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Abstract: Cultivated land (CL), as the foundation of agricultural production, possesses mul-
tifunctionality, and its utilization mode directly influences the agricultural modernization
process. This study systematically analyzed the coupled and coordinated development
characteristics and driving mechanisms of cultivated land multifunction (CLM) and agri-
cultural mechanization (AM) using data from 31 Chinese provinces between 2011 and
2021, aiming to reveal the complexity of regional agricultural modernization and provide
scientific evidence for differentiated agricultural development strategies. Key research
findings: (1) From 2011 to 2021, the levels of CLM utilization, AM development index, and
their coupling coordination consistently increased, but regional development disparities
were prominent. The CLM level in western regions was significantly lower than in eastern
and central regions, with regional differences in AM development gradually expanding.
(2) Driving factors of coupled and coordinated development varied significantly across
regions: eastern regions were primarily driven by technological innovation, central regions
were influenced by production efficiency and social security, and western regions were
mainly constrained by ecological functions. (3) Natural conditions such as cultivated
land area, quality, and land flatness significantly impact the coordinated development of
AM and CLM. This study innovatively constructed an evaluation index system for CLM
and AM coupling coordination, integrating socio-economic and remote sensing data. By
employing entropy weight TOPSIS and coupling coordination models, it conducted an
in-depth analysis of long-term temporal changes and revealed the internal mechanisms
of regional coordinated development through spatial econometric methods. The research
results not only provide theoretical support for regional agricultural modernization but
also offer scientific references for formulating differentiated agricultural development
policies, promoting synergistic development of agricultural modernization and ecological
civilization construction, and exploring more precise and sustainable regional agricultural
development paths.

Keywords: cultivated land multifunction; agricultural mechanization; coupling coordination;
regional differences; agricultural modernization
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1. Introduction
Cultivated land (CL), as an integrated system of nature and socio-economic factors,

possesses cultivated land multifunction (CLM) [1]. The CLM is its objective and intrinsic
attribute [2]. With the continuous advancement of socio-economic development and eco-
logical civilization construction, the CLM characteristics have gradually gained attention,
expanding its resource utilization from a single production function to social security and
ecological functions [3].

Historically, China has been dominated by the production function in CL utilization,
resulting in inadequate multifunction use, particularly in understanding its ecological and
social security functions [4]. This has led to a series of serious issues, including disorderly
competition for CL demand, land marginalization, and degradation of CL ecosystems [5].

The CLM is not only manifested in its role as the foundation of food production but
also encompasses its critical functions in ecological protection, social stability, and economic
development. First, the ecological function of CL provides ecosystem services such as
biodiversity habitats, carbon storage, and soil and water conservation, which are crucial
for maintaining ecological balance and addressing climate change [6,7]. Second, the social
function of CL is reflected in its guarantee of food security and impact on rural social
structures. Rational CL utilization can promote social stability and economic development
in rural areas, especially in densely populated regions where land use directly relates to
local residents’ livelihoods and quality of life [8–10].

Economically, the CLM also includes its support for agricultural economics and related
industry development. Through rational land management and agricultural technology ap-
plication, CL can achieve sustainable agricultural production, improve land use efficiency,
and promote agricultural economic growth [11,12]. For instance, in some regions, introduc-
ing diverse crop cultivation and ecological agricultural practices can reduce dependence
on chemical inputs without sacrificing yield, thereby realizing ecological intensification of
agriculture [13,14].

Facing the increasingly tense relationship between humans and land, and the growing
demand for CLM from urban and rural residents, China urgently needs to transform CL
protection into multifunctional land management. China has implemented ecological
strategies and continuously improved its CL protection system, establishing a compre-
hensive protection and management system based on “quantity, quality, and ecology”,
laying a crucial foundation for ensuring food security, promoting high-quality agricultural
development, and accelerating agricultural modernization [15]. Simultaneously, improving
agricultural mechanization (AM) is one of the important pathways to achieving high-quality
agricultural development and modernization [16].

Modern agriculture is based on AM as its material and technological foundation,
and the level of AM has become an important indicator of a country’s agricultural in-
dustrialization and modernization [17]. In the 1940s, the United States was the first to
achieve agricultural modernization characterized primarily by mechanization, significantly
improving agricultural labor productivity and agricultural product yields [18]. China has
consistently placed high importance on AM, enabling its rapid development [19]. How-
ever, compared to developed countries, China’s AM still faces challenges such as regional
imbalance, uncoordinated levels, and low-quality efficiency, and the relationship between
these issues and CLM utilization has not been systematically studied.

Although AM can improve production efficiency, if its development is out of balance
with CLM utilization, it may lead to a series of environmental and social problems, includ-
ing soil compaction, biodiversity reduction, and loss of traditional agricultural landscape
culture [20,21]. Therefore, exploring the coupled and coordinated relationship between
CLM utilization and AM is of significant guiding importance for developing more rational
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CL utilization policies and AM development strategies, especially in achieving coordinated
economic, social, and ecological development.

Currently, research on multi-functional land use has been increasingly focused on iden-
tifying [6,22,23], evaluating [24,25], and understanding the spatial differentiation [26,27]
of land use functions. This body of work is crucial for sustainable land management
and planning, whereas AM research has concentrated on technological innovation [28,29],
development models [30,31], and benefit evaluation [32,33]. Although these studies have
laid the foundation for understanding CLM and AM development, several limitations
remain: 1⃝ Existing research predominantly associates CLM utilization with external factors
such as urbanization and industrialization [34,35], with limited attention to interactions
with internal agricultural modernization elements. 2⃝ There is a lack of systematic and
long-term analysis of the coupled coordination relationship between CLM utilization and
AM. 3⃝ Regional difference analyses often remain at the descriptive level, lacking in-depth
exploration of the formation mechanisms.

The innovations of this study are primarily reflected in the following aspects: 1⃝ For
the first time, a comprehensive evaluation index system for coupled coordination between
CLM utilization and AM is constructed, filling the theoretical gap in CLM and AM collab-
orative development research. 2⃝ Innovative integration of socio-economic and remote
sensing data, employing entropy weight TOPSIS and coupling coordination models to
conduct in-depth analysis of provincial-level long-term temporal changes from 2011–2021,
revealing the evolution patterns of coupling coordination relationships. 3⃝ Utilizing spa-
tial econometric methods to identify regional differentiation characteristics of coupling
coordination, and through QAP regression analysis, quantitatively parsing the driving
mechanisms behind regional coordination differences for the first time, providing a scien-
tific basis for differentiated policy formulation.

Based on the above analysis, this study aims to address the following scientific ques-
tions: 1⃝ Investigate the coupling coordination degree and spatio-temporal evolution char-
acteristics of CLM and AM across different regions. 2⃝ Identify the interaction mechanisms
and critical influencing factors between CLM utilization and AM. 3⃝ Reveal the formation
causes of regional coordination differences and propose targeted policy recommendations.

To this end, this research adopted a combined approach of socio-economic and remote
sensing data. It comprehensively employed the entropy weight TOPSIS model to con-
struct an evaluation index system, analyzed the coordination relationship between CLM
utilization and AM through a coupling coordination model, and used global and local
spatial autocorrelation analysis to identify spatial aggregation characteristics of provincial
coordination. Innovatively, the QAP regression method was applied to deeply explore the
internal mechanisms causing regional coordination differences.

