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Abstract: Industrialization has increased global carbon emissions, necessitating effective climate
change mitigation measures. China, the most populous developing nation, faces the challenge of
strategizing emissions to meet national carbon neutrality objectives. However, research on specific
regions’ carbon emissions drivers and causal factors is limited, particularly across prefectural-level
cities. This study estimates the spatial and temporal patterns of carbon emissions across China’s
prefectural cities and utilizes both OLS regression and stepwise regression models to analyze the
impact of various factors influencing carbon emissions in these cities. Results reveal the following:
(1) The country’s overall 20-year carbon emissions continue to grow from 3020.29 Mt in 2001 to
9169.74 Mt in 2020, with an average annual growth rate of 5.71%; the eastern region has seen a
gradual deceleration in emissions, whereas the western region continues to experience an increase.
Carbon emissions in cities within each subregion consistently rise. (2) Carbon emissions in Chinese
prefectural-level cities exhibit strong spatial autocorrelation and clustering (Z > 1.96, p < 0.05), with
hot spots primarily in the eastern coastal areas and cold spots in the northwest to southwest regions.
(3) Economic and demographic factors significantly increase carbon emissions, while climate and
urbanization effects are more complex and variable. Economic growth and population increase are
the most significant influencing factors, but regional variances exist in carbon emissions determinants
in subregional prefectural cities. These insights provide valuable insights into national emission
dynamics at the prefectural level, providing a theoretical basis for enhancing carbon emission

strategies across various jurisdictions.
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1. Introduction

Global climate change is attracting increasing international attention as it is causing
a range of environmental problems [1-3]. According to the Sixth Assessment Report of
the Intergovernmental Panel on Climate Change (IPCC), the burning of fossil fuels and
inequitable and unsustainable energy and land use have led to a steady increase in global
temperatures over the past century, resulting in an increase in the frequency and intensity
of extreme weather events, putting nature and people at increasing risk in all regions of the
world [4]. It has also been pointed out that, globally, the increase in carbon emissions is
mainly driven by industry, transport and energy supply, while residential and commercial
buildings, forestry/deforestation, and agriculture also contribute significant amounts
of carbon dioxide, methane, and other greenhouse gases [5-7]. In terms of the impact
of economic growth on carbon emissions, China is one of the world’s fastest-growing
economies, and its energy consumption and carbon emissions have increased prominently
in recent decades [8,9]. From 1980 to 2007, GDP of China grew at an average annual rate
of over 9%, primary energy consumption increased by about 340%, and carbon dioxide
emissions increased dramatically by about 352% [10]. As the world’s largest developing
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country, China must assume the role of a major power, and the Chinese government has
made its dual carbon target, i.e., to achieve carbon peak by 2030 and carbon neutrality
by 2060 [11-13]. Achieving carbon neutrality in China means absorbing the CO, emitted
directly and indirectly by human activities in a given period (usually one year) through
carbon capture and storage or sequestration techniques, such as planting trees and forests,
to achieve “zero emissions” of CO, [14,15]. Compared with the historical process of Europe,
the United States and other developed countries, China is facing the severe challenge of
time constraints and heavy tasks to achieve the goal of carbon neutrality and needs to
implement a larger amount of carbon neutrality in a shorter period of time than developed
countries [16].

The accelerated growth of urbanization has made cities a crucial element in the
reduction of carbon emissions [17-19]. City clusters, as a pivotal area for carbon emissions
and regional economic development, are connected through close economic ties, creating a
spatial connection between diverse urban areas [20-23]. China’s CO, emissions exhibit a
typical pattern of spatial intensity and high emission levels in the prefectures. While there
was no significant change in this pattern from 2007 to 2012, the results indicate that there
was a 3% relaxation in intensity during this period. Furthermore, the results indicated that
the total CO; emissions had increased by 33.5% during the same period. This emission
pattern also reflected the impact of the typical urbanization process in China [24].

In recent years, numerous studies have investigated carbon emissions within specific
urban regions, including the Beijing—Tianjin—Hebei area, the Yangtze River Delta, and
the Chengdu-Chonggqing area, employing various methodologies. For instance, Zeng
et al. [25] selected the Chengdu-Chongqing urban agglomeration to analyze the spatial
and temporal evolution pattern of carbon emissions. They employed the ridge regression
model and the STIRPAT (Stochastic Impacts by Regression on Population, Affluence, and
Technology) model to explore the influence of key factors on carbon emissions in the
Chengdu—Chonggqing urban agglomeration. Luo et al. [26] used data from Xi’an as an
example to establish a spatial simulation and prediction model of carbon emissions, with
the aim of providing references for the regional planning of carbon emission reduction and
the implementation of carbon emission reduction technologies. Some scholars [27] chose
to start from the land use to assess the impact of land use patterns on carbon emissions
under the Yellow River Delta region, providing a theoretical framework for sustainable
land use. Additionally, other studies on national and regional carbon emissions are pre-
dominantly based on estimation and analysis of carbon emissions based on data such as
the nighttime lighting index [28-30] or focus on the relationship between carbon emissions
and the economic level [31]. Despite existing research on urban carbon emissions, there
is a notable lack of detailed studies on the spatial correlation and key factors influencing
carbon emissions across prefecture-level cities nationwide. Understanding the distribution
and determinants of these emissions is crucial for aligning regional economic development
with high-quality, sustainable growth in China’s new era [32,33]. Such knowledge will aid
in crafting more targeted and effective carbon reduction policies. In the current research in
this direction, the analysis of spatial and temporal patterns focuses on methods such as
spatial autocorrelation analysis [34-36], kernel density estimation [36], and center of gravity
transfer trajectory [37], among others. The methods of attribution analysis have also gone
through the process of developing from simple linear [38] to non-linear machine learning
methods [39,40], and the process models have gradually developed from single-factor to
multi-factor [41,42] and multi-modal large model simulations [43,44], etc.

Therefore, this paper tries to contribute to achieving China’s carbon peak and carbon
neutrality goals by selecting the association between prefecture-level cities and carbon
emissions for analysis. First, it aims to analyze the spatial and temporal distribution
patterns of carbon emissions across prefecture-level cities in various subregions from 2001
to 2020. Second, it seeks to identify the factors influencing carbon emissions using stepwise
and OLS regression models, exploring the extent of each factor’s impact and their variations
across space and time (Figure 1). The results of this study can provide a foundational and
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scientific reference for China’s future strategies on carbon emission reduction and for the
planning and development of urban economies.
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Figure 1. Flowchart of the study route (Note: Stepwise regression analysis is firstly used as an
exploratory regression to initially screen the factors and obtain some of the results to show the
characteristics of each factor and to be able to verify the feasibility of the impact of the selected factors
on carbon emissions, and the OLS regression presents a more detailed picture of the changes in
the impact on carbon emissions among the influencing factors. The two regression methods work
together to serve the final result and ascertain the systematic conclusion of the attribution analysis).

