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Abstract

This study analyses the dynamics of the energy transition within the SPRING-F group
(Spain, Poland, Romania, Italy, the Netherlands, Germany, France) through a hybrid ap-
proach that combines econometric panel ARDL models with machine learning algorithms.
The analysis is based on energy, economic, and technological indicators, including renew-
able energy consumption, energy intensity, CO2 emissions, GDP per capita, urbanization,
trade openness, and R&D expenditure. The results of the exploratory analysis highlight the
existence of clear structural differences between Western European and emerging Central
and Eastern European economies. Based on the estimates made with the ARDL panel
model, the long-term equilibrium relationships were confirmed. They indicated positive
and significant effects of urbanization and economic growth on renewable energy consump-
tion, as well as a negative impact of CO2 emissions. Regarding the short-term effects, the
error correction coefficient suggests a moderate convergence towards equilibrium. Machine
learning models highlight the superiority of nonlinear approaches, and SHAP analysis
confirms the dominant role of CO2 emissions and the heterogeneity of national energy
transition trajectories.

Keywords: energy transition; renewable energy consumption; panel ARDL; machine
learning; nonlinear models; EU’s core-periphery model

1. Introduction
Perhaps one of the most complex and urgent structural transformations of contempo-

rary economies is the energy transition. This is very important for achieving sustainable
development goals [1,2], for reducing greenhouse gas emissions [3,4], and also for ensuring
long-term energy security [5–7]. An analysis at the European level can be a laborious and
complex process because it is very influenced by structural differences between economies,
first of all. On the other hand, the different levels of development of European economies,
the significant differences in innovation capacity, and the degree of integration in energy
and trade chains make this process require an approach that simultaneously captures
several dimensions, such as economic, technological, and environmental, but also captures
their dynamics over time.

In recent years, it has been observed that the specialized literature highlights the
nonlinearity of the relationships formed between renewable energy consumption, eco-
nomic growth, CO2 emissions, energy efficiency, and R&D investments [8–11]. Also, these
relationships are heterogeneous and dependent on the specific context of each country [12].
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Most of the time, these dynamics of these relationships have been analyzed through tradi-
tional econometric approaches and models. It is true that these approaches provide a solid
framework for identifying long-term equilibrium relationships and short-term adjustment
mechanisms. However, they also have important limitations that refer to the fact that
they cannot capture the dynamic and complex interactions, but also the structural changes
specific to these energy transition processes.

Given these limitations, the integration of Machine Learning (ML) methods in eco-
nomic analysis offers the opportunity to improve the explanatory and predictive capacity
of the models used. This study aims to analyze the energy transition in a selected group
of European economies, referred to as SPRING-F, which includes both advanced Western
European countries and emerging economies from Central and Eastern Europe (CEE).
The countries considered are Spain, Poland, Romania, Italy, the Netherlands, Germany,
and France. The SPRING-F group represents an ad hoc country grouping, constructed
specifically for the analytical purposes of this study. It is not intended to define a formal eco-
nomic or institutional bloc, but rather to capture structural heterogeneity and differentiated
transition trajectories within the European energy transition process. This selection enables
the investigation of convergence and divergence dynamics, as well as the role of economic,
energy, and technological factors in shaping renewable energy adoption across economies
with different levels of development, market integration, and institutional capacity. As
such, the SPRING-F group provides a coherent and relevant comparative framework for
examining both common long-term mechanisms and country-specific transition pathways.

From a methodological flow perspective, this study proposes a hybrid approach that
uses the panel ARDL (Autoregressive Distributed Lag) model together with the ML algo-
rithms Random Forest, XGBoost, and Elastic Net. The panel ARDL model has the role of
identifying long- and short-term relationships between renewable energy consumption
and its main determinants. Complementarily, ML models are used to evaluate predic-
tive performance and also to capture nonlinear relationships and complex interactions
between variables. In addition, the interpretability of ML models is achieved by analyzing
SHAP values.

The main contribution of this study is that it coherently integrates econometric analysis
with Artificial Intelligence (AI) techniques to analyze the energy transition in a comparable
panel framework. The results obtained can support the formulation of differentiated
public policies, adapted to the structural specificities of each economy in the SPRING-F
group. In this research, the concept of “AI-driven” is not used to exclusively designate
the predictive performance of ML models, but is used to describe an analytical framework
augmented by AI. In other words, the novelty of the article does not consist in the isolated
application of the ARDL panel model, ML algorithms, and interpretability methods, but in
their integration into a coherent analytical framework, with complementary roles, oriented
towards different research questions. Starting from this framework, this study aims to
answer the following research questions (RQs):

RQ1: What are the long-term equilibrium relationships and short-term adjustment mecha-
nisms between renewable energy consumption and its main economic, technological, and
environmental determinants within the SPRING-F group?
RQ2: What determinants of the energy transition become relevant when nonlinear relation-
ships and heterogeneous effects between countries are assumed?
RQ3: To what extent are the results obtained through the ARDL panel model confirmed,
strengthened, or contradicted by ML-based analysis and interpretability methods?

The paper is structured as follows: Section 2 presents a review of the state of knowledge
in the field. Section 2 is organized by the main research directions regarding the energy
transition. Section 3 describes the SPRING-F group, the methodology and the data sources
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used in the analysis. Section 4 presents empirical results, starting with the exploratory data
analysis, followed by the econometric results on the long- and short-run relationships and
ending with the predictive performance and interpretability of the ML models. Finally,
Section 5 summarizes the main conclusions of the study.

2. Literature Review
2.1. Energy Transition and Economic Growth

In the study by Vasa et al. [13], the authors consider that the green agenda, climate
change, and sustainability policies are closely linked to the success of the energy transition.
They also consider that the energy transition is not only determined by certain economic
considerations, but also by climate pressures and by the level of environmental awareness.
The authors use random effects panel models for the 27 European Union (EU) Member
States, using data from the period 2013–2021. The results indicate that climate indicators
and price shocks in the energy sector have a significant positive impact on the adoption of
renewable sources. On the other hand, it was observed that there is a threshold of GDP
per capita beyond which the economic incentives for the expansion of renewable energy
diminish. This aspect underlines the nonlinearity between economic growth and the energy
transition. Another study that analyzes the relationship between energy transition and
economic growth was conducted by Sarsar and Echaoui [14]. The authors introduce a
relatively new concept in this field, namely economic complexity. They use an extended
sample of 124 countries for the period 2000–2020 and employ a robust panel estimation
method that corrects heteroscedasticity problems. The results show that, in the absence
of other factors, the energy transition has, on average, a negative impact on economic
growth. The results also show that in countries with a high level of economic complexity,
the negative effect of the energy transition on economic growth is significantly attenuated
or even transformed into a positive effect.

Recent literature also indicates that the energy transition and environmental improve-
ment in the EU depend not only on an increased use of renewable energy sources but
also on resource efficiency, fiscal policy, and the existing institutional framework. Aydin
and Erdem [15] point out that resource and energy efficiency, together with the use of
renewable energy, contribute to environmental improvement, the effects are not uniform
across Member States. Although energy and resource productivity support sustainability
in countries such as the Czech Republic, Austria, or Poland, the effect of economic growth
remains generally detrimental to the environment, suggesting that there are persisting
structural pressures.

From a policy perspective, Degirmenci and Yavuz [16] point out that fiscal instruments
and R&D spending have varying impacts on renewable energy use across EU Member
States. While environmental taxes help boost green energy in developed countries like
Germany and France, they can cause problems in other nations, highlighting the need
for tailored and coordinated policies at the European level. The importance of R&D
investments also varies depending on each country, highlighting that the energy transition
is complex and depends on diverse structures. Complementing this idea, Behera et al. [17]
emphasize that institutions have a very important role in supporting renewable energy.
Green technology, green financing, and fiscal responsibility sharing stimulate the use
of renewable energy, while political instability can hinder this process. These findings
indicate that the success of the energy transition in the European Union depends on a
well-thought-out strategy that combines energy, fiscal, and institutional policies tailored to
each economy.
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2.2. Energy Efficiency, Energy Intensity, and Green Transition

Regarding energy efficiency and energy intensity reduction, the literature highlights
that these two factors are the main pillars of the green transition in the EU, with impli-
cations for energy security and the environment. Gökgöz and Güvercin [18] show that
the expansion of renewable energy contributes to reducing dependence on energy im-
ports and strengthening energy security in the EU, in parallel with improving energy
efficiency and productivity. DEA and Malmquist analyses indicate a gradual convergence
between Member States, in which technological progress and knowledge diffusion play a
determining role.

