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Abstract: Eco-efficiency of arable land utilization (EALU) emphasizes efficient coordination between
land use systems and ecosystems. It is therefore of great significance for agricultural sustainability
based on the systematic assessment of EALU. This study took carbon emissions and non-point
source pollution resulting from arable land utilization into the measurement system of EALU, and
a super-SBM model, kernel density estimation and Tobit regression model were used to analyze
regional differences and influencing factors of EALU for 31 provinces in China from 2000 to 2019.
The results showed that there was an upward trend in EALU in China from 0.4393 in 2000 to
0.8929 in 2019, with an average annual growth rate of 4.01%. At the regional level, the EALU of
three categories of grain functional areas generally maintains an increasing trend, with the highest
average value of EALU in main grain marketing areas (MGMAs), followed by grain producing and
marketing balance areas (GPMBAs) and main grain producing areas (MGPAs). There are obvious
differences in EALU among provinces, and the number of provinces with high eco-efficiency has
increased significantly, showing a spatial distribution pattern of “block” clustering. In terms of
dynamic evolution, kernel density curves reflect the evolution of EALU in China and grain functional
areas with different degrees of polarization characteristics. The results of Tobit regression show
that natural conditions, financial support for agriculture, science and technology inputs, level of
industrialization, agricultural mechanization, and the living standards of farmers are significant
factors resulting in regional disparities of EALU. Therefore, this study proposes the implementation
of differentiated arable land use/agricultural management strategies to improve the sustainable
utilization of arable land.

Keywords: eco-efficiency of arable land utilization (EALU); regional disparities; influencing factors;
carbon emissions

1. Introduction

Arable land, as the collective term for paddy fields, irrigated land, and dryland
that are used for growing agricultural crops, is an indispensable key factor to ensure
food security and ecological sustainability [1,2]. Many countries and regions around the
world have enacted a series of policies and regulations to achieve the efficient utilization
and comprehensive protection of arable land [3–5]. However, due to rapid urbanization,
burgeoning population and overexploitation of land resources [6–8], arable land is shrinking
dramatically, the food crisis is worsening increasingly and the agricultural ecological
environment is deteriorating starkly in many parts of the world [9–11]. In particular, with
the COVID-19 pandemic raging around the world, the food crisis is becoming a globally
important issue. Therefore, the need to increase food production for food security while
maintaining a healthy arable land ecosystem has become a common challenge for the
sustainable development of all human beings [12].
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Since Brown [13] published the report entitled “Who will feed China?” in 1995,
China’s food security has been of great concern to the world. In fact, as the world’s
largest developing country, the efficient utilization of arable land to ensure national
food security has always been the top priority for the Chinese government [5,14]. China
feeds nearly 20% of the world’s population with only 7% of global arable land [7,15],
however heavy environmental and ecological costs have also been paid [16]. With the
rapid development of urbanization and the social economy, the scale of cities continues
to expand and the demand for construction land grows rapidly, resulting in increasingly
serious depletion of arable land resources [8,9]. According to statistics from the China
Rural Statistical Yearbook (2015–2018) (CRSY), the total area of arable land in China
was 134.8812 million hectares at the end of 2017, 0.2828 million hectares reduction
compared to 2014, which was approximately twice the built-up area of Beijing in 2017.
In addition, the 2014 National General Survey of Soil Contamination showed that 19.4%
of arable land in China has been contaminated to varying degrees [17]. The excessive
use of agrochemicals such as chemical fertilizers, pesticides and agricultural film in the
process of arable land utilization has made the ecological problems around arable land
increasingly serious [16,18,19], which can also affect the quality of arable land and food
security [20,21]. Currently, as China enters the new period of arable land protection
and ecological civilization construction, in order to improve arable land ecosystem, the
Chinese government has formulated a “three-in-one” arable land protection system
integrating the quantity, quality and ecology. Therefore, re-examining the utilization
pattern and management strategy of arable land from the perspective of eco-efficiency is
of great value and practical significance for the sustainable utilization of arable land and
national food security.

