes from the General-Purpose Technology
(GPT) literature (Bresnahan et al., 1995) and from the complementarity principle in
production theory (Milgrom et al., 1990). Al, by itself, fits the definition of a General-
Purpose Technology because it is ubiquitous, gets better over time, and generates
complementary innovations, while its use with FinTech platforms represents the
"application innovation" stage of GPT diffusion in which economic returns are highest
(Bresnahan et al., 1995). In particular, the combination of the two is more efficient than
either of the two technologies on their own: The Al algorithms need a great amount of
high-frequency structured transaction data to train effective credit risk models, the
FinTech platforms generate exactly this kind of data at the required industrial scale
and granularity, and the FinTech platforms can only process and evaluate renewable
project applications on that scale and granularity if the Al automates underwriting and
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portfolio management functions that would otherwise require prohibitively expensive
human capital (Cornelli et al., 2023; Goldstein et al., 2019). This translates to an Al-
driven FinTech platform achieving 3x to 5x more loan processing volume for every
dollar spent than a traditional FinTech platform (Goodell et al., 2021; Heaton et al.,
2017), and a 3 to 5% drop in the cost of green project finance intermediation. The
predicted positive FTxAI interaction is due to this compounding efficiency gain. It is
worth noting, however, that the same GPT framework also allows for a substitution
outcome at high joint adoption levels. Bresnahan and Trajtenberg (1995) acknowledge
that as two complementary GPTs both approach technological maturity, they can
begin competing for the same intermediation function rather than reinforcing each
other. In the context of this study, this would manifest as a negative FTxAI interaction
coefficient: at high Al penetration, Al-based credit platforms become capable of
performing the same origination and risk-assessment functions as FinTech platforms,
reducing the incremental value of additional FinTech development. Both the
complementarity and substitution outcomes are therefore theoretically admissible
within the GPT framework, and the empirical evidence adjudicates between them
(Cornelli et al., 2023; Goldstein et al., 2019). It is worth noting, however, that the same
GPT framework also allows for a substitution outcome at high joint adoption levels.
Bresnahan and Trajtenberg (1995) acknowledge that as two complementary GPTs
both approach technological maturity, they can begin competing for the same
intermediation function rather than reinforcing each other. In the context of this study,
this would manifest as a negative FTXAI interaction coefficient: at high Al penetration,
Al-based credit platforms become capable of performing the same origination and risk-
assessment functions as FinTech platforms, reducing the incremental value of
additional FinTech development. Both the complementarity and substitution outcomes
are therefore theoretically admissible within the GPT framework, and the empirical

evidence adjudicates between them (Cornelli et al., 2023; Goldstein et al., 2019).

2.5.2 The Al x Green Finance Interaction: ESG Signal Amplification

The theoretical foundation of a positive interaction between Al and GF (H4, B,,) is
based on the information economics literature on financial market signaling (Akerlof &
G, 1970; Spence, 1973). Green bond certification is a signal of environmental quality
of the project, which helps to lower investors' uncertainty and, consequently, the cost
of capital for renewable projects (Flammer & C, 2021; Zerbib & O, 2019). The signaling
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potential of green bond certification is essential to the verifiability of the environmental
claims that are the foundation of the green bond (the "greenwashing risk", as it has
been called in the green finance literature ("European Green Deal: Progress and future
plans (COM/2023/298 final)," 2023; Flammer & C, 2021)). Al-powered ESG scoring,
and verification engines directly solve this signaling problem by continuously and
automatically verifying and certifying any green bond use-of-proceeds and
environmental impact metrics in an automated and third-party way, thus significantly
improving the credibility and market value of green bond certification (A. Omri et al.,
2024; G. Tian et al., 2024). Higher informational premium for green bond certification
in high Al adoption environment, including more investors and market liquidity for
green bonds, particularly from asset managers and credit rating agencies. In
conclusion, the interaction prediction is that the more a market is green, the greater
the impact of the investment in renewable energy will be for a given level of market
depth, because of the increase in the quality of the green bond signal and investor
confidence in green certification due to increased use of Al. This type of mechanism

results in the expected positive Al x GF interaction coefficient.

2.5.3 The FinTech x Green Finance Interaction: Market Access and Liquidity
Deepening

The FinTech x GF interaction (H4, Bi;) is hypothesized using the market
microstructure theory of liquidity and market access (Amihud, Y, Mendelson, & H,
1986; Grossman, S, Miller, & M, 1988). As the high face value of green bonds, which
is often a minimum of EUR 500 million in EU green bond issues, makes them
unappealing to retail investors in terms of their direct participation, they have
traditionally been instruments available primarily to larger institutional investors
(Climate Bonds, 2024a; Flammer & C, 2021). This barrier to access can be addressed
by two ways through FinTech platforms: fractionalisation technologies that allow retail
investors to buy a fractional share of an institutional portfolio of green bonds, and
secondary market platforms that provide continuous liquidity, which reduces the
holding-period risk premium demanded by investors, thereby enabling green bond
issuers to price at lower yields (Cornelli et al., 2023; Langley, P, Leyshon, & A, 2021,
Mavlutova et al., 2023). Interaction prediction: When a certain degree of FinTech
market penetration is reached, deeper green finance markets lead to greater

renewable investment effects since green finance can be more efficiently spread
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among more investors via FinTech platforms; and when the same degree of market
depth in GF markets is reached, greater FinTech penetration increases the efficiency
of capital mobilization in the GF market. Theoretically, this complementarity is
theorized by Omri et al. (2024) and Khan and Shahid (2024), but they do not use
formal interaction terms in panel regression framework and hence H4 is a novel

empirical contribution.

H4: The joint deployment of FinTech, Al, and green finance generates synergistic
amplification effects on renewable energy investment that exceed the sum of the three
individual effects, operationalised through three pairwise mean-centred interaction
terms: FTxAI, AIXGF, and FTxGF (Bresnahan et al., 1995; Milgrom et al., 1990).

2.6 Research Gaps, Contribution, and Hypothesis Summary

This study fills five specific gaps found in the thematic literatures presented in Section
2.2-2.5 that were identified through the systematic review of the thematic literatures.
More importantly, no study has taken a simultaneous approach to the three focal
variables — FinTech, Al and green finance — in one integrated panel framework yet,
with all studies that have addressed at most two of the three variables dealing with
FinTech and Al as co-determinants of renewable energy investment (Khan, M, Shahid,
& S, 2026; Omri et al., 2025; Z. Zia et al., 2024). Second, none of the previous studies
have used the country level alternative finance/GDP proxy as a FinTech measure in
an equation of renewable energy investments across the entire EU-27 panel. Third,
none of the previous studies have used the Eurostat DESI indicator for enterprise Al
adoption as an Al indicator in an investment equation for renewable energy, but
instead the OECD.This is an Al Policy Observatory country index measuring the
intensity of Al policy instead of deployment of productive enterprises. Fourth, no study
to date has tested interaction (synergy) effects among FinTech, Al and green finance
in a panel regression framework, which is what this study does. Existing studies that
report potential interaction/complementarities between FinTech and Al and green
finance do so theoretically without empirical interaction terms (M. A. Khan & Shahid,
2024; Omri et al., 2025). Fifth, there is no other EU panel study taking a longer time
frame including the period before and during the pandemic (2014-2023) which
includes the digital infrastructure investment before and during the pandemic and the

digital-green acceleration by the EU Recovery and Resilience Facility.
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Table 2.1 is a structured gap-identification summary of eight prior studies that are most

closely related to this research, showing the gap that each study has identified and the

originality of this study's contribution to the gaps identified above. The present study

combines all five of these gaps — it utilizes all three variables simultaneously, the two

data sources (CCAF and DESI), uses formal interaction terms, extends the EU-27

panel to 2023, and applies a comprehensive four-stage estimation strategy (OLS —
Country FE — Two-Way FE — System GMM — FMOLS) that goes beyond the

robustness limits of all previous benchmark studies.

Table 2.1. Summary of Key Prior Studies, Variables Included, and Research Gaps

Filled
Study Sample Perco F A G Dependent Method Key Gap
d T | F Variable Contribution Remaining /
Filled by This
Study
Anton & EU panel 2008 x X X RE FE/GMM  Financial No FinTech,
Nucu 28 states - Consumptio development Al, or GF; DV
(2020) 2018 n — RE is
consumption consumption
not installed
capacity;
ends pre-
pandemic; no
interactions
Tolliver 22 2012 x X v RE Panel FE Green bonds GF only; no
et al. countries - Investment — REl in FinTech or Al
(2019) multi- 2018 Paris- excludes 5
region committed EU states; no
states interaction
test; no
CCAF/DESI
proxies
Mavlutov EUstates 2010 x X  REI OLS/FE Green finance No FinTech or
a et al - Sustainabilit promotes EU Al; limited
(2023) 2020 y REI estimation
sustainability strategy; no
GMM; ends
pre-Fit-for-55
Goodell Bibliometri — v v X Al Finance Bibliometri Comprehensiv. No empirical
et al. ¢ (review) c e survey of Al- panel; no REI
(2021) finance DV; no cross-
applications country

evidence; no
GF
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Khan & Multi- 2014 v X Sustainabilit FE FinTech + GF No Al;
Shahid country 25 — y — sustainability
(2024) states 2022 Performanc sustainability not REl; no
e outcomes interaction
terms; no
CCAF proxy;
no full EU-27
Omri et Global 40 2000 X v REI FE/GMM Al + GF jointly No FinTech;
al. (2024) countries - promote REI no FTxAI,
2022 globally FTxGF
interactions;
OECD.Al
policy index
not DESI; not
EU-27
specific
Tian et China 2011 x ¢ Green Panel Digital finance China  only;
al. (2024) firms - Innovation + Al - green DV is green
2020 corporate innovation not
R&D REI, no
FinTech
CCAF proxy;
no EU-27
Zia et al. EU panel 2014 v X Energy FE FinTech + GF No Al; energy
(2024) - Poverty — EU energy poverty not
2021 poverty REI capacity;
reduction ends 2021; no
interaction
terms
THIS EU-27 (al 2014 v In(REI) FE+GMM  All 3focalvars FILLS  ALL
STUDY states) - Installed +FMOLS + 3 interaction FIVE GAPS:
2023 GW terms + EU-27 CCAF proxy +
complete DESI Al +
panel formal
interactions +
2023 endpoint
+
comprehensiv

e robustness

Note: v/ = variable included; X = variable not included. FT = FinTech. Al = artificial intelligence. GF = green
finance. DV = dependent variable. FE = fixed effects. GMM = Generalised Method of Moments. FMOLS = Fully
Modified OLS. THIS STUDY row highlighted in green = research gap filled. CCAF = Cambridge Centre for

Alternative Finance. DESI = Digital Economy and Society Index (Eurostat).

The gap table demonstrates that the present study occupies a distinct empirical niche:
it is among the first panel studies to simultaneously include all three focal variables
(FinTech, Al, and green finance) for the full EU-27 panel, employ the CCAF (2024)
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alternative finance proxy and the Eurostat DESI (2024b) enterprise Al adoption
indicator, formally test all three pairwise interaction terms, and cover the full 2014—
2023 period that encompasses the EU Fit-for-55 implementation phase (C. European,
2021b). These five dimensions of originality together motivate the study's contribution

to the empirical literature on digital-financial drivers of the EU energy transition.

2.7 Conceptual Framework

Figure 2.1 presents the integrative conceptual framework, combining all four
theoretical pillars developed in Section 2.1 into a single testable model. The framework
is organised around three explanatory constructs FinTech, Al, and Green Finance
each with direct pathways to renewable energy investment, and Al additionally serving
as an amplifier of the green finance effect through the AIXGF interaction channel
(Bresnahan et al., 1995; Goldstein et al., 2019; F. Polzin et al., 2021).

Renewable

Energy Investment

In(REI) - Installed
Capacity (GW)

Green Finance

Green Bond Share
(CBI / ESMA, 2024)

Legend

= Direct Effect (Positive)

- =~ Synergistic Interaction Effect (Positive)
GDPPC - RD - RISE - EID - TRADE
—== Control Effect

Control Variables }' o

(Country and Year Fixed Effects)
[ ] Control Variables

Note: All hypothesized effects are expected to be positive (+).
Sources: CCAF (2024); Eurostat DESI (2026b); Climate Bonds Initiative / ESMA (2024).

Figure 2 Conceptual Framework: Digital-Financial Drivers of Renewable Energy

Investment

The conceptual framework identifies four empirically testable pathways. The direct
FinTech — REI pathway (H1) operates through reductions in information asymmetry
and transaction costs, expanding capital access for renewable project developers
through digital platform-based lending (Cornelli et al., 2023; Levine & R, 1997). The Al
— REI pathway (H2) functions through improved credit risk assessment, automated
portfolio optimisation, and energy performance forecasting tools that collectively

reduce the risk premium embedded in renewable investment discount rates (Goldstein
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et al., 2019; Heaton et al., 2017). The Green Finance — REI pathway (H3) operates
through green bond issuance that channels capital to renewable projects at a reduced
cost of capital relative to conventional debt (Flammer & C, 2021; Tolliver et al., 2019).
The interaction pathways (H4) represent three amplification channels: the FinTechxAl
channel (compounding intermediation efficiency); the AIXGF channel (ESG signal
amplification); and the FinTechxGF channel (retail market access and green bond
liquidity deepening), with the direction of the FTxAl interaction remaining theoretically
ambiguous between complementarity and (Bresnahan et al., 1995; Milgrom et al.,
1990).

The Al can be directly associated with REI (H2), directly mediate the relationship
between Green Finance and REI (Al x GF, H4), as well as synergize with FinTech and
further improve the efficiency of intermediation (FT x Al, H4), as emphasized in the
lower legend of Figure 2.1. The multi-role has been in the context of the General
Purpose Technology characterisation of Al (Bresnahan et al., 1995): unlike FinTech,
which primarily operates in specific financial market channels, and GF which operates
in specific channels via general channels, Al plays a multi-role as a pervasive enabling
technology that supports the efficiency of all roles across the non-specific financial
market channels. The five control variables (In(GDPPC), RD, RISE, EID, and TRADE)
are depicted as a separate block fed into the block of REI, showing the determinants
of renewable investment found in the environmental economics literature that are
established to be exogenous and thus invariant with respect to the effect of the focal

variable in the econometric estimation.

2.8 Chapter Summary

This chapter has established the theoretical and empirical foundations for the four
research hypotheses tested in this study. Section 2.1 developed the four theoretical
pillars Sustainable Development Theory, Financial Intermediation Theory, Innovation
Diffusion Theory, and the Environmental Kuznets Curve that collectively predict
positive individual and interactive effects of FinTech, Al, and green finance on
renewable energy investment. Section 2.2 reviewed the empirical literature linking
FinTech and financial development to REI, confirming a positive relationship across
multiple country contexts (Songwe & Stern, 2021; Yilmaz & Can, 2024). Section 2.3

examined Al adoption in financial decision-making and its relevance to green
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investment, drawing on evidence from EU enterprise surveys and the emerging
literature on Al-assisted ESG analytics (Cornelli et al., 2023; Goldstein et al., 2019).
Section 2.4 reviewed the green bond mechanics and the EU green finance market
structure, establishing the empirical basis for the GF — REI hypothesis (Flammer & C,
2021; Tolliver et al., 2019). Section 2.5 synthesised the interaction hypotheses, noting
that both complementarity and substitution are theoretically admissible outcomes for
the FTxAI channel (Bresnahan et al., 1995). Section 2.6 mapped the five identified
research gaps to the four hypotheses. The conceptual framework in Section 2.7
integrates all four pathways into a single testable model. Chapter 3 develops the
econometric methodology required to estimate these pathways using the EU-27 panel

dataset.
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CHAPTER 3:

Research Methodology
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The methodological setup for the empirical research on FinTech development, Al
adoption, green finance depth and renewable energy investment (REI) in the
European Union (EU) is presented in this chapter. The chapter is organised as follows:
Section 3.1 includes the philosophical background and general design of the research;
Section 3.2 is the description of the data sources, sampling frame, and
operationalisation of variables; Section 3.3 describes the equations of the econometric
model; Section 3.4 describes the estimation strategy; Section 3.5 describes the pre-
estimation diagnostic tests; and Section 3.6 describes the robustness battery.
Combined, these aspects form a very strict, transparent, and replicable empirical
methodology that meets the rigor of publishable panel econometric research
standards (B. H. Baltagi, 2008; Greene, 2018; J. M. Wooldridge, 2010).

3.1 Research Philosophy and Design

3.1.1 Epistemological, Ontological Stance

This study has a positivist epistemological approach because it assumes that the
social and economic phenomena can be observed, measured, analyzed and can be
studied using objective scientific procedures without being influenced by the
researcher (Creswell, 2014; Guba, E, Lincoln, & Y, 1994; Saunders, Lewis, &
Thornhill, 2019). In empirical finance and energy economics, positivist philosophy is
prevalent as the research adopts large-N panel data, hypothesis testing, and
inferential statistical testing to make generalizable and replicable knowledge claims
(Bryman, 2016). This study adopts an objectivist ontological position, where
macroeconomic and financial variables (including the installed capacity of renewable
energy, volume of credit issued by FinTech companies and issuance of green bonds)
are conceptualized as independent of the researcher and measurable using the
methods of established institutions (Blaikie, 2007; Creswell, 2014). This position is
suitable because the study uses the archive of the secondary data from authoritative
supranational statistical agencies and financial market bodies, such as (Eurostat,
2024a, 2024b; World, 2024c).

3.1.2 Research Approach and Strategy
The research approach and strategy is described below.The research approach and

strategy is as follows:
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The study will use a quantitative deductive research method (Creswell & Creswell,
2018; Saunders et al., 2019). In the deductive approach hypotheses were generated
from the existing theories, namely Sustainable Development Theory (SDT), Financial
Intermediation Theory (FIT), Diffusion of Innovation Theory (DOI) and Resource
Mobilisation Theory (RMT), and then subjected to empirical testing based on observed
panel data (Popper & K, 1959; J. M. Wooldridge, 2010). Four directional hypotheses
(H1 — H4) are formulated as falsifiable statements and tested with the EU-27 panel
dataset using inferential econometric models. This is opposed to an inductive
approach, which would be unsuitable in the context of the already established
theoretical backgrounds in the literature of the FinTech-green finance-renewable
energy nexus literature (Cornelli et al., 2023; Goldstein et al., 2019; Tolliver et al.,
2019).

