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Abstract: Reducing carbon emissions is essential for global sustainable development and has become
a key concern around the world. In this study, we analyzed the spatial differences, dynamic evolution
and convergence characteristics of global carbon dioxide (CO;) emissions in 92 countries from 1990
to 2021. The Dagum Gini coefficient, Kernel density analysis, Markov chain analysis and fixed
effect model were used in this study. The results showed that, from the perspective of overall
differences, the overall differences in global CO, emissions during the study period showed a
gradually increasing trend, and the inequality trend became more and more obvious. Based on
the perspective of distribution dynamics, there is an obvious spatial disequilibrium of global CO,
emissions. In terms of the evolution law, its distribution dynamic law is relatively stable, the relative
position of CO, emissions is relatively stable, and different groups transfer to themselves with a
greater probability. There is no obvious o convergence in global CO, emissions, but there is absolute
f convergence. This study innovatively analyzed the differential characteristics of carbon dioxide
emissions from a global perspective. The research results can provide a reference for clarifying
countries’ carbon emission reduction responsibilities and promoting the green transformation of the

global economy.

Keywords: carbon dioxide emissions; spatial difference; dynamic evolution; spatial convergence;
global

1. Introduction

Long-term extensive economic growth has brought about a series of problems such
as resource shortage and ecological environment destruction [1]. In particular, climate
change caused by increasing CO, emissions has gradually become the focus of the attention
of all countries in the world. The World Meteorological Organization (WMO) Global
Atmospheric Observation network observed that the global atmospheric carbon dioxide
concentration exceeded 410 ppm in 2019, and the global average atmospheric carbon
dioxide concentration rose to the highest level in the past 800,000 years. Climate change
marked by the greenhouse effect has become an important factor affecting the economic
development of all countries and human life [2]. Existing research shows that the mortality
rate will increase by 2-5% every time the temperature increases by 1 °C. According to the
“Health and Climate Change” report released by the World Health Organization (WHO),
global temperature changes between 2030 and 2050 are expected to increase the number of
deaths due to malaria, diarrhea and undernutrition by 250,000 each year [3]. In order to
effectively control and reduce greenhouse gases in the air, the world’s major economies
jointly signed the Kyoto Protocol in 1997 and the Paris Agreement in 2015 under the
framework of the United Nations. The Chinese government has also committed itself
to peaking its CO, emissions by 2030, reducing its CO, emissions per unit of GDP by
60-65% over the 2005 level, and increasing the share of non-fossil energy to around 20%,
representing China’s contribution to the fight against global warming [4].
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Reducing carbon emission is a common problem facing all countries around the
world. With the gradual progress of the integration of the global energy market, factors
of production, such as technology, talent and energy are flowing around the world. There
are significant spatial differences in the level of economic development, energy structure
and industrial structure around the world [5]. Will this affect the spatial emission of
global CO, emissions? How can the dynamic evolution law of global CO, emissions
distribution be accurately identified and revealed? How can the convergence characteristics
of CO, emissions be analyzed? These problems need to be solved urgently in the context
of globalization.

Therefore, to measure the current situation of global CO, emissions, this study an-
alyzed its spatial differences and dynamic evolution, and explored its convergence, so
as to provide a reference for global carbon reduction policy formulation and sustainable
economic development. Compared with existing studies, the marginal contribution of this
paper is reflected as follows: (1) the differences in global CO, emissions are scientifically
identified and the sources of the differences in carbon emissions are determined; (2) the dy-
namic evolution law of carbon emissions distribution is studied from a global perspective;
(3) a regression model is established to thoroughly analyze the convergence characteristics
of global CO, emissions, so as to provide support for the formulation of global carbon
reduction strategies.

The rest of this study is organized as follows: a review of the literature is provided in
Section 2. The materials used in this study are described in Section 3. A presentation of the
empirical results is provided in Section 4. Finally, the conclusions and policy implications
are presented in Section 5.

2. Literature Review

The issue of carbon dioxide emission is key academic attention, and especially after
China put forward the “3060” two-carbon strategic goal, related research is increasing.
Scholars have studied the relationship between CO, emissions and factors such as the
economic development level [6], digitalization [7], infrastructure [8], urbanization [9],
financial policy [10], and energy consumption [11] from different perspectives. From the
existing literature, scholars have made a lot of analysis on the differences of CO, emissions,
and the research scope mainly focuses on the following two aspects: on the one hand,
the regional differences of CO, emissions. Li et al. [12] made a descriptive analysis of
regional differences in CO; emissions in China. Liu and Zhao [13] found that regional
differences in carbon dioxide emission intensity in China showed an increasing trend, and
the contribution rate of regional differences to the overall differences gradually increased.
Dechezleprétre et al. [14] studied the impact of emissions trading systems in EU countries
on the differences in carbon emissions. Alaganthiran [15] analyzed the differences in
carbon emissions in sub-Saharan Africa (SSA). Some scholars selected several countries
with different levels of economic development to analyze the differences in their CO,
emissions [16], and conducted research from the perspectives of per capita CO, emissions
and per capita income inequality [17,18]. The second aspect is the study of industry
differences in CO, emissions. Scholars” views on tourism [19,20], the logistics industry [21],
the steel industry [22], agriculture [23], and various other industries [24,25] analyzed the
differences in CO, emissions, and discussed the main factors affecting carbon emissions
of each industry. The field of research is becoming more and more micro. Studies on
CO; emission differences not only have theoretical descriptions [26,27]; scholars have also
tried to measure the total amount or intensity of carbon dioxide emissions by various
measurement methods [28]. Common research methods include the Theil index, coefficient
of variation, Gini coefficient, decoupling index, etc. [29-31]. Some studies have also used
spatial autocorrelation analysis [32], Morans'l index [33], and other methods to analyze the
spatial effects of China’s carbon emissions.