Eco-efficiency was originally proposed by German scholars Schaltegger and Sturn
(1990) [22], and its core idea is to introduce the dual dimension of economy and ecology
in production evaluation, emphasizing the balanced relationship between economic and
ecological benefits [23,24]. According to this core idea, Eco-efficiency of arable land
utilization (EALU) can be defined as the dynamic process of maximizing socio-economic
outputs and minimizing ecological pollution outputs given certain production factor in-
puts during arable land utilization, and achieving efficient coordination between arable
land use systems and ecosystems [25,26]. With the increased intensity of arable land use,
the agricultural ecological problems caused by the excessive use of agricultural chemicals
such as pesticides, fertilizers, and agricultural films in the process of arable land utiliza-
tion have gradually attracted widespread attention [27–29]. Some scholars have explored
agricultural eco-efficiency in many research cases, providing references for formulating
sustainable agricultural management policies [30–33]. Specific to arable land utilization
system, scholars usually directly explore arable land utilization efficiency, however the
direct research on EALU still needs to be further explored. In fact, arable land use effi-
ciency, as an important indicator to reveal the rationality of various production factors in
the process of arable land utilization [34], is a key issue for researchers and policymakers.
Scholars have considered arable land utilization as a systematic process of “input +
output”, and have systematically analyzed the measurement system of arable land use
efficiency [35,36], the change characteristics of arable land use efficiency at different
spatial scales and its influencing factors [19,37]. Moreover, arable land utilization has
a two-way output effect of producing food products and emitting agricultural pollu-
tion [17]. If the negative effects cannot be systematically considered when constructing
the evaluation system of arable land use efficiency, it will inevitably cause deviations
between the measurement results and the actual situation [38]. To address this problem,
scholars have attempted to comprehensively consider the impact of carbon emissions
and other environmental pollutants when assessing arable land use efficiency [17,39–42].
Considering the negative effect of carbon emission in the process of arable land utiliza-
tion, scholars have included carbon emission as undesirable output into the evaluation
system of arable land utilization efficiency, and systematically measured the actual level
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of arable land utilization in different regions [16,25,42]. In the process of high-intensity
arable land utilization, the ecological and environmental issues of arable land have
gradually emerged [19,43], and the non-point source pollution in the process of arable
land utilization has gradually attracted the attention of scholars [17,38,41].

There is no doubt that the above research results are of great significance for improving
the evaluation system of arable land utilization efficiency and enriching the related research
work of EALU. However, the common characteristic of the above-mentioned literature
is that they rarely integrate carbon emissions and non-point source pollution into the
measurement framework of arable land utilization efficiency. In order to examine arable
land utilization efficiency more comprehensively, it is urgent to explore the realistic level
of arable land utilization from the perspective of eco-efficiency. Actually, arable land
is an important component of agricultural systems, and improving the level of EALU
is an effective way to promote sustainable utilization of arable land [25]. Systematic
analysis of regional differences of China’s EALU and its influencing factors have important
practical significance for promoting the efficient of arable land utilization and sustainable
agricultural development.

Therefore, the contribution of this study is mainly to construct a measurement
system of EALU by comprehensively considering the impact of carbon emissions and
non-point source pollution in the process of arable land utilization, and explores its
regional difference and influencing factors to expand the research depth of EALU.
The research path of this study mainly concentrates on the following three aspects.
Firstly, this study uses the super-slack-based measure (Super-SBM) model to measure
China’s EALU from 2000 to 2019. Secondly, using kernel density estimation reveals
the dynamic evolution of regional differences of EALU. Finally, the Tobit regression
model is used to explore the influencing factors of EALU. Through this paper, we can
comprehensively understand the actual situation of EALU in China, which is beneficial
to the efficient and ecological utilization of arable land resources. Moreover, China’s
experience in enhancing EALU can provide useful references for other developing
countries to promote sustainable utilization of arable land resources while urbanization
is developing rapidly. The remaining chapters of this paper are arranged as follows.
Section 2 presents research methods and data. Section 3 shows the results of empirical
analysis. Section 4 summarizes conclusions and proposes policy implications.

2. Materials and Methods
2.1. Research Area

China is composed of 34 provincial administrative units, with marked differences
in arable land resources, grain production and agricultural development levels among
the provinces [44]. Considering the lack of relevant data for Hong Kong, Macau and
Taiwan, this study focuses on 31 provinces in the Chinese mainland from 2000 to 2019,
excluding Hong Kong, Macao and Taiwan. The National Food Security Mid-and Long-
Term Plan Outline (2008–2020) has divided the 31 provinces of the Chinese mainland into
three categories of grain functional areas (Figure 1), namely main grain producing areas
(MGPAs), main grain marketing areas (MGMAs), and grain producing and marketing
balance areas (GPMBAs). Among them, MGPAs are the key food production areas with
certain resource advantages in terms of geography, soil, climate and technology, which
are suitable for growing agricultural crops. MGMAs refer to the grain consumption areas
with small per capita arable land and low grain self-sufficiency rate. GPMBAs refer to
the western region that not only needs to ensure basic self-sufficiency of grain, but also
faces the needs of economic development. The regional division of grain functional areas
has been used by some scholars to analyze regional differences in arable land use, food
security and agricultural development in China [45]. Compared with traditional regional
divisions, this regional classification approach has a unique advantage in objectively
reflecting the level of regional arable land utilization, which helps to accurately grasp the
state of arable land utilization in various regions, and is of great significance for revealing
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the regional differences of EALU. Therefore, this study explores regional differences and
influencing factors of China’s EALU by using grain functional areas as the research area.
As shown in Figure 1, green, red, and blue colors identify the MGPAs, MGMAs, and
GPMBAs, respectively.

Figure 1. Research scope and regional classification.

2.2. Empirical Methods

Research methods applied in this paper mainly contain the super-SBM model, Kernel
density estimation and Tobit regression model. First, the super-SBM model by incorporating
carbon emissions and non-point source pollution resulting from arable land use as an
undesirable output was proposed for measuring China’s EALU from 2000 to 2019. Then,
Kernel density estimation, a nonparametric method, was used to explore the dynamic
evolution of regional disparities of EALU. Moreover, the Tobit regression model was finally
used to analyze the influencing factors of the regional disparities of EALU.

