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Abstract: The global transition to renewable energy (RE) requires substantial investment amidst 
complex interactions between Environmental, Social, and Governance (ESG) factors and Geopolitical 
Risk (GPR). This study investigates these dynamics across 44 countries from 2008-2023 using an 
integrated panel dataset combining IRENA investment data, World Bank ESG indicators, and the 
GPR index. Panel data regression models (Pooled OLS, Random Effects, Fixed Effects) with robust 
clustered standard errors were estimated after addressing multicollinearity via VIF reduction and 
performing appropriate model selection tests. The Fixed Effects (Entity) model was preferred based 
on a significant Hausman test (p=0.0000). Results indicated that within-country changes in GPR were 
not significantly associated with annual RE investment changes (p=0.43). Specific social equity 
metrics (income share of lowest 20%, Gini index) showed significant associations with investment 
shifts, while changes in selected governance and environmental indicators did not. Investment 
composition by technology (e.g., wind, solar, hydro) and financing type (specifically grants, p=0.005) 
were significant predictors. The findings suggest foundational stability and social equity 
considerations are critical alongside targeted financial mechanisms for accelerating RE investment, 
while short-term GPR volatility showed limited direct impact within countries during this period. 

Keywords: renewable energy investment; green finance; ESG; geopolitical risk; panel data analysis; 
Fixed Effects model; energy transition; sustainable finance; investment drivers 
 

1. Introduction 

The global imperative to transition towards sustainable energy systems is driven by the twin 
challenges of mitigating climate change and enhancing energy security. Renewable energy (RE) 
sources, including solar, wind, geothermal, and increasingly, green hydrogen, are central to this 
transition (IRENA, n.d.). Achieving ambitious targets, such as those outlined in the Paris Agreement 
and various national net-zero commitments, necessitates unprecedented levels of investment in RE 
infrastructure (Hafner et al., 2020; Kerr & Hu, 2025). Concurrently, the investment landscape is 
increasingly shaped by two powerful forces: the growing emphasis on Environmental, Social, and 
Governance (ESG) factors in financial decision-making and the persistent volatility introduced by 
Geopolitical Risk (GPR). Investors, policymakers, and corporations now operate at the confluence of 
these trends, needing to navigate environmental mandates, social expectations, governance 
standards, and political instability simultaneously (Sharipov et al., 2025; Babic, 2024). Analyzing the 
combined influence of these factors on the scale and type of RE investments is vital for speeding up 
the global energy transition. 

While considerable research exists on the individual impacts of ESG performance (Kölbel et al., 
2020; Bakry et al., 2023), geopolitical stability (Su et al., 2025), and specific financing mechanisms 
(Monk & Perkins, 2020; Sreenu, 2025) on investment outcomes, a significant gap exists in empirically 
tested knowledge. Few studies have formulated and rigorously tested specific hypotheses regarding 
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how these multifaceted drivers collectively influence the scale, composition, and resilience of 
renewable energy investments across diverse national contexts, particularly when accounting for 
stable country-specific characteristics. Current research frequently isolates factor pairs or 
geographical areas, thus failing to capture the complex, potentially conditional relationships 
influencing RE investment globally. Consequently, identifying the key drivers for the required multi-
trillion-dollar annual green finance flows remains challenging (Hafner et al., 2020) 

This study aims to address the identified gap by comprehensively analyzing the drivers of 
renewable energy investment across a diverse panel of 44 countries from 2008 to 2023. The primary 
objectives are: 

1. To assess the individual and combined influence of country-level ESG performance indicators 
and Geopolitical Risk on the total amount of committed renewable energy investment, 
particularly focusing on within-country variations over time. 

2. To examine how different components of ESG (Environmental, Social, Governance) relate 
differently to investment patterns within countries. 

3. To understand the role of investment composition, including specific sub-technologies and 
financing types, in explaining within-country changes in overall investment levels. 

4. To evaluate the suitability of different panel data econometric models for analyzing these 
relationships and provide methodologically sound insights. 

To achieve these objectives, this study formulates and tests the following specific hypotheses 
regarding the drivers of renewable energy investment, primarily focusing on within-country 
dynamics assessed via Fixed Effects models: 

H01: Within-country changes in geopolitical risk have no statistically significant association with changes in 
renewable energy investment when controlling for other factors. 

Ha1: Within-country changes in geopolitical risk are statistically significantly associated with changes in 
renewable energy investment when controlling for other factors. 

H02: Within-country changes in various ESG dimensions (including governance indicators, social equity 
metrics, and environmental performance proxies) are not statistically significantly associated with changes in 
renewable energy investment, controlling for other factors. 

Ha2: Within-country changes in at least some ESG dimensions (including governance indicators, social equity 
metrics, and environmental performance proxies) are statistically significantly associated with changes in 
renewable energy investment, controlling for other factors. 

H03: Within-country variations in the amounts invested in specific sub-technologies and the use of specific 
financing instruments (like grants) are not statistically significantly associated with within-country variations 
in the total renewable energy investment amount. 

Ha3: Within-country variations in the amounts invested in specific sub-technologies and/or the use of specific 
financing instruments (like grants) are statistically significantly associated with within-country variations in 
the total renewable energy investment amount. 

This research offers several contributions, academically, it provides one of the first integrated 
empirical analyses combining comprehensive ESG data, GPR, and detailed renewable energy 
investment data (including financing types and technologies) in a cross-country panel setting, 
specifically testing hypotheses about within-country drivers. It contributes methodologically by 
applying and comparing panel econometric models after robust preprocessing (interpolation, VIF) 
and rigorous model selection (Hausman test). 

For policy, by testing specific hypotheses, the findings offer empirical evidence on which ESG 
factors (e.g., social equity metrics) demonstrate the strongest statistically significant association with 
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changes in RE investment within countries, providing potential levers for policy intervention. The 
results provide empirical evidence regarding the hypothesized (lack of) direct impact of GPR 
volatility on investment changes within countries, distinct from baseline country risk. The evidence 
regarding the significance of specific financing types (like grants) can inform the design of effective 
support mechanisms. 

Ultimately, the study provides investors and project developers with empirical insights into the 
complex risk landscape, highlighting the demonstrable link between changes in specific ESG factors 
and investment trends, which can inform risk management and portfolio allocation strategies focused 
on within-country dynamics. 

2. Materials & Methods 

This study employed a quantitative panel data approach to analyze the drivers of renewable 
energy investment across multiple countries over time, focusing on the interplay between ESG factors 
and geopolitical risk. 

2.1. Data Sources and Sample Construction 

The analysis utilized an unbalanced panel dataset constructed from three primary sources, 
covering 44 countries for the period 2008-2023. 

For “Renewable Energy Investment”, annual country-level investment data 
(amount_usd_million), including details on sub-technology and financing types, were obtained from 
the International Renewable Energy Agency (IRENA) statistics database (IRENA, n.d.). Meanwhile, 
for the “ESG Indicators”, comprehensive country-level Environmental, Social, and Governance (ESG) 
indicators (e.g., control of corruption, political stability, energy intensity, poverty rates, access to 
services) were sourced from the World Bank Databank's Environment, Social and Governance 
collection (World Bank, n.d.).  Ultimately, for the “Geopolitical Risk”, the annual country-specific 
Geopolitical Risk (GPR) index, developed by Caldara & Iacoviello (2022), was retrieved from the 
World Bank database (World Bank, n.d.). 

2.1.1. Variable Description 

The dependent variable is the Total annual renewable energy investment amount 
(amount_usd_million) in millions of US dollars. Whereas, for the independent variables, the primary 
predictors included the Geopolitical_Risk index and various indicators representing the E, S, and G 
dimensions from the World Bank database. Variables derived from the IRENA data detailing counts 
or the presence of specific sub-technologies and finance types were also included initially to control 
for investment composition effects before VIF analysis. (A detailed variable list is provided in Table 
2). 

