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Abstract

This research evaluates how energy consumption per capita (ENUS) is affected by Environmental,
Social, and Governance (ESG) factors, with particular focus on the Environmental pillar and its
relationships with energy systems. The key research question is whether and how indicators related
to ESG provide additional explanatory power for capturing variations in ENUS across countries and
time, and whether machine learning techniques offer novel ways to address this problem beyond
traditional panel econometric models. To this end, this research aims to combine panel econometric
models and machine learning procedures, using a large dataset from the World Bank that provides
internationally comparable data for approximately 161 countries during the period 2004-2023. From
a methodological standpoint, this research will consist of three key steps. In a First Step, a sequence
of fixed-effect, random-effect, and weighted least-squares models will be applied, with a specific
focus on identifying how a large set of ESG-related variables relate to ENUS in a structural equation,
controlling for country-specific unobserved heterogeneity. As a second step, this research will
explore a sequence of clustering procedures, with a specific interest in identifying a number of
regimes across which countries systematically co-pattern energy use with emissions, climate, and
natural resources in a shared, multidimensional setting. In a third and final step, this research will
evaluate a set of machine learning techniques through a sequence of assessments, with a specific
focus on the K-Nearest Neighbor algorithm. It will identify that this technique is one of the most
accurate models across a set of normalized criteria, such as accuracy and fit parameters. Model
explanation will be improved through dropout loss and additive explanations, consistently assessing
individual ESG variable weights in describing energy use. The analysis provides novel evidence that
a strong and complex multideterminant pattern defines the relationships between ESG factors and
energy use, with a strong influence from environmentally driven indicators, emissions intensity,
energy efficiency, and natural resource usage, and with a complex interplay between social and
governance pillar variables in driving energy consumption through development, institution, and
structure variables.

Keywords: energy use per capita; ESG framework; environmental sustainability; machine learning;
panel data

JEL Codes: Q40; Q50; C23; C38; O13

1. Introduction

Energy use per capita (ENUS) is a key starting point for research into sustainable development,
climate change, and economic transformation. In this respect, it captures both productive potential
and technological change, as well as living standards and access to modern services, while also
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serving as a key mechanism through which human activity exerts pressure on the environment.
Inasmuch as energy use drives greenhouse gas emissions, air pollution, natural resource use, and
climate change, ENUS is clearly at the fulcrum of the sustainability challenge. However, a lack of
energy use is directly associated with poverty, limited access to health and education services, and
missed economic opportunities. Recently, the Environmental, Social, and Governance (ESG)
paradigm has emerged as the most important metric for measuring sustainability performance across
countries, companies, and financial instruments. ESG variables are extensively used now in policy
formulation, risk assessment analyses, and in financial choices. It acts as a multivariable benchmark
for measuring sustainable advancements (Drago et al., 2025; Saltik, 2024). However, presently, the
empirical literature has yet to shed light on the proper positioning of the energy use per capita within
the ESG system. Most empirical analyses to date view energy use through scattered observation
points that predominantly focus either on the economic growth aspect of energy use or on the carbon-
emission performance of energy use (Horbach, 2024; Sahin, 2025). There are other analyses that
examine ESG variables as outcomes or predictors in financial or institutional settings, but do not
explicitly incorporate energy use as the central variable affected by ESG processes (Tan et al., 2025).
It has often resulted in energy use being predominantly the focus of observations, either in the context
of the environment or as a control variable outside ESG regimes. It indicates a lack in the empirical
literature. Firstly, very few studies exist on ENUS and ESG factors at a large scale (Afzal et al., 2025).
Secondly, although environmental factors are considered in these studies, they apply linear
econometric analysis (Davidescu et al., 2025) only when using large international datasets. However,
it is important to analyze regions with diverse development paths, energy structures, environmental
challenges, and so on, in the context of sustainable development. Furthermore, current research on
energy, sustainability, and machine learning remains an independent process, focused on forecasting
accuracy rather than interpretability and theoretical orientation (Lopez-Flores et al., 2025; Xie et al.,
2024). This paper fills this void in the literature by presenting an original and comprehensive
empirical analysis of energy use per capita within the ESG framework, particularly the
Environmental dimension. The originality of this study essentially resides in three main dimensions:
the conceptual dimension, which presents an original interpretation of ENUS not only as a peripheral
or technical indicator of ESG factors, but also as an essential outcome variable influenced by ESG
environmental factors. The methodological dimension proposes an original approach that combines
panel econometrics, clustering analysis, and machine learning methods within a comprehensive,
unified framework. Conceptually speaking, the paper departs from the traditional divide between
energy, on the one hand, as an driver for environmental degradation, and energy on the other, as an
input into economic value added. Indeed, the paper considers the ENUS not merely as an intersection
of energy and environmental degradation, but as part of the broader environmental system viewed
through the lens of ESG factors. Thus, environmental management is conceptualized not only with
regard to emissions but also through resource use, climate-related stresses, integrity of ecosystems,
and energy system factors. Methodologically speaking, the article offers an integration of
complementary methods that have been combined very rarely in the ESG and energy literature. First,
panel data methods are used to establish structural connections between ENUS and environmental
variables by exploiting cross-country differences and time-series variation (Davidescu et al., 2025).
Fixed effects models, random effects models, and Weighted Least Squares methods are all applied to
ensure robustness and to overcome typical heteroscedasticity and autocorrelation problems in cross-
country panel analysis. Second, it presents an application of the clustering technique to identify
underlying environmental regimes in which energy consumption is linked in its trajectory to various
environmental variables: emissions, climate, resource depletion, and energy characteristics. This is
an entirely novel approach because applying clustering analysis to ENUS issues has rarely been
attempted in the ESG framework. Rather than imposing a single global relationship between
environmental variables and energy consumption, the clustering analysis proposes several scenarios
for different sustainability paths (Afzal et al., 2025). These CL’s point to the fact that different energy
consumption patterns may be supported by very different patterns in environmental variables; that
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high or low values of ENUS have no meaning unless considered in the wider context of the
environment. Third, it integrates analyses based on machine-learning algorithms to improve
prediction accuracy by leveraging their stronger ability to handle complex relationships beyond the
reach of standard econometric techniques. A set of algorithms is comparatively tested using an
extensive set of normalized performance criteria, accounting for error measures and explanatory
power. The outcome clearly shows that the K-Nearest Neighbors (KNN) algorithm distinguishes
itself from others by its superior accuracy and robustness, as it better explains energy consumption
by leveraging established environmental variables (Sahin, 2025; Lopez-Flores et al., 2025). An
important feature of this study is that it neither applies machine-learning algorithms in a “black box”
way nor uses an uninterpretable explanatory variable set. The interpretation problem is overcome by
applying dropout-based and additive-explanation techniques to estimate each individual variable’s
contribution to energy consumption prediction. The empirical findings yield several new insights
that directly address the gaps identified in the literature review. Firstly, panel regressions indicate
that ENUS is significantly and deterministically driven by environmental pressure variables,
emissions intensity, energy efficiency, and resource use variables, including carbon dioxide
emissions, emissions of greenhouse gases above CO2, water withdrawals, waste production, and
energy intensity (Davidescu et al., 2025). Not only do these results substantiate the fact that energy
use incorporates deeply complex environmental dynamics and processes rather than operating
strictly as a consequence of purely economic activities, but they spell out a clear message about the
costs associated with the pursuit of environmentalism at the expense of energy progress for emerging
nations which continue to dominate the world order at the dawn of the 21st century. Secondly, results
based on clustering indicate a complex set of environmental regimes that fall into two broad
categories — those that display high energy use associated with extreme environmental pressures and
those that reflect high ENUS measures associated with comparatively moderate environmental
pressures, reflecting their different sets of efficiencies and energy sources. On the other hand, low
energy use regimes indicate countries with high natural capital or higher renewal rates, whereas
others are associated with structural constraints and environmental pressures (Afzal et al., 2025;
Horbach, 2024). Thirdly, results based on machine learning point out the primacy associated with
non-linear local relationship dynamics that effectively determine ENUS measures. Not only do these
results reinforce that energy use owes a great deal to similarities between countries' environmental
variables and confirms the view of environmental scientists that countries continue along their
specific environmental trajectories or routes rather than being forced into a globally convergent
manner as argued among neoliberals and neoclassicals associated with globalization theory
(Horbach, 2022; Ilisko et al., 2020), but they indicate that emissions variables, overall environmental
efficiencies and pollutions, as well as climate change variables owe a great deal compared to
structural variables and land variables associated with their determinations as confirmed
innovatively by interpretability analysis procedures and methods (Sahin, 2025; Xie et al., 2024). On
the whole, this article is an original contribution inasmuch as it integrates ESG analysis, energy
economics, and machine learning. This paper clearly illustrates that energy use per capita is far too
complex to be addressed from either structural inference or regime detection alone. Rather, it is
argued that knowledge about energy per capita is best acquired via an integrated approach that
combines structural inference, regime detection, and predictive analysis. By locating countries” ESG
scores within ESG-defined multidimensional environmental regimes, it is easier to gain a
sophisticated perspective on sustainability issues. Indeed, this paper’s analysis clearly indicates that
energy and climate policies must be matched to differentiated regimes rather than treated in a generic
way. Thus, this paper is an original contribution vis-a-vis both empirical and ESG-based analyses of
sustainability challenges (Drago et al., 2025; Tan et al., 2025).

The article continues as follows: the second section reviews the literature on energy consumption
and ESG, highlighting the main theoretical perspectives and empirical gaps. The third section
presents the methodology, data, and theoretical framework, introducing the integrated use of panel
data econometrics, machine learning regression, and clustering techniques. The fourth section
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analyzes the relationship between energy use per capita and the Environmental (E) pillar of ESG
using multimethod empirical evidence. The fifth section examines the Social (S) determinants of
energy consumption, focusing on social development, labor markets, and demographic dynamics.
The sixth section investigates the role of Governance (G) indicators in shaping energy use through
institutional quality and regulatory effectiveness. The seventh section interprets energy use per capita
as a multidimensional ESG nexus by integrating results across all three pillars. The eighth section
discusses policy implications within an integrated ESG framework. The final section concludes by
summarizing the main findings and contributions of the study.

2. Literature Review

Recent research increasingly positions environmental, social, and governance (ESG)
considerations as the guiding principle for understanding the transformation of modern energy
systems. As a guiding principle, energy efficiency and transformation are perceived not only from a
technological perspective but also through the lens of a complex process, whose contours are shaped
by the quality of governance, financial structures, technological change, and human capital. Research
on the subject is increasing, exploring how the integration of ESG considerations affects energy
efficiency at the corporate, sector, and macroeconomic levels, while acknowledging the value-
creating potential of a cohesive ESG approach, alongside the risks posed by poor governance and
greenwashing. Recent research also highlights the growing integration of ESG considerations into
the global energy sector and views ESG factors as a strategic means to improve energy sustainability
and competitiveness. Adedokun (2026) highlights the legal and institutional integration of ESG
factors for Nigeria's energy transition in its oil and gas industry and asserts that sound ESG
governance structures can expedite the transition to energy sustainability. Nor et al. (2026)
demonstrate the beneficial impact of digital advancements and smart technologies on the ESG
performance of Malaysian buildings and validate technological innovation in energy efficiency and
ESG performance. Li and Darko (2025) empirically demonstrate, in their evolutionary game model
analysis of energy efficiency strategies, that governments’, corporations’, and markets” cooperation
strategies maximize energy efficiency and reflect stakeholder interactions in ESG strategy design.
Green financing's specific beneficial impact on energy carbon neutrality has been found in research
by Lou (2025) and reflects the critical influence of financial system integration on the ESG energy
transition. Empirical evidence of the relationship between ESG performance factors and energy
efficiency and profitability has been provided in studies by Madwe et al. (2025) and Burinskiené et
al. (2025), reflecting the ESG performance strategy's overall "double dividend" of improved energy
sustainability and profitability. A new energy-sharing strategy using Nash Negotiation has been
proposed by Wang et al. (2025), suggesting ESG performance strategy value-creation collaboration.
At the same time, Yiicel (2025) assesses greenwashing and legitimacy risks in ESG performance and
energy transition strategy data, and reflects on the integrity of ESG strategy data. Yu et al. (2025) also
outlined approaches to validating and improving the accuracy of energy ESG performance strategy
data, the impact of text mining on energy ESG performance strategy data, and the validation of
strategy synergies with the United Nations' sustainable development goals. Final considerations
emphasizing human subcapital, digital skilling in energy, and the validity of ESG strategy success
and performance have been provided in Ragazou et al. (2025). Collectively, these findings point to a
fundamental message: for a sustainable energy transformation, a systemic integration of governance,
financing, technology, and human capabilities is required. In an ESG context, energy efficiency stands
out not only as a technological tool but also as a strategic approach that promotes sustainability and
resilience. In terms of fiscal incentives aimed at energy efficiency savings and emission cuts, for
example, Wu & Min (2025) found that these measures not only contribute to energy savings but also
further improve the effectiveness of green technology innovations, establishing a direct link between
national energy policies and enhanced ESG progress in corporations. Similarly, in a study by Mao et
al. (2025), energy transition policies in China’s demonstration cities were found to result in notable
ESG improvements, establishing a link between reduced fossil fuel dependence and enhanced ESG
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performance. Liu et al. (2025) and, further, a separate study by Khan et al. (2025) confirm this link by
showing that digital transformation policies further improve a firm’s effectiveness in energy resource
management and ESG alignment. This association is further defined by Mengyuan et al. (2025) as an
ESG risk assessment framework specific to the energy sector, with yardsticks provided for evaluating
the sustainability of energy production and consumption. In addition, evidence at the
macroeconomic level by Zhang et al. (2025) indicates that improved corporate ESG performance due
to energy transitions leads to greater social welfare benefits, while Wang and Wang (2025) suggest
that specific green bonds and carbon pricing instruments direct investments towards low-energy and
low-carbon strategies. Adaptive ESG policies to manage energy transitions are a critical imperative
for balancing the energy and climate challenges discussed by Narayan et al. (2025) for emerging
countries. Supporting evidence on Al and cloud-based solutions by Niu et al. (2025), Zhou et al.
(2025), and Aljohani (2025) suggests improved energy efficiency and greater environmental
disclosure on ESG statements. Companies following best ESG energy management policies have also
demonstrated reduced capital expenditure (Wilberg et al., 2025), thus explicitly confirming that
economic benefits, along with ecological advantages, support energy sustainability. Mufungizi and
Mpaka’s (2025) study demonstrates ESG integration in the Congo DR’s mining industry, turning
resource extraction into sustainable energy consumption, proving that quality governance decreases
the energy intensity of resource extraction. Kiran et al. (2025) examine ESG investments in G8
countries and conclude that ecological sustainability is enhanced through clean production and
efficient energy resource allocation, demonstrating that quality governance moderates the effect of
energy consumption on the environment. Jin’s (2025) ESG-conformal investment in SMEs boosts
green economic revival and sustainable resource innovation, while Liu et al. (2025) detail an
optimization approach for micro-grid-scale energy consumption, demonstrating that intelligent
planning can achieve an optimal ESG approach through zero waste and maximum renewable energy
consumption. ESG performance is further confirmed in global financial planning through
improvements in market value and sustainability assessments in the energy and utility sector when
efficient energy consumption is implemented, as demonstrated by Christine et al. (2025). At a
governance level, Zournatzidou et al. (2025) discuss threshold effects of ESG performance and energy
policy efficiency in Europe. It is inferred that better ESG performance is directly related to more
efficient energy use. On the contrary, Singh and Arora (2025) argue that companies with strong ESG
performance could potentially mislead on energy efficiency. Gao et al. (2025) discuss greenwashing
practices in electric cars and found that inefficient ESG performance misleads about efficient energy
output. Authors such as Kweh et al. (2025) and Wieteska-Rosiak (2025) demonstrated that ESG
practices and sustainable design achieve greater energy efficiency and resilience in European cities,
and reiterated that efficient energy use is a prerequisite for achieving good ESG performance.
Sorrosal-Forradellas et al. (2025) demonstrated that, through financial and sustainability performance
strategies in investment funds, energy-efficient investment is possible and aligns with the ESG energy
strategy. Costanzo et al. (2025) discussed the use of cyclical resources for fertilizers derived from
organic wastes, which reduces energy intensity and, conversely, promotes environmental and
economic aspects of ESG performance. Sklavos et al. (2025) discussed green accounting in European
financial institutions and demonstrated that efficient energy use and ESG performance are directly
correlated with financial performance metrics. Magaletti et al. (2025) extend the lesson to the
construction industry and observe a significant energy-savings potential from the use of
decarbonization strategies informed by ESG factors. Veisi (2025) finds that the increased use of
corporate sustainability reports in the Wisconsin region increasingly aligns energy transition
strategies with climate governance. Riti et al. (2025) and Dong et al. (2025) indicate that the increased
use of Al and innovation networks improves companies’ ESG performance by encouraging the use
of energy-efficient strategies and green technologies. Jin et al. (2025) offer additional insights into the
increased use of energy efficiency credit guidelines as a boost to low-carbon innovation and ESG
performance. Alkhalifa (2025) expresses reservations about treating LEED as a proper proxy for
energy-related ESG factors. Fu et al. (2025) observe an increased reliance on globalization in the
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diffusion of green technologies. Lastly, Gao et al. (2025) observe an increase in the use of effective
ESG performance to augment total factor productivity in the energy company sector. See Table 1.

Table 1. Key Thematic Streams Linking Energy Use and ESG Performance in the Literature.

Relationship B E
Macro-Theme Key Studies  Main Findings elationship Between Energy Use

and ESG
ESG integration in finance
1. Financial and Sorrosal- an.d account.ing systems Financial institutions ad(?pting ESG
drives sustainable frameworks channel capital toward

Governance Forradellas et al'investment and enhances  low-energy, low-carbon sectors
Mechanisms for (2025); Sklavos 8Yr ’

Sustainable et al. (2025); Gaoeco—efﬁ(:lency. High ESG proving that energy efficiency

performance reduces strengthens financial stability and
E 1. (202
nergy Use etal. (2025) financial risks and improves ESG value creation.
productivity.

Technology-oriented ESG strategies
optimize industrial energy use by
fostering innovation, reducing

Al adoption, innovation
networks, and credit
incentives stimulate green

2. Technological Dong et al.
Innovation and (2025); Jin et al.
Energy (2025); Riti et al.
Efficiency (2025)

emissions, and improving ESG
technology and low-carbon ’ PToving -
scores across energy-intensive

sectors.

innovation.

Studies on circular economy

Costanzo et al. Circular design and sustainable

3. Built and buildin
. (2025); e certification systems lower building
Environment . decarbonization show how . .
. Magaletti et al. . energy consumption and align
and Circular .._environmental and . . .
Enerev Svstems (2025); Alkhalifa overnance indicators drive operational practices with ESG
8Y Y (2025) & sustainability standards.

resource efficiency.

Global interconnectivity and
4. Globahz?\t.lon, Fu et al. (2025); transp.arent corporate
Accountability, . .. reporting accelerate the
Veisi (2025); . .
and Corporate global diffusion of green
. Gao et al. (2025) )
Transition technologies and energy
transition policies.

Global ESG alignment enhances
energy accountability and carbon
reduction, linking responsible
governance to more efficient global
energy use.

Note. This table summarizes the main strands of the recent literature examining the relationship between energy
use and Environmental, Social, and Governance (ESG) factors. It highlights key macro-themes, representative
studies, principal findings, and the mechanisms through which ESG-related financial, technological,
institutional, and structural factors influence energy efficiency, carbon intensity, and sustainable energy

consumption patterns across sectors and countries.

3. Methodology, Data and Theoretical Background

The research aims to use the intersection of panel data econometrics, unsupervised clustering,
and machine learning techniques to investigate the role of Environmental, Social, and Governance
(ESG) factors, particularly the Environment dimension, in influencing energy use normalized for
population (ENUS) across countries. This will be done by adopting recent research recommendations
that call for the complementary use of econometric techniques and data-driven approaches for
modeling sustainability trends in the energy arena (Davidescu et al., 2025; Saltik, 2024). To make
trends comparable across nations, the research will use the World Bank's World Development
Indicators dataset. This will provide a consistent framework for modeling, enabling the estimation of
nearly 1,965 observations from an unbalanced panel of up to 127 countries over approximately 17
years. This will provide sufficient flexibility to capture structural heterogeneity and time-series
variability for the respective sets of factors related to the environment, institutions, energy, etc., in
conformity with global ESG rating systems (Costantiello & Leogrande, 2024; Laureti et al., 2023). In
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terms of methodologies, the empirical approach consists of three consecutive steps. In the first stage,
econometric panel-data models with FE, RE, and Weighted Least Squares (WLS) estimators are used
to estimate the structural link between ENUS and ESG factors. The FE model accounts for unobserved
country-specific characteristics, such as geography and energy resource endowment, reflecting the
importance of effective governance as a driver of ESG performance (Laureti et al. 2023). The WLS
technique is used to treat heteroscedasticity and cross-sectional dependence. Additionally, Hausman
tests for FE reliability show that FE is more accurate and robust theoretically than other tests
(Hausman), complementing current trends toward using econometric models in the ESG-energy
literature (Davidescu et al. 2025). The second stage uses the K-Means algorithm in Unsupervised
Machine Learning to discern environmental regimes in which energy use is correlated with
Emissions, Climate Stressors, and Resource Use. The paradigm is consistent with current
classification systems associated with sustainability and environmental conditions (Onomakpo 2025;
Costantiello & Leogrande 2024). The algorithmic clustering is verified using Silhouette Scores, CH
Scores, and Herfindahl Indices to form ten well-balanced subsets for exercising ten distinct ESG-
energy regimes—ranging from energy-intensive to low energy and renewables-based. The third
stage relies on Machine Learning to determine how different statistical models can forecast ENUS
values. This paradigm is consistent with algorithmic studies toward establishing relevance to apply
Machine Learning to further investigate nonlinear associations of ESG-ENUS (Davidescu et al. 2025)
(Saltik 2024). The best-performing algorithm is established using Normalization across MSE, RMSE,
MAE, MAPE, and explanatory strength (R-Squared) for K-Nearest-Neighbor (KNN). Additionally,
Dropout loss helps determine the marginal contributions of select ESG variables to ENUS predictions.
These include CO, Emissions, Energy Efficiency, Waste Generation, and Water Withdrawal.
Theoretical rationales: Specifically, ESG sustainability factors place energy use within a nominated
framework, where energy use is understood in terms of its relationship with economic and
environmental stress. The Environment factor captures relationships among energy management,
energy efficiency, and greenhouse gas emission intensity within the nominated ESG adoptability and
applicability frameworks (Onomakpo, 2025; Costantiello & Leogrande, 2024). The nominated
methodological approach employs econometric models, machine learning algorithms, and clustering
methods in its design and implementation (Figure 1).

The ESG Blueprint for Energy Use

E | ENVIRONMENTAL DRIVERS S | SOCIAL DRIVERS G | GOVERNANCE DRIVERS
CO; Emissions are the Labor Market Activity Strong Institutions
#1 Environmental Driver 2 @ is the Top Social Driver Enable Energy-Intensive
Coz Energy use and carbon emissions { Higher labor force participation and Growth
are tightly coupled, making economic activity directly increase High regulatory quality and
N decarbonization essential. energy demand. ru?e of law support economic
‘ 2 expansion and energy demand.

L

Resource Use and Pollution
Intensify Energy Demand

High water stress, waste generation,
and air pollution are linked to higher
energy consumption.

{0}

O Political Stability
- Boosts Energy
Consumption

b - attract long-term
—_— investment in energy-

intensive infrastructure
q {} and industry.
q

@ Social Development is Energy-Intensive
ﬂ Expanding access to healthcare, sanitation, and

the internet requires significant energy.

& ) FRE A EnergyUse o o @ ;
Energy Inefficiency M (BWS) Female Political .
is a Major Factor ! €O, Emissions Representation is Linked
e ey, = +++ o ——- Sy
ntries with more women in
levels per unit of output. High-Energy, Renewable Ener Low-Energy, parliament tend to have lower
Higgh-lmp:igc); DS — (RENC) 9 + + + Greener p,’gty'“e per-capita energy consumption.