2.2.1. The Super-SBM Model

As a nonparametric technique efficiency analysis method, the super-SBM model
combines the advantages of both the SBM model and the super-efficiency Data Envel-
opment Analysis (DEA) model. It can not only incorporate undesirable outputs into
the model, but also differentiate and compare effective decision-making units (DMUs),
thereby avoiding the loss of effective DMU information [46,47]). In fact, the super-
SBM model has been widely used to measure sustainable development efficiency [48],
eco-efficiency [49], and green economic efficiency [50]. Therefore, this study adopted
the super-SBM model based on undesirable outputs to measure the value of EALU
in China from 2000 to 2019 by using MaxEDA software. The basic principle of super-
SBM model with undesirable outputs is as follows: assuming that there is a production
system with n DMUs, each DMU uses m inputs factors to produce s1 desirable out-
puts and s2 undesirable outputs [50]. Each DMU has three vectors: The input vector
X = [x1, · · · , xn] ∈ Rm×n, the desirable output vector Yg =

[
yg

1 , · · · , yg
n

]
∈ Rs1×n, and
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the undesirable output vector Yb =
[
yb

1, · · · , yb
n

]
∈ Rs2×n. The basic formula of the

super-SBM model is as follows:

ρ∗ = min
1 + 1

m

m
∑

i=1

D−i
xih

1− 1
s1+s2

(
s1
∑

r=1

Dg
r

yg
rh
+

s2
∑

k=1

Db
k

yb
kh
)

(1)

s.t.



xik ≥
n
∑

j=1,j 6=h
λjxij − D−i , i = 1, · · · , m

yg
rh ≥

n
∑

j=1,j 6=h
λjy

g
rj + Dg

r , r = 1, · · · , s1

yb
kh ≥

n
∑

j=1,j 6=h
λjyb

kj − Db
k , k = 1, · · · , s2

1− 1
s1+s2

(
s1
∑

r=1

Dg
r

yg
rh
+

s2
∑

k=1

Db
k

yb
kh
) > 0

D− ≥ 0, Dg ≥ 0, Db ≥ 0

(2)

where the vectors D−, Dg, and Db correspond to the redundancy of inputs, desirable
outputs, and undesirable outputs, respectively; λ is the weight vector; ρ∗ is the value
of EALU.

2.2.2. Kernel Density Estimation

Kernel density estimation (KDE) is one of the most popular non-parametric estimation
methods used to describe the dynamic distribution of data [51]. It emphasizes the use
of the kernel density curve to capture the distribution characteristics of the data, which
can effectively avoid the subjectivity of function settings in parameter estimation, thereby
improving the authenticity of the estimation results [52]. This advantage has made KDE a
typical method of measuring regional differences [19]. The principle of KDE is as follows:
Assuming that the density function of random variable X is f (x), and the probability
density at point x can be expressed by Equation (3):

f (x) =
1

Nh

N

∑
i=1

K(
Xi − x

h
) (3)

where K(·) is the kernel function; N is the number of observations; h is the bandwidth;
Xi is the independent and identically distributed random variable, and x is the mean
value. The kernel function is required to satisfy K(x) ≥ 0, K(x) = K(−x),

∫
+∞
+∞ K(x)dx =

1, supK(x) < +∞,
∫

+∞
−∞ K2(x)dx < +∞. Generally speaking, h is determined by its

relationship with N, and they should satisfy Equation (4):

K(x) =
1√
2π

exp
(
− x2

2

)
(4)

Based on the EALU results, the nuclear density distribution graph of EALU during
the study period was plotted by Eviews 10.0 software. This study can describe the dynamic
evolution characteristics of the regional differences of EALU by observing the position,
shape, and ductility of the density function in the graph (Table 1).

Table 1. Correlation between density curve and degree of disparity.

Degree of Disparity Height of the Peak Width of the Peak Position of the Peak Number of Peaks

Increase Flat Distensible Move left Increase
Decrease Steep Narrowed Move right Reduce
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2.2.3. Tobit Regression Model

The values of EALU calculated by the super-SBM model are all greater than zero, with
non-negative truncation characteristics. When EALU is used as the dependent variable
in Tobit regression model to test for its influence, traditional Ordinary Least Square (OLS)
can lead to biased estimation results [53]. Compared with traditional OLS, Tobit regression
model proposed by American economist Tobin [54] can avoid the bias of results when
estimating unknown parameters [55]. Therefore, this paper uses Tobit regression model to
analyze the influencing factors of EALU by using Stata10.0 software. The model can be
explained as:

yit =

{
βTxit + εit βTxit + εit > 0
0 otherwise

(5)

In Equation (5), yit is the explained variable; xit is the explanatory variable; βT is the
vector of the regression coefficient of the explanatory variable; εit is the random error term
which assumed to follow the distribution of N

(
0, σ2).

