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Abstract: Urbanization affects economic production activities and energy demand, as well as lifestyle
and consumption behavior, affecting carbon dioxide emissions. This study constructs the System
Generalized Method of Moments (Sys-GMM) model of the impact of urbanization rate on carbon
dioxide emissions based on panel data of 136 countries and regions in the world from 1990 to 2020,
grounded on the extended Stochastic Impacts by Regression on Population, Affluence, and Technol-
ogy (STIRPAT) model. This study found that (1) there is a negative relationship between urbanization
rate and CO, emissions from 1990 to 2020. (2) The impact of the urbanization rate on CO, emissions
is heterogeneous. An increase in urbanization rate in non-OECD countries significantly reduces
CO; emissions, while the effect is not significant in OECD countries. (3) The carbon intensity of
fossil energy consumption moderates the relationship between urbanization rate and CO, emissions,
weakening the effect of urbanization rate on CO, emissions. Based on these findings, policy rec-
ommendations such as promoting urbanization and increasing the regulation and control of fossil
energy carbon intensity are proposed.

Keywords: emissions; carbon intensity; non-OECD countries; STIRPAT; Sys-GMM

1. Introduction

As industrialization progresses, global climate change is becoming increasingly severe.
Figure 1 illustrates the average values of total carbon dioxide emissions and carbon intensity
of fossil energy consumption of all countries from 1990 to 2020, showing that, with the
gradual reduction in carbon intensity, the average carbon dioxide emission growth rate
worldwide is decreasing annually. For a global society, an in-depth understanding of and
control of the critical factors affecting the carbon emissions of greenhouse gases is important
for achieving sustainable development. As urbanization affects human production and
living activities as the primary source of CO, emissions, the accelerated urbanization
process in recent years has led more scholars to pay attention to the impact of urbanization
on CO, emissions.

However, the academic community is divided on the impact of urbanization on CO,
emissions. Some scholars believe that urbanization increases carbon emissions [1,2], as
the urbanization process promotes CO, emissions through infrastructure construction, the
industrial and transport sectors, and increasing residential energy consumption due to
rural-to-urban migration [3]. Conversely, scholars point out that urbanization decreases
carbon emissions by affecting economic growth, energy efficiency, and the final energy
consumption structure [4]. The construction of low-carbon infrastructures such as railways,
metros, or tramways in line with green policies positively affects CO, emissions, reducing
carbon emissions [5]. Additionally, research findings indicate an inverted U-shaped rela-
tionship between urbanization and carbon emissions, with the turning point occurring at
approximately 73.80% [6].
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Figure 1. World average of total carbon dioxide emissions and carbon intensity, 1990-2020.

Some studies show significant international differences in the relationship between
urbanization and carbon emissions, which vary widely depending on the level of economic
development. Although urbanization is not conducive to the improvement of carbon
emission efficiency in higher-income countries, it does improve carbon emission efficiency
in lower-income countries [7].

Regarding the moderating mechanisms of urbanization rates on carbon emissions,
China’s urbanization can reduce carbon intensity through technological progress, energy
consumption structure, and foreign direct investment, but increase carbon intensity through
industrial structure [8].

These studies collectively construct the multifaceted relationship between urbanization
and carbon emissions, encompassing research across various countries and regions using
multiple models and methods. This comprehensive perspective provides a rich theoretical
and empirical foundation for a deeper understanding of the impact of urbanization on
carbon emissions. These insights can help policymakers coordinate the conflict between
urbanization and carbon emissions.

This study aims to analyze the impact of the urbanization rate on carbon emissions
at the global level for 136 countries and regions by applying the Stochastic Impacts by
Regression on Population, Affluence, and Technology (STIRPAT) model. A panel data
analysis method is used to effectively control for country differences and time trends, thus
improving the accuracy and interpretability of the model. The estimation method of the
System Generalized Method of Moments (Sys-GMM) model is used to solve the possible
endogeneity problem. Through this method, we expect to reveal the relationship between
urbanization rate changes and carbon emissions more clearly and introduce more control
variables to enhance the scientific validity of the study. This will provide a new perspective
for understanding the underlying mechanism of carbon emissions and empirical support
for constructing more effective carbon emission reduction policies in the future.

2. Literature Review

The following literature review (Table 1) appears following the STIRPAT model, the
GMM models, the influencing factors of CO, emissions, and the effect of urbanization on
carbon emissions.
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2.1. Research on Influencing Factors of CO, Emissions Based on the STIRPAT Framework

The STIRPAT model is widely used in the field of carbon emission issues. Numerous
studies have utilized the STIRPAT model to explore the factors influencing carbon emissions.