The secondary panel data research strategy is used to analyse N = 27 countries of
the EU where T = 10 years (2014-2023) leads to a balanced panel of NT = 270 country-
year observations. Some secondary data from official supranational statistical sources
are preferred over primary survey data because: (a) macroeconomic and financial
aggregates at country level can be most effectively measured using secondary
institutional data; (b) secondary institutional data have better reliability and are more
consistent over time, as well as more comparable across countries than information
gathered through primary surveys (B. H. Baltagi, 2008); and (c) the research
objectives estimation of the causal relationships between the national-level digital-
financial variables and renewable energy capacity require archival time-series data
which are not available from primary sources. There are three arguments for using
panel data over cross-sectional or pure time-series designs, which are discussed in
Section 3.2.

Methodological Justification: The quantitative-deductive design is particularly
appropriate for the testing of the directional and magnitude-specific predictions of H1—
H4. By using a two-way fixed-effects panel estimator as the main specification
controls, the relationship between FinTech and the other variables examined (Al and
GF-REI) is controlled for the full set of time-invariant country-specific unobservables
(geographic endowment, energy infrastructure in place, cultural attitudes towards
innovation) that would be expected to affect the relationships in a pooled or cross-
sectional framework (Allison & P, 2009; Mundlak & Y, 1978).
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l Chapter 3: Research Methodology Framework l

Epistemology: Positivism Ontology: Objectivism
(Creswell, 2014; Saunders et al., 2019) (Bryman, 2016; Guba & Lincoln, 1994)

d J

‘ Research Approach: Quantitative Deductive

(Hypothesis-testing with secondary panel data; Baltagi, 2008)

1

Panel Data: EU-27 x 2014-2023 9 Variables | 5 Data Sources
N = 270 (Balanced) Eurostat, CCAF, CBI, World Bank

J
STAGE 1: Pre-Estimation Diagnostics

Unit root (IPS, LLC) — Cointegration (Pedroni, Kao) = VIF — Heteroskedasticity — Serial correlation

2
STAGE 2-4: Estimation Pipeline

Pooled OLS Country FE (LSDV) | | Two-Way FE [*] System GMM
(Benchmark) (H/mogeneity) (Primary Spec.) + FMOLS

(Endogeneity)
Hausman (1978) Test: Fixed Effects vs. Random Effects
p < 0.05 — Reject RE — Confirm FE as primary estimator
¥
STAGE 5: Robustness Battery (R1-R6)
Alt. DV | Alt. FINTECH proxy | Outlier excl. | Pre/Post-COVID | Income-stratified splits
L2
Hypothesis Testing Outcomes
H1 H2 H3 H4
FINTECH Al GF FTxAI, AIxGF
— REI — REI = REl FTxGF

N\

Chapter 4: Empirical Results — Chapter 5: Discussion & Conclusion

Figure 3.1 Research Methodology Framework

Figure 3.1. Research Methodology Framework from Philosophical Foundation to
Outcomes of Hypothesis Testing. The framework shows the sequential steps from
positivist epistemology to data collection, to pre-estimation diagnostics and then the
four stages of the estimation pipeline, to robust validation and to a verdict on the
hypothesis. The two-way fixed-effects model (shown in green) is the main

specification.
3.2 Data Sources, Sampling Frame, and Variable Operationalization

3.2.1 Sampling Frame and Panel Structure

The study presents an analysis of the entire EU-27 populations (as of 2024), as
opposed to a sample. This design feature avoids sampling bias and the external
validity of results for the EU context is maximized (B. H. Baltagi, 2008; Greene, 2018).
There are three considerations for the temporal scope of 2014—-2023. The first thing to
note is that the data on the cross-country FinTech market are available in a consistent
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form since 2014, from the Cambridge Centre for Alternative Finance (Cambridge
Centre for Alternative Finance, 2024). Second, 2023 is the latest year that data is
available on all 9 variables. Third, the time frame of 10 years covers the entire
renewable energy deployment cycle after Paris Agreement (2015-2023), avoiding the
pre-2014 energy investment environment (International Energy, 2024) This yields a
balanced panel, in which each country observes a total of T = 10 observations, and
NT = 270 is sufficiently large for the two-way fixed effects regression in which eight

predictors are used, as described in Hsiao (2014).

The decision to use a balanced panel, rather than an unbalanced panel was
intentional. Balanced panels make it easier to compare fixed-effects estimators across
time and remove the possible sample attrition bias which would otherwise occur if
there were some country-year cells missing (B. H. Baltagi, 2008; J. M. Wooldridge,
2010). All missing data were dealt with in a manner consistent with the principle of the
best possible data using verified data from official supranational sources (Eurostat,
2024b), and subject to only the one caveat of data quality, disclosed in Section 3.2.3.

3.2.2 Justification for Panel Data Design

Three reasons make the use of a longitudinal panel data design a better choice of
design for this research question than cross-sectional or pure time-series approaches.
First, the panel fixed-effects estimator can deal with unobserved country
characteristics that might be correlated with the country-of-origin characteristics of
interest (Allison & P, 2009; Mundlak & Y, 1978). Since the renewal industry has a
certain "catch-up time," with Germany having spent decades building up capacity and
policy support for renewable energy, and the industry is geographically sized, this
would be a bias on the cross-sectional estimates if Germany had not experienced high
levels of industrial capacity and policy commitment in the renewable energy sector but
not yet in FinTech or Al. These unobservable are completely accounted for by country
fixed effects. Second, the panel is more flexible than either a pure cross-section (N =
27 observations) or a country-level time series (T = 10 observations per country),
resulting in more efficient estimation and higher statistical power (B. H. Baltagi, 2008).
Third, the variation within countries over time enables the identification of causal
effects of changes in FINTECH, Al, and GF on changes in REI, which is also closer to
the causal policy issue of interest than is a comparison of countries only at a single
point in time (J. M. Wooldridge, 2010).
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In addition, the descriptive statistics in Chapter 4 highlight the importance of between-
country heterogeneity in the EU context, as structural differences between countries
(FINTECH = 0.376% and Al = 31.752% in Sweden while FINTECH = 0.025% and Al
= 9.026% in Bulgaria) are appropriately distinguished from the within-country
dynamics of interest fixed effects partition. This study uses the EU panel data with
country fixed effects method, similar to that used by Marques, Fuinhas and Manso
(2011), Anton and Nucu (2020), Polzin, Egli, Steffen and Schmidt (2021) and Zia, Fikri,
Hashim and Bhutto (2024), which aims to isolate the causal effects of financial and

policy variables on the outcomes of renewable energy.

3.2.3 Variable Operationalisation and Data Sources

Table 3.1 contains the total operationalisation of all 12 variables (9 base variables and
3 interaction variables) with information about the unit of measurement,
operationalisation rationale, data source, expected sign and observed range of the

dataset.

Table 3.1. Coordinating the operationalisation of this indicator, as well as the sources
and signs of success, and the range of data provided by EU countries, is a task of the
EU-27 Panel (2014-2023).

Variable Full Name Units Operationalisation Source Exp. Dataset
Sign Range
(N=270)
In(REI) Renewable In(GW) Natural log of total Eurostat DV 0.339-
Energy renewable electricity (2024a) 113.339
Installed installed capacity GW; In(REI):
Capacity (GW). Log -1.082—-
transformation 4.730; mean
addresses right- In=2.211

skewness (skew =
1.686 in levels).

FINTECH FinTech % GDP Alternative  finance CCAF (+) 0.011-
Development credit volume (peer- (2024) H1 0.741%;
Index to-peer lending, mean =
equity crowdfunding, 0.132%; CV
invoice financing) as =0.905
% of GDP. Follows
CCAF (2024)
measurement
framework.
Al Enterprise Al % of frms  Share of enterprises Eurostat (+) 3.506—
Adoption with 210 employees (2024b) H2 68.723%);
using one or more Al mean =

technologies
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GF

In(GDPPC)

RD

RISE

EID

TRADE

FTxAI

Green
Finance
Depth

GDP
Capita

per

R&D
Expenditure

Regulatory
Quality Index

Energy Import
Dependency

Trade
Openness

FinTech x Al
Interaction

% of bonds

In(USD)

% GDP

Index

% energy

% GDP

Interaction
term

(machine learning,
NLP, computer
vision, robotic

process automation).
Extrapolated pre-
2021 from OECD.AI
Index.

Green bond issuance
as % of total bond
market issuance.
Includes sovereign,
corporate, and
supranational green
bonds certified under
ICMA GBP or EU
GBS standards.

Natural log of GDP
per capita in constant
2015 USD. Proxy for
macroeconomic

wealth and public
finance capacity.

Gross domestic R&D
expenditure as % of

GDP. Proxy  for
national  innovation
capacity and
technology
absorption.
RISE (Regulatory

Indicators for
Sustainable Energy)
composite score (0—
100). Captures legal
and regulatory quality
for renewable energy
investment.

Net energy imports
as % of gross inland
energy consumption.
Higher EID implies
greater incentive for
domestic renewable
production.

(Exports + Imports) /
GDP.  Proxy for
economic integration
and exposure to
international  green
finance capital flows.
Mean-centred
product: (FINTECH -
MFT) x (Al — pAl).
Tests whether Al

CBI
(2024);
ESMA
(2023)

World
Bank WDI
(2024a)

World
Bank WDI
(2024b)

World
Bank RISE
(2024)

Eurostat
(2024a)

World
Bank WDI
(2024a)

Computed

)
H3

(+)
Ctrl

(+)
Ctrl

(+)
Ctrl

(+/-)
Ctrl

(+/-)
Ctrl

)

17.726%;
CV =0.687

0.597-
50.354%;
mean =
8.868%,; CV
=1.010

$8,145—
$126,017;
log-
transformed

0.517-
4.024%;
mean =
1.768%

60.620-
96.600;
mean =
76.142

9.610-
96.090%;
mean
54.832%

53.770-
335.080%;
mean
128.809%

Pre-
computed;
VIF < 4.0
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adoption  amplifies after mean-

the FinTech—-REI centering
relationship (H4).
AIXGF Al x  GF Interaction Mean-centred Computed (+) Pre-
Interaction term product: (Al — pAl) x H4 computed;
(GF - uGF). Tests VIF < 4.0
whether green

finance amplifies the
AI-REI relationship

(H4).
FTxGF FinTech x GF Interaction = Mean-centred Computed (+) Computed
Interaction term product: (FINTECH - H4 as (FT -
MFT) x (GF - uGF). MFT)x(GF -
Tests whether GF MGF); VIF <
amplifies FinTech 4.0

effects on REI (H4).

Note: DV = dependent variable. H1-H4 = study hypotheses. Ctrl = control variable. CV = coefficient of
variation. All interaction terms are mean-centred before multiplication to reduce multicollinearity (Aiken &
West, 1991). CCAF = Cambridge Centre for Alternative Finance. CBI = Climate Bonds Initiative. ESMA =
European Securities and Markets Authority. WDI = World Development Indicators. RISE = Regulatory
Indicators for Sustainable Energy. ICMA GBP = International Capital Market Association Green Bond
Principles. EU GBS = EU Green Bond Standard.

3.2.4 Variable Operationalisation Rationale

The primary FinTech proxy (FINTECH) is the volume of alternative finance credit
relative to GDP, which follows the methodology of the CCAF (2024) benchmarking
methodology and the theory that FinTech's main pathway of influence on investment
in renewables is via credit provision and capital intermediation (Cornelli et al., 2023;
Goldstein et al., 2019; Langley et al., 2021). Other proxies, like the number of firms in
the FinTech industry or mobile banking penetration, can be used but they are not as
directly related to capital mobilisation for renewable projects. Given that it is the use
of Al in business decision-making (as opposed to its development) that matters for
renewable investment impacts, the choice of the Eurostat (2024b) DESI enterprise Al
adoption indicator (isoc_eb_ai) to be used as the Al proxy is consistent with Omri,
Saidi and Nguyen (2024) and Tian, Li and Cheng (2024), who employ proxy measures
of enterprise Al adoption rather than patent counts or R&D-based measures. The
green bond issuance share (Climate Bonds, 2024b) is used as the proxy for the green
finance (GF) as it has been consistently used by Flammer (2021), Reboredo (2018),
Tolliver et al. (2019) and Zerbib (2019) who all conclude that the green bond depth in
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the market is the most direct and measurable indicator of mobilisation of capital for
renewable energy projects.

The following is an important data quality caveat noted with regard to transparency in
researching. This Eurostat enterprise Al indicator is an indicator for Al applications in
enterprises (isoc_eb_ai) which has been systematically collected since 2021. The Al
series is extrapolated from OECD for the years 2014-2020.This is calculated by
applying a log-linear interpolation approach to the data and using Al Policy
Observatory index, similar to the method used by Eurostat (2024b) to build the back-
extended DESI series. This extrapolation adds to the uncertainty in the before-2021
observations and the robustness check R4 (pre-COVID subsample, 2014-2019)
determines if this measurement uncertainty significantly impacts the study's findings.
The pre-2020 subsample provides weaker and wider confidence intervals for the Al
coefficients than estimates from the post-2020 subsample, thus supporting the results
from the post-2020 subsample that the relationship between Al and REI is not merely
an artefact of interpolation, as would be expected under the classical measurement

error bias (J. M. Wooldridge, 2010) that arises from the measured instruments.

FINTECH | In(GDPPC)
(Alt. Finance / GDP) H1, H2 / (Income level)
S » H3 (+) S
( ) RD
. Al s / 7 (R&D intensity)
L (Enterprise Adoption %) ) ¥
s In(REI) i RISE
GF € (Regulatory quality)

R
(Green Bond Share %) hrahie fperey

Installed Capacity

EID
(Energy import dep.)

H4 (+) synergy
Interaction Terms (H4) |, =y
FTxAI TRADE

AIxGF (Trade openness)
L FTxGF )
D Focal predictors (H1-H3) Control variables
D Interaction terms (H4) D Dependent variable (DV)

Figure 3.2. Conceptual Variable Map of the Study

Figure 3.2. Conceptual Variable Map: Focal Predictors (H1 — H3), Interaction Terms
(H4), Controls and Dependent Variable (In(REI)). Focal predictors (FINTECH, Al, GF)

work directly (blue arrows) and synergically interact (purple dashed arrow). The effects
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of other macroeconomic and institutional variables are isolated by controlling for other
variables (GDPPC, RD, RISE, EID, TRADE).

3.3 Model Specification

3.3.1 Theoretical Basis for Model Selection

The econometric model is based on the panel data literature on the factors driving
investments in renewable energy (Anton et al., 2020; Marques et al., 2011a; F. Polzin
et al., 2021), and adds the three key variables of the digital-financial sector to the
determinants of installed capacity. In energy economics, the series of installed
capacities are typically strongly right-skewed, and thus this is transformed into its
natural logarithm form, In(REI) (Bilgili et al., 2016; Hsiao, 2014). The model is
estimated in levels (not in first differences) since the tests in Section 4.5 verify that the
I(1) variables do exhibit a long-run structural relationship, as it is in this long-run
relationship that the relationship of interest is long run (Engle, R, Granger, & C. W,
1987; Pedroni, 2000). The log-linear nature of the functional form suggests the
coefficients for FINTECH, Al, GF and the control variables can be interpreted as semi-
elasticities; that is, for every one unit increase in the predictor, there is a B x 100%
increase in the level of renewable electricity installed capacity, ceteris paribus (J. M.
Wooldridge, 2010).

3.3.2 Equation 1 Baseline Two-Way Fixed-Effects Model
The basic empirical model is a two-way fixed-effects (TWFE) panel regression given

as follows:

In(RED)j; = o + B{FINTECH;, + BAl; + B3GFi + B4ln(GDPPCy) + BsRDjt
+ B6RISE;; + B,EID;; + BsTRADE;; + ;i + A¢ + & ...(Equation 1)

Equation 1 Baseline Two-Way Fixed-Effects Model

The overall intercept a and the parameter vectors of interest 3;—Bg capture the time-
invariant country-specific characteristics (geographic renewable resource endowment,
historical energy infrastructure, cultural and institutional characteristics) and the EU-
wide annual shocks common to all member states (global commodity price cycles, EU-
wide regulatory changes, the COVID-19 economic disruption in 2020, the 2022 energy
crisis), respectively, while the idiosyncratic error term &i; is assumed to satisfy the strict
exogeneity condition E[&i|Xit, i, A = 0 (J. M. Wooldridge, 2010).
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Under the circumstances where the researcher cannot assume that the regressors are
independent of unobserved heterogeneity, the gold standard methodology for
estimating causal relationships among indicators of balanced panel data is the two-
way fixed-effects specification (Allison & P, 2009; Mundlak & Y, 1978). The country
fixed effects control for the "between-country” variation that could be spuriously
correlated with the other variables, such as the observation that wealthier northern EU
countries also have more renewable energy capacity than the poor southern ones and
a more advanced level of FinTech penetration than the south. The TWFE estimator
only captures the causal effect of within-country trends in FINTECH, Al, and GF on
within-country trends in In(REI) but allows for the year effects to vary.

3.3.3 Equation 2 Interaction Specification (H4)

To examine the synergistic amplification effect of FinTech, Al, and green finance on
renewable investment in addition to the additive effect, three pairwise interaction terms
are added to the extended specification, which is based on Hypothesis H4 that posits

that the effects of FinTech, Al, and green finance are synergistic rather than additive.

ln(REI)it = a + Bl_ Bg(aS Eq 1) + Bg(FTXAI)it + B10(AI X GF)it + Bll(FT X GF)it
+ W + A + & ...(Equation 2)

Equation 2 Interaction Specification for Hypothesis H4

Prior to multiplication of the three interaction terms all three of these terms have been
mean centred according to Aiken and West (1991) and Wooldridge (2010). One of the
advantages of mean-centring is that the multicollinearity problem associated with
interaction specifications is alleviated by bringing the interaction terms to mean levels
(between 1 and 10), which can become problematic.Another benefit of mean-centering
is that it reduces the variance inflation factors (VIFs) of the interaction terms from
problematic levels (> 10) to acceptable levels (< 4.0) and makes the interpretation of
the main-effect coefficients 3;—B3; more substantively meaningful because it reflects
the effect of the main variables when the interaction variable is at its mean value
(Aiken, L, West, & S, 1991; Brambor et al., 2006).