2.3. Selection of Indicators and Data Description
2.3.1. Indicators Used to Measure EALU

The connotation of EALU can be regarded as a systematic process of steadily increas-
ing desirable outputs such as grain production and agricultural production, reasonably
controlling inputs of production factors, and minimizing undesirable outputs such as
carbon emissions and non-point source pollution in the process of arable land utilization
(ALU) based on the constraints of food security and ecological sustainability. This study
has incorporated the concept of ecology into the system of ALU, and constructed the
index system of EALU based on the existing literature and the basic requirements of
reasonable control of inputs, reduction of resource consumption, improvement of food
output and reduction in pollution emission (Table 2).

Table 2. Measurement indexes of EALU.

Indicators Variables Unit References

Input Total sown area of farm crops (I1) 103 hectares Kuang et al. [19]
Number of rural population (I2) 104 people Madu [56]

Effective irrigation area (I3) 103 hectares Chen et al. [38]
Total power of agricultural machinery (I4) 104 kW·h Luo et al. [37]
Consumption of chemical fertilizers (I5) 104 t Zhang et al. [36]

Consumption of pesticides (I6) 104 t Kuang et al. [19]
Consumption of agricultural film (I7) 104 t Chen et al. [38]

Desirable output Gross agricultural production (D1) 108 Yuan Kuang et al. [19]
Total grain production (D2) 104 t Zhang et al. [36]

Undesirable output Carbon emissions (U1) 104 t Zhang et al. [42]
Non-point source pollution (U2) 104 t Wang and Zhang [57]

This paper selects 11 variables to construct the evaluation index system of EALU
(Table 2), which contains three categories of input indicators, desirable output indi-
cators and undesirable output indicators. Among them, the input indicators mainly
contain land (I1), labor (I2), agricultural irrigation (I3), agricultural machinery (I4),
chemical fertilizers (I5), pesticides (I6), and agricultural film (I7). The desirable output
variables consist of gross agricultural product (D1) and total grain production (D2).
The undesirable output variables mainly refer to carbon emissions (U1) and non-point
source pollution (U2) in the process of ALU.

Carbon emissions (U1) mainly refer to the amount of carbon emissions generated
by tillage, agricultural machinery, chemical fertilizers, pesticides, agricultural film, and
irrigation during the process of ALU [42]. The formula E = ∑ Ei = ∑(Gi × δi) was used
to measure the carbon emissions resulting from ALU. Where E is the total amount of
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carbon emissions from ALU, Ei is the carbon emissions of the ith carbon source, and Gi ,
δi are the consumption and coefficient of the ith carbon source, respectively. According
to existing research, the coefficients of each carbon sources are shown in Table 3.

Table 3. Coefficients of major carbon sources during the process of ALU.

Source Coefficient Unit Reference

Tillage 312.6 kg/km2 Zhang et al. [42]
Agricultural machinery 0.18 kg/kW Li et al. [58]

Chemical fertilizer 0.8956 kg/kg West and Marland [59]
Pesticide 4.9341 kg/kg Post and Kwon [60]

Agricultural film 5.18 kg/kg Wang and Zhang [57]
Irrigation 25 kg/hectares Dubey and Lal [61]

Non-point source pollution is the environmental pollution formed by pollutants
through surface runoff and underground infiltration, with the characteristics of dis-
persion and concealment. Non-point source pollution (U2) of ALU mainly refers to
the discharge of agricultural pollution caused by the excessive use and residues of
agricultural chemicals such as chemical fertilizers, pesticides, and agricultural film in
the process of ALU [57]. Therefore, this paper uses the total loss of fertilizer, nitrogen
(phosphorus), pesticides and agricultural film to characterize the non-point source
pollution of ALU, and the relevant loss coefficients are obtained from the “manual
of agricultural pollution source coefficients” issued by the National Pollution Source
Census and the related literature [17,57].

2.3.2. Indicators of Influence Factors of EALU

Combining the existing relevant studies, this study selects influencing factors
from different perspectives, and believes that natural conditions, financial support for
agriculture, science and technology inputs, level of industrialization, agricultural mech-
anization, and living standard of farmers will have impact on the regional differences
of China’s EALU, and the descriptions of variables are described in Table 4.

Table 4. Description of influencing factor variables.

Influencing Factors Variables (Unit) Abbreviation References

Natural conditions Multiple cropping index (%) MCI Kuang et al. [19]

Financial support for agriculture Ratio of agricultural expenditure to
financial expenditure (%) RAF Jiang et al. [62]

Science and technology inputs Ratio of science and technology
expenditure in fiscal expenditure (%) RSF Zhang et al. [36]

Level of industrialization Ratio of Industrial added value to GDP (%) RIG Wang and Zhang [57]

Agricultural mechanization Agricultural machinery power per unit
area (kW·h/hectares) AMP Wang and Zhang [57]

Living standard of farmers Per capita disposable income of rural
residents (Yuan/people) PIR Ji et al. [63]

The Tobit regression model was used to test the impact of influencing factors on the
regional differences of EALU and their formation mechanism can be expressed as follows:

yit = c + α1MCIit + α2RAFit + α3RSFit + α4RIGit + α5 ln AMPit + α6 ln PIRit + εit (6)

where i indicates different provinces of China, t is the year from 2000 to 2019. c is the
constant term, y stands for the EALU, αi is the coefficient, and εit is the stochastic error.

