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Abstract

Newly Industrialized Countries (NICs) represent the most dynamic economic clusters
globally and drive the marginal growth of global carbon emissions, rendering their car-
bon mitigation performance pivotal to delivering the climate targets pledged under the
Paris Agreement. Grounded in the Environmental Kuznets Curve (EKC) hypothesis, this
study applies the cross-sectional augmented autoregressive distributed lag (CS-ARDL)
framework to the panel data from NICs for the 1990-2022 period and incorporates dynamic
autoregressive distributed lag simulation methods to investigate the dynamic relationship
between energy transition and CO, emissions across these economies. The CS-ARDL
estimation results suggest that the conventional inverted U-shaped Environmental Kuznets
Curve (EKC) hypothesis is invalid under the conditions of cross-sectional dependence
and slope heterogeneity for NICs. Per capita GDP growth is found to exert a signifi-
cant negative impact on CO, emissions in these economies. In both the long and short
run, rising per capita non-renewable energy consumption substantially increases CO,
emissions, whereas a higher share of renewable energy in total final energy consumption
yields a significant CO, mitigation effect. Estimations conducted via the Augmented Mean
Group (AMG), Common Correlation Effect Mean Group (CCEMG), and Dynamic Common
Correlation Effect Mean Group (DCCEMG) estimators yield consistent findings with the
CS-ARDL model. Dynamic ARDL simulation results reveal that positive shocks to per
capita non-renewable energy consumption and renewable energy share in total final energy
consumption induce heterogeneous dynamic response trajectories of CO, emissions across
countries. Nevertheless, rising per capita non-renewable energy consumption triggers an
overall sustained growth in CO, emissions, while a higher proportion of renewable energy
achieves long-term mitigation of CO, emissions.

Keywords: energy transition; newly industrialized countries; CO, emissions

1. Introduction

Global warming has become a formidable threat to global sustainable development. It
triggers frequent extreme weather phenomena, sea-level rise and biodiversity depletion,
while imposing substantial adverse repercussions on global agricultural productivity and
public health. To curb the continuous growth of global greenhouse gas emissions, the
1997 Kyoto Protocol instituted the world’s first legally binding international climate treaty,
which formally specified quantified emission reduction obligations for Annex I economies,
including the United States, the European Union, and Japan. Building on advances in
global climate governance, the 2015 Paris Agreement established a long-term core target of
limiting global temperature increases to well below 2 °C relative to pre-industrial levels,
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with an aspirational objective of constraining global warming to 1.5 °C. The Agreement
further mandates all signatory parties to develop nationally appropriate mitigation targets
and practical strategies tailored to their domestic economic and ecological endowments.

Anthropogenic activities serve as the primary source of greenhouse gas emissions
and the leading driver of contemporary global warming and climate change [1]. Among
various greenhouse gases, carbon dioxide (CO;) contributes approximately 60% of total
global emissions, rendering it the most predominant climate-forcing agent [2—4]. Accord-
ingly, CO, abatement has become a core priority of global climate mitigation agendas.
Since the Industrial Revolution, fossil fuels including coal and crude oil have underpinned
global industrial production and residential energy consumption. Widely regarded as the
“lifeblood of industry”, crude oil plays an irreplaceable role in fostering modern industrial
systems, advancing urbanization processes, and sustaining long-term global economic
growth. Nevertheless, the extensive and unsustainable exploitation and combustion of
fossil fuels have released enormous carbon reserves sequestered via millions of years of
natural photosynthesis into the atmosphere within merely a few centuries. Such unprece-
dented carbon release substantially surpasses the absorptive capacity of natural ecosystems,
disrupting the global carbon cycle, triggering continuous atmospheric CO, accumulation,
and ultimately exacerbating climate degradation.

The 1960s and 1970s witnessed a profound restructuring of the global division of labor,
whereby developed countries gradually relocated labor- and resource-intensive industries
to developing economies. The substantial inflow of international capital effectively bridged
the domestic savings gap in recipient countries, while the introduction of advanced tech-
nologies and sophisticated managerial expertise facilitated the upgrading of local labor
quality and the maturation of industrial support systems. These external benefits enabled
developing economies to rapidly establish export-oriented industrial structures, thereby
accelerating economic transformation and sustaining long-term national income growth [5].
The Encyclopaedia Britannica defines NICs as economies that underwent large-scale in-
dustrialization from the late twentieth to the early twenty-first centuries but have yet to
achieve the developmental benchmarks of advanced economies. Currently, there exists
no universal, officially recognized roster of NICs worldwide, as authoritative institutions
adopt heterogeneous classification standards tailored to their respective research objectives.
The United Nations Industrial Development Organization (UNIDO) categorizes NICs
principally based on manufacturing performance and national income levels, with its NIC
list subject to annual dynamic revisions that result in cross-year compositional variations.
In comparison, World Population Review and WorldData.info emphasize the long-term
trajectory of economic structural transition, generating more stable classification results.
Their consistent framework identifies Brazil, China, India, Indonesia, Malaysia, Mexico, the
Philippines, South Africa, Thailand, and Turkey as typical NICs. Given that an in-depth
investigation into the linkage between energy transition and CO, emissions necessitates
long-term time series analysis, this study adopts the latter stable classification scheme to
select its research sample.

The geographical relocation of manufacturing activities entails not only the spatial
restructuring of global production division of labor but also the cross-border transfer of
CO, emissions. Industries relocated from developed economies to NICs are predominantly
low- and mid-end manufacturing sectors featuring high energy consumption, high carbon
emissions, and low value added. While the manufactured outputs are primarily supplied
to consumer markets in developed countries, the carbon emissions generated throughout
the production process are entirely retained in recipient NICs. Ma and Zhang [6] revealed
that, since 1985, technological advancement and industrial structure optimization have
steered developed economies onto a downward trajectory of carbon emissions, whereas
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the industrial expansion in NICs has driven a continuous surge in their CO; output. Meng
et al. [7] further points out that the shift in production activities from the ‘Global North” to
the ‘Global South’ in the early 21st century actually led to an increase rather than a decrease
in total global carbon emissions, as the carbon intensity of production in the recipient
countries (particularly China and India) was significantly higher than that in the countries
from which production was shifted. Accordingly, the restructuring of the global production
system has rendered NICs the predominant contributors to contemporary global CO,
emissions. Four of the world’s top five carbon-emitting economies belong to NICs, with
China and India alone accounting for more than 40% of global total emissions (Figure 1).
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Figure 1. Share of NICs in global CO, emissions (Source: EDGAR).

In response to mounting global carbon reduction pressures, NICs have strengthened
their participation in global climate governance and proactively promoted the implementa-
tion of the Paris Agreement over recent decades. Major NICs have formulated ambitious
national climate action targets. Specifically, China aims to cap carbon emissions before
2030 and achieve carbon neutrality by 2060, India pledges to attain economy-wide net-zero
emissions by 2070, and Mexico targets full carbon neutrality by 2050. To fulfill these cli-
mate commitments, NICs have generally prioritized energy transition as a core strategic
approach, with solar, wind, hydropower and other renewable energy sources becoming
key pillars of their domestic energy systems. Driven by supportive policy frameworks and
large-scale industrial investment, renewable energy consumption across NICs has grown
rapidly. In line with the growth forecasts presented in the International Energy Agency
(IEA)’s Renewables 2025 report, the share of renewables in the overall energy mix of major
NICs is projected to increase significantly by 2030, with particularly remarkable growth in
China, India, Mexico, South Africa and Turkey (Figure 2).

Against this backdrop, this study selects NICs as its research subjects to examine the
dynamic relationship between energy transition and CO, emissions, primarily due to their
pivotal position in the global carbon emission landscape and their distinctive develop-
mental stage. First, NICs have undergone rapid economic expansion, steady industrial
progress, and increasingly deep integration into the global division of labor. Second, their
development path, which heavily relies on industrial relocation from developed economies,
has fostered high fossil fuel dependence throughout their industrialization process. This
renders NICs the dominant contributors to contemporary global CO, emissions, such that
their emission trajectories substantially determine the feasibility of achieving global climate
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goals. Third, NICs are experiencing the simultaneous advancement of economic and energy
transitions. Their economic structure is gradually transforming from low- and medium-end
manufacturing toward high-end manufacturing and modern service sectors, while their
energy systems are promoting energy substitution by scaling up renewable energy use.
These three distinctive features make NICs the most representative and policy-relevant
research context for evaluating the emission reduction effectiveness of energy transition,
providing critical evidence for clarifying whether energy system transformation can deliver
genuine carbon mitigation outcomes.
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Figure 2. Share of Renewable Energy in Power Generation of Representative NICs (Source: IEA).

