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Abstract: This research delves into the effects of carbon dioxide emissions and energy consumption
on economic growth in Korea from 1980 to 2022, employing a sophisticated nonlinear autoregressive
distributed lag model. The study unveils pivotal findings, most notably the positive association
between carbon dioxide emissions and economic growth, suggesting that periods of economic
expansion in Korea have been accompanied by surges in emissions. Furthermore, the investigation
highlights a significant, albeit asymmetrical, positive impact of primary energy consumption on
economic growth, illuminating the critical role of energy in the nation’s economic trajectory. The
analysis also identifies essential economic determinants—namely, the labor force, gross fixed capital
formation, and net inflows of foreign direct investment—underscoring their pivotal contributions to
economic proliferation. The reliability of these insights is corroborated through advanced econometric
techniques, including fully modified ordinary least squares and dynamic ordinary least squares
methods. A noteworthy discovery emerges from the Toda–Yamamoto causality test, revealing
bidirectional Granger causality between carbon dioxide emissions and economic growth, as well as
between energy consumption and economic growth. Moreover, it uncovers a unidirectional causality
flowing from labor, capital formation, and foreign direct investment towards economic growth. These
findings elucidate the complex interplay between environmental and economic elements, highlighting
the critical need for sustainable energy policies and proactive environmental stewardship in Korea.
By advocating for a synthesis of economic advancement and environmental sustainability, this study
presents indispensable insights for policymakers. It calls for a judicious approach to balancing Korea’s
economic ambitions with its ecological responsibilities, thereby charting a sustainable path forward
for the nation. Through its comprehensive analysis, this research contributes valuable perspectives
to the discourse on economic development and environmental sustainability, offering guidance for
Korea’s strategic planning and policy formulation.

Keywords: carbon dioxide emissions; economic growth; energy consumption; nonlinear autoregressive
distributed lag model; Granger causality

1. Introduction

As an economically advanced nation, South Korea has witnessed rapid growth, par-
alleled by substantial increases in energy use and carbon dioxide emissions. While this
economic model has been effective in terms of growth, it presents significant sustainability
challenges, especially considering global environmental concerns and the need to reduce
greenhouse gas emissions. Research by Saboori et al. [1] delves into the interplay between
energy consumption, carbon dioxide emissions, and economic growth in Korea, finding a
strong link between these factors. Their work underscores the necessity for South Korea to
transition towards sustainable energy sources as a strategic economic imperative. Further
studies, such as those by Nam et al. [2], Jo and Jang [3], Ha and Byrne [4], Ifaei et al. [5],
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Hong et al. [6], Ghezelbash et al. [7], and Yeo and Oh [8], explore the role of renewable
energy in enhancing Korea’s economic sustainability. These studies suggest that embrac-
ing renewable energy could mitigate the environmental downsides of traditional energy
sources while supporting continued economic advancement. Moreover, analyses by Son-
nenschein and Mundaca [9], Kim and Thurbon [10], and Bayarsaikhan et al. [11] examine
Korea’s energy policies, highlighting the challenges and prospects of transitioning towards
a low-carbon economy. Confronted with the dual imperative of maintaining economic
growth and transitioning to environmental sustainability, South Korea’s heavy reliance on
fossil fuels and its high per capita carbon dioxide emissions, particularly in comparison
to other OECD countries, accentuate the urgency for change. Recent policy initiatives,
including the Green New Deal and the 2050 Carbon Neutral Vision, demonstrate South
Korea’s growing commitment to sustainable development. This paper offers an in-depth
analysis of South Korea’s journey in aligning its economic progression with sustainable
energy practices and reducing carbon emissions, consistent with global environmental
norms. Achieving this equilibrium is not only vital for the country’s long-term economic
health, but it is also imperative for its role in the global climate change mitigation effort. To
deepen our understanding of the dynamics shaping Korea’s economic growth, we procured
and analyzed raw GDP data from the World Bank. Figure 1 vividly demonstrates that
Korea’s economy has consistently demonstrated robust growth momentum. This persistent
trend is a testament to the sustainable nature of Korea’s economic expansion. Utilizing
this foundational data allows us to construct a detailed narrative of Korea’s economic
progression, showcasing a consistent upward trajectory in GDP throughout our study’s
timeframe. Our analysis not only reaffirms the robustness of Korea’s economy but also lays
the groundwork for evaluating its long-term growth prospects. A thorough exploration of
annual changes and the determinants of economic equilibrium has enriched our insight
into the fundamental drivers of Korea’s economic achievements, providing a valuable
framework for understanding its enduring success.
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Figure 1. The basic trend of Korean economic growth: (a) Billion USD constant 2015; (b) billion USD 
constant 2015 in log. 
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Based on this background above, this study investigates the interplay between carbon
dioxide emissions, energy consumption, and economic growth in South Korea from 1980
to 2022. By employing a nonlinear autoregressive distributed lag model, it offers crucial
insights into this complex relationship. The research identifies a clear correlation: eco-
nomic growth periods in Korea have generally coincided with increased carbon dioxide
emissions, suggesting that economic expansion has often been paralleled by environmen-
tal impacts. Furthermore, it brings to light the substantial positive influence of primary
energy consumption on Korea’s economic growth, revealing a relationship that is both
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significant and asymmetrical. The study also examines how the labor force, gross fixed
capital formation, and the net flow of foreign direct investment contribute positively to
economic growth. The robustness of these findings is further reinforced through econo-
metric methods, including fully modified ordinary least squares and dynamic ordinary
least squares analyses. Intriguingly, the application of the Toda–Yamamoto test uncovers
complex causal patterns. It demonstrates a bidirectional Granger causality existing between
carbon dioxide emissions and economic growth and between energy consumption and
economic growth. Additionally, the research points to a clear unidirectional causality
from such factors as labor, capital formation, and foreign direct investment to economic
growth. These findings emphasize the intricate connection between environmental and
economic factors. The bidirectional causality observed underlines the urgent need for Korea
to adopt sustainable energy policies and proactive environmental measures. It is crucial
to balance economic growth with environmental sustainability, necessitating policies that
merge economic advancement with ecological mindfulness. Therefore, this research is
invaluable for policymakers, underscoring the need to develop strategies that dovetail
economic development with environmental preservation, an essential aspect for guiding
Korea’s future economic path.

This study makes four significant contributions to the field, each distinguished
from existing research, thereby highlighting their importance. First, it establishes a
positive correlation between carbon dioxide emissions and economic growth in Korea,
particularly during economic expansion periods. This nuanced understanding, offering
a deeper dive than the broader correlations found in Jahanger et al. [12] and Adedoyin
et al. [13], specifically addresses the environmental implications of Korea’s economic
development. Second, the study reveals an asymmetric relationship between primary
energy consumption and economic growth in Korea. This finding advances the dialogue
beyond the direct correlations noted by Amin and Song [14] and Shahzad et al. [15],
providing a more intricate view of how energy consumption impacts economic growth
under varying circumstances in Korea. Third, the analysis of the roles of the labor force,
gross fixed capital formation, and net-flow foreign direct investment as catalysts for
economic growth in Korea contributes to the broader economic development literature.
This specific focus contrasts with the more general perspectives offered by Ba and
Winecoff [16] and Tsomb and Atangana [17], highlighting how these factors uniquely
drive growth in the Korean context. Lastly, the study’s identification of bidirectional
Granger causality between carbon dioxide emissions and economic growth, as well
as between energy consumption and economic growth, marks a notable advancement.
This complex causality, differing from the unidirectional causality in Li et al.’s [18] and
Bildirici et al.’s [19] research, underlines the complexity of environmental and economic
interplay and underscores the need for sustainable policy approaches. Overall, this study
enriches the understanding of the dynamic relationship between environmental and
economic variables in Korea, offering valuable policy insights for achieving a harmonious
balance between economic growth and environmental sustainability.

The organization of this paper is as follows. The second section conducts an in-depth
review of the existing literature, scrutinizing relevant studies and integrating their insights
with the aims of our study. The third section elaborates on our research methodology,
detailing the specific variables and analytical models we have employed. Section four is
dedicated to presenting the results of our research, followed by an exhaustive analysis
of these findings. The paper culminates in the fifth section, where we consolidate the
primary insights from our study, draw conclusions, and explore the wider implications of
our findings within the scope of this research field.