Carbon dioxide emission convergence is an important part of the study of carbon
dioxide emission. Li and Lin [34] studied the conditional convergence and absolute conver-
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gence of CO, emissions from 1971 to 2008 using data from 110 countries. Westerlund and
Basher [35] and Romero Avila [36] proved the convergence characteristics of CO, emissions
using international data. Gao Ming [37] proposed the existence of “club convergence” in
the agricultural carbon emission performance of China’s provinces and regions. Sefa [38]
proposed the conditional convergence of carbon emissions through a sample survey of
44 countries. However, some scholars have come to a different conclusion. Research by
Elmont [39] showed that the emissions of greenhouse gas carbon dioxide do not have the
characteristics of convergence. Aldy [40] studied data from 88 countries from 1960 to 2000
and found that CO; emissions were divergent. Some scholars also proposed that there
is no o convergence in carbon emission intensity in China and other regions, but there is
absolute 3 convergence and conditional 3 convergence [41].

In summary, many scholars have analyzed the differences and characteristic trends in
carbon emissions and achieved fruitful results, but there is still plenty of scope for further
research. The main results are as follows: (1) Existing studies are mostly conducted on the
scale of several countries or within countries, and scant literature data have been used to
investigate global carbon emission patterns. In fact, understanding the characteristics and
sources of differences in global carbon emissions is conducive to determining the progress
of carbon emissions from a global perspective, which is of great significance to promoting
the green transformation of the global economy; (2) Some existing research on global carbon
emissions focuses more on the analysis of spatial differences in carbon emissions, but lacks
decomposition analysis of the sources of CO; emissions differences. (3) At present, there
is a lack of in-depth discussion on the dynamic evolution law of global CO, emissions
distribution, and the convergence of CO, emissions has not reached a unified understand-
ing. Based on this, this study comprehensively examined the spatial differences in global
CO; emissions using the Dagum coefficient, Kernel analysis, and other research methods;
deeply analyzed their dynamic evolution law and spatial convergence characteristics; and
further accelerated the pace of global carbon neutrality and carbon peaking.

3. Methods and Data
3.1. Methods
3.1.1. Dagum Gini Coefficient

In this study, the Dagum Gini coefficient was used to decompose the spatial inequality
of CO, emissions into intra—regional disparities, inter-regional disparities and hypervari-
able density, and reveal the sources of spatial inequality of the global CO, emissions.

Originally considered as a classical method to measure the income distribution gap,
the Dagum Gini coefficient has been widely applied in various aspects, such as economic
development [42], population aging [43], Internet finance [44], digital economy [45], etc.,
because the Gini coefficient can scientifically measure the gap. The specific form of the Gini
coefficient is shown in Equation (1):
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where y;i(y,,) is the CO, emissions of a country in region j(h), i is the average CO, emissions
of each country, n is the number of countries, k is the number of regions, nj (n,) is the
number of countries in region j(#), and G is the overall Gini coefficient.

In the process of measuring the inequality of global CO, emissions. First, it is necessary
to rank the CO, emissions of each country, i.e., Y}, < ... < 7]' < ...Y{ (Y is the mean
value of the total CO; emissions of each country). Second, according to the subgroup
decomposition method, the global inequality of CO, emissions is decomposed into three
parts: the contribution of the intra-regional gap, G, the contribution of the inter-regional
gap, Gy, and the contribution of the super-variable density G, among which G = Gy +

Gup + Gt. Equations (2) and (3) represent the contribution of the Gini coefficient, Gj;, and
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intra-regional difference, Gy, in region j, respectively; Equations (4) and (5) represent the
contribution of the inter-regional Gini coefficient, Gjn, and the inter-regional net value
difference, G,;3, in region j and &, respectively; and Equation (6) represents the contribution
of super-variable density.
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Among them, p; = n;Y,s; = n;Yj/nY,j =1,2,...,k; D, represents the relative impact
of carbon emissions between region j and region % (as shown in Equation (7)); dj is the
difference in urban-rural human capital differential development between regions (as
shown in Equation (8)), which can be understood as the mathematical expectation of the
sum of all sample values y;; —yj;; > 0injand  regions. pj, is defined as the super-variable
first moment and represents the mathematical expectation of the sum of all sample values
Ynr — Yji > 0in regions j and h. Here, F;(F,) is the cumulative density distribution function
of region j(h).
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3.1.2. Kernel Density Estimation

The kernel density analysis method is called the common method of evolving spatial
disequilibrium distribution. The kernel density analysis method estimates the probability
density of random variables and characterizes the distribution form, position change, and
ductility of random variables by drawing continuous kernel density curves. In this study,
the density function of random variable X was assumed to be f(x), and the probability
density at point x can be estimated by Equation (10). Here, N is the number of observations,
h is the bandwidth, K(x) is the kernel function, which is a weighting function or smooth
transformation function, X; is the independently distributed observations, and X is the
mean value.