Compared with the existing literature, this paper delivers three key marginal contri-
butions. First, it specifically focuses on the nexus between energy consumption and CO,
emissions within the context of NICs, expanding and enriching the empirical evidence on
how energy transition reshapes the carbon emission trajectories of this particular economic
group. Second, based on the extended Environmental Kuznets Curve (EKC) hypothesis, this
paper constructs a comprehensive analytical framework that integrates economic growth,
renewable energy consumption, and non-renewable energy consumption. Furthermore, it
adopts the dynamic autoregressive distributed lag (ARDL) model to intuitively capture the
time-varying dynamic effects of renewable and non-renewable energy use on CO, emission
levels. Third, to address the cross-sectional dependence and slope heterogeneity inherent in
panel data analysis, this study employs the cross-sectionally augmented ARDL (CS-ARDL)
method for core empirical estimation, with Augmented Mean Group (AMG), Common
Correlated Effects Mean Group (CCEMG), and Dynamic Common Correlated Effects Mean
Group (DCCEMG) estimators utilised for robustness validation.

This paper is structured into eight chapters. Section 1 elaborates on the research back-
ground, significance, objectives, and marginal contributions of the study. Section 2 presents
a literature review that systematically summarizes existing studies on the interactive rela-
tionships among economic growth, renewable energy consumption, non-renewable energy
consumption, and CO, emissions, along with a critical evaluation of current research.
Section 3 specifies the research data and preliminary tests, covering variable definitions,
data sources, and descriptive statistics, as well as pre-estimation examinations including
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multicollinearity, cross-sectional dependence, slope heterogeneity, unit root, and cointegra-
tion tests. Section 4 defines the econometric specification and empirical strategy, in which
the CS-ARDL approach is constructed based on the extended EKC hypothesis. Section 5
reports the core estimation results derived from the CS-ARDL model. Section 6 conducts
robustness checks via the AMG, CCEMG, and DCCEMG estimators. Section 7 further
adopts dynamic ARDL simulation to capture the dynamic evolutionary characteristics of
CO, emission effects driven by energy transition. Finally, Section 8 concludes the entire
study by summarizing the key empirical results, proposing targeted policy implications,
and outlining potential directions for future research.

2. Literature Review
2.1. Economic Growth and CO, Emissions

The nexus between economic growth and CO; emissions has long been a core research
theme in environmental economics. Proposed by Grossman and Krueger [8], the EKC
hypothesis provides a classic theoretical framework for explaining this relationship. It
suggests that pollutant emissions increase alongside economic expansion in the early
stage of development. Once income exceeds a certain threshold, however, emissions will
gradually decline as the economy continues to grow. To examine the validity of the EKC
conjecture, numerous existing studies have employed a wide range of econometric methods
using time-series or cross-country panel data across different economies.

A large number of empirical studies have lent support to the EKC hypothesis, with
most analyses concentrating on emerging markets, developing economies and regions
experiencing rapid industrialization. Adopting panel data and the generalized method of
moments, Apergis and Ozturk [1] detected the EKC trajectory among 11 Asian economies.
Subsequent scholarship has continued to validate this proposition across varied samples
and empirical frameworks. To illustrate, Liu et al. [9] found evidence of the EKC ef-
fect in four ASEAN countries, and Khan and Ozturk [10] confirmed its validity using a
panel dataset of 88 developing economies. Similar outcomes have likewise been docu-
mented for 180 countries worldwide [11], MENA economies [12], 10 NICs [13], 58 middle-
income economies [14], and the world’s five largest carbon-emitting nations [15]. Moreover,
national-level case studies also support the EKC hypothesis. Based on time-series data,
Tang and Tan [16] established the EKC pattern for Vietnam over 1980-2012, and Khan
et al. [17] verified its existence in Pakistan for the 1972-2018 period.

Conversely, some studies have rejected the validity of the EKC hypothesis, with
empirical evidence primarily drawn from developed economies, resource-based countries,
and low-income developing economies. In a sample of 19 European countries, Acaravci
and Ozturk [18] found that the EKC hypothesis held only for Denmark and Italy, while it
was invalid for all other sampled economies. Examining 12 countries across the Middle
East and North Africa (MENA) region, Arouri et al. [19] revealed that, despite most
sampled economies satisfying the long-run coefficient conditions for the EKC hypothesis,
the corresponding inflection points varied substantially across countries, providing poor
evidence in support of the EKC hypothesis. Analyzing 106 economies with diverse income
levels, Antonakakis et al. [20] further indicated that sustained economic growth tends
to exacerbate greenhouse gas emissions. Focusing on 24 emerging economies, Hove
and Tursoy [21] detected no empirical support for the EKC hypothesis. For resource-
dependent economies, Badeeb et al. [22] argued that due to the “resource curse” mechanism,
the EKC pattern does not follow the traditional EKC pattern. Du et al. [23] examined
the relationship between economic growth and CO, emissions in both developed and
developing countries separately and concluded that the EKC does not hold in either group
of countries. Employing Bayesian model averaging and LASSO regression to examine
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84 advanced and emerging economies, Gravina and Lanzafame [24] additionally suggested
that the linkage between economic growth and CO; emissions conforms to an inverted
N-shaped curve, rather than the conventional inverted U-shaped EKC pattern.

2.2. Non-Renewable Energy Consumption and CO, Emissions

Non-renewable energy, including coal and oil, has long served as the dominant energy
consumption for industrial production and residential use, and CO; emitted from their
combustion constitutes a major source of carbon emissions. Consequently, it is widely
accepted that there is a positive correlation between non-renewable energy consumption
and CO, emissions. Nevertheless, the magnitude of this impact differs substantially across
countries and industrial sectors.

Cross-country empirical studies universally identify non-renewable energy consump-
tion as a key driver of rising CO, emissions. Focusing on BRICS economies over the
1990-2015 period, Mahalik et al. [25] confirmed that non-renewable energy consumption is
the primary factor behind CO; emission growth, whose explanatory power considerably
exceeds that of others. Based on panel data spanning both developed and developing
economies, Rai et al. [26] verified that non-renewable energy consumption serves as the
predominant driver of growing carbon emissions. In line with these findings, Almulhim
et al. [27] highlighted that increased fossil fuel consumption directly elevates consumption-
based carbon emissions across BRICS countries, with this boosting effect being particularly
prominent within high-emission quantiles.

Single-country studies also provide consistent evidence for the positive effect of
non-renewable energy consumption on carbon emissions. Liu et al. [9] verified that non-
renewable energy consumption constitutes the primary driving factor of carbon emission
growth across Southeast Asian economies. Khan et al. [28] analyzed Pakistan’s time-series
data from 1982 to 2018 and validated that oil consumption exerts a significant positive
influence on CO, emissions in both the short and long run. Similarly, Idroes et al. [29]
revealed that the combustion of coal, oil, and natural gas dominates CO, emission growth
in Indonesia based on long-run time-series data covering 1965-2022. Using Malaysian
data spanning 1970-2020, Ahmat et al. [30] further demonstrated that non-renewable
energy consumption persistently raises CO, emission growth in both short-run and long-
run scenarios.

Furthermore, emerging evidence suggests that the emission impacts of non-renewable
energy consumption present obvious sectoral heterogeneity. Using panel data for 27 EU
member states, Yeasmin et al. [31] found that non-renewable energy consumption in
the electricity, steam and gas supply sectors is the primary source of carbon emissions,
followed by manufacturing and transportation. Building on these sectoral results, Zhang
et al. [32] performed a macro analysis of the transportation sector across 188 countries and
regions. Their study shows that while transportation-related carbon emission characteristics
vary greatly among economies at different development stages, non-renewable energy
consumption remains a predominant driver of CO, emissions in the transportation sector.