The hypothesis test for H4 is: Hq: Bo = B1o = B11 = 0 against the directional alternative
H.: Bs, B1o, P11 > 0. If the estimates of By, B1o and/or B, are positive and statistically

significant, the three digital-financial variables are complementary and act in synergy
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to promote renewable energy investments (Brambor et al., 2006; Omri et al., 2014).
The conditional marginal effect of the FinTech at different levels of Al is computed as
B1 *+ Bo x Al while the FinTech—Al synergy is computed as dIn(REI)/0FINTECH at
different levels of Al in EU-27.

3.4 Estimation Strategy

3.4.1 Four-Stage Sequential Estimation Pipeline

The estimation procedure is a four-step sequential technique which sequentially
solves the main econometric problems in cross-country energy finance panel data:
unobservable heterogeneity, endogeneity, non-stationarity and dynamic specification
bias, as per Baltagi (2008), Greene (2018) and Roodman (2009). The full estimation
pipeline, including test procedures, decision rules and software implementations, are

given in Table 3.2.

Table 3.2. The tutorial provides an overview of the Estimation Strategy: Four-Stage
Sequential Econometric Pipeline.

Stage Estimator Test/ Purpose Decision Rule Software Command
Procedure
la Pooled OLS R2 vs. FE Establish Rz lower than Stata: reg; R:Im()
comparison; benchmark; FE; always
residual demonstrate retained as
heterogeneity need for FE Spec. I for
analysis comparison only
1b Country FE F-test for joint Remove time- F-test p < 0.05 Stata: xtreg, fe; R:
(LSDV) significance of invariant — country FE plm(model="within")
country country justified
dummies heterogeneity (expected)
()
1c Two-Way F-test for joint Remove EU- Year FE F-testp Stata: xtreg, fe absorb;
FE significance of wide annual < 0.05 — use R:
year dummies  shocks (A\); two-way FE as plm(effect="twoways")
PRIMARY headline
SPEC.
2 Hausman Hausman Choose p<0.05 —reject Stata: hausman; R:
Test (1978) x® between fixed random effects; phtest()
specification effects and use fixed effects
test random effects (expected)
3 System Arellano-Bond  Address AR(2) p > 0.05 Stata: xtabond2; R:
GMM (1991); endogeneity AND Sargan J p pgmm()
Blundell-Bond  through lagged > 0.05 —
(1998) moment instruments; instruments valid
conditions dynamic panel
4 FMOLS Phillips- Long-run Apply if Pedroni Stata: xtfmols; R: fmols()

Hansen (1990)

cointegrated

(2000)

in plm
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fully modified relationship; cointegration
OLS robust to tests confirm I(1)
endogeneity in + cointegration
cointegrated
systems

Note. LSDV = Least Squares Dummy Variables. GMM = Generalised Method of Moments. FMOLS =
Fully Modified Ordinary Least Squares. FE = Fixed Effects. RE = Random Effects. Primary specification.
All standard errors clustered at country level throughout (Cameron & Miller, 2015). Specifications -1V in
Chapter 4 correspond to stages 1a, 1b, 1c, and 3 respectively.

3.4.2 Stage 1: OLS Benchmarking and Fixed-Effects Estimation

The pooled OLS estimator (Stage la) assumes that all 270 observations are
independent and offers a "naive" standard. It is expected to produce biased estimates
of the focal variable coefficients towards the upper bound, as a result of omitted
variable bias, in the sense that time-invariant country characteristics, which are
correlated with both both the variables FinTech, Al, GF level and the renewable
capacity, are omitted from the analysis. The country fixed-effects estimator (Stage 1b)
is based on the Least Squares Dummy Variables (LSDV) approach, which is the same
as de-meaning all variables by their country-specific means prior to estimation (B. H.
Baltagi, 2008). This within-transformation removes all the unobservables at the
country level and is tested for joint significance of the country dummies using the F-

test.

This study's main method of identification is using the two-way fixed-effects
specification (Stage 1c). The country FE model captures all the shocks affecting the
EU collectively in a single year, like the annual implementation of the EU policy
framework through the Renewable Energy Directives, the Russian energy supply crisis
of 2022, and the global commodity price surge of 2021-2022, amongst others,
including the COVID-19 macroeconomic shock of 2020. If one neglects to take
account of year-effects, one runs the risk of the estimates being biased because there
is a general time-trend that is shared by all four variables over the period 2014-2023
(Greene, 2018). The year fixed effects are expected to be significant at the 0.05 level

with the F-test for joint significance of year effects.

3.4.3 Stage 2: Hausman Specification Test
The Hausman (1978) specification test makes a formal distinction between the fixed-
effects and random-effects estimators. Under the null hypothesis that the

unobservables (country effects, i) are uncorrelated with the regressors, the random-
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effects estimator is more efficient than the FE estimator but, if the null hypothesis is
not satisfied, the two estimators are inconsistent (Hausman & J, 1978; J. M.
Wooldridge, 2010). Theoretically, country-specific characteristics, such as institutional
quality, geographical endowment, historical energy policy, and income level are
systematically correlated with FINTECH, Al, and GF levels, so the null hypothesis
should be rejected. As suggested by (Anton et al., 2020; Marques et al., 2011a; Polzin
& etal., 2021), who all find rejection of the Hausman test in their EU renewable energy
panels, fixed effects is ruled as the relevant estimator. The Hausman test is
implemented using Stata's hausman command or the phtest() function in R's plm

package.

3.4.4 Stage 3: System GMM for Endogeneity Correction

The potential endogeneity of the three focus variables is dealt with by constructing
internal instruments, using lagged values of the endogenous regressors, as in the
System GMM estimator of Arellano and Bond (1991) and Blundell and Bond (1998).
The endogeneity in this context might have two possible sources: first, reverse
causality that may occur when growth in renewable installed capacity invites more
investment in FinTech, investment in Al, and green bond issuance; and second,
simultaneity, which could be due to unobservables like country-specific policy
announcements, that impact both the growth of renewable energy deployment and the
growth of digital-financial development simultaneously. The GMM instrumentation
strategy (Roodman & D, 2009)covers both these sources.(Arellano, M, Bond, & S,
1991; Blundell, R, Bond, & S, 1998)

There are two diagnostic tests to evaluate the validity of the GMM instruments. The
Arellano-Bond AR(2) Test: This test is used to determine that whether there is any
second order autocorrelation in the first difference of the residuals or not, if yes then
the instruments are not invalidated by serial correlation. The Sargan J-test (Sargan &
J, 1958) is used to test the joint validity of all overidentifying restrictions, and a p-value
greater than 0.05 is supportive of the instrument exogeneity null under test. The two
conditions imply that the GMM estimator is valid for dynamic panel models (Arellano
& Bond, 1991; Blundell & Bond, 1998; Roodman, 2009)(Arellano et al., 1991; Blundell
et al., 1998; Roodman & D, 2009). The System GMM is implemented in Stata using
the command xtabond2 (Roodman & D, 2009) or pgmm() in R.
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3.4.5 Stage 4: FMOLS for Long-Run Cointegration

The Fully Modified OLS estimator (Phillips & Hansen, 1990) is another long-run
estimator that is robust to endogeneity and serial correlation in the cointegrated
system that does not require the specification of instruments. FMOLS is an alternative
correction to OLS estimator which has been developed to allow for a correlation
between the error term and the regressors in a cointegrated panel (Pedroni, 2000).
This estimator is provided as a secondary check, to support the TWFE and GMM
results, assuming the cointegration hypothesis.

3.5 Pre-Estimation Diagnostic Tests

The estimates obtained from panel regressions are heavily reliant on the validity of a
series of statistical assumptions about the makeup of the data-generating process.
The complete diagnostic battery is given in Table 3.3. There are five types of pre-
estimation diagnostic tests performed before regression estimation and results are
presented in Appendix A.

Table 3.3. Diagnostic Battery: Tests, Null Hypotheses, and Decision Rules (pre-
estimation)

Diagnostic Test(s) Null Hypothesis If Ho If Ho Implementati
(Ho) Rejected Retained on
Panel Unit Root  Im-Pesaran- All panels Series is Proceed to Stata:
Shin (IPS); contain a unit 1(0): cointegrati  xtunitroot ips;
Levin-Lin-Chu root (non- stationary at on tests; R: purtest() in
(LLC) stationary) levels; use plm
proceed FMOLS
directly to
regression
Panel Pedroni (1999, No long-run Long-run First- Stata:
Cointegration 2000) 7 cointegrating equilibrium difference xtcointtest
statistics; Kao relationship confirmed; variables pedroni; R:
(1999) residual exists among levels before cointtest()
ADF I(1) variables regression regression
valid;
FMOLS
warranted
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Cross-Section Pesaran (2004) No Use PCSE Standard Stata: xtcd?2;
Dependence CD test contemporaneo or Driscoll- country- R: pcdtest() in
us cross-section Kraay clustered plm
dependence (1998) SEs are
(independence  standard sufficient
assumption errors (expected)
holds) instead  of
cluster-
robust
Heteroskedastic Modified Wald Homoskedastic Cluster- Standard Stata: xttest3;
ity test (Greene, errors across robust SEs SEs R: bptest() in
1993) for country groups  throughout acceptable Imtest
groupwise (already (not
heteroskedastic applied in all expected)
ity in FE model specification
s)
Serial Wooldridge No first-order Country- Idiosyncrati  Stata:
Correlation (2002) test for serial clustered c errors are  xtserial; R:
first-order serial correlation in SEs in FE; white noise pbgtest() in
correlation  in idiosyncratic lagged plm
panel data; errors instruments
AR(2) test in in GMM
GMM (already
applied)
Multicollinearity ~ Variance (VIF > 10 = Mean-centre Proceed Stata: estat
Inflation Factor problematic) interaction with vif; R: vif() in
(VIF) for all terms standard car package
main-effect (reduces VIF  OLS
regressors; to < 4.0); estimator
pairwise LASSO
correlations check if
needed

Note. All diagnostic tests are conducted at the 5% significance level. IPS = Im, Pesaran & Shin
(2003). LLC = Levin, Lin & Chu (2002). CD = cross-sectional dependence. PCSE = panel-corrected
standard errors. LSDV = least squares dummy variables. Results reported in Appendix A of the
thesis. Expected outcomes based on the empirical properties of the EU-27 panel are noted in bold

green in the "If H, Rejected" column.

3.5.1 Panel Unit Root Testing

Before regression, one must verify the stationarity properties of panel time series, as
in time-series econometrics, this is an important problem because the OLS estimation
method can lead to spurious regression (Engle et al., 1987; Phillips & Hansen, 1990).
Two complementary panel unit root tests are used to take advantage of the different

characteristics of heterogeneous versus homogeneous panel unit root tests.

The Im, Pesaran and Shin (2003) (IPS) tests the null hypothesis that all panels are
I(1) against the alternative that some (but not necessarily all) panels are stationary.

The IPS test is recommended to be used in panels of moderate N and T, because of
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its high power in a balanced panel where the autoregressive coefficient differs across
units (B. H. Baltagi, 2008; Hsiao, 2014). The statistic of Levin, Lin and Chu 2002 (LLC)
is used to test the homogeneous alternative (common AR root across all panels) and
itis used as a complementary test. IPS and LLC give a complete idea of the integration
properties of each series. The Akaike Information Criterion (AIC) is used to choose the
maximum lag number in this test and it is set to T = 2, which corresponds to the short
dimension of the panel in this case (T = 10) (Im, Pesaran, & Shin, 2003). Non-
stationary variables that are determined to be stationary at first difference are tested

for cointegration.

3.5.2 Panel Cointegration Testing

When all variables are found to be I(1) by unit root tests, the seven-statistic framework
of Pedroni (1999, 2000) and Kao (1999) residual ADF test are used to test the
cointegration of the panel variables, which is defined as the long-run equilibrium
relationship among the non-stationary variables. Pedroni (2000) offers four panel
statistics (within-dimension tests) and three group statistics (between-dimension
tests), and rejection of the null of no cointegration by most of the seven statistics is
evidence of cointegration in favor of a variety of alternative hypotheses. The Kao
(1999) ADF based test gives an 8th independent confirmation. The cointegration result
confirms the use of level-form regression (Equation 1) instead of first-differenced
regressions, and also justifies the additional use of FMOLS (Stage 4) as a

cointegration consistent long-run estimator (Pedroni, 2000; Phillips & Hansen, 1990).

3.5.3 Heteroskedasticity, Serial Correlation, and Cross-Section Dependence

There are three other diagnostics which pertain to the classical linear panel model's
standard assumptions. The Modified Wald test (Greene, 2018) is employed to test for
groupwise heteroskedasticity systematic differences in error variance between groups
of countries which would render standard (non-robust) standard errors invalid. EU
member countries are extremely heterogenous in economic scale ($111,641 in EU-28
member state with smallest GDP versus $9,219 in Bulgaria, EU-28 member state with
lowest GDP) and groupwise heteroskedasticity is to be expected, hence country
clustered standard errors are used in all specifications (Cameron, A, Miller, & D, 2015).
The Wooldridge (2002) test for first-order serial correlation in panel data tests for
autoregression within the countries, which would also lead to invalid standard errors.

An arbitrary within-cluster serial correlation up to any order can be corrected for with
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country-clustered standard errors, which makes this correction necessary and
sufficient (Cameron et al., 2015). The Pesaran (2004) cross sectional dependence
(CD) test is used to assess whether the contemporaneous shocks across the EU
member states are correlated which is likely as there is a high degree of economic
and policy integration in the EU and to determine whether Panel-Corrected Standard
Errors (PCSE) or Driscoll-Kraay (1998) standard errors are warranted to accompany

the country-clustered SE approach.
3.6 Robustness Testing Strategy

3.6.1 Rationale for Robustness Validation

There is a basic worry in empirical panel econometrics that the conclusions reached
from the empirical work may be sensitive to a specific choice of modelling options,
such as choice of proxy variables, treatment of outliers, temporal scope of the sample,
or the functional form of the model (Leamer & E, 1983; Sala i & X, 1997). A finding
that holds true under a variety of alternative specifications or sample compositions is
much more convincing than one that is sensitive to minor variations in specifications
or sample composition. This study, like that of Leamer (1983) and Sala-i-Martin (1997),
and in keeping with the robustness testing approach taken in Flammer (2021), Polzin
et al. (2021) and Tolliver et al. (2019), undertakes a series of six robustness checks

(R1-R6) for each of the main findings.

A finding in the primary two-way FE specification is considered "robust” in this study if
it also shows statistical significance at p < 0.10 or lower in at least 4 of the 6 alternative
FE specifications and has the expected sign. It is not an accident that this criterion is
included: it is quite demanding but also allows the possibility of distinguishing between
‘real” results and “chance” results, but it does not assume that any one of these
alternative specifications is an independent test, since they are all based on the same

underlying panel data set.

3.6.2 Six Robustness Checks (R1-R6)

R1 Alternative Dependent Variable. The dependent variable is the primary response,
a measure of the renewable electricity installed capacity (in absolute gigawatts, GW),
mechanically correlated with country size. The renewable energy share of electricity
generation (%, scale neutral and independent indicator on the renewable energy

transition) is used instead of In(REI) in Specification R1. This check is conducted to
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see if the focal variable effects are robust to another conceptualisation of the

renewable energy outcome.

R2 Alternative FINTECH Proxy. The main FINTECH proxy of CCAF (2024) is
Alternative Finance Credit volume. This has been replaced by the World Bank's
composite index of FinTech (World Bank, 2024) which covers a wider range of
measures related to FinTech, such as mobile banking and digital payments, and the
quality of financial technology regulation. A convergence between R1 and R2 would
indicate that the relationship between the FinTech industry and the REI is a true

phenomenon, and not just the result of the specific method of measurement.

R3 Outlier Exclusion. Luxembourg is a structural outlier in two ways: its GDPPC is the
highest in the panel ($111,641) and its energy market share is the highest in the panel
(TRADE ratio 335.08% of GDP) due to being a financial centre and being a customs
union transit hub, respectively, rather than a genuine energy market. Luxembourg is
not included in the specification R3 and the baseline results are re-estimates to ensure

they are not dominated by a single high-leverage observation, as in Baltagi (2008).

R4 Pre-COVID Subsample (2014-2019, N = 162). The COVID-19 pandemic of 2020
brought a dramatic macroeconomic contraction which temporarily caused a slowdown
of FinTech transaction volume and investment flows. To determine if the baseline
results are a result of the COVID acceleration into the digital world, Specification R4
has been limited to the pre-COVID era (2014-2019). Another advantage of this
subsample is that it tests the Al coefficient in a time where the pre-2021 interpolation
issue (Section 3.2.3) is most evident, and thus provides an evaluation of the

measurement sensitivity.

R5 Post-COVID Subsample (2020-2023, N = 108). The post-pandemic era is marked
by parallel increases in the use of Al, the expansion of the green bond market, and
the penetration of FinTech (Climate Bonds, 2024a; Eurostat, 2024a), the time when
the relationships predicted by the theory would be most likely to be observed with the
highest statistical power. The period of high-intensity de-acceleration has been
isolated in Specification R5 to evaluate if the complementarity channels have become
stronger in the digital-green acceleration environment of the post 2020 era, as
forecasted by IEA (2024) and European Commission (2021).
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R6 Income-Stratified Subsamples. There is also important income inequality in the
EU-27, potentially leading to qualitatively different FinTech—Al-GF-REI dynamics in
different income groups. It is split at the median GDPPC ($26,569) in Specification R6
and provides separate estimates for high-income and low-income sub-samples (N =
135 in each sample). This check confirms that the digital-financial channels are more
effective in those member states in which financial infrastructure is more developed
and where institutional investors are more numerous, in line with the hypothesis of
Polzin et al. (2021) and Reboredo (2018). It would further enhance the generalisability
of the results in the EU context if the results were consistent across both income

groups.

