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Abstract: Due to the complex ecological effects of the interactions between natural environmental
evolution and anthropogenic interference, a series of longstanding environmental problems have
severely exacerbated the vulnerability of watershed ecosystems. Landscape ecological risk (LER)
assessment is suitable for exploring the extent of threats and the likelihood of adverse impacts to
watershed ecosystems from multiple sources of risk. However, the specific LER and the role of
diverse factors on LER in the Four Lakes Basin remain unclear. Hence, it is necessary to identify
the spatiotemporal evolutionary characteristics of LER and the drivers of their interactions. In this
study, the variations and driving factors of LER in the Four Lakes Basin from 2000 to 2020 were
evaluated. Landscape disturbance index was selected to establish the LER measurement method.
Spatial autocorrelation and the standard deviation ellipse method were employed to analyze the
spatiotemporal changes in LER. To overcome the uncertainties in accurately assessing the interactions,
we attempted to use the geographic detector model to quantitatively analyze the driving factors. The
following results are indicated: (1) In the period from 2000 to 2020, the LER had spatially uneven
distribution characteristics of low in the north-central and high in the east and south. The level of LER
has been increasing. (2) The LER has characteristics showing significant spatial clustering distribution.
However, the spatial convergence has diminished with time. (3) The development inclination of
LER was different in the two stages. The first stage (2000-2010) showed diffusion, while the second
stage (2010-2020) was concentrated to the northwest. (4) The two-factor enhancement of interactions
between land use index and human disturbance (qa009 = 0.885, 010 = 0.888, qpo20 = 0.713) was
the dominant factor influencing LER. This study can provide a theoretical reference for ecological
restoration and promotion of ecosystem service functions in the Four Lakes Basin.

Keywords: landscape ecology; spatiotemporal evolution; driving factors

1. Introduction

Landscape ecological risk (LER) refers to the possible adverse consequences from the
interaction of landscape patterns and ecological processes under the influence of natural or
anthropogenic factors [1]. As a vital sub-field of ecological risk assessment, LER assessment
can efficiently optimize and integrate regional landscape patterns together with the sus-
tainable development of environment and resources [2—4]. Analyzing the spatiotemporal
evolution characteristics based on the evaluation of LER can determine the potential ad-
verse effects from the existence of regional ecosystems under spatial and temporal changes.
It provides support for environmental protection and ecosystem management [5,6]. Hence,
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studying the spatiotemporal dynamic evolution of LER and its socioecological effects is
vital to better understand the relationship between ecosystems.

LER assessments can basically be divided into two categories based on risk source
sinks and landscape patterns [7]. The early evaluation method benchmarks are dominated
by the former, inheriting the basic principles of traditional ecological risk evaluation. How-
ever, it is suitable for the assessment objectives with specific regional ecological security
risk coercion or clear stress factors on ecosystems [8-10]. The evaluation method based on
landscape pattern analysis has eliminated the general process of traditional ecological risk
assessment to a certain extent, from risk source identification to receptor analysis and finally
exposure and hazard assessment [1]. The hot spot of research regarding the assessment sys-
tem is the use of land use/cover change (LUCC) as a causative factor to describe the impact
of manifold risk factors, such as human disturbance or natural change [11-13]. LUCC has
been shown to be an applicative scope for exploring the spatial and temporal differentiation
characteristics on ecosystems [14-16]. Within the framework of this study, the landscape
pattern not only determines the form of resource and environmental distribution [17] but
also quantifies the LUCC. Therefore, taking the landscape pattern as an entry point, a
landscape index was constructed, integrating fragmentation, dominance, and separation
of landscape structure to describe the LER [18]. LER assessment focuses more on the
coupled correlation perspective of ecological processes and spatial patterns by constructing
a sampling grid, which divides it into multiple risk areas to provide a more accurate spatial
representation of risk [6]. Based on the assessment, substantial literature has appeared
around the theme of different scale ranges, such as administrative divisions [19-21], wa-
tersheds [22-25], wetland [26], and coal mine area [4]. However, these studies focus on
the time—space distribution characteristics and comparisons of LER, and lack exploring
the impact of multiple driving mechanisms interacting on LER. Thus, it is necessary to
evaluate the expression of risk in ecological functions and processes resulting from spatial
and temporal patterns in combination with driving mechanisms for the construction of
ecological environment security [27].

Against such a backdrop, exploring implications between natural and anthropogenic
factors affecting regional LER has received increased attention in recent years [28-30].
Conventional methods for studying driving mechanisms, such as correlation analysis and
classical regression models, can only describe the effect of factors on the trend in LER,
and it is difficult to quantify the extent to which a factor affects the spatial divergence in
LER [31]. Although geostatistics and geographically weighted regression can measure the
spatial variability of ecogeographical phenomena, it is difficult to quantify the synergistic,
antagonistic, or independent interactions between factors [32]. Compared with these
methods, a geographic detector can quantify its driving factors with higher explanatory
efficiency and detect interactions among two driving factors that are not possible with the
classical geographic analysis [33]. As a statistical method, the geographic detector method
measures spatial heterogeneity while also mining unique information incurred from spatial
heterogeneity [34,35]. Based on this assumption, the following hypotheses were proposed:

H1: Spatial heterogeneity characterizes the distribution of LER.

