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Climate transition zones are ecologically sensitive regions that respond to
changes in complex natural conditions. Analyzing the spatiotemporal evolution
trends and impact factors of landscape ecological risk is crucial for maintaining
regional ecosystem security. However, research predominantly focused on the
past analytical paradigm, which often needed more strategic predictions for
future scenarios tailored to diverse developmental requirements. This study
analyzed land use changes in the Huai River Basin during 2000, 2010, and
2020 and used the Future Land Use Simulation model to conduct a multi-
scenario simulation for 2030. Subsequently, this study assessed the landscape
ecological risk from 2000 to 2030 and analyzed the influencing mechanisms
using the ridge regression model. The results showed that: (1) The primary
transitions were concentrated between cropland and construction land. By
2030, the area of construction land was projected to continue to expand, with
the greatest increase of 2906 km? anticipated in the natural development
scenario. (2) The overall spatial pattern of landscape ecological risk showed a
"high in the east and low in the west” distribution, with the lowest risk areas
predominating (accounting for over 43%). Over the past 20 years, the risk initially
increased and then decreased, and by 2030, the risk was expected to decline
further. (3) The risk exhibited significant positive spatial autocorrelation. By 2030,
the constraint of spatial location on risk distribution would decrease. Local spatial
clustering was mainly characterized by “Low-Low" regions (accounting for 20%).
(4) Vegetation cover consistently correlated negatively with ecological risk and
was the most influential factor, with relative contribution rates all exceeding 217%.
The findings have provided a scientific reference for the ecological and
environmental management of areas with intense human activity under
complex climatic conditions.
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1 Introduction

The ecological environment provides crucial material support
and services for human survival and societal development.
Maintaining ecosystem security is fundamental to achieving
sustainable development (Ai et al., 2022). Escalating pressures on
ecosystems driven by global climate change and complex human
activities result in numerous ecological risks. These effects include
environmental pollution (Bank et al., 2022), soil erosion (Li and
Fang, 2016), urban heat island effects (Akbari and Kolokotsa, 2016),
and biodiversity reduction (Outhwaite et al., 2022). Preventing and
mitigating these ecological risks are common challenges faced by
countries worldwide. In response to the challenges, the United
Nations includes among its 17 Sustainable Development Goals for
2030 the objective to “protect, restore, and promote sustainable use
of terrestrial ecosystems, sustainably manage forests, combat
desertification, halt and reverse land degradation, and halt
biodiversity loss” (Goal 15) (Adhikari et al., 2023). As a
composite of natural surfaces, the landscape constitutes a
collection of regional ecosystems with pronounced spatial
heterogeneity. Its heterogeneity is closely associated with an
ecosystem’s capacity to resist disturbances, stability, and diversity
(He et al., 20205 Liu et al., 2022). The expression of heterogeneity
provides a key perspective for assessing landscape ecological risks.
Incorporating scale effects to examine the relationship between
landscape patterns and ecological evolutionary forms the basis for
evaluating the adverse impacts of internal risk sources and external
complex disturbances on ecosystem functions and structures (Qian
et al.,, 2022; Shi et al., 2024). Therefore, detailed assessments and
analyses of landscape ecological risks are vital for maintaining
regional ecological security.

The selection of appropriate evaluation units is fundamental for
assessing landscape ecological risks. Evaluation units are currently
divided into two main types: administrative divisions (Wang et al.,
2023d) and risk subzones (Xue et al., 2019). The administrative
divisions are primarily at the city and county levels, whereas the
average study area patch size generally constrains the risk subzones.
In comparison, the risk subzones provide a more detailed division
of units, which enhances the integrity and consistency of
ecosystems following human-induced segmentation (Qu et al,
2022). The primary approaches for evaluation are based on risk
source-sink and landscape patterns (Dai et al., 2021; Wu et al,
2021b). The risk source-sink method can evaluate the degree of
regional landscape ecological risks through risk source
identification, receptor analysis, exposure, and a hazard response
model. The landscape pattern method transcends the traditional
ecosystem evaluation paradigms. In this approach, risk receptors
are not limited to single elements within regional ecosystems
(Zhang et al., 2020). Risk sources extend beyond environmental
pollutants, natural disasters, and anthropogenic disturbances. This
method evaluates the ecological risk effects arising from the
deviation between the landscape mosaic and the optimal pattern
of the system (Xu et al., 2021). It provides a detailed representation
of multiple risks by integrating potential ecological losses with risk
probability. Landscape ecological risk assessments have yielded
research findings in various regions, including plateaus (Chang
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et al.,, 2023), mountainous areas (Cui et al., 2018), wetlands (Chen
and Ma, 2023), urban areas (Luo et al,, 2018), and nature reserves
(Zhang et al., 2023).

Research on landscape ecological risk mostly focuses on the
“past” analytical approach, summarizing the spatiotemporal
patterns of past risk evolution by analyzing historical data (Hou
et al, 2020; Zeng et al., 2022). However, as the complexity of
external disturbances increases, the uncertainty of ecological risks
also intensifies. Relying entirely on past data and analytical
approaches limits the development of scientifically adaptive
management strategies and may also increase the social and
economic costs of addressing potential ecological threats.
Therefore, it is essential to formulate different development plans
tailored to various future development needs. In the construction of
multi-scenario simulations, the natural development (ND) scenario,
the cropland protection (CP) scenario, and the ecological protection
(EP) scenario provide a crucial framework for balancing social
development, agricultural production, and environmental security.
The ND scenario captures the natural evolution of landscapes
based on historical trends, providing a reference for assessing
future development outcomes without targeted interventions (Sui
et al., 2024). The CP scenario prioritizes stabilizing and
expanding cropland reserves, laying the foundation for mitigating
agricultural land loss and ensuring sustainable agricultural
production. The EP scenario reduces ecosystem degradation
caused by human activities, thereby promoting biodiversity and
improving ecological environmental quality (Zhu et al., 2022). In
conclusion, incorporating the ND, CP, and EP scenarios into past
landscape ecological risk analyses can bridge the gap between
historical understanding and forward-looking decision-making,
providing a more comprehensive perspective for sustainable
landscape management.

