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Abstract: Human societal growth has greatly pressured available land resources. The key to reduc-
ing land pressure and fostering regional synergistic development is revealing the transmission ef-
fect of land pressure. We used a modified gravity model to construct a spatial correlation network 
(SCN) of the land pressure in the Yangtze River Delta region (YRDR) for the years 1995, 2000, 2005, 
2010, 2015 and 2020. To examine how the land pressure is transmitted throughout the cities in the 
YRDR, we used a social network analysis to examine the overall network structure, individual net-
work characteristics and spatial clustering characteristics. Finally, the center of gravity-GTWR 
model that coupled the inter-city interactions and the temporal non-smoothness further revealed 
the spatiotemporal evolution and the different patterns of the influencing factors. The results re-
vealed that (1) the spatial correlation structure of the land pressure in the YRDR was relatively sta-
ble. Nanjing, Shanghai, Suzhou, Hangzhou and Changzhou played a significant role as linkages. (2) 
The YRDR was beyond the geographical limit for the land pressure transmission effect and each 
block had a considerable and mostly steady transmission impact. (3) The center of gravity-GTWR 
model that coupled the inter-city interactions and the temporal non-stationarity was a viable 
method for analyzing the factors that influence the land pressure. (4) There were significant regional 
and temporal variations in the factors influencing land pressure. The influencing factors differed in 
intensity and direction from city to city. Our results can provide a new perspective on relieving land 
pressure from the perspective of urban agglomerations and help accomplish the sustainable devel-
opment of regional land resources. 

Keywords: land pressure; spatial network characteristics; land pressure transmission effect; center 
of gravity-GTWR model; influencing factors; Yangtze River Delta region 
 

1. Introduction 
Land is a complex of different resources, making it scarce and irreplaceable. As the 

most valuable non-productive asset of cities, relieving land pressure is important for both 
national development and human existence [1]. However, the issue of an incompatible 
relationship between humans and land has recently become more prevalent as a result of 
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ongoing urbanization, rapid population expansion and environmental degradation [2,3]. 
Meanwhile, the imbalance between the scarcity of land resources and the demands of so-
cial development has led scholars to focus on land pressure [4,5]. Zhu et al. [6] concluded 
that land pressure is inversely correlated with human food output, economic output and 
the ecological functions of land, and they developed a quantitative land pressure assess-
ment approach for these three key needs. Chen et al. [7] used the ratio of the existing area 
of each type of land use to the intended area to assess the situation of land pressure in the 
Heilongjiang Province from three perspectives: arable land, construction land and ecolog-
ical land. Hao et al. [8] developed a quantitative land pressure index evaluation approach 
in terms of food production, economic development and environmental protection. An 
appropriate scientific foundation has been established by previous research for the eval-
uation of land pressure. 

The region’s land carrying capacity is limited, and when the land pressure of the 
region rises to a certain degree, the land pressure will be transmitted [9,10]. The intercon-
nectedness of the land resources between the regions has grown as a result of the recipro-
cal integration of economic development, exhibiting significant spatial correlation charac-
teristics [11,12] Therefore, there is some reciprocal influence of land pressure among cities 
and the transmission effect of land pressure should also be taken into account while re-
searching land pressure concerns. The locations cannot be regarded as geographically in-
dependent observations [13,14]. Ma et al. [15] demonstrated that, since cities in urban ag-
glomerations are closely connected, the synergistic and optimum allocation of urban land 
may considerably ease the demand for land in developed central cities while promoting 
the growth of less developed periphery cities. 

Scholars have constructed models such as the spatial Durbin model, the Moran index 
and the social network analysis to investigate the effects of the transmission effect on land 
intensive use [16], land use efficiency [17], industrial agglomeration [18], ecological effi-
ciency [19] and carbon emissions [20]. However, as research on the transmission effects of 
these cases continues, research on the transmission effect of land pressure has received 
less attention [21]. There is a definite interplay between the land pressure of cities, and the 
land pressure in cities impacts not just the city but also the nearby cities [22,23]. Existing 
studies have primarily concentrated on the linear causality of land pressure at the provin-
cial scale. There are still limitations in depicting the overall regional linkage structure and 
the individual micro-connections, lacking an interactive perspective to explore the trans-
mission of land pressure between the regions and ignoring the spillover effects of land 
pressure. 

The research of land pressure influencing factors is a critical component of land pres-
sure research. Identifying the main factors that influence land pressure, establishing a sci-
entific basis for the efficient allocation of land resources and reducing land pressure is 
facilitated by revealing the link between land pressure and its influencing factors. Most 
scholars use relatively simple methods to analyze the influencing factors qualitatively, 
such as expert consultations and empirical knowledge [24,25], whereas some scholars use 
traditional analysis methods to analyze the influencing factors quantitatively, such as 
principal component analyses, correlation analyses and regression analyses [26–28]. How-
ever, the imbalanced impacts of the temporal dimension and the geographical dimension 
are ignored by the conventional regression approach. Therefore, the spatial Durbin model 
[16], the barrier degree model [29,30], the geographic detector model [31,32], the geo-
graphically weighted regression model [33] and the spatiotemporal geographically 
weighted regression model [34] were used by researchers to analyze the influencing fac-
tors. 

Urban agglomerations, a result of economic development and urbanization, have in-
creased the pressure on land resources due to the influx of different demand drivers be-
tween cities [35], mainly in the form of excessive encroachment on land resources. Urban 
agglomerations are physically interconnected and city areas can be linked together in a 
variety of spatially interactive ways, including social, economic and energy elements [36]. 
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In this context, using the social network analysis method, we created a spatial corre-
lation network (SCN) of land pressure in 41 cities in the Yangtze River Delta region 
(YRDR) based on the pertinent research data. The specific objectives of this study were (1) 
to reveal the spatial network structure characteristics of land pressure, (2) to explore the 
transmission relationship among different cities and (3) to analyze the influencing factors 
of land pressure through the coupled center of gravity-GTWR model. Our findings serve 
as a foundation for advancing coordinated regional development, which is essential for 
reforming the utilization and development of land resources and persistently advancing 
their sustainable usage. 

2. Materials and Methods 
2.1. Study Area 

The YRDR (Figure 1), which contains 41 cities in the Shanghai, Anhui, Zhejiang and 
Jiangsu Provinces, is the most economically developed and highly concentrated region in 
China. The land area is approximately 186,800 km2 and the total resident population 
reached 232 million in 2020. The annual growth area of built-up land exceeded 700 km2 
from 1995 to 2020. 

 
Figure 1. Study area: (a) location of the Yangtze River Delta region (YRDR) in China. (b) The 41 
cities in the YRDR. The abbreviations of city names refer to previous studies [37]. 