Zhang et al. [6] used panel data from 141 countries from 1961 to 2011 and employed a
two-way fixed-effects model based on the extended STIRPAT frameworks. They found an
inverted U-shaped relationship between urbanization and carbon emissions; the turning
point is around 73.80%. Nguyen-Thanh et al. [9] incorporated FDI and urbanization into the
classic STIRPAT model. They validated the pollution haven hypothesis, indicating that the
affluence of the economy, urbanization, FDI, and the industrial sector contribute to harmful
effects on global carbon dioxide emissions. Shen et al. [10] extended the STIRPAT model
with provincial and municipal panel data from 2004 to 2015 in China to study the effects
of urbanization. The findings provided a theoretical basis for developing differentiated
regional environmental governance policies. Lee and Zhao [11] focused on the impact of
human capital, urbanization, and FDI on carbon emissions using the extended STIRPAT
with 96 counties as research objects. The results show significant heterogeneity among
different countries and regions regarding the above-influencing factors, which provides a
basis for formulating differentiated emission reduction policies.

The STIRPAT model is widely used to avoid omitted variables and can incorporate
affluence, population, and technology into the same model. Additionally, the STIRPAT
model is usually coupled with other econometric models to analyze the factors influencing
carbon emissions. Next, we synthesize the GMM modeling literature.

2.2. Measurement and Estimation Methods

Guo and Chen [12] evaluated the effectiveness of China’s environmental regulations
in reducing carbon emissions using the Tapio decoupling and the GMM models. The
GMM model assesses the efficiency of these regulations over time, providing insights
into policy effectiveness and areas needing improvement. Wang et al. [7] focuses on
achieving carbon neutrality by enhancing carbon efficiency across 131 countries using
a system-GMM dynamic panel analysis. It was found that there are heterogeneities in
terms of urbanization, population aging, and trade openness regarding carbon emission
efficiency. Liu et al. [13] explored the concept of energy vulnerability and its impact on
carbon emissions based on a balanced panel dataset of 119 countries from 2000 to 2019
using the sys-GMM model. The study decomposes the total effect into scale, structural, and
technology effects to investigate the impact mechanism and then examines the potential
heterogeneity. Wang et al. [14] examined the impact of trade openness, human capital,
renewable energy, and natural resource rent on carbon emissions using the differential
GMM model. Furthermore, the study revisited the environmental Kuznets curve (EKC)
hypothesis, with trade openness and renewable energy playing significant roles in reducing
emissions, while natural resource rent and human capital have mixed effects. Deka et al. [15]
analyzed the impact of GDP, renewable energy, and total energy supply on carbon emissions
in the EU-27 countries using first difference and systems GMM models, which helps deal
with endogeneity and obtain unbiased estimates.

It can be seen that the use of advanced econometric models like GMM provides
robust insights into the dynamic and complex relationships between carbon emissions and
various factors, such as economic growth, technological advancements, policy measures,
and energy practices. The existing literature has identified many key factors that contribute
to carbon emissions.

2.3. The Effect of Urbanization on Carbon Emissions

Existing studies on the relationship between urbanization and carbon emissions are
conducted across various contexts. Generally, urbanization is associated with increased
carbon emissions due to higher energy consumption and industrial activities [1,9,11]. How-
ever, the extent and nature of this impact vary significantly based on regional development
stages, technological advancements, and policy measures.
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Urbanization is a double-edged sword in developing countries, with both positive and
negative effects on carbon emissions. In China, urbanization is associated with increased
carbon emissions due to higher energy consumption and industrialization [3,16,17]. In
ASEAN countries, there is a significant positive relationship between urbanization and
carbon emissions, suggesting that urbanization may increase carbon emissions [2]. Similarly,
in BRICS countries, urbanization significantly increases carbon emissions, highlighting the
environmental challenges posed by rapid urban growth in these emerging economies [2,5].
However, some studies argue that urbanization could contribute to reducing the scale
of carbon emissions, per capita carbon emissions, and carbon intensity [8]. In addition,
Xu et al. [18] suggested that land and economic urbanization displayed a Kuznets curve
relationship with carbon emissions.

In regional and sectoral studies, urbanization reduces carbon emissions by improving
the public transportation system and the use of household clean energy, affecting economic
growth, energy efficiency, and the final energy consumption structure [4,19,20]. Meanwhile,
Huang et al. [21] found that urbanization and financial development tend to increase
emissions, while the effective management of natural resources can mitigate this effect.

From the global perspective, the relationship between urbanization and carbon emis-
sions, linear and nonlinear, has been widely confirmed by a few current studies. Some
research claims that increased urbanization aggravates CO, emissions [9,11]. In contrast,
other studies found that urbanization plays a vital role in inducing carbon emissions [7,13].
Additionally, some studies have shown an inverted U-shaped relationship between urban-
ization and carbon emissions [6].