In the context of mechanisms influencing landscape ecological
risks, methods such as least-squares regression (Mann et al., 2021),
Pearson correlation coefficient (Tian et al., 2022b), and geographically
weighted regression are widely used (Mondal et al., 2021). However,
these traditional methods have limitations in addressing collinearity
among feature variables, particularly with high correlations between
variables. This may lead to overfitting the regression coefficients of
the driving factors (Lin et al, 2022b). To address this issue, ridge
regression has been introduced as a biased estimation regression
method to resolve multicollinearity problems. The model
incorporates a regularized 2-norm into the regression process,
sacrificing some of the unbiased information inherent in the least-
squares method to obtain regression coefficients that approximate the
actual conditions more closely (Garcia et al., 2015). Ridge regression
has achieved successful research outcomes in medicine and
economics (Lohiniva et al., 2022; Yang et al., 2022b). However, its
application in landscape ecology has yet to be fully explored.
Therefore, applying the model to analyze the mechanisms
influencing landscape ecological risk can offer new perspectives and
insights, particularly in determining the interactions and mechanisms
among complex environmental variables.

Located in the transitional zone between warm temperate and
northern subtropical regions, the Huai River Basin has substantial
differences in climate, hydrology, soil, and vegetation types between
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its northern and southern banks (Yan et al, 2011; Tian et al,
2022a). It is an ecologically sensitive area that responds to complex
variations in natural conditions. This basin has the highest
population density among the seven major river basins in China,
with its grain output accounting for one-sixth of the national
population (Yang et al., 2022a). However, owing to specific
climatic and geographical conditions coupled with intense
anthropogenic disturbances, the rapid expansion of urban areas
and high-intensity development of land have exacerbated conflicts
with sensitive ecosystems. This has strongly impeded the
sustainable development of the basin, necessitating an assessment
of the adverse effects that disturbance sources pose for regional
ecosystem structure and function from a landscape ecological
perspective. Therefore, understanding the trends and driving
mechanisms of landscape ecological risk evolution in this region
can guide ecological and environmental management. This is
particularly important for global regions with similarly complex
climatic conditions and intense human activity.

Based on land use changes over the last 20 years, this study
considered the strategic position of the basin in grain production,
with the aim of actively responding to the United Nations’ call to
achieve Sustainable Development Goal 15 by 2030. Therefore, three
development modes in 2030 were set by the Future Land Use
Simulation (FLUS) model: the ND scenario, the CP scenario, and
the EP scenario. Subsequently, landscape ecological risk evaluation
and ridge regression statistical models were constructed separately.
The objectives of this study were to: (1) analyze the land use
conversion relationships in the basin from 2000 to 2020 and
predict the land use spatial patterns in 2030 under different
development scenarios; (2) assess past and future landscape
ecological risks and analyze their spatiotemporal variation; and
(3) investigate the influencing factors and driving mechanisms of
landscape ecological risk.

2 Materials and methods

The overarching framework of this study encompassed three
key components: multi-scenario land use simulation, landscape
ecological risk assessment, and influencing factor analysis
(Figure 1). Firstly, the FLUS model was used to forecast the
spatial pattern of land use within the basin by 2030 in the ND,
CP, and EP scenarios. Secondly, a landscape ecological risk
assessment framework was established to evaluate the basin’s
ecological risks from 2000 to 2030. This integrated a spatial
autocorrelation model to analyze the temporal and spatial
dynamics. Finally, the study constructed a ridge regression
statistical model to analyze the mechanisms driving risk evolution.

2.1 Study area

Situated at the transitional zone between the warm temperate
and the northern subtropical regions, the Huai River Basin (111°55
E-121°20'E, 30°55'N-36°20'N) encompasses the warm temperate
semi-humid area to the north and the subtropical humid area to the
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south (Figure 2). It is the third largest river in China, covering a
total area of approximately 2.7 x 105 km? (Wang et al., 2023c). The
basin has complex and variable climatic conditions, with an annual
average temperature ranging from 7.8 to 13.5°C and an average
yearly precipitation between 400 and 800 mm (Tian et al,, 2022a).
The topography within the basin has a high level of heterogeneity,
with mountainous and hilly regions predominantly distributed in
the western, southwestern, and northeastern sectors. In contrast, the
central area is primarily characterized by plains. The basin is a
substantial demographic agglomeration in China with a population
density of approximately 615 persons/km>. It is the most densely
populated of the seven major river basins in China (An et al., 2021).
This area is an important grain production hub in China, where
two-thirds of the plains are suitable for farming. Grain output from
this region constitutes one-sixth of the country’s total grain
production (Gao et al., 2019). As a crucial link between the
Yangtze River Delta and the Bohai Rim, which are two major
economic zones in China, the basin plays a vital role in the country’s
agricultural production and economic development. However,
owing to its climatic and geographical conditions coupled with
intense anthropogenic disturbances, the escalating conflict between
high-intensity land exploitation and sensitive ecosystems is
intensifying (Wang et al, 2023a). Issues, including soil erosion
and vegetation degradation, are becoming increasingly prominent
and have strongly impeded the sustainable development of
the basin.

