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Abstract

Coal mining landscapes require restoration strategies that account not only for where eco-
logical risk is concentrated but also for how risk constrains landscape connectivity. How-
ever, landscape ecological risk assessment is still commonly used as a zoning tool, with
weak links to resistance surface parameterization and node-level restoration. Using the
Shenmu coal mining area in northern China as a case study, we developed a risk-informed
ecological network framework based on multi-source spatial data from 1995 to 2020. The
framework combined landscape ecological risk assessment, GeoDetector-based driver
analysis, ecological source screening, resistance surface construction, minimum cumula-
tive resistance modeling, a gravity model, and circuit theory-based node diagnosis. Land-
scape dominance showed the highest explanatory power within the tested factor set (q =
0.06083), followed by land use type, water body proximity, and landscape fragmentation,
while most factor interactions showed bivariate or nonlinear enhancement. Risk zoning
delineated ecological conservation (467.62 km?), enhancement (1434.86 km?), and restora-
tion areas (2566.49 km?). The framework identified 10 ecological sources; 18 potential cor-
ridors with a total length of 213.18 km; and 89 key nodes, including 52 pinch points, 4
barrier points, and 33 fracture points. The main contribution of this framework lies not in
combining established ecological network tools, but in transferring ecological risk infor-
mation into resistance surface parameterization and linking different types of critical
nodes to differentiated restoration priorities. These outputs should be interpreted as
model-based structural and potential functional connectivity priorities, rather than as di-
rect evidence of realized species movement.

Keywords: landscape ecological risk; ecological network; coal mining landscape; connec-
tivity modeling; ecological restoration; Shenmu

1. Introduction

Mining landscapes are among the most intensively disturbed social-ecological sys-
tems. Coal extraction, associated infrastructure, and land use conversion can fragment
habitat patches, alter vegetation and hydrological conditions, and increase the spatial con-
centration of ecological risk [1]. These effects are particularly pronounced in semi-arid
mining regions, where limited water availability, sparse vegetation cover, and continuing
resource development jointly constrain ecological recovery [2—4]. For landscape planning
in such regions, the central challenge is not only to map where risk is high but also to
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translate risk information into spatial decisions that maintain ecological connectivity and
prioritize restoration [5-7].

Landscape ecological risk assessment provides a way to integrate natural back-
ground conditions, land use change, and human disturbance into a spatially explicit eval-
uation of ecological instability [8]. This type of risk assessment has been widely applied
in urban regions, protected areas, river basins, ecological function zones, and resource
development areas [9,10]. Existing studies have developed a range of assessment ap-
proaches, including landscape index methods, source-sink risk models, pressure-state—
response frameworks, multi-source spatial data, and GeoDetector-based attribution anal-
ysis [11]. In mining landscapes, these approaches are valuable for identifying risk hotspots
and explaining spatial heterogeneity. However, many applications remain diagnostic and
do not, by themselves, indicate how ecological risk should affect source screening, corri-
dor routing, or node-level restoration decisions [12].

Ecological network construction offers a complementary planning framework be-
cause it links ecological sources, corridors, and key nodes into a connected spatial system
that can support landscape connectivity and potential ecological flow [13,14]. Morpholog-
ical spatial pattern analysis, landscape connectivity indices, minimum cumulative re-
sistance models, gravity models, and circuit theory have been widely used to identify
source patches, least-cost paths, corridor hierarchies, pinch points, and barriers. The reli-
ability of these outputs depends strongly on how the resistance surface is parameterized
[15,16]. Conventional resistance surfaces are often based on land cover type, topography,
or habitat suitability, whereas mining-related ecological degradation may also involve
subsidence, geological hazards, groundwater vulnerability, waste accumulation, and in-
frastructure fragmentation [17,18]. A network that ignores these risk gradients may con-
nect apparently suitable patches through areas where ecological flow is likely to be con-
strained or disrupted [19,20].

