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Abstract

In recent sustainability discussions, the link between policy uncertainty and environmen-
tal consequences has received significant attention. This study investigates the impact
of sustainability uncertainty on the ecological footprint (EF) in G7 countries between
2002 and 2024. The recently developed ESG-Based Sustainability Uncertainty Index (ES-
GUI) is used as the primary explanatory variable. The control variables are economic
growth, trade openness, and renewable energy consumption. Two complementary estima-
tors capable of addressing cross-sectional dependence, slope heterogeneity, and degrees of
mixed integration are applied: CS-ARDL and the AMG estimator. The CS-ARDL results
demonstrate that the ESGUI and renewable energy have a weakly significant negative
long-term effect on the EF, a result that reverses the positive raw correlation observed in the
descriptive statistics, which is driven by the confounding effect of GDP. Moreover, economic
growth has a strong positive effect on the EF. Nevertheless, the AMG estimator reveals
that the ESGUI is negative but not statistically significant. Furthermore, economic growth
contributes to environmental degradation by increasing the EF, while renewable energy and
trade openness have a mitigating effect on this EF. Taken together, these results demonstrate
that sustainability uncertainty plays only a limited role on average, while economic growth
remains the dominant driver of EF. Consequently, policy efforts should focus on decou-
pling economic growth from resource use, strengthening carbon border regulation mech-
anisms, and prioritizing fossil fuel substitution rather than simply expanding renewable

energy supply.

Keywords: sustainability uncertainty index; ecological footprint; G7 countries; CS-ARDL;
AMG

1. Introduction

Sustainability and sustainable development are among the most debated topics, espe-
cially in the last thirty years, in our world, where environmental degradation is increasing.
Sustainability is at the very center of the energy, economy, and environment triangle, and
is, therefore, discussed across a very wide spectrum, ranging from governments and in-
tergovernmental organizations to politicians, social and natural scientists, and local and
international environmental organizations [1]. Although the concept of sustainability is
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generally evaluated in its environmental dimension, it should not be forgotten that it has a
multi-dimensional (economic, social, and environmental) structure.

Environmental sustainability is the implementation of development models that pri-
oritize environmental policies to reduce environmental degradation and pollution while
respecting ecological balance [2]. This understanding points to a similar common goal for
every country, regardless of its level of development: to move away from dependence on
fossil fuels (FFs) and increase the use of renewable energy (REN) sources to mitigate the
consequences of increasing greenhouse gas emissions (GHGs) resulting from the growth
of global economic activity. The release of carbon dioxide (CO,) and other GHGs during
the use of FFs such as coal, oil, and gas for energy has led to significant changes in the
global climate system [3]. Global CO, from the consumption of FFs or various indus-
trial activities has more than doubled in the last half-century, contributing to increased
environmental pollution.

While global CO, emissions were 16.99 billion tons in 1975, this figure reached
38.09 billion tons by the end of 2023. However, while 8.1 billion tons of the 16.99 billion tons
of CO; in the same period (1975) originated from the G7 countries, this figure decreased to
7.935 billion tons by the end of 2023 [4]. The most important reason for this can be attributed
to countries increasing their investments in REN, which is more environmentally friendly
than FF consumption, taking environmental degradation into account. For instance, in
1975, REN consumption as a share of total primary energy consumption was 0.45% in the
UK, 1.35% in Germany, 4.74% in the USA, 5.66% in Japan, 8.03% in Italy, and 8.48% in
France. Over the past 50 years, these figures have risen to 12.05% in the USA, 12.70% in
Japan, 16.47% in France, 20.93% in Italy, 21.29% in the UK, 23.97% in Germany, and finally
27.16% in Canada [4]. Considering that the world average was 14.82% in the same year,
many G7 countries are close to or well above the world average. This highlights the impor-
tance of investments in REN in addressing CO; and other related environmental problems
in G7 countries.

The Sustainable Development Goals have been adopted by the United Nations to
address climate change and global warming occurring worldwide, and their importance
is widely recognized on a global scale [5]. In this context, researchers use various metrics
to assess pollution levels and sustainability practices. Two of these metrics are CO, and
ecological footprint (EF). CO; generally measures the volume of GHGs. This metric
functions as an indicator of air pollution rather than a direct measurement [6] and deals
with the demand side of environmental degradation while highlighting individuals” ability
to meet their needs [7]. In contrast, EF analysis consists of six metrics covering forested
areas, fishing areas, agricultural lands, carbon footprint, grasslands, and residential areas;
therefore, EF tends to provide a broader measure of environmental quality compared with
the limited CO, scope commonly used in previous studies [8]. EF represents the land area
required to sustain the current levels of resource consumption and waste discharge of that
population [9]. The continuous increase in the EF poses a serious threat to the future of a
sustainable world. This growth leads to deforestation, water scarcity, and biodiversity loss,
resulting in numerous environmental disasters. Therefore, well-planned environmental
policies by policymakers and coordinated and successfully implemented by governments
are essential for achieving better EF outcomes.

There is evidence that planned and implementable rational environmental regula-
tions can improve environmental quality by ensuring sustainability in the G7 group of
countries [10]. For example, France signed the Paris Agreement in 2015, committing
to controlling the rise in the world’s average temperature to +2 °C, and, if possible,
+1.5 °C, compared with pre-industrial levels. It has established environmental public
policies to achieve a zero-carbon target by 2050. These policies include a maximum annual
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average CO, reduction of 359 million tons between 2024 and 2028, and improving the
overall condition of all groundwater and surface water resources nationwide by 2027 [11].
However, recognizing the need to maintain electricity security and a low carbon footprint in
the long term, France is also developing resilient energy system operations while investing
in efficiency, six new nuclear power plants, and REN, particularly offshore wind power [12].
Another country, Germany, has already made significant progress in climate action. Under
the Climate Action Programme 2030 and the new Climate Action Act, the German govern-
ment has made a binding commitment to reduce GHGs by 55% by 2030. Setting a target
to phase out the use of coal for electricity generation, the German government plans to
renovate more buildings to increase energy efficiency [13].