Figure 1. The ESG Blueprint for Energy Use: Environmental, Social, and Governance Drivers. This figure
illustrates energy use per capita as a central ESG nexus shaped by interacting Environmental, Social, and
Governance drivers. Environmental pressures, social development, and institutional quality jointly influence
energy demand, highlighting trade-offs between growth, sustainability, and efficiency within an integrated ESG

framework.
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4. Energy Use and the ESG Environmental Pillar: Evidence from Panel Data,
Machine Learning, and Clustering

4.1. Environmental Pillar of ESG and Energy Use: Evidence from Cross-Country Panel Regressions

This section examines the empirical relationship between the Environmental pillar of the ESG
framework and per capita energy use (ENUS) through a set of panel data regressions. By focusing on
a comprehensive set of environmental indicators related to resource use, emissions, land dynamics,
and energy structure, the analysis aims to capture the multidimensional nature of the E-Environment
component and its influence on national energy consumption patterns. The estimated models
provide insight into how environmental pressure, efficiency, and sustainability-related factors jointly
shape energy demand across countries and over time. We have estimated the following equation:
ENUS; = a + B1(ACEL) it + Bo(AFFV)i + B3(AFWW); + By (CO2P); + Bs(ENIM);;

+ Be(FOSS) i + B7(GEFF)i + Bg(CHAP) ¢ + Bo(TCL) i + B1o(ENIN);
i =161,t = [2004; 2023]

The above empirical model may be conceptually broken down as a mega panel data study on
the impact of the Environmental pillar of the ESG paradigm, henceforth referred to as ‘E-
Environment,” on energy consumption as measured by the dependent variable ‘ENUS.” This
empirical methodology is compatible with a paradigmatic shift in related research towards
emphasizing the importance of environmental pillars of ESG values on economic, financial, and
energy-related outcomes as cited by recent publications (Lapinskiené et al., 2023; Manjengwa et al.,
2025; Tutar et al., 2025). All the other variables have been taken from WorldBank datasets to add
global validation and consistency, along with ‘gold standard’ level credibility to related data as
followed by recent empirical paradigm study publications on related topics involving ESG variables
(Farooq & Thavorn, 2025; Abbas et al., 2025). In this study, there are 127 cross-sections appearing
likely to be countries, which have likely followed an unbalanced panel study period configuration
having a maximum period of 17 years, hence giving rise to a total observation level of 1,965
observations. Conceptually, E-Environment in ESG research includes natural resource management
practices, emissions, ecosystem integrity, and climate-related stresses. This conceptually inclusive
perspective aligns with the existing ESG research context on the joint influence of environmental
variables in measuring sustainability pressures and risks associated with transitioning factors
(Lapinskiené et al., 2023; Tutar et al., 2025). The variables selected in the regression analysis represent
the inclusive perspective. Variables such as electricity access, fossil fuel energy use, renewable energy
variables, greenhouse gas emissions, land use change, and water withdrawal rates together represent
the nexus between the state of the environment and the demand for energy. Thus, ENUS is not simply
conceptualized in the economic context but at the nexus of the structural relationships existing
between environmental sustainability and the energy domain—referencing similar insights from
research on ESG variables and energy transition variables and environmental pressure variables
respectively (Sharipov et al., 2025; Onomakpo, 2025). The estimation of the model uses three different
panel data approaches with a focus on a fixed-effect estimator, a generalized least squares method
using the Nerlove transformation, and a weighted least squares approach assuming unit-specific
error variance. This multi-method estimation approach not only increases the robustness of the
research, allowing for a clear comparison of the stability of coefficients across estimation methods, a
methodological approach typically used in ESG-oriented panel data studies (Aslan-Cetin et al., 2024;
Manjengwa et al., 2025). Furthermore, with high levels of country-specific heterogeneity, a fixed-
effect approach becomes very relevant, where the empirical estimate controls for all time-invariant
country-specific characteristics, such as geography, institutional structures, energy endowment, and
development path. Based on the fixed-effect estimator, the result depicts a high level of goodness of
fit, where the LSDV R-square is well above 0.99, while the within R-square approaches a value of
0.69. This scenario depicts a situation where the time-series fluctuations of E-Environment variables
contribute a considerable share of changes in energy use, across different economies. Joint
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significance of the regressors can be established using the F-statistic for joint restrictions of
coefficients; where p-value approaches zero, confirming the influence of E-variables on ENUS,
consistent with the established evidence on ESG’s role on real-world outcomes (Farooq & Thavorn,
2025; Abbas et al., 2025). Electricity access is revealed as an important factor influencing energy
consumption for all models. With a positive and strongly significant result, increased access to
electricity is associated with increased aggregate energy consumption. From the ESG perspective,
this finding points to the importance of an underlying trade-off for the environmental factor: while
increased access to modern energy services is required for proper social development and inclusion
goals, the potential stress-related impacts for the environment, depending on the underlying energy
mix, might be increased. These trade-offs have been indicated by various studies investigating the
link between ESG performance and sustainable developments in new and developing countries
(Manjengwa et al., 2025; Sharipov et al., 2025). The CAGR-Value-Added sector shows a persistently
negative coefficient, indicating that economies with a more primary-oriented structure present lower
energy availment levels once country-specific variations are accounted for. Under the ESG paradigm,
this indicates that environmental performance is to be understood from its structural angle, where
sectoral differences matter for energy availment trends (Lapinskiené et al., 2023; Tutar et al., 2025).
Annual Water Withdrawals present a positive and significant correlation with ENUS, thereby
attesting to the well-known nexus between water withdrawal and energy availability. The stated
finding is supportive of ESG-approach dwellings that continuously recognize natural resource
extraction and energy systems’ well-known interconnectedness (Abbas et al., 2025; Onomakpo, 2025).
The per-capita carbon dioxide emission shows one of the largest coefficients in the model. The strong
positive relationship between carbon dioxide emission and energy usage indicates the continued
entrapping relationship between the two, thereby indicating less global decoupling. According to the
environmental pillar of ESG, the intensity of emission is a fundamental constituent of environmental
sustainability (Lapinskiené et al., 2023; Farooq & Thavorn, 2025). The energy imports are depicted
with mixed indicators in terms of specifications, owing to the complexities entailed in energy security
in the E-Environment category. With the concerns of heteroskedasticity and across-country variance
taken into full consideration, the negative coefficient in the weighted least squares equation indicates
that import dependence can influence efficiency increases through activities made possible by
structural constraints on consumption, which aligns with contemporary research on energy risk and
sustainability transitions (Sharipov et al., 2025). The energy intensity of primary energy is positively
and significantly correlated with ENUS under all models, thereby validating that energy
inefficiencies directly correspond to increased levels of consumption and implying that energy
efficiency remains a key component of ESG-based sustainable energy funds (Abbas et al., 2025;
Matsali et al., 2025). The consumption of fossil fuel energy has a negative coefficient, potentially
implying substitution/saturation patterns net of emissions and aggregate energy consumption. This
finding illustrates that it is essential to consider and fully understand a series of E-Environment
variables simultaneously and not in aggregate or isolated fashion, particularly within integrated
frameworks of comprehensive ESG analysis (Tutar et al., 2025; Farooq & Thavorn, 2025). Emissions
of greenhouse gases from changes in land use, forestry, methane, nitrous oxide, and tree cover loss
are positively associated with ENUS, thereby offering evidence that various forms of environmental
degradation are sequential patterns concurrent with increments of energy consumption. Such a
finding and pattern validate that previously assigned principles incorporating holistic and integrated
measures of ESG-based sustainable investments continue to effectively explain that variables
associated with environmental pressure measures directly relate and interact systematically and not
in opposition or offsetting patterns (Lapinskiené et al., 2023; Abbas et al., 2025). On balance, the above
discussion highlights that the proposed model delivers robust support to the hypothesis that E-
Environment factors of ESG variables demonstrate significant impacts on energy use. Using World
Bank data, this proposed study confirms that no energy transition research could be accomplished
effectively without taking into consideration the environment factors identified through ESG
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variables, which supports current research on ESG topics (Manjengwa et al., 2025; Tutar et al., 2025;
Onomakpo, 2025). See Table 2.

Table 2. Panel Data Estimates of Environmental ESG Drivers and Energy Use per Capita.

Observation 1965
s

Cross-

sectional 127
units

Time-series

minimum 1, maximum 17

length
DePendent ENUS
variable
Model Fixed Effects Randoml—effects (GLS)‘Using WITS Weights‘based on per-
Nerlove's transformation unit error variances

Coefficient Std. Error t-ratio Coefficient Std. Error z CoefficientStd. Error t-ratio
const 1273.73*** 128.05 9.94  1306.64*** 187.125 6.98  502.12*** 3544 14.17
ACEL 3.33%** 1.17 2.83  3.84** 1.16 3.30  8.23** 0.38 21.21
AFFV -12.59***  2.85 -4.41 -13.57*** 2.82 -4.80 -11.17*** 0.99 -11.17
AFWW 0.23%** 0.05 394  0.22% 0.05 4.07  0.08*** 0.01 6.63
CO2P 298.39***  6.20 48.06 303.14*** 6.10 49.63 389.61*** 2.65 146.9
ENIM 1.33*** 0.10 12.18  1.30%** 0.10 12.02 -0.32*** (.04 -7.69
ENIN 43.32*** 641 6.75  46.35***  6.35 729  4751%* 3.28 14.45
FOSS -14.16*** 1.33 -10.64 -14.95*** 1.30 -11.46 -17.28*** 0.34 -50.67
GEFF 86.22***  30.62 2.81  110.62*** 30.04 3.68  284.21*** 10.29 27.62
CHA4P 70.06***  13.54 5.17  68.79***  13.34 5.15  51.97***  4.67 11.11

8.16216e- 2.53084e- 8.11878e- 2.51170e- 2.20238e- 8.18672e-
TCL 057+ 05 3.22 05+ 05 3.23 05+ 06 2.69

Mean

dependent 2453.03 2453.03

var

Sum

squared 76859902 1.81e+09 1552.56

resid

LSDVR- 994240 0.97

squared

LSDV

F(136, 2320.14 8974.34

1828)
Statistics %8 ~13177.41 ~16278.88 2556.75

likelihood

Schwarz 393 73 32641.17 5196.92

criterion

S.D.

dependent 2606.591 2606.59

var

SE. Of. 205.0510 961.05 0.89

regression

Within R, 69120 0.

squared

P-value(F) 0.000000 0.00
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Akaike e 8 32579.75 5135.510
criterion
Hannan- 519 93 32602.32 5158.081
Quinn
Durbin-

1.06 1.06
Watson

Tests

Test statistic: F(10, 1828) =
409.21 with p-value = P(F(10,
1828) >409.21) =0

'Between' variance =
2.30111e+006 'Within'
variance = 39114.5 mean
theta = 0.963999

Test for normality of
residual -

Null hypothesis: error is
normally distributed Test
statistic: Chi-square(2) =
2205.13

with p-value =0

Test for differing group
intercepts - Null hypothesis:
The groups have a common
intercept Test statistic: F(126,
1828) = 126.433 with p-value
=P(F(126, 1828) > 126.433) =
0

Joint test on named
regressors Asymptotic test
statistic: Chi square(10) =
4422.15

with p-value=0

Pesaran CD test for cross-
sectional dependence -
Null hypothesis: No cross-
sectional dependence
Asymptotic test statistic: z =
7.27548 with p-value =
3.45201e-13

Distribution free Wald test
for heteroskedasticity -

Null hypothesis: the units
have a common error
variance Asymptotic test
statistic: Chi-square(124) =
2.37516e+29 with p-value =0

Breusch-Pagan test - Null
hypothesis: Variance of the
unit-specific error =0
Asymptotic test statistic:
Chi-square(1) = 6288.96 with
p-value=0

Test for normality of residual
- Null hypothesis: error is
normally distributed Test
statistic: Chi-square(2) =
6679.36 with p-value =0

Hausman test - Null
hypothesis: GLS estimates
are consistent Asymptotic

test statistic: Chi-square(10) =

61.5036
with p-value = 1.88023e-09

Wooldridge test for

autocorrelation in panel data Test for normality of residual

- Null hypothesis: No first-
order autocorrelation (rho = -
0.5) Test statistic: F(1, 121) =
46.1894 with p-value = P(F(1,
121) > 46.1894) = 4.31079¢-10

- Null hypothesis: error is
normally distributed Test
statistic: Chi-square(2) =
1818.88 with p-value =0

Pesaran CD test for cross-
sectional dependence - Null
hypothesis: No cross-
sectional dependence
Asymptotic test statistic: z =
12.2128 with p-value =
2.6556e-34

Wooldridge test for

autocorrelation in panel data

- Null hypothesis: No first-

order autocorrelation (rho = -

0.5)

Test statistic: F(1, 121) =
46.1894

with p-value = P(F(1, 121) >
46.1894) = 4.31079e-10
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Pesaran CD test for cross-
sectional dependence - Null
hypothesis: No cross-
sectional dependence
Asymptotic test statistic: z =
10.7956 with p-value =
3.61098e-27

Note: This table reports panel regression results linking energy use per capita (ENUS) to Environmental ESG

indicators across 127 countries. Fixed Effects, GLS, and WLS estimators are compared to assess robustness.
Results highlight the dominant role of emissions, resource use, and energy efficiency in shaping energy

consumption patterns. Asterisks indicate statistical significance levels: *** p < 0.01, ** p < 0.05, and * p <0.10.

4.2. E-Environment Typologies and Enerqy Demand: Evidence from K-Means Clustering

This simple empirical model set up in this study could be considered an extensive panel analysis
concerning the large-scale impacts of the ESG Environmental pillar, from now on referred to as E-
Environment, on energy consumption, represented here through the dependent variable ENUS. This
type of analysis is in accordance with a contemporary and increasing stream of ESG models and
theories that attribute a pivotal role to environmental aspects in ESG regarding economic, financial,
and energy performance (Lapinskiené et al.,, 2023; Manjengwa et al., 2025; Tutar et al., 2025). All of
the model's independent variables are taken from World Bank sources in this study, which is a
strategy aiming at universality and consistency in methods and accuracy in derived facts and figures
in this ESG empirical analysis, a strategy increasingly used in contemporary ESG empirical models
and papers (Farooq et al., 2025; Abbas et al., 2025). The analysis includes 127 cross-sectional entities
possibly representing countries, in an unbalanced panel, of maximum 17-year length, totaling 1,965
observation sub-units in general. On a conceptual level, E-Environment covers natural resource
management, emissions, ecosystem integrity, and climate-related stressors in the ESG dimension.
This multi-faceted view is in line with ESG research, which points to environmental factors
collectively indicating pressures towards sustainability (Lapinskiené et al., 2023; Tutar et al., 2025).
The regressors considered take this multifaceted approach. These regressors, access to electricity, the
use of fossil fuel energy, renewable energy variable indicators, greenhouse gas emissions, land use
change, and water withdrawal, provide information on how environmental states or performance
intersect with energy demand. On this basis, the value of ENUS can be considered neither economic
performance alone nor the predicate variable but rather influenced by structural relationships
between environmental sustainability pressures and energy patterns, reflecting findings in ESG,
energy transition, or environmental-pressure indicators (Sharipov et al., 2025; Onomakpo, 2025).
Model is estimated using three different panel models of fixed effects, random effects using Nerlove
transformation for Generalized Least Squares, and Weighted Least Squares with unit-specific
variance of errors. The procedure provides stronger robustness of results and also allows comparison
of coefficients' stability across different models. Such methodological design aligns better with
common practices of applying panel models in relation to an ESG focus (ASLAN-CETIN et al. 2024;
Manjengwa et al. 2025). The fixed-effect method appears particularly appropriate due to significant
N heterogeneity and encompasses all time-invariant country characteristics that encompass
geography, institutions, and energy resources that influence economic development. The fixed-effect
results confirm outstanding explanatory models with an LSDV-R-squared of over 0.99 and Within-
R-squared of approximately 0.69. This confirms that temporal changes of E-Environment variables
strongly influence changes in energy use. The joint insignificance of variables was also supported by
an F-test with an effective p-value of 0 and strongly confirms that environmental variables strongly
influence ENUS, which aligns well with other research that confirms strong interrelations between
ESG environmental variables and various economic and energy variables (Farooq & Thavorn 2025;
Abbas et al. 2025). Electricity access is observed to play a major role as a driver for energy
consumption for all models and specifications. This is indicated by the strongly positive and

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.2529.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 December 2025 d0i:10.20944/preprints202512.2529.v1

13 of 65

significant result that demonstrates that increased access to electricity is accompanied by increased
total energy consumption. From an ESG analysis standpoint, the contribution of this result
underscores the importance of the persisting trade-off that requires increased access within the sector
for sustainable social development and inclusive growth, thereby simultaneously enhancing
potential environmental pressures based on the prevailing energy sources and mixes (Manjengwa et
al., 2025; Sharipov et al., 2025). The value added by agriculture, forestry, and fishing reveals a
persistently negative coefficient, implying that more economy-specific emphasis on the primary
sector is associated with lower energy use per capita once country-specific factors are adjusted for.
Within the context of the ESG approach, this result points to the existence of the structural aspect of
environmental behavior, wherein the sectoral composition of the economy underlies energy demand
patterns (Lapinskiené et al., 2023 & Tutar et al., 2025). Annual freshwater withdrawals are positively
and significantly related to ENUS, thereby establishing the strong relationship that exists between
water withdrawal and energy use. This study's result is consistent with the water-energy nexus and
affirms the study approach underpinned by the principles of ESG strategies, which emphasize water
and energy system dependencies and interlinkages related to natural resource extraction and energy
use practices (Abbas et al., 2025 & Onomakpo, 2025). The CO2 emissions per capita has one of the
highest coefficients in the equation. This clearly points towards a close link between energy
consumption and emissions, indicating a less-developed phenomenon of global decoupling. This
result is completely consistent with the ESG framework’s environment dimension, in which the
intensity of emissions serves as a key determinant for the measurement of sustainable risks
(Lapinskiené et al., 2023; Farooq & Thavorn, 2025). The energy import variables have mixed results
in terms of sign. However, taken on its own and incorporating all aspects of heteroskedasticity and
cross-sectional variability of variables, energy imports' negative coefficient on weighted least squares
appears to impose efficiency-enhancing practices and/or structural constraints on energy use in line
with latest research on energy policy risks and sustainable transitions (Sharipov et al., 2025). Energy
intensity of primary energy has a positive and significant relationship with the ENUS, thus
confirming that the effects of a less efficient energy sector translate to increased levels of consumption,
and the need for efficiency measures remains at the forefront of sustainable energy policies based on
ESG ideologies (Abbas et al., 2025; Matsali et al., 2025). Consumption of fossil fuel energy has a
negative coefficient, possibly due to the effects of substitution or saturation after controlling for the
variables of emission and total consumption levels. This further supports the need for a combined
understanding of E-Environment variables, as is the practice in ESG analysis (Tutar et al.,, 2025;
Farooq & Thavorn, 2025). Finally, emissions of LUC, forestry, methane, nitrous oxide, and tree cover
loss share positive correlations with ENUS, implying that processes of environmental degradation
correlate with energy use. These findings confirm ESG-related views that environmental pressures
share a systematic relationship in ESG analysis, which are not offset by one another (Lapinskiené et
al., 2023; Abbas et al., 2025). To sum up in the form of a conclusion, the model developed affirms the
strong influence of the E-Environment constituents of the ESG framework on energy use. This is
owing to the group of variables consisting of environmental pressure indicators, emissions variables,
resource exploitation variables, and efficiency variables. Based on the world bank data and the use of
a panel approach in the research, the conclusion affirms the growing idea in the field of ESG research
studies today (Manjengwa et al., 2025; Tutar et al., 2025; Onomakpo, 2025). See Table 3.

Table 3. Comparison of Clustering and Classification Models for ESG-Energy Use Analysis.

Min

Model R2 AIC BIC Silhou M.ax Separatio Pearso Dunn Entro Calinski- HH
ette Dlametern n’sy py Harabasz Index

BD:;S;y' 1.000 1.000 1.000 1.000 0270 0541  0.677 0522 0.000 0.114 0.828

F _

J;;XSC 0.173 0.032 0.049 0.000 0.000  0.000  0.000 0.000 0.687 0.417 0.000
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Hierarchic
0 0.000 0.000 0.000 1.000 0.640  1.000  1.000 1.000 1.000 0.000 1.000
K-Means 0497 0566 0567 0.700 1.000  0.143 0356 0211 0336 1.000 1.000
Ej:ei?m 0.389 0438 0.438 0.100 0.173  0.651 0227 0595 0.290 0.659 1.000

Note: This table compares alternative clustering and classification approaches using multiple goodness-of-fit,
separation, and information criteria. The metrics evaluate model performance in identifying ESG-energy use
regimes, highlighting the relative strengths of K-Means and density-based methods in capturing structured

patterns linking energy use to environmental sustainability indicators.

Under the ESG framework, and specifically within the E-Environment pillar, the K-Means
clustering results can be interpreted as a set of distinct environmental “regimes” that describe how
energy use per capita (ENUS) co-moves with key environmental, climate, and energy-system
variables. This interpretation is consistent with recent applications of clustering techniques to
environmental and energy data, where unsupervised methods are used to uncover latent
sustainability patterns and development pathways (Krsti¢, 2023; Jiménez-Preciado et al.,, 2025;
Noviandy et al., 2024). Because the reported cluster centers are standardized, positive values indicate
above-average levels relative to the full sample and negative values indicate below-average levels.
Read in this way, the clusters do not merely segment countries (or observations) statistically; they
outline different combinations of energy consumption, emissions profiles, climate conditions, and
environmental pressures that can be understood as ESG-relevant typologies, as suggested in
multidimensional ESG and sustainability analyses (Costantiello & Leogrande, 2024; Saltik, 2024). A
first important result concerns the balance and usability of the partition. Cluster sizes range from 54
to 451 observations, with no single cluster absorbing the majority of the sample. This is important for
environmental interpretation because it suggests that the solution is not driven by one dominant
“global average” group; instead, it captures multiple meaningful environmental patterns associated
with ENUS. Similar balanced clustering structures have been highlighted as desirable in comparative
environmental and development studies using K-Means (Noviandy et al., 2024; Mendoza-Mendoza
et al., 2025). The within-cluster heterogeneity shares are relatively similar across the main clusters
(especially clusters 1, 3, 4, 6, and 7), indicating that K-Means distributes explanatory structure across
several clusters rather than concentrating it in a single group. The silhouette scores reinforce this
interpretation: several clusters show reasonably good separation (notably clusters 2, 5, 8, and 10),
suggesting that some environmental regimes are clearly distinct in the underlying feature space, in
line with best practices in clustering-based environmental diagnostics (Krsti¢, 2023; Jiménez-Preciado
et al., 2025). Focusing on ENUS and its relationship with environmental indicators, the centroids
immediately identify clusters with high-energy, high-pressure profiles. Cluster 8 is the most extreme
case, with ENUS strongly above average and similarly very high values for CO, emissions per capita
(CO2P) and other environmental stress indicators, including large positive values for PM2.5 and
waste-related measures (WSTR). This combination is consistent with an “energy- and emissions-
intensive” regime, where high energy consumption is closely linked with elevated pollution burdens
and greenhouse gas emissions. Comparable high-impact clusters have been identified in studies
examining emissions-intensive development paths and carbon-intensive regimes using clustering
approaches (Lee et al., 2025; Krsti¢, 2023). From an ESG perspective, this cluster can be read as a high
environmental risk profile in which energy use translates into multiple forms of environmental
pressure rather than being mitigated by cleaner technologies or systemic efficiency, a concern
emphasized in ESG-based energy sector analyses (Saltik, 2024). Cluster 10 also exhibits an above-
average ENUS centroid, together with a high CO2P centroid and positive values on several climate-
related variables. Compared with cluster 8, the pattern appears less extreme but still reflects a
development trajectory characterized by high per-capita energy demand and associated emissions.
Together, these clusters highlight a core message of the E pillar: high energy use is rarely
environmentally neutral, and clustering results suggest that it often coincides with higher carbon
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intensity and broader environmental burdens for specific groups of observations. This finding is
consistent with cross-country clustering evidence on emissions drivers and energy use (Lee et al.,
2025; Jiménez-Preciado et al., 2025). At the opposite end of the spectrum, clusters with below-average
ENUS—such as clusters 2, 3, 5, 6, and 7—represent lower-energy regimes, but they are not
environmentally homogeneous. Cluster 2 combines low ENUS with strongly negative values in
several energy-system variables, indicating a low-consumption profile that may reflect limited
industrial energy demand, lower electrification, or structural conditions associated with less energy-
intensive development. Similar low-energy clusters have been documented in environmental and
development-focused classification studies (Mendoza-Mendoza et al., 2025). Cluster 5 shows below-
average ENUS while featuring very high values in variables related to natural capital (such as FRST),
suggesting a regime where energy use is relatively low and ecological endowments are strong, a
pattern consistent with natural-capital-oriented environmental typologies (Noviandy et al., 2024).
Cluster 7 also displays low ENUS but stands out for strong positive values in renewable-related
indicators (RENC) and other environmental variables, implying a low-energy profile potentially
aligned with cleaner energy structures or stronger environmental performance, as observed in
studies linking renewable intensity and environmental outcomes (Lee et al., 2025; Saltik, 2024). A
particularly informative result is that the clustering distinguishes between cases where low ENUS is
associated with environmental advantage and cases where low ENUS coexists with other forms of
environmental stress. For example, some lower-ENUS clusters still show positive values in pollution-
related indicators such as PM2.5 or in greenhouse gases other than CO,, suggesting that low energy
use does not automatically imply superior environmental outcomes. Conversely, clusters with higher
ENUS differ markedly in their environmental signatures, indicating that the relationship between
energy use and environmental impact is mediated by factors such as energy mix, technology, and
environmental regulation. This heterogeneity echoes recent ESG research emphasizing that
environmental performance depends not only on consumption levels but also on structural and
regulatory conditions (Costantiello & Leogrande, 2024; Jiménez-Preciado et al., 2025). Finally, the
silhouette results help identify which environmental regimes are most clearly separated and thus
most reliable for interpretation. Clusters with higher silhouette values, such as clusters 2, 5, 8, and 10,
represent more coherent and internally consistent environmental typologies, whereas clusters with
lower silhouette values, such as cluster 1, may capture transitional or mixed regimes. This distinction
is particularly relevant for ESG reporting and benchmarking, where clarity and stability of
classification are essential for policy and investment applications (Saltik, 2024). Overall, the K-Means
solution provides a balanced and interpretable typology of environmental profiles linking energy use
per capita to emissions, pollution, climate conditions, and energy-system characteristics. The clusters
demonstrate that ENUS is embedded within broader environmental regimes: some are clearly high-
energy and high-impact, others combine low energy use with strong natural capital or renewable
signals, and several occupy intermediate positions where energy use and environmental pressures
interact in more nuanced ways. This multidimensional segmentation is therefore especially useful for
ESG-oriented comparative analysis, as it moves beyond single indicators and captures complex
environmental patterns associated with energy use (Krsti¢, 2023; Mendoza-Mendoza et al., 2025;
Saltik, 2024). See Table 5.

