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A B S T R A C T

Artificial intelligence (AI) and green technological innovation have become central to improving the efficiency of 
renewable and nuclear energy systems, particularly following the rapid acceleration of AI deployment since 
2022. This study investigates the dynamic and heterogeneous effects of AI and green technological innovation, 
proxied by green patents, on the efficiency of renewable and nuclear energy across advanced and developing 
countries over the period 2000–2024. Employing a Time-Varying Interactive Fixed Effects (TV-IFE) model 
alongside Bootstrap Quantile Regression (BSQR), the analysis captures structural changes, cross-country het
erogeneity, and distribution-specific responses that are not observable using conventional static panel ap
proaches. The results reveal a pronounced strengthening of AI's contribution to energy efficiency in the post-2022 
period, reflecting the maturation of AI-driven optimization, automation, and intelligent energy management 
systems. While green technological innovation initially exhibits a weak or negative effect, its impact becomes 
significantly positive as AI adoption deepens, indicating a strong complementary relationship between digital 
intelligence and green innovation. Importantly, the findings uncover substantial heterogeneity across develop
ment levels: advanced economies experience immediate and persistent efficiency gains from AI, whereas 
developing economies display delayed but accelerating benefits once technological and institutional thresholds 
are reached. The findings offer a forward-looking framework for future research, encouraging scholars to adopt 
time-varying methodologies, post-AI-boom datasets, and development-specific analyses when assessing the role 
of emerging digital technologies in energy transitions.

1. Introduction

Climate change is arguably one of the most pressing challenges of our 
time, necessitating transformative changes to global energy systems 
with unprecedented urgency. Across the globe, nations face growing 
challenges in decarbonizing their economies and implementing sus
tainable energy plans to achieve climate change and net-zero carbon 
targets [1,2]. Depletion of fossil fuels has led to environmental degra
dation and climate change, threatening sustainable global economic 

growth and exacerbating severe weather phenomena and natural di
sasters [3]. Reducing greenhouse gas (GHG) emissions and decreasing 
reliance on depletable fossil fuels are crucial for mitigating these impacts 
and achieving sustainable development [4,5]. Consequancly, tran
sitioning to RENE is widely recognized as a crucial step toward 
achieving sustainable growth worldwide [6]. However, the high cost of 
RENE compared to fossil fuels poses a challenge, highlighting the need 
for rapid technological advancements in AI and Green Technological 
Innovation (GTI) [7,8]. Progress in GTI can lower the cost of RENE 

* Corresponding author. National University of Science and Technology Politehnica Bucharest, Romania.
E-mail addresses: magdalena.radulescu@upb.ro (M. Radulescu), mkarimi@tarleton.edu (M.S. Karimi), sbrika@ub.edu.sa (S.K. Brika), kamel.simohammed@univ- 

lorraine.fr (K.S. Mohammed), luigi.popescu@upb.ro (L. Popescu). 

Contents lists available at ScienceDirect

Energy Strategy Reviews

journal homepage: www.elsevier.com/locate/esr

https://doi.org/10.1016/j.esr.2026.102076
Received 16 January 2025; Received in revised form 12 January 2026; Accepted 17 January 2026  

Energy Strategy Reviews 64 (2026) 102076 

Available online 3 February 2026 
2211-467X/© 2026 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

mailto:magdalena.radulescu@upb.ro
mailto:mkarimi@tarleton.edu
mailto:sbrika@ub.edu.sa
mailto:kamel.simohammed@univ-lorraine.fr
mailto:kamel.simohammed@univ-lorraine.fr
mailto:luigi.popescu@upb.ro
www.sciencedirect.com/science/journal/2211467X
https://www.elsevier.com/locate/esr
https://doi.org/10.1016/j.esr.2026.102076
https://doi.org/10.1016/j.esr.2026.102076
http://creativecommons.org/licenses/by/4.0/


deployment, promote its development, and help mitigate climate change 
and enhance macroeconomic sustainability. Therefore, developing 
green innovation in Renewable Energy (RE) technologies is essential for 
sustainable growth. The global energy sector has undergone a remark
able shift in recent years, driven by the convergence of two cutting-edge 
technologies: AI and green technological innovation, made possible by 
GPT. As the world grapples with the urgent need to transition to sus
tainable energy solutions, these innovations have significantly revolu
tionized how we produce and consume energy [9–11].

With its ability to analyze vast amounts of data and optimize com
plex systems, AI has found myriad applications in the energy sector. 
From enhancing the efficiency of RE sources such as solar and wind 
power to optimizing the operation of nuclear power plants, AI holds 
immense potential to drive innovation and efficiency in energy pro
duction. AI is utilized for various applications, including estimation, 
planning, optimization, control, distribution, and devising strategies for 
sustainable energy sources such as wind, solar, hydrogen, and hybrid 
systems. Additionally, AI can serve as a demonstration tool in RE. For 
example, AI algorithms can predict electricity demand, optimize energy 
storage systems, and improve the performance of RE installations [12,
13].

In the energy field, AI plays a vital role in predicting solar energy 
generation and accurately estimating the scale of photovoltaic systems, 
both of which are crucial to RE. AI can also help manage the fossil energy 
procurement process, plan power generation, and inform investment 
strategies to enhance energy security further [14]. It will also link en
ergy, demand, and RE supply to the grid through autonomous control by 
intelligent software, optimizing decision-making and operations. 
Recently, a new alternative, called hybrid nuclear-RE systems, has been 
proposed [15]. While nuclear scientists have extensively explored AI, 
most applications in the nuclear industry remain experimental and not 
yet ready for real-world implementation due to issues such as algo
rithmic robustness. AI is used to the safety, efficacy, and 
cost-effectiveness [16] of future energy policies. AI can play a crucial 
role in fostering innovation for nuclear energy [17,18].

GTI is crucial in addressing climate change and achieving energy 
policy objectives, including increased access to energy and reduced air 
pollution. Clean energy transformation is at the heart of stopping 
climate change, where electricity generation is steered toward low- 
carbon sources. Increasingly, RE is becoming a viable alternative to 
fossil fuels, as it can reduce CO2 emissions and combat climate change. 
The goal of net-zero emissions means international efforts in the energy 
sector must be innovative. The degree of GTI can influence how RE 
policies affect green innovation and should be given greater consider
ation. When green innovation is high, businesses are better equipped to 
pursue it, and policy incentives can further stimulate these efforts [19]. 
GPT can cover a wide range of innovations, from novel solar panel de
signs to advanced nuclear reactor technologies, all aimed at reducing 
carbon emissions and mitigating the impacts of climate change [20].

