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Abstract

Strengthening agricultural carbon emissions (ACE) reduction is an inherent requirement to promote
the integrated development of ecological greenery in the Yangtze River Delta (YRD), and it has
a significant driving effect and benchmarking significance for China to achieve carbon peaking and
carbon neutrality. Based on panel data of 41 cities in the YRD from 2001 to 2019, this study reveals the
spatial and temporal evolution pattern of ACE and identifies the influencing factors through methods
such as CV, SDE, ESDA and SDM. The results are summarized as follows: (1) the ACE in the YRD
show a fluctuating downward trend, and the gap between cities tends to widen; (2) the YRD shows
emission characteristics dominated by agricultural material input, with a proportion of over 50% over
the years, followed by rice cultivation and livestock breeding with the lowest proportion. In addition,
Jiangsu and Anhui have higher proportions, followed by Zhejiang, and Shanghai; (3) these cities with
high ACE are mainly located in the northwest regions of the YRD, and those with low ACE are mainly
located in the southeast regions of the YRD. Furthermore, cities in the YRD have a positive global
spatial autocorrelation, and the local spatial agglomeration pattern has strong characteristics of stability
and spatial dependence; (4) the agricultural economic development level has an inverted U-shaped
effect on ACE in the YRD. Meanwhile, the total rural population, total power of agricultural machinery,
and urbanization level have a significant positive impact, while the agricultural planting structure
and trade openness level are not significantly affected, but the rural non-farm employment level have
a significantly negative impact on ACE. SDM further supports the influence of various factors, and
it can be found that the agricultural economic development level and trade openness level exhibit
significant negative spillover effects.

Keywords: agricultural carbon emissions, spatial-temporal pattern evolution, spatial Durbin model,
Yangtze River Delta
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Introduction

Global warming caused by man-made greenhouse
gases is a serious threat to human survival and
development, and the formulation of relevant carbon
reduction policies has gradually become an important
issue for major countries in the world [1]. As the
world’s largest emitter of greenhouse gases, China has
made voluntary emission reduction commitments at
international conferences and put them into practice,
making an important contribution to the regulation and
control of global greenhouse gases. President Xi Jinping
attended the 75" United Nations General Assembly in
September 2020, and proposed to strive to peak China’s
carbon dioxide emissions by 3030 and achieve carbon
neutrality by 2060, demonstrating the responsibility of
a major responsible country [2].

Industry and services are the main sources of
carbon emissions, but the boosting role of the rapid
development of agriculture cannot be ignored [3]. Over
the past 40 years of reform and opening up, China’s
agricultural development has achieved remarkable
results, and its grain production capacity has reached
new heights, ensuring national food security [4].
However, China’s agricultural production mode is
still dominated by decentralized management, with
scattered agricultural land and excessive use of
agricultural materials such as pesticides, fertilizers, and
agricultural films, resulting in high energy consumption
in agricultural production and a large amount of
greenhouse gas emissions [5]. Some data show that
China’s agricultural carbon emissions (ACE) account
for 17% of the country’s total carbon emissions, far
exceeding the global average [6]. Statistics from the
Food and Agriculture Organization (FAO) of the United
Nations show that in 2017, China’s ACE accounted for
approximately 29.01% of Asia’s ACE and 12.54% of the
world’s ACE [7]. Therefore, ACE reduction is not only
related to the high-quality development of agriculture,
but also directly affects the realization of China’s “dual
carbon” goal.

ACE are accompanied by agricultural development,
run through all stages of human social development,
and has become a key research topic in environmental
science, agronomy, geography and other disciplines.
Currently, relevant studies on ACE can be roughly
divided into several categories. The first is the
measurement and evaluation of ACE. For example,
West and Marland conducted systematic research
on the measurement of ACE in the USA, involving
four dimensions: fertilizers, pesticides, agricultural
irrigation and seed cultivation [8]. Johnson et al.
believed that the ACE should involve five types of
carbon emission sources in the agricultural production
process: agricultural management activities, poultry
farming, agricultural energy consumption, solid
waste disposal and biomass burning. Based on this,
they built a detailed index system to measure carbon
emissions from agricultural production in the USA [9].

Lal systematically determined the carbon emissions
generated by agricultural operations, pointing out that
farming and irrigation were the most direct sources of
ACE, and chemical fertilizers and pesticides were the
most important indirect sources of ACE [10]. Thus, the
diversification and complexity of agricultural production
determine ACE diversity.

The second is the multi-dimensional relationship
between ACE and agricultural economic growth.
On the one hand, some studies investigate whether
the environmental Kuznets curve (EKC) hypothesis
exists between ACE and agricultural economic
growth. For example, Managi was the first to discuss
the EKC relationship between agricultural activities
and greenhouse gases, and believed that agricultural
technology innovation would have a long-term positive
effect on reducing carbon emissions in the USA [I1].
Based on the time series data of Sichuan province in
China from 1997 to 2008, Li and Zheng found that the
agricultural industry in Sichuan was in a stage of rapid
development and had not yet reached the EKC inflection
point [12]. Yan et al. found that China’s ACE had an
“inverted-N” EKC relationship with double inflection
points [13]. On the other hand, some scholars have used
the Tapio model to analyze the decoupling relationship
between ACE and agricultural economic growth. Xiong
et al. explored the relationship between ACE and the
agricultural economy in Hotan, China, and found that
the decoupling index between the two presented a
dynamic evolution process of “decoupling, hooking, and
decoupling” [14]. Han et al. examined the decoupling
relationship between agricultural carbon emissions and
agricultural economic growth in 30 provinces in China,
and found that Beijing, Shanghai, Guangdong and other
eastern provinces were in a state of strong decoupling,
whereas most central and western provinces had a low
degree of decoupling [15]. Additionally, in-depth studies
have been conducted on the causal relationship between
ACE and agricultural economic growth. For example,
Zhang et al. based on time series data of China’s major
grain producing areas from 1996 to 2015, found that
there was a two-way causal relationship between ACE
and agricultural economic growth in the short and long
term [16]. In general, the relationship between ACE and
agricultural economic growth shows great heterogeneity
in different regions and periods.

The third is an analysis of the factors that influence
ACE. Most of the literature applies the Kaya identity,
logarithmic mean Divisia index (LMDI) model,
STIRPAT model, computable general equilibrium
(CGE) model and other methods to conduct detailed
research on the influencing factors. For example,
using an improved Kaya identity, Li et al. found that
economic development significantly increased China’s
ACE, while agricultural subsidies could effectively
reduce ACE [17]. Using LMDI model, Zhao et al.
believed that a higher proportion of water and soil
resources would lead to higher agricultural inputs
and more ACE [18]. Nguyen et al. used the STIRPAT
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analytical framework to examine the drivers of the
ACE in major global economics. They found that
trade openness and FDI inflows were beneficial for
increasing ACE in the short run, but had negative
effects in the long run [19]. Laborge et al. established
a global CEG model to simulate and estimate the
impact of current agricultural support measures on
ACE, and found that coupled subsidies made ACE show
an increase trend [20]. Additionally, some scholars
have used econometric model methods such as quantile
regression and geographically weighted regression
to further explain the causes of ACE at the provincial
scale in China [21, 22]. Overall, ACE is a complex
formation process, and its dominant influencing factors
may differ in different research areas and development
stages.