We find that previous studies only measured the direct effects of urbanization on
carbon dioxide emissions yet did not comprehensively analyze the specific mechanisms of
the moderating effects. Additionally, few studies have analyzed the long-term multilevel,
heterogeneous, and lagged effects. This article aims to address the deficiencies of the
previous research literature. The main contributions of this article are as follows: First,
using the extended STIRPAT model, the effects of population, economy, energy intensity,
carbon intensity, fossil energy share, and FDI on carbon emissions are considered, providing
a new perspective on evaluating the factors influencing CO, emissions. Second, this paper
applies a dynamic panel model and the Sys-GMM method to quantify the interaction
between urbanization and carbon emissions. Third, analyzing the impact of urbanization
rates on the heterogeneity of impacts on OECD and non-OECD countries, this study
provides an important basis for formulating CO, reduction policies. Finally, by analyzing
the moderating role of carbon intensity of fossil energy consumption in the relationship
between urbanization rate and carbon emissions, this study is more representative and can
better guide each country to reduce emissions.
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Table 1. Overview of the relevant literature.
Heterogeneity
Paper Country Period Explained Variables  Influencing Factors Methodology STIRPAT Model Classification
Method
energy carbon emission; coefficient; .
Wuetal. China 1990-2012 carbon emissions energy intensity; population; GDP per Kaya Identity No No
(2016) [16] . A formula
capita; urbanization rate
. . modified ordinary
Wang et al Association of carbon emissions; carbon emissions; urban population; least squares
& ' Southeast Asian 1980-2009 urban; population; ’ ’ . No No
(2016a) [1] Nations countries enerey Use energy use technique; Granger;
8y VECM
Wang et al. . . s panel Granger
BRICS countries 1985-2014 carbon emissions urbanization ) No No
(2016b) [2] causality
cointegration model;
Ouyang et al. China and Japan  1978-2011 carbon emissions energy structure; energy intensity; GDP; Granger causaht.y N No
(2017) [3] cement manufacture the error correction
modeling framework
total population; GDP per capita;
Zhang et al. . . population stru.cture; GDP grf)wth; two-w?y fixed-effects OECD countries
(2017 [6] 141 countries 1961-2011 carbon emissions trade openness; urbanization; the model; Two-Stage Yes or not
square of urbanization; urban Least Squares (2SLS)
agglomeration; urban primacy
Guo et al. . . environmental regulation; per capita differential GMM . .
(2018) [12] China 2004-2015 carbon emissions real GDP method Yes geographical location
urbanization rate; per capita gross
China’s 30 domestic product; technological threshold effect; .
Yao et al. .. . : . .. income level;
provincial-level 20012014 carbon emissions progress; industrial structure; energy Medjiating effect Yes N
(2018) [8] . . . . urbanization rate
regions consumption structure; foreign direct model
investment; environmental regulation
basis of a spatial
the Pearl River land urbanization; population agglomeration
Xu et al. . . o - . . .
Delta region 1990-2014 carbon emissions urbanization; economic function; grey No geographical location
(2018) [18] . N L .
of China urbanization; urbanization correlation model;

Kuznets curve model
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Table 1. Cont.

Heterogeneity
Paper Country Period Explained Variables  Influencing Factors Methodology STIRPAT Model Classification
Method

Pradhan et al urbanization; transportation panel vector
(2021) [20] ’ G20 counties 1961-2016 as influencing factors  infrastructure; ICT infrastructure; error-correction No No

economic growth model

per capita income; aging; per capita

agricultural income; number of
Cao et al. Henan Province face-to-face cooking enerey erade permanent residents; non-agricultural logistic regression No No
(2021) [19] in China survey & &Y & population; cultivated land area; & &

distance to nearest city; household

head age
Wane et al urbanization; GDP per capita; energy dynamic panel
(202% [4] ' OECD countries 1960-2014 carbon emissions intensity; population; energy autoregressive No income level

consumption structure distribution lag

- aging population; urbanization; foreign . .

Wang et al. 131 counties 1996-2015 car.b.on emssion trade; renewable systematic GMM; Yes income level
(2022) [7] efficiency . c 1. entropy method

energy; industrialization

residential and urbanization; province GDP; energy use
Shen et al. . industrial efficiency; innovation; openness; . . . .
(2022) [10] China 2004-2015 wastewater and industrial structure; spatial Durbin model ~ Yes geographical location
waste gas construction industry

total population; real per capita GDP;

energy intensity; the percentage share
Nguyen-Thanh . - of industry (including manufacturing) . .
et al. (2022) [9] 96 countries 2004-2014 carbon emissions and service sectors value-added in GDP; different GMM Yes income level

the percentage of the total population

living in urban areas; FDI-inflows
Lee etal. 96 counties 2000-2020 carbon emissions populahop size; GDP per capita; finite mixture model  Yes income level
(2023) [11] technological level
Liu et al energy vulnerability; economic growth;

) 119 counties 2000-2019 carbon emissions energy efficiency; urbanization systematic GMM Yes income level

(2023) [13]

evolution; trade openness
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Table 1. Cont.