From the perspective of Central and Eastern European economies, Brożyna et al. [19]
highlight that the energy transition is strongly conditioned by the structural legacy of
transition economies, characterized by high levels of energy intensity. Although increasing
the share of renewable energy and improving energy efficiency can contribute to reducing
greenhouse gas emissions, achieving European targets remains uncertain in the absence of
coherent and sustained energy policies.

The role of European policies is highlighted by De Alegría Mancisidor and his col-
laborators [20], who indicate that the European Union’s approaches to renewable energy
and energy efficiency have remained essential for economic competitiveness, having a
significant impact on the trajectory of countries such as Spain.

At the sector level, Depoorter et al. [21] show that energy efficiency is not only influ-
enced by technology, but also by geographical and management aspects, including the
location of energy-consuming infrastructure (such as data centers) and the mix of renewable
sources. These findings highlight the systemic nature of the energy transition and the need
for tailor-made solutions for each region.

Lin et al. [22] demonstrate that countries in Europe have made significant progress in
energy efficiency and greenhouse gas emission reductions, yet the effects of climate change
continue to be felt, even with efficient energy use. This observation indicates that while
improving energy efficiency and increasing the share of renewable energy are essential
conditions, they are not sufficient to achieve the goal of climate neutrality.

2.3. Urbanization and Infrastructure in the Energy Transition

Urbanization and urban infrastructure play a very important role in the energy transi-
tion. Cities are becoming key spaces to implement decarbonization, energy efficiency, and
renewable energy solutions. The concept of green infrastructure is frequently associated
with the transition to a sustainable urban model [23,24], being defined as a network of
natural and semi-natural spaces that provide ecosystem services and support adaptation to
climate change [25].

Chatzimentor et al. [26] show that European research in the field of green infrastructure
is predominantly focused on the urban environment, but underlines the need to integrate
social dimensions and socio-ecological justice to support sustainable urban transitions.

Kozera et al. [27], in their study, show that urban transport has an important role
in reducing emissions. From the perspective of public investment, cities are the main
beneficiaries of European funds for green transport infrastructure. The authors conducted
this study in Poland and showed that investments in public transport, in reducing emissions,
and in renewable sources contribute to the better development of a low-emission urban
economy. Thus, local policies are also very important in implementing the energy transition.

The transformation of energy infrastructure is also analyzed from a broader strategic
perspective, with Kwilinski et al. [28] highlighting that the integration of renewables and
the development of green infrastructure are dominant directions of the European Green
Deal. The authors emphasize the role of sustainable financing and green investments in

https://doi.org/10.3390/app16021044

https://doi.org/10.3390/app16021044


Appl. Sci. 2026, 16, 1044 5 of 35

accelerating the modernization of energy infrastructure. This aspect is an important pillar
for achieving long-term climate goals.

Regarding European cities, a study by Villamor et al. [29] shows the importance of
municipalities in the energy transition. However, an important limitation is the dependence
on fossil fuels. Also, the results obtained by the authors in their study show that the
level of energy consumption is closely correlated with economic and social development,
the size of the cities or climatic conditions being not as important. In addition to these
conclusions, other authors [30] have demonstrated through their study that urbanization
has an ambivalent effect on the environment. The authors’ results showed that increasing
urbanization is associated with a deterioration in air quality, while expanding the use of
renewable energy contributes to reducing CO2 emissions.

2.4. Innovation, R&D, and Energy Transition

The specialized literature consistently emphasizes that innovation and investment
in research and development also represent an essential pillar of the energy transition,
especially in the context of the ambitious objectives assumed by the European Union
through the Paris Agreement and the European Green Deal.

In the study by Tagliapietra et al. [31], the authors show that achieving deep decar-
bonization requires a qualitative advance in the energy system based on an approach
that integrates technological innovation, coherent policies, and regulatory frameworks to
support them. A study that highlights in detail at the national level the role of techno-
logical innovation is carried out by Böhringer et al. [32]. The authors show that the main
low-emission technologies are already available in the case of Germany. However, the
main limitation is that their diffusion on the market is constrained by several barriers, both
institutional and economic. Basically, the authors show that technological progress is not
enough to accelerate the energy transition. Economic incentives are needed to support this
acceleration, but also the development of an appropriate policy framework.

A complementary perspective is provided by the study by Hewitt et al. [33]. The
authors consider the energy transition as a social process that is influenced by power
relations, institutional structure, and the interests of the main actors. They conduct a case
study on Spain and show that innovation can be stopped by important actors in the energy
sector. To overcome these barriers, not only are innovative technological solutions sufficient,
but also the capacity for political and institutional negotiation. Gasser et al. [34], in their
study, approach a perspective on the financing of innovation. The authors show that the
efficient driver of green innovation is public financing of R&D in the field of renewable
energy. However, the authors observed that the distribution and efficiency of financing
differ significantly between EU member states. For example, Nordic economies have a
high level of R&D financing, but the dependence on European funds varies considerably
between countries. This idea is also supported by the research of Ragwitz and Miola [35].

2.5. International Trade and Energy Transition

International trade is an essential channel to help diffuse clean energy technologies.
It influences the pace of the energy transition and the structure of comparative advan-
tages between economies. A study by Costantini and Crespi [36] shows that innovation is
stimulated by stricter environmental policies. Their results support Porter’s hypothesis,
according to which well-designed environmental regulations can generate competitive
advantages by stimulating technological progress. Another study approaches a macroe-
conomic perspective [37]. The authors demonstrate that trade openness contributes to
reducing CO2 emissions in Europe. On the other hand, economic growth, urbanization,
and financial development amplify environmental pressures [37].
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Trade liberalization has different effects on renewable energy consumption depending
on the level of economic development, as Wang and Zhang [38] show in their study. An
extension of this perspective is provided by Can et al. [39], which shows that green trade
openness and renewable energy consumption contribute not only to climate goals, but also
to improving human well-being in EU states.

2.6. Hybrid Approaches in Energy Economics: Econometric Models and Machine
Learning Algorithms

Early literature on hybrid approaches in energy economics highlights the usefulness
of combining statistical methods for dimensionality reduction with econometric techniques
to identify the determinants of the energy transition. Papież et al. [40] analyze the develop-
ment of renewable energy in 26 European Union countries over a period of approximately
20 years, using a combination of principal component analysis (PCA) and advanced vari-
able selection methods (best subset regression and LARS). The authors’ results show that
the initial structure of the energy mix plays an important, long-term, determining role.
Thus, the existence of path dependencies in the energy transition is confirmed. This can
be understood by the fact that countries that rely on fossil fuels tend to adopt renewable
energy at a slower pace, while economies that depend on energy imports have a much
faster development.

Li and Leung [41] examine the relationship between energy prices, economic growth,
and renewable energy consumption in several European countries. The results show that
when the economy is growing or when fossil fuels become more expensive, countries tend
to use more renewable energy. In the short term, gas and coal prices quickly influence green
energy decisions. In contrast, the study does not show that renewable energy directly leads
to economic growth, suggesting that the energy transition occurs primarily in response to
economic conditions.

Ren et al. [42] show that, in the European Union, economic growth generally leads to
increased CO2 emissions, both in the short and long term. In contrast, the use of renewable
energy contributes to reducing emissions. The study also highlights that emissions are
influenced by developments in neighboring countries, suggesting that environmental
policies need to be coordinated at the European level. Apostu et al. [43] in their study,
look at how the energy transition in Central and Eastern European countries has evolved
after joining the EU. The study shows that stricter rules imposed by the EU and foreign
investment have helped these countries reduce their environmental impact. On the other
hand, the authors say that recent problems related to energy security may slow down
the transition.

Pavlova et al. [44] analyze the reasons for the use of natural gas in the EU, using an
ARDL model. The results show that, in the long run, gas consumption is linked to the
economy and the type of fuel used. In the short run, gas increases mainly when the use
of other fuels decreases, and the effect of economic growth appears with a lag. The study
suggests that gas is still a transitional solution in the decarbonization process.

Chen et al. [45] analyze how innovation in green technologies influences the energy
transition, using both econometric methods and machine learning algorithms. The study
shows that investments in R&D and the number of green patents clearly help the transition
to clean energy. The authors emphasize that machine learning is useful for assessing the
impact of these innovations and that more investment in green technology is needed to
accelerate the energy transition.

The ML framework adopted in this study follows a general AI workflow successfully
applied in various domains characterized by complex nonlinear relationships and het-
erogeneous data sources. Beyond energy economics, similar hybrid approaches combine
predictive models with mechanism-based interpretation and explicit carbon-footprint con-
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siderations, illustrating how sustainability-related outcomes can be contextualized beyond
purely statistical associations. Recent applied studies in material science and geospatial
analysis highlight the importance of integrating explainable AI techniques with domain-
specific mechanisms when interpreting emissions-related indicators and sustainability
performance [46–48].