2.1.2. Data Preprocessing 

The raw ESG data required specific parsing due to its initial format, followed by transformation 
into a standard panel structure (Country x Year). Datasets were merged based on country and year 
identifiers. A left join was used for the investment data to retain all country-year observations from 
the merged ESG-GPR dataset. Missing values in the ESG/GPR indicators were imputed using a panel-
aware strategy combining linear interpolation and median filling within each country group, 
followed by global median filling for any remaining gaps. Missing investment-related variables 
resulting from the left join were imputed with zero. 

2.1.3. Statistical Analysis and Modeling Strategy 

Before model estimation, multicollinearity among the independent variables was assessed using 
the Variance Inflation Factor (VIF) calculated via the statsmodels library (Seabold & Perktold, 2010). 
Variables with a VIF exceeding 10 were iteratively removed to ensure model stability. 
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Panel data regression techniques were employed to estimate the relationship between the 
dependent variable and the VIF-screened independent variables, controlling for unobserved 
heterogeneity. Pooled OLS, Random Effects (RE), and Fixed Effects (FE - Entity) models were 
estimated using the linearmodels library (Sheppard, 2024) in Python. Robust standard errors 
clustered at the country level were utilized in all models to account for potential heteroskedasticity 
and serial correlation. 

Model selection between Pooled OLS, RE, and FE was guided by standard diagnostic tests. An 
F-test assessed the joint significance of fixed effects (comparing FE vs. Pooled OLS), and the Hausman 
test was used to evaluate the consistency of the RE model by testing for correlation between 
unobserved entity effects and regressors (comparing FE vs. RE) 

2.1.4. Software and Tools 

Data processing, analysis, and visualization were primarily conducted using Python (version 
3.11). Key libraries included pandas for data manipulation, numpy for numerical operations, 
statsmodels and linearmodels for econometric modeling and diagnostics, scipy for statistical tests. 

3. Results  

This section presents the comprehensive literature review and the empirical findings derived 
from the panel dataset spanning 44 countries from 2008 to 2023. 

3.1. Theoretical Framework and Literature Review: Institutional Theory as an Overarching Framework 

Understanding the drivers and complexities of renewable energy (RE) investment requires 
acknowledging the institutional environment in which financial decisions are made. Institutional 
Theory provides a robust lens for this, emphasizing how organizations (investors, firms, and 
governments) conform to societal norms, rules, and cognitive frameworks to gain legitimacy and 
resources (DiMaggio & Powell, 1983). In the context of green finance, institutional pressures coercive 
(regulations, policy mandates), normative (professional standards, social expectations), and mimetic 
(copying successful peers) shape investment behavior (Luo & Qi, 2022; Kahupi et al., 2024; Zhao et 
al., 2023; De-Bock et al., 2022). 

Coercive pressures include climate policies, environmental regulations, carbon pricing 
mechanisms, and mandates for sustainable finance disclosure (Rechsteiner, 2021; Fu & Irfan, 2022). 
For instance, government actions like environmental taxes can significantly impact renewable energy 
investment (REI), forcing firms to internalize externalities (Abbas et al., 2023). International 
agreements like the Paris Agreement exert coercive pressure on nations and, consequently, on their 
financial institutions (Chishti et al., 2024). 

Normative pressures arise from evolving societal expectations and industry norms regarding 
sustainability and corporate social responsibility (CSR). The increasing demand for ESG 
(Environmental, Social, Governance) considerations in investment portfolios reflects this normative 
shift (Kölbel et al., 2020). Financial institutions and investors adopt green finance practices not only 
due to regulation but also to align with ethical standards and stakeholder demands for responsible 
investing (Van-Niekerk, 2024). 

Mimetic pressures drive organizations to imitate the strategies of perceived successful or 
legitimate actors, especially under uncertainty (DiMaggio & Powell, 1983). The rapid diffusion of 
green bonds, for example, can be partly explained by institutions mimicking pioneers like the World 
Bank or EIB (Monk & Perkins, 2020). Similarly, the adoption of specific renewable energy 
technologies or investment strategies by private equity firms in emerging markets like India may 
involve mimetic processes as investors observe and replicate successful models (Gandhi et al., 2025). 
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3.1.1. ESG and Renewable Energy Financing 

The link between ESG performance and financing for renewable energy is increasingly central. 
Institutional Theory suggests that strong ESG performance enhances organizational legitimacy, 
potentially easing access to capital. Empirical evidence supports this, showing that ESG performance 
can influence investment decisions and financial flows toward cleaner energy (Sharipov et al., 2025). 
Green finance mechanisms, intrinsically tied to ESG principles, are designed to channel capital 
specifically towards environmentally beneficial projects, including renewables (Bakry et al., 2023). 

However, the relationship is complex. While green finance is intended to promote 
environmental sustainability (Fu & Irfan, 2022), its effectiveness can be debated, sometimes 
necessitating trade-offs with purely financial returns or facing implementation challenges, 
particularly concerning risk perception (Grumann et al., 2024). Furthermore, factors like institutional 
quality and economic development moderate the impact of ESG and green finance on actual 
renewable energy deployment (Sharipov et al., 2025). Research suggests that while green finance 
facilitates REI, complementary policies like environmental taxes and robust governance frameworks 
are crucial for maximizing its environmental impact (Abbas et al., 2023). The focus on ESG is also 
driven by investor impact considerations, where shareholders use engagement and capital allocation 
to steer companies towards better environmental practices (Kölbel et al., 2020). 

3.1.2. Geopolitical Risk and Investment Behavior 

Geopolitical Risk (GPR), encompassing factors like political instability, conflict, sanctions, and 
resource volatility, significantly shapes the investment landscape, particularly for capital-intensive 
energy projects (Zhang et al., 2023). Institutional Theory helps understand GPR's impact; high 
instability creates regulatory uncertainty (coercive dimension) and undermines normative 
expectations of stable business environments, discouraging long-term commitments. 

Empirically, GPR exhibits complex relationships with energy assets. Studies show GPR 
negatively impacts carbon market prices and ESG-focused stocks in markets like China, suggesting 
investors perceive a higher risk for environment-related assets during turmoil (Su et al., 2025). 
However, the relationship with clean energy stocks can be nuanced; while some studies find negative 
impacts, others suggest clean energy can benefit during crises as countries seek energy independence 
(Zhang et al., 2023). The Russia-Ukraine conflict, for instance, intensified spillover dynamics between 
energy markets (Patel et al., 2023). GPR also influences volatility, often amplifying uncertainty in 
energy markets (Su et al., 2025). The consensus, supported by theory and empirical findings, suggests 
that higher political stability fosters greener growth and investment (Qamruzzaman & Karim, 2024), 
while external conflict risk can hinder environmental transitions, although short-term dynamics 
might vary (Bakkar et al., 2024). Studies focusing on specific developing regions highlight how 
perceived policy instability and high costs of capital, often linked to broader geopolitical or country-
specific risks, create a “climate investment trap,” hindering necessary green finance flows (Ameli et 
al., 2021). 

3.1.3. Financing Mechanisms and Technological Differentiation 

The financing landscape for renewable energy is diverse, involving a mix of public and private 
capital channeled through various instruments. Key mechanisms include Public-Private Partnerships 
(PPPs), which are collaborations that leverage private-sector expertise and capital alongside public-
sector oversight and risk mitigation for large-scale infrastructure projects. They can be crucial for de-
risking complex or first-of-a-kind RE technologies, although their specific structures vary 
significantly (Source needed if focusing heavily on PPPs). 

Bonds (particularly Green Bonds) are a type of debt security that is used to obtain finance for 
environmental projects. The green bond market has grown rapidly, owing to investor demand for 
sustainable assets and increased standardization initiatives (Yüksel et al., 2025). They provide an 
important channel for institutional capital (pension funds and insurance firms) into real estate. Their 
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resilience to exogenous shocks, like as oil price volatility, varies with country and market conditions 
(Rehman et al., 2025). 

Meanwhile, Equity (Private & Public) includes venture capital, private equity, and investments 
in publicly listed clean energy companies. Private equity plays a critical role in scaling up developer 
platforms, particularly in emerging markets like India, often seeking higher risk-adjusted returns 
through active management and specific investment strategies (Gandhi et al., 2025). Publicly traded 
clean energy stocks offer liquidity but are subject to broader market volatility and investor sentiment 
(Rao et al., 2023; Sen & Chakrabarti, 2024). 