Table 5. K-Means Environmental ESG Regimes and Energy Use per Capita (ENUS).

Cluster 1 2 3 4 5 6 7 8 9 10
Size 153 141 344 451 69 332 153 66 88 54
Explained
proportion

. 0.142 0.063 0.138 0.142 0.050 0.132 0.139 0.103 0.057 0.034
within-cluster

heterogeneity

Within sum of
squares

2.879 1.275 2.806 2.887 1.016 2.680 2818 2.097 1.162 684.816
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Silhouette score 0.059 0.271 0190 0247 0271 0.131 0.115 0.281 0.169 0.299
Center ENUS  0.240 -0.817  -0.572 0455 -0.409 -0.273 -0.811 3.286 0.203 1.451
Center ACFT  0.699 -1.582  -0.164 0.712 -0.865 0.311 -2.019 0.735 0.335 0.722
Center ACEL  0.513 -1.156 0145 0528 -1.199 0.453 -2.370 0.530 0.330 0.513
Center ASNR  0.559 -0.283  -0.252  -0.510 3.153 -0.173 0.534 0.955 -0.248 -0.219
Center ASFD  -0.254  -0.035  -0.157 -0.277 0.581 -0.273 2.171 -0.286 -0.280 -0.287
Center AGRL  -1.284  0.719 -0.106  -0.168 -0.982 0.762 0.124 -0.649 1.046 -0.861
Center AFFV. 0434 1464 0009 -0.740 -0.441 0.083 2.046 -0.867 -0.272 -0.718
Center AFWW  0.896 -0.125  -0.186 -0.176 -0.196 -0.134 -0.190 2.091 -0.193 -0.189
Center CO2P  0.323 -0.829  -0.559 0.320 -0.440 -0.130 -0.894 3.281 0.391 1.385
Center CDD 0.863 1.383 0.675  -1.017 0.604 -0.707 0.572 1.656 -0.653 -0.869
Center ENIM  -0.275  0.160 0171 0365 -3.234 0.259 0.042 -1.085 0.000 -0.032
Center ENIN  -0.001  -0.050 -0.519 -0.399 -0.229 0.358 1.212 0.830 -0.234 0.799
Center FRST ~ -0.890  -0.472  0.587  0.371 2.036 -0.541 -0.024 -1.391 -0.663 0.489
Center FOSS  1.084 -0.769  -0.020 0.027 -0.776 0.564 -2.132 1.159 0.340 0.436
Center GEFF  0.052 -0.823  -0.409 1.124 -1.246 -0.439 -1.072 0.398 0.806 0.745
Center HI35 0.238 1.110 -0.204  -0.357 -0.359 -0.332 -0.208 3.805 -0.307 -0.345
Center HDD  -0.639  -0.767  -0.809 0.809 -0.926 0.657 -0.858 -0.864 0.414 2.160
Center LST 1.138 0914 0495 -1.010 0.335 -0.353 0.685 1.572 -0.344 -1.884
Center WSTR ~ 0.231 -0.149  -0.220 -0.186 -0.289 -0.088 -0.244 4.047 -0.259 -0.232
Center CH4P  0.099 -0.524  -0.166  -0.399 0.686 -0.253 -0.415 3.276 1.738 0.498
Center N20OP  -0.299  -0514 -0270 -0.014 -0.383 -0.161 0.122 -0.569 3.416 0.292
Center PM25  0.359 1.930 -0.252  -0.708 0.021 -0.004 0.346 2.234 -0.800 -0.952
Center RELE  -0.987 -0451 0367 0.091 0347 -0.290 1.170 -1.111 0.163 -0.001
Center RENC  -0.982  1.084  0.100  -0.266 0.895 -0.524 2.107 -1.065 -0.298 -0.568
Center SPEI -0.512  0.048 0151  0.099 0.225 -0.130 0.203 -0.810 0.000 0.463
Center TCL -0.301  -0.225  0.184  -0.235 -0.206 -0.207 -0.063 -0.311 -0.124 4.523
Within the ESG paradigm, specifically within the E-Environment domain, K-Means Cluster

Analysis outcomes could be understood to identify a set of ‘regimes’ through which energy use per
capita (ENUS) variables are jointly mapped. This resonates with contemporary practices of applying
Machine Learning models, such as K-Means, to climate metrics, in which unsupervised algorithms
are used to identify hidden trends in sustainable development (Krsti¢, 2023; Jiménez-Preciado, 2025;
Noviandy et al., 2024). As K-Means clusters are standardized, positive value indices indicate values
above the mean of a variable sampled from a broader set of observations, whereas negative indices
indicate values below the mean. Thus, understood in their broader perspective, these are more than
statistical patterns based on country-identifiers of observations. Set within an alternative paradigm,
rather, these could be understood to be coordinated patterns of energy use and emissions levels,
climatic factors, along with ‘pressures” upon this environment—that could be classified within an
alternative set of ESG paradigm ideas, specifically upon zones of multidimensional climate-
sustainability patterns (Costantiello &#x26; Leogrande, 2024; Saltik, 2024). A major finding concerns
the balance and interpretability of the partition. The cluster sizes range from 54 to 451 cases, and no
cluster contains the majority of the data. Being of environmental significance, this means that instead
of focusing on a single major “global average” type of group, this solution identifies several
significant environmental patterns related to ENUS. Such balanced clustering patterns have
previously been identified as important for comparable environmental and developmental research
using K-Means (Noviandy et al., 2024; Mendoza-Mendoza et al., 2025). The shares of within-cluster
dispersion are quite balanced among the major clusters (especially clusters 1, 3, 4, 6, and 7),
suggesting that K-Means is allocating model-explaining structure to several clusters concurrently
instead of allocating to a single group. The Silhouette measures further underscore this finding and
point to several clusters (especially clusters 2, 5, 8, and 10) being able to discriminate relatively well
in a suitable manner (among environmental regimes specifically) in accordance with proper
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clustering for environmental analysis (Krsti¢, 2023; Jiménez-Preciado et al., 2025). Regarding ENUS
and its correlations with environmental variables, the centroids easily distinguish high-energy, high-
pressure patterns. Cluster 8 stands out as a clear example, where not only is ENUS well above the
mean, but CO, emissions per capita (CO2P) and various other measures of environmental stress,
including very positive values for PM2.5 and waste measures (WSTR), are correspondingly extremely
high. Together, these factors can be categorized as a specifically "energy- and emissions-intensive"
regime, in which energy use is strongly correlated with high levels of both polluting loads and
greenhouse gas emissions. Clusters of this kind have appeared in research on emissions-intensive
development patterns and carbon regimes employing clustering analysis techniques (Lee et al. 2025;
Krstic, 2023). For ESG, this cluster can be considered a high-risk cluster for the environment, where
energy use feeds into various forms of negative, non-mitigated factors, a pattern highlighted in
energy sector ESG research (Saltik, 2024). Cluster 10, by contrast, features a high positive centroid on
ENUS, a high positive centroid on CO2P, and positive measures on a variety of climate variables.
Compared to Cluster 8, a more similar, though still high, pattern emerges, suggesting a development
pathway associated with high energy demand and corresponding levels of emissions. These clusters,
together, reinforce one of the pivotal points of the E pillar of the research framework, namely, energy
demand will often be difficult to act on from an environmentally neutral perspective, being instead
strongly associated with various levels of carbon intensification, as well as corresponding levels of
environmental repositories in a set of pattern-specific observations. These observations concur with
cross-country research assessments, specifically regarding patterns of energy demand and emissions
(Lee et al. 2025; Jiménez-Preciado et al. 2025). On the other hand, with ENUS scores below average,
clusters such as 2, 3, 5, 6, and 7 represent low-energy regions. However, environmental homogeneity
is not present in these groups. In particular, Cluster 2 shows low ENUS values and highly negative
values for energy system variables. Hence, there is evidence of a low energy-consuming pattern.
Likewise, similar low-energy-consuming clusters have been previously established for
environmental development classification (Mendoza-Mendoza et al., 2025). Another case is Cluster 5
with low ENUS values and very high values for natural capital-related variables (e.g., FRST).
Consequently, there is evidence of a low-energy-consuming pattern, yet natural capital is very high.
This supports natural capital environmental typologies (Noviandy et al. 2024). Cluster 7 is
characterized as low ENUS with very high values for renewable energy-related variables (RENC)
and other environmental variables. Thus, there is evidence for a low-energy-consuming pattern. This
is potentially similar to cleaner energy structure regions or regions with improvements regarding
environmental performance (Lee et al. 2025; Saltik 2024). One of the most enlightening outcomes is
the clustering analysis's ability to differentiate between regions with low ENUS values accompanied
by an advantage in the environment and those with lower ENUS values accompanied by different
sources of environmental stress. Take, for instance, the reduced ENUS clusters with values that
continue to register positively for indicators such as PM2.5 and greenhouse gases other than CO,,
indicating that while the region may have low energy use, this is not necessarily a hallmark of
enhanced environmental performance. On the other hand, new clusters with greater ENUS show
greater variation in the environmental variables, indicating that the interaction between energy and
the environment is mediated by the underlying energy composition and environmental policies and
structures (Costantiello & Leogrande, 2024; Jiménez-Preciado et al., 2025). Finally, the silhouette
analysis outcome also enables the determination of which groups are more distinguishable in the
environment and can be considered for more reliable interpretation. Groups with high silhouette
coefficients, such as 2, 5, 8, and 10, can be considered more homogeneous with respect to the
environment classification. On the other hand, groups with a low coefficient value, such as group 1,
may represent a transitional state or a mixture of environments. This takes on a more specific form in
the context of ESG reports and benchmarks, where a clear interpretation is needed. In summary, the
K-Means solution provides a balanced and meaningful typology of environmental profiles
connecting ENUS to emissions, pollution, climate factors, and energy system types. These clusters
show that ENUS is situated within larger environmental systems, some of which are obviously high
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energy and high impact, some of which match low energy use to strong natural capital or renewable
factors, and others of which are situated in mid-range positions in which energy use and
environmental pressure interact in more complex ways. This multidimensional segmentation
approach is highly relevant to comparative analysis for its ESG focus, as it looks beyond simple
indicators to more complex environmental patterns related to energy use (Krsti¢, 2023; Mendoza-
Mendoza et al., 2025; Saltik, 2024). See Table 6.

Table 6. Environmental ESG Cluster Profiles and Energy Use per Capita (Standardized K-Means Centroids).

Cluste ENUS ACFT ACEL ASNR ASFD AGRL AFFV éVFW CO2P CDD ENIM ENIN TCL

T

1 0.513 0.699 -0.434 0.896 -1.284 -0.254 0.559 0.863 0.099 0.323 -0.275 6.971x 0.231
10+
-1.156 -1.582 1.464 -0.125 0.719 -0.035 -0.283 1.383 -0.524 -0.829 0.160 -0.050 -0.149
0.145 -0.164 0.009 -0.186 -0.106 -0.157 -0.252 0.675 -0.166 -0.559 0.171 -0.519 -0.220
0.528 0.712 -0.740 -0.176 -0.168 -0.277 -0.510 -1.017 -0.399 0.320 0.365 -0.399 -0.186
-1.199 -0.865 -0.441 -0.196 -0.982 0.581 3.153 0.604 0.686 -0.440 -3.234 -0.229 -0.289
0.453 0.311 0.083 -0.134 0.762 -0.273 -0.173 -0.707 -0.253 -0.130 0.259 0.358 -0.088
-2.370 -2.019 2.046 -0.190 0.124 2171 0.534 0.572 -0.415 -0.894 0.042 1.212 -0.244
0.530 0.735 -0.867 2.091 -0.649 -0.286 0.955 1.656 3.276 3.281 -1.085 0.830 4.047
0.330 0.335 -0.272 -0.193 1.046 -0.280 -0.248 -0.653 1.738 0.391 i)02425x -0.234 -0.259
0.513 0.722 -0.718 -0.189 -0.861 -0.287 -0.219 -0.869 0.498 1.385 -0.032 0.799 -0.232
FRST FOSS GEFF HI35 HDD LST WSTR CH4P N20OP PM25 RELE RENC SPEI
0.240 1.084 -0.890 0.052 -0.639 0.238 1.138 -0.299 0.359 -0.987 -0.982 -0.512 -0.301
-0.817 -0.769 -0.472 -0.823 -0.767 1.110 0.914 -0.514 1.930 -0.451 1.084 0.048 -0.225
-0.572 -0.020 0.587 -0.409 -0.809 -0.204 0.495 -0.270 -0.252 0.367 0.100 0.151 0.184
0.455 0.027 0.371 1.124 0.809 -0.357 -1.010 -0.014 -0.708 0.091 -0.266 0.099 -0.235
-0.409 -0.776 2.036 -1.246 -0.926 -0.359 0.335 -0.383 0.021 0.347 0.895 0.225 -0.206
-0.273 0.564 -0.541 -0.439 0.657 -0.332 -0.353 -0.161 -0.004 -0.290 -0.524 -0.130 -0.207
-0.811 -2.132 -0.024 -1.072 -0.858 -0.208 0.685 0.122 0.346 1.170 2.107 0.203 -0.063
3.286 1.159 -1.391 0.398 -0.864 3.805 1.572 -0.569 2.234 -1.111 -1.065 -0.810 -0.311
4.777x

0.203 0.340 -0.663 0.806 0.414 -0.307 -0.344 3.416 -0.800 0.163 -0.298 10+ -0.124

I | |G =W

O

—_
o

O [N |G| [W|N|-

10 1.451 0.436 0.489 0.745 2.160 -0.345 -1.884 0.292 -0.952 9.149x -0.568 0.463 4.523
10+

Note: This table reports standardized centroid values for ten K-Means clusters linking energy use per capita

(ENUS) with environmental, climate, and energy-system indicators. The clusters identify distinct ESG-
Environment regimes, highlighting heterogeneous combinations of emissions, resource use, climate stress, and

energy structures that shape cross-country energy consumption patterns.

This figure brings together two different perspectives which complement each other to form a
basis for determining and validating the optimal number of clusters in K-Means analysis through the
use of statistical measures in determining model goodness of fit and the analysis of cluster
morphology through visualization. Panel A of this figure offers an explanation of the process of
determining optimal cluster numbers through an Elbow Method plot where cluster number is
depicted on one axis versus various measures of goodness of fit, including Within-Cluster Sum of
Squares (WSS), Akaike Information Criterion (AIC), and Bayesian Information Criterion (BIC) on the
other axis. These curves all reduce in intensity with an increase in cluster number, which is an
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indication of an increase in precision of fit through grouping of points into smaller clusters, though
at a rate where increasing benefits of further clustering start to be diminished. The point of inflexion
at which BIC is at its least (at around ten clusters) is the most significant point and is an indication
that this is a statistically optimal clustering solution where further clustering is unnecessary since
additional clusters tend to increase overall model complexity rather than enhance goodness of fit.
Since BIC is a criterion where complexity is strictly penalized compared to WSS, its trough is an
optimal solution that seeks to ensure a balance in explanatory power rather than mere parsimony.
Panel B of this figure presents a two-dimensional t-SNE plot of clustered data for further visualization
and interpretation of clusters. Each point in this graph is represented in a cluster, and this is used to
determine an insight into cluster separation and distinctness. It is realized from this graph that each
cluster tends to be distinct and separate in this two-dimensional graph, though some appear to be
more dispersed than others. However, all clusters seem to be distinct and separate and do not, in
large numbers, appear to be overlapping or identical, which is an indication of an optimal solution
in clustering that does not suffer from redundancy and overlapping. See Figure 2.

Elbow Method Plot ¥ t-SNE Cluster Plot
® LlowestBIC +++ AIC = = BIC =—— WSS Cluster
e 1
40000 . 3
35000 — e 3
e 4
30000 — . B
25000 — e 6
e 7
20000 -~ : : : ; & G
2 4 6 8 10
e 9
e 10

III Number of Clusters

Figure 2. Determination and Validation of Optimal Clusters in K-Means Analysis of Cross-Country Energy Use.
Note: Panel A shows the Elbow Method using WSS, AIC, and BIC to identify the optimal number of clusters,
with the minimum BIC indicating ten clusters as the best balance between goodness of fit and model complexity.
Panel B presents a t-SNE visualization of the resulting clusters, highlighting well-defined and interpretable cross-

country energy consumption patterns with limited overlap among clusters.

4.3. Machine Learning Performance in Predicting Energy Use per Capita within the ESG Environment
Pillar

Within this section, the predictive capacity of different machine learning models used to estimate
energy usage per capita (ENUS) is assessed, as included in the Environment part of the ESG model
(Seow, 2025). To make all models eligible for comparison, this evaluation uses normalized,
directionally consistent values to assess model accuracy and degree of adaptability, including both
error reduction and model explainability rates. As part of this benchmarking exercise, this section
proceeds to use the concept of dropout loss to evaluate and outline which variables of the
environmental category impact overall prediction rates to the greatest extent, providing insight into
those factors who lead to prediction differences within the estimate of ENUS in this multivariable
and potentially complex setting of MRA study and application (Selmeya et al., 2025). This table
displays predictive model rates for several prediction models assessed for overall normalized and
directionally consistent set of comparative indicators for prediction models’ efficacy, mutually
adjusted to represent better or improved values for all models and methods applied in prediction
estimation and theory of knowledge and application of MRA principles for final predictions and
results toward informed decision-making and estimate of better or improved models and methods
to choose from for applications of efficient energy usage practices and models for better or improved
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estimations and estimates of theoretical and MRA approaches and principles related to optimal
energy usage practices for global and/or predictive needs and applications of knowledge and
principles of MRA theories and approaches and principles for better or improved estimations and
predictions of energy needs and requirements for better or improved applications of MRA principles
and approaches related to energy practices and usage (Seow, 2025). One of the first things to note is
the spread of performance metrics for all models. It’s obvious that SVM underperforms, consistently
scoring zero across all performance metrics, indicating the largest prediction errors and,
correspondingly, the weakest explanations. This means that the SVM does not need to be considered
further. Of all the models to be analyzed, it’s clear there are significant differences. Although Linear
Regression and Regularized Linear models do not perform badly, their error metrics are relatively
low, indicating that their R? values are obviously poor compared to those of non-linear models. This
means that a linear model does not capture the underlying data process very well, resulting in
relatively poor explanatory ability and a large prediction error (Almeida et al., 2024). Boosting and
Decision Tree models show a considerable improvement over linear methods. Both methods show
well-balanced but not outstanding results across all metrics, while, upon inspection, Decision Tree
methods perform particularly well on MSE but less so on scaled errors and R? values. These models
provide intermediate solutions —they improve forecasting accuracy relative to linear models but fail
to outshine on all tasks specified within the entire list of evaluation criteria (Pence et al., 2024). Finally,
it is apparent that Random Forest outperforms all other competitors. This model scores highest on
normalized MSE and shows outstanding performance across all other metrics, indicating a model
that effectively combines high predictive quality with low forecasting errors. Indeed, it is typical for
higher-quality models to be more accurate and less prone to error across all the task sets mentioned
earlier, especially for methods like Random Forest, known for their efficacy and resistance to noise
and outliers (Ekinci & Ozturk, 2025). Therefore, it is proposed that Random Forest is a highly credible
and balanced algorithm capable of making accurate predictions across all specified parameters.
However, when all the parameters are considered together, it is apparent that the best-performing
model is the K-Nearest Neighbors (KNN). This is because KNN supports the maximum values for
all error-related parameters, such as scaled MSE, RMSE, MAE/MAD, and MAPE. This further reveals
lower prediction error values than those of other models used. At the same time, it supports the
maximum R? measure values. As such, it points to maximum explanation of the total variance of the
dependent (Y) variable (Yasin et al., 2025). The simultaneous support for maximum/minimum
variations on all parameters is quite appreciable. This is because it clearly distinguishes itself from
other models. In this case, it does not compromise one objective to fulfill another. As such, it is
reasonable to state that when both aspects of all parameters are appropriately addressed, KNN is
clearly the best-performing procedure for predictions. The other model that actually supports
moderate values is Random Forest. The rest support varying values on inferiority (Selmeya et al.,
2025; Seow, 2025; Ekinci & Ozturk, 2025). See Table 7.

Table 7. Comparative Performance of Machine Learning Models in Predicting Energy Use per Capita (ENUS).

Model MSE MSE (scaled) RMSE MAE/MAD MAPE R?