3. Methodology and Data Collection
The SPRING-F group was built to enable a coherent comparative analysis of the

energy transition in European economies characterized by different levels of economic
development, institutional maturity, and energy performance, but integrated within a
common framework of public policies and regulations. The group includes Spain, Poland,
Romania, Italy, the Netherlands, Germany, and France, economies that represent both the
industrial and technological core of the European Union and states undergoing structural
convergence. The selection of these countries is motivated by three main considerations.
First, all economies analyzed are subject to the same European energy and climate directives,
which reduces the heterogeneity induced by major regulatory differences and allows a
clearer interpretation of economic and energy relationships. Second, the group captures the
structural heterogeneity necessary to analyze differentiated energy transition trajectories,
including economies with high levels of energy efficiency and R&D investment, alongside
economies with higher fossil fuel dependence and lower technological capabilities.

From an analytical perspective, the SPRING-F group provides an appropriate frame-
work for investigating the mechanisms of convergence and divergence in the European
energy transition, allowing the identification of both common structural factors and na-
tional particularities. This mixed structure makes it possible to test long-term equilibrium
relationships through econometric models, as well as to capture nonlinear interactions and
heterogeneous effects through machine learning methods. Thus, the analysis carried out
on the SPRING-F group contributes to a more nuanced understanding of the European
energy transition and offers relevant implications for the formulation of differentiated
public policies depending on the level of economic and energy development.

Table 1 summarizes the main economic and sustainability characteristics of the coun-
tries included in the SPRING-F group, highlighting clear structural differences between the
European sub-regions analyzed. The economies of North-Western Europe (the Netherlands,
Germany, and France) are characterized by a high level of economic development, an
advanced innovative capacity, and a deep integration in international trade, aspects that
are reflected in a faster and more coherent progress of the energy transition. The countries
of Southern Europe (Spain and Italy) occupy an intermediate position, with diversified
economies and a growing adoption of renewable sources, but with different rates of en-
ergy efficiency improvement. In contrast, the economies of Central and Eastern Europe
(Poland and Romania) are in a slower structural transition process, marked by a higher
dependence on fossil fuels and higher levels of energy intensity. These differences justify
the comparative approach adopted in the study and provide an explanatory framework for
the heterogeneity of the empirical results obtained subsequently.

Table 1. Economic structure and sustainability features of the SPRING-F countries.

European
Subregion Country Economic Profile Sustainability Features

North-Western
Europe Netherlands

Open and competitive economy [49];
Innovation-oriented [50]; High
incomes [51]; Stable and highly

rated, but also with strong trade.

Advanced renewable energy
deployment; high energy efficiency;
strong climate policies; high R&D

intensity [52–55]
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Table 1. Cont.

European
Subregion Country Economic Profile Sustainability Features

North-Western
Europe

Germany

Large, diversified industrial
economy; export-oriented; strong

manufacturing base; high
technological capacity [55–57]

Leader in renewable energy transition;
strong environmental regulations; high
R&D expenditure; consistent emission

reduction efforts [58]

France

Developed mixed economy; strong
public sector involvement; high
productivity; strategic industrial

policies [59–61]

Significant nuclear and renewable
energy mix; stable decarbonization

trajectory; strong institutional climate
framework [62,63]

Southern Europe

Spain

Service-oriented economy;
medium-high income; increasing
openness; tourism and industry

driven [64,65]

Rapid growth of renewable energy
(solar and wind); improving energy

efficiency; moderate emission
reduction [66]

Italy
Diversified economy with strong
SMEs; moderate growth; regional

economic disparities [67–69]

Steady renewable energy adoption;
progress in energy efficiency;

structural challenges in
decarbonization [70–72]

Central and
Eastern Europe

Poland
Transition economy; coal-dependent
energy structure; medium income;

growing industrial base [73–76]

Slower renewable energy adoption;
high carbon intensity; ongoing

structural energy transition [77–80]

Romania
Emerging economy; lower income
levels; structural transformation in

progress [81–83]

Improving renewable energy use; high
energy intensity; increasing alignment

with EU climate objectives [84–86]

Table 2 presents the variables used in the empirical analysis, including energy, eco-
nomic, technological, and structural indicators. The selected variables capture key di-
mensions of the energy transition, such as renewable energy adoption, energy efficiency,
emissions, economic development, urbanization, trade openness, and innovation capac-
ity. Although the analyzed panel includes a limited number of cross-sectional units, the
extended temporal dimension (2000–2024) allows the identification of dynamic relation-
ships and long-term adjustment mechanisms. The specialized literature specifies that
the panel ARDL model is appropriate for such data structures, being frequently used in
macroeconomic and energy analyses with similar structures [87–89]. The ARDL model is
based on temporal dynamics [90], not on estimators that rely on cross-sectional asymptotic
models. Moreover, the ML component has an important complementary role because
it is not based on classical asymptotic assumptions. This allows the assessment of the
stability of the relationships through predictive performance and interpretability (SHAP).
Apart from the variables GDP, TRD, and URB, which have complete data sets, for variables
for which official data present a reporting gap, the values for the years 2023–2024 have
been approximated using the average of the last three previously available years. This
conservative imputation procedure reduces the influence of annual fluctuations and avoids
the introduction of artificial dynamics or modelled forecasts. Our chosen method does not
involve extrapolation or estimation based on predictive models, but represents a stable
approximation, applied uniformly for all countries analyzed.
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Table 2. Indicators used in the empirical analysis.

Acronym Indicator Description Source

RNEC Renewable energy consumption (% of total
final energy consumption)

Share of renewable sources in
total final energy use World Bank

EIPE Energy intensity level of primary energy
(MJ/$2021 PPP GDP)

Energy use per unit of economic
output World Bank

CO2
Carbon dioxide (CO2) emissions excluding

LULUCF per capita (t CO2 e/capita)
Per capita carbon dioxide

emissions World Bank

GDP GDP per capita (constant 2015 US$) Level of economic development World Bank

TRD Trade (% of GDP) Degree of trade openness World Bank

URB Urban population (% of total population) Level of urbanization World Bank

RDE Research and development expenditure
(% of GDP)

Investment in innovation
and technology World Bank

To analyze the dynamic relationships between the energy transition and its determi-
nants within the SPRING-F group, the study uses the panel ARDL model. This method is
appropriate in the context of panel analyses with relatively short time series and allows
for the simultaneous estimation of long-term and short-term effects [89], even when the
variables have different orders of integration, respectively, I(0) and I(1), provided that none
of them is integrated at the second order [91]. The general form of the panel ARDL model
used can be expressed as follows, according to Equation (1):

∆RNECit = ϕi(RNECi, t−1 − β1EIPEi, t−1 − β2CO2i,t−1 − β3GDPi, t−1−
β4TRDi,t−1 − β5URBi,t−1 − β6RDEi,t−1) + ∑

p−1
j=1 γij∆RNECi,t−j+

∑
q−1
k=0 δik∆Xi,t−k + εit

(1)

where in Equation (1), X is the vector of explanatory variables, ϕi is the error correction co-
efficient (ECT), and εit is the error term. The coefficient ϕi must be negative and statistically
significant to confirm the existence of a long-run equilibrium relationship.

Although it is well known that the energy transition is a multidimensional process,
RNEC is used as the main dependent variable due to its ability to reflect the effective adop-
tion of renewable sources in the energy mix. Renewable energy consumption is frequently
used in specialized literature as a central proxy of the energy transition because it captures
the final result of decarbonization policies and investments in green technologies [92,93].

Before estimating the panel ARDL model, unit root tests for panel data, namely
Levin–Lin–Chu (LLC), Im–Pesaran–Shin (IPS) and ADF–Fisher, are applied to verify the
stationarity properties of the analyzed series. The LLC test assumes the existence of a com-
mon unit root across all cross-sections, being more restrictive, but offering high statistical
power in homogeneous samples [94]. In contrast, the IPS test allows for heterogeneity
between cross-section units, accepting that each country has its own adjustment parameter,
which makes it more suitable for comparative analyses between different economies [95].
The ADF–Fisher test combines the statistics of the individual Augmented Dickey–Fuller
tests for each country into an aggregate panel statistic, providing a flexible and robust
approach for detecting non-stationarity [96,97].