While impact investors are investors who prioritize measurable social and environmental 
impact alongside financial returns. They may provide crucial early-stage funding or patient capital 
for innovative RE technologies or projects in underserved markets, often bridging the gap left by 
traditional finance (Kölbel et al., 2020). 

Grants which are non-repayable funds from governments, international organizations (like 
development banks), or foundations. Grants are often vital for research, development, demonstration 
projects, capacity building, or making projects viable in challenging markets, particularly in 
developing economies (Kerr & Hu, 2025). They directly reduce project costs and risks. 

Furthermore, traditional debt financing from banks or specialized institutions (e.g., 
development finance institutions). Loan availability and cost are influenced by project risk, 
counterparty creditworthiness, policy stability, and broader financial market conditions (Ameli et al., 
2021). Green loans with specific environmental covenants are an emerging category. 

Meanwhile, tax Incentives are used as Government policies to reduce tax burdens for Renewable 
Energy investments or production (e.g., Investment Tax Credits, Production Tax Credits). These 
directly improve project economics and incentivize private investment by increasing post-tax returns 
(Abbas et al., 2023). Their design and stability are crucial for investor confidence. 

Ultimately, Fintech which is financial technology is emerging as a facilitator, potentially 
reducing transaction costs, increasing transparency (e.g., via blockchain for green bond tracking), and 
creating new platforms for crowdfunding or peer-to-peer lending for smaller RE projects (Sreenu, 
2025; Polat et al., 2024). 

Connecting with Asset Pricing Theory and Portfolio Diversification: Each financing mechanism 
presents a distinct risk-return profile, influenced by technology type, project stage, policy 
environment, and GPR. Asset Pricing Theory helps frame how these risks (e.g., policy risk, 
technology risk, operational risk, counterparty risk associated with loans or PPPs) are priced by 
investors (Knesl, 2023). For instance, government grants or tax incentives effectively lower the risk 
and required return for private investors, while equity investments bear higher risk but offer 
potential upside. Green bonds may offer lower returns but perceived lower risk compared to 
conventional bonds or equity, attracting specific investor types (Yüksel et al., 2025). 

From a Portfolio Diversification perspective, investors strategically combine these mechanisms 
and associated technologies. A portfolio might balance established technologies (solar/wind) 
financed via bonds/loans with higher-risk/higher-reward investments in hydrogen or marine energy 
financed through equity or blended structures involving PPPs and grants (Kartun-Giles & Ameli, 
2023). The effectiveness of specific assets as hedges or safe havens during crises is critical; gold and 
Bitcoin offer diversification against some green assets (Manzli et al., 2025), while within the green 
space, certain sub-sectors like Wind/Geothermal might provide internal hedging benefits (Hanif et 
al., 2025). The interaction between conventional energy prices (like oil) and green finance instruments 
(like green bonds) further highlights diversification and hedging opportunities (Rehman et al., 2025; 
Rao et al., 2023). The structure of finance (e.g., reliance on international loans vs. domestic bonds) can 
also influence vulnerability to global financial stress or policy uncertainty (Ameli et al., 2021). Fintech 
potentially alters diversification opportunities by enabling fractional ownership or access to 
previously inaccessible project types (Sreenu, 2025). 
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3.1.4. Research Gap  

The literature reveals significant progress in understanding the distinct roles of ESG factors, 
geopolitical risk (GPR), and various financing mechanisms in the renewable energy sector. 
Frameworks like Institutional Theory explain the adoption of practices and norms, while Asset 
Pricing and Portfolio theories offer lenses for analyzing the associated risk-return dynamics. 
However, significant gaps remain for a holistic understanding. Key limitations include the lack of 
integrated models observed as existing research often examines drivers in isolation. There is a 
pressing need for models that simultaneously capture the dynamic interplay between ESG 
considerations, GPR fluctuations, the specific characteristics of different financing instruments, and 
deployment outcomes across distinct renewable energy technologies. 

For mechanism or technology effectiveness, the relative effectiveness and suitability of financing 
mechanisms (e.g., green bonds vs. private equity vs. Fintech platforms) for specific technologies (e.g., 
established solar vs. nascent hydrogen vs. capital-intensive geothermal) under varying geopolitical 
and market conditions require more robust empirical investigation. 

While portfolio diversification logic applies conceptually to green investments, further research 
is needed on how institutional investors and policymakers practically navigate this, considering real-
world constraints, institutional pressures, and varying risk profiles of green assets (Hafner et al., 2020; 
Kahupi et al., 2024). 

For causality and dynamics, understanding the causal pathways and feedback loops between 
these factors, potentially through advanced time-series, network analysis (e.g., Kartun-Giles & Ameli, 
2023; Hanif et al., 2025), or other sophisticated methods, remains underdeveloped. 

Meanwhile, geographical scope and predictability depict that much analysis concentrates on 
specific regions or developed markets (e.g., China (Su et al., 2025), India (Gandhi et al., 2024), and 
Europe (Bakkar et al., 2024)). Broad cross-country panel analyses incorporating diverse institutional 
contexts are less common. Furthermore, recent attempts at prediction highlight potential dynamic 
instability and the challenges in forecasting RE investment based solely on historical ESG/GPR data. 

Specifically, the primary gap this study addresses is the lack of integrated, cross-national 
empirical frameworks modeling the simultaneous influence of ESG performance, external 
geopolitical stability, and the detailed structure of finance (mechanisms and technologies) on 
renewable energy investment levels. Prior studies often focus on pairs of these dimensions (e.g., GPR-
Finance (Zhang et al., 2023), ESG-Finance (Bakry et al., 2023), Policy Risk-RE Deployment (Sharipov 
et al., 2025)) but not their combined, interactive effects across a diverse global sample. This study 
aims to address this central gap by developing and estimating an integrated panel data model 
incorporating comprehensive ESG indicators, the Geopolitical Risk Index, and detailed renewable 
energy financing data (including technology and financing types) across 44 countries over the period 
2008-2023. This approach allows for exploring the conditional impacts and relative importance of 
these factors in shaping the global renewable energy investment landscape. 

3.2. Assessment of Multicollinearity, Panel Model Estimation and Selection 

Before model estimation, potential multicollinearity among explanatory variables was assessed 
using the Variance Inflation Factor (VIF). Variables exhibiting VIF values exceeding the commonly 
accepted threshold of 10 were iteratively removed. This process continued until all remaining 
predictor variables included in the final models demonstrated VIF values below this threshold, 
indicating that multicollinearity was adequately addressed and allowing for a more reliable 
interpretation of the regression coefficients. 

To investigate the relationship between ESG factors, geopolitical risk, financing structures, and 
renewable energy investment (amount_usd_million), several panel regression models were 
estimated: Pooled OLS, Random Effects (RE), Fixed Effects controlling for entity (country) 
heterogeneity (FE-Entity), and Fixed Effects controlling for both entity and time heterogeneity (FE-
Both). Robust clustered standard errors were employed in all estimations to account for potential 
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heteroskedasticity and serial correlation within countries. The primary results of these models and 
associated specification tests are summarized in Table 1 (Model Selection Tests). 

The Pooled OLS model, which does not account for panel-specific effects, yielded an overall R-
squared of 0.8766. The Random Effects model produced numerically similar coefficient estimates and 
overall fit statistics. However, the critical Hausman test comparing the Fixed Effects (Entity) model 
against the Random Effects model yielded a highly significant result (Chi2(65) = 178.79, p = 0.0000; 
see Table 1). This strongly rejects the null hypothesis of no correlation between the unobserved 
country-specific effects and the included regressors, indicating that the Random Effects model 
produces inconsistent estimates and that a Fixed Effects specification is statistically preferred. 

