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Temporal and spatial effects of manufacturing
agglomeration on CO2 emissions: evidence from
South Korea
Zhen Wu1, Su-Han Woo 2✉, Jin-Ho Oh3 & Po-Lin Lai 2

Studies have shown that industrial agglomeration has a facilitating effect on carbon emission

reduction. However, discussions on the impact of manufacturing agglomeration on emission

reduction have not simultaneously considered spatial correlation and temporal continuity.

Addressing this gap, this study develops a dynamic spatial econometric model rooted in

agglomeration economic theory to simultaneously assess the spatial and temporal impacts of

manufacturing agglomeration on carbon emission reduction. Utilizing panel data from 17

major South Korean regions from 2013 to 2019, the research investigates the internal

mechanisms and spatial effects of manufacturing agglomeration on reducing carbon emis-

sions. The findings reveal that the relationship between manufacturing agglomeration (spe-

cialization and diversification) and carbon emissions in South Korea shows an inverted

U-shape. Moreover, regarding the temporal continuity of carbon emissions, in the short term,

specialized agglomeration is beneficial to reduce local and neighboring carbon emissions. In

the long run, the effect of specialized agglomeration on the overall carbon emission reduction

is still obvious. However, diversified agglomeration can only reduce local carbon emissions in

the short term, but the spillover effect on neighboring areas is not obvious. In the long run,

diversified agglomeration can effectively reduce local carbon emissions, but the spillover

effect on neighboring areas is still not obvious. These nuanced insights are crucial for pol-

icymakers aiming to leverage industrial agglomeration for carbon emissions reduction

effectively.
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Introduction

Industrial growth has led to increased energy usage in coun-
tries, escalating levels of greenhouse gases, and global warm-
ing. This trend has prompted extensive research into the

correlation between carbon emissions and economic develop-
ment, with a heightened focus on CO2 reduction driven by global
concerns and international mandates (Tamazian et al., 2009;
International Energy Agency report, 2018).

Manufacturing, pivotal in early economic stages and con-
sidered the primary driver of growth, exhibits higher energy
intensity than other sectors as economies progress (Kuznets,
1971; Farla et al., 1998; Boyd et al., 1987). South Korea has strong
government-driven industrial and energy policies. In Korea,
energy consumption in the manufacturing sector has increased
dramatically since the mid-1980s because of the vigorous devel-
opment of energy-intensive industries such as steel, cement, and
petrochemicals. South Korea released 709.1 million tons of
greenhouse gases in 2017, ranking 11th in the world and fifth
among the countries in the OECD. In South Korea, the manu-
facturing sector accounts for the second-largest share of the
country’s CO2 emissions, at 29.6%, following the public electricity
and heat production industry, which contributes 32.7% of the
CO2 emissions (Ministry of Environment, 2022). Since the
manufacturing sector accounts for a large share of CO2 emissions
in South Korea, the energy intensity of South Korea’s manu-
facturing sector has a strong impact on the formulation of the
UNFCCC (Jung and Park, 2000).

With the successful implementation of the Paris Climate
Agreement, South Korea must reduce 728 million tons of CO2 by
2050 to achieve a carbon-free economy (Lee, 2021). This is a
daunting task for the South Korean economy. Blindly limiting the
proportion of industries is not conducive to effective industrial
agglomeration, which has a negative impact on regional economic
growth (Zhou and Fan, 2016). Achieving carbon emission
reduction targets while ensuring stable economic growth has
become one of the most important policy issues for the South
Korean government. Therefore, it is necessary to explore ways to
reduce CO2 emissions from multiple perspectives and achieve
carbon emission reduction targets more effectively.

Manufacturing sectors invest in research and development,
leading to technological innovations that can significantly reduce
the energy intensity and emissions per unit of production
(Grossman and Krueger, 1991; Shao et al., 2021). The technolo-
gical progress and innovation in the manufacturing sector may
originate from the externalities of agglomeration economies (Han
et al., 2018; Yuan et al., 2019, 2020). South Korea’s evident
industrial agglomeration, driven by energy-intensive sectors,
exhibits major manufacturing hubs like the Gyeongin zone
around Seoul and the southeastern coastal area around Busan.
These regions showcase specialized clusters such as steel in
Pohang, automobiles in Ulsan, and non-ferrous metals in Jeolla
Province, while the country’s second national land development
plan (1982–1991) fostered rapid growth in smaller cities,
extending diversified industrial clusters across the nation. In the
existing literature, the impact of South Korea’s manufacturing
agglomeration on carbon emissions has not been discussed in
detail. The impact of different forms of manufacturing agglom-
eration on carbon emissions is also worth further study.

Carbon emissions demonstrate clear spatial dependence char-
acteristics. Additionally, the impacts on carbon emissions vary
significantly at different development stages of manufacturing
agglomeration. At present, no study has simultaneously con-
sidered spatial correlation and temporal continuity when dis-
cussing the impact of manufacturing agglomeration on emission
reduction. All studies have considered only one aspect when
constructing the model.

Through the analysis provided, this study seeks to resolve
several key questions: First, do specialized and diversified man-
ufacturing agglomerations affect carbon emission reduction in
South Korea, and what form does this impact take? Second, does
this effect have spatial spillover implications, thereby broadly
influencing neighboring regions? Third, is this effect subject to
dynamic changes over time?

To address these questions, this study establishes an analytical
paradigm. First, based on the data of 25 manufacturing sectors in
17 regions of South Korea from 2013 to 2019, this study calculates
agglomeration indexes of manufacturing specialization and
diversification in different regions of South Korea. Second, this
study uses the Dynamic Spatial Durbin model to study whether
manufacturing agglomeration has a positive impact on carbon
emission reduction. This model can examine the impact of
manufacturing agglomeration on emission reduction from both
spatial and temporal perspectives. In terms of spatial, this study
examines whether there is a spillover effect of manufacturing
agglomeration on carbon emission reduction, that is, whether the
carbon emission reduction of a region benefits from the devel-
opment of manufacturing agglomeration in neighboring regions.
In terms of temporal, this study can analyze the long-term and
short-term impacts of manufacturing agglomeration on carbon
emission reduction.

The unique contributions of this study can be summarized as
follows: First, practically, the results provide a useful policy
reference for governments to assess the current manufacturing
agglomeration. Second, from a methodological perspective, this
study uses the Dynamic Spatial Durbin model, so that the spatial
and temporal effects of agglomeration economy on emission
reduction can be analyzed simultaneously in one model. In
addition, different spatial weight matrices were used in this study
to verify the reliability of the model. In particular, asymmetrical
spatial weight matrices are used in this study, which can reflect
the imbalance of economic interactions between spatial elements.

The rest of this paper proceeds as follows: The next section
introduces existing studies of relevant theoretical and empirical
studies. The section next to this introduces the methodology and
data used in this study. The penultimate section presents
empirical results. The last section concludes the paper and pro-
vides policy implications.

