
Citation: Lv, X.; Zhang, H.; Zhang, Y.;

Li, J. Spatial Correlation Evolution

and Driving Factors of Wheat

Production in China Based on Social

Network Analysis. Agronomy 2023,

13, 515. https://doi.org/10.3390/

agronomy13020515

Academic Editors: Zhen Li,

Haoming Chen and Da Tian

Received: 24 November 2022

Revised: 29 January 2023

Accepted: 8 February 2023

Published: 10 February 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

agronomy

Article

Spatial Correlation Evolution and Driving Factors of Wheat
Production in China Based on Social Network Analysis
Xinru Lv 1,2, Han Zhang 1, Yunhua Zhang 1 and Junli Li 1,2,*

1 Anhui Province Key Lab of Farmland Ecological Conservation and Pollution Prevention, Anhui Agricultural
University, Hefei 230036, China

2 College of Resources and Environment, Anhui Agricultural University, Hefei 230036, China
* Correspondence: lijunli866@whu.edu.cn

Abstract: Understanding the spatial correlation network of inter-provincial wheat production is vital
for ensuring food security and achieving sustainable agricultural development in China. However,
the spatial correlation characteristics of wheat production and their determinants remain unclear.
In this study, an improved gravity model was used to calculate the spatial correlation of inter-
provincial wheat production in China based on available panel data from 2000 to 2020. The spatial-
temporal evolution characteristics and the driving factors of the spatial correlation network of
inter-provincial wheat production in China were analyzed using social network analysis (SNA) and a
quadratic assignment procedure (QAP). The findings indicated that (1) the spatial correlation of inter-
provincial wheat production first increased and then decreased. The network density increased from
its lowest value (0.2598) in 2000 to its maximum value (0.2782) in 2016 and then continued to fluctuate.
(2) The spatial correlation network of inter-provincial wheat production presented a “core-periphery”
distribution pattern for the major wheat-producing areas (such as Jiangsu, Anhui, and Hubei) and non-
major wheat-producing areas (such as Jilin, Qinghai, Guangxi, and Beijing), and the roles of the blocks
in the network varied with time and space. (3) The implementation of grain-related policies (such
as the abolition of agricultural taxes, the implementation of industry nurturing agriculture, and the
minimum grain purchase price policy) positively affected the development of the spatial correlation
network of wheat production. Since the implementation of the minimum purchase price policy
for wheat in 2006, the network density reached its maximum value (0.2782), the network efficiency
reached its minimum value (0.5985), and the stability of the network structure greatly improved.
(4) The interactions between the internal natural conditions and the external socioeconomic factors
promoted the construction of a spatial correlation network for wheat production. The differences
in geographical adjacency, land resources, temperature, and sunlight hours were all significant at
the 1% level, highlighting the substantial impact of these factors on the spatial correlation intensity
of wheat production in China. This study provides a reference for the development of cooperative
cross-regional wheat production and the formulation of distinct policies for the production of wheat
and other grains.

Keywords: spatial correlation network; social network analysis (SNA); quadratic assignment procedure
(QAP); wheat production

1. Introduction

Wheat, the third largest grain crop in China, is crucial for grain production, circulation,
and consumption, and changes in wheat production and patterns exert a direct impact on
food security and social stability in China [1,2]. According to the China Statistical Yearbook
data, China’s planting area showed a decreasing trend from 2000 to 2020, with planting
area decreasing from 26,653.28 (1000 hm2) in 2000 to 23,379.99 (1000 hm2) in 2020. With
improvements in the marketization strategies of the national economy and continuous
amendments to food policies, the supply and demand for major grain crops, such as wheat,
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have shown an imbalance [3–5]. As a result of free flow and trade of production materi-
als and agricultural products between regions, grain production has grown increasingly
spatially correlated, forming a more complex spatial correlation network structure [6–8].
Currently, the spatial correlation network of wheat production in China remains unclear.
Studying the spatial correlation network of inter-provincial wheat production can provide a
reference for cooperative cross-regional production of wheat and the formulation of distinct
grain production policies.

Scholars have conducted research on the spatial structure of wheat production. How-
ever, only a limited number of studies have reported spatiotemporal differences in wheat
production in different climatic and ecological regions via comparative analyses of wheat
yield per unit area, total yield, and sown area [9]. Since 1980s, wheat yields in the major
wheat-producing areas of China have fluctuated substantially. Although the wheat planting
areas in the provinces of Henan, Jiangsu, and Anhui have increased considerably, those
in Sichuan and Heilongjiang have decreased. Furthermore, wheat production patterns
decrease toward East, Northeast, and Southwest China, with production centers concen-
trated in North China and Central China [10]. A study involving specific wheat-producing
regions found that the productivity levels of three high-quality wheat-producing areas, the
Huang–Huai–Hai region, located in the middle and lower reaches of the Yangtze River and
in the Greater Khingan Mountains, increased between 2008 and 2015.

From the perspective of the space–time method, some scholars have analyzed the
dynamic change law of the wheat production gravity center since the establishment of
the PRC, using the method of calculating the national wheat planting area and the yield
center of gravity over the years [10–12]. A study comparing the advantage indices of three
major grain crops in China revealed that North and Northwest China have a comparatively
high aggregate advantage for wheat production [13]. The spatial distribution pattern and
evolution of wheat production in Jiangsu Province were analyzed using a remote sensing
grid and Moran’s I index. Wheat acreage was found to have a strong regional aggregation
effect, and the degree of aggregation and contiguousness increased annually [14]. Based
on the production data from China’s 15 major wheat-producing areas, some scholars have
found that the production efficiencies of these areas show an overall conspicuous spatial
agglomeration effect [15].