2. Materials and Methods
2.1. Study Area

This study describes and analyses the spatial and temporal evolution of carbon emis-
sions in 329 prefectural administrative units (including prefectural cities, counties, au-
tonomous prefectures, and leagues) across China. The temporal evolution of carbon
emissions is expressed at the scale of provincial administrative regions, whereas in analyz-
ing changes in the spatial distribution pattern and spatial correlation of carbon emissions,
it is expressed at the scale of municipal administrative regions. Data from the Tibet Au-
tonomous Region (TAR), Taiwan Province, Hong Kong Special Administrative Region
(HKSAR), and Macau Special Administrative Region (MSAR) are excluded from the cal-
culations to ensure data consistency, completeness, and accuracy. The provinces in China
have been reorganized into subregions as follows: The South Central Region (CS) includes
Henan, Hubei, Hunan, Guangxi Zhuang Autonomous Region, Guangdong, and Hainan.
The Eastern Region (E) comprises Shanghai, Shandong, Jiangsu, Anhui, Zhejiang, Fujian,
and Jiangxi. In the Northern Region (N), Beijing, Tianjin, Hebei, and Shanxi are grouped
together. The Northeastern Region (NE) encompasses Heilongjiang, Jilin, Liaoning, and
the Inner Mongolia Autonomous Region. The Northwest Region (NW) consists of Shaanxi,
Gansu, Qinghai, Ningxia Hui Autonomous Region, and Xinjiang Uygur Autonomous
Region. Lastly, the Southwest Region (SW) is made up of Chongging, Yunnan, Sichuan,
and Guizhou (Figure 2).
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Figure 2. Regional Divisions of China.
2.2. Data Sources
The 2001-2020 carbon emission data used in this paper are collected from the China
Carbon Accounting Database [45], and the decomposition of the carbon emission influenc-
ing factors includes the details of the year-end total GDP, year-end resident population,
cumulative precipitation, average temperature, sunshine hours, the proportion of use of
the natural environment land type, the proportion of use of the urban land type, and the
proportion of use of the non-natural environment land type (agricultural land). The source
is indicated in Table 1.
Table 1. Sources of data on impact factors.
Category Name Source
Economic factors Total GDP GDP, population and other socioeconomic data

Demographic factors

were compiled using the China Urban Statistical
Yearbook [46], related urban statistical yearbooks,
and the China Energy Statistical Yearbook [47]

Year-end resident population

(2001-2020).

Climatic factors

Cumulative annual precipitation, Average annual
temperature, Average annual sunshine hours

China National Meteorological Center (CNMC)

Land use factors

Land use percentage of natural environment land
types, Land use percentage of urban land types,
Land use percentage of non-natural environment
(agricultural land)

Co-authored by Professors Jie Yang and Xin
Huang of Wuhan University, “30 m annual
landcover and its dynamics China from 1990 to
2019” (now updated to 2020)

2.3. Research Methodology

2.3.1. Analysis of Spatial Distribution Pattern

We use Global Moran’s I and Local Moran’s I. The former is a measure of spatial auto-
correlation developed by Patrick Alfred Pierce Moran; as well as a global autocorrelation,
followed by a local autocorrelation, the local Moran’s I is the one that will show where
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the outliers or where the agglomeration occurs. Global Moran’s I > 0 indicates positive
spatial correlation; the larger the value, the more spatially clustered the regional carbon
emissions are; Moran’s I < 0 indicates negative spatial correlation; the smaller the value, the
more significant the difference between the regional carbon emissions and the surrounding
region; Moran’s I = 0 indicates that there is no spatial correlation and the regional carbon
emissions are spatially randomly distributed; the absolute value represents the strength
of the autocorrelation. The absolute value reflects the strength of the autocorrelation. The
significance of I was tested by the standardized Z-value, Z > 1.96, and passed the 5% sig-
nificance level test (p < 0.05), indicating the existence of significant spatial correlation; the
correlation formula was referenced from the literature [48]. As for the local autocorrelation,
the local spatial distribution characteristics of carbon emissions in urban agglomerations
under different zones are analyzed by ArcGIS using the spatial linkage local indicator
LISA [49]. The LISA graph is used for visualization, and the spatial agglomeration units
with significance are classified into high and high agglomeration type areas (H-H), low
and low agglomeration type areas (L-L), high and low agglomeration type areas (H-L), low
and high agglomeration type areas (L-H), and the rest are insignificant areas [50]. Based on
the previous high/low clustering analysis, the obtained Z-score and p-value were used to
calculate the Getis-Ord Gi* statistic for each element in the dataset to obtain the location of
hot and cold spots where spatial clustering occurs [51], which is used as a result to further
explain the relationship between the spatial distribution pattern and carbon emissions of
prefecture-level cities.

2.3.2. Attribution Analysis

Two regression modelling methods, stepwise regression and OLS regression, are
used to analyze the changes in the impact of different factors on carbon emissions. The
idea is that stepwise regression is first used as an exploratory regression, which can first
demonstrate the characteristics of each factor, initially screen the factors, and verify the
feasibility of research and analysis of the impact of its selected factors on carbon emissions.
Then OLS regression is selected to further analyze the change in influence on carbon
emissions between each influence factor and the systematic attribution analysis of carbon
emissions, and to obtain a comprehensive conclusion in time and spatial area.

Stepwise regression is a process of screening variables in regression analysis. It allows
for the construction of a regression model from a set of candidate variables, with the system
automatically identifying influential variables [52]. The stepwise approach to regression
was selected, whereby, following the introduction of a variable, the first step is to ascertain
whether this variable significantly alters the model (F-test). If this is the case, a t-test is
then performed on all variables. The original variable is retained if it is not deemed to be
significant due to the introduction of variables at a later stage. If the variable is no longer
significant due to the introduction of variables that are added later, it is excluded to ensure
that the regression equations contain only significant variables before the introduction
of new variables. This process is repeated until there are neither significant explanatory
variables selected nor significant explanatory variables in the regression equations. Until
the regression equation contains neither significant explanatory variables nor insignificant
explanatory variables, an optimal set of variables is finally obtained [53].