H2: There are interactions among factors affecting the spatial heterogeneity in LER, and there are
significant differences in the effects of the combined effects of the two factors on the distribution
of LER.

As one of the important tributaries of the middle and lower reaches of the Yangtze
River, the Four Lakes Basin is the main part of the Jianghan Plain in China. It connects
the water cycle, biosphere, lithosphere, and other organic ecological systems with high
ecological relevance across the region, providing a strong basis for regional biological
reproduction and human activities [36,37]. However, the ecological environment of the
Four Lakes Basin has been threatened by the seine farming and the development of ur-
banization in the region, together with the frequent occurrence of natural disasters. As an
obviously ecologically fragile area, the Four Lakes Basin is chosen to be a study area.
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Previous studies on the LER have focused on the characteristics of spatial patterns and
trends in spatial and temporal variations. However, quantitative analysis of the interactions
of the drivers affecting LER distribution is lacking and whether the combined effects of
the driving factors have significant differences on LER. Therefore, this paper aims not only
to reveal the rule of dynamic space—time patterns of change in the LER distribution, but
also to quantify the degree and expression of interactions in the driving factors. In this
study, we construct a LER evaluation model based on the results of LUCC. Spatial analysis
models are used to explore the spatiotemporal evolution law of LER and the relationship
between spatial associations in the study area. Identifying patterns in spatial and temporal
variability and risk aggregation areas facilitate ecological management measures. With
respect to the absence of analysis in comprehensive mechanisms, a geographic detector that
combines multiple factors is applied to analyze the driving factors. Hence, this research has
profound merit for understanding the mechanisms of LER change. Further, this research
provides theoretical guidance for the prevention and control of LER in the Four Lakes Basin
and serves as a valuable reference for other similar regions.

2. Study Area and Materials
2.1. Study Area

The Four Lakes Basin on the Jianghan Plain (29°26' N-31°02' N, 111°58' E-114°04 E),
is a depressional area between the Yangtze and Han rivers (Figure 1a,b), covering a total
area of 11,547.5 km?2. There were four large lakes in the basin, namely Changhu Lake,
Bailu Lake, San Lake, and Honghu Lake. It is known as the Four Lakes Basin due to the
construction of canals connecting the four lakes. However, with the effect of reclamation
and the evolution of the wetland environment, only two large lakes remain today, Changhu
Lake and Honghu Lake. These two lakes play a pivotal role in human activities and the
water supply and flooding of water conservancy projects. However, influenced by human
activities, the two lakes also face long-standing environmental problems [38]. The total
length of the trunk canal of the four lakes is 185 km, and it flows through Shashi District,
Jingzhou District, Qianjiang City, Jiangling County, Jianli City, and Honghu City. It finally
joins the Dongjing River through the Xintankou pumping station and converges into the
Yangtze River.

The study area has a northern sub-tropical monsoon climate, with annual precipitation
between 1100 and 1300 mm and annual average temperature between 15.7 and 16.6 °C. The
area has sufficient light, with simultaneous rain and heat, flat topography, and fertile soil.
Therefore, the Four Lakes Basin has become a prominent agricultural production base in
Hubei Province. Additionally, it is a crucial part of the Yangtze River coastal economic belt.
Under the impacts of climate change and human activities, the natural geomorphology and
landscape of river and lake ecosystems in the region have been drastically disturbed. The
watershed is experiencing long-term ecological and environmental problems [39].
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Figure 1. Schematic of the study area. Location (a), essential information (b), and grid sample (c) of
the study area.

2.2. Data Sources and Processing

The database used in this study is shown in Table 1. The data processing procedure
is shown below. (1) Geographic alignment and geometric correction were carried out
for the series of Landsat remote sensing (RS) images. The error was controlled within
0.5 image elements, and image stitching and cropping were executed using ENVI5.3
software. The object-oriented random forest classification method was used to classify the
pre-processed remote sensing images in eCognition 9.0 software. The images were visually
corrected based on GPS field sampling points and Google Earth images. To facilitate
the quantification of LER, the land use/land cover (LULC) types were classified into the
following six categories: cultivated land, forest land, grass land, water body, construction
land, and unused land. The overall accuracy of land cover classification was tested to
be over 0.85, which meets the requirements for the study. The LULC types are shown in
Figure 2. (2) Resampling to 30 m was used uniformly for data with different resolutions
under ArcGIS 10.8.

2010 2020 N

&

LULC types
Cultivated land - Construction land - Forest land Grass land
Water body Unused land § 20 A0km

Figure 2. Spatial distribution of land use/land cover in the Four Lakes Basin.
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Table 1. Database sources.