Based on the above discussion, we aim to examine the impact of AI 
and GTI on the efficiency of RENE across 34 countries, addressing the 
following research question: How do AI and Green Patent Technologies 
influence the efficiency and dynamics of RENE systems across countries? 
This question responds to the pressing global agenda for decarbon
ization and energy innovation.

This study makes a significant contribution to the existing literature 
in four key ways. This study contributes to the literature in several 
distinct and non-incremental ways. First, unlike prior cross-country 
studies that rely on static, pre-2020 data, this paper explicitly captures 
the post-2022 artificial intelligence acceleration period, characterized 
by the rapid diffusion of machine learning, robotics, and AI-driven 
optimization technologies across energy systems. By extending the 
analysis through 2024, we empirically identify a structural intensifica
tion of AI's impact on renewable and nuclear energy efficiency, which is 
not observable in datasets ending before the recent AI boom. Second, the 
study moves beyond aggregate cross-country averages by explicitly 

distinguishing between advanced and developing economies. The re
sults reveal that AI and green patent technologies operate through 
fundamentally different transmission mechanisms across development 
stages. In advanced economies, AI effects materialize through system 
optimization, grid intelligence, and nuclear operations, whereas in 
developing economies, AI adoption initially yields weak effects before 
turning positive once institutional and technological thresholds are 
reached. This heterogeneity is systematically overlooked in existing 
studies. The AI effect in advanced countries appears more significant 
than in developing countries. Also, the findings demonstrate that green 
patents alone do not guarantee energy efficiency gains; their effective
ness critically depends on the maturity of AI adoption. By uncovering 
this conditional and time-dependent complementarity between AI and 
green innovation, the study not only provides new empirical evidence 
but also offers a conceptual and empirical benchmark for future 
research. In particular, it encourages subsequent studies to move beyond 
static models, pre-AI-boom datasets, and homogeneous country as
sumptions when evaluating emerging digital technologies in energy and 
environmental economics.

Methodologically, this study makes a novel contribution by inno
vatively delving into 2025, employing the recently developed Time- 
Varying Interactive Fixed Effects (TV-IFE) model [21]. This approach 
advances conventional panel econometric techniques by simultaneously 
addressing cross-sectional dependence, structural breaks, and dynamic 
heterogeneity. Unlike earlier models with static coefficients, the TV-IFE 
framework allows both regression coefficients and factor loadings to 
evolve smoothly over time. This enables the accurate modeling of 
complex interactions among AI, green patent technologies, and energy 
efficiency in renewable and nuclear systems. The use of TV-IFE is 
particularly suitable for evaluating policy-relevant dynamics in rapidly 
transforming energy landscapes. Furhtemore, this study makes a direct 
contribution to several United Nations Sustainable Development Goals 
(SDGs). First, by analyzing how AI and GPT enhance RENE's efficiency, 
the study supports SDG 7: Affordable and Clean Energy, particularly 
targets 7.2 and 7.3 (doubling the global rate of improvement in energy 
efficiency). Second, the findings promote SDG 9: Industry, Innovation, 
and Infrastructure, by highlighting the role of innovation and smart 
technologies in optimizing energy systems. Third, the study aligns with 
SDG 13: Climate Action by demonstrating how technological advances 
can mitigate environmental impacts through cleaner, more efficient 
energy use. Finally, through its emphasis on cross-country dynamics and 
equitable technological diffusion, the study indirectly supports SDG 17: 
Partnerships for the Goals, especially regarding international coopera
tion on technology and innovation transfer. Moreover, the study pro
vides valuable policy implications, particularly for middle-income 
economies, based on the empirical results.

The remainder of the paper is structured as follows: Section 2 reviews 
the literature about the impact of AI and green patterns on renewable 
and nuclear energy. Section 3 discusses the data and econometrics 
methodology, while Section 4 presents the empirical findings. The final 
section addresses the conclusion and policy implications.

2. Literature review

The literature review in this study is divided into two parts. Firstly, 
we explore the literature concerning AI applications in renewable and 
nuclear energy. Secondly, we analyze previous studies that demonstrate 
the impact of GPT on the renewable and nuclear energy sectors.