2.3. Renewable Energy Consumption and CO, Emissions

Renewable energy consumption mitigates CO, emissions by substituting traditional
fossil fuel consumption. However, the magnitude of such abatement effects is contingent
on multiple contextual factors, including the proportion of renewables in the overall energy
mix and the stage of economic development across individual economies.

Cross-country empirical research generally verifies the carbon reduction benefits
brought by rising renewable energy penetration. Focusing on regional economic blocs,
Bekun et al. [33] examined 16 EU economies, while Ikram et al. [34] investigated SAARC
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member countries, and both studies documented a significant negative relationship be-
tween renewable energy consumption and CO; emissions. Ben Jebli et al. [35] further
extended the research scope to a global panel of 120 economies with diverse income levels.
Their heterogeneous analysis indicated that renewable energy consumption contributes
to substantial carbon emission reduction across most economies, with low- and middle-
income countries serving as the primary exceptions. Several recent empirical studies have
drawn similar conclusions on the decarbonization effect of renewable energy consump-
tion [25-27]. Attanayake et al. [36] employed linear and nonlinear regression methods
using panel data of 138 countries from 1995 to 2021. Their results strongly confirm that
renewable energy consumption effectively curbs CO, emissions for most economies, and
stress that high-emission countries need to accelerate their energy transition urgently. Simi-
larly, Pakrooh et al. [37] used panel data of 53 countries over 1965-2021 and pointed out
that sustainable energy transition is a core strategy for carbon abatement.

Consistent with cross-country evidence, country-specific studies also confirm the
decarbonization function of renewable energy. Taking BRICS economies as the sample,
Khattak et al. [38] found that renewable energy consumption delivers significant CO,
mitigation effects in Russia, India and China, while no statistically meaningful abatement
effect is detected in Brazil. Targeting India’s economic and energy transition from 1990 to
2024, Fernandes et al. [39] quantified the emission reduction performance of renewables.
The results indicate that a 1% rise in renewable energy consumption leads to roughly a
1.14% drop in carbon emissions.

2.4. Research Gaps and Motivations of the Study

Previous studies have thoroughly investigated the complex relationships between
economic growth, renewable energy use, non-renewable energy consumption and CO,
emissions, and reached several widely acknowledged conclusions. First, while the valid-
ity of the EKC hypothesis is still debated in different scenarios, the inverted U-shaped
linkage between economic growth and emissions generally holds for most emerging and
developing economies. Second, non-renewable energy consumption is confirmed to be a
major driver of rising carbon emissions, and its impacts show remarkable cross-country
and cross-sectoral heterogeneity. Third, expanding renewable energy consumption can
effectively reduce carbon emissions, and it has been widely recognized as a core strategy
for global decarbonization.

Despite the abundant existing literature, several research gaps still require further
exploration. In terms of research samples, country groups differ substantially in economic
development stages, resource endowments, industrial structures, and energy transition
trajectories. Such structural heterogeneity may generate cross-group variations in both the
direction and magnitude of energy consumption’s impacts on CO, emissions. However,
most existing studies focus on either single-country case analyses or general cross-country
panels, with insufficient efforts to refine sample classification and conduct targeted exami-
nations according to systematic disparities in economic and energy structures. In terms of
research content, prior studies predominantly evaluate the emission effects of renewable
and non-renewable energy consumption separately. Even the limited studies that integrate
both energy types within a unified empirical framework seldom adopt counter-factual
simulation approaches to capture the dynamic response pathways of CO, emissions un-
der diverse energy consumption structures. Methodologically, conventional cross-country
panel analyses generally neglect cross-sectional dependence and slope heterogeneity, largely
relying on traditional first-generation panel econometric techniques. This methodological
limitation may induce estimation bias by failing to account for global economic shocks,
cross-border technological spillovers, and regional interdependence. Furthermore, overre-
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liance on a single estimation method, without multidimensional cross-validation across
alternative model specifications, weakens the overall robustness of existing empirical
findings. Consequently, taking NICs as an example, this paper estimates the dynamic
relationship between energy transition and CO, emissions using a CS-ARDL model within
an extended EKC framework, based on tests for cross-sectional dependence and slope het-
erogeneity. Robustness analyses were conducted using the AMG, CCEMG and DCCEMG
estimators. Furthermore, the dynamic response path of the energy transition’s impact on
CO, emissions was characterized using dynamic ARDL simulation. The structure of the
study is illustrated in Figure 3.

Cross-Country Panel Data Country-by-country
Preliminary tests Model estimation Dynamic ARDL
Cross-section dependent test '%‘:RD L approach Simulation
«Slope Heterogeneity Test LD eShock to renewable energy
ePanel unit root test QARG CCRMC DECEME) #Shock to nonrenewable
*Cointegration test energy

S

Figure 3. Framework for empirical research.

3. Data and Preliminary Tests
3.1. Variables and Data Explanations

This study investigates the dynamic relationship between energy transition and CO,
emissions across NICs within the canonical EKC hypothesis framework. It assumes a
quadratic function between economic growth and environmental pollution. To capture
the ongoing energy transition process, this study adopts per capita non-renewable energy
consumption and the share of renewable energy in total final energy consumption as core
energy indicators. These energy variables are introduced into the standard EKC model
as critical explanatory factors, forming an extended EKC specification that incorporates
energy transition. The concrete empirical equation is set out below:

InCO2;, = f[lnGDPit, (InGDP;)?, InNRE;;, InRE; )

In this equation, [nCO2, InGDP, (InGDP)?, InNRE, and [nRE represent the logarithm
of per capita CO, emissions, the logarithm of GDP per capita, the logarithm of the square
of GDP per capita, the logarithm of per capita non-renewable energy consumption, and
the logarithm of the share of renewable energy in total final energy consumption, respec-
tively. Here, subscript i stands for the cross-sectional country dimension (i =1, 2,---, N),
while subscript t denotes the time dimension (t =1, 2,---,T). Table 1 provides detailed
definitions and data sources for all variables contained in Equation (1); the sample spans
the 1990-2022 period.
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Table 1. Variables explanations and Data sources.
Variables Explanations Unit Sources
The logarithm of

InCO2 Carbon dioxide (CO,) Metric tons WDI
emissions excluding
LULUCEF per capita

1nGDP The logarlthm of GDP Constant 2015 WDI

per capita US dollar
The logarithm of the
Constant 2015
2
(InGDP) square of GDP US dollar WDI
per capita
The logarithm of . . Calculated based
Kg of oil equivalent on WDI
InNRE Non-renewable .
. per capita data: (1 — RE) x
energy consumption
energy use

The logarithm of the

InRE share of renewable Percent (%) WDI

energy in total final
energy consumption

3.2. Basic Statistical Description

Table 2 reports the descriptive statistics of all variables. For the sample NICs, the
average per capita CO, emissions stand at 3.677 tons, ranging from a minimum of 0.666 tons
to a maximum of 9.546 tons, which points to large cross-country gaps in the CO, emis-
sion. Measured in constant 2015 US dollars, the average per capita GDP amounts to
5383.688 USD, with a median of 5396.990 USD and a standard deviation of 3160.390, re-
flecting prominent heterogeneity in economic development among NICs. The average per
capita non-renewable energy consumption equals 251.994 kg of oil equivalent, alongside a
standard deviation of 131.942, suggesting notable cross-country differences in fossil fuel
usage volume. The average share of renewable energy in total final energy consumption
is 24.876%, with a median of 21.950% and a minimum of only 2.000%. These statistical
features reveal that most NICs still have relatively low renewable energy penetration,
leaving substantial room for green energy transition. Furthermore, Jarque—Bera test re-
sults for all variables strongly reject the null hypothesis of normal distribution at the 1%
significance level. Given this non-normal distribution property, appropriate econometric
treatments are required in subsequent panel estimations to guarantee accurate and robust
empirical outcomes.