2. Literature Review

The academic discourse on the effects of carbon dioxide emissions on economic growth
is intricate and diverse. Some researchers, like Khan [20] and Adedoyin et al. [21], view
increased carbon dioxide emissions as a natural consequence of economic growth, especially
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in developing, industrializing nations. They draw on the environmental Kuznets curve
(EKC) theory, which posits that economic development initially leads to environmental
degradation, including heightened carbon dioxide emissions, until a certain income level
is achieved. Ahmad et al. [22] and Magazzino et al. [23], who link different stages of
economic development with environmental degradation, provide additional support for
this idea. Contrastingly, other scholars argue that excessive carbon dioxide emissions
could be detrimental to long-term economic growth. According to Rehman et al. [24],
Omri and Belad [25], and Wen et al. [26], increased carbon dioxide emissions are a sign of
environmental degradation, which may lower productivity and negatively affect economic
growth. Fan et al. [27] and Hatipoglu et al. [28] extend this perspective, highlighting
potential long-term economic risks associated with unchecked environmental impacts.
The carbon dioxide emissions–economic growth relationship also varies across different
global contexts. According to research by Adedoyin et al. [29], Dong et al. [30], and Ozcan
et al. [31], the environmental policies and developmental stage of each country have an
impact on this relationship. Similar findings are echoed in studies by Namahoro et al. [32],
Rahman et al. [33], and Wang and Su [34], which examine this dynamic in various economic
settings. Recent studies have shifted focus towards sustainable development, advocating
for separating economic growth from carbon dioxide emissions. Alam and Murad [35]
and Chien et al. [36] emphasize the potential for sustainable growth through technological
advancements and renewable energy. Saidi and Omri [37] support this position by claiming
that investments in efficient technologies and renewable energy can lessen the detrimental
effects of carbon dioxide emissions on economic growth. Further supporting this are
studies by Djellouli et al. [38], Khan et al. [39], and Habiba et al. [40], which highlight
the role of renewable energy in this context. In summary, while there is evidence of a
positive correlation between carbon dioxide emissions and economic growth in the initial
stages of a country’s development, the long-term effects of emissions pose substantial risks
to sustained economic growth. Recent scholarship calling for a separation of economic
advancement from environmental harm highlights how important this is in the global
push for sustainable development. Based on the aforementioned analysis, we propose
Hypothesis 1, as follows:

Hypothesis 1. Carbon dioxide emissions contribute to economic growth.

The nexus between energy consumption and economic growth is a dynamic and
widely debated subject within academic research, presenting a range of perspectives and
evolving hypotheses. On one hand, a group of scholars, including Rahman et al. [41] and
Topcu et al. [42], posit a direct, positive correlation between energy usage and economic
output, a viewpoint further supported by Khan et al. [43] and Chen et al. [44]. These
studies underscore energy’s integral role in driving industrial activities and, consequently,
economic growth. In contrast, other academics urge a more nuanced interpretation. Xie
et al. [45] and Usman et al. [46] contend that the energy–growth relationship is nonlinear,
potentially diminishing over time due to advancements in energy efficiency and technology.
This is echoed by Bithas et al. [47] and Wang and Jiang [48], who suggest that the returns
from energy consumption might decrease as economies advance, pointing towards the
possibility of decoupling energy consumption from economic growth in more developed
stages. The complexity of this debate is further deepened by research indicating bidirec-
tional causality. Nasreen et al. [49] and Baz et al. [50], for example, identify a reciprocal
relationship between energy consumption and economic growth, suggesting a cyclical
pattern where growth stimulates energy demand, which in turn contributes to further
economic expansion. Recent scholarly focus has shifted towards sustainable development,
emphasizing renewable energy as being crucial for maintaining economic growth while
mitigating the environmental impact of traditional energy sources. This perspective is
championed by Shahbaz et al. [51] and Destek and Sinha [52], and supported by Zafar
et al. [53] and Zhao et al. [54], who highlight the long-term economic advantages of em-
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bracing cleaner energy alternatives. Furthermore, the impact of energy consumption on
economic growth exhibits notable variations across different countries and regions, as
evidenced by studies specific to the United States (Le et al. [55] and Chen et al. [56]) and
other countries (Malik [57] and Dogan et al. [58]), indicating that local economic and energy
conditions significantly influence this relationship. In summary, while there is substantial
support for the positive impact of energy consumption on economic growth, particularly
in developing economies, the relationship is multifaceted and complex. The academic
discourse increasingly advocates for the adoption of sustainable and renewable energy
sources, acknowledging the need for long-term economic growth that is environmentally
sustainable and mindful of the diminishing returns associated with traditional energy
sources. Drawing from the preceding discussion, we put forward Hypothesis 2, as follows:

Hypothesis 2. Energy consumption has an asymmetric impact on economic growth.

The influence of the labor force, gross fixed capital formation, and net-flow foreign
direct investment on economic growth presents a rich tapestry of academic inquiry and
debate. Gao et al. [59] and Zhou et al. [60] have underscored the pivotal roles of labor and
capital in fostering economic growth, a sentiment echoed in studies by Bustos et al. [61]
and Yang et al. [62], which stress the key contributions of labor and capital accumulation in
driving economic development. However, the discourse surrounding labor’s role in eco-
nomic growth has evolved, with Ahmed et al. [63] and Zia et al. [64] introducing the critical
concept of human capital. They argue that the quality of labor, enriched through education
and training, is equally if not more important for economic growth. This perspective is
further bolstered by Xu and Li [65], Goenka and Liu [66], and Gruzina et al. [67], who high-
light human capital’s significance within endogenous growth models. The impact of gross
fixed capital formation on economic growth, while widely recognized, is also a subject of
discussion and analysis. Researchers, like Zhou et al. [68] and Das and Drine [69] propose
that investments in physical capital and infrastructure are crucial for spurring technological
progress and enhancing productivity. However, Zhang et al. [70] and Yasmeen et al. [71]
urge caution, noting the importance of investment efficiency and the nature of capital
formation in determining its true impact on growth. The role of net-flow foreign direct in-
vestment in economic growth is equally multifaceted and debated. Mohamed Sghaier [72],
Henok and Kaulihowa [73], and Konstandina and Gachino [74] point to foreign direct
investment as a catalyst for economic growth through technology transfer and human
capital development. Contrarily, Han et al. [75] and Hanousek et al. [76] raise concerns
about the potential adverse effects of foreign direct investment on domestic firms and
markets. Contractor et al. [77] and Huang et al. [78] offer a more balanced view, suggesting
that the impact of foreign direct investment on economic growth hinges on the specific
economic conditions and regulatory environment of the host country. In conclusion, while
the labor force, gross fixed capital formation, and net-flow foreign direct investment are
acknowledged as essential elements of economic growth, their contributions are complex
and diverse. The academic dialogue continues to emphasize a nuanced understanding of
these dynamics, considering the quality of human capital, capital investment efficiency,
and the contextual nuances influencing foreign direct investment’s impact. Following the
analysis provided, we introduce Hypotheses 3, 4, and 5, as follows:

Hypothesis 3. Labor force exerts a positive influence on economic growth.

Hypothesis 4. Capital stock plays a pivotal role in fostering economic growth.

Hypothesis 5. Foreign direct investment serves as a catalyst for economic growth.
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3. Variable and Model
3.1. Variable

Dependent variable: This study explores the intricate dynamics between carbon
dioxide emissions, energy consumption, and economic growth in Korea from 1980 to 2022.
It delves into the evolving interplay between environmental sustainability and economic
progress over the last four decades. Employing annual data, this research scrutinizes the
influence of Korea’s patterns of energy consumption and carbon dioxide emissions on its
economic trajectory. The focus is particularly on GDP, measured in billions of constant
2015 dollars, serving as the study’s dependent variable. This analysis aims to illuminate
the complex relationships that underpin Korea’s journey towards sustainable economic
development, offering valuable insights into the balancing act between environmental
stewardship and economic sustainability.

Independent variable: At the heart of this investigation is the exploration of the pivotal
environmental determinants—namely, carbon dioxide emissions, quantified in millions of
metric tons, and primary energy consumption, denoted as equivalents of a million tons of
oil. This study analyzes their symetric and asmetric impacts on the economic expansion of
Korea. By employing both carbon dioxide emissions and primary energy consumption as
independent variables, this research aims to unveil the intricate dynamics between Korea’s
environmental footprint and its economic progression. Through this lens, we endeavor to
provide a better understanding of the interdependencies shaping Korea’s journey towards
sustainable economic development.