Recent studies have begun to integrate ecological risk assessment with ecological se-
curity patterns or network construction [21]. This shift is important because it moves risk
assessment from descriptive mapping toward planning support: low-risk and high-qual-
ity patches can be screened as ecological sources, risk gradients can be embedded in re-
sistance surfaces, and corridors can be routed to avoid or mitigate areas where ecological
flow is likely to be constrained [10,22,23]. Evidence from semi-arid and mining regions
further suggests that mine clustering and surface mining effects can reshape landscape
ecological risk and network configuration [24,25]. Nevertheless, two gaps remain for coal
mining landscapes in semi-arid regions. First, the pathway from risk drivers to resistance
surface parameterization is often weak or implicit, which makes it difficult to evaluate
how risk information changes source selection and corridor configuration [26]. Second,
node-level restoration strategies remain less developed than source and corridor identifi-
cation, even though pinch points, barriers, and fracture points can determine whether a
planned network remains connected under continuing disturbance [27]. Accordingly, the
contribution of this study lies in establishing an explicit risk-driver-to-resistance pathway
and a node-specific restoration logic, rather than in introducing new ecological network
algorithms [28].

Here, we address these gaps by developing a risk-informed ecological network
framework for the Shenmu coal mining area in northern China. We first assess landscape
ecological risk from 1995 to 2020 using indicators of ecological sensitivity, landscape loss,
and mining disturbance, and then analyze the relative explanatory power and interactions
of risk drivers with GeoDetector. We then embed the resulting risk index into an ecologi-
cal resistance surface and combine minimum cumulative resistance modeling, a gravity
model, and circuit theory to identify ecological sources, potential corridors, and key nodes
[29,30]. This study asks the following three linked questions:
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(1) How is ecological risk distributed and driven in a semi-arid coal mining landscape?

(2) How can ecological risk drivers be transferred into resistance surface parameteriza-
tion and ecological network construction?

(3) How can different types of critical ecological nodes support differentiated restoration
priorities?

Importantly, this study constructs a model-based structural and potential functional
connectivity framework for planning under mining disturbance, and its conclusions
should be interpreted within that boundary.

The remainder of this study is organized as follows. Section 2 describes the study
area, data sources, and methodological workflow for risk assessment, driver detection,
resistance surface construction, and ecological network extraction. Section 3 presents the
spatial pattern and drivers of ecological risk, the ecological baseline, ecological sources,
potential corridors, and key nodes. Section 4 discusses how risk gradients can inform eco-
logical network optimization, node-level restoration, and planning in semi-arid coal min-
ing landscapes, while also outlining uncertainty and model limitations. Section 5 summa-
rizes the main conclusions and management implications.

2. Materials and Methods
2.1. Study Area and Data Preparation
2.1.1. Study Area

The study area is the contiguous coal mining landscape in northwestern Shenmu
City, Shaanxi Province, China (Figure 1). This coal mining area lies in the transitional zone
between the Loess Plateau and the Mu Us Sandy Land and represents a typical energy
development region in the middle of the Yellow River Basin. The analyzed area covers
approximately 4670 km? and contains 117 coal mine units, including the Dabaodang, Jin-
jie, Daliuta, Sunjiacha, Dianta, and Zhongji mining districts. The region has a semi-arid
continental monsoon climate, with a mean annual temperature of approximately 8.9 °C
and a mean annual precipitation of approximately 440 mm, most of which falls in sum-
mer. Sparse vegetation, uneven precipitation, and intensive mining make the area sensi-
tive to soil erosion, runoff disturbance, and landscape fragmentation.

Ecologically, the regional landscape is characterized by a mosaic of grassland, sandy
vegetation, cropland, riparian habitats, and inland wetlands located within the transi-
tional zone between the Mu Us Sandy Land and the Loess Plateau. The broader north-
western Shenmu region includes the Hongjiannao National Nature Reserve, which is also
recognized as a nationally important wetland. The principal conservation targets of the
Hongjiannao National Nature Reserve include the composite wetland ecosystem and as-
sociated biodiversity, particularly the relict gull (Ichthyaetus relictus), a species under
first-class national protection in China. These ecological characteristics indicate that re-
gional connectivity is jointly constrained by vegetation continuity, