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Driving force analysis and multi-
scenario simulation of landscape
ecological risk in the Jianghan
Plain, China

Heng Liu?, Lu Zhou' & Diwei Tang'™*

As a key food production base, land use changes in the Jianghan Plain (JHP) significantly affect the
surface landscape structure and ecological risks, posing challenges to food security. Assessing the
ecological risk of the JHP, identifying its drivers, and predicting the risk trends under different scenarios
can provide strategic support for ecological risk management and safeguarding food security in the
JHP. In this study, the landscape ecological risk (LER) index was constructed by integrating landscape
indices from 2000 to 2020, firstly analyzing its spatiotemporal characteristics, subsequently identifying
the key influencing factors by using the GeoDetector model, and finally, simulating the risk changes
under the four scenarios by using the Markov-PLUS model. The results showed that: (1) Cropland

was the dominant land use, and the most significant decreases and increases occurred in cropland

and built-up land, respectively. The primary land use conversion was cropland to built-up land and

the interconversion of cropland and water body. (2) LER exhibited a trend of initially increasing and
subsequently decreasing, and the risk levels were predominantly medium and higher. The spatial
pattern was high in the southeast and low in the central and northern areas. (3) The spatiotemporal
patterns of LER resulted from the combined effect of multiple factors and were mainly influenced by
the natural environment, of which the NDVI was the first dominant factor. (4) The land use intensity
was higher in the natural and economic development scenarios than in the cropland and ecological
protection scenarios, and the predicted LER in 2030 was higher in the former than in the latter two.
These findings are important for formulating scientific and reasonable land use planning and ecological
risk management strategies to balance economic growth and ecological preservation and maintain
food security and ecological sustainability in the JHP.
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Ecological risk pertains to the adverse effects of alterations in the natural environment or disruptions caused
by human activities on ecosystem structure and function'2. Land use/cover change (LUCC) is a significant
manifestation of the interaction between humans and nature®-, which can directly display landscape pattern
characteristics and reflect regional ecological environment changes’®. LUCC has been proven to be linked
to land degradation'®, biodiversity loss'"!2, and reduced ecosystem services'?, serving as an important factor
inducing ecological risks and providing a crucial perspective for ecological risk research. Over the past 60 years,
nearly 32% of the global land surface has experienced changes in land use!?, which have profoundly changed
the surface landscape, caused significant interference to ecosystem structure and function, led to a significant
increase in ecological risks, and threatened the harmonious coexistence between humans and nature!>17,
Therefore, evaluating ecological risks associated with LUCC has emerged as a pivotal concern that demands
immediate attention to foster sustainable development.

There are two main models for ecological risk assessment!®!°. The first model operates within the research
framework of “risk source-risk receptor-risk impact,” assessing potential ecological risks by establishing an
indicator system?. It primarily emphasizes environmental hazards stemming from pollutants. For example, this
framework has been applied to evaluate the ecological risks posed by heavy metal pollution in the sediments
of Lake Mainit in the Philippines®! and to create ecological risk maps for heavy metals in agricultural soils in
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Dhaka?2. The second model relies on the landscape ecology theory, utilizing various landscape pattern indices to
construct a landscape ecological risk (LER) index to characterize the distribution of risks?*-%°. It emphasizes the
adverse ecological effects arising from the interaction between landscape patterns and ecological processes under
external disturbances and exhibits significant spatiotemporal heterogeneity and scale effects'®!°. Compared
with the first model, LER assessment breaks through the limitation of characterizing regional risks with specific
natural risks (such as heavy metal pollution) and can comprehensively evaluate various potential ecological
threats and their cumulative risks?6-2%, In addition, LER is based on land use and is particularly well-suited for
assessing ecological risks arising from LUCC.

LERis currently widely used in regional ecological risk assessment, and the research focuses on spatiotemporal
distribution and influencing factors**-3l. For example, Karimian et al.’? revealed the spatiotemporal
characteristics of ecological risks in the Dongjiang River, they concluded that its spatial distribution has apparent
spatial dependence. Gao et al.** used multi-scale geographically weighted regression to reveal the ecological risk
response to changes in terrain gradient. Liu et al.!? delineated ecological zones based on ecosystem services and
LER. However, there are still some shortcomings in the research on LER: (1) Most research endeavors focus on
ecologically fragile zones or regions with prevalent human activities, and less attention has been paid to areas
where food production is the dominant function. The swift expansion of urban and suburban areas has resulted
in the significant encroachment of land dedicated to agricultural production, causing drastic land use changes
in the main food production areas. Accordingly, the ecological risk situation has changed, threatening the stable
supply of food in the region. (2) The existing research on LER influencing factors mainly focuses on quantifying
a single factor, lacking the quantification of the combined effect of multiple factors. The GeoDetector model
(GDM) can quantify both the individual contribution of a single factor and the interplay between two factors in
influencing the dependent variable. Few studies use GDM to quantify the contribution rate of factors to LER. (3)
Previous research efforts have predominantly concentrated on assessing current ecological risks, with insufficient
attention to forecasting future ecological risks. However, using high-precision models to simulate future land use
and generate ecological risk maps can significantly aid in refining land use management strategies.