Data Time Resolution Source
Landsat 5/8 RS images 2000, 2010, and 2020 30m http://earthexplorer.usgs.gov/
& ! ! (accessed on 11 May 2022)
https:/ /www.gscloud.cn/
DEM ) 30m (accessed on 11 May 2022)
. https://data.cma.cn/
Rainfall and temperature 2000, 2010, and 2020 - (accessed on 11 May 2022)
E https:/ /modis.gsfc.nasa.gov/
MODIS-NDVI 2000, 2010, and 2020 250 m (accessed on 12 May 2022)
Population density 2000, 2010, and 2020 1000 m http://www.worldpop.org/

(accessed on 13 May 2022)

3. Research Methods

The methodology used in this paper is divided into three parts. (1) Long time-series
LER changes: By constructing LER evaluation model, we obtained the changes in LER
during the period from 2000 to 2020. (2) Spatial analysis of LER: Two methods, spatial
autocorrelation and standard deviation ellipse, were used to analyze the spatial clustering
features and variation trends. (3) Analysis of driving factors of LER: A geographic detector
was used to reveal the driving factors that influence and regulate LER. The technical route
is shown in Figure 3.
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Figure 3. The framework of the technology route.

3.1. Landscape Ecological Risk Assessment
3.1.1. Evaluation Cell Selection

To facilitate the analysis of the LER spatial distribution, a sampling grid was selected
as the evaluation cell. The study area was divided according to the size of each risk cell
by 2-5 times the area of the landscape patches [40]. The spatial grid sample (Figure 1c)
was implemented for the study area according to the grid cell with a division area of
3km x 3 km. There were a total of 1507 evaluation cells. The landscape ecological risk
index (ERI) of the corresponding evaluation cell was extracted on the basis of the following
ecological risk evaluation model. Ordinary kriging interpolation was performed on the
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ERI, and the ERI was classified into five levels, namely low, sub-low, medium, sub-high,
and high risk using the natural breaks method.

3.1.2. Landscape Ecological Risk Evaluation Model

The objective of assessing the LER evaluation model was to assess the probability of
adverse effects of landscape pattern changes on ecosystems at the landscape scale. Drawing
on the existing research results of related scholars [11,41,42], the calculation formula was

constructed as follows: .

Agi
ERI 1:21 A, R; 1)
where Ay is the total area of the kth cell (km?); Ay; is the area of the ith LULC type in the kth
cell (km?); and R; represents the landscape disturbance index for the ith LULC type, which
is expressed as follows:
Ri = Fi X Si (2)

where F; and S; represent ecological vulnerability index and landscape loss index for the
ith LULC type, respectively; the F; values of the six LULC types are 1 for construction land,
2 for forest land, 3 for unused land, 4 for grass land, 5 for cultivated land, and 6 for water
body [41]. S; can be expressed as:

S; =aC; + bN; + cD; (3)

where g, b, and c refer to the weights of C;, N;, and D;, respectively, and the sum of 4, b, and
c is 1. In conjunction with previous research and the characteristics of the study region,
in descending order of indicator importance are C;, N;, and D;. Accordingly, a, b, and ¢
are assigned values of 0.5, 0.3, and 0.2, respectively [12]. C;, N;, and D; reflect landscape
fragmentation index, landscape separation index, and landscape dominance index in a
given LULC type, respectively, and they are calculated as follows:

=74 @
A n;
N; = 24\ A &)
i+ M; L
D; = Qi " iy 51 (6)

where 7; is the patch number of ith LULC type; A; is the area of ith LULC type (km?); A is
the total area of the study area (km?); Q; is the ratio of cells of ith LULC type to the total
cells; M; is the ratio of the number of patches of ith LULC type to the total number of all
patches; and L; is the ratio of the area of ith LULC type to the total study area.

3.2. Spatial Statistical Analysis
3.2.1. Global Spatial Autocorrelation and Local Spatial Autocorrelation

Global spatial autocorrelation reflects the degree of spatial correlation in landscape
ecological risk from a macroscopic perspective. The global Moran’s I statistic judges the
correlation dependence between data at a certain location and other locations within the
distribution area [43]. The global Moran’s I can be expressed by the following equation:

n
W;izZiZs
o n
Moran's I = ———; ()
0 'lelz
1=

where 1 represents the number of spatial units studied; Sy is the aggregation of all spatial
weights; wj; is the spatial weight between intervals i and j; and z; and z; are the deviation
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of the attributes of intervals i and j from their mean values, respectively. The positive and
negative values and magnitude of the global Moran’s I measure the nature and degree of
spatial aggregation in spatial autocorrelation, respectively.

To illustrate the clustering distribution patterns for ERI, the use of local spatial auto-
correlation can better reflect the local spatial information, which is a good complement to
global autocorrelation. The local Moran’s I (I) can be calculated as follows [44]:

n(xi — f)iw” (x/ — f)
1= i (i ) (®)
Y (xi —X)

i

where 7 is the number of spatial units; w; is the spatial weight, x; and x; are the ERI for the
ith and jth spatial units, respectively; and ¥ is the summary value for the ERL

3.2.2. Standard Deviation Ellipse and Center of Distribution

Among many spatial statistical methods, the standard deviation ellipse (SDE) can
accurately reveal centrality, spread, directionality, spatial morphology of geographic el-
ements [45]. The spatial variation in ERI under different levels is finely delineated and
quantitatively described by SDE. Its calculation formula is shown below:

n n
'21 WiX; 'Zl WiYi
< i= Eva i=
= 7 y Y = n (9)
Z wi Z wi
i=1 i=1
S = noyoy (10)

where (X, Y) are the coordinates for the weighted average center of gravity; n indicates
the number of space cells; (x;, y;) denotes the latitude and longitude coordinates for each
cell; w; denotes the ERI corresponding to each cell; S denotes the area of the standard
deviation ellipse; and o, and oy denote the standard deviation for the x and y axes of the
ellipse, respectively.