2.2. Data 
The data utilized in this study primarily consisted of land use data, DEM data, nor-

malized vegetation index data, socioeconomic data and fossil energy consumption data. 
The land use data at a 30-m spatial resolution and the normalized vegetation index data 
at a 1-km spatial resolution were obtained from the Resource and Environmental Science 
Data Center of the Chinese Academy of Sciences (https://www.resdc.cn/ accessed on 15 
January 2022). The DEM data at a 90-m spatial resolution were obtained from the Geospa-
tial Data Cloud (http://www.gscloud.cn/ accessed on 20 January 2022). The socioeconomic 
data were obtained from the city- and province-level Statistical Yearbook and China 
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Urban Statistical Yearbook for the 41 cities. The fossil energy consumption data were ob-
tained from the city- and province-level Energy Statistical Yearbook, China Urban Con-
struction Statistical Yearbook, and China Energy Statistical Yearbook. 

2.3. Methods 
This study builds an SCN of land pressure in the YRDR using the modified gravity 

model to expose the transmission effects of land pressure. Based on the coupled center of 
gravity-GTWR model, we also examined the influencing factors of land pressure. An an-
alytical flowchart is shown in Figure 2. 

 
Figure 2. Flow chart of land pressure transmission effects and influencing factors from 1995 to 2020. 

2.3.1. Modified Gravity Model 
The spatial correlation matrix was the foundation for depicting the social network 

relationship of land pressure in the YRDR and the core of the social network analysis was 
to assess the strength of the spatial association network. In this study, the 41 cities in the 
YRDR were used as the network nodes. A directed SCN was created by building a total 
of 2503 spatial correlation groups of land pressure throughout six time periods: 1995, 2000, 
2005, 2010, 2015 and 2020. To describe the spatial relationship between the individuals, 
we mainly adopted two methods: the gravity model [38] and the vector auto-regression 
(VAR) Granger causality [39]. The dynamic evolution characteristics of the land pressure 
network structure cannot be described by the SCN based on the VAR model. Additionally, 
the model cannot study the cross-sectional data and is susceptible to time lag 
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requirements [20]. The law of gravity gave rise to the gravity model, which was originally 
employed in population geography analyses [40]. Scholars subsequently modified the 
gravity model as its use expanded and the modified gravity model is now extensively 
utilized in social, economic and geographical research [17,20,39]. On the other hand, the 
modified gravity model can be used to visualize the trend of the spatial connection using 
cross-sectional data and it has progressively grown into an important method for as-
sessing the strength of the spatial association and researching spatial relationships [41]. 
We added the GDP, population and land pressure scores to the original gravity model 
and introduced the parameter K to indicate the weight of land pressure in cities to depict 
the gravitational relationship of land pressure more intuitively across the cities in the 
YRDR. The SCN of land pressure in the YRDR was calculated using a modified gravity 
model as follows. 

×
= × i i i j j j

ij ij
ij

G Pl G Pl
R k

D

3 3

2  (1)

=
+

i
ij

i j

l
k

l l
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where ijR  is the spatial correlation intensity of land pressure from city 𝑖 to city 𝑗; iG and 

jG  are the GDP of the city i and j; iP  and jP  are the population of the city i and j; il

and jl  are the land pressure score of the city i and j. The land pressure score was based 

on 22 indicators that were chosen from the production, living and ecology aspects. The 
values of the indicators were translated into fuzzy evaluation scores using the fuzzy com-
prehensive evaluation method and the weights were created using the entropy weighting 
method (Table A1). ijD  represents the spatial distance between cities i and j, and ijk  re-

flects the contribution of land pressure from city i to city j. Equations (1) and (2) were used 
to calculate the spatial correlation matrix of the land pressure in the YRDR. When the 
spatial association strength was larger than the critical value, it was represented as 1, in-
dicating a strong influence between the cities. Otherwise, it was marked as 0, indicating 
no major effect between cities. The mean value in the matrix was used as the critical value 
[42]. 

2.3.2. Social Network Characteristics 
With the spatial correlation matrix of land pressure obtained in Section 2.3.1, the 

overall network, individual network and spatial clustering characteristics were examined. 
The overall network characteristics were used to explain the overall evolution character-
istics of the spatial network and it primarily referred to four indicators: network density, 
network connectedness, network hierarchy and network efficiency. The position and sig-
nificance of the node cities were described by the individual network characteristics, 
which primarily included the degree centrality, betweenness centrality and closeness cen-
trality. The CONCOR method was used in Ucinet 6.0 to implement the spatial clustering 
characteristics. For further explanations of the feature definitions, operation steps and for-
mulae of specific indicators, please refer to our previous studies [43]. 

2.3.3. Center of Gravity-GTWR Model 
Studies of land use patterns, urban evolution and the dynamic evolution of popula-

tion and economic development frequently use the center of gravity, which is the average 
spatial location of all the geographic features [44,45]. The center of gravity shift model is 
an important tool for describing the spatial organization of the cities because it can 
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objectively reflect the spatial concentration of regional factor development and its pattern 
of displacement. 

The spatial and temporal nonstationary problem is resolved by the geographically 
and temporally weighted regression model, which adds the time dimension to the geo-
graphically weighted regression model and overcomes the constraint that the model pa-
rameters cannot be estimated due to the limited amount of sample data [46]. 

In contrast to the traditional GWR model, the GTWR model demands different spa-
tial coordinates for the object of research at various time points. The greater coordinate 
overlap will cause the model findings to be closer to a linear regression analysis with the 
time dimension of the study [47]. As one of the key factors contributing to increasing land 
pressure, this study built a center of gravity-GTWR model by coupling the GTWR model 
with the center of gravity shift model for the built-up land. To explore the spatial and 
temporal variations of the land pressure influencing factors in urban agglomerations more 
scientifically, the weight shift model provided the spatial coordinates of the distribution 
of construction land over time and the GTWR model dealt with the spatial elements on 
this basis. 

The basic formula of the center of gravity-GTWR is as follows: 

( ) ( )β β ε= + +
q

t t t t
i i i i p i i i ip iY u ,v ,t u ,v ,t X0

1
 (3)

where Y and X are the independent variable and the dependent variable, respectively; 

( )β t t
i i iu ,v ,t0  is the constant term in the model; ( )t t

p i i iu ,v ,tβ is the regression coeffi-

cient of the explanatory variable p; ( )t t
i i iu ,v ,t are the spatiotemporal coordinates of unit 

i; q represents the number of factors, in this study q = 10; ipX represents the variable p 

data of unit i; εi is the random disturbance term; and t
iu , t

iv  and it  represent the lati-

tude, longitude and data time of gravity center, respectively. The calculations for t
iu  and 

t
iv  are as follows: 
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where t
mc is the area (km2) of the m-th patch in the year t, mu and mv  are the gravity 

center coordinates of the m-th patch and n is the number of the patches. 

The GTWR coefficients at ( )t t
i i iu ,v ,t can be expressed by introducing a space-time 

weight matric as follows: 

( ) ( ) ( )β
−

 =  
t t T t t T t t
i i i i i i i i i

ˆ u ,v ,t X W u ,v ,t X X W u ,v ,t Y
1

 (6)
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where ( )t t
i i iW u ,v ,t is the space-time weight matrix of the unit i, 

( ) ( )α α α= …t t
i i i i i inW u ,v ,t diag , ,1 2  and n is the number of observations. The diagonal 

element α ij  is the weight of the space-time weight function of the unit i at the observation 

unit j. X and Y are the matrices composed of the independent variables and dependent 
variables, respectively. TX is the transposed matrix of X. 