The above studies explored the effects of spatiotemporal characteristics of wheat pro-
duction on different spatial and temporal scales using different spatial analytical methods.
However, only a few studies have been conducted on the spatiotemporal correlation char-
acteristics of wheat production in various regions. With improvements in the agricultural
market system of China and constant advancements in production factors, such as a reduc-
tion in regional restrictions and a gradual increase in spatial mobility, the spatial network of
wheat production has gradually evolved to form a matrix network of “relational data” be-
tween different regions. Understanding the spatial correlation network of inter-provincial
wheat production is vital for ensuring food security and achieving sustainable agricultural
development in China. However, the spatial correlation characteristics of wheat production,
as well as their determinants, remain unclear. The novelty of this study is that it reveals the
structural characteristics of the spatial association network of wheat production in China.
This study’s aim is to identify the spatial-temporal correlation model of wheat production
in China. It helps provide a reference for the development of cooperative cross-regional
wheat production and the formulation of distinct policies for the production of wheat and
other grains.

The remainder of this study is organized as follows. Section 2 describes the data and
methods. Section 3 discusses the results of our analyses. Finally, in Section 4, we provide
the geographic and agronomic context of this study and propose future research directions
in this field.
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2. Materials and Methods
2.1. Spatial Linkages of Wheat Production: A Modified Gravity Model

In the spatial correlation network of wheat production in China, each province is a net-
work node, the spatial relationship of wheat production between provinces is represented
by a line, and the strength of the relationship reflects the strength of the correlation [16]. The
determination of relation is crucial to network analysis [17,18]. Stewart [19] first proposed
the gravity model, which has since been applied to analyze spatial correlations [20]. This
model uses cross-sectional data to describe the evolutionary trends of spatial correlation
networks [21]. Here, we introduce the gravity model into the study of the spatial correlation
of wheat production [6], which is expressed as follows:

Gij = kDiDj/L2
ij (1)

Lij =
√

KijTij (2)

where Gij represents the gravitational value of the spatial correlation of wheat production
between regions i and j; Di and Dj denote the total wheat production scales of regions i and
j, respectively; k is the gravitational coefficient; Lij is the center distance between regions i
and j; Kij is the geographical distance between provincial capitals; and Tij is the time cost
calculated by dividing the railway mileage between cities by the average speed (200 km/h).
The gravity model has been modified to enhance adaptability.

The gravity model has been modified based on previous studies and is defined as
shown in Equation (4). The modified Kij is the ratio of wheat yield in a region to the sum of
wheat yields in two associated regions. The scale of wheat production is measured by two
indicators: wheat yield and wheat planting area.

kij =
Ai

Ai + Aj
(3)

Gij = kij

√
AiBi

√
AjBj

L2
ij

(4)

where Ai and Aj are the wheat yields of regions i and j, respectively, and Bi and Bj are the
wheat planting areas in regions i and j, respectively.

2.2. Analysis of the Characteristics of the Correlation Network of Wheat Production: SNA

The SNA research method incorporates relationship as a research unit and analyzes
relationship data [22]. In recent years, SNA has been widely used in various network struc-
tural analyses [17,23–26]. The structural characteristics of a wheat production correlation
network were analyzed from three perspectives: overall network characteristics, individual
network characteristics, and block model analysis [27].

Generally, network density, correlation, grade, and efficiency are used to describe
the characteristics of an entire network. Table 1 presents the interpretations of specific
indicators [6]. Network density represents the degree of closeness of the spatial correlation
of wheat production among the provinces in the network. The greater the value, the
stronger the relationship. Furthermore, network correlation reflects the stability and
vulnerability of the network. The network is stable if there is a direct or indirect path
between any two provinces in the network. Network hierarchy expresses the degree of
asymmetric accessibility between provinces, which reflects whether a province has a stricter
hierarchical structure in the network. Network efficiency refers to the degree of redundancy
within the network. Low network efficiency indicates an increased redundancy in the
network links, whereas high network stability indicates a close spatial relationship of wheat
production between provinces [16].

According to the SNA method, the characteristics of an individual network structure
can be depicted using network centrality indices, such as degree centrality, betweenness
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centrality, and closeness centrality, from which the position and role of each member in
the network can be determined [28]. Degree centrality measures the degree of centrality of
each province in a network based on the number of network connections. The greater the
number of connections a province has, the higher its network status, which is reflected in
the degree of control it has over others.

Table 1. Interpretation of the main indicators of the spatial correlation network characteristics of
wheat production.

Index Formula Formula Description

Overall
network

characteristics

Network
density
(ND)

ND = M/[N × (N − 1)] (5) The ratio of the actual relationship coefficient to the total
number of theoretical maximum relationships

Network
correlation

(NC)

NC = 1−V/[N × (N − 1)/2] (6) The degree of direct or indirect reachability between any two
members in the network

Network
hierarchy

(DH)

NH = 1− K/max(K) (7) The degree of asymmetric reachability between members in
the network

Network
efficiency

(NE)

NE = 1− L/max(L) (8) The degree to which there are excess connections in
the network

Individual
network

characteristics

Degree
centrality

(DC)

DC = n/(N − 1) (9) The ratio of the number of members directly associated with a
member to the maximum number of members that may be

directly associated
Closeness
centrality

(CC)

CC = ∑N
j=1 dij (10) The sum of the shortcut distances of a member of the network

and other members

Betweenness
centrality

(BC)

BC =
2 ∑N

j ∑N
k bjk (i)

N2−3N+2

bjk(i) =
gjk (i)

gjk

(11) The degree to which members of a network act as
intermediaries for other members

Note: N is the total number of members in the network; M is the number of associations that are actually owned;
V is the number of unreachable member pairs in the network; K is the number of symmetrically reachable member
pairs in the network; and L is the number of extra lines in the network. n is the number of other network
members directly associated with a member; dij is the shortcut distance between two members, or the number of
relationships included in the shortcut; gjk is the number of shortcuts between members j and k; gjk(i) is the number
of members j and k on the shortcut through member i; and bjk(i) is the probability that member i is on the shortcut
between j and k, where j 6= k 6= i, and j < k.