To summarize, there is abundant research on ACE,
which lays a good foundation for the analysis in this
paper, but there are still the following shortcomings:
(1) in terms of research scale, most of them focus on
the national or provincial level, while research on
the perspective of urban agglomeration is relatively
lacking. Although urban agglomeration plays a crucial
role in China’s urbanization process, the contradiction
between human and land is also extremely prominent.
How to effectively reduce the carbon emission level of
urban agglomerations has become the key to China’s
regional carbon emission governance; (2) in terms of
research content, existing studies mostly focus on how
to measure ACE, but fail to reveal their spatial-temporal
evolution characteristics, and ignore the spatial
heterogeneity and inter-regional correlation effect of
ACE. The spatial autocorrelation method can describe
the spatial relationship and degree of correlation
between any regional unit and its neighboring units
through the spatial weight matrix. Therefore, the
application of this method can clarify the degree
of spatial correlation of ACE and reveal its spatial
distribution pattern; (3) in terms of influence method,
the traditional econometric method treats the research
units as independent and homogeneous individuals,
ignoring the spatial connection between neighboring
units. However, by nesting the spatial and temporal
effects, the spatial econometric model can clarify the
direct and indirect effects of various factors on ACE.

The Yangtze River Delta (YRD) is one of the
regions with the highest comprehensive strength in
China. However, in the process of rapid urbanization of
the YRD, ecological problems such as water pollution,
climate warming, and deteriorating air quality are
becoming increasingly serious. In addition, with the
continuous accumulation of a large number of people
in urban centers, the increasing demand for agricultural
production and the intensification of urban-rural
conflicts pose challenges to the sustainable development
of agriculture. In view of this, this study takes the YRD
as the research object, and first conducts an effective
measurement of ACE of the 41 cities in China from
2001 to 2019. Then, this paper also uses methods such

as coefficient of variation (CV), standard deviation
ellipse (SDE), and exploratory spatial data analysis
(ESDA) to reveal the evolutionary characteristics of
the spatial-temporal pattern of ACE. Finally, the main
influencing factors are discussed in combination with
the ordinary panel model and the spatial Dubin model
(SDM) to provide certain decision-making thinking for
promoting agricultural emission reduction and assisting
the “dual carbon” goal.

Materials and Methods
Study Area

According to the “the Outline of the Yangtze River
Delta Regional Integrated Development Plan” issued
by the Central Committee of the Communist Party of
China and the State Council in 2019, the YRD includes
the Shanghai, Jiangsu, Zhejiang and Anhui provinces
(Fig. 1). The YRD is located on the eastern coast of
mainland China, with an area of 356,700 km?. It is one
of the regions with the most dynamic economy, the
highest degree of openness, and the strongest innovation
capability in China. It is also an important production
area for a variety of agricultural products. In 2019, the
YRD accounted for 3.72% of China’s land, creating
13.12% of China’s total agricultural output value and
12.73% of its grain output.

The study takes the four provinces of the YRD as the
research area. According to the current administrative
divisions in 2019, there were 13 prefecture-level cities
in Jiangsu, 11 prefecture-level cities in Zhejiang, and
16 prefecture-level cities in Anhui. Thus, there are
41 basic units in the study area (Fig. 1).

Data Sources

This study employs a panel dataset consisting of 41
cities in YRD between 2001 and 2019. Agricultural data
and relevant socio-economic data are obtained from
China City Statistical Yearbook, China Rural Statistical
Yearbook, Shanghai Statistical Yearbook, Jiangsu
Statistical Yearbook, Zhejiang Statistical Yearbook
and Anhui Statistical Yearbook from 2001 to 2019.
Geographical data of provincial boundaries in China
and city boundaries in the YRD, at a spatial resolution
of 1:4000,000 are released by the National Geomatics
Center of China. Considering that the current price of
the total agricultural output value cannot be compared
across years, this study uses constant prices in 2001 to
eliminate the effect of inflation. Because the number
of livestock provided by the official data is the number
of livestock at the end of the year, the feeding cycle,
breeding and slaughter of different species of livestock
will have an impact on the number of livestock raised
in the year. Therefore, this study adjusts the average
annual feeding quantity of pigs, cattle and sheep by
referring to Tian et al. [23].
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Fig. 1. Map of the YRD.

Research Method
Measurement of ACE

Referring to the existing literature [12-15, 21-24],
ACE are mainly based on three aspects: agricultural
material input, rice cultivation and livestock breeding
(Table 1). Agricultural material input includes the six
sources of fertilizers, pesticides, agricultural plastic
films, diesel oil, irrigation and tillage. For livestock
breeding in the study, I only measure the three main
types of poultry: pigs, cattle and sheep. Based on
agricultural carbon sources, this study chooses the
corresponding carbon emission coefficients to measure
the ACE in the YRD. The formula is as follows:

E=ZEi=ZTiX5i (1)

where E is the quantity of ACE (10* t); E, is the carbon
emission of specific source i; 7, is the amount of specific
source 7; J, is the ACE coefficient of specific source
i. The ACE coefficients and the reference sources
corresponding to each ACE source are listed in Table 1.
For comparison and analysis, all values are converted to
units of standard carbon equivalents.

Coefficient of Variation

CV is usually expressed as the ratio of the standard
deviation to the mean of the sample and is used to
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reflect the discrete degree of the sample data. CV can
be expressed as:

CV =2 JT,Gq — 07 /n Q)

where x, is the ACE value of city i; x is the average
ACE value of all cities; n represents the number of cities,
n=41.

Standard Deviation Ellipse

The SDE 1is an analytical method wused to
characterize the spatial orientation distribution of
geographic elements [29]. It mainly includes four basic
elements: the ellipse center, rotation angle, long axis
and short axis, which represent the relative position of
the spatial distribution pattern, the main trend direction,
and the degree of dispersion in the main and secondary
directions. The specific calculation formula for the four
elements can be found in earlier research [30].

Spatial Autocorrelation Analysis

In this study, the ESDA is introduced to reveal the
degree of spatial clustering of ACE in the YRD. Among
them, Global Moran’s I is used to judge whether the
distribution of attribute values in global space exhibits
clustering or dispersion phenomenon [31]. Global
Moran’s I can be expressed as:
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Table 1. ACE sources, coefficients and references.