Boosting 0.55 0.75 0.49 0.32 0.22 0.74
Decision Tree 1.00 0.73 0.59 0.70 0.78 0.70
KNN 0.69 1.00 1.00 1.00 1.00 1.00
Linear Regression 052 034 0.44 0.19 0.13 0.47
Random Forest 1.00 0.92 0.92 0.98 0.81 0.85
Regularized Linear 0.53 0.54 0.49 0.27 0.09 0.63
SVM 0.00 0.00 0.00 0.00 0.00 0.00

The table mentioned earlier illustrates the average dropout loss for a set of environmental
variables in the E-Environment domain of the ESG criteria, based on predicted energy use per capita
(ENUS) values. The average dropout loss estimates the loss in predictive performance resulting from
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removing a variable from the prediction model. It indicates a direct contribution of the variable to
ENUS prediction when a high value is obtained and a secondary contribution when a low value is
obtained. The relevance of using estimates is more pronounced in the context of complex models.
The estimate accounts for both direct effects and interaction terms simultaneously (Lee et al., 2025).
The analysis reveals that the relative importance of various environmental drivers in energy
consumption is unequal. CO; emissions per capita (CO2P) are identified as the most vital driver with
a significant difference in importance. The very high dropout rate in CO2P indicates a strong
relationship between energy consumption and carbon emissions. This result is consistent with the
ESG literature, which shows that higher energy consumption linearly influences carbon emissions
(Han et al., 2021). The dominance of CO2P in importance strongly supports that ENUS is not solely
an economic and technological measure. Rather, it strongly emphasizes its importance in E (Drago et
al., 2025). The following sets of variables with substantial influence include waste generation (WSTR),
water withdrawal (AFWW), and energy efficiency (GEFF). The substantial influence of WSTR
suggests that energy-intensive processes are linked to material intensity and waste generation. The
finding suggests inefficient production and consumption patterns (Ferro et al. 2025). AFWW
emphasizes the link between energy and water resources. Given that energy is used for production
and consumption, its relationship to water resources is particularly emphasized. The substantial level
of GEFF suggests focusing on energy efficiency as an intermediate factor influencing energy intensity.
Variations in energy intensity separately affect energy intensity and its correlation with
environmental pressures, thereby supporting energy intensity decoupling from environmental
pressures (Dey et al. 2023). Environmental/climate pollutants also have a great presence.
Contiddleware climate-related indicators (TCL, LST, HI35) and air pollutant indicators (PM25)
exhibit high dropout values, indicating high sensitivity to climate indicators. A rise in temperature
increases cooling demand, thereby increasing energy consumption, while environmental indicators
serve both as causes and effects of energy consumption (Kotsompolis et al., 2025). The above-
discussed points again emphasize the reinforcing cycle of environmental stressors with ENUS. Other
greenhouse gases, such as methane (CH4P) and nitrous oxide (N2OP), which are also of high
importance, indicate the embeddedness of energy use within other systems of emissions, such as
agriculture, waste, and industry (Drago et al., 2025). It shows that ENUS emissions are not confined
solely to electricity use and fossil fuel combustion but are embedded across multiple environmental
settings. Variables related to the structure of energy system parameters —energy imports (ENIM),
energy intensity (ENIN), and fossil fuel dependence (FOSS)—have a non-negligible but secondary
effect. That their dropout terms are important shows that these parameters’ structural influences are
significant, even if their main effects are through emissions, efficiency, and the environment rather
than through direct primary impacts. Variables associated with renewable energy (RELE, RENC) also
have a secondary effect, which suggests their impacts on ENUS are indirect, perhaps through system
structure and/or efficiency (Kotsompolis et al., 2025). Land-use/natural capital variables—including
agricultural land (AGRL), forest cover (FRST), and deforestation-related variables (ASFD)—also help
explain ENUS, with relatively small losses due to dropouts. This indicates that energy use links,
particularly through bioenergy or agricultural uses, are less straightforward than those associated
with greenhouse gases, energy efficiency, and climate change. However, their presence shows that
energy use is linked with natural systems (Ferro et al., 2025). Climate variability variables, such as
HDD and CDD, and drought variables (SPEI) also exhibit relatively small yet non-zero loss values.
Such variables are associated with energy demand, including heating and cooling degree days and
drought. Their relatively small values, therefore, indicate that structural variables play a larger role
than climate change variability variables in ENUS values (Lee et al., 2025). In conclusion, the analysis
of the dropout loss provides a unified view that the major drivers of energy consumption per capita
are variables characterizing environmental pressure, emissions, efficiency, and resource use. Within
the ESG Environment pillar framework, the ENUS plays a crucial mediating role, connecting climate
change, pollution, resource depletion, and efficiency. It is indicated that those aiming at emission
reduction and management strategies for waste and emissions, resource efficiency, and climate
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change adaptation have great potential to influence the ENUS and are critical for assessing
environmental sustainability challenges (Kotsompolis et al., 2025; Ferro et al., 2025). See Table 8.

Table 8. Variable Importance from Dropout Loss Analysis in the ESG Environmental Pillar.

Variables Mean dropout loss Variables Mean dropout loss
CO2P 916.076 HI35 309.783
WSTR 734.972 AFFV 309.632

AFWW 568.696 ENIN 301.560
GEFF 529.801 PM25 299.433
TCL 488.285 ASNR 270.603
CHA4P 403.829 FOSS 269.217
N20OP 357.762 LST 245.489
ENIM 339.636 HDD 243.425
AGRL 335.590 ACFT 232.056
RELE 331.240 SPEI 231.137
FRST 321.240 CDD 218.313
RENC 212.666 ACEL 185.019
ASFD 195.173

Note: This table reports mean dropout loss values measuring the relative importance of environmental variables
in predicting energy use per capita (ENUS). Higher values indicate stronger contributions to predictive accuracy.
Results highlight emissions, pollution, resource use, and energy efficiency as dominant drivers, confirming
ENUS as a key nexus linking environmental pressure, sustainability, and energy demand within the ESG

framework.

This table presents counterfactual or attribution results that assess the impact of the ‘E—
Environment’ element of the ESG framework on energy use per capita (ENUS). Every scenario shows
a change in ENUS against a common baseline, along with the individual contributions of
environment variables. These can be considered marginal effects: a negative value indicates a
contribution that decreases ENUS relative to the baseline, while a positive value indicates a
contribution that increases it. Thus, in this context, this table provides a breakdown of all elements of
ENUS, including environmental pressures, climate, emissions, resource use, and energy system
parameters. Notably, in each of the nine instances, the projected ENUS is significantly lower than the
baseline, highlighting intense downward pressure on energy use arising from the joint setting of the
E-Environment variables. An ESG analysis shows that environmental constraints, efficiency effects,
and climate conditions strongly shape or limit energy use, rather than merely reacting to it, as further
supported by Raza et al. (2025) on the shape of the energy-emission relationship within BRICS
systems. Emissions-related variables appear strongly influential across cases. CO, emissions per
capita (CO2P) show strong negative contributions, with values often exceeding —200,000 across cases,
indicating a strongly intertwined relationship between energy consumption and carbon intensity:
scenarios with lower or limited emissions imply lower energy use (Bagadeem, 2025). Methane
(CHA4P) and nitrous oxide (N20OP) show similar negative contributions across all cases, supporting
the interpretation that the ENUS system is part of a larger greenhouse gas system rather than a CO,-
only system. The importance of emissions management is apparent throughout the E pillar and
strongly indicates that the impact of low-carbon strategies would be directly and significantly
realized in terms of lowering the levels of energy consumption, supporting the findings of Zohra
(2025) that technological and policy advancements have been influential in lowering CO, emissions
scenarios for developing areas. Indicators of resource use and pollution provide additional evidence
of such an understanding. Waste generation (WSTR) and air pollution (PM25) tend to be negatively
associated with predicted ENUS values, suggesting that environmental stress from material fluxes
and local pollution is associated with reduced energy use. Water withdrawal (AFWW) is also
negatively associated, thereby underlining an equally close energy-water nexus; that is, less-than-
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adequate or inefficient water use may be an important consideration affecting energy production and
consumption. The essential role of efficiency progress and technological advances in mitigating such
stress and decoupling energy use from environmental stress is underlined by Lu et al. (2025). The
climate variables show more complex patterns. For example, cooling degree days (CDD), heating
degree days (HDD), land surface temperature (LST), and heat intensity (HI35) have different signs
and values for other cases. For instance, high cooling demand can be a positive driver of ENUS in
some scenarios, indicating its influence on energy demand in a warming climate. In other scenarios,
high heat and unfavorable climatic conditions, or both, can negatively affect energy demand,
potentially due to the inability of infrastructure to support energy-hungry equipment like air
conditioners during high heat, a phenomenon observed by Bekele et al. (2024) in Sub-Saharan Africa.
Variables such as energy system characteristics and energy efficiency are also significant. The energy
efficiency (GEFF) consistently makes a significant negative contribution to ENUS. Thus, an
improvement here is among the best ways to reduce energy consumption from an environmental
perspective in ESG. The energy intensity (ENIN) and energy imports (ENIM) are also pushing ENUS
from below. Thus, systems with lower intensity or limited external sources are associated with lower
energy consumption (Mukhiyayeva et al. 2025). The fossil fuel dependence (FOSS) is mainly negative.
Thus, once again, this proves that systems with fossil fuel components have high ENUS, and any
move away from them significantly affects ENUS values (Raza et al. 2025). Natural capital factors,
such as forest area (FRST), agricultural land (AGRL), and renewable energy (RELE, RENC), have
yielded mixed but informative results. Some of these factors indicate reduced energy use alongside
increases in forest area and renewable energy use, which could be attributed to a move towards less
energy-intensive, more sustainable development patterns. Nonetheless, their impact has been more
indicative of structural change factors than a decisive driver of ENUS, as supported by Dinca et al.
(2025), who argue that they can effectively reduce energy intensity and carbon emissions by
increasing renewable energy within the EU. The indicators for climate stress and variability, SPEIL
affect estimates of energy consumption differently in each case, sometimes raising and sometimes
lowering them. This can be attributed to the contradictory nature of climate stress, in which, on the
one hand, droughts can increase energy demand due to adaptation and mitigation activities. At the
same time, they can limit energy demand due to reduced economic activity. In general, the
decomposition of ENUS indicates that, in the E-Environment dimension of ESG, the factors that most
significantly impact ENUS are emissions intensity, efficiency, pollution, and resource constraints,
rather than purely climatic conditions or land use patterns (Lu et al., 2025). The findings are consistent
with the idea that energy consumption is an essential nexus in, rather than an independent driver of,
the integrated environmental system. It can thus be envisioned that decarbonization, efficient use,
waste reduction, and pollution mitigation policies will have the most significant leverage in ENUS,
thereby further confirming that ENUS serves as an essential nexus through which environmental
sustainability goals are achieved in the ESG framework (Mukhiyayeva et al., 2025). See Table 9.

Table 9. Counterfactual Decomposition of Energy Use per Capita under the ESG Environmental Pillar.

Case zredme Base ACFT ACEL ASNR ASFD AGRL AFFV AFWWCO2P CDD ENIM ENIN
1 1.026.0642.482.340-34.266 11.052 -0.314 5470 -51.860 '199.9 45742576 ;09_37732.548 -33.753 -89.027
2 1.055.1502.482.34048.756 9.378 .-218.0 4o 0645 73.869 13.684 -46538 éz L85y 74373 '101.819-39.940
3 1.203.8022.482.34084.970 42.681 -85.961 -8.711 62.497 12.050 -35.045 ;98.555'232.975'107.761 -22.484
4 1.308.4432.482.34055.255 33.459 -17.950 -11.227 -2.864 40.771 -35.484 ;88_5 45315 é05.8 g5 9810

5 401.406 2.482.340-70.478 8.006 ;55_979-3.749 -1.407 2422 -51.127 ;58_ gq1 6068 82074 77746

FRST FOSS GEFF HI35 HDD LST WSTR CH4P N20OP PM25 RELE RENC SPEI TCL
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-27.040-48.318 -145.717 -2.857 13.458 -19.985 106.578 227.003 -90.027 2.258 377 400 -12.477 311.853 114.396
-40.91433.985 -181.966 -96.752 -2.448 160.650 119,575 106.678 -28.875 -3.208 10.581 30.222 22.823 -75.463
-91.17888.151  -173.502 107.219 37.559 186.353 -79.788 172911 -70.901 23.393 -26.623 73.919 -11.270 -93.220

91.059 62.658 -179.616 _

101.010187.969 169.573 117.791 137.228 -47.203 24.524 -30.514 53.121 -21.280 -95.747

0.359 -230.392 -310.404 -1.149 260.395 -79.400 -99.709 177.618_2'734 0.000 208.376

Note: This table reports counterfactual attribution results decomposing predicted energy use per capita (ENUS)

-85.670 -8.902 16.150

into baseline levels and marginal contributions from environmental, climate, emissions, resource-use, and
energy-system variables. Negative values indicate downward pressure on energy consumption, highlighting
how decarbonization, efficiency gains, pollution control, and resource management jointly shape ENUS within

the ESG Environmental framework.

Also, the predictive accuracy of the K-Nearest Neighbors (KNN) algorithm is presented in the
diagram using two complementary graphics that assess the accuracy and calibration of the predictive
models. KNN has been widely applied in predictive modeling and environmental studies due to its
ability to describe non-linear relationships between observed and predicted variables, resulting in
high predictive accuracy and model calibration (Mokhtara et al,, 2025). The graph shows the
predictive performance, with the expected test data plotted against the observed test data. Nearly all
the observed data points are closely clustered around the diagonal, indicating strong consistency
between the predicted and observed data. However, the observed deviation from the diagonal is
slight throughout, indicating minimal systematic error and an optimal fit provided by the data's
mode (Nie et al., 2025). From this information, it can be concluded that the KNN algorithm accurately
replicates the non-linear structure of the data. In the other graph, the mean-squared error is plotted
against the number of neighbors, with calculations performed on the training and validation data. As
anticipated, the mean-squared error on the training data decreases continuously as k is lowered,
reflecting the models' increased flexibility. Still, the mean-squared error on the validation data
exhibits a “U” shape. Additionally, the minimum mean-squared error on the validation data is small
for small k, indicating the optimal combination provided by the KNN models. A small value of k
tends to increase the probability of overfitting (Figure 3).

Predictive Performance Plot Mean Squared Error Plot
25000 - - Training set — Validation set
w
£ 20000 - .. 200000 —
© [s]
> =4
% 15000 - & 150000 —
@ ®
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Figure 3. Predictive Accuracy and Calibration of the K-Nearest Neighbors (KNN) Model. Panel A plots observed
versus predicted test values, showing strong alignment along the 45° line and minimal systematic error. Panel B
reports training and validation mean squared errors across different neighbor values, identifying the optimal K
that balances model flexibility and generalization, confirming the high predictive reliability of the KNN
approach.
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5. Social Determinants of Energy Consumption: An ESG-S Analysis Using
Econometric and ML Approaches

5.1. Social Sustainability and Energy Consumption: Structural Evidence from Panel Regressions

This article investigates the relationship between the Social (S) dimension of the ESG framework
and energy use per capita (ENUS), conceptualizing energy consumption as a socio-economic
outcome rather than a purely environmental variable. By focusing on indicators related to health,
demographics, food security, and social well-being, the analysis explores how social development
patterns shape national energy demand. Using a large cross-country panel dataset and a fixed-effects
econometric framework, the study aims to uncover the structural social drivers of energy use and to
highlight the trade-offs and complementarities between social progress and sustainable energy
consumption.

The following equation has been estimated:

ENUS;; = a + B; (HBED);; + B (LEXP);r + B3(USMR)jc + B4(POP65);¢ + Bs(OVWT); + B4 (FDPD);
i=161,t=[2003:2024]

Within the ESG framework, the Social (S) dimension captures the conditions that shape human
well-being, social cohesion, demographic dynamics, access to essential services, and the inclusiveness
of economic participation (Jilkova & KotéSovcova, 2023; Jiang et al., 2024). In this context, energy use
per capita (ENUS), although traditionally classified as an environmental variable, can be interpreted
as a meaningful outcome of social development. Energy consumption reflects not only production
and income levels but also the quality of health systems, demographic structures, food security,
lifestyles, and access to infrastructure (Kharlamova et al., 2025; Drago et al., 2025). As such, it provides
a useful lens through which the interaction between social progress and sustainability can be
assessed. The empirical analysis is based on a panel of 150 countries observed over an unbalanced
time span of up to 18 years. This wide coverage allows the identification of both cross-country
structural differences and within-country dynamics over time (Jiang et al., 2024). The strong rejection
of the hypothesis of common intercepts across groups confirms that countries differ markedly in their
baseline levels of energy use per capita. These differences are not random but reflect deep-rooted
social, demographic, and institutional characteristics (Jeon, 2025). The variance decomposition
further reinforces this point: the between-country variance is far larger than the within-country
variance, indicating that structural social factors explain much more of the variation in energy use
than short-run changes. From a methodological standpoint, the Hausman test decisively rejects the
consistency of random-effects estimates, implying that unobserved country-specific characteristics
are correlated with the social regressors (Jilkova & KotéSovcova, 2023). This result is consistent with
the nature of social indicators, which are embedded in long-term historical, cultural, and institutional
contexts (Pacheco, 2025). Consequently, the fixed-effects framework is theoretically preferable, as it
controls for time-invariant national traits and isolates the impact of changes in social conditions on
energy use. At the same time, the presence of heteroskedasticity, cross-sectional dependence, non-
normal residuals, and autocorrelation suggests that the data violate standard panel assumptions.
These features are common in large cross-country datasets and reflect global shocks, shared trends,
and interconnected development paths (Enriquez et al., 2025). For this reason, WLS estimates are
reported as a robustness check, although their coefficients must be interpreted with caution,
particularly when signs differ from those in the fixed-effects model. Turning to the substantive
results, the food production index (FDPI) displays a negative and statistically significant relationship
with energy use per capita in both fixed- and random-effects models. This finding suggests that
countries with more efficient and productive food systems tend to consume less energy per person
(Affonso, 2025). From a social sustainability perspective, this result highlights the role of food security
and agricultural efficiency as stabilizing forces. Efficient food production reduces losses along supply
chains, limits the need for energy-intensive imports, and mitigates vulnerability to food crises. In
social terms, this reflects the capacity of societies to meet basic nutritional needs without placing
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excessive pressure on energy systems (Costantiello et al., 2025). Hospital beds per capita (HBED)
exhibit a strong and consistently positive association with energy use per capita across all models.
This is one of the most robust findings in the analysis and illustrates a fundamental trade-off within
the Social dimension. A higher number of hospital beds reflects greater access to healthcare services,
improved medical infrastructure, and stronger welfare systems (Hubbard, 2025). However,
healthcare systems are inherently energy intensive, relying on continuous power supply, advanced
medical equipment, climate-controlled facilities, and extensive logistics. The positive coefficient
therefore does not indicate inefficiency or waste but rather the energy requirements of delivering
high-quality health services. From an ESG perspective, this result underscores the importance of
integrating energy efficiency and renewable solutions into healthcare infrastructure so that social
progress in health does not translate into disproportionate increases in energy demand (Kharlamova
et al., 2025; Drago et al., 2025). Life expectancy at birth (LEXP) is negatively associated with energy
use per capita in the fixed- and random-effects specifications. This suggests that societies achieving
better health outcomes and longer lifespans do not necessarily rely on higher levels of energy
consumption (Jeon, 2025). In social terms, this points to the importance of preventive healthcare,
education, sanitation, and effective public health policies. These factors improve population health
without requiring energy-intensive interventions. The result supports the idea that social
development can decouple well-being from energy intensity, particularly when improvements are
driven by institutional quality and human capital rather than resource-intensive medical treatments
alone (Pacheco, 2025; Enriquez et al., 2025). A similar interpretation applies to the under-five
mortality rate (USMR), which also shows a negative and statistically significant coefficient in the
panel estimations. Lower child mortality is one of the most fundamental indicators of social
development, reflecting access to basic healthcare, clean water, adequate nutrition, maternal
education, and effective public health systems (Jiang et al., 2024). The negative association with
energy use indicates that improvements in these foundational social conditions are not inherently
energy intensive. The share of the population aged 65 and above (POP65) is negatively associated
with energy use per capita. Demographic aging is a central feature of advanced stages of social
development, particularly in high-income economies (Kharlamova et al., 2025). Older populations
tend to exhibit lower mobility, reduced participation in energy-intensive labor activities, and
different consumption patterns compared to younger cohorts. As a result, population aging can
moderate aggregate energy demand. In contrast, the prevalence of overweight (OVWT) shows a
positive and highly significant relationship with energy use per capita. This variable captures aspects
of lifestyle, dietary patterns, urbanization, and material consumption associated with higher income
levels (Affonso, 2025; Drago et al., 2025). Socially, a higher prevalence of overweight reflects not only
health risks but also broader consumption behaviors, including energy-intensive food systems,
greater reliance on private transportation, and higher residential energy use. From a policy
perspective, these findings imply that strengthening the Social pillar cannot be pursued in isolation
from energy and environmental considerations. Social investments in health, nutrition, and inclusion
should be accompanied by strategies that promote energy efficiency, clean technologies, and
sustainable consumption patterns (Jeon, 2025; Enriquez et al., 2025). Healthcare systems, in particular,
represent a critical area where social and environmental objectives intersect, and where innovation
can yield large co-benefits (Hubbard, 2025; Pacheco, 2025). Similarly, addressing lifestyle-related
health risks such as overweight can simultaneously improve social outcomes and reduce energy
pressure (Costantiello et al., 2025). In conclusion, the empirical evidence highlights that social
sustainability can either reinforce or undermine environmental sustainability, depending on how
social progress is achieved (Drago et al., 2025; Jilkova & KotéSovcova, 2023). Energy use per capita
reflects the social choices societies make regarding welfare provision, demographic development,
and consumption patterns. Policies aimed at advancing the Social pillar of ESG should therefore be
designed with an integrated perspective, ensuring that gains in health, longevity, and well-being do
not translate into disproportionate increases in energy demand (Jeon, 2025; Kharlamova et al., 2025).
See Table 10.
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Table 10. Social Determinants of Energy Use per Capita within the ESG-Social Pillar.

Observation2018
Cross

Sectional 150
units

Time Series . . .
minimum 1, maximum 18

Length
Dependent
E
Variable NUS
Model Fixed-effects Random-effects (GLS) WLS
Coefficient Etrror t-ratio Coefficient Std. Errorz Coefficient Std. Error t-ratio
const 3611.23*** 721.03 5.00 2790.87*** 741270 3.765 -18710.2 412.381 —45.37
FDPI —3.23*** 0.81 -3.97 -3.77*** 0.799348 —4.718 -8.00153 0.857473 -9.332
HBED 174.82***  16.38 10.67 181.01*** 16.0032 11.31 286.057 8.47390 33.76
LEXP —28.84*** 922 -3.12 -21.88** 9.10707 -2.403 273.571 5.63210 48.57
U5SMR —5.95%** 236 252 -5.98*** 2.31683 —2.582 28.1757 0.918075 30.69
POP65 —45.85%* 10.03 -4.56 -45.33*** 9.67267 -4.687 -107.324 4.98385 -21.53
OVWT 28.93*** 4.49 6.44 29.83*** 430905 6.923 22.4842 1.14521 19.63
Mean Mean Sum
dependent 2621.35 dependent 2621.354 squared  1636.410
var var resid
Sum Sum
squared  2.58e+08 squared  1.57e+10 R-squared 0.844852
resid resid
LSDV R- Log-
. -1 . .
squared 0.98 likelihood 8873.27 F(6,2011) 1825.143
LSDV Schwarz Log-
F(155, 1862) 783.42 criterion 37799.81 likelihood 2651.930
KO8 1472689 tho 0.572590 Schwarz: 5357 108
likelihood criterion
S.D.
Schwarz 3001092 dependent 2908.895 SE-of 4 902070
criterion regression
var
Statistics 4o 0.57 SEof 93303 Adjusted = 014390
regression R-squared
S.D.
Akaik
dependent 2908.89 A 37760.54 P-value(F) 0.000000
criterion
var
SE.of 5 06 Hannan- 27, o5 Akaike a1 859
regression Quinn criterion
WithinR-— ) 1) Durbin- ) o448 Hannan- o505 071
squared Watson Quinn
P-value(F) 0.00
Akaike o005 78
criterion
Hannan-
. 30086.97
Quinn
Durbin-
.67
Watson 06
Tests Joint test on named 'Between' variance = Test for normality of residual

regressors - Test statistic:

6.91053e+006
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F(6, 1862) = 39.885 with p- 'Within' variance =127728  Null hypothesis: error is

value = P(F(6, 1862) > mean theta = 0.954259 normally distributed
39.885) = 7.43509e-46 Joint test on named regressorsTest statistic: Chi-square(2) =
- 3509.23

Asymptotic test statistic: Chi- with p-value=10
square(6) = 257.296
with p-value = 1.13064e-52
Distribution free Wald test
for heteroskedasticity - ~ Breusch-Pagan test -

Pesaran CD test for cross-
sectional dependence -
Null hypothesis: No cross-
sectional dependence
Asymptotic test statistic: z =
49.6655

with p-value =0

Null hypothesis: the units Null hypothesis: Variance of
have a common error the unit-specific error = 0
variance Asymptotic test Asymptotic test statistic: Chi-
statistic: Chi-square(143) = square(1) = 13464.5
2.98964e+31 with p-value =with p-value =0

0

Test for differing group

intercepts -Null Hausman test -

hypothesis: The groups ~ Null hypothesis: GLS

have a common intercept estimates are consistent
Test statistic: F(149, 1862) = Asymptotic test statistic: Chi-

535.374 with p-value = square(6) = 37.9345
P(F(149, 1862) > 535.374) = with p-value = 1.15698e-06
0

Distribution free Wald test

for heteroskedasticity - Test for normality of residual

Null hypothesis: the units
have a common error
variance Asymptotic test
statistic: Chi-square(143) =
2.98964e+31 with p-value =
0

Null hypothesis: error is
normally distributed

Test statistic: Chi-square(2) =
4069.59

with p-value=0

Pesaran CD test for cross-
sectional dependence -
Null hypothesis: No cross-
sectional dependence
Asymptotic test statistic: z =
18.1795

with p-value = 7.49951e-74

Test for normality of
residual - Null hypothesis:
error is normally
distributed Test statistic:
Chi-square(2) = 7055.51
with p-value =0

Wooldridge test for
autocorrelation in panel
data - Null hypothesis: No
first-order autocorrelation
(rho =-0.5) Test statistic:
F(1, 125) = 33.8258 with p-
value = P(F(1, 125) >
33.8258) = 4.74157e-08

Pesaran CD test for cross-
sectional dependence -
Null hypothesis: No cross-
sectional dependence
Asymptotic test statistic: z
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=17.1453 with p-value =
6.81392e-66

Note: This table reports panel regression estimates linking social indicators —health outcomes, demographics,

income distribution, and welfare conditions—to energy use per capita (ENUS). Results across fixed effects,
random effects, and WLS models highlight that social development and welfare improvements are
systematically associated with changes in energy demand, underscoring the need for socially inclusive yet
energy-efficient ESG policies. Asterisks indicate statistical significance levels: ** p < 0.01, ** p <0.05, and * p <
0.10.