2.1. Artificial intelligence and energy

AI plays a significant role in energy by using intelligent machines and 
software to solve specific problems. It can predict energy intake for solar 
buildings and estimate the scale of PV systems, aiding RE development. 
AI also aids in fossil energy procurement, power generation planning, 
and investment strategies, thereby enhancing energy security. AI 
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optimizes decision-making and operations by integrating energy supply, 
demand, and renewable sources into the grid, thereby improving energy 
utilization efficiency and sustainability. AI is poised to transform the 
energy industry, impacting both human and economic development. 
While numerous scholars have explored the application of AI in the 
energy sector, most of their work focuses on technical aspects, such as 
integrating AI into intelligent energy systems and addressing security 
and privacy concerns in energy cloud management systems. Bernard 
[22]conducted an early study on the applicability and use of AI in nu
clear power plant operations and process control. The research briefly 
highlighted unresolved issues in adopting AI techniques for process 
control and suggested that combining qualitative and quantitative 
reasoning could enhance automated control systems. The study 
emphasized that AI and analytical techniques should not be viewed as 
competing technologies; instead, they can complement each other, 
potentially leading to enhanced control systems. Later, in 1997, Reifman 
[23] surveyed the use of AI methods for identifying and detecting faults 
in nuclear reactor components. The study categorized AI systems 
intended for this purpose based on three criteria: the computing 
approach, the methodology, and the diagnostic system's scope. Suman 
[24] discusses the importance of innovation in the nuclear industry's 
survival, highlighting AI as a crucial component. The study explores 
recent advancements in AI, particularly in machine learning, and their 
potential applications in the nuclear power sector. It identifies the 
scarcity of operational data, particularly for critical scenarios such as 
transients and accidents, as a major challenge affecting the accuracy of 
AI systems in this context. Furthermore, the paper notes the lack of 
consensus among researchers on the best AI techniques for specific 
purposes, suggesting the need for collaborative efforts to develop stan
dardized datasets to improve accuracy and support effective technique 
selection. In a study by Inbamani et al. [25], the importance of sus
tainability in RE innovation is emphasized. To achieve a cleaner envi
ronment, there is a need to uplift innovations in existing mechanisms, 
ensuring a predictive framework for better outcomes. The study high
lights the importance of forecasting and implementing smart grids to 
balance renewable and conventional energy sources. AI and Machine 
learning (ML) algorithms are proposed as solutions for predicting elec
tricity demand and supply, leading to greater cost savings and opera
tional efficiency. The study concludes that AI and ML are crucial for the 
sustainability of energy grids, particularly in managing demand 
response and operational costs in smart grids. Kumar et al. [26] 
emphasize the global interest in AI's diverse applications for sustainable 
development, with initiatives such as the UN Global Compact urging 
companies worldwide to contribute to the SDGs. Their study highlights 
the pivotal role of AI in driving economic development, addressing 
long-term environmental challenges, and advancing social develop
ment. Despite challenges such as public apathy and short-term corporate 
interests, collaborative efforts across sectors are essential to protecting 
the climate and promoting sustainability. Adopting AI presents signifi
cant growth opportunities, particularly in achieving SDGs and trans
forming industries through intelligent interventions. In a related study, 
Loi et al. [27] examined the relationship between AI development and 
the dynamics of the green energy market. Using various AI development 
indices and green energy market indicators, they employed Bayesian 
vector heterogeneous autoregression models to analyze the inter
linkages over time. The study found significant differences in network 
interlinkage between these markets, especially during transient events 
such as the COVID-19 pandemic and the Russia-Ukraine conflict. They 
observed a shift in roles, with AI development indices transitioning from 
shock receivers to shock transmitters during these crises. Recent litera
ture emphasizes that the environmental effects of AI are inherently 
nonlinear and context-dependent. Empirical evidence indicates that AI 
may initially intensify energy demand and emissions due to scale and 
rebound effects, but as digital maturity deepens, efficiency gains, 
renewable integration, and intelligent resource allocation predominate, 
yielding environmental improvements consistent with an AI-driven 

Environmental Kuznets Curve (AI-EKC) framework [28]. This 
nonlinear transition is further conditioned by structural factors such as 
urbanization, industrial automation, and institutional capacity, which 
determine whether AI acts as an emissions-amplifying or an 
emissions-mitigating force [29,30]. Consequently, AI's environmental 
impact should be interpreted not as uniformly beneficial or harmful, but 
as contingent on the development stage, the pace of technological 
diffusion, and the quality of governance.

Also, in another study, Huang et al. [31] highlight the rapid growth 
of AI technology and its potential to enhance nuclear use in activities. 
Their study reviews modern AI algorithms and their applications in 
nuclear reactor design, optimization, and operation and maintenance 
(O&M). However, data issues and the black-box dilemma hinder the 
integration of AI and nuclear reactor technologies. The researchers 
propose future directions, including the better integration of domain 
knowledge with data-driven approaches and the use of explainable AI 
(XAI) technologies to enhance model transparency and reliability. In a 
study by Wang et al. [32], the authors examined the impact of AI on 
China's energy sector. They found that China has shifted its energy 
development strategy towards high-quality energy development (HED), 
transitioning from qualitative improvements to quantitative changes. AI 
plays a crucial role in this shift by facilitating clean energy transitions, 
enhancing energy security, and improving overall energy processes. 
Analyzing data from 30 provinces between 2007 and 2017, the study 
finds that AI has a positive impact on HED: a 1 % increase in AI devel
opment is associated with a 0.032 % increase in the HED index.

2.2. Green innovation and energy

Recently, there has been a notable focus in academic and policy 
circles on the intersection of GPT with renewable and nuclear energy. 
GPT represents technologies that target environmental sustainability 
and energy efficiency, serving as important drivers for innovation and 
the shift toward cleaner energy. The growing number of GPTs in 
renewable and nuclear energy reflects a heightened commitment to 
advancing sustainable solutions and addressing climate change. Some 
critical related studies are as follows: In their 2017 study, Noailly and 
Shestalova [33] investigated knowledge spillovers from RE technologies 
by analyzing patent citation data from 18 European patent offices be
tween 1978 and 2006. They found that the RE technologies of wind, 
storage, and solar get more citations than the rest. While wind in
novations do remain within their scope, most innovations in solar en
ergy and storage technologies spill over to applications outside the 
power generation sector. This paper attempted to explain how regula
tions and policies influence green patent generation, as Bia et al. [34] 
investigated regarding the evolution of RE technologies and green en
ergy. Consideration of the numerous factors involved ranges from green 
investment and spillover effects to their influence on these results. It will 
show wide differences in systems of green innovation and investments in 
RE markets [35]. Recent cross-country studies further emphasize that AI 
mainly supports sustainable development through innovation, infra
structure, and advanced industrial upgrading, with varying effects 
depending on development levels and urbanization stages [36]. In urban 
and industrial settings, automation technologies like industrial robots 
influence the link between economic activity and emissions by 
improving production efficiency and energy use, especially once adop
tion surpasses key thresholds [29]. These results highlight that AI-driven 
sustainability improvements depend on additional structural changes 
rather than being automatic results of digitalization.

Fernández et al. [37] investigated the role of technological innova
tion in addressing climate change and achieving energy policy objec
tives. Their research aimed to analyze innovation in energy technology 
across countries and sectors, and to investigate the factors influencing 
the diffusion of patented knowledge in energy technologies, including 
renewables and nuclear sources. Using patent citations as indicators, 
they found that patents citing more prior scientific literature and those 
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with more citations to prior patents experienced greater diffusion. Joint 
patents with firms or universities had minimal impact on renewables. 
However, they negatively affected the diffusion of other energy tech
nologies, suggesting policy implications for enhancing the incorporation 
of scientific knowledge and co-inventorship in energy innovation.