Types ACE sources ACE coefficients References
Fertilizers 0.8956 kg CE/kg West and Marland (8]
Pesticides 4.9341 kg CE/kg Lietal. [12]

Agricultural plastic films

5.1800 kg CE/kg Tian et al. [23]

Agricultural material input

Diesel oil 0.5927 kg CE/kg IPCC [25]
Irrigation 266.4800 kg CE/hm? Dubey and Lal [26]
Tillage 3.1260 kg CE/hm? Wu et al. [27]
Rice cultivation 1.4322 t CE/hm? NDRC [28]
Pigs 34.0910 kg CE/(head-year) IPCC [25]
Livestock breeding Cattle 415.9100 kg CE/(head-year) IPCC [25]
Sheep 35.1819 kg CE/(head-year) IPCC [25]

Titg Ty Wiy (=) (x;-%)

GlobalMoran'sl = STYL YWy 3)

where xl.(xj) is the value of ACE of city i(j); x is the
average value of ACE of all cities; W, is the spatial
weight matrix, space adjacency is equal to 1, and non-
adjacent is equal to 0; when the value of global Moran’s
I is close to 1, -1 and O, it presents the cluster, disperse
and random states of the ACE pattern, respectively;
§F=2 (x,—x)

In terms of local spatial autocorrelation, Local
Moran’s I can be used to explain the spatial correlation
types and distribution pattern of attribute values
between each regional unit and its neighboring units
[32]. Local Moran’s I can be expressed as:

(xi—Y) Z;’l=1 W,:j (x]'—f)

s @

LocalMoran'sl =

where the value range of the Local Moran’s I is [-1, 1].
When the value is greater than 0 and passes the 5%
significance test, it means that the city is of the High-
High (HH) or Low-Low (LL) agglomeration type; when
the value is less than 0 and passes the 5% significance
test, it means that the city is of the High-Low (HL) or
Low-High (LH) agglomeration type; if the value fails
the significance test, it is not significant.

Influence Model Setting

The STIRPAT model is used to quantify the effects
of human activities on the ecological environment [33],
which originates from the IPAT identity (/=P x 4 x T).
The standard form of the STIRPAT model is as follows:

[ =aPPA°T 5)
where I, P, A, and T represent the ecological environment

impact, population size, affluence and technology,
respectively; a is a constant coefficient; b, ¢, and d are

the parameters to be estimated for P, 4 and T; e is the
error term. After taking the logarithm of both sides of
Equation (5), Equation (5) can be transformed into:

Inl = Ina + blnP + clnA + dInT +Ine  (6)

To study the factors influencing ACE, combined
with the availability of data and the actual situation
of YRD, this study establishes the extended STIRPAT
model. The specific equation is as follows:

Inl = ay + a,InP + a,InA + a3InT + a,InS + asInE
+ aglnU + a,In0 + ¢ (7)

where [ is the total amount of ACE; P is population size,
expressed by the total rural population; 4 is agricultural
economic development level, expressed by the total
agricultural output value; T is technology, expressed
by the total power of agricultural machinery; S is
agricultural planting structure, expressed by dividing the
grain planting area by the crops planting area; E is rural
non-farm employment level, expressed by percentage of
rural non-agricultural employees in rural employees; U
is urbanization level, expressed by percentage of urban
population in total population; O is trade openness
level, expressed by percentage of total import and
export trade in GDP; a, a,, ..., a, are exponents for the
independent variables to be estimated; a is the constant
coefficient and ¢ is the error term. To test whether there
is an inverted U-shaped curve between the agricultural
economic development level and ACE, this study
decomposes In4 in Equation (7) into In4 and (InA)*.
Equation (7) can be transformed into:

Inl = Bo+B1InP+B,InA+L5(InA)?+B,InT + BsInS
+ BeInE + [;InU + fgln0 + ¢ ®)

where f,, B, are the regression parameters for InA
and (Ind)?, respectively. If f, is significantly positive
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Table 2. Explanation and descriptive statistics of independent variables.
Independent variable Definition Unit Minimum | Maximum | Mean
P Total agricultural population Ten thousand people 15.780 691.980 | 216.436
A Total agricultural output value One hundred million yuan 7.896 647.444 159.045
T Total power of agricultural machinery Million kilowatts 31.015 874.620 | 278.326
S Grain planting area/crops planting area % 30.260 94.952 63.794
5 Rural non-agricultural employees/rural % 6.415 94.677 60323
employees

U Urban population/total population % 17.720 89.600 54.024
o Total import and export trade/GDP % 0.530 280.750 32.517

and g, is significantly negative, indicating that there is
an inverted U-shaped curve between the agricultural
economic development level and ACE in the YRD.
Explanations of the specific variables are shown
in Table 2.

The ordinary panel model does not consider the
spatial interaction effect of the dependent variable,
leading to biased parameter estimation results. Since
ACE between cities may have spatial autocorrelation,
the influence of each variable on ACE in the YRD
can be explored through a spatial econometric model
incorporating spatial-temporal effects based on the
ordinary panel model [34]. Spatial error model (SEM),
spatial lag model (SLM) and SDM are the three main
types of spatial econometric model. In contrast to SEM
and SLM, SDM fully considers the spatial correlation
of independent and dependent variables and focuses
on reveal the exogenous interaction effect caused by
the correlation between the ACE of a certain city and
various influencing factors of neighboring cities [35].
The formula used is as follows:

Inl =y, + pWinl + y,InP+y,InA+y;InT + y,InS
+ ¥sInE + yglnU + y,In0 +ygWinP + yoWinA
+ yioWInT + y WiInS + y,WInE + y3sWinU
+ y14.WIno + ¢ )

where p is the spatial autoregressive coefficient; W is
the spatial weight matrix; y,, 7,, ..., y, are the influence
coefficients of all factors on ACE; y,, ,, ..., 7,, are the
influence coefficients of the explanatory variables of
spatial lag; y, is the constant coefficient and ¢ is the error
term.

Results and Discussion
Temporal Evolution Characteristics of ACE
As shown in Fig. 2, ACE in the YRD present
a fluctuating downward trend overall, from 24.58x10° t

in 2001 to 23.19x10° t in 2019, with an average annual
decrease of 0.32%. Specifically, ACE have five-stage

evolution characteristics: (1) the first stage (2001-2003),
ACE are in steadily declining. The reasons may be as
follows: on the one hand, because of the heavy burden on
farms, the “three rural issues” have become increasingly
prominent, and the enthusiasm of farms to cultivate land
has been frustrated, resulting in a significant slowdown
in the growth rate of agricultural material input [13].
On the other hand, China joined the WTO in 2001, and
YRD is located on the frontier of China’s opening up,
which has effectively promoted the transformation of
farms from farming to labor [36]; (2) the second stage
(2003-2004), ACE show a linear upward trend, with an
increase of 6.99%. The central government gradually
increased its emphasis on agricultural development
and issued the “No.l Document” to benefit farmers.
The overall recovery of agricultural production led to
an increase in agricultural inputs and the continuous
expansion of the scale of rice cultivation; (3) the third
stage (2004-2008), ACE fall again. At this stage, the
national government emphasized the importance of
sustainable agricultural development and encouraged
the development of circular agricultural and ecological
agriculture. In addition, the frequent occurrence
of natural disasters in 2007-2008, coupled with the
outbreak of the international financial crisis, had a very
significant negative impact on agricultural production;
(4) the fourth stage (2008-2013), ACE show a steady
upward trend, accompanied by the emergence of
“carbon peaks”, from 24.12x10° t in 2008 to 26.07x10° t
in 2013. After 2008, agricultural production gradually
recovered. The increase in input of agricultural
materials was the key factor for the significant
increase in ACE during this period; (5) the fifth stage
(2013-2019), ACE show a plummeting trend.
The energy conservation and emission reduction
targeted of the “Twelfth Five-Year Plan” and the
continuous introduction of a series of agricultural
ecological governance policies by the state and local
governments put forward new requirements for
agricultural development. According to the formula (2),
this study uses CV to measure the difference in ACE
in the YRD. CV shows a slight upward trend, from
0.52 in 2001 to 0.64 in 2019, which indicates that the
gap in ACE between cities in the YRD tends to widen.
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Fig. 2. The trend of ACE in the YRD.