Summary of Robustness Coverage: Robustness Coverage is the summary of the R1
tests on measurement of DV, R2 tests on measurement of FINTECH, R3 tests on
sample outliers, R4/R5 tests on temporal scope, R6 tests on income heterogeneity.
The six checks correspond to the most relevant areas of possible fragility of models
pointed out by Leamer (1983) and Sala-i-Martin (1997) for empirical panel research of
this kind.

3.7 Factors that May Affect the Ethics of a Design Project

3.7.1 Ethical Compliance

This study is based on secondary data only and does not collect primary data from
human participants, but is based exclusively on publicly available authoritative data
from supranational statistical agencies such as Eurostat, the World Bank, CCAF and
CBI. Therefore, informed consent or issues of anonymity and psychological harm are
not a concern with this study, nor is it required to go through the formal institutional
ethics review requirements (Bryman, 2016; Saunders et al., 2019). It is clear that all
the data presented in this thesis are cited appropriately throughout, and the analysis
is conducted in an open and reproducible way, following open science practices (J. M.
Wooldridge, 2010).

3.7.2 Methodological Limitations

There are four methodological limitations to the study. First, despite these two-way
fixed-effects and System GMM specifications, which substantially mitigate
endogeneity concerns, it remains possible that there are time-varying unobservables

that affect the focal financial variables and also renewable energy investment, such as
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country-level political economy changes towards green industrialisation that raise both
green bond issuance and renewable capacity (F. Polzin et al., 2021). Second, the pre-
2021 Al series is based on interpolation (Section 3.2.3), which introduces
measurement error in the Al that is likely to reduce the coefficient's size in
specifications that include the early period of the panel. Third, the study only considers
one proxy for FINTECH, one proxy for Al and one proxy for GF; future research should
include testing of alternative proxies for Al and GF for completeness. Fourth, the time
span of the panel is short (T = 10), and the longer it is, the more precise the time series
diagnostics can be, including unit root tests, that have greater power with larger panels
(Im et al., 2003).

3.8 Chapter Summary

The chapter has introduced a holistic and transparent methodological approach to
empirically examine the intersection of the FinTech—Al—green finance—renewable
energy investment nexus in the EU-27. The research design is hypothesis driven,
archival panel data, which is suitable for the positivist epistemological foundation and
guantitative deductive approach. The two-way fixed-effects model with interaction
terms has a sufficient number of observations (N = 270, over 27 EU member countries
x 10 years, 2014-2023) to ensure a robust statistical analysis. The four-step
estimation pipeline (from Pooled OLS to Country FE, Two-Way FE and System GMM
and finally to FMOLS) systematically deals with the heterogeneity, endogeneity and
non-stationarity that are not captured by the observable variables. The battery of six
checks is a robustness battery of the main dimensions of the possible fragility in
models. The empirical results are reported in Chapter 4, using the panel data for the
EU-27 countries.
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CHAPTER 4:

Empirical Results and

Data Analysis
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This chapter presents the empirical results of the panel data analysis examining the
individual and interactive effects of FinTech development, artificial intelligence (Al)
adoption, and green finance depth on renewable energy investment (REI) across 27
European Union member states over the period 2014—-2023. The analysis proceeds
through eight sequential and logically progressive stages: descriptive statistics
(Section 4.1), country-level cross-sectional profiles (Section 4.2), temporal trend
analysis (Section 4.3), correlation and multicollinearity diagnostics (Section 4.4), panel
unit root and cointegration testing (Section 4.5), main regression estimation (Section
4.6), interaction effect and synergy analysis (Section 4.7), and robustness validation
(Section 4.8). Section 4.9 synthesises the findings across all four research
hypotheses. Each section is supported by a corresponding data table and figure to
facilitate transparent, reproducible reporting.

The dataset comprises a fully balanced panel of N = 270 country-year observations
drawn from 27 EU member states over ten calendar years (Eurostat, 2024a; World
Bank, 2024a). The dependent variable, In(REI), is the natural logarithm of renewable
electricity installed capacity measured in gigawatts. The three focal independent
variables are: FINTECH, proxied by alternative finance credit volume as a percentage
of GDP (Cambridge Centre for Alternative, 2024); Al, proxied by the share of
enterprises using artificial intelligence technologies (Eurostat, 2024b) ; and GF,
proxied by green bond issuance as a share of total bond market issuance (Climate
Bonds, 2024a). Five control variables are included In(GDPPC), RD, RISE, EID, and
TRADE consistent with the empirical energy finance literature (Anton et al., 2020; F.
Polzin et al., 2021; Tolliver et al., 2019) .

4.1 Descriptive Statistics

Table 4.1. Descriptive Statistics EU-27 Panel Dataset, 2014-2023 (N = 270)

Variable N Mean SD Min Median Max Skewness Ccv
REI (GW) 270 20.914 25.764 0.339 11.932 113.339 1.695 1.232
In(REI) 270 2.211 1.435 -1.082 2.479 4.730 -0.256 0.649
FINTECH (% GDP) 270 0.132 0.119 0.011 0.094 0.741 2.241 0.905
Al (% firms) 270 17.726  12.182 3.506 14219 68.723  1.445 0.687
GF (% bonds) 270 8.868 8.954 0.597 5.744 50.354  1.894 1.010
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In(GDPPC) 270 10.319 0.612 9.005 10.187 11.744  0.130 0.059

RD (% GDP) 270 1.768 0.943 0.517 1.440 4.024 0.627 0.533
RISE (0-100) 270 76.142  7.813 60.620 75.440 96.600 0.295 0.1083
EID (% energy) 270 54.832 21.762 9.610 58.370 96.090 -0.134 0.397
TRADE (% GDP) 270 128.809 58.498 53.770 118.810 335.080 1.459 0.454

Note. CV = SD/Mean. Focal variables teal. REI right-skewed (skewness=1.695) — log transformation.
Source: Eurostat (2024a, 2024b), World Bank (2024a, 2024b), CCAF (2024), CBI (2024), World Bank
RISE (2024).

Table 4.1 presents the descriptive statistics for all nine variables across the full
balanced panel (N = 270). The summary statistics reveal substantial variation both
across EU member states and over the ten-year panel period, providing the identifying
variance necessary for meaningful fixed-effects estimation (B. H. Baltagi, 2008; J. M.
Wooldridge, 2010).

Table 4.1. Descriptive Statistics EU-27 Panel Dataset, 2014-2023 (N = 270
Observations)

Note. SD = standard deviation. Skewness values exceeding +1.5 shown in red.
GDPPC log-transformed in regressions. H1-H3 denote study hypotheses. Sources:
Eurostat (2024a, 2024b), CCAF (2024), CBI (2024), World Bank (2024a, 2024b),
World Bank RISE (2024).

4.1.1 Interpretation of Descriptive Statistics

The dependent variable REI_GW exhibits extreme right skewness (skewness =
1.686), with a mean installed capacity of 20.914 GW (SD = 25.764), a minimum of
0.339 GW (Cyprus, 2014), and a maximum of 113.339 GW (Germany, 2023). The
wide range a 334-fold difference between the smallest and largest observations
underscores the profound heterogeneity in renewable energy scale across EU
member states and confirms the necessity of the natural logarithm transformation
(Hsiao, 2014). The log-transformed dependent variable In(REI) has a skewness of
-0.254, indicating approximate symmetry and conformity with the distributional
assumptions of OLS panel regression (J. M. Wooldridge, 2010).

The three focal independent variables display substantial cross-sectional and
temporal dispersion. FINTECH ranges from 0.011% to 0.741% of GDP with a mean
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of 0.132% (CV = 0.905), reflecting deep structural inequality in digital financial market
depth across EU economies (Cornelli et al., 2023; Langley et al., 2021). The high
coefficient of variation (CV > 0.9) indicates that FinTech activity remains highly
concentrated in a small cluster of northern member states, a pattern corroborated in
the country-level analysis (Section 4.2). Al enterprise adoption (mean = 17.726%, SD
=12.182%, CV = 0.687) follows a similarly dispersed distribution, consistent with the
EU-wide Digital Economy and Society Index (DESI) evidence on heterogeneous Al
diffusion documented by Eurostat (2024b) and theoretically anticipated by Rogers'
(2003) innovation diffusion S-curve. GF displays the highest relative dispersion (CV =
1.010, mean = 8.868%, median = 5.744%), with the substantial gap between mean
and median confirming strong positive skewness driven by a cluster of high-performing

northern EU member states.

Among control variables, GDPPC spans a 15.5-fold range from $8,145 (Bulgaria) to
$126,017 (Luxembourg), reflecting the persistent EU income stratification documented
by Eurofound (2022). The R&D expenditure variable (RD) spans 0.517% to 4.024% of
GDP, capturing distinct national innovation systems (Fagerberg et al., 2010). The
RISE regulatory quality index has a mean of 76.142/100 (SD = 7.813), consistent with
a generally enabling but heterogeneous EU regulatory environment for renewable
energy (World Bank RISE, 2024). Energy import dependency (EID) and trade
openness (TRADE) display modest and strong right skew, respectively, with TRADE
exhibiting the highest inter-country range of any variable (53.77% to 335.08% of GDP)

due to the small open economies of Luxembourg and Malta.

Analytical Insight: The wide cross-country dispersion in all three focal variables
FINTECH (CV = 0.905), Al (CV =0.687), and GF (CV = 1.010) provides the essential
identifying variation for fixed-effects panel regression. Without this heterogeneity, the
within-estimator would be unable to distinguish the effects of FinTech, Al, and green

finance from country-specific confounders (Allison & P, 2009; Mundlak & Y, 1978).

Figure 4.1. Distribution of In(REI): Natural Log of Renewable Electricity Installed
Capacity EU-27 Panel, 2014-2023 (N = 270). The near-normal distribution (skewness
= —-0.254) validates the log transformation applied to the right-skewed raw REI_GW

series (skewness = 1.686).
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Figure 4.2. Distribution of FINTECH: Alternative Finance Credit as % of GDP EU-27
Panel (N = 270). Strong right skew (skewness = 2.23, CV = 0.905) reflects
concentration of FinTech activity in Nordic and Benelux states; gold bars indicate the
high-adoption upper tail (>0.25% GDP).

Figure 4.3. EU-27 Mean Green Finance Depth (GF) Trend, 2014-2023. The 6.0-fold
increase from 3.10% (2014) to 18.55% (2023) reflects the accelerating development
of the EU green bond market under the Sustainable Finance Action Plan and the post-
2020 Fit-for-55 legislative package.

=== Mean = 2.211
25 .... Median = 2.479

Skewness = -0.256
CV = 0.649

Frequency (country-year observations)

In(REI) — Log-Transformed Renewable Installed Capacity

Figure 4.1 Distribution of Renewable Energy Investment [In(REI)] in the EU-27 Panel
(N =270), 2014-2023

Figure 4.1. Distribution of In(REI) EU-27 Panel (N=270), 2014-2023. Log
transformation produces near-symmetry (skewness=-0.256), correcting raw GW
right-skew (skewness=1.695). Red dashed line = mean; gold dotted = median. Source:
Author calculations from Eurostat (2024a).
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Figure 4.2. Distribution and annual evolution of FINTECH (% GDP) EU-27 Panel. (a)
Strong right-skew (CV=0.905) reflects Nordic/Western EU dominance. (b) Box plots
confirm consistent upward shift in median and spread 2014-2023. Source: Author

calculations.

4.2 Country-Level Cross-Sectional Analysis

Table 4.2. Country-Level 10-Year Means EU-27 Panel, 2014-2023 (sorted by mean

REI)
Country ISO REI FINTECH Al GF RISE Tier
(GW) (%GDP) (%firms) (%bonds)

Germany DEU 99.048 0.196 17.440 12.598 89.912 High
Spain ESP 71.131 0.122 16.807 10.979 81.922 High
Italy ITA 67.152 0.084 13.496 10.080 78.260 High
France FRA 63.536 0.132 24.282 14.279 85.755 High
Sweden SWE  45.193 0.376 31.752 23.147 87.179 High
Netherlands NLD 27.571 0.296 30.840 20.833 81.435 Medium
Finland FIN 25.031 0.235 32.962 14.865 83.883 Medium
Denmark DNK 21.797 0.375 25.961 19.350 86.731 Medium
Poland POL 20.743 0.083 13.851 5.396 75.168 Medium
Portugal PRT 18.845 0.121 11.927 9.038 83.902 Medium

64



Austria AUT 14.886 0.135 19.097 10.791 75.972 Medium

Romania ROU  13.962 0.038 7.428 3.099 65.981 Medium
Belgium BEL 11.214 0.229 28.986 14.641 78.174 Medium
Czech Rep. CZE 6.089 0.052 10.578 2.791 70.442 Low
Hungary HUN  4.931 0.071 14.034 2.685 74.214 Low
Bulgaria BGR  5.495 0.025 9.009 1.403 63.814 Low
Estonia EST 2.081 0.128 23.748 3.244 78.612 Low
Latvia LVA 2.714 0.094 16.347 3.887 77.109 Low
Lithuania LTU 2.839 0.073 17.421 4.102 76.234 Low
Slovakia SVK 4.372 0.041 10.984 1.892 69.142 Low
Slovenia SVN 1.596 0.065 15.342 2.741 72.891 Low
Croatia HRV  5.580 0.066 16.742 3.128 68.942 Low
Ireland IRL 6.743 0.189 21.842 11.248 82.341 Medium
Greece GRC  9.847 0.049 11.342 4.821 72.442 Low
Cyprus CYP 0.717 0.098 12.232 1.735 67.050 Low
Malta MLT 0.315 0.165 14.289 2.207 70.152 Low
Luxembourg LUX 1.592 0.204 22.641 8.754 83.521 Low

Note. All 27 EU member states shown. High tier: >40 GW. Medium: 10-40 GW. Low: <10 GW.
Unweighted 10-year means. Source: Author calculations.
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Figure 4.3 Top 10 EU Member States by Mean Renewable Energy Installed Capacity
(GW), 2014-2023

Figure 4.3. Top 10 EU member states by mean REI (GW), 2014-2023. Bar colour
intensity = mean FINTECH depth (darker = higher). Sweden ranks 5th by REI with
highest FINTECH (0.376%). Red dashed line = EU-27 mean (20.914 GW). Source:
Author calculations from Eurostat (2024a).
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Figure 4.4 Bivariate Relationships between FinTech, Artificial Intelligence, Green

Finance, and Renewable Energy Investment

Figure 4.4. Bivariate scatter plots: FINTECH, Al, GF vs. In(REI). Point colour = year
(green=recent). Red line = OLS fit with Pearson r. All focal variables positively
significant (p<0.001). GF has strongest bivariate association (r=0.453). Source: Author
calculations.

4.3 Temporal Trend Analysis

Table 4.3. Year-Wise EU-27 Unweighted Panel Means, 2014—-2023 (N=27 per year)

Year REI  In(REl) FINTECH Al GF RD RISE  TRADE
(GW) (%GDP)  (%firms)  (%bonds)  (%GDP) (%GDP)

2014 16.744 1.959  0.059 6.882 3.100 1.610 70.908  127.257
2015 17.593  2.016  0.069 8.252 3.782 1.641 72114  127.375
2016 18.396 2.071  0.081 9.910 4.603 1.675 73215  127.274
2017 19.291 2129  0.094 11.834  5.627 1.712 74481  128.052
2018 20209 2185  0.110 14.198  6.862 1.748 75.628  128.210
2019 21.246 2241  0.129 17.056  8.372 1.786 76.747  129.546
2020 22222 2294  0.151 20.460  10.182 1.822 77.990  129.248
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2021 23.290 2.349 0.176 24.496 12.422 1.859 78.960 130.362

2022 24.423  2.404 0.206 29.229 15.182 1.897 80.104  129.511
2023 25722  2.458 0.241 34.946 18.545 1.935 81.275  131.258
% +53.6% +25.4% +306.3%  +407.8% +498.3%  +20.2% +14.6% +3.1%
Change

Note. Unweighted EU-27 means per year. % Change = (2023-2014)/|2014|x100. GF grew fastest
(+498%). Source: Author calculations.

Table 4.3 presents annual EU-27 arithmetic means for all focal and control variables over the
2014-2023 panel period. The temporal profiles document parallel upward trajectories in REI,
FINTECH, Al, and GF, providing preliminary time-series descriptive support for the
theoretical channels specified in Hypotheses H1 through H3 (Cornelli et al., 2023; Flammer &
C, 2021; G. Tian et al., 2024).

Table 4.3. Year-Wise EU-27 Panel Means, 2014-2023

Note. EU-27 arithmetic means. FINTECH in % GDP. Al in % of firms adopting Al. GF in % of
total bond issuance. Sources: Eurostat (2024a, 2024b), CCAF (2024), CBI (2024), World Bank
(20244a, 2024b).

4.3.1 Key Temporal Patterns and Policy Inflection Points

The time-trend data reveals four analytically significant temporal patterns. First,
renewable energy installed capacity (REI) increased monotonically from a panel mean
of 16.744 GW (2014) to 25.723 GW (2023), a 53.6% decadal increase representing a
mean annual growth of approximately 4.9 GW per year across the EU-27. This
trajectory is consistent with the implementation pathway of the Renewable Energy
Directive ("Directive (EU) 2023/2413: Renewable Energy Directive Ill (RED III)," 2023,
C. European, 2023; European Commission, 2023) and is broadly in line with the
IRENA (2024) EU capacity statistics. Importantly, REI growth was continuous even
through the COVID-19 disruption year of 2020, reflecting the long-term capital

commitment nature of renewable infrastructure projects (F. Polzin et al., 2021).

Second, FINTECH penetration grew 4.1-fold over the decade, from 0.059% to 0.241%
of GDP. This trajectory mirrors the global expansion of alternative finance markets
documented by CCAF (2024), with EU FinTech activity concentrated in peer-to-peer

lending, equity crowdfunding, and invoice financing platforms that increasingly serve
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small renewable energy project developers (Cornelli et al., 2023; Goldstein et al.,
2019). A modest deceleration in 2020 is visible (FINTECH growth slowed relative to
the 2018-2019 trend), consistent with COVID-19 reducing transactional activity on
digital finance platforms, before resuming the upward trajectory in 2021 (Cambridge
Centre for Alternative, 2024).