The Jianghan Plain (JHP) is a crucial commercial grain base in China, where rice, cotton, and oilseed rape
are the primary crops cultivated. Due to the numerous lakes, aquaculture is more developed. However, during
the early stages of its development, the JHP faced a notable challenge: a high population density relative to
the available land resources®. There was a large-scale phenomenon of enclosing lakes for reclamation, which
seriously damaged the eco-environment of the lakes and aggravated the ecological pressure. In recent years, land
remediation and ecological protection policies have effectively restored the area and ecological functions of the
lakes in the JHP. Additionally, the slowing population growth and the significant migration of rural residents
for work have alleviated the tension between humans and land to a certain extent. However, despite these
improvements, the ecological issues of the JHP have received insufficient attention, and there needs to be a more
quantitative spatial representation regarding ecological risks. Based on this, this study takes JHP as the research
object and uses multi-source data with the aim of (1) revealing the spatiotemporal distribution characteristics of
LER from 2000 to 2020, (2) quantifying the influencing factors of LER and (3) multi-scenario simulation of LER.

Study area and data sources

Study area

The JHP is located in the south-central part of Hubei Province, with a geographical location of 29°26'-31°54" N,
111°14'-141°13" E (Fig. 1). It covers 19 county-level administrative regions, including Jingzhou, Shashi, Jiangling,
Gongan, Jianli, Shishou, Honghu, Songzi, Xiantao, Tianmen, Qianjiang, Caidian, Hanchuan, Yingcheng,
Shayang, Jingshan, Zhongxiang, Zhijiang, and Yicheng, with a land area of approximately 38,700 km? Regarding
natural conditions, JHP has a subtropical monsoon climate, which is suitable for growing rice, cotton, and other
crops. JHP is rich in water resources, with the Yangtze River and the Hanjiang River running through the whole
region, and there are more than 300 lakes, such as Honghu Lake and Changhu Lake. The regional terrain is flat,
with an altitude of -5~1206 m and an average elevation of 61 m. The areas with higher altitudes are mainly
Dahong Mountain in the northeast and the Western Hubei Mountains in the southwest. Regarding the social
economy, in 2021, the GDP was 93.11 billion RMB, the total population was 12.99 million, and the urbanization
rate was approximately 56.48%. Also, the total agricultural output value reached 203.36 billion RMB with a total
sown area of 22.15 thousand hectares and a total crop output of 23.33 million tonnes.

Data sources

This study used various raster and vector data, including land use, socioeconomic, and meteorological et al.
(Table 1). All data were defined with the same projection and resolution (100 m), and data processing was
performed in ArcGIS 10.7 and Python 2.7.

Methods

Study framework

The flow chart of this study is shown in Fig. 2, which mainly includes the following steps: (1) Based on the land
use data and the divided risk evaluation unit, construct the LER evaluation model containing multiple landscape
indices, spatially visualize the ecological risk of JHP from 2000 to 2020, and analyze its distribution pattern
using spatial autocorrelation. (2) Select influencing factors from multiple dimensions and use GDM to detect
the contribution of individual factors and the interaction of two factors to the spatial differentiation of LER. (3)
A variety of development scenarios were designed, and the Markov-PLUS model was used to simulate land use
changes under different scenarios and predict the spatial distribution of LER in 2030.
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Fig. 1. Location of the Jianghan Plain. Note Map was generated by ArcGIS 10.7.1 (https://www.esri.com).

Land use 2000, 2010, Th§ spatial resolution is 30 m, and the land use types include cropland, woodland, grassland, water body, 1;;1?;’;?%2?:;:;’5 fxﬁr?}f:g)s: //
2020 built-up land, and unused land.
www.resdc.cn/)
Socioeconomic | 2000, 2010, Includes GDP, population density, and nighttime light raster data with a spatial resolution of 1000 m Same above
raster data 2020 > POP ’ 8 8 P ;
Iglitleorological %ggg’ 2010, | 1cludes average annual temperature and annual precipitation raster data with a spatial resolution of 1000 m. | Same above
Digital elevation 2000 It was used to extract the elevation with a spatial resolution of 90 m. Slope data was further acquired using Geospatial Data Cloud (https://
model ArcGIS’s Slope analysis tool. www.gscloud.cn)
2000, 2010, | NDVI was calculated in Google Earth Engine using Landsat imagery, and then the maximum value synthesis . .
NDVI 2020 method was used to obtain annual NDVIL. https://earthengine.google.com/
Extracted from China’s 1:1 million Basic Geographic Information Data, including administrative boundaries, | National Catalogue Service for
Vector data 2021 roads, settlements, and rivers. The distance raster data were generated using the Euclidean distance analysis Geographic Information (https:/
tool of ArcGIS. /www.webmap.cn)
Statistical data | 2021 Statistical yearbook for counties Hubei Province Statistics Bureau
¥ (https://tjj.hubei.gov.cn/)
Table 1. Data used in this study.
LER assessment
Division of LER assessment units
The scientific division of risk assessment units is essential in regional LER assessments and spatial visualization.
The average patch area in the JHP in 2000-2020 is 2.14 km? so a 3 km x 3 km grid was used based on the
principle that a grid is 2 to 5 times the average patch area®. Finally, the JHP was divided into 4600 evaluation
units using the Fishnet Tool of ArcGIS (Fig. 3), considering the region size, landscape spatial heterogeneity, and
patch area.
LER index
This study constructed an LER index based on the area percentage of landscape types and the landscape loss
index (LLI)?%3:
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Fig. 2. The flowchart of this study.

N

LER), = Z i’:

i=1

(1)

where LER, and A, denotes the LER value and the total area of the k-th evaluation unit, respectively; N denotes
the number of landscape; A ” and LLI i denotes the area and LLI of the i-th landscape in the k-th evaluation unit,
respectively.
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Fig. 3. Division of LER assessment units. Note Map was generated by ArcGIS 10.7.1 (https://www.esri.com).