Fig. 3 shows the evolution of the proportions of
these three types. It can find that the YRD presents
the characteristics of the ACE structure dominated
by agricultural material input. In 2019, agricultural
material input accounts for 58.32% of the total ACE,
followed by rice cultivation at 33.33%, while livestock
breeding is the lowest at 8.35%. This has some
similarities with the research conclusions of Wang et
al., who found that carbon emissions from agricultural
material input accounted for a relatively high
proportion of China’s ACE, reaching 40.65% in 2016
[37]. From the perspective of the change in proportion,
only livestock breeding shows a downward trend, from
19.60% in 2001 to 8.35% in 2019, with a decrease of
11.25%. Due to the outbreak of major animal diseases
such as African swine fever, the increased efforts of
local governments to remediate the rural environment
and the tightening of land resource constraints,
the animal husbandry industry has shrunk sharply
[38]. In general, the carbon emissions from agricultural
material input far exceed those of the other two
types. Therefore, to effectively control ACE in the
YRD, inputs of chemical fertilizers, pesticides, and
other materials should be reduced to ensure grain
yield.

Fig. 4 shows the evolution of the ACE proportion
in the four provinces. Jiangsu and Anhui have higher
proportions, followed by Zhejiang, and Shanghai. From
the perspective of the change in proportion, Anhui
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Fig. 3. The structure and trend of ACE in the YRD.
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Fig. 4. The trend of ACE in different provinces in the YRD.

shows a relatively obvious upward trend, from 36.81%
in 2001 to 42.64% in 2019, with an increase of 5.83%.
In addition, Jiangsu’s share has remained at
approximately 38%, while Zhejiang and Shanghai both
show a certain downward trend. In terms of regional
prevention and control, attention should be paid to
sustainable agricultural governance in Jiangsu and
Anhui.

By choosing the above typical years involving 2001,
2008, 2013, and 2019, with the help of ArcGIS 10.2
software, this study calculates the parameters of SDE
(Table 3), and draws the trajectory of the center of gravity
and the distribution of the standard deviation ellipse
(Fig. 5). From the center of gravity path, the center
of ACE moves with Nanjing, and movement direction
is generally toward the northwest, roughly moving
31.81 km, which fully indicates that ACE in the
northwest of the YRD are relatively high. From the
rotation angle, it increases from 132.79° to 134.53°
with a small change, which indicates that the main
development direction of ACE in the YRD is the
northwest-southeast. This is probably because, the
southeastern part of the YRD, involving southern
Jiangsu, Shanghai and Zhejiang, has rapid non-
agricultural economic development and a high level of
urbanization, which has increased the occupation of
arable land, resulting in a low ACE. Correspondingly,
the northwestern part of the YRD, involving northern
Jiangsu and Anhui, is rich in arable land resources,
and agriculture plays a vital role in local economic
development, therefore the ACE in this region are
relatively high. From long and short axis of ellipse,
the length of long axis decreases from 300.42 km to
280.45 km, and the length of short axis increases from
189.00 km to 190.84 km, indicating that ACE in the
YRD show a shrinking and concentrated trend in the
northwest-southeast direction, and a slight expansion
trend in the southwest-northeast direction.

Spatial Evolution Characteristics of ACE
To visually reflect the different spatial distribution

pattern of ACE in the YRD, this study grades ACE
values and draws spatial distribution maps for ACE
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Table 3. Parameters of SDE of ACE in the YRD.
Long Axis Short Axis Rotation Center of Gravity Path
Year km) (km) Angle (°) ~ ~
( g Longitude (X) | Latitude (Y) Moving Moving

2001 300.42 189.00 132.79 118.83°E 31.91°N Direction Distance(km)

2008 292.29 194.04 136.21 118.81°E 31.97°N Northwest 7.04

2013 287.35 193.51 135.99 118.70°E 32.02°N Northwest 11.98

2019 280.45 190.84 134.53 118.67°E 32.12°N Northwest 12.79
in 2001, 2008, 2013, and 2019 (Fig. 6). As shown Lianyungang, Bengbu, and Suzhou (in Anhui),

in Fig. 6, the spatial differences in ACE at the city
scale are obvious, with the characteristics of high
in the northwest and low in the southeast. In 2001,
Yancheng, Xuzhou, Bozhou, Fuyang, and Lu’an are the
5 cities with the highest ACE, followed by Shanghai,
Nantong, Anqing, Chuzhou, Huaian, Sugqian, and
Suzhou (in Anhui), whereas the ACE values of Huaibei,
Ma’anshan, Tongling, and Huangshan are the lowest.
In 2008, Yancheng, Xuzhou, Anqing, Lu’an, and
Chuzhou are the 5 cities with the highest ACE, followed
by Nantong, Huaian, Suqian, Lianyungang, Fuyang,
and Suzhou (in Anhui), and the cities with the lowest
ACE do not change. Overall, it still shows a trend of
being high in the northwest and low in the southeast.
In 2013, the number of cities with the highest
ACE increase significantly, forming a “band-like”
distribution in space, followed by Nantong, Sugqian,

whereas Huaibei, Tongling, and Huangshan continue
to display the lowest ACE. In 2018, the number of
cities with the highest ACE has decreased to a certain
extent, whereas the number of cities with the lowest
ACE has increased significantly. In short, the spatial
pattern of high northwest and southeast low is clearer.
In terms of the change in the number of categories,
the proportion of cities with the ACE between 25 and
100 t decreases from 78.05% in 2001 to 65.85% in
2019. The number of cities with ACE greater than 100 t
remained stable, while the proportion of cities with ACE
less than 25 t increased from 9.75% in 2001 to 12.20%
in 2019. It can be seen that the number of cities with
higher ACE tends to decrease and the number of cities
with lower ACE increases significantly, which further
proves the objective reality of the decline of ACE in the
YRD.
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Fig. 6. Spatial distribution of ACE in the YRD.