1Y /X —x
:Nh;K< ) (10)

2
K(x) = ep(-3) (1)

According to the different expression forms of the kernel density function, the kernel
function can be divided into the Gaussian kernel, Epanechnikov kernel, triangular kernel,
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quartic kernel, etc. In this study, the commonly used Gaussian kernel function was selected
for estimation; the expression of the Gaussian kernel function is shown in Equation (11).
There is no definite function expression for non-parametric estimation; therefore, we
observed the change in distribution through the comparison of graphs. Generally, according
to the graph of kernel density estimation results, three aspects of variable distribution
information, i.e., location, shape, and ductility, can be obtained.

3.1.3. Markov Chain Analysis

In this study, the Markov chain analysis method was used to measure the probability
and direction of global carbon dioxide transfer and further investigate the dynamic evo-
lution law of global CO, emissions. The state space of the stochastic process {X(t),t € T}
was set as . If any n values t; < t, < ... < ty,t; € T of time t, under the condition
Xy = x;,x; € I,i =1,2,...n —1, the conditional distribution function of X(t,) was just
equal to the conditional distribution function of X(t,) under the condition X (t,,_1) = x,,_1,
as shown in Equation (12):

P{X(tn) < xn|X(t1) = x1, X(t2) = x2,..., X(tn-1) = Xn-1} (12)
= P{X(tn) < x| X(ty—1) = x4—1},xn €R

{X(t),t € T}is a Markov process with a Markov property and no aftereffect. Special
attention should be paid to the Markov process with discrete time and state, which is called
the Markov chain. We assumed that the spatial state of the Markov chain I = {ay,ay,...},
a; € R. In the case of Markov chains, the Markov property is usually expressed by the
conditional distribution law, i.e., for any positive integer n, r,and 0 < t; < fp) < ... <t <
m;t;,m,m+n € T, as shown in Equation (13).

P{Xm+n = 11]‘|th = {li],th = iy - - '/Xt, = air/Xm = {11‘} (13)
= P{Xm+n = 61]'|Xm = Lli}

The right-hand side of the equal sign of the above equation is P;;(m, m + n), with the
conditional probability Pij(m, m+n)= p{Xm+n = aj|Xm =a; } ; the transition probability
of the Markov chain is in the state 4; at time m and moves to the state a; at time m + n. The
chain starts from any state 4; at time m and passes to another time m + n; thus, it must
transfer to a1, ap ... Therefore, Equation (14) is satisfied:

—+o0
Y Pj(mm+n)=1,i=12,... (14)
j=1

The matrix composed of transition probabilities becomes the transition probability
matrix of the Markov chain. According to Equation (14), the sum of elements in each
row of the matrix is 1. When the transition probability P;j(m,m + n) depends only on the
space states i, j, and the time interval n, we simply denote it as Pij(n), ie., Pl-j(m, m+n) =
P;i(n). In this case, the transition probability has stationarity, and the Markov chain is also
homogeneous or time homogeneous.

From this, we can determine that the formula Pjj(m, m +n) = p{Xu1n = aj|Xm = a; }
is the n-step transition probability of the Markov chain. If n = 1, the one-step transition
probability is p;; = p;j(1) = p{Xui1 = aj|Xm = a; }. The N x N dimensional matrix
composed of p;; is called the state transition probability matrix, as shown in Equation (15).

P11 P12 --- Pin

p21 p2 --- P

P = (pjj) = (15)

Pn1 Pn2 --- Pnn
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The homogeneous Markov chain is determined by both the transition probability
matrix P and the state space. Let p;; be the transfer probability that a variable belongs to
type i in year t and transfers to type j in year t + 1, then the transfer probability can be
estimated by the maximum likelihood method. The maximum likelihood estimate of p;; is:

nii
pij = -

ni (16)

According to Equation (16), n;; is the number of times that the ith state turns into the
jth state during the sample investigation period. n; is the total number of occurrences of
the ith state.

3.1.4. Convergence Model

The common convergence models are o convergence and absolute § convergence.

The o convergence of global CO, emissions means that the differences in global CO,
emissions tend to decrease gradually over time. In this study, the coefficient of variation
was used to test the o convergence of global CO; emissions, as shown in Equation (17).

cv=tt _ (17)

where, j represents the number of regions (j = 1,2,3...), i represents the number of
countries in the region (i = 1,2...), n; is the number of countries in each region, and C;; is
the average carbon dioxide emissions of region j during the period ¢.

The absolute § convergence of global CO, emissions means that the CO, emissions
of all countries in the world will gradually converge to the same level over time under
the condition that the economic development level, industrial structure and financial
development level of all cities are exactly the same. Thus, countries with lower CO,
emissions have higher growth rates compared with countries with higher CO, emissions.
In this study, the absolute  convergence model was constructed, as shown in Equation (18).