Control variable: In an effort to enrich the analytical depth of our investigation,
this study thoughtfully integrates a suite of additional variables, thereby embracing the
latest scholarly advancements in the realm of economic analysis. One of these is the labor
force metric, which Azam et al. [79] explain as being important among these additions
and which is expressed in millions to capture the crucial influence of human capital on
economic growth. Moreover, we incorporate gross fixed capital formation, leveraging it
as a critical indicator of capital stock. This metric, valued in billions of constant 2015 US
dollars, adheres to the methodological frameworks established by Minh and Van [80]
and Iqbal et al. [81], thus ensuring a robust appraisal of investment dynamics. Equally
pivotal to our analysis is the inclusion of foreign direct investment, quantified in mil-
lions of constant 2015 US dollars. This decision, inspired by the empirical approaches
of Appiah-Otoo et al. [82] and Tariq et al. [83], positions foreign direct investment as
an essential control variable, recognizing its indispensable role in shaping economic
landscapes. To tackle the nuanced challenge of heteroscedasticity and elevate the preci-
sion of our findings, we convert all variables into their logarithmic counterparts. This
methodological refinement is not merely a statistical adjustment; it represents a strategic
choice aimed at stabilizing variance across our dataset. More importantly, it facilitates
a sophisticated examination of the elasticities and proportional interrelations among
the variables under study. By adopting these methodological innovations, our study
endeavors to illuminate the complex interplay between environmental and economic
factors within Korea’s distinctive economic context. Our approach is designed not just
to contribute to the academic discourse but to offer a nuanced, layered understanding of
these interactions. Through this lens, we aim to provide insights that are both intellec-
tually enriching and pragmatically valuable, reflecting the dynamism and complexity
of Korea’s economic environment. Moreover, the dataset underpinning this study was
sourced from the World Bank and the Organisation for Economic Co-operation and
Development Data Center, ensuring a robust and comprehensive empirical foundation.

3.2. Theoretical Model

To achieve the objectives of our research, we have developed an enhanced Cobb–Douglas
production function. This advanced formulation, inspired by the methodologies of recent
studies by Wu et al. [84], and Fu et al. [85], is articulated in Equation (1). Our approach ex-
pands the traditional model by integrating additional, relevant variables, thereby enriching



Sustainability 2024, 16, 2074 7 of 29

the analytical framework of our study. This extension is critical for a thorough examination
of the complex interplay among key economic inputs—labor, capital, and technological
advancement—and their collective impact on output. Equation (1) is shown as follows:

gdpt = Atlaborαt capitalβt energyδ
t fdiηt ϵt. (1)

In Equation (1), integral to our augmented Cobb–Douglas production function, we
assign specific symbols to represent key economic variables. t signifies the year, injecting
a chronological perspective into our analysis. gdp, representing gross domestic product,
serves as a crucial measure of economic output. A, denoting the level of technology,
encapsulates the advancements and efficiencies pivotal to productivity. The labor force,
an essential engine of economic activity, is represented by labor, while capital corresponds
to the capital stock, comprising the aggregate assets utilized in production. Additionally,
energy stands for energy consumption, a variable of growing significance in modern
economic studies due to its relevance to sustainability and operational efficiency. fdi refers
to foreign direct investment, highlighting the influence of international capital inflows on
domestic production capacities. Furthermore, ϵ represents white noise, capturing stochastic
elements and unaccounted variances within the model. The coefficients α, β, δ, and η

are assigned to the output elasticities of these variables: technology, labor force, capital
stock, and energy consumption, respectively. These coefficients are pivotal as they quantify
the sensitivity of the gross domestic product to variations in each of these inputs. This
quantification provides critical insights into the relative significance of each factor and their
respective roles in influencing the economy.

The Cobb–Douglas production function, as explicated by Wang and Henderson [86]
and Smirnov et al. [87], stands out in the field of economics for its adept representation
of the relationship between economic outputs and the inputs used in production. Its
numerous advantages make it a model of choice for a range of applications. Primarily, it is
renowned for its precision, which makes it equally applicable for broad macroeconomic
overviews and detailed micro-level analyses, as noted by Ishikawa [88] and Zhou and
Gao [89]. A hallmark of this model is the integration of a technology coefficient labeled ‘A’,
emphasizing the role of technological advancement in production processes. This feature
has been particularly highlighted by Ketokivi and Mahoney [90], Sass et al. [91], and Foss
et al. [92]. Additionally, the Cobb–Douglas function excels at calculating the production
elasticities of various inputs, including technology, which becomes particularly effective
when the model is computed in logarithmic terms. This capability enhances the precision
of economic modeling. The function’s coefficients are also notable for their alignment
with advanced factor productivity metrics, a correlation supported by studies from Wang
et al. [93], Zhang et al. [94], and Somjai et al. [95]. In our study, we adopted a two-pronged
methodology leveraging the Cobb–Douglas production function to analyze the effects of
carbon dioxide emissions on economic growth. This approach has been carefully crafted
to accurately reflect the intricate ways in which carbon dioxide emissions interact with
and influence economic productivity and expansion. This nuanced exploration is critical
for understanding the broader economic implications of environmental factors in the
modern world.

The first stage of our study concentrates on delineating the intricate relationship
between technological progress and carbon dioxide emissions. This link is critical, as
advancements in technology play a key role in driving both environmental and economic
changes. Three primary aspects underscore this relationship: the capacity of technology
to help economies conform to and manage emission reduction commitments, its role in
promoting the shift towards eco-friendly energy alternatives, and its contribution to overall
economic growth. The comprehensive influence of technological developments in these
areas is thoroughly examined and supported by the research findings of Xie et al. [96],
Cheng et al. [97], and Anser et al. [98]. To quantitatively represent this relationship, we
introduce Equation (2) in our analysis. This equation is vital for a deeper understanding
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of how technological innovations interact with environmental factors, particularly carbon
dioxide emissions, and their subsequent economic implications.

At = ξcoγ
2,t. (2)

Within the framework of Equation (2), ξ is established as a constant, unaffected
by time. co2 is designated to represent carbon dioxide emissions, a significant factor in
environmental analysis. Additionally, γ is used to denote the technological elasticity of
carbon dioxide emissions, a vital aspect of our study. Advancing to the subsequent phase,
we amalgamate the insights gleaned from the initial stage into the classic Cobb–Douglas
production framework. This process entails replacing the technology variable in the original
equation with the relationships identified in Equation (2). Consequently, this leads to the
development of Equation (3), effectively merging our initial findings with the broader
economic model, thus providing a more comprehensive understanding of the interactions
at play.

gdpt = coγ
2,tlaborαt capitalβt energyδ

t fdiηt ϵt. (3)

Applying a logarithmic transformation to both sides of Equation (3) allows us to
reformulate it into Equation (4).

loggdpt = c0 + γlogco2,t + αloglabort + βlogcapitalt + δlogenergyt + ηlogfdit + ϵt. (4)

3.3. Econometric Model

The autoregressive distributed lag approach, as detailed by Pesaran and Pesaran [99],
is proficient in handling variables that are stable at their initial levels, first differences,
or even a mix of both. Nevertheless, as highlighted by Mohammed et al. [100] and Yeo
et al. [101], the autoregressive distributed lag model faces challenges when dealing with
variables that are stationary at the second difference due to its dependency on specific
threshold values (lower for I(0) and upper for I(1), or a combination thereof). This necessi-
tates a preliminary check for the stationarity of variables before proceeding with deeper
analysis. Despite the widespread use of the augmented Dicky–Fuller and Phillips–Perron
tests in standard unit root analysis, their reliability dwindles in smaller sample sizes, as
underscored by Ali et al. [102] and Khan et al. [103]. To address this, our research adopted
the KPSS unit root test, as endorsed by Çağlayan Akay et al. [104] and Webb et al. [105],
ensuring a more reliable assessment of the stationarity of the variables in question. In
the process of selecting the most suitable lag length for our model, we explored various
options. Ultimately, the Akaike information criterion was selected as the preferred method,
particularly due to its effectiveness in small sample contexts. This choice, informed by the
recommendations of Pretis [106], Grabowski and Welfe [107], and Yang and Lee [108], was
made to enhance the precision and reliability of our analysis, especially considering the
size constraints of our data set. This meticulous approach is in line with the analytical
standards and preferences common among American scholars, ensuring a robust and
credible methodological framework for our study.