The primary method used in SNA for spatial clustering analysis is the block model [29].
For this, there are four types of classification criteria [16,30,31]: (1) net spillover block, where
the number of outgoing relationships is much larger than the number of received relation-
ships; (2) net benefit block, where the number of outgoing relationships is much smaller
than the number of received relationships; (3) broker block, where the number of outgoing
relationships is greater than the number of received relationships, and this criterion plays
an intermediary role in the network; and (4) bilateral spillover block, where there is no
substantial difference between the number of outgoing and received relationships.

2.3. Research Data

Because of a lack of data availability, thirty provinces (autonomous regions and munici-
palities directly under the central government) were selected as the network nodes (Hainan,
Hong Kong, Macao, and Taiwan were excluded). The data for the gravity model, which
covered the years 2000 to 2020, were obtained from the China Statistical Yearbook, the China
Rural Statistical Yearbook, the statistical yearbooks of provinces and cities in the corre-
sponding years, and the National Bureau of Statistics website (http://www.stats.gov.cn/).
Provincial railway mileage data were derived from the “Odometer between the major
stations of the National Railway” of the China Transportation Atlas.

China is divided into East China, South China, Central China, North China, Northwest
China, Southwest China, Northeast China, Taiwan, Hong Kong, and Macao. The specific
divisions are listed in Figure 1.

http://www.stats.gov.cn/
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3. Analysis and Formation Mechanism of the Spatial Correlation Network
Characteristics of Wheat Production
3.1. Overall Network Characteristics and Evolution

The spatial relationship of wheat production in China was determined using the
gravity model. For example, this study combined the data from 2020 with ArcGIS software
to obtain a spatial correlation network map of wheat production in China (Figure 2). The
map highlights the notable network structural characteristics of China’s wheat production
among the provinces. Furthermore, the correlation intensities of wheat production in Hebei,
Jiangsu, Shandong, Anhui, and Hubei with other provinces were significantly greater than
those in other provinces. Four indicators (network density, network correlation, network
grade, and network efficiency) were selected to assess the characteristics and analyze the
time series of the spatial correlation network.

3.1.1. Network Density

The spatial correlation network density and the number of network relationships for
wheat production in China from 2000 to 2020 are shown in Figure 3. The results show that
the network density is consistent with the change in the number of network relationships.
The network density in 2000 and 2020, which first increased and then decreased, was
0.2598. During the ninth five-year plan period, grain output remained at 500 billion kg.
Subsequent years of good harvest boosted food stocks, resulting in lower food prices,
and the restructuring of agricultural production eventually led to a general decline in
the production of food crops, such as wheat, with the lowest network density in 2000.
Since 2004, the state has implemented agriculture-related policies to protect arable land,
support grain purchases at the lowest purchase price, and reduce and eliminate taxes.
These policies encourage farmers to grow grain, which helps achieve restorative growth in
wheat production, strengthen inter-provincial trade and distribution of wheat, and promote
inter-regional flow of production factors for rapid economic development. All of these
factors contributed to an increase in network density. Since 2006, a minimum purchase
price policy for wheat has been implemented in six major wheat-producing provinces,
including Hebei and Jiangsu, with the network density reaching a maximum of 0.2782 in
that year. In 2008, wheat production in China was impacted by a financial crisis, causing
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the network density of the spatial correlation network to decrease to 0.2644. From 2018 to
2020, the overall network density was stable; however, the overall density value was small,
and considerable scope for improvement remained.
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ence in the transmission direction as well as the intensity of the relationship between provinces.
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3.1.2. Network Correlation

The changes in the level and efficiency of the spatial correlation network of China’s
wheat production from 2000 to 2020 are shown in Figure 4. The correlation degree of
the inter-provincial wheat production correlation network is one, indicating that there
are significant spatial correlations and spillover effects in China’s inter-provincial wheat
production. The trend in the network grade contradicts that of the network density. The
network level remained stable between 2000 and 2007. After the 2008 financial crisis, the
network level began to rise rapidly, and overall network efficiency began to decline. A
more stringent and/or gradually formed network level is not conducive to the coordi-
nated development of inter-provincial wheat production. In 2004, the central government
issued the No. 1 document on agriculture, rural areas, and farmers, and implemented a
new agricultural policy to eliminate agricultural taxes and encourage industry nurturing
agriculture [32]. In 2006, the minimum purchase price of wheat was implemented, and
agricultural tax was abolished nationwide, resulting in a considerable downward trend
in network efficiency. This indicated that the number of connections in the correlation
network increased, the multiple superposition effect became increasingly evident, and the
stability of the spatial network structure continued to increase [29]. In general, the spatial
structure of wheat production with a strict network hierarchy was not disrupted; however,
the number of inter-regional wheat production associations steadily increased, and the
overall network structure remained stable.

3.2. Individual Network Characteristics

The network diagrams regarding degree centrality, closeness centrality, and between-
ness centrality in the years 2000, 2005, 2010, 2015, and 2020 are depicted in Figure 5. As an
example, 2020 was selected to analyze the characteristics of each province in the spatial
correlation network of wheat production (Table 2).

3.2.1. Degree Centrality

The degree centralities of the networks in 2000, 2005, 2010, 2015, and 2020 are shown in
Figure 5a. Hebei, Shanxi, Henan, Shandong, Anhui, Hubei, Jiangsu, Sichuan, and Shaanxi
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had a high degree centrality, implying that other provinces are strongly dependent on
these provinces. In 2020, the average degree centrality for each province in the correlation
network was 15.067, with 13 provinces exceeding the average, the majority of which,
with the exception of Chongqing and Tibet, were China’s major wheat-producing areas
(Table 3) [15,33]. Hubei, located in the center of the spatial network, had the highest degree
centrality (22). Beijing, Liaoning, and Qinghai had low degree centralities, with a weak
correlation with other provinces. The mean in-degree and out-degree values were 7.533.
The out-degrees of 11 provinces, including Jiangsu, Anhui, Hubei, and Henan, were greater
than the average value (7.533). The provinces with an out-degree greater than their in-
degree had notable spillover effects in the network. Meanwhile, in the provinces where the
in-degree was greater than the out-degree, such as Sichuan, the out-degree (12) was greater
than the in-degree (9), and these provinces benefited more from the network spillover. In
some provinces, when the in-degree was greater than the mean, the out-degree was greater
than the in-degree, indicating a spillover effect. The provinces with high in-degrees are the
beneficiaries of the associated network.