Whether planned environmental policies yield better results or not, in other words,
the effectiveness of policies can vary depending on the degree of uncertainty in existing
policies. High levels of environmental, social, and governance (ESG)-based uncertainty
can produce asymmetric effects on environmental outcomes: while uncertainty may delay
environmental investments and undermine policy effectiveness, it can also, under specific
conditions, reduce investment in polluting industries and limit energy-intensive consump-
tion [14-16]. Conversely, low policy uncertainty increases the effectiveness of implemented
policies. While G7 countries strive to strike a balance in the complex relationship between
environmental sustainability and economic growth, diversifying their energy portfolios
by adding REN sources such as solar and wind presents both new opportunities and chal-
lenges. In this regard, policymakers in authority in G7 countries are called upon to replan
their energy subsidies and further increase investments in sustainable energy systems in
order to reduce their high EF and create a resilient economic structure in the long term [17].

The transmission channels from sustainability uncertainty to EF operate through regu-
latory predictability, capital allocation, and energy consumption patterns. When ESG poli-
cies become unstable—e.g., due to shifting carbon pricing or inconsistent subsidies—firms
face higher risks in committing to long-lived green infrastructure, leading to postponements
of low-carbon projects [18]. Such delays slow the replacement of FF-based consumption,
keeping the EF higher than under a stable regime [17]. Elevated ESG uncertainty also
deters investments in pollution-intensive sectors and reduces total energy demand, partly
offsetting the negative impact [19]. Moreover, ESG uncertainty negatively affects green
investment in the short run by weakening green signals and investor trust [20]. Conse-
quently, the net effect of the ESG-Based Sustainability Uncertainty Index (ESGUI) on EF
is context-dependent, varying with institutional strength and investor responsiveness to
policy ambiguity.

This study aims to examine the potential impacts of the sustainable uncertainty index
on the EF in G7 countries between 2002 and 2024, as well as to reveal the potential impacts
of economic growth, REN, and trade openness (TRADE) on the EF. The motivation for
this study, focusing on G7 countries, can be explained by four reasons: First, as expressed
in Figure 1, each country included in the G7 group has an EF well above the global
average throughout the entire period (1961-2024) for more than 60 years. This high level
of environmental pressure, above the global average, makes it appropriate to analyze G7
countries to reveal the factors causing ecological degradation.

Second, as mentioned earlier, G7 economies play a role in the high global CO,. They
have made climate commitments at different levels under various international agreements
on environmental sustainability, such as the Paris Climate Agreement and the Kyoto
Protocol, aimed at mitigating global climate change and reducing CO,. Third, these
economies are among the leading groups of countries in the global economy in terms of
their level of development. Because these countries are deeply integrated into the market,
both financially and economically, policy uncertainty arising in one country can easily
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spread to others. This makes cross-sectional dependence (CSD) a key concern. Finally,
this study reveals the potential impacts of variables on EF using CS-ARDL and AMG
estimators, which are second-generation panel methods that take CSD into account. This
directly addresses the empirical strategy adopted in this study.
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Figure 1. EF of G7 countries and world average over 1961-2024 [21].

This study makes several distinct contributions to the literature. First, to the best of our
knowledge, it is the first to examine the impact of the ESGUI on the EF specifically for G7
countries. While previous research has focused on economic policy uncertainty or climate
policy uncertainty, the ESGUI captures a broader spectrum of sustainability-related risks.
Second, unlike earlier studies that often rely on first-generation panel methods, second-
generation estimators (CS-ARDL and AMG) are applied, which are robust to cross-sectional
dependence, slope heterogeneity, and mixed integration orders, issues that are particularly
relevant for the highly integrated G7 economies.

For the remaining part of this study, Section 2 reviews the specific empirical literature.
Section 3 provides information on the data and methodology, and Section 4 evaluates the
results obtained from the analysis. In the final stage, Section 5, the main results of this
study will be evaluated, the policy recommendations will be discussed, and this study will
be concluded with limitations and future possibilities.

2. Literature Review and Theoretical Framework
2.1. Literature Review

The concept of EF, introduced by [22], has become widely accepted as a measure of the
pressure of human activities on the biosphere. Unlike one-dimensional factors such as CO,,
EF combines demand across various categories, including arable land, grazing areas, fishing
grounds, forest products, carbon sequestration, and settlement areas. This combination
provides a more comprehensive picture of environmental degradation [23]. Consequently,
an increasing number of studies have attempted to identify the key determinants of EF
across different country groups and various time periods. The authors of [24] examined
European countries from 1992 to 2020 and found that biocapacity, energy consumption,
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industrialization, financial development, life expectancy, and globalization were among
the most influential factors. Similarly, for G20 countries, key determinants were identified
as economic growth, non-renewable energy consumption, and economic complexity [25].

The relationship between economic growth and environmental degradation has been
examined in detail within the framework of the environmental Kuznets curve (EKC)
hypothesis. This hypothesis posits an inverted-U-shaped relationship between economic
growth and the level of environmental pressure. A meta-analysis by [26] confirmed that the
existence of an EKC relationship is sensitive to the characteristics of the data and the choice
of environmental indicator. The average turning point was estimated at approximately
US$8910 in annual income. For South Asia, Ref. [27] found evidence supporting both the
EKC and the pollution haven hypothesis (PHH) using panel data from 1971 to 2018. Ref. [28]
confirmed the inverted-U-shaped pattern between economic growth and environmental
degradation in G7 countries.

REN consumption is widely recognized as a key factor in mitigating environmental
damage [23]. Researchers examined OECD countries during the period of 1990-2020 and
found that REN significantly reduced both EF and CO,, while economic growth tended
to worsen them. Ref. [29] analyzed 27 European countries between 2000 and 2022 and
confirmed that REN has a negative and significant effect on EF in both the short and
long term. Applying a dynamic panel threshold approach, Ref. [30] reported a negative
relationship between REN and EF. However, the magnitude of this effect depends on the
share of REN in the total energy mix and the efficiency of renewable technologies.

A recent study by [31] examined the relationship between REN consumption, tech-
nological innovations, and EF in G7 countries. This study, using panel cointegration
techniques in conjunction with FMOLS and DOLS estimators, found that REN significantly
reduces environmental degradation, while population growth and economic expansion
increase the EF. The impact of technological innovations was found to differ between
countries. Some countries benefit from green technologies, while others experience un-
desirable increases in resource use due to rebound effects. Ref. [32] applied the MMQR
approach, originally proposed by [33], to examine the links between economic growth,
REN and non-renewable energy use, energy intensity, FDI, and environmental policy
strictness with environmental sustainability (measured by the load capacity factor) in G7
countries. Their results showed that REN consumption, lower energy intensity, and FDI im-
proved environmental sustainability, whereas economic growth and non-renewable energy
use degraded it.