The F-test comparing the Fixed Effects (Entity and Time) model against Pooled OLS yielded a 
non-significant p-value (p = 0.9074), suggesting that adding both entity and time effects 
simultaneously did not provide a statistically significant improvement over the simple Pooled model 
in this specific joint test. Given the decisive Hausman test result favoring FE over RE due to indicated 
endogeneity, the Fixed Effects (Entity) model was selected as the most appropriate specification for 
primary interpretation, controlling for time-invariant country characteristics. The Fixed Effects 
(Entity) model exhibited a within R-squared of 0.7908. 

Table 1. Panel Model Selection Tests Summary. 

Test Model Comparison Statistic P-value Conclusion 

F-test for 

Poolability FE (Both) vs Pooled 0.756 0.9074 

Cannot Reject Pooled OLS (but contradicts 

Hausman) 

Hausman Test FE (Entity) vs RE 178.790 0.0000 Reject RE, Prefer Fixed Effects 

3.2.1. Econometric Results: Preferred Model (Fixed Effects - Entity) 

The model fit statistics for the preferred Fixed Effects (Entity) model are presented in Table 2. 
The within R-squared was 0.7908, indicating that the model explains approximately 79.1% of the 
variation in renewable energy investment within countries over the study period, after controlling 
for fixed country-specific characteristics. 

Table 2. Fixed OLS Results (VIF-Reduced, Clustered SE) - Model Summary. 

Metric Metric Value Model Fit Statistics value 

Dep. Variable amount_usd_million R-squared (Within) 0.79 

Estimator PanelOLS R-squared (Between) -0.98 

No. Observations 662 R-squared (Overall) -0.04 

Entities 44 F-statistic 32.17 

Time Periods 16 F-statistic (robust) -4.08E+15 

Avg Obs per Entity 15.05 P-value (F - statistic) 0.0000 

Min Obs per Entity 14 P-value (robust) 1.0000 

Max Obs per Entity 16 Log-likelihood -4999.20 

Avg Obs per Time Period 41.38   
Min Obs per Time Period 3 Covariance Estimator Clustered 

Max Obs per Time Period 44 Distribution (F-statistic) F (65, 553) 

The detailed coefficient estimates for this preferred Fixed Effects (Entity) model are shown in 
Table 3. 
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Table 3. Preferred Panel Model Results (Fixed Effects - Entity) by Hausman Test. 

Variable Parameter Std. Err. T-stat P-value Significance 

coastal_protection -0.88 0.99 -0.89 0.37 
 

control_corruption_estimate 82.64 50.96 1.62 0.11 
 

economic_and_social_rights_performance_score 16.71 24.42 0.68 0.49 
 

electricity_production_from_coal_sources_total -0.04 1.14 -0.04 0.97 
 

energy_imports_net_energy_use -0.33 0.56 -0.59 0.56 
 

energy_intensity_level_primary_energy_mj_2017_ppp_gdp 21.36 21.33 1.00 0.32 
 

energy_use_kg_oil_equivalent_per_capita 0.03 0.02 1.60 0.11 
 

fertility_rate_total_births_per_woman -55.82 145.81 -0.38 0.70 
 

food_production_index_2014_2016_100 -0.96 1.00 -0.96 0.34 
 

fossil_fuel_energy_consumption_total 0.33 0.78 0.43 0.67 
 

gdp_growth_annual -5.04 6.89 -0.73 0.46 
 

gini_index 19.33 11.53 1.68 0.09 . 

government_expenditure_on_education_total_government_exp

enditure 

-1.80 5.57 -0.32 0.75 
 

hospital_beds_per_1_000_people 0.97 8.68 0.11 0.91 
 

income_share_held_by_lowest_20 -73.06 35.69 -2.05 0.04 * 

individuals_using_the_internet_population 0.20 0.89 0.23 0.82 
 

land_surface_temperature -4.44 5.86 -0.76 0.45 
 

level_water_stress_freshwater_withdrawal_as_a_proportion_a

vailable_freshwater_resources 

0.41 0.34 1.20 0.23 
 

literacy_rate_adult_total_people_ages_15_and_above 0.28 0.96 0.29 0.77 
 

people_using_safely_managed_sanitation_services_population 0.95 1.99 0.48 0.63 
 

population_ages_65_and_above_total_population -3.15 5.51 -0.57 0.57 
 

population_density_people_per_sq_km_land_area 0.32 0.38 0.84 0.40 
 

proportion_bodies_water_with_good_ambient_water_quality 0.06 0.49 0.12 0.90 
 

ratio_female_to_male_labor_force_participation_rate_modeled

_ilo_estimate 

14.38 11.34 1.27 0.21 
 

renewable_electricity_output_total_electricity_output -4.04 3.11 -1.30 0.19 
 

renewable_energy_consumption_total_final_energy_consumpt

ion 

-1.47 2.24 -0.66 0.51 
 

research_and_development_expenditure_gdp 1.82 17.79 0.10 0.92 
 

school_enrollment_primary_and_secondary_gross_gender_par

ity_index_gpi 

153.16 191.47 0.80 0.42 
 

Geopolitical_Risk 2.43 3.11 0.78 0.43 
 

sub_technology_Biogas -176.57 142.92 -1.24 0.22 
 

sub_technology_Coal and peat 818.76 204.63 4.00 0.00 *** 

sub_technology_Concentrated solar power 22.76 78.33 0.29 0.77 
 

sub_technology_Fossil fuels n.e.s. -139.84 79.29 -1.76 0.08 . 

sub_technology_Geothermal energy 15.50 47.44 0.33 0.74 
 

sub_technology_Liquid biofuels 845.34 94.38 8.96 0.00 *** 
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sub_technology_Marine energy 790.71 470.41 1.68 0.09 . 

sub_technology_Multiple renewables 8.56 17.44 0.49 0.62 
 

sub_technology_Natural gas -428.18 316.46 -1.35 0.18 
 

sub_technology_Non-renewable municipal waste -279.36 272.10 -1.03 0.31 
 

sub_technology_Nuclear 4.57 42.09 0.11 0.91 
 

sub_technology_Off-grid Solar photovoltaic 200.32 336.39 0.60 0.55 
 

sub_technology_Offshore wind energy 128.70 122.50 1.05 0.29 
 

sub_technology_Oil 1321.40 257.14 5.14 0.00 *** 

sub_technology_On-grid Solar photovoltaic 107.99 33.85 3.19 0.00 ** 

sub_technology_Onshore wind energy 61.91 4.53 13.66 0.00 *** 

sub_technology_Pumped storage 330.53 144.60 2.29 0.02 * 

sub_technology_Renewable hydropower 130.79 47.04 2.78 0.01 ** 

sub_technology_Renewable municipal waste 101.89 118.94 0.86 0.39 
 

sub_technology_Solar thermal energy -1134.80 484.43 -2.34 0.02 * 

sub_technology_Solid biofuels -196.19 176.29 -1.11 0.27 
 

sub_technology_Wind energy n.e.s. -463.97 246.67 -1.88 0.06 . 

finance_type_Asset-backed securities -1179.60 699.12 -1.69 0.09 . 

finance_type_Bonds -9.79 57.17 -0.17 0.86 
 

finance_type_Common equity 37.23 98.41 0.38 0.71 
 

finance_type_Concessional loan 23.88 89.78 0.27 0.79 
 

finance_type_Credit line -343.18 219.40 -1.56 0.12 
 

finance_type_Guarantees/insurance 232.23 254.97 0.91 0.36 
 

finance_type_Interest subsidy 60.25 83.93 0.72 0.47 
 

finance_type_Other debt securities -128.64 148.39 -0.87 0.39 
 

finance_type_Preferred equity -1342.80 1040.60 -1.29 0.20 
 

finance_type_Reimbursable grant 1489.20 531.69 2.80 0.01 ** 

finance_type_Shares in collective investment vehicles 2.12 137.56 0.02 0.99 
 

finance_type_Subordinated loan -506.41 275.40 -1.84 0.07 . 

Significance codes: p<0.1, * p<0.05, ** p<0.01, *** p<0.001 

Analysis of the coefficients in Table 3 reveals several statistically significant associations within 
the Fixed Effects model. The variable income_share_held_by_lowest_20 showed a significant 
negative relationship with investment (p = 0.041), while gini_index had a borderline significant 
positive relationship (p = 0.094). Geopolitical_Risk (p = 0.434) and various other ESG indicators, 
including control_corruption_estimate (p=0.105), poverty_headcount_ratio... (p=0.570), and 
population_ages_65_and_above... (p=0.567), were not found to be statistically significant predictors 
of within-country changes in renewable energy investment. 