Using GeoDa software, this study calculates
the Global Moran’s 1 to conduct the global spatial
autocorrelation analysis from 2001 to 2019. During
the study period, Global Moran’s I is all positive and
all P values are less than 0.05 (at the 5% significance
level), indicating that cities in the YRD have a positive
global spatial autocorrelation, that is, cities with high
ACE or cities with low ACE tend to gather together.
In addition, the evolution of Global Moran’s 1 for
ACE shows three stages of development. In the first
stage, Global Moran’s I presents a slight upward trend
from 2001 to 2008, which means that the spatial
autocorrelation of ACE is increasing. In the second
stage, after 2008, Global Moran’s I shows a steady
development trend, mainly because of the negative
impact of the 2008 international financial crisis on
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the agricultural economic development of the YRD.
In the last stage, Global Moran’s I shows a significant
upward trend, from 0.36 in 2013 to 0.50 in 2019. With
the continuous strengthening of agricultural ecological
regulation by the state and local governments, the
spatial concentration of ACE has increased significantly.

In order to reveal the local spatial correlation of ACE
in the YRD, according to the time period characteristics
of the Global Moran’s I, with the help of GeoDa software
and ArcGIS 10.2 platform, LISA cluster map of ACE
in 2001, 2008, 2013, and 2019 is drawn, respectively
(Fig. 7). As shown in Fig. 7, the local spatial
agglomeration characteristics of ACE are evident, with
HH agglomeration and LL agglomeration being the
main types. In 2001, HH agglomeration cities include
Nantong, Huaian, Suqian, and Lianyungang, while LL
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Fig. 7. LISA cluster map of ACE in the YRD.

agglomeration cities include Hangzhou, Xuancheng,
Chizhou, and Wuhu, and LH agglomeration city is
Huainan. In 2008, HH agglomeration cities don not
change, HH agglomeration cities add Quzhou, and
LH agglomeration cities add Yangzhou. In 2013,
HH agglomeration cities reduce Nantong. In 2019,
only Quzhou changes from LH agglomeration to
an insignificant one. In general, the local spatial
agglomeration pattern has strong stability and spatial
dependence.

Influencing Factors Analysis of ACE

Before estimating the spatial panel model, this paper
first conducts a regression analysis on the two-way fixed
effect model that does not consider the spatial correlation
of ACE. At the same time, in order to eliminate the
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multicollinearity between variables, this study also
uses the stepwise regression method to analyze the
influencing factors of ACE (Table 4). As shown in Table
4, when independent variables are gradually introduced,
the sign and statistical significance of the independent
variables do not change significantly. The only change
is the size of the parameter estimates, and the range of
change is not large, which indicates that the influence
of the above factors on ACE in the YRD is real without
the spatial effect. The specific results are as follows:
The primary and secondary terms of the agricultural
economic development level are positive and negative
at the significance levels of 1% and 5%, respectively,
indicating that the impact of the agricultural economy
on ACE is an inverted U type. It can be seen that in
the early stage of agricultural development, a large
amount of ACE are generated because agricultural
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economic growth is strongly dependent on the input of
agricultural production factors. After the development of
agriculture to a certain stage, with the wide application
of agricultural technology and more emphasis on
high-quality development of agriculture, the input of
pesticides, fertilizers and other elements has gradually
reduced, so ACE will drop significantly [15].

The influence coefficient of the total rural
population on ACE in the YRD is positive, passing
the significance test at the 1% level. This means that
the more concentrated rural population will promote
ACE. A possible reason is that, on the one hand, the
agglomeration of rural population increases the demand
for crops such as grain, which increases the input of
pesticides, fertilizers and other elements; on the other
hand, it has also brought about the construction of a
large number of agricultural infrastructures, resulting
in a large amount of resource consumption and
environmental pollution in rural areas, and an increase
in ACE.

The influence coefficient of the total power of
agricultural machinery on ACE in the YRD is positive,
passing the significance test at the 1% level. This means
that the higher agricultural machinery level will promote
ACE. Agricultural mechanization is rapidly spreading in
rural areas of the YRD, but the agricultural technology
level is low and still requires a large amount of fossil
fuel consumption [21]. Therefore, while accelerating
economic development, the YRD should pay more
attention to agricultural science and technology, and
gradually reduce the use of high-energy-consuming
agricultural machinery and equipment.

The influence coefficient of the agricultural planting
structure on ACE in the YRD is negative and does
not pass the significance test at the 10% level. The
reason why the agricultural planting structure has no
significant impact on ACE may involve positive and
negative effects. In terms of negative impact, different
crops have different growth characteristics, and there
are certain differences in the demand for agricultural
chemicals. Compared with commercial crops, food
crops generally have less demand for agricultural
chemicals such as fertilizers, pesticides, and agricultural
films [39]. Therefore, as the proportion of food crops
increases, the input of agricultural factors may show
a downward trend, and ACE will also decrease. In
terms of positive impact, due to its unique natural
geographical advantages, the YRD is very suitable for
rice production. With the expansion of the planting
area, ACE is bound to increase. Therefore, the influence
of positive and negative interactions are not significant.

The influence coefficient of the rural non-farm
employment level on ACE in the YRD is negative,
passing the significance test at the 1% level. This means
that the shift of farmers to non-agricultural industries
will limit the ACE. This conclusion differs from those
in the existing literature. For example, some scholars
believe that the accumulation of surplus rural labor
in cities and non-agricultural industries has led to a

surge in the consumption of agricultural chemicals
such as pesticides and fertilizers, as well as energy
consumption such as diesel and electricity, in order to
alleviate the impact of the reduction of rural labor force
on agricultural production, which in turn worsens the
rural ecological environment [40]. However, we believe
that the transfer of rural labor to the manufacturing
and service industries can effectively improve their
cultural literacy and make rational use of advanced
agricultural technology. In addition, the transfer of rural
labor has promoted large-scale agricultural production.
The emergence of new business entities, such as large-
scale farms and family farms, has paid more attention
to investment in machinery and technology, which has
a positive impact on agricultural production and the
agricultural ecological environment.

The influence coefficient of the wurbanization
level on ACE in the YRD is positive, passing the
significance test at the 10% level. This means that the
more agglomerated urban population and the higher
the urbanization rate will promote ACE. With the
acceleration of urbanization, the rural population
moving into cities and occupying part of the arable land
resources will inhibit agricultural carbon emissions to a
certain extent. However, an improvement in the level of
urbanization means that the scale of cities will expand
and secondary and tertiary industries will continue to
develop, which in turn will place higher requirements on
agricultural production and aggravate the contradiction
between supply and demand between urban and rural
areas. In addition, young labor is transferred to cities
and towns, and rural labor is characterized by aging,
feminization and part-time employment. To avoid
agricultural production reduction, a large amount
of agricultural chemicals has been invested in, thus
significantly increasing agricultural carbon emissions.