Literature review
As for the agglomeration economy, Hoover (1937) first divided it
into two parts: specialized agglomeration and diversified
agglomeration. Marshall (2009) pioneered the idea that industrial
geographic agglomeration benefits from externalities. He posited
that the specialization resulting from the concentration of firms in
the same industry within a certain region yields scale effects in the
labor market and intermediate inputs. This concentration also
facilitates knowledge spillovers and technological diffusion,
thereby enhancing regional economic growth. Marshall’s
externality theory was later modeled by Arrow (1962) and Romer
(1990) to explain the effect of knowledge spillover on economic
growth, which is known as the MAR (Marshall–Arrow–Romer)
externality in academic circles. The agglomeration economy can
also be explained from the perspective of competitive advantage.
The intra-industry competition formed by the agglomeration of
similar enterprises can accelerate the absorption and improve-
ment of innovation achievements and help to improve pro-
ductivity and reduce risks (Porter, 2011). On the other hand,
diversified agglomeration emphasizes the externality of knowl-
edge spillover between different industries and points out that
important knowledge spillover often comes from outside the
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industry. The exchange of complementary knowledge between
industries can promote innovation, and the regional agglomera-
tion of a large number of diversified industries can drive eco-
nomic growth more than the agglomeration of similar industries
(Jacobs, 2016). Diversified agglomeration particularly highlights
those externalities that arise from the differences and com-
plementarities between industries. It underscores the unique role
of diversified agglomeration in fostering the emergence of new
ideas and stimulating regional economic growth, advocating for
the diversified development of urban industries.

Based on Marshall and Jacobs’s externality theory, scholars
have conducted many empirical tests on the impact of industrial
agglomeration on regional economic growth. De Lucio et al.
(2002) used dynamic panel data from 26 Spanish manufacturing
sectors from 1978 to 1992 to analyze the impact of industrial
agglomeration on economic growth, and the results showed that
both specialization and diversification had a positive impact on
employment. It is suggested that diversification and specialization
play different roles in the different stages of the product life cycle.
Comprehensive cities are more suitable for the early stage of the
product life cycle, while specialized urban environments are more
suitable for the mature stage of product development. A balanced
urban system should be the coexistence of comprehensive cities
and specialized cities, in which comprehensive cities can promote
the integration of new ideas and new products, while specializa-
tion cities specialize in standardized products (Duranton and
Puga, 2001). Henderson et al. (1995) found that there is both
specialized and diversified agglomeration for emerging high-tech
industries. This conclusion is consistent with the agglomeration
economic theory from the perspective of the industrial life cycle;
that is, emerging industries are generated and developed in large-
scale comprehensive cities, and the production of mature pro-
ducts will be moved to specialized cities with the development of
the industry. Batisse (2002) used Chinese provincial panel data to
test the relationship between specialized/diversified agglomera-
tion and industrial growth and concluded that diversified
industrial agglomeration is beneficial to industrial economic
growth, while specialized agglomeration is negatively correlated
with industrial economic growth. Zhang et al. (2021) indicate that
under the interaction of specialization agglomeration and diver-
sification agglomeration, the impact of industrial agglomeration
on urban economic resilience depends on the type of dual
industrial agglomeration, showing significant heterogeneity.
Gamidullaeva et al. (2022) utilized econometric methods based
on the extended exogenous growth model to confirm the impact
of territorial specialization factors on industrial economic growth.
Fritsch and Slavtchev (2008) found that in high-tech industries,
there exists an inverted U-shaped relationship between innova-
tion and industrial agglomeration; that is, excessive specialization
or diversification will lead to low efficiency of regional
innovation.

Theoretically, although industrial agglomeration produces the
total scale effect of carbon emissions and other pollutants, it will
cause serious environmental pollution problems (Ver-hoef and
Nijkamp, 2002; Duc et al., 2007). However, blind control of
industrial development is not conducive to the generation of an
agglomeration economy and the full effect of the agglomeration
economy effect (Zhou and Fan, 2016). In addition, according to
the traditional agglomeration theory and the new economic
geography theory, the agglomeration economy will promote the
application of clean technology in enterprises and improve the
efficiency of resource use, thus contributing to the reduction of
industrial carbon emissions (Krugman, 1998; Grossman and
Krueger, 1991; Enrenfeld, 2003; Wang et al., 2020; Zhang et al.,
2021). Wang et al. (2022) found information and communication
technology (ICT) agglomeration can indirectly reduce carbon

emissions through the mediating effect of technological innova-
tion, while ICT agglomeration can positively affect carbon
emissions by increasing economic scale. Shi and Shen (2013)
showed that industrial agglomeration can promote technology
spillover and improve energy efficiency. Han et al. (2014) inves-
tigated the impact of three external effects (knowledge spillover
effect, economies of scale effect of intermediate input, and labor
agglomeration effect) on industrial energy efficiency based on
panel data from China. The results show that economies of scale
and the knowledge spillover effect of intermediate input sig-
nificantly improve industrial energy efficiency. In the process of
diversified agglomeration, there exists a symbiotic relationship
between enterprises (that is, the by-products or wastes of one
enterprise may be the intermediate inputs or raw materials pro-
duced by another enterprise). Therefore, diversified agglomera-
tion promotes the recycling of resources within the region,
improves the efficiency of resource utilization, and thus reduces
carbon emissions (Enrenfeld, 2003). The carbon emission
reduction effect of industrial agglomeration is also reflected in the
provision of a variety of environmental protection infrastructure
and professional environmental protection industries. This is
even more obvious in the case of diversification. Diversified
agglomeration can provide various enterprises in the agglom-
eration with opportunities to share various low-carbon infra-
structures (Han et al., 2018). Capello (2015) also shows that Cities
with diversified agglomeration are more likely to share infra-
structure than cities with just specialized agglomeration.

With the deepening of the research on the carbon emissions
reduction effect of the agglomeration economy, many studies
show that the impact of agglomeration economies on carbon
emissions is nonlinear. BO and Jianfeng (2015) showed that
urban agglomeration has an inverted U-shaped impact on carbon
emissions. Xia et al. (2022) found fiscal decentralization’s effect
on carbon dioxide emissions in China shows a U-shaped curve,
initially decreasing with reduced coal consumption then
increasing with the growth of the secondary industry. Li (2014)
used threshold regression to study the inverted U-shaped rela-
tionship between industrial agglomeration and environmental
pollution. When the degree of marketization is low, improving
the level of industrial agglomeration will lead to environmental
pollution. However, when the marketization level exceeds a spe-
cific threshold, industrial agglomeration improves the environ-
ment. The nonlinear relationship between industrial
agglomeration and carbon emissions can also be explained from
the perspective of the life cycle of an industrial cluster. Wang et al.
(2022) discovered a significant U-shaped relationship between
spatial agglomeration and carbon emissions. Scientific planning
of urban clusters will achieve economies of scale and agglom-
eration effects, thereby reducing carbon emissions. In different
life cycle stages, agglomeration shows different characteristics in
R&D efficiency, resource allocation efficiency, inter-firm coop-
eration, and other aspects (Jircikova et al., 2013). Therefore,
specialization and diversified agglomeration economies can be
fully developed only when the agglomeration level exceeds a
certain threshold, thus improving the energy efficiency of enter-
prises and reducing the marginal cost of carbon emissions.

The first law of geography, formulated by Tobler (2004),
declares, “Everything is related to everything else, but near things
are more related than distant things.” This principle highlights
the importance of spatial proximity in understanding geographic
phenomena and is a foundational concept in the field of spatial
analysis and geography. Shan et al. (2023) develop a compre-
hensive method by integrating Bayesian maximum entropy,
Weather Research and Forecast, and backward trajectory models
to map PM2.5 transport trajectories and sources at a district level,
demonstrating significant seasonal transport patterns and policy
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implications for urban air quality management in cities like
Tianjin. Carbon emissions can be transmitted to surrounding
areas through economic factors such as industrial transfer or
natural factors such as atmospheric circulation, so carbon emis-
sions are not simply a local problem (Han et al., 2018). Therefore,
the total amount of carbon emitted in one region is inevitably
affected by its neighbors. This may have resulted from the
endogenous spatial interactions. For example, a region may
emulate the environmental policies of its neighbors or even
benefit directly from their efforts to reduce emissions (free-riders)
(Han et al., 2018). In addition, the reduction in carbon emissions
in a region may also arise from exogenous spatial interactions.
For example, the reduction of carbon emissions in one area may
benefit from the development of industrial agglomeration in
nearby areas. On the other hand, carbon emissions are con-
tinuous over time. One region’s current carbon emission may be
the result of previous economic activity or related decisions.
Therefore, the dynamic economic model can better reflect the
influence mechanism of the agglomeration economy on urban
carbon emissions. In addition, industrial agglomeration has dif-
ferent characteristics in different evolutionary stages, which may
produce different environmental externalities (Han et al., 2018).
Therefore, it is necessary to study the impact of the agglomeration
economy on carbon emissions in different periods (short-term
and long-term), so as to understand the impact mechanism of
agglomeration on carbon emissions more accurately and for-
mulate corresponding environmental policies.