2.2 Data sources and preprocessing

The data sources for this study encompassed land use and
driving factors data. The land use data from 2000 to 2020 were from
the Resource and Environment Science and Data Center (https://
www.resdc.cn/), a 30m resolution thematic database of China’s land
use jointly drawn by multiple departments (Zhou et al, 2021).
Based on the “GBT21010-2017 Current Land Use Classification”
(Bao et al, 2022), the land use types in the study area were
reclassified into six categories: cropland, forestland, grassland,
water, construction land, and unused land (Figure 3A). The data
on driving factors included eight categories: meteorological,
topographical, vegetation cover, soil, hydrological, transportation,
locational, and socioeconomic data. The meteorological data,
including monthly average temperature and precipitation data,
were obtained from the National Tibetan Plateau Science Data
Center (https://data.tpdc.ac.cn/). The topographical data included
elevation and slope. The elevation data was from the Geospatial
Data Cloud (http://www.gscloud.cn/), and the slope information
was extracted based on the elevation distribution. The vegetation
cover (VC) data were monthly-averaged Normalized Difference
Vegetation Index (NDVI) data from the MODI13A3 dataset,
published by the National Aeronautics and Space Administration
(https://www.earthdata.nasa.gov/). The soil data included sand, silt,
and clay derived from the Resource and Environment Science and
Data Center, the percentage reflected the content of different soil
textures (Yang et al., 2007). The water, transportation, and location
data were derived from the Open Street Map (https://
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FIGURE 1

Overall study framework.

www.openstreetmap.org/). Euclidean distances were calculated to
obtain raster data representing the proximity of each pixel to the
nearest river; primary, secondary, and tertiary roads; railways;
highways; city centers; and town centers. Socioeconomic data,
including the gross domestic product (GDP) and population
density (PD), were derived from two sources: GDP data from the
Resource and Environment Science and Data Center, and PD data
from the Worldpop (https://www.worldpop.org/). Using ArcGIS
10.2, the aforementioned data were resampled to a 1 km resolution,
with a matrix size of 882 x 621 pixels, to meet the computational
requirements of the FLUS model. Table 1 provided detailed
information on the data sources.

2.3 Research methodology

2.3.1 FLUS model

The FLUS model is a dynamic system for simulating future land
use scenarios under the influence of natural and anthropogenic
factors. It comprises an Artificial Neural Network (ANN) and
Cellular Automaton (CA) with an adaptive inertia competition
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mechanism (Liang et al, 2018; Lin et al, 2022a). The ANN
component is used to calculate the probability of suitability for
the transition of each land use type under the influence of the
driving factors. Based on these suitability probabilities, CA
integrates neighborhood weights, transition costs, and adaptive
inertia coefficients to simulate the future spatial distribution of
land use (He et al., 2023). The formula used is as follows:

TPS,, = plk,t,1) x 2L, x Inertial x (1 - sc._,,) (1)

Sie+1) = Pap X Sy (2)

where TPS', is the aggregate probability of grid k being
converted into land use type ¢ at time [ The term p(k, ¢ I)
represents the probability of suitability of this transformation.
Inertia', is defined as the adaptive inertia coefficient. 1-sc._,, is the
level of difficulty in land conversion. ', indicates the
neighborhood weight. S represents the cost of transition and P is
the probability of the transition occurring.

This study was based on the FLUS model’s capability to
effectively simulate and predict the spatial patterns of complex
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TABLE 1 A summary of the datasets used and data source information.

Spatial

resolution Period

((39)]

Land use data Land use 30 2000, 2010, 2020
Temperature

Meteorological data 30 2000, 2010, 2020
Precipitation
Elevation

Topographic data —————————— 30 2009
Slope
Vegetati

Vegetation data ceetation 1000 2000, 2010, 2020
cover
Sand

Soil data Silt 1000 1995
Clay

Watershed data River 1000 2020

Primary road
Secondary road
Traffic data Tertiary road 2020

Railway 1000

Highway

City center

Locational data 2020
Town center

Gross domestic

Socio-economic product
1000 2000, 2010, 2020
data P .
opulation
density

land use types over long periods, customizing different development
scenarios for the basin according to local conditions. The
simulation results could provide significant references for
predicting land distribution patterns and landscape distribution
patterns in areas of intense human activity under similar complex
global climate conditions. This study forecasted three
developmental scenarios for 2030 by establishing neighborhood
factor weights and transition cost matrixes. The ND scenario was

10.3389/fevo.2024.1471164

based on land use change rates from 2010 to 2020 and was not
influenced by policies or environmental constraints. The CP
scenario focused on maintaining the total amount of cropland to
ensure food security. The EP scenario aimed to enhance areas of
forestland and grassland, and promote sustainable environmental
development. The land neighborhood factor weights and transfer
cost matrix parameters were presented in Table 2.

2.3.2 Landscape ecological risk
assessment model

The ecological risk index (ERI) is a crucial indicator for gauging
the potential adverse impacts on ecosystem function and structure
from internal risk sources and complex external disturbances (Qu
et al., 2022). Tt is formulated by integrating the landscape
disturbance index (S;), landscape vulnerability index (F;),
landscape loss index (R;), and area ratios of different land use
types (Cheng et al., 2023). The specific formula for calculating the
ERI is as follows:

n A .

ERI, = 3 “F R, 3)
S An

R =S x F, (4)

Si = aC,» + bNt + CDi (5)

where Ay, refers to the area of landscape type i within assessment
unit k. Aj, denotes the total area of assessment unit 4. Based on prior
studies, this research posited that unused land had the highest
vulnerability, assigned a value of 6. This was followed in
descending order by vulnerability to water 5, cropland 4, forestland
3, grassland 2, and construction land 1 (Zhang et al, 2023). A
normalization method was used to derive the corresponding
vulnerability indices. Coefficients a, b, and ¢ represent the weights
for landscape fragmentation (C;), landscape separation (N;), and
landscape dominance (D;), respectively, with the requirement that
a + b + ¢ = 1. Based on the literature recommendations, the values
were proposed as a = 0.5, b = 0.3, and ¢ = 0.2 (Wang et al., 2023d).

Selecting appropriate risk units was a fundamental step in
assessing landscape ecological risks. Considering the actual
conditions of the basin, a 15 km x 15 km grid was selected,
dividing the study area into 1319 evaluation units. The ecological

TABLE 2 Land neighborhood factor weights and transfer cost matrix parameters for each scenario.