Table 3 presents the correlation matrix of all log-transformed variables used in this
research. The correlation coefficients of per capita CO, emissions with per capita GDP
and its squared term stand at 0.732 and 0.730, respectively, both statistically significant
at the 1% confidence level. This result verifies a strong positive correlation between
economic growth and carbon emissions among NICs. Meanwhile, the correlation coefficient
between the renewable energy share of total final energy consumption and per capita CO,
emissions is —0.810, also statistically significant at the 1% confidence level, indicating that
higher renewable energy penetration is tightly associated with lower carbon emissions. By
contrast, the correlation between per capita non-renewable energy consumption and per
capita CO, emissions lacks statistical significance. This correlation may arise from omitted
conditional factors and unobserved cross-country heterogeneity, which necessitates further
empirical examination via regression analysis in the following sections. Furthermore, the
strong significant correlation between per capita GDP and its squared term originates from
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their intrinsic quadratic mathematical relationship, which captures the nonlinearity of the

environmental Kuznets curve.

Table 2. Descriptive statistics.

CcO2 GDP NRE RE
Mean 3.677 5383.688 251.994 24.876
Median 3.134 5396.990 214.216 21.950
maximum 9.546 14,273.57 689.623 59.20
Std. Dev 2.438 3160.390 131.942 14.904
Skewness 0.736 0.300 1.437 0.363
Kurtosis 2.343 2.102 4.762 1.914
Jarque—Bera 30.23 *** 34.37 *** 64.97 *** 77.33 ***
arq (0.000) (0.000) (0.000) (0.000)
Observation 330 330 330 330
Note: *** indicates significance at the 1% confidence level.
Table 3. Correlation matrix.
InCO2 InGDP (InGDP)? InNRE InRE
InCO2 1.000
0.732 ***
InGDP (0.000) 1.000
2 0.730 *** 0.999 ***
(InGDP) (0.000) (0.000) 1.000
—0.065 0.087 0.082
InNRE (0.242) (0.116) (0.138) 1.000
—0.810 *** —0.608 *** —0.610 *** 0.605 ***
InRE (0.000) (0.000) (0.000) (0.000) 1.000

Note: *** indicates significance at the 1% confidence level.

To identify potential multicollinearity across explanatory variables, this study per-
forms a variance inflation factor (VIF) test. As presented in Table 4, the raw VIF values
for per capita GDP and its squared term reach 391.70 and 387.97, respectively, both sub-
stantially exceeding the widely accepted critical threshold of 10, thereby confirming severe
multicollinearity between the two variables. Theoretically, such high multicollinearity is an
inherent and unavoidable feature of the EKC setup due to the quadratic functional form
linking economic growth and environmental pollutants. However, to eliminate estimation
bias caused by the multicollinearity, this study applies the mean-centering transformation
to both per capita GDP and its squared term. After mean-centering, all VIF values drop
below 10, demonstrating that the multicollinearity problem has been effectively alleviated
and the adjusted model is statistically valid for subsequent regression estimations.

Table 4. Variance inflation factors.

Pre-Mean-Centering Post-Mean-Centering

Variables

VIF 1/VIF VIF 1/VIF

InGDP 391.70 0.003 5.12 0.195
(InGDP)? 387.97 0.003 3.72 0.269
InNRE 5.12 0.195 3.27 0.306
InRE 3.27 0.306 1.51 0.664
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3.3. Cross-Section Dependent Test

In cross-country panel analyses, cross-sectional dependence is prevalent, as sampled
economies often share geographical boundaries, participate in unified trade arrangements,
and exhibit frequent cross-border flows of capital, goods, services, and labor. Neglecting
cross-sectional dependence in empirical estimation may lead to biased and inconsistent
regression outcomes [40]. To rigorously identify potential cross-sectional dependence,
this study adopts four test methods proposed by Pesaran [41,42], Juodis and Reese [43],
Fan et al. [44], and Pesaran and Xie [45]. Specifically, four test statistics, namely CD,
CDw, CDw+, and CD*, are employed to examine cross-sectional correlation across all
core variables. The detailed definitions and interpretations of these statistics are provided
as follows.

CD Test Statistic

CD =,/ N(IZ\IT—l) Efi Il Z]-I\Ll- 11 Pij, where pj; denotes the residual correlation coefficient
between cross-section i and cross-section j, N represents the total number of cross-sectional

units, and T refers to the number of time periods. The corresponding null hypothesis is
formulated as Hy : p;; = 0, indicating the absence of cross-sectional correlation across
sample units.

CDw Test Statistic
1 A
CDyp = mzfi ;! ij\i i ;Zm, where V (f;;) represents the asymptotic
V 1

variance estimator of p;;. By incorporating variance correction, this test statistic substantially
enhances estimation accuracy and testing power, particularly for small sample cases.

CDw+ Test Statistic
2T N—-1wN ﬁl] 1 3: . .
CDuy+ = 4/ mzizl Zj:i 1 W Building on the CDw test, this statis-
1

tic incorporates a v/2T normalization term to further enhance the robustness of cross-
sectional dependence.
CD* Test Statistic

/ T _ . | T Lo
CD* = mzf\i 11 iji i1 Pif 1_7{31%, which incorporates the term ﬁ to

mitigate disturbance of residual serial autocorrelation on test outcomes, rendering the test
applicable to panel data characterized by serial correlation.

The empirical outcomes reported in Table 5 reveal significant cross-sectional depen-
dence throughout the full panel dataset. For [nCO2, the CD statistic is 26.50 with a p-value
close to 0, strongly rejecting the null hypothesis of no cross-sectional correlation at the
1% confidence level. Meanwhile, the corresponding CDw, CDw+, and CD* statistics are
all statistically significant at the 1% confidence level, verifying the robust cross-sectional
dependence of carbon emission variables. For InGDP and InRE, the CD, CDw and CDw+
statistics deliver significant results at the 1% confidence level, even though the CD* statistic
lacks statistical significance. Taken together, these findings still substantiate cross-sectional
dependence for the two variables. As for (! nGDP)2 and InNRE, the standard CD statistic
cannot reject the null hypothesis, yet significant results from CDw, CDw+ and CD* statistic
uniformly confirm cross-sectional dependence exists for both variables.
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Table 5. Results of cross-sectional dependence tests.
Pesaran Juodis, Reese Fan et al. Pesaran, Xie
Variable [41,42] [43] [44] [45]
CD CDw CDw+ CD*
26.50 *** —3.10 *** 176.44 *** 3.75 ***
InCO2 (0.000) (0.002) (0.000) (0.000)
35.65 *** —3.02 *** 24218 *** —1.10
InGDP (0.000) (0.003) (0.000) (0.269)
2 —1.47 —3.64 *** 171.82 *** 5.64 ***
(InGDP) (0.141) (0.000) (0.000) (0.000)
1.02 —3.12 *** 133.42 *** 3.26 ***
InNRE (0.309) (0.002) (0.000) 0.001)
InRE 20.93 *** —2.04 ** 138.20 *** —0.24
(0.000) (0.041) (0.000) (0.814)

Note: *** indicates significance at the 1% confidence level, ** indicates significance at the 5% confidence level.

3.4. Slope Heterogeneity Test

Given the substantial cross-country disparities in economic development stages, in-
stitutions, and resource endowments across NICs, the marginal impact of explanatory
variables on CO, emissions presents prominent cross-national heterogeneity, which implies
that the slope coefficients vary systematically across national characteristics. Ignoring such
slope heterogeneity would generate biased and inconsistent estimation results when apply-
ing traditional fixed-effects and random-effects models. To address this issue, this study
employs the slope heterogeneity test proposed by Pesaran and Yamagata [46], which devel-
ops the standardized A statistic and the small-sample adjusted Aadj statistic. Compared
with the conventional Swamy [47] test, this method possesses better asymptotic proper-
ties for large-N and large-T panel data and achieves higher robustness in the presence of
residual cross-sectional dependence and serial correlation. When the A and Aadj statistics
exceed the critical values at the given statistically significant level, the null hypothesis of
slope homogeneity is formally rejected, confirming the existence of slope heterogeneity
across panel units. As reported in Table 6, the calculated A and Aadj statistics are 11.036 and
12.392, with p-values of 0.0001 and 0.0002, respectively. At the 1% confidence level, both
statistics strongly reject the null hypothesis of homogeneous slopes, verifying significant
slope heterogeneity across NICs.