Investment composition significantly explained the total investment amount, with strong 
positive coefficients for several sub-technologies, notably sub_technology_Liquid biofuels (p=0.0000), 
sub_technology_Oil (p=0.0000), sub_technology_Onshore wind energy (p=0.0000), 
sub_technology_On-grid Solar photovoltaic (p=0.0015), sub_technology_Renewable hydropower 
(p=0.0056), sub_technology_Coal and peat (p=0.0001), and sub_technology_Pumped storage 
(p=0.0226). A significant negative coefficient was observed for sub_technology_Solar thermal energy 
(p=0.0195). Among financing types, finance_type_Reimbursable grant was significantly positive 
(p=0.0053). 
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3.2.2. Econometric Results: Pooled OLS Model 

A Pooled Ordinary Least Squares (OLS) regression was initially performed to examine the cross-
sectional and time-series associations between renewable energy investment (amount_usd_million) 
and the independent variables, treating all observations equally without accounting for panel 
structure. Robust clustered standard errors were used. The detailed results are presented in Table 4. 

Table 4. Pooled Effects (Country) Results (Clustered SE) - Model Summary. 

Statistic Metric Value Model Fit Statistics value 

Dep. Variable: amount_usd_milli
on 

R-squared: 0.88 

Estimator: PooledOLS R-squared (Between): 0.99 

No. Observations: 662 R-squared (Within): 0.78 

Entities: 44 R-squared (Overall): 0.88 

Avg Obs: 15.05 Log-likelihood -5019.60 

Min Obs: 14 F-statistic: 65.15 

Max Obs: 16 P-value (F-stat): 0.00 

Avg Obs: 41.38 Cov. Estimator: Clustered 

Min Obs: 3 F-statistic (robust): -1.00E+16 

Max Obs: 44 P-value (F-stat 
robust): 

1.00 
  

Distribution (F-stat 
robust): 

F (65,596) 

Variable Parameter Std. Err. T-stat P-value Significance 

Const -104.93 208.94 -0.50 0.62 
 

coastal_protection -0.75 0.75 -1.00 0.32 
 

control_corruption_estimate 13.40 29.83 0.45 0.65 
 

economic_and_social_rights_performance_score 27.04 25.33 1.07 0.29 
 

electricity_production_from_coal_sources_total 1.41 1.10 1.28 0.20 
 

energy_imports_net_energy_use -0.26 0.38 -0.69 0.49 
 

energy_intensity_level_primary_energy_mj_2017
_ppp_gdp 

24.04 13.07 1.84 0.07 * 

energy_use_kg_oil_equivalent_per_capita 0.01 0.01 1.04 0.30 
 

fertility_rate_total_births_per_woman -29.02 106.96 -0.27 0.79 
 

food_production_index_2014_2016_100 -0.37 0.83 -0.45 0.65 
 

fossil_fuel_energy_consumption_total -0.04 0.73 -0.05 0.96 
 

gdp_growth_annual -4.89 6.11 -0.80 0.42 
 

gini_index 8.88 5.41 1.64 0.10 
 

government_expenditure_on_education_total_go
vernment_expenditure 

-1.74 4.18 -0.42 0.68 
 

hospital_beds_per_1_000_people -3.16 9.25 -0.34 0.73 
 

income_share_held_by_lowest_20 -39.56 16.54 -2.39 0.02 ** 

individuals_using_the_internet_population -0.50 0.70 -0.71 0.48 
 

land_surface_temperature -6.71 4.06 -1.65 0.10 * 

level_water_stress_freshwater_withdrawal_as_a_
proportion_available_freshwater_resources 

0.19 0.29 0.64 0.52 
 

literacy_rate_adult_total_people_ages_15_and_ab
ove 

0.66 0.82 0.80 0.42 
 

people_use_safely_managed_drinking_water_ser
vices_population 

-2.23 1.25 -1.78 0.08 * 

people_use_safely_managed_sanitation_services_
population 

2.30 1.28 1.80 0.07 * 

population_ages_65_and_above_total_population -8.36 5.09 -1.64 0.10 
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population_density_people_per_sq_km_land_are
a 

0.33 0.20 1.61 0.11 
 

proportion_bodies_water_with_good_ambient_w
ater_quality 

0.08 0.44 0.18 0.85 
 

ratio_female_to_male_labor_force_participation_
rate_modeled_ilo_estimate 

0.46 2.45 0.19 0.85 
 

renewable_electricity_output_total_electricity_ou
tput 

-2.78 2.60 -1.07 0.29 
 

renewable_energy_consumption_total_final_ener
gy_consumption 

-1.14 2.21 -0.52 0.60 
 

research_and_development_expenditure_gdp 11.20 15.95 0.70 0.48 
 

school_enrollment_primary_and_secondary_gros
s_gender_parity_index_gpi 

232.28 206.99 1.12 0.26 
 

Geopolitical_Risk 1.40 1.12 1.25 0.21 
 

sub_technology_Biogas -111.83 98.70 -1.13 0.26 
 

sub_technology_Coal and peat 773.84 184.84 4.19 0.00 *** 

sub_technology_Concentrated solar power 1.85 84.18 0.02 0.98 
 

sub_technology_Fossil fuels n.e.s. -110.39 59.91 -1.84 0.07 * 

sub_technology_Geothermal energy -30.63 46.06 -0.67 0.51 
 

sub_technology_Liquid biofuels 845.92 101.45 8.34 0.00 *** 

sub_technology_Marine energy 848.17 499.73 1.70 0.09 * 

sub_technology_Multiple renewables 6.91 16.95 0.41 0.68 
 

sub_technology_Natural gas -468.07 358.35 -1.31 0.19 
 

sub_technology_Non-renewable municipal waste -285.19 262.16 -1.09 0.28 
 

sub_technology_Nuclear -7.68 40.45 -0.19 0.85 
 

sub_technology_Off-grid Solar photovoltaic 205.03 339.77 0.60 0.55 
 

sub_technology_Offshore wind energy 148.14 119.94 1.24 0.22 
 

sub_technology_Oil 1245.80 230.62 5.40 0.00 *** 

sub_technology_On-grid Solar photovoltaic 98.19 35.37 2.78 0.01 *** 

sub_technology_Onshore wind energy 55.41 5.30 10.45 0.00 *** 

sub_technology_Pumped storage 223.10 76.25 2.93 0.00 *** 

sub_technology_Renewable hydropower 108.76 39.95 2.72 0.01 *** 

sub_technology_Renewable municipal waste 54.72 106.68 0.51 0.61 
 

sub_technology_Solar thermal energy -1172.10 441.40 -2.66 0.01 *** 

sub_technology_Solid biofuels -189.42 175.14 -1.08 0.28 
 

sub_technology_Wind energy n.e.s. -393.92 209.55 -1.88 0.06 * 

finance_type_Asset-backed securities -1082.10 677.30 -1.60 0.11 
 

finance_type_Bonds -41.64 50.93 -0.82 0.41 
 

finance_type_Common equity 37.72 91.88 0.41 0.68 
 

finance_type_Concessional loan 27.03 88.28 0.31 0.76 
 

finance_type_Credit line -335.47 239.48 -1.40 0.16 
 

finance_type_Guarantees/insurance 313.56 228.96 1.37 0.17 
 

finance_type_Interest subsidy 79.91 105.39 0.76 0.45 
 

finance_type_Other debt securities -128.43 162.83 -0.79 0.43 
 

finance_type_Preferred equity -1081.40 1007.20 -1.07 0.28 
 

finance_type_Reimbursable grant 1639.90 451.62 3.63 0.00 *** 

finance_type_Shares in collective investment 
vehicles 

192.46 138.15 1.39 0.16 
 

finance_type_Subordinated loan -294.74 308.76 -0.95 0.34 
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Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01 

The Pooled OLS model results, presented in Table 4, indicate an overall R-squared of 0.88, 
suggesting a high degree of association between the included independent variables and the 
dependent variable (amount_usd_million) when ignoring the panel structure. Several variables 
exhibited statistical significance at conventional levels in this specification. 