5.2. Multi-Criteria Evaluation of Clustering Algorithms for S-Social Profiles and ENUS

This section discusses the criteria for determining the most effective clustering method for
analyzing the Social (S) element of the ESG approach in the context of energy consumption per capita
(ENUS). In the multi-criteria analysis, the assessment involves a set of diverse criteria with opposing
optima; the method accounts for goodness-of-fit and the structural value of the clusters (Ishizaka et
al., 2021). This approach will be utilized in the assessment by ensuring that a normalized and
oppositely aligned multi-criteria method is employed (Sevgi & Figen, 2025). In making the best choice
among these algorithms, one needs to appreciate that the criteria in this framework are not all the
same and are of opposite natures—in other words, the criteria to be optimized follow both maxim
and minim conventions, with criteria Maxim, Silhouette, Minimum Separation, y, Dunn Index, and
CH Index to be maximized, and criteria AIC, BIC, SD, Entropy, and HH Index to be minimized. The
criteria are arranged in the table in their scaled form, where increases are beneficial in all criteria
(Rusu et al., 2023). From Density-Based, this approach performs best in terms of goodness-of-fit and
information criteria, with the highest R?, AIC, and BIC. However, although this approach is
statistically sound, it has an inferior structure or silhouette value, which is zero, geometric separation,
which is inadequate, and, more specifically, it has a high HH Index value, which is notable since it
suggests that there is not negligible density or number of data points forming each cluster. As such,
with regard to equilibrating this structure, this approach is not particularly suitable, although it
performs well in terms of goodness of fit (Sultana & Zeya, 2025). Hierarchical clustering is at the other
extreme of this spectrum. The performance of hierarchical clustering is outstanding across various
structural and geometric metrics: the silhouette, separation, Pearson y, Dunn’s indices, and entropy
all attain their best possible values, suggesting a high degree of separation and compactness.
However, its performance is suboptimal on R?, AIC, and BIC criteria, indicating that the obtained
clusters fail to capture data variability adequately and that the model is inefficient. Although its
performance is high-quality from a modeling perspective, this clustering method is relatively weak
from an explanatory viewpoint (Ishizaka et al., 2021; Rusu et al., 2023). Fuzzy C-Means has a medium
performance across all aspects, except for being outstanding in no crucial category. Entropy and HH
Index values are relatively high, indicating a lack of balance and interpretability; nonetheless, they
remain less explanatory than other models (Sevgi & Figen, 2025). Model-Based and Random Forest
clustering are producing fair results on some criteria, yet both are penalized for the lack of
explanatory power and for high HH Index values. Specifically, Random Forest clustering has the
highest HH Index value, indicating the highest cohesion and, therefore, the least balanced
distribution of clusters among the methods assessed (Sultana & Zeya, 2025). With these
considerations in mind, the best compromise in general is provided by K-Means. It yields large values
for essential performance measures, such as R? and the Calinski-Harabasz index, reflecting strong
explanatory capability and good compactness relative to separation, respectively (Jauhari et al., 2025;
Sinaga & Yang, 2025). It also obtains a quite good silhouette ranking, with the best value for the
maximum diameter after normalization, reflecting compactness. Most importantly, it received the
lowest values for the HH Index, indicating a favorable distribution of data points in the clusters, an
important aspect when avoiding dominance by large clusters. Thus, taking into account the
maximization as well as the minimization objectives that are simultaneously considered, with equal
importance given to the ability of the resultant clusters being balanced along with the simplicity of
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the model itself, K-Means yields the most optimal as well as valid result (Sinaga & Yang, 2025; Sevgi
& Figen, 2025). It does not optimize any particular dimension but performs very well across all
significant dimensions, making it the most suited algorithm for the multi-criteria assessment
framework based on ESG (Jauhari et al., 2025). See Table 11.

Table 11. Comparative Evaluation of Clustering and Machine Learning Models for ESG-Social Energy Use

Profiles.
Calinsk
Model Rz AIC BIC Silhoue M'ax Min - Pearson Dun Entropi- HH
tte Diameter Separation’s y n y Haraba Index
SZ
BD:::;W 1.000 1.000 1.000 0.000  0.000 0.242 0274 01240170 0.000 0.603
i;[ljazr}:sc_ 0.553 0.208 0.177 0.200  0.539 0.000 0456  0.000 0573 0577 0.521
ileramhm 0.000 0.000 0.000 1.000  0.774 1.000 1.000  1.0001.000 0372 0.000
K-Means 0.747 0.410 0.391 0.480  1.000 0.086 0306 01910279 1.000 0.676
g;‘;jzl 0.248 0.030 0.043 0200  0.265 0.393 0.000 0248 0.000 0589 0.760
ESfe‘ifm 0.392 0132 0.128 0.120  0.265 0.393 0.000 0.248 0.000 0.589 1.000

Note: This table compares alternative clustering and machine learning approaches used to identify social-
development regimes associated with energy use per capita (ENUS). Model performance is evaluated using
goodness-of-fit, separation, compactness, and entropy measures. Results highlight K-Means as the most
balanced unsupervised method, capturing heterogeneous ESG-Social energy patterns more effectively than

density-based, hierarchical, or model-based alternatives.

From the clustering outcomes, with particular emphasis on the broad heterogeneity in the
profiles of social development and their correlated energy use, it emerges that the pattern linking
ENUS (energy use per capita) and S-Social in the ESG paradigm provides an informative
representation. In conformity with previous research on national development (Mendoza-Mendoza
et al., 2025), it will be observed that countries can be grouped according to their social features so that
ENUS can be viewed not merely as an economic variable but as a phenomenon thoroughly ingrained
in societies in terms of welfare structures and demographics (Fili & De Anna, 2025). One of the first
interesting aspects concerns the size of the clusters and the quality achieved internally. The cluster
sizes are not homogeneous, ranging from tiny ones (2 and 5, with only 9 cases each) to considerably
larger ones (1, 3, 6, and 10). The smaller clusters generally have very high values of the silhouette
coefficient (2, 5, and 9, for example), which indicates that these clusters have high cohesion among
their cases, as well as a clear distinction from the other groups, which, again, suggests that these
social-energy patterns are highly distinctive, even if restricted to a few cases. The values for the larger
clusters are lower, which generally indicate a higher degree of heterogeneity, as could be expected
for countries with greater social heterogeneity (Mendoza-Mendoza et al., 2025). Analysis of ENUS
for each cluster clearly shows a pattern of increasing energy consumption with higher levels of
development. Based on ENUS, clusters 5 and 1 rank higher on standardized energy consumption per
capita. These two clusters are distinguished by relatively more favorable social conditions, including
better access to sanitation, lower levels of malnutrition, and, for cluster 1, higher levels of ESRP,
internet use, life expectancy, and the proportion of seniors. From an ESG-Social perspective, it can be
noted that more developed countries with better welfare systems are more energy-intensive due to
energy-hungry lifestyles, infrastructure, and services, as argued by the authors Simionescu & Oancea
(2025). On the other hand, clusters 2, 7, and 8 rank low on ENUS, with more negative scores,
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indicating lower energy consumption per capita. These clusters are distinguished by poor social
conditions: extremely low ESRP, life expectancy, fertility rates, child mortality rates, sanitation access,
internet use, and higher levels of malnutrition. The social conditions for these clusters reflect limited
development, which means low energy use, not because it's more sustainable, but because of
restricted access to energy services and developmental limitations. This varies distinctly across ENUS
patterns for deprived clusters when considered from an ESG perspective, as it marks a clear point of
risk for social performance rather than sustainability success, as argued by Huang et al. (2025). The
intermediate clusters numbered 3, 4, 6, and 10 fall into the intermediate category. They have ENUS
values that are close to zero or slightly negative. This depicts the intermediate state of their social
structures. They are also most likely to have a balanced ESRP value, with the population's health
improving. Access to education and sanitary facilities will also be incomplete. Additionally, the
demographic structure will also be balanced in these countries. Here, energy consumption increases
as countries develop socially. This increase in energy consumption does not reach the peak levels
attained by the most socially developed countries (Fili & De Anna, 2025). Demographic factors are
particularly significant in influencing ENUS across groups. Groups with high fertility and high
under-five mortality, like groups 2 and 8, are found to be associated with lower ENUS. On the other
hand, groups with high life expectancy and an older population aged 65+ are prone to high energy
consumption due to the demands of aging societies and healthcare systems (Zhang and Liu, 2023).
Labor force participation and unemployment are also important factors here. Groups with high
unemployment or lower labor force participation are prone to lower ENUS due to fewer economic
and industrial activities and, consequently, lower energy consumption. Education and gender factors
further accentuate these factors. Groups with high government expenditure on education, high
primary education enrollment, and high gender parity are associated with higher ENUS due to the
demands of an inclusive social system (Huang et al., 2025). On the other hand, groups with high
educational backlog and gender inequality are associated with dampened energy consumption due
to the social implications of energy poverty. In general, this clustering analysis confirms that ENUS
is inextricably linked to the Social aspect of ESG. High levels of energy consumption per capita are
connected to strong social rights, adequate health, education, and social inclusion. In contrast, low
levels are often related to deprivation rather than sustainability per se (Simionescu & Oancea, 2025).
The above findings emphasize that one fundamental lesson from ESG is that cutting energy
consumption without addressing underlying levels of deprivation can have inequality-increasing
implications. Thus, socially inclusive, sustainable transitions in this domain mean that improved
welfare levels and greater social rights should accompany clean, efficient, and lower pollution levels,
not reduced access to energy supplies (Mendoza-Mendoza et al., 2025; Fili & De Anna, 2025). See
Table 12.

Table 12. Social-Energy Regimes Identified through K-Means Clustering within the ESG-S Pillar.

Cluster 1 2 3 4 5 6 7 8 9 10
Size 198 9 117 57 9 97 40 32 11 107
Explaine

d

proporti

on

. 0.208 0.012 0.132 0.078 0.012 0.129 0.113 0.126 0.007  0.183
within-

cluster

heteroge

neity

Within

sum of 1.104 64.224 700.600 415.239 64.731 684.554 602.506 667.524 36.035 973.810
squares
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Silhouett; yo4 0500 0149 0157 0481 0120 0165 0136 0645 0084
e score
Center o7y 1420 0103 -0382 1474 0228 -1124 1307 -0503 -0.829
ENUS
g;z;er 0698  -2484 0120 0182 -0.030 0383 -1.582 -2777 0768 -0311
gggfrer 0351 5256 -0497 0330 -0.170 -0584 0578 2568 -0.688 0.204
lfgl‘ffr 0179  -0.050 -0.055 0079 0434 0147 -0.248 -0.896 0.637 -0.184
Comfer 343 0773 0195 0323 0031 -0914 0975 1020 0861 0252
GDPG
(C;%rger 0381 0960 -0451 1500 0191 -0715 0101 1288 -0.047 0533
Conter 360 1492 1146 0476 0284 0036 1050 -1273 0386 0834
HBED
ICN?? 0987  -2151 0035 -0.121 0601 0094 -1578 -1968 0366 -0.614
E;;‘;er 0741 0460 -0.030 -0496 -0.186 -0214 -1203 0497 -0573 -0.544
f;‘(tlfr 0810  -3.179 -0313 0082 0367 0446 -1.406 -2453 0872 -0.199
Center
Usmp 0503 5213 0349 -0.177 0315 -0422 1294 2661 -0373 0.136
Cenfer ;21 0124 -0.083 0134 6059 0024 -1387 -0192 -0.106 -0.280
NMIG
Conter o627 2409 0195 0455 079 0083 -0984 -1981 0856 -1.054
SANT
Cenfer sy 1839 0475 0907 009 0686 -1425 -1711 0635 -0.924
POP65
Conter 034 0581 0310 -0055 0332 0178 1010 0335 5783 0328
POPD
Center
Ovwr 0014 2695 0249 0397 1246 0333 1842 2203 1046 0550
Center
UNDr 0440 2651 0361 -0223 0441 0364 1312 2920 -0.441 0.155
gli?;;r 0111  -3.984 0438 -0357 0067 -0074 0853 1258 -0.174 0.595
ggl‘ffr 0268  -4591 -0.137 0347 -0.146 0055 0436 -1.669 0.138 0.139
Center
Ungng 0293 1385 0004 0376 -0280 1606 -0418 -1.093 -0.438 -0.050

Note: This table reports standardized cluster centroids linking energy use per capita (ENUS) with key social ESG
indicators. The clusters reveal heterogeneous social development regimes, showing that higher welfare,
demographic transition, and social inclusion often coincide with higher energy demand. Sustainable transitions

therefore require decoupling social progress from environmental and energy inefficiencies.

The above table reports the standardized values of the centroids of the energy use per capita
(ENUS) variable together with other extensive sets of ESG-based factors of a ‘social’ type, providing
an insightful explanation of the complex interpretation of the ENUS variable in relation to the
development of societal structures. As suggested by recent research on ESG issues (Manjengwa et al.,
2025; Enriquez et al., 2025), the above results confirm once again the complex embedding of the ENUS
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variable within societal structures. Cluster 1 has high ENUS values alongside robust social sector
performance, as measured by high indices of ESRP, internet usage, life expectancy, labor force
participation, sanitation services, and an older population. This cluster corresponds to countries with
very advanced welfare states, wherein the operation of digital networks, health services, and services
within older communities is necessarily energy-consuming, supporting the argument that social
inclusion policies and welfare extension usually raise energy demand except insofar as efficiency
offsets this relationship (Kharlamova et al., 2025; Jeon, 2025). Cluster 5 has the highest ENUS, but the
social factors are mixed. While overall social inclusion is limited, the presence of effective migration
processes and service-oriented life orientations is working in favor of energy demand. This indicates
that specific selective social and demographic forces may be at work to produce a high ENUS even
without overall social development (Nurgaliyeva, 2025). On the other hand, Clusters 2, 7, and 8
exhibit very low ENUS alongside significant levels of social deprivation, including low life
expectancy, restricted internet access, poor sanitation, and high fertility or child mortality. In line
with the literature on ESG-S, the low energy use in Clusters 2, 7, and 8 can be attributed to ‘energy
poverty’ rather than sustainability (Enriquez et al., 2025). Clusters 3 and 4 reflect regimes of transition,
during which some positive social change occurs alongside modest progress on ENUS, suggesting
possible trajectories toward decoupling societal advancement from energy use (Brozek et al., 2025).
Additionally, cluster 6 shows that disparities in social achievement do not necessarily lead to greater
energy use during periods of economic stagnation. On the whole, the clustering above confirms a
fundamental principle of our approach to ESG: ENUS is often associated with social inclusion when
it is high, while a low ENUS signal can indicate not sustainability but exclusion, thereby requiring
efficiency-related and clean energy policies to balance social progress with natural limitations
(Costantiello et al., 2025). See Table 13.

Table 13. Standardized Cluster Centroids of Energy Use and Social ESG Indicators (ESG-S Pillar).

ENUS ESRP FERT FDPI GDPG GEE HBED INTU LFPR LEXP
Cluster 11.072  0.698 0.179 -0.351 -0.343 -0.381 0369 0987 0.810 0.741
Cluster 2-1.422 -2484 -0.050 5.256 0773 0960 -1492 -2.151 -3.179 0.460
Cluster 30.103  0.120 -0.055 -0.497 0.195 -0.451 1.146 0.035 -0.313 -0.030
Cluster 4-0.382 0.182 0.079 0.330 0.323 1500 -0.476 -0.121 0.082 -0.496
Cluster 51.474  -0.030 0.434 -0.170 0.031 0.191 -0.284 0.601 0.367 -0.186
Cluster 6-0.228 0.383  0.147 -0584 -0914 -0.715 0.036 0.094 0446 -0.214
Cluster 7-1.124 -1.582 -0.248 0.578 0.975 0.101 -1.050 -1.578 -1.406 -1.203
Cluster 8-1.307 -2.777 -0.896 2568 1.020 1.288 -1.273 -1.968 -2.453 0.497
Cluster 9-0.503 0.768 0.637 -0.688 0.861 -0.047 0386 0366 0872 -0.573
Cluster
10

-0.829 -0311 -0.184 0204 0252 0533 -0.83¢ -0.614 -0.199 -0.544

USMR NMIG SANT POP65 POPD OVWT UNDR PRIM SGPI UNEM
Cluster 10.221  0.014 0.752 0.034 -0.111 0.827 0.268 -0.503 -0.440 -0.293
Cluster 2-0.124 -2.695 -1.839 -0.581 -3.984 -2409 -4591 5213 2651 -1.385
Cluster 3-0.083 0.249 0475 -0310 -0.438 0.195 -0.137 -0.349 -0.361 0.004
Cluster 40.134 0397  -0907 -0.055 -0.357 0455 0347 -0.177 -0.223 -0.376
Cluster 56.059  1.246 0.096 -0.332 0.067 0.799 -0.146 -0.315 -0.441 -0.280
Cluster 6-0.024 0333 0.686 -0.178 -0.074 0.083 0.055 -0.422 -0.364 1.606
Cluster 7-1.387 -1.842 -1425 1.010 0.853 -0.984 0436 1294 1312 -0.418
Cluster 8-0.192 -2.203 -1.711 -0.335 1.258 -1.981 -1.669 2661 2920 -1.093
Cluster 9-0.106 1.046 0.635 5.783 -0.174 0.856 0.138  -0.373 -0.441 -0.438
Cluster
10

Note: This table reports the standardized centroids of K-Means clusters linking energy use per capita (ENUS)

-0280 0550 -0.924 -0.328 0595 -1.054 0139 0.136 0.155  -0.050

with key social ESG indicators, including health, education, demographics, labor participation, and welfare
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conditions. The results highlight heterogeneous social-energy regimes, showing how different development and

inclusion patterns correspond to distinct levels of energy consumption across clusters.

5.3. Benchmarking Machine Learning Models for ENUS Prediction Using ESG Social Indicators

In this section, the capability of different models using machine learning techniques is evaluated
for explaining energy use per capita, commonly referred to as ENUS, through Social S dimension
indicators using ESG. To foster a transparent method of assessment, a normalized multi-metric model
that considers both error reduction and explanation at the same time is used. In a similar vein, recent
studies have used similar methods that involve model comparisons through a variety of metrics for
testing predictive models (de Dieu Hagenimana & Sumbiri, 2025; Sibai et al., 2024). This has made it
relatively easy to select a model that presents a more balanced solution for predictive capability,
robustness, and, more importantly, explanation, before moving towards analyzing the relative
weight that social indicators have for explaining energy consumption. The aim is to identify which
machine learning technique performs best out of the models considered through a complete relative
comparison. This comparison is achieved through a Min-Max normalization technique, ensuring all
performance values are relative. This technique has a higher score for values closer to 1. The error
metrics include MSE, RMSE, MAE/MAD, and MAPE. For error metrics, lower error values are
associated with higher performance. However, the coefficient of determination score has a
conventional scale. This technique has successfully enabled relative performance comparison among
diverse indicators in a similar predictive model framework as outlined in Ling et al. (Ling et al., 2024).
As per the normalized outcome results, the best-performing model is seen to be the ‘K-Nearest
Neighbors’ (KNN) model. The KNN model also achieves the highest normalized outcome measure
(1.00) on all dimensions of evaluation — on absolute as well as relative error terms and goodness of
fit. The superiority of the KNN model is evident on every aspect of the overall evaluation framework,
reflecting its strongest predictive capability on every aspect (Avinash et al., 2025). Considering the
aspect of minimizing error norms — both MSE and RMSE — the KNN model remains superior to every
other model in the evaluation test and achieves the lowest error norm measure on every dimension.
Furthermore, while measuring performance through ‘Mean Absolute Error’ (MAE/MAD) and ‘Mean
Absolute Percentage Error’ (MAPE), the KNN model remains the best-performing model on every
dimension, reflecting its capability to make exact predictions in terms of both absolute as well as
relative deviations (Sibai et al., 2024). In addition to error measures, KNN also attains the highest
value of Normalized R?, which means that the model captures the most variance in the target variable
compared to other models. A high value of R? along with a minimal value of prediction error
measures good fit, along with good generalization capabilities within the identified domain. The
consistency of both parameters again justifies that KNN attains a much better overall fit rather than
just focusing on a specific measure (Troncoso et al., 2023). In relation to other superior models like
Random Forest and Decision Trees, KNN retains its superiority. Although Random Forest produces
superior scores on many parameters, it doesn’t produce harmony towards optimal values like KNN.
Decision Trees are good but more variant on parameters, thus not as stable as KNN. Linear and ridge
regression models are inferior to KNN on accuracy despite their simplicity. Support Vector Machines
are not consistent, doing extremely well on some error measures but failing catastrophically on other
measures like R¥(Ling et al., 2024). In conclusion, the above normalized statistical analysis clearly
indicates that the KNN model is the most effective of the lot for this predictive task, based on its
outstanding performance, error minimization, and ability to explain the results, as indicated above
(Avinash et al., 2025; de Dieu Hagenimana & Sumbiri, 2025). Table 14.

Table 14. Comparative Performance of Machine Learning Models in Predicting Energy Use per Capita under
the ESG-Social Dimension.

Reg.
Statistics Boosting Decision Tree KNN Linear Reg. Random Forest Litffar SVM

MSE 0.30 0.63 0.81 1.00 0.72 0.00 0.99
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MSE 0.58 0.79 1.00 0.05 0.86 0.43 0.00
(scaled)

RMSE 0.30 0.63 0.81 1.00 0.69 0.00 0.99
MAE /

MAD 0.45 0.78 1.00 0.00 0.83 0.24 0.09

MAPE 0.55 0.90 1.00 0.00 0.83 0.38 0.63

R? 0.61 0.81 1.00 0.07 0.90 0.39 0.00

Note: All metrics are normalized and directionally aligned, with higher values indicating better performance.
The results show that K-Nearest Neighbors (KNN) consistently outperforms alternative models across error and
goodness-of-fit measures, while Random Forest provides a strong secondary benchmark. Linear and SVM

models perform poorly, reflecting limited capacity to capture non-linear social-energy relationships.