The influence coefficient of the trade openness
level on ACE in the YRD is negative, not passing
the significance test at the 10% level. Grossman and
Krueger [41] divided the environmental effect of foreign
trade into scale, structure and technology effects.
In terms of the scale effect, the development of regional
foreign trade will promote the expansion of agricultural
production scale and the input of more agricultural
factors, thereby causing resource consumption and
environmental pollution. In terms of the structure
effect, the development of trade can introduce regional
agriculture into the international market and then
force the internal structure of agriculture to adjust and
reorganize the layout of agricultural production. This
may lead to a series of changes in agricultural factor
inputs, surface planted crop varieties, poultry feeding,
etc., and there are uncertainties in the impact on the
ecological environment. In terms of the technology
effect, trade openness not only provides opportunities
for the exchange of international agricultural production
technology, promotes technology spillover in the import
process, and improves the input-output efficiency of
agricultural production, but also reduces environmental
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Table 4. Baseline regression results.
Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
InP 0.130™ 0.128" 0.108" 0.183™ 0.194™" 0.173™
In4 0.599™ 0.604" 0.599" 0.576™" 0.569"" 0.763™
(In4)? -0.030™
InT 0.369™" 0.372" 0.392" 0.379"" 0.382"" 0.398™
InS -0.032 -0.033 -0.032 -0.039 -0.015
InE -0.138"™ -0.139™ -0.136™" -0.125™
InU 0.1317 0.157" 0.140"
InO -0.013 -0.015
Constant -1.371™ -1.272" -0.710™ -1.428™ -1.510™ -1.805™
City-Fe Yes Yes Yes Yes Yes Yes
Time-Fe Yes Yes Yes Yes Yes Yes
R’ 0.743 0.743 0.751 0.752 0.752 0.754

Note: *, ** and *** indicate that statistics are significant at the 10%, 5% and 1% level of significance, respectively.

pollution in the production process through the
introduction of green technology, clean technology, and
good land management. Therefore, by combining these
three effects, this study presents an insignificant effect.

According to the above calculation results of Global
Moran’s I, there is a significant positive agglomeration
effect of ACE between cities, and it shows the
local spatial autocorrelation characteristics of HH
agglomeration and LL agglomeration. Considering the
spatial interaction effect, the SDM of two-way fixed
effect is used to estimate the impact of different factors
on ACE.

Because SLM and SEM are non-nested models, the
test results of SDM should be further considered. This
study adopts the Wald and LR tests and determines
whether SDM can be reduced to SLM or SEM according
to the two hypotheses ofHO: y = 0 and HO: y + o = 0.
If the hypothesis of HO: y = 0 cannot be rejected,
SDM should be reduced to SLM; if the hypothesis of
HO: y + 8 = 0 cannot be rejected, the SDM should
be reduced to SEM; the SDM is the optimal model if
both hypotheses are rejected. The relevant test statistics
are calculated using Stata 10.6 software, as shown in
Table 5. According to the results in Table 5, the Wald
and LR tests of the SLM and SEM all passed the
significance test at the 1% level, and the two hypotheses
are rejected, so the SDM cannot be simplified to SLM
and SEM.

Compared with Model 5 in Table 4, there are some
similarities and differences in the influence of the
independent variables on SDM (Table 5). In terms of
similarities, regardless of whether spatial interaction is
considered, the significances of the respective variables
remain unchanged. For example, the agricultural
economic development level, total rural population,
total power of agricultural machinery, and urbanization

level all show a significant positive impact, while rural
non-farm employment has a significant negative effect,
while the agricultural planting structure and trade
openness level have no significant effect. However, in
terms of different points, if the spatial interaction effect
is considered, the impact of the total rural population
is significantly enhanced, and the total power of
agricultural machinery is significantly reduced.

In this study, partial differential equations are used
to decompose the influence effects of independent
variables in the SDM into direct and indirect effects (or
spillover effects) [42]. Among them, direct effects are
the influence of the independent variables of this city
on the ACE of this city, and indirect effects are the
influence of independent variables of this city on the
ACE of adjacent cities. As shown in Table 5, the direct
effect of agricultural economic development level on
local city is 0.464, and the indirect effect on neighboring
city is -0.912, both of which pass the significance test of
1%, indicating that enhancing the agricultural economic
development level has a promoting effect on ACE in
local city, but has an inhibiting effect on neighboring
city. The direct effect of the total rural population on
local city is 0.287, and the indirect effect on neighboring
city is 0.685, both of which pass the significance test
of 1%, indicating that promoting rural population
agglomeration has an enhanced effect on ACE in both
the local city and the neighboring city. The direct effect
of the total power of agricultural machinery on local
city is 0.317, and the indirect effect on neighboring city
is 0.475, both of which pass the significance test of 1%,
indicating that the promoting agricultural machinery
level has an enhanced effect on ACE. The direct
effect of the agricultural planting structure on local
city is -0.066, and the indirect effect on neighboring
city is 0.128, both of which not pass the significance
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Table 5. Regression results of the SDM.
Variable Coefficient T Value P Value Direct Effects P Value Indirect P Value
Effects
InP 0.251™ 5.200 0.000 0.287" 0.000 0.685™" 0.000
InA4 0.567"" 15.560 0.000 0.464™" 0.000 -0.912™ 0.000
InT 0.274™ 9.810 0.000 0.317 0.000 0.475™ 0.000
InS -0.070 -1.300 0.193 -0.066 0.189 0.128 0.246
InE -0.119™ -4.240 0.000 -0.148™ 0.000 -0.039 0.662
InU 0.158" 2.250 0.024 0.110 0.113 0.520™ 0.022
InO -0.005 -0.470 0.638 -0.002 0.842 -0.073" 0.047
WxInP 0.190" 1.730 0.083 rho =0.305"" (P = 0.000)
WxInA -0.458™" -5.410 0.000 R*=0.761
WxInT 0.106™ 2.110 0.035 Wald test spatial lag = 61.010"" (P = 0.000)
WxInS 0.047 0.560 0.577 LR test spatial lag = 57.690"" (P = 0.000)
WXInE 0.087 1.450 0.148 Wald test spatial error = 46.510™" (P = 0.000)
WxInU 0.452"" 3.250 0.001 LR test spatial error = 243.580™" (P = 0.000)
WxInO -0.061™ -2.830 0.005

Note: *, ** and *** indicate that statistics are significant at the 10%, 5% and 1% level of significance, respectively.

test of 10%, indicating that the agricultural planting
structure has no impact on ACE. The direct effect of
the rural non-farm employment level on local city is
-0.148 (P<1%), and the indirect effect on neighboring
city is -0.039 (P>10%), indicating that promoting non-
agricultural economic development and guiding non-
agricultural employment of rural surplus labor are of
great significance in reducing the local city’s ACE.
The direct effect of urbanization level on local city is
0.110 (P>10%), and the indirect effect on neighboring
city is 0.520 (P<5%), indicating that accelerating local
urbanization will significantly increase the level of ACE
in surrounding cities. The direct effect of the trade
openness level on local city is -0.002 (P>10%), and the
indirect effect on neighboring city is -0.073 (P<5%),
indicating that the development of trade has a spillover
effect, which will significantly improve the level of
agricultural technology in surrounding cities, thereby
reducing ACE.

Conclusions

Based on panel data of 41 cities in the YRD from
2001 to 2019, this study measures ACE and analyzes
the spatial-temporal evolution pattern of ACE in the
YRD. On this basis, the ordinary panel model and
SDM are used to empirically test the driving effects
of the agricultural economic development level, rural
population, agricultural machinery, agricultural planting
structure, and other factors on ACE. The following
conclusions are drawn.