The relationship between trade openness and environmental quality is theoretically
ambiguous. On the one hand, trade may lead to the relocation of pollutant-intensive
industries to countries with weaker environmental regulations; this phenomenon is known
as the PHH. Trade may lead to the spread of cleaner technologies and raise income levels,
which may increase the demand for environmental quality. For advanced economies,
empirical evidence is mixed. Ref. [34] reports that the non-green trade openness index
supported PHH, with trade in non-green products associated with lower environmental
degradation. Ref. [27] found support for PHH in South Asian economies. However,
for high-income countries, some studies show that trade openness tends to reduce the
EF; this is likely due to these countries having a comparative advantage in services and
cleaner manufacturing [35].

In contrast with the established literature on growth, trade, and energy, the role of
policy uncertainty—particularly uncertainty related to environmental and sustainability
policies—has only recently begun to receive attention. Economic policy uncertainty has
been shown to influence environmental outcomes through various channels. A panel
of 12 Organization of Islamic Cooperation countries found that economic policy uncer-
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tainty exacerbates environmental degradation by increasing CO, [36]. Ref. [37] found
that economic policy uncertainty and geopolitical risk weakened the positive impact of
economic complexity on environmental quality in G20 countries.

The ESGUI, developed by [38], offers a novel way to measure uncertainty surrounding
ESG factors. Ref. [39] uses the ESGUI to examine how sustainability uncertainty affects
financial development across 25 countries. A significant negative relationship was found,
particularly for financial institutions during periods of low growth. Ref. [40] investigates
nonlinear links between the ESGUI and equity markets, oil prices, gold prices, and the VIX
index in G7 countries. Their results show that negative shocks have a stronger effect and
that equity markets are key determinants of ESG uncertainty.

2.2. Theoretical Framework

The relationship between the ESGUI and clean energy markets can be explained
through institutional theory, which emphasizes the role of stable regulatory frameworks
and governance structures in shaping investor behavior [41,42]. When ESG policies become
unpredictable—due to shifting environmental regulations, inconsistent carbon pricing, or
unreliable green subsidies—institutional trust erodes, leading firms and investors to delay
or abandon long-term clean energy projects [43]. This institutional fragility amplifies market
volatility, particularly in countries with weak governance or frequent policy reversals [44].
Consequently, ESG uncertainty does not merely add noise but actively undermines the
credibility of energy transition policies, making clean energy assets more vulnerable during
periods of regulatory ambiguity.

The risk—uncertainty framework provides a second lens, distinguishing between
measurable risk and Knightian uncertainty [14,16]. ESG uncertainty falls into the latter
category: investors cannot assign probabilities to future carbon regulations, technological
breakthroughs, or geopolitical shifts in energy policy. This ambiguity increases price volatil-
ity and fosters herding behavior, especially in clean energy markets where investments
are long-term and policy-sensitive [45]. Unlike conventional risk, which can be hedged,
ESG uncertainty creates asymmetric effects—negative impacts dominate during market
downturns, while upturns may be less affected—as investors become loss-averse and flee
ambiguous assets [46,47].

Finally, resource dependence theory [48] explains how ESG uncertainty disrupts access
to external resources such as capital, raw materials, and technology. Clean energy firms
rely heavily on government subsidies, supply chains for critical minerals, and international
investment flows, all of which become volatile under high ESG uncertainty [49]. This
dependence creates fragility, particularly in energy-importing nations, where financing
costs rise, and supply security weakens. Consequently, ESG uncertainty can produce two
opposing mechanisms: (i) a delay mechanism, where high uncertainty postpones environ-
mental investments and undermines policy effectiveness by eroding institutional trust and
increasing financing costs; (ii) a mitigation mechanism, where policy ambiguity reduces
investment in polluting industries and limits energy-intensive consumption, potentially
lowering environmental pressure under specific conditions. Together, these three theo-
retical perspectives predict that ESG uncertainty will have heterogeneous, nonlinear, and
regime-dependent effects on clean energy markets, varying by market condition (quantile),
time horizon, and institutional context [50].

2.3. Research Gap and Contribution

The existing literature has definitively established the importance of economic growth,
trade openness, and REN consumption for EF. However, the role of SU—particularly
as captured by the recently developed ESGUI—has received limited attention. Further-
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more, the theoretical mechanisms outlined above—namely, the delay and mitigation
channels—have not yet been empirically tested for the ESGUI-EF nexus in the G7 context.
To our knowledge, no previous study has specifically examined the impact of sustainability
uncertainty on EF in G7 countries using the ESGUIL Furthermore, most previous studies
relied on mean-effects estimators, which can mask significant heterogeneities. This study
aims to fill these gaps using CS-ARDL and AMG estimators. Both of these estimators are
robust against CSD, slope heterogeneity (SH), and mixed integration degrees. The newly
developed ESGUI index adds an additional novelty to the analysis.

3. Data and Methodology
3.1. Data Description and Variable Selection Rationale

There are 161 observations (7 countries x 23 years) in the dataset with no missing
values. Table 1 shows a summary of the variables. The logarithm of GDP and REN are
taken to reduce skewness and allow elasticity interpretation. The other three variables are
measured as an index (ESGUI), a physical normalized metric (EF in global hectares (gha)
per capita), and a ratio (TRADE as a percentage of GDP). Ref. [21] provides EF data for
all countries from 1961 to 2022. As of the data access date, the Global Footprint Network
reports finalized EF values only up to 2022 due to multi-year reporting lags in underlying
UN national accounts. For the years 2023 and 2024, the Global Footprint Network provides
nowecast (forecasted) estimates based on extrapolation of recent trends and preliminary
indicators. These nowcast values are explicitly flagged by the Global Footprint Network as
provisional, and, hence, we include them solely to extend the time coverage to the present.

Table 1. Variable definitions and sources.