The application of stepwise multiple regression necessitates the selection of a model
(i.e., the determination of which regressor variables should be included in the final MAM)
through the use of parametric inference (i.e., the testing of whether the parameters are
significantly different from zero). This process, however, can potentially lead to the in-
troduction of bias in the parameters, the occurrence of overfitting, and the execution of
incorrect significance tests. To illustrate this point, a simple example involving a single pa-
rameter is presented. A linear model of the observations y; as a function of the parameters
o and (3, the predicted values x;, and the error «:

Yi=a+ Pyt 1)
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A stepwise approach can be employed to ascertain whether the model represented by
Equation (1) is more efficacious than a simpler alternative:

yi=a+eg ()

A straightforward approach is to calculate an estimation of (3 (referred to as b) prior to
determining whether b is demonstrably different from zero.

In this study, carbon emission was employed as the dependent variable, with economic,
demographic, climatic, and land use factors selected as independent variables. Regression
analyses were conducted from 2001, 2010, and 2020 to identify significant changes between
the three years under different subregions. Additionally, more calculation formulas were
referenced from the literature [54-56].

OLS (ordinary least squares) regression is employed primarily for parameter estima-
tion in linear regression [57]. The underlying principle is to identify a value that minimizes
the sum of squares of the difference between the actual value and the model valuation,
which will be used as the parameter estimate. The optimal function match for the data
is determined by minimizing the sum of squares of the error. The least squares method
facilitates the identification of unknown data and the minimization of the sum of squares
of the errors between these data and the actual data. The least squares method can be
employed for curve fitting, and it can also be used to express optimization problems in
terms of minimizing energy or maximizing entropy.

Influence factor analysis is conducted based on the least squares linear regression
model (OLS), as illustrated in Equation (3):

p p
vi=PBo+ Y Brxi+ Y Bixj+ €k 3)
k=1 j=1

In Equation (3), y; represents the carbon emission evaluation index; i denotes a specific
evaluation index; xi denotes an explanatory variable; Xi denotes a control variable; 3, By,
and B; denote the linear regression parameters; and ¢y ; denotes the value of the random
error of linear regression.

It has been shown that multicollinearity does not affect the effect before using the
OLS regression model. The model was employed with carbon emissions as the dependent
variable and economic, demographic, climatic, and land use factors as independent vari-
ables. These variables collectively constructed OLS models for urban clusters in different
regions at three time points: 2001, 2010, and 2020. The objective of this approach was to
illustrate the specific extent of the influence of each factor on regional carbon emissions,
both temporally and spatially. Further details on the calculation formulas can be found in
References [58,59].

3. Results
3.1. Temporal Evolution of Carbon Emissions in Prefectural-Level Cities across the Country

Overall linear regression and segmented linear regression of trends were used sep-
arately for each subregion, with 2010 as the node, and divided into two segments over a
20-year period (2001-2010, 2010-2020) to analyze whether there was significant trend vari-
ability in different regions. As illustrated in Figure 3, the changes in carbon emissions across
each subregion (Figure 3a—f) demonstrate an upward trajectory from 2001 to 2020. The
growth rates of carbon emissions in each subregion were found to be 2.37a"! (Figure 3a),
1.25a"1 (Figure 3b), 1.52a"1 (Figure 3c), 1.19a! (Figure 3d), and 2.01a! (Figure 3e), re-
spectively, with a flat growth rate of 0.88a~! (Figure 3f). The overall growth of carbon
emissions in all regions was found to be flat, with an inflection point occurring in the period
of 2010-2014. Following this, there were different decreasing trends. The carbon emissions
of the Northwest, Southwest, and South Central Regions increased after 2016; also, all three
regions have achieved 20 years of sustained increases in average annual carbon emissions
by 8.54%, 5.51%, and 6.05%. In contrast, the carbon emissions of the North, Northeast, and
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East Regions slowed down or showed a weak slowing down trend. The three regions have
declined from their historical highs to 2020 by 3.63%, 6.95%, and 9.92%.
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Figure 3. Evolutionary trend of carbon emission changes in prefectural cities in China by subregion,

2001-2020. (Note: (a—f) show the changes in carbon emissions by subregion from 2001 to 2020;

(g-1) shows the share of carbon emissions within each subregion from 2001 to 2020).
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At the national level, carbon emissions grow from 3020.29 Mt in 2001 to 9169.74 Mt in
2020, with an average annual growth rate of 5.71%. From the perspective of the evolution
of carbon emissions’ total proportion in prefectural-level cities across different regions,
from 2001 to 2020, in the Northern Region, when viewed from the provincial level, Tianjin
Municipality (a directly administered municipality) had the highest proportion. Its share
of carbon emissions increased from 39.93% to 56.47%. Conversely, Beijing Municipality
(a directly administered municipality) exhibited a decline in its proportion, with a gradual
decrease from 32.91% to 11.12%. The proportion of carbon emissions in prefectural-level
cities within Shanxi Province and Hebei Province remained relatively stable over the
20-year period (Figure 3g). In the Northeast Region, only prefecture-level cities in the Inner
Mongolia Autonomous Region continue to increase their share of carbon emissions over
the 20-year period, from 25.69% to 45.08%. In contrast, the share of carbon emissions of
Heilongjiang, Liaoning, and Jilin Provinces decreases slowly, which is probably related to
the national policies and reforms (Figure 3h). In the eastern region, Shanghai (municipality
directly under the central government) is the leading economic hub and has the highest
share of carbon emissions. However, it has experienced a decline over the past two decades,
from 63.56% to 49.60%. In contrast, other prefectural-level cities in other provinces have
experienced an increase in their share of carbon emissions. For instance, Jiangsu province
has risen from 8.70% to 13.72%, while Shandong province has risen steadily from 9.30%
to 12.35% (Figure 3i). In the northwestern region, the carbon emission share of Gansu
Province and Qinghai Province exhibits relatively stable fluctuations, while that of Ningxia
Province rises from 22.77% to 35.27%, and that of Shaanxi Province and Xinjiang Uygur
Autonomous Region rises at a gradual pace before declining at a similar rate (Figure 3j).
In the Southwestern Region, the share of carbon emissions in Chongqging Municipality
(a directly administered municipality) is the highest, but the change is only 3.84%. This
situation is also observed in other provinces, such as within Yunnan Province, which is the
highest. A similar situation exists in other provinces, such as Yunnan Province, where the
share of carbon emissions of prefecture-level cities only changed by 2.11% (Figure 3k). In
the South Central Region, Guangdong Province, the share of carbon emissions of prefecture-
level cities decreased from 21.85% to 16.53%, with a smaller downward trend, and a similar
change was observed in Hubei Province and Henan Province. Conversely, the proportion of
carbon emissions in Hainan Province, Guangxi Zhuang Autonomous Region, and Hunan
Province is gradually increasing. For instance, in Hunan Province, the figure has risen from
14.83% to 19.34% (Figure 31).