Overall, the ACE in the YRD show a fluctuating
downward trend, with an average annual decrease of
0.32%, and the gap between cities tends to widen. In
terms of internal structure, the YRD shows emission
characteristics dominated by agricultural material input,
with a proportion of over 50% over the years, followed
by rice cultivation and livestock breeding with the
lowest proportion. In addition, Jiangsu and Anhui have
higher proportions, followed by Zhejiang, and Shanghai.
In terms of the center of gravity path, the center of the
ACE moves with Nanjing, and the movement direction
is generally toward the northwest. In terms of spatial
distribution, cities with high ACE are mainly located
in the northwest regions of the YRD, and those cities
with low ACE are mainly located in the southeast
regions of the YRD. In addition, cities in the YRD have
a positive global spatial autocorrelation, and the local
spatial agglomeration pattern has strong characteristics
of stability and spatial dependence, for example,
Huaian, Suqgian, and Lianyungang have always been
HH agglomeration, whereas Hangzhou, Xuancheng,
Chizhou, and Wuhu have been LL agglomeration.
In the regression analysis of factors affecting ACE
in the YRD, the ordinary panel model shows that the
agricultural economic development level has an inverted
U-shaped effect on ACE, and the total rural population,
total power of agricultural machinery, and urbanization
level show a significant positive impact. Meanwhile,
the agricultural planting structure and trade openness
level are not significantly affected, but the rural non-
farm employment level is significantly negative impact
on ACE. Further, this study also uses SDM to analyze
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the spillover effects of influencing factors, and find that
the agricultural economic development level and trade
openness level exhibit significant negative spillover
effects.

Based on the above conclusions, we put forward the
following suggestions.

First, under the integrated development framework
of ecological and green development in the YRD,
at the government level, an interactive cooperation
mechanism for ACE reduction and high-quality
agricultural development should be established
between different cities; at the enterprise level, the
level of green technology development of family farms,
cooperatives or agricultural enterprises should be
improved; at the farmer level, improving the farmer’s
own cultural quality and cultivating awareness of low-
carbon development, such as the rational application of
chemical fertilizers and pesticides.

Second, there is a significant spatial autocorrelation
of ACE in the YRD, which provides favorable evidence
for regional integrated governance. While focusing
on coordinated development, we should also pay
attention to adapting measures to local conditions
and adopting corresponding low-carbon agricultural
development strategies for different types of cities. For
LL agglomeration cities, they should make reasonable
use of their own development advantages, and focus on
breakthroughs in agricultural low-carbon technologies
and changes in low-carbon agricultural management
concepts; for HH agglomeration cities, they should
improve the efficiency of agricultural resource
allocation and minimize pesticides and fertilizers and
other factorsThird, the significant inverted U-shaped
relationship between ACE and agricultural economy
in the YRD indicates that the inflection point of
agricultural development has come. Therefore, in the
future process of the agricultural economy, a modern
agricultural industrial system, production system, and
management system should be constructed to develop
low-carbon agriculture and ecological agriculture, and
then improve agricultural quality and competitiveness.
In addition, differentiated agricultural development
models should be developed according to the natural
geographical conditions and economic advantages of
each region. For the southeastern part of the YRD, the
proportion of traditional agriculture should be reduced,
and the advantages of economy, talents, science and
technology should be used to vigorously develop modern
agriculture, urban agriculture, tourism agriculture,
sightseeing agriculture, leisure agriculture, etc., so as
to improve the versatility of agricultural production and
effectively reduce ACE; for the northwest of the YRD,
it is necessary to make full use of local advantageous
agricultural resources, effectively improve traditional
agricultural production efficiency, and moderately
develop modern agriculture.

Finally, the YRD should pay attention to the level
of agricultural science and technology, and strengthen
the improvement of traditional agricultural machinery

and equipment, so that agricultural mechanization can
be accelerated in the direction of large-scale, complex,
energy-saving, efficient, intelligent, and precise.
The speed of urban expansion in the YRD is too
fast, and urbanization process should be promoted
reasonably, and the development of low-carbon
agriculture should be integrated into the whole process
of urban and rural coordinated development. Trade
openness has a significant negative spillover effect
on the ACE of surrounding cities, indicating that the
YRD should continue to expand the regional openness
pattern, actively introduce advanced international
low-carbon agricultural technologies, and realize
the complementary advantages of the domestic and
international markets.

Acknowledgments

The work was supported by the Philosophy and
Social Science Research Fund Project of University
in Jiangsu Province (2022SJYB2101; 2022SJYB2112)
and the Philosophy and Social Science Research Key
Fund Project of University in Anhui Province "Impact
Mechanism and Simulation of Land Accessibility
on Trade Flows between China and countries along
the Belt and Road Initiative". The authors gratefully
acknowledge the reviewers and editors for their valuable
comments.

Conflict of Interest

The authors declare no conflict of interest.

References

1. FENG R., FANG X.K. China’s pathways to synchronize
the emission reductions of air pollutants and greenhouse
gases: pros and cons. Resources, Conservation and
Recycling, 184, 2022.

2. GAO C.C, GE H.Q,, LU Y, WANG, W.J., ZHANG Y.J.
Decoupling of provincial energy-related CO, emissions
from economic growth in China and its convergence
from 1995 to 2017. Journal of Cleaner Production, 297,
2021.

3. SHARMA G.D., SHAH M.L., SHAHZAD U., JAIN M.,
CHOPRA R. Exploring the nexus between agriculture and
greenhouse gas emissions in BIMSTEC region: the role
of renewable energy and human capital as moderators.
Journal of Environmental Management, 297, 2021.

4. LIU Y.Q., GAO Y. Measurement and impactor analysis of
agricultural carbon emission performance in Changjiang
economic corridor. Alexandria Engineering Journal, 61
(1), 873, 2022.

5. SHAO S., LI B.L., FAN M.T., YANG L.L. How does labor
transfer affect environmental pollution in rural China?
Evidence from a survey. Energy Economics, 102, 2021.

6. CAITY., XIA FQ. YANG D.G., HUO JW., ZHANG Y.F.
Decomposition of factors affecting changes in non-CO,
greenhouse gas emission intensity of China’s livestock



Spatial-Temporal Pattern Evolution...

197

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

sector based on the concept of “environment-food-
economy”. Science of the Total Environment, 691, 611,
2019.

FAOSTAT. Available online: http://www.fao.org/faostat/
zh/#data/GT (accessed on 15-02-2022).

WEST T.O., MARLAND G. A synthesis of carbon
sequestration, carbon emissions, and net carbon flux in
agriculture: comparing tillage practices in the United
State. Agriculture, Ecosystems & Environment, 91 (1-3),
217,2002.

JOHNSON J.M.F., FRANZLUEBBERS A.J., WEYERS
S.L., REICOSKY D.C. Agricultural opportunities to
mitigate greenhouse gas emission. Environmental
Pollution, 150 (1), 107, 2007.