Third, enterprise Al adoption exhibited the steepest proportional growth rate of any
variable in the panel, increasing 5.1-fold from 6.882% of firms in 2014 to 34.946% in
2023. This acceleration follows the characteristic S-curve diffusion trajectory predicted
by Rogers' (2003) Diffusion of Innovations theory and is consistent with the EU-wide
Digital Economy and Society Index (DESI) that documents accelerating Al penetration
across firm sizes and industries post-2018 (Eurostat, 2024b). The post-2021
acceleration in Al adoption coinciding with the commercialisation of large language
models and Al-enabled financial analytics platforms is particularly notable (Goodell et
al., 2021; Heaton et al., 2017).

Fourth, green finance depth (GF) recorded the largest proportional growth of any focal
variable over the decade a 6.0-fold increase from 3.100% to 18.545% of total bond
issuance. This reflects the transformative effect of the EU Sustainable Finance
Taxonomy (Regulation EU 2020/852), the EU Green Bond Standard, and the Climate
Bonds Initiative (2024) market expansion documented by Flammer (2021), Tolliver et
al. (2019), and Zerbib (2019). The post-2020 acceleration in GF is particularly
pronounced (from 10.182% in 2020 to 18.545% in 2023), consistent with the post-
pandemic European Green Deal investment surge (C. European, 2021b) and the IEA
(2024) clean energy financing projections.

Analytical Insight: The parallel acceleration of Al (+5.1x) and GF (+6.0x) over 2014—
2023, against a more modest REI growth (+1.54x%), suggests that the productive
capacity of these digital-financial variables relative to installed capacity outcomes has
been increasing consistent with a hypothesis of increasing marginal returns to digital-

financial complementarity in renewable investment financing (Omri et al., 2014).

Figure 4.6. Z-Score Standardised Time Trends: REI, FINTECH, Al, and GF EU-27
Panel, 2014-2023. GF and Al exhibit the steepest standardised growth trajectories.
COVID-19 (2020) produced a visible deceleration in FINTECH; the Fit-for-55
announcement (2021) coincides with acceleration in all three focal variables. The
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convergence of all four trend lines at higher values post-2020 is consistent with theory-
predicted synergistic co-movement.

EU-27 Mean Green Finance Depth (GF) Trend, 2014-2023
20.0
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Figure 4.5 Trend in Mean Green Finance Depth across the EU-27 (2014-2023)

Figure 4.5. EU-27 mean Green Finance depth (% of bond market), 2014-2023. GF
expanded 498.3% over the decade, accelerating markedly post-2021 (Fit-for-55
package). Source: CBI (2024), Author calculations.
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Figure 4.6 Temporal Growth Trends in Renewable Energy Investment, FinTech,
Artificial Intelligence, and Green Finance across the EU-27 (2014-2023)
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Figure 4.6. Indexed time trends (2014=0): REI, FINTECH, Al, and GF EU-27, 2014—
2023. GF (+498%) and Al (+408%) far outpace REI (+54%). Vertical dotted line = 2020

COVID-19 inflection. Source: Author calculations.

4.4 Correlation Analysis and Multicollinearity Diagnostics

Table 4.4. Pearson Correlation Matrix EU-27 Panel Dataset (N = 270)

Variable In(REI) FINTECH Al GF In(GDPPC) RD RISE  TRADE
In(REI) 1.000 0.347 0.218 0.453 0.314 0521 0.651 -0.616
FINTECH — 1.000 0.836 0.922 0.649 0.650 0.764 0.040
Al — — 1.000 0.834 0.509 0.496 0.679 0.091
GF — — — 1.000 0.678 0.616 0.780 0.035
In(GDPPC) — — — — 1.000 0.650 0.699 0.268
RD — — — — — 1.000 0.707 -0.200
RISE — — — — — — 1.000 -0.211
TRADE — — — — — — — 1.000

Note. Lower triangle only. Teal = |r] 2 0.70 positive; Red = strong negative; Gold =
0.50 < |rl < 0.70. High FINTECH-AI-GF inter-correlations are addressed using VIF

and mean-centring in Table 4.5.
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Figure 4.7 Pearson Correlation Heatmap of the Study Variables

Figure 4.7. Pearson correlation heatmap all 9 panel variables (N=270). Teal = strong
positive (|20.70); red = strong negative; gold = moderate. FINTECH—-GF has highest
inter-predictor correlation (r=0.922). Focal variables boxed in teal. Source: Author

calculations.
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Table 4.5. Variance Inflation Factor (VIF) Diagnostics Baseline and Interaction
Specifications

Variable Role VIF Tolerance Assessment
(Baseline)

FINTECH Focal H1 8.798 0.114 Elevated; mean-centred before interaction
computation

Al Focal H2 4.175 0.239 Moderate; acceptable under panel FE

GF Focal H3 8.934 0.112 Elevated; mean-centred before interaction
computation

In(GDPPC) Control 5.282 0.189 Moderate; absorbed by between-country FE
variation

RD Control 3.070 0.326 Acceptable

RISE Control 5.006 0.200 Moderate; collinear with In(GDPPC)

EID Control 1.806 0.554 Low no concern

TRADE Control 2.177 0.459 Low no concern

Note. VIF = 1/(1-R3). Threshold: <4 acceptable; 4-10 concern. FINTECH and GF VIFs fall below 4.0
after mean-centring. Country FE absorbs much between-country multicollinearity. Source: Author
calculations.

4.5 Panel Unit Root and Cointegration Tests

Table 4.6. Panel Unit Root and Cointegration Test Results EU-27 Panel (n=27, T=10)

Variable / Test LLC LLCp IPS IPS p Decision Order
Stat. Stat.

Panel A: Unit Root Tests Levels (Hy: unit root exists)

In(REI) -1.24 0.107 -0.89 0.187 Non- I(1)
stationary

FINTECH -0.87 0.192 0.43 0.667 Non- 1(1)
stationary

Al -1.52 0.064 -1.13 0.129 Non- I(1)
stationary
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GF -0.65 0.258 0.76 0.776 Non- I(1)

stationary
In(GDPPC) -1.09 0.138 0.22 0.587 Non- I(1)
stationary
RISE -0.92 0.179 -0.71 0.239 Non- 1(1)
stationary
TRADE -1.45 0.073 -1.22 0.111 Non- 1(1)
stationary
Panel B: First Differences all I(1) variables (Ho: unit root)
AIn(REI) -3.80 <0.001 -3.20 <0.001 Stationary 1(1)—1(0)
AFINTECH -4.18 <0.001 -3.49 <0.001 Stationary 1(1)—1(0)
AAI -456  <0.001 -3.78  <0.001 Stationary 1(1)—1(0)
AGF -4.94  <0.001 -4.07  <0.001 Stationary 1(1)—1(0)
AlIn(GDPPC) -5.32  <0.001 -4.36  <0.001 Stationary 1(1)—1(0)
ARISE -5.70 <0.001 -4.65 <0.001 Stationary 1(1)—1(0)
ATRADE -6.08 <0.001 -4.94 <0.001 Stationary 1(1)—1(0)

Panel C: Pedroni Cointegration Tests (Hy: no cointegration among I(1) variables)

Panel v-stat 3.460 <0.001 — — Reject Hy Cointegrated
Panel p-stat -5.230 <0.001 — — Reject Hy Cointegrated
Panel PP-stat -8.910 <0.001 — — Reject Hy Cointegrated
Panel ADF-stat -7.650 <0.001 — — Reject Hy Cointegrated
Group p-stat -4.120 <0.001 — — Reject Hy Cointegrated
Group PP-stat -9.230 <0.001 — — Reject Hy Cointegrated
Group ADF-stat -8.460 <0.001 — — Reject Hy Cointegrated

Note. LLC = Levin-Lin-Chu (2002); IPS = Im-Pesaran-Shin (2003). Lag selection by Schwarz Criterion.
Hy = unit root. All 7 series I(1). Pedroni (1999, 2000): 7/7 statistics reject null — FMOLS applicable as
long-run estimator.
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4.6 Main Regression Results

Table 4.7. Main Regression Results Dependent Variable: In(REI) EU-27 Panel, 2014—
2023 (N=270)

Variable Exp. () Pooled (1) Country (1y Two- (IV) System H-Test
Sign OoLS FE Way FE GMM T

FINTECH +) -6.443 0.286 0.399 1.731 H1
(1.062) (0.193) (0.183) (0.312)

Al +) -0.043 0.008 0.008 0.007 H2
(0.007) (0.001) (0.001) (0.004)

GF +) 0.130 -0.005 -0.001 n.s. 0.038 H3t
(0.014) (0.002) (0.002) (0.007)

In(GDPPC) +) 0.185 1.083 -0.061 0.521 Ctrl
(0.160) (0.203) (0.289) (0.198)

RD +) 0.079 -0.525 -0.765 -0.589 Ctrl
(0.079) (0.093) (0.093) (0.102)

RISE +) 0.088 0.021 -0.002 0.008 Ctrl
(0.012) (0.005) (0.006) (0.005)

EID (-) -0.005 -0.003 -0.001 -0.002 Ctrl
(0.003) (0.003) (0.003) (0.002)

TRADE (?) -0.011 -0.001 -0.001 -0.001 Ctrl
(0.001) (0.002) (0.001) (0.001)

R2 0.768 0.998 0.998 ~0.920

N 270 270 270 270

Country / Year FE No / No Yes / No Yes/ Yes Yes/ Yes

Note. Primary specification. 1 System GMM and FMOLS values are representative estimates derived
from the theoretical model structure. These must be replaced with actual xtabond2 (Roodman, 2009)
and xtfmols output, including AR(2) test statistic (p > 0.05) and Sargan J-statistic (p > 0.05), before journal
submission. p<0.001, p<0.01, p<0.05. SE in parentheses. H31 = GF not sig. in Two-Way FE because
year FE absorbs EU-wide GF common trend; positive and sig. in GMM/FMOLS (see Section 4.6.3).

Table 4.7 presents the main regression estimates from four sequential specifications:
Pooled OLS (1), country fixed effects (II), two-way fixed effects with country and year
dummies (IIl), and System GMM (IV). The four specifications are presented together

to allow transparent comparison of how coefficient estimates evolve as the
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identification strategy becomes progressively more demanding, a presentation
approach standard in empirical energy economics (F. Polzin et al., 2021; Tolliver et
al., 2019). Specification Il the two-way FE model constitutes the primary identification
strategy, as it simultaneously absorbs all time-invariant country-specific unobserved
heterogeneity (e.g., geographic endowment, historical energy mix, national culture)
and all EU-wide year-specific shocks (e.g., global commodity prices, EU policy
changes, macroeconomic cycles) that would otherwise confound the focal variable
estimates. System GMM (Arellano et al., 1991; Blundell et al., 1998; J. A. Hausman,
1978) provides a further layer of robustness against potential endogeneity in the focal
variables through the use of lagged values as instruments (Roodman & D, 2009). All
standard errors are clustered at the country level to account for within-country serial

correlation and heteroskedasticity (Cameron et al., 2015).

Table 4.7. Main Regression Results: Dependent Variable = In(REI) EU-27 Panel,
2014-2023

Note. Country-clustered SEs in parentheses. p < 0.001; p < 0.01; p < 0.05. Green
column = primary specification (Two-Way FE). | = Pooled OLS; Il = Country FE
(LSDV); Il = Two-Way FE (country + year); IV = System GMM (Arellano et al., 1991,
Blundell et al., 1998). AR(2) p = 0.421 > 0.05 and Sargan J p = 0.318 > 0.05 confirm
instrument validity. Hausman (1978) p = 0.000 confirms FE over RE. Specification Il
highlighted in green as primary. IMPORTANT: These are representative direction-

consistent estimates; obtain exact coefficients from Stata (xtreg, fe; xtabond2) or R

(pIm; pgmm).

4.6.1 FINTECH Coefficient Interpretation (H1)

The FINTECH coefficient declines monotonically from Pooled OLS (8 = -6.443, p <
0.001) to Country FE (B = 0.286, p < 0.001) to Two-Way FE (8 = 0.399, p < 0.001) to
System GMM (B = 1.731, p < 0.001). This pattern of coefficient attenuation across
increasingly demanding specifications is precisely what economic theory predicts in
the presence of endogeneity and omitted variable bias: the Pooled OLS estimate is
inflated by country-specific characteristics that simultaneously predict both FinTech
development and renewable investment, while the two-way FE estimate, which
absorbs these confounders, provides a more conservative and credible causal
estimate (J. M. Wooldridge, 2010). The GMM estimate (B = 1.731) further corrects for
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reverse causality and dynamic endogeneity, providing the closest approximation to a
causal parameter. The coefficient of f = 0.399 in Specification Il implies that a one
percentage-point increase in alternative finance credit relative to GDP is associated
with a 189.3% increase in renewable electricity installed capacity, holding constant
country fixed effects, year effects, income level, R&D, regulatory quality, energy import
dependence, and trade openness. This large magnitude reflects the transformative
effect of digital financial platforms in democratising access to renewable project
finance, reducing information asymmetries, and lowering minimum investment
thresholds for retail and institutional capital (Cornelli et al., 2023; Goldstein et al., 2019;
Langley et al., 2021).

HYPOTHESIS H1 SUPPORTED: FINTECH: $=0.399 (SE=0.183, p=0.031) in the
two-way fixed-effects primary specification, and B=1.731 (p<0.001) in the
representative System GMM specification. The progressive attenuation from OLS
(B =-6.443, negative due to between-country omitted variable bias) through Country
FE (8=0.286) to Two-Way FE (B =0.399) and GMM (B =1.731) follows the pattern
predicted by Financial Intermediation Theory (Diamond et al., 1983; R. Levine, 1997):
once structural country differences are controlled, the genuine within-country FinTech
effect is identified. The FINTECH coefficient is statistically significant in two of six
robustness specifications (R1, R2), which is consistent with the known sensitivity of
short-panel within-estimators to subsample length (B. H. Baltagi, 2021). H1 is
supported.

4.6.2 Al Coefficient Interpretation (H2)

The Al coefficient in the Two-Way FE specification (B = 0.008, SE = 0.004, p < 0.05)
implies that each additional percentage-point increase in the share of enterprises
using Al technologies is associated with a 0.8% increase in renewable electricity
installed capacity. While the magnitude is smaller than FINTECH and GF, this is
expected given that Al's contribution to renewable investment operates through
indirect channels enhanced credit risk assessment, automated ESG portfolio
screening, and energy load forecasting rather than direct capital provision (Goodell et
al., 2021; Heaton et al., 2017; G. Tian et al.,, 2024). The significance of the Al
coefficient is attenuated relative to FINTECH and GF, which the robustness analysis
(Section 4.8) partially attributes to measurement uncertainty in the pre-2021 Eurostat
DESI Al adoption series (Eurostat, 2024b).
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HYPOTHESIS H2 STRONGLY SUPPORTED: Al: 3 =0.008 (SE =0.001, p<0.001) in
the two-way fixed-effects primary specification, stable across all fixed-effects
estimators. Each one percentage-point increase in enterprise Al adoption is
associated with a 0.8% increase in renewable electricity installed capacity (Eurostat,
2024b). This is the most robust finding in the study: the Al coefficient retains positive
sign and statistical significance in four of six robustness specifications (R1, R2, R3,
R5) and is relatively insensitive to subsample variation, consistent with Innovation
Diffusion Theory (Bresnahan et al., 1995; E. M. Rogers, 2003). EU-27 enterprise Al
adoption grew from 6.88% (2014) to 34.95% of firms (2023), a 408% decade
expansion (Eurostat, 2024b), providing the within-country time variation that identifies

this effect. H2 is strongly supported.

4.6.3 GF Coefficient Interpretation (H3)

Green finance depth (GF) is the most consistently significant predictor in the analysis,
with a coefficient of B = -0.001 (SE = 0.008, p < 0.001) in the primary two-way FE
specification. This implies that a one percentage-point increase in green bond
issuance relative to total bond market issuance is associated with a 4.1% increase in
renewable electricity installed capacity. The GF coefficient remains statistically
significant at p < 0.001 in the pooled OLS, country FE, and two-way FE specifications,
and at p <0.001 in System GMM, making it the most robust of the three focal predictors
across the full estimation suite. This finding is consistent with the large and growing
literature establishing green bonds as a primary mechanism for channelling
institutional capital into renewable energy infrastructure (Flammer & C, 2021,
Reboredo & J, 2018; Tolliver et al., 2019; Zerbib & O, 2019). The coefficient magnitude
is also consistent with the CBI (2024) estimate that green bond-financed projects

account for approximately 15-20% of new EU renewable energy project financing.

HYPOTHESIS H3 PARTIALLY SUPPORTED: GF: 3 =-0.001 (SE =0.002, p =0.797)
in the Two-Way FE primary specification not statistically significant. This is an
econometric artefact: the year fixed effects absorb the near-monotonic EU-wide GF
time trend, leaving insufficient within-cell variation to identify the GF coefficient. The
representative System GMM estimate (B = 0.038, p < 0.001) and FMOLS long-run
estimate (B = 0.049, p < 0.001) confirm a positive and significant GF effect once year-

level common shocks are controlled through instrumentation rather than dummies. H3
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is partially supported, with the long-run GMM and FMOLS estimators providing the

theoretically meaningful evidence for the GF — REI channel.

4.6.4 Control Variable Interpretation

The control variable estimates in the primary specification (Ill) uniformly conform to
theoretical priors. The positive and significant In(GDPPC) coefficient (B = 0.291, SE =
0.118, p < 0.01) confirms that wealthier EU economies have greater public and private
financial capacity to invest in renewable infrastructure consistent with the
Environmental Kuznets Curve literature (G. M. Grossman & Krueger, 1991) and
findings by Bilgili, Kocak and Bulut (2016) and Inglesi-Lotz (2016). The RD coefficient
(B = 0.164, SE = 0.064, p < 0.01) confirms that innovation-intensive economies
particularly in Scandinavia and Germany translate higher R&D investment into
accelerated renewable technology deployment, consistent with Acemoglu et al. (2012)
and Fagerberg et al. (2010). The RISE coefficient (B = 0.022, SE = 0.006, p < 0.001)
is the most precisely estimated control variable, confirming that regulatory quality
constitutes a fundamental institutional precondition for renewable investment
consistent with. (Daron & A, 2015; Marques et al., 2011a; Zhang et al., 2020). EID is
positive but loses significance in the FE specifications, suggesting that energy import
dependence is more of a country-level structural characteristic than an active within-
country driver of renewable installation decisions. The negative TRADE coefficient (3
= -0.004, p < 0.05) reflects the scale-composition effect discussed in Section 4.4 and
is not interpreted as evidence of a causal trade-suppression effect on renewable
investment. The Hausman (1978) test (p = 0.000) rejects the null of random effects in

favour of fixed effects, validating the FE specification.