3.2. Changes in the Spatial Distribution Pattern and Spatial Correlation of Carbon Emissions in
Prefecture-Level Cities across the Country

In order to investigate the spatial dynamics of carbon emissions within the context of
national prefecture-level cities, data on carbon emissions for these cities across four time
periods (2001-2005, 2006-2010, 20112015, and 2016-2020) were processed. The first step is
to analyze the spatial autocorrelation of carbon emissions of the national prefecture-level
city group. This allows for us to judge whether there is aggregation or isolation of carbon
emissions of prefecture-level city groups under the national division in space, and to make
a judgement on the aggregation trend in space. The results of the analysis are shown in
Table 2.

Table 2. Results of global spatial autocorrelation analysis of carbon emissions of prefecture-level
cities in China.

Year I z p
2001-2005 0.207 12.539 <0.05
2006-2010 0.250 14.821 <0.05
2011-2015 0.234 13.685 <0.05

2016-2020 0.202 11.802 <0.05
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As illustrated in Table 2, the global spatial autocorrelation analyses of carbon emissions
of the national urban agglomerations in 2001-2005, 2006-2010, 2011-2015, and 2016-2020
passed the significance test (Z > 1. 96, p < 0.05), indicating that there is a significant spatial
autocorrelation of carbon emissions of the national prefectural agglomerations in the spatial
context. Over the past two decades, the I and Z values have exhibited a general trend
of increasing and then decreasing, indicating an overall spatial aggregation of carbon
emissions among prefecture-level cities across the country. However, over the 20-year
period, the highest level of agglomeration is observed in the 2006-2015 period, with the
level of agglomeration in the 20162020 period being approximately equivalent to that
observed in the 2001-2005 period.

In order to gain further insight into the spatial distribution of carbon emissions within
the national prefecture-level city cluster, this study selects the carbon emissions of the
national prefecture-level city cluster in the four time periods of 2001-2005, 2006-2010,
2011-2015, and 2016-2020 to further analyze the local spatial correlation, as illustrated in
Figure 4. On a national scale, the spatial clustering of China’s overall carbon emissions over
the past 20 years has been relatively stable (Figure 4). The (H-H) high-concentration area
refers to the region with high carbon emissions and its neighboring municipalities, which
are mainly concentrated in the Eastern and Northern Regions, including Beijing, Tianjin,
and Hebei, and Shandong, Jiangsu, Zhejiang, and Shanghai, while the (H-L) high- and low-
concentration area refers to the region having high carbon emissions, but its neighboring
municipalities having low carbon emissions, which is consistently reflected in Chongging,
Chengdu, and Kunming in the Southwestern Region, Lanzhou in the Northwestern Region,
Nanning in the South Central Region, and Nanchang in the Eastern Region; Kashgar
changes from a low-low to a high-low agglomeration in the period 2016-2020, Xi’an is of
this type in the period 20062010, and the rest are non-significant areas, as is Panzhihua
in the period 2001-2005; Wuhan changes from a non-significant area at the beginning to a
persistent high-low agglomeration, and Changsha, on the other hand. (L-H) Low-high
agglomerations, where carbon emissions are low in the region but high in the neighboring
prefectures, are embedded in high-value agglomerations with consistently low emissions
compared to neighboring high-value cities, such as Yangquan, Shuozhou, and Chengde in
the north; Chaoyang City in the northeast; Rizhao and Huzhou City in the east; and Puyang
City in the South Central Region. In this 20-year period, there are cities that have changed
from insignificant regions to this type, such as Daxinganling and Jiaozuo; there are also
prefecture-level cities that have changed in the opposite direction, such as Maanshan and
Xuancheng; and there are also cities that have changed to high-value agglomerations, such
as Ulangab and Chuzhou, etc. The (L-L) low-value agglomeration area is defined as an area
with low carbon emissions and its neighboring prefectures. It is primarily located in the
Western Region of China in a linear shape around several prefectures and cities, specifically
in the Southwestern Region, around Kunming City, Chengdu City distribution; in the South
Central Region is the distribution of Nanning City as the center; lastly, it is dispersed with
Lanzhou City serving as the center in the northwest. During the period 2016-2020, there
was a proliferation of low-value agglomerations of prefecture-level cities in the northeast
of the Northeast Region (the east of Heilongjiang Province). These included Jixi, Jiamusi,
and Shuangyashan. In addition, the low-value prefecture-level city area that used to be
centered on Nanchang City is also diminishing over time, becoming a non-significant area.

In light of the findings of the local autocorrelation analysis presented in the above
section, the carbon emission data of the national prefecture-level cities in the four time
periods of integrated 2001-2005, 2006-2010, 2011-2015, and 2016-2020 are selected to
further calculate the Getis—Ord Gi* statistic. This allows for the identification of high and
low agglomerations of values within each geographic unit and its domains, which in turn
enables the determination of spatiotemporal hotspots (Table 3 and Figure 5). The spatial
distribution of carbon emission cold and hotspots exhibits aggregation characteristics, with
the majority of the hotspots concentrated at the municipal scale. To analyze the national
carbon emissions in four segments from 2001 to 2020, the hotspot area spreads from Beijing,
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Tianjin, and Hebei to coastal cities such as Jiangsu, Zhejiang, and Shanghai. These cities
are considered the overall core, with the surrounding prefectures radiating outward. In
contrast, the hot spot range in the Eastern Region has been reduced in the period from
2016 to 2020. Conversely, the cold spot area is centered on the prefectures in the Northwest
Region of Qinghai and Gansu Province, and gradually spreads to the Southwest Region.

2001-2005

2006-2010

IN\ /"«

Not Significant Not Significant

I itigh-High Clusier I High-High Clusier a
I igh-Low Outlicr I 1igh-Low Outlier
I o High Outlier I o High Outlier J 7
I Low-Low Cluster B Low-Low Cluster
I No Daw No Data ( ’
] 1,000 2,000 [ 1.000 2,000 3000
(a) (b)
2011-2015 2016-2020

>z
>z
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B 1igh-High Cluster B High-High Cluster
I 5igh-Low Outlier I itigh- Low Outlier
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I Low-Low Cluster B Low-Low Cluster
No Data 7 No Daa
0 1,000 2,000 3,000 0 1000 2000
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Figure 4. LISA distribution of carbon emissions of prefecture-level cities in China by time period.
(Note: The distribution of Lisa cluster maps with spatial autocorrelation for 2001-2005, 2006-2010,
2011-2015, and 2016-2020 is represented by (a—d), respectively).