Heterogeneity
Paper Country Period Explained Variables  Influencing Factors Methodology STIRPAT Model Classification
Method
total urban population; urban
population density; urban building
areas; value added of the tertiary
industry; per capita value added of the
Xiao et al tertiary industry; the proportion of
(2023) [17'] China 2009-2020 carbon emissions tertiary industry; urban population panel data model No geographical location
proportion; per capita urban building
areas; plot ratio of the urban buildings;
urban green areas; per capita urban
green areas; green coverage rate of
built-up area
. 30 Belt and s . . .
Gnangoin et al. Road Initiative 1980-2019 carbon emissions urbamzatlo.n, human capital; square of  feasible generalized Yes No
(2023) [5] . human capital least squares; 2SLS
countries
Wane et al economic growth; trade openness;
(202;;) [ 4]' 208 counties 19902018 pollution emissions renewable energy consumption; human  differential GMM Yes geographical location
capital; natural resource rents
Deka et al. EU-27 1990-2019 carbon emissions eGr?ef; Poﬂ?ﬁsioneizf ; resrf W?bkca ital first difference and No No
(2023) [15] &Y primary energy supply; cap systems GMM
stock; effective capita
quantile
Huang et al. . urbanization; financial development; autoregressive
(2023) [21] usA 1995-2015 carbon emissions natural resource rent distributed lagged No No

model
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3. Material and Methods
3.1. Theoretical Model

This study employed an extended STIRPAT model, and regression analysis was
conducted using the Sys-GMM method. The STIRPAT model is a stochastic form of the
IPAT identity, which was initially proposed by Ehrlich and Holdren in 1972 and has since
become a classic theoretical framework in the field of environmental economics [22-24].
The basic expression of the IPAT model is as follows:

I=PxAXT, @)

where [ represents the impact of human activities on the environment, including carbon
emissions, resource and energy consumption, etc.; P represents population size; A rep-
resents affluence, typically represented by per capita wealth; and T represents the level
of technology.

This model analyzes the impact of human activities on the environment and provides
a theoretical basis for a deeper understanding of carbon emission mechanisms. While this
theoretical framework provides insights into the trends of carbon emissions growth, it
also offers a foundation for understanding the impact of changes in urbanization rates on
carbon emissions. However, this model is simplistic and assumes proportional effects of
each influencing factor. To address this limitation, Dietz and Wa [25] proposed the STIRPAT
model, which has the following basic expression:

I=axbP xcAxdTl xe, (2)

where g is the constant term of the model; b, ¢, and d are the respective coefficients of the
independent variables; and e is the error term. STIRPAT is a multivariate nonlinear model.
To analyze the effects of various factors on I, Equation (2) can be transformed into its linear
form through logarithmic processing:

Inl = Ina + binP + clnA + dinT + Ine 3)

the regression coefficients b, c, and d represent the elasticity coefficients between the
dependent and independent variables, indicating the percentage change in the dependent
variable resulting from a 1% change in the independent variable, while other independent
variables remain constant.

This study extends the STIRPAT model by introducing the urbanization rate to ex-
amine the impact of urbanization on carbon emissions. The extended STIRPAT model is
formulated as follows:

Inl = byInP + byURB + bslnA + bslnA? + bsInEl + bgInCI + b7SS + bglS + boES + byoFDI + b1 TO + wy + Auyy, 4)

where the environmental pressure variable I is represented by carbon dioxide emissions;
the population scale variable is defined by the core explanatory variables urbanization
rate (URB) and total population (P); the wealth level A is represented by per capita gross
domestic product (GDP); the technological level is defined by energy intensity (EI), carbon
intensity (CI), the proportion of industry sectors and service sectors value added in GDP (IS
and SS), energy structure (ES), net foreign direct investment as a percentage of GDP (FDI),
and the degree of trade openness (TO); w; represents the time period dummy variables;
and Auy; is the error term.