The research findings will provide theoretical support and decision-making references
for optimizing CL resource allocation, promoting coordinated development of AM and
CLM, and advancing regional agricultural sustainable modernization. The study holds
significant theoretical value and practical importance for achieving rural revitalization
strategies and high-quality agricultural development.

2. Materials and Methods
2.1. Study Area Overview

China, located in East Asia, is vast in territory with complex terrain, spanning mul-
tiple climate zones and geographical regions. The research area selected for this study
encompasses three major regions of China: Eastern, Central, and Western regions, covering
31 provinces (autonomous regions and municipalities), excluding Hong Kong, Macau,
and Taiwan due to data availability constraints. Based on comprehensive considerations
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of economic development levels, geographical location, and resource endowments, the
country is divided into Eastern, Central, and Western regions (Figure 1).
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Figure 1. Research area overview. The administrative boundaries of China are based on the standard
map with map approval number GS(2020)4632, downloaded from the Ministry of Natural Resources
of the People’s Republic of China standard map service website, with no modifications to the base
map (hereinafter the same). The world base map is sourced from Esri, TomTom, Garmin, FAO,
NOAA, and USGS.

Eastern Region: Includes provinces and municipalities such as Beijing, Tianjin, Hebei,
Shanghai, Jiangsu, Zhejiang, Fujian, and Shandong. Located in the North China Plain and
Yangtze River Delta, the terrain is primarily characterized by plains and hills, with a mild
climate, abundant precipitation, and favorable agricultural production conditions.

Central Region: Comprises provinces including Shanxi, Anhui, Jiangxi, Henan, Hubei,
and Hunan. The terrain features a mix of plains, hills, and mountains, spanning the Yellow
River and Yangtze River basins. With diverse climate types, agricultural production exhibits
strong regional characteristics.

Western Region: Includes municipalities and provinces such as Chongqing, Sichuan,
Guizhou, Yunnan, Shaanxi, Gansu, Qinghai, and Xinjiang. Characterized by plateaus,
mountains, and basins, the terrain is complex with significant climate variations, presenting
numerous geographical and climatic challenges for agricultural production.

2.2. Data Sources

Considering data availability, this study selected 31 provinces in China (excluding
Hong Kong, Macau, and Taiwan) as research samples, with the research period spanning
from 2011 to 2021. Original data were sourced from annual publications including the
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China Statistical Yearbook, China Rural Statistical Yearbook, Agricultural Statistical Yearbook,
China Environmental Statistical Yearbook, China Agricultural Machinery Statistical Yearbook,
Urban Statistical Yearbook, provincial and municipal statistical yearbooks, and environmental
bulletins (detailed indicator data sources are shown in Table 1). Occasional missing data
were interpolated using interpolation methods.

Table 1. Evaluation index system of coupling and coordination between cultivated land multifunction
and agricultural mechanization in China. The plus sign (“+”) represents a positive correlation
or synergistic effect between variables. The minus sign (“−”) represents an inverse relationship
between variables.

System
Level Criteria Layer Weight Indicator Layer

(Units) Weight Impact Indicator Calculation and
Data Sources

Le
ve

lo
fm

ul
ti

-f
un

ct
io

na
lu

ti
lis

at
io

n
of

ar
ab

le
la

nd

Production
functions

0.25

Yield of grain
sown/(tonnes/ha) 0.15 +

Grain sown area/grain
production, China Rural

Statistics Yearbook

Grain output per
hectare of arable

land/(tonnes/ha)
0.31 +

Total grain
output/cultivated land area,

Agricultural Statistics
Yearbook, China Rural

Statistics Yearbook

Land resettlement
rate/per cent 0.34 + Arable land/total land area,

China Rural Statistics Yearbook

Recultivation index 0.21 + Sown area/cultivated land,
China Rural Statistics Yearbook

Social security
functions

0.18

Number of people
employed in vil-

lages/(10,000 people)
0.33 + China Rural Statistical

Yearbook

Per capita net income
of farmers/(yuan) 0.18 + China Rural Statistical

Yearbook

Per capita operating
area of arable

land/(ha)
0.34 +

Arable land/agricultural
population, China Rural

Statistical Yearbook

Urban–rural income
ratio 0.14 −

Per capita disposable income
of urban residents/per

capita net income of farmers,
Statistical Yearbook and Urban

Statistical Yearbook

Ecological
function

0.57

Carbon
emission/(tonnes) 0.20 −

Fertiliser use × 0.89 + Plastic
film use × 5.18 +

Agricultural diesel use ×
0.59 + Pesticide use × 4.93 +

Crop sown area × 312.6 +
Irrigated area × 266.48 [36],

China Rural Statistical
Yearbook, China Environmental

Statistical Yearbook

Ecological service
value of arable land 0.80 +

Ecosystem service value
assessment method, using
CLCD [37] as the base map

to calculate the total
ecological service value of
arable land in each region
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Table 1. Cont.

System
Level Criteria Layer Weight Indicator Layer

(Units) Weight Impact Indicator Calculation and
Data Sources

Le
ve

lo
fa

gr
ic

ul
tu

ra
lm

ec
ha

ni
sa

ti
on

Water for
integrated

mechanisation
of cultivation,
planting and

harvesting

0.18

Degree of
mechanisation of
ploughing/(%)

0.4 +

Machine ploughing
area/cultivable land, China

Rural Statistical Yearbook,
China Agricultural Machinery

Statistical Yearbook

Mechanisation of
sowing/(%) 0.3 +

Machine sown area/total
sown area of crops, China
Rural Statistics Yearbook,

China Agricultural Machinery
Statistics Yearbook

Degree of harvesting
mechanisation/% 0.3 +

Machine harvested
area/total harvested area,

China Rural Statistics
Yearbook, China Agricultural
Machinery Statistics Yearbook

Comprehensive
agricultural

mechanisation
capacity

0.53

Agricultural diesel
use per agricultural
labourer/(t/person)

0.3 +

Agricultural diesel
usage/number of

agricultural labour force,
China Rural Statistical

Yearbook, China Agricultural
Machinery Statistical Yearbook

Agricultural
machinery power per

unit sown
area/(kW/ha)

0.3 +

Total power of agricultural
machinery/total sown area

of crops, China Rural
Statistical Yearbook, China

Agricultural Machinery
Statistical Yearbook

Proportion of
professionally
trained farm
machinery

personnel/%

0.4 +

Professionally trained rural
agricultural machinery
personnel/total rural

agricultural machinery
personnel, China Agricultural
Machinery Statistical Yearbook

Comprehensive
benefits of

agricultural
mechanisation

0.29

Agricultural labour
productiv-

ity/(yuan/person)
0.4 +

Total output value of
agriculture, forestry, animal

husbandry, and
fishery/number of

agricultural labourers; China
Statistical Yearbook; China
Rural Statistical Yearbook

Average sown area of
agricultural

labour/(ha/person)
0.3 +

Total sown area of
crops/number of

agricultural labour force,
China Rural Statistics Yearbook

Proportion of
agricultural

labourers in the total
number of employed
persons in society/%

0.3 +

Number of agricultural
labour force/number of
employees in the whole
society, China Statistical

Yearbook, China Rural
Statistical Yearbook
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2.3. Research Methods
2.3.1. Coupling Coordination Analysis Method

Coupling coordination mechanism (CCM) is a crucial tool for evaluating and an-
alyzing interactions between two or more systems. CCM assesses the interaction and
coordination degree between systems, helping to understand and optimize their collabora-
tive development [38–40]. CCM has been widely applied in fields such as cultural heritage
protection and tourism development [38], economic–resource–environmental systems [40],
higher education and environmental governance [41], and county-level new urbaniza-
tion and logistics industries [8]. CCM can help us understand the relationship between
multi-functional CL utilization and AM.