Forestland

Land use types

Cropland

Grassland

Construction

Water Unused land

land

Cropland 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1

Forestland 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0

Grassland 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0

‘Water 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0

Construction land 1 1 1 0 0 1 1 1 1 0 0 1 1 1 1 0 1 1

Unused land 0 1 1 0 0 1 0 0 1 0 0 1 1 1 1 1 1 1
Weight of neighborhood 0.2 0.1 0.2 0.5 0.6 0.4 0.6 0.7 0.5 0.5 0.6 0.4 1.0 1.0 1.0 0.3 0.4 0.5

red: the NP scenario, blue: CP scenario, and green: the EP scenario. A value of one indicates the feasibility of the transformation, whereas a value of zero denotes non-feasibility.
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risk values for each pixel center were calculated and subsequently
assigned to the corresponding assessment units. The resulting
landscape ecological risk values were categorized into five levels
using the natural break method: the lowest risk (0< ERI < 0.028),
the lower risk (0.028< ERI < 0.036), the middle risk (0.036< ERI <
0.052), the higher risk (0.052< ERI < 0.083), and the highest risk
(0.083< ERI < 0.127).

2.3.3 Spatial autocorrelation model

The spatial autocorrelation model comprises Moran’s Index of
Spatial Autocorrelation Indicator (Moran’s I) and Local Indicator of
Spatial Association (LISA). Moran’s I is applied to evaluate whether
the spatial distribution of the overall ERI is dependent on
neighbouring locations (Wang et al., 2016). T > 0 indicates a
positive spatial correlation, whereas I< 0 indicates a negative
spatial correlation. The LISA is used to evaluate the clustering of
high and low values of the ERI at specific spatial locations (Li et al.,
2023). The formula used is as follows:

”ELE}L Wii(xi = %)(x; - %)
S Wy (6 - 0)?

I
Moran's I =

Lo E-Dlm-1)- x’]
L D Wi - %)

where x; and x; represent the ERI at spatial locations i and j.

%

X denotes the mean value of ERI, and W; is the spatial
weight matrix.

2.3.4 Ridge regression model

Ridge regression is a biased estimation regression model used to
analyze data with multicollinearity. It addresses multicollinearity
among selected feature variables by incorporating a regularized 2-
norm into the multivariate linear regression equation of the least-
squares method (Lin et al., 2022b). This model achieves more stable
regression results and lower root mean square error, albeit at the cost
of eliminating unbiased information. The formula used is as follows:

Bn) = X"X+ kD) X"y (8)
Y =B+ BiXy + BXs +... + B,X, )
C, 1Bl (10)

T1B+ 1Bl + -+ IB]

where fB(n) is the standardized regression coefficient for the
driving factor n. X"X denotes the coefficient matrix, with k
representing the ridge parameter and I being the identity matrix.
Y is the vector matrix for ERI, and C, indicates the relative
contribution rate of driving factor .

This study employed the ridge regression model to avoid the
overfitting issues that arise in ordinary linear regression due to
complex interactions among influencing factors. This study
considered the basin’s unique natural geographical location and
social development conditions. Among the natural factors,
temperature (T), precipitation (P), elevation (E), slope (S), and
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vegetation cover (VC) were selected; among the social factors,
population density (PD) and gross domestic product (GDP) were
chosen; and among the locational factors, distance from city center
(DfCC) and distance from town center (DfTC) were included,
making a total of nine driving factors. These were used to explore
the mechanisms influencing landscape ecological risk in the basin
over the past 20 years. Consistent with the risk units, the above
driving data were spatially balanced sampled at 15 km intervals,
dividing the basin into 1319 sample units. When there were high
correlations among driving factors, ordinary linear regression could
lead to overfitting of regression coefficients. It was necessary to
diagnose the collinearity of the influencing factors before
constructing the regression model.

3 Results

3.1 Land use changes and multi-
scenario prediction

3.1.1 Land use changes

The area proportion statistics for different periods in the study
area showed that cropland remained the primary land use type,
accounting for more than 68% of the total area (Figure 3B). The
second largest category was construction land, which exceeded 13%.
Unused land comprised the smallest proportion at less than 0.1%.
From 2000 to 2010, the basin experienced significant changes in
land use types. Cropland, forestland, and grassland areas decreased,
whereas construction land, water, and unused land areas increased.
From 2010 to 2020, decreasing trends were observed for cropland,
forestland, grassland, and unused land. Among these, the most
significant reduction was in cropland, which decreased by 3423
km?. In contrast, the areas of construction land and water expanded
by 3139 km? and 549 km?, respectively. Over the last two decades,
significant changes in land use within the basin had mainly focused
on cropland and construction land areas. Cropland area
consistently decreased, with a cumulative proportion of 2.84%,
whereas construction land continuously expanded, increasing its
share by 3.30%.

To analyze the interconversion relationships between different
land use types, this study built a land use transition matrix for 2000~
2020 and the results had been presented in Figure 4. From 2000 to
2010, significant land use changes occurred mainly between cropland,
construction land, and grassland. The largest transition occurred
from cropland to construction land, reaching 9326 km?, while 1812
km? of grassland was converted to cropland. This indicated that there
was a period of rapid urbanization and encroachment of large tracts
of grassland into cropland. From 2010 to 2020, land use transitions
occurred primarily between cropland and construction land.
Compared to the previous ten years, the area of arable land
converted to construction land had decreased to 4476 km?.
Meanwhile, some cropland had begun to convert to grassland, with
an area of 148 km”. This change suggested a deceleration in
urbanization and effective implementation of policies promoting
the restoration of cropland to grassland.
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3.1.2 Multi-scenario land use projection