At present, there are some studies on the spatial correlation
and temporal continuity of carbon emissions. Chuai et al. (2012)
used a spatial error model (SEM) to analyze carbon emissions
and their influencing factors. Spatial regression analysis shows
that carbon emissions from energy consumption are closely
related to GDP and population. Cheng et al. (2014) used the
static spatial Durbin model (SDM) to analyze what factors
influencing carbon intensity in China. The results show that
energy structure, industrial structure, energy intensity, and
urbanization rate are the leading factors influencing China’s
carbon emission intensity. Du et al. (2018) developed a spatio-
temporal analysis framework based on the maximum flux
principle, to assess the low carbon development of China’s 30
provinces from 2003 to 2013, reflecting the dynamic evolution
of low carbon progress. The results indicate that since 2008,
China’s low carbon development level has been on an upward
trend amidst fluctuations, yet provincial low carbon develop-
ment is imbalanced. This imbalance is closely linked to socio-
economic conditions, resource endowment, and geographic
location. Yuan et al. (2020) combined a threshold regression
model with a static spatial Durbin model to study the impact of
financial agglomeration on green development. The results show
that financial agglomeration is beneficial to urban green devel-
opment. In addition, the study conducted a phase analysis of
spillover effects. The results show that the spillover effect of
high-level financial agglomeration is stronger than that of low-
and medium-level financial agglomeration. Han et al. (2018)
used the static spatial Durbin model to analyze the impact of
specialized and diversified manufacturing agglomeration on
carbon emission reduction in China. Their study found an
inverted U-shaped relationship between manufacturing
agglomeration (specialized and diversified) and carbon emis-
sions. Both specialized and diversified agglomeration can sig-
nificantly promote local carbon emission reduction through
agglomeration externalities, while specialized and diversified
agglomeration also has a positive spillover effect on carbon
emission reduction in neighboring areas. Lan et al. (2021) found
that specialization agglomeration in manufacturing has a sig-
nificant impact on regional carbon emissions but does not have

a noticeable spillover effect on the carbon emission levels of
surrounding areas. Diversification agglomeration in manu-
facturing does not affect local carbon emissions but has a sig-
nificant negative spillover effect on adjacent regions. Based on
the panel error correction model, Lei et al. (2017) found that
industrial agglomeration is conducive to reducing environ-
mental pollution in the short term. But in the long run, there is
no necessary causal relationship between industrial agglomera-
tion and environmental pollution.

At present, no study has considered both spatial correlation
and temporal continuity when discussing the impact of manu-
facturing agglomeration on emission reduction. All studies con-
sidered only one aspect when constructing the model. In addition,
in the construction of a spatial econometric model, the existing
research only adopts a symmetrical matrix and does not consider
the differences in economic scale between regions. This study
attempts to establish a dynamic spatial econometric model based
on agglomeration economic theory. Based on the panel data of 17
major regions in South Korea from 2013 to 2019, this study
explores the internal mechanism and spatial effect of manu-
facturing agglomeration on carbon emissions.

Variable selection and methodology
Variable selection. This study, referring to the relevant literature,
proposes the following variables to establish the model: All data
are defined at the metropolitan or provincial levels (Table 1).

It is well known that manufacturing is more energy-intensive
than any other industry (Boyd et al., 1987). In South Korea, the
energy intensity of the manufacturing industry has deteriorated
since the mid-1980s because of the expansion of energy-intensive
industries, such as steel, cement, and petrochemicals (Korea Energy
Economics Institute, 1997). This phenomenon is unique compared
to the energy intensity trends in other countries. As the
manufacturing industry accounts for a large proportion of CO2

emissions in South Korea, the CO2 emissions of 25 manufacturing
sectors in 17 major regions (metropolitan and provincial) published
by the Korea Energy Agency were used as indicators to measure
carbon emissions (I). Using this index can better match the
specialized and diversified agglomeration index of manufacturing.

The specialized agglomeration index considered in this study is
the proportion of manufacturing employment in region i divided
by the proportion of manufacturing employment at the national
level (Combes, 2000; Han et al., 2018).

SPi ¼
empi;m=empi
empm=emp

ð1Þ

where empi,m and empm are the manufacturing employment
in region i and South Korea, respectively. empi and emp are
the total employment in region i and South Korea, respectively

Table 1 Definition of the variables.

Variable Definition Unit

I Carbon emission 103 ton
SP Specialized agglomeration %
DV Diversified agglomeration %
P Population size in districts People
A GDP per capita Won/person
EDU The proportion of Bachelor, Master and PhD

graduates
%

IND The proportion of Secondary Industry
employment

%

TECH Technological innovation, R&D expenditure/
GDP

%
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(Combes, 2000). For diversified agglomeration, we adopt the
improved method referred to by Henderson et al. (1995):

DVi ¼ ∑S

empi;s
empi

1=∑n
s�¼1; s�≠s empi;s�= empi � empi;s

� �� �2

1=∑n
s�¼1; s�≠s emps�= emp� emps

� �� �2

2
64

3
75

ð2Þ
where empi,s represents the employment of manufacturing
sector s in region i. empi represents the total quantity of
employment in region i. empi;s� represents the quantity of
employment of sector s’ except sector s in region i. emps�
represents the quantity of employment of sector s’ except
sector s in South Korea. emps is the employment of the
manufacturing sector s in Korea. Here, emp is the total
quantity of national employment.

Five control variables were included in this study. First, this
study uses the total regional (metropolitan or provincial)
population to measure the population size (P). Second, per
capita affluence (A) is measured by regional GDP per capita.
Third, many studies have shown that CO2 emissions are related
to local human capital. In this study, the proportion of bachelor’s,
master’s, and PhD graduates was used to measure human capital
(EDU) (Ang, 2009; Han et al., 2018). Fourth, the specialized and
diversified manufacturing agglomeration is affected by industrial
structure, which has different effects on environmental pollution
at different stages of economic development. As environmental
pollution mainly comes from the waste discharged in the
industrial production process, this study chooses the proportion
of employment in the secondary industry to the total local
employment to measure the industrial structure (IND) (Pouma-
nyvong and Kaneko, 2010; Han et al., 2018). Finally, scientific and
technological innovation is closely related to environmental
pollution. The input of scientific and technological innovation
contributes to the optimization of the production mode and
structure of enterprises and also provides the possibility for the
improvement of environmental pollution, especially the innova-
tion of green technology. This study selects the proportion of
R&D expenditure of major institutions (universities and scientific
research institutions) in the GDP of each region to measure the
level of scientific and technological innovation in the region
(TECH) (Zhou and Fan, 2016).

Data sources. The sample utilized in this study is derived from 17
main administrative regions (one special city, seven metropolitan
cities, and nine provinces) in South Korea, observed from 2013 to
2019. The key variable data were sourced from the Korea Statis-
tical Information Service (KOSIS) and the Korea Energy Agency.