The significance of Social (S)-related dimension variables to ESG factors concerning variations
in per-capita energy use (ENUS) is explained through analyzing mean dropout loss scores. The
higher the mean dropout loss score, better are the reductions in model performance to measure
variable significance to explain energy use patterns. The findings confirm that labour market patterns
and socio-demographic factors have a prominent influence on per-capita energy use, and that Labour
Force Participation Rate (LFPR) is the dominant variable affecting energy use patterns, as indicated
by higher participation generally begetting consumptive demand of energy. The relationship
indicates that higher levels of engagement of people generally have a strong correlation to higher
energy use levels, provided that this demand is driven by engagement of people within their
capacities to produce and consume. Equally, the unemployment rate (UNEM) and population
density (POPD) have great explanatory power as well. Unemployment has been known to influence
household income, consumption behaviors, as well as government spending, which have, in turn,
been associated with energy consumption. Population density, commonly associated with
urbanization, has been associated with cumulative energy consumption due to the infrastructure
associated with dwellings, transport networks, as well as urban infrastructure, hence its explanatory
power for the ENUS equation as well. The second set of variables explaining the ENUS equation
relates to demographic changes as well as social investment variables. Net migration (NMIG) has a
high level of dropout loss, suggesting that migration has played a crucial role in the level of national
energy usage, given that migration translates to changes in population size, labor, as well as
consumption behaviors as well. Similarly, government spending per capita on educational
institutions (GEE) has great explanatory power, suggesting that human investment translates to the
level of developmentalism, which has been associated with highly developed, hence highly energy-
dependent, economies as well. The variables associated with social development, social inclusion, as
well as life quality also have great explanatory power for the ENUS equation, with variables such as
the number of people using the Internet (INTU) as well as the number of people using "safely
managed sanitation” (SANT) suggesting the level of technological diffusion as well as infrastructure
development associated with the same, both of which require significant energy usage as well. Life
expectancy at birth (LEXP) further has been associated with the level of overall social-economic
development, as well as living standards, which have been associated with high overall per capita
energy usage as well. Of great significant is the fact that the Economic and Social Rights Performance
Score (ESRP) has been associated with non-negligible explanatory power, suggesting that the level of
institutionalism, social protection, as well as the realization of rights has great influence on the level
of overall energy usage as well. Other variables associated with health changes, as well as
demographic composition, such as the number of hospital beds per 1000 population (HBED),
population 65 years or older (POP65), as well as "fertility rate" (FERT) have been associated with
moderate, as well as significant, explanatory power as well, suggesting that the same have influenced
the overall usage due to the associated infrastructure, as well as behavior, associated with healthcare,
as well as population changes as well. In general, however, the results indicate that social
development, labor market participation, demographics, and institutionality are fundamental

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.2529.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 December 2025 d0i:10.20944/preprints202512.2529.v1

36 of 65

determinants of per capita energy consumption. By analyzing from an ESG perspective, it can be
observed that under Social, there not only exist equity or welfare considerations, but there is, in fact,
a basic factor determining demand. The importance of incorporating Social indicators to policies
related to Energy/Resources and Sustainability is thus underlined by this fact. See Table 15.

Table 15. Dropout Loss—Based Importance of Social (ESG-S) Indicators in Explaining Energy Use per Capita.

Mean dropout loss Mean dropout loss

LFPR 611.524 HBED 413.209
UNEM 551.578 SGPI 409.330
POPD 545.278 OVWT 391.616
NMIG 502.293 FDPI 352.332
GEE 500.069 PRIM 343.965
INTU 466.586 GDPG 330.764
SANT 451.106 FERT 307.202
LEXP 420.755 POP65 289.267
ESRP 413.453 UNDR 283.200

U5MR 218.821

Note: Mean dropout loss values measure the reduction in predictive accuracy when each social variable is
removed from the model. Higher values indicate greater importance for explaining ENUS. Results show that
labor market participation, demographics, health, education, and social infrastructure are key drivers of per-

capita energy demand within the ESG-Social pillar.

The model allows for a breakdown of the predicted energy use per capita (ENUS) at the level of
each case, on an everyday basis, to 2.705. For each case, the difference between the predicted ENUS
and the everyday basis is then decomposed into the marginal contribution of the Social (S) factors
under the ESG approach. Negative coefficients indicate drivers of energy use per capita that reduce
it beyond the everyday level. In contrast, positive coefficients signify drivers of increased energy use
per capita. Across all five cases, this model shows that the predicted energy use per capita is
consistently lower than on an everyday basis, indicating that the Social factors introduced into each
case act jointly to suppress energy use per capita. Also, labor market conditions are a key determinant
of ENUS. The labor force participation rate turns out to have significant adverse effects in most
instances, most notably in Cases 1 and 2, where the effect is the second most prominent in absolute
value. This indicates that lower workforce participation is associated with lower economic activity,
lower industry output, and lower mobility, all of which contribute to lower energy demand.
Unemployment, as a determinant, takes a prominent place, mainly negatively, although its effect
fluctuates across cases. Demographic dynamics also help clarify further differences in ENUS. The
level of net migration is found to have consistently negative coefficients, indicating that reductions
in migration inflows or outflows are associated with lower energy use per capita, mainly because
they suppress population growth. Fertility rates and the percentage of the population aged 65 or
older also show significant coefficients, indicating that demographic structure contributes to energy
demand. Variables related to social infrastructure and access to primary services have some of the
most significant effects. The contribution of access to safely managed sanitation is particularly high
in Case 1, indicating that inadequate investments in the sector are associated with lower ENUS.
Upgrading this sector always entails significant investments in water treatment and distribution
networks, which are the primary drivers of its high correlation with ENUS. On the other hand, the
number of Internet users usually has a negative association, suggesting that less developed societies
with low diffusion rates are associated with lower ENUS. Health and human development factors
also matter. “Life expectancy at birth” and “hospital beds per 1,000 people” tend to have generally
adverse effects, indicating that countries with less developed healthcare systems consume less
energy. The “under-five mortality rate” has mixed but typically minor effects, suggesting that
healthcare outcomes influence energy consumption primarily through broader development
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channels. Variables related to education further strengthen the link between societal development
and energy consumption. Government expenditure on education, primary school enrollment, and
educational equality has made significant contributions in many instances. In Case 5, the massive
negative impacts of primary school enrollment clearly establish that countries with inefficient
education systems have less economic complexity and productivity, in turn consuming less energy.
Education is a harbinger of technological advancements in a region's economic structure, thereby
enhancing energy consumption. Finally, the Economic and Social Rights Performance Score is
generally a negatively contributing variable, suggesting that poorer-quality institutions and the lack
of social rights protection are associated with lower outcomes in infrastructure development and
energy consumption. Overall, the above analysis clearly shows that Social variables remain the
primary drivers of energy consumption per capita. Better outcomes in labor, education, healthcare,
and social infrastructure are closely related to the positive effects of energy consumption. Table 16.

Table 16. Decomposition of Predicted Energy Use per Capita by Social (ESG-S) Drivers.

Case gred‘“e Base ESRP FERT FDPI GDPG GEE HBED INTU LFPR

792.695 2.705222-14.375 -4.125 -74.467 -88.392 -1473 -113.716 -54.712 -198.639
1.162.7032.705.22215.679 97297 142.385 -15.817 3.609 -224.769 -457.930 -380.498
1.877.3002.705.222-168.371 -104.373 -14.647 -24.638 28.635 -26239 11.533 -136.806
1.920.0832.705.222-127.689 -183.757 -86.132 -44.541 22.820 -44.939 -28373 -53.084
1.920.0832.705.222-131.711 -118.909 -28.885 78.130 -73.325 28.862 -136.952 81.271

LEXP USMR NMIG SANT POP65 POPD OVWT UNDR PRIM SGPI UNEM
68.882 -14.193 -153.177 626318 -27.830 -72.604 -99.074 4.484 -212.114 -13.442 -79.478
4723 9294  -46253 0.000 -311.401 -49.388 14.416 8145 -24.094 -0.103 -123.774
146556 13.124 -93.047 -7.108 -24.913 121.856 -116.040 42.646 -196.765 46.907 -33.119
118300 12.663 -67.371 9.167  -2.466 121.856 -49.223 41413 -237.175 -0.897 50.889

-61.519 -7.057 -61.634 0.000 178.660 121.856 130.130 59.046 -892.177 -5.283  54.357
Note: This table reports counterfactual attribution results for predicted energy use per capita (ENUS),

QI |WIN |-

decomposing deviations from the baseline into marginal contributions of Social ESG variables. Negative values
indicate factors reducing ENUS, while positive values indicate drivers increasing consumption. Results
highlight the heterogeneous and case-specific influence of social development, demographics, labor markets,

and welfare conditions on energy demand.

The figure contains two panels that represent the performance and tuning of the K-Nearest
Neighbors Regression model. Panel A contains a scatter diagram with the test values on the x-axis
and the predicted values on the y-axis. Each point in the scatter diagram represents an observation
from the test dataset, and the red line represents the 45-degree reference line, where the predicted
values are always equal to the observed ones. The points are concentrated along the desired line,
suggesting that the predictions match the values accurately. The fact that the points are not perfectly
aligned along the reference line but are scattered, especially at the higher end, is expected for real
datasets, as even the best model cannot perfectly predict values along the desired line due to residual
prediction errors. The fact that the points do not systematically deviate from the reference line,
however, indicates that the model does not exhibit bias toward the desired predictions. In panel B,
the issue of model parameterization, or tuning, is handled by using the mean squared error (MSE) as
a function of the number of nearest neighbors, k. Two curves are shown: the dotted curve represents
the training data, and the solid curve represents the validation data. With the increase in k, the error
in the train data monotonically increases, as expected from the prevalence of the smoothing effect
from the addition of more and more neighbors. Initially, for small k, the models fit the training data
closely, so the training error is tiny, but the risk of overfitting is very high. The error in the validation
data initially decreases, reaches a minimum at k =2 (marked by a red dot), and then steadily increases
as k increases. This is, of course, the trade-off between bias and variance. When k is small, the models
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exhibit substantial variance and, consequently, high generalization error. As k becomes very large,
the models become highly biased and consequently underfit. The minimum error on the validation
data thus provides the optimal value of k. Overall, the two panels provide different but useful
information: while panel A verifies the strong predictive power of the chosen KNN algorithm, panel
B verifies the choice of k by showing how parameter tuning affects the generalization error. See Figure
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Figure 4. Predictive Accuracy and Hyperparameter Tuning of the K-Nearest Neighbors (KNN) Regression
Model. Panel A illustrates the correspondence between observed and predicted test values of ENUS, showing a
strong alignment around the 45-degree reference line and indicating high predictive accuracy with limited bias.
Panel B reports training and validation mean squared errors across different values of k, highlighting the bias—
variance trade-off and identifying k = 2 as the optimal neighborhood size that minimizes out-of-sample

prediction error.

6. Institutional Drivers of Energy Use: Insights from ESG Governance Indicators
and Multimethod Analysis

6.1. Governance Quality and Energy Use per Capita: Evidence from the ESG G-Pillar

This section examines the relationship between the Governance (G) dimension of the ESG
framework and energy use per capita (ENUS) using a panel data model that incorporates key
indicators of institutional quality, political stability, gender representation, and innovation capacity.
The aim is to assess whether, and through which channels, improvements in governance —such as
stronger rule of law, greater political stability, and more inclusive institutions —are associated with
changes in energy consumption, interpreting ENUS as a proxy for economic scale, infrastructural
maturity, and technological intensity rather than as a purely environmental outcome.

ENUS;t = a + B1(PSAV);t + B2(WPAR) ;¢ + B3(RLAW )¢ + B4 (SCIA)
i =161,t =[2003;2024]

This series of empirical results can be logically ascribed to an ESG framework by focusing on the
governance (G) perspective and formulating a fundamental research question: How does the quality
of governance, the stability of politics, the strength of institutions, the number of female
representatives in political institutions, and the national innovation capabilities interact and intersect
with energy consumption per capita (ENUS)? Although the energy consumption per capita is a
standard outcome variable in the environment domain, it is equally helpful as a good proxy for the
general structural features of an economy, such as the size and type of economic activities, the level
of infrastructure development, the extent of public services, and the overall technology intensity of
financial activities and consumption patterns. From this perspective, energy consumption can be
attributed to and influenced by the environment, economic development, institutional capabilities,
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and structural changes (Mukhtar, 2023). Including the governance variables is particularly important,
as they significantly determine investment incentives, the effectiveness of regulation, long-term
planning priorities, the efficiency of the public sector, and overall institutional credibility (Waseem et
al., 2025). All of the above variables can be drivers or brakes on energy use, even if the outcome
variable represents the overall energy consumption and various measures, such as emissions,
efficiency, or shares of renewable energy. Good governance is a key force that can stimulate economic
growth and provide the structural capacity to address the environmental implications of such
development (Canh & Anh, 2025). Thus, the governance-energy nexus is a critical area of focus for
ESG analysis, as it intersects with development, sustainability, and governance (T6rok, 2025). The
empirical test uses an extensive, unbalanced macro-panel data set spanning 150 cross-sectional units
(countries) and 2,583 observations in total. The minimum number of observations per time series is
two, with a maximum of nineteen. As is familiar with cross-country governance data, this unbalanced
format reflects better time-series coverage being available with elapsed time, as well as differences
across indicators. The dependent variable, per capita energy use (ENUS), has a mean of roughly
2,325.8; however, its standard deviation is exceptionally high, at approximately 2,739.7. Again, this
reflects substantial cross-section variation. Variance decomposition under random effects further
supports this interpretation, revealing that the between variance (roughly 5.15 million) dwarfs the
within-unit variance (approximately 144,294). Implications: This suggests that variation in per-capita
energy use is driven by fundamental differences across countries rather than by varying levels within
countries. This is absolutely critical to interpretation, as it suggests that differences in governance
indicators can help shed light on fundamental differences between countries in per-capita levels of
use and year-to-year variation within countries. Extremely high levels of per-capita energy
consumption are functionally integral to development fundamentals, such that fundamental
development trajectories, underlying infrastructure, industrial structure, or climatological
circumstances, to take a few examples, all vary but very, very slowly over time (Bhattacharya & Yan,
2025). The results are presented for three estimators: random-effects GLS, fixed-effects (LSDV), and
Weighted Least Squares (WLS). The choice of model is informed by the Hausman test, which plays a
crucial role in panel data estimation. The Hausman test finds that the null hypothesis that the random
effects estimator is consistent is to be rejected (Chi-square(4) = 43.98, p = = 6.49e-09), which implies
that the error term is not independent of the governance indicators because of the underlying
presence of unobservable country-specific effects. From an intuitive perspective, this finding is not
atypical because profound structural factors, including past institutional development, geographic
features, natural resource deposits, and persistent economic structures, are intertwined with
governance quality and patterns of energy consumption in any international community. Given that
these unobservable effects are contemporaneously associated with governance quality indicators,
randome-effects estimates conflate the impact of good governance on improved energy consumption
per capita across countries while abstracting from time-invariant characteristics (Alinsato et al., 2025).
Evidently, from an ESG analysis appropriately interpreting the results on behalf of an investor, the
fixed effects model is to be regarded as more valid because this model abstracts from every time-
invariant characteristic in the target countries while seeking to establish whether changes in good
governance impact changes in per capita patterns of energy consumption (Waseem et al., 2025; Canh
& Anh, 2025). However, various diagnostic tests establish significant violations of classical panel data
assumptions. The distribution-free Wald test on homoskedasticity is rejected, signifying strong
evidence of heteroskedasticity across panels. Cross-sectional dependence tests using Pesaran’s
approach are significant across all forms, suggesting that each country is exposed to global shocks
and unobserved global variables, such as global business cycles, international energy price trends,
technological spillovers, geophysical events, pandemics, or worldwide policy regimes (Bhattacharya
& Yan, 2025). The Wooldridge test for autocorrelation of errors rejects the null of no first-order
autocorrelation, suggesting that panels are contaminated by serial correlation. In contrast, normality
tests for residuals are significant for all forms, rejecting the null hypothesis of normality. Taken
together, these empirical findings suggest that standard errors could be biased without appropriate
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covariate adjustments, and thus, inference should be treated with due care. Though WLS correction
mitigates heteroskedasticity to some extent, it does not necessarily correct for cross-sectional
dependence or autocorrelation without specific models for these conditions. Without standard errors
adjusted for heteroskedasticity, autocorrelation, and cross-sectional dependence with Driscoll-Kraay
standard errors or appropriate clustering, it is safest to focus on directional information, relative sizes,
and cross-estimator consistency rather than emphasizing specific levels of significance. Looking at
the empirical findings, political stability and the absence of violence (PSAV) have positive and
significant effects on energy intensity per capita using all three models. Despite differing magnitudes,
the positive signs in all three models imply that greater political stability in countries is associated
with higher per capita energy intensity. The positive effect of political stability can be explained by
the fact that it provides an enabling environment for economic growth, industries, infrastructure
development, and investment. Political instability undermines investors’ confidence in the economy,
leading them to refrain from investing amid uncertainties in the country. However, from a
governance perspective, the positive effect has no implications, as it only indicates that countries that
experience growth due to political stability may also face environmental pressures when that growth
translates into increased energy intensity. From an ESG perspective, environmental sustainability, by
encouraging energy efficiency, would address ecological pressures associated with increased energy
intensity. The share of parliamentary seats held by women (WPAR) has a negative and highly
significant coefficient in all models. This means that a higher share of female seats in Parliament is
associated with lower per-capita energy use, all else equal. There are several channels through which
this result can be explained. First, there is the channel of policy preferences. Higher female
representation in politics tends to be associated with a greater concern for social welfare, public
goods, and risk aversion in the long run. This type of risk aversion may also include energy policies.
Yet another channel might be related to institutional improvements. Higher female representation
could be associated with improvements in institutional factors such as transparency, accountability,
and governance that can lead to improvements in demand-side energy management. In the fixed-
effects model, a negative sign indicates that, as the number of female seats in Parliament increases in
a country, per-capita energy use declines slightly. This could be consistent with a move towards a
less energy-intensive development path. The rule of law (RLAW) has a considerable, positive, and
highly significant impact across all specifications. An improved rule of law leads to greater contract
security, lower transaction costs, more secure property rights, and increased investment in capital-
intensive industries such as manufacturing, real estate, and energy infrastructure. The positive
correlation in political stability captures a size relationship: better institutions are conducive to more
economic activity and, consequently, more consumption. From an ESG perspective, this finding
underscores a fundamental policy trade-off arising from improved institutional building, which
enhances both welfare and productive capability. Still, it may also lead to more adverse climate
impacts, as highlighted by increased energy demand from a sustainability perspective, as discussed
in Alinsato et al. (2025) and Waseem et al. (2025). At the same time, a strict rule of law is a prerequisite
for an enabling environment for all these aspects through proper infrastructure development, carbon
pricing, or environmental regulations, as discussed in Torok (2025). Scientific and Technical Journal
Articles (SCIA), used as a proxy for innovation power, enter with a small but positive and significant
coefficient. Although the coefficient is small, it is due to the variable's large size. Countries with
substantial scientific achievements would generally have more developed knowledge-intensive
economies, broader R&D facilities, and technologically advanced sectors, all of which demand energy
use (Canh & Anh, 2025). When considering the topic from the perspective of sustainable growth,
innovation is a two-sided issue: it increases energy demand due to its scale, but also improves energy
efficiency, enabling effective decarbonization. The dependent variable measures energy levels, not
energy intensity or emission, so the positive relationship is mainly due to the size aspect of
innovation-powered growth. On the whole, findings reflect a process of scale-throughput-structure
enabling within governance that is positively correlated with scale and, consequently, with per capita
energy demand, and more tempered use of energy linked to its representation through women’s
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parliamentary mandates. From an ESG perspective, the takeaway message is to focus not on a process

where “better governance is associated with increasing energy use as a problem per se, but on better
understanding how good or bad governance has impacted the management of development-related
energy demand.” Within this frame of understanding, growth and stability that stem from good
governance, scale, and innovation, while enabling fast growth, also open pathways to a reduced
carbon future through optimization and efficiency of energy systems and grids (Waseem et al., 2025;
Canh & Anh, 2025; Torok, 2025). Table 17.

Table 17. Governance (ESG-G) Determinants of Energy Use per Capita: Panel Data Regression Results.

Cross
Sectional 150
Units
Observation 2583
S
Time-series .. .
minimum 2, maximum 19
length
Depe'ndent ENUS
variable
Model Random-effects (GLS) Fixed-effects WLS
Coefficient Std. z Coefficient Std. t-ratio Coefficient Std. Error t-ratio
Error Error
const 2309.64*** 189.02 12.22 2422.82*** 30.40 79.69 2435.29*** 26.75 91.03
PSAV 63.20** 2713 2.33 65.5070** 27.00 2.42 305.68*** 16.86 18.12
WPAR —5.27**%* 1.39 -3.78 -5.21** 1.38 -3.75 —15.02*** 0.99 -15.15
RLAW 278.16*** 5123 542 202.72*** 52.17 3.88 1214.96*** 17.28 70.30
SCIA 0.001*** 0.0004 3.50 0.001*** 0.0004 3.45 0.001*** 0.0002 7.36
Mean Mean Sum
dependent = 2325.795  dependent = 2325.795 squared ~ 2236.719
var var resid
Sum Sum
squared 1.70e+10 squared 3.50e+08  R-squared 0.851133
resid resid
Log- LSDV R-
. (.)g —23938.64 S 0.981915 F(4,2578) 3684.863
likelihood squared
Schwarz LSDV Log-
criterion 47916.56 F(153, 2429) 861.9665 likelihood 3479.218
rho 0668619 08 _1googoa  STWAL 997719
likelihood criterion
Statistics S.D.
h .E. of
dependent  2739.678  CUWAZ 390664 SE.of 931460
criterion regression
var
SE.of 6414 rho 0668619 dusted Ry o000
regression squared
S.D.
Akaik
AXC 4788708 dependent  2739.678  P-value(F)  0.000000
criterion
var
Hannan-— pe79 SEOE 0 grg g ARake  oiguss
Quinn regression criterion
Durbin- ) josapq  WIthinR- g oygps  Hamnan- Lo i
Watson squared Quinn
P-value(F) 0.000000
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Akaike 5010448
criterion
Hannan-
. 38491.38
Quinn
Durbin- ) 195404
Watson

'Between' variance =
5.14683e+006 'Within'

int test d
variance = 144294 mean Joint test on name

_ regressors -
Jotiﬁfttaest %rgl‘rffi . Teststatistic: F(4, 2429) =
151715

regressors - Asymptotic
test statistic: Chi-square(4)
= 82.6342 with p-value =
4.81647e-17

with p-value = P(F(4, 2429)
>15.1715) = 2.95076e-12

Test for normality of residual -

Null hypothesis: error is
normally distributed

Test statistic: Chi-square(2) =

7257.06
with p-value =0

Test for differing group
Breusch-Pagan test - Null intercepts -
Null hypothesis: The

groups have a common

hypothesis: Variance of the
unit-specific error =0
Asymptotic test statistic: intercept
Chi-square(1) = 19601 with Test statistic: F(149, 2429) =
p-value=0 585.769
with p-value = P(F(149,
2429) > 585.769) = 0

Pesaran CD test for cross-
sectional dependence -
Null hypothesis: No cross-
sectional dependence
Asymptotic test statistic: z =
8.34184
with p-value =7.3144e-17

Distribution free Wald test
Hausman test - Null for heteroskedasticity -
hypothesis: GLS estimates Null hypothesis: the units
are consistent Asymptotic
test statistic: Chi-square(4)
= 43.9773 with p-value =
6.48586e-09

have a common error
Tests .
variance
Asymptotic test statistic:
Chi-square(150) =
1.64677e+30

with p-value=0

Test for normality of
residual - Null hypothesis:
error is normally
distributed Test statistic:
Chi-square(2) = 7163.76

Test for normality of
residual -
Null hypothesis: error is
normally distributed
Test statistic: Chi-square(2)

with p-value =0 =13673.9
with p-value=0
Wooldridge test for
Wooldridge test for autocorrelation in panel
autocorrelation in panel data -

data - Null hypothesis: No Null hypothesis: No first-
first-order autocorrelation order autocorrelation (rho

(rho =-0.5) Test statistic: =-0.5)
F(1, 148) = 50.7529 with p-  Test statistic: F(1, 148) =
value = P(F(1, 148) > 50.7529

50.7529) = 4.25198e-11  with p-value = P(F(1, 148) >

50.7529) = 4.25198e-11
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Pesaran CD test for cross-
sectional dependence -
Null hypothesis: No cross-
sectional dependence

Pesaran CD test for cross-
sectional dependence -

. . Null hypothesis: No cross-
Asymptotic test statistic: z

=9.18194 with p-value =
4.23398e-20

sectional dependence
Asymptotic test statistic: z
=10.6857
with p-value = 1.18793e-26

Note: This table reports random-effects, fixed-effects, and WLS panel estimations assessing the impact of

governance indicators on energy use per capita (ENUS). Results show that political stability, rule of law, and
scientific capacity significantly increase ENUS, while women's political representation moderates consumption.
Findings highlight governance quality as a key structural driver shaping energy demand within the ESG

framework. Asterisks indicate statistical significance levels: *** p < 0.01, ** p <0.05, and * p < 0.10.