3.3. Driving Factor Analysis
3.3.1. Extraction of Driving Factors

Considering the perspective of the environmental time domain and the characteristics
of the research area, 10 driving factors were selected and categorized into anthropogenic
and natural factors. For convenience of expression, x1, X2, X3, X4, X5, X6, X7, Xg, X9, and
x10 represent the maximum inter-annual normalized vegetation index (NDVI), farmland
fragmentation, slope, land use intensity index (LUI), human disturbance (HD), annual
precipitation, annual mean temperature, landscape diversity index, population density
(PD), and administrative area, respectively. Based on the MODIS-NDVI of the listed years
(Table 1), x; was analyzed using the maximum value synthesis method. x; as a landscape
type was characterized using a composite score of integrated weighting factors [46]. De-
tailed indicators and the weights of indicators are presented in Tables S1 and S2. The specific
formulas are shown as Equations (S1)—(53). x3 was evaluated based on DEM using surface
terrain analysis tools. x4 and x5 were calculated by referring to the models constructed in
the related studies [47,48], respectively. Specific methodological descriptions are reflected
in the Supplementary Materials (Equations (S4) and (S5)). x4 and x7 were calculated from
monthly rainfall and temperature for each year. Spatially interpolated maps of x4 and
x7 were obtained for each weather station using ordinary kriging interpolation. xg was
calculated using the modified Simpson diversity index under Fragstats 4.3 software. x9 and
x109 were extracted by cropping the study area boundaries based on population density and
the administrative boundaries of the study area, respectively.
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3.3.2. Geographic Detector

The theoretical core of a geographic detector is to detect spatial differentiation and
reveal its driving factors [35]. In this study, we explored three functions of the geographic
detector, namely factor detection, interaction detection, and ecological detection to reveal
the explanatory power, interaction effect, and significance effect of each driving factor on
the spatial heterogeneity in the LER.

Factor analysis detects the spatial heterogeneity in Y, and evaluates the influence of
factor X on the change in Y using the g-value. The g-value is a number between 0 and 1. A
larger g-value represents stronger explanatory power of independent variable X on Y, and
vice versa. The expressions are as follows [49]:

L
N, 2
1 SSW 1— hgl Wk (11)
1= 7 55T ~ No2

where SSW denotes the sum of variance within a stratum. SST denotes the total variance
of the whole region; h = 1...L is the stratification of the dependent variable X or the
independent variable Y; N; and N represent the number of cells in stratum / and the
whole region, respectively; 07,2 and o2 denote the variance of Y in stratum / and the whole
region, respectively.

Interaction detection is used to identify the interactions between different risk factors
and to assess whether the two factors together increase or decrease the explanatory power
of dependent variable Y. The relationship between the two factors is divided into the
following main cases, as presented in Table 2.

Table 2. Interaction type of two factors.

Description Interaction
q(X1 N X2) < Min[q(X1), g(X2)] Weakened, non-linear
Min[g(X1), g(X2)] < g(X1 N X2) < Max[g(X1), g(X1)] Weakened, single factor non-linear
q(X1 N X2) > Max[g(X1), q(X2)] Enhanced, double factors
q(X1 N X2) = q(X1) + q(X2) Independent
g(X1 N X2) > q(X1) + q(X2) Enhanced, non-linear

Ecological detection is used to compare whether the joint effect between two factors is
significantly different on the spatial distribution of the dependent variable Y, as measured
by the F-statistic:
~ Nx1(Ny —1)SSWxq

F =
Nx2(Ny1 —1)SSWx»

(12)

where Ny and Ny, denote the sample sizes of the two factors X1 and X2, respectively; and
SSWx1 and SSWyx, denote the sum of the within-layer variance of the stratification formed
by X1 and X2, respectively. The null hypothesis Hj states that SSWx; = SSWx».

In this study, geographic detector analysis was performed in the R-Studio 4.2 envi-
ronment using the “GD” package. The specific algorithm guidance is provided in the
literature [50].

4. Results
4.1. Dynamic Changes in Landscape Ecological Risk

The spatial distribution of LER was calculated as explained in Section 3.1 (Figure 4a),
and the results were depicted in a pie chart (Figure 4b). According to Figure 4a, the overall
spatial distribution of LER level distribution varied significantly, showing the characteristics
of being low in the north-central and high in the east and south. Combined with Figure 2,
the distribution of landscape ecological risk was closely related to LULC. The distributions
of the sub-high and high levels were generally consistent with the ponds and riverine areas.
The lower areas were in the western and north-central areas, and were mainly hilly and
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urban and other construction areas. The landscape cover types were mostly woodland,
built-up areas of towns, and other landscapes. The eastern and southern regions were
mostly lakes, ponds, and dikes, together with river areas where the landscape type of which
was mainly water mudflats. The landscapes were complex and variable, and landscape
separation and fragmentation were extensive. Thus, LER was at a sub-high or high level.
By analyzing the time series, the level changed dramatically, which is characterized by the
continuous increase in the proportion of sub-high and high levels and the tightening in
the proportion of low and sub-low levels. According to Figure 4b, the proportion of the
high grade increased dramatically from only 2.28% in 2000 to 14.31% in 2020, increasing by
12.03%. From 2000 to 2010, the LER level was dominated by the sub-low level, accounting
for 51.91% and 48.38%, respectively. However, in 2020, it changed to the sub-high level,
accounting for 44.18%. The overall proportion of the sub-low level decreased by 31.86%
from 2000 to 2020. This change indicates that the LER had increased significantly between
2000 and 2020. Especially over nearly past 10 years, the proportion of high and sub-
high level had increased dramatically, indicating that the landscape ecosystem was under
greater threat.