In their most recent study, Yang et al. [38] conducted a patent 
analysis to forecast future trends in green hydrogen technology, 
addressing the lack of detailed studies on green hydrogen production 
technology. They surveyed global green hydrogen projects and classified 
hydrogen-related technologies by network category and RE source. Over 
a thousand patents from the past two decades were collected and 
analyzed, focusing on water electrolysis and system operation technol
ogies. The analysis revealed a greater emphasis on system integration 
and control strategies over the production of green hydrogen. They also 
predicted near-term trends for commercial water electrolysis types, 
noting the varying stages of maturity among different approaches. 
Additionally, they identified the most impactful patents in various 
technology areas, providing insights into future green hydrogen tech
nology development. In contrast to existing studies that rely primarily 
on static panel or mean-based estimators, this study adopts a dynamic 
and distribution-sensitive econometric framework. By doing so, it ex
tends the literature beyond average effects and provides new evidence 
on the time-varying and heterogeneous roles of AI and green innovation 
in shaping the efficiency of renewable and nuclear energy. Beyond en
ergy and emissions, recent sustainability research demonstrates that 
development-environment trade-offs persist even at advanced stages, 
with evidence of N-shaped and threshold-dependent Environmental 
Kuznets Curve dynamics across countries. Moreover, human develop
ment gains may continue to exert ecological pressure unless accompa
nied by technological upgrading and international integration, 
reinforcing the need for multidimensional sustainability assessments 
[39,40]. This broader perspective motivates the present study's focus on 
nonlinear effects and heterogeneous impacts when evaluating AI's role 
in environmental sustainability.

3. Data and methodes

3.1. Data

This study examines the effect of AI and GPT on Renewable and 
Nuclear Energy Efficiency (RENE), considering the influence of GDP, 
Foreign Direct Investment (FDI), Population (POP), research and 
development (R&D), and energy prices (Oil). The selection of variables 
in this study is grounded in the theoretical and empirical literature that 
links technological innovation to energy outcomes. In this study, AI is 
conceptualized and explicitly measured within the context of its appli
cation to energy efficiency and system optimization. While AI encom
passes a diverse set of technologies, including self-driving vehicles, 
virtual assistants, and healthcare platforms, our focus is limited to AI 
tools relevant to energy system modeling, smart grid operations, pre
dictive maintenance, and energy consumption forecasting. This nar
rowed scope ensures alignment between the theoretical construct and 
the empirical proxy used in the analysis. The data sources used, such as 
energy-related AI patent counts and sector-specific AI deployment 
indices, reflect this targeted definition and exclude broader, unrelated 
AI applications to maintain conceptual validity AI and green patents 
serve as proxies for technological advancement and environmental 
innovation, both of which are increasingly acknowledged as critical for 
enhancing energy efficiency and facilitating clean energy transitions 
[41,42]. Green technological innovation is proxied by green patent data 
obtained from the OECD database. Patents were identified using inter
nationally recognized environmental technology classifications, 
including the OECD ENV-TECH taxonomy and relevant Cooperative 
Patent Classification (CPC) codes associated with renewable energy, 
energy efficiency, emissions reduction, and nuclear-related clean tech
nologies. The complete list of CPC codes and keyword filters used to 

construct the green patent indicator is available upon request. It follows 
the OECD ENV-TECH classification to ensure replicability and interna
tional comparability (see Fig. 1).

GDP and FDI are included to capture the economic context and 
capital inflows that often support large-scale energy infrastructure, 
including nuclear and renewable projects. R&D expenditures reflect a 
country's innovation capacity, which can directly influence the 
deployment of technological innovations in energy systems. Population 
and energy prices are standard controls in energy economics, accounting 
for scale effects and market incentives, respectively. To address concerns 
about the rapid evolution of artificial intelligence technologies, this 
study explicitly incorporates post-2022 observations, reflecting the 
recent global AI acceleration period marked by the widespread 
deployment of machine learning, robotics, and large-scale data-driven 
optimization. The time-varying framework allows us to detect structural 
shifts in AI–energy efficiency relationships. As shown in Figs. 2–4, the 
magnitude and direction of AI effects change markedly after 2022, 
particularly in advanced economies, confirming that earlier datasets are 
insufficient for capturing contemporary AI-energy dynamics. The base 
model for this study can be written as follows (eq. (1)): 

RENEit = β0 + β1GDPit + β2GPTit + β3AIit + β4FDIit + β5POPit + β6RDit

+ β7OILit + εit

(1) 

Where:
β0 is the intercept term, representing the baseline level of renewable 

and nuclear energy efficiency when all independent variables are zero. β 
1 to β7 are the slope coefficients corresponding to the independent var
iables AI, GPT, GDP, FDI, POP, OIL, and RD, respectively. Each coeffi
cient captures the marginal effect of the associated variable on the 
dependent variable RENE. εit represents s the error term accounting for 
unobserved factors and random disturbances affecting energy efficiency 
that are not captured by the explanatory variables. To account for po
tential non-stationarity and scale disparities, selected variables were 
transformed using natural logarithms. Specifically, the variables GDP, 
GPT, and POP. This transformation allows for elastic interpretation of 
coefficients and helps stabilize variance.

Based on the streaming literature REF, we can hypothesize the signs 
of the respective coefficients of the parameters mentioned in Eq. (1), 
which are the signs of the β2, β3, β4 and β6 > 0 and β1 , β5 , β7 < 0.. 
Table 1 provides a brief account of the variables of interest, including 
abbreviations and summary statistics. Fig. 2 presents trend data for 34 
economies from 2000 to 2019.

3.2. Methodology

3.2.1. The TV-IFE technique
One major drawback of these techniques is their assumption of 

normality in the dependency distribution, which limits the generaliz
ability of their outcomes. Accordingly, the estimated coefficients from 
the OLS technique are not well-suited for investigating the nexus be
tween variables at specific points in the joint distribution [43]. There
fore, the specification introduced by Ref. [44], the TV-IFE model 
recently proposed by Ref. [21], represents a significant advancement in 
panel econometrics. The TV-IFE framework addresses CSD, structural 
breaks, and dynamic heterogeneity, making it particularly well-suited 
for modeling global markets and interlinked systems such as those 
found in energy and environmental economics [45]. Unlike conven
tional panel models that assume fixed coefficients and constant factor 
loadings over time, the TV-IFE model incorporates time-varying co
efficients. This enables flexible modeling of unobserved common shocks 
and their heterogeneous impacts across CSDs, thereby enhancing esti
mation accuracy in the presence of temporal and structural instability. 
The TV-IFE model permits both the regression coefficients and factor 
loadings to evolve smoothly over time, capturing dynamic adjustment 
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processes across countries, sectors, and firms The model can be esti
mated using a local least squares (LLS) approach, combined with prin
cipal component analysis (PCA), to capture temporal variation in 
coefficients and factor structures efficiently. This approach also supports 
the identification of nonlinear dynamics, making it highly relevant for 
research in climate finance, energy transition, and environmental risk 
modeling, where structural and policy-related changes are gradual and 
continuous.