COs:
ln<21’t+l) =+ BIn(COzy) + &5, t =0,1,2...¢ — 1 (18)
COqi

where In(COy; 111/CO,; ;) represents the growth rate of CO, emissions of the ith country
in the t period, COy; ;41 represents the CO, emissions at the end of the period, CO,;
represents the CO, emissions at the beginning of the period, f§ is the convergence coefficient;

B < 0 indicates that global CO, emissions have convergence characteristics, and g > 0
indicates that global carbon dioxide emissions have divergent characteristics.

3.2. Data

Data on CO, emissions for the 92 countries and regions around the world were all
obtained from the Statistical Review of World Energy (1991-2021).

4. Results
4.1. Analysis of the Spatial Characteristics of Global CO, Emissions
4.1.1. The Overall Difference in Global Inequality of CO, Emissions

Figure 1 depicts the overall differences in CO, emissions. According to Figure 1, it can
clearly be found that the overall difference in CO, emissions from 1990 to 2021 shows a
fluctuating upward trend, which indicates that the global inequality trend in CO, emissions
is becoming more obvious during the sample study period.
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Figure 1. Regional differences in global carbon dioxide emissions.

The evolution trend in the Gini coefficient can be divided into four stages: the first
stage was from 1990 to 2001, and the spatial differences in global CO, emissions showed
a decreasing trend. The Gini coefficient decreased from 0.7439 in 1990 to 0.7346 in 2001,
with an annual average decrease of 0.1135%, indicating that the spatial difference in global
CO; emissions showed a decreasing trend from 1990 to 2001. The reason may be that after
the collapse of the Soviet Union, global market mechanisms were established all over the
world, which promoted the economic development of developing countries and showed a
trend of the initial convergence of economic development. Therefore, the overall difference
in CO; emissions gradually decreased. Among them, the Gini coefficient from 1998 to 2001
showed a slight upward trend, mainly due to the impact of the economic crisis in Southeast
Asia. The second stage was from 2001 to 2013, where the global spatial difference in carbon
dioxide showed a rapidly rising trend. The Gini coefficient increased from 0.7365 in 2002
to 0.7569 in 2014, with an annual average increase of 0.2281%, indicating that the global
spatial differences in CO, emissions showed an increasing trend from 2002 to 2014. This
is because China, as the largest developing country, joined the WTO after 2001. Driven
by foreign trade, China’s production capacity and resource consumption capacity have
been enhanced, and its global carbon emissions have increased, thus increasing the spatial
differences. The third stage is from 2014 to 2019. The spatial difference in global CO,
emissions showed a rapid downward trend, and the Gini coefficient decreased from 0.7569
in 2014 to 0.7492 in 2019. The main reason is that since China proposed the Belt and Road
Initiative in 2013, countries involved in the project have been promoted to optimize the
green governance system and take continuous measures to reduce carbon emissions [46].
In addition, countries are paying more and more attention to the issue of climate warming
and have taken action to reduce carbon emissions. The spatial differences in global carbon
dioxide emissions are narrowing. The fourth stage is from 2020 to 2021. The spatial
differences in global CO, emissions are on the rise. The main reason is that the COVID-19
pandemic and Trade war has disrupted production in some countries and significantly
increased the international differences in carbon dioxide emissions.

4.1.2. Intra-Regional Differences in Global Carbon Emissions

In this study, 92 countries worldwide are divided into seven regions, which are North
America, Central and South America, Europe, the Commonwealth of Independent States,
the Middle East, Africa, and Asia-Pacific. Figure 2 plots the intra-regional Gini coefficients
for seven regions.

From Figure 2, the regional gap between the Asia-Pacific region and the Common-
wealth of Independent States is much larger than that between other regions, which
indicates that there is a considerable difference in CO, emissions between the Asia-Pacific
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region and the Commonwealth of Independent States. This is because there is variability in
the level of economic development between the Asia-Pacific region and the Commonwealth
of Independent States. The Asia-Pacific region includes China, the second largest economy
in the world, as well as countries with a poor level of industrialization. There are significant
differences in CO, emissions within the Asia-Pacific region. CIS countries include Russia,
which has a strong industrial capacity, as well as Kazakhstan, Kyrgyzstan, and Tajikistan,
which have a poor industrial capacity; thus, the CIS countries also exhibit a large difference
in CO, emissions.

—&— North America —#— Central and South America
Europe Region Commonwealth of Independent States
—*—Middle EastAfrica Region —— Africa Region

—+— Asia Pacific

ot
W
S

Differences within regions
=3
S
L~

1990 1992 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020
Year

Figure 2. Intra-regional differences in global carbon dioxide emissions.

In order to determine the sources of spatial differences in global CO, emissions,
Figure 3 was derived. According to Figure 3, the contribution of regional differences in
global CO, emissions is in the order of inter-regional contribution, super-variable density,
and intra-regional difference. During the sample investigation period, the difference
between the interior regions contributed the most to the spatial difference in global CO,
emissions, and the contribution rate of the difference between regions remained between
45% and 55% from 1990 to 2021, and gradually increased during the sample investigation
period. In addition, the contribution of the difference between regions was much higher
than the difference between regions and the supervariable density. This suggests that
regional disparities are the main source of global spatial differences in CO, emissions.
From 1990 to 2021, the contribution of supervariable density to the spatial difference in
global CO, emissions showed a gradually decreasing trend, whereas the contribution of
intra-regional gap showed a stable trend.