The choice of a spatial weight function forms the basis of the GTWR and the creation 
of a spatial weight matrix results in the spatial correlation of the data. The space-time 
geographic weighting model combines time and space by using the Gaussian function 
method to establish the space-time weight function and space-time distance [47]. 

( ) ( ) ( )λ μ = − + − + −  
ST t t t t
ij i j i j i jd u u v v t t

2 2 2
 (7)
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i
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ST
ij
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where ST
ijd  is the space-time distance between the unit i and the unit j; ST

ijw  is the influ-

ence weight of the unit j on the unit I; and 𝜆 and 𝜇 are the scale factors that measure the 
different effects of the spatial and temporal distances of the different measurement sys-
tems in this study, the ratio of 𝜆 to 𝜇 was set to 1; and STb is a parameter of the spatio-
temporal bandwidth. In order to obtain more accurate results, this study adopted an adap-
tive bandwidth based on the AICc criterion [48]. 

3. Results 
3.1. Overall Network Characteristics 

This study demonstrated that the SCN of land pressure has a network connectedness 
of 1, indicating high stability and that there are direct or indirect land pressure connec-
tions between the cities with strong transmission effects in the YRDR (Figure 3). The net-
work efficiency of the SCN of land pressure in the YRDR showed an overall weak increas-
ing trend from 0.6615 to 0.7090 during 1995–2015 and fluctuated during 2015–2020, de-
creasing to 0.7026 with a higher network efficiency, indicating an increase in the redun-
dant relationships in the network structure. The network density had a minor downward 
tendency from 1995 to 2020, the total network density was low, the connectivity between 
the cities was insufficient and there was still potential for further development. The net-
work hierarchy remained 0, meaning that there were no cities in the SCN of land pressure 
that had extreme dominance or extreme periphery and that all the cities were in a rela-
tively equal position. The total number of land pressure correlations in the YRDR exhib-
ited a varying downward trend, with the maximum correlation in 1995 being 434, which 
was significantly less than the theoretical maximum relationship of 1640 (41×40). This sug-
gests that there was room for improvement in the YRDR’s land pressure correlation, 
which was not very high. 
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Figure 3. The overall network characteristics in 1995, 2000, 2005, 2010, 2015 and 2020. 

To further investigate the development characteristics of the SCN of land pressure in 
the YRDR, this study constructed an SCN of land pressure in the YRDR based on the 
modified gravity model and visualized and analyzed the gravitational intensity data us-
ing ArcGIS 10.2 (Figure 4). We obtained a total of 1640 data points on the gravitational 
intensity of the SCN of land pressure and then analyzed the top ten cities in terms of the 
gravitational intensity in each of the years 1995, 2000, 2005, 2010, 2015 and 2020 (Table 1). 
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Figure 4. spatial correlation network (SCN) of land pressure in the YRDR in 1995, 2000, 2005, 2010, 
2015 and 2020. 
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Table 1. The List of the top 10 cities for land pressure network gravitational intensity in the Yangtze 
River Delta region (YRDR). 

City 1995 City 2000 City 2005 City 2010 City 2015 City 2020 
WX-SU 8271.77 WX-SU 11,457.29 WX-SU 22,076.94 SU-WX 37,191.92 SU-WX 49,064.48 SU-WX 66,530.36 
SU-WX 7848.91 SU-WX 10,815.96 SU-WX 20,829.12 WX-SU 36,521.96 WX-SU 47,432.02 WX-SU 64,054.35 
SH-SU 6554.31 SH-SU 9898.14 SH-SU 18,092.72 SH-SU 29,232.34 SH-SU 37,247.64 SH-SU 47,871.14 
SU-SH 5440.95 SU-SH 7838.94 SU-SH 14,295.09 SU-SH 24,845.38 SU-SH 32,779.03 SU-SH 45,428.34 
CA-ZJ 2958.17 XZ-SZ 4208.11 SH-NT 6904.63 CA-ZJ 11,884.37 XZ-SZ 17,684.42 XZ-SZ 21,834.24 
ZJ-CA 2942.87 SH-NT 4203.44 SH-JX 6831.47 XZ-SZ 11,275.40 CA-ZJ 17,192.10 CA-ZJ 20,955.38 
SH-NT 2858.60 SH-JX 4051.79 CA-ZJ 6728.25 WX-CA 11,135.58 SZ-XZ 16,549.96 SZ-XZ 20,336.91 
WX-CA 2710.67 CA-ZJ 4018.40 WX-CA 6690.89 SH-NT 11,066.87 ZJ-CA 15,586.60 WX-CA 20,043.53 
SH-JX 2691.21 ZJ-CA 3835.15 SH-WX 6454.53 ZJ-CA 10,721.01 NJ-ZJ 14,914.10 SH-NT 18,949.02 
SH-WX 2495.58 WX-CA 3720.19 ZJ-CA 6263.74 SH-JX 10,420.85 WX-CA 14,795.19 CA-WX 18,945.49 

The lowest value of the gravitational intensity of the SCN of land pressure had in-
creased from 0.75 to 21.20, expanding approximately 28.26 times. The highest value had 
increased from 8271.77 to 66,530.36, expanding approximately 8.04 times between 1995 
and 2020. As the gravitational intensity strengthened, the transmission effect of land pres-
sure became more and more obvious. The repetition rate of the city gravitational intensity 
in the top 10 ranking from 1995 to 2020 was up to 70% and the cities were primarily situ-
ated in SH and the Jiangsu Province, with fewer cities in Zhejiang and Anhui, only ZJ, JX, 
XZ and SZ. With the top 10 cities maintaining close connections to SH, SH had a strong 
central position. The inter-city connections were primarily between cities within the prov-
ince, with weaker connections between cities across the province. According to the natural 
breakpoint classification, we classified the gravitational intensity of land pressure into five 
levels, and the SCN strength of land pressure in the eastern YRDR was much higher than 
that in the western part. The spatial pattern gradually evolved into a three-axis develop-
ment pattern with SH-JX, SH-NT and SH-SU-WX-CA as the axes. Throughout the study 
period, the SCN of land pressure steadily grew stronger, displaying highly networked 
characteristics. The network level also gradually revealed the spatial structural character-
istics of small groups and pole-core diffusion. 

3.2. Individual Network Characteristics 
Three indicators—the degree centrality, closeness centrality and betweenness cen-

trality—were used to explore the individual characteristics of the SCN of land pressure in 
the YRDR. The results are shown in Figure 5 after the centrality indicators were normal-
ized. 
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Figure 5. The individual network characteristics of land pressure in the YRDR. DC_1995, CC_1995 
and BC_1995 represent the degree, closeness and betweenness centrality in 1995. 