3.2.2. Panel quantile estimation
In empirical studies, PSQR may be used as a complementary or 

robustness tool to strengthen conclusions obtained through TV-IFE. 
Although TV-IFE is effective in capturing hidden time-varying unob
served heterogeneity via a flexible factor structure, it primarily em
phasizes estimating conditional mean relationships. In many 
applications, and particularly those involving financial risk, inequality, 
and heterogeneous policy responses, mean effects do not fully capture 

the distributional dynamics of the dependent variable. In this sense, 
PSQR offers a valuable complement by estimating conditional quantiles 
and revealing how covariate effects change throughout the outcome 
distribution [46,47]. Although standard quantile regression successfully 
estimates conditional quantiles of a dependent variable, it has limita
tions in estimating standard errors and confidence bands when applied 
to heteroskedastic, non-normal, or small-sample models. To alleviate 
these drawbacks, BQR extends the bootstrap, a nonparametric resam
pling technique, by repeatedly sampling with replacement from the 
original data and refitting the QR regression model on these bootstrap 
samples. Quantile estimation methods have been widely applied in the 
literature, driven by recent developments and increasing interest in their 
use in panel data models [33–36]. To control for unobserved hetero
geneity at the unit level, standard panel-data specifications often include 
fixed effects. This method has been generalised to quantile panel re
gressions by adding fixed effects. However, existing studies have docu
mented several concerns with estimating fixed effects under the quantile 

Fig. 1. Data trend.
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regression framework, especially when the time dimension (T) is small, 
such as in the following relationship for Qy(τ|X) under a location-scale 
model. To address these shortcomings, Machado and Silva [48] develop 
a new panel-data quantile regression procedure (QRPD). Their key 
innovation is the possibility of including additive individual effects (αᵢ), 
which enables them to derive the conditional distribution of the 
dependent variable given individual characteristics, αᵢ |Dit. The 
location-scale variant model is written in equation (2): 

Yit = ai +Xʹ
itb +

(
ϑi +Zʹ

itd
)
Uit (2) 

Where P(ci + Zit′γ > 0) = 1 represents a probabilistic constraint ensuring 
that the conditional quantile function is properly defined within the 
estimation framework. Specifically, it implies that the influence of un
observed heterogeneity ci and observable covariates (Zit′γ) on the 
quantile-specific outcome is positive with probability 1. This condition 
is commonly used in quantile regression models with individual effects 

Fig. 2. TV-IFE Regression Results for total countires

Fig. 3. TV-IFE regression results for advenced countires.
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to ensure model identifiability and to restrict the estimation to the 
relevant support of the conditional distribution [49]. In this context, it 
guarantees that the estimated quantile process captures heterogeneity 

across units without violating the monotonicity property of quantile 
functions.

Z defines a k-vector of operators in X, this signifies conversions 

Fig. 4. TV-IFE regression results for developing countries.

Fig. 5. BSQR results.
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differentiable by factor l, given in equation (3): 

Zi =Zi (X), i = 1,…, k (3) 

Xit and Uit are i.i.d and also do not vary over time (t). Uit is 
orthogonal to Xit to follow the switching circumstance. In this regard, 
after some changes in equation (2), we obtain equation (4): 

Qy(τ|Xit)= (ai + ciq(τ))+Xʹ
itb + Zʹ

itdq(τ) (4) 

In equation-4, Qy(τ|Xit) represents the distribution quantile distribution 
Yit depending on the position of the independent factors observed in Xit.

For this purpose, we employ the Granger causality [50]. This 
methodology has several advantages, particularly in considering het
erogeneous slopes in null and alternative hypotheses. This method may 
be susceptible to substantial size distortions.

4. Results

4.1. Preliminary tests

Before investigating the model estimation results, it is essential to 
perform a statistical analysis of the variables in Table 2. It is also worth 
mentioning that the RENE, which represents the consumption/effi
ciency associated with renewable and nuclear energies, averages 
approximately 29 with a significant standard deviation of 24, indicating 
different policies for these energy sources The AI variable indicates that 
the incorporation of AI is in its infancy and highly variable, with a highly 
right-skewed distribution, resulting in a highly asymmetrically shaped 
distribution. The incidence data show differences in economic and 
productive measures, with mean GPT at 10.83 and GDP at 30.49. The 
skewness and kurtosis of the variables indicate a non-symmetric distri
bution, with heavy tails and outliers, particularly for AI, which has a 
high kurtosis value. Therefore, the Jarque-Bera Test results are confitm 
the non notmal disctrubtion data.

The correlation coefficients presented in Table 3 indicate statistically 
significant associations between the explanatory variable RENE and its 
determinants. The correlation between RENE, indicating a negligible 
linear relationship. Its negligible correlation with GPT indicates that 
RENE will not be significantly affected by technological and produc
tivity developments. The correlation between RENE and GDP is positive 
and moderate, with a value. The relationship with FDI is characterized 
by a weak negative correlation. The correlation between AI and RENE 
suggests no meaningful linear association between the two variables. A 
moderate positive correlation with RD is notable, indicating that RENE's 
connection to innovation is significant, as sustainable energy investment 
often accompanies greater R&D activity. The weak negative correlation 
with POP suggests that high population levels do not have an adverse 
effect at higher RENE levels (see Table 4).

The VIF is a diagnostic tool employed to identify multicollinearity 
among the independent variables in regression analysis. Multi
collinearity occurs when there are substantial correlations between two 
or more predictor variables, potentially leading to imprecise and un
stable estimates of the regression coefficients. The Variance Inflation 
Factor (VIF) values for all explanatory variables are below 5, which falls 
within the commonly accepted threshold, indicating no serious concerns 
about multicollinearity [51]. While some studies use higher cutoffs of 8 
or 10, we adopt the more conservative threshold of 5 to ensure robust
ness in the estimation [52,53].