2.3.3. Data Sources and Description

The data on the calculation of EALU were collected from the CRSY (2001–2020). The
data on the influencing factors of EALU were acquired from the China Statistical Yearbook
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(NBSC) (2001–2020) and CRSY (2001–2020). The descriptive statistics of these variables are
shown in Table 5.

Table 5. Descriptive statistics of all variables.

Indicators Variables Mean Median Std. Dev. Minimum Maximum

Input I1 3533.27 3122.05 2787.22 46.50 14,338.10
I2 1188.28 1073.24 889.69 48.27 4510.90
I3 1946.50 1516.89 1523.85 109.20 6177.60
I4 2730.99 2017.90 2675.11 94.00 13,353.00
I5 169.63 133.30 138.68 2.50 716.10
I6 5.10 4.65 4.25 0.06 17.35
I7 6.74 5.10 6.34 0.01 34.35

Desirable output D1 1169.71 827.80 1108.73 11.40 5223.40
D2 1766.44 1371.65 1488.03 28.8 7506.80

Undesirable output U3 253.72 225.31 193.98 3.43 870.64
U4 1.12 0.71 1.09 0.01 4.76

Influencing Factors MCI 125.83 118.86 37.56 41.46 230.90
RAF 9.69 9.64 3.57 2.13 20.34
RSF 1.47 1.07 1.33 0.15 7.20
RIG 45.07 46.60 8.45 16.16 61.50

AMP 5.77 5.01 3.33 1.32 24.63
PIR 7472.00 5775.55 5522.80 1330.81 33,195.20

3. Results and Discussion
3.1. Measurement and Comparison of EALU

Based on the consideration of carbon emissions and non-point source pollution
resulting from arable land utilization, this study incorporated inputs, desirable outputs
and undesirable outputs of DMUs into the super-SBM model, and measured the value of
EALU in China from 2000 to 2019.

Figure 2 showed the general trend of the average of EALU in China and grain
functional areas from 2000 to 2019. Specifically, China’s EALU showed an upward trend,
increasing from 0.4393 in 2000 to 0.8929 in 2019, with an average annual growth rate
of 4.01% (Table 6). The EALU of grain functional areas also showed increasing trend,
however there were obvious regional differences. On the one hand, in terms of the
growth rate of EALU, the average annual growth rate of the mean value of EALU from
high to low is 5.34% in MGMAs, 4.07% in MGPAs, and 3.16% in GPMBAs, respectively
(Table 6). On the other hand, in terms of dispersion of EALU, the standard deviation
of the mean value of EALU from high to low is 0.2120 in MGMAs, 0.1302 in MGPAs,
and 0.1117 in in GPMBAs, respectively. On the whole, the average value of EALU in
China and grain functional areas entered a period of rapid increase after 2016. This
changing trend is closely related to China’s implementation of a strict land management
system and sound arable land protection system, such as arable land rotation and fal-
low [64], comprehensive land consolidation [65]. Under these strong policy constraints,
ecological compensation for arable land utilization has been strengthened, farmers’ will-
ingness to treat arable land ecologically has been enhanced, and the EALU has been
continuously improved.
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Figure 2. Average value of EALU in China, main grain producing areas (MGPAs), main grain
marketing areas (MGMAs), and grain producing and marketing balance areas (GPMBAs) from 2000
to 2019.

Table 6. Average annual growth rate of the mean of EALU in China, main grain producing areas
(MGPAs), main grain marketing areas (MGMAs), and grain producing and marketing balance areas
(GPMBAs) from 2000 to 2019.

Research Scale
The Average of EALU

Average Annual Growth Rate
2000 2019

China 0.4393 0.8929 4.01%
MGPAs 0.4144 0.8504 4.07%
MGMAs 0.3914 1.0195 5.34%
GPMBAs 0.4991 0.8625 3.16%

3.2. Spatial-Temporal Disparity of EALU

To visually present the spatial-temporal disparities of EALU in China from 2000 to
2019, this study took seven years as the interval period and selected 2000, 2007, 2014 and
2019 as the years of investigation. According to the calculation results of EALU, the EALU
value of each province is distributed between 0 and 1.20, grading similar EALU values
into the same group is conducive to comparison [42]. Therefore, this study used the equal
interval classification method of ArcGIS, with 0.30 as the equal interval, and divided the
EALU into four grade groups, namely Low efficiency (0–0.30], Medium-low efficiency
(0.30–0.60], Medium-high efficiency (0.60–0.90], and High efficiency (0.90–1.20], which
can more concisely and intuitively reflect the spatial–temporal disparity characteristics of
EALU.