Following the development trends, the degree centrality of NJ, HF, TA, CI and SQ 
was increasing and the degree centrality of HZ, QZ, LA, HN, MAS, NB, TZ, LS and SZ 
was constant, while the remaining cities were decreasing. The mean values of the degree 
centrality for the 41 study nodes (cities) in 1995, 2000, 2005, 2010, 2015 and 2020 were 37.07, 
34.02, 33.78, 33.53, 32.56 and 33.17, respectively, with a declining trend in the mean values 
of the degree centrality. When compared to the average value for the study period, the 
degree centrality for NJ, SH, SU, HZ, HF, CA, WX, CU, XC, WH, ZJ, YZ and HU was 
higher in each. These cities were primarily found in the eastern and central regions of the 
YRDR, which were more closely connected to the other cities in the network and played 
a significant role. The cities with a lower degree centrality included HB, LS, BZ, WZ, ZS 
and CI, which occupied the periphery of the SCN of land pressure and were unable to 
effectively absorb the factor spillover from the other cities or have a significant transmis-
sion impact on them. 

The closeness centrality of the majority of the cities throughout the research period 
ranged from 45 to 80, revealing a high efficiency of the overall SCN flow and a generally 
balanced network structure. In 1995, NJ, SH, YZ, SU and CU had a higher closeness cen-
trality. After 2000, NJ, SH and SU continued to have a higher closeness centrality, while 
HZ was added as a city with a higher closeness centrality. These five cities (NJ, SH, SU, 
HZ and CA) were in front of the other cities in terms of the closeness centrality as of 2010, 
when CA was added as a city with a strong closeness centrality. The findings are the same 
for the degree centrality and the betweenness centrality. These cities used the transmission 
effect of the spatial network of land pressure to swiftly establish connections with the 
other cities, maintain a strong presence in the network and also sustain a strong access to 
resources. 
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SH, YZ, NJ, CU and SU were the top five cities in 1995 for the betweenness centrality. 
Since 2000, NJ, SH, HZ and SU have continually been among the top five cities for the 
betweenness centrality. This demonstrates that these four cities are important as links and 
bridges in the SCN of land pressure in the YRDR, with the transmission of land pressure 
primarily centered on SH and exchanged among the economically developed cities of NJ, 
SU and HZ. ZS, TZ, WZ, HB and LS all had a betweenness centrality that was less than 
0.2, making them relatively less competitive, unable to absorb the factor overflow from 
the other cities and insufficiently connected to the other regions. Future exchanges and 
collaboration between these cities and other areas should be bolstered. 

3.3. Spatial Clustering Characteristics 
We used the spatial clustering method to divide the 41 cities in the YRDR into four 

blocks according to the attribute classification criteria of the blocks. Block I was the agent 
block, Block II was the bidirectional spillover block, Block III was the primary beneficial 
block and Block IV was the net spillover block (Table 2). This allowed us to better explore 
the clustering relationship, attribute relationship and transmission effect of each city in 
the SCN of land pressure in the YRDR. 

Table 2. Spillover effects of land pressure in the YRDR. 

Year Block 
Type 

Relationships 
Received 

Relationships 
Generated Expected Internal 

Relationship 
Actual Internal 
Relationship 

Inside Outside Inside Outside 
1995 I 57 126 57 123 25.00% 31.67% 
 II 72 89 72 126 27.50% 36.36% 
 III 10 130 10 65 15.00% 13.33% 
 IV 64 89 64 120 25.00% 34.78% 
2000 I 40 78 40 86 17.50% 31.75% 
 II 92 118 92 136 30.00% 40.35% 
 III 48 129 48 71 17.50 40.34% 
 IV 77 100 77 132 27.50% 36.84% 
2005 I 55 92 55 104 22.50% 34.59% 
 II 68 99 68 114 25.00% 37.36% 
 III 60 143 60 83 20.00% 41.96% 
 IV 64 85 64 118 25.00% 35.16% 
2010 I 56 92 56 105 22.50% 34.78% 
 II 66 97 66 110 25.00% 37.50% 
 III 60 141 60 83 20.00% 41.96% 
 IV 63 84 63 116 25.00% 35.20% 
2015 I 55 93 55 98 22.50% 35.95% 
 II 65 94 65 107 25.00% 37.79% 
 III 60 135 60 83 20.00% 41.79% 
 IV 61 81 61 115 25.00% 34.66% 
2020 I 49 92 49 88 20.00% 35.77% 
 II 76 102 76 123 27.50% 38.19% 
 III 59 134 59 82 20.00% 41.84% 
 IV 61 80 61 115 25.00% 34.66% 

The results from the six stages from 1995 to 2020 are depicted in Figure 6. YC and YZ 
migrated from the agent block to the bidirectional spillover block, LA migrated from the 
bidirectional spillover block to the agent block and TA migrated from the agent block to 
the primary beneficial block from 1995–2000. HN migrated from the bidirectional 
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spillover block to the agent block after 2000. FY became an agent block between 2005–2015 
and remained stable in the bidirectional spillover block for the rest of the period. It can be 
seen that, over time, each city’s attribute role in the SCN of land pressure was gradually 
clarified and the membership structure within each block was gradually and regionally 
stabilized. Eventually, the YRDR emerged with the eastern part serving as the primary 
beneficiary block, the southern part serving as the net spillover block, the western part 
serving as the agent block and the northern part serving as the bidirectional spillover 
block. The cities within the primary beneficiary block were situated at the center of the 
spatial network structure of land pressure. The developed economy of the city had a 
higher demand for resources and required the absorption of resources from the other cit-
ies to satisfy its demands. In addition to supplying resources to the other cities, the bidi-
rectional spillover block also absorbed resources from the other cities. Through the re-
source factor spillover, the cities in the net spillover block had a considerable feeding effect 
on the other cities in the network, relieving the land pressure in the other cities. With more 
frequent resource transfers with neighboring cities, the cities in the agent block acted as 
intermediary bridges in the SCN of land pressure. 

 
Figure 6. SCN block distribution of land pressure in the YRDR in 1995, 2000, 2005, 2010, 2015 and 
2020. 

We built a matrix of the SCN of land pressure based on the total network density of 
each year to further investigated the transmission effect among the blocks. If the value 
inside the block exceeded the total network density, it was assigned a value of 1. Other-
wise, it was given a value of 0 (Table 3). 
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Table 3. The block density and image matrix of land pressure in the YRDR. 