—&— Within the district —l— Between regions —a&— Super variable density

60

50 M

Contribution rate
w P
(=] (=]

%)
=]

1990 1992 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020
Year

Figure 3. Regional differential contribution to global carbon dioxide emissions.
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4.2. Dynamic Evolution of CO, Emission Distribution in Seven Global Regions

This study describes the dynamic evolution of global carbon dioxide emission dis-
tribution by drawing the kernel density map. Figure 4 depicts the dynamic evolution of
global CO, emissions distribution in 1990 and 2021.

0.005

0.004

0.003

Density

0.002 K

0.001

-1000 0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

—a— Distribution dynamics of global carbon dioxide emissions in 1990

—a— Distribution dynamics of global carbon dioxide emissions in 2021

Figure 4. Global distribution dynamics of carbon dioxide emissions.

In Figure 4, the peak value of the main peak of global CO, emissions decreases
gradually, the width of the main peak increases continuously, the distribution position
of the wave crest moves to the right gradually, and there is an obvious right-trailing
phenomenon; the distribution ductility is significantly expanded. This indicates that there
is an obvious spatial imbalance in global CO, emissions. Compared with 1990, the regional
gap of global CO, emissions in 2021 shows an overall widening trend. The countries with
the highest CO, emissions exhibit a large regional difference from other countries, and
the multi-polar differentiation of regional differences in global CO, emissions gradually
disappears by 2021.

Figure 5 depicts the dynamic evolution of the distribution of global carbon dioxide
emissions in North America between 1990 and 2021. According to Figure 5, compared
with 1990, the nuclear density curve of CO, emissions in North America in 2021 has an
obvious leftwards trend, and there are still two peaks. The peak value increases slightly,
and the ductility between the primary and secondary peaks shrinks. This shows that the
carbon dioxide emission in North America presents an obvious polarization phenomenon,
with little change in the regional CO; gap. The reason is that the United States and
Canada are among the world’s largest carbon emitters, with the United States being second
only to China, while other countries in the region emit relatively little carbon. High-
emitting countries such as the United States saw their emissions cut in 2021 due to the
COVID-19 pandemic.

Figure 6 depicts the dynamic evolution of global CO, emissions distribution in Central
and South America between 1990 and 2021. In Figure 6, compared with 1990, the main
peak of the nuclear density curve of carbon dioxide emission in Central and South America
in 2021 increased, gradually shifted to the right, and the range of change expanded sig-
nificantly, with two peaks obviously appearing. This shows that the regional gap of CO,
emissions in Central and South America is clearly larger, and there is a significant polar-
ization phenomenon. The possible reason is that Brazil and Mexico are major emitters of
carbon dioxide in the region, although other countries are far behind them. The destruction
of the Amazon forest, known as the “world’s carbon pool”, has increased CO, emissions.
With the continuous development of the economy and society in other countries, carbon
dioxide emissions have gradually increased.
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Figure 5. Distribution dynamics of carbon dioxide emissions in North America.
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Figure 6. Distribution dynamics of carbon dioxide emissions in Central and South America.

Figure 7 depicts the dynamic evolution of carbon dioxide emission distribution in
Europe between 1990 and 2021. According to Figure 7, compared with 1990, the main
peak of the core density curve of CO; emissions in Europe in 2021 has increased, as has
its steepness, and its sub-peak value by a large margin. Meanwhile, the number of peaks
has decreased from four to three. The core density curve has shifted slightly to the left,
but the moving trend is not obvious, the change range has narrowed, and the ductility has
decreased. This shows that the regional gap of CO, emissions in Europe has narrowed,
and the multi-polarization phenomenon has eased, but it is still facing a triple-polarization
phenomenon. The reason may be that a series of carbon reduction agreements formulated
by the EU has played a key role. In particular, the rapid development of new energy
vehicles has reduced the use of traditional energy sources such as oil and effectively
reduced carbon dioxide emissions. The phenomenon of multi-level differentiation indicates
that the major carbon emitters in Europe are still Germany, the United Kingdom, France,
and other traditional industrial powers.
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Figure 7. Distribution dynamics of carbon dioxide emissions in Europe.

Figure 8 depicts the dynamic evolution of global CO, emissions distribution in the CIS
countries between 1990 and 2021. According to Figure 8, compared with 1990, in 2021, the
nuclear density curve of carbon dioxide emission in CIS countries moved slightly on the
whole, and both the main peak and sub-peak values decreased. The sub-peak shifted to the
left significantly, the range of change narrowed, and the right-trailing phenomenon eased
somewhat. This indicates that the regional disparity of CO, emissions in CIS countries is
not obvious and still presents a two-level differentiation trend. The reason is that Russia, as
the largest industrial power in the region, emits a lot of carbon dioxide, whereas countries
such as Kazakhstan and Kyrgyzstan are underdeveloped in heavy industry and emit
relatively little carbon.