The panel ARDL model allows the identification of (i) long-term equilibrium rela-
tionships, through the β coefficients; (ii) short-term dynamics through the differentiated
variables; and (iii) the speed of adjustment towards equilibrium, through the ECT coeffi-
cient. A significant ECT coefficient indicates that deviations from long-term equilibrium
are progressively corrected over time.
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The ARDL panel estimation assumes the existence of a common long-term relationship
between the analyzed variables, a hypothesis considered appropriate in the context of the
SPRING-F group. The countries included in this group are integrated into a relatively
homogeneous policy framework, given their membership in the EU, common decarboniza-
tion objectives and a similar set of regulations regarding the energy transition. For example,
the European Green Deal [98] has as main pillars (i) renewable energy and efficiency; (ii)
carbon pricing; (iii) circular economy; and (iv) clean industry and transport. In this context,
the hypothesis of a long-term common structural mechanism is justified from an economic
and institutional perspective. At the same time, this approach does not imply complete
homogeneity in the adjustment dynamics or the intensity of the effects. Differences be-
tween countries in terms of development level, energy mix structure or innovation capacity
can generate significant variations in the magnitude and shape of the estimated relation-
ships. To capture these differences, cross-national heterogeneity is analyzed complementary
through the machine learning component, where SHAP techniques allow the assessment
of the importance of variables at the global and country levels. This approach provides a
granular perspective on structural differences between economies, without compromising
the stability of econometric estimates in a sample with a reduced cross-sectional size. Given
the small number of cross-sectional units, the use of completely heterogeneous methods,
such as Mean Group or common factor estimators, could lead to unstable estimates and
significant losses of statistical power. Therefore, the hybrid framework proposed in our
study represents a methodological compromise between econometric rigor and capturing
heterogeneity relevant for energy transition analysis.

To complement the econometric analysis and assess the predictive capacity of the
relationships between energy, economic and technological variables, the study uses three
representative machine learning algorithms: Random Forest, Extreme Gradient Boosting
(XGBoost) and ElasticNet. This combination allows for the comparison of the performance
of nonlinear models with a penalized linear model, used as a reference. The selection of ML
models follows a representative strategy. ElasticNet is used as a regularized linear model.
It is considered the baseline and provides a transparent framework for comparison [99].
Random Forest and XGBoost are selected as nonlinear ensemble models [100], frequently
used in applied studies in economics and energy [101–103]. They have the ability to capture
complex interactions and nonlinear effects in medium-sized data sets. The hyperparameters
of all ML models were set ex ante, based on values commonly adopted in the literature,
and kept constant throughout the analysis. No extensive optimization or automatic tuning
of the hyperparameters was applied, precisely to avoid the risk of overfitting in a panel
sample with a reduced cross-sectional size and to ensure the robustness and comparability
of the results.

To evaluate the predictive performance of ML models, the sample was divided into a
training set and a testing set, using a strictly temporal strategy. Observations corresponding
to the initial period were included in the training set, and observations from the final period
were reserved exclusively for out-of-sample testing. This approach avoids mixing informa-
tion over time and reflects a realistic forecasting scenario in the case of panel data with a
reduced cross-sectional size. Country identifiers were not included as explanatory variables
to prevent capturing hidden fixed effects and overestimating predictive performance. Also,
lagged variables were not used in the machine learning models, as temporal dynamics
are explicitly treated in the Panel ARDL model, and the role of ML is to capture nonlinear
relationships and assess the relative importance of determinants.

Random Forest is an ensemble algorithm based on building a large number of decision
trees, each estimated on a bootstrap sample of the data and a random subset of explanatory
variables. The final prediction is obtained by averaging the individual predictions of the
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trees. This approach reduces the risk of overfitting and allows for capturing nonlinear
relationships and complex interactions between variables [104–106]. In this study, Random
Forest is used to identify the dominant drivers of renewable energy consumption and to
assess the relative importance of the explanatory variables.

XGBoost is a gradient boosting algorithm that sequentially builds decision trees, with
each new tree estimated to correct the prediction errors of previous models. The algorithm
integrates regularization mechanisms that improve model stability and predictive perfor-
mance, and is recognized for its efficiency in capturing nonlinear relationships and variable
marginal effects [107–109]. In the study, XGBoost is used to obtain robust predictions and
to analyze the heterogeneity of the effects of variables on the energy transition.

ElasticNet is a penalized linear regression model that combines LASSO (L1) and Ridge
(L2) penalties. This combination allows for both the selection of relevant variables and a
reduction in multicollinearity issues [110–112]. ElasticNet is used as a linear benchmark
model, providing a benchmark against which to compare the performance of nonlinear
models and highlighting the limitations of strictly linear approaches in energy transi-
tion analysis.

The performance of the models is evaluated using standard prediction metrics, namely
R2, Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE). Comparing these
metrics allows identifying the model with the best predictive capacity and highlighting the
advantages of nonlinear approaches over the penalized linear model.

To ensure the interpretability of the black-box models, the study uses the SHapley
Additive exPlanations (SHAP) method [113,114]. This allows for the quantification of the
contribution of each explanatory variable to the model prediction, both at the aggregate
and individual levels, facilitating the identification of key drivers of the energy transition
and differences between countries.

In this study, panel ARDL models and ML algorithms are used in a complementary, not
redundant, manner. Panel ARDL is used to identify the long- and short-term relationships
between the energy transition and its main determinants, providing economic interpretabil-
ity, elasticities, and adjustment mechanisms. In contrast, the machine learning component
is designed to extend these results by capturing nonlinear relationships, asymmetric effects,
and the relative importance of variables in a predictive framework. Furthermore, the use of
SHAP-based interpretability techniques allows for a detailed analysis of the contribution of
each variable at the global and country levels, which cannot be obtained directly from the
average coefficients of a panel econometric model. Thus, the machine learning component
does not function as a simple validation tool, but as an analytical mechanism that reveals
the structural heterogeneity and nonlinearities of the energy transition process within the
SPRING-F group.

Thus, by integrating the two approaches, the hybrid framework proposed in our study
offers both econometric rigor and analytical flexibility. It also contributes to a more complex
understanding of the dynamics of the energy transition.

4. Results
4.1. Exploratory Data Analysis

The descriptive statistics in Table 3 highlight both the relative levels of the variables
within the SPRING-F group, as well as the dispersion and shape of their distribution.
To reduce problems related to sharp fluctuations and non-stationarity of economic and
environmental time series, all variables were transformed into natural logarithms, this pro-
cedure stabilizing the variation, diminishes the influence of extreme values, and improves
the interpretability of econometric results [115–117]. As for RNEC, the logarithmic values
show a moderate mean and relatively low variability, suggesting a convergence between
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countries in terms of the share of renewable energy. EIPE and CO2 present small standard
deviations and relatively narrow ranges, reflecting moderate differences in energy efficiency
and climate performance. GDP has the largest relative variation among the logarithmic
indicators, indicating structural economic disparities between the analyzed countries.

Table 3. Descriptive statistics.

Statistics RNEC EIPE CO2 GDP TRD URB RDE

Mean 2.40 1.21 1.93 10.10 4.30 4.26 0.27
Std. dev. 0.57 0.22 0.31 0.63 0.32 0.15 0.60

Minimum 0.53 0.75 1.31 8.42 3.80 3.96 −1.01
Q1 (25th percentile) 2.079 1.04 1.69 9.60 4.06 4.11 −0.01

Median 2.52 1.21 2.03 10.38 4.20 4.33 0.34
Q3 (75th percentile) 2.81 1.37 2.15 10.56 4.45 4.37 0.78

Maximum 3.194 1.78 2.44 10.85 5.21 4.53 1.152
Skewness −1.07 0.38 −0.23 −0.97 0.95 −0.50 −0.58
Kurtosis 4.03 2.62 1.86 2.62 3.10 2.17 2.27

Jarque–Bera 41.48 5.24 10.98 28.96 26.75 12.55 13.98

The violin plots in Figure 1 highlight clear structural differences between SPRING-F
countries for all variables analyzed (log-transformed). The Netherlands, Germany, and
France show consistently high levels of renewable energy consumption, R&D investment,
GDP per capita, and trade openness, reflecting mature economies that are strongly inte-
grated in the energy transition. Spain and Italy are positioned in an intermediate zone,
with stable but less pronounced distributions. In contrast, Romania and Poland have low
and often more dispersed distributions for most indicators—high energy intensity, low
urbanization, low levels of R&D, volatile emissions, and modest trade openness—signaling
structural gaps with Western European countries. Overall, the violin plots show the ex-
istence of two distinct blocs within SPRING-F. On the one hand, we observe advanced
economies that are supporting a mature energy transition. On the other hand, there are
also emerging economies, where progress remains slower and more uneven.