Figure 3 depicted the spatial–temporal evolution trend of EALU in 31 provinces in
China. From 2000 to 2019, China’s EALU showed a significant improvement, with the
number of high-efficiency provinces increasing more than threefold from five in 2000 to
21 in 2019. In terms of spatial pattern, China’s EALU showed obvious characteristics of
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agglomeration distribution. In 2000, the provinces with high efficiency and medium-low
efficiency were mainly distributed in GPMBAs and MGPAs. During the period from 2000
to 2019, the spatial distribution characteristics of EALU in China have changed significantly,
with medium-high efficiency and high-efficiency provinces mostly distributed in MGMAs
and GPMBAs, while low efficiency and medium-low efficiency provinces were mainly
distributed in MGPAs. In general, China’s EALU showed a spatial distribution pattern of
“block” clustering.

Figure 3. Spatial distribution of EALU in China. (a) The year of 2000; (b) The year of 2007; (c) The
year of 2014; (d) The year of 2019.

3.3. Dynamic Evolution of EALU

To further reveal the dynamic evolution characteristics of regional differences of EALU,
this study selected the results of EALU in each province of China from 2000 to 2019 as the
original data and used the method of KDE to plot kernel density curves of EALU in China,
MGPAs, MGMAs and GPMBAs (Figure 4).



Land 2022, 11, 257 11 of 17

Land 2021, 10, x FOR PEER REVIEW  12  of  18 
 

the density curves of MGMAs. From 2000 to 2019, the peak position shifted to the right, 

and  the value of peak rose sharply  in 2019, and  the peak dominated by a single peak, 

which signified that the EALU of MGMAs continued to increase and showed a polariza‐

tion trend. Figure 4d demonstrated the density curve of GPMBAs. From 2000 to 2019, the 

peak position shifted to the right, and the peaks dominated by “one main and one second‐

ary” double peaks, which indicated that the EALU of GPMBAs maintained an upward 

trend and showed a dual‐polarization trend. 

In general, the density curves of China and grain function areas reflect the evolution‐

ary process of EALU with different degrees of polarization characteristic. The possible 

reason  is  that  the differences  in  agricultural  resource  endowment,  technical  level  and 

management level between regions have increased the regional gap of China’s EALU. In 

addition, under the background of rapid urbanization, urban space  is spreading to  the 

suburbs and occupying high‐quality arable land resources [7,8]. To meet the increasing 

demand for food, the intensity of arable land is rising and agricultural chemicals are over‐

used, resulting in relatively low EALU. However, some provinces have adopted ecologi‐

cal arable land use patterns and moderately controlled agricultural input intensity, result‐

ing in higher EALU, which inevitably leads to the polarization of EALU in China. 

 

 

   

   

Figure 4. The kernel density distribution of EALU: (a) China; (b) main grain producing areas 

(MGPAs); (c) main grain marketing areas (MGMAs); (d) grain producing and marketing balance 

areas (GPMBAs). 

3.4. Influencing Factors of EALU 

The Tobit regression model was used to explore the influencing factors of EALU. The 

results of Tobit regression are presented in Table 7. Model 1 to Model 4 are the results of 

Tobit regressions with China, MGPAs, MGMAs and GPMBAs as the study samples, re‐

spectively (Table 7). The regression results for the sample in China (Model 1) show that 

all explanatory variables are significant at the 1% and 5% levels, indicating that MCI (Mul‐

tiple cropping  index), RAF  (Ratio of agricultural expenditure to financial expenditure), 

Figure 4. The kernel density distribution of EALU: (a) China; (b) main grain producing areas
(MGPAs); (c) main grain marketing areas (MGMAs); (d) grain producing and marketing balance
areas (GPMBAs).

Figure 4a showed the density curve of EALU in China. From 2000 to 2019, the peak
of curve shifted to the right, the two-tails expanded, and the peak showed a “high-low”
double-peak shape, which indicated that China’s EALU continued to grow and there was
polarization among regions. Figure 4b showed the density curve of EALU in MGPAs, and
its curve shape and changing trend were similar to the China’s curve. Figure 4c presented
the density curves of MGMAs. From 2000 to 2019, the peak position shifted to the right,
and the value of peak rose sharply in 2019, and the peak dominated by a single peak,
which signified that the EALU of MGMAs continued to increase and showed a polarization
trend. Figure 4d demonstrated the density curve of GPMBAs. From 2000 to 2019, the peak
position shifted to the right, and the peaks dominated by “one main and one secondary”
double peaks, which indicated that the EALU of GPMBAs maintained an upward trend
and showed a dual-polarization trend.

In general, the density curves of China and grain function areas reflect the evolutionary
process of EALU with different degrees of polarization characteristic. The possible reason
is that the differences in agricultural resource endowment, technical level and management
level between regions have increased the regional gap of China’s EALU. In addition,
under the background of rapid urbanization, urban space is spreading to the suburbs and
occupying high-quality arable land resources [7,8]. To meet the increasing demand for food,
the intensity of arable land is rising and agricultural chemicals are overused, resulting in
relatively low EALU. However, some provinces have adopted ecological arable land use
patterns and moderately controlled agricultural input intensity, resulting in higher EALU,
which inevitably leads to the polarization of EALU in China.