0.006

0.005

0.004

0.003

Density

0.002

0.001

NN

-200 0 200 400 600 800 1000 1200 1400 1600 1800 2000 2200 2400

—o— Distribution dynamics of carbon dioxide emissions in CIS countries in 1990
—o— Distribution dynamics of carbon dioxide emissions in CIS countries in 2021

Figure 8. Distribution dynamics of carbon dioxide emissions in CIS countries.

Figure 9 depicts the dynamic evolution of global CO, emissions distribution in the
Middle East between 1990 and 2021. According to Figure 9, carbon dioxide emissions in
the Middle East as a whole increased in 2018 compared with 1990. The main peak and
sub-peak values of the nuclear density curve of CO, emissions in the Middle East in 2021
decreased significantly, the width increased significantly, and the steepness of the bimodal
peaks decreased significantly. However, there was still an obvious bimodal pattern, with
the right-trailing phenomenon increasing significantly, the ductility widening, and the
range of variation expanding significantly. This shows that regional differences in CO,
emissions in the Middle East have widened significantly and are still polarized. The reason
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is that the countries in this region are mainly oil-producing countries, and their carbon
emissions are mainly concentrated in Iran, Saudi Arabia and Turkey. Other countries are
affected by wars and internal political changes; thus, they have slower economic growth
and lower carbon dioxide emissions.
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Figure 9. Distribution dynamics of carbon dioxide emissions in the Middle East.

Figure 10 depicts the dynamic evolution of global CO; emissions in Africa between
1990 and 2021. According to Figure 10, compared with 1990, both the main peak and
sub-peak of the nuclear density curve of CO, emissions in Africa in 2021 significantly
decreased, the steepness of the two peaks significantly decreased, the bimodal pattern
remained, the ductility widened, and the range of variation significantly expanded. This
shows that the regional differences in CO; emissions in Africa are obviously widening,
and the phenomenon of polarization still exists. The likely reason is that economically
developed South Africa is the “backbone” of the region’s CO, emissions, while other
regions, especially sub-Saharan Africa, have long been in deep poverty and emit less
carbon dioxide.
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Figure 10. The distribution dynamics of carbon dioxide emissions in Africa.

Figure 11 depicts the dynamic evolution of the global carbon dioxide emission distri-
bution in the Asia-Pacific region between 1990 and 2021. According to Figure 11, compared
with 1990, the main peak of the nuclear density curve of CO; emissions in the Asia-Pacific
region in 2021 decreased significantly, the steepness decreased, the double-peak pattern
remained, the right-trailing phenomenon was obvious, the ductility widened, the range of
variation expanded significantly, and the number of peaks decreased from four to three. It
shows that the regional gap of CO; emissions in the Asia-Pacific region is clearly larger,
and the multi-level differentiation phenomenon persists. The reason is that the region is
home not only to China, which is the largest emitter of carbon dioxide, but also to India,
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Indonesia, Japan, South Korea and other major carbon emitters. In particular, the global
trade war against China in recent years has led to the relocation of manufacturing to India,
Vietnam and other countries, resulting in a growing number of countries with high carbon
emissions. It is also home to slow developing countries such as North Korea and Mongolia.
As a result, the Asia-Pacific region has become the region with the highest CO, production
and the biggest differences in the world, and has become the “main front” of global carbon
pollution reductions. 4.3. Markov chain analysis of global CO, emissions.
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Figure 11. Distribution dynamics of carbon dioxide emissions in the Asia-Pacific region.

Before analyzing the Markov chain, the CO; emissions of 92 countries were ranked
from low to high, and the entire sample was divided into four levels, in which CO,
emissions in the range of 0~25% are low level, 25~50% are medium-low level, 50~75%
are medium-high level and 75~100% are high level. On this basis, the Markov transfer
probability matrix of global CO, emissions from 1992 to 2021 was measured when the
lag period was T =1, T =2,T =3,T = 4,T = 5 years and T = 6 years; the results are
shown in Table 1. When the lag time was T = 1, the transfer probability value on the
main diagonal of global CO, emissions was much greater than that of other positions,
which indicates that the dynamic distribution law of global CO, emissions is stable, the
inter-group mobility of CO, emissions is low, the relative position of global CO, emissions
is stable, and different groups all transfer to themselves with a greater probability. This
indicates that global CO, emissions are still at a high level in the short term, and achieving
global carbon peaking and carbon neutrality will be a long-term process. The probability
of the transfer from the high-carbon emission group to the medium-low carbon emission
group and the low-carbon emission group is 0, and the probability of the transfer from the
medium-low carbon emission group and the low-carbon emission group to the high-carbon
emission group is 0, which indicates that there is no possibility of the global carbon dioxide
emission transferring from the low-carbon emission group to the high-carbon emission
group in the short term, and there is no possibility of the transfer from the high-carbon
emission group to the low-carbon emission group. With the increase in lag period, the
probability value on the main diagonal showed a gradual decline trend.