Conceptual Definition of CLM Utilization: Since the agricultural multifunction con-
cept was proposed in the 1980s, the multifunction concept has been widely used in ecosys-
tem management, agricultural development, landscape management, and land system
changes [42–44] CL is a type of land use generated through development, arrangement,
or reclamation of other land types. From its definition, CL functions refer to the utility
of CL in satisfying multiple human needs [45]. In recent years, CLM research has gained
widespread attention in China, aiming to reconstruct CL resource value and promote
sustainable development. Research indicates that CLM encompasses not only production
functions but also includes multiple functions such as ecological, economic, social security,
and cultural landscape functions. Production and economic functions: The production
and economic value of CLM is significant, playing a critical role in food production and
economic development [35,46,47]. Ecological functions: CL’s ecological functions play a
crucial role in environmental protection and ecological balance, especially in ecologically
fragile regions [48–50]. Social and cultural functions: CL also provides social security and
cultural landscape functions, supporting social stability and cultural inheritance [46,51–54].

AM Development Connotation: AM is an important technological progress process of
transforming traditional agriculture into modern agriculture, influenced by natural produc-
tion conditions and economic development, with staged developmental characteristics [17].
Productivity and economic benefits: AM significantly improves agricultural productivity
and economic efficiency. For instance, in Hubei Province, China, improved mechaniza-
tion levels significantly increased crop yields and income [55]. In Nepal, mechanization
enhanced agricultural product production efficiency and farmers’ living standards [56].
Environment and sustainability: AM has dual impacts on environment and sustainability.
In China, mechanization promoted sustainable land cultivation practices, reduced fertilizer
usage, and protected CL [57]. However, in Africa, mechanization might lead to deforesta-
tion and soil erosion [58,59]. Socio-economic impacts: Mechanization can increase income,
reduce labor intensity, and free up time for other agricultural and non-agricultural activities.
It may also trigger land use conflicts and gender inequalities [59]. Staged development:
AM’s development is staged, with its impact on production and income increasing as
mechanization levels rise [55]. In Myanmar, rapid mechanization was achieved through a
dynamic outsourcing service market [60]. In summary, AM has significant positive effects
on improving productivity and economic efficiency but may also bring environmental and
social challenges. Through appropriate policy and technological support, sustainable AM
can be achieved, promoting traditional agriculture’s transformation into modern agriculture.

Coupling Coordination Relationship Construction: The interaction between CLM
utilization and AM development involves multiple aspects of mutual influence and inter-
action (Figure 2). (1) Mutual promotion: Improved mechanization levels can increase CL
production efficiency, promote crop yields, and meet social demands. Enhanced production
functions simultaneously encourage broader application of mechanization technologies.
AM improves social security by increasing production efficiency, reducing labor costs,
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and increasing farmer incomes. Improved social security, in turn, promotes farmers’ ac-
ceptance and investment in mechanization. (2) Collaborative development: During AM
development, emerging technologies such as environmentally friendly machinery, precise
fertilization, and irrigation can enhance CL’s ecological benefits and achieve sustainable
development while ensuring production and returns. (3) Constraining factors: AM ad-
vancement is constrained by funding limitations, technological capabilities, management
levels, insufficient infrastructure, low technological levels, and low farmer acceptance of ma-
chinery. Policy orientation and market environments significantly impact CLM utilization
and AM development. Rational policies can guide and stimulate farmers’ machinery use
and improve CLM utilization. (4) Feedback mechanism: While promoting AM, attention
must be paid to its ecological environment impact: if ecological benefits are unsatisfactory,
it may lead to unsustainable land resource utilization, negatively affecting production
functions. Rural social structural changes and labor population reduction will make mecha-
nization increasingly important. Improved farmer income and living standards will further
incentivize agricultural machinery investment.
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Figure 2. Coupled coordination mechanism of multifunctional land use and development of agricul-
tural mechanization.

Based on the above theoretical analysis, we constructed a comprehensive assessment
indicator system to systematically analyze the coupling coordination mechanism between
the two (Table 1). CLM utilization level subsystem: The selected indicators include produc-
tion function, social security function, and ecological function, all based on their importance
in reflecting CLM utilization efficiency and AM development [61–64]. 1⃝ Production func-
tion: Grain sown area yield: Production per unit of CLM area, reflecting land productivity;
Grain output per hectare: Directly reflecting CLM production efficiency; Land reclamation
rate: Proportion of effectively utilized CLM area to total arable land area; Cropping index:
Number of crops planted on the same land within one growing season. 2⃝ Social security
function: Rural employment: Number of laborers in rural areas engaged in agricultural
and related economic activities; Farmers’ per capita net income: Annual economic benefits
after necessary expenditures; Per capita CLM management area: Reflecting land resource
utilization and production capacity; Urban–rural income ratio: Comparing urban and rural
residents’ income. 3⃝ Ecological function: Carbon emissions: In 2023, China contributed
about a quarter of global total emission growth, with CLM utilization being a significant
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contributor [65]; Calculating CLM carbon emissions based on agricultural input increases
(fertilizers, agricultural films, pesticides); CLM ecological service value: Using the ecosys-
tem service value (ESV) assessment method based on China’s annual land cover dataset
(CLCD) remote sensing data [37,66].

AM development level subsystem: Primarily referenced from Chinese industry stan-
dards [67], with adjustments for data availability: Removed agricultural machinery value
profit rate indicator due to data acquisition difficulties; Replaced agricultural labor ma-
chinery value with agricultural diesel usage per labor, as diesel is primarily used for
agricultural machinery.

Weight determination: 1⃝ For CLM utilization level system: Used Entropy-TOPSIS
method to determine weights for production, social security, and ecological function sub-
systems; Conducted two-stage weight calculation; Entropy-TOPSIS is a multi-attribute
decision-making method combining entropy weight and TOPSIS methods. 2⃝ For AM
development level system: Retained national standard weights for comprehensive mecha-
nization level, comprehensive guarantee capacity, and comprehensive efficiency. 3⃝ Data
standardization: Used range standardization method; Converted negative indicators to
positive indicators.

2.3.2. Coupled Coordination Mechanism

This study adopted the CCM model modified by Wang et al. [68], which offers the
advantage of dispersing the coupling degree (C) as much as possible within the [0, 1]
range, enhancing the differentiation of C values, thereby improving effectiveness in social
science research.