Specifically, income_share_held_by_lowest_20 (p=0.02**) showed a significant negative 
association with investment amount. Variables related to access to basic services, 
people_using_safely_managed_drinking_water_services_population (p=0.08*) and 
people_using_safely_managed_sanitation_services_population (p=0.07*), were marginally 
significant, suggesting potential links between basic infrastructure/development levels and 
investment, although the signs differed. Energy_intensity_level_primary_energy_mj_2017_ppp_gdp 
(p=0.07*) and land_surface_temperature (p=0.10*) were also marginally significant. 

Consistent with expectations, several variables representing specific technology investments 
(such as sub_technology_Coal and peat, sub_technology_Liquid biofuels, sub_technology_Oil, 
sub_technology_On-grid Solar photovoltaic, sub_technology_Onshore wind energy, 
sub_technology_Pumped storage, sub_technology_Renewable hydropower, and 
sub_technology_Solar thermal energy with p < 0.01***) and financing types (such as 
finance_type_Reimbursable grant with p<0.001***) were highly significant predictors of the total 
investment amount. The primary variable of interest, Geopolitical_Risk, was not statistically 
significant in this model (p=0.21). 

3.2.3. Econometric Results: Random Effects (RE) Model 

A Random Effects (RE) model was estimated to assess the relationships while allowing for time-
invariant unobserved country heterogeneity assumed to be uncorrelated with the explanatory 
variables. The results are presented in Table 5. 

Table 5. Random Effects Results (Clustered SE) - Parameter Estimates. 

Statistic Metric 

Value 

Model Fit 

Statistics 

value 

Dep. Variable: amount_u

sd_million 

R-squared: 0.88 

Estimator: RandomEf

fects 

R-squared 

(Between): 

0.99 

No. Observations: 662 R-squared 

(Within): 

0.78 

Entities: 44 R-squared 

(Overall): 

0.88 

Avg Obs: 15.05 Log-likelihood -5019.6 

Min Obs: 14 F-statistic: 65.15 

Max Obs: 16 P-value (F-

stat): 

0.00 

Time periods: 16 Distribution 

(F-stat): 

F (65,596) 

Avg Obs: 41.38 F-statistic 

(robust): 

-1.00E+16 
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Min Obs: 3 P-value (F-stat 

robust): 

1.00 

Max Obs: 44 Cov. 

Estimator: 

Clustered 

  
Distribution 

(F-stat robust): 

F 

(65,596) 

  

Variable Parameter Std. Err. T-stat P-value Significance 

const -104.93 208.94 -0.5 0.62 
 

coastal_protection -0.75 0.75 -1 0.32 
 

control_corruption_estimate 13.4 29.83 0.45 0.65 
 

economic_and_social_rights_performance_scor

e 

27.04 25.33 1.07 0.29 
 

electricity_production_from_coal_sources_total 1.41 1.1 1.28 0.2 
 

energy_imports_net_energy_use -0.26 0.38 -0.69 0.49 
 

energy_intensity_level_primary_energy_mj_20

17_ppp_gdp 

24.04 13.07 1.84 0.07 * 

energy_use_kg_oil_equivalent_per_capita 0.01 0.01 1.04 0.3 
 

fertility_rate_total_births_per_woman -29.02 106.96 -0.27 0.79 
 

food_production_index_2014_2016_100 -0.37 0.83 -0.45 0.65 
 

fossil_fuel_energy_consumption_total -0.04 0.73 -0.05 0.96 
 

gdp_growth_annual -4.89 6.11 -0.8 0.42 
 

gini_index 8.88 5.41 1.64 0.1 
 

government_expenditure_on_education_total_

government_expenditure 

-1.74 4.18 -0.42 0.68 
 

hospital_beds_per_1_000_people -3.16 9.25 -0.34 0.73 
 

income_share_held_by_lowest_20 -39.56 16.54 -2.39 0.02 ** 

individuals_using_the_internet_population -0.5 0.7 -0.71 0.48 
 

land_surface_temperature -6.71 4.06 -1.65 0.1 * 

level_water_stress_freshwater_withdrawal_as_

a_proportion_available_freshwater_resources 

0.19 0.29 0.64 0.52 
 

literacy_rate_adult_total_people_ages_15_and_

above 

0.66 0.82 0.8 0.42 
 

people_use_safely_managed_drinking_water_s

ervices_population 

-2.23 1.25 -1.78 0.08 * 

people_use_safely_managed_sanitation_servic

es_population 

2.3 1.28 1.8 0.07 * 

population_ages_65_and_above_total_populati

on 

-8.36 5.09 -1.64 0.1 
 

population_density_people_per_sq_km_land_a

rea 

0.33 0.2 1.61 0.11 
 

proportion_bodies_water_with_good_ambient

_water_quality 

0.08 0.44 0.18 0.85 
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ratio_female_to_male_labor_force_participatio

n_rate_modeled_ilo_estimate 

0.46 2.45 0.19 0.85 
 

renewable_electricity_output_total_electricity_

output 

-2.78 2.6 -1.07 0.29 
 

renewable_energy_consumption_total_final_en

ergy_consumption 

-1.14 2.21 -0.52 0.6 
 

research_and_development_expenditure_gdp 11.2 15.95 0.7 0.48 
 

school_enrollment_primary_and_secondary_gr

oss_gender_parity_index_gpi 

232.28 206.99 1.12 0.26 
 

Geopolitical_Risk 1.4 1.12 1.25 0.21 
 

sub_technology_Biogas -111.83 98.7 -1.13 0.26 
 

sub_technology_Coal and peat 773.84 184.84 4.19 0 *** 

sub_technology_Concentrated solar power 1.85 84.18 0.02 0.98 
 

sub_technology_Fossil fuels n.e.s. -110.39 59.91 -1.84 0.07 * 

sub_technology_Geothermal energy -30.63 46.06 -0.67 0.51 
 

sub_technology_Liquid biofuels 845.92 101.45 8.34 0 *** 

sub_technology_Marine energy 848.17 499.73 1.7 0.09 * 

sub_technology_Multiple renewables 6.91 16.95 0.41 0.68 
 

sub_technology_Natural gas -468.07 358.35 -1.31 0.19 
 

sub_technology_Non-renewable municipal 

waste 

-285.19 262.16 -1.09 0.28 
 

sub_technology_Nuclear -7.68 40.45 -0.19 0.85 
 

sub_technology_Off-grid Solar photovoltaic 205.03 339.77 0.6 0.55 
 

sub_technology_Offshore wind energy 148.14 119.94 1.24 0.22 
 

sub_technology_Oil 1245.8 230.62 5.4 0 *** 

sub_technology_On-grid Solar photovoltaic 98.19 35.37 2.78 0.01 *** 

sub_technology_Onshore wind energy 55.41 5.3 10.45 0 *** 

sub_technology_Pumped storage 223.1 76.25 2.93 0 *** 

sub_technology_Renewable hydropower 108.76 39.95 2.72 0.01 *** 

sub_technology_Renewable municipal waste 54.72 106.68 0.51 0.61 
 

sub_technology_Solar thermal energy -1172.1 441.4 -2.66 0.01 *** 

sub_technology_Solid biofuels -189.42 175.14 -1.08 0.28 
 

sub_technology_Wind energy n.e.s. -393.92 209.55 -1.88 0.06 * 

finance_type_Asset-backed securities -1082.1 677.3 -1.6 0.11 
 

finance_type_Bonds -41.64 50.93 -0.82 0.41 
 

finance_type_Common equity 37.72 91.88 0.41 0.68 
 

finance_type_Concessional loan 27.03 88.28 0.31 0.76 
 

finance_type_Credit line -335.47 239.48 -1.4 0.16 
 

finance_type_Guarantees/insurance 313.56 228.96 1.37 0.17 
 

finance_type_Interest subsidy 79.91 105.39 0.76 0.45 
 

finance_type_Other debt securities -128.43 162.83 -0.79 0.43 
 

finance_type_Preferred equity -1081.4 1007.2 -1.07 0.28 
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finance_type_Reimbursable grant 1639.9 451.62 3.63 0 *** 