Year Block Number Density Matrix Image Matrix 
1995 I 0.518 0.129 0.455 0.116 1 0 1 0 
 II 0.326 0.545 0.131 0.000 1 1 0 0 
 III 0.182 0.000 0.952 0.143 0 0 1 0 
 IV 0.099 0.000 0.571 0.582 0 0 1 1 
2000 I 0.714 0.183 0.234 0.125 1 0 0 0 
 II 0.202 0.590 0.221 0.000 0 1 0 0 
 III 0.078 0.067 0.857 0.115 0 0 1 0 
 IV 0.125 0.000 0.448 0.583 0 0 1 1 
2005 I 0.611 0.218 0.156 0.100 1 0 0 0 
 II 0.182 0.618 0.263 0.000 0 1 1 0 
 III 0.067 0.071 0.833 0.101 0 0 1 0 
 IV 0.100 0.000 0.434 0.582 0 0 1 1 
2010 I 0.622 0.218 0.156 0.100 1 0 0 0 
 II 0.173 0.600 0.253 0.000 0 1 1 0 
 III 0.067 0.071 0.833 0.101 0 0 1 0 
 IV 0.100 0.000 0.424 0.573 0 0 1 1 
2015 I 0.611 0.200 0.122 0.091 1 0 0 0 
 II 0.173 0.591 0.232 0.000 0 1 0 0 
 III 0.067 0.071 0.833 0.101 0 0 1 0 
 IV 0.118 0.000 0.414 0.565 0 0 1 1 
2020 I 0.681 0.176 0.136 0.091 1 0 0 0 
 II 0.222 0.576 0.213 0.000 0 1 0 0 
 III 0.074 0.065 0.819 0.101 0 0 1 0 
 IV 0.131 0.000 0.414 0.555 0 0 1 1 

The transmission relationship between the blocks is shown in Figure 7. The bidirec-
tional spillover block had a transmission effect inside the block during the period 1995–
2020 but only had a transmission effect for the agent block in 1995 and the primary bene-
ficiary block in 2005 and 2010. The agent block had a transmission effect within the block 
as well as on the primary beneficiary block, the primary beneficiary block had a transmis-
sion effect on the internal block, the net spillover block had a transmission effect on the 
internal block and the primary beneficiary block also had a transmission effect within the 
block during the study period. The intra-block transmission relationship suggests that re-
source transfer between the cities within the block is active. 
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Figure 7. The transmission relationship between the blocks in (a) 1995, (b) 2000, (c) 2005, (d) 2010, 
(e) 2015 and (f) 2020. 
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3.4. Analysis of the Influencing Forces of Land Pressure in the YRDR 
Using the GTWR analysis module of ArcGIS 10.2 software created by Huang’s study 

[47–50], we entered the center of gravity coordinates into a geographically and chronolog-
ically weighted regression model (center of gravity-GTWR). The center of gravity-GTWR 
model was built with the primary goal of analyzing the spatial variation of the influencing 
factors on the 41 cities in the YRDR and exploring the extent of the impact. Based on the 
data of the impact factor indicators for the 41 cities in 1995, 2000, 2005, 2010, 2015 and 
2020, we built the model and obtained the regression coefficients of the various influence 
factors for each city over each year. There are numerous factors that influence land pres-
sure. According to the study of Li et al., marketization, industrialization, industrial up-
grading, spatial connectedness and technical innovation are significant factors impacting 
the high-quality utilization of land resources [51]. Punzo et al. argued that the main factors 
influencing land use are demographic characteristics, economic structure and institutional 
factors [52]. Zhang et al. determined that urban spatial expansion, population concentra-
tion, economic growth and residential consumption all have a substantial impact on the 
Yangtze River Delta urban agglomeration’s water–energy-food pressure system [53]. We 
chose indicators from five aspects, including urban spatial expansion, population status, 
economic development scale, resident consumption level and ecological status, based on 
the relevant research and data availability [27]. To avoid the influence of multicollinearity 
on the model, we used the correlation analysis method to test the multicollinearity of each 
explanatory variable and finally identified ten influencing factors (Table 4). 

Table 4. Potential influencing factors of land pressure in the YRDR. 

Variable Type Variable Factors Description 
Urban spatial ex-

pansion 
Urban development inten-

sity (%) X1 
Built-up land expansion 

speed 

 Land use structure (%) X2 The proportion of built-up 
land to the total area 

Population status Total population (104 peo-
ple) 

X3 Total population at the end of 
the year 

 
Population urbanization 

(%) X4 
Urban population to total 

population ratio 

Economic develop-
ment scale Industrial structure (%) X5 

The total output value of the 
secondary industry as a per-

centage of GDP 

 
External development level 

(%) X6 
The proportion of actual for-
eign capital utilization to the 

GDP 

Resident consump-
tion level 

Urban-rural income ratio 
(%) X7 

The proportion of urban per 
capita disposable income to 

rural per capita disposable in-
come 

 Social consumption (yuan) X8 Retail sales of social con-
sumption per capita 

Ecological status 
Carbon emission intensity 

(%) X9 
Carbon emissions as a per-

centage of GDP 

 
Normalized vegetation in-

dex X10 Normalized vegetation index 

The variance inflation factors (VIF) is a method to detect the multicollinearity among 
the independent variables and the results showed that the VIF of these ten influencing 
factors were all within 10 [54] (Table A2). Therefore, the multicollinearity has no 
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substantial influence on these ten influencing factors, allowing for a simultaneous model-
fitting investigation [55,56]. 

To further demonstrate the high fit of the model, considering both the temporal and 
spatial non-smooth characteristics, a comparison with six models (the center of gravity-
GTWR, center of gravity-GWR, GTWR, GWR, TWR and OLS) in R2 was selected as an 
auxiliary validation of the center of gravity-GTWR model. The auxiliary validation results 
in Table 5 show that R2 of the center of gravity-GTWR was 0.96. Compared to the center 
of gravity-GWR, GTWR, GWR, TWR and OLS, R2 was increased by 0.06, 0.02, 0.06, 0.15 
and 0.25, respectively (Table 6). The R2 of the center of gravity-GTWR and GTWR models, 
considering the temporal and spatial non-stationary characteristics, as well as the R2 of the 
center of gravity-GWR and GWR models considering the spatial non-stationary charac-
teristics, were all greater than or equal to 0.90, indicating a better fit. The R2 of these four 
models was greater than that of the TWR and OLS models considering only the temporal 
non-stationary characteristics. Therefore, when analyzing the influencing factors of land 
pressure in the YRDR, the center of gravity-GTWR model that comprehensively consid-
ered the spatial heterogeneity and the time dimension was more appropriate. 

Table 5. Auxiliary validation of the center of gravity-GTWR model. 

Indicator Model Type 
 Center of gravity-GTWR Center of gravity-GWR GTWR GWR TWR OLS 

R2 0.96 0.90 0.94 0.90 0.81 0.71 

Table 6. Model comparison assessment of the center of gravity-GTWR model. 

Indicator Model Comparison 

 
Center of gravity-
GTWR–Center of 

gravity-GWR 

Center of gravity-
GTWR–GTWR 

Center of gravity -
GTWR–GWR 

Center of gravity-
GTWR–TWR 

Center of gravity-
GTWR–OLS 

R2 0.06 0.02 0.06 0.15 0.25 

To prevent overfitting the model caused by too many independent variables, we pro-
gressively increased the independent variables in the gravity-GTWR model and evaluated 
the model’s performance by combining R2 and the AICc [57,58]. The AICc is a measure of 
a model performance that helps to compare the different regression models. A model with 
lower AICc values will fit the observed data better when considering the model complex-
ity. The AICc is not an absolute measure of the goodness of fit but is suitable for compar-
ing models that apply to the same dependent variable and have different explanatory var-
iables [48]. Table 7 demonstrates that the center of gravity-GTWR model’s R2 does not 
always increase as the number of independent variables increases. The R2 was 0.96 when 
the number of the independent variables was seven, dropped to 0.95 when it was eight, 
rose to 0.97 when it was nine and fell to 0.96 when it was ten. The AICc of the regression 
model established with the ten influencing factors was much lower than the AICc of the 
regression model established with the nine influencing factors. According to related re-
search [59], NDVI is more important for the study of land pressure influencing factors. 
Therefore, the X10 influence factor still remained. 

Table 7. Model performance with gradually increasing independent variables. 

 X1 X1–X2 X1–X3 X1–X4 X1–X5 X1–X6 X1–X7 X1–X8 X1–X9 X1–X10 
R2 0.64 0.79 0.85 0.91 0.93 0.93 0.96 0.95 0.97 0.96 

AICc −2306 −2443 −2497 −2556 −2511 −2492 −2405 −2477 −2310 −2418 

The various cities in the YRDR had different positive and negative correlations of the 
X1 factor with regard to land pressure. When there was a positive connection between the 
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influencing factor and land pressure, it suggested that the influencing factor facilitated 
land pressure and, when there was a negative correlation, it inhibited land pressure. The 
positively correlated impact range expanded from 1995 to 2005 and reached 68% of the 
cities in the YRDR in 2005, whereas the impact range and intensity rapidly decreased after 
2005. The cities with the highest levels of negative correlation were primarily located in 
FY, LA and HN. From 1995 to 2005, the influence of the negative correlation was reduced. 
After that, it progressively increased from the northern Anhui Province to the northern 
Jiangsu Province (Figure A1). HS was always the center of the negative correlation and 
the cities with a negative correlation gradually expanded to the HS–QZ–LS–WZ concen-
trated contiguous area during the study period. Meanwhile, a progressive expansion of 
the high-value region of the positive correlation impact of the X2 factor formed a dis-
persed distribution in the entirety of the Anhui Province, except for HS and XC (Figure 
A2). 

From LA and WH in 2000, the negative correlation of the X3 factor increasingly cov-
ered all the cities in the northeast and southwest regions of the YRDR. HS, HZ, QZ, JH, 
SX and LS gradually shifted from a high-value area of positive correlation impact to a 
negative impact. In the end, the provinces of Anhui and SH accounted for the majority of 
the high-value area of positive correlation impact changes (Figure A3). The influence of 
the X4 factor on land pressure is depicted in Figure A4. The X4 factor’s regression coeffi-
cients are both positive and negative, demonstrating that higher levels of urbanization in 
certain cities have a catalytic influence on rising land pressure while other cities experi-
ence the reverse inhibitory effect. In comparison to the X3 factor, the X4 factor had a 
stronger positive association with land pressure. The majority of the cities in the YRDR in 
1995 demonstrated a positive correlation between the X4 factor and land pressure, and 
the cities demonstrating a negative correlation were primarily centered in the eastern part 
of the region, demonstrating a weak to strong spatial pattern. The YRDR’s high southeast 
and the northwest spatial pattern was the result of the high-value area of the positive 
correlation impact from 1995 to 2020, steadily enlarging from a dispersed distribution. The 
influence of the X4 factor on land pressure progressively switched to a stronger positive 
correlation in the majority of the cities in the provinces of Anhui and Zhejiang over time 
and LYG, SQ, HA, YC, TA, ZJ, CA, WX and SU also gradually established a broad region 
of negative correlation. 

For each city in the YRDR, Figure A5 shows the distribution of the X5 factor regres-
sion coefficients for the various years. The distribution of the negatively correlated cities 
shifted from a belt-like agglomeration distribution in the southeast and northwest regions 
in 1995 to a piecewise agglomeration distribution in the northeast and south regions in 
2020, indicating that different cities in the YRDR have different correlations between in-
dustrial structure and land pressure. This relationship was considered to be highly vola-
tile. Some cities had positive regression coefficients for the industrial structure influencing 
factors. LYG, SQ, YC and TA sustained strong positive regression coefficients in 2005, 2015 
and 2020, showing that excessive industrial structure will worsen the growth in land pres-
sure. Some cities had negative industrial structure influencing factor regression coeffi-
cients, which means that increasing the proportion of secondary industry will decrease 
the city’s land pressure. WZ was a typical city that restructured its industrial structure to 
relieve the pressure on its land. The regional variance in the YRDR for the X6 factor’s 
impact on land pressure grew, the positive correlation suggested that an increase in the 
actual foreign capital had a catalytic influence on the growth of land pressure, whilst the 
contrary reflected an inhibitory effect (Figure A6). Geographically, the YRDR ‘s eastern 
and western regions were negatively correlated, whereas the middle portion was posi-
tively correlated. Up to 2020, 17 cities exhibited negative correlations between the X6 fac-
tor and land pressure, indicating a favorable interaction between the X6 factor and land 
pressure. 

With a strong spatial clustering and a strengthening trend of both positive and neg-
ative influences over time, the influence of the X7 factor on land pressure in the YRDR 
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changed from a positive correlation in 1995 to a spatial pattern of “positive correlation in 
the north and south and negative correlation in the center” in 2020 (Figure A7). The fact 
that X7 factors in certain cities progressively shifted from positive to negative suggests 
that the improvement in the urban-rural income ratio had a beneficial impact on the alle-
viation of land pressure. Cities with a positive X8 factor influence showed a falling trend, 
whereas cities with a negative X8 factor influence showed a rising trend (Figure A8). In 
1995, the X8 factor had a substantial impact on 39% of the cities in the YRDR, showing 
that social consumption had a larger range of influence on land pressure in the YRDR at 
this stage. HS, CI, TL, LS and WZ were the cities that were most favorably affected by the 
X8 factor from 2010–2020. The X8 factor shifted from a negative to a positive influence in 
CA, WX, AQ, LS and WZ, but had the opposite effect in BB, BZ, HB, HN, CU, HF, SX, TZ 
and ZS. 

The area with the highest positive impact of the X9 factor on land pressure had a 
triangular diffusion pattern with SH as the center and achieved the maximum growth area 
in 2020. In contrast, the area with the most negative impact progressively moved from 
central Jiangsu to northern Anhui (Figure A9). Among all the factors, the X10 factor had 
the widest range of variation in the intensity of the effect. After 1995, the region with the 
highest positive effect intensity steadily diminished and moved to the middle of the 
YRDR. The intensity of the X10 factor’s negative influence on WZ and AQ was significant 
from 1995 to 2010 but changed in FY and LYG after 2010 (Figure A10). 