4.2. CSD results

The findings from the CD test are presented in Table 5, incorporating 
three distinct tests for robust analysis [54–56]. The outcomes of these 
assessments corroborate the hypothesis of CSD presence across the 
dataset. Notably, the evidence suggests common shocks across the na
tions under study, indicating that latent factors or concurrent shocks 
systematically influence the variables across regions.

4.3. Homogeneity test

Table 6 presents the outcomes of the slope-heterogeneity (SH) tests. 
These results confirm that the effects of AI and GPT on the efficiency of 
renewable and nuclear energy vary significantly across countries. In this 
context, heterogeneity refers to differences in how countries respond to 
technological and innovation-related drivers of energy efficiency. These 
differences may stem from variations in national policy frameworks, 
levels of AI and green technology adoption, energy infrastructure 
maturity, and institutional capacities. Recognizing this heterogeneity is 
crucial for ensuring that econometric models capture the diverse dy
namics at play across the sample of countries (see Table 7).

4.4. TV-IFE finding

The figure illustrates how the coefficient estimates for selected 
explanatory variables affecting nuclear and renewable energy efficiency 
change over time. The TV-IFE model can account for heterogeneity in 
effects across countries as well as structural changes. This value becomes 

Table 1 
Variables description.

Data Abbreviation Transofrmation Source

Renewable and 
nuclear energy

RENE RE + NE consumption as 
% of total energy

EIA, (2024)

AI AI Rebot use/1000 International 
Federation of 
Robotics

Green patents GPT % of total patents OECD (2024)
Economic growth GDP Log-transformation 

US $ GDP per capita/10 
(LnGDP)

WDI (2024)

Population POP Log-transformation 
Population (LnGPT)

WDI (2024)

FDI FDI Net flow as % of GDP WDI (2024)
Research and 

development
RD RD as % of GDP OECD (2024)

Energy prices OIL Oil brint prices US $ EIA, (2024)

Footnote: “Ln” denotes natural logarithm transformation.
Source: authors' elaboration

Table 2 
Statistical characteristics.

RENE AI GPT GDP FDI RD OIL POP

Mean 29,12 0,61 10,83 30,49 5,00 17,32 63,23 17,35
Median 22,41 0,01 10,49 29,60 2,48 14,94 59,81 17,45
Maximum 115,24 160,04 36,73 103,55 246,73 328,17 111,63 21,10
Minimum 0,01 0,00 1,30 0,44 − 40,09 0,42 24,46 15,00
Std.D 23,83 6,72 4,11 21,43 12,74 16,00 25,60 1,50
Skewness 1,20 19,33 1,32 0,56 9,78 11,06 0,44 0,63
Kurtosis 4,00 417,96 6,87 2,80 162,57 193,70 2,41 2,87
Jarque-Bera 238,72 6151402,00 778,95 46,03 915340,60 1305237 39,51 55,99
Probability 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00
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positive across all lag years. This transformation illustrates the pro
gressive impact of AI technologies on energy efficiency over the years, 
likely driven by advances in AI integration, greater data accessibility, 
and the automation of energy systems. Likewise, GPT is initially nega
tive but becomes positive at the end of the sample, indicating the lagged, 
increasing contribution of green patent innovations to energy efficiency. 
In the context of AI's role in energy, our study aligns with the findings of 
[18,32,59], showcasing AI's potential to revolutionize energy supply, 
trade, and consumption. However, our analysis extends beyond tech
nical aspects to examine the specific impact of AI on the efficiency of 
renewable and nuclear energy, providing policymakers and stakeholders 
with valuable insights. Furthermore, our study contributes to the 
discourse on AI in the nuclear industry, building upon the early work of 
[22,60] by exploring recent advancements in AI and machine learning 
and their potential applications in the nuclear power sector. While 
studies [33] focus on the effectiveness of RE policies and knowledge 
spillovers in green innovation, our study examines the specific impact of 
AI and GPT on the efficiency of RENE. Similarly, our study builds upon 
[61] by exploring the impact of regulations and policies on green patent 
generation, highlighting significant variation in innovation systems 
across countries. Additionally, our analysis complements [37] by 
delving into global competition and the diffusion of RE technologies, 
emphasizing the roles of innovation and policy in addressing climate 
change. The findings align with recent evidence that AI's environmental 
role follows a nonlinear trajectory rather than a monotonic pattern. 
Consistent with the AI-EKC literature, AI initially raises energy demand 
but subsequently contributes to emissions mitigation through efficiency 
improvements and renewable integration as technological adoption 
matures. Our results also complement studies showing that automation 
and intelligent technologies mitigate urban and industrial emissions 
only beyond critical adoption thresholds. Importantly, this study ex
tends prior work by demonstrating that AI's environmental benefits are 
conditional on structural readiness, reinforcing the argument that 

digitalization alone is insufficient without complementary institutional 
and financial support [39,40]. The coefficient of the GDP starts at a 
moderate positive value, then gradually increases to maximum values 
around periods 7 and 12, respectively, and then steadily decreases until 
the end of the sample. This may suggest that at earlier times, higher GDP 
was associated with greater improvements in RENE efficiency, possibly 
due to greater investment capacity and infrastructure, as well as greater 
support for innovative ideas in wealthier countries. However, the 
downward trend in recent years could also indicate declining marginal 
returns or a shift in the structure of GDP toward energy-efficiency ob
jectives. It could also mean that, once a certain level of development is 
reached, countries become more reliant on existing energy systems or 
face institutional constraints that hinder further improvements in en
ergy efficiency. The finding aligns with the previous studies [62]. The 
FDI impact is consistently adverse throughout the entire period, with its 
most substantial negative influence occurring around period 12. This 
tendency may suggest that foreign direct investment in the analyzed 
years was primarily directed towards traditional energy sources rather 
than renewables or nuclear power development. There is a moderate 
tendency for the AI coefficient to become increasingly positive over 
time, with the effect being more substantial at the end of the sample. 
This leads to the conclusion that AI applications have been improving 
energy efficiency, likely because AI technology has become more mature 
and integrated into energy management systems. The finding contra
dicts a prior study [63], which found that FDI contributes to RENE 
consumption in emerging countries. The trend in the R&D coefficient is 
on a continuous, statistically significant rise, reflecting a strong, 
consistently positive impact of research and development on energy 
efficiency gains. Finally, POP has a negative and diminishing impact, 

Table 3 
Statistical characteristics.