Index Formula Meaning
Landscape fragmentation index | C; = ki Indicates the fragmer.ltation degree of the landscape, reﬂgcting the complexity of its
Aki spatial structure. C,; is the fragmentation degree, and n,, is the number of patches.
Lo T g Indicates the separation degree of the patch distribution in the same landscape. N, is
__A [ Pk P 8 P pe. [Ny,
Landscape separation index Nii = 2AL; A the separation degree, and A is the total area. '

Indicates the importance of patches in the landscape. Q,, M, and L,; denotes

i i _ Qrit My, K
Landscape dominance index Dri = P + frequency, density, and proportion, respectively.

Landscape disturbance index LDIy; = aCps + bNwi + ¢Dys Indicates the disturbance degree of different landscape types. a=0.5, b=0.3, and

c=0.2.
Indicates the sensitivity of different landscapes to external disturbances. Referring
Landscape vulnerability index Normalize after assigning values to to relevant research *! and assigning values in combination with the actual, unused
peV Y different landscape types land =6, water body = 5, cropland =4, grassland = 3, woodland = 2, and built-up
land=1.
Landscape loss index LLIn = LDy X LVIu: Indicates the difference in the ecological loss of various landscapes when disturbed. It

combines the disturbance degree and vulnerability index of a specific landscape type.

Table 2. The calculation formulas for LLI.

The LLI encompasses two key components: the Landscape Disturbance Index (LDI) and the Landscape
Vulnerability Index (LVI). The LDI provides insight into the extent to which external disturbances impact
various landscape while the LVI assesses the stability and resilience of these ecosystems in response to such
disturbances. The calculation formulas are shown in Table 2374

First, the corresponding landscape index was calculated grid by grid using the Fragstats software, and then
the LER value was calculated step by step according to the formula. Finally, the corresponding LER value was
assigned to the center point of the risk assessment unit (Fig. 3), and the LER results were spatially visualized
using the Ordinary Kriging (OK) interpolation in ArcGIS.

Spatial autocorrelation analysis

Spatial autocorrelation analysis is a statistical method for evaluating the spatial distribution patterns of variables
by examining the relationship between their spatial locations and attribute similarities*2. This study used spatial
autocorrelation analysis in the GeoDa software to analyze the evolution of spatiotemporal patterns of LER in the
JHP, including global and local spatial autocorrelation, and identified the spatial correlation of LER from global
and local perspectives, respectively. The calculation formula is:
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where I, and [, are the global and local Moran index, respectively; # is the number of spatial units; x; and x; are
the LER values of the i-th and j-th spatial units, respectively; Z is the average value of LER; W is the spatial
weight matrix.

The GeoDetector model

GDM is an essential method for detecting spatial heterogeneity*>*4. The method has two advantages: first, the
factor detector can quantify the explanatory power of each factor, and second, the interaction detector can
determine whether two factors have an interaction and its strength and type. The factor detector is calculated
as follows*%:

L

1

4=1- 55> Mo, @
h=1

where g is the explanatory power, g€[0, 1]; h is the stratification; N, and N are the numbers of units in the layer h
and the whole area, respectively; 0*h and ¢” are the Y-value variance of layer & and the whole region, respectively.

The interaction detector process was as follows: first, the g-values g(X1) and q(X2) were calculated for the
single factor X1 and X2, respectively, according to Eq. (4); then, the g-values g(X1nX2) were calculated for bi-
variate interaction, and q(X1), g(X2) and q(X1nX2) were compared.

This study selected 12 influencing factors (Fig. 4) from the natural environment (X1-X5), accessibility (X6-
X9), and socio-economic dimensions (X10-X12). The GDM factor detector was used to measure the relationship
and degree of influence between each factor and LER. The interaction detector analyzed the impacts of two
factors together on the LER. The LER value for each grid calculated in Section “Division of LER assessment
units” was selected as the dependent variable, the average value of each factor within the grid was used as the
independent variable, and the “GD” package® in R software was used to execute the GDM.

Markov-PLUS model

The Markov model can predict quantitative land-use changes, while the PLUS model can spatially simulate land
use. By combining the strengths of both models, the coupled Markov-PLUS model can simulate changes in land
use both spatially and temporally. This study has developed four scenarios to simulate land use in 2030 and
predict the LER, which will serve as a reference for future ecological risk management.

Multi-scenario design

The Markov model is a stochastic process that describes the transition probability from one state to another.
The transfer probability matrix between multi-year land-use states can be used to predict future land use
quantity. Modifying the transfer probability matrix makes it possible to predict land use demand under different
scenarios. Based on the current land use situation in the JHP and related studies*>*’~%, the following four
scenarios were designed:

(1) Natural development scenario (NDS): This scenario is based on the land use change pattern from 2010 to
2020. It does not consider the restrictive impact of any planning policy on land use change, keeps the trans-
fer probability of each land use type unchanged, and uses the Markov model to predict the demand for each
type of land use in 2030. This scenario is a reference scenario.

(2) Economic development scenario (EDS): Based on NDS, this scenario emphasizes the importance of eco-
nomic growth and the continuous growth of construction land. The conversion probability of cropland,
woodland, grassland, water body, and unused land to built-up land increases by 20%, respectively. Spatially,
the conversion of built-up land to other land types is prohibited.

(3) Cropland protection scenario (CPS): This scenario emphasizes cropland protection to ensure food security.
The conversion probability of cropland to built-up land is reduced by 30%, and the permanent basic farm-
land is used as a restricted layer. At the same time, considering that cropland occupied many water body
from 2010 to 2020, the conversion of cropland to water body is restricted, and the transfer probability is
reduced by 10%.