Table 6. Slope Heterogeneity Test.

Test Statistic p-Value
A 11.036 *** 0.000
Aadj 12.392 *** 0.000

Note: *** indicates significance at the 1% confidence level.

3.5. Panel Unit Root Test

Panel unit root tests are indispensable to prevent spurious regression in empirical anal-
ysis. In the presence of cross-sectional dependence and slope heterogeneity, the traditional
first-generation panel unit root tests, such as the Breitung, ADF-Fisher, and PP-Fisher tests,
tend to produce biased and misleading stationarity inferences [40,42]. To address these
limitations, the second-generation panel unit root tests have been developed to allow for
cross-sectional dependence and slope heterogeneity across panel units [48-50]. Accordingly,
this study adopts two classic second-generation stationarity tests proposed by Pesaran [50],
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namely the covariate-augmented Dickey—Fuller (CADF) test and the cross-sectionally aug-
mented IPS (CIPS) test. The corresponding empirical results are presented in Tables 7 and 8.
The findings indicate that all variables are non-stationary at the level form. Nevertheless,
after first-order differencing, all variables yield significant statistics at the 1% confidence
level, confirming that all series follow a stationary process after differencing and satisfy the
fundamental stationarity prerequisites for subsequent econometric regressions.

Table 7. Results of CADF Test.

Variables Level 1st Difference
T-Bar Z [t-Bar] p-Value T-Bar Z [t-Bar] p-Value
InCO2 —2.008 1.191 0.883 —2.480**  —2.335 0.009
InGDP —1.980 1.293 0.902 —2.783**  -3.376 0.000
(InGDP)*  —1.685 2.354 0.991 —2.448 ** —2.249 0.012
InNRE —1.895 1.597 0.945 —2.450 ** —2.254 0.012
InRE —2.373 —0.118 0.453 —2.418 ** —2.148 0.016

Note: *** indicates significance at the 1% confidence level, ** indicates significance at the 5% confidence level.

Table 8. Results of CIPS Test.

Level 1st Difference
Statistic Critical Value (1%) Statistic Critical Value (1%)
InCO2 —2.035 —3.06 —4.684 *** —3.06
InGDP —2.194 —3.06 —4.026 *** —3.06
(lnGDP)2 —2.099 —3.06 —4.233 *** —3.06
InNRE —2.061 —3.06 —4.745 *** —3.06
InRE —2.326 —3.06 —4.037 *** —3.06

Note: *** indicates significance at the 1% confidence level.

3.6. Cointegration Test

Panel cointegration tests are utilized to verify the existence of long-run stable equilib-
rium relationships among non-stationary panel variables, which serves as a fundamental
procedure to eliminate spurious regression. Given that the sample in this study consists of
cross-country panel data characterized by “small N and moderate T” (N = 10, T = 33), and
that cross-sectional dependence and slope heterogeneity are present, the Hadri-Kurozumi-
Rao panel cointegration test (hereinafter referred to as the HKR test) [51] is adopted in
this study. This method can handle any form of cross-sectional dependence, allows for
slope heterogeneity across cross-sectional units, and performs better under finite-sample
conditions than the earlier Westerlund panel cointegration test [52]. The HKR test assumes
as its null hypothesis that “all cross-sectional units exhibit a cointegration relationship.” As

shown in Table 9, the p-values corresponding to the panel statistics Sy and S are both far
greater than 10%; therefore, the test results do not statistically reject the null hypothesis,
indicating that a long-run panel cointegration relationship exists among the variables.

Table 9. Hadri-Kurozumi-Rao Panel Cointegration Test.

Pooled Statistic Value p-Value
Sk —1.518 0.936
Sk —0.762 0.777

Note: Sy represents the uncorrected autocovariance, and Sy represents the bias-corrected autocovariance.
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To further examine the robustness of the cointegration relationship across cross-
sections, Table 10 presents the results of individual tests for each cross-sectional unit.
Among all 10 cross-sectional units, only Units 5 and 7 rejected the null hypothesis at the
10% confidence level; however, at the stricter 5% confidence level, none of the individual
units could reject the null hypothesis of cointegration. The p-values for the remaining
8 cross-sections were all well above 0.1, strongly supporting the cointegration relationship.
Overall, the results of the individual tests are highly consistent with the panel statistics, in-
dicating that the cointegration relationship is not driven by a small number of cross-sections
but exhibits strong consistency across cross-sections, with no significant individual outliers.

Table 10. Hadri-Kurozumi-Rao Unit-specific Cointegration Tests.

Unit Sk S X p-Value Unit Sk S X p-Value
1 —1.579 —1.522 0.936 6 —1.142 —0.915 0.820
2 0.744 0.964 0.168 7 1.025 1.500 0.067 *
3 —0.835 —0.526 0.701 8 0.808 1.106 0.134
4 —1.112 —0.960 0.832 9 —1.091 —0.952 0.830
5 1.057 1.389 0.082 * 10 —1.050 —0.628 0.735

Note: * indicates significance at the 10% confidence level. Sy represents the uncorrected autocovariance, and Sy
represents the bias-corrected autocovariance.

4. Model Specification and Econometric Strategy

Building on the aforementioned data description and preliminary empirical tests, this
study employs the CS-ARDL approach developed by Chudik et al. [53]. This approach
effectively accommodates three key panel data features identified in the sample, namely
slope heterogeneity, cross-sectional dependence, and mixed variable integration orders [54].
Unlike the conventional ARDL framework, the CS-ARDL approach introduces cross-
sectional averages of dependent and independent variables to capture unobserved common
shocks, thereby eliminating estimation bias caused by cross-sectional dependence. The
panel CS-ARDL empirical specification is formulated as follows:

p q q
InCO2 = wa; + 121 gbi]'llflcozi,t,]' + kz() B1ikInGDP;;_j + kzo ,le'k(lnGDPit_k)z
j= = =

q q s _
+k§0 B3ikInNRE; s + kgo BaikInRE; ;  + 1;0 Vi Zioi

+ 51"[ + ei,t

()

In particular, the vector Z; = (lnCOzt, InGDDP;, (InGDPy)?, nGDP,, InNRE;, lnREt)/
captures common correlated factors, where each term corresponds to the cross-sectional
average of the respective variable, calculated as N _1Zfil InCO2;, N _121‘]11 InGDPy,
N-1YN (inGDPy)?, N'EN | InNRE;;, N"'y.N | InRE;;. In this specification, 7; ; denotes
the factor loadings for individual country i; «; refers to the country-specific intercept; T rep-
resents the time trend; j, k, [ denote the lag order; and ¢;; is the idiosyncratic disturbance
term. Additionally, ¢;j, B1ik, Baik, B3ik, Baik and 6; denote the coefficients to be estimated.

In dynamic empirical specifications, the inclusion of lagged dependent variables in
the CS-ARDL framework gives rise to endogeneity bias. Specifically, the lagged dependent
variable [nCO2;,_; incorporated in the model is correlated with the error term. This
relationship violates the core orthogonality assumption of ordinary least squares (OLS),
which requires strict independence between regressors and stochastic disturbances, thereby
inducing endogenous bias in the lagged variable. Failure to account for such endogeneity
would generate biased and inconsistent coefficient estimates and undermine the reliability

https://doi.org/10.3390/en19153662


https://doi.org/10.3390/en19153662

Energies 2026, 19, 3662

15 of 26

AlnCO2;;

of empirical results. To address this problem, Chudik and Pesaran [53,55] propose a
correction procedure that sets the augmentation lag order g as a strictly positive value
calculated as v/T. Moreover, the optimal lag orders p and g of the model are determined
based on the Akaike Information Criterion (AIC). However, during specific empirical
research, including excessive lagged cross-sectional mean terms can markedly reduce
degrees of freedom. With limited samples, there is no rigid requirement that ¢ = /T,
and suitable adjustments should be made in light of the degrees of freedom. Following
the methodological framework of Ditzen [56], this study converts the established CS-
ARDL specification into an error correction model (ECM) specification and reparametrizes
Equation (2) accordingly.