Variable Description Unit Source

EF Ecological footprint gha per capita [21]
ESG-Based Sustainability
ESGUL Uncertainty Index Index [
LGDP Logarithm of real GDP per capita ~ Constant US$ (naturallog) [
TRADE  Trade openness (exports + imports) % of GDP [51]
Thousand tons of oil [

LREN Logarithm of REN consumption equivalent (natural log)

The selection of variables in this study is grounded in the established empirical
literature on the EF. Following [22], EF is employed as the dependent variable because
it provides a multi-dimensional measure of environmental pressure, surpassing single-
indicator approaches such as CO, emissions [23]. The calculation of EF follows the National
Footprint Accounts methodology. The EF measures human demand on ecosystems by
tracking the biologically productive land and sea area required to provide the resources
a population consumes and to absorb its waste, including carbon emissions [9,21,22].
This demand is calculated by adding imports to and subtracting exports from national
production, thereby converting the consumption of thousands of commodities into a
standardized unit: gha.

The recently developed ESGUI is the primary explanatory variable, capturing pol-
icy and regulatory ambiguity in ESG domains. The ESGUI is constructed following the
methodology of [38]. First, ESG sub-indices are created using natural language processing
to analyze the frequency of predefined ESG-related keywords in the Economist Intelligence
Unit’s monthly country reports. Second, an uncertainty sub-index is derived separately

7

using the same text-mining technique on keywords such as “uncertain,” “uncertainty,”

and “uncertainties”. Third, the final monthly ESGUI for each country is obtained by av-
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eraging the ESG sub-index and the uncertainty sub-index. The index is then normalized
to a 0-100 scale to facilitate interpretation across countries and over time. According
to [38], the robustness of the ESGUI is empirically supported by its strong correlation with
established measures such as the World Uncertainty Index [52] and the economic policy
uncertainty index [53].

Economic growth, the logarithm of real GDP per capita (LGDP), is included as a
fundamental determinant, as the EKC hypothesis posits an inverted-U relationship between
income and environmental degradation. For G7 countries [28], this pattern was confirmed,
while [31,32] further demonstrated that economic expansion consistently increases the EF.
Hence, higher income levels are associated with higher environmental degradation.

TRADE, the total exports and imports scaled by GDP, is added due to its theoretically
ambiguous but empirically relevant effect on environmental quality. The pollution haven
hypothesis and technology diffusion channels are well documented [27,34]. For high-
income economies, including G7 countries, evidence suggests that TRADE tends to reduce
the EF, likely through comparative advantage in cleaner manufacturing and services [28,35].

Note that FF consumption is the primary driver of carbon emissions and, consequently,
the EE. However, the theoretical focus of this study is on the energy transition away from
FFs rather than on the level of FF use per se. REN consumption directly captures the
progress of this transition. The literature widely recognizes the mitigating role of REN
consumption, consistently finding that it reduces the EF across different country groups and
time periods [23,29-31]. Therefore, a higher REN is expected to lower the EF by reducing
dependence on FFs.

3.2. Model Specification

The baseline model in this study is specified in Equation (1). The empirical model
can be written in linear form as in Equation (2). Here, ag is the constant term, 351 to f4
are the slope coefficients to be estimated, and ¢;; is the idiosyncratic error term. The
error term is assumed to have zero mean and finite variance, but no assumption of strict
normality or homoscedasticity is made because the estimation methods used are robust
to such violations.

EF = f(ESGUI,GDP,TRADE,REN) (1)

EF; = ao + ]4 ESGUI,, + 74 LGDP+ ]{ TRADE;; + ?f LREN; + ¢ @)
1 2 3 4

3.3. Econometric Methods
3.3.1. Preliminary Tests

Before proceeding to the main estimation, first, descriptive statistics are presented.
Second, the correlation coefficients and variance inflation factors (VIFs) are presented. The
VIF of variable j is computed in Equation (3). Here, Rjz» is the coefficient of determination
obtained by regressing the variable j on the remaining independent variables.

vIF=1/(1-R}) (3)

G7 countries are economically integrated with each other, which can cause CSD. When
CSD exists, the estimates will be biased and inconsistent [54]. The CD test, proposed by [55],
is performed to find the existence of CSD. The test is robust to unbalanced panels and does
not require specifying a particular alternative hypothesis. The CD statistic is computed as
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in Equation (4), where N is the number of cross-sectional units, T is the time dimension,
and p;; is the sample estimate of the pairwise correlation of the residuals.

(L x
CD = [ i @)
NN-D\ 5 j=it1

The assumption that slope coefficients are homogeneous across countries is often
unrealistic for heterogeneous panels. To test SH, the delta (A) test developed by [56] is

conducted. The test statistics are defined as in Equations (5) and (6). Here, S is the modified
test statistic, and k is the number of explanatory variables (regressors). The first statistic,

Agp, is the standard delta test statistic, which asymptotically follows a standard normal

distribution under the null hypothesis of slope homogeneity. The second statistic (Z AsH) is

a bias-adjusted version that performs better in small samples. E (Eit> and var (Eit> denote

the mean and variance of the individualized residual terms Eit, which are derived from
the pairwise residuals of the country-specific regressions. Rejecting the null hypothesis
indicates that slope coefficients differ across countries.

~ N-1s —k
Asy = VN v ®)

N5 — E(Eit>

var(zit)

If, after checking for CSD, the test fails to reject the null of cross-section independence,

Aasy = VN 6)

first-generation unit root tests such as the Im—Pesaran-Shin (IPS) test would be used.
Conversely, if CSD is detected, the second-generation cross-sectionally augmented IPS
(CIPS) test proposed by [57] is applied. The CIPS test is based on the CADF regression in
Equation (7) for each cross-section, where ¥, is the cross-sectional average of y;; (the value
of the dependent variable for country i at time t). The CIPS statistic is the average of the
individual CADF t-statistics (CADF;), as shown in Equation (8).

Ayit = & + BiVit—1 + ViY;_q + 6Dy, + € ()

N
CIPS = %Z CADF,; (8)

i=1
To examine the existence of a long-run equilibrium relationship, the panel cointegra-
tion test proposed by [58] is applied. This test is robust to CSD and SH. It is based on
the error-correction model in Equation (9), where d; contains deterministic components
(e.g., constant or trend), «; is the adjustment coefficient, and g; is the vector of long-run

coefficients. x; ; is the vector of explanatory variables for country i at time ¢.