In this study, the greenhouse gas emissions of carbon dioxide equivalents are selected
as the dependent variable, representing carbon emissions. The proportion of the urban pop-
ulation to the total population is chosen as the core explanatory variable, representing the
urbanization rate. Variations in urbanization may directly influence economic production
activities, energy demand, lifestyle, and consumption behaviors, affecting energy usage and
waste emissions. Thus, changes in urbanization rate may directly impact carbon emissions.
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As the control variables, the total population is a fundamental characteristic of a
country or region and may positively correlate with carbon emissions, as a larger population
may imply greater energy demand. Per capita GDP is typically associated with living
standards and energy consumption levels, considering the possibility of a Kuznets curve;
hence, the quadratic term of per capita GDP is included. Energy intensity represents the
energy consumption required per unit of GDP and may affect changes in carbon emissions
while per capita GDP increases. CI represents the carbon emissions generated per unit of
energy consumption and is crucial for understanding the environmental impact of energy
structures. The industrial and service sectors’ proportional contribution to GDP reflects the
development of these sectors, which may have different impacts on energy demand and
carbon emissions, especially in highly technologically intensive service areas. The share of
fossil fuel consumption represents the energy structure, and different energy structures may
lead to different carbon emission effects, primarily because renewable energy sources may
reduce carbon emissions compared with fossil fuels. There are two mechanisms for how
trade openness and FDI influence the environment. The pollution halo hypothesis presumes
that foreign investment and trade openness may lead to technology transfer, improvement,
and industrial restructuring, thereby reducing carbon emissions. Conversely, the pollution
haven hypothesis assumes that it may also introduce energy-intensive industries or transfer
industries with high carbon emissions, thereby increasing carbon emissions [11,26]. This
study uses the export-plus-import ratio of GDP to represent trade openness [27].

3.2. Materials

Considering data availability and missing statistical data, the data used in this study
are unbalanced panel data of 136 countries and regions worldwide from 1990 to 2020, after
excluding missing values. The 136 subject countries and regions of this study are labeled as
shown in Figure 2. The data are sourced from the International Energy Agency (IEA) [28] and
the World Bank [29]. Descriptive statistics for each variable are presented in Table 2. The data
obtained from IEA and the World Bank were analyzed using STATA 17.0 software.

Table 2. Descriptive statistics of each variable.

Variable Unit Obs. Mean Std. Dev. Min Max Definition Source

Inl Kt 3654 11.01 1.64 754 1638  Lhelogarithm of carbon dioxide IEA
emissions amount

URB % 3654  59.63 214 5.42 100  Iheproportion of urban population v 14 ani
in total population

InP population 3654 16.32 1.55 12.48 21.07 The logarithm of total population World Bank

InA ;8’;‘;%%% 3654  8.64 1.37 5.25 11.63  The logarithm of Real GDP per capita World Bank

> constant The quadratic term of logarithm of

InA 2015 USD 3654 76.61 23.98 27.55 135.26 Real GDP per capita World Bank

InEI KJ/USD 3654 8.86 0.73 6.89 1145  The logarithm of energy intensity \I/s(ﬁrladngank

InCI kg/GJ 3654 5.52 0.69 4.39 8.89 The logarithm of carbon intensity IEA

o The proportion of service sectors
SS Yo 3654 52.23 11.17 10.86 87.42 value added in GDP World Bank
o The proportion of industrial sectors

IS %o 3654 29.25 11.22 6.64 86.67 value added in GDP World Bank

ES % 3654 56.8 21.98 167 9517  Iheproportion of fossil energy IEA
consumption

FDI % 3654 4.66 1687  —11737 449.08 Lheproportion of net foreign direct .14 gani

° : : : : investment to GDP
TO Y% 3654 83.01 50.75 0.03 437.33  Export plus Import ratio of GDP World Bank
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4. Empirical Study and Discussion
4.1. Empirical Results of Benchmark Regression

This study analyzes the relationship between urbanization rates and carbon emissions
using an unbalanced panel dataset of 136 countries and regions from 1990 to 2020. Since
the number of countries in the sample far exceeds the number of years, unit root tests
are unnecessary.

We examine the relationship between labor participation rates and carbon emissions
by employing various empirical regression methods, which include three static models,
Ordinary Least Squares, Fixed Effects, and Random Effects, and two dynamic models, the
differential GMM (Diff-GMM) and the Sys-GMM.

This study selects Sys-GMM as the benchmark model for the following reasons. First,
dynamic models account for the lagged effects of carbon emissions compared with static
models. Second, dynamic models can also address endogeneity issues arising from bidirec-
tional causality. However, the introduction of lagged dependent variables generates new
endogeneity problems. Arellano and Bond [30] proposed the Diff-GMM method to address
this endogeneity issue by using lagged variables as instruments. Blundell and Bond [31]
extended the work of Arellano and Bover [32] by proposing the Sys-GMM method, which
estimates the difference and level equations as a system of equations. Unlike Diff-GMM,
Sys-GMM offers higher estimation efficiency and can resolve potentially weak instrument
problems [33].

In addition, to ensure the accuracy of the estimation results, the Arellano-Bond (A-B)
test and the Hansen test must be conducted. The A-B test requires that the difference
in the random disturbance term in the estimation results does not exhibit second-order
autocorrelation, i.e., the p-value for AR(2) should be greater than 0.1. The Hansen test is
used to check for overidentification of the instrumental variables, and the p-value must be
greater than 0.1 to ensure that all instrumental variables are valid.