In Figure 2, we can see the evolution of the energy-economic indicators for the coun-
tries in the SPRING-F group during the analyzed period. The representation allows an
intuitive visualization of the dynamics over time. We note that the RNEC suggests an
accelerated energy transition, based on consistent investments in green resources in the
Netherlands, Germany, and France. For Italy and Spain, the pace, although constant, is
moderate. On the other hand, Poland and Romania remain visibly behind, which suggests
greater structural dependencies on fossil fuels. Regarding the EIPE, persistent levels of
energy inefficiency can be observed in Romania and Poland, while the countries of the
Netherlands, Germany, and France show much more compact trajectories. This suggests
that in Western countries, efficiency is higher and energy systems are modernized.

Moving further with the analysis, we note that in terms of CO2 emissions, the down-
ward convergence phenomenon is observed in Western European countries. Germany,
France, the Netherlands, and Italy start from high values in 2000, but the spiral tightens
sharply after 2010, reflecting the reduction in emissions through consistent decarbonization
policies. Romania and Poland have lower values at the start, but their trajectories are irreg-
ular, and in the case of Poland, even oscillating, which indicates a slow and inconsistent
reduction, closely linked to the persistence of carbon-intensive industry and the coal-based
energy mix.
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Figure 1. Distributional analysis across countries.

In terms of URB, Western economies exhibit large and almost concentric spirals—a
stable and high pace of urbanization, with minimal variations over time. Romania and
Poland have much more compact and less extensive spirals, which confirms the structural
differences between advanced and emerging economies in CEE. The evolution of RDE
investments highlights one of the strongest contrasts: Germany, the Netherlands, and
France have large and progressive spirals, growing steadily from the beginning of the
period to the present, which reflects massive investments in innovation and technology—
the foundation of the energy transition and productivity growth. Romania and Poland
remain, throughout the series, very close to the center, confirming low levels of innovation
and low technological absorption capacity.

The dynamics of GDP per capita clearly highlight the convergence process: the seven
economies start from very different positions, but all show a progressive expansion out-
wards. However, the pace is different: the Netherlands, Germany, and France remain
constantly on large spirals (high levels of well-being), Italy has a moderate growth, and
Poland and Romania show a noticeably smaller but rapidly expanding spiral, reflecting the
recovery of the economic gaps of the last two decades.

The TRD indicator highlights clear structural differences in the trade openness of
SPRING-F countries. The Netherlands, Germany, and France show the highest values,
confirming their deep integration into European and global production and distribution
chains, which facilitates rapid access to technologies and equipment for the energy tran-
sition. Spain and Italy have an intermediate level of openness, with a gradual increase
over time. Romania and Poland record the lowest TRD values, reflecting a more domestic
economic orientation and a lower connection to international trade; this may contribute
to slower rates of adoption of green technologies and a more modest capacity to integrate
external innovations into the energy transition process.

Overall, the figure highlights two distinct groups: Western European economies—
characterized by high energy efficiency, emission reductions, high R&D investments, and
strong progress in renewable energy—and emerging economies (Romania and Poland),
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where energy intensity remains high, emissions are slowly decreasing, R&D is low, and the
energy transition is progressing at a moderate pace. The circular spirals thus capture, in an
intuitive and elegant manner, the structural gaps, gradual convergence, and heterogeneity
of energy dynamics within the SPRING-F group. Figure A1 in Appendix A provides
standard time-series representations of all variables to complement the spiral plots and
facilitate the visual inspection of convergence and divergence patterns.

Figure 2. Temporal dynamics and cross-country patterns.

4.2. Econometric Findings: ARDL Long-Run and Short-Run Dynamics

Table 4 presents the results of the stationarity tests, which are an important step
before estimating the ARDL model. We observe that most variables exhibit non-stationary
behavior at the level, but become stationary after the first differencing. At the level, the LLC
test indicates the presence of a single root for all variables, except RNEC and TRD, which
are significant already at the level. Individual unit root tests (IPS and ADF–Fisher) confirm
the same trend: for most variables, the non-stationarity hypothesis cannot be rejected at
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the level, which suggests the presence of common trends over time within the countries in
the SPRING-F group. After the first differencing, all tests consistently indicate stationarity
at the 1% level, which demonstrates that the variables become integrated of order I, I(1).
This mixed structure—a combination of I(0) and I(1) series—directly justifies the use of the
ARDL model in the panel, as it can robustly handle variables with different integration
orders, as long as none is I(2). Consequently, the tests confirm the suitability of the ARDL
methodology for analyzing the short- and long-term dynamics of the energy transition in
the SPRING-F countries.

Table 4. Panel unit root tests.

At levels

Test RNEC EIPE CO2 GDP TRD URB RDE

Unit root (Common unit root process)

LLC −3.9 ***
(0.00)

−0.97
(0.21)

1.04
(0.85)

−1.16
(0.12)

−3.20 ***
(0.00)

1.66
(0.95)

−1.19
(0.11)

Unit root (Individual unit root process)

IPS −0.50
(0.30)

2.90
(0.99)

2.14
(0.98)

1.19
(0.88)

−0.44
(0.32)

−1.93 **
(0.02)

0.30
(0.61)

ADF—Fischer
Chi-square

21.42 *
(0.09)

2.81
(0.99)

13.65
(0.47)

6.34
(0.95)

12.45
(0.56)

53.09 ***
(0.00)

13.00
(0.52)

At first difference

Unit root (Common unit root process)

LLC −4.72 ***
(0.00)

−7.50 ***
(0.00)

−7.77 ***
(0.00)

−8.67 ***
(0.00)

−11.02 ***
(0.00)

−2.65 ***
(0.00)

−4.93 ***
(0.00)

Unit root (Individual unit root process)

IPS −4.40 ***
(0.00)

−7.76 ***
(0.00)

−9.14 ***
(0.00)

−7.84 ***
(0.00)

−10.42 ***
(0.00)

−3.29 ***
(0.00)

−4.65 ***
(0.00)

ADF—Fischer
Chi-square

45.71 ***
(0.00)

80.70 ***
(0.00)

96.21 ***
(0.00)

81.80 ***
(0.00)

110.64 ***
(0.00)

43.81 ***
(0.00)

49.42 ***
(0.00)

*, **, *** significant at 10%, 5%, and 1% level.

In order to construct the best-fitting ARDL model, the Akaike Information Criteria
(AIC) was used to determine the appropriate lags. Several candidate specifications were
estimated, with different combinations of lag orders for the dependent and explanatory
variables, and the final model was chosen based on the lowest AIC value, as can be seen in
Figure 3. This step is important because it reduces the risk of over-parameterization.

The results of the ARDL (3, 2, 2, 2, 2, 2, 2) model from Table 5 show how energy,
economic, and technological indicators influence, in both the long and short term, the
dynamics of renewable energy consumption in SPRING-F countries. Since all variables are
expressed in logarithmic form, the coefficients in the long-term equation can be interpreted
directly as elasticity. Thus, the results highlight a clear set of structural relationships. From
the perspective of long-term dynamics, we observe that EIPE has a positive and significant
coefficient (1.21). This suggests that a 1% increase in EIPE determines an approximately 1.2%
increase in renewable energy use. From here, we can conclude that this effect indicates that
energy-intensive economies are the ones that adopt renewable sources faster to compensate
for their dependence on fossil fuels. Regarding CO2, it negatively influences RNEC, i.e., a
1% increase in CO2 leads to a 1.09% decrease in RNEC. This leads to the fact that countries
with high emissions are still heavily dependent on conventional energy sources. We
also observe that in the long run, TRD also has a negative, but statistically insignificant,
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effect. Within this model, we observe that URB has the strongest effect, indicating that
urbanization can be considered a major determinant of the energy transition. We observe
that a 1% increase in urbanization is associated with a 5.53% increase in renewable energy
consumption. This aspect can most likely be explained by modernized infrastructure,
energy efficiency and local environmental policies. The RDE sign, although statistically
insignificant, indicates that investments in research can stimulate green energy, but there
are differences between the countries in the SPRING-F group that attenuate the cumulative
effect. Regarding economic growth, we observe that GDP positively influences RNEC. A
1% increase in GDP causes RNEC to increase by 2.61%, confirming the hypothesis in the
literature regarding the decoupling between economic growth and emissions [118–120].

Figure 3. Lag-order selection using Akaike Information Criterion. The dots indicate the AIC values
for each ARDL specification, while the green vertical arrows highlight the relative differences in AIC
across competing models, facilitating the identification of the optimal lag structure (minimum AIC).