4. Discussion 
4.1. Analysis of the Transmission Effects 

The geographic transmission of land pressure in the YRDR refers to the interchange 
of land pressure through direct or indirect channels between various urban nodes, creat-
ing a cross-regional spatial network structure. The connection of land pressure has trans-
cended geographical boundaries and the spatial correlation of land pressure exists not 
only between nearby cities but also between cities that are not next to each other [60]. With 
the Jiangsu, Zhejiang and Anhui provinces, Shanghai has a significant central position in 
the SCN of land pressure for the transmission of land pressure. The land pressure trans-
mission is mainly based on the cities in the province such as the “southern Jiangsu–north-
ern Jiangsu”, “eastern Zhejiang–western Zhejiang” and “southern Anhui–northern An-
hui”. This finding was consistent with the study of the industrial transfer in the YRDR by 
Jiang et al. [61]. With a propensity to transmit from the central cities to the periphery and 
the trait of cascade transmission, the land pressure was transmitted from developed cities 
to less developed cities. The study of Zhang et al. [62] also demonstrated that the YRDR’s 
core cities increasingly shift their conventional processing manufacturing businesses to 
the periphery cities to create space for industrial upgrades in the core cities. According to 
the study of Zhu et al. [63], Shanghai and Zhejiang had an excessive internal arable land 
pressure index due to a large amount of occupied arable land. However, after external 
pressure on arable land was introduced, the combined arable land pressure index in the 
economically developed regions decreased significantly. These studies demonstrate that 
while land pressure is rising in the YRDR’s central region, it is also transmitted to nearby 
cities through the transfer of industry and the pressure from agricultural land. The num-
ber of receiving relationships in SH, NJ, SU and WX was significantly higher than that in 
other regions. This difference was primarily attributed to these regions’ superior develop-
ment conditions, better infrastructure and high economic development levels, which re-
sult in stronger resource allocation and concentration factors. The number of the gener-
ated relationships for the 41 cities in the six stages was maintained around ten. Combining 
the results of a low network density, high network connectedness, low network hierarchy, 
high network efficiency and low network relationship number shows that land pressure 
transmission and cross-regional movement of superior urban resources result in a rela-
tively stable and balanced development of the YRDR ‘s spatial association structure. There 
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is still space available to strengthen the intra-regional cooperation in the reorganization 
of resources, energy, etc. for the production and life in the YRDR. This further indicates 
that each city should have better regional coordination and an overall transmission level 
of land pressure. 

With Shanghai as the center, the Nanjing, Hangzhou, Su-Xi-Chang and Hefei Eco-
nomic Zones also benefit from favorable geographic regions and develop into agglomer-
ation areas where the transmission effect occurs. This finding agrees with the study of Lin 
[64]. These cities, which are comparatively at the center of the network, have clear capa-
bilities for communication, control and influence within the SCN of land pressure. They 
can also quickly receive more economic, demographic and other resource elements from 
other cities and have more direct connections with those cities. As a result, we should fully 
exploit the demonstration and driving role of these transmission effect agglomeration ar-
eas, increase the land-carrying potential of the edge cities represented by HB, LS, BZ, WZ, 
ZS, CI and TZ and promote the rational spatial allocation of economic, social, resource 
and ecological factors. Meanwhile, the sustainable development of land resources under 
the integration of the YRDR is further planned by strengthening the collaboration between 
the resources and technology of the nearby cities and improving the geographical connec-
tion between the regions. Centrality demonstrates non-equilibrium in the geographical 
distribution, which is consistent with Shi’s findings [65]. The cities in the eastern YRDR 
with established economies and greater resource endowments, such as SH, SU, NT, TA, 
ZJ, CA, WX, HU and JX, have remained in the primary beneficial block of resource ab-
sorption and reception. The cities in the province of Zhejiang have remained in the net 
spillover block and exhibit resource spillover effects. Other cities in the bidirectional spill-
over block and agent blocks act as a “bridge” in the SCN of land pressure, facilitating the 
flow of the resource factors and the exchanges, as well as cooperation between the cities. 
The transmission effect of each plate is substantial and largely steady. Therefore, we 
should focus on monitoring the eastern cities in the YRDR with Shanghai as the core. Re-
garding the transmission of land pressure for these source cities based on the transmission 
relationship and characteristics of land pressure, we should enhance the systemic and ho-
listic nature of urban land use and realize the linkage development of land use in the ur-
ban clusters in the YRDR. 

4.2. Spatial and Temporal Differences in Driving Forces 
The YRDR has distinct geographical and chronological disparities in the influencing 

factors of land pressure as a result of unequal regional development and there are varia-
tions in the influencing factors’ strength and direction effects across the different regions 
[66]. Local decision-makers can benefit from an understanding of how land pressure var-
iables differ from city to city when planning and regulating land use [52]. Similar to the 
findings of Ma et al. [67], Wu et al. [68] and Yang et al. [59]on arable land pressure, re-
source and environmental carrying capacity and land carrying capacity, respectively, the 
YRDR’s land pressure is strongly influenced by the land use structure, population urban-
ization, urban-rural income ratio and normalized vegetation index. The correlation be-
tween the urban development intensity and land pressure shifts from primarily positive 
to primarily negative, whilst the carbon emission intensity does the reverse in the YRDR. 
While the total population factor and land pressure in the YRDR have decreased from 
uniform positive correlations to approximately 60.9% of cities, the connection between 
land use structure and land pressure has been primarily positive. Land pressure and the 
population urbanization rate are primarily positively correlated. However, the number of 
cities with negative correlations tends to decrease first and then increase. 

The industrial structure’s balance of the positive and negative correlations is essen-
tially intact, but both the intensity of the positive and negative correlations has increased. 
The connection between external development, urban-rural income ratio, social consump-
tion and land pressure is primarily favorable, although the number of cities with negative 
relationships is steadily growing. The expansion of the urban development intensity along 
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with the rapid regional economic growth has led to a continual shift in the direction of 
intensification in the use of urban land resources, which is beneficial for reducing land 
pressure [69]. The cities in the Anhui Province should fairly adjust their land use struc-
tures since this will increase their capacity for regional sustainable development and de-
crease land pressure. There is a need to better optimize the spatial distribution of the ur-
ban population and to direct urban population diversion through social security and pol-
icies since the total population contributes to land pressure. Although population urban-
ization contributes to an increase in land pressure to a certain extent, it also focuses more 
on enhancing the efficiency of land resource usage within the confines of limited land 
resources, which helps to relieve land pressure [70]. In contrast to the northwestern and 
southwestern parts of the YRDR, which have lower levels and a lower quality of popula-
tion urbanization and more careless use of land resources, the northeastern and central 
parts of the region focus more on the pattern of economical and intensive use of land re-
sources in the process of rapid urbanization, which helps to relieve land pressure. 

An unreasonably industrial structure will strain the available land and will not sup-
port the sustainable development of local urban land resources [71]. In order to further 
accomplish the transition from sloppy speed growth to an intense growth mode with co-
ordinated development of efficiency and speed, it is still important to continually improve 
and restructure the industrial structure. Increased external development levels can en-
hance money, technology and other variables that promote the development of land re-
sources, improving the level of sustainable development of urban land and reducing land 
pressure [72]. The increase in land pressure can be effectively prevented by reducing the 
gap between urban and rural areas, consistently promoting the equalization of the public 
service capacity between urban and rural areas and optimizing the allocation pattern of 
cultural, medical and educational resources in urban and rural areas. In economically less 
developed countries, social consumption levels are growing, leading to higher resource 
consumption and increased land pressure. In economically developed regions, the contri-
bution of social consumption to land pressure is declining. The YRDR’s key areas are 
gradually being affected by both the influencing factors of carbon emission intensity and 
NDVI, so more funding should be apportioned for environmental treatment and ecologi-
cal protection as well as the development of green and ecological industries. 