=¢; [ZnCOZ,'/t,l — 0g; — 64;InGDP;; — 92i(li’lGDpit)2 — 03;InNRE;; — 94ili’lREit}
p-1 q q-1

+ '21 a;jAInCO2;;j + kZO B1ixAInGDP;; y + k):o BaikA(InGDPy;_y)?

]: = —

q-1 -1 g _
+k20 Baik AINNE; s+ ¥ BaixAInRE; s + 120 Vi Zi-l
+ (SiT + Hit

q
k=0

In Equation (3), the parameter vector 6 captures long-run effects, while the coefficient
« and parameter vector 3 reflect short-run effects. A refers to the first-difference operator,
and the term enclosed in parentheses denotes the error correction term. In addition, ¢;
measures the adjustment speed at which the economic system converges to its long-run
equilibrium after exogenous shocks.

5. Estimation Results of the CS-ARDL Approach
5.1. Short-Run Dynamic Effects

In Table 11, the short-run estimation results of the CS-ARDL approach indicate that
energy consumption structure dominates short-run CO, emission fluctuations across NICs.
In terms of short-run parameters, the current-period coefficient of per capita non-renewable
energy consumption is 0.710 and significantly positive at the 1%confidence level. This
result aligns well with the inherent development features of NICs. These countries are
experiencing continuous expansion of industrial and energy-intensive sectors, and their
economic growth remains heavily reliant on traditional fossil fuel inputs such as coal and
oil, leading to a rigid energy consumption structure. Accordingly, short-run increases in
fossil fuel consumption directly raise carbon emissions, rendering non-renewable energy
consumption the primary driver of short-run emission growth. Conversely, the current-
period coefficient of the share of renewable energy consumption in total final energy
consumption is —1.049 and statistically significant at the 1% confidence level. This outcome
suggests that the ongoing low-carbon transitions in sample countries enable effective
clean energy substitution, which substantially curbs CO, emissions. Renewable energy
deployment can offset the emission pressure caused by rising fossil fuel consumption,
thereby achieving a prominent short-run carbon mitigation effect.

With respect to the short-run effects of economic growth, neither contemporaneous per
capita GDP nor its squared term exhibits a statistically significant impact on CO, emissions.
This indicates that instantaneous economic expansion does not intensify short-run carbon
emissions. In contrast, the coefficient of the one-period lagged InGDP is significantly
negative, indicating that NICs have achieved initial low-carbon progress through enhanced
industrial energy efficiency, refined production management, and stricter environmental
regulations. The remaining lagged variables show no statistical significance. Overall, these
findings confirm that short-run carbon emission fluctuations are mainly dominated by the
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current energy consumption structure, while the lagged influence of economic development
is limited.

Table 11. The estimated results of CS-ARDL approach.

Short-Run Results

Variable
Coef. Std. Err p>lzl
D.InGDP —0.305 0.218 0.162
D.(InGDP)? 0.157 0.144 0.276
D.InNRE 0.710 *** 0.132 0.000
D.InRE —1.049 *** 0.148 0.000
D.InCO2(—1) —0.124 0.088 0.162
D.InGDP(—1) —0.544 ** 0.245 0.026
D.(InGDP)*(-1) 0.163 0.207 0.430
D.InNRE(—1) 0.002 0.088 0.980
D.InRE(—1) —0.045 0.142 0.751
ECT —1.124 *** 0.088 0.000

Long-Run Results

InGDP —0.921* 0.531 0.083
(InGDP)? 0.408 0.393 0.299
InNRE 0.702 *** 0.191 0.000
InRE —0.997 *** 0.112 0.000

Note: *** indicates significance at the 1% confidence level, ** indicates significance at the 5% confidence level,
* indicates significance at the 10% confidence level. By comparing CS-ARDL estimation results underg =1, g =2
and g = 3, it was found that g = 1 delivers sufficient degrees of freedom, so g = 1 was chosen to ensure estimation
efficiency. The lag order of p and g is 1.

In addition, the coefficient of the error correction term (ECT) is estimated at —1.124
and is statistically significant at the 1% confidence level. With an absolute value between
1 and 2, this coefficient suggests that the CO, emission system of NICs features a strong
dynamic convergence mechanism with a damped oscillatory adjustment path. Specifically,
short-term fluctuations in energy consumption structure and economic activities may drive
CO, emissions away from their long-run equilibrium. In response, the system promptly
corrects such deviations and even generates reverse overshooting, wherein the short-term
correction magnitude exceeds the equilibrium level by approximately 12.4%. The system
then undergoes period-by-period attenuated oscillations and eventually converges to a
stable long-term equilibrium path. Although short-term cyclical fluctuations exist, the
significantly negative ECT coefficient firmly verifies the presence and overall stability of
the long-term cointegration relationship among the research variables.

5.2. Long-Run Dynamic Effects

The long-run equilibrium estimation results in Table 11 further indicate that NICs do
not conform to the traditional inverted-U-shaped EKC. Instead, the long-run evolution of
CO, emissions is predominantly determined by energy transition rather than economic
growth scale. Specifically, the long-run coefficient of per capita GDP is significantly negative
at the 10% confidence level, while its squared term is statistically insignificant. This finding
suggests that, as their economies have expanded, NICs have progressively prioritized
low-carbon development within their growth agendas. These economies are actively
promoting industrial restructuring, shifting away from energy-intensive, high-emission
sectors toward mid-to-high-end manufacturing and modern service industries. Meanwhile,
the widespread diffusion of green and low-carbon production technologies, coupled with
the continuous refinement of environmental regulatory frameworks, has enabled long-
run economic growth to decouple from the high-pollution, high-emission development
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paradigm. Taking China as a case in point, data from the 2025 Statistical Bulletin on
National Economic and Social Development, published by the National Bureau of Statistics
of China, shows that equipment manufacturing contributed 36.8% to the value added of
industrial enterprises above designated size. Within this sector, high-tech manufacturing
and digital product manufacturing accounted for 17.1% and 12.5% of value-added output,
respectively. Driven by industrial green and low-carbon transition, China has effectively
realized the decoupling of sustained economic growth from the high-pollution, high-
emission development paradigm.

In terms of the long-run effects of energy transition, the long-run coefficient of per
capita non-renewable energy consumption is significantly positive, confirming that fos-
sil fuel dependence constitutes a key driver of sustained CO, emission growth in NICs.
This phenomenon is largely attributable to the ongoing industrialization and urbanization
processes in these countries. The construction of industrial systems and the expansion of
infrastructure remain heavily reliant on conventional fossil energy consumption, and the
continued consumption of fossil fuels persistently elevates overall CO, emissions over the
long-run. In contrast, the long-run coefficient of the share of renewable energy in total final
energy consumption is significantly negative, underscoring the critical role of renewable
energy penetration in facilitating the low-carbon transition of NICs. The large-scale substi-
tution of fossil fuels with renewable energy effectively reduces the economy’s dependence
on traditional energy sources, thereby contributing to a steady and sustained decline in
long-run CO, emissions. For example, comparing China’s 2015 and 2025 Statistical Bul-
letins on National Economic and Social Development, we observe a dramatic upgrade to
the country’s energy consumption structure. In the past ten years, coal accounted for a
shrinking share of total primary energy consumption, dropping from 64.0% to 51.4%, while
clean energy expanded rapidly from 17.9% to 30.4%. Such energy transition is a key force
behind the persistent fall in China’s carbon dioxide emission intensity.

6. Robustness

To validate the robustness of the core empirical results, we adopt AMG, CCEMG
and DCCEMG estimators for re-estimation. As reported in Table 12, all three alternative
specifications yield consistent estimation outcomes, with the coefficient of [nNRE being
significantly positive and that of [nRE significantly negative at the 1% confidence level.
These findings are highly consistent with the baseline results derived from the CS-ARDL
model, thereby confirming the reliability and robustness of the core conclusions. Specifically,
per capita non-renewable energy consumption consistently drives CO, emissions upward,
whereas the share of renewable energy in total final energy consumption exerts a stable
and statistically significant emission-mitigation effect across all model specifications. Such
cross-model consistency indicates that the underlying mechanism—whereby fossil energy
consumption increases CO, emissions while renewable energy substitution reduces them—
is insensitive to the choice of estimation method. Accordingly, the dominant role of energy
structure in shaping CO, emission variations in NICs is empirically well supported.