Our research employed the nonlinear autoregressive distributed lag model, a concept
formulated by Shin et al. [109], to analyze the asymmetric effects of energy consumption
on Iran’s economic progression. This model is adept at capturing the dual impacts—both
positive and negative—that an independent variable might exert on a dependent variable.
This approach has been validated and utilized in various studies, including those by Cho
et al. [110], Sam et al. [111], and Jordan and Philips [112]. The nonlinear autoregressive
distributed lag model stands apart from the linear autoregressive distributed lag model
in several significant ways. Its first notable feature is the ability to dissect and examine
the dual (positive and negative) influences of the independent variables on the dependent
variable. Additionally, it excels at uncovering hidden cointegration among variables,
ensuring a more thorough and intricate analysis. This aspect is particularly highlighted
in the research by Jiang and Liu [113] and Long et al. [114]. In comparison to traditional
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analytical methods, both linear and nonlinear autoregressive distributed lag models offer
substantial advantages. They are especially effective for analyses involving smaller datasets,
as indicated by Merlin and Chen [115] and Barnett et al. [116]. They also adeptly handle
potential endogeneity and autocorrelation concerns, as shown in studies by Kaur et al. [117],
Ayad et al. [118], and Adebayo and Odugbesan [119]. Moreover, these models provide
the flexibility to assign various lag lengths to different variables, a feature emphasized
by Musa et al. [120], Aftab et al. [121], and Nur Mozahid et al. [122]. The simplicity of
their single-equation framework also facilitates easier implementation and interpretation of
results. To operationalize the nonlinear autoregressive distributed lag model in our study,
we began by estimating the long-term cointegration of variables using the unconditional
linear correction model through the autoregressive distributed lag bounds testing approach.
This methodology, as delineated by Pesaran et al. [123], is outlined in Equation (5) and
forms the foundation for our subsequent, more detailed analysis.

∆loggdpt = c0 +
p1

∑
i=1

a1∆loggdpt−i +
p2

∑
i=1

a2∆logco2,t−i +
p3

∑
i=1

a3∆loglabort−i

+
p4

∑
i=1

a4∆logcapitalt−i +
p5

∑
i=1

a5∆logenergyt−i

+
p6

∑
i=1

a6∆logfdit−i + b1loggdpt−1 + b2logco2,t−1

+b3loglabort−1 + b4logcapitalt−1 + b5logenergyt−1

+b6logfdit−1 + ϵt.

(5)

In our analysis, Equation (5) employs ∆ as the symbol for the first differential operator,
and c0 denotes the drift components. The coefficients ranging from b1 to b6 provide insights
into the long-term dynamics between the variables we are examining. To assess whether a
cointegrating relationship exists among these variables, as proposed in Equation (6), we
apply the Wald F-statistic. This involves testing the null hypothesis, Ho:b1 = b2 = b3 =
b4 = b5 = b6 = 0, which suggests no cointegration, against an alternative hypothesis,
H1:b1 ̸= b2 ̸= b3 ̸= b4 ̸= b5 ̸= b6 ̸= 0. We then compare the calculated F-statistic
against the critical bounds defined by Pesaran et al. [123], with the lower bound assuming
that all variables are stationary at their initial levels and the upper bound assuming first
difference stationarity. It is crucial to acknowledge that the critical values determined by
Pesaran et al. [123] are more suited for larger samples (500 to 40,000 observations) and may
yield biased results in smaller samples. Recognizing this, we have adopted alternative
critical values for smaller samples (30 to 80 observations), as recommended by Kaur and
Sarin [124], Ullah et al. [125], and Udemba et al. [126], in our study. Depending on the
F-statistic relative to these critical bounds, we anticipate one of three possible outcomes.
If the F-statistic surpasses the upper critical bound, it suggests rejecting the existence of a
long-term relationship among the variables (supporting the null hypothesis). Conversely,
an F-statistic below the lower bound would imply no long-term relationship, hence, not
rejecting the null hypothesis. The F-statistic that lies between the two bounds would lead
to inconclusive results, necessitating further analysis to determine the order of integration
of the variables involved. In cases where the results are inconclusive, the presence of a
negative and statistically significant error correction mechanism, as indicated by Smeekes
and Wijler [127], Kraft et al. [128], and Atil et al. [129], can be interpreted as evidence of
a long-term relationship among the variables. Utilizing the error correction mechanism
enables us to estimate the short-term coefficients, which are detailed in Equation (6).
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∆loggdpt = c0 +
p1

∑
i=1

a1∆loggdpt−i +
p2

∑
i=1

a2∆logco2,t−i +
p3

∑
i=1

a3∆loglabort−i

+
p4

∑
i=1

a4∆logcapitalt−i +
p5

∑
i=1

a5∆logenergyt−i

+
p6

∑
i=1

a6∆logfdit−i + λecmt−1 + ϵt.

(6)

In Equation (6), the coefficients ranging from a1 to a6 are pivotal for delineating the
dynamics of error correction. The coefficient ‘λ’ signifies the lagged error correction term
within this model. For the model to effectively indicate a return to long-term equilibrium,
it is essential that the λ coefficient be both negative and show statistical significance. In line
with Shin et al.’s [109] approach, our study delves into the asymmetric impacts of energy
consumption. To achieve this, we dissect the log-transformed energy consumption data
into positive and negative segments. This division enables a more nuanced and accurate
portrayal of energy consumption’s asymmetric effects, as detailed in Equation (7). This
methodological choice is instrumental in enhancing the depth and precision of our analysis.

logenergyt = logenergy0 + logenergy−
t + logenergy+

t (7)

In Equation (7), logenergy−
t =

t
∑

i=1
∆logenergy−

i =
t

∑
t=i

min(∆logenergyi, 0).

logenergy+
t =

t
∑

i=1
∆logenergy+

i =
t

∑
t=i

max(∆logenergyi, 0). Building upon the augmented

Cobb–Douglas production function as depicted in Equation (4), our analysis extends to
a thorough examination of energy consumption’s impact. This detailed assessment is
conducted within the nonlinear autoregressive distributed lag model framework, which is
comprehensively represented in Equation (8).

∆loggdpt = c0 +
p1

∑
i=1

a1∆loggdpt−i +
p2

∑
i=1

a2∆logco2,t−i +
p3

∑
i=1

a3∆loglabort−i

+
p4

∑
i=1

a4∆logcapitalt−i

+
p5

∑
i=0

(
a1

5∆logenergy+
t−i + a2

5∆logenergy−
t−i

)
+

p6

∑
i=1

a6∆logfdit−i

+b1loggdpt−1 + b2logco2,t−1 + b3loglabort−1

+b4logcapitalt−1 + b1
5logenergy+

t + b2
5logenergy−

t

+b6logfdit−1 + ϵt.

(8)

In the context of the nonlinear autoregressive distributed lag model, our analysis
involves contrasting the Wald F-statistic’s null hypothesis (H0 : b1 = b2 = b3 = b4 = b+

5 =
b−

5 = b6 = 0) with the alternative hypothesis (H1 : b1 ̸= b2 ̸= b3 ̸= b4 ̸= b+
5 ̸= b−

5 ̸= b6 ̸=
0). Subsequently, this leads us to establish the conditional error correction model, which is
succinctly expressed in Equation (9).
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∆loggdpt =
p1

∑
i=1

a1∆loggdpt−i +
p2

∑
i=1

a2∆logco2,t−i +
p3

∑
i=1

a3∆loglabort−i

+
p4

∑
i=1

a4∆logcapitalt−i

+
p5

∑
i=1

(
a1

5∆logenergy+
t−i + a2

5∆logenergy−
t−i

)
+

p6

∑
i=1

a6∆logfdit−i

+λecmt−1 + ϵt.

(9)

In Equation (9), the coefficients ranging from a1 to a6 are crucial for outlining the
short-term error correction dynamics. The coefficients a1

5 and a2
5, specifically, are employed

to describe the adjustments related to short-term symmetry in the model.
The Granger causality test, while widely used, has its limitations, notably its reliance

on the integration order of variables, a concern raised by Contreras-Reyes and Hernández-
Santoro [130] and Sun et al. [131]. To circumvent this issue, our study implements the
T-Y test, renowned for its resilience to the integration order of variables. This approach,
recommended by Zhu and Liu [132], Adolf et al. [133], and supported by Adeleye et al. [134]
and Azam et al. [135], is particularly effective for assessing causal relationships between
variables, regardless of their integration order. In cases where cointegration is detected
between two or more time series, it usually suggests the existence of unidirectional or
bidirectional Granger causality. However, this is not a hard-and-fast rule, as noted by
Clarke and Mirz [136]. It is important to acknowledge that correlations might be influenced
by external variables not accounted for in the model, as Shahzad et al. [137] have indicated.
Therefore, verifying causality becomes a critical step after establishing cointegration. To
thoroughly investigate this aspect, we employed the vector autoregressive model, detailed
in Equations (10) and (11). This model is instrumental in examining the existence or absence
of Granger causality, thereby providing a more comprehensive and reliable insight into the
interactions among the variables in our research.

yt = a0 + ∑n
i=1 aiyt−i + ∑m

i=1 bixt−i + µt. (10)

xt = c0 + ∑n
i=1 cixt−i + ∑m

i=1 dixt−i + µt. (11)