Table 3 reports the results of various regression methods on the impact of different
variables on carbon emissions. According to the benchmark regression results (column
(5) of Table 3), there is a significant association between urbanization rate and global
greenhouse gas emissions. This result is consistent with the theoretical framework of the
STIRPAT model, indicating that a 1% increase in urbanization leads to a 0.00382% change
in carbon emissions. This demonstrates that changes in urbanization rate substantially
impact carbon emissions globally, which is consistent with the hypothesis.

Table 3. Estimation results of benchmark regression.

Dependent Variable: Inl OLS FE RE Diff-GMM Sys-GMM
L.nl 0.12 0.417 ***
URB 0.000527 * —0.000164 0.00117 *** —0.00226 —0.00382 **
InP 1.000 *** 1.155 *** 1.024 *** 0.891 *** 0.575 ***
InA 1.530 *** 1.156 *** 1.233 *** 1.644 ** 0.760 ***
InA2 —0.0342 *** —0.0195 *** —0.0247 *** —0.0492 —0.0108
InEI 0.793 *** 0.644 *** 0.661 *** 0.763 *** 0.496 ***
InCI 0.834 *** 0.564 *** 0.579 *** 0.703 *** 0.404 ***
SS —0.00407 *** —0.00225 *** —0.00200 *** 0.00164 —0.000449
IS —0.00384 *** —0.00171 *** —0.000994 ** 0.00238 0.00101

ES 0.0221 *** 0.0178 *** 0.0183 *** 0.0142 *** 0.0136 ***
FDI —0.000383 * 0.000151 * 0.000173 ** 295 x 1072 0.000127
TO 0.000239 *** —8.15 x 107 —0.000114 0.00052 —0.000438
Constant —28.57 *** —25.94 *** —24.46 *** —15.77 ***
Observations 3654 3654 3654 3363 3507
R-squared 0.987 0.894

Number of id 136 136 136 136

AR(1) 0.198 0

AR(2) 0.664 0.315
Hansen test 0.516 0.294

Note: ***,** and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
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Regarding control variables, the findings support the EKC hypothesis [34]. A sig-
nificant negative relationship exists between the quadratic term of per capita GDP and
carbon emissions, indicating an inverted U-shaped relationship between per capita GDP
and carbon emissions. Additionally, the coefficients for EI, CI, and ES are all significantly
positive, implying higher energy consumption per unit of GDP results in higher carbon
emissions, greater carbon emissions per unit of energy used to lead to increased total
carbon emissions, and a higher proportion of fossil energy in total energy consumption
results in higher carbon emissions. In summary, improving energy efficiency, developing
carbon-reducing technologies, and promoting the use of renewable energy can significantly
reduce carbon emissions [35-37].

4.2. Empirical Results of Robustness Tests

This study conducted the following robustness tests based on Equation (4) to ensure
the credibility of the benchmark regression results.

Replacement of the Dependent Variable. The benchmark regression uses each coun-
try’s carbon emissions as a dependent variable I. To further enhance the robustness of the
conclusions, the dependent variable is replaced with the per capita carbon emissions of
each country for robustness testing. The results are shown in column (1) of Table 4. The
further robustness test supports the conclusion that the urbanization rate reduces carbon
emissions. The relationship remains robust after replacing the dependent variable with
per capita emissions. This indicates that our conclusion does not solely depend on the
choice of total emissions but also holds when considering per capita factors, confirming the
relationship between urbanization rate and carbon emissions.

Table 4. Estimation results of robustness tests.

D ()

(3)

@

(5)

Dependent Variable: Inpl Inl Inl Inl Inl

L.Inpl 0.557 ***

L.Inl 0.307 ** 0.682 *** 0.507 *** 0.389 ***
URB —0.00306 * —0.00633 * —0.00444 ** —0.00303 *** —0.00254 ***
InP —0.0147 ** 0.674 *** 0.306 * 0.482 *** 0.590 ***

InA 0.642 *#* 0.874 *** 0.689 * 0.575 *** 0.698 ***
InA2 —0.0128 —0.0114 —0.0207 —0.00630 *** —0.0077
InEl 0.375 *#* 0.578 *** 0.230 * 0.426 *** 0.478 ***
InCI 0.276 *** 0.417 *** 0.195 * 0.285 *** 0.403 ***

ES 0.0117 *** 0.0153 *** 0.00671 ** 0.0103 *** 0.0142 ***

IS —0.001 —0.000177 0.000718 ** —2.77 x 107>
SS —0.0014 —0.000895 —0.00105 *** —0.00118 **
FDI 451 x 107> 8.75 x 10~° 0.000740 —1.65 x 107> 0.000391 ***
TO —0.0003 —0.0004 —0.000414 —0.000441 *** —0.000559 ***
Isu 6.51 x 107°