From lag period 1 to lag period 5, the probability of transfer from the high-carbon
emission group to the high-carbon emission group was 0.9590—0.94293—0.9203—0.8966—
0.8746—0.8546, indicating that with the extension of the time span, the possibility of the
inter-group transfer of global CO, emissions is gradually reduced, which indicates that
with the continuous progress in green innovation technology and international cooperation
on climate change, CO; emissions from the high-carbon emission group will gradually be
transferred to the low-carbon emission group. From lag period 1 to lag period 5, the proba-
bility of the high-carbon emission group transferring to the medium-high carbon emission
group is 0.0410—0.0571—0.0782—0.1019—0.1238—0.1438, which indicates that with the
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extension of time span, the possibility of global carbon dioxide emission transferring from
the high-carbon emission group to the medium-high carbon emission group will increase
gradually. This suggests a gradual decline in global CO, emissions over time.

Table 1. Regional differences in global CO, emissions.

Lag 1 Period Lag 2 Period
High Middle High ~ Middle Low Low High Middle High ~ Middle Low Low
High 0.9590 0.0410 0 0 0.9429 0.0571 0 0
Nﬁ;dgile 0.0309 0.9297 0.0394 0 0.0389 0.8963 0.0648 0.0000
Middle low 0 0.0214 0.9530 0.0435 0 0.0338 0.9292 0.0398
Low 0 0 0.0100 0.9900 0 0 0.0104 0.9896
Lag 3 period Lag 4 period
High Middle high ~ Middle low Low High Middle high ~ Middle low Low
High 0.9203 0.0782 0.0015 0 0.8966 0.1019 0.0015 0
l\/ﬁidgc}?e 0.0445 0.8665 0.0890 0.0000 0.0491 0.8405 0.1104 0
Middle low 0.0015 0.0337 0.9064 0.0583 0.0016 0.0350 0.8838 0.0796
Low 0 0 0.0139 0.9861 0 0 0.0145 0.9855
Lag 5 period Lag 6 period
High Middle high ~ Middle low Low High Middle high ~ Middle low Low
High 0.8746 0.1238 0.0016 0 0.8546 0.1438 0.0016 0
Nﬁidgc}llle 0.0539 0.8146 0.1315 0 0.0558 0.7882 0.1560 0.
Middle low 0.0017 0.0365 0.8671 0.0947 0.0017 0.0416 0.8458 0.1109
Low 0 0 0.0168 0.9832 0 0 0.0194 0.9806

4.3. Analysis of Convergence Characteristics of Global CO, Emissions
4.3.1. 0 Convergence Analysis of Global CO, Emissions

In order to reveal the convergence characteristics of global CO, emissions, this study
measured the coefficient of variation in the global, North America, Central and South
America, Europe, the Commonwealth of Independent States, the Middle East, Africa, and
the Asia-Pacific regions. Figure 12 shows the evolution trend in the covariance of CO,
emissions globally and in seven regions of the world from 1990 to 2021.

The evolution trend of global covariance showed a gradually increasing trend during
the sample study period, which increased from 2.660 in 1990 to 3.244 in 2021, with an annual
growth rate of 1.88%. Among them, it was the lowest in 2002. Later, with the increase in
global economic development and the difference in fossil energy consumption, the spatial
difference in carbon dioxide emissions further increased. This indicates that there was no o
convergence in global CO, emissions from 1990 to 2021. From the evolution trend in the
variation coefficients of the seven regions in the world, the variation coefficients of North
America, Europe, the Commonwealth of Independent States and Africa showed a gradual
downward trend during the sample study period, with average annual decline rates of
0.29%, 0.39%, 0.4% and 1.28%, respectively, indicating the convergence characteristics
of CO, emissions in these regions. The coefficients of variation in Central and South
America and Asia-Pacific showed a gradual upward trend from 1990 to 2021, with average
annual growth rates of 0.21% and 1.61%, respectively. This indicates that CO, emissions in
Central and South America and the Asia-Pacific have divergent characteristics, but not o
convergence. The coefficient of variation in CO, emissions in the Middle East showed a
stable trend. During the study period, the Middle East region had suffered from long-term
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war and economic stagnation; thus, there was no obvious convergence and divergence of
CO; emissions.
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Figure 12. Regional differential contribution to global carbon emissions.

4.3.2. Absolute 3 Convergence Analysis of Global CO, Emissions

Table 2 shows the absolute  convergence of CO, emissions in the whole region. The
results show that no matter the fixed effect or random effect, the convergence coefficient is
always positive and passes the significance test of 1%, which indicates that with the increase
in global carbon dioxide emissions, the growth rate of global carbon dioxide emissions
is gradually decreasing. The regression results of the two-way fixed effect model show
that the influence coefficient of global carbon dioxide emissions on the growth rate of
carbon dioxide emissions is —0.0608, which also passes the significance level test of 1%,
indicating the absolute 8 convergence of global carbon dioxide emissions. This is due to the
concerted efforts of the international community to reach a consensus on carbon reduction
in the context of global warming. In particular, Chinese society has actively participated
in carbon reduction efforts, actively following the global trend of green and low-carbon
development, and has actively and scientifically laid out carbon peaking targets, making
important contributions to global carbon reduction.
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Table 2. Absolute convergence of global CO, emissions.