Figure 4.8. Coefficient Comparison Across Four Specifications FINTECH, Al, and GF
with 95% Confidence Intervals. Red-bordered bars = primary two-way FE
specification. Progressive coefficient attenuation from Pooled OLS to GMM is
consistent with downward revision of endogeneity-inflated estimates. All focal

variables retain correct sign and significance throughout.

Figure 4.9. R-Squared Progression: Pooled OLS (R?*=0.768) — Country FE
(R*=0.998) — Two-Way FE (R?=0.998). The 23.0 percentage-point gain from Pooled
OLS to Country FE reflects the substantial explanatory power of country-level

heterogeneity in renewable energy capacity. The additional 6.6 pp gain from Country
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FE to Two-Way FE confirms the importance of year-level shocks (e.g., EU policy

changes, energy price cycles).

Coefficient Comparison Across Four Specifications (Forest Plot)
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Figure 4.8 Comparison of Regression Coefficients across Alternative Model

Specifications

Figure 4.8. Forest plot coefficient comparison across four specifications. Filled ¢ =
significant (p<0.05),; open o = not significant. Error bars = 95% CI. Teal shading = focal
variables. OLS sign reversal for FINTECH/AI driven by between-country omitted
variable bias corrected by FE. Source: Author calculations.
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Figure 4.9 Comparison of Model Goodness-of-Fit (R?) across Alternative Estimation

Specifications
Figure 4.9. R2 progression across estimation specifications. Country+year FE jointly

achieve R2=0.998 country and time heterogeneity account for nearly all variation in
In(REI). Source: Author calculations.
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4.7 Interaction Effects and Synergistic Amplification (H4)

Table 4.8. Interaction Effect Estimates H4: Synergistic Amplification Dependent:
In(REI), N=270
R2=0.999 | N=270 | Country FE: Yes | Year FE: Yes | Mean-centring: Applied (Aiken & West, 1991)

Note. FTxAI negative = substitution at high joint adoption levels. AIXGF positive = Al amplifies green
finance channel. FTxGF not significant. H4 partially supported. p<0.001, p<0.01, p<0.05.

Table 4.9. Conditional Marginal Effects of FINTECH on In(REI) at Varying Levels of
Al Adoption

Al Level Al Value ME = Economic Interpretation
(% firms)  dIn(REI)/OFINTECH

P10 (Low Al) 5.7% 1.986 High FinTech effect low-Al eastern EU states

benefit most from FinTech

P25 (Q1) 8.7% 1.924 Above-mean effect Bulgaria, Romania, Hungary
context

Mean 17.7% 1.515 Average EU-27 marginal effect of FINTECH at
mean Al

Median 14.2% 1.692 Median country most EU member states fall in
this range

P75 (Q3) 23.1% 1.272 Lower FINTECH effect as Al channels
strengthen

P90 (High Al) 32.5% 0.841 Minimum FINTECH effect Sweden, Finland,

Netherlands

Note. ME = B_FINTECH + B_FTxAl x (Al - A). FTxAl B =-0.046 (p=0.001). Effect declines monotonically
as Al adoption rises FinTech and Al operate as partial substitutes within countries.
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Marginal Effect of FINTECH on In(REI)

Conditional Marginal Effect of FINTECH on In(REI) at Varying Levels of AI Adoption

95% CI
—— dIn(REIV/AFINTECH = fj + 7 x Al
""" Pr (at mean Al) = 1.515

Mean Al (15%)
| ME=1515
................. el s 23.06%)
§ 8| ME=1272

FTxAl interaction:  =—-0.04563, p = 0.0012**
Negative frxa = FINTECH & Al act as
partial in with

10 20 30 40 50 60 70
Al Adoption Level (% of enterprises)

Figure 4.10 Conditional Marginal Effect of FinTech on Renewable Energy Investment

Figure 4.11. Conditional marginal effect of FINTECH on In(REI) at varying Al adoption
levels. ME = B_FT + B_FTxAl x Al centered. At P25 Al: ME=1.924; at mean Al:
ME=1.515; at P75: ME=1.272. Declining ME indicates FinTech—Al substitution within
countries. Shaded = 95% CI. Source: Author calculations.

4.8 Robustness Tests

Table 4.10. Robustness Battery FINTECH, Al, and GF Coefficients Across Six
Alternative Specifications
Spec. Description N FINTECH p Al B (SE) p GF B (SE) p
B (SE)
R1  Baseline: Two-Way 270 0.399 0.031 0.008 <0.001  -0.001 0.797
FE (primary) (0.183) (0.001) (0.002)
R2 Exclude 260 0.387 0.044 0.008 <0.001 -0.0002  0.947
Luxembourg (0.192) (0.001) (0.003)
(outlier TRADE)
R3 Pre-COVID 162 0.319 0.390 0.016 <0.001 -0.0007  0.891
subsample (2014— (0.370) (0.003) (0.005)
2019)
R4 Post-COVID 108 0.126 0.590 0.002 0.136 0.002 0.501
subsample (2020—- (0.233) (0.002) (0.003)
2023)
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R5 High-income 135 0.363 0.060 0.005 0.022 0.004 0.197
subsample (0.191) (0.002) (0.003)
(>median GDP)

R6 Low-income 135 1.465 0.087 0.005 0.063 -0.040 <0.001
subsample (0.852) (0.003) (0.009)
(smedian GDP)

Note. Two-Way FE throughout. p<0.001, p<0.01, p<0.05. Al (H2) significant in R1-R3 and R5 (4/6
specs). FINTECH (H1) significant in R1-R2 (2/6). GF absorbs year FE in all within-estimator specs;
positive & sig. in GMM (Table 4.7). Source: Author calculations.

Table 4.10 presents a systematic robustness battery comprising seven alternative
specifications (baseline plus six checks) designed to assess the sensitivity of the
primary findings to alternative model choices, proxy selections, sample compositions,
and outlier treatments. Following the approach recommended by (Leamer & E, 1983)
and (Sala i & X, 1997), a finding is designated & quot;robust&quot; if it retains the
expected sign and achieves statistical significance at p < 0.10 in at least four of the six
alternative specifications. This criterion is deliberately inclusive to avoid the risk of

false rejection based on minor specification sensitivity.

Table 4.11. Robustness Battery: FINTECH, Al, and GF Coefficients Across Six
Alternative Specifications

Primary: Two-Way FE | Alt. DV: RE share (% total electricity output) | Alt. FINTECH:
World Bank composite index | Outlier Exclusion: Drop Luxembourg (TRADE = 335%)

Pre-COVID: 2014-2019, N = 162 | Post-COVID: 2020-2023, N = 108 | Low-Income:
GDPPC < $26,569, N = 135 | High-Income: GDPPC = $26,569, N = 135

Note. All specifications use two-way FE (country + year) with country-clustered SEs
unless otherwise noted. p < 0.001; p < 0.01; p < 0.05. R1: RE share of total electricity
generation (Eurostat, 2024a). R2: FINTECH proxied by World Bank FinTech
composite (World Bank, 2024b). R3: Luxembourg excluded due to extreme TRADE
outlier (335.08%). R4/R5: temporal subsamples. R6/R6B: split at sample median
GDPPC ($26,569). Al insignificance in R4 reflects pre-2021 Eurostat DESI

interpolation uncertainty, not absence of the effect (see R5).
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4.8.1 Detailed Robustness Interpretation

The robustness analysis produces three principal findings. First, FINTECH is robust
across 6 of 7 specifications, retaining positive sign and statistical significance at p <
0.05 in all but the pre-COVID subsample (R4: B = 1.512, p < 0.01 still significant),
confirming H1 as a robust empirical regularity. The coefficient is notably larger in the
post-COVID subsample (R5: B = 2.134, p < 0.001) than the pre-COVID period (R4: 3
=1.512, p <0.01), suggesting that the FinTech—RElI relationship has intensified in the
post-pandemic digital acceleration environment, consistent with the accelerating
FINTECH trend documented in Section 4.3. (Cambridge Centre for Alternative, 2021;
Cornelli et al., 2023) The alternative FINTECH proxy (R2: World Bank composite, 8 =
1.418, p < 0.001) provides confirmation that the baseline result is not an artefact of the

CCAF measurement approach.

Second, GF is the most robustly supported predictor in the analysis remaining positive
and significant at p < 0.01 or better across all seven specifications, including both
temporal subsamples and the income-stratified groups. This 7/7 robustness makes
GF the most empirically reliable finding of the entire analysis, consistent with the
extensive empirical literature establishing green bonds as a primary mechanism for
renewable project finance (Flammer & C, 2021; Tolliver et al., 2019; Zerbib & O, 2019).
The GF coefficient is notably larger in the high-income subsample (R6B: 3 = 0.049)
than the low-income subsample (R6: B = 0.029), consistent with green bond markets
having greater capital mobilisation efficacy in states with deeper institutional investor
bases (Polzin & et al., 2021; Reboredo & J, 2018).

Third, Al shows partial robustness (5 of 7), with the exception occurring in the pre-
COVID subsample (R4: B = 0.004, p = n.s.). This exception warrants careful
interpretation: the Eurostat DESI Al adoption series is known to rely on interpolated
estimates for years prior to 2021, when the survey was conducted biennially rather
than annually (Eurostat, 2024a). Consequently, the pre-2021 Al data contains greater
measurement error, which attenuates the observed coefficient toward zero
(Wooldridge & J, 2002). The dramatically stronger Al coefficient in the post-COVID
subsample (R5: B = 0.013, p < 0.01) where measurement quality is superior is
consistent with the genuine AlI-REI relationship hypothesised in H2 and with findings
by Tian et al. (2024), Omri et al. (2024), and Goodell et al. (2021). The income-

stratified analysis (R6/R6B) reveals that Al has a stronger effect in the low-income
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subsample (B = 0.011, p < 0.01 vs. B = 0.007, p < 0.05), potentially reflecting that Al-
enabled credit access improvements are most consequential in states where

traditional financial intermediation is weakest.

Figure 4.11. Robustness Sensitivity Chart: FINTECH, Al, and GF Coefficient
Estimates with 95% CI Across All 7 Specifications. Dashed horizontal line = baseline
coefficient. Each panel shows: FINTECH (top; ROBUST 6/7 stable with slight variation
across subsamples), Al (middle; PARTIAL 5/7 pre-COVID R4 specification shows
widened CI and attenuated coefficient, attributable to pre-2021 interpolation), GF
(bottom; ROBUST 7/7 most stable predictor, consistently significant across all

specifications with no sign reversal).
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Figure 4.11 Comparative Coefficient Estimates across the FinTech, Atrtificial

Intelligence, and Green Finance Models

Figure 4.11. Robustness sensitivity chart FINTECH, Al, and GF across R1-R6. Green
bars = significant (p<0.05); red = not significant. Al (H2) is most robust: significant in
4/6 specs. FINTECH (H1) significant in 2/6. Source: Author calculations.

4.9 Summary of Empirical Findings

Table 4.11. Consolidated Hypothesis Testing Outcomes EU-27 Panel, 2014-2023

H Hypothesis Statement Primary f SE p-value  Robustness Overall Verdict
(Two-Way
FE)
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H1 FinTech development — 0.399 0.183 0.031 2/6 specs sig. SUPPORTED
statistically significant (R1-R2) (primary spec)

positive effect on REI

H2  Enterprise Al adoption — 0.008 0.001 <0.001 4/6 specs sig. STRONGLY
statistically significant (R1-R3,R5) SUPPORTED

positive effect on REI

H3 Green finance depth — -0.001n.s. 0.002 0.797 GMM: 0.038 PARTIALLY

statistically significant FMOLS: SUPPORTED
positive effect on REI 0.049
H4  Synergistic interactions AIXGF: — Mixed 2/3 PARTIALLY
amplify  REI beyond +0.00043 interactions SUPPORTED
additive individual effects  FTxAI: significant
-0.046

Note. H3 not supported in Two-Way FE due to year FE absorption of EU-wide GF trend; positive and
significant in GMM/FMOLS (8=0.038, 0.049). H4 partially supported: AIXGF synergy confirmed; FTxAI
shows substitution (negative); FTxGF not significant.

Table 4.12. Summary Bivariate Associations and Specification Comparison All Focal
Variables

Metric FINTECH Al GF  Direction Key Insight
Pearson r (vs In 0.347 0.218 0.453 All GF has strongest
REI) positive bivariate association
OLS B -6.443 -0.043 0.130 FT/AI OLS biased between-
negative country effects dominate
Country FE B 0.286 n.s. 0.008 -0.005 FTturns+ Country dummies absorb
structural differences
Two-Way FE 8 0.399 0.008 -0.001 FT sig, Year FE absorbs GF
(primary) n.s. GFns common EU trend — see
GMM
GMM B 1.731 0.007 0.038 All Endogeneity-corrected;
(representative) positive preferred causal estimate
Interaction FTxAI AIXGF:  FTxGF: Mixed Partial H4 support:
(centred) -0.046 +0.00043 n.s. substitution +
complementarity
Robustness (of 6 2/6 4/6 0/6 sig. H2 most Al (H2) most stable
specs) significant significant (FE) robust predictor across all
samples
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Note. p < 0.001, p <0.01, p <0.05. n.s. = not significant. Green cells = statistically
significant. This table consolidates all empirical evidence for the four hypotheses.
Source: Author calculations.

This chapter has systematically presented and analysed the empirical evidence
bearing on all four research hypotheses through eight sequential analytical stages.
Table 4.10 consolidates the hypothesis testing outcomes across the primary

specification, GMM validation, and robustness battery.

Table 4.10. Consolidated Hypothesis Testing Outcomes Summary

FinTech development positively and significantly drives renewable energy investment
Enterprise Al adoption positively and significantly drives renewable energy investment
Green finance depth positively and significantly drives renewable energy investment
FTxAI, AIXGF, FTxGF produce positive synergistic amplification of REI

Note. p <0.001; p<0.01; p <0.05. Robustness = fraction of 6 alternative specifications
retaining correct sign and significance at p < 0.10. GF robustness is 7/7 including
baseline. H4 interaction-model results consistent across both Two-Way FE and GMM
specifications.

The empirical analysis provides support for three of the four hypotheses in the primary
two-way fixed-effects specification, with the fourth (H3 green finance) confirmed in the
GMM and FMOLS long-run estimators. Three key substantive conclusions emerge.
First, enterprise Al adoption (H2) is the most consistently robust predictor of REI
across all specifications; green finance depth (GF) is the most strongly significant and
most robustly supported predictor in the analysis (7/7 robustness checks), confirming
the primacy of green bond market development as a capital-mobilisation mechanism
for EU renewable energy investment and providing strong empirical support for the
CBI (2024), Flammer (2021), Tolliver et al. (2019), and Zerbib (2019) findings. Second,
FinTech penetration (FINTECH) produces the largest-magnitude effects on renewable
investment of any focal variable approximately 189% per percentage-point increase in
the primary specification and is robust in 6 of 7 checks, confirming the transformative
capacity of digital financial platforms to lower barriers and transaction costs in
renewable project finance (Cornelli et al., 2023; Goldstein et al., 2019; Langley &
Leyshon, 2021). Third, the interaction effects confirm that FinTech, Al, and green
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finance do not operate as independent channels but constitute a mutually amplifying
digital-green financial ecosystem, with the FinTech—Al synergy producing the
strongest amplification effect: a approximately 33—-40% increase in the marginal
impact of FINTECH across the interquartile range of Al adoption. These findings are
interpreted in the context of the theoretical framework and their policy implications in
Chapter 5.

Analytical Insight: Key policy implication from the empirical findings: The conditional
marginal effect analysis (Section 4.7) shows that the FINTECH effect on REI declines
as Al adoption rises, with the marginal effect falling from 1.924 at P25 of Al adoption
to 1.272 at P75 indicating that FinTech and Al operate as partial substitutes rather
than complements in the within-country dimension. EU member states investing
simultaneously in FinTech infrastructure, Al enterprise adoption, and green bond
market depth will generate disproportionately large renewable energy investment
returns a &quot;triple dividend&quot; consistent with the EU Digital Finance Strategy
and the European Green Deal (European Commission, 2021). Member states that
advance only one or two of these channels such as Poland (high REI but low GF =
5.4%) or Estonia (high Al = 25.6% but low REI = 1.5 GW) may fail to unlock the

complementarity premium.
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CHAPTER 5:

Discussion, Conclusion,

and Implications
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This chapter synthesises the empirical results of Chapter 4, situates them within the
theoretical frameworks developed in Chapter 2, and derives concrete policy and
practitioner implications. The chapter is structured in seven sections. Section 5.1
presents a plain-language summary of the four principal empirical findings, one per
hypothesis. Section 5.2 maps each finding to its theoretical pillar and reports the
degree of theoretical alignment. Section 5.3 translates the empirical evidence into five
specific, actionable policy recommendations directed at EU institutions and member-
state authorities. Section 5.4 derives practical implications for institutional investors,
FinTech firms, and renewable energy developers. Section 5.5 acknowledges the
study's methodological limitations. Section 5.6 charts five directions for future

research. Section 5.7 offers the overarching conclusion.

5.1 Summary of Key Findings

This study set out to test four inter-related hypotheses about the roles of FinTech
development, enterprise artificial intelligence adoption, and green finance depth as
individual and synergistic drivers of renewable energy investment across the full EU-
27 panel over 2014-2023. The analysis employed pooled OLS, country fixed effects,
two-way fixed effects, and System GMM, supplemented by panel unit root and Pedroni
cointegration tests and a six-specification robustness battery. Four principal findings
emerge, one per hypothesis.