(a) 2000 2010 2020 N
d

{l | ¢ A
[ )
i e
' s e,
=0 %
3 " 3
lhogy i e > GG P
% "‘ A~ ) "!.-." -.:" A = - & '“ i
EULY (nia ) S id g
ERI v g Lt

0 20 40km

- Low Sub-low Medium Sub-high - High

44.18%

21.46%

51.91%
- 48.38%
S et e 15.77%
B Low V2.28% | Low pr436% I Low
ER Sub-low 0% [ sub-low A% B sub-low 2005%
Medium Medium Medium
B Sub-high [ sub-high B Sub-high
B i I Hich Il vigh

Figure 4. Spatial and temporal evolution of landscape ecological risk. Spatial distribution (a) and the
proportion (b) of landscape ecological risk.

4.2. Spatial Analysis of Landscape Ecological Risk
4.2.1. Spatial Autocorrelation Analysis

By analyzing the global spatial autocorrelation, global Moran’s I for the spatial distri-
bution of ERI in 2000, 2010, and 2020 were 0.542, 0.528, and 0.505, respectively (Figure 5a).
It is clear from variation trends that the ERI was significantly positively correlated. The
values were clustered and influenced each other spatially. However, global Moran’s I tended
to decrease over time, inferring that the degree of spatial autocorrelation weakened and
spatial convergence gradually decreased. This finding is also related to the imbalance in
landscape pattern distribution caused by the LUCC.

To further explore the correlation and aggregation degree of LER in local space, the
spatial distribution in the clustering map for local Moran’s I (LISA) from 2000 to 2020
was plotted (Figure 5b). It shows that the ERI is mainly in distributions of H-H and
L-L. The distribution area has been relatively stable over time, with less anticorrelated
aggregation patterns such as L-H and H-L. This indicates that the LER shows significant
spatial distribution differences. Figure 5b shows that during the period from 2000 to 2010,
the high value areas are mainly clustered in the eastern and southern regions. The low
value areas are mainly clustered in the western and northern regions. With the passage
of time, the local spatial autocorrelation results in 2020 showed that there was mainly
an H-H partition, which is consistent with the distribution area in the previous period.
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Indirectly, it can be inferred that the impact on the local space during 20102020 intensified.
The threat to the local ecological environment has been further enhanced.
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Figure 5. Spatial autocorrelations of landscape ecological risk. (a) Moran’s I scatter plot, (b) the LISA
cluster map.

4.2.2. Spatial Pattern Change Analysis

By drawing the SDE distribution and the center of the variations in different LER levels
in the study area from 2000 to 2020 (Figure 6), the relative spread of risk and the trajectory
and spatial displacement of the center of each level can be described. In addition, the results
further determine the direction of the alteration in LER and whether the development shows
a concentrated or diffuse developmental trend. The results revealed that both high and
low grades moved significantly to the west and northwest during 2000-2020, where the
spatial displacement of the center of low and sub-low grades moved from the northern
part of Honghu city to Qianjiang city, and the center of sub-high and high grades shifted
from Jianli city to Qianjiang city. The medium-grade center is concentrated in southern
Qianjiang city.

Through spatial statistical analysis, according to the results in Table 3, the development
trend in the low and sub-low levels was consistent with that for the high and sub-high
levels. The value change in the SDE area gradually increased during the period from 2000
to 2010, indicating that the development tended to spread in the early stage. However, the
SDE area decreased during 2010-2020. From 2010 to 2020, the LER was concentrated in the
northwest direction.
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Figure 6. Ellipse of standard deviation of ecological risk change in each class of landscape and its
center of distribution. (a) low and sub-low; (b) medium; (c) high and sub-high.

Table 3. Characteristic ellipse parameters for the landscape ecological risk levels.