3.4. Influencing Factors of EALU

The Tobit regression model was used to explore the influencing factors of EALU. The
results of Tobit regression are presented in Table 7. Model 1 to Model 4 are the results
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of Tobit regressions with China, MGPAs, MGMAs and GPMBAs as the study samples,
respectively (Table 7). The regression results for the sample in China (Model 1) show that all
explanatory variables are significant at the 1% and 5% levels, indicating that MCI (Multiple
cropping index), RAF (Ratio of agricultural expenditure to financial expenditure), RSF
(Ratio of science and technology expenditure in fiscal expenditure), RIG (Ratio of Industrial
added value to GDP), AMP (Agricultural machinery power per unit area) and PIR (Per
capita disposable income of rural residents) all have strong explanatory powers on regional
disparities of EALU. According to Table 7, RSF and PIR have significant positive effects on
EALU, 1% increase in RSF and PIR will lead to 2.4757% and 0.2248% increase in China’s
EALU, respectively. MCI, RAF, RIG, and AMP have a significant negative effect on EALU,
a 1% increase in MCI, RAF, RIG, and AMP will result in a 0.1398%, 0.6121%, 0.7173%, and
0.1998% decrease in China’s EALU, respectively.

Table 7. Tobit regression results for China, main grain producing areas (MGPAs), main grain
marketing areas (MGMAs), and grain producing and marketing balance areas (GPMBAs).

Variables
China (Model 1) MGPAs (Model 2) MGMAs (Model 3) GPMBAs (Model 4)

Coefficient Std. Err. Coefficient Std. Err. Coefficient Std. Err. Coefficient Std. Err.

MCI −0.1398 *** 0.0376 −0.1852 *** 0.0556 −0.1473 *** 0.0656 0.1966 ** 0.0988
RAF −0.6121 ** 0.2965 −1.0831 *** 0.4012 −0.9026 1.0041 −0.3851 *** 0.4793
RSF 2.4757 *** 0.6685 1.7679 * 1.0172 0.1793 1.1151 2.1025 3.0921
RIG −0.7173 *** 0.1068 −0.6631 *** 0.1156 −0.5800 ** 0.2470 −0.7025 *** 0.2423

AMP −0.1998 *** 0.0289 −0.1384 *** 0.0365 −0.2488 *** 0.0620 −0.2358 *** 0.0620
PIR 0.2248 *** 0.0169 0.2323 *** 0.0224 0.3379 *** 0.0382 0.1929 *** 0.0328

_cons 1.5020 *** 0.0798 1.5364 *** 0.1052 1.5238 *** 0.1657 1.1830 *** 0.1600
Obs. 620 260 140 220

Note: ***, **, * indicate significance at the level of 1%, 5% and 10%.

As the regression results for grain functional areas show (Model 2 to Model 4), there
are significant differences in the direction and degree of influence of different factors
on EALU. MCI is one of the important indicators reflecting the intensity of arable land
use [66], which can affect the efficiency of arable land use. According to Table 7, it can be
found that MCI has significant negative effect on EALU in MGPAs and MGMAs, but a
significant positive effect on EALU in GPMBAs. Due to regional differences in resource
endowment, thermal conditions, and precipitation conditions, the MCI of MGPAs and
MGMAs is relatively higher and the intensity of arable land use is correspondingly stronger
compared to GPMBAs [18,66]. While high-intensity arable land utilization can improve
desirable outputs such as grain production and agricultural output, it also enhances the use
of pesticides, chemical fertilizers, and agricultural machinery, which increases undesirable
outputs such as carbon emissions and non-point source pollution, thereby damaging arable
land ecosystems.

RAF is an important indicator reflecting agriculture-related policies and also guides
the regional allocation of agricultural production factors [62]. According to Table 7, RAF
has significant negative effect on EALU in MGPAs and GPMBAs, 1% increase in RAF will
lead to 1.803% and 0.3851% decrease in the EALU, respectively. This is due to the fact
that China’s financial support policies for agriculture largely tend to subsidize petroleum
agricultural factors such as chemical fertilizers, pesticides, and agricultural film, and the
excessive use of agrochemicals can cause non-point source pollution, which have a negative
effect on the EALU [57].

RSF is one of the important indicators of the regional technology development level,
and it has positive effect on EALU in MGPAs, MGMAs, and GPMBAs, however only passes
the significance test in MGPAs. It can be seen from Table 7 that each 1% increase in RSF
will result in a 1.7679% increase in the EALU, indicating that RSF plays a crucial role in
improving the EALU. The application of advanced agricultural technology can fully exploit
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the potential of arable land use, avoid disorderly inputs of production factors of arable
land, and enhance the efficiency of arable land resource utilization [36].

RIG is an important indicator of the regional industrial structure. According to Table 7,
RIG has a significant negative effect on EALU in MGPAs, MGMAs and GPMBAs, 1% in-
crease in RIG will lead to 0.6631%, 0.5800% and 0.7025% decrease in the EALU, respectively.
This is due to RIG having a radiating effect on agricultural development, and while this
provides technical and factor support for agricultural production, it also promotes the
development of petroleum agriculture [57]. With the rapid development of petroleum
agriculture, the use of agrochemicals has been increasing, which in turn generates a large
amount of carbon emissions and non-point source pollution, creating a strong negative
effect on EALU.