(4) Ecological protection scenario (EPS): This scenario takes ecological environmental protection as the prima-
ry goal, restricts urbanization, and transforms land to a more natural state. The probability of woodland and
grassland being transferred to built-up land and cropland is reduced by 20%, and the probability of water
body being transferred to all land types is reduced by 20%. Spatially, the transfer of woodland, grassland,
and water body is restricted, and the ecological red line is used as the restriction layer.
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Fig. 4. Spatial variables influencing LUCC in the Jianghan Plain. Note Map was generated by ArcGIS 10.7.1
(https://www.esri.com).

PLUS model

The PLUS model consists of two modules®!: the land expansion analysis strategy (LEAS) and cellular automata
based on multi-type random patch seeds (CARS). The LEAS module extracts LUCC data from two periods for
sampling purposes. It employs the random forest algorithm to compute transition probabilities for various land
types and determine driving factors’ contribution rates. On the other hand, the CARS module integrates random
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: : 0
I Cropland ® Woodland @ Grassland B Water body B Built-up land®™Unused land |

2000~2010

Year Cropland | Woodland | Grassland | Water body | Built-up land | Unused land
2000 25962.44 | 5236.51 154.66 4757.87 2363.09 199.22
2010 24718.07 | 5276.94 159.77 5586.35 2731.85 200.81
2020 24848.83 | 5200.11 156.42 5270.47 3005.00 192.96
2000-2010 | -1244.37 40.43 5.11 828.48 368.76 1.59
2010-2020 130.76 -76.83 -3.35 -315.88 273.15 -7.85
2000-2020 | -1113.61 -36.40 1.76 512.6 641.91 -6.26

Table 3. LUCC statistics (unit: km?).

(a) Land use maps

(b) Land use transfer

2010~2020 2000~2020

Fig. 5. LUCC in the Jianghan Plain. Note Map was generated by ArcGIS 10.7.1 (https://www.esri.com).

seed generation with a threshold decrement mechanism to simulate LUCC based on the calculated transition
probabilities. For more details see the literate 51.

First, the 12 spatial variables (Fig. 4) and LUCC data were input into the LEAS to calculate the transition
probability for each land use. Second, spatial changes in land use were simulated using the CARS by combining
parameters such as the number of demands for each type predicted by the Markov model, neighborhood factors,
and constraints. The change area for each land use was used to set the neighborhood weight parameters for the
different scenarios®?, with values in the range [0, 1], where higher values indicated greater expansion capacity
for that land use type.

Results and analysis

The characteristics of LUCC

Regarding the composition and spatial distribution of different land use (Table 3; Fig. 5a), the dominant land
use was cropland, which accounted for more than 63% and was widely distributed throughout the region. The
second was woodland, which accounted for approximately 13% and was mainly distributed in the Dahong
Mountains in the northeast and the Western Hubei Mountains in the southwest. Next was water body, which
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accounted for approximately 12%, mainly the Yangtze River, Hanjiang River, and Honghu Lake in the southeast.
The percentage of built-up land was approximately 7%, which was more concentrated in Jingzhou, Caidian,
Xiantao, and Zhongxiang. Grassland was small and scattered, and unused land was mainly distributed along the
Yangtze River in Jianli, Shishou, and Honghu.

Regarding the land use transfer (Table 3; Fig. 5b), the main types from 2000 to 2010 were cropland to water
body (1051.74 km?) and built-up land (429.65 km?). Except for cropland, which decreased by 1244.37 km?,
the other increased to varying degrees, of which water body and built-up land increased by 828.48 km? and
368.76 km?, respectively. From 2010 to 2020, the transfer accelerated, and the main types were water body
to cropland (692.95 km?) and cropland to built-up land (628.25 km?). Except for cropland and built-up land,
which increased by 130.76 km? and 273.15 km?, respectively, the other decreased, among which water body
and woodland decreased by 315.88 km? and 76.83 km?, respectively. From 2000 to 2020, the leading types were
cropland to built-up land (739.29 km?) and water body (694.31 km?). The cropland decreased by 1113.61 km?,
while the built-up land and water body increased by 641.91 km? and 512.60 km?, respectively.

The spatiotemporal characteristics of LER

Spatiotemporal variation and transfer characteristics of LER

The LER values in 2000, 2010, and 2020 ranged from 0.195 to 0.735, 0.159 to 0.722, and 0.173 to 0.780, with
mean values of 0.439, 0.442, and 0.441, respectively. Taking 2020 as the reference year, the LER was classified into
five levels: lowest risk (LER <0.325), lower risk (0.325<LER <0.397), medium risk (0.397 <LER <0.447), higher
risk (0.447 <LER <0.492), and highest risk (LER>0.492). The risk levels were mainly medium and high, with
ecological risks that increased and then declined.

As shown from the distribution map of LER levels (Fig. 6a), the spatial patterns of LER were similar across
the three periods of the JHP, with overall high values in the southeast and low values in the central and northern
parts. The highest risk was mainly distributed in the southeast, where the land use was predominantly water.
On the one hand, water body have high vulnerability; on the other hand, however, the area was mainly used for
aquaculture with a high level of human intervention. Combined with a high landscape fragmentation, the highest
ecological risk areas were clustered. A large cropland area was distributed in the central region, and the land
use type mainly stayed the same for many years. However, many rural settlements were scattered throughout,
resulting in a high landscape fragmentation, mainly manifested as medium risk. In the northern uplands, the
land use type was dominated by woodland with a stable land use pattern and slight separation and fragmentation
of patches. At the same time, there was a national forest park that was less exposed to anthropogenic disturbance
and where the lowest ecological risk areas were clustered.