Model specification. Dietz and Rosa (1994) found that factors
affecting urban carbon emissions mainly include population scale,
urban per capita affluence, and the technology level of energy
utilization. Among them, the growth of urban population and per
capita affluence will increase total carbon emissions, and the
improvement of technology level of energy use is conducive to
energy conservation and emission reduction. This study is based
on the Stochastic Impacts by Regression on Population Affluence
and Technology (STIRPAT) theoretical model established by
Dietz and Rosa (1994) and expands the original theoretical model
by introducing manufacturing agglomeration. The traditional
STIRPAT theoretical model is as follows:

I ¼ αPλ1Aλ2Tλ3e ð3Þ
where I represents carbon emission, α is a constant term, P is the
population scale, A is per capita affluence, T is the technology

level of energy utilization, λ1, λ2, and λ3 represent their respective
elastic coefficients; and e is other disturbance factors. With the
development of the manufacturing industry, an agglomeration
economy is formed. The scale effect and technology spillover
effect produced by the agglomeration economy can improve
energy recycling efficiency and reduce carbon emissions. There-
fore, the technological level of energy use can be regarded as an
increasing function of manufacturing agglomeration (AGG).

T ¼ T0AGG
β; β> 0 ð4Þ

where T0 is a constant term, indicating other factors that can
affect the technology level of energy use, except the technology
spillover effect from agglomeration economic externalities. The
AGG represents the level of manufacturing agglomeration. Due to
the different stages of urban development, there may be two
forms of manufacturing agglomeration, specialization, and
diversification, and both can bring scale effect and technology
spillover effect of agglomeration so as to improve energy utili-
zation efficiency (Han et al., 2018). Therefore, the manufacturing
agglomeration level (AGG) can be expressed as specialized
agglomeration (SP) or diversified agglomeration (DI) (Zhang
et al., 2021). β is the elasticity of the manufacturing agglomeration
to the technology level of energy use. Substituting the above
equation into the traditional STIRPAT theoretical model, the
functional relationship between manufacturing agglomeration
and carbon emissions can be obtained as follows (Han et al.,
2018):

I ¼ αPλ1Aλ2Tλ3
0 AGG

θ1e ð5Þ
According to the theoretical model of STIRPAT, λ1 > 0, λ2 > 0,

and βλ3= θ1 < 0. After taking the logarithm of Eq. (5), the
following form can be obtained:

lnI ¼ α0 þ λ1lnP þ λ2lnAþ θ1lnAGGþ θ2ðlnAGGÞ2 þ θ3lnX þ ε

ð6Þ
In Eq. 6, α0 represents αλ3lnT0, X represents other variables

that affect carbon emissions, θ3 represents their elastic coeffi-
cients, and ε is the error term. Considering that the impact of
manufacturing agglomeration on carbon emissions may be
nonlinear, this study extends the quadratic term of ln AGG into
Eq. (6) and with θ2 as its elastic coefficient.

The carbon emissions were spatially correlated. Carbon
emissions spread not only naturally across regions but also
spatially spread with the development of transport infrastructure
and communication technologies (Han et al., 2018). In addition,
the externalities generated by a region’s agglomeration economy
can also benefit neighboring regions by reducing carbon
emissions. Therefore, in order to obtain consistent parameter
estimation by considering the spatial interaction of carbon
emissions, a spatial econometric model was adopted in this
study. In addition, since carbon emissions are continuous in time,
the time lag term of the dependent variables is added in this study
to reflect the dynamic mechanism of carbon emissions. Based on
the above analysis, this study constructs a Dynamic Spatial
Durbin model that considers the spatial lag terms of both
dependent and independent variables, and the time lag terms of
the dependent variables (Elhorst, 2014). When the observed
values of each unit of the cross-section at time t are written as
vectors, the Dynamic Spatial Durbin model can be expressed as
follows:

lnIt ¼ aþ φlnIt�1 þ δWlnIt þ ρZt þ ηWZt þ μþ v þ ut ð7Þ
where lnIt is an N × 1 vector consisting of an observed value of
the explained variable for each spatial unit i (i= 1, …, N) at
time t (t= 1, …, T), Zt is the N × K vector of independent
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variables including population scale, per capita affluence,
manufacturing agglomeration level (SP or DV), the quadratic
term of manufacturing agglomeration level (SP or DV), and
other control variables; and μ and v are regional and time
effects, which can be fixed or random effects. The choice
between fixed effects and random effects can be determined
through the Hausman test. φ is the corresponding parameter of
the time lag value of the explained variable. δ represents the
spatial autocorrelation coefficient, which directly influences the
spatial interaction of carbon emissions across different regions;
W is the spatial weight matrix with each element Wij (i ≠ j),
which represents the interaction effect among different regions.
ρ and η explain the main and spillover effects of each
independent variable on the dependent variable. In spatial
econometric modeling, spatial interactions among error terms
are also considered (ut= ξWut+ εt). where ξ represents the
spatial autocorrelation coefficient of the error term. A model
that includes only this spatial coefficient is referred to as a
spatial error model (SEM). This term captures unobserved
shocks that follow a spatial pattern. Instead of disregarding
spatial dependencies in disturbances, the SDM offers an
alternative specification for error dependence (LeSage and
Pace, 2009). Moreover, the SDM model nests the SEM one since
the latter can be derived after imposing an appropriate non-
linear restriction on parameters. Additionally, if a spatial
econometric model includes only the spatial lag of the
dependent variable, it is referred to as a spatial autoregressive
model (SAR).

When an equation includes a spatial lag of the dependent
variable, parameter estimation cannot be interpreted as a
marginal effect (LeSage and Pace, 2009). To address this issue,
Lesage and Pace (2009) proposed decomposing the influence
coefficient and further investigating the influence and its
mechanisms using the partial differential method. They identified
three distinct marginal effects: the direct effect, which gauges the
impact of independent variables on local dependent variables and
is similar to the regression coefficient; the indirect effect, which
denotes the spillover effect of independent variables from one
region on the dependent variables of other regions; and the total
effect, which is the cumulative result of both direct and indirect
effects. Since the dynamic Durbin model contains the time lag
term of the dependent variable, direct and indirect effects can be
calculated separately in the short and long term (Elhorst, 2014).
To calculate the short-term and long-term effects, we can re-write
the reduced form of Model 5:

lnIt ¼ ðI � δWÞ�1φlnIt�1 þ ðI � δWÞ�1ðρZt þ ηWZtÞ þ ðI � δWÞ�1R

ð8Þ
where R includes a, μ, v, and ut. At time t, the partial derivative
matrix of the kth independent variable corresponding to the
expected value of lnIt can be expressed as

½∂EðlnItÞ=∂Z1k ¼ ∂EðlnItÞ=∂ZNk�t ¼ ðI � δWÞ�1½ρkIN þ ηkW�d ð9Þ

½∂EðlnItÞ=∂Z1k ¼ ∂EðlnItÞ=∂ZNk�t ¼ ðI � δWÞ�1½ρkIN þ ηkW�rsum

ð10Þ
These partial derivatives represent the short-term effects of the

explanatory variable k in spatial unit i on the explained variables
in all spatial units. The superscript d denotes the operator that
calculates the mean diagonal element of the coefficient matrix,
which represents the short-term direct effects of each indepen-
dent variable. The superscript rsum denotes the operator that
calculates the mean row sum of the non-diagonal elements that
represent the short-term indirect (spillover) effects of each
independent variable. The long-term effect of the independent

variable can be obtained by considering the time lag coefficient
(φ) of the dependent variable (Debarsy et al., 2012).