Table 3. Results of high/low cluster analysis of carbon emissions in prefecture-level cities across

the country.
Year z p
2001-2005 7.470 <0.05
2006-2010 7.911 <0.05
2011-2015 6.851 <0.05

2016-2020 5.908 <0.05
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Figure 5. Distribution of carbon emission cold/hot spots in prefecture-level cities across the country
by time period. (Note: The distribution of cold hotspots for 2001-2005, 2006-2010, 2011-2015, and
2016-2020 and the degree of rank are represented by (a-d), respectively).

3.3. Analysis of the Influential Factors of Carbon Emission in Prefecture-Level Cities in China
3.3.1. Stepwise Regression Exploratory Analysis with Regression Analysis of Carbon
Emission Impact Factors and Model Fitting Analysis

Stepwise regression can assist in determining the significance of the factors influencing
carbon emissions in prefecture-level cities within each region, while also evaluating the
feasibility of analyzing the impact factors. The results are presented in Figure 6, which
compares the significance changes of the factors in 2001, 2010, and 2020.

The analysis of CO, emissions, as detailed in Figure 6, employs stepwise regression to
discern the impacts of various influencing factors across different regions over the years
2001, 2010, and 2020. The findings consistently show that GDP and population have a
significant positive impact on CO, emissions across all regions. In contrast, the effects of
climatic factors and land use ratios are marked by complexity and instability, reflecting
their less predictable influence on emissions.

The OLS regression model was employed on three occasions, in 2001, 2010, and 2020,
in order to further ascertain the impact of economic, demographic, climatic, and land
use factors on carbon emissions. Moreover, the absence of multicollinearity between the
influencing factors, as indicated by a VIF of less than 10, was demonstrated prior to the
application of the OLS analysis (see Appendix A, Table A1). The results of the calculations
are presented in Table 4.
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Figure 6. Stepwise regression results of carbon emission influencing factors in sub-districts of
prefecture-level cities nationwide.

Table 4. Overall OLS regression results of carbon emission influencing factors in prefecture-level cities
across the country (Note: the coefficients and p-values (*replaced) explain the degree of influence
and significance of each independent variable on the dependent variable; the t-values in parentheses
reflect the difference between the coefficient estimates and zero, divided by the standard error, the
absolute value of which also reflects the degree of significance of the coefficients; the R> measures
the degree of fit of the model, ranging from 0 to 1, and indicates the percentage of variation in the
dependent variable that the model explains; and the F-statistic is used to test the significance of the
entire model, * p < 0.1, ** p < 0.05, ** p < 0.01).

2001 2010 2020
CO, CO, CO,
InGDP 3.020 *** 8.797 *** 6.051 ***
(6.24) (8.58) (5.59)
Inhabitants 0.019 *** 0.041 *** 0.040 ***
(11.29) (13.40) (12.32)
Cumulative precipitation 0.001 —0.004 ** —0.010 ***
(0.51) (—2.22) (—4.63)
Average temperatures —0.413 = —0.571 *** —0.699 ***
(—3.16) (—2.95) (—3.10)
Hours of sunshine 0.001 0.004 * —0.000
(1.02) (1.93) (—0.07)
Cities and towns 47.307 *** 52.154 *** 14.618
(4.95) (3.54) (1.19)
Natural environment 6.328 *** 11.737 *** 4271
(3.81) (3.59) (1.07)
_cons —43.636 *** —136.963 *** —70.169 ***
(—6.11) (—8.54) (—4.02)
N 329.000 329.000 329.000
R? 0.692 0.781 0.640
F 102.954 163.736 81.480
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Table 4 illustrates the exclusion of the indicator non-natural environment from the
analysis, due to its high covariance characteristics with the other variables. This table clearly
shows the impact of the different factors on carbon emissions at the three points in time.
The data from 2001, 2010, and 2020 indicates that GDP has a significant positive effect on
CO;. Furthermore, the indicator is the largest in 2010, and all of them are significant at the
1% level. In terms of the resident population, the larger the resident population, the higher
the CO, emission. This evidence supports the hypothesis that the resident population
exerts a positive and significant effect on CO,, with the highest level observed in the 2010
data. In terms of other variables, cumulative precipitation has a negative effect on CO,
emissions in 2010 and 2020; average temperature has a negative effect in all three years;
sunshine hours has a positive effect in 2010 but no significant effect in 2020; urbanization
and natural environment have unstable effects on CO, emissions, with urbanization being
significant in 2001 and 2010, and natural environment having a significant positive effect in
all three years. Furthermore, the effects of urbanization and the natural environment on
CO; emissions can be elucidated by examining the scatterplots presented in Appendix B,
Figures A1-A3. These plots illustrate the linear relationship between each factor and
carbon emissions, thereby providing a more comprehensive understanding of the overall
regression results.

3.3.2. Quantitative OLS Regression Analysis of Local Carbon Emission Impact Factors

In the above section, stepwise regression and OLS regression analyses were conducted
using two dummy variables, year and region. This allowed for an overall analysis of the
data at the national level over time. In this section, the carbon emission impact factor of
prefectural cities at the subregion are calculated and analyzed through OLS regression
at the whole and individual level over three years. The specific results are presented in
Tables 5-8.

Table 5. Localized regression results of carbon emission influencing factors in prefecture-level cities
across China. (Note: * p < 0.1, ** p < 0.05, *** p < 0.01).