Difference analysis was performed on the LER map in different years (Fig. 6b—c). A negative value indicated
risk reduction, a zero value indicated risk stabilization and a positive value indicated risk increase. From 2000
to 2010, the risk reduction zone was 2319.44 km?, mainly located in the significant urban expansion areas in the
east and west. In these areas, the patch morphology tended to become regular after the original fragmentation,
and the land use structure became more stable, leading to ecological risk reduction. The primary transfer types
were from higher to medium risk (1286.77 km?) and medium to lower risk (509.29 km?). The risk increase
zone was 3960.47 km? These areas were mainly located in the southeast, where more agricultural land was
converted into water body, leading to more significant landscape fragmentation. At the same time, water body
ecosystems are fragile, and the ecological risk is elevated. The main conversion types were medium to higher risk
(2019.55 km?) and higher to highest risk (1549.07 km?). During this period, the lowest, lower, and highest risk
increased by 97.09 km?, 240.25 km?, and 1337.69 km?, respectively, while the medium and higher risk decreased
by 1131.38 km? and 543.65 km? respectively, with an increasing overall trend in ecological risk.

From 2010 to 2020, the risk reduction zone was 3238.80 km?, with a higher concentration in the southeast.
Land use in this zone mainly changed from water body to cropland, with increased landscape vulnerability
and a risk decrease. The transfer types were mainly from higher to medium risk (1566.65 km?) and highest
to higher risk (707.92 km?). The risk increase zone was 2728.99 km? scattered throughout the region, with
significant changes in land use type and anthropogenic disturbance leading to increased risk. The transfer types
were mainly from medium to higher risk (1539.63 km?) and higher to highest risk (509.29 km?). During this
period, the lowest and lower risk increased by 58.10 km? and 302.34 km?2, respectively, while the medium risk,
higher risk, and highest risk decreased by 263.64 km?, 19.08 km?, and 77.72 km?, respectively, with a decreasing
trend in ecological risk.

From 2000 to 2020, the risk reduction zone was 2527.97 km?, mainly east and west. The transfer types
were mainly higher to medium risk (1066.11 km?) and medium to lower risk (807.50 km?). The risk increase
zone was 3782.37 km?, mainly in the southeast. The transfer types were mainly from medium to higher risk
(1880.94 km?) and higher to highest risk (1586.23 km?). During this period, the lowest risk, lower risk, and
highest risk increased by 155.19 km?, 542.59 km?, and 1259.97 km?, respectively, while the medium and higher
risk decreased by 1395.02 km? and 562.73 km?, respectively, with an increasing trend in ecological risk.

Spatial autocorrelation of LER
As shown in Fig. 7a, the global Moran index for LER in each year were 0.407, 0.431, and 0.391, respectively, which
had significant spatial positive correlations (P<0.05). This indicated that the LER was spatially aggregated, and
the neighboring spatial units were similar, but the values and aggregation were low. The global Moran index
increased and then declined, with an overall decreasing trend that reflected a weakening of the mutual influence
of neighboring spatial units and a gradual decrease in spatial similarity.

Local spatial autocorrelation revealed the local space correlation pattern and identified the LER distribution
for each spatial unit in its neighboring space. Figure 7b shows a similar spatial distribution pattern of LER in
the JHP, and the spatial changes are relatively stable, both dominated by High-High and Low-Low. High-High
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Fig. 6. Spatial distribution (a, b) and transfer (c) of LER in the Jianghan Plain. Note Map was generated by
ArcGIS 10.7.1 (https://www.esri.com).

were mainly distributed in the southeastern and central parts, where the land use was mainly water body with
high risk. The number of spatial units increased and then decreased. Low-Low were mainly distributed in the
southwest and north, with block-like aggregation in the north; land use was mainly woodland with low risk, and
the number of spatial units increased and then decreased. Low-High and High-Low areas were fewer and more
scattered, and both were distributed around High-High and Low-Low areas.
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Fig. 7. Moran index (a) and LISA cluster maps (b) for LER in the Jianghan Plain. Note Map was generated by
ArcGIS 10.7.1 (https://www.esri.com).

Year | 2000 | 2010 | 2020

X1 0.2891 | 0.3151 | 0.2944
X2 0.3192 | 0.3282 | 0.3041
X3 0.0575 | 0.1725 | 0.0521
X4 0.2743 | 0.271 | 0.2451
X5 0.328 | 0.3436 | 0.3268
X6 0.0108 | 0.0172 | 0.0156
X7 0.0433 | 0.0422 | 0.0394
X8 0.3063 | 0.2979 | 0.2896
X9 0.0344 | 0.0408 | 0.0564
X10 |0.0178 | 0.0122 | 0.1121
X11 [0.099 |0.1372 | 0.1429
X12 |0.1019 | 0.1261 | 0.0904

Table 4. Single factor detection results of GDM for LER influencing factors.

Factors influencing LER spatiotemporal differentiation

Single factor detector

The single factor explanatory power quantifying of GDM and its variability over time is shown in Table 4. The
g-values in 2000 were X5>X2>X8>X1>X4>X12>X11>X3>X7>X9>X10>X6, and there were significant
differences in the effects of each factor. The largest g-value for NDVI (0.3280) indicated that NDVI was the
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first dominant factor in the spatial differentiation of LER. The second dominant factor was slope with a g-
value of 0.3192, followed by distance to rivers, elevation and average annual temperature. The distance to
railways had the smallest g-value. In 2010 and 2020, the g-value ranking for elevation rose to third place, and
there was little overall change in g-value ranking. Of the natural environmental factors, with the exception of
annual precipitation, g-values for the other four factors were all in the top five and greater were than those for
the accessibility and socioeconomic factors, indicating that the natural environment had the most significant
influence on LER spatial distribution, with NDVI being the first dominant factor. All accessibility factors had
weak influence, except for the distance to rivers, which had a higher g-value. Of the socioeconomic factors,
population density had the most significant and increasing g-value, from 0.0990 in 2000 to 0.1429 in 2020, with
a gradually increasing effect on LER.