½∂EðlnItÞ=∂Z1k ¼ ∂EðlnItÞ=∂ZNk�t ¼ ½ð1� φÞI � δWÞ�1½ρkIN þ ηkW�d

ð11Þ

½∂EðlnItÞ=∂Z1k ¼ ∂EðlnItÞ=∂ZNk�t ¼ ½ð1� φÞI � δWÞ�1½ρkIN þ ηkW�rsum

ð12Þ
In the dynamic spatial Durbin model, the direct and spillover

effects of explanatory variables depend on φ, δ, and η. Thus, the
ratio between direct and indirect effects is different for different
independent variables, allowing greater flexibility in coefficients
(Elhorst, 2014).

When the spatial lagged dependent variable is added into the
Spatial Durbin model as an explanatory variable, the use of OLS
may lead to coefficient estimation bias (LeSage and Pace, 2009).
This is because of the Spatial Durbin model violates the assumption

of the standard regression model that E ∑N
j¼1ðWijlnIjtÞuit

�h i
¼ 0:

This research employs the quasi-maximum likelihood estimator
introduced by Lee (2004), which explicitly accounts for the
structural form of the endogeneity associated with the spatially
lagged dependent variable.

Determining and testing for spatial autocorrelation. Spatial
autocorrelation refers to the degree to which a spatial attribute is
correlated with itself through space. It is a measure of the extent
to which nearby or neighboring locations exhibit similar attribute
values (LeSage and Pace, 2009). Theoretically, spatial auto-
correlation is significant because many processes in nature, eco-
nomics, and other fields are inherently spatial. For instance, in
regional science and economic geography, the spatial arrange-
ment of economic activity can significantly impact various out-
comes. It contradicts the assumption of independence commonly
used in standard statistical techniques, implying that observations
nearby in space are more similar than those further apart. This
can affect the validity of inferences about relationships between
variables. Positive spatial autocorrelation occurs when similar
values cluster together in space, while negative one occurs when
dissimilar values do so. It can be global (affecting the whole study
area) or local (affecting specific areas). Common tests for Spatial
Autocorrelation include Moran’s I, Geary’s C, and the Getis-Ord
General G. These tests help determine whether spatial auto-
correlation is present and whether it is positive or negative.
Moran’s I is a widely used measure that compares the spatial
structure of the dataset to a random spatial arrangement to
determine the presence and type of autocorrelation (Getis, 2009).

spatial weights matrix. In Eq. (6), Wij denotes an N ×N spatial
weight matrix that illustrates the spatial arrangement of the observed
units. The robustness of the findings was verified using various
weighting matrices. Initially, the inverse distance matrix (W1) was
utilized, with the assumption that as the distance between two units
increases indefinitely, their correlation approaches zero. In this
context, dij represents the Euclidean distance (i.e., the simple
straight-line distance) between region i and j, and dij−1 is the reci-
procal of dij, indicating the inverse distance between two regions.

Additionally, the distance matrix is weighted with regional
GDP to represent a gravity function, illustrating the disparities in
economic activity across regions (Bottasso et al., 2014). Matrix
W2 is defined as follows:

W2 ¼ GDPi ´GDPj=d
2
ijði≠ jÞ ð13Þ

W2 is the inverse of squared distances, multiplied by the GDP
levels of regions i and j. The ij entry is measured in the first year
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to mitigate potential endogeneity issues (Corrado and Fingleton,
2012). The final spatial weights matrix W3 is the asymmetrical
matrix with regional economic differences:

W3 ¼ W1 ´ diagðGDPi=GDPaÞ ð14Þ
where diag(GDPi/GDPa) represents a diagonal matrix and GDPa
represents the average GDP of all regions. In W3, the mutual
effects of the two regions are not identical (i.e., Wij ≠Wji). The
economic information in this matrix is directional, indicating that
regions with higher economic development exert stronger
spillover effects on those with lower development levels. This
asymmetry highlights the varying degrees of mutual influence
between regions (Zhang et al., 2018).

Analysis results
Data analysis and discussion. The details of all the variables are
presented in Table 2. The relatively large standard deviations
indicate significant differences in regional development and car-
bon emissions. Hence, accounting for regional heterogeneity by
including regional fixed effects and control variables in the model
specifications is necessary. Furthermore, the Jarque–Bera (JB) test
results for the variables show that the null hypothesis, which
states that the data comes from a normally distributed popula-
tion, cannot be rejected at the 5% significance level for any of the
variables.

Prior to constructing the model, this study performed a
correlation coefficient analysis and a variance inflation factor
(VIF) test on the main variables to determine if significant
collinearity exists among them (Table 3). The results showed that
the correlation coefficient between SP and DV was high (−0.787),
but the other main variables were not highly correlated.
Moreover, the Variance Inflation Factor (VIF) values for SP
and DV have reached 211.30 and 198.63, respectively, which are
far >10, suggesting that there may be multicollinearity between
the two variables. There was a significant inverse relationship
between SP and DV, which is similar to the results of previous
studies. This result shows that specialized and diversified
agglomerations are obvious in each region of South Korea. To
make reasonable use of the limited resources, each region is
committed to developing one type of industrial agglomeration

mode. Appendix A lists the index of specialized and diversified
agglomeration in 17 main administrative regions of South Korea
in 2019; it can be seen that Seoul and Jeju have a higher
diversified agglomeration index, and the areas with higher
specialized agglomeration index are concentrated in the industrial
complex on the southeast coast of South Korea. In addition,
because of the high correlation coefficient between SP and DV,
the impacts of SP and DV on carbon emissions will be estimated
separately in this study in order to prevent collinearity from
biasing the estimation results. The software utilized in the
empirical study included Stata16, Matlab 2022b, and its spatial
econometrics toolbox.

Estimation procedure. First, this study employs the panel Mor-
an’s I index to investigate the overall spatial dependence among
the observed carbon emissions, aiming to understand the spatial
transmission mechanism of carbon emissions in the selected
regions. According to Table 4, Moran’s I values of carbon emis-
sion based on W1, W2, and W3 are 0.216, 0.276, and 0.249,
respectively, with p-values are at least <0.05. Therefore, carbon
emissions exhibit significant positive spatial dependence
throughout the entire panel period. This indicates that regions
with high levels of carbon emissions tend to cluster together with
other regions exhibiting similarly high emissions. This pattern
aligns with the geographical distribution of the manufacturing
industry in Korea, where most major manufacturing industries
are concentrated in the southeastern coastal areas or around the
capital. This result also suggests that there is a spatial correlation
between the dependent variables, necessitating the introduction of
a spatial econometric model for further analysis.

Table 2 Descriptive statistics.

Variable Mean Std. dev. Min Max JB statistic

I 19,172.2 22,480.3 95.6 77,934.1 5.943
SP 1.0508 0.4880 0.2214 1.8645 1.141
DV 0.3067 0.2912 0.1075 1.3489 3.894
P 3034,869 3194,480 122,153 1.32e+ 07 4.204
A 3.41e+ 07 1.10e+ 07 1.88e+ 07 6.53e+ 07 4.967
EDU 0.0088 0.0043 0.0027 0.0244 0.705
IND 0.2782 0.0891 0.1211 0.4358 0.574
TECH 34.8934 41.4866 7.2588 193.4782 5.735

Table 3 Correlation analysis.