. . Long Half- Short Elliptic
ERILevel Year Longitude Latitude Axde/km Half-Axle/km  Area/km?
Subll 2000 113.35 30.09 81.24 35.85 9147.24
e d'low 2010 113.24 30.08 88.41 37.73 10,478.09
andlow  Hnp0 112.62 30.28 73.55 32.93 7607.22
2000 112.77 30.18 78.37 39.63 9756.64
Medium 2010 112.69 30.14 68.03 4256 9095.53
2020 112.68 30.16 66.34 30.61 6377.59
Subhich 2000 113.07 29.98 79.5 4295 10,726.71
and high 2010 113.1 30.07 86.77 47.23 12,875.41
& 2020 112.58 30.39 59.01 28.23 5232.24

4.3. Importance Analysis of Driving Factors

The factor detector can detect not only the spatial heterogeneity in LER, but also the
extent to which the driving factors explain the spatial heterogeneity. By means of single
factor detection, the explanatory power map of the driving factors was calculated based
on g-values. As shown in Figure 7, LUI (x4) ranked first in terms of its contribution to
the spatial differentiation of LER, with g-values of 0.785, 0.781, and 0.646. This result
indicates that LUI was the predominant factor controlling the variation in the period from
2000 to 2020. It was followed by the HD (x5). Additionally, the g-value for anthropogenic
disturbance revealed an overall increasing tendency, from 0.576 in 2000 to 0.613 in 2010
and slightly decreasing to 0.577 in 2020. This implies that the intensity of anthropogenic
disturbance in the landscape is gradually becoming one of the leading factors controlling
the spatial variability of LER. The natural elements were under the implication of long-term
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environmental factors, and the g-value generally fluctuated between 0.1 and 0.2 during
2000-2010, with a more stable influence. The g-value increased for the annual precipitation
(x6) and reached 0.12 in 2020 under the effect of extreme precipitation events in the middle
and lower reaches of the Yangtze River, increasing to 0.234. These results also indicate
the impact of extreme climate on LER. However, the overall driving factors affecting the
greater LER were anthropogenic factors such as LUI (x4) and HD (xs).
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Figure 7. Explanatory power distribution showing the effect of driving factors.
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4.4. Ecological Analysis of Driving Factors

Ecological detection in the geographic detector allows us to determine whether there
are significant differences in the effects of the above variables on the spatial distribution of
LER. This method mainly compared the differences between factors. The detection results
were tested using a f-test with a significance level of 0.05. As shown in Figure 8, most
of the factors differed significantly from each other. There were only a small number of
factors with too large or too small differences due to the g-value data. These were between
farmland fragmentation (xp) and NDVI (x;), and between annual precipitation (x4) and
annual mean temperature (x7). Hence, there was no significant difference in the interaction
for these factors in the statistical analysis.
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Figure 8. Significance analysis among driving factors. (a) 2000, (b) 2010, (c) 2020. (Note: Y: significant,
N: non-significant).

5. Discussion

5.1. Spatial and Temporal Variation in Landscape Ecological Risk

The landscape patterns of LUCC are strongly associated with ecological risk [51,52].
LER was characterized by obvious spatial heterogeneity. The spatial distribution of LER
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in the study area was low in the northwest and higher in the south and southeast. The
regions with lower LER ranks were primarily influenced by forest land and grass land.
Causes of higher LER rank were mainly affected by construction land, with more enhanced
development and urbanization levels. This result was consistent with the findings from
watersheds in China and foreign countries with different ecological conditions, such as
the Bosten Lake Basin [53], Bailong River Basin [54], Red River Basin [55], and typical
cross-border Koshi River Basin [42]. As a result of human reclamation of lakes and climate
change, the trend in shrinking water bodies has increased [56] and the number of patches
has decreased. Additionally, the water bodies themselves have a high degree of landscape
vulnerability [41], leading to an increase in the degree of landscape disturbance and vul-
nerability. Similar to the Lake Shengjin wetland [57], Three Gorges Reservoir Region [58],
Manas River Basin [59], and Padam River Basin [60] in Bangladesh, high and sub-high LER
levels were mainly located near water bodies.

The changes in the LER levels were characterized by a clear phase change. The ERI
values have gone through two distinct periods of change over time. As shown in Figure 9,
the LER shifted mainly from low to medium level during 2000-2010. From 2010 to 2020,
industrial transformation and upgrading were promoted, strategy for “Industrialization of
City” was implemented, and modern service industry was developed vigorously. Highway
and railroad networks have been built to support industrial manufacturing and modern
service. These artificial corridors of disturbance affected the connectivity of the regional
ecosystem. Due to the obstruction of material and energy exchange between ecosystems,
the spatial-temporal differentiation and dispersion of ecological landscape patches in-
crease [16]. Hence, the level shifted mainly from medium to sub-high level as well as
from sub-low to sub-high level, indicating there was a trend toward increasing risk in the
landscape of the Four Lakes Basin.

High Low

High (b) 2000

Subhigh oy, 500

(a)

3 / \ 1 4 Sub-high
3000 - - f 3000

Medium
2000

11000 6000 3000

00 2000 1000
9000 8000 Sub-low Medium

Figure 9. Shifts in landscape ecological risk levels during 2000-2020. (a) 2000-2010; (b) 2010-2020.