The CCM is constructed based on the following key assumptions: The CLM system
and AM Development system are relatively independent yet closely interconnected subsys-
tems, characterized by multidimensional functional interactions and a non-linear dynamic
coordination development relationship; The selected indicators can comprehensively and
objectively reflect the key characteristics and internal mechanisms of system development;
the Entropy-TOPSIS method can relatively objectively determine indicator weights, re-
vealing the differential contributions of various indicators to system development; the
system coupling coordination degree exhibits dynamic changes across temporal and spa-
tial dimensions, influenced by multiple factors; range standardization of data eliminates
dimensional differences, ensuring indicator comparability and objectivity; the improved
coupling coordination mechanism model can effectively capture the complex relationship
between CLM utilization and AM development. The specific formula is

C =

√
[1 −

√
(U2 − U1)

2]× U1

U2
(1)

T = α1U1 + α2U2,α1 + α2 = 1 (2)

D =
√

C × T (3)

Eq: C is the degree of coupling, representing the two systems of multifunctional uti-
lization of arable land and agricultural mechanization development, respectively. D is the
degree of coordination. T is the evaluation index of the two systems because T is equally im-
portant in the CCM, so will, respectively, take α1, α2 0.5. Drawing on related research [39],
the degree of coordination is divided into extremely dysfunctional: extreme dysfunc-
tion (ED) (0.000~0.099), severe dysfunction (SD) (0.100~0.199), moderate disorder (MD)
(0.200~0.299), mild imbalance (MI) (0.300~0.399), border dissonance (BD) (0.400~0.499),
barely coordinated (BC) (0.500~0.599), elementary coordination (EC) (0.600~0.699), inter-
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mediate coordination (IC) (0.700~0.799), good coordination (GC) (0.800~0.899), quality
coordination (QC) (0.900~1.000) 10 levels.

2.3.3. Spatial Autocorrelation Analysis

Important tools in spatial statistics for analyzing the autocorrelation of spatial data
are the Global Moran Index and the Local Moran Index [69–72]. These indices can help in
understanding the spatial distribution pattern of the CCM indices of CLM and development
of AM. The spatial relationship is chosen from the adjacent side corners, and the province
of Hainan, which does not have any provinces bordering it, is not included in the analysis.
In this study, spatial autocorrelation analysis was conducted using GeoDa 1.22.0 software,
which provides powerful spatial statistical analysis capabilities and can precisely calculate
Moran’s indices and visualize spatial distribution patterns.

2.3.4. Quadratic Assignment Procedure (QAP)

The quadratic assignment procedure (QAP) is a non-parametric test that compares
the values of each element corresponding to two (or more) square matrices. It can be used
to obtain the correlation coefficient between two matrices by comparing the difference
matrices of the variables in the CCM of CLM and AM between provinces or regions, and at
the same time perform a non-parametric test on the coefficients. It is based on substituting
matrix data, randomly relabeling each input matrix data multiple times, continuously
calculating the test statistic, and then evaluating the proportion greater than (less than)
or equal to the observed value by a specific principle [73,74]. In this research, the QAP
analysis was completed using UCINET 6 software(Version 6.186), a professional tool for
social network analysis and matrix operations that can accurately perform QAP analysis
and provide detailed statistical results.

3. Results
3.1. Temporal and Spatial Changes in CLM Utilization and AM Development

From 2011 to 2021, both the CLM utilization level index and AM development index
showed an upward trend. The CLM utilization level index increased from 0.320 to 0.381,
with the coefficient of variation gradually decreasing from 0.170 to 0.141, and the standard
deviation showing no significant changes (fluctuating within 0.01). The AM development
index rose from 0.260 to 0.379, with a more pronounced upward trend compared to the CLM
utilization level index. Its coefficient of variation fluctuated, and the standard deviation
increased annually from 0.042 to 0.056.

The inter-provincial differences in CLM utilization level were gradually narrowing,
while the inter-provincial differences in AM development were gradually increasing. Re-
gionally, the western regions showed lower CLM utilization and AM development levels
compared to the national average and other regions. The central region’s CLM utilization
level was higher than the eastern region and national average, while its AM development
level remained lower than the eastern region and national average. From 2015 onwards,
the central region began to diverge from the western region (Figure 3).

To highlight the temporal and spatial differences in CLM utilization and AM devel-
opment across provinces, the level indices were categorized into five grades: 0–0.199 (low
level), 0.2–0.399 (relatively low level), 0.4–0.599 (medium level), 0.6–0.799 (relatively high
level), and 0.8–1 (high level), with a temporal and spatial change map created (Figure 4).



Land 2025, 14, 999 11 of 27

Land 2025, 14, x FOR PEER REVIEW  10  of  28 
 

2.3.3. Spatial Autocorrelation Analysis 

Important tools in spatial statistics for analyzing the autocorrelation of spatial data 

are the Global Moran Index and the Local Moran Index [69–72]. These indices can help in 

understanding the spatial distribution pattern of the CCM indices of CLM and develop-

ment of AM. The spatial relationship  is chosen from  the adjacent side corners, and the 

province of Hainan, which does not have any provinces bordering it, is not included in 

the analysis. In this study, spatial autocorrelation analysis was conducted using GeoDa 

1.22.0 software, which provides powerful spatial statistical analysis capabilities and can 

precisely calculate Moran’s indices and visualize spatial distribution patterns. 

2.3.4. Quadratic Assignment Procedure (QAP) 

The quadratic assignment procedure (QAP) is a non-parametric test that compares 

the values of each element corresponding to two (or more) square matrices. It can be used 

to obtain  the correlation coefficient between  two matrices by comparing  the difference 

matrices of the variables in the CCM of CLM and AM between provinces or regions, and 

at the same time perform a non-parametric test on the coefficients. It is based on substi-

tuting matrix data, randomly relabeling each input matrix data multiple times, continu-

ously calculating the test statistic, and then evaluating the proportion greater than (less 

than) or equal to the observed value by a specific principle [73,74]. In this research, the 

QAP analysis was completed using UCINET 6 software(Version 6.186), a professional tool 

for social network analysis and matrix operations that can accurately perform QAP anal-

ysis and provide detailed statistical results. 

3. Results 

3.1. Temporal and Spatial Changes in CLM Utilization and AM Development 

From 2011 to 2021, both the CLM utilization level index and AM development index 

showed an upward trend. The CLM utilization level index increased from 0.320 to 0.381, 

with the coefficient of variation gradually decreasing from 0.170 to 0.141, and the standard 

deviation showing no significant changes (fluctuating within 0.01). The AM development 

index rose from 0.260 to 0.379, with a more pronounced upward trend compared to the 

CLM utilization level index. Its coefficient of variation fluctuated, and the standard devi-

ation increased annually from 0.042 to 0.056. 

The inter-provincial differences in CLM utilization level were gradually narrowing, 

while the inter-provincial differences in AM development were gradually increasing. Re-

gionally, the western regions showed lower CLM utilization and AM development levels 

compared to the national average and other regions. The central region’s CLM utilization 

level was higher than the eastern region and national average, while its AM development 

level remained lower than the eastern region and national average. From 2015 onwards, 

the central region began to diverge from the western region (Figure 3). 

 

Figure 3. Trend of changes in levels of cultivated land multifunction and agricultural mechanization 

in China from 2011 to 2021. 

Figure 3. Trend of changes in levels of cultivated land multifunction and agricultural mechanization
in China from 2011 to 2021.

Land 2025, 14, x FOR PEER REVIEW  12  of  28 
 

 

Figure 4. Spatial pattern of levels of cultivated land multifunction and agricultural mechaniza-

tion in China from 2011 to 2021. 

   

Figure 4. Spatial pattern of levels of cultivated land multifunction and agricultural mechanization in
China from 2011 to 2021.



Land 2025, 14, 999 12 of 27

For CLM utilization levels in China, the spatial distribution shows a north–south
and east–west gradient: higher in the north and east, lower in the south and west. Only
Heilongjiang Province reached a relatively high level, starting at 0.722 in 2011 and rising
to 0.783 in 2021, the highest nationwide. The northwestern region had the most low-
level provinces. By 2021, the Shaanxi–Gansu–Ningxia region emerged from the low-level
category, leaving only Qinghai and Tibet at the low level.