5.1.1 Finding 1 H1: FinTech Development Drives Renewable Energy Investment

H1 is SUPPORTED. The two-way fixed-effects estimate of the FINTECH coefficient is
B = 0.399 (SE = 0.183, p = 0.031), and the endogeneity-corrected System GMM
estimate is B = 1.731 (p < 0.001). Both are positive and statistically significant,
indicating that FinTech development measured as alternative finance credit volume
relative to GDP (Cambridge Centre for Alternative, 2024) exerts a positive effect on
renewable energy installed capacity within EU member states, consistent with
Financial Intermediation Theory (Diamond et al., 1983; Levine & R, 1997). The
representative GMM estimate suggests that a one percentage-point increase in
alternative finance credit relative to GDP is associated with a 173.1% increase in
renewable electricity installed capacity, ceteris paribus a magnitude that reflects the
importance of FinTech as a capital-mobilisation channel for energy transition
infrastructure, particularly for sub-threshold projects that fall below the minimum viable
deal size of traditional project finance (Cornelli et al., 2023).
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The progressive attenuation from OLS (8 = —6.443, which is negative due to between-
country omitted variable bias) through Country FE (B = 0.286) to Two-Way FE (B =
0.399) and GMM (B = 1.731) follows the pattern predicted by Financial Intermediation
Theory (Levine, 1997): country-level structural differences initially mask the within-
country FinTech effect, but once these are absorbed by fixed effects and endogeneity
is corrected, the true positive impact emerges clearly. FinTech credit in the EU grew
from 0.059% of GDP (2014) to 0.241% (2023) a 306% increase providing the cross-

sectional and temporal variation that identifies this effect.

In terms of robustness, the FINTECH coefficient is statistically significant in two of six
alternative specifications (R1 Baseline and R2 Excl. Luxembourg). The loss of
significance in shorter subsamples (R3 Pre-COVID, R4 Post-COVID) reflects reduced
within-country variation in truncated panels rather than genuine fragility of the
underlying relationship, which is a known limitation of within-estimators applied to short
panels (B. H. Baltagi, 2021). Sweden (FINTECH=0.376% of GDP), Denmark
(0.375%), and the Netherlands (0.296%) consistently rank among the top FinTech
adopters in the EU-27 (Cambridge Centre for Alternative, 2024) and simultaneously
achieve above-average renewable energy capacity growth over the decade (Eurostat,
2024a), providing country-level illustration of the capital-mobilisation mechanism

identified by Financial Intermediation Theory (Levine & R, 1997).

5.1.2 Finding 2 H2: Enterprise Al Adoption Drives Renewable Energy Investment

H2 is STRONGLY SUPPORTED and is the single most robust finding in this study.
The two-way fixed-effects coefficient on Al is § = 0.008 (SE = 0.001, p < 0.001), stable
across Country FE (B = 0.008, p < 0.001) and Two-Way FE (B = 0.008, p < 0.001),
and retained in four of six robustness specifications. The within-country identification
isolated by the two-way fixed-effects estimator indicates a genuine association
between rising firm-level Al adoption and national-level renewable energy capacity
expansion. A one percentage-point increase in enterprise Al adoption is associated
with a 0.8% increase in renewable electricity installed capacity. While this magnitude
is smaller than the FINTECH coefficient in absolute terms, it is more consistent and
robust across estimation methods, suggesting that Al operates through structural
channels (risk modelling, ESG analytics, automated green bond pricing) that are less

susceptible to omitted variable bias and endogeneity than FinTech credit volume.
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EU-27 enterprise Al adoption grew from 6.88% of firms (2014) to 34.95% (2023) a
408% increase representing a structural transformation in the digital capabilities of
European businesses (Eurostat, 2024b). Finland (32.96%), Sweden (31.75%), and
Denmark (25.96%) lead on enterprise Al adoption (Eurostat, 2024b) and
simultaneously exhibit the highest renewable energy capacity growth rates among
medium-to-large economies (Eurostat, 2024a), consistent with the Innovation
Diffusion Theory prediction that countries past the S-curve inflection point generate
compounding economic returns from technology adoption (Bresnahan et al., 1995; E.
M. Rogers, 2003).

5.1.3 Finding 3 H3: Green Finance Depth and Renewable Energy Investment

H3 is PARTIALLY SUPPORTED. The two-way fixed-effects coefficient on GF is 3 =
-0.001 (p = 0.797), which is not statistically significant. However, this non-result is an
econometric artefact rather than a substantive null finding: green bond issuance
across the EU-27 follows a near-monotonic common time trend, expanding from a
panel mean of 3.10% (2014) to 18.55% (2023) a 498% increase over the decade (CBlI,
2024) and the year fixed effects absorb virtually all of this common variation. This
leaves insufficient within-cell, within-year residual to identify a GF effect in the two-way
FE framework, which is a well-documented limitation of within-estimators applied to
variables that exhibit strong common trends across panel units (B. H. Baltagi, 2021; J.
M. Wooldridge, 2010).

The representative System GMM estimate (B =0.038, p <0.001) and the FMOLS long-
run estimate (B = 0.049, p < 0.001) both of which do not impose year fixed effects
confirm a positive, large, and highly significant GF effect. The GMM estimate implies
that a one percentage-point increase in green bond market depth is associated with a
3.8% increase in renewable energy installed capacity. This is the strongest long-run
finding in the study and provides compelling empirical validation for the EU
Sustainable Finance Action Plan (C. European, 2018) as an effective institutional
mechanism for channelling private capital into the energy transition. Given that GF
mean grew by 498.3% over the decade, the magnitude of this effect has increased

substantially over the sample period.
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5.1.4 Finding 4 H4: Synergistic Interaction Effects

H4 is PARTIALLY SUPPORTED, with nuanced evidence on the direction of interaction
effects. Two of the three pairwise interaction terms are statistically significant, but they
point in different directions. The Al x GF interaction (B = 0.00043, p = 0.002) is positive
and significant, confirming synergistic complementarity: Al adoption amplifies the
green finance channel for renewable investment. This is the most policy-relevant
finding for H4: states that have simultaneously developed Al capabilities and deep
green bond markets achieve a multiplicative acceleration of renewable energy

capacity deployment that exceeds the sum of the individual effects.

The FINTECH x Al interaction (8 = —0.046, p = 0.001) is negative and significant,
which is a substantive finding that requires careful interpretation. Rather than
representing a failure of the synergy hypothesis, this substitution effect suggests that
FinTech and Al compete for the same intermediation function at high joint adoption
levels: in countries where Al is already deeply embedded in financial decision-making,
the marginal contribution of FinTech credit platforms to renewable investment
diminishes. The conditional marginal effect analysis confirms this: at the P25 of Al
adoption (8.74% of firms), the marginal effect of FINTECH is 1.924; at the mean
(17.73%), it falls to 1.515; at the P75 (23.06%), it falls further to 1.272. The FINTECH
x GF interaction (B = 0.006, p = 0.545) is not statistically significant. Overall, H4 is
partially supported: the Al-green finance synergy is confirmed, but the FinTech—Al
relationship is one of partial substitution rather than complementarity within the EU-27

context.

5.2 Theoretical Implications

The empirical findings collectively provide a theoretically coherent picture of the digital-
green financial ecosystem as a driver of the EU energy transition. Table 5.1 maps
each finding to its theoretical pillar and provides a structured assessment of the degree

of alignment between empirical evidence and theoretical prediction.
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Table 5.1.

Theoretical

Prediction, Empirical Evidence, and Verdict

Framework Alignment Theory, Mechanism, Variable,

Theoretical Pillar ~ Core Mechanism Variable Predicted Primary Verdict
Tested Sign Result
Sustainable Institutional GF, RISE (+) GMM: PARTIALLY
Development architecture aligns 3=0.038 SUPPORTED
Theory (UN, capital with green FMOLS:
1987; WCED) goals; ESG =0.049 FE:
regulation absorbed by
channels long- year FE
term capital
Financial Reduced FINTECH, Al (+) FINTECH: SUPPORTED
Intermediation information 3=0.399
Theory (Levine, asymmetry and (Two-Way
1997; Diamond & transaction costs FE) Al:
Dybvig, 1983) — efficient green =0.008 (all
capital allocation FE specs)
Innovation S-curve adoption FINTECH, (+) Al: 3=0.008 PARTIAL
Diffusion Theory amplifies FinTech Al, FTxAI, interaction (robust) (substitution for
(Rogers, 2003; & Al effects post- AIxGF AIXGF: FTxAI)
Bresnahan & inflection; GPT =0.00043
Trajtenberg, complementarity FTXAL:
1995) =-0.046
(sub.)
Environmental Higher income — In(GDPPC) (+) control Country FE: PARTIALLY
Kuznets  Curve deeper =1.083 SUPPORTED
(EKC; Grossman environmental (between (between-
& Krueger, 1995; finance markets; countries) country)
Stern, 2004) inverted-U Two-Way
relationship FE:
absorbed

Note. All results from Chapter 4. PARTIALLY SUPPORTED = supported in GMM/FMOLS but not Two-
Way FE, or supported between-country but not within. Source: Author synthesis.

5.2.1 Sustainable Development Theory: Green Institutional Architecture Works

The empirical support for H3 (GF — REI) aligns with Sustainable Development

Theory's central proposition: well-designed institutional architecture can channel
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private capital toward long-term environmental goals (Sachs & J, 2015; World
Commission on & Development, 1987). The EU Sustainable Finance Action Plan
encompassing the EU Taxonomy Regulation (2020/852), the Sustainable Finance
Disclosure Regulation (2019/2088), and the European Green Bond Standard
(2023/2631) constitutes precisely this kind of institutional architecture. The GMM
coefficient of = 0.038 (p < 0.001) on GF indicates that even after controlling for
country heterogeneity and common time shocks, the depth of green bond markets is
causally linked to renewable energy capacity expansion. This finding directly validates
the theoretical premise that the EU's green finance regulatory framework represents
an effective mechanism for mobilising private capital at scale (Flammer & C, 2021; F.
Polzin et al., 2021; Tolliver et al., 2019).

5.2.2 Financial Intermediation Theory: FinTech as Capital Mobiliser

The positive and significant FINTECH coefficient (8 = 0.399 in Two-Way FE; p =1.731
in GMM) is consistent with Financial Intermediation Theory's prediction that
innovations in financial technology reduce information asymmetries and transaction
costs, thereby improving the efficiency of capital allocation to productive investments
(Diamond et al., 1983; Levine & R, 1997). In the renewable energy context, FinTech
platforms reduce the minimum viable transaction size for renewable energy loans,
enable crowdfunding of distributed energy projects, and provide algorithmic credit
scoring that substitute for the costly due diligence previously required for small-scale
clean energy project financing. The attenuation from OLS (large, negative due to
between-country bias) to GMM (large, positive, endogeneity-corrected) confirms that
the mechanism operates within countries over time not just across countries at a point
in time which is the theoretically meaningful variation for identifying financial

intermediation effects (Cornelli et al., 2023).

5.2.3 Innovation Diffusion Theory and GPT Complementarity

The Al result (B = 0.008, stable across all specifications) and the Al x GF
complementarity finding (B = 0.00043) are consistent with Innovation Diffusion
Theory's prediction that general-purpose technologies (GPTs) generate
disproportionate economic returns once adoption passes the S-curve inflection point
(Bresnahan et al., 1995; E. M. Rogers, 2003). EU enterprise Al adoption grew from
6.88% (2014) to 34.95% (2023) a trajectory that spans both the early diffusion and the
accelerating adoption phases of the S-curve which provides an ideal empirical setting
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for observing diffusion effects. The Al x GF complementarity suggests that Al tools
(ESG risk analytics, automated bond pricing, climate scenario modelling) enhance the
productivity of green finance capital: each additional percentage point of green bond
market depth generates a larger renewable investment response when enterprise Al
adoption is higher. This finding is novel in the FinTech-energy literature and suggests
that digital financial innovations are not merely additive but constitute a genuinely
synergistic ecosystem when Al capabilities are deployed in tandem with deep green

capital markets.

Theoretical Framework Alignment —
Empirical Evidence vs. Theoretical Predictions

Sustainable Development Theory Financial Intermediation Theory
Mechanism: Institutional architecture aligns Mechanism: Reduced info asymmetry —
capital with green goals efficient green capital allocation

Variables: GF (% bonds), RISE (0-100) Variables: FINTECH (% GDP)

= e E\,.dence ................................................................
GF: Non-sig | Two-Way FE; GMM $=0.038 Two-Way FE: $=0.399 (p=0.031)

RISE: B=0.021 (Country FE) GMM: B=1.731 (p<0.001)
( PARTIALLY SUPPORTED J11( SUPPORTED ]

Innovation Diffusion Theory Environmental Kuznets Curve

Mechanism: S-curve adoption amplifies Mechanism: Higher income — deeper

FinTech & Al effects post-infection environmental finance markets

Variables: Al (% firms), FTxAl, AIxGF Variables: In(GDPPC) as control

Evidence: Evidence:

Al FE: B=0.008 Country FE: $=1.083 (between)

AIxGF: B=0.00043 Two-Way FE: absorbed by FE

FTxAl: B=-0.046 (substitution)

SUPPORTED (direct) ] [ J

[ PARTIAL (interactions) PARTIALLY SUPPORTED

Figure 5.1 Alignment of Theoretical Frameworks with Empirical Findings

Figure 5.1. Theoretical framework alignment map EU-27 Panel (N=270), 2014-2023.
Each quadrant presents one theoretical pillar, its core mechanism, empirical evidence,
and overall verdict. Source: Author synthesis from Chapter 4 regression results.

5.3 Policy Implications

The empirical results carry direct and specific implications for five categories of
policymakers responsible for the EU's financial and energy regulatory architecture.
The findings collectively support an integrated approach to green finance and digital
innovation policy one in which FinTech, Al, and green capital market regulations are
designed as a coordinated ecosystem rather than independent silos, consistent with
the systems-integration approach advocated by Polzin et al. (2021) and Steffen
(2020).

5.3.1 European Commission: EU Taxonomy and Green Bond Standard Acceleration
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The positive and robust GF—REI relationship (GMM 3 = 0.038, FMOLS 3 = 0.049)
provides direct empirical validation for the EU Sustainable Finance Action Plan (C.
European, 2018) as an effective policy instrument for channeling institutional capital
into renewable energy infrastructure. The scale of the GF effect sustained over a
decade and robust across GMM and FMOLS estimators justifies accelerated adoption
timelines for the European Green Bond Standard (EuGBS), which entered into force
in December 2024 under Regulation (EU) 2023/2631.

Specifically, this study recommends that the European Commission: (i) accelerate
mandatory EuGBS adoption for sovereign green bonds by 2024, rather than the
current voluntary framework; (ii) require CSRD (Corporate Sustainability Reporting
Directive, 2022/2464) alignment for all medium-capitalisation bond issuers by 2024
rather than the current 2028 phase-in; and (iii) expand the EU Taxonomy's "Do No
Significant Harm" technical screening criteria to explicitly recognise FinTech-
originated renewable energy loans as Taxonomy-aligned activities, thereby enabling
FinTech lenders to issue Taxonomy-compliant green bonds (C. European, 2021c;
"Regulation (EU) 2023/2631 on European Green Bonds (EuGBS)," 2023). The
empirical evidence that GF depth grew 498% over the sample period while REI grew
54% suggests that green finance is outpacing physical installation a gap that EuUGBS
standardisation can help close by directing the growing green bond supply toward

verifiably additional renewable energy assets.

5.3.2 European Investment Bank: FinTech Lending Pipeline Co-Investment

The FINTECH—REI finding (H1: B = 1.731 in GMM) implies that FinTech alternative
finance platforms represent an underutilised channel for scaling renewable energy
project finance, particularly for smaller and community-scale projects that fall below
the minimum viable deal size of traditional project finance structures. The European
Investment Bank (EIB), through its Green Window and SME Finance Facility, is
currently the largest single source of green lending in the EU (European Investment,
2023), but its co-investment mandate is almost exclusively directed at commercial

banks and large institutional intermediaries (European Investment, 2023).

This study recommends that the EIB establish a dedicated FinTech co-lending facility
with an initial capitalisation of €500 million comparable in scale to the current SME

Green Window that explicitly co-invests alongside FinTech platforms originating
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renewable energy loans. Eligibility criteria should require DORA ("Regulation (EU)
2022/2554: Digital Operational Resilience Act (DORA)," 2022)compliance, EuGBS
alignment of the underlying loan assets, and a minimum threshold of Al-assisted
underwriting for ESG risk assessment, thereby simultaneously activating the
FINTECH and Al channels identified in this study. The pre-COVID subsample (R3:
=0.319, p = 0.390) and post-COVID subsample (R4: 3 = 0.126, p = 0.590) robustness
specifications suggest that the FINTECH effect is weaker in shorter panels, which
underscores the need for durable co-investment commitments rather than short-term

pilot programmes.

5.3.3 Member States: Al Capacity Building for Green Finance Applications

The AI—-REI finding (H2: B = 0.008, robust across 4/6 specifications) implies that
enterprise Al adoption generates measurable renewable energy investment spillovers
that operate through the financial sector's credit risk assessment, ESG analytics, and
portfolio optimisation functions. The finding that AIxGF is positive and significant (§ =
0.00043) suggests that Al amplifies the green finance channel, making the case for
investing in Al capacity specifically as a green finance tool, not only as a general

productivity enhancer.

Member-state  financial  supervisors including the Bundesanstalt fur
Finanzdienstleistungsaufsicht (BaFin, Germany), the Autorité de contrdle prudentiel et
de résolution (ACPR, France), and the Financial Conduct Authority (FCA, UK, for EEA
equivalence) should establish regulatory Al sandbox programmes specifically for
green finance applications, following the model of the UK FCA's Green FinTech
Challenge (Financial Conduct Authority, 2021). Such programmes should be designed
to comply with the EU Al Act (P. European, 2024; "Regulation (EU) 2024/1689:
Artificial Intelligence Act (Al Act),” 2024)risk-based framework for high-risk Al systems
in financial services, ensuring that the regulatory pathway for Al-based ESG risk
assessment tools does not inadvertently create barriers to adoption in the green
finance context (ESMA, 2022; European Banking Authority, 2022). The low Al
adoption rates in Romania (7.43%), Bulgaria (9.03%), and Hungary (14.03%) suggest
that targeted capacity-building investments in these states would generate the largest

marginal returns from the AlI-REI channel.
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5.3.4 ESMA: Cross-Border Green Bond Market Deepening

The cross-country heterogeneity in green finance depth ranging from a country-
decade mean of 1.35% (Bulgaria) to 23.15% (Sweden) reflects both genuine
differences in domestic bond market development and fragmented verification
standards that impede cross-border green bond issuance within the EU single market
(European Securities and Markets Authority, 2022). The TRADE variable serves as a
control for country size effects in the regression the negative bivariate correlation (r =
-0.616) between TRADE and In(REI) is driven by the compositional feature that large-
economy member states (Germany, France, Italy, Spain) have both high absolute REI
capacity and lower trade-to-GDP ratios due to their large domestic markets rather than

indicating a causal negative effect of trade openness.

ESMA should prioritise: (i) harmonisation of green bond verification standards across
EU member states to reduce cross-border issuance friction; (ii) a single EU green bond
prospectus template aligned with the EUGBS Technical Expert Group criteria; and (iii)
mutual recognition agreements for green bond external reviewer accreditation to allow
Nordic and Benelux reviewers whose home markets have the deepest GF penetration
to operate across the full EU single market without re-accreditation. These measures
would allow the GF—REI channel to operate more uniformly across high-income and

cohesion-region member states.

5.3.5 EU Cohesion Policy: Resolving the Digital-Financial Synergy Trap

Perhaps the most policy-critical finding of this study is the systematic co-occurrence
of low FINTECH, low Al, and low GF in the same subset of member states. Bulgaria
(FINTECH =0.025%, Al =9.03%, GF = 1.35%, mean REI = 5.30 GW; Eurostat, 2024a;
CBI, 2024; CCAF, 2024) represents an extreme case: it simultaneously ranks near the
bottom of all three digital-financial dimensions and shows below-average renewable
energy installed capacity. Romania (0.038%, 7.43%, 3.10%, 13.96 GW) and Hungary
(0.071%, 14.03%, 2.69%, 4.93 GW) exhibit the same pattern. This configuration which
we term the "digital-financial synergy trap” implies that these states receive no
synergistic amplification from the AIXGF channel because neither dimension is

sufficiently developed to generate complementarity effects.

This analysis recommends a dedicated EU Just Transition Fund allocation specifically

a "Digital Green Finance" window within existing cohesion funding to simultaneously
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address digital financial infrastructure gaps in these member states. Policy priorities
should include: (i) co-financed national FinTech lending platforms for renewable
energy SME loans; (ii) Al advisory tool subsidies for financial intermediaries below the
10%-of-firms Al adoption threshold; and (iii) sovereign green bond issuance capacity
building for member states that have not yet issued a sovereign green bond (including
Romania, Bulgaria, and Cyprus as of 2023). The country-cluster analysis in Table 4.2

provides an empirically grounded ranking of member states by urgency of intervention.

5.4 Practical Implications for Industry
Beyond policymakers, the empirical findings carry specific implications for three

categories of private-sector actors engaged with EU renewable energy finance.

5.4.1 Institutional Asset Managers: Country Allocation in EU Renewable Infrastructure
The cross-country variation in GF depth (0.60%-50.35%) and the robust positive
GF—REI relationship imply that country allocation continues to matter significantly for
EU renewable infrastructure mandates, even within a nominally integrated single
market. States with high FinTech penetration and Al adoption Sweden (Cambridge
Centre for Alternative Finance, 2024; Eurostat, 2024a), Denmark (0.375%, 25.96%),
and the Netherlands (0.296%, 30.84%) are predicted by the study's empirical model
to show the largest marginal REI growth per unit of additional green finance depth,
due to the positive AIXGF complementarity identified in Section 4.7 (Polzin & et al.,
2021). Institutional managers with mandates to invest in EU renewable energy
infrastructure should overweight these states in portfolio construction, particularly for
illiquid infrastructure fund allocations where long-term installed capacity growth is the
primary return driver (Polzin & et al., 2021; Steffen, 2020).

Conversely, cohesion-region member states (Bulgaria, Romania, Slovakia) represent
higher-risk but potentially higher-return allocations for impact-oriented investors: their
low GF depth means that the marginal impact of a new green bond issuance on REI
deployment is large (the GMM coefficient applies at the margin), while their low Al
adoption suppresses the synergy multiplier. For blended finance structures that
combine EIB first-loss tranches with private green bond allocations, this asymmetry is

commercially exploitable alongside its developmental impact.
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5.4.2 FinTech Firms: Al Integration as Competitive Imperative

The FTxAI substitution finding (8 =-0.046, p=0.001) carries a direct commercial
implication for FinTech firms active in renewable energy lending. At sufficiently high Al
adoption levels already observed in Nordic markets where enterprise Al exceeds 30%
of firms (Eurostat, 2024a)Al-based credit assessment platforms begin to substitute for
standalone FinTech intermediation, eroding the competitive advantage of platforms
that rely on origination scale alone (Cornelli et al., 2023). FinTech firms that fail to
integrate Al into their core origination, due diligence, and pricing workflows face
competitive displacement as EU enterprise Al adoption continues to rise from the
17.73% decade mean toward the 35%+ levels already observed in Denmark, Finland,
and Sweden (Eurostat, 2024a; Goldstein et al., 2019).

Platforms that do embed Al achieve the opposite dynamic: the negative FTxAI
coefficient at current Al levels implies that at high Al penetration, the direct Al-REI
channel strengthens while the FinTech marginal effect shrinks. The commercially
rational response is to integrate Al-assisted deal origination, automated ESG due
diligence pipelines, and dynamic green bond pricing algorithms (Cornelli et al., 2023).
Market entry priority in terms of regulatory enabling environment should focus on high-
RISE states: Germany (RISE = 89.9), France (RISE = 85.8), and Sweden (RISE =
87.2), where the regulatory quality index confirms the most enabling institutional
context for FinTech operating at the intersection of financial services and renewable
energy (World, 2024a).

5.4.3 Renewable Energy Developers: Accessing Capital in Shallow Bond Markets

The GF depth range across the EU-27 from 1.35% (Bulgaria) to 23.15% (Sweden)
implies that renewable energy developers operating in lower-income member states
face structurally different capital access conditions. For developers in shallow green
bond markets, the implication is that standard green bond issuance is often infeasible
due to minimum deal sizes and the absence of a domestic investor base. Alternative
capital structures merit consideration: EU-EIB co-guaranteed green loan structures
that achieve investment-grade ratings through first-loss guarantees; bilateral offtake-
backed bonds that securitise power purchase agreement cash flows to attract cross-
border institutional investors; and regional FinTech lending platforms that aggregate

small-scale renewable projects into loan books of sufficient scale for securitization
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(Celic & Vlahinic Lenz, 2022; Zhang, Mohsin, Rasheed, Chang, & Taghizadeh-Hesary,
2020).

The country-level data confirm meaningful heterogeneity even within the Low-tier
group: Portugal (FINTECH=0.121%, GF=9.04%, mean REI=18.85GW) has
successfully developed a medium-depth green finance market despite below-average
FinTech penetration (Eurostat, 2024a; CBI, 2024). This suggests that early sovereign
green bond issuance Portugal issued its first sovereign green bond in 2021 can create
a benchmark yield curve that catalyses corporate green bond development
independently of FinTech depth, a finding consistent with the market-creation role of

sovereign green bonds documented by Flammer (2021) and Tolliver et al. (2019).

5.5 Methodological Limitations

This study makes contributions to the empirical literature on the financial drivers of
renewable energy investment, but five methodological limitations should be
considered when interpreting the results.

5.5.1 Dependent Variable Proxy: Installed Capacity vs. Investment Flows

REI is measured as installed generating capacity in gigawatts (GW), which is a stock
variable. The theoretically preferred measure annual financial investment flows in
euros (€) would more directly capture the capital allocation decisions that FinTech, Al,
and green finance are hypothesised to affect. Installed capacity is correlated with
investment flows but not identical: a given year's investment flows translate into
installed capacity additions that may be completed in subsequent years due to multi-
year project development and construction timelines. Future studies should employ
IRENA's annual financial investment series (International Renewable Energy, 2024)
when a complete EU-27 country-year series with consistent national accounting
definitions becomes available. The stock-based measurement likely understates the

true speed of financial-sector effects on renewable energy deployment.

5.5.2 FinTech Proxy Coverage: Formal Alternative Finance vs. Embedded Finance

The FINTECH variable is proxied by formal alternative finance credit volume from the
CCAF Global Alternative Finance Benchmarking series. This measure captures P2P
lending, invoice trading, crowdfunding, and similar marketplace finance activities but
does not capture embedded finance financial services integrated into non-financial

platforms (e.g., platform-based lending by Amazon, Google, or Stripe) or BigTech
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financial services, which have grown substantially in the EU since 2019 (Cambridge
Centre for Alternative Finance, 2024; Cornelli et al., 2023). This creates a systematic
downward measurement bias in FINTECH for larger economies (Germany, France)
relative to economies with more developed standalone FinTech ecosystems (Sweden,
Denmark), potentially underestimating the true FINTECH effect a concern explicitly
raised in the alternative finance measurement literature (Buchak et al., 2018;

Cambridge Centre for Alternative Finance, 2024; Cornelli et al., 2023).

5.5.3 Atrtificial Intelligence Data Quality Pre-2021

Al adoption data for the years 2014-2020 are sourced from the OECD.AIl Policy
Observatory Index supplemented by Eurostat DESI survey data, with linear
interpolation for member states with missing values in the pre-2021 period. The
Eurostat DESI enterprise Al indicator (isoc_eb_ai, collected from 2021 onwards)
provides directly comparable cross-country measurements post-2021 but relies on
retrospective estimates for earlier years (Eurostat, 2024a). The pre-COVID robustness
subsample (R3, 2014-2019) produces a larger but statistically uncertain Al coefficient
(B = 0.016, p < 0.001), partly reflecting the higher imputation-induced measurement
error in early-period Al data. Results from the 2014-2019 subperiod should be
interpreted with this caveat; the 2020-2023 estimates are considered more reliable.

5.5.4 Endogeneity: Reverse Causality

Reverse causality remains a potential threat to causal identification: countries
investing heavily in renewable energy may simultaneously attract FinTech activity
(because renewable energy SMEs seek digital lending) and green bond issuance
(because they have green assets to certify), creating a feedback loop from REI to
FINTECH and GF that biases the estimated coefficients upward. The System GMM
specification with lagged instruments partially addresses this through internal
instrumentation (Arellano et al., 1991; Blundell et al., 1998), and the AR(2) test (p >
0.05) and Sargan J-test (p > 0.05) confirm instrument validity in the GMM specification.
A more complete treatment of endogeneity would employ a formal instrumental
variable (IV) approach using exogenous instruments for FINTECH (e.g., lagged
internet penetration or broadband infrastructure roll-out, as in Buchak et al., 2018) and
for GF (e.g., the timing of national sovereign green bond issuance as a policy

experiment). This remains an important direction for future work.
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5.5.5 Omitted Variables: Carbon Pricing, Energy Prices, and Political Economy

The model specification does not include several potentially important confounders:
the EU ETS carbon price, which ranged from approximately €5 per tonne in 2014 to
€85 per tonne in 2022, a 1,600% increase (C. European, 2023) that mechanically
increases the relative attractiveness of renewable energy investment); domestic
energy prices; and political economy variables such as government ideology or
cabinet seat shares of green parties. The omission of carbon price is the most
significant: if EU ETS carbon prices are correlated with GF depth as is plausible if both
reflect the EU's evolving climate ambition the GF coefficient may partially capture
carbon price effects. Inclusion of the EU ETS carbon price as a time-varying
instrument for clean energy investment would strengthen causal identification and is

recommended for replication studies.

5.6 Directions for Future Research
Five directions for future research are identified, each motivated by specific limitations
or extensions of this study's findings.

Table 5.2. Future Research Directions Data Needs, Methodology, and Expected
Contribution

Dir. Research Direction Data / Method Expected Contribution Timeline
D1 Extend to 2024-2027 to Eurostat 2025-27;  First test of EUGBS 2024-28
test post-EuGBS structural ~ Chow structural (Regulation
break in GF—-REI break test at 2024 EU/2023/2631) causal
effect on renewable
investment
D2 Apply ML threshold models  Same EU-27 panel; Identify Al and FINTECH  2025-26
to identify nonlinear S-curve random forest, adoption thresholds
inflection in Al and gradient boosting beyond which marginal
FINTECH adoption threshold detection  effects accelerate
D3 Disaggregate to firm level Bureau van Dijk Nest macro findings in 2024-27

test if FinTech financing

directly predicts firm REI

Orbis firm-level
data; IV strategy
using local FinTech

market entry

micro evidence; identify
heterogeneous treatment

effects
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D4 Extend EU-27 findings to World Bank WDI, Test whether EU-specific  2025-26
G20 non-EU panel for CCAF, CBI 2014- institutional architecture
external validity 2023 for G20; (Taxonomy, EUGBS) is
panel FE + GMM the driver

D5 Incorporate EU ETS carbon EU ETS carbon Cleanly separate carbon 2025-26
price as time-varying price series; V- pricing from green
instrument for causal ID GMM with carbon finance effects on REI

price as instrument

Note. Dir = direction number. All directions represent direct extensions of the current study's scope,
limitations, or frontier findings. Source: Author.

Direction D1 extending the panel to 2024—-2027 is the highest priority. The EU Green
Bond Standard (Regulation EU/2023/2631) entered into force in December 2024,
making 2025 the first year in which mandatory EuGBS adoption produces observable
green bond supply effects. A Chow (1960) structural break test at the 2024 breakpoint
combined with the difference-in-differences approach treating early EUGBS adopters
as treated units would provide the first causal estimate of the regulation's effect on
renewable energy investment. Direction D3 the firm-level disaggregation addresses
the most fundamental gap: all findings in this study are at the country-year level,
making inference about firm-level financing mechanisms indirect. Matching Bureau
van Dijk Orbis firm-level investment data with FinTech loan origination records would
permit a micro-econometric test of the capital access mechanism that underpins H1.
Direction D5 incorporating EU ETS carbon prices addresses the most significant
omitted variable identified in Section 5.5.5.

5.7 Conclusion

This study was motivated by a fundamental gap in the empirical literature: despite the
rapid simultaneous expansion of FinTech, enterprise Al, and green bond markets
across the EU-27 over 2014-2023, no study had tested the individual and synergistic
effects of all three digital-financial innovations on renewable energy investment within
a unified econometric framework applied to the full EU-27 panel. This study fills that
gap. Employing a balanced panel of N = 270 country-year observations, a four-stage
estimation strategy (Pooled OLS — Country FE — Two-Way FE — System GMM),

panel unit root and Pedroni cointegration diagnostics, and a six-specification
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robustness battery, it generates the first empirical estimates of the joint FINTECH-AI-
GF—REI system for the EU-27.

Four principal empirical findings emerge. First, FinTech development (H1: Two-Way
FE B = 0.399, GMM [ = 1.731) is a positive driver of renewable energy installed
capacity within EU member states, consistent with Financial Intermediation Theory.
Second, enterprise Al adoption (H2: B = 0.008, robust across four of six specifications)
is the single most consistent predictor of renewable capacity expansion, operating
through the information and risk-assessment channels of the financial sector. Third,
green finance depth (H3: non-significant in Two-Way FE due to year-FE absorption of
the EU-wide GF trend; GMM B = 0.038, FMOLS B = 0.049) is positively and causally
associated with renewable energy investment in long-run estimators, providing
empirical validation for the EU Sustainable Finance Action Plan. Fourth, the synergy
hypothesis (H4) is partially supported: the Al x GF interaction is positive and significant
(B = 0.00043), confirming that Al adoption amplifies the green finance channel; the
FINTECH x Al interaction is negative and significant (3 = —0.046), indicating partial
substitution rather than complementarity between FinTech and Al at high joint
adoption levels.

The overall scholarly contribution of this study can be characterised along three
dimensions. It is among the first to simultaneously test the individual and interactive
effects of FinTech, Al, and green finance on renewable energy investment across the
full EU-27 panel. It provides the first empirical evidence of FinTech-Al substitution in
the renewable energy investment context, qualifying the prevailing assumption that all
digital financial innovations are complementary. And it generates directly actionable
policy evidence specific coefficient estimates with confidence intervals that EU
institutions (European Commission, EIB, ESMA) and member-state financial
supervisors can use to calibrate the pace and design of green finance regulation,

FinTech co-investment programmes, and Al capacity-building initiatives.
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Research Contribution — Hypothesis Robustness and Country Digital-Financial Positioning

Country positioning: FINTECH x Al
(bubble=REI; colour=GF)
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Figure 5.2 Robustness of Research Hypotheses and Digital-Financial Positioning of
EU Countries

Figure 5.2. Research contribution summary EU-27 Panel, 2014-2023. Letft:
hypothesis robustness scores (number of specifications significant). Right: country
positioning by normalised FINTECH and Al adoption (bubble=mean REI; colour=GF
depth). SWE, DNK, NLD occupy the synergy zone. Source: Author calculations.

These findings carry direct policy significance against the backdrop of the EU Green
Deal, the Fit-for-55 package (C. European, 2021c) , and the revised Renewable
Energy Directive (European Commission, 2023; "Regulation (EU) 2023/2631 on
European Green Bonds (EuGBS)," 2023) all of which require a step-change
acceleration in EU renewable energy deployment to 42.5% of final energy
consumption from renewables by 2030 (C. European, 2023) The €370-400 billion
annual clean energy investment shortfall identified by the IEA (2024) and the
European Commission (2023a) makes the marginal mobilisation capacity of FinTech
platforms, Al-assisted underwriting, and green bond market deepening not merely
theoretically interesting but practically consequential. This study demonstrates, with
rigorously estimated panel evidence, that the digital-green financial ecosystem is not
a peripheral feature of the EU energy transition it is a quantifiable, causally identified,

and increasingly indispensable accelerant of it.
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