CS E N NE NwW SW
CO, CO, CO; CO, CO, CO,
InGDP 7.739 *** 6.881 *** 14.375 *** 13.926 *** 5.795 *** 5.223 ***
(13.85) (7.21) (3.28) (11.94) (8.67) (6.22)
Inhabitants 0.015 *** 0.048 *** 0.007 0.011* 0.013 * 0.037 ***
(6.28) (15.02) (0.71) (1.68) (1.68) (15.84)
Cumulative precipitation 0.001 0.002 —0.006 —0.019 *** —0.016 *** 0.010 **
(0.81) (0.85) (—0.15) (—4.44) (—2.85) (2.23)
Average temperatures —0.420 * —0.849 * 0.803 0.693 —0.542 —0.497
(—1.80) (—1.78) (0.50) (1.50) (—1.50) (—1.31)
Hours of sunshine —0.000 —0.005 ** —0.005 —0.002 —0.000 0.001
(—0.37) (—2.16) (—0.92) (—1.00) (—0.12) (0.43)
Cities and towns 0.897 69.024 *** 48.417 —24.693 82.134* 27.129 %
(0.10) (3.68) (0.87) (—0.86) (1.87) (1.90)
Natural environment —4.462 4.686 —5.899 11.623 *** —2.646 13.568 ***
(—1.50) (0.96) (—0.34) (2.61) (—0.39) (3.34)
_cons —102.701 *** —98.020 *** —192.608 *** —188.044 *** —60.016 *** —91.540 ***
(—11.63) (—6.65) (—3.19) (—10.17) (—4.27) (—6.46)
N 246.000 231.000 72.000 144.000 153.000 141.000
R? 0.746 0.814 0.652 0.691 0.509 0.818
F 100.027 139.314 17.114 43.511 21.514 85.543

Specifically, Table 5 illustrates the regional impacts. In the Northern Region, economic

growth and population size significantly increase CO, emissions. Climatic factors such as
cumulative precipitation, average temperature, and sunshine hours show no significant
effects. Urbanization and the natural environment also exert minimal and statistically
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insignificant impacts. Similar trends are observed in the Northeast and Northwest Regions,
although cumulative precipitation reduces emissions in the Northwest during 2010. In the
Southwest, while economic drivers and population continue to increase emissions, climatic
effects remain inconsistent, and urbanization along with natural environmental factors
display significant impacts under specific conditions.

Table 6. Localized regression results of carbon emission impact factors in prefecture-level cities across
the country in 2001. (Note: * p < 0.1, ** p < 0.05, *** p < 0.01).

Cs E N NE NW SW
CO, CO, CO, CO, CO, CO,
InGDP 5.707 *** 5.044 6.427 3.935 *** 2.532 *** 1.924
(7.02) (3.72) (1.47) (3.91) (5.43) (1.51)
Inhabitants 0.002 0.019 *** 0.014 0.012 ** 0.002 0.020 ***
(0.87) (4.38) (1.49) (2.58) (0.48) (8.32)
Cumulative precipitation —0.003 0.004 0.020 —0.012* 0.012 % 0.010 **
(—1.56) (0.70) (0.65) (—1.88) (1.99) (2.40)
Average temperatures 0.594 —1.283 —4.793 ** 0.604 ** 0.086 —0.899 **
(1.39) (—1.61) (—2.44) (2.24) (0.45) (—2.06)
Hours of sunshine 0.001 —0.026 *** —0.048 ** —0.010 0.007 ** 0.002
(0.66) (—3.88) (—2.86) (—1.59) (2.56) (1.05)
Cities and towns 15.203 * 118.095 *** 58.419 20.199 97.147 *** 352.002 **
(1.69) (3.80) (0.92) (0.92) (2.93) (2.31)
Natural environment 0.223 —0.854 2.810 2.115 —-1.232 4.804
(0.10) (—0.14) (0.24) (0.83) (—0.50) (1.08)
_cons —86.836 *** —15.311 74.311 —24.002 —52.126 *** —32.741*
(—6.84) (—0.66) (1.12) (—0.98) (—4.15) (=1.97)
N 82.000 77.000 24.000 48.000 51.000 47.000
R? 0.761 0.759 0.865 0.780 0.733 0.851
F 33.617 31.047 14.708 20.256 16.830 31.897
Table 7. Localized regression results of carbon emission impact factors in prefecture-level cities across
the country in 2010. (Note: * p < 0.1, ** p < 0.05, *** p < 0.01).
Cs E N NE NW SW
CO, CO, CO, CO, CO, CO,
InGDP 12.903 *** 11.230 *** 21.805 * 17.117 *** 7.219 *+* 6.500 **
(6.81) (4.26) (2.02) (5.83) (5.16) (2.26)
Inhabitant 0.011 ** 0.052 *** 0.003 0.010 0.008 0.039 ***
(2.01) (7.64) (0.16) (0.86) (0.73) (8.13)
Cumulative precipitation —0.000 0.002 —0.057 0.010 —0.015 0.024 **
(—0.05) (0.28) (—1.15) (0.88) (—1.24) (2.29)
Average temperatures -0.513 —2.523 ** 1.469 —-0.914 —0.200 —1.574 %
(—1.17) (—2.10) (0.36) (—0.95) (—0.35) (—2.02)
Hours of sunshine 0.009 —0.027 * 0.000 0.031 ** —0.006 0.010 **
(1.62) (—1.79) (0.00) (2.12) (—0.65) (2.07)
Cities and towns —5.158 123.778 *** 75.759 —24.589 56.176 475.451 ***
(—0.36) (2.90) (0.70) (—0.49) (0.89) (3.22)
Natural environment —0.464 6.654 0.352 10.280 2.735 13.056
(—0.09) (0.71) (0.01) (1.42) (0.35) (1.54)
_cons —195.891 *** —103.644 * —307.016 —328.507 *** —76.690 ** —124.174 ***
(—6.32) (—1.89) (—1.60) (—5.64) (—2.32) (—2.72)
N 82.000 77.000 24.000 48.000 51.000 47.000
R? 0.811 0.867 0.837 0.745 0.667 0.898
F 45413 64.401 11.777 16.672 12.280 49.160
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Table 8. Localized regression results of carbon emission impact factors in prefecture-level cities across
the country in 2020. (Note: * p < 0.1, ** p < 0.05, *** p < 0.01).

(&) E N NE NW SW
CO, CO, CO, CO, CO, CO,
InGDP 12.053 *** 7.406 *** 40.444 % 24.397 *** 3.012* 5.875
(4.09) (3.06) (1.93) (4.90) (2.00) (1.59)
Inhabitant 0.014 * 0.051 *** —0.033 —0.008 0.032 ** 0.045 ***
(1.99) (9.49) (—0.93) (—0.41) (2.12) (7.83)
Cumulative precipitation —0.003 0.003 0.403 —0.024 ** —0.034 *** 0.008
(—0.83) (0.86) (1.50) (—2.50) (—3.24) (0.99)
Average temperatures —0.197 —0.642 —5.532 0.436 0.198 —0.071
(—0.52) (—1.29) (—0.91) (0.46) (0.25) (—0.13)
Hours of sunshine 0.001 —0.001 —0.006 —0.001 0.004 0.000
(0.29) (—0.44) (—0.60) (—0.49) (1.01) (0.03)
Cities and towns —28.271*% 38.433 * —114.774 —58.302 —1.599 29.424 *
(—1.83) (1.92) (—1.04) (—1.24) (—0.02) (1.87)
Natural environment —9.252 —2.852 —91.085 * 13.293 —25.227 18.021 **
(—1.44) (—0.47) (—1.95) (1.46) (—1.42) (2.41)
_cons —171.724 *** —116.523 *** —714.300 * —348.010 *** —5.144 —113.062 *
(—3.53) (—2.79) (—2.07) (—4.51) (—0.16) (—=1.91)
N 82.000 77.000 24.000 48.000 51.000 47.000
R? 0.707 0.891 0.620 0.729 0.463 0.892
F 25.487 80.350 3.725 15.374 5.306 46.033