Agronomy 2023, 13, x FOR PEER REVIEW 8 of 22 
 

 

network level began to rise rapidly, and overall network efficiency began to decline. A 

more stringent and/or gradually formed network level is not conducive to the coordinated 

development of inter-provincial wheat production. In 2004, the central government issued 

the No. 1 document on agriculture, rural areas, and farmers, and implemented a new ag-

ricultural policy to eliminate agricultural taxes and encourage industry nurturing agricul-

ture [32]. In 2006, the minimum purchase price of wheat was implemented, and agricul-

tural tax was abolished nationwide, resulting in a considerable downward trend in net-

work efficiency. This indicated that the number of connections in the correlation network 

increased, the multiple superposition effect became increasingly evident, and the stability 

of the spatial network structure continued to increase [29]. In general, the spatial structure 

of wheat production with a strict network hierarchy was not disrupted; however, the 

number of inter-regional wheat production associations steadily increased, and the over-

all network structure remained stable.  

 

Figure 4. Network hierarchy and network efficiency. 

3.2. Individual Network Characteristics 

The network diagrams regarding degree centrality, closeness centrality, and be-

tweenness centrality in the years 2000, 2005, 2010, 2015, and 2020 are depicted in Figure 5. 

As an example, 2020 was selected to analyze the characteristics of each province in the 

spatial correlation network of wheat production (Table 2). 

Table 2. Network centrality analysis of the spatial correlation network of inter-provincial wheat 

production in 2020.  

Province 
Degree Centrality Closeness Centrality 

Betweenness 

Centrality 

In-degree Out-degree Total Degree  Degree  Rank  Degree  Rank  Degree  Rank 

Beijing 2 5 7 6 27 48.333 27 1.85 27 

Tianjin 4 8 12 10 19 56.863 18 31.419 11 

Hebei 16 6 22 17 6 69.048 8 42.747 7 

Shanxi 13 8 21 17 6 69.048 8 26.256 13 

Inner Mongolia 10 10 20 17 6 69.048 8 62.055 3 
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3.2.2. Closeness Centrality

The closeness centralities of the networks in 2000, 2005, 2010, 2015, and 2020 are shown
in Figure 5b. Hubei, Anhui, Henan, Shandong, Jiangsu, and Shaanxi played important
roles in the network, with high closeness centralities and close associations with other
provinces. The average centrality in 2020 was 61.212, with 16 provinces being above the
average, including Hubei, Jiangsu, Anhui, and Henan, most of which were the major
wheat-producing areas in China and the central actors in the network. Hubei had the
highest closeness centrality (80.556), which was the central point of the network; the other
provinces in the network were closest to Hubei. Non-major wheat-producing areas, such
as Beijing, Liaoning, and Qinghai, had lower closeness centralities and smaller wheat
production scales, making them the marginal actors in the network.

3.2.3. Betweenness Centrality

The betweenness centralities of the networks in 2000, 2005, 2010, 2015, and 2020 are
shown in Figure 5c. Hubei, Anhui, Henan, Shandong, Jiangsu, and Shaanxi were located in
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the central part of the network. The higher the intermediary centrality, the more evident the
intermediary status of the network members. In 2020, the average intermediary centrality
was 8.478, with 13 provinces, including Hebei, Shanxi, Inner Mongolia, and Heilongjiang,
being above the average. The top-ranked provinces were mostly wheat-producing areas
at the center of the network and had a strong control over the spatial association of other
provinces. Meanwhile, Jilin, Qinghai, Guangxi, Beijing, and other provinces with low
intermediary centrality had a weak control over wheat production in other provinces.
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Table 2. Network centrality analysis of the spatial correlation network of inter-provincial wheat
production in 2020.

Province
Degree Centrality Closeness

Centrality
Betweenness

Centrality

In-degree Out-degree Total Degree Degree Rank Degree Rank Degree Rank

Beijing 2 5 7 6 27 48.333 27 1.85 27
Tianjin 4 8 12 10 19 56.863 18 31.419 11
Hebei 16 6 22 17 6 69.048 8 42.747 7
Shanxi 13 8 21 17 6 69.048 8 26.256 13

Inner Mongolia 10 10 20 17 6 69.048 8 62.055 3
Liaoning 1 5 6 5 28 47.541 28 4.744 23

Jilin 2 2 4 2 30 40.278 30 2.111 26
Heilongjiang 2 10 12 11 16 61.702 16 31.45 10

Shanghai 3 7 10 9 22 55.769 20 19.611 14
Jiangsu 20 5 25 20 2 76.316 2 9.698 18

Zhejiang 6 7 13 12 14 63.043 14 11.347 17
Anhui 20 4 24 20 2 76.316 3 9.034 19
Fujian 0 8 8 8 4 52.727 23 0 28
Jiangxi 5 6 11 10 19 54.717 22 45.419 6

Shandong 18 5 23 18 5 72.5 5 15.055 15
Henan 19 6 25 19 4 74.359 4 14.718 16
Hubei 20 9 29 22 1 80.556 1 139.516 1
Hunan 7 8 15 11 16 58 17 83.477 2

Guangdong 1 8 9 9 22 52.727 25 2.5 25
Guangxi 1 7 8 8 24 51.786 26 0 28

Chongqing 5 12 17 14 12 63.043 13 34.883 9
Sichuan 9 12 21 16 10 67.442 11 56.9 4
Guizhou 6 8 14 11 16 56.863 19 7.486 20
Yunnan 6 6 12 10 19 55.769 21 6.831 21

Tibet 0 13 13 13 13 63.043 12 0 28
Shaanxi 13 9 22 17 6 70.732 6 31.254 12
Gansu 10 11 21 16 10 69.048 7 48.678 5

Qinghai 3 3 6 4 29 45.313 29 5.192 22
Ningxia 3 7 10 9 24 52.727 24 35.679 8
Xinjiang 1 11 12 12 14 61.702 15 3.089 24
Average 7.533 7.533 15.067 12.433 - 61.212 - 26.1 -

Table 3. Important wheat-producing regions in China.