4.3. Innovations and Limitations 
Research on the transmission effects of land pressure in the YRDR is currently scarce. 

Using a modified gravity model, this study identified the SCN of land pressure in the 
YRDR in 1995, 2000, 2005, 2010, 2015 and 2020. We also examined the overall network 
characteristics, the individual network characteristics and the spatial clustering character-
istics of the SCN of land pressure and investigated the transmission effects of land pres-
sure among the cities as an exploratory addition to the research on land pressure trans-
mission in the region. Furthermore, this study built a center of gravity-GTWR model to 
interpret the influencing factors of land pressure in the YRDR over 25 years. This model 
revealed the spatial and temporal differences in the influencing factors of cities at the dif-
ferent development stages, and this provided some reference for promoting the sustaina-
ble use of land resources in the YRDR. Our study showed that the gravity-GTWR model 
can be used to analyze the factors that influence the land pressure in the YRDR. However, 
more research is required to determine the appropriate parameter ratios for the temporal 
and spatial dimensions, to maximize the model’s bandwidth and to determine the best 
time step units. The impact of additional influencing factors, such as the level of technol-
ogy on land pressure and other factors, were not considered in the study of the influencing 
factors, which needs to be improved in future studies. 
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5. Conclusions 
The problem of land pressure is prominent in the Yangtze River Delta region (YRDR) 

and the study of the land pressure transmission effects and the influencing factors provide 
a foundation for promoting the coordinated development of land resources. This study 
explored the structural characteristics of the spatial correlation network (SCN) of land 
pressure in the YRDR in 1995, 2000, 2005, 2010, 2015 and 2020 based on a modified gravity 
model to analyze the overall network characteristics and the individual network charac-
teristics of the spatial network of land pressure in the region and to explore the role of 
each city in the network. From a geospatial perspective, the clustering connection and 
attribute roles of each city in the SCN of land pressure were further studied, revealing the 
transmission effects of land pressure in the YRDR. To further illuminate the regional and 
temporal evolution and divergence patterns of the factors influencing land pressure in the 
YRDR, a coupled center of gravity-GTWR model was developed. The key findings and 
main conclusions are as follows. 
• The network density decreased by 5.97%, the network efficiency increased by 6.21%, 

the network correlation remained constant at 1 and the network efficiency remained 
constant at 0 from 1995–2020, indicating that the spatial correlation structure of land 
pressure in the YRDR was relatively stable and showed a balanced development. 
However, the regional coordination and overall transmission level still need to be 
improved. It is crucial to consider the prominent bridging functions of Nanjing, 
Shanghai, Suzhou, Hangzhou and Changzhou when establishing a land pressure 
transmission mechanism to reduce land pressure from a more comprehensive re-
gional synergy. 

• The geographical boundaries were disrupted by the YRDR’s transmission effect of 
land pressure and there was a tendency for spreading from the core city to the pe-
riphery and the characteristic of cascade transmission. The eastern cities of the YRDR 
absorbed resources from the other cities to meet their own needs. The southern cities 
relieved the land pressure of the other cities through the overflow of resource ele-
ments. The YRDR’s western and northern cities acted as bridges in the spatially 
linked network of land pressure, facilitating the flow of resource elements and inter-
city exchanges and cooperation. 

• The coupled gravity-GTWR model’s R2 was 0.96 higher than that of the other regres-
sion analysis models, demonstrating the model’s applicability in the study of the in-
fluencing factors for land pressure. The land pressure influencing factors in the 
YRDR had obvious spatial and temporal differences, with various cities showing var-
ying intensities and action directions of the influencing factors. 
Our findings serve as a guide for the spatial network characteristics of land pressure, 

offer more spatial transmission routes to reduce regional land pressure and enhance the 
synergy and interconnection of sustainable land resource development in the YRDR. Fur-
ther research is required to determine whether comparable transmission characteristics of 
urban land pressure exist for the various study scales. Moreover, further study is required 
to explore the land pressure development trend and the optimization path in the YRDR 
under the various development scenarios. 
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Appendix A 

Table A1. Land pressure score evaluation index system. 

Dimensions Index Layer Weight Dimensions Index Layer Weight 
Production 
pressure 

Fertilizer application inten-
sity (t·m−2)  

0.0438 Living pressure Population density (peo-
ple·km−2) 

0.0328 

Pesticide application inten-
sity (t·m−2) 

0.0509 Natural population growth 
rate (%) 

0.0255 

The modified cropland 
pressure index 

0.0959 Built-up land area (m−2)  0.0447 

Cropland area (m−2)  0.0104 Urbanization level (%)  0.0321 
Producible land area per 
capita (people·m−2)  

0.0094 Water pressure index  0.0326 

Gross domestic product (104 
yuan)  

0.0988 Population pressure on 
built-up land (people·km−2)  

0.0463 

Ecology pres-
sure 

Carbon sink pressure index 0.1098 Slope (°) 0.1137 
Amount of meat (people−1)  0.0456 Per capita net income of 

farmers (yuan)  
0.0441 

Grass area (m−2)  0.0077 The ratio of urban and rural 
per capita disposable in-
come  

0.0277 

Ecological service value 
(yuan·ha−2)  

0.0104 Number of beds in health fa-
cilities (104 people−1)  

0.0409 

Water area (m−2)  0.0066   
Industrial SO2 emissions (t) 0.0703   

Table A2. Variables of the covariance diagnosis in 1995, 2000, 2005, 2010, 2015 and 2020. 

Variables 1995 2000 2005 2010 2015 2020 
X1 1.87 1.67 3.06 2.01 2.37 1.71 
X2 2.32 2.29 1.97 2.88 4.01 3.80 
X3 1.25 1.58 1.51 2.13 2.17 2.65 
X4 2.30 3.13 6.01 6.24 4.67 5.13 
X5 1.85 2.22 2.97 2.44 2.29 2.66 
X6 2.36 4.54 2.64 2.11 1.43 1.35 
X7 1.94 1.81 2.16 2.16 1.42 1.84 
X8 2.95 2.55 7.20 7.44 5.70 8.69 
X9 2.11 2.41 1.73 2.05 1.68 1.82 

X10 2.14 3.48 2.99 5.43 4.16 6.15 
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Figure A1. Spatial distribution of the regression coefficients of the urban development intensity. 

 
Figure A2. Spatial distribution of the regression coefficients of the land use structure. 

 
Figure A3. Spatial distribution of the regression coefficients of the total population. 
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Figure A4. Spatial distribution of the regression coefficients of the population urbanization. 

 
Figure A5. Spatial distribution of the regression coefficients of the industrial structure. 

 
Figure A6. Spatial distribution of the regression coefficients of the external development level. 
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Figure A7. Spatial distribution of the regression coefficients of the urban-rural income ratio. 

 
Figure A8. Spatial distribution of the regression coefficients of the social consumption. 

 
Figure A9. Spatial distribution of the regression coefficients of the carbon emission intensity. 
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Figure A10. Spatial distribution of the regression coefficients of the normalized vegetation index. 
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