AI FDI GDP GPT OIL POP RD RENE

AI 1 ​ ​ ​ ​ ​ ​ ​
FDI − 0,030 1 ​ ​ ​ ​ ​ ​
GDP 0,213 0,072 1 ​ ​ ​ ​ ​
GPT 0,334 − 0,094 0,254 1 ​ ​ ​ ​
OIL − 0,022 − 0,011 − 0,032 − 0,011 1 ​ ​ ​
POP 0,015 − 0,098 − 0,484 − 0,146 0,183 1 ​ ​
RD 0,003 0,008 0,475 0,078 0,045 − 0,135 1 ​
RENE 0,015 − 0,065 0,384 0,098 − 0,028 − 0,228 0,298 1

Table 4 
Multicollinearity results.

Variable VIF 1/VIF

GDP 2.48 0.402
RD 1.92 0.521
POP 1.61 0.621
OIL 1.36 0.735
GPT 1.29 0.775
AI 1.22 0.820
FDI 1.09 0.917
Mean ​ 1.57

Table 5 
CSD results.

Test Test statistics p-value

Breusch-Pagan Lagrange Multiplier 2249.317 0.00
Pesaran Scaled LM 49.912 0.00
Pesaran CD test 15.847 0.00

Note: 0.000 indicates statistical significance at the 1 % level.

Table 6 
Slope homogeneity.

Statistics p-value

Pesaran and Yamagata (2008) [57] 11.984 0.000
Δ adj 15.972 0.000
Blomquist and Westerlund (2013) [58] 27.846 0.000
Δ adj 37.914 0.000

Table 7 
Dumitrescu-Hurlin Causality Test results.

H0 W-Stat. p-value Decision (H0) Type

OIL ⇏ RENE 10.243 0.000 Yes Uni-directional
RENE ⇏ NRP 0.742 0.476 No
GPT ⇏ RENE 6.621 0.001 Yes Uni-directional
RENE ⇏ GPT 0.186 0.831 No
GDP ⇏ RENE 8.054 0.000 Yes Uni-directional
RENE ⇏GDP 0.547 0.579 NO
FDI ⇏ RENE 0.219 0.805 NO No causality
RENE ⇏FDI 2.203 0.112 NO
RENE ⇏AI 0.053 0.949 NO Uni-directional
AI ⇏ RENE 1.982 0.048 Yes
RD ⇏ RENE 7.048 0.001 Yes Uni-directional
RENE ⇏ RD 0.648 0.523 NO
POP ⇏ RENE 10.887 0.000 Yes Uni-directional
RENE ⇏ POP 0.165 0.849 NO
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indicating that population growth will induce energy efficiency gains in 
the short term via scale economies and demand-driven technology 
adoption; however, over the long term, its effect becomes weaker. The 
effect of oil prices is strongly negative for both samples of firms, but it 
reverses and becomes negative mid-period; however, it relaxes in period 
5. This trend suggests that high oil prices will not only initially hinder 
RENE efficiency by providing an incentive to continue reliance on fossil 
fuels, but that this will change as long-term price fluctuations and policy 
interventions alter the equation.

Figs. 2–4 provide clear evidence that the impact of artificial intelli
gence and green technological innovation on the efficiency of renewable 
and nuclear energy is neither time-invariant nor development-neutral. 
In particular, the post-2022 period marks a structural break in AI co
efficients, with sharply rising effects in advanced economies and delayed 
but strengthening effects in developing countries. This divergence 
highlights that AI-driven energy efficiency gains depend not only on 
technological availability but also on institutional readiness, infra
structure maturity, and complementary innovation ecosystems. Static 
panel estimators cannot capture these patterns and represent a central 
empirical contribution of this study. While recent studies [64–66] have 
examined the relationship between artificial intelligence, innovation, 
and energy outcomes using static or mean-based estimators, the present 
analysis departs fundamentally from this literature by focusing on 
time-varying, post-AI-boom dynamics and development-specific het
erogeneity. In contrast to prior work that relies on pre-2020 data or 
homogeneous slope assumptions, our results reveal that AI's contribu
tion to energy efficiency intensifies only after recent technological 
breakthroughs and differs substantially between advanced and devel
oping economies. This explains why earlier studies report weaker or 
ambiguous effects and underscores the importance of adopting dynamic 
econometric frameworks when evaluating rapidly evolving technologies 
such as AI.

4.5. Robustness test

We performed BSQR to validate and assess the robustness of our 
main findings in Fig. 4, which confirm the results and show that het
erogeneity remains consistent across quantiles. In particular, for RENE, 
we find a robust, significant positive effect of AI that becomes stronger at 
higher quantiles. GPT has a similar shape, with a more pronounced ef
fect at the top quantiles; this probably results from the fact that pat
enting green activities is more meaningful for top-performing countries. 
In contrast, GDP shows a slight negative impact in the lower quantiles 
but reverses at the upper quantiles, suggesting nonlinearity between 
economic development and energy efficiency. The negative association 
between GDP and RENE efficiency at higher quantiles is indeed coun
terintuitive, as higher-income countries are generally expected to invest 
more in advanced energy systems and sustainability technologies. One 
possible explanation is that some high-GDP countries continue to rely 
heavily on legacy energy infrastructure, such as aging nuclear reactors 
or centralized grid systems, which may not meet current efficiency 
standards. Additionally, higher energy consumption levels in wealthier 
economies, driven by industrial activity, urban density, and consumer 
demand, could offset the gains from efficiency improvements. This 
finding may also indicate that beyond a certain income threshold, the 
marginal gains in energy efficiency from GDP diminish or even reverse, 
particularly when efficiency targets have already been met or plateaued. 
Further heterogeneity in energy policy ambition and enforcement could 
also account for this unexpected pattern.