Variable Random Effect Effect of Fixation Bidirectional Fixed Effect
_ ook _ . _ ok
Ln (COy) 000192 000469) 000517)
Time fixation effect Out of control Out of control Control
Individual fixation effect Out of control Out of control Control
Sample observed value 2821 2821 2821
R2 0.0482 0.0482 0.1627
FE/RE RE FE —
Term of constant 0.0482 *** 0.261 *** 0.353 ***
(0.00911) (0.0212) (0.0344)

Note: “***” represent significance levels of 1%, respectively; and the standard deviation of the regression coefficient
is in parentheses.

5. Conclusions

Faced with the reality of climate warming, how to reduce carbon emissions has
become a hot issue that increasingly concerns the governments of all countries [47,48].
Understanding the differences and sources of global carbon dioxide emissions and grasping
the trends in global carbon dioxide emissions is of great significance for the differentiated
and targeted development of national emission reduction strategies. Compared with
traditional methods, the Dagum Gini coefficient can effectively solve the source problem
of regional differences [13]. Therefore, this study first -adopted this method to measure
the spatial differences of CO, emissions in seven regions of the world, and -revealed the
sources of differences. Then, the dynamic evolution law of global CO, emissions and seven
regions was analyzed, and finally, the convergence characteristics of global CO, emissions
were demonstrated. The results are -presented subsequently.

From the perspective of overall differences, the overall differences in global carbon
dioxide emissions during the study period showed a gradually increasing trend. This
indicates that the trend in global inequality in carbon dioxide becomes more obvious during
the sample period. This is consistent with the conclusion of Bolea et al. [2]. In particular, the
evolution of global carbon dioxide inequality shows a downward trend, then an upward
trend, and then a downward trend. This can be explained from two aspects: on the one
hand, in the wave of international industrial transfer, high-income countries will transfer
energy-intensive and high-emission industries to low-income countries, resulting in the
rapid growth of emissions of many low—and middle-income countries with high carbon
emissions in the first place [49]. On the other hand, many high-income countries such as the
United States have reached peak carbon dioxide emissions, and with the application of new
technologies and the upgrading of industrial structures, carbon emissions are decreasing
year by year [50]. The spatial differences in regional CO, emissions are profound in Asia-
Pacific, CIS countries, Europe, North America, Africa, Central and South America, and the
Middle East. From the perspective of distribution dynamics, the peak value of the main
peak of global carbon dioxide emission decreased gradually, the width of the main peak
increased continuously, and the distribution position of the wave crest gradually moved
to the right, with an obvious right-trailing phenomenon, and the distribution ductility is
significantly expanded. This indicates that there is an obvious spatial disequilibrium of
global CO, emissions. From the perspective of evolution law, the transfer probability value
on the main diagonal of the transfer probability matrix is much greater than that of other
positions, indicating that the dynamic distribution law of global CO, emissions is stable,
the mobility of CO, emissions between groups is low, the relative position of global CO,
emissions is stable, and different groups transfer to themselves with a greater probability.
From the convergence characteristics, there is no obvious o convergence in global carbon
dioxide emissions, but there is absolute 3 convergence.
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Combined with the research results, the policy recommendations are drawn:

e Itis necessary to fully understand the spatial imbalance of global CO, emissions and
to formulate carbon peaking and carbon neutrality road maps according to different
stages of national economic development. On the one hand, for developing coun-
tries, it is still an important task to achieve economic catch-up and improve the living
standards of their citizens, and at the same time, it is necessary to take overall consid-
eration. The relationship between development and environmental protection should
be handled carefully to achieve green development. On the other hand, developed
countries should take the initiative to shoulder the historical responsibility of carbon
dioxide emission and promote the “net zero emission” of global carbon dioxide.

e  Regional differences in global CO, emissions are the main source of overall differences.
Therefore, regional differences in CO, emissions should be narrowed to achieve the
balanced development of global carbon dioxide emission reductions. The transfer of
carbon reduction technologies should be gradually realized from developed countries
to developing countries, and help developing countries effectively control carbon diox-
ide. Market means should be adopted to optimize the allocation of carbon emission
trading rights between developing and developed countries, so as to achieve carbon
emission reduction.

e Regions with high carbon emissions should pay attention to intra-regional carbon
emission reduction work, make comprehensive use of both market and government
resource allocation methods, find a good combination of environmental regulations,
and use command, market and public environmental regulations to form a carbon
reduction force.

e  Countries should carry out cooperation and exchanges on the global governance of
CO; emissions, and gradually realize a carbon emission reduction system featuring
technology, experience and data sharing. Under the guidance of the China-proposed
community of a shared future for mankind, we should build a global community with
the goal of reducing pollution and carbon.

The findings of this study contribute to developing an understanding of the overall
differential characteristics of carbon dioxide emissions around the world and within the
seven regions studied here, and facilitate the further definition of countries” emission
reduction responsibilities. However, limited by data acquisition, only macro data between
countries were analyzed, without considering carbon emissions at the enterprise level. In
the future, with the development of Python big data crawler technology, the availability of
enterprise data will be enhanced, and we will continue to use enterprise data for research.
In this way, we can develop a more detailed understanding of the differences in carbon
emissions between different countries, different industries and different industries.
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