Based on land use data from the basin for 2000 and 2010, this
study simulated the 2020 land use spatial pattern in the ND scenario
using the GeoSOS-FLUS software (Figure 5A). Comparing the
simulation results with the actual conditions of 2020 showed that
the Overall Accuracy (OA) was 0.92, the kappa coefficient was 0.91,
and the Figure of Merit (FOM) was 0.30%. These results had
demonstrated the high reliability of the FLUS model predictions,
indicating its capability to accurately forecast the land use spatial
patterns of the basin for the year 2030. To visually compare the
differences between the three development scenarios for 2030, this
study focused on three areas in the east, west, and south of the basin
and examined them using a 100 km x 100 km grid (Figures 5B-E).
Combining the area statistics of the three regions under different
scenarios (Supplementary Table S1), compared to the actual 2020
land distribution, construction land in all three regions was
expected to expand in the ND scenario for 2030. The most
significant expansion was in Region 1, where construction land
was projected to increase by 177 km?, with patches becoming more
spatially aggregated. Construction land in Regions 2 and 3 was
expected to expand slightly, with areas increasing by more than 10
km?, respectively. In the CP scenario, cropland expansion was
observed in all three regions, with a significant increase of 305
km? in Region 3 and 167 km” in Region 2. Compared to the ND
scenario, the extensive cropland loss in Region 1 was mitigated, with
an 8 km? increase in cropland area from 2020 to 2030. In the EP
scenario, forestland and grassland in all three regions experienced
varying degrees of restoration. Grassland restoration was the most
significant in Region 3, with an increase of 81 km?, while forestland
restoration was the most pronounced in Region 2, with an increase
of 11 km®. In Region 1, forestland and grassland areas were scarce,
showing minimal change.

The area statistics for the different land use types for 2030 in the
three development scenarios were shown in Table 3. Compared to
2020, the pattern of land distribution under the three development
scenarios would be significantly different in 2030. In the ND
scenario, the trend in land use area changes remained consistent
with the period from 2010 to 2020. Cropland, forestland, grassland,
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and unused land areas were projected to decrease further, with the
largest reduction in cropland estimated at 3252 km?. Construction
land and water areas were expected to expand by 3206 km” and 261
km?, respectively. In the CP scenario, cropland was expected to
recover significantly, with an increase of 1237 km?. The expansion
of construction land was projected to continue, albeit at a reduced
rate, with an increase of 1321 km?. Forestland, grassland, water, and
unused land showed a decreasing trend. Forestland had the most
significant reduction, estimated at 1830 km?. In the EP scenario, the
return of cropland to forestland and grassland began to bear fruit,
and the areas of forestland and grassland would increase by 432 km?
and 287 km?, respectively. The expansion of construction land was
expected to curb effectively, and the efficiency of the development of
unused land would be further improved.

3.2 Landscape ecological risk changes

3.2.1 Changes of landscape ecological
risk distribution

The spatial variation in the ecological risk across the basin
landscape was significant, with a distribution pattern that was
higher in the east and lower in the west (Figure 6A). The highest
and higher risk zones were concentrated in the northern cities of
Jining and Zaozhuang, and the eastern cities of Huai’an and
Yangzhou. Highly vulnerable unused land and water were mainly
distributed here, with low resistance to external disturbances. The
medium risk zones were concentrated in the northern city of Linyi,
the eastern city of Chuzhou, and the southern city of Lu’an.
Conversely, the lowest and lowest risk zones were distributed in
the central and western regions of the basin. This study had
statistically analyzed the risk areas for various periods
(Figure 6B), and the results showed that the overall risk in the
basin was relatively low, with the lowest risk accounting for more
than 43% of the total area. This was followed by the lower risk at
approximately 28%. The area with the highest risk had the lowest,
accounting for less than 2%. Over the past 20 years, the risk had
shown a trend of first increasing and then decreasing. From 2000 to
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Detailed localized land use maps under different states, (A) the ND for 2020, (B) the actual 2020, (C) the ND for 2030, (D) the CP for 2030, and (E)

the EP for 2030.

2010, there were significant changes in medium, higher, and
highest-risk zones. The areas increased by 3403.38 km?, 2470.32
km?, and 1383.68 km? respectively, with the average risk value
increasing by 0.0021. From 2010 to 2020, the lowest risk zones in
the western regions saw significant recovery, with an increase of
13131.52 km?, and the average risk value decreased by 0.0007. From
2020 to 2030, landscape ecological risk would decrease to varying
degrees under different development scenarios. In the ND scenario,
the lowest and medium risk areas were expected to increase 3828.63
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Region 3

Region 2

km? and 2508.12 km?, respectively, and the average risk value would
continue to decline by 0.0005. In the CP scenario, more of the
highest and higher risk zones in the north were converted to
medium risk, resulting in an increase of 4670.08 km? in medium
risk zones. This indicated that the CP scenario could effectively
reduce ecological risks in the basin. In the EP scenario, the lowest
risk area in the center would increase by 20129.50 km?, with the
average risk value reaching 0.0289. This suggested that the
implementation of policies such as returning cropland to
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TABLE 3 Land use area statistics in the Huai River Basin in different scenarios (km?).

Scenario modes Cropland Forestland Grassland Water Construction land Unused land
2000 191270 19195 10540 12793 34985 224
2010 187040 18911 8410 13670 40740 236
2020 183617 18770 8349 14219 43879 173
NP for 2030 180365 18628 8288 14480 47085 161
CP for 2030 184854 16940 7703 14165 45200 145
EP for 2030 182662 19202 8636 13942 44437 128

forestland and grassland, enhancing the transformation efficiency
of unused land, and curbing the expansion of construction land was
beneficial for maintaining the ecological stability of the basin.