Constant —11.89 *** —17.94 ** —9.004 *** —12.62 *** —15.34 ***
Observations 3507 3507 1595 1645 1862
Number of id 136 136 55 61 75

AR(1) 0.016 0.066 0.020 0 0.028

AR(2) 0.175 0.263 0.861 0.631 0.303
Hansen test 0.175 0.272 0.148 0.54 0.811

Note: ***, ** and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Replacing explanatory variables. To further enhance the robustness of the conclusions,
the explanatory variables IS and SS in the baseline regression are replaced with the ratio of
the added value of the tertiary industry to the secondary industry (ISU) [38] for robustness
testing. The results are shown in column (2) of Table 4. Even after replacing the core
explanatory variables, the urbanization rate still significantly negatively impacts carbon
emissions levels.
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Balanced panel regression. Considering that the baseline regression used an unbal-
anced panel sample, robustness testing is conducted on the balanced panel after excluding
countries with missing data for certain years to further enhance the robustness of the
conclusions. As shown in column (3) of Table 4, the urbanization rate still significantly
negatively impacts carbon emissions levels, indicating that unbalanced panel data do not
influence the conclusions.

Subsample Analysis. The carbon emission stage of various countries may differ de-
pending on economic development and changes in industrial structure; thus, the data were
divided into different subsamples based on the relative size of GDP growth rate and CO,
emission growth rate to examine the consistency of results under different circumstances.
Columns (4) and (5) in Table 4 present the regression results for countries where the GDP
growth rate is higher than the CO, emission growth rate and countries where the GDP
growth rate is lower than the CO, emission growth rate, respectively. It can be observed
that the impact of urbanization rate on carbon emissions is consistently significant and
negative in both cases. Thus, having passed the above robustness tests, there are reasons to
believe that the estimation results and conclusions of this paper are very robust.

4.3. Comparison of Heterogeneous among OECD and Non-OECD Member Countries

Columns (1) and (2) in Table 5 present the results of the regression analysis conducted
on the Organization for Economic Co-operation and Development (OECD) and non-OECD
countries, respectively. We find significant heterogeneity in the impact of urbanization
rate on carbon emissions. In OECD countries, the effect of urbanization rate on carbon
emissions is not significant, whereas in non-OECD countries, the impact of urbanization
rate on carbon emissions is significantly negative.

Table 5. Estimation results of heterogeneity analysis and moderating analysis.

() 2 (3)

Dependent Variable: Inl OECD Non-OECD Moderating
L.Inl 0.227 *** 0.444 *** 0.473 ***
URB 0.00016 —0.00248 *** —0.0216 ***
InP 0.780 *** 0.544 *** 0.521 ***
InA 0.804 *** 0.582 *** 0.636 ***
InA2 —0.0015 —0.0058 —0.00558
InEI 0.743 *** 0.448 *** 0.448 ***
InCI 0.878 *** 0.365 *** 0.268 **
ES 0.0143 *** 0.0158 *** 0.0121 ***
IS —0.00323 ** 0.00033 —0.000158
SS —0.00294 ** —0.0007 —0.000173
FDI 1.84 x 107 0.00011 3.54 x 107°
TO 4.60 x 107> 0.00011 —6.06 x 107°
URB x InCI 0.00307 **
Constant —22.87 *** —14.05 *** —13.58 ***
Observations 1035 2472 3507
Number of id 38 98 136
AR(1) 0 0.019 0.021
AR(2) 0.804 0.289 0.268
Hansen test 1 0.657 0.144

Note: *** and ** indicate statistical significance at the 1% and 5% levels, respectively.

This result could be related to the higher urbanization rates in OECD countries, where
urban infrastructure is generally more efficient, incorporating sustainable design and
green building practices that help minimize energy consumption and emissions. Several
additional factors might reduce the impact of urbanization on carbon emissions. Hence,
due to advanced technological levels, higher energy efficiency standards, and cleaner
production methods, the effect of urbanization on carbon emissions in OECD countries is
often moderated. Furthermore, OECD countries often emphasize environmental protection
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and sustainable development, implementing various environmental policies and measures
to reduce carbon emissions.

Many non-OECD countries are still in the early stages of industrialization and eco-
nomic development, with lower urbanization rates. Rural areas often rely on traditional
biomass fuels and inefficient energy equipment, lowering energy use efficiency. As urban-
ization progresses, improvements in energy use efficiency and more advanced environ-
mental infrastructure are brought about, significantly negatively impacting the effect of
urbanization on carbon emissions. Figures 3 and 4 depict scatter plots of urbanization rates
and per capita carbon emissions for OECD and non-OECD countries from 1990 to 2020,
respectively. It can be observed that urbanization rates in OECD countries are primarily
above 70%, while in non-OECD countries, urbanization rates are mostly below 70%.
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Figure 3. Urbanization rate vs. per capita CO, emissions in OECD countries, 1990-2020.