The spatial and temporal evolutions in both LER and ecological vulnerability in the
watershed are strongly coupled with landscape pattern indices characterizing landscape
diversity, fragility, and separation [61]. This study showed that the variations in LER were
consistent with the trends in landscape fragmentation. Based on the characteristic of ERI
as determined by changes in landscape type assemblages and their vulnerability [62], the
landscape pattern indices based on the number, distribution aggregation, connectivity, and
diversity were selected. The specific indicators included the number of patches (NP), patch
density (PD), agglomeration index (COHESION), dispersion index (SPLIT), and Shannon
diversity index (SHDI). The indicators of landscape pattern changes in the watershed at
different times were counted (Table 4). Against the backdrop of measures to promote
urban-rural integration and expand the capacity of county-level cities in the western part of
the basin, natural and semi-natural landscapes have been encroached upon. The invasion
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and fragmentation of human landscapes has led to a decline in the quality of the regional
natural ecosystems [63] and exacerbated landscape ecological vulnerability. Due to the
high-intensity urban sprawl, it has significantly changed landscape patterns in the study
area, shattering other landscape types and bringing challenges to watershed ecosystems.
Ramping up the degree of landscape vulnerability has become the main driving factor in
the higher LER [64]. The ERI is trending downward in the Padam River Basin due to an
overall decrease in NP and an increase in landscape integration [60]. Different from this
watershed, the indicators NP, PD, and SPLIT, which characterize landscape fragmentation,
increased during the last 20 years. The higher the landscape fragmentation is, the weaker
the connectivity. The increased spatial and temporal differentiation and dispersion of
landscape patches resulted in higher regional landscape fragility. The increase in SHDI,
which represents landscape diversity, changes the landscape dominance and further affects
ERI. The development trend in LER exhibited a northwest clustering pattern and a further
enhancement, indicating the stage change and spatiotemporal distribution characteristics
of the results.

Table 4. Changes in the landscape level pattern index in the Four Lakes Basin.

Year
2000 2010 2020
Index

NP 11,762 13,661 17,676

PD 0.9762 1.1338 1.467
COHESION 99.7077 99.6875 99.3485
SPLIT 23.0178 23.2429 60.8445

SHDI 1.6387 1.6866 1.7736

Based on the rule of LER variation applied to ecological protection and restoration
work in the watershed, different risk response measures should be adopted according to
different risk level areas. For LER clustering areas such as the eastern and southern regions,
land use should be rationally planned to reduce the fragmentation of ecological land. It
is vital to implement the “Yangtze River Protection” policy and continue to strengthen
comprehensive improvements for the Yangtze River shoreline. Cultivated land and transi-
tion area between water body and construction land are in areas of sub-high and medium
level. Thus, fragmentation of farmland patches can be reduced through land preparation
projects. Rewetting projects should be conducted to minimize landscape vulnerability in
the watershed. Regarding low and sub-low LER regions, return of farmland to forest and
soil and water conservation should be carried out actively. A comprehensive ecological
compensation mechanism should be established to prevent a northwest clustering devel-
opment trend and ensure sustainable development of economic, social, and ecological
assets [65,66].

5.2. Sensitive Analysis of Input Data in the Geographic Detector Model

In the geographic detector model, geographical continuous variables need to be dis-
cretized [35]. Due to the uncertainties associated with the input data and model parameters,
the spatial data discretization and scale effects are vital issues. However, they are gen-
erally determined by experience and lack accurate quantitative assessment. Due to the
spatially stratified heterogeneity perspective, higher g-values indicate greater importance
of the variables. Against this backdrop, we used g-value to identify the best parameter
combinations by optidisc function in the “GD” package. This function can automatically
calculate the optimal method and classification by an algorithmic procedure. The optimal
discretization parameter is an integration of discretization and break number for continu-
ous variables [50]. The discretization methods used mainly included equal interval (equal),
quantile (quantile), natural breaks (natural), standard deviation (sd), and geometry interval
(geometric). To better compare with LER levels, we set the breakpoints of the variables to 4
and 5. Taking 2020 as an example, the processes of parameter optimization for spatial data
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discretization are shown in Figure 10. Tests illustrate that optimal discretization parameters
are varied for different explanatory variables. For LUI (x4), when the g-value is maximum,
the optimal parameter is the equal interval method with five breakpoints. Optimization of
the discretization process aims to obtain a more accurate spatial analysis and subsequent

study of the driving mechanisms.
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Figure 10. Processes of parameter optimization for continuous variable discretization.

5.3. Landscape Ecological Risk under Multiple Driving Mechanisms

The LER dynamics were affected by multiple factors, such as topography [32], mete-
orological condition [30], and anthropogenic interference [6]. For Zoige Plateau [67] and
transboundary Gandaki River Basin [68], typical of alpine wetland ecosystems worldwide,
the dominant factors influencing the divergence of LER are elevation and climate. Differ-
ent from these plateau watersheds, the leading factors affecting LER of Four Lakes Basin
located on the Jianghan Plain are anthropogenic factors. The impact of other natural factors
is more balanced (Figure 7).