3.2.2 Spatial autocorrelation of landscape
ecological risk

To test whether spatial autocorrelation exists in the risk
distribution, this study calculated Moran’s I for each period based
on the GeoDa platform through 999 permutations (p = 0.001). The
global Moran’s I for landscape ecological risk in each period was
above 0.38 (Figure 7), which indicated a strong positive spatial
correlation in the distribution of ecological risk. The clustering of

ND for 2030 © CP for 2030
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FIGURE 6

Distribution map of landscape ecological risk levels from 2000 to 2030, (A) risk distribution, and (B) area statistics.
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scatter points near the regression line suggested a significant
spatially clustered distribution of landscape ecological risk. From
2000 to 2020, Moran’s I cumulatively increased by 0.036, indicating
that spatial locations had increasingly influenced the distribution of
ecological risks in the basin. From 2020 to 2030, the Moran’s I will
decline, and the Moran’s I for the CP and EP scenarios will be
significantly lower than that of the ND scenario.

This study calculated LISA for various periods to further
ascertain the spatial clustering of landscape ecological risk
(Figure 8). Excluding non-significant units, “Low-Low” regions
dominated, accounting for about 20 percent of the total area,
mainly distributed in high-altitude areas in the western regions

0
L 1km

EP for 2030
10.033
B Lowset risk
40.032 %
St
% [ Lower risk
40.031 g
s Medium risk
10.030 &
o
(0] . .
£ [ Higher risk
10.029 Z &
0.028 I Highest risk

frontiersin.org


https://doi.org/10.3389/fevo.2024.1471164
https://www.frontiersin.org/journals/ecology-and-evolution
https://www.frontiersin.org

Li et al.

2000 Moran's I =0.386

2010 Moran's I=0.398

10.3389/fevo.2024.1471164

2020 Moran's I = 0.422

10 | 10 | 10 |
LH ° HH LH ° HH LH | HH
5t | 5t 5F o |
~ ° [~ 8 =
) ) o i
T 0 T 0 T 0
& I @ I i I
= | = I - |
ST | ST [ ST |
LL | HL LL | HL LL | HL
‘10 1 I 1 _]O 1 I 1 _10 1 l L
-10 -5 0 5 10 -10 -5 0 5 10 -10 -5 0 5 10
ERI ERI ERI
ND for 2030 Moran's [ = 0.412 CP for 2030 Moran's I = 0.399 EP for 2030 Moran's 1 =0.410
10
|
LH : HH
Sk o |
I~ I~
m m
B 0 3
on on
& [ &
) | _
Sk :
LL | HL
-10 L L L -10
-10 -5 0 5 10
ERI
FIGURE 7

Global spatial autocorrelation of landscape ecological risk.

such as Zhoukou. The landscape types were mainly forestland and
grassland, with high internal connectivity, spatially clustered, and
not easily subject to change. From 2000 to 2030, the area of “Low-
Low” regions showed a trend of first decreasing and then increasing.
It was highly consistent with the spatiotemporal changes of the
lowest risk regions during this period, with changes concentrated in
adjacent not significant units. In the EP scenario, the “Low-Low”
area would reach its highest, accounting for 22.09% of the total area.
“High-High” regions accounted for about 15%, influenced by the
distribution of the highest, higher, and medium risks, primarily
clustered in the eastern and northern regions such as Linyi and
Yangzhou. The landscape types were complex and diverse,
including highly vulnerable unused land and water, which were
affected by human disturbances and had a high degree of local
fragmentation. In 2010, the area of “High-High” regions was the
largest, reaching 45100.19 km?. After 2020, the area decreased,
making it a key area for soil erosion prevention and control in
the basin.

3.3 Impact mechanisms of landscape
ecological risk

The collinearity diagnostic results of the driving factors showed
that the variance inflation factors (VIF) for E, S, PD, and GDP
exceeded 10 (Supplementary Figure S1), indicating severe
multicollinearity among the driving factors. Therefore, this study
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used the ridge regression model, sacrificing a portion of the unbiased
information to achieve regression results that were more aligned with
practical scenarios. The ridge trace plot indicated that the ridge traces
of the driving factors tended to stabilize when the ridge parameter K
was between 0.38 and 0.52 (Supplemetary Figure S2). After
examining the VIF values within this interval, it was inferred that
there was minimal collinearity among the independent variables
when the VIF was less than 5. Consequently, 0.45 was established
as the optimal K value. The VIF diagnostic results following ridge
regression indicated a significant reduction in multicollinearity
among the influencing factors. The coefficients of determination
(RZ) for the three phases were 0.74, 0.67, and 0.82, respectively.
This demonstrated that the selected natural, social, and locational
factors effectively explained the evolutionary changes in landscape
ecological risk.

Over the last two decades, the standardized regression
coefficients for P, E, S, VC, DfCC, and DfTC were less than 0
(Figure 9), indicating a negative correlation. It suggested that an
increase in these factors contributed to reducing the landscape
ecological risk. In 2000 and 2010, the regression coefficients for T,
GDP, and PD were greater than 0. It indicated that during the first
decade of the study period, an increase in these factors contributed
to elevated regional ecological risk. By 2020, the regression
coefficients for GDP and PD changed and evolved into a negative
correlation. Based on the calculated standard regression coefficients,
the relative contribution rates of each driving factor were
determined (Figure 10). VC had the most substantial impact on
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the ecological risk of the basin, with a relative contribution rate
exceeding 21% in all three phases. This was followed by P, T, DfCC,
E, PD, DfT'C, and GDP. The relative contribution of the S was the
smallest, at approximately 5%. During 2000-2010, with the rapid
development of urbanization, the relative contribution rates of
natural factors, such as P, E, S, and VC, decreased. In contrast,

the relative contribution rates of social and locational factors
increased. From 2010 to 2020, because of the deceleration of
urbanization and the conversion of cropland back to forestland
and grassland, the relative contributions of P and VC to natural
factors improved. The relative contribution rate of social factors
decreased, whereas that of locational factors continued to increase.