Wheat-Producing Region Area

Wheat Ascendant Regions Layout Planning
(2008–2015)

Huang-Huai-Hai, Middle and Low Reaches of Yangtze River,
South-West China, North-West China, North-East China

Major wheat-producing areas
Hebei, Henan, Shandong, Shanxi, Shaanxi, Jiangsu, Anhui,
Hubei, Sichuan, Yunnan, Gansu, Xinjiang, Ningxia, Inner

Mongolia, Heilongjiang

Note: We redraw the table with reference to Li et al. (2018).

3.3. Block Model

Using the convergent correlations method in Ucinet 6.0, the maximum segmentation
depth was estimated to be two, and the concentration standard was 0.2. The wheat
production of the 30 provinces in China was divided into four blocks, and the spillover
effect relationship of the four blocks was obtained (Table 4). In 2000, 2005, 2010, 2015, and
2020, the total number of relationships in the correlation network of China’s inter-provincial
grain production was 226, 232, 235, 236, and 226, respectively. The internal relationship
coefficient of each block was 132, 142, 127, 117, and 112, respectively. The number of
internal relationships in each block was 94, 90, 108, 119, and 114, respectively; that is, the
grain production between the blocks had evident spatial correlation and spillover effects.

The division of the blocks between 2000 and 2015 was the same. Blocks I and III
belonged to the “net benefit block.” The number of outgoing relationships sent to other
blocks was considerably less than the number of relationships received. Block IV received
some relationships from other blocks; however, the spillover relationship was higher,
corresponding to the characteristics of a “broker block.” The spillover of block II to other
blocks was higher than the relationships received, and the net spillover effect within the
block was evident, which was consistent with a “net spillover block.” In 2005, the role of
block IV changed; it not only received spillovers from other blocks but also increased its
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spillovers to other blocks, corresponding to the characteristics of a “bilateral spillover.” In
2010, the roles of blocks I and II remained unchanged, whereas blocks III and IV changed to
a “broker block” and a “net benefit block,” respectively. In 2020, blocks I and IV exchanged
roles, whereas those of blocks II and III remained unchanged. The “broker block” was at the
center of the network. Between 2000 and 2020, members of this block exhibited an upward
trend, the number of relationships received from other blocks increased considerably, and
the effect of spatial correlation between the blocks became increasingly evident.

Table 4. Analysis of the spillover effect of each block in the spatial correlation network of wheat
production.

Year Block
Number of Received

Block Relations
Number

of
Members

Relations
Received

from Other Blocks

Relations Sent
to Other Blocks

Expected Internal
Relationship

Ratio (%)

Actual Internal
Relationship

Ratio (%)

Block
Classification

I II III IV

2000

I 11 2 3 0 6 24 5 17.241 68.75 Net benefit

II 22 90 8 31 13 11 61 41.38 59.603 Net
spillover

III 1 0 11 1 5 27 2 13.793 84.615 Net benefit
IV 1 9 16 20 6 32 26 17.241 43.478 Broker

2005

I 9 1 2 0 5 22 3 13.793 75 Net benefit

II 21 93 12 33 13 11 66 41.38 58.491 Net
spillover

III 0 1 8 4 4 20 5 10.345 61.538 Net benefit

IV 1 9 6 32 8 37 16 24.138 66.667 Bilateral
spillover

2010

I 14 4 3 0 8 48 7 24.138 66.667 Net benefit

II 47 86 11 33 12 6 91 37.931 48.588 Net
spillover

III 1 0 4 4 3 17 5 6.897 44.444 Broker
IV 0 2 3 23 7 37 5 20.69 82.143 Net benefit

2015

I 10 4 5 0 7 50 9 20.69 52.632 Net benefit

II 47 85 13 32 12 8 92 37.931 48.023 Net
spillover

III 3 0 10 1 6 28 4 17.241 71.429 Net benefit
IV 0 4 10 12 5 33 14 13.793 46.154 Broker

2020

I 10 6 4 6 7 42 16 20.69 38.462 Broker

II 41 65 7 45 10 9 93 31.034 41.139 Net
spillover

III 0 0 5 0 3 12 0 6.897 100 Net benefit
IV 1 3 1 32 10 51 5 31.034 86.486 Net benefit

The network density matrix was calculated to investigate the correlations and spillover
paths of wheat production between the blocks. By comparing the network density with
block density, the blocks with densities greater than the network densities were assigned
one; otherwise, they were assigned zero, thus converting the density matrix into an image
matrix (Table 5) [6]. For example, in 2020, the overall network density was 0.2598. If
the density of a block was greater than 0.2598, the density was set to one in the image
matrix; otherwise, the density was set to zero. From the image matrix, the relationships
and transmission mechanisms between the wheat production blocks were observed, and a
correlation diagram was drawn (Figure 6). The diagonal elements of the image matrix in
2000 and 2005 were all assigned one, indicating that wheat yield had a clear correlation in
the blocks and that a club clustering effect was produced.

Specifically, there was a correlation between blocks I and III in 2000. Block II had a
spillover effect on blocks I and IV in addition to its correlation. Similarly, in addition to its
own internal correlation, block IV received a spillover effect from block II and also had a
spillover effect on block III, playing an intermediary role in the correlation network [34]. In
2005, the spillover effect of block IV on block III weakened. In 2020, the internal correlation
of block I was reduced, whereas the spillover effect of block II on block III increased. In
2015, the spillover effect of block II decreased, and the spillover effect of block IV on block
III increased. In 2020, in addition to the linkages between blocks II, III, and IV, block II
had a spillover effect on block I. In general, the blocks in the spatial correlation network
of wheat production in China have their own advantages, assume their respective roles,
and demonstrate a linkage effect of the coordinated development of all provinces in the
country.
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Table 5. Density and image matrices of the spatial correlation network of wheat production.