Pi pPi
Ayip = 8ids + a; (Yip—1 — Bixie—1) + Y ViiAVir—j + Y, 0iiAxi_j+ it )
j=1 j=0
3.3.2. Panel Estimation Techniques: CS-ARDL and AMG

CS-ARDL is developed by [59] in order to evaluate both short-run and long-run
parameters while accounting for CSD and SH. This method is applicable independent
of whether the variables are I(0) or I(1). The general CS-ARDL (py, py) specification is
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presented in Equation (10). Here, X;; and Z; are the cross-sectional averages, and a; denotes
country-specific fixed effects. This estimator is robust to serial correlation, endogeneity,
and weak exogeneity of the lagged dependent variable.

p q s
EFy =) AEFis i+ Y BiXi—i + ) 6y Zis + i+ €t (10)
=1 =0 I=0

As a second estimator, the AMG estimator developed by [60,61] is used. The AMG
estimator is designed to handle CSD and SH, both of which are present in the panel. Unlike
standard mean group estimators, the AMG incorporates common dynamic processes
(unobserved common factors) into the model. The estimation proceeds in two steps. First,
a pooled ordinary least squares regression of the first-differenced dependent variable
on the first-differenced regressors and T — 1 year dummies is estimated. This allows us
to extract the coefficients on the year dummies, which represent the common dynamic
process. Second, the estimated common dynamic process is included in each country-
specific regression, and the individual country coefficients are averaged to obtain the
panel estimates.

The AMG estimator can be expressed in Equations (11)—(13). AEF;; is the first difference
of the EF, AX;; is the vector of first-differenced explanatory variables (ESGUI, LGDP, TRADE,
and LREN), D; are year dummies, c; are their coefficients, ¢; is the common dynamic
process, and the final step averages the country-specific coefficients B; across countries
to obtain the AMG estimates. y;; is the idiosyncratic error term (country-specific random
disturbance) for country i at time . The AMG is robust to non-stationarity and cointegration
and provides consistent estimates even if the variables are I1(0) or I(1).

T

AEF; = BiAXit + Y ctAD; + €t (11)
=2

¢t = ¢ (12)

EFy = a; + BiXit + vir + pi (13)

4. Empirical Findings
This section presents the empirical results obtained from the estimation procedures
described in Section 3. All econometric analyses are performed using Stata 14.2.

4.1. Descriptive Statistics and Correlation Analysis

Table 2 reports the descriptive statistics for all variables over the period 2002-2024. The
EF ranges from 3.46 to 10.48 gha per capita, with a mean of 5.95 and a standard deviation
of 1.80. The ESGUI varies between 14.20 and 63.64, averaging 30.90. Among the control
variables, TRADE exhibits considerable variation across countries and years, as indicated
by its standard deviation and range.

Table 2. Descriptive statistics.

Variable Mean Std. Devw. Min. Max.
EF 5.948 1.802 3.460 10.480
ESGUI 30.897 8.607 14.202 63.645
LGDP 10.605 0.182 10.291 11.103
TRADE 53.576 17.142 20.447 88.786
LREN 8.562 0.897 6.316 10.424
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Figure 2 displays the time-series evolution of EF for each G7 country from 2002 to
2024. The United States and Canada consistently exhibit the highest EF levels through-
out the entire period, ranging between 7 and 10.5 gha per capita, although both show
a modest declining trend after the mid-2000s. Second, all G7 countries demonstrate
a general reduction in EF over time, particularly visible after the 2008-2009 global fi-
nancial crisis and again after 2019. Italy, Japan, the United Kingdom, and Germany
achieved relatively low EF levels (between 3.5 and 5.5 gha per capita) by the end of
the sample period, reflecting improvements in resource efficiency and energy transitions.
Third, country-specific trajectories differ: France and Germany show steady declines,
while Canada exhibits more volatility. Overall, despite persistently high levels in North
America, the downward trends in most G7 countries suggest progress towards reducing
ecological pressure.
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Figure 2. EF dynamics in G7 countries [21].

Figure 3 presents the evolution of the ESGUI for each G7 country over the period of
2002-2024. The ESGUI ranges from 0 to 100, with higher values indicating greater policy
and regulatory ambiguity in ESG domains. The figure reveals substantial cross-country
heterogeneity. The United States and Japan exhibit the highest ESGUI values throughout the
sample, with the US peaking at approximately 63.6 in 2002 and Japan reaching 51.6 in the
same year, both significantly above the G7 average of 31. In contrast, Germany and France
display consistently lower ESGUI levels, mostly ranging between 20 and 40, suggesting
relatively more stable sustainability policy environments. The UK shows a distinctive
pattern: after a period of moderate uncertainty, the ESGUI rises sharply from 2015 onward,
peaking at 59.3 in 2019, which likely reflects Brexit-related regulatory ambiguity. Canada
and Italy occupy an intermediate position, with values typically between 25 and 50, though
Canada experiences a notable spike (52.1) in 2020. A common feature across all countries is
the synchronized increase in the ESGUI during the 20082009 global financial crisis and
again during the 2019-2021 COVID-19 pandemic, indicating that global shocks amplify
sustainability uncertainty regardless of country-specific conditions.
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Figure 3. ESGUI dynamics in G7 countries [38].

Table 3 reports the pairwise correlations and VIF values of independent variables. EF
is positively correlated with LGDP and LREN and negatively correlated with the ESGUI
and TRADE. The correlation coefficients among the independent variables do not exceed
0.57, suggesting that multicollinearity is unlikely to be a problem. This is confirmed by the
VIF values reported in Table 3. All VIF values are well below the threshold of 10, indicating
no severe multicollinearity. Note that VIFs are computed using a pooled OLS regression
as a preliminary diagnostic for severe multicollinearity among the independent variables.
This pooled approach is sufficient for detecting structural multicollinearity and does not
affect the consistency of the subsequent second-generation panel estimators (CS-ARDL and
AMG), which account for cross-sectional dependence and non-stationarity.

Table 3. Correlation matrix and VIFs.

EF ESGUI LGDP TRADE LREN VIF 1/VIF

EF 1.000 —0.088 0.570 —0.256 0.468 - -
ESGUI —0.088 1.000 0.062 0.196 0.084 1.05 0.951
LGDP 0.570 0.062 1.000 —0.182 0.274 1.20 0.836
TRADE —0.256 0.196 —0.182 1.000 0.314 1.27 0.790
LREN 0.468 0.084 0.274 0.314 1.000 1.27 0.788

A noteworthy finding in the correlation matrix is the positive correlation between
EF and LREN (0.468), which appears to contradict the standard environmental economics
expectation that REN consumption mitigates ecological pressure. This counterintuitive
positive correlation flips to a negative coefficient in our multivariate regressions precisely
because we control for GDP per capita (LGDP). This direction flip is a classic statistical
suppressor effect (a form of Simpson’s paradox) due to the confounding role of income. In
G7 countries, higher GDP per capita drives two opposing forces simultaneously: on the one
hand, it increases overall economic activity, resource consumption, and, thus, the ecological
footprint; on the other hand, it enables greater investment capacity for renewable energy
infrastructure and policy support for energy transition. Consequently, in the bivariate
context, the positive association of both EF and LREN with GDP creates a spurious positive
correlation between EF and LREN. Once GDP (and trade openness) are held constant in
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the CS-ARDL and AMG regressions, the scale effect is removed, revealing the true partial
effect of renewable energy: a net negative (mitigating) impact on the ecological footprint,
although only marginally significant. As noted in the literature review [32], some countries
experience undesirable increases in resource use due to rebound effects. This positive raw
correlation reflects exactly such a rebound effect [62,63]: in G7 countries, REN has often
been added to, rather than fully substituted for, expanding FF-based energy demand. In
other words, adding renewables to an expanding economy does not automatically lower
the ecological footprint unless FFs are actively displaced. Efficiency gains and increased
clean energy supply can lower the effective cost of energy services, thereby encouraging
higher overall consumption and partially offsetting the environmental benefits. However,
the primary driver of the sign reversal is the suppression of the confounding GDP effect,
not the rebound effect per se. Once LGDP and TRADE are held constant in the CS-ARDL
and AMG regressions, the coefficient of LREN becomes negative (though only marginally
significant), confirming that the net long-run effect of REN on EF is indeed mitigating,
albeit weak.

4.2. CSD and SH

The results of the CD test by [55] for CSD are reported in Table 4. The null hypothesis
of cross-sectional independence is rejected for all variables at the 1% significance level. This
confirms the presence of CSD among G7 countries, justifying the use of second-generation
panel methods that account for such dependencies.

Table 4. CSD test (Pesaran CD).

Variable CD Test p-Value
EF 18.847 0.000
ESGUI 4.827 0.000
LGDP 14.717 0.000
TRADE 9.508 0.000
LREN 10.726 0.000

Table 5 shows the results of the SH test by [56]. Both the delta and the adjusted delta
statistics are significant, indicating that the impact of the explanatory variables on the EF
varies across G7 countries, further supporting the use of heterogeneous panel estimators.

Table 5. SH test.

Test Statistic p-Value
Asy 8.161 0.000
A sy 9.492 0.000

4.3. Panel Unit Root Tests

Since there is CSD among G7 countries, the second-generation CIPS unit root test
proposed by [57] is applied. Table 6 reports the results for the variables in levels and first
differences, including a constant and trend. At levels, the CIPS statistics for EF (—2.174),
ESGUI (—2.173), LGDP (—0.768), and TRADE (—2.050) are all greater than the 10% critical
value, indicating that these series contain a unit root. For LREN, the CIPS statistic (—2.773)
is below the 10% critical value but above the 5% critical value (—2.86), suggesting weak
stationarity at the 10% level. After taking first differences, all variables become stationary,
with CIPS statistics well below the 1% critical value. Thus, all variables are I(1), except
possibly LREN, which is borderline I(0) at the 10% significance level.
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Table 6. CIPS panel unit root test.

Variable Level CIPS First Difference CIPS
EF —2.174 —4.778 ***
ESGUI —2.173 —4.533 ***
LGDP —0.768 —3.757 ***
TRADE —2.050 —4.027 ***
LREN —2.773* —5.585 ***

* and *** denote rejection of the null hypothesis at the 10% and 1% significance levels, respectively, based on
critical values from [57].

4.4. Cointegration Test

The results of the Westerlund cointegration test by [58] are displayed in Table 7. The
test is based on the error correction model and accounts for CSD and SH. The group-mean
test Gy is statistically significant at the 5% level (robust p-value = 0.029), providing evidence
of cointegration for at least one cross-sectional unit. Overall, the results suggest a long-run
equilibrium relationship among the variables.

Table 7. Westerlund cointegration test.

Statistic Value Z-Value p-Value Robust p-Value
Gt —2.632 —1.681 0.046 0.029
Gy —6.855 1.125 0.870 0.173
Py —5.993 —1.354 0.088 0.153
P, —6.924 —0.293 0.385 0.165

4.5. CS-ARDL Results

Given that the CIPS results reveal a mixture of I(0) (LREN) and I(1) (EF, ESGUI, LGDP,
and TRADE) series, together with the presence of CSD and SH, the CS-ARDL estimator
of [59] is employed to estimate both short-run and long-run parameters. The results
are presented in Table 8. The error correction term is negative and highly significant,
confirming the presence of a long-run equilibrium relationship and a rapid speed of
adjustment. The CS-ARDL yields two goodness-of-fit measures: the within R? (0.58)
and the mean group R? (0.92). The high mean group R? indicates that once cross-country
heterogeneity is fully accounted for, the model explains most of the within-country variation
in EF, and the substantial difference between the two R? values justifies the use of a
heterogeneous estimator.

Table 8. CS-ARDL estimation results.

Variable Coefficient Std. Error z p>|z|
Short run
L.EF 0.0685 0.0756 0.91 0.364
ESGUI —0.0070 0.0046 —1.51 0.131
LGDP 5.3886 1.6142 3.34 0.001
TRADE —0.0043 0.0173 —0.25 0.804
LREN —0.9647 0.5472 -1.76 0.078
Error correction term —-0.9315 0.0756 -12.33 0.000
Long run
ESGUI —0.0072 0.0041 -1.76 0.079
LGDP 6.1663 1.6833 3.66 0.000
TRADE —0.0038 0.0161 —0.24 0.813
LREN —0.8796 0.5042 —1.74 0.081
R-squared (within): 0.58 R-squared (mean group): 0.92
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In the short-run estimates (not tabulated for brevity), the coefficient of ESGUI is
negative but not statistically significant. However, because the error correction term is
significant and establishes cointegration, the focus is placed on the long-run coefficients. In
the long run, the coefficient of ESGUI is negative and marginally significant, suggesting
that greater sustainability uncertainty tends to reduce the EF. LGDP has a positive and sig-
nificant long-run effect, indicating that economic growth increases environmental pressure.
LREN also exhibits a negative and marginally significant coefficient, implying that REN
consumption helps to lower the EF. TRADE is not significant in the long run.