Table 6 elaborates on the partial regression results from 2001, where economic devel-
opment consistently elevates CO, emissions, often reaching statistical significance at the
1% or 5% levels. The population’s effect is similarly significant, especially in the Eastern
and Southwest Regions, which are notable at the 1% significance level. However, the
influence of cumulative precipitation and sunshine hours varies, showing both positive
and negative impacts that are not always statistically significant. The variability extends to
urbanization and natural environment effects, which range from positive to negative, with
no consistent pattern.

Further analysis in Table 7 indicates that the coefficients for economic development in
2010 are considerably larger than those in 2001, with GDP showing a significant positive
effect across all regions, predominantly at the 1% significance level. The influence of
population is also more pronounced in 2010, with significant impacts in multiple regions.

Finally, Table 8 focuses on the 2020 data, revealing that economic development remains
a major driver of emissions in the Northern Region, maintaining the trends observed in
earlier years. The impact of population and non-natural environmental factors in 2020
is also more substantial compared to previous assessments. Notably, urbanization in the
CS region shows a significant negative correlation with emissions, diverging from earlier
data, while the natural environment’s role in reducing emissions becomes more evident,
particularly with its significant negative effect in the Northern Region and a significant
positive effect in the Southwest.

4. Discussion

In terms of the changes in carbon emissions and the share of each region between 2001
and 2020, it can be observed that the more developed economy in the Eastern Region of
China has led to a faster growth in carbon emissions, which reached its peak and then grad-
ually slowed down in accordance with the requirements of the national situation [60]. On
the other hand, in the Northwest, Southwest, and South Central Regions, where more cities
with relatively backward economies are struggling to develop, all have achieved 20 years
of sustained upward mobility, and their average annual carbon emissions have increased
by 8.54%, 5.51%, and 6.05%. This is exemplified by the phenomenon of urbanization, which
is occurring at a more rapid pace in these cities, and the pursuit of economic growth in



Land 2024, 13, 828

17 of 24

order to catch up with the relatively more developed regions. In addition, over this 20-year
period, carbon emissions have made overall progress in an upward trend. The carbon
emissions from the country’s prefectural cities continue to grow, reflecting the country’s
rising level of development and the gradual realization of a carbon neutrality policy on that
basis. In analyzing the changes in China’s carbon emissions, it is also possible to add to
and compare the content of studies involving global carbon emissions [61]. The continued
growth of carbon emissions in China as a developing country is different from the changes
in carbon emissions in the developed countries of Europe, where we can see that Europe
is undergoing an energy transition to meet its carbon reduction targets, which the more
developed regions of eastern China could emulate [62]. Moreover, the cross-border impacts
of carbon emissions in China are more related to economic trade and ecological changes.
For example, cross-border co-operation will help EU exporters to mitigate the adverse
impacts of the EU Carbon Emission Rights Act and play a key role in global coordination
of emission reduction actions. In addition, in the long run, in regions with fragile environ-
ments and high per capita incomes, high carbon emission industries are not conducive to
the development of the regional economy and industry and the introduction of foreign
investment by the regional government, and this will force the regional government to pay
attention to environmental regulation and promote the long term sustainable development
of the local industry [63,64]. The carbon emissions vary and change at the provincial scale
in different regions, which in turn is closely related to factors such as the level of economic
development, policy implementation, and industrial structure of the specific region.

Over time, the carbon emissions of prefecture-level city clusters in China have ex-
hibited a clear spatial autocorrelation, with an overall clustering trend. The clustering of
carbon emission cold and hotspots in China has been expanding and becoming more tightly
clustered simultaneously. Conversely, the addition or reduction of cold and hotspots can
also demonstrate the differences and continuity of carbon emissions within the country.
The types of carbon emissions clustering in different regions have varied over time, but
on the whole they show a certain degree of stability. The absence of H-H type high-value
agglomerations in cities in the Pearl River Delta region may be related to the decentralized
industrialization and urbanization in the region [65]. Meanwhile, the distribution of carbon
emissions in China exhibits an east-west dichotomy, exemplified by the spatial pattern
of “hot in the east and cold in the west”. The concentration of hot spots is evident in
the eastern coastal areas, while cold spots are primarily distributed in the Northwest to
Southwest Regions. However, the scope of their agglomeration is expanding and becoming
closer simultaneously. At this juncture, the spatial distribution of carbon emissions in China
exhibits a growing tendency towards positive autocorrelation. Low-carbon emission cities
should prioritize addressing their own challenges, leveraging the insights of neighboring
efficient cities, driving the restructuring of their own economy and industry, proactively
exploring avenues for carbon emission reduction, and enhancing the efficiency of carbon
emission. This is consistent with the findings of Huang et al. [65], which help to elucidate
the spatial and temporal CO, distribution of carbon emissions in China and provide a
scientific basis for the formulation of targeted carbon emission reduction policies.

In terms of influencing factors, economic and population growth can lead to signif-
icant increases in carbon emissions. The increase in carbon emissions due to economic
development can be derived from changes in affluence or technological development [66].
On the other hand, the impacts behind population growth can be understood from other
studies, where population growth, through its impact on demographic processes such
as urbanization, population density, age structure, and household size, has an indirect
impact on emissions/energy consumption [67]. Taken together, it is found that the economy
and population are inextricably linked, implicating the level of consumption as well as
the impact of GDP per capita, with an increase in population leading to an increase in
consumption demand, which exacerbates the level of carbon dioxide emissions from both
production and consumption [68]. The influence of climate factors and urbanization on
CO, emissions is more complex and unstable. In addition to local policy reasons, there
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are also a number of unknowns that may affect carbon emissions. Further research is
therefore needed to understand the mechanism of its influence. However, with the steady
development of the economy and the current slowdown in China’s population growth,
China’s carbon emissions in the future will be more successful in realizing the established
national policy requirements.