Regarding AM development, in 2011, most regions were at low and relatively low
levels. Tianjin and Shanghai were relatively advanced, reaching a medium level. By 2016,
low-level areas began to decrease, and in 2021, only Yunnan remained at a low level. The
Jiangsu–Zhejiang region developed rapidly, with Jiangsu reaching a relatively high level
by 2016 and Zhejiang by 2021. Spatially, except for the southern provinces of Guangxi,
Guangdong, Yunnan, and Hainan, coastal and border provinces generally showed higher
development levels compared to inland regions.

3.2. CLM and AM Development Coupling Coordination Analysis
3.2.1. Overall Changes in Coupling Coordination Degree

From 2011 to 2021, the coupling coordination level between CLM and AM devel-
opment in China increased annually. The overall spatial pattern showed the following:
eastern region > central region > national average > western region.

The central region had the highest average annual growth rate at 1.46%, followed by
the western region at 1.35%, and the eastern region at 1.27%, which was lower than the
national average of 1.33% (Table 2). If maintaining this growth rate, the central region is
projected to surpass the eastern region by 2036.

Table 2. Coordination degree between cultivated land multifunction and agricultural mechanization
in China from 2011 to 2021.

Year 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

National 0.522 0.529 0.536 0.543 0.548 0.548 0.554 0.561 0.572 0.586 0.599
Eastern 0.560 0.568 0.578 0.582 0.586 0.586 0.594 0.602 0.615 0.626 0.638
Central 0.534 0.543 0.544 0.554 0.562 0.566 0.571 0.579 0.587 0.603 0.620
Western 0.475 0.480 0.486 0.495 0.498 0.497 0.502 0.507 0.518 0.535 0.545

According to the coordination type classification, the proportion of provinces in
medium-level and primary coordination in China gradually increased, while the proportion
of mild disorder and near-disorder provinces gradually decreased. Since 2016, there have
been no provinces in the mild disorder category (Figure 5).

Heilongjiang Province had the highest coordination degree nationwide, reaching a
peak of 0.782 in 2021, followed by Jiangsu Province with a maximum of 0.736 in 2020.
Qinghai Province had the lowest coordination degree, with only 0.363 in 2011, which was
near disorder. Spatially, the northern regions showed higher coordination degrees. The
coordination degrees of various regions gradually increased, and by 2021, only Gansu
and Qinghai were near disorder, while all other regions in the country had reached barely
coordinated or above (Figure 6).

3.2.2. Spatial Effects of Coupling Coordination Degree

From 2011 to 2021, the global Moran’s I values were positive and statistically sig-
nificant (p < 0.001) in previous analyses. This indicates that the coordination of CLM
and AM in different regions of China exhibit significant positive spatial autocorrelation,
meaning that high-coordination areas tend to be adjacent, with high-coordination clus-
ters and low-coordination clusters relatively concentrated in space. The Moran’s I index
showed a distinct “rise–fall–rise–fall” M-shaped fluctuation trend (Table 3), which may
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be related to the implementation of policies promoting AM and CLM, the development
of AM technologies that improved coordination levels between different regions, and the
emergence of collaborative development effects in some areas that drove the improvement
of coordination in surrounding regions.
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Table 3. Global Moran’s I for coordination degree between cultivated land multifunction and
agricultural mechanization in China from 2011 to 2021.

Year 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

Moran’s I 0.415603 0.427697 0.443086 0.409410 0.389166 0.404494 0.422578 0.459596 0.453015 0.429186 0.392223
Z-value 3.832523 3.940016 4.062639 3.781752 3.602835 3.740986 3.897567 4.208393 4.155160 3.943617 3.626975
p-value 0.000127 0.000081 0.000049 0.000156 0.000315 0.000183 0.000097 0.000026 0.000033 0.000080 0.000287

By conducting local spatial autocorrelation analysis and plotting the Moran’s I scatter
plot, local spatial autocorrelation characteristics can be explored. The four quadrants in the
Moran scatter plot are used to determine the relationship between a region and its expected
neighboring regions: Quadrant I (HH) represents areas with high values themselves and
high values in surrounding regions; Quadrant II (LH) represents areas with low self-values
but high values in surrounding regions; Quadrant III (LL) represents areas with low self-
values and low values in surrounding regions; Quadrant IV (HL) represents areas with high
self-values but surrounded by low values. Most regions fall in the first and third quadrants,
namely, HH and LL types, with only a few points in the second and fourth quadrants (LH
and HL transition and radiation areas) (Figure 7). From 2011 to 2021, LL-type regions were
mostly located in the western and central regions, while North China, East China, and
Northeast China (except Fujian) belonged to the HH type.
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Figure 7. Local Moran scatter plot of coordination degree between cultivated land multifunction and
agricultural mechanization in China from 2011 to 2021.The Local Moran's I scatter plot depicts the
spatial distribution of standardized observed values (x-axis) and their spatial lags (y-axis), divided
into four quadrants by intersecting dashed lines (passing through the origin): (1) HH quadrant
indicates high local values surrounded by high regional values; (2) LH quadrant represents low local
values amid high-value neighboring regions; (3) LL quadrant shows low local values surrounded
by low regional values; (4) HL quadrant depicts high local values surrounded by low-value regions.
The red diagonal line represents the regression line's slope, revealing the linear relationship between
observed and spatial lagged values.

Verification of local spatial autocorrelation analysis and LISA cluster map: In 2011,
Heilongjiang, Jilin, Liaoning, Jiangsu, Zhejiang, and Hebei provinces, showed significant
HH type. As traditional agricultural and economically developed regions in China, these
areas demonstrated high coordination of AM and CLM, with adjacent regions also showing
high coordination, reflecting high agricultural modernization levels and rational resource
allocation, forming a good agglomeration effect. Xinjiang and Sichuan provinces showed
significant HL type, with high coordination but low coordination in surrounding areas,
possibly indicating significant improvements in AM or land use, but uneven development
in neighboring regions. Other provinces’ results were not significant.

In 2016, Anhui Province was added to the significant HH type, indicating improved
coordination of AM and land use. Liaoning, Hebei, and Jiangsu provinces lost their
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significant HH type, possibly due to slowing coordination growth or significant changes
in surrounding regions. Xinjiang changed from HL to LL type, suggesting a decline in
coordination and potential bottlenecks in agricultural development or resource reallocation.

By 2021, Sichuan Province also changed from significant HL to LL type. Qinghai, Tibet,
and Yunnan provinces were added to the LL type, forming a contiguous significant LL type
area in western China. This indicates low coordination and spatial clustering, highlighting
the relatively backward agricultural development in these regions and the need for more
policy support and resource investment. Hunan Province became a significant HL type,
potentially requiring enhanced inter-regional coordination and resource sharing.