Equation (10) in our study is used to assess the null hypothesis, which claims that
variable x does not have a Granger causal effect on y (H0 : b1 = b2 = b3... = bm = 0),
in comparison to an alternative hypothesis that suggests that x does influence y through
Granger causality. In a similar vein, Equation (11) addresses the null hypothesis that y does
not Granger-cause x (H0 : d1 = d2 = d3... = dm = 0) and contrasts it with an opposing
hypothesis. When examining these equations, the existence of cointegration between the
x and y series is inferred if either of the coefficients, bi or di, are statistically significant
and deviate from zero. This analysis yields four possible scenarios, determined by the
specific values and statistical relevance of coefficients bi and di. Scenario 1: bi ̸= 0, di = 0:
causality is moving in a single direction from x to y. Scenario 2: bi = 0, di ̸= 0: causality
that is solely directed from x towards y. Scenario 3: bi ̸= 0, di ̸= 0: bidirectional causality
between x and y. Scenario 4: bi = 0, di = 0: absence of cointegration among the specified
variables. Hence, for the purpose of determining Granger causality among the variables in
question, we adopt the augmented vector autoregression model, originally conceptualized
by Toda–Yamamato [138]. The determination of the most suitable lag length within this
model is based on the Akaike Information Criterion. To further validate the model, a
series of tests are conducted to verify that the residuals of the vector autoregression model
do not exhibit serial correlation. In our study, to ascertain the accuracy of the long-term
coefficients derived from the ARDL model, we employed two advanced econometric
techniques: the fully modified ordinary least squares and the dynamic ordinary least
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squares. The application of fully modified ordinary least squares is supported by the
findings of Gold et al. [139], Young [140], and Maydeu-Olivares et al. [141], while dynamic
ordinary least squares is backed by the research of González Olivares and Guizar [142]
and Neto [143]. These methods are sophisticated adaptations of the classic least squares
technique, devised to effectively tackle the endogeneity that might arise in regressors from
cointegration links and also to manage the impact of serial correlation. This approach is
elaborated on in Equation (12).

yt =
∼

Γ
2
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Key strengths of these methodologies, as highlighted by Karimi et al. [148] and Maroufi 

1
∆D1t +

∼
ϵt. (13)

Let us consider
∼
Θ and

∼
Ψ to represent the long-term covariance matrix calculated using

the residuals denoted by [
∼
τt = (

∼
τ1t,

∼
τ

2t

Sustainability 2024, 16, x FOR PEER REVIEW 12 of 29 
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tion for further analysis and interpretation of the data within the specified model frame-
work. y୲∗ = y୲ − υଵଶ෦ Θଶଶ෪ ିଵΨଶଶ෪ . (14) 

The bias correction term, as estimated in our analysis, is presented in Equation (15). 
This term plays a critical role in adjusting our model to ensure more accurate and reliable 
results by accounting for any potential biases in the estimation process. λଵଶ∗ = λଵଶ − υଵଶ෦ Θଶଶ෪ ିଵΨଶଶ෪ . (15) 

Consequently, we express the fully modified ordinary least squares estimator 
through the formulation outlined in Equation (15). This estimator is crucial for our analy-
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In Equation (16), Z୲ = (y୲̀D୲̀). Formulating the long-term covariance matrix estima-
tors, denoted as Θ෩Ψ෩ , is a crucial phase in the estimation of the fully modified ordinary 
least squares, as emphasized in the research conducted by Ozmec-Ban and Babić [144] and 
Balsalobre-Lorente et al. [145]. This step is fundamental to the accuracy and effectiveness 
of the FMOLS methodology. This approach involves enhancing the cointegrating regres-
sion by incorporating both lagged and leading elements, thereby ensuring that the error 
term of the cointegrating equation is uncorrelated with the complete historical sequence 
of stochastic regressor innovations. This technique is outlined in the works of Demetrescu 
et al. [146] and Kheifets and Phillips [147], and is succinctly encapsulated in Equation (17). y୲ = x୲̀β + Dଵ୲` γ୲ + ∑ ΔX୲ା୨` δ୰୨ୀି୯ + τଵ୲. (17) 

By incorporating q  lags and r  leads of the differenced regressors, the persistent 
correlation between variables τଵ୲ and τଶ୲ is effectively neutralized. This adjustment al-
lows the estimation of φ = (β′, γ′)’ through the least squares estimator to align with the 
asymptotic distribution achieved via the fully modified ordinary least squares method. 
Key strengths of these methodologies, as highlighted by Karimi et al. [148] and Maroufi 
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term of the cointegrating equation is uncorrelated with the complete historical sequence 
of stochastic regressor innovations. This technique is outlined in the works of Demetrescu 
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By incorporating q  lags and r  leads of the differenced regressors, the persistent 
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lows the estimation of φ = (β′, γ′)’ through the least squares estimator to align with the 
asymptotic distribution achieved via the fully modified ordinary least squares method. 
Key strengths of these methodologies, as highlighted by Karimi et al. [148] and Maroufi 
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lows the estimation of φ = (β′, γ′)’ through the least squares estimator to align with the 
asymptotic distribution achieved via the fully modified ordinary least squares method. 
Key strengths of these methodologies, as highlighted by Karimi et al. [148] and Maroufi 
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By incorporating q lags and r leads of the differenced regressors, the persistent corre-
lation between variables τ1t and τ2t is effectively neutralized. This adjustment allows the
estimation of φ = (β′,γ’)′ through the least squares estimator to align with the asymptotic
distribution achieved via the fully modified ordinary least squares method. Key strengths
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of these methodologies, as highlighted by Karimi et al. [148] and Maroufi and Hajilary [149],
include their ability to circumvent such issues as endogeneity, serial correlation, and the
biases often encountered in small sample sizes.

4. Results and Discussion
4.1. Fundamental Analyses

This section is dedicated to three fundamental analyses, including the Kwiatkowski–
Phillips–Schmidt–Shin unit root test, the bounds test for determining cointegration, and
six diagnostic evaluations to ascertain the robustness and accuracy of our model. The
results from these extensive and detailed analyses are compiled and displayed in Table 1
for review. Together, these tests offer a comprehensive assessment of the characteristics of
our data and the efficacy of the model we have employed.

Table 1. Results of fundamental analyses.

Panel A: Kwiatkowski–Phillips–Schmidt–Shin Unit Root Test

Variable Level 1st level result

loggdp 0.168 ** 0.156 ** I(0); I(1)

logco2 0.093 0.178 ** I(1)

loglabor 0.082 0.224 *** I(1)

logcapital 0.110 0.163 ** I(1)

logenergy 0.140 * 0.166 ** I(0); I(1)

logfdi 0.108 0.377 *** I(0); I(1)

Panel B: Bounds test

Method Model Optimal lag Critical value

ARDL loggdp = (logco2, logenergy, loglabor, logcapital, logfdi) 1, 1, 1, 1, 1, 2 6.787 ***

NARDL loggdp =
(
logco2, logenergy+, logenergy−, loglabor, logcapital, logfdi

)
1, 1, 1, 1, 1, 2,1 5.889 ***

Panel C: Diagnostic tests

Test ARDL NARDL

Normality 1.604 1.478

χ2-serial 1.761 1.039

χ2-white 0.089 0.097

χ2-Ramsey 1.546 1.339

CUSUM Stable Stable

CUSUM squares Stable Stable

Note: * 10% significance level; ** 5% significance level; *** 1% significance level; ARDL autoregressive distributed
lag model; NARDL nonlinear autoregressive distributed lag model; CUSUM cumulative sum; CUSUM squares
cumulative sum of squares.

Results from the Kwiatkowski–Phillips–Schmidt–Shin unit root test, presented in
Table 2, Panel A, indicate that cointegration at the second order was not observed in
any of the variables analyzed. Specifically, it was found that the dependent variable
reached cointegration at the baseline level. On the other hand, the independent variables
exhibited stationarity, either at their original levels or after implementing the first difference.
Understanding the differences in stationarity between the dependent variable and the
independent variables is essential for a comprehensive grasp of the dynamic interplay
among them and the overall functioning of the model.
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Table 2. Results of long-run effects.

Variable ARDL NARDL

logco2
0.508 **
(3.364)

0.569 **
(3.604)

logenergy 0.793 ***
(8.804)

logenergy+
0.795 ***
(9.222)

logenergy−
0.772 ***
(9.016)

loglabor 0.411 *
(1.823)

0.418 **
(2.087)

logcapital 0.647 **
(2.135)

0.671 *
(1.777)

logfdi 0.158 *
(1.706)

0.141 **
(2.221)

Long-run asymmetric test 7.462 ***
Note: * 10% significance level; ** 5% significance level; *** 1% significance level; t-statistical value shown
in parentheses.