This phenomenon reflects the complexity of the environmental impact of urbanization
under different stages of development and economic structures. This result also reminds
us that it is essential to fully consider the differences in development stages and eco-
nomic structures between countries when formulating and implementing carbon reduction
policies. Only through differentiated policies, international cooperation, and technology
transfer, combined with the concept of sustainable development, can we effectively address
the challenges of global climate change. Promoting sustainable development globally is
key to tackling climate change and a necessary pathway for achieving long-term economic
and social progress.
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Figure 4. Urbanization rate vs. per capita CO;, emissions in non-OECD countries, 1990-2020.

4.4. Empirical Results of Moderating Analysis

The results of the moderating effect are shown in column (3) of Table 5. The negative
coefficient of the urbanization rate indicates that, holding CI constant, an increase in
urbanization rate is associated with decreased carbon emissions. This could be because
higher urbanization rates might lead to more efficient energy use and more advanced
technologies, thereby reducing carbon emissions. The interaction term’s positive coefficient
indicates that the impact of the urbanization rate on carbon emissions decreases with higher
CIL This means that in high carbon-intensity environments, the benefits of urbanization are
partially negated by the high emissions levels associated with energy use.

This analysis reveals the complex interdependent relationship between urbanization
and CI. Specifically, it suggests that urbanization may reduce carbon emissions in envi-
ronments with low CI by promoting energy efficiency improvements and modernizing
infrastructure. However, in environments with high CI, increased urbanization may not be
sufficient to counteract the rise in carbon emissions caused by a reliance on high-carbon-
energy sources. Therefore, this moderation effect model helps guide policymaking by
emphasizing the need to control and manage energy use intensity while promoting urban-
ization. This is particularly crucial in high carbon-intensity environments to ensure the
sustainable development of urbanization.

5. Conclusions and Policy Implications

Adopting the panel data of 136 countries and regions from 1990 to 2020, this study
explores the impact of urbanization on carbon emissions from a multidimensional per-
spective by using the sys-GMM model, grounded on the STIRPAT model. Additionally,
this study analyzes the heterogeneity of urbanization affecting carbon emissions among
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different countries and pays attention to the moderating effect of CI. We can obtain the
following conclusions:

First, based on the panel model regression result of the impact of urbanization on
carbon emissions, urbanization could contribute to declines in carbon emissions scale and
per capita emissions.

Next, the impact of urbanization on carbon emissions demonstrates notable hetero-
geneity between OECD and non-OECD countries. In non-OECD countries, the urbanization
process can potentially reduce carbon emissions. In contrast, the urbanization rate in OECD
countries does not significantly impact carbon emissions. This difference is influenced
by the varying stages of economic development, technological advancements, energy
efficiency, and environmental policies, especially, urbanization.

Finally, by analyzing the interplay between urbanization and CI, we can see that
urbanization reduces carbon emissions while higher CI increases them. The impact of
urbanization on reducing carbon emissions is less effective as CI increases. In other words,
while urbanization may generally reduce emissions, its effectiveness diminishes in environ-
ments with higher CI, potentially because the high emissions from intensive carbon use
offset the gains from urbanization.

These findings have several important implications for policymaking;:

First, policymakers in OECD countries need to implement policies to facilitate the
positive role of urbanization in emission reduction. This can include encouraging the
development of green infrastructure, promoting advanced energy management systems in
industries and residential areas, providing incentives for renewable energy adoption, and
enforcing strict environmental regulations. By integrating these strategies, governments
can harness the potential of urbanization to significantly lower carbon emissions while
fostering sustainable growth.

Second, policymakers in OECD countries should focus on enhancing existing sustain-
able practices. This includes strengthening energy efficiency standards, investing in green
technology and infrastructure, and promoting public transportation. Additionally, policies
should encourage innovation in low-carbon technologies and support the transition to
renewable energy sources to further reduce carbon emissions.

Finally, policymakers can design more effective strategies to reduce carbon emissions
and promote sustainable development by understanding the moderation effect of urban-
ization and CI. Policymakers should create strategies that promote urbanization alongside
aggressive CI reduction measures. This can include investing in clean energy technologies,
implementing strict energy efficiency standards, and encouraging green urban planning
practices to ensure that the benefits of urbanization are not offset by increased CI.

Reducing carbon emissions requires collective efforts from all countries. This study’s
limitation is the absence of data from certain countries and years, as a result of utilizing
panel data from 136 countries. Future research aims to expand the targeted sample size.
Additionally, urbanization manifests in various aspects, and using population urbanization
rates has its limitations. Future endeavors will strive to establish a comprehensive indicator
system to measure urbanization and further explore its impact on carbon emissions.
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