SP DV P A EDU IND TECH VIF

SP 1 211.30
DV −0.787 1 198.63
P −0.028 0.081 1 2.99
A 0.397 −0.217 −0.041 1 2.61
EDU −0.194 0.002 −0.183 0.047 1 2.12
IND −0.177 0.139 −0.206 0.448 0.182 1 1.55
TECH −0.133 −0.065 0.198 −0.165 0.318 −0.225 1 1.22

Table 4 Moran’s I values of carbon emission for the whole
panel period.

2013–2019 W1 W2 W3

Moran’s I values 0.216*** 0.276** 0.249***
Observations 119 119 119

* p < 0.10, ** p < 0.05, *** p < 0.01.
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In this study, the impact of SP and DV on carbon emissions
was estimated separately. In Model 1, we measured the impact of
SP on carbon emissions, according to Eq. (7). In Model 2, we
measured the impact of the DV on carbon emissions.

In panel data analysis, the Hausman test is employed for model
selection, with the null hypothesis suggesting that the preferred
model is random effects rather than fixed effects (Greene, 2008).
Lee and Yu (2012) extended the Hausman test to spatial panel
models. Consequently, this study initially determined the model
form using the Hausman test. For all model specifications, the
Hausman test results (Table 5) exhibited p-values of <0.1.
Therefore, a fixed-effects model was chosen over a random-effects
model. Additionally, the likelihood ratio (LR) test (Table 5)
indicated that the model should include both spatial and time-
period fixed effects (Elhorst, 2014).

When selecting the exact form of the spatial panel model, the
LM test and robust LM test are commonly used to initially check
the model form (Anselin et al., 2008). Table 5 indicates that the
LM and robust LM statistics for the SAR model passed at least the
10% significance level in Models 1 and 2. The LM statistics for the
SEM also passed at least the 5% significance level in Models 1 and
2; however, the robust LM statistics did not pass the significance
test in Model 1 with W2. This suggests that the SAR model may
be preferable to the SEM, further confirming the spatial
dependence of these influencing factors.

Although the LM and robust LM test statistics suggest that the
SAR model is superior, a more generalized SDM should be
further established (LeSage and Pace, 2009), and the optimal
model type should be selected through the Wald and LR tests.
The Wald and LR tests were employed to test the hypotheses H0:
η= 0 and H0: η+ δρ= 0. Table 5 shows that in all model
specifications, the Wald and LR statistics for the SDM, simplified
to the SAR model, passed the significance test at the 5% level.
Similarly, the Wald and LR statistics for the SDM, simplified to
the SEM, also passed the 5% significance test. This indicates that
the SDM should be adopted instead of the SAR or SEM.

Empirical estimates of dynamic SDM. The estimation results of
the dynamic SDM are presented in Table 6. It can be seen that the
time lag term of CO2 emissions (lnIt−1) is positive under the three
spatial weight matrices in Models 1 and 2 and passes the sig-
nificance test at least 1% level, indicating that CO2 emissions in
South Korea have significant dynamic effects, that is, CO2 emis-
sions have significant path-dependent characteristics. Regions
with high carbon emissions this year tend to stay that way for
years to come. This also means that reducing emissions is a long-
term task. The coefficient (δ) of the spatial lag term is positive
under the three spatial weight matrices in Models 1 and 2 and
passes the significance test at least at the 10% level, indicating that
the CO2 emissions show obvious spatial dependence under the
effects of endogenous spatial interaction, and further verifies the
existence of spatial correlation.

Because the spatial autoregression coefficient (δ) in Table 2 is
significantly non-zero, it is not appropriate to directly use the
model estimation values (point estimates) to judge the marginal
effect of each independent variable on the dependent variable
(LeSage and Pace, 2009). Therefore, this study uses the partial
differential method to decompose the direct, indirect, and total
effects of each explanatory variable on carbon emissions.

Table 7 shows the impact of specialized agglomeration on
carbon emissions under each spatial weight matrix. First, in the
short term, the direct effects of specialized agglomeration are not
statistically significant, but their quadratic terms are significantly
negative under each spatial weight matrix. The results show that
with the increase in specialized agglomeration level, local carbonT
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emissions show an inverted U-shaped trend of first increase and
then decrease. The inflection point (k) of the inverted-U curve
can be measured using the formula −m/2n, where m is the linear
coefficient of the specialized agglomeration and n is the quadratic
coefficient. Since the direct effect of specialized agglomeration is
not statistically significant, this illustrates that the inflection point
(k) of specialized agglomeration is zero. As can be seen from
Table 2, the minimum value of the specialized agglomeration
index is >0 (0.2214). This indicates that the specialized
agglomeration of South Korea’s manufacturing has positive
agglomeration externalities on carbon emission reduction. This
result is consistent with previous studies (Han et al., 2018; Lan
et al., 2021). The indirect effects of specialized agglomeration and
its quadratic terms under each spatial weight matrix are
significantly negative and represent an inverted U-shaped trend.
The k values of specialized agglomeration are negative under each
spatial weight matrix, but the actual indexes of specialized
agglomeration are all >0. This indicates that the improvement of
specialized agglomeration level in a region is also conducive to
reducing the carbon emissions of its neighboring regions, which is
due to the spatial spillover effect of specialized agglomeration.
This may be because specialized agglomeration refers to the
aggregation of enterprises in the same industry, and technology
spillovers within the industry are more likely to occur. Once an
enterprise has mastered relevant pollution control technology,
other enterprises in the neighborhood can acquire relevant
technology in a short time, thus significantly reducing the overall
pollution emissions. Moreover, because specialized agglomeration
involves the same types of enterprises, they also emit the same
pollutants, making it easier to achieve economies of scale in the
treatment of pollutants. This result differs from previous studies.
For example, research set against the backdrop of China indicates
that the spillover effects of manufacturing specialization agglom-
eration on carbon emissions in adjacent areas are not significant
(Lan et al., 2021). This discrepancy may be attributed to South
Korea’s relatively smaller territorial size, which could lead to
more pronounced spillover effects. The total effect of specialized
agglomeration and its quadratic term is significantly negative
under each spatial weight matrix, also showing an inverted

U-shaped trend. This suggests that specialized agglomeration can
reduce overall carbon emissions in the short term.

In addition, in the short term, the direct effects of population
size on carbon emissions are significantly positive in the
estimation results for each spatial weight matrix, indicating that
an increase in urban population size raises the carbon emission
level. The direct impacts of GDP per capita on carbon
emissions pass the significance test, indicating that there is a
positive relationship between local carbon emissions and GDP
per capita. The indirect impact of GDP per capita is also
positive and statistically significant, which may indicate that an
increase in GDP per capita in a certain region will also raise
carbon emissions in neighboring regions. This proves that
South Korea’s manufacturing industry generates a large amount
of greenhouse gases along with its economic development.
Carbon emission reduction and energy conservation remain an
important task for the government. The direct effect of human
capital is significantly negative in all spatial weight matrices,
and the indirect effect is significantly negative only in W2.
Therefore, the promotion of human capital is conducive to the
reduction of carbon emissions in the local manufacturing
industry. This result illustrates that the high-level personnel
represented by the ratio of bachelor’s, master’s, and PhD
graduates can improve carbon emissions reduction through
technological and productivity advances.

Second, in the long run, the total effect of specialized
agglomeration is significantly negative under each spatial weight
matrix, and their quadratic terms are also significantly negative.
This suggests that, in the long run, an inverted U-shaped
relationship between specialized agglomeration and carbon
emissions is still evident. Specialized agglomeration can improve
the utilization rate of resources and form agglomeration
externalities more widely in the long run to achieve the goal of
carbon emission reduction.

Table 8 shows the impact of diversified agglomeration on
carbon emissions for each spatial weight matrix. First, in the
short term, the direct effects of diversified agglomeration on
carbon emissions are significantly negative under different
spatial weight matrices, and their quadratic terms are also

Table 6 Spatial regression results for the dynamic SDM with W1, W2, and W3.