The findings presented in Panel B laid a robust foundation for investigating the nature
of relationships—whether symmetric or asymmetric—among the studied variables, utiliz-
ing the autoregressive distributed lag (ARDL) and nonlinear autoregressive distributed
lag (NARDL) frameworks. The selection of the most fitting models, ARDL (1, 1, 1, 1, 2)
and NARDL (1, 1, 1, 1, 1, 2, 1), was guided by the Akaike Information Criterion (AIC).
These models were characterized by an unrestricted constant while omitting any trend
components. Within these models, the highest lag for the dependent variable (GDP) was
established at 1, and the maximal lags for critical variables, such as carbon dioxide emis-
sions, energy consumption, labor force, gross fixed capital formation, and foreign direct
investment were also precisely assigned. To further affirm the soundness and dependability
of these models, a sequence of residual diagnostic tests was conducted, playing a vital
role in confirming the models’ effectiveness and their aptitude for accurately reflecting the
data’s intricate dynamics.

Panel C meticulously presents the results of our diagnostic tests. We utilized the
Lagrange multiplier test and the autoregressive conditional heteroskedasticity test to
examine potential serial correlation and heteroscedasticity within our model. The outcomes
from these tests indicated that our models did not suffer from either serial correlation or
heteroscedasticity. Furthermore, the Ramsey regression equation specification error test
was employed, confirming the appropriateness of the functional forms of our models. In
addition, we verified the normality of all variables in our analysis using the Jarque–Bera
test. To ascertain the robustness and enduring stability of our results, we employed both
the cumulative sum and cumulative sum of squares tests. These tests are essential for
evaluating the temporal consistency of the model parameters and detecting any potential
structural breaks. The cumulative sum and cumulative sum of squares plots, depicted by a
continuous line, consistently stayed within the critical bounds marked by a dashed line,
signifying a 5% significance level. This compliance with the critical bounds underscores
the enduring stability and parameter consistency of our model over the study period.

4.2. Long-Run Effects

The results in Table 1 clearly show that there is a significant long-term cointegration
relationship between the two models that were looked at, which was confirmed at the 1%
significance level. This is inferred from the F-statistic values, which notably exceed the
upper critical bounds. Consequently, the results for both symmetric and asymmetric ARDL
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models, particularly concerning their long-term impacts, are comprehensively compiled in
Table 2. This arrangement of data facilitates an enhanced understanding and facilitates a
comparative analysis of how these models perform in terms of elucidating the long-term
interconnections between the studied variables.

Table 2 shows a significant positive correlation between carbon dioxide emissions
and long-term economic growth in Korea. A 1% increase in carbon dioxide emissions is
associated with a 0.569% increase in Korea’s long-term economic growth. This finding can
be contextualized within Korea’s unique economic and environmental backdrop, informed
by various academic research. Firstly, Korea’s fast-paced industrialization, driven largely
by energy-intensive sectors, has been a key contributor to its carbon dioxide emissions.
Studies by Salman et al. [150], Koc and Bulus [151], and Fouquet [152] examine Korea’s
economic ascent, which has been heavily reliant on heavy industries. While these sectors
have fueled economic expansion, they have also escalated carbon emissions. Secondly,
the focus of Korean energy policies on ensuring steady energy for industrial activities,
primarily using fossil fuels, has paralleled the nation’s economic growth, contributing to
increased carbon dioxide emissions. This aspect is detailed in research by Wang et al. [153],
Rehman and Rehman [154], and Ali and Seraj [155], who discuss Korea’s dependency on
imported fossil fuels and the corresponding impact on carbon emissions. Finally, Korea’s
recent pivot towards technology and knowledge-driven sectors is discussed by Moon and
Min [156], Nejat et al. [157], and Hille and Lambernd [158]. Although these sectors are more
energy-efficient than traditional industries, they still contribute to overall carbon emissions,
reflecting the complexities of Korea’s economic evolution and the environmental challenges
it faces. In essence, the positive link between carbon dioxide emissions and economic
growth in Korea, particularly in the long term, as shown in Table 2, mirrors the country’s
historical dependency on energy-demanding industries, its energy consumption patterns
linked to economic activities, and its shift towards a more advanced, knowledge-based
economy. These elements collectively shed light on the intricate interplay between Korea’s
economic growth and its environmental footprint. Moreover, this evidence has further
substantiated the veracity of Hypothesis 1.

The results also indicate an asymmetric influence of primary energy consumption on
Korea’s long-term economic growth, where a 1% increase in the positive segment of energy
consumption leads to 0.795% growth and a similar rise in the negative segment results in
0.772% growth. This nuanced effect of energy consumption can be interpreted from various
theoretical perspectives and is supported by academic research. First, this theory suggests
that changes in energy prices have varied effects on the economy. The positive correlation
between energy consumption and economic growth could be linked to efficient energy use
in key sectors. Research by Ozcan and Ozturk [159] and Bhat [160] reinforces this, indi-
cating that in emerging economies, like Korea, where industrial and technological sectors
rely heavily on energy, consumption plays a vital role in economic progress. Secondly, this
hypothesis sees energy consumption as a fundamental driver of economic growth. The
differing impacts of energy consumption on economic growth align with Korea’s reliance
on energy for its industrial sector. Studies by Wei and Huang [161] and Lan et al. [162]
demonstrate that fluctuations in energy availability and consumption significantly affect
economies dependent on energy. Finally, this concept links economic growth with environ-
mental impact, suggesting an initial increase in environmental degradation with economic
growth, which diminishes at higher income levels. The positive impacts of both positive
and negative changes in energy consumption on economic growth could be reflective
of Korea’s position on the EKC, as discussed in research by Salman et al. [150] and Liu
et al. [163]. Overall, the asymmetric impact of energy consumption on Korea’s economic
growth is a complex interplay of factors. It emphasizes energy’s crucial role in Korea’s
economic drive and elucidates the different ways energy consumption influences economic
development. These insights are consistent with the theories of asymmetric energy price
impacts, energy-driven growth, and EKC dynamics, highlighting the intricate relationship
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between energy consumption and economic growth. Furthermore, the gathered evidence
has provided additional support for the authenticity of Hypothesis 2.

Additionally, the findings that the labor force, gross fixed capital formation, and net-
flow foreign direct investment positively influence Korea’s long-term economic growth are
noteworthy. A 1% increase in each of these factors leads to respective increases of 0.418%,
0.671%, and 0.141% in Korea’s economic growth over the long term. These dynamics can
be interpreted through established theoretical perspectives, supported by recent academic
research. Firstly, the beneficial impact of an expanding labor force on economic growth
aligns with human capital theory, which asserts that a larger, more skilled workforce
enhances productivity and, consequently, economic growth. Research by Prasetyo and
Kistanti [164] and Jahanger et al. [165] underscores the importance of human capital in
economic development. Korea’s experience, with its focus on building a skilled labor force
in key sectors, like technology and manufacturing, exemplifies this relationship. Secondly,
the link between gross fixed capital formation and economic growth finds support in
the Solow growth model, emphasizing that investments in capital are vital for economic
progress. The works of Sawng et al. [166] and Sarangi and Pradhan [167] illustrate how
investments in infrastructure and technology are instrumental to economic growth, a
pattern prominently observed in Korea’s industrial and technological evolution. Finally, the
positive correlation between foreign direct investment and economic growth is consistent
with the foreign direct investment-led growth hypothesis. This theory posits that foreign
investments introduce not only capital but also technology and managerial know-how,
spurring economic growth. Studies by Yu et al. [168] and Buckley et al. [169] highlight that
foreign direct investment’s role extends beyond financial investment to include technology
transfer and productivity enhancement. Foreign direct investment’s significance in Korea’s
economic narrative is marked by its role in technology adoption and integrating the
country into global markets. In sum, the observed positive impacts of the labor force,
capital formation, and foreign direct investment on Korea’s economic growth are reflective
of broader economic theories and empirical findings. These elements underscore the
critical importance of human capital, capital investment, and international financial flows
in driving the long-term economic trajectory of Korea. Additionally, this body of evidence
has significantly reinforced the credibility of Hypotheses 3, 4, and 5. The corroboration of
these hypotheses not only strengthens the foundation of our theoretical framework but
also deepens the empirical integrity of our investigation.

4.3. Short-Run Effects

Drawing from the results outlined in Table 2, this subsection is dedicated to an in-
depth analysis of the short-term impacts of the specified variables on Korea’s economic
growth. Our objective is to closely examine how these variables influence the economy in a
shorter timeframe, providing insights that complement our understanding of their long-
term effects. The findings of this investigation, which focus on the immediate and more
transient responses of Korea’s economy to changes in these variables, are systematically
presented in Table 3.