6.2. Identifying Governance—Energy Regimes Through Model-Based Clustering in the ESG Framework

This article provides an account of the clustering process used in this work to outline specific
governance-energy regimes within the ESG approach, based on ESG factors and indicators.
Employing a multi-criteria, normalized approach to alternative algorithm selection, this process
determines that the clustering method that best balances statistical validity and interpretability is
used for this work’s purpose and goals. Parallel approaches combining statistical modeling and ESG
factors have been successfully used in recent sustainability studies to distinctly classify various
governance and energy performance regimes (Ren et al.,, 2025). Applying this method to specific
configurations of governance quality and systematically establishing existing associations between
various institutional forms and variations in energy use per capita (ENUS), based on several metrics
and comparison criteria, this work finds that the best-suited method is Model-Based clustering. While
different methods don’t show superior performances across all criteria considered, this method is
best at combining all of them, and this is particularly important for this work’s specific goals and
aims, aiming to achieve not an optimization of a geometric criterion but to achieve and provide a
defensible solution, as described in Saltik’s work of 2024. To begin with, Model-Based clustering
significantly surpasses other models on the most basic evaluation standards for model quality and
fit. It has reached the maximum normalized values for R2, AIC, and BIC, which are essential for model
assessment in terms of data explanation, while accounting for model complexity. Just as the
probabilistic models used in global ESG regulatory research by Costantiello and Leogrande (2023),
this model has a distinct advantage in terms of data explanation and stable model results, which are
essential for models that do not rely solely on geometric principles for data representation. High R?
values indicate that the model explains a significant portion of the data’s variability. At the same
time, the model’s efficiency, as evidenced by the lowest AIC and BIC scores, demonstrates its ability
to describe the data without unnecessary components. Model-based clustering is vital in ESG
indicator taxonomies for data representation, as it helps distinguish data across categories (Sica et al.,
2023). Such an application has demonstrated its importance in model-based data representations for
distinguishing data across multiple categories based on their indicators. Second, it is clear that the
Model-Based algorithm performs outstandingly on the Calinski-Harabasz index. This global metric
evaluates the relationship between inter-cluster and within-cluster dispersion. The high value for this
criterion indicates that the algorithm produces dense, globally distinct clusters, supporting the
conclusion that it identifies intrinsic patterns within the dataset. This aligns with current research on
energy governance, which shows that probabilistic or combined approaches are superior to
deterministic algorithms for detecting structural patterns in ESG metrics (Ren et al., 2025; Saltik,
2024). However, it is recognized that Model-Based clustering is not the best-performing method when
purely geometric and distance-based measures such as Silhouette, the Dunn Index, and Minimum
separation are used. This, of course, is to be understood in context. These measures prefer models
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that produce spherical, easily separable clusters. Model-Based clustering, on the other hand, models
the data-generating process using a mixture of probability distributions. This scenario is perhaps
more accurate in practice, as overlapping and hard-to-separate data are common (Costantiello et al.,
2025). Thus, slight scores in geometric separation may be far from optimal but reflect a different
paradigm. On comparing the options, a trade-off emerges. Fuzzy C-Means is good at measures
focusing on separation, like Pearson’s gamma and maximum diameter, but is statistically sub-
optimal and does poorly on AIC and BIC. Density-Based approaches perform well on measures of
concentration, such as the HH Index, but not on other parameters. K-Means, Hierarchical, and
Random Forest-based approaches perform on average and do not perform better on any parameter
worth considering. In conclusion, Model-Based clustering is the best all-around and most robust
solution. While performances in terms of statistical measures, as well as overall cluster validity,
greatly surpass those in terms of geometrical nearness, the preference for interpretability and
statistical validity over efficiency and geometrical accuracy makes Model-Based clustering the
optimal solution among the considered approaches. This aligns with new studies in the field of ESG
that increasingly use model-based probabilistic approaches to integrate governance, environmental,
and institutional variables in a replicable way (Sica et al., 2023; Costantiello et al., 2025). See Table 18.

Table 18. Comparative Performance of Clustering Algorithms for ESG-Governance and Energy Use Analysis.

Statistics Density- Fuzzy C- Hierarchical Model-Based K-Means Random
Based Means Forest

R? (max) 0.000 0.867 0.788 0.749 1.000 0.755

AIC (min) 0.000 0.889 0.776 0.735 1.000 0.740

BIC (min) 0.000 0.886 0.769 0.728 1.000 0.733

Silhouette (max) 1.000 0.167 0.611 0.019 0.389 0.000

Maximum 0.014 0.569 1.000 0.258 0.542 0.000

diameter (min)

Minimum 1.000 0.005 0.268 0.000 0.009 0.091

separation (max)

Pearson’s y (max) 0.324 0.344 1.000 0.023 0.382 0.000

Dunn index (max) 1.000 0.034 0.795 0.000 0.034 0.080

Entropy (min) 1.000 0.080 0.555 0.000 0.031 0.022

linski—Harab

Calinski-Harabasz = 1 0.625 0.405 0.347 1.000 0.355

(max)

HH Index (min) 0.000 0.959 0.636 1.000 0.992 0.979

Note: This table compares alternative clustering techniques using normalized statistical, geometric, and
information-based criteria. It supports the selection of model-based and probabilistic approaches as robust tools
for integrating governance, environmental, and institutional ESG variables in a replicable framework for

analyzing energy use per capita (ENUS).

Findings from Model-Based clustering indicate considerable variability in the G- component of
the ESG framework on ENUS, which captures the effects of governance-related variables on energy
consumption and institutional outcomes in a systematic and non-linear fashion (You et al. in 2024;
Zhang et al. in 2025). By simultaneous ENUS analysis using variables such as Control of Corruption
(CCOR), Political Stability and Absence of Violence (PSAV), Women’s Political Representation
(WPAR), Regulatory Quality (RQUA), Rule of Law (RLAW), Scientific and Technical Journal Articles
(SCIA), and Voice and Accountability (VACC), the clustering identifies governance institutional
patterns, as opposed to the effect of respective variables (Ren et al. in 2025). Clusters 2, 5, and 7 in this
case relate to governance-favorable environments and have a positive effect on ENUS; the effect is
most positive for Cluster 7. This was found to be a parameter that has the highest scores in all ENUS
and governance variables, namely CCOR, PSAV, RQUA, RLAW, and VACC, thus suggesting that in
situations of high, multi-dimensional, and comprehensive governance in terms of institutions,
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stability, inclusiveness, and governance, the effect on energy consumption and sustainability is, in
fact, positive and multiplicatively accentuated (Waseem et al. in 2025). The Model-Based analysis
confirms that the interpretation of ENUS measurements indicates a positive effect from
comprehensive institutional systems, whereas isolated governance variability does not produce the
same effect (You et al., 2024). This is true for the next, fifth cluster as well, which bears the same
indices and indicates a similarly positive effect on the governance and ENUS variables, but of a
relatively lower order. Here, a high score on the indexes WPAR, RQUA, and SCIA indicates that
gender equity, reasonable regulation, and scientific achievements, in this case, play a key enabling
role in determining the outcome in the energy area (Zhang et al., 2025). This fifth cluster suggests
that, while there may be a lack of comprehensive positive governance, isolated strengths in regulation
and science can still ensure positive outcomes in the dynamic area of ENUS. The next, or second, in
this case, shows a similar index and a positive effect on the ENUS area and is characterized by positive
scores in most related indexes and in the ENUS area itself. Finally, the remaining, or Clusters 1, 3, 4,
6, and the eighth, lack positive effects in the governance and ENUS indexes. Cluster 1 signifies the
fragility of governance, and its intense negativity in WPAR, RQUA, and RLAW correlates with
inferior ENUS results, reflecting how the lack of institutions, lack of inclusiveness, and poor
regulatory environments obstruct the ability to facilitate an efficient and sustainable energy
infrastructure (Ren et al. 2025). Cluster 8 reaffirms this conclusion, showing abysmal scores across all
governance factors and the worst ENUS performance, indicating a deficiency in overall governance
quality. Clusters 3 and 4 indicate a more complex scenario, in which poor ENUS results are balanced
by poor performance across all other dimensions, except Voice and Accountability (VACC), which
are portrayed with positive scores. This indicates that, in the absence of well-functioning institutions,
regulation, and the rule of law, democracy through Voice and Accountability does not suffice to
promote energy sustainability (Waseem et al. 2025; You et al. 2024). The quality of governance,
therefore, appears to be an altogether indispensable, complex, and multifaceted factor. The patterns
of the last two, Cluster 9 and Cluster 10, indicate an imbalanced form of the G dimension. Cluster 9,
in particular, reveals extremely high values for CCOR and poor performance on SCIA and VACC,
reflecting an asymmetric, imbalanced, and disproportionate development of institutions (Zhao et al.
2025). Cluster 10, characterized by an extreme SCIA, indicates an ability to compensate, to some
degree, for poor ENUS results through scientific infrastructure (Zhang et al. 2025). In general, the
Model-Based clustering approach supports the conclusion that poor ENUS results, caused by the G
dimension, correlate in their impact on ENUS in a systemic, not proportional, manner. The activation
of all dimensions of sustainability, through proper, balanced, and focused governance, through the
G dimension, allows, therefore, only in those cases to achieve an Eco-Efficient Sustainable Future
through ESG, in accordance with Waseem et al. (2025), underlines sustainability through, and
through only, all, and only all, dimensions of the quality of sustainability, as reaffirmed in Zhao et al.
(2025). See Table 19.

Table 19. Governance-Energy Regimes Identified by Model-Based Clustering (ESG-G Dimension).

ENUS CCOR PSAV WPAR RQUA RLAW SCIA VACC

Cluster 1  -0.652 -0.102 -1.090 -0.649 -0.529 0.087 -0.564 -0.200
Cluster2  1.173 0.626 0.495 1.220 1.133 0.777 0.839 -0.024
Cluster 3 -0.530 -0.241 -0.487 -0.665 -0.804 -0.225 -0.729 0.525
Cluster4 -0.420 -0.534 -0.256 -0.341 -0.264 -0.278 -0.042 0.378
Cluster 5 0.546 0.121 0.740 0.728 0.829 -0.006 0.943 0.077
Cluster 6 0.007 -0.568 -0.341 -0.101 -0.139 -0.260 -0.164 -0.742
Cluster 7 2.014 0.966 1.359 1.810 1.596 -0.043 1.578 1.343
Cluster 8  -0.866 -0.622 -0.383 -0.889 -0.811 -0.283 -0.611 -0.481
Cluster 9 0.589 2.881 0.588 0.608 0.478 -0.255 -0.684 -0.763
Cluster 10  0.476 0.798 0.049 0.574 0.493 7.091 -0.207 0.007

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.2529.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 December 2025 d0i:10.20944/preprints202512.2529.v1

46 of 65

Note: This table reports standardized cluster centroids for energy use per capita (ENUS) and key governance
indicators within the ESG-G dimension. The results identify distinct governance—energy regimes, showing that
high-quality, balanced institutional systems —combining regulatory quality, rule of law, stability, accountability,
and innovation—are systematically associated with higher and more sustainable ENUS outcomes, supporting

an eco-efficient ESG-driven development path.

Component analysis reveals particular profiles of governance and energy that clarify how
specific patterns of institutional quality shape ENUS (You et al., 2024). In general, the data reveal that
ENUS remains sensitive to proper integration between political stability, institutional capacity,
inclusiveness, and knowledge capacity (Waseem et al., 2025). Components 2 and 7 indicate the most
preferred governance integration, both having high positive ENUS indicators and high scores in
Control of Corruption (CCOR), Political Stability (PSAV), Regulatory Quality (RQUA), and Rule of
Law (RLAW). Component 7 appears as the best practice leader, maintaining high scores across all
governance indicators and the highest positive ENUS score, which emphasizes that institutional
growth with efficient regulation and accountability systems supports favorable energy outcomes
(You et al., 2024; Waseem et al., 2025). Component 5 also scores high in ENUS, maintaining high
scores in PSAV, RQUA, and RLAW, and achieving high scores in Voice and Accountability (VACC),
suggesting that engagement supports positive outcomes in reduced energy use despite the lack of
favorable science production outputs (Zhang et al, 2025). Whereas, the ENUS is negative for
Components 1, 3, 4, 6, and 8, accompanied by poor governance indicators. For example, Component
1 reflects poor political stability, regulatory quality, and the rule of law, underscoring the significant
influence of institutional instability on energy performance (Waseem et al.,, 2025). This is also
confirmed by Component 8, which shows consistently negative indicators for governance and ENUS,
thereby indicating a system-wide governance issue (You et al., 2024). Some components exhibit
slightly asymmetric patterns. Significantly, Component 9 generates a strongly positive ENUS,
irrespective of governance indicators, suggesting that a lack of institutional balance does not hamper
energy performance but might remain systemically vulnerable in the long run. Likewise, for
Component 10, ENUS is primarily driven by the SCIA index, which is strongly positive, indicating
that technological performance can generate a substantial ENUS, even when accompanied by
moderately positive indicators of governance across the system (Zhang et al., 2025). On the whole,
the average for components indicates that inclusive, well-tuned governance frameworks drive
positive ENUS performance. There might be isolated pockets of technological or institutional
capability that lead to better energy efficiency, but sustainability depends on effective governance
frameworks (Waseem et al., 2025; You et al., 2024; Zhang et al., 2025). See Table 20.

Table 20. Component-Level Governance Profiles and Average Effects on Energy Use per Capita (ENUS).

ENUS CCOR PSAV  WPAR RQUA RLAW SCIA VACC

Component1  -0.109 -0.653 -1.103 -0.212 -0.538  -0.645 0.082  -0.572
Component2  0.614 1.156 0.484 -0.031 1.120 1.206 0.767 0.821
Component3  -0.250 -0.529 -0.483 0.505 -0.790 -0.657 -0.226 -0.716
Component4  -0.533 -0.413 -0.249 0.360 -0.263  -0342 -0.278  -0.036
Component5  0.125 0.549 0.742 0.084 0.830 0.729  -0.005 0.944
Component6  -0.570  -8.527x10-4  -0.334 -0.743 -0.135  -0.109 -0.261  -0.153
Component7  0.967 2.013 1.359 1.340 1.595 1.808  -0.045 1.578
Component8  -0.621 -0.871 -0.379 -0.476 -0.818 -0.893 -0.283  -0.619
Component9  2.902 0.593 0.590 -0.756 0.480 0.610  -0.255  -0.685
Component 10  0.799 0.477 0.051 0.006 0.494 0.575 7.074  -0.204

The figure presents a comprehensive view of the modeled clustering outcomes, integrating
model selection, clustering representation, and interpretation in a single visual setting (Costantiello
& Leogrande, 2023; Sica et al., 2023; Saraswati et al., 2024). The focus of the information in panel A is
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on determining the number of optimal clusters by showing the AIC, BIC, and the trace of the within-
cluster sum of squares for varying numbers of clusters. The AIC and BIC curves exhibit a
monotonically decreasing trend, indicating improved fits as the number of models increases. The
minimum BIC suggests that the optimal solution is to identify 10 clusters, as the balancing theme of
the respective models aims to incorporate both explanation and simplicity. This implies a complex
data configuration that does not correspond to a simplified view of a limited number of homogeneous
subsets, which is in line with the recent literature on ESG-based clustering, which emphasizes the
multidimensional character of institutional and sustainability metrics (Costantiello & Leogrande,
2023). Panel B shows a two-dimensional representation of the clustered data points, colored by their
cluster. This representation indicates that overlaps among the clusters exist, as well as areas of
relatively higher density. This observation is not unusual in model-based clustering, as identified in
this research, where clustering occurs around probabilistic distributions rather than geometric
boundaries. This overlap does not necessarily indicate poor model performance. Instead, it points to
the reasonable assumption that the institutional and energy-related profiles may share common
attributes, as was also observed in previous research on the ESG taxonomy and indicators (Sica et al.,
2023). The presence of a few labeled data points indicates outliers, but they do not affect the mixture
distributions. In Panel C, the most informative interpretation is to show the average values of ENUS
and the governance variables for each cluster. The output indicates that significant heterogeneity
exists in governance/energy profiles. On one hand, some clusters have positive average scores in
ENUS, control of corruption, political stability, regulatory quality, rule of law, and voice and
accountability. These scores indicate that institutional environments exist in which high-quality
governance is associated with good ENUS scores. On the other hand, some clusters have negative
average scores across all those variables, suggesting that those institutional environments are fragile,
with poor ENUS scores coexisting with poor governance. In addition, some clusters have asymmetric
profiles, in which observations tend to be extreme on particular variables, such as science output and
rule of law (Saraswati et al., 2024). Overall, the three figures demonstrate the merits of the model-
based clustering approach. The approach allows for both the determination of several clusters
supported by statistical theory and the discovery of underlying complex regimes discernible at the
institutional level. The graph confirms the conditional nature of the relationship between governance
and ENUS, bolstering the argument that energy outcomes result instead from systematic
combinations of political, institutional, and knowledge-based factors, rather than single governance
traits (Costantiello & Leogrande, 2023; Sica et al., 2023; Saraswati et al., 2024). Figure 5.
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Figure 5. Model-Based Clustering of Governance (ESG-G) Indicators and Energy Use per Capita (ENUS). This
figure integrates cluster selection, visualization, and interpretation of governance—energy regimes. Panel A
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identifies the optimal number of clusters using AIC, BIC, and within-cluster sum of squares, with the minimum
BIC indicating ten clusters as the best balance between fit and parsimony. Panel B displays a two-dimensional
representation of clustered observations, highlighting partially overlapping yet distinct governance—energy
profiles typical of probabilistic clustering. Panel C reports average standardized values of ENUS and governance
indicators across clusters, revealing substantial heterogeneity: clusters with strong institutional quality are
associated with higher ENUS, while fragile governance environments correspond to lower energy use. Overall,
the figure illustrates the multidimensional and conditional relationship between governance structures and

energy consumption.

6.3. Machine Learning Evaluation of Governance Drivers of Energy Use per Capita

This report examines the use of Machine Learning approaches in the Governance (G) area of the
ESG paradigm to determine the most effective method for explaining and accurately forecasting per-
capita energy use (Seow, 2025). By systematically examining a range of approaches using error
measures and explanatory power, this report will explore the predictive validity of these models and
the interactions among variables in the area of governance (Dipierro et al., 2025). This report will rely
on three key approaches: identifying the best algorithm, assessing variable significance, and
interpreting predictive models using additive models. Based on the normalized results, the K-Nearest
Neighbors algorithm is found to be the best overall option. This is because a combined analysis of all
the above metrics is made, taking into consideration those metrics for which lower values are
desirable, in addition to the fact that the R? metric, for which higher values are desirable, also has to
be simultaneously optimized. Normalization allows for comparison among all metrics, since they all
share a common range, thereby allowing for all metrics to be easily judged in terms of a relative
ranking, ranging from 0 for the worst-performing algorithm among those compared in the
experiment to 1, for the best-performing one (Thongsanitkarn & Sugunnasil, 2025). KNN has scored
a maximum for MSE, MSE scaled, MAPE, and R? in addition to achieving a maximum or near
maximum score for RMSE, MAE, or MAD. This further confirms the fact that the algorithm is one of
the best in terms of effectively minimizing average errors in addition to effectively minimizing errors
in the form of squares, alongside a supreme ability to establish effective explanations for variations
in the given data. Also, the fact that the algorithm scored a maximum for R?, with a resultant value
being 1, confirms the fact that KNN is the best-performing algorithm in relating features or variables,
since KNN outperforms all other algorithms, including linear algorithms, in addition to the fact that
it is also better than algorithms such as Boosting and Support Vector Machine (SVM) (Seow, 2025).
Random Forest is the nearest rival. It performs very well concerning RMSE, MAE/MAD, and MAPE,
with normalized values regularly above 0.95, and it has a high R? value. At the same time, it is slightly
less stable compared to KNN concerning MSE and MSE(scaled), where KNN has a remarkable lead.
This suggests that, despite being very accurate, Random Forest can be slightly more volatile
regarding square-error performance, possibly because of its increased complexity, which combines
several decision trees (Dipierro et al., 2025). The other algorithms have more obvious shortcomings.
Decision Trees are robust on both MAE and MAPE metrics but are weaker on R2 and squared-error-
based metrics. On the other hand, the Boosting algorithm has mediocre performance on all metrics
but does not outperform any particular other metric. Linear Regression and Regularized Linear
algorithms have normalized values that are generally lower and therefore lack flexibility in handling
the nonlinear relationship between the two variables. Lastly, the performance of the Support Vector
Machine algorithm on all metrics tends towards zero (Thongsanitkarn & Sugunnasil, 2025). In a
nutshell, owing to its outstanding performance on all evaluation criteria as well as well-distributed
error rates, the best algorithm among the ones examined has been determined to be the KNN
algorithm (Seow, 2025; Dipierro et al., 2025; Thongsanitkarn & Sugunnasil, 2025). See Table 21.

Table 21. Comparative Predictive Performance of Machine Learning Algorithms for Energy Use per Capita
(ENUS).
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Statistics Boosting Decision KNN Linear . Random R‘egularized SVM
Tree Regression  Forest Linear

MSE 0.447 0.343 1.000 0.115 0.968 0.230 0.000
MSE(scaled) 0.195 0.384 1.000 0.063 0.792 0.055 0.000
RMSE 0.256 0.192 0.979 0.059 1.000 0.124 0.000
MAE / MAD 0.214 0.935 0.984 0.000 1.000 0.905 0.115
MAPE 0.170 0.949 1.000 0.042 0.973 0.017 0.000
R? 0.166 0.339 1.000 0.051 0.763 0.045 0.000

These findings represent the model importance scores obtained from the KNN model with a
mean dropout loss function, where higher scores indicate greater importance, as their absence would
lead to significantly reduced model accuracy (Kim & Lee, 2025). The findings clearly show that RQUA
is the most crucial feature, with an importance score of 3.09E+09, indicating that the KNN model is
highly dependent on this feature to infer local information and compute pairwise distances between
observations. The second-most important feature is VACC, with an importance score of 2.90E+09,
and its high importance indicates that this feature is of equal significance to the RQUA feature and
could work together to improve model predictions and accuracy (Fabijaniska et al., 2025). Both RLAW
and CCOR have moderate importance levels at 2.36E+09 and 2.02E+09, respectively. Although still
important, their importance is not as high as that of the following two most important variables,
suggesting that their loss would not significantly affect model accuracy, possibly because of
correlations among some features. Both WPAR and PSAV share very close levels of importance, at
about 1.9E+09, suggesting moderate, but not trivial, importance, as these both seem to play an
augmenting, rather than a definitional, role in model accuracy. Finally, SCIA has been determined to
have the lowest level of importance, at 1.10E+09. This, again not being a trivial level, suggests that
model accuracy would not be significantly reduced in the absence of SCIA, according to the KNN
algorithm, as stated by Pence et al. in 2024. Overall, the importance value distribution suggests that
the KNN model is heavily influenced by a small set of principal variables, led by RQUA and VACC.
In contrast, the impact of the other variables tends to become smaller cumulatively. Such a description
proves highly helpful for explaining the model’s processes as well as for selecting variables or
reducing dimensionality, thus confirming previous studies that governance and accountability
variables have overriding importance for the interpretable machine learning models based upon
environmentally/socially responsible governance (Kim & Lee, 2025; Fabijariska et al., 2025; Pence et
al., 2024). See Table 22.

Table 22. Variable Importance of Governance (ESG-G) Indicators Based on KNN Mean Dropout Loss.