AMP is an important indicator reflecting the degree of agricultural mechanization,
which will affect EALU. As shown in Table 7, AMP has significant negative effect on EALU
in MGPAs, MGMAs and GPMBAs, every 1% increase in AMP, EALU decreases by 0.1384%,
0.2488%, and 0.2358%, respectively. The improvement of agricultural mechanization can
increase the productivity of arable land, yet also increase carbon emissions and agricultural
non-point source pollution, which consequently aggravates arable land ecological problems
such as soil erosion, soil acidification and pollution [18,67].

PIR is an important indicator of farmers’ living standards and can have an impact
on EALU. As shown in Table 7, PIR has significant positive effect on EALU in MGPAs,
MGMAs and GPMBAs, with each 1% increase in PIR improving EALU by 0.2323%, 0.3379%
and 0.1929%, respectively. With the improvement of farmers’ living standards, farmers are
relatively more willing to use arable land in a low-carbon way, which in turn improves the
level of sustainable utilization of arable land [63,68].

4. Conclusions and Policy Implications
4.1. Conclusions

This paper used the super-SBM model to measure the EALU of China’s 31 provinces
by taking carbon emissions and non-point source pollution as undesirable outputs, in
addition, kernel density estimation and Tobit regression model were used to analyze the
regional differences and influencing factors of EALU in China. The main conclusions of
this study are as follows: (1) During the study period, China’s EALU has been improving,
and the EALU in grain functional areas has also maintained increasing trend. This is due to
the fact that the Chinese government attaches great importance to arable land protection
and implements a series of strict arable land protection systems [5], and arable land use
conditions have been significantly improved; (2) There are obvious differences in EALU
among Chinese provinces, showing a spatial distribution pattern of “block” clustering, and
its evolution process has obvious polarization characteristics; (3) The regression results
show that at the national level, RSF and PIR had significant positive impact on EALU,
and MCI, RAF, RIG, and AMP have a significant negative impact on EALU. From the
perspective of grain functional areas, there are obvious differences in the direction and
degree of influence of different factors on EALU.

4.2. Policy Implications

EALU is an important indicator to measure the rationality and sustainability of re-
gional arable land use [25], and it can also reflect the reality of China’s agricultural and
rural development [16]. Several policy implications can be drawn from the above conclu-
sions. First and foremost, Chinese relevant government departments should formulate
a green and low-carbon strategy for the ecological utilization of arable land resources.
Currently, the Chinese government has clearly proposed the strategic goal of striving
to achieve carbon peaks by 2030 and carbon neutrality by 2060. Green and low-carbon
concepts are important directions for China’s future development [69], China’s arable land
management system is facing profound reforms. In this context, the Chinese government
should incorporate “carbon emissions and agricultural non-point source pollution” into
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the top-level design framework when formulating strategies for arable land utilization and
agricultural development, and establish a policy system and action plan for the ecological
use of arable land that is adapted to the goal of carbon neutrality. Secondly, combining
the characteristics of regional differences in EALU in China, and formulating a differen-
tiated system of ecological use of arable land. Based on the actual situation of natural
resource endowment, agricultural pollution and agricultural production capacity of grain
functional areas, agricultural authorities should guide the efficient allocation of production
factors such as labor, technology and capital among grain functional areas, and explore
differentiated paths to enhance the ecological utilization of arable land according to local
conditions. MGPAs should take advantage of large-scale production to cultivate new agri-
cultural business entities and achieve sustainable improvement of EALU. MGMAs should
take advantage of technology and the economy to promote technologically advanced and
capital-intensive arable land utilization models to increase the desirable outputs of arable
land utilization. GPMBAs should enhance the construction of agricultural infrastructure,
increase the input of agricultural production factors, and gradually improve the EALU.
Third, under the guidance of green and low-carbon development concept, the government
should reform the traditional financial support policy for agriculture, and reduce carbon
emissions and non-point surface pollution resulting from arable land utilization. On the
one hand, agricultural authorities should improve the incentive mechanism of ecological
compensation for arable land utilization, link environmentally friendly arable land utiliza-
tion patterns to ecological compensation policies, increase subsidies for environmentally
friendly agricultural machinery, organic fertilizers and low-carbon pesticides, and enhance
farmers’ willingness to use arable land ecologically. On the other hand, agricultural tech-
nology enterprises should strengthen technological innovation of carbon sequestration
and emission reduction in the utilization of arable land, explore new technologies for the
treatment of agricultural non-point source pollution, repair the ecosystem of arable land,
and provide technological support to realize the ecological utilization of arable land. Last,
China’s agricultural authorities have taken measures (since 2016) such as special ecological
subsidies and the reduction in chemical fertilizers and pesticides to alleviate undesirable
outputs of arable land utilization. These policy measures have effectively enhanced the
level of China’s EALU and improved the coordination between arable land use systems
and ecosystems. China’s policies and measures may be able to provide some references for
other countries, especially developing countries.
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