finance_type_Shares in collective investment 

vehicles 

192.46 138.15 1.39 0.16 
 

finance_type_Subordinated loan -294.74 308.76 -0.95 0.34 
 

Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01 
   

sub_technology_Solid biofuels -189.42 175.14 -1.08 0.28 
 

sub_technology_Wind energy n.e.s. -393.92 209.55 -1.88 0.06 * 

finance_type_Asset-backed securities -1082.1 677.3 -1.6 0.11 
 

finance_type_Bonds -41.64 50.93 -0.82 0.41 
 

finance_type_Common equity 37.72 91.88 0.41 0.68 
 

finance_type_Concessional loan 27.03 88.28 0.31 0.76 
 

finance_type_Credit line -335.47 239.48 -1.4 0.16 
 

finance_type_Guarantees/insurance 313.56 228.96 1.37 0.17 
 

finance_type_Interest subsidy 79.91 105.39 0.76 0.45 
 

finance_type_Other debt securities -128.43 162.83 -0.79 0.43 
 

finance_type_Preferred equity -1081.4 1007.2 -1.07 0.28 
 

finance_type_Reimbursable grant 1639.9 451.62 3.63 0 *** 

finance_type_Shares in collective investment 

vehicles 

192.46 138.15 1.39 0.16 
 

finance_type_Subordinated loan -294.74 308.76 -0.95 0.34 
 

Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01 

The Random Effects (RE) model estimation results are provided in Table 5. This model assumes 
that unobserved country-specific factors influencing renewable energy investment are not correlated 
with the included explanatory variables. The overall R-squared for the RE model was 0.88, identical 
to the Pooled OLS model, suggesting that the variables included explain a large portion of the overall 
variance in investment amounts across countries and time. 

In this specification, several ESG and economic indicators showed borderline significance (p < 
0.10). Specifically, higher energy_intensity_level_primary_energy_mj_2017_ppp_gdp (p=0.07), lower 
land_surface_temperature (p=0.10), lower access to 
people_using_safely_managed_drinking_water_services_population (p=0.08), and higher access to 
people_using_safely_managed_sanitation_services_population (p=0.07) were associated with 
investment levels. Higher inequality (gini_index, p=0.10) was also positively associated with 
investment, while a higher income_share_held_by_lowest_20 was significantly negatively associated 
(p=0.02**). Geopolitical_Risk (p=0.21) was not statistically significant in the RE model. 

Consistent with the Pooled OLS findings, many variables representing specific renewable 
energy technologies (e.g., sub_technology_coal and peat, sub_technology_Liquid biofuels, 
sub_technology_oil, sub_technology_On-grid Solar photovoltaic, sub_technology_Onshore wind 
energy, sub_technology_Pumped storage, sub_technology_Renewable hydropower, 
sub_technology_Solar thermal energy) and financing types (e.g., finance_type_Reimbursable grant) 
were highly significant (p<0.01***). 

However, as indicated by the Hausman test results presented previously (Table 4), the core 
assumption of the Random Effects model (uncorrelatedness between entity effects and regressors) 
was strongly rejected (p=0.0000). This suggests that the RE coefficient estimates are likely biased and 
inconsistent, making the Fixed Effects model a more appropriate choice for concluding the 
relationships between the explanatory variables and renewable energy investment in this dataset. 
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4. Discussion 

This study investigated the complex interplay between ESG factors, geopolitical risk (GPR), 
financing structures, and renewable energy (RE) investment across 44 countries from 2008 to 2023. 
By employing a Fixed Effects panel regression model, selected based on rigorous specification testing 
(Table 1), the analysis primarily focused on identifying drivers of within-country changes in RE 
investment over time, controlling for time-invariant national characteristics. 

4.1. Interpretation of Findings and Hypotheses Revisited 

The results offer several key insights into the drivers of RE investment dynamics and allow for 
an assessment of the study's hypotheses: 

H1: Geopolitical Risk and Investment Changes: The Fixed Effects model indicated that within-
country changes in the Geopolitical Risk Index were not statistically significantly associated with 
changes in total RE investment (p=0.43, Table 3). Therefore, we failed to reject the null hypothesis 
(H01). This implies that, while the level of geopolitical stability likely influences a country's baseline 
attractiveness for investment (captured implicitly by the fixed effects), year-to-year fluctuations in 
GPR, as measured by the index, did not demonstrably drive corresponding shifts in aggregate RE 
investment commitments within countries during the study period, once other factors are controlled. 
This finding nuances studies focusing on GPR's impact on more volatile financial assets (e.g., Su et 
al., 2025), suggesting that longer-term, large-scale infrastructure investment decisions might be less 
sensitive to short-term GPR index volatility compared to underlying institutional stability or specific 
policy signals. It is also possible that the aggregate GPR index doesn't fully capture the specific risks 
(e.g., expropriation risk vs. conflict risk) most pertinent to RE investors. 

H2: ESG Dimensions and Investment Changes: The results provided partial support for the 
alternative hypothesis (Ha2), revealing a differential impact of various ESG dimensions: 

For “Governance vs. Environmental Roles”, contrary to expectations that stronger governance 
would drive increases in investment, changes in control_corruption_estimate (p=0.11) were not 
significant in the FE model. Similarly, changes in environmental proxies like 
electricity_production_from_coal... (p=0.97) or energy_intensity... (p=0.32) were insignificant. This 
suggests that within-country improvements (or deteriorations) in these specific measured 
governance and environmental indicators, over and above a country's fixed baseline characteristics, 
did not translate directly into significant yearly shifts in aggregate RE investment during this period. 
This aligns partially with Sharipov et al. (2025), who note the moderating role of development and 
institutional quality, implying baseline levels might be more critical than marginal changes for 
aggregate flows. It may also indicate lags in the effect of policy or performance changes on large 
investment decisions. 

Social Equity, in contrast, social equity metrics showed significant associations. Higher 
income_share_held_by_lowest_20 was associated with lower investment (p=0.04*), while higher 
inequality (gini_index) was marginally associated with higher investment (p=0.09.). This complex 
finding (rejecting H02 for these variables in favor of Ha2) potentially points towards large-scale RE 
investments, which dominate the total amount_usd_million, being facilitated in contexts with higher 
capital concentration rather than directly implying inequality is "good" for RE. It highlights a 
potential tension between maximizing aggregate investment volume and achieving broader social 
equity goals within the energy transition that requires further investigation and careful policy design 
(Van-Niekerk, 2024). 

H3: Investment Composition and Investment Amount: The null hypothesis (H03) was strongly 
rejected. 

As depicted the "Resilience and Role of Financing/Technology", the high statistical significance 
of numerous sub_technology_ variables (***p<0.01 for Liquid Biofuels, Oil likely related to 
biofuels/feedstock, Onshore Wind, Solar PV, Hydropower, Coal/Peat likely co-firing/biomass mix, 
Pumped Storage; **p<0.05 for Solar Thermal “negative”) confirms that the type of technology 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 April 2025 doi:10.20944/preprints202504.1331.v1

https://doi.org/10.20944/preprints202504.1331.v1


 18 of 24 

 

dominates year-to-year changes in the total reported investment amount (Table 3). This highlights 
that the aggregate investment figure is heavily influenced by the capital intensity and deployment 
scale of prevailing technologies (e.g., large wind farms vs. distributed solar). This aligns with 
portfolio perspectives suggesting assets have distinct characteristics (Sen & Chakrabarti, 2024). 

Among financing types, the finance_type_Reimbursable grant was significantly positive 
(p=0.005**), supporting Ha3 and highlighting the tangible impact of grants in boosting measurable 
investment, likely by de-risking projects (Kerr & Hu, 2025). The borderline negative significance of 
finance_type_asset-backed securities (p=0.09.) and finance_type_subordinated loan (p=0.07.) might 
reflect specific market conditions or risk perceptions associated with these instruments during the 
period, deserving further study. The overall pattern suggests that while diverse instruments exist 
(Babic, 2024; Yüksel et al., 2025), grants have a particularly discernible impact on changes in aggregate 
annual figures within countries. 