To quantify the economic magnitude of ESGUI'’s influence relative to the control
variables, the effects of a one-standard-deviation change in each variable are compared us-
ing the long-run coefficients from the CS-ARDL and the standard deviations reported
in Table 2. A one-standard-deviation increase in ESGUI (~8.6 units) reduces EF by
approximately 0.062 gha per capita. In contrast, a one-standard-deviation increase in
LGDP (=0.18 log-points) raises EF by 1.122 gha, while the same increase in LREN
(~0.90 log-points) lowers EF by 0.789 gha. Thus, the marginal effect of ESGUI is about one-
eighteenth the magnitude of the effect of economic growth, confirming that sustainability
uncertainty plays a very limited role on average compared with the dominant influence of
income expansion.

4.6. AMG Results

To complement the CS-ARDL findings, the AMG estimator by [60,61] is used. Table 9
reports the AMG results. The AMG coefficient is negative for ESGUI but not statistically
significant. LGDP has a positive and highly significant effect. TRADE has a negative and
significant coefficient. The LREN coefficient is negative and marginally significant. These
results are consistent with long-term CS-ARDL estimations, where ESGUI is marginally
significant, and LGDP exhibits a strong positive effect. The AMG findings reveal that
the average effect of sustainability uncertainty on the EF is weak or insignificant, while
economic growth consistently increases the footprint. The model fit is satisfactory: the
root-mean-squared error (RMSE) is 0.1561, which is small relative to the mean of EF (5.95),
and the Wald chi? statistic (54.17; p = 0.000) confirms the joint significance of the regressors.

Table 9. AMG estimation results.

Variable Coefficient Std. Error z p> |z
ESGUI —0.0051 0.0036 —1.41 0.158
LGDP 2.6849 0.6861 3.91 0.000

TRADE —0.0123 0.0052 —2.36 0.018
LREN —0.6500 0.3542 —1.84 0.066

Constant —15.2146 4.3617 —3.49 0.000

RMSE (sigma): 0.1561 Wald chi2(4): 54.17 (p = 0.000)

TRADE shows a negative effect that is not significant in CS-ARDL but significant in
AMG, indicating a sensitivity to the estimator. The difference in the statistical significance
of TRADE between CS-ARDL and AMG can be explained by how each estimator handles
unobserved common factors. CS-ARDL models cross-sectional dependence by including
lagged cross-sectional averages of the dependent and independent variables, which may
absorb some of the long-run variation in trade openness if trade patterns are highly corre-
lated with global cycles. AMG, in contrast, explicitly extracts a common dynamic process
(e.g., global demand shocks and oil price fluctuations) and removes it before estimating
country-specific coefficients. This allows AMG to isolate the trade-induced technology
diffusion effect more clearly, leading to a significant negative coefficient, suggesting that
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once common global shocks are filtered out, trade openness exerts a mitigating effect on
the ecological footprint in G7 countries.

The observed discrepancy in the statistical significance of ESGUI between the CS-
ARDL (marginally significant, p = 0.079) and AMG (insignificant, p = 0.158) estimators is
not unusual in panel econometrics. Past studies that found significant effects of policy
uncertainty on environmental degradation often relied on first-generation estimators that
fail to account for cross-sectional dependence, slope heterogeneity, and common dynamic
processes [19,37]. In contrast, our application of second-generation estimators (CS-ARDL
and AMG) explicitly models these complexities, which may explain why our results show
a weaker and less robust effect of ESGUI compared with earlier literature.

CS-ARDL accounts for cross-sectional dependence by including cross-sectional aver-
ages of the dependent and independent variables as additional regressors, whereas AMG
explicitly extracts and includes a common dynamic process. Because the two estimators
model unobserved common factors differently, they may produce different levels of preci-
sion for coefficients that are economically small and marginally significant. In the current
case, the ESGUI coefficient remains negative in both estimators, and the magnitude is
similar (—0.0072 in CS-ARDL vs. —0.0051 in AMG). The slight difference in p-values does
not reverse the substantive conclusion: the average effect of sustainability uncertainty is
weak, economically small, and sensitive to the treatment of common dynamics. This lack of
robustness across estimators reveals that the structural stability of sustainability uncertainty
across G7 countries is fragile: its effect is not consistently detectable once the common
dynamic process is modeled differently. In other words, the relationship between ESGUI
and EF is not hard-wired but depends on how unobserved common factors (e.g., global
financial cycles, oil price shocks, and pandemics) are accounted for. Therefore, rather than
indicating model weakness, the contrast between CS-ARDL and AMG provides valuable
insight into the uncertainty surrounding the point estimate and underscores the need for
policy recommendations to be based on multiple estimators rather than a single model.

5. Conclusions, Policy Recommendations, and Future Research

The association between environmental degradation and various economic, social, and
policy-based factors has long been central to sustainability discussions. Among these fac-
tors, uncertainty regarding environmental and sustainability policies has recently attracted
attention as a potential determinant of ecological outcomes. While the environmental im-
pacts of economic growth, TRADE, and REN consumption have been extensively studied
in the literature, the role of sustainability uncertainty has been relatively limitedly investi-
gated, particularly in the context of developed economies. The G7 countries offer a suitable
sample for examining the impact of policy uncertainty on the EFs of these countries.

The present study investigates the influence of sustainable uncertainty, economic
growth, renewable energy consumption, and trade openness on the ecological footprint
in G7 countries over the period of 2002-2024. The empirical analysis was conducted us-
ing a balanced panel dataset (161 observations: 7 countries x 23 years). The dependent
variable was EF, and the primary explanatory variable was ESGUI Three control vari-
ables were also used in the analysis: LGDP, TRADE, and LREN. To account for CSD, SH,
and mixed integration degrees, two complementary estimation methods were applied:
CS-ARDL and AMG.