Year Block
Density Matrix Image Matrix

I II III IV I II III IV

2000

I 0.367 0.026 0.100 0.000 1 0 0 0
II 0.282 0.577 0.123 0.397 1 1 0 1
III 0.033 0.000 0.55 0.033 0 0 1 0
IV 0.028 0.115 0.533 0.667 0 0 1 1

2005

I 0.450 0.015 0.100 0.000 1 0 0 0
II 0.323 0.596 0.231 0.317 1 1 0 1
III 0.000 0.019 0.667 0.125 0 0 1 0
IV 0.025 0.087 0.188 0.571 0 0 0 1

2010

I 0.250 0.042 0.125 0.000 0 0 0 0
II 0.490 0.652 0.306 0.393 1 1 1 1
III 0.042 0.000 0.667 0.19 0 0 1 0
IV 0.000 0.024 0.143 0.548 0 0 0 1

2015

I 0.238 0.048 0.119 0.000 0 0 0 0
II 0.560 0.644 0.181 0.533 1 1 0 1
III 0.071 0.000 0.333 0.033 0 0 1 0
IV 0.000 0.067 0.333 0.6.00 0 0 1 1

2020

I 0.238 0.086 0.19 0.086 0 0 0 0
II 0.586 0.722 0.233 0.450 1 1 0 1
III 0.000 0.000 0.833 0.000 0 0 1 0
IV 0.014 0.030 0.033 0.356 0 0 0 1

3.4. Formation Mechanism of Associated Networks
3.4.1. Driving Factor Selection and Model Establishment

The formation and changes in spatial correlation networks of inter-provincial wheat
production are related to the influence of natural conditions and socioeconomic factors.
In this study, internal natural conditions, such as differences in population size, water
resources, land resources, meteorological conditions, and external social and economic
aspects, such as differences in geographical adjacency, economic development level, in-
dustrial structure level, rural labor force scale, and agricultural mechanization scale, were
selected as the driving factors to explore the structure of the spatial correlation network of
inter-provincial wheat production.

Specifically, we included the following driving factors:

(1) Geographical adjacency (Distance), represented by an inter-provincial Rook adjacency
weight matrix.

(2) Economic development level (Pgdp): the difference between regional economic de-
velopment levels, characterized by the difference in the provincial per capita GDP
(yuan).

(3) Industrial structure level (Indus): the difference in the proportion of the tertiary
industry (in GDP) among provinces was used to represent the difference in the
industrial structures.

(4) Scale of the rural labor force (Labor) and scale of agricultural mechanization (Mech):
the differences in the number of agricultural employees (Labor) and the total power
of rice and wheat combine harvesters in various regions (Mech) were used to charac-
terize the differences in the scale of rural labor forces and agricultural mechanization
services.

(5) Population size (Popus): the population in a region determines the food consumption
in that region. As one of the main food sources, wheat production is affected by
regional population size. If the wheat production in a region exceeds the basic needs
of the domestic population, surplus wheat can be exported. In contrast, the wheat
demand in a region can be met by imports. The difference in population size was
characterized by the difference in the total population at the end of the year in each
region.
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(6) Water resources (Water): renewable water resources are an essential natural condition.
The quantity and quality of renewable water resources can ensure national food secu-
rity, maintain the wheat production network pattern, and be used to characterize the
differences in water resources between regions (regional per capita water resources).

(7) Land resources (Land): population growth exerts great pressure on cultivated land
resources, affecting wheat supply and regional differences in wheat production. The
difference in the proportion of wheat sown area to the sown area of agricultural
products in each region was used to characterize the differences in cultivated land
resources between regions.

(8) Meteorological conditions (Climate): temperature, precipitation, sunshine hours, and
other indicators of regional differences are characterized by differences in meteoro-
logical conditions. Therefore, the driving force measurement model is established as
follows:

F = f(Distance, Pgdp, Indus, Labor, Mech, Popus, Water, Land, Temp, Prec, Sun).

where the dependent variable F represents the spatial correlation matrix of provincial
wheat production, and the independent variables, with the exception of distance, are the
adjacency weight matrices. The other variables are the relationship matrices constructed
using the absolute values of the differences between the variables. The relevant data for
the 30 provinces from 2000 to 2020 were obtained from the data center of the National
Bureau of Statistics (data.stats.gov.cn), the China Statistical Yearbook, and the China Rural
Statistical Yearbook of the China Agricultural Machinery Industry. Climate change data,
such as temperature, precipitation, and sunshine hours, were obtained from the “China
surface climate data daily dataset V3.0” of the National Meteorological Science Center data
(data.cma.cn), and the annual dataset of climate data since 1951 was obtained from 699
national benchmarks and ground stations based on ArcGIS. The average values for each
province over the years were extracted and counted.

3.4.2. Correlation Analysis Based on the QAP Method

A QAP correlation analysis compares the similarities of two matrices using repeated
sampling, and then it calculates and tests the correlation coefficient between the matri-
ces [35], making it a feasible method for optimization with orthogonality constraints. For
the QAP correlation analysis, the years 2000, 2004, 2008, 2012, 2016, and 2020 were selected
as the typical years, and 5000 random replacements were selected (Table 6). The results in-
dicate a strong correlation between these driving factors and the spatial correlation network
of inter-provincial wheat production. However, the correlation coefficients of the spatial
correlation matrix F, distance, and land use are not significant at the 1% level. This indicates
that regional differences in distance and cultivated land resources do not affect the spatial
correlation between fertilizer supply and demand. The correlation coefficients between the
spatial correlation network of wheat production and geographical distance, land resources
(Land), temperature (Temp), precipitation (Prec), and sunlight hours (Sun) all pass the sig-
nificance test, indicating that these driving factors have a strong correlation with the spatial
correlation network of wheat production in China. However, the correlation coefficients
between the differences in economic development level (Pgdp), industrial structure level
(Indus), rural labor scale (Labor), agricultural mechanization scale (Mech), population size
(Popus), and water resources (Water) do not pass the significance test, indicating that these
driving factors have no effect on the network correlation. Geographical adjacency, land
resources, temperature, precipitation, and sunlight hours all have an impact on the spatial
correlation network of wheat production in China.