Regarding the short-term dynamics, the short-term equation includes both the im-
mediate variations in the variables and the error correction coefficient. We note that the
cointegration coefficient (ECT) is negative and statistically significant, which confirms
the existence of a long-term equilibrium relationship. Its magnitude suggests that ap-
proximately 47% of the deviation from the long-term equilibrium is corrected in a single
year, implying a moderately rapid convergence towards stable dynamics of the energy
transition. The lag 1 of the RNEC variation is statistically significant at 10%, suggesting a
self-regulation effect. Basically, sudden increases in RNEC are partially compensated for
the following year. Regarding EIPE, the negative and statistically significant coefficient
indicates that a rapid decrease in EIPE, hence better energy efficiency, causes an increase in
RNEC in the same year. Also, RDE is statistically significant with a very strong effect. This
suggests that investments in research and development have a strong but delayed effect,
stimulating the growth of renewable energy one year after they are made. This is somewhat
obvious because innovation and technology projects do not produce results instantly, but
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after an annual implementation cycle. The high values of the estimated coefficients for
D(URB) and D(URB(−1)) in the short-run equation, accompanied by large standard errors
and lack of statistical significance, reflect the extremely low annual variation in the degree of
urbanization in the economies analyzed. Since urbanization is a slow structural process, the
differentiation of logarithmic series leads to very small values of annual variations, which
can generate numerically unstable coefficients, without economic relevance in the short
run. Therefore, these results do not indicate specification or multicollinearity problems, but
confirm that urbanization influences the energy transition predominantly in the long run,
and not through annual adjustments.

Table 5. Panel ARDL (3, 2, 2, 2, 2, 2, 2).

Variable Coefficient Std. Error t-Statistic Prob.

Long-run equation

EIPE 1.21 0.57 2.11 0.03 **
CO2 −1.09 0.37 −2.92 0.00 ***
TRD −0.26 0.27 −0.94 0.34
URB 5.53 1.73 3.17 0.00 ***
RDE 0.33 0.21 1.55 0.12
GDP 2.61 0.72 3.63 0.00 ***

Short-run equation

Cointeq01 −0.47 0.23 −2.01 0.04 **
D (RNEC (−1)) −0.30 0.18 −1.64 0.10 *
D (RNEC (−2)) 0.12 0.15 0.78 0.43

D (EIPE) −0.61 0.35 −1.73 0.08 *
D (EIPE (−1)) −0.05 0.32 −0.16 0.86

D (CO2) −0.43 0.30 −1.40 0.16
D (CO2 (−1)) −0.44 0.34 −1.29 0.20

D (TRD) 0.21 0.16 1.28 0.20
D (TRD (−1)) −0.22 0.14 −1.55 0.12

D (URB) 31.27 207.28 0.15 0.88
D (URB (−1)) 27.74 100.18 0.27 0.78

D (RDE) −0.03 0.56 −0.06 0.94
D (RDE (−1)) 1.01 0.27 3.57 0.00 ***

D (GDP) −0.55 0.94 −0.58 0.56
D (GDP (−1)) 0.28 0.42 0.66 0.50

C −23.50 12.01 −1.95 0.05 **

Validation metrics

Root MSE 0.02 Mean dependent variable 0.04
S.D. dependent var 0.07 S.E. of regression 0.04

Akaike information criterion −2.76 Sum squared residuals 0.09
Schwarz criterion −0.63 Log likelihood 360.23

Hannan-Quinn criterion −1.90
*, **, *** significant at 10%, 5%, and 1% level.

From the perspective of model validation metrics, we observe that the ARDL model
presents a very good adjustment, having an extremely low Root MSE (0.02), which indicates
a small deviation between the estimated and observed values. Also, the S.E. of regression
is identical to the standard deviation of the dependent variable (0.04), suggesting that the
errors are well controlled and the model does not overestimate the variation. The low levels
of the information criteria, AIC (−2.76), SC (−0.63), and HQC (−1.90), confirm that the
selected model is efficient and does not suffer from overfitting, being preferred due to a
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good compromise between fidelity and simplicity. In addition, a high log-likelihood (360.23)
supports the quality of the estimation and the robustness of the ARDL specification used.

The histogram of the residuals from Figure 4 shows an approximately symmetrical
distribution around zero, without major deviations or extreme tails, indicating that the
model errors are well behaved. The mean of the residuals is practically zero, and the small
value of the skewness coefficient (−0.06) confirms the absence of asymmetry. The kurtosis
close to the reference value (approx. 3.7) suggests a moderately platykurtic distribution,
but without severe problems. The Jarque–Bera test (JB = 3.30, p = 0.19) does not reject the
normality hypothesis, meaning that the residuals can be considered compatible with a
normal distribution. Overall, the residual diagnosis confirms the adequate specification of
the ARDL model and the robustness of the estimation.

 

Figure 4. Distribution of ARDL model residuals and normality assessment.

It is important to emphasize that panel ARDL models do not have a standardized bat-
tery of diagnostic tests equivalent to that used in time-series ARDL models. Consequently,
the assessment of robustness is not based on the classical testing of all hypotheses on the
residuals, but on checking the stability of long-term relationships and the consistency of the
estimated parameters. In this sense, the robustness of the results is supported by several
levels of evidence. First, the Kao residual cointegration test from Table A1 (Appendix A)
confirms the existence of a long-term equilibrium between the analyzed variables. Second,
the confidence intervals of the coefficients from Figure A2 (Appendix A) and the confidence
ellipses from Figure A3 (Appendix A) highlight the univariate and multivariate stability
of the parameters, indicating that the results are not sensitive to sample fluctuations or
parametric instability. In addition, the scaled coefficients from Table A2 (Appendix A) allow
the assessment of the relative importance of the determinants, strengthening the economic
interpretation of the estimated effects. Finally, the distribution of the residuals, assessed
by the Jarque–Bera test from Figure 4, does not indicate severe deviations from normality,
providing additional support for the adequacy of the specification used. Overall, these
diagnostics confirm the robustness and coherence of the long-run relationships identified
by the Panel ARDL model.

The graphs in Figure 5 compare the actual values with the forecast values for the
7 countries in the SPRING-F group. As we can see that the actuals and forecast lines are
very close, it shows that the ARDL model reproduces the dynamics of renewable energy
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well. The dotted red bands show whether the predictions remain within reasonable sta-
tistical limits. Thus, we see that the model is well calibrated, without unstable deviations.
The RMSE value of 0.0233 indicates a very small error, the MAE indicates that the average
deviation is also minimal, and Theil’s U indicates a high performance of the model. Co-
variance Proportion indicates that the variation is captured almost entirely, and very low
values of Bias indicate that the mode is not unstable. Thus, the forecasting test validates the
robustness of the ARDL specification used in the analysis. The error indicators reported for
the ARDL model are calculated on the dependent variable expressed in logarithmic form
and are based on the in-sample fit of the model. These metrics have a diagnostic role, being
used to assess the adequacy of the specification and the stability of the estimates, not for
direct comparisons of predictive performance with ML models.
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Figure 5. ARDL in-sample forecasts for RNEC across SPRING-F.

To test the robustness of the results obtained through the ARDL panel model and con-
sidering the multidimensional nature of the energy transition, an alternative specification
was estimated in which CO2 emissions are used as the dependent variable. The results
obtained are presented in Table A3 from Appendix B, the results being consistent with
the basic model in terms of the sign and economic relevance of the main determinants,
confirming the stability of the results. We note that the RNEC has a negative and statistically
significant coefficient; increasing the share of renewables reduces CO2. Also, according to
the EIPE coefficient, positive and statistically significant in the short term, it indicates that
energy intensity increases emissions, economic growth leads to environmental pressures,
and trade expressed through the TRD variable amplifies emissions as a scale effect. In addi-
tion, in the short term, URB reduces CO2. Also, the results obtained through the robustness
test confirm the existence of a long-term equilibrium relationship, with a significant error
correction coefficient and an adjustment speed of approximately 51%. In the long-term
equation, renewable energy consumption has a negative and significant effect on CO2

emissions, while energy intensity and economic growth exert positive pressures on them.
Urbanization contributes to reducing emissions, suggesting efficiency and infrastructure
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gains. Overall, the results are consistent with those of the main model, confirming the
stability of the conclusions with respect to the choice of proxy used for the energy transition.