FIGURE 9
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4 Discussion

4.1 Landscape ecological risk changes

The increasing demand for land resources and the escalating
complexity of external disturbances had led to changes in the regional
ecological environment. As a typical densely populated area within
the transition zone between warm temperate and northern
subtropical regions, the basin had shown greater sensitivity to these
complex disturbances (Zhu and Cai, 2023). The landscape ecological
risk had progressed through two distinct stages. ERI increased from
2000 to 2010. Construction land experienced massive, unorganized
expansion, rising by 5755 km?, amounting to a 16.44% growth. The
GDP saw an increase of approximately 2.35 x 10° million yuan. The
rapid progression of urbanization had led to a heightened conflict
between intensive land development and sensitive ecological systems.
This had resulted in increased fragmentation of the cropland
landscape in the central plains and grassland and forestland
landscapes in the northern and southwestern low mountain and
hilly areas. The ecological risk decreased from 2010 to 2020. This
period was crucial for the construction of an ecological civilization
and economic transformation in the basin. Different cities devised
development strategies tailored to specific conditions. Cities in the
eastern part of the basin, such as Huai’an and Yancheng, had
leveraged convenient water transportation to strengthen economic
interactions with surrounding regions, such as the Yangtze River
Delta and the Wanjiang City Belt (Wu et al, 2021a). In the
southwestern part, cities such as Xinyang and Fuyang had focused
on transitioning from resource-based cities to accelerating
agricultural modernization (Luo et al., 2021). While fostering
economic development, these initiatives also propelled the return of
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croplands to forest and grassland. Consequently, the natural
landscape had been restored. The uncontrolled expansion of
construction land was restrained, and the expansion rate declined
to 7.70%. This resulted in enhanced internal connectivity and stability
of the landscape within the basin. This finding was consistent with the
previous study (Wang et al, 2022), which argued that with the
development of urbanization in the Huai River Basin, landscape
fragmentation exhibited a trend of initially rising and then declining
around 2015.

Improvement of the ecological environment was closely linked to
government macro-regulation. Since the end of 2013, the Chinese
government had issued a series of regulatory policies intensifying
efforts toward aggregated development, categorized protection, and
the comprehensive management of land resources. In 2014, the
Ministry of Land and Resources of China issued the Regulations on
the Economic and Intensive Use of Land. Subsequently, the State
Council released the Overall Plan for Ecological Civilization System
Reform in 2015 and the National Land Planning Outline (2016-
2030) in 2017 (Sang et al, 2021). These policies had provided a
foundation for maintaining regional ecological stability and
promoting sustainable development of the ecological environment.
The Huai River Ecological Economic Belt Development Plan was
promulgated in 2018 (Wang et al., 2023b). This had charted a new
development model for promoting strategic management across the
entire basin and for future exploration of ecological civilization
construction in major river basins. In the landscape ecological risk
assessment projected for 2030, the CP scenario presented a lower
ecological risk than the NP scenario. This indicated that
implementing a cropland preservation strategy could foster the
stable development of the basin’s ecosystem. In the EP scenario,
forestland, grassland, and water landscapes were restored, and the
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conversion efficiency of unused land was improved, further reducing
the landscape ecological risk. The Moran’s I for the CP and EP
scenarios would be significantly lower than that of the ND scenario.
The reason could be that with the implementation of different
external development plans, the basin’s ecological risks would be
increasingly influenced by human interventions such as policies,
reducing the constraint of spatial locations on internal risk.
Although there were variations in the delineation of risk intervals
among research findings, this is a relative range. The distribution of
landscape ecological risk within the river basin showed considerable
spatial heterogeneity, with a pattern of higher risk in the east and
lower risk in the west. This was because of the dominance of highly
vulnerable unused land and water in the eastern urban clusters,
including lakes such as Hongze, Weishan, and Gaoyou. These areas,
characterized by relatively flat terrain, abundant water resources, and
high PD, had a lower capacity to resist external disturbances, resulting
in heightened local ecological risks.

4.2 Impact factors of landscape
ecological risk

This study developed the ridge regression model through the
diagnosis and reduction of multicollinearity among feature variables,
coupled with optimization of the ridge parameter. The study found
that over 20 years, natural factors such as P, E, S, and VC negatively
correlated with landscape ecological risk. Among these factors, VC
had the greatest relative contribution. The VC was a combined
indicator of plant growth and photosynthetic intensity (Martinez
and Labib, 2023). A higher value of VC indicated a larger proportion
of natural landscapes, such as forestland and grassland, in the region,
positively influencing the development of ecological projects. The
P and T also exhibited relatively high contribution rates. In contrast
to the effects of other natural factors, T was positively correlated
with ecological risk. Known as the rain-heat effect, the dual impact
of decreased rainfall and increased temperature likely reduced
the spatial distribution of forestland and grassland landscapes,
resulting in a more vulnerable regional ecosystem (Kayumba et al,
2021). The influences of E and S were relatively modest. In the
basin, high-elevation areas are primarily concentrated around Tai’an
and Zibo in the north, and Huanggang and Qing’an in the south.
These areas were predominantly occupied by low-vulnerability
grassland and forestland and were characterized by high internal
structural stability and connectivity. This could facilitate stable
ecosystem development.