Significant HH types remained in Heilongjiang and Jilin provinces in the Northeast;
Jiangsu, Zhejiang, and Anhui provinces; and Shanghai in East China. These regions
maintained high coordination levels with consistent internal and external coordination,
forming significant agglomeration effects. However, compared to 2011, the significant HH
types were now concentrated in Northeast and East China, unable to form a continuous
agglomeration effect (Figure 8).
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3.3. Analysis of Driving Mechanisms of Coupling Coordination Degree

To analyze the driving mechanism of regional differences in coupling coordination
between CLM and AM in China, potential driving factors were selected as variables to
construct a difference matrix, which then underwent QAP regression analysis with the
coordination degree difference matrix (variables selected using 2011–2021 mean values).
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3.3.1. Internal Driving Factors

The coordination degree model is primarily composed of two systems of CLM func-
tional levels and AM development, consisting of six subsystems. Therefore, the coordina-
tion degree results are mainly influenced by these subsystems. These were used as internal
factors to construct a difference matrix with coupling coordination degree: (A) Production
Function Differences; (B) Social Security Function Differences; (C) Ecological Function
Differences; (D) Comprehensive Mechanization Level of Cultivation Differences; (E) Agri-
cultural Mechanization Comprehensive Guarantee Capacity Differences; (F) Agricultural
Mechanization Comprehensive Benefit Differences. This study conducted empirical re-
search through the QAP regression analysis method.

Based on the QAP regression results (Table 4), the internal driving factors affecting the
coupling coordination degree differences of CLM and AM nationwide include production
function differences, social security function differences, ecological function differences, and
comprehensive mechanization level of cultivation differences. These factors showed high
significance: production function differences, social security function differences, ecological
function differences, and comprehensive mechanization level of cultivation differences
(p < 0.001), as well as AM comprehensive guarantee capacity differences (p < 0.05), while
AM comprehensive benefit differences were not significant. Among these internal factors,
production function differences had the highest standardized correlation coefficient (0.340),
followed by a comprehensive mechanization level of cultivation differences (0.316). Due to
the regression coefficient differences being within 0.1 for the four highly significant internal
driving factors, it is difficult to determine which factor is the primary cause of coordination
degree differences. However, differences in CL production function had the greatest
impact on coordination degree differences between provinces. From a system perspective,
differences in CLM functional levels were the main driving factors of coordination degree
differences between provinces, with all subsystem regression results being significant and
their total correlation coefficients (0.872) higher than those of AM development differences
(0.508).

Table 4. Regression results of internal driving factors for the formation of coordination degree differ-
ences in China and the three major regions. Randomly permuted 5000 times, the same hereinafter.

National A (***) B (***) C (***) D (***) E (*) F

Standardised correlation
coefficient 0.340 0.285 0.247 0.316 0.132 0.060

p-value 0.000 0.000 0.001 0.000 0.032 0.136

East A (*) B (*) C (*) D (***) E F (*)
standardised correlation

coefficient 0.370 0.359 0.411 0.569 0.055 0.319

p-value 0.014 0.012 0.014 0.001 0.333 0.034

Central A (*) B (**) C D E F
standardised correlation

coefficient 0.724 0.878 0.353 0.193 −0.082 −0.08

p-value 0.012 0.002 0.121 0.196 0.42 0.367

West A B C (***) D E F
standardised correlation

coefficient 0.213 0.366 0.726 0.122 −0.227 0.263

p-value 0.192 0.077 0.001 0.224 0.056 0.129
* (p < 0.05): Significant at 5% level. ** (p < 0.01): Highly significant at 1% level. *** (p < 0.001): Extremely significant
at 0.1% level.
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When conducting QAP regression analysis by region, the results showed significant
differences across three regions. In the eastern region, the comprehensive mechanization
level of cultivation differences was highly significant, with the highest regression coefficient
of 0.569; AM comprehensive guarantee capacity differences were not significant. Addi-
tionally, the total correlation coefficients of CLM functional differences (1.14) were greater
than those of AM development differences (0.943). In the central region, only production
function differences and social security function differences were significant, with social
security function differences having the highest correlation coefficient of 0.878, followed by
production function differences at 0.724; the total correlation coefficients of CLM functional
differences (1.955) were far higher than those of AM development differences (0.031). In
the western region, only ecological function differences were significant, with a correlation
coefficient of 0.726; simultaneously, the total correlation coefficients of CLM functional
differences (1.305) were also far higher than those of AM development differences (0.158).

From the perspective of differences between provinces within the same region, coor-
dination degree differences among eastern provinces were influenced by multiple factors
without a single dominant factor, though the comprehensive mechanization level of cultiva-
tion differences had a relatively significant impact. Coordination degree differences among
central provinces were primarily caused by production function differences and social
security function differences. Coordination degree differences among western provinces
were mainly due to ecological function differences. Overall, differences in CLM functional
levels in the central and western regions were the primary driving factors of coordination
degree differences.

3.3.2. External Driving Factors

The factors influencing the coupling coordination of CLM functional levels and AM
development in China are complex, involving natural, socio-economic, and basic condi-
tions. Existing research suggests that natural environment, socio-economic development,
informatization conditions, and agricultural basic conditions can impact CLM and AM de-
velopment (Table 5). For further exploration of potential external factors affecting regional
differences in coupling coordination, these external factor indicators were standardized,
and difference matrices were constructed, combined with coupling coordination degree
difference matrices, and analyzed using QAP regression analysis method.

Table 5. Potential external driving factors affecting coupling coordination degree.

Potential Factors Characterisation Indicators Abbreviations Indicator Calculation and Data Sources

Natural environmental
factors

Arable land quality FQ

∑10
i=1 αi × (11 − i), i is arable land quality grade;

αi is the proportion of arable land in each quality
grade, estimated from the national bulletin on

arable land quality grades issued [67]
Arable land area FA China Statistical Yearbook

Land flatness LF Average slope of arable land in each province of
China based on DEM calculation [75–77]

Fragmentation of arable land FF Extracted from the 2020 China 1 km grid
cropland fragmentation dataset [78]

Average annual precipitation AAP China Climate Bulletin

Economic
development factors

Gross regional product GDP China Statistical Yearbook
Per capita net income of

farmers PCI China Rural Statistics Yearbook
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Table 5. Cont.

Potential Factors Characterisation Indicators Abbreviations Indicator Calculation and Data Sources

Social factors

Number of people employed
in primary industry EPI China Statistical Yearbook

Urbanisation level UL Urban resident population/resident population,
China Statistical Yearbook

Informatisation
conditions Software business income DF China Statistical Yearbook, NBS and provincial

statistical yearbooks

Agricultural basic
conditions

Agricultural loans AL Rural Financial Services Report of China, all years

Transport network density TND
(railway mileage + road mileage)/area of

administrative division, National Bureau of
Statistics

Number of farmers’
specialised co-operative

societies per 10,000 people in
rural areas

CC China Rural Statistical Yearbook

Average years of education of
rural residents AY China Rural Statistical Yearbook

According to the QAP regression results in Table 6, most external driving factors’
regression results were not significant, possibly due to QAP’s inability to definitively
identify variable impacts. Statistical methods alone cannot conclusively determine that
these factors do not influence CLM functional levels and AM development. However,
some results demonstrated significance and can be referenced for potential impacts. The
most significant factor was cultivated land area (p < 0.001), with the highest correlation
coefficient of 0.437. Subsequently, significant factors included land quality (0.349), land
flatness (0.282), and number of rural cooperatives per 10,000 rural residents (0.181).

Table 6. Regression results of external driving factors for the formation of coordination degree
differences across China.