4.3. Machine Learning Findings: Predictive Performance and Feature Importance

To assess the ability of machine learning models to capture the dynamics of the energy
transition in SPRING-F countries, three representative models were trained: Random
Forest, XGBoost, and ElasticNet. These were selected to cover both nonlinear ensemble
algorithms and a penalized linear model used as a baseline for comparison. Their predictive
performance is summarized in Table 6. Thus, we observe that the results obtained highlight
significant differences between the non-linear models (Random Forest and XGBoost) and
the penalized linear model (ElasticNet). The R2 coefficient values for Random Forest and
XGBoost of over 0.96 and 0.97, respectively, indicate a very good capacity to capture the
dynamic and complex relationships between energy and economic variables. On the other
hand, we observe that for ElasticNet, the R2 value is much lower, and the errors are higher,
emphasizing that a linear approach would not have sufficiently captured the non-linear
nature of the energy transition process. These results thus validate the use of nonlinear
models in predictive analysis, the conclusions of the ARDL econometric section presented
previously being reliable and robust. It is important to mention that in the case of the
three ML models, the performance metrics are calculated on the same logarithmic scale of
the dependent variable, but exclusively on the out-of-sample test set, obtained through a
strict temporal division of the sample. The training set includes the observations from the
initial period, and the testing set contains the observations from the final period, avoiding
any possible temporal information leakage. No performance metrics are reported on the
training data. Consequently, these values reflect the real predictive capacity of the models
in a comparable framework across ML algorithms, but they are not directly comparable to
the in-sample errors reported for the ARDL model.

Table 6. Predictive performance of ML models.

Model R2 RMSE MAE

Random Forest 0.96 0.108 0.08
XGBoost 0.97 0.105 0.07

ElasticNet 0.67 0.34 0.25

According to the SHAP results in Figure 6 for the Random Forest model, we see that
CO2 is the dominant variable, so it has the largest impact on the prediction of RNEC. The
red dots on the CO2 line indicate high emission values and are clustered, as seen in the
negative area. This indicates that high CO2 levels reduce the energy transition. EIPE also
has a moderate negative effect, which may indicate that economies with high energy con-
sumption per unit of GDP are slower to decarbonize. The negative relationship observed
in the case of EIPE reflects the fact that high levels of energy intensity are associated with
short-term structural and technological rigidities. For example, dependence on conven-
tional energy infrastructures and limited capacity to adapt quickly to renewable sources
are such existing rigidities. These effects in the SHAP analysis are captured as local and
conditional marginal contributions. They highlight operational constraints that can delay
the energy transition even in economies on a long-term adjustment path.

The SHAP structure in Figure 7 for XGBoost also confirms the major importance of
CO2. However, we observe that the distribution of points is more compact. This indicates
a more stable relationship and a model that is better trained. High values of CO2 (red)
generate important negative influences, reducing RNEC. On the other hand, low values
(blue) contribute positively. EIPE retains the same negative effect as in Random Forest,
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but the XGBoost model captures the variation more clearly: high energy consumption
penalizes the green transition. RDE presents a still moderate positive impact, and the
other variables (TRD, URB, GDP) remain secondary predictors, with reduced and partially
nonlinear influences.

Figure 6. SHAP summary plot for Random Forest model.

 

Figure 7. SHAP summary plot for XGBoost model.

It can be seen that there are differences in the ranking of the variables between the
Random Forest and XGBoost models. These were expected given the different learning
mechanisms of the two algorithms. Random Forest is based on an ensemble of independent
trees built through bootstrap aggregation, capturing average and robust relationships in the
data, while XGBoost uses a sequential boosting procedure, which places greater emphasis
on observations that are difficult to explain and on fine nonlinear interactions. Therefore,
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it is normal for XGBoost to give a higher relative importance to variables that explain
specific residual variations. On the other hand, Random Forest rather reflects stable global
influences. In conclusion, the differences do not indicate inconsistencies but represent the
fact that the two models are complementary.

The SHAP analysis at the country level from Figure 8 highlights significant differences
in the mechanisms through which explanatory variables influence the energy transition
measured by RNEC. In Spain, Poland, and France, high CO2 emissions have a significant
negative impact on RNEC, indicating that carbon intensity remains a major obstacle to
energy progress. In Romania and Italy, energy investments (EIPE) and urban development
(URB) have more consistent positive effects, suggesting that infrastructure modernization
and urban expansion support the adoption of renewable resources. A distinct situation is
observed in the Netherlands and Germany, where trade (TRD) and the level of economic de-
velopment (GDP) generate strong variations in the prediction, reflecting the more advanced
integration of the economy with European energy markets. Overall, SHAP confirms that,
although CO2 remains the dominant negative determinant in most countries, the structure
of positive factors differs significantly, indicating heterogeneous national trajectories of the
energy transition within the SPRING-F group. An important observation to mention is the
difference observed between the sign of the EIPE coefficient estimated in the ARDL panel
model and the negative contribution highlighted by the SHAP analysis. These differences
do not indicate an inconsistency of the results or a contradiction, but reflect different mech-
anisms of the energy transition analyzed on different time horizons and under distinct
analytical assumptions. The result from the ARDL panel model captures a structural equi-
librium relationship at the panel level. This indicates that economies characterized by high
energy intensity, over time, are subject to greater pressure to adopt renewable sources so as
to reduce dependence on fossil fuels. This effect is called the compensation effect. As for the
SHAP analysis, it is derived from ML models and describes local marginal contributions,
conditioned both by the effective values of the variables and by nonlinear interactions. In
this sense, certain high levels of energy intensity are associated with technological rigidi-
ties and delays in the energy transition process, but only in the short term and in certain
intervals of the data distribution. Thus, both econometric and ML algorithm-based results
are complementary. They simultaneously highlight both long-term structural pressures
and potential short-term operational constraints of the energy transition.

Figure 8. Cont.
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Figure 8. Country-level SHAP summary plots for the XGBoost model (SPRING-F countries).

5. Conclusions and Policy Recommendations
This study analyzed the dynamics of the energy transition within the SPRING-F group.

In this regard, a hybrid approach was used that combines the econometric panel ARDL
model with machine learning algorithms. Based on the results obtained, we can clearly see
that the energy transition in Europe is not a uniform process. It is clear that this transition
differs strongly between Western European economies and those in CEE.

The study was built on the basis of three initially formulated research questions.
Regarding RQ1, the ARDL panel analysis confirms the existence of long-term equilibrium
relationships between renewable energy consumption and its main determinants. It also
conforms to the existence of relatively rapid adjustment mechanisms following short-
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term shocks. From the perspective of RQ2, the results of the ML models highlight the
fact that when nonlinear relationships and heterogeneous effects between countries are
allowed, the determinants and their importance differ significantly. The SHAP analysis
highlights the fact that energy intensity, urbanization, or emissions level have different roles
depending on the national context. This aspect confirms the existence of different energy
transition trajectories within the SPRING-F group. Regarding RQ3, the results obtained
through ML models confirm and extend the conclusions of the panel ARDL model. The
ARDL results capture long-term structural relationships, while the ML and SHAP analyses
reveal local and nonlinear mechanisms that can lead to different short-term effects. This
complementarity demonstrates the value of the proposed hybrid approach and supports
the use of artificial intelligence as an inferential and interpretative extension of econometric
analysis, not just as a predictive tool.

In the exploratory analysis, it was observed that there are two distinct groupings
of countries. Germany, France, and the Netherlands (Western European economies) are
characterized primarily by a high level of renewable energy consumption. Also, major
investments in research and development were observed, and superior energy efficiency
was supported by stable climate policies.

On the other hand, Romania and Poland are still in an early stage of transition devel-
opment. This stage is marked by high energy intensity, lower investment in innovation,
but also by a greater dependence on fossil fuels. In contrast, Spain and Italy, although
recording visible progress, this is uneven, and the two countries occupy an intermediate
position in the energy transition of the countries analyzed.

The ARDL panel model developed confirms the existence of long-term equilibrium
relationships between renewable energy consumption and the economic, energy, and
structural factors analyzed. On the one hand, it was observed that urbanization and
economic growth have a positive and significant effect on renewable energy consumption.
This effect suggests that as long as there is development of urban infrastructure and a
high level of economic prosperity, these factors favor the adoption of green sources. It was
also observed that economies with high emission intensity remain more dependent on
conventional energy sources, given that CO2 emissions have a negative and statistically
significant impact.

Regarding the short-term effects, according to the error correction coefficient, we can
deduce that the adjustment towards the long-term equilibrium is relatively fast. This can
be translated into the fact that energy policies can produce effects within a reasonable time
frame. In addition, it has been observed that investments in research and development
have a delayed positive effect. This aspect reinforces the idea that innovation has a very
important role in the energy transition, but concrete results are observed over time.