Interaction detector

The interaction detector results reflecting the factors’ combined effect on LER (Fig. 8). For all three years, the
interaction between any two factors was more influential than the impact of a single factor alone. The interaction
types were mainly bi-linear and nonlinear enhancement, indicating that the spatial variability of LER in the JHP
resulted from the combined effects of multiple influences. In 2000, the most vital interaction was X8nX2, with
a g-value of 0.5468. Other interactions with g-values greater than 0.5 included X8nX5 (0.5316) and X8nX1
(0.5035), and the g-values for other factor interactions were also significantly greater than those of single factors.
The g-values of the main interactions increased in 2010 compared to 2000, with X8NX2 being the largest (0.5475)
and the g-values greater than 0.5 increasing to four. In 2020, X8nX5 had the most significant g-value of 0.5314,
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Fig. 8. Detection results of interaction between factors affecting LER.
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Year Scenario | Cropland | Woodland | Grassland | Water body | Built-up land | Unused land
2020 24848.83 | 5200.11 156.42 5270.47 3005.00 192.76

NDS 24972.76 | 5129.42 153.38 5004.99 3227.90 185.15

EDS 24783.76 | 5118.33 152.69 5066.40 3367.40 185.00
2030 CPS 24903.51 | 5130.73 153.53 5133.37 3167.09 185.35

EPS 24792.71 | 5182.13 154.54 5160.09 3203.55 180.57

NDS 123.93 -70.69 -3.04 -265.48 222.90 -7.61
20202030 EDS -65.07 -81.78 -3.73 -204.07 362.40 -7.76

CPS 54.68 -69.38 -2.89 -137.10 162.09 -7.41

EPS -56.12 -17.98 -1.88 -110.38 198.55 -12.19

Table 5. LUCC under different scenarios (unit: km?).

(b) NDS

(a) Simulated 2020

CJCropland

B Woodland

B Grassland

B Water body
M Built-up land
B Unused land

0 100 km

e — |

Fig. 9. Land use simulation in 2030. Note Map was generated by ArcGIS 10.7.1 (https://www.esri.com).

followed by X8nX2 (0.5184). The higher g-values for interactions X8nX2, X8nX5, X8nX1, and X8NX4 in each
year significantly affected the LER spatial variability. In addition, the distance to rivers (X8) with each factor was
much more significant than the interaction of other factor combinations.

Multi-scenario LER prediction

This study initially simulated the land use for 2020 and cross-checked it with actual data to validate the accuracy
of the Markov-PLUS model. The resulting Kappa coeflicient of 0.823 underscores a high confidence in the
simulation, confirming that the model is reliable for predicting land use in the JHP.

Future land use simulation

Table 5; Fig. 9 present the statistical data and distribution of land use for JHP in 2030, as predicted by the
Markov-PLUS model. Under the NDS, the built-up land increased by 222.90 km?, mainly concentrated in
Jingzhou, Xiantao, and Caidian. In contrast, woodland, grassland, water body, and unused land decreased by
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varying degrees. The water body declined considerably, with a decrease of 265.48 km?2 Under the EDS, the
increase in built-up land was more pronounced, with an increase of 362.40 km?, while cropland in the NDS first
increased and decreased, and the water body coverage decreased the most (204.07 km?). Under the CPS, as a
result of strict restrictions on the conversion of cropland to built-up land, only 162.09 km? of land was expanded
for construction, while cropland increased by 54.68 km?, and water body were protected, which slowed the
rate of water body loss. Under the EPS, except for an increased built-up land, other decreased. Decreases in
woodland and water body areas were the lowest of all four scenarios. The built-up land increased under all four
scenarios, and the water body decreased under all four scenarios. The main conversion types were cropland to
built-up land and water body to cropland.

LER prediction

The statistics and spatial distribution of LER for different scenarios of JHP in 2030 are shown in Table 6; Fig. 10,
respectively. LER values under the four scenarios of NDS, EDS, CPS, and EPS were 0.164-0.701, 0.179-0.741,
0.172-0.685, and 0.151-0.698, with mean values of 0.439, 0.441, 0.436 and 0.435, respectively. The risk levels
were primarily medium and higher risks, and the spatial distributions were similar.

Regarding quantitative changes in LER (Table 6), under the NDS, the lower and medium risk decreased
by 7392.32 km? and 152.86 km?, respectively. In contrast, the higher, highest, and lower risk increased by
5189.65 km?, 2001.19 km?, and 354.34 km?, respectively. The EDS scenario results were the same as the NDS,
with lower risk decreasing by 7440.83 km? and higher risk increasing by 5061.92 km2. Under the CPS, the area
of all classified areas increased, except for lower risk, which decreased by 7435.46 km?, and higher risk, which
increased the most by 3882.79 km?. The EPS scenario results were the same as the CPS, with the lower risk
decreased by 7452.09 km? and the higher risk increasing by 3537.21 km?2.