4.2. Policy Implications 

The findings, particularly from the statistically preferred Fixed Effects model, suggest several 
policy implications, like prioritizing foundational stability while managing short-term GPR 
fluctuations might have limited direct impact on yearly changes in aggregate RE investment based 
on this model, ensuring fundamental political stability and strong baseline governance institutions 
remains critical for attracting RE capital initially (supported by Qamruzzaman & Karim, 2024, and 
the logic behind using FE models). 

Furthermore, it is important to integrate Social Equity into the RE Strategy. The counter-intuitive 
findings regarding income share and the Gini index suggest that policies solely focused on 
maximizing aggregate RE investment might overlook or even exacerbate social inequalities. 
Policymakers should consider complementary measures (e.g., targeted support for community 
projects and equitable benefit-sharing mechanisms) to ensure a just energy transition, aligning green 
finance with broader SDGS (Van-Niekerk, 2024). 

For the Strategic Use of Financing Instruments, there is a significant positive impact of grants, 
highlighting their effectiveness, particularly for enabling projects or supporting specific technologies. 
Governments and development agencies should continue leveraging grants strategically, possibly 
focusing them on nascent technologies (like green hydrogen, which was not distinctly captured here) 
or overcoming barriers in specific market segments (Kerr & Hu, 2025). Encouraging market 
development for instruments like green bonds remains important for scaling (Monk & Perkins, 2020; 
Mertzanis, 2023), even if their specific impact on year-to-year change wasn't isolated in the FE model. 
Risk-adjusted support tailored to technology maturity (e.g., de-risking hydrogen via PPPs or 
guarantees vs. supporting mature solar/wind via auctions or tax incentives) is essential (Rechsteiner, 
2021; Gandhi et al., 2025). 

Ultimately, for the ESG Data for Policy, while marginal yearly changes in some common ESG 
metrics didn't strongly predict changes in investment within the FE model, this doesn't diminish their 
overall importance. ESG factors likely influence the baseline investment climate (country fixed effect) 
and are critical for attracting normative-driven investors (Kölbel et al., 2020). Policies should continue 
to promote ESG transparency and performance, focusing on robust governance and potentially 
specific, impactful social and environmental targets. 

4.3. Contribution to Theory and Methodology 

This study pioneers an integrated empirical analysis combining diverse ESG dimensions, GPR, 
and granular RE investment data (technology/finance type) within a cross-country panel framework. 
By moving beyond dyadic relationships it offers a more holistic view of the complex factors shaping 
RE investment. 

Methodologically, it demonstrates the importance of rigorous panel techniques. The Hausman 
test decisively favored Fixed Effects over Random Effects, highlighting the presence of endogeneity 
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related to unobserved country characteristics and validating the FE approach for isolating within-
country dynamics. The use of robust clustered standard errors addresses common panel data issues. 

Institutional Theory provides context-specific evidence. The findings suggest that while 
institutional pressures matter, their measurable impact on annual investment changes might differ 
across pressure types (e.g., potential social equity norms showing significance vs. some governance 
score changes not showing immediate significance in the FE model). It reinforces the idea that stable 
underlying institutions are critical for legitimacy and investment. 

Meanwhile, sustainable finance and risk resilience empirically confirm the significant role of 
investment composition (technology and finance type) in determining overall investment, aligning 
with portfolio concepts. It contributes nuance to the ESG debate by identifying specific social equity 
factors significantly associated with within-country investment changes. Crucially, it challenges 
assumptions about the direct, immediate impact of GPR volatility on within-country investment 
shifts, suggesting resilience or lagged effects might be present, differentiating from GPR's likely 
impact on initial cross-country allocation decisions. The effectiveness of grants supports theories on 
de-risking mechanisms in development finance. 

4.4. Limitations and Future Research 

While this study provides valuable insights through its integrated panel analysis, several 
limitations should be acknowledged, which also point towards avenues for future research. The 
reliance on country-level aggregate data inherently masks potential heterogeneity at the subnational, 
firm, or individual project level, where investment decisions are ultimately made. Further research 
exploring these dynamics at a more granular level could reveal significant variations obscured by 
national averages. Additionally, ESG data, despite efforts towards standardization, can still possess 
subjectivity and face challenges in cross-country comparability and consistent measurement over 
time. The Geopolitical Risk index captures overall risk perception but may not fully differentiate 
between specific risk types (e.g., policy instability vs. outright conflict) that could have distinct 
impacts on investor behavior. Data availability also constrained the period and country sample, 
resulting in an unbalanced panel. 

Methodologically, while panel regression identifies significant associations, establishing 
definitive causality requires more advanced techniques such as instrumental variables, dynamic 
panel models (e.g., GMM), or specific quasi-experimental designs, which were beyond the scope of 
this analysis. The insignificant direct effect of GPR fluctuations within countries found here might 
also stem from lagged impacts not fully captured at an annual frequency or indirect effects via the 
cost of capital (Ameli et al., 2021) or policy uncertainty (Sharipov et al., 2025), suggesting avenues for 
exploring dynamic specifications. Furthermore, investigating potential spatial dependencies and 
network effects, if cross-sectional dependence is confirmed, could offer richer insights using spatial 
econometrics or network analysis approaches (Kartun-Giles & Ameli, 2023; Hanif et al., 2025). 

Future research could also benefit from deeper dives into specific high-potential technologies, 
such as green hydrogen (Tunn et al., 2025), or novel financing innovations like Fintech platforms 
(Sreenu, 2025; Polat et al., 2024) and dedicated impact investing vehicles. Given the demonstrated 
limitations of standard machine learning models in predicting out-of-sample investment levels in this 
context, exploring time-series-specific forecasting models or approaches incorporating dynamic 
policy variables and structural break detection could yield more reliable predictive insights. Finally, 
complementing quantitative analyses with qualitative case studies (e.g., Grumann et al., 2024; Kahupi 
et al., 2024) would provide valuable context and a richer understanding of investor decision-making 
processes under complex institutional pressures and perceived risks inherent in the renewable 
energy sector. 

5. Conclusion 

This research investigated the complex drivers of renewable energy (RE) investment across 44 
countries from 2008 to 2023 by integrating ESG indicators, Geopolitical Risk (GPR), and detailed 
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investment data within a panel Fixed Effects framework. The analysis revealed that year-to-year 
changes in GPR were not significantly associated with within-country changes in RE investment. 
However, certain ESG dimensions, specifically social equity metrics like income distribution, showed 
statistically significant, albeit complex, relationships. Governance and environmental indicators, as 
measured in this study, did not exhibit significant associations with yearly investment shifts within 
countries. The study strongly confirmed that the composition of investment across specific 
technologies and the use of particular financing mechanisms, notably reimbursable grants, are 
significant factors explaining variations in total RE investment levels. 

Key recommendations arising from this study center on recognizing the multifaceted nature of 
RE investment drivers. Policymakers are advised to prioritize foundational political and institutional 
stability, integrate social equity considerations into RE deployment strategies to ensure a just 
transition, and strategically utilize financial tools like grants while fostering a diverse financing 
ecosystem. Investors should conduct holistic risk assessments that consider baseline country stability 
alongside dynamic ESG factors (particularly social dimensions), recognize the influence of 
technology mix on overall investment trends, leverage portfolio diversification, and capitalize on 
available policy support mechanisms. 

The global shift to renewable energy unfolds against a backdrop of interconnected 
environmental pressures, societal demands, governance challenges, and geopolitical instability. This 
study highlights that successfully scaling green finance requires more than just innovative financial 
products; it necessitates stable institutions, careful consideration of social impacts alongside 
environmental goals, and an understanding of how diverse factors interact within specific national 
contexts. Integrating these complex dynamics into both research and decision-making is essential for 
navigating the path towards a sustainable and secure energy future effectively and equitably. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 
paper posted on Preprints.org. 
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