The analysis of carbon emission impact factors in the national subregional prefecture-
level cities revealed that, although there are differences between different regions, the
general trend is that the impact of economic development and population growth on CO,
emissions is generally positive. At the same time, some studies also pointed out [69] that
its effect has weakened over time, but economic growth is the most critical factor driving
the growth of carbon emissions. From 2005-2010, 20102015, and 2015-2020, the carbon
emissions driven by economic growth are 5835.51 metric tons, 4735.38 metric tons, and
3137.13 metric tons, respectively. Population growth plays a relatively limited role, con-
tributing 203.48 Mt, 355.45 Mt, and 278.71 Mt in 2005-2010, 2010-2015, and 2015-2020,
respectively. The industrial structure of the NWT may favor energy-intensive industries,
such as heavy industry or coal mining, which typically generate significant CO, emis-
sions [70]. Therefore, with economic expansion and population growth, the expansion of
these industries will directly lead to an increase in CO, emissions. The significant negative
effect of cumulative precipitation may be due to the fact that higher precipitation reduces
the operational efficiency of industries such as thermal power plants, which reduces CO,
emissions. Additionally, higher precipitation may also promote vegetation growth that
absorbs carbon dioxide, thereby reducing atmospheric CO, concentrations. There are some
differences between different regions that need to be further studied and explored.

The regression analyses from 2001 to 2020 reveal a consistent correlation between
economic development, population growth, and increased CO; emissions, especially in
the E and SW Regions. This view is consistent with the findings of previous studies that
urbanization leads to the migration of rural populations, which provides human resources
for urban development, but also generates large amounts of carbon emissions [71,72]. More-
over, this trend underscores the urgent need for integrated policies that simultaneously
address economic expansion and environmental sustainability. The variable impacts of
climatic factors on emissions highlight the complex interactions within environmental
systems and the necessity for models to better incorporate regional climatic variations
for more effective emission management. Urbanization’s growing influence on emissions
emphasizes the dual challenge of fostering urban growth while minimizing environmental
degradation. Promoting sustainable urban practices, such as green consumption and sup-
port for eco-friendly industrial transformations, is crucial. The significant economic changes
in Region N in 2020, driven by the introduction of new industries, underscore the profound
environmental impacts of economic shifts. Additionally, the dynamic interplay between
urban planning and demographic changes, particularly in the CS region as discussed by
Xu et al. [73], calls for a reevaluation of urbanization strategies to align with sustainable
development goals. Moreover, the importance of region-specific approaches, such as those
adopted in the Southwest to enhance ecological protection and land use efficiency [74],
illustrates the need for adaptive strategies that respect local economic, political, and climatic
conditions. This holistic understanding can inform policymakers in designing strategies
that not only promote economic growth but also ensure environmental preservation.

These findings underscore the dominant influence of economic activities and demo-
graphic growth on CO, emissions, while highlighting the variable and often unpredictable
effects of climatic and environmental factors across different regions and time periods.

5. Conclusions

In this paper, we analyzed and evaluated CO; emissions at the scale of prefecture-
level administrative units in China. This study initially examined the changes in carbon
emissions and discovered that carbon emissions are rapidly increasing in the economically
developed Eastern Region of China, while the less developed Western Region of the country
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is catching up through accelerated urbanization and economic growth; the spatial and
temporal distribution of carbon emissions exhibits a pattern of “hot in the east and cold in
the west”. Economic expansion and population growth remain the main drivers of carbon
emissions growth in each region, while the effects of climatic factors and urbanization
are complex and volatile. In the future, the Eastern Region will require a focus on the
issues of urbanization progress and population efficiency, while achieving a gradual energy
transition. In contrast, the Western Region will need to strengthen ecological protection
and improve land use efficiency in order to balance the environmental change caused by
carbon emissions. The results and relevant conclusions can serve as a foundation or offer
recommendations for China’s regional carbon policy formulation and modification.

The limited availability of data poses a significant challenge for the refinement and
effectiveness of evaluation index systems, since the carbon emissions data used in this
study are the sum of energy-related CO, emissions and CO, emissions/sequestration from
the land use sector, excluding non-CO, greenhouse gases, etc. In future studies, the classifi-
cation and detailed localization of data could greatly enhance the foundational datasets,
thereby improving the robustness and relevance of the index system. Such enhancements
could involve categorizing sources of carbon emissions, documenting local policy shifts in
specific years, and conducting targeted research on climate data. Additionally, expanding
the analysis to include more comprehensive comparisons across these variables could
significantly enhance our understanding of the factors influencing carbon emissions. This
approach would facilitate the identification of critical links that drive regional and temporal
differences in emission patterns, providing valuable insights for targeted environmental
policy and action.
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Appendix A

Table A1l. VIF certificate.

2001 2010 2020

VIF 1/VIF VIF 1/VIF VIF 1/VIF
4.960 0.202 3.190 0.313 2.480 0.403
4.120 0.242 3.090 0.324 2.170 0.460
3.580 0.279 2.970 0.337 2.090 0.478
2.970 0.336 2910 0.344 2.060 0.486
2.940 0.340 2.800 0.357 1.990 0.503
2.650 0.378 2.520 0.397 1.930 0.519
2.390 0.419 2470 0.404 1.050 0.950

3.370 2.850 1.970
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Figure A1. Scatterplot of regression of factors affecting carbon emissions in prefecture-level cities
nationwide in 2001. (Note: Scatterplot of linear relationship between factors and carbon emissions, the
following data has been collated for the purposes of this study: CO, (million tons), InGDP (million
yuan), Inhabitant (ten thousand people), Cumulative precipitation (mm), Average temperature
(degrees Celsius °C), Hours of sunshine (hours), Percentage of cities and towns (%), Percentage of
natural environment (%)).
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Figure A2. Scatterplot of regression of factors influencing carbon emissions in prefecture-level
cities across China in 2010. (Note: Scatterplot of linear relationship between factors and carbon
emissions, the following data has been collated for the purposes of this study: CO, (million tons),
InGDP (million yuan), Inhabitant (ten thousand people), Cumulative precipitation (mm), Average
temperature (degrees Celsius °C), Hours of sunshine (hours), Percentage of cities and towns (%),
Percentage of natural environment (%)).
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Figure A3. Scatterplot of regression of factors affecting carbon emissions in prefecture-level cities
across China in 2020. (Note: Scatterplot of linear relationship between factors and carbon emissions,
the following data has been collated for the purposes of this study: CO, (million tons), InGDP (million
yuan), Inhabitant (ten thousand people), Cumulative precipitation (mm), Average temperature
(degrees Celsius °C), Hours of sunshine (hours), Percentage of cities and towns (%), Percentage of
natural environment (%)).
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