Regarding the spatial variability of LER (Fig. 10), there was little spatial variability across scenarios, with a
high in the southeast and a low in the central and northern parts. Under the NDS, the risk reduction zone was
1030.98 km?, mainly around urban areas such as Jingzhou and Caidian. The risk increase zone was 2320.02 km?
and concentrated in Shishou, Jianli, and Honghu in the south. Under the EPS, the risk reduction zone was
980.46 km?, and the risk increase zone was 2839.46 km?, with a spatial distribution similar to the NDS. Under
the CPS, the risk reduction zone was 2365.15 km? and concentrated in Zhongxiang, Jingshan, and Tianmen
in the north-central part of the city. The risk increase zone was 1650.81 km? and concentrated in Caidian and
Honghu in the southeast. Under the EPS, the risk reduction zone was 2749.03 km?. It was widely distributed
throughout the region, with more prominent coverage in Shishou and Jianli in the south. The risk increase zone
was 1614.51 km?, mainly in Honghu in the southeast.

A greater area was predicted to have increased risk under the NDS and EDS scenarios than decreased risk,
with an upward trend. This was more pronounced under the EDS scenario with an increased pressure on
ecosystems in the future. On the other hand, smaller areas under the CPS and EPS scenarios had increased risk
than decreased risk, and there was an overall decrease in ecological risk. Risk under the EPS scenario decreased
more significantly. The NDS and EPS scenarios had the highest and lowest ecological risks in the JHP in 2030.

Discussion

Impact of LUCC on LER

Different land use patterns show significant differences in LER due to human activities’ diversity and risk
resistance capabilities. This study’s conclusions on LER of varying land uses are consistent with the results of
previous related studies®>. Specifically, cropland was mixed with many other landscapes, especially rural
settlements. With inefficient land use and long-term farming, the ecosystem integrity and stability were affected,
as well as a high landscape fragmentation and separation. The LER levels of cropland were mainly medium and
higher (Fig. 11). In addition, cropland was the dominant land use type, resulting in an overall medium and
higher LER in the JHP that significantly impacted the spatial distribution of LER. Woodland was clustered and
distributed in the northeast and southwest. Stability and connectivity within woodland landscapes were high,
losses due to external disturbance were low, and the woodland was mainly the lowest and lower LER, with the
northeast and southwest areas having the most concentrated lowest and lower LER. Grassland was very small
and mainly located around rivers and cropland. They were subject to greater natural and human disturbance,
with a higher risk level. Water bodies and unused land were more sensitive to external disturbances, vulnerable

Year Scenario | Lowest risk | Lower risk | Medium risk | Higher risk | Highest risk
2020 1954.25 11334.03 14139.14 8162.47 3084.52
NDS 2308.59 3941.71 13986.28 13352.12 5085.71
EDS 2250.09 3893.2 13955.77 13224.39 5350.96
2030 CPS 2231.62 3898.57 15860.58 12045.26 4638.38
EPS 2243.67 3881.94 16284.94 11699.68 4564.18
NDS 354.34 -7392.32 -152.86 5189.65 2001.19
EDS 295.84 -7440.83 -183.37 5061.92 2266.44
2020-2030
CPS 277.37 -7435.46 1721.44 3882.79 1553.86
EPS 289.42 -7452.09 2145.80 3537.21 1479.66

Table 6. LER levels areas under different scenarios (unit: km?).
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Fig. 10. LER prediction under different scenarios in 2030. Note Map was generated by ArcGIS 10.7.1 (https://
www.esri.com).

than other landscapes, and had a high degree of loss®. These two land uses had the highest LER, which was
mainly higher and highest risk, and the risk level for unused land was the highest. The continuous expansion
of built-up land caused patches to become interconnected, primarily due to the internal expansion of urban
land. Landscape fragmentation declined, landscape stability and connectivity increased, and the losses from
external disturbance decreased. Urban land had a lower LER; urban expansion was usually the risk reduction
area. The external expansion of urban land led to the fragmentation of edge areas. Hence, the risk was higher
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Fig. 11. LER for different land use in the Jianghan Plain.

in the urban-rural interface zone, and the risk for rural construction land was higher than for urban land due
to the fragmentation of patches and the landscape disturbance index. The overall risk of construction land was
mainly medium.

Conversion between different land use types will directly lead to changes in LERY. Specifically, risk levels
increase significantly when low-risk land types transition to high-risk ones. From 2000 to 2010, for example,
the primary land use conversion types were cropland conversion to water bodies and cropland to built-up land.
Compared with water bodies, cropland has fewer ecological risks. Therefore, the risk-increasing areas were
concentrated southeast of Honghu Lake after large cropland was converted to water bodies. At the same time,
the continuous expansion of urban areas such as Jingzhou and Caidian has occupied a large amount of cropland.
Although the ecological risk within the expansion range decreased locally due to the transition of construction
land, in general, the area of low-risk land use type converted to high-risk land use type during this period
was more than the area of high-risk converted to low-risk, resulting in an overall increase in ecological risk.
Conversely, when a high-risk land type changes to a low-risk one, the overall risk level decreases accordingly.
From 2010 to 2020, for example, the primary land use conversion types included converting water bodies into
cropland and cropland into built-up land. High-risk water bodies in the southeastern region have been converted
into relatively low-risk cropland, resulting in the area’s concentration of ecological risk reduction areas. During
this period, the area where high-risk land use types changed to low-risk land use types dominated the area more
than where low-risk land use types changed to high-risk types. Therefore, the overall ecological risk showed a
downward trend.