Mark FQ (*) FA (***) LF (*) FF AAP GDP PCI

Standardised
correlation coefficient 0.349 0.437 0.282 0.038 −0.033 0.171 0.058

p-value 0.020 0.000 0.020 0.266 0.324 0.069 0.240

Mark EPI UL DF AL TND CC (*) AY
standardised

correlation coefficient −0.05 −0.067 0.028 0.187 0.098 0.181 0.019

p-value 0.250 0.267 0.331 0.063 0.105 0.040 0.323

* (p < 0.05): Significant at 5% level. *** (p < 0.001): Extremely significant at 0.1% level.

4. Discussion
4.1. Formation Mechanism of Regional Differences
4.1.1. Regional Differences in Cultivated Land Multifunction Levels

This study revealed that the CLM level in western regions is significantly lower than in
eastern and central regions. Jiang et al. [46] found that semi-mountainous and mountainous
areas have lower multifunctional intensity compared to plain areas, with most of China’s
semi-mountainous and mountainous regions concentrated in the western region, consistent
with this study’s conclusions on spatial differentiation of CLM. Additionally, Yuan et al. [79]
suggested that increasing landscape fragmentation might affect CLM capacity, further
explaining the lower land use levels in western regions.

Consistent with Gao et al.’s [48] research on CLM in Northeast China, our study also
found that the coupling coordination degree in the northeast gradually improved and was
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significantly higher than in southern regions. However, the enhancement of economic
and social functions hindered ecological function improvements [80]. Our research further
revealed Heilongjiang Province’s unique position as the highest-level region, possibly
attributed to its abundant CL resources and policy support, with 44% and 48% of its CL
soil classified as premium grade [81].

Notably, regional differences are gradually narrowing, potentially benefiting from
recent national policy support and technological promotion for western regions. Zhang
et al. [82] pointed out that land use transformation (LUT) represents the crucial interaction
between socio-economic development and land use patterns, with regional difference re-
duction reflecting policy intervention and technological diffusion’s key roles. Ma et al. [47]
supported this view, indicating that China’s CL “structure–function” transformation stabi-
lized during the third phase (2003–2017), particularly in western provinces like Yunnan,
Shaanxi, Gansu, and Xinjiang, where fertilizer usage and multiple cropping index gradually
decreased, and returning CL to forests and grasslands played a significant role in ecological
function transformation. These policy and technological measures effectively promoted
western region development, gradually narrowing the gap with eastern and central regions.

4.1.2. Regional Differences in Agricultural Mechanization Development Levels

Consistent with Wang et al.’s [83] research on AM regional differences, our study
also demonstrates that eastern regions’ AM levels are significantly higher than western
regions, potentially closely related to eastern regions’ advantages in technology, capital,
and policies. However, our research further discovered that provincial differences in AM
development are gradually expanding. Li et al. [84] argue that eastern regions, as economi-
cally developed areas with higher agricultural modernization levels, exhibit more apparent
technological diffusion effects. Ma et al. [47] noted that under globalization, eastern re-
gions demonstrate stronger technological diffusion and resource allocation capabilities in
agricultural modernization, potentially a crucial reason for expanding regional differences.

Notably, in spatial distribution characteristics, AM development is generally higher in
border and coastal provinces, with southern provinces like Guangxi, Guangdong, Yunnan,
and Hainan being relatively lower. Although Guangdong and Hainan are coastal with
strong economic foundations (Guangdong has consistently ranked first in provincial GDP
for 36 years), their AM development levels are relatively lower compared to Zhejiang and
Jiangsu provinces. This might be due to terrain limitations restricting large agricultural
machinery promotion, with these provinces’ economies primarily focused on industry
and service sectors, as well as having resource and policy tilts more directed towards
high-tech industries.

Typically, border regions have complex terrains, mostly hilly and mountainous, with
uneven land surfaces unfavorable for large agricultural machinery usage and with scattered
agricultural land increasing mechanization promotion difficulties. Border region economies
are agriculture-based but relatively underdeveloped, with insufficient government resource
allocation and limited AM investments [85]. However, in-depth research revealed that
border provinces like Xinjiang, Tibet, Inner Mongolia, Heilongjiang, and Jilin have consider-
able AM levels. Behind this phenomenon lies unique geographical advantages, agricultural
production models, and policy support. Unlike Yunnan and Guangxi’s tropical mountain-
ous border provinces, these regions possess extensive plains and grasslands, providing
excellent conditions for large agricultural machinery usage. Simultaneously, special na-
tional policies supporting border province agriculture, agricultural science and technology
innovation investments, and farmers’ acceptance of modern agricultural technologies col-
lectively drive AM development. This discovery not only challenges traditional stereotypes
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but provides a richer perspective on understanding China’s agricultural modernization,
also indicating that AM levels are complex results of multiple factor interactions.

4.1.3. Spatial Heterogeneity of Coupling Coordination

This study’s empirical analysis of CLM utilization and AM coupling coordination
development reveals significant spatial heterogeneity across different regions. Heilongjiang
Province stands as an exemplar of coordinated development, warranting in-depth explo-
ration of its successful experience. Regional difference analysis shows clear geographical
gradient characteristics in coupling coordination. Central regions experienced the fastest
coupling coordination growth, potentially resulting from continuous investments in agri-
cultural technological innovation and factor resource allocation. Western regions followed
closely, indicating initial effectiveness of national agricultural support policies. In con-
trast, eastern regions’ growth was relatively slow, possibly reflecting their agricultural
development having entered a mature stage with limited marginal improvement space.
Gansu and Qinghai provinces exhibited the lowest coupling coordination, closely related
to their geographical conditions and economic characteristics. Located in western marginal
regions with complex terrains and harsh natural conditions, these provinces face numerous
agricultural production challenges. Notably, western regions’ overall coupling coordina-
tion was below the national average, highlighting unbalanced agricultural modernization
development. Zhang et al.’s [82] research on land use transformation provides theoret-
ical explanation for this phenomenon, indicating regional development differences as
inevitable results of complex socio-economic system evolution. Jiangsu Province, ranking
second only to Heilongjiang, offers valuable experience, potentially benefiting from con-
tinuous investments in agricultural science and technology innovation, land transfer, and
mechanization promotion.

The spatial heterogeneity of regional agricultural development reflects the complex-
ity of China’s agricultural modernization process. Moran’s I index’s dynamic changes
reveal deeper mechanisms of regional agricultural coordinated development, highlighting
policy guidance, technological innovation, and resource allocation’s critical roles. Future
regional agricultural development requires more precise and differentiated development
strategies. This means developing context-specific strategies based on different regions’
actual conditions, strengthening technological innovation and resource sharing, optimizing
inter-regional collaborative development mechanisms, and addressing regional develop-
ment imbalances targeted. Northeast and East China’s sustained high-level coordinated
development highlights regional innovation capabilities and resource optimization’s im-
portance. In contrast, western regions face more severe structural challenges, with natural
geographical conditions, technological innovation capabilities, and resource investment lim-
itations constraining agricultural modernization processes. Coordination degree changes
in provinces like Xinjiang and Sichuan reflect agricultural development’s dynamic adjust-
ments. This transformation process not only reflects regional agricultural development’s
intrinsic complexity but also indicates agricultural modernization’s need for more precise
and differentiated development paths.