Similarly, in middle-income economies, the analysis of R&D's impact 
on RE efficiency reveals a distinct pattern, particularly evident across 
specific quantiles. The consistent adverse effect of FDI on RENE effi
ciency across all quantiles, particularly in middle-income countries, 
raises critical questions about the structure and orientation of foreign 
investment. This pattern suggests that FDI may be disproportionately 
directed toward traditional energy sectors, such as fossil fuels or 

outdated infrastructure, rather than supporting innovation in clean or 
efficient energy systems. One possible explanation is that the regulatory 
frameworks in many middle-income economies may not offer sufficient 
incentives or protections to attract FDI into RENE, inadvertently rein
forcing reliance on conventional energy sources. Alternatively, RE 
markets in these countries may still be underdeveloped or perceived as 
high-risk, limiting FDI inflows to the sector. These findings highlight the 
need for targeted policy reforms to redirect foreign capital toward sus
tainable energy development. Oil has a substantial adverse effect, 
especially at the lower and median quantiles, corroborating the notion 
that fossil energy consumption has a negative impact. POP exhibits a U- 
shaped effect, being negative at lower and median quantiles, as it un
dermines energy efficiency. Conversely, it becomes significantly positive 
in high quantiles, possibly due to higher-quality urban energy infra
structure in more developed settings. These results validate the robust
ness of the main findings and the generalizability of conclusions, as they 
remain consistent across different estimation techniques. (See Fig. 5)

4.6. Causality association

Table 8 shows the null hypothesis of no causality from explanatory 
variables to RENE except for the causality with FDI, indicating unidi
rectional causality from Oil, GPT, AI, POP, and RD to RENE, and no 
causality with FDI.

5. Conclusions and policy implications

This study examined the effect of AI and GPT on RENE in developed 
and developing countries, utilizing the TV-IFE and BSQR techniques. AI 
has consistently shown uniformly positive results, especially in recent 
years and at upper quantiles, indicating a growing impact on energy 
optimization and the development of integrated systems. There is a non- 
linear behavior in the GPT, initially ranging from negative, but turning 
strongly positive in more recent periods and upper quantiles, signaling a 
better connection with sustainable energy objectives. GDP has a non- 
monotonic effect: its impact is initially positive but becomes negative 
later. FDI is inversely correlated with RENE efficiency, suggesting that 
energy investments could be better targeted to conventional forms of 
energy. The oil price has a significant adverse impact, indicating that the 
continued use of fossil fuels still dominates inefficient power systems. 
On the other hand, RD investment has a positive impact, emphasizing 
the persistent nature of RD in technology development. The effects of 
POP and urbanization vary across different periods and exhibit a U- 
shaped relationship with energy efficiency.

5.1. Policy implications

The findings offer several important implications for policymakers, 

Table 8 
List of abbreviations.

Abbreviation Definition

AI Artificial Intelligence
BSQR Bootstrap Quantile Regression
CSD Cross-Sectional Dependence
FDI Foreign Direct Investment
GDP Gross Domestic Product
GPT Green Patent Technologies
GTI Green Technological Innovation
OIL Oil Price
POP Population
R&D (RD) Research and Development
RE Renewable Energy
NE Nuclear Energy
RENE Renewable and Nuclear Energy Efficiency
SH Slope Heterogeneity
TV-IFE Time-Varying Interactive Fixed Effects
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regulators, and energy stakeholders seeking to accelerate the clean en
ergy transition through innovation and strategic investment. Key to 
policymakers, regulators, and energy practitioners, these results reveal 
important roles for AI and GPT in achieving the efficiency of RENE 
systems under differing national contexts. High-income countries such 
as the US, Japan, Germany, and France were innovation ecosystems that 
are advenced, work to institutionalize AI applications throughout the 
entire energy infrastructure, especially in grid management and nuclear 
operations and energy storage systems but also on an accelerated 
pathway to commercialized GPT using various mechanisms such as tax 
credits, fast track patenting for green technologies and green tech in
cubators. More concretely, public policy in middle-income economies, 
such as China, India, Brazil, and Turkey, should focus on building the 
institutional and technical capacity needed to deploy AI at scale in en
ergy systems. This involves deploying AI pilot programs in utilities, 
reorienting patent frameworks to align with clean energy objectives, and 
establishing innovation funds that can accelerate GPT development. In 
high-income and emerging countries, technology deployment should be 
a priority. This can be achieved by incentivizing investment in AI for 
energy projects, including through subsidies, by designing markets to 
internalize externalities, or by otherwise rewarding enhanced carbon 
efficiency, as well as reducing distortions that currently hinder power 
sector investments. Such projects can also help democratize access to 
green technology, which is something else you could reasonably assume. 
Nevertheless, we need a comprehensive national approach that utilizes 
AI and GPT to enhance the efficiency of energy transition policies across 
all income levels. Those strategies should encompass regulations that 
support the ethical deployment of AI, evaluation mechanisms for long- 
term performance tracking, and innovative funding instruments to 
catalyze the translation of research into innovation. For developed 
countries, the findings suggest that policy priorities should shift from 
expanding basic renewable capacity toward deepening AI integration 
across existing energy systems, including smart grids, predictive main
tenance in nuclear facilities, and AI-enabled demand–supply optimiza
tion. Since these economies already have mature innovation ecosystems, 
the marginal gains from green patents materialize primarily as AI 
adoption scales and is institutionalized. Accordingly, policies should 
focus on accelerating the commercialization of green patents, 
strengthening data infrastructure, and embedding AI governance 
frameworks that support safe and efficient deployment in both renew
able and nuclear energy systems. In developing countries, the results 
imply that AI-driven energy-efficiency gains are conditional on meeting 
minimum technological and institutional thresholds. Early-stage AI 
adoption alone does not immediately translate into efficiency im
provements, highlighting the importance of capacity building, regula
tory readiness, and complementary investments in human capital and 
digital infrastructure. For these economies, policy efforts should prior
itize targeted AI pilot programs in the energy sector, technology transfer 
mechanisms, and incentives that align foreign investment and green 
patent activity with clean energy objectives. Such strategies can help 
accelerate the transition from delayed to sustained efficiency gains and 
reduce the technological gap between developing and developed 
countries.

5.2. Limitations study

The manuscript outlines various limitations that could be a funda
mental framework for future research. The sample is limited in number 
of countries based on data availability, which may affect the general
izability of the results. This study acknowledges the potential impact of 
certain institutional, macroeconomic, and financial variables that have 
been overlooked in previous analyses.
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