In terms of the economic growth-emission nexus, the AMG, CCEMG and DCCEMG
estimators yield insignificant coefficients for InGDP and its squared term. This divergence
suggests that the conventional EKC relationship is susceptible to confounding influences
from cross-sectional dependence and Slope Heterogeneity. Among these, unobserved
multidimensional common factors lead to increase cross-sectional dependence. For NICs,
these latent cross-country synchronous systemic shocks can be grouped into six dimensions:
(1) cyclical variations in global fossil fuel prices and aggregate demand; (2) worldwide
cycles of low-carbon and industrial technology diffusion and breakthroughs; (3) synchro-
nized global climate governance and environmental policy cycles; (4) long-run structural
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transformations of global value chains and trade globalization; (5) cross-border cycles of
green capital flows, international financing costs and green investment risk appetite; and
(6) shared regional trends in industrialization phases, environmental governance institu-
tional capacity and public environmental awareness. Once those systematic cross-country
confounding effects are eliminated, the typical EKC pattern no longer holds. This finding
further corroborates the long-run evidence from the CS-ARDL model, demonstrating that
the EKC hypothesis is not tenable for NICs when common factor disturbances are fully
controlled for.

Table 12. The results of AMG, CCEMG and DCCEMG Estimators.

AMG CCEMG DCCEMG
0.103 *
InCO2(~1) 081
~0.138 ~0.091 —0.375
InGDP (0.598) (0.654) (0.254)
) 0168 0.030 —0.033
(InGDP) (0.439) (0.795) (0.906)
0.708 *** 0.682 *** 0.676 ***
InNRE (0.000) (0.000) (0.000)
L RE 1.0 64 7 Z0.986 *** 0.956 ***
(0.000) (0.000) (0.000)
—0.498 —0.785
Constant (0.247) (0.153)

Note: *** indicates significance at the 1% confidence level, * indicates significance at the 10% confidence level.

7. Further Research: A Novel Dynamic ARDL Simulation
7.1. Basic Settings for the Dynamic ARDL Simulation Model

Autoregressive distributed lag (ARDL) models are widely used in social science
research and can test a range of propositions of significant theoretical importance. However,
because this model may generally involve complex dynamic specifications—including
multiple lags, first-order differences, and first-order differences with lags—it becomes more
difficult to interpret the effects of changes in independent variables [57]. To overcome this
drawback, they developed the Dynamic ARDL Simulation model. This approach draws
on ARDL-estimated parameters and employs counterfactual simulation to generate the
multi-period dynamic adjustment path of the dependent variable triggered by a unit shift
or standardized shock to a chosen regressor, with all simulated trajectories available for
visual plotting.

In this study, the parameter settings for Dynamic ARDL Simulation are defined as
follows: the lag order is set to 1, each variable incorporates one contemporaneous first-
difference term, the exogenous shock to [nRE or InNRE is imposed at the 10th period of the
simulation scenario, and the total simulated scenario spans 30 periods. The detailed imple-
mentation procedure of the Dynamic ARDL Simulation is outlined below. First, 1000 sets of
parameter vectors are randomly drawn from the multivariate normal asymptotic distribu-
tion of the estimated coefficient vector. Second, the dynamic multiplier trajectories over the
predefined forecast horizon are computed for each sampled parameter vector. Third, the
2.5th and 97.5th percentiles of the 1000 simulated multiplier paths are extracted to construct
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a 95% confidence band for the impulse response function. The specification of the dynamic
ARDL Simulation model is shown below:

AlnCO2; = g +@1AInGDP; + p11nGDP;_1 + g2 A(InGDP;)?
+02(InGDP;_1)*+@3AInNRE; + p3InNRE;_1+¢4AInRE;  (4)
+p4InRE;_1 +O0ECT;_1 + &

In Equation (4), ¢, px (k =1, 2, 3, 4) are the parameters to be estimated, ECT is the
error correction term estimated by the ARDL model, and ¢; denotes the residual term.

7.2. Results of the Dynamic ARDL Simulation Model

The estimation results derived from the CS-ARDL, AMG, CCEMG, and DCCEMG
estimators consistently indicate that higher per capita non-renewable energy consumption
significantly raises per capita CO; emissions, whereas an increased share of renewable
energy in total final energy consumption effectively mitigates per capita CO, emissions.
To visually verify and supplement the above empirical findings from a country-specific
perspective, this study adopts the dynamic ARDL simulation approach adopted by Abbasi
et al. [58], Udeagha and Breitenbach [59], and Javed et al. [60], to simulate the dynamic
effects of InRE and InNRE on per capita CO; emissions.

Figure 4 illustrates the dynamic transmission paths of positive [nRE shocks on CO,
emissions across the ten NICs. The simulation results reveal evident cross-country heteroge-
neous responses. First, Brazil, India, Malaysia, Mexico, and South Africa display significant
and persistent reductions in CO, emissions. For these economies, a positive shock to [nRE
triggers an immediate decline in CO, emissions, which rapidly converges to a new negative
long-term equilibrium. Brazil features a flexible baseload power system predominantly
powered by hydropower. Hydropower units deliver superior deep peak-shaving capacity,
allowing the marginal output of thermal power to be adjusted downward in near real
time when intermittent renewable sources (i.e., wind and solar) are integrated into the
grid. Similarly, by expanding the deployment of wind and solar power, India, Mexico, and
South Africa have not only partially replaced coal-fired power generation, but a positive
shock to [nRE would also replace even more fossil fuel consumption, leading to a sustained
reduction in CO; emissions. Second, CO, emissions in China, Thailand, and Turkey con-
tinue to grow but exhibit a markedly slower growth rate. This empirical pattern suggests
that the current expansion of renewable energy capacity in these economies is inadequate
to fully offset the rising carbon emissions driven by overall energy consumption growth.
Although China leads the world in installed wind and solar power capacity, coal-fired
power generation remains dominant due to the continued growth in electricity demand and
the role of coal-fired power in providing baseload power and peak-shaving. For Thailand,
emission mitigation is constrained by the lock-in effect of long-term take-or-pay natural
gas procurement contracts. For Turkey, the steel and cement industries rely on coke as a
chemical reducing agent in production, making full electrification of these high-emission
sectors impossible. Given the inelastic nature of fossil fuel consumption, the positive impact
of the share of renewable energy in total final energy consumption will slow the rate of
increase in CO, emissions, rather than lead to an absolute reduction in total emissions.
Third, Indonesia shows a distinct response: following the positive [nRE shock, CO, emis-
sions rise temporarily in the short run before stabilizing at a relatively high equilibrium
level, indicative of a potential energy rebound effect. Two key factors account for this
phenomenon. Long-standing fossil fuel subsidies in Indonesia have artificially distorted
terminal energy prices and incentivized excessive fossil fuel consumption. Meanwhile, the
rapid expansion of energy-intensive industries—particularly nickel smelting—has driven
up CO; emissions. Overall, the simulation results verify that increasing the proportion of
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renewable energy in total final energy consumption serves as an effective strategy for CO,
emission reduction across NICs.
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Figure 4. Counterfactual shock in CO, emissions and the share of renewable energy consumption in
total final energy consumption using dynamic ARDL simulations.