DfCC and DfTC showed negative correlations with the risk.
This was attributed to the continuous advancement of urbanization,
leading to substantial population migration to cities and towns
(Yang et al., 2022a). Consequently, the increasing demand for land
resources had intensified the risk of landscape fragmentation in the
central areas of built-up urban regions. In 2020, the regression
coefficients for the GDP and PD shifted from higher positive to
lower negative correlations. This could be attributed to the
saturation of construction land in the relatively developed cities
of Yangzhou in the east and Linyi in the north, as well as in the
surrounding areas. In the central and southern parts of the basin,
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the pattern of urban construction land had evolved to become more
compact, with the expansion of patches having a more regular
shape. This suggested that the strategic expansion of construction
land driven by social development was beneficial for enhancing the
stability of regional ecology. By integrating the land use transition
matrix from 2010 to 2020, fluctuations in grassland were
predominantly reflected in the transformation between forest land
and water. The human disturbance did not reduce its quantity. In
contrast, influenced by the policy of converting cropland back to
grassland, 148 km* of cropland was transformed into grassland,
facilitating the restoration of lower-risk areas. With the growing
demand for land resources, the development efficiency of highly
vulnerable unused land had increased, reducing its area by 62.65
km?. This contributed to the suppression of development in the
highest risk areas. When the urbanization process had developed
over time, increases in GDP and PD positively affected regional
ecosystem stability.

4.3 Recommendations for future
risk management

Considering the basin’s important role in national grain
production and in response to the United Nations’ call to achieve
the 15th Sustainable Development Goals by 2030, this study
established ND, CP, and EP development scenarios in 2030.
Upon comparing the simulated outcomes for 2020 with the actual
conditions, it was discovered that the OA coefficient was 0.92, the
kappa coefficient was 0.91, and the FOM index was 0.30%. This
signified a high level of reliability in the predictive results. It was
essential to determine how to reduce regional ecological risk while
safeguarding socio-economic development effectively. Therefore,
integrating the above three developmental outcomes, this study
had proposed the following recommendations. For the highest and
higher risk areas, there should be a focus on intensifying the use of
unused land, especially those predominantly located in the northern
cities of Jining and Zaozhuang. Developing small parcels of unused
land near water and cropland in cultivated areas was encouraged. In
these areas, unused land was advantageous for irrigation and
suitable for cultivation, enhancing land use efficiency and
generating higher economic benefits. It was important to
minimize human disturbances in highly vulnerable waters,
intensify efforts in lake management and wetland conservation,
and reduce the environmental risks associated with soil and water
erosion in eastern cities such as Yancheng and Taizhou. For
medium-risk regions, it was imperative to plan scientifically for
the cropland area. This involved adhering to reforestation and
grassland restoration policies while establishing basic cropland
protection zones. Such measures aimed to reduce the risk of
agricultural land fragmentation and ensure food production
stability. Enhancing environmental governance and establishing
ecological buffer zones were essential for areas with the lowest
risk. This approach aimed to reduce the potential degradation of
forestland and grassland and prevent land desertification. It was
important to develop the scale of construction land in the central
part of the basin and scientifically advance the urbanization process.

frontiersin.org


https://doi.org/10.3389/fevo.2024.1471164
https://www.frontiersin.org/journals/ecology-and-evolution
https://www.frontiersin.org

Li et al.

4.4 Limitations and future work

The evolution of landscape ecological risk was influenced by
multiple factors, with human activities being the most directly
observable (Rao et al., 2024). As a population agglomeration area
between the warm temperate and northern subtropical regions, there
was a vital research value for evolving landscape ecological risk from
human solid activities in the basin. This study considered the impacts
of PD and GDP as social driving factors. In future research, the
complexity of social factors could be more comprehensively explored
by integrating human activity intensity index (HAI) and additional
socio-economic indicators such as nighttime lighting data (Li et al,
2022; Han et al,, 2023). Secondly, the basin spans four provinces:
Anhui, Jiangsu, Shandong, and Henan. The land development plans
of each province differ, and restrictive data on ecological redline
protection areas and basic cropland protection areas had yet to be
obtained. This might lead to some non-convertible cropland and
ecological land being modified in future simulation results. In
summary, these would all be tasks for our continued in-depth
research in the future.

5 Conclusion

This study utilized the FLUS model to conduct multi-scenario
simulations of the land use spatial pattern in 2030, constructed a
landscape ecological risk assessment system for the Huai River
Basin, analyzed the spatiotemporal characteristics of ecological risks
from 2000 to 2030, and clarified the influencing mechanisms of risk
evolution over the past 20 years through the ridge regression model.
The following conclusions were obtained:

1. Cropland was the predominant land-use type (accounting
for over 68%), and the primary transitions were
concentrated between cropland and construction land. By
2030, the area of construction land projected to continue to
expand, with the greatest increase of 2906 km? anticipated
in the ND scenario. In the CP scenario, the area of cropland
would recover by 1237 km?. In the EP scenario, forestland
and grassland would recover, and the efficiency of
developing unused land would be the highest.

. The overall spatial pattern of landscape ecological risk
showed a “high in the east and low in the west”
distribution, with the lowest risk areas predominating
(accounting for over 43%). From 2000 to 2010, the
average risk increased by 0.0021; from 2010 to 2020, the
average risk decreased by 0.0007. By 2030, the risk is
expected to decline further, with the risk hierarchy being
the EP scenario< the CP scenario< the ND scenario.

. The risk exhibited significant positive spatial autocorrelation,
with Moran’s I above 0.38. By 2030, the limitation of risk
distribution by spatial location would decrease due to the
increased impact of external development plans. Local spatial
clustering was mainly characterized by “Low-Low” regions,
accounting for 20% of the basin.
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4. Over the past 20 years, VC, P, E, S, DfCC, and DfT'C had
shown negative correlations with the risk, while T had a
positive correlation. Notably, in 2020, GDP and PD turned
to a negative correlation, indicating that not all human
activities adversely affect regional ecological risk. Moreover,
VC had been the main influencing factor, with relative
contributions in all three periods exceeding 21%.

In summary, this study avoided the limitation of related
research that focused on past periods by using multi-scenario
simulations and expanded the exploration of the influencing
mechanisms of landscape ecological risk. Furthermore, this study
integrated different development scenarios to propose feasible
suggestions for reasonably reducing landscape ecological risk in
the basin and promoting sustainable development in the future.
This study could provide scientific references for environmental
management in areas with similar complex climatic conditions and
intense human activities globally.
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