Driving factors not only affect the ecological environment, but also influence it syn-
ergistically, mainly including non-linear and two-factor enhancement [69]. Interaction
detection is spatially overlaid in a geographic detector to quantitatively identify the effect
of the driving factors on the landscape ecological risk after interaction. In this study, we
used interaction analysis to seek the explanatory power for the interaction between factors
on the distribution of spatial heterogeneity in LER. The single-factor g-value map (Figure 7)
and the multifactor interaction influence bubble map (Figure 11) show that the spatial
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and temporal heterogeneity in the landscape ecological risk pattern was characterized
by the combined effect of natural and socioeconomic factors. Consistent with previous
studies [13,66,70], the analysis of driving factors showed that the spatially heterogeneous
distribution in LER that affects the study region remains a pattern developed and guided
by the role of anthropogenic activities. Similar to the Shule River Basin [71], the interaction
of natural and anthropogenic factors was significant in influencing the heterogeneity in
landscape ecological risk. Compared with the role of natural factors alone, the synergistic
effect of natural factors and anthropogenic factors had stronger explanatory power. The
interaction between anthropogenic factors was significantly stronger than the interaction
between natural factors. In terms of the effects of the interactions, the interactions be-
tween the factors were all non-linearly and double-factor enhanced. It can be inferred
that the double-factor effects are far more influential than the single-factor effects. The
explanatory strength of the interactions between LUI (x4) and HD (x5) was the highest in all
three periods (qao00 = 0.885, qz010 = 0.888, qoo20 = 0.713), showing a multifactor-enhanced
interaction scenario.
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Figure 11. Interaction between driving factors.

Changes in landscape patterns result from a combination of various natural and
anthropogenic disturbance factors, which influence ecological processes and edge effects,
and directly affect changes in LER [72]. As an indispensable part of the Yangtze River
economic belt, the Four Lakes Basin has been transformed in the last 20 years by the
urbanization process, with rapid economic development and a surge in anthropogenic
disturbances due to the intensification of human activities. During 2010-2020, the basin
continued to promote industrial growth and upgrading—the “Thousand Enterprises and
Hundred Billion Technical Reform Project” was implemented. Further, the differentiated
development of county-level cities and industries aimed to create multiple urban core areas
and form municipal sub-centers. These processes have led to the disruption of the material
and energy flows in the ecosystem covering the land surface. The distribution pattern and
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functions of the environment have changed, which has resulted in a series of ecological
problems, such as soil erosion, environmental pollution, habitat degradation, biodiversity
reduction, and ecosystem imbalance, thus increasing the degree of ecological risk [73-78].
LUI and HD make it the dominant factor influencing the spatial heterogeneity in LER in
the Four Lakes Basin. However, the decreasing explanatory power concerning the effect of
LUI (x4) and HD (xs5) interaction during the three periods indirectly indicates that there is
an increasing synergistic effect of the other factors.

Affected by the complexity and evolving characteristics in a combination of long-
term human activities and natural disturbances, urbanization sprawl should be con-
trolled. Ecological buffer zones should be designed around important wetlands and key
agricultural areas.

5.4. Limitations of Study and Future Work

The LER assessments have an advantage of quantitatively describing landscape struc-
tures and reflecting the risk evolution from the landscape prospective [79]. However, there
are still some unavoidable uncertainties and limitations. First, the LER assessments are
characterized by typical scale dependence. The selection of scale often depends on the
researcher’s knowledge or the grain and extent of scale. Different grain and extent of spatial
scale can directly cause bias in ERI [66,80]. Given the uncertainties concerning the scale,
we will optimize the evaluation and selection cell of ERI. Eventually, there are several
socioeconomic factors affecting LER [28], such as population growth, land use policies,
economic activities, and urbanization rates. In subsequent research, we will consider these
factors in our analysis to gain a greater awareness of the driving mechanisms.

6. Conclusions

In this study, we constructed the ERI based on the landscape index of LULC type.
The study comprehensively analyzed the spatial and temporal evolutionary characteristics
of LER by means of spatial analysis and statistics. This study quantitatively detected the
evolutionary mechanism in LER by using a geographic detector model. The following
conclusions were obtained.

(1) From 2000 to 2020, the level of LER in the Four Lakes Basin has shown strong and
complex changes. In terms of the spatial distribution characteristics, the results
mainly reflect high values in the east and low values in the north. During this time,
the percentage of sub-low level decreased by 31.86% and the percentage of high level
increased by 12.03%. The variations in the LER with time series showed a shift from
low and sub-low to sub-high and high levels.

(2) The global Moran’s I of LER declined from 0.542 to 0.505, indicating a clustered distri-
bution in space with a spatial convergence and a weakening of global agglomeration
over time. However, with the influence of human activities, the LER was mainly
distributed in the local space with H-H clustering during 2010-2020.

(3) The center of the LER in the Four Lakes Basin shifted to the northwest. The center of
sub-high and high level transferred from Jianli City to Qianjiang City. The changes
in the parameters for the elliptical standard deviation of the LER showed diverse
development trends in the two periods. The first period (2000-2010) manifested
a diffusion trend, and the second period (2010-2020) manifested a concentrated
development trend to the northwest.

(4) For an individual driving factor, LUI (g0 = 0.785, qpo10 = 0.781, qo020 = 0.646) plays
a dominant role for the distribution of LER. The spatially heterogeneous distribution
in LER affecting the Four Lakes Basin was caused by the interaction of double-factor
enhancement and non-linear enhancement. Human disturbance and other natural
factors had significantly different impacts on the spatial differentiation of LER in the
Four Lakes Basin. The interactions between LUI and HD (qp000 = 0.885, 2010 = 0.888,
Qo020 = 0.713) were the leading driving factors of LER affecting the basin.
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