data.stats.gov.cn
data.cma.cn
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3.4.3. Regression Analysis Based on the QAP Method

The QAP regression analysis was used to study the regression relationship between
multiple matrices and to assess the significance of the coefficient of determination (R2).
The matrices of economic development level (Pgdp), industrial structure level (Indus),
rural labor force scale (Labor), agricultural mechanization scale (Mech), population size
(Popus), and water resources (Water) did not pass the QAP correlation analysis. Therefore,
these variables were excluded from the regression analysis. The results of the analysis are
presented in Table 7.
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Table 6. QAP correlation analysis of the spatial correlation network and the driving factors of wheat
production in China.

Variable 2000 2004 2008 2012 2016 2020

Distance 0.419 *** 0.443 *** 0.420 *** 0.427 *** 0.420 *** 0.403 ***
Pgdp −0.015 −0.008 −0.022 −0.009 0.002 −0.004
Indus −0.077 * −0.08 * −0.047 0.164 ** −0.078 * −0.074 *
Labor 0.02 0.042 0.023 0.028 0.002 −0.033
Mech 0.106 ** 0.02 0.053 0.003 0.083 * 0.067
Popus 0.033 0.01 0.001 0.018 0.027 −0.004
Water −0.062 −0.071 −0.113 ** −0.076 −0.077 −0.08
Land −0.167 *** −0.196 *** −0.169 *** −0.176 *** −0.128 ** −0.127 ***
Temp −0.255 *** −0.337 *** −0.304 *** −0.302 *** −0.303 *** −0.32 ***
Prec −0.247 *** −0.278 *** −0.264 *** −0.205 *** −0.220 *** −0.179 ***
Sun −0.299 *** −0.293 *** −0.292 *** −0.286 *** −0.274 *** −0.28 ***

The coefficient of a variable is the correlation coefficient; *, **, and *** indicate significance at the 10%, 5%, and 1%
levels, respectively.

Table 7. QAP regression analysis of the spatial correlation network and the driving factors of wheat
production in China.

Variable 2000 2004 2008 2012 2016 2020

Distance 0.345 *** 0.364 *** 0.345 *** 0.357 *** 0.348 *** 0.328 ***
Land −0.019* −0.112 ** −0.116 ** −0.103 ** −0.092 ** −0.083 **
Temp −0.105 ** −0.077 * −0.088 ** −0.073 * −0.07 * −0.109 **
Prec −0.022 −0.057 −0.031 −0.063 −0.072 * −0.022
Sun −0.159 ** −0.123 ** −0.115 ** −0.089 ** −0.099 ** −0.128 **
R2 0.229 0.257 0.230 0.230 0.227 0.217

Adj-R2 0.225 0.253 0.226 0.226 0.223 0.214
P-value 0 0 0 0 0 0

Obs 870 870 870 870 870 870
Number of

permutations
performed

5000 5000 5000 5000 5000 5000

The coefficient of a variable is the standardized regression coefficient; *, **, and *** indicate significance at the 10%,
5%, and 1% levels, respectively.

The results show that the adjusted R2 of the six years ranges between 0.214 and 0.253
and is significant at the 1% level. Previous studies based on the QAP method found
that the R2 value ranged between 12.5% and 40.3% [31–33]. In this study, the R2 values
are relatively moderate, and the overall fitting effect is good. Furthermore, the results
show that, in addition to precipitation, the influences of geographical proximity, land
resources, temperature, and sunshine hours on the spatial correlation network of wheat
production in China are significant. Moreover, when comparing the regression results of
the six time points, the influence direction and the degree of different driving factors on the
correlation network change over time, demonstrating evident differentiation characteristics.
Specifically, (1) the coefficient of geographical proximity is stable and positive, indicating
that geographical proximity can strengthen the spatial correlation of inter-provincial wheat
production. (2) The coefficient of land resources is significantly negative; that is, the greater
the difference in land resources between the regions, the weaker the correlation intensity of
wheat production, the smaller the area of wheat-cultivated land, the smaller the demand
for wheat, and the larger the area of cultivated land that can meet the demand for wheat in
a region. (3) The difference in meteorological conditions has a major impact on the strength
of wheat production correlation. Except for precipitation, all of the other coefficients
pass the significance test and are negative, reducing the strength of the wheat production
correlation.
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4. Discussion
4.1. Consistency of Research Results

In this study, we explored the spatial network linkages of wheat production among
Chinese provinces using a modified gravity model and ArcGIS visualization tools, and
we found that wheat production in China exhibited a distinct spatial network pattern.
These findings suggest that food security and sustainable agricultural development must
be collaborative, with an emphasis on inter-regional factor synergy, to achieve sustainable
agricultural development. This result is consistent with the findings of Zuo [36]. In
addition, the major wheat-producing provinces are the central actors in the network.
Significant spatial correlations and spillover effects were observed among the provinces in
the spatial correlation network, which was also confirmed by Feng et al. [6]. Furthermore,
the free flow and trade of production materials and agricultural products across the regions
steadily strengthened the connectivity and synergy of wheat production in various regions,
making the spatial correlation among the regions dynamic and balanced; this result is in
agreement with Turner et al. [37]. Finally, in terms of the factors influencing the spatial
correlation network of wheat production, differences in geographical proximity, land
resources, temperature, and sunlight hours had a considerable impact on the spatial
network correlation, as highlighted by Xu et al. [38].