The findings in Table 3 shed light on the short-term influences of carbon dioxide
emissions and primary energy consumption on the economic growth of South Korea.
To fully grasp these results, it is imperative to consider them in the context of South
Korea’s unique economic and environmental landscape, along with insights from pertinent
scholarly research. Firstly, the correlation observed between carbon dioxide emissions and
economic growth in the short run, where a 1% increase in emissions results in a 0.219%
increase in economic growth, can be contextualized against the backdrop of South Korea’s
rapid industrial growth. The country’s economic expansion has historically been driven by
energy-intensive heavy industries and manufacturing sectors, typically associated with
high carbon emissions. This trend aligns with findings from such researchers as Adebayo
et al. [170], Baek and Kim [171], and Kim [172], who highlight similar patterns in economies
with robust industrial sectors.
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Table 3. Results of short-run effects.

Variable ARDL NARDL

∆logco2
0.239 ***
(4.969)

0.219 ***
(4.551)

∆logenergy 0.417 ***
(5.514)

∆logenergy+
0.398 ***
(6.529)

∆logenergy−
0.363 ***
(6.655)

∆loglabor 0.194 **
(2.048)

0.198 **
(2.354)

∆logcapital 0.373 ***
(2.865)

0.386 ***
(2.981)

∆logfdi 0.122 *
(1.651)

0.154 *
(1.737)

∆logfdi−1
0.085 *
(1.757)

0.073
(1.478)

ect−1
−0.022 ***
(−9.025)

−0.026 ***
(−9.168)

C −1.755 *
(−1.705)

−2.181
(−1.298)

Short-run asymmetric test 16.394 ***
Note: * 10% significance level; ** 5% significance level; *** 1% significance level; t-statistical value shown in
parentheses; c constant; ect error correction term.

Secondly, the asymmetric impact of primary energy consumption on economic growth
reveals the intricate nature of South Korea’s energy sector. The observation that both
increases and decreases in energy consumption positively affect economic growth (0.398%
and 0.363% growth for a 1% increase in energy consumption, respectively) underscores a
complex relationship between energy use, efficiency, and economic output. This relation-
ship echoes the findings of Lee and Jung [173], Rong and Qamruzzaman [174], and Oryani
et al. [175], who all underscore the significant short-term link between energy consumption
and economic growth. Such dynamics in South Korea might be indicative of concerted
efforts to enhance energy efficiency, diversify energy sources (including a shift towards re-
newables), and optimize energy use in both industrial and technological sectors. Moreover,
the South Korean government’s commitment to reducing greenhouse gas emissions and
moving towards a more sustainable energy paradigm also plays a crucial role in this context.
Policy measures aimed at improving energy efficiency, reducing reliance on fossil fuels,
and fostering renewable energy sources are poised to significantly reshape the interplay
between energy consumption, carbon emissions, and economic growth. In summary, the
positive short-term relationship between carbon dioxide emissions and economic growth,
along with the asymmetric effect of primary energy consumption observed in South Korea,
reflect the current stage of the country’s economic development. These factors, along with
its industrial and energy policies and ongoing efforts towards sustainability, are critical
to understanding the economic trajectory of South Korea. As the nation continues to
evolve economically, these dynamics are likely to undergo significant changes, especially
as environmental and energy sustainability become increasingly prioritized.

The findings in Table 3 illuminate the short-term effects of various economic
variables—namely, labor force, gross fixed capital formation, and net-flow foreign direct
investment—on South Korea’s economic growth. Firstly, the growth of the labor force
demonstrates a notable positive impact on economic output in the short run. Specifically, a
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1% increase in the labor force correlates with a 0.198% uptick in economic growth. This can
be linked to South Korea’s strategic investment in human capital, characterized by a highly
skilled workforce, a key aspect of its economic development approach. Studies by Dinh
et al. [176], Tehseen Jawaid and Raza [177], and Kim et al. [178] reinforce this, underscoring
the vital role of human capital quality in propelling short-term economic growth. Secondly,
the significant role of gross fixed capital formation, which leads to a 0.386% increase in
economic growth for every 1% increase in investment, emphasizes the critical importance
of investments in physical assets, like infrastructure, machinery, and technology. This
trend resonates with South Korea’s emphasis on technological progress and infrastructure
development as primary drivers of economic expansion. Chen et al. [179] provide further
insight into the short-run connection between capital formation and economic growth.
Thirdly, the influence of net-flow foreign direct investment, manifesting in a 0.154% growth
in the economy for each 1% increase in foreign direct investment, highlights South Ko-
rea’s successful integration into the global economy and its appeal as a destination for
investment. Foreign direct investment not only brings capital but often includes technology
transfer and management expertise, contributing to economic growth. The positive effects
of foreign direct investment on economic expansion are elaborated upon in the research of
Ghosh [180], who identifies foreign direct investment as a critical conduit for technology
transfer and a stimulus for economic growth.

Lastly, the resilience of South Korea’s economy is evident in its capacity to revert to
a steady state following a shock, adjusting at a rate of 0.026% in the subsequent period.
This resilience can be attributed to the robustness of the country’s economic policies and
institutions, designed to effectively absorb and adapt to economic fluctuations. In summary,
the short-term positive impacts of labor force growth, gross fixed capital formation, and
net-flow foreign direct investment on South Korea’s economic growth, coupled with the
economy’s resilience to external shocks, can be interpreted through South Korea’s strategic
investments in human capital, infrastructure, technology, and its integration into the
global economy. These elements, supported by strong economic policies and institutions,
collectively contribute to the dynamism and resilience of the South Korean economy. As
the nation continues to face global economic challenges, these characteristics are expected
to play a crucial role in its ongoing economic development.

4.4. Causality Test

In this study, the scope of analysis extended beyond simply determining the long-term
cointegration of key variables, such as economic growth, energy consumption, carbon
dioxide emissions, labor force, gross fixed capital formation, and net-flow foreign direct
investment. To gain a deeper understanding of how these factors interact, the research
focused on identifying and analyzing the causal relationships among them. Employing
the Toda–Yamamoto procedure within an enhanced vector autoregression framework
proved instrumental in this endeavor. This methodological choice facilitated a nuanced
examination of the causal links, discerning whether they were unidirectional—indicating a
one-way influence from one variable to another—or bidirectional, suggesting a reciprocal
influence among the variables. The use of an augmented vector autoregression model,
aligned with the Toda–Yamamoto procedure, was crucial in decoding the intricate web
of interactions and dependencies among these vital economic and environmental factors.
This approach sheds light on their dynamic interplay over time, offering valuable insights
into the complexities of these relationships. The findings of this comprehensive analysis
are presented in Table 4.

Table 4’s findings offer insightful revelations into the causal dynamics among key
economic indicators within South Korea’s economic landscape. Notably, the result indicates
a bidirectional Granger causality between both carbon dioxide emissions and economic
growth and energy consumption and economic growth. Additionally, there’s a clear
unidirectional Granger causality from the labor force, gross fixed capital formation, and
net-flow foreign direct investment towards economic growth. To begin with, the mutual
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causality between carbon dioxide emissions and economic growth reflects the intricacies
of South Korea’s rapid industrial growth. This two-way relationship suggests a cyclical
pattern: economic growth spurs increased carbon dioxide emissions due to industrial
activity, which in turn feeds back into the economic growth trajectory. This interaction is
consistent with studies by Kim et al. [181] and Kang et al. [182], which concentrate on the
environmental effects of economic expansion. The bidirectional causality between energy
consumption and economic growth speaks volumes about the energy dependence of South
Korea’s economy. In this scenario, economic growth fuels the demand for energy, while
the availability and consumption of energy reciprocally propel economic development.
Studies by Shahbaz et al. [183] and Balcilar et al. [184] effectively underscore the pivotal
role of energy in bolstering economic growth.

Table 4. Results of causality test.

Variable Loggdp Logco2 Logenergy Loglabor Logcapital Logfdi

loggdp - 6.564 *** 3.177 *** 1.134 1.786 1.077

logco2 6.625 *** - 3.256 *** 0.564 1.287 1.349

logenergy 3.162 *** 2.087 ** - 1.297 1.065 0.938

loglabor 2.084 ** 0.497 1.255 - 0.786 1.216

logcapital 1.997 ** 0.746 1.765 * 1.066 - 0.972

logfdi 2.108 ** 1.016 1.707 * 0.961 -
Note: * 10% significance level; ** 5% significance level; *** 1% significance level; t-statistical value shown
in parentheses.