5.1. Discussion

The CS-ARDL results confirmed the existence of a long-term equilibrium relation-
ship between the variables with a rapid fit rate. ESGUI exhibited a marginally significant
negative long-term effect on environmental pressure; this suggests that higher uncer-
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tainty may reduce the EF. This marginally significant negative relationship between ESGUI
and EF aligns with the argument that policy uncertainty can, under specific conditions,
reduce investment in polluting industries and limit energy-intensive consumption [15].
However, as noted in the introduction, uncertainty may also delay environmental invest-
ments and lead to ineffective policy outcomes [14,16], highlighting the asymmetric nature
of this relationship.

AMG estimates confirmed the negative but statistically insignificant effect of ESGUI,
reinforcing the conclusion that the average effect of sustainability uncertainty is weak.
The results of the current study are broadly consistent with [17], who found that the
Sustainability Uncertainty Index (SUI) reduces the EF in G7 countries, although the effect
was heterogeneous across quantiles. Similarly, using AMG estimators for G7 countries,
Ref. [64] found that REN and R&D expenditure reduce environmental pollution, but
their results also showed that the EKC hypothesis was not valid for several G7 countries,
underscoring the sensitivity of results to country-specific factors.

In contrast, Ref. [19] found that ESG uncertainty significantly increases the EF and
reduces the load capacity factor in G7 countries. This divergence may be explained by
differences in econometric methodology: Ref. [19] used first-generation estimators that
do not fully account for cross-sectional dependence and slope heterogeneity, whereas our
study employs CS-ARDL and AMG, which are specifically designed to handle these issues.
Moreover, Ref. [37] found that economic policy uncertainty exacerbates environmental
degradation in G20 countries, whereas our ESGUI results are weaker, suggesting that ESG-
based uncertainty captures a broader set of risks whose link to immediate environmental
outcomes may be more indirect and time-lagged.

In terms of control variables, economic growth had a strong positive long-term effect,
reflecting the persistent link between income and resource use. This is consistent with the
EKC literature for G7 countries [28]. REN consumption showed a marginally significant
negative effect, supporting the findings of [23,29] for OECD and European countries.
TRADE was not found to be significant in the long run in CS-ARDL,; this is likely because the
opposing effects cancel each other out in high-income G7 economies, consistent with [35].
However, TRADE showed a negative and significant effect in AMG; this suggests that
pollution haven or technology diffusion effects become more pronounced when common
dynamic processes are explicitly modeled.

5.2. Policy Recommendations

While our models are not designed for point forecasting, they provide a robust
framework for simulating the long-run environmental consequences of policy changes
using the estimated coefficients. Given the very weak and only marginally significant
average effect of sustainability uncertainty on the EF, no specific policy recommenda-
tions are formulated directly targeting ESG-based uncertainty. This statistical finding
does not imply that sustainability uncertainty is unimportant; rather, it suggests that
despite occasional ESG policy ambiguity, the fundamental determinants of ecological
footprint—economic growth, renewable energy, and trade openness—continue to operate
as the primary drivers. In other words, while ESGUI serves as an essential control variable
demonstrating that sustainability policy shocks do not disrupt the long-run green transition
of G7 nations, the heavy lifting of environmental mitigation still rests on decoupling GDP
from footprint expansion.

The strong and positive impact of economic growth on EF points to the need for
decoupling policies between growth and environmental pressures. In this context, G7
countries should adopt binding resource productivity targets. They should also implement
mandatory extended producer responsibility (EPR) schemes and introduce progressive
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carbon taxes with revenue recycling for low-income households. Finally, tax burdens
should be moved away from labor and onto material footprints and emissions, for example,
by taxing resource use rather than labor income.

In addition, the negative impact of TRADE on EF (especially in AMG estimates)
suggests that polluting production activities may have shifted outside of G7 countries.
This raises the risk of carbon leakage. Therefore, to prevent emissions from shifting
geographically and to achieve reductions on a global scale, international cooperation tools
such as border carbon adjustment mechanisms need to be strengthened. Meanwhile, the
fact that the coefficient of REN consumption, despite being negative, shows only limited
statistical significance, reveals that increasing REN use alone is not sufficient. Therefore,
the focus of policies should shift from adding REN to the increasing total energy demand
to the substitution of FFs. This transformation will be possible through the establishment of
binding targets for the phase-out of FFs, the implementation of carbon-pricing mechanisms,
and investments in energy storage and grid infrastructure modernization.

5.3. Limitations and Future Research

The study has some limitations. First, the analysis only covers high-income G7
countries; therefore, the validity of the results may be limited for developing or emerging
economies. Second, the ESGUI variable is a very broad indicator and does not offer the
possibility of separating different sources of uncertainty (e.g., policy, market, or technology-
based uncertainties). Third, this study focuses on EF as a single aggregate indicator; its
components may respond differently to uncertainty. Fourth, the weak significance of
REN consumption necessitates further research using disaggregated data (e.g., solar, wind,
and hydro).

There are several extensions of this work as future research. One promising avenue is
to examine the role of sustainability uncertainty in other country groups such as BRICS,
emerging Asia, or oil-exporting countries. Another extension would be to use alternative
environmental indicators such as the load capacity factor (LCF). Additionally, future
studies could incorporate interaction terms between sustainability uncertainty and other
key variables (e.g., financial development, green innovation, and institutional quality).
Finally, the use of more granular data (e.g., at the sectoral or regional level) could help to
uncover the mechanisms underlying the weak effect of REN consumption.
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Abbreviations

The following abbreviations are used in this manuscript:

AMG Augmented Mean Group

CO, Carbon Dioxide

CS-ARDL  Cross-Sectionally Augmented Autoregressive Distributed Lag
CSD Cross-Sectional Dependence

EF Ecological Footprint

EKC Environmental Kuznets Curve

ESG Environmental, Social, and Governance
ESGUI ESG-Based Sustainability Uncertainty Index
FFs Fossil Fuels

GHGs Greenhouse Gas Emissions

REN Renewable Energy

SH Slope Heterogeneity

TRADE Trade Openness

VIFs Variance Inflation Factors
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