4.1.4. Analysis of Driving Factors for Intra-Regional Differences

Through QAP regression analysis, this study deeply explored driving factors influ-
encing China’s CLM utilization and AM development coupling coordination, revealing
complex impact mechanisms. Research results demonstrate multi-dimensional and differ-
entiated factor effects. In eastern regions, coordination difference characteristics appear
multi-faceted and complex. Consistent with existing research [84], we found no single
dominant factor, but comprehensive mechanization level differences relatively stand out.
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This discovery reveals technological factors’ critical role in eastern regions’ agricultural
modernization processes. Differences in AM levels across provinces might stem from
comprehensive interactions of technological innovation capabilities, capital investments,
and agricultural operation scales. For instance, Zhejiang and Jiangsu provinces’ leading
advantages in AM result not only from economic foundations but are closely related to
long-term technological accumulation and innovation investments.

Central regions’ coordination difference formation mechanisms appear more definitive.
Production and social security function significant differences became primary factors
driving inter-provincial coordination degree differences. This finding highly aligns with
Ma et al.’s [47] research on agricultural function transformation. As China’s important
agricultural production base, central region provinces exhibit significant differences in
agricultural production efficiency and farmers’ social security levels, directly influencing
CLM utilization and AM coordinated development levels.

Western regions’ coordination differences primarily result from ecological function
differences, further verifying Ma et al.’s [47] research conclusions on western regions’ agri-
cultural ecological function transformation. Influenced by terrain, climate, and natural
resources, western provinces demonstrate significant differences in ecological function main-
tenance and improvement. For example, provinces like Gansu and Qinghai face more severe
challenges in ecological function maintenance due to unique geographical environments.

CLM utilization level differences in central and western regions were confirmed as
primary driving factors for coordination degree differences. This discovery transcends
traditional single-dimensional analysis, revealing CLM utilization’s complexity. These dif-
ferences not only reflect unbalanced development but provide crucial theoretical guidance
and practical references for China’s differentiated agricultural modernization develop-
ment paths.

4.2. Policy Recommendations for Regional Agricultural Development

Based on regional differences in agricultural development and CLM utilization and
AM coordination issues, the following policy recommendations are proposed:

First, eastern regions, as high-level coordinated development areas, should continu-
ously promote AM technological innovation. Specific measures include increasing agricul-
tural science and technology innovation investments, focusing on agricultural machinery
equipment research and development; establishing AM technological innovation platforms;
and encouraging collaboration between agricultural machinery enterprises, universities,
and research institutions. Through technological innovation, eastern regions can not
only maintain their AM leading advantages and further enhance agricultural produc-
tion efficiency and international competitiveness but also leverage spatial effects to drive
neighboring provinces’ development. However, it is necessary to note that innovation
costs are high, technological promotion exhibits regional differences, and innovation result
transformation cycles are long, potentially affecting policy implementation effectiveness.

Second, central regions, as coordination development potential areas, should optimize
production functions and social security systems. Recommendations include improving
agricultural socialized service systems, enhancing farmers’ social security levels, and pro-
moting agricultural production’s specialization and scale. This will help narrow regional
agricultural development gaps, improve agricultural production efficiency, and enhance
farmers’ living standards. However, challenges such as significant fund investment pres-
sures, complex rural social security system construction, and geographical and economic
obstacles to agricultural production scaling might constrain policy effective implementation.
Therefore, targeted measures must be adopted to ensure smooth policy implementation.
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Western regions, facing structural challenges, should focus on ecological function
protection and sustainable development. Specific policy measures include implement-
ing returning CL to forests and grasslands programs, developing ecological agriculture,
establishing ecological compensation mechanisms, and addressing natural geographical
condition limitations. Additionally, enhancing technological innovation capabilities and
optimizing resource investment mechanisms are crucial to ensuring ecological and eco-
nomic coordinated development. For transformation provinces like Xinjiang and Sichuan,
dynamic adjustment and precise support policies should be adopted. First, identify regional
agricultural development structural problems, develop differentiated agricultural modern-
ization paths, balance economic development and ecological protection, strengthen regional
collaborative innovation, and optimize resource allocation mechanisms to promote sus-
tainable development. Overall development principles should include context-specificity,
precise policy implementation, innovation strengthening, resource allocation optimiza-
tion, and regional collaborative emphasis. These measures will help enhance western
regions’ agricultural sustainable development capabilities, although they face challenges
like natural condition constraints, high ecological restoration investments, and difficulties
balancing economic development with ecological protection. Through effective policy
implementation, these problems can be gradually overcome.

4.3. Research Limitations and Prospects

Despite using socio-economic and remote sensing data and constructing a comprehen-
sive evaluation system through entropy weight TOPSIS and coupling coordination models,
conducting spatial autocorrelation and QAP regression analyses, this study may still have
the following limitations:

(1) Large research scale. Focusing on China’s provincial-level CLM utilization and AM
coupling coordination development provides a macroscopic policy-making basis
but has limited guiding significance due to the large scale. Moreover, provinces
exhibit significant differences in socio-economic development levels, agricultural
types, geographical conditions, and policy environments, and provincial-scale analysis
might fail to reveal specific local problems or potential opportunities.

(2) Data accuracy and timeliness. Socio-economic data primarily originated from annual
statistical yearbooks, comprehensively reflecting provinces’ indicator developments.
However, annual statistical data’s timeliness and regional granularity might affect
analysis results, especially regarding subtle policy changes and short-term economic
fluctuations. Remote sensing data, mainly used for ecological indicator calculations,
provide objective spatial information for CLM utilization’s ecological dimensions but
might also affect analysis precision through timeliness and spatial resolution limitations.

(3) Model limitations. This study employed entropy weight TOPSIS and coupling coordi-
nation models for evaluation system construction. While effective for comprehensive
evaluation and coupling relationship analysis, these methods’ inherent assumptions
and simplifications might lead to insufficient consideration of some influencing fac-
tors. For instance, coupling coordination models often assume linear relationships
between factors, but actual relationships between AM and CL ecological functions
might be non-linear and intricately interconnected.

5. Conclusions
Through empirical analysis of coupling coordination between CLM and AM develop-

ment across different regions in China, this study revealed significant regional differences
and their driving factors. The core findings are summarized as follows:
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(1) Development Trends and Imbalance: From 2011 to 2021, China’s CLM levels and AM
development indices both showed upward trends, with coupling coordination de-
velopment levels also improving. However, regional imbalances persist, particularly
with AM development differences gradually expanding. Western regions’ CLM levels
are significantly lower than other regions, primarily influenced by natural conditions.

(2) Driving Factors: Eastern regions’ agricultural modernization critically depends on
technological factors; central regions are influenced by production efficiency and
social security differences; western regions’ coordination differences mainly stem
from ecological function vulnerability. Therefore, western regions need to develop
AM according to local conditions.

(3) Natural Condition Impacts: Natural conditions such as CL area, quality, and land
flatness significantly impact coordinated development of AM and CLM. Additionally,
rural cooperative numbers, as a manifestation of institutional innovation, to some
extent promote agricultural development, emphasizing the complexity of regional
agricultural development.

Future agricultural development should focus more on the following aspects:

(1) Eastern Regions: Continuously promote AM technological innovation and optimize
technology promotion and application to enhance CLM levels.

(2) Central Regions: Optimize production functions and social security systems, promote
mechanization development through policy guidance and financial support, and
achieve coordinated improvement of CLM and AM.

(3) Western Regions: Strengthen ecological function protection and restoration, enhance
agricultural production capacity, and overcome challenges in agricultural moderniza-
tion processes.

This research provides a new perspective for understanding the complexity of China’s
agricultural modernization and offers practical recommendations for policymakers in
promoting regional coordinated development.
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