Conversely, the labor force, gross fixed capital formation, and net-flow foreign direct
investment exhibit a one-way causal relationship with economic growth. According to
Yang and Greaney [185] and Zang and Baimbridge [186], the expansion of the labor force,
particularly skilled labor, is a crucial driver of economic growth. The significant role of
gross fixed capital formation in economic advancement, via investments in infrastructure
and technology, is emphasized in the studies by Lee et al. [187]. Finally, the positive impact
of net-flow foreign direct investment on economic growth, through capital inflow and
technology transfer, is highlighted in the research by Akkermans [188]. In conclusion, these
findings within the South Korean context reveal the complex and multifaceted nature of
economic growth. They underscore the critical interplay between environmental, energy,
and economic policies, emphasizing the necessity of integrating these considerations in the
development of future strategies aimed at sustainable economic growth.

4.5. Robustness Test

This research took rigorous steps to ensure the accuracy and dependability of its
findings, particularly regarding the outcomes derived from the autoregressive distributed
lag model. To achieve this, a thorough robustness check of the autoregressive distributed
lag model’s results was undertaken, employing two well-regarded econometric techniques:
fully modified ordinary least squares and dynamic ordinary least squares. The utilization
of fully modified ordinary least squares and dynamic ordinary least squares was pivotal
in reinforcing the validity of the autoregressive distributed lag model’s conclusions. By
applying these methods, the study not only enhances the robustness of its results but also
aligns with high standards of empirical rigor. This comprehensive approach to verification
ensures that the findings are both credible and reliable. The details of these results are
presented in Table 5.
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Table 5. Results of robustness Test.

V and M Fully Modified Ordinary Least Squares Dynamic Ordinary Least Squares

logco2
0.633 ***
(3.723)

0.615 ***
(3.493)

logenergy 0.680 ***
(4.858)

0.660 ***
(4.906)

loglabor 0.465 *
(1.821)

0.468 *
(1.833)

logcapital 0.771 **
(2.043)

0.772 ***
(2.853)

logfdi 0.197 **
(2.311)

0.185 *
(1.645)

test1 0.067 *** 0.085 ***

test2 4.499 *** 4.743 ***

c −1.604 **
(−1.991)

−1.722 *
(−1.659)

R2 0.835 0.849
Note: * 10% significance level; ** 5% significance level; *** 1% significance level; t-statistical value shown in
parentheses; c constant; V variable; M model; test 1 (for our cointegration analysis, we employed the Hansen
parameter instability test. In this test, the null hypothesis posits that cointegration is present within the time series,
as detailed in studies by Stojanovic et al. [189], Winkler et al. [190], and Zhang and Zhang [191]; test 2 (to assess
the normality of the data, we applied the Jarque–Bera test. This test’s null hypothesis suggests that the residuals
follow a normal distribution).

Table 5 evaluates the estimated parameters, emphasizing both their size and statistical
significance. Notably, the results from using fully modified ordinary least squares and
dynamic ordinary least squares are very similar to the results from the first autoregressive
distributed lag model. This consistency across fully modified ordinary least squares and
dynamic ordinary least squares, in relation to the autoregressive distributed lag model,
robustly affirms the initial model’s precision. The harmonious findings across these diverse
econometric methodologies not only bolster the credibility of the autoregressive distributed
lag model but also validate the dependability of the study’s outcomes. The similarity seen
suggests that the initial autoregressive distributed lag model was well written and correctly
captured the main dynamics of the variables being studied. Employing this thorough
method of cross-validation, which integrates various analytical approaches, solidifies the
strength and trustworthiness of the research’s conclusions.

5. Conclusions

This study examines the dynamics between carbon dioxide emissions, energy con-
sumption, and economic growth in Korea, spanning from 1980 to 2022. Employing a
nonlinear autoregressive distributed lag model, the research uncovers several pivotal
insights. It establishes a positive link between carbon dioxide emissions and economic
growth, indicating that periods of economic expansion in Korea have historically coincided
with increased emissions. Furthermore, the study identifies a pronounced and positive
effect of primary energy consumption on economic growth, revealing an asymmetric rela-
tionship in this regard. The research also sheds light on the beneficial impacts of the labor
force, gross fixed capital formation, and net-flow foreign direct investment as key drivers
of economic growth. The robustness of these findings is reinforced through validations
via fully modified ordinary least squares and dynamic ordinary least squares methods. In
terms of causality, the Toda–Yamamoto test outcomes present a complex picture. There is a
bidirectional Granger causality between carbon dioxide emissions and economic growth
and a similar bidirectional relationship between energy consumption and economic growth.
Additionally, there is a clear unidirectional Granger causality leading from the labor force,
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gross fixed capital formation, and foreign direct investment to economic growth. These
insights highlight the intertwined nature of environmental and economic factors. The
bidirectional causality observed suggests that sustainable energy policies and proactive
environmental management are crucial for Korea. Ensuring that economic growth proceeds
without jeopardizing environmental sustainability is imperative. Therefore, this study
offers essential guidance for policymakers, emphasizing the need to develop strategies that
harmonize economic growth with environmental stewardship, a crucial balance for Korea’s
future development trajectory.

In light of this study’s findings, four key policy recommendations emerge for Korea.
Firstly, to sever the link between economic growth and rising carbon dioxide emissions,
a strategic shift towards green technologies and industries is imperative. Korea should
champion the adoption of renewable energy sources, like solar and wind power, and foster
low-carbon technologies in sectors, such as manufacturing and transportation. Accelerating
this transition can be achieved through incentivizing research and development in the
green technology sphere. Secondly, a national emphasis on enhancing energy efficiency
across all economic sectors is crucial. This strategy aims to curb overall energy consump-
tion while maintaining economic growth. Diversifying the energy portfolio to include a
greater proportion of renewable energy sources will also help diminish the dependency
on traditional, non-renewable energies. Implementing rigorous energy efficiency stan-
dards, coupled with subsidies or tax benefits for renewable energy initiatives, could prove
to be effective measures. Thirdly, the focus should be on nurturing a labor force that is
aligned with the demands of an environmentally conscious economy. This can be achieved
through targeted education and training programs. Additionally, promoting investments
in sustainable infrastructure and technology is vital. Crafting policies to attract and direct
sustainable foreign direct investment into eco-friendly projects is also recommended. Lastly,
the formulation of an integrated policy framework is necessary. This framework should
harmonize economic growth ambitions with environmental sustainability objectives. This
could entail setting definitive targets for reducing emissions, incorporating sustainability
criteria into economic planning and investment processes, and establishing a comprehen-
sive legal and regulatory framework that advocates for sustainable economic activities.
To effectively implement these recommendations, a collaborative effort encompassing
government, industry, academia, and civil society is essential. Such a multidimensional
approach will ensure that Korea’s path towards economic growth is not only vigorous but
also environmentally responsible.

In light of the findings of this study, several areas for future research emerge, ad-
dressing the identified limitations. First, the study’s timeframe, spanning from 1980 to
2022, offers a substantial historical perspective but also leaves room for extension. Future
research could broaden this temporal range, either by delving into data predating 1980
or by including more recent information post-2022. Such an expansion would provide
a deeper understanding of the evolving dynamics over an extended period, particularly
relevant in the context of the rapidly changing global economic and environmental land-
scape. Second, the focus of this study on Korea, while providing in-depth insights, also
presents a limitation in terms of geographic scope. Future studies could adopt a more
comparative approach, examining these dynamics across different countries or regions.
This broader scope would offer valuable perspectives on how varying economic policies
and environmental conditions across the globe affect the interplay between carbon dioxide
emissions, energy consumption, and economic growth. Third, our investigation reveals
certain constraints in how technology is conceptualized, particularly noted in Equation (2),
where its influence is attributed exclusively to carbon dioxide emissions. This observation
underscores the imperative for a broader interpretation of technology, extending beyond
its traditional confines to encompass a wider spectrum of production technologies, inclu-
sive of, but not limited to, ‘green technology’. It is essential for forthcoming research to
adopt refined methodologies for evaluating technology’s contribution to economic growth.
This could be effectively achieved through the innovative lens of ‘green GDP’, a concept
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that integrates environmental considerations into economic assessments. Future inquiries
should delve into the diverse impacts of technology on economic progress, taking into
account an expanded array of determinants that influence both GDP and environmental
sustainability. Such an approach promises to enrich our comprehension of the intricate
dynamics interlinking economic expansion, technological evolution, and environmental
stewardship. Lastly, the study’s concentration on specific economic indicators, namely
carbon dioxide emissions, energy consumption, labor force, capital formation, and for-
eign direct investment, suggests an opportunity for future research to integrate additional
variables. Including such factors as technological innovation, sectoral changes within
economies, and environmental policy measures would provide a richer, more intricate
picture of the interactions between economic activities and environmental outcomes. By
addressing these limitations, future research endeavors can further illuminate the complex
relationship between economic growth and environmental sustainability. Such comprehen-
sive investigations would be invaluable for policymakers and academics, offering enhanced
insights for informed decision making in an increasingly interconnected world.
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