Drivers of LER

LERSs spatial distribution pattern results from natural and anthropogenic factors®. This study revealed that
NDVI, slope, distance to rivers, elevation, and average annual temperature significantly affect the LER of JHP.
Among them, NDVT is the first dominant factor of LER, and its spatial distribution shows a negative correlation
with LER. This finding is consistent with the conclusion of Ai et al.#!. NDVI is an effective indicator for
measuring surface vegetation coverage and growth conditions. Areas with high NDVI values tend to have good
vegetation coverage, complete ecosystem structures, and stable functions, so the ecological risks are relatively
low. For example, the southeast and west of the study area exhibit high NDVI with low LER characteristics. On
the contrary, areas dominated by water bodies have lower NDVI values and relatively higher LER. Topographic
factors (elevation and slope) are fundamental to forming landscape patterns®. They significantly influence the
spatial pattern of ecological risk by modulating hydrothermal conditions, which influence the distribution of
other environmental variables and differences in the intensity of human activities. Accessibility factors such as
transport distance can characterize the strength of human activities?®, and in this study, distance to rivers had
a larger g-value. This is mainly attributed to the fragility of the water body landscape and its high sensitivity to
disturbance. As the study area’s primary water source for crop cultivation and irrigation, the rivers are subjected
to strong anthropogenic disturbances in the surrounding areas, leading to significant fluctuations in ecological
risk with river changes. Climate change has a particularly significant impact on ecological risk in climate-sensitive
areas™. The average annual temperature of JHP decreases gradually from south to north, and the low-value areas
are mainly concentrated in the northeast and south, which shows similarity with the topographic distribution
characteristics and becomes a key factor influencing the change of ecological risk. Overall, the g-values for
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natural environmental factors were significantly higher than those for transport accessibility and socioeconomic
factors. Natural environmental factors mainly influenced the spatial pattern of LER in the JHP.

Future LER prediction and control

Future regional development needs to focus on coordinating and achieving high-quality regional economic
development that is based on protecting the natural environment. Of the four scenarios designed in this study,
NDS and EDS represented a higher intensity of land use change than CPS and EPS. External disturbances
exacerbated landscape fragmentation and reduced ecosystem stability, making the ecological risk increase areas
greater than the risk-reduced area. In addition, the LER under the NDS and EDS scenarios was higher than
under CPS and EPS. Considering the functional positioning of the study area, CPS and EPS were more suitable
scenarios for the region’s future development, which will be less exposed to ecological risk and more conducive
to maintaining food security.

(1) For higher and highest-risk areas, strengthen ecological monitoring, protection, and restoration, and
reduce land use and human activity intensity. Reduce the disturbance and impacts on ecosystem structure, restore
fragmented landscapes, and reduce risk. Fencing of lakes and creating fields should be prohibited for high-risk
rivers, lakes, and other waters. The comprehensive management of major waterways should be strengthened,
ecological river corridors should be established, and their ecological functions should be considered. (2) For
medium-risk areas, strengthen regional land consolidation, increase surface vegetation cover, reduce landscape
fragmentation, and improve ecosystem stability. Rural areas should accelerate the conversion of idle agricultural
land, promote the consolidation of rural settlements, and improve the intensification and efficiency of rural land
use. Urban areas should have reasonable layouts and expand orderly, strictly adhering to the red line of farmland
protection and ecological protection. Urban development should proceed in a way that reduces damage to forest
land, farmland, and other landscapes. (3) For lower and lowest-risk areas, vegetation cover is high, and forests
are extensive, but they are primarily at high elevations and are challenging to restore ecologically after damage.
In this zone, strict environmental protection policies should be implemented to limit development intensity and
reduce the impact of human activities.

Limitations and future work

This study revealed the spatiotemporal distribution of LER, which is valuable for the ecological safety of JHP
and future research. However, there are some limitations: (1) LER based on landscape index can reveal the risk
status of the region. Based on the actual situation of JHP and with reference to relevant research, this study
selected a 5 km grid to calculate the relevant landscape index to construct the LER. However, the landscape
index has a noticeable scale effect, so subsequent research can start from multiple scales and select the optimal
scale to construct LER. (2) This study reveals the impact of single and double factors on LER but does not
consider the spatial non-stationarity of the factors. Therefore, the geographically weighted regression model can
be used to analyze and visualize the spatial heterogeneity impact of each factor on LER. (3) The design of future
development scenarios mainly refers to relevant research and lacks specific regional characteristics. Future
research may consider using a system dynamics model to conduct more detailed designs of future development
scenarios.

Conclusions

This study constructed a LER assessment model using land use data and landscape index. The spatiotemporal
distribution characteristics and driving forces of LER were analyzed, and the LER pattern for 2030 was predicted
in the JHP. The main conclusions were as follows:

(1) Cropland was the dominant land use in the JHP. The cropland decreased from 2000 to 2020, and the built-
up land increased significantly. The primary conversion was cropland to built-up land and the interconver-
sion of cropland to water body.

(2) LER exhibited a trend of initially increasing and subsequently decreasing, and the risk levels were predom-
inantly medium and higher. The spatial pattern was high in the southeast and low in the central and north-
ern areas. The primary transfer type in the three periods was higher to medium risk in the risk reduction
zone, and the primary transfer type in the increasing risk area was medium to higher.

(3) The explanatory power of each factor on LER varied significantly. The spatiotemporal patterns of LER were
mainly influenced by natural environmental factors, of which NDVI was the primary factor. The interac-
tions between two factors were greater than that of a single factor, and the spatiotemporal pattern of LER
resulted from several factors’ joint action.

(4) The intensity of land use change under NDS and EDS was greater than under CPS and EPS, and the LER
predicted by the former two in 2030 was greater than the latter two. The NDS and EPS scenarios had the
highest and lowest LER, respectively.

Data availability
The datasets used and/or analysed during the current study available from the corresponding author on reason-
able request.
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