Figure 5 illustrates the dynamic transmission paths of positive [nNRE shocks on CO,
emissions across the ten NICs. The simulation results reveal distinct cross-country response
characteristics. First, all sampled NICs exhibit positive long-term emission responses to the
InNRE shock, confirming that fossil fuel consumption constitutes a rigid and fundamental
driving factor of CO; emissions in these economies. Second, China and Thailand show
unremarkable dynamic adjustment trajectories. Faced with a positive [nNRE shock, their
CO, emissions immediately jump and stabilize at the long-run equilibrium level. This
feature is attributable to the distinctive energy structures of the two countries: China’s
energy mix is dominated by coal, while Thailand relies heavily on natural gas. Such
structural characteristics create a direct, lag-free transmission link between variations in
fossil fuel consumption and subsequent changes in CO, emissions. Third, CO, emissions
in India and Indonesia follow a short-term rising trend before gradual stabilization and
convergence. The continued expansions of India’s manufacturing sector and Indonesia’s
mining and smelting industries have generated strong and inelastic demand for fossil fuels.
However, India’s rapid development in photovoltaic power generation and Indonesia’s
mandatory B20/B30 biodiesel blending policies have effectively mitigated the immediate
surge in carbon dioxide emissions caused by increased fossil fuel consumption, yet this
mitigating effect converges over time toward a higher equilibrium level. Fourth, Turkey
and Malaysia witness substantially larger long-term increases in CO, emissions compared
with other sample economies. The economic development of both Turkey and Malaysia
relies on high-carbon industries, and non-renewable energy sources play an indispensable
role. Therefore, a positive shock to /nNRE would increase the growth rate of CO, emissions,
and the emissions level would eventually converge to a higher one in the long run.
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Figure 5. Counterfactual shock in CO, emissions and per capita non-renewable energy consumption
using dynamic ARDL simulations.

8. Conclusions, Policy Indications and Further Study
8.1. Conclusions

Using panel data covering the 1990-2022 period for NICs, this study empirically in-
vestigates the dynamic relationship between energy transition and CO, emissions within
an extended EKC framework. The CS-ARDL estimation results do not support the conven-
tional inverted U-shaped EKC relationship. Instead, the carbon emission system exhibits a
robust error-correction mechanism, enabling rapid convergence toward long-run equilib-
rium following short-run external shocks.

In both the short and long run, per capita non-renewable energy consumption acts
as a significant driver of rising CO, emissions, whereas an increased share of renewable
energy in total final energy consumption exerts stable and statistically significant CO,
emission-mitigation effects. These core findings are strongly corroborated by alternative
robust estimation techniques, including AMG, CCEMG, and DCCEMG, all of which yield
consistent coefficient signs and statistical significance across model specifications.

Furthermore, the dynamic ARDL simulation results reveal pronounced cross-country
heterogeneity in both the response paths and magnitudes of CO, emissions to energy struc-
ture shocks. Several sample countries exhibit distinct energy rebound effects during the
low-carbon transition, pointing to regional disparities in transition efficiency and emission
governance capacity. Nevertheless, energy consumption structure remains the dominant
and decisive factor shaping long-run CO, emission variations in NICs, outweighing the
impact of pure economic scale expansion.

8.2. Policy Implications

Based on the above empirical findings, this study proposes targeted policy implications
for accelerating the low-carbon transition and achieving sustainable development in NICs.

First, accelerate the transition toward a green and low-carbon energy structure. NICs
should prioritize energy transition as the core lever for CO, emission mitigation. These
economies should fully capitalize on the dual advantages of renewable energy—namely,
its capacity to deliver both immediate short-run CO, emission reductions and sustained
long-run CO, abatement effects—to progressively replace conventional fossil fuels with
clean energy alternatives. On the one hand, governments should strictly constrain the
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extensive consumption of coal, oil, and other non-renewable energy sources, and rigorously
regulate new fossil energy inputs in energy-intensive sectors. Such restrictive measures can
effectively reduce fossil fuel dependence across high-emission fields, including industrial
manufacturing, power generation, and transportation. On the other hand, countries should
scale up the targeted deployment of solar, wind, hydropower, and other renewable energy
resources in accordance with local endowment conditions, and actively promote the close
coupling of systems such as natural gas systems (NGS) and electric power systems (EPS)
to accommodate a diverse range of renewable energy sources and energy carriers [61].
In addition, policy subsidies and industrial support measures should be strengthened to
continuously increase the share of renewable energy in final energy consumption, thereby
consolidating the foundational advantages of the clean energy transition.

Second, implement targeted and differentiated CO, emission reduction policies tai-
lored to cross-country heterogeneity. NICs exhibit significant variations in terms of eco-
nomic development levels, energy endowments, industrial structures, and reliance on
fossil fuels; therefore, carbon emission reduction policies must avoid a “one-size-fits-all”
approach and instead adopt a targeted, tiered governance model. For economies with high
dependence on fossil fuels and a rigid carbon emissions structure, policy efforts should fo-
cus on promoting energy-saving retrofits in industry, implementing dual controls on energy
consumption and energy efficiency, and phasing out outdated, energy-intensive industries,
while strictly curbing the unregulated expansion of high-carbon sectors. For countries with
abundant renewable energy potential and high sensitivity to emissions reduction policies,
market access for clean energy should be further liberalized, and targeted fiscal and tax
incentive mechanisms should be introduced to accelerate the large-scale replacement of
fossil fuels with renewable energy. Building on this foundation, China should fully leverage
its global leadership in the new energy sector to deepen South-South cooperation among
NICs—utilizing multilateral mechanisms such as BRICS and the Green Belt and Road
Initiative to promote policy coordination and technology sharing. Chinese enterprises
should be encouraged to transfer clean energy technologies and foster locally based pro-
duction capacity through overseas manufacturing facilities and joint R&D programs. Such
efforts will translate China’s green energy transition experience into global public goods
that advance collective low-carbon progress across NICs, ultimately delivering a win—win
outcome characterized by the decoupling of economic expansion from CO, emissions.

Third, advance industrial transformation, green technological innovation, and institu-
tional improvement. Establishing a long-run CO, emission reduction system that integrates
industrial upgrading, technological progress, and institutional governance is essential
to balancing sustainable industrial development, steady economic growth, and the dual-
carbon goals. In terms of industrial optimization, NICs should continuously upgrade their
industrial structures by gradually phasing out low-end, energy-intensive manufacturing
sectors and actively fostering high-end equipment manufacturing, high-tech industries,
and modern service sectors. Such industrial restructuring helps fundamentally decouple
economic expansion from the high-carbon emission characteristics inherent in traditional
industrialization. In terms of technological empowerment, governments and enterprises
should strengthen the research, development, and large-scale application of green and low-
carbon technologies, with increased investment in energy conservation, energy storage, and
carbon capture, utilization, and storage (CCUS) technologies. Continuous technological
progress can effectively improve overall energy utilization efficiency and reduce macro-
level carbon emission intensity. In terms of institutional safeguards, it is necessary to refine
the supporting institutional systems covering environmental regulation, carbon emission
supervision, and green finance, so as to establish a multi-dimensional, long-run, and stable
emission reduction mechanism that underpins sustainable low-carbon development.
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8.3. Research Limitations and Future Prospects

Despite employing rigorous empirical models to investigate the dynamic nexus among
energy transition, economic growth, and carbon emissions in NICs, this study has certain
limitations that leave considerable scope for future research extension and improvement.
Firstly, the empirical analysis in this study is based on the EKC framework, which fails
to capture potential nonlinear relationships and threshold effects among the variables
related to energy transition. The impacts of economic growth and energy transition on CO,
emissions may vary significantly across different stages of development, and such heteroge-
neous threshold characteristics are not fully explored in the current research. Secondly, this
study does not conduct segmented regression analysis or policy effect evaluation targeting
key global climate agreements, such as the Paris Agreement. Consequently, it is unable to
identify structural changes in energy transition trajectories or differential responses of CO,
emissions to energy shocks before and after the implementation of major climate policies.
Thirdly, it is crucial to exclude borderline countries to ensure the robustness of the estimates;
however, since there are currently no established criteria for determining which countries
qualify as borderline countries, this study did not conduct heterogeneity estimates after
excluding borderline countries. Finally, due to limitations in sample size and degrees of
freedom, variables such as trade openness, industrial structure, and institutional quality
were not taken into account. Additionally, the fact that only ¢ = 1 was selected for the
augmentation lag order in the CS-ARDL method may, to some extent, affect the robustness
of the CS-ARDL estimates. On this basis, future research could further extend the present
study by exploring the nonlinear threshold mechanisms underlying CO, emission evolu-
tion and conducting segmented policy impact assessments, so as to provide more refined
and targeted empirical support for low-carbon governance in NICs.
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