LAL R. Carbon emission from operations. Environmental
International, 30 (7), 981, 2004.

MANAGI S. Are there increasing returns to pollution
abatement? Empirical analytics of the Environmental
Kuznets Curve in pesticides. Ecological Economics, 58
(3), 617, 2006.

LI ZW., ZHENG X.G. Study on relationship between
Sichuan agricultural carbon dioxide emissions and
agricultural economic growth. Energy Procedia, 5, 1073,
2011.

YAN T.W., TIAN Y., ZHANG J.B., WANG Y. Research on
inflection point change and spatial and temporal variation
of China’s agricultural carbon emissions. Chinese Journal
of Population Resources and Environment, China, 24 (11),
1,2014.

XIONG C.H., YANG D.G., HUO JW., ZHAO Y.N. The
relationship between agricultural carbon emissions and
agricultural economic growth and policy recommendations
of a low-carbon agriculture economy. Polish Journal of
Environmental Studies, 25 (5), 2187, 2016.

HAN H.B., ZHONG Z.Q., GUO Y., XI F, LIU S.L.
Coupling and decoupling effects of agricultural
carbon emissions in China and their driving factors.
Environmental Science and Pollution Research, 25 (25),
25280, 2018.

ZHANG L., PANG J.X., CHEN X.P.,, LU Z.M.N. Carbon
emissions, energy consumption and economic growth:
evidence from the agricultural sector of China’s main
grain-producing areas. Science of the Total Environment,
665, 1017, 2019.

LI W, OU Q.X., CHEN Y.L. Decomposition of China’s
CO, emissions from agriculture utilizing an improved
Kaya identity. Environmental Science and Pollution
Research, 21 (22), 13000, 2014.

ZHAO R.Q., LIU Y., TIAN M.M., DING M.L, CAO
L.H.,, ZHANG Z.P, CHUAI XW., XIAO L.G.,, YAO
L.G. Impacts of water and land resources exploitation on
agricultural carbon emissions: the water-land-energy-
carbon nexus. Land Use Policy, 72, 480, 2018.

NGUYEN C.P, LE T.H., SCHINCKUS C., SU T.D.
Determinants of agricultural emissions: panel data
evidence from a global sample. Environment and
Development Economics, 26 (2), 109, 2021.

LABORGE D., MAMUN A., MARTI W., PINEIRO V.,
VOS R. Agricultural subsidies and global greenhouse gas
emissions. Nature Communications, 12, 2021.

LIN B.Q., XU B. Factors affecting CO, emissions
in China’s agriculture sector: a quantile regression.
Renewable and Sustainable Energy Reviews, 94, 15, 2018.
XU B., LIN B.Q. Factors affecting CO, emissions in
China’s agriculture sector: evidence from geographically
weighted regression model. Energy Policy, 104, 404, 2017.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

3s.

36.

37.

38.

39.

TIAN Y., ZHANG J.B., HE Y.Y. Research on spatial-
temporal characteristics and driving factor of agricultural
carbon emissions in China. Journal of Integrative
Agriculture, 13 (6), 1393, 2014.

HAN JY., QU JI.S.,, MARASENI T.N., XU L., ZENG J.J.,
LI H.J. A critical assessment of provincial-level variation
in agricultural GHG emissions in China. Journal of
Environmental Management, 296, 2021.

IPCC. The fourth assessment report of the
intergovernmental panel on climate change. Cambridge
University Press: London, UK, 2007. Available online:
https://www.ipcc.ch/assessment-report/ard/ (accessed on
15-02-2022).

DUBEY A., LAL R. Carbon footprint and sustainability
of agricultural production systems in Punjab, India, and
Ohio, USA. Journal of Crop Improvement, 23 (4), 332,
2009.

WU X.R.,, ZHANG J.B.,, KULATUNGA A.K., TIAN
Y. Provincial agricultural carbon emissions in China:
calculation, efficiency change and convergence test.
Journal of Food Agriculture and Environment, 12 (2), 503,
2014.

National Development and Reform Commission (NDRC).
Provincial greenhouse gas inventory compilation
guidelines (trial). Beijing: National Development and
Reform Commission, 2010. Available online: http:/www.
cbesd.org.cn/sjk/nengyuan/standard/home/20140113/
download/shengjiwenshiqiti.pdf (accessed on 15-02-2022).
LEFEVER D.W. Measuring geographic concentration
by means of the standard deviational ellipse. American
Journal of Sociology, 32 (1), 88, 1926.

DU Q., ZHOU J., PAN T., SUN Q., WU M. Relationship
of carbon emissions and economic growth in China’s
construction industry. Journal of Cleaner Production, 220,
99, 2019.

ANSELIN L. Local indicators of spatial association-LISA.
Geographical Analysis, 27 (2), 93, 1995.

ANSELIN L., SYABRI I., KHO Y. GeoDa: an introduction
to spatial data analysis. Geographical Analysis, 38(1), 5,
2006.

DIETZ T., ROSA E.A. Rethinking the environmental
impacts of population, affluence and technology. Human
Ecology Review, 1 (2), 277, 1994.

ELHORST J.P. Specification and estimation of spatial
panel data models. International Regional Science Review,
26 (3), 244, 2003.

MA X.B., SUN B.,, HOU G.L., Zhong X., LI L. Evaluation
and spatial effects of tourism ecological security in the
Yangtze River Delta. Ecological Indicators, 131, 2021.
MA L., LONG H.L.,ZHANG Y.N,, TUS.S.,, GED.Z., TU
X.S. Agricultural labor changes and agricultural economic
development in China and their implications for rural
vitalization. Journal of Geographical Sciences, 29 (2), 163,
2019.

WANG G.F., LIAO M.L. JIANG J. Research on
agricultural carbon emissions and regional carbon
emissions reduction strategies in China. Sustainability, 12,
2020.

YOU S.B., LIU T.Y., ZHANG M., ZHAO X., DONG Y.Z.,
WU B., WANG Y.Z., LI J., WEI X.J., SHI B.F. African
swine fever outbreaks in China led to gross domestic
product and economic losses. Nature Food, 2, 802, 2021.
VASCO C., TORRES B., JACOME E., TORRES A.,
ECHE D., VELASCO C. Use of chemical fertilizers and
pesticides in frontier areas: a case study in the Northern
Ecuadorian Amazon. Land Use Policy, 107, 2021.



198

Ma W, et al.

40. KONDOH K,

41.

YABUUCHI S. Unemployment,
environmental policy, and international migration. The
Journal of International Trade & Economic Development,
21(5), 677, 2012.

GROSSMAN G.M.,, KRUEGER A.B. Environmental
impacts of a North American Free Trade Agreement.

42.

Cambridge: NBER Working Papers No. W3914, 1991.
Available  online:  https://www.nber.org/system/files/

working_papers/w3914/w3914.pdf (accessed on 15-02-
2022).
LESAGE J, PACE R.XK. Introduction to spatial

econometrics. New York, CRC Press, 2009.