Variables Model 1 Model 2

W1 W2 W3 W1 W2 W4

lnIt−1 0.593*** (7.370) 0.508*** (6.290) 0.547*** (6.578) 0.329*** (3.894) 0.350*** (4.070) 0.344*** (4.095)
lnSP 0.026 (0.420) −0.042 (−0.677) 0.002 (0.035) – – –
(lnSP)2 −0.217*** (−5.162) −0.200*** (−4.969) −0.204*** (−4.846) – – –
lnDV – – – −0.308*** (−5.426) −0.304*** (−5.529) −0.270*** (−4.947)
(lnDV)2 – – – −0.057*** (−3.631) −0.056*** (−3.826) −0.064*** (−4.213)
lnP 0.535* (1.900) 0.716** (2.530) 0.635** (2.158) 0.414 (1.454) 0.342 (1.191) 0.291 (1.079)
lnA 1.170*** (2.939) 1.162*** (2.920) 1.144*** (2.846) 0.121 (0.342) 0.084 (0.232) −0.056 (−0.156)
lnEDU −0.347* (−1.780) −0.569*** (−2.804) −0.417** (−2.028) −0.158 (−0.818) −0.190 (−0.942) −0.425** (−2.062)
lnIND 0.232 (1.149) −0.046 (−0.223) 0.104 (0.487) 0.240 (1.095) 0.199 (0.884) 0.104 (0.462)
lnTECH 0.031 (0.338) 0.004 (0.045) 0.001 (0.009) −0.010 (−0.101) −0.024 (−0.264) −0.007 (−0.075)
W*lnSP −0.564*** (−2.681) −16.229*** (−3.242) −5.960** (−2.414) – – –
W*(lnSP)2 −0.834*** (−5.371) −8.966*** (−4.160) −6.316*** (−4.764) – – –
W*lnDV – – – −0.054 (−0.161) −0.052 (−0.156) 0.114 (0.185)
W*(lnDV)2 – – – −0.048 (−0.572) 0.005 (0.072) −0.141 (−0.965)
W*lnP 1.444** (2.195) 0.664 (0.284) −0.038 (−0.051) −0.540 (−0.945) −1.422* (−1.799) 0.871 (0.287)
W*lnA 5.572*** (4.315) 5.411** (2.526) 4.601*** (3.953) 0.345 (0.409) 0.364 (0.412) −0.902 (−0.497)
W*lnEDU 0.203 (0.630) −5.187** (−2.023) −0.844 (−0.862) 0.173 (0.501) −0.458 (−0.444) −5.409** (−1.970)
W*lnIND 0.132 (0.362) −0.579 (−0.547) −0.347 (−0.564) 0.144 (0.365) −0.009 (−0.014) −0.048 (−0.037)
W*lnTECH 0.065 (0.254) −0.103 (−0.191) −0.065 (−0.256) −0.195 (−0.660) −0.186 (−0.677) −0.161 (−0.265)
δ 0.428*** (2.587) 0.431* (1.935) 0.376*** (2.587) 0.181* (1.857) 0.174* (1.012) 0.543** (2.035)
R2 0.789 0.636 0.777 0.724 0.558 0.716
log-lik −1458.565 −651.682 −609.408 106.991 94.103 −1037.39
AIC −156.8 −150.7 −151.8 −155.7 −151.7 −150.4

t statistics in parentheses,
* p < 0.10, ** p < 0.05, *** p < 0.01.
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significantly negative. This shows that diversified agglomeration
exerts obvious agglomeration externalities and promotes the
reduction of local carbon emissions in the short term. The
quadratic term of the direct effect is also significantly negative,
suggesting that with the increase in diversified agglomeration,
the regional carbon emission level presents an inverted
U-shaped trend of first increasing and then decreasing. Because
the inflection point k value is negative, the actual values of the
diversified agglomeration index are all >0, indicating that the
diversified agglomeration level of South Korea’s manufacturing
industry is located on the falling side of the inverted U-shaped
curve. This means that diversified agglomeration will continue
to exert positive externalities on carbon emission reduction in
the short run. On the other hand, the indirect effects and total
effects of diversified agglomeration on carbon emissions are
insignificant under different spatial weight matrices, and their
quadratic terms are also insignificant. This result may indicate
that the spillover effect of diversified agglomeration on carbon
emissions in neighboring areas is not obvious. This result
differs from that of specialized agglomeration. A possible
reason is that the diversified agglomeration in South Korea is
mainly concentrated in regions dominated by tertiary industry,
and the tertiary industry is developed with low pollution, which
does not have an obvious impact on the carbon emissions of
other regions.

Second, in the long run, the direct effects and their quadratic
terms of diversified agglomeration are also significantly negative
under different spatial weight matrices. This shows that in the
long run, diversified agglomeration promotes the development of
tertiary industry and emerging industries, which will continu-
ously improve the level of economic development of the city and
enable the city to increase investment in environmental
protection and gradually improve the environmental quality.

Endogeneity test. This study also addresses endogenous pro-
blems stemming from the bidirectional causality between carbon
emissions and the agglomeration economy. To test the reliability
of the model and investigate whether the model has endogeneity,
this study also estimates the non-spatial fixed effects model and
the non-spatial dynamic model (Appendix B). In the non-spatial
fixed effect model, we still found an inverted U-shaped rela-
tionship between manufacturing agglomeration and carbon
emissions. The positive effect of manufacturing agglomeration on
carbon emission reduction was verified again.

A systematic GMM is a common method for the endogeneity
test. It sets the difference and lag terms of endogenous
explanatory variables as instrumental variables, which can solve
the problem of inconsistent model estimates and overcome the
problem of weak instrumental variables of differential GMM
(Blundell and Bond, 1998). As a control for endogeneity, this
study uses the systematic GMM method to estimate the panel
data with the different terms of independent variables as the
instrumental variable. The insignificant values of the Hansen test
in the systematic GMM estimation show that the instruments
used in the estimation are independent of the error term.
Therefore, over-identification does not exist, and the instruments
are valid. In addition, the Arellano and Bond tests showed that
only first-order serial correlation existed in the error term, while
the second-order serial correlation test was not significant,
confirming that the model had no higher-order serial auto-
correlation. The GMM estimates also found an inverted U-shaped
relationship between manufacturing agglomeration (specializa-
tion and diversification) and carbon emissions. The results show
that the estimation result of the dynamic spatial Durbin model is
robust, and endogeneity may not be serious in this study.

Conclusion
South Korea intends to achieve zero carbon emissions by 2050,
which makes its economic restructuring face the dual constraints
of carbon emission control and economic growth. This paper uses
the Dynamic Spatial Durbin model to investigate whether man-
ufacturing agglomeration in South Korea is conducive to carbon
emission reduction.

The relationship between manufacturing agglomeration (spe-
cialization and diversification) and carbon emissions in South
Korea shows an inverted U-shape. That is to say, specialized and
diversified agglomeration plays the role of first aggravating and
then restraining carbon emissions. At present, the levels of
manufacturing agglomeration (specialization and diversification)
in South Korea are all above the critical value (k); that is, these
regions have been on the descent position of the inverted
U-shaped curve. Therefore, with the improvement in the manu-
facturing agglomeration level, carbon emissions can be con-
tinuously and effectively reduced.