Variables Mean Dropout loss
RQUA3,09E+09
VACC2,90E+09
RLAW2,36E+09
CCOR?2,02E+09
WPARI1,89E+09

PSAV1,87E+09
SCIA1,10E+09

The given data are additive explanations of the predictions generated by k-nearest neighbors
(KNN) models on an ESG paradigm, aiming to forecast the Energy Use (per capita), ENUS, based on
the Governance dimension. The "Base value" in this context, 2323.932, may be understood as the
average per-capita energy use in the test dataset. For each observation, the "Predicted value" is
calculated as the sum of the contributions of each Governance-dimension variable to the base value.
The observation that all predicted values are significantly lower than the base suggests that, given
the observed cases, their respective governance patterns are, on average, linked to lower per-capita
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energy usage than the test dataset (Drago et al., 2025). One major factor responsible for this correction
is the Rule of Law (RLAW). In all cases, RLAW shows strong negative contributions, obtaining a
lowest value of -1335.482 in case 3. The fact that this factor encompasses weaknesses in contract-
enforcing institutions, property rights, or a lack of trust in the judicial system, and that it thus has a
strong correlation with low per-capita energy consumption, can be inferred from its adverse effect.
Furthermore, Control of Corruption (CCOR) shows negative contributions across all cases,
suggesting that high levels of perceived corruption are associated with lower estimated energy
consumption. Energy markets can be distorted by bribery, while financial inflows to build energy-
related assets, along with access to modern fuels, can be hampered, thereby aligning with this
observed effect (Mahmood et al., 2021). Equally, Voice and Accountability (VACC) makes significant
negative contributions, suggesting that lack of civic engagement, lack of freedom of speech, and lack
of accountability in governance correlate with lower levels of energy use per capita, which could be
linked to weaker demand patterns and/or less economic development (Costantiello & Leogrande,
2024). On the positive side, Regulatory Quality (RQUA) appears as the driving variable. The strength
of its contribution grows with the cases, surpassing 600 in cases 4 and 5. Regulatory quality can be
defined as the capacity of the government to design and implement sound policies and regulations
that support private-sector development (Costantiello & Leogrande, 2024; Drago et al., 2025). As an
enabler of energy production, distribution, and access, it compensates for the adverse effects arising
from deficiencies in other aspects of governance (Costantiello & Leogrande, 2024). Political Stability
and Absence of Violence (PSAV) has mixed but relatively modest effects, negative in some instances
and slightly positive in others. These findings suggest that political stability remains a secondary yet
significant factor, with stable governance conditions facilitating energy infrastructure and
consumption to a lesser degree than institution building and regulatory capacity. The Proportion of
seats held by women in parliament (WPAR) provides relatively modest yet generally negative
contributions, which suggest that, in terms of this model or data set, women's participation in
governance institutions does not have immediate effects on per capita energy consumption or may
have an indirect impact that is otherwise captured in terms of governance. Scientific and Technical
Journal Articles (SCIA), as proxy measures for innovation or knowledge creation, yield limited yet
negative contributions that suggest that science or innovation contributions are not immediately
associated or correlated with increased per capita energy consumption in instances in which
governance limitations are predominant factors in the model's perspective or interpretation (Drago
et al.,, 2025). In general, additive explanations suggest that core governance institutions drive ENUS
in this ESG-focused approach. A lack of strength in the rule of law, control of corruption, and
accountability exerts a strongly negative influence on per-capita energy consumption, which a high-
quality regulatory framework can offset. This explanation confirms that good governance is
fundamental to understanding energy consumption trends through a sustainability lens (Mahmood
et al., 2021; Costantiello & Leogrande, 2024; Drago et al., 2025). See Table 23.

Table 23. Additive Decomposition of Predicted Energy Use per Capita by Governance (ESG-G) Drivers.

Case Predicted Base CCOR PSAV WPAR RQUA RLAW SCIA VACC
1 716,623 2323,932 -360,666 -208,855 160,001 -216,536 -582,971 -69,064 -329,218
2 716,623 2323932 -409,6  -187,832 -33,525 311,552 -531,51 -75,637 -681,298
3 712,288 2323,932 -138,979 -79,883 -90,6 522,084 -1335,48 -78,539 -410,245
4 786,071 2323,932 -1201,36 72,405 -321,148 627,14 -184,722 -79,808 -450,371
5 824,374 2323,932 -1219,78 32,906  -148,544 686,258 -357,65 -109,028 -383,723

Panel A (Predictive Performance Plot) shows the correlation between actual ENUS values in the
test data and the corresponding KNN model predictions. The strong data clustering around the 45-
degree line indicates high predictive accuracy and excellent model performance. The data points are
close to the line, indicating excellent model performance in identifying nonlinear associations
between ESG governance factors and ENUS. The data points are not highly dispersed around the
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line, reflecting low prediction error variability even in the high ENUS zone. Such results are highly
significant in ESG analysis, where institutional variations and governance asymmetry are often
associated with nonlinear effects of energy consumption patterns that are inadequately modeled
through linear predictive techniques. Panel B (Mean Squared Error Plot) focuses on model
parameterization and robustness of the KNN model through the Mean Squared Error (MSE) measure
for both the model’s training and validation data sets for various numbers (k) of nearest neighbors.
The validation curve reaches its minimum at a small k (indicated by the red spot), indicating
appropriate model parameterization. It clearly demonstrates a sound compromise between model
biases and variances, capable of reflecting similarities in local governance patterns without
introducing noise. Beyond a certain level of k, the validation error increases gradually, reflecting
model underfitting through excessive blurring of local governance patterns. Both graphs provide
decisive evidence for KNN as an appropriate predictive tool before additive decomposition of ENUS
along its key governance drivers. Figure 6.
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Figure 6. Predictive Accuracy and Hyperparameter Tuning of the KNN Model for Energy Use. Panel A displays
the relationship between observed and predicted ENUS values, highlighting the strong predictive performance
of the KNN model. Panel B reports training and validation mean squared errors across different numbers of
nearest neighbors, identifying the optimal model configuration and confirming a favorable bias—variance trade-
off.

7. Energy Use per Capita as an Environmental ESG Nexus: Evidence from
Multimethod Analysis

The current research provides a holistic, multidimensional perspective on the relationships
involving per capita energy use (ENUS) in the Environmental (E) dimension of ESG, reflecting the
intricate linkages among energy use, environmental pressures, and sustainability performance
(Magaletti et al., 2025). Through the integration of approaches that involve panel econometrics,
clustering, and ML, the research can identify not only the structural but also the situational factors
that govern global trends in energy use, thus paving the way for novel contributions to the existing
body of knowledge on the link that connects energy and the environment (Gattone et al., 2025). The
results from the panel data reveal that ENUS is positively associated with environmental pressure
measures—CO; emissions (CO2P), energy intensity (ENIN), and, along with fresh water withdrawal
activity (AFWW)—echoing the intuitive idea that increased energy use translates to increased
environmental stress (Costantiello et al., 2025). Conversely, measures such as renewable energy use
(RENC) and forest area/coverage (FRST) show negative correlations, indicating that “clean” energy
systems and abundant natural assets counter environmental pressures generated by energy use
(Gattone et al., 2025). It is pertinent to highlight that Access to Electricity (ACEL) remains positively
significant to ENUS in many respects, thus highlighting in an objective way that in fact, through ESG
trade-offs, increased modern energy availability for human welfare contributes to enhanced
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development outcomes in terms of improved human well-being but effectively increases associated
energy consumption rates along with likely environmental emissions (Magaletti et al., 2025). In sum,
regression analysis confirms that energy use is not a neutral economic signal, as argued, but rather a
key player in the environment, as it is influenced by energy efficiency, resource intensity, and
institutional conditions. The cluster analysis, as a complementary piece of evidence, identifies 10
distinct environments that link ENUS to emissions, pollution, and resource-use patterns. For regions
with high ENUS values, there are energy- and emission-intensive environments marked by high
levels of CO,, methane, air pollution (PM2.5), as well as climate stress patterns defined by Land
Surface Temperature (LST) and Heat Index (>35°C), which reflect conditions associated with
unsustainable energy systems, as outlined by Costantiello et al. (2025). By contrast, regions
categorized into the low-ENUS clusters are diverse, portraying sustainable environments with
supportive levels of RE and FC, as well as environments with limited energy access and persistent
levels of climate stress, specifically in developing regions, as outlined by Gattone et al. (2025). This
clustering clearly underscores that low energy use levels are not identical to sustainable
environments by default; on the contrary, high energy use levels do not point to(environmental)
failure, as performance is context-dependent on energy mix, technology, and governance capacity,
as outlined by Magaletti et al. (2025). These clusters identify specific sets of ESG-Energy typologies,
defined by patterns of energy use, emissions, and environments in which energy demand processes
follow particular paths. The machine learning test, particularly about the KNN algorithm, further
validates non-linear associations with ESG variables. Notably, KNN performs better than any other
algorithm, suggesting that ENUS patterns are more closely aligned with similarity within ESG
variables than with global principles (Gattone et al., 2025). Dropout loss function analysis reveals that
carbon emissions (CO,), waste generation (WSTR), energy efficiency (GEFF), and water withdrawal
are key drivers of ENUS's energy consumption patterns, reinforcing emissions and resource intensity
as key drivers of ENUS. Climate variables are again significant due to associations with temperature
stress and energy consumption feedback loops. The integration of these empirical dimensions shows
that ENUS is, at the same time, an "indicator variable" and a driver of environmental sustainability.
Countries with optimized energy resources and high renewable penetration maintain moderate
ENUS levels at low environmental costs. At the same time, those relying on fossil fuels exhibit high
energy use and other environmental impacts. The results illustrate how energy use must be
considered in a broader ESG context, in which the Environmental factor encompasses resource
efficiency, emissions reduction, and equity in access (Magaletti et al., 2025; Gattone et al., 2025;
Costantiello et al., 2025). In terms of policy, the above findings promote differentiated ESG-focused
energy policies. In high-energy countries, decarbonization and efficiency gains must be achieved
through sustainable finance approaches; in low-energy countries, an equitable distribution of energy
must be achieved through clean technology applications. By identifying structural and contextual
regimes, this study underscores that ESG-focused energy policies must be supported by alignment
between environmental performance and the dynamic use patterns of energy itself (Gattone et al.,
2025). See Table 24.

Table 24. Integrated ESG Dimensions and Their Aggregate Effects on Energy Use per Capita (ENUS).

EDSi,rcliension Acronyms  Aggregate Effects on ENUS Interpretation and Macro Implications
Positive net effect: Higher CO, Energy use reflects the carbon and
CO2P, ENIN, emissions, energy intensity, — resource intensity of national systems. In
B FOSS, RENC, fossil fuel use, and water fossil-based economies, ENUS rises with
Environmen FRST, withdrawals increase ENUS. environmental degradation; in cleaner
) AFWW, Negative moderating effects systems, renewables and forest
WSTR, PM25, from renewable energy preservation decouple energy demand
LST, TCL consumption (RENC) and from emissions. Environmental
forest area (FRST). governance determines whether energy

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.2529.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 December 2025 d0i:10.20944/preprints202512.2529.v1

53 of 65

use supports or undermines
sustainability.

Positive developmental effect:

Improved electricity and clean
ACEL, ACFT, fuel access (ACEL, ACFT)
ESRP, GEE, increase ENUS; social progress
LEXP, LFPR, (education, sanitation, life

The S dimension amplifies energy
demand through modernization and
welfare expansion. Energy use supports

S — Social human development, but efficiency and

UNEM, expectancy) raises sustainable equity must evide enerev access. Social
SANT, FERT, energy demand. Negative ir?cluZiVit ar%d ener flzlstainabilit are
POPD moderating effect from low interde e}rll dent &Y y
unemployment (UNEM) and P )
reduced fertility (FERT).
Moderating and enabling
effect: High governance
lity (RQUA, RLA
quality ( Ql,j . W, Governance acts as a systemic stabilizer:
CCOR) and innovation L
CCOR, PSAYV, . effective institutions transform energy
capacity (SCIA) lower the . . .
G- RQUA, . . . consumption into efficient, low-emission
environmental intensity of .
Governance RLAW, development. Strong regulation,

ENUS while maintaining

VACC, SCIA transparency, and innovation capacity

1 h. Political
stable growth. Politica enable ESG-aligned energy transitions.

stability (PSAV) enhances
renewable energy
investments.

Note: This table synthesizes evidence from panel econometrics, clustering, and machine learning to summarize
how Environmental, Social, and Governance (ESG) dimensions jointly shape ENUS. It highlights ENUS as both
an outcome and a driver of sustainability, emphasizing context-dependent trade-offs among emissions, resource

efficiency, social development, and institutional quality.

8. Policy Implications of Energy Use within an Integrated ESG Framework

This research's conclusions provide an important application of a comprehensive policy
approach that integrates energy demand into the overall Environmental, Social, and Governance
(ESG) paradigm. Indeed, empirical research shows that energy use per capita (ENUS) is influenced
by multifaceted, integrated, and combined drivers of environmental efficiencies, social development,
and institutional quality. As such, instead of being limited to specific sources, as in "siloed policies,"
policymakers now need to address overall consistency among the three pillars of ESG issues, as
reported by Abdelkawy and Al Shammre in 2025 and by Thapa et al. in 2025. Only in this case is a
successful "energy transition toward sustainability possible by simultaneously pursuing
environmental integrity, social inclusion, and good governance, as reported by Ren et al. in 2025.
From an ecological sustainability perspective, factors such as CO, emissions (CO2P), energy intensity
(ENIN), fossil fuels (FOSS), and water withdrawal (AFWW) have the greatest impact on energy
consumption. What this means is that the post-2025 global economy still relies heavily on energy and
carbon sources, and that the challenges of decarbonization include reducing these reliance patterns
(He et al., 2025; Taghizadeh-Hesary & Rasoulinezhad, 2025). Energy efficiency should be enhanced
through technology and financial support, alongside industrialization and technological
advancement. Supporting the consumption of renewable energy sources (RENC), the generation of
electricity from renewables (RELE), and interaction to protect forested regions (FRST) could
counterbalance the effects of energy expansion on the ecosystem. Evidence emphasizes the
interconnectedness of natural systems, stating that excessive withdrawal of freshwater resources and
increased land surface temperatures increase the burden on resources linked to energy consumption
(Ren et al., 2025). Thus, indicators show that economic strategies to protect the planet should address
the water-energy-land interlinkages, avoiding actions to obstruct advancement on another front.
Climate-resilient strategies to address demand variations for cooling and heating (HDD, CDD, HI35)
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should be included to support further energy sustainability in the face of global warming challenges
(Akadiri & Ozkan, 2025). The social component of the outcomes shows that energy use is intricately
linked to human development and well-being. Electricity access (ACEL) and clean fuels for cooking
(ACFT) both have a significant positive effect on ENUS, suggesting that social development and
advancement are mutually inclusive of higher demands for energy use. Yet, this correlation need not
be harmful to the environment and climate, and this should inform new approaches to energy access
that are grounded in and focused on clean, efficient, and decentralized models of energy
development and deployment (Taghizadeh-Hesary & Rasoulinezhad, 2025). Education expansion
(GEE) and internet use and accessibility (INTU) enhance this social capacity to pursue more
sustainable energy solutions and practices (Yip, 2025). Likewise, increased life expectancy (LEXP)
and improvements to environmental health through better and more functional sanitation systems
and initiatives (SANT) are also associated with increased demands for energy use, suggesting that
expanding benefits and growth through various forms of welfare and development must be
reconciled through new advances and improvements to energy efficiency and accessibility.
Unemployment (UNEM) and energy use also show a positive correlation, confirming that economic
activity and energy demand are intrinsically linked and should inform new approaches to monetary
policy that support green growth and development principles and practices (Thapa et al., 2025).
Governance becomes a systemically relevant driver in realizing a positive outcome from increased
energy consumption, whether sustainability or environmental deterioration. “Regulatory quality
(RQUA), Rule of law (RLAW), and Control of corruption (CCOR) are demonstrably associated with
efficient energy use, reduced pollutions, and effective energy systems,” Abdelkawy & Al Shammri
(2025) state. “There is a positive relationship found between Political stability (PSAV) countries,
which are stable and transparent, to attract long-term investments for low-carbon infrastructure.” At
the same time, “Voice & Accountability (VACC) is a critical driver in developing a sustainable,
participatory culture for sustainability policies,” according to Ren et al. (2025) research. “Enhanced
research and technological innovation (SCIA) in developing countries would not only increase the
overall global knowledge stock but also improve long-term adaptation capabilities for energy
transition governance,” according to research conducted by He et al. (2025). In conclusion, energy
consumption is both a driver and a signal of ESG performance. This means that environmental
policies must focus on a strategy that reduces and decouples the relationship between energy
consumption, greenhouse gas emissions, and resource depletion; social policies must pursue a policy
that is both equity- and efficiency-focused; while governance policies must include a strategy that
promotes transparency, accountability, and regulatory consistency (Yip, 2025). The best approach
here would be a strategy that sufficiently investigates all three aspects from a broader ESG policy
perspective. Governments must pursue a strategy that monitors ESG interplays influencing the
impact of energy consumption and greenhouse gas emissions over time (Thapa et al., 2025). Also,
there is a need for international cooperation towards an ESG standards harmonization strategy,
which was reflected in a global strategy promoting "sustainable finance and technology cooperation"
through technology transfer (Akadiri & Ozkan, 2025; Taghizadeh-Hesary & Rasoulinezhad, 2025).
The best strategy, as a final implication, would be a policy that aligns energy policies through an ESG
strategy that secures a truly environmentally sound, socially inclusive, and resilient strategy that
secures long-run sustainability amidst a new era characterized by an increasingly dependent
relationship on energy resources generally, as suggested by Ren et al. (2025).

9. Conclusions

This research work constitutes an original, all-encompassing contribution to the existing body
of energy economics and sustainability literature by identifying energy per capita (ENUS) as a
fundamental outcome variable within the framework of the Environmental, Social, and Governance
(ESG) model. As opposed to the mainstream literature, which either focuses solely on the economic
aspects of energy consumption or assesses the relationship between ESG variables separately, this
article proposes a comprehensive framework for the examination of energy consumption as a result
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of the interaction between the indicated model’s pillars: the environment, social development, and
the quality of governance. The originality of this work lies in the fact that, contrary to the common
assumption that the use of energy per capita (ENUS) could be regarded solely as a proxy for economic
activity or energy consumption as a deterministic cause-and-effect mechanism for greenhouse gas
emissions, ENUS could be considered as a systemic, integral variable of the ESG framework model.
ENUS, consequently, can be alternatively perceived as a driver, an outcome, or a signal for the overall
performance level of sustainability as related to consumption activity, as this study gathers all the
pillars encompassing the ESG framework model, thus transcending the boundaries of silo-based
analyses related to the concepts of energy transition, consumption, or change processes associated
with the general topic of sustainability. Second, in terms of contributions, the article is significant
methodologically, insofar as it integrates panel data econometrics, unsupervised cluster analysis, and
regression models developed in the machine learning paradigm as a unique research design. The
research uses fixed-, random-, and weighted-least-squares panel models to identify consistent
structural links between ESG variables and ENUS values, net of country-specific differences. The
application of cluster analysis helps identify ESG-energy regimes, in which levels of energy
consumption across different regimes are assessed to determine how similar levels of energy use may
reflect somewhat different values in ESG and ENUS categories overall. Finally, the research applies
regression models developed in the machine learning paradigm, specifically the K-Nearest
Neighbors algorithm, to identify non-linear similarity structures not captured by traditional
regression models. The dropout loss function is also used in research to ensure predictive validity is
accompanied by interpretive validity, thereby overcoming potential criticisms of being a "black
box"—a common critique of traditional machine learning models. Based on the Environmental (E)
school of thought, the findings clearly reveal significant ENUS drivers, including emissions intensity,
energy efficiency, resource use, and environmental stress factors. Panel regressions reveal that
increased CO2 and GHG emissions, water withdrawal, waste production, and energy intensity are
systematically related to ENUS. Cluster estimates tend to support these findings by indicating high-
energy regimes with high emissions and pollution levels, and low-energy regimes with either strong
natural assets or structural factors. Machine learning estimates clearly support the notion that
environmental factors—primarily emissions and energy efficiency —rank as the most significant
ENUS drivers. From a Social (S) perspective, this analysis shows a close nexus among human
development, welfare, and energy consumption. Variables such as electricity access, clean fuels,
education, health, and standard of living are positively related to ENUS, underscoring that with every
advance in human development, there is an increased demand for energy. It is, however, not implied
by this result that increased demand for energy, which is socially driven, is unsustainable. The
implication, instead, is that whether socially driven energy demand is sustainable depends entirely
on its context. Thus, from a Governance (G) perspective, higher-quality institutions have a vital,
moderating, and enabling effect on both energy and ESG variables. Superior regulatory quality,
stronger performance criteria for the rule of law, better control of corruption, greater political
stability, and greater innovation capacity positively impact more efficient, less environmentally
intensive energy use. The governance variables are not mere offsetters or enhancers of ENUS. The
impact mechanism operates through interaction forces and structural mediation rather than
straightforward linear effects, as revealed by machine learning analyses. Taken cumulatively, energy
consumption per capita is better represented as a nexus variable in the ESG system rather than as a
standalone indicator. Pressures for environmental preservation, social development, and governance
quality simultaneously impact energy consumption patterns, and these phenomena cannot be
unpicked together without sacrificing valuable information. A blend of econometric, clustering, and
machine learning techniques is critical to both approaches. From a policy analysis perspective, this
means that ESG-driven energy-sector policies should be differentiated and tailored to specific
regimes. For high-energy countries, strategies should focus on decarbonization, efficiency
enhancement, and institutional support. In contrast, for countries labeled as low-energy, the
emphasis should be on achieving equal energy access through clean, decentralized energy solutions.
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Therefore, there is no common approach to energy sector transformation. To sum up, this paper
makes contributions to both ESG and energy research by showing that energy consumption is both a
cause and a consequence of ESG performance and that a multidimensional, data-driven approach is
imperative to this end. With its ESG unification of panel econometrics, machine learning, and
clustering methods, this research offers solid findings and an adequate toolkit for researchers
engaged in developing a sustainable, inclusive, and institution-friendly approach to energy
transitions.

List of Acronyms

Table 25. List of Acronyms.

Variables Acronym ESG

Energy use (per capita) ENUS y

Access to clean fuels and technologies for cooking ACFT

Access to electricity ACEL

Adjusted savings: natural resources depletion ASNR

Adjusted savings: net forest depletion ASFD

Agricultural land AGRL

Agriculture, forestry, and fishing value added AFFV

Annual freshwater withdrawals AFWW

CO; emissions (per capita) CO2P

Cooling Degree Days CDD

Electricity production from coal ELCO

Energy imports, net ENIM

Energy intensity of primary energy ENIN

Forest area FRST .
. . E-Environment

Fossil fuel energy consumption FOSS

GHG emissions/removals (LUCF) GEFF

Heat Index 35 HI35

Heating Degree Days HDD

Land Surface Temperature LST

Level of water stress WSTR

Methane emissions (per capita) CH4P

Nitrous oxide emissions (per capita) N20P

PM2.5 air pollution exposure PM25

Renewable electricity output RELE

Renewable energy consumption RENC

Standardised Precipitation-Evapotranspiration Index SPEI

Tree cover loss TCL

Economic and Social Rights Performance Score ESRP

Fertility rate FERT

Food production index FDPI

GDP growth GDPG

Government expenditure on education GEE

Hospital beds HBED

Individuals using the Internet INTU

Labor force participation rate LFPR

Life expectancy at birth LEXP .

Mortalfty rate,yunder-S U5SMR S-Social

Net migration NMIG

People using safely managed sanitation SANT

Population ages 65 and above POP65

Population density POPD

Prevalence of overweight OVWT

Prevalence of undernourishment UNDR

Ratio female to male labor participation FLMR

School enrollment, primary PRIM
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School enrollment gender parity index SGPI

Unemployment rate UNEM

Control of Corruption CCOR

Political Stability and Absence of Violence PSAV

Proportion of seats held by women WPAR

Regulatory Quality RQUA G-Governance
Rule of Law RLAW

Scientific & technical journal articles SCIA

Voice and Accountability VACC
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