In addition to the econometric analyses, the ML models confirm and complement the
conclusions of the preliminary analyses. Random Forest and XGBoost proved to be much
more efficient than the ElasticNet model. This shows that the relationships between the
analyzed variables are predominantly nonlinear. The SHAP analysis carried out highlighted
the fact that CO2 emissions play a dominant role, being one of the main factors that slow
down the energy transition, but also the heterogeneity of national mechanisms. As has been
observed, the energy transition is stimulated differently in the countries in the SPRING-F
group. On the one hand, some are stimulated by economic development and trade, while in
others, urban infrastructure and energy efficiency are more important. It is also important
to note that the difference between the positive effect of EIPE estimated by ARDL and the
negative contribution identified by SHAP highlights the existence of distinct long-term
and short-term mechanisms. In the ARDL panel model, the positive coefficient of EIPE
captures a long-term equilibrium structural relationship between energy intensity and
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renewable energy consumption, which can be interpreted as a compensation effect. In
contrast, the SHAP analysis derived from ML models describes local marginal contributions
conditioned by the effective values of the variables and the nonlinear interactions between
them. From this perspective, high values of EIPE are associated with negative contributions
to the RNEC prediction, indicating that, in the short term or in certain intervals of the data
distribution, high energy intensity reflects technological rigidity and delays in the energy
transition. This complementarity confirms the value of the hybrid approach, allowing
for a more nuanced interpretation of the energy transition. Therefore, the difference in
sign is not the result of a multicollinearity effect, but indicates the existence of a nonlinear
and time-horizon-dependent relationship, which econometric and machine learning-based
approaches capture from complementary perspectives.

From a practical perspective, the results suggest that European energy transition poli-
cies need to be tailored to the specificities of each country. Emerging economies, such as
Romania and Poland, should prioritize reducing energy intensity, boosting investment in
R&D, and modernizing urban infrastructure. At the same time, advanced economies can
accelerate the transition by integrating advanced green technologies and strengthening
regional energy markets. Furthermore, the results obtained indicate that although there
is a common long-term mechanism of energy transition in the SPRING-F group, the var-
ious constraints or priorities set by each country at the national level differ significantly
between the advanced Western European economies and the emerging Central and East-
ern European countries. For the advanced Western European economies, where levels
of urbanization, trade openness, and R&D investment are already high, public policies
should focus on strengthening energy efficiency, accelerating technological innovation,
and advanced integration of renewable sources into existing energy networks. The ARDL
and ML results suggest that, in these economies, emission reductions and increasing the
share of renewable energy are strongly correlated with R&D investments and market
mechanisms, indicating the need for policies oriented towards innovation, flexibility, and
infrastructure optimization. In contrast, for emerging economies in Central and Eastern
Europe, the energy transition is constrained by a higher structural dependence on fos-
sil fuels, lower levels of investment in innovation, and institutional rigidities. In these
cases, policies should prioritize the modernization of energy infrastructure, reduce energy
intensity, and increase the absorption capacity of green technologies, including through
the use of European funds and foreign direct investment. Therefore, the results of this
study support the need for differentiated energy transition strategies at the European level,
combining common decarbonization objectives with policy instruments adapted to the
level of economic development and institutional capacity of each economy.

Although the study provides a comprehensive analysis of the energy transition within
the SPRING-F group, it is important to mention the limitations of the work that may open
natural directions for future research. It is important to mention the limitations regarding
the sample size, both in terms of the number of countries analyzed and the time period.
In the study, the choice of the SPRING-F group was intentional, aiming to capture the
heterogeneity between advanced and emerging economies in the European Union. Future
research may extend the analysis to more countries or integrate a more detailed regional
approach. Another limitation could be related to the set of variables used. Although
the indicators in this study were selected to capture specific and important dimensions
of the energy transition, there are other relevant factors that were not included. For
example, energy prices, green fiscal policies, or governance indicators were not included
and could bring new information to future research studies. It is important to note that
these limitations do not reduce the relevance of the results obtained, but rather emphasize
the exploratory and applied nature of the research. These limitations also open up new
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horizons for future research directions that contribute to the understanding of the energy
transition in Europe. It is also important to mention that in the econometric model, the
dependent variable RNEC generally captures the substitute dimension of energy sources,
without fully covering other components of the energy transition, such as energy security,
network infrastructure, or institutional changes. Future analyses could extend the proposed
framework by using composite indices or integrated measures of the energy transition.

In conclusion, the combination of econometric models and machine learning algo-
rithms provides a more complete picture of the energy transition and demonstrates the
usefulness of hybrid approaches in the analysis of complex economic processes. The results
obtained can constitute a relevant support for the formulation of differentiated, efficient,
and long-term sustainability-oriented energy policies. Basically, the results show that the
combined use of econometric models and artificial intelligence methods allows for a deeper
understanding of the dynamics of the energy transition, demonstrating that AI can function
as an inferential and interpretative extension tool, not just predictive.
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Abbreviations
The following abbreviations are used in this manuscript:

ARDL Autoregressive Distributed Lag
CEE Central and Eastern Europe
ECT Error Correction Term
EIPE Energy intensity level of primary energy
CO2 Carbon dioxide emissions
GDP Gross Domestic Product
RDE Research and development expenditure
RNEC Renewable energy consumption
TRD Trade openness
URB Urban population
LLC Levin-Lin-Chy unit root test
IPS Im-Pesaran-Shin unit root test
ADF Augmented Dickey–Fuller
R&D Research and Development
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EU European Union

SPRING-F
Denotes a group of European countries characterized by different levels of
sustainability performance and economic resilience, selected to capture
heterogeneous trajectories of the energy transition.

ML Machine Learning
XGBoost Extreme Gradient Boosting
SHAP Shapley Additive exPlanations
AI Artificial Intelligence

Appendix A

 

Figure A1. Time-series evolution of key energy transition variables (2000–2024) across the SPRING-
F countries.
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Table A1. Kao residual-based panel cointegration test.

Test Statistic p-Value Conclusion

Kao ADF −4.65 0.00 Cointegration

Table A2. Long-run standardized coefficients and elasticities.

Variable Coefficient Standardized Coefficient Elasticity at Means

CO2 −1.09 −0.59 −0.88
EIPE 1.21 0.47 0.61
GDP 2.61 2.90 10.99
TRD −0.26 −0.15 −0.47
URB 5.53 1.54 9.82
RDE 0.33 0.35 0.03

Figure A2. Confidence intervals of long-run panel ARDL coefficients. The colored bars indicate
the confidence intervals at the 0.9, 0.95, and 0.99 levels. The red horizontal marker labeled “Coef.”
represents the point estimate of the long-run coefficient.
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Figure A3. Confidence ellipse for long-run coefficient stability. The blue ellipses represent the
joint confidence regions of the estimated coefficients, while the red dots indicate the corresponding
point estimates.

Appendix B

Table A3. Robustness check: Panel ARDL (3, 2, 2, 2, 2, 2, 2) with CO2 as dependent variable.

Variable Coefficient Std. Error t-Statistic Prob.

Long run equation

EIPE 1.17 0.08 13.52 0.00 ***
RNEC −0.23 0.03 −6.83 0.00 ***
TRD 0.38 0.12 3.02 0.00 ***
URB −3.02 0.44 −6.78 0.00 ***
RDE 0.12 0.03 3.15 0.00 ***
GDP 0.60 0.10 5.81 0.00 ***

Short run equation

Cointeq01 −0.51 0.16 −3.14 0.00 ***
D (CO2 (−1)) −0.14 0.13 −1.08 0.28
D (CO2 (−2)) −0.24 0.10 −2.28 0.02 **

D (EIPE) 0.06 0.13 0.44 0.65
D (EIPE (−1)) 0.25 0.11 2.17 0.03 **
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Table A3. Cont.

Variable Coefficient Std. Error t-Statistic Prob.

Short run equation

D (RNEC) −0.13 0.08 −1.63 0.10 *
D (RNEC (−1)) −0.09 0.03 −2.72 0.00 ***

D (TRD) −0.01 0.06 −0.16 0.86
D (TRD (−1)) −0.24 0.10 −2.33 0.02

D (URB) −209.21 148.92 −1.40 0.16
D (URB (−1)) 64.81 83.87 0.77 0.44

D (RDE) 0.04 0.17 0.25 0.79
D (RDE (−1)) 0.22 0.20 1.08 0.28

D (GDP) 0.38 0.26 1.47 0.14
D (GDP (−1)) 0.44 0.35 1.26 0.21

C 3.67 1.29 2.83 0.00 ***

Validation metrics

Root MSE 0.01 Mean dependent variable −0.01
S.D. dependent var 0.05 S.E. of regression 0.02

Akaike information criterion −4.30 Sum squared residuals 0.03
Schwarz criterion −2.17 Log likelihood 494.63

Hannan-Quinn criterion −1.90
*, **, *** significant at 10%, 5%, and 1% level.
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