Since this study adopts spatial econometric analysis, it is pos-
sible to measure the spillover effect of manufacturing agglom-
eration on carbon emission reduction in neighboring areas. The
results show that specialized agglomeration not only benefits local
carbon emission reduction but also has a positive spillover effect
on carbon emission reduction in neighboring regions. One pos-
sible reason is that a region may benefit directly from its neigh-
bors’ efforts to reduce carbon emissions (free-riders). In addition,
specialized agglomeration is conducive to knowledge spillover
and technology diffusion, thus promoting the adoption of
environmentally friendly technologies in the adjacent industrial
agglomeration areas to achieve the goal of carbon emission
reduction. On the other hand, this study found that diversified
agglomeration only has an obvious inhibitory effect on local
carbon emissions, but the spillover effects on neighboring regions
are not obvious.

In this study, a dynamic model was used to consider the
temporal continuity of carbon emissions. Therefore, the short-
term and long-term impacts of manufacturing agglomeration on
carbon emission reduction can be analyzed. The results show that
in the short term, specialized agglomeration is beneficial to reduce
local and neighboring carbon emissions. In the long run, the
effect of specialized agglomeration on the overall emission
reduction is still obvious. However, diversified agglomeration can
only reduce local carbon emissions in the short term, but the
spillover effect on neighboring areas is not obvious. In the long
run, diversified agglomeration can effectively reduce local carbon
emissions, but the spillover effect on neighboring areas is still not
obvious.

On this basis, this study has several policy implications.
First, both specialized and diversified agglomerations can
effectively reduce local carbon emissions. This means that the
existing manufacturing agglomeration in South Korea has
been able to fully generate agglomeration externalities,
improve energy efficiency, and reduce carbon emissions.
Therefore, the government should continue to support the
long-term development of Korea’s major traditional manu-
facturing base by promoting the agglomeration of similar
enterprises and improving the infrastructure manufacturing
base. At the same time, the government should focus on
promoting efficient, technology-driven agglomeration that
maximizes productivity while minimizing environmental
impact. This could include supporting innovation clusters and
investing in green technologies within industrial areas. Sec-
ond, specialized agglomeration of manufacturing is beneficial
to carbon emission reduction in neighboring areas. This
reflects that specialized agglomeration is more likely to induce
knowledge spillover and technology diffusion. Therefore, the
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government should increase scientific research investment in
specialized agglomeration areas, encourage the development
of new technologies, and build an information-sharing plat-
form to promote the exchange and popularization of new
technologies. Furthermore, the government can investigate the
optimal design and scale of policies to harness positive spil-
lovers effectively, including regional collaboration and
technology-sharing initiatives.

Based on the research result, several limitations might be
inherent in the study that need to be acknowledged. First, while
the dynamic spatial Durbin model is robust for spatial econo-
metric analysis, it may not capture all nuances of the relationship
between manufacturing agglomeration and carbon emissions,
especially when considering the complex interplay of economic,
technological, and policy factors. Second, the study’s reliance on
specific types of agglomeration (specialized and diversified) may
not consider other forms of industrial agglomeration that could
also impact carbon emissions and economic growth. Third, the
study’s conclusions are based on available data, which might have
limitations regarding accuracy, completeness, and representa-
tiveness. Data constraints could affect the robustness of the
findings and the derived policy implications. Last, while the
results provide critical understandings applicable to countries
with similar industrial structures and policy environments, the
generalizability of the findings might be limited by regional
specificities such as economic development stages, industrial
policies, and environmental regulations.

This study not only contributes to the specific case of South
Korea’s carbon neutrality goals but also enriches the broader
discourse on sustainable development, economic geography, and
environmental policy. It underscores the importance of con-
sidering both the economic structure and technological
advancements in addressing environmental challenges, and it
sets the stage for a multifaceted approach to future research and
policy-making in the realm of sustainable industrial development
and carbon management. The study’s findings on South Korea’s
manufacturing agglomeration and its impact on carbon emis-
sions intersect with existing environmental and economic the-
ories and suggest several pathways for future research. First, the
positive environmental impact of specialized agglomerations due
to technology diffusion suggests a link between industrial clus-
tering, innovation, and environmental sustainability. Future
research might explore the specific mechanisms through which
agglomeration affects carbon emissions, including the role of
technology transfer, infrastructure development, and regulatory
environments. Researchers might also investigate different types
of agglomeration beyond specialization and diversification. Sec-
ond, the study’s policy implications emphasize both specializa-
tion for knowledge spillovers and diversification for robust local
emission reductions. Future research directions could involve
designing and assessing policies that balance these aspects,
understanding the optimal mix of specialization and diversifi-
cation for different regions, and exploring how these strategies fit
into broader national and international climate goals. Third, the
use of a dynamic model to differentiate short-term and long-
term effects offers a valuable perspective for understanding the
temporal dynamics of environmental impact. The differing
effects of specialized and diversified agglomerations over time
highlight the complex nature of industrial evolution and its
environmental implications. Future research might further
explore these temporal aspects, considering how changes in
industry, technology, and policy influence the speed and direc-
tion of environmental impacts over time. Besides, comparative
studies across different countries or regions could also reveal
how varying economic, cultural, and regulatory contexts influ-
ence this relationship.

Appendix A. Specialized and diversified agglomeration index
in 17 main administrative regions of South Korea (2019)

Region SP Region DV

Ulsan 1.831004743 Jeju 1.071131
Chungnam 1.69410962 Seoul 0.834186
Gyeongnam 1.589081245 Gangwon 0.439268
Chungbuk 1.576324009 Daejeon 0.337353
Gyeongbuk 1.529899745 Gwangju 0.258615
Gyeonggi 1.372793448 Jeonnam 0.233412
Incheon 1.232432062 Busan 0.230346
Daegu 0.992317228 Jeonbuk 0.222306
Sejong 0.903143573 Sejong 0.209228
Jeonbuk 0.895779874 Daegu 0.196496
Jeonnam 0.868944268 Incheon 0.15055
Busan 0.807113079 Gyeonggi 0.133247
Gwangju 0.747710074 Gyeongnam 0.119054
Daejeon 0.552227462 Gyeongbuk 0.11885
Gangwon 0.509518722 Ulsan 0.116755
Seoul 0.2796452 Chungbuk 0.116574
Jeju 0.23790177 Chungnam 0.107529

Appendix B. Static (individual and time-fixed effects) and
dynamic (GMM) panel model estimations

Variables Model 1 Model 2

Static panel Dynamic panel Static panel Dynamic panel

lnSP −0.262
(−0.385)

0.064 (0.160)

(lnSP)2 −0.845**
(−1.994)

−0.323*
(−1.734)

lnDV −2.405***
(−4.488)

−0.758***
(−2.647)

(lnDV)2 −0.631***
(−4.506)

−0.199**
(−2.149)

lnP 0.790** (2.571) 0.284 (1.114) 0.742***
(2.702)

0.313 (1.545)

lnA 1.421***
(3.286)

0.616** (2.237) 0.626* (1.709) 0.525***
(3.636)

lnEDU −0.187
(−0.791)

0.098 (0.509) −0.156
(−0.785)

0.211 (1.171)

lnIND −0.305
(−1.204)

−0.841***
(−3.824)

0.090 (0.372) −0.843***
(−5.218)

lnTECH −0.153
(−1.397)

−0.169
(−1.127)

−0.055
(−0.555)

−0.218*
(−1.679)

lnIt−1 0.768***
(3.654)

0.761***
(5.506)

AR(1) 0.061 0.066
AR(2) 0.201 0.190
Hansen
test

0.277 0.260

t statistics in parentheses.
* p < 0.10, ** p < 0.05, *** p < 0.01.

Data availability
The datasets generated during and/or analyzed during the current
study are available from the corresponding author on reasonable
request.
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