4.2. Differences in Research Methods

The use of both SNS and QAP research methods to reveal the spatial relationship
between wheat production provides a new perspective. The panel data for wheat produc-
tion from 2000 to 2020 were selected from the research data to compensate for the lack of
previous research on the spatial relationship of wheat production. Zhou et al. [39] used
geographic detectors to explore the spatial relationship between county distribution and
spatial influencing factors. Lu and Mei [40] used Moran’s I index and panel data combined
with a spatial error model to empirically analyze the causes of changes in the spatial pattern
of China’s grain production. The research methods used were different and comprised the
traditional ESDA method and spatial measurement technology. It is limited to the measure-
ment of geographical spatial proximity or distance relationship between regions, making it
difficult to comprehend the structural characteristics of the overall spatial correlation of
inter-provincial grain production dynamically.

4.3. Agricultural Sustainable Development and Policy Implications

Based on the above research, the following conclusions are drawn: First, the char-
acteristics of the overall network structure showed a significant spatial correlation and
spillover effect on China’s wheat production. The network density first increased and then
decreased, and the network level fluctuated, forming a trend that was not conducive to
the coordinated development of inter-provincial wheat production. The intensification of
inter-provincial spatial correlation is determined not only by the scale of wheat production
in the wheat-producing areas, but also by the scale of wheat production in other regions.
Therefore, the development of wheat-related policies must consider the spatial correlations
between regions. It is necessary to constantly adjust and optimize the structure of the
spatial correlation network of wheat production to improve the spatial allocation efficiency
of wheat production between regions. Second, the spatial correlation network of China’s
provincial wheat production showed a significant “core-periphery” distribution pattern.
The core (major wheat-producing area) and peripheral areas (non-major wheat-producing
area) were interdependent. Relevant policies should be formulated to strengthen trade
exchanges between these areas and assist in the development of non-main wheat-producing
areas. Third, the status of each province in the network and the function of each block
were different. Therefore, it is necessary to fully consider the block characteristics of the
network, formulate and implement wheat policies with different characteristics, implement
classification management of wheat production space according to local conditions, and
fully acknowledge the relationships between provinces. Finally, it is necessary to consider
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the factors that drive geographical adjacency. Geographically adjacent provinces have
lower costs for wheat production exchanges and cooperation. With the gradual upgrading
of the industrial structure, more transmission paths should be created for trade between
provinces in the major and non-major wheat-producing areas.

4.4. Limitations and Future Directions

The data used in this study were obtained from the Statistical Yearbook because of
data acquisition feasibility; thus, the data type is relatively single, and the driving factors
are limited by the data year, which are the fundamental limitations of this study. The
determinants affecting wheat production are limited by the data year, resulting in incom-
plete driving factors. Future research should explore these aspects extensively. In future
research, the use of remote sensing images, observation data, land-use types, and other
multivariate data combined with machine learning methods [41,42] and other updated
research methods would provide a more comprehensive and in-depth understanding of
the driving factors behind the spatial correlation network of wheat production.

5. Conclusions

Based on the perspective of complex networks, this study revealed the spatial relation-
ship between inter-provincial wheat production in China. An improved gravity model was
combined with ArcGIS visualization to measure the spatial correlation of inter-provincial
wheat production. SNA and QAP were used to reveal the correlation characteristics of
wheat production and the driving factors behind the spatial correlation networks of inter-
provincial wheat production in China. The following conclusions are drawn:

(1) The characteristics of the overall network structure showed a significant spatial cor-
relation and spillover effect on China’s wheat production. The network density
first increased and then decreased, and the network density increased from the low-
est value (0.2598) to the highest value (0.2782) in 2000, and then it fluctuated and
decreased, indicating that there is still considerable potential for promoting closer
exchanges and cooperation in wheat production between provinces. The fluctuating
network grade gradually developed a trend that was not conducive to the coordinated
development of inter-provincial wheat production. Although the spatial correlation
of wheat production with a strict network hierarchy was not broken, the relationship
coefficient of interregional wheat production and the stability of the overall network
gradually increased.

(2) Based on the results of the individual network structure between 2000 and 2020, the
average degree centrality in each province in 2020 was 15.067, with 13 provinces
exceeding the average. The average centrality in 2020 was 61.212. Hubei, the major
wheat-producing area, had the highest closeness centrality score (80.556). The average
betweenness centrality value in 2020 was 8.478, with 13 provinces exceeding the
average. The top-ranked provinces, which had substantial control over the spatial
association of other provinces, were mostly wheat-producing areas at the center of the
network. The spatial correlation network of China’s provincial wheat production ex-
hibited a significant “core-periphery” distribution pattern. There was a clear spillover
effect, with the major wheat-producing areas in the network functioning as the central
actors, and the non- major wheat-producing areas functioning as the marginal actors.

(3) The block model results for 2000, 2005, 2010, 2015, and 2020 were analyzed. In 2000
and 2015, blocks I and III belonged to the “main benefit block,” whereas block II was
the “net spillover block.” In 2005, the role of block IV changed. In 2010, the roles of
blocks I and II remained constant. Blocks III and IV were the “broker block” and “main
beneficiary block,” respectively. In 2020, blocks I and IV exchanged roles, whereas
the roles of blocks II and III remained unchanged. The provinces of Shanxi, Hebei,
Jiangsu, Shaanxi, Inner Mongolia, and Anhui, which were concentrated in wheat-rich
areas, acted as the “net spillover blocks” in the network, and the spillover effect on
other provinces was noticeable. In addition, these provinces were correlated with
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other provinces, and there was a significant bilateral spillover effect. Most provinces
in the major wheat-producing areas belonged to the “broker block,” which was at the
center of the network and acted as a bridge. The non- major wheat-producing areas
primarily played a “net benefit” role in the network and were subject to the spillover
effects from other blocks.

(4) The results of the QAP analysis showed that the interactions between the internal
natural conditions and the external socioeconomic factors promoted the formation of
a spatial correlation network of wheat production. The differences in geographical
adjacency, land resources, temperature, and sunshine hours were significant at the
1% level and impacted the spatial correlation intensity of wheat production in China;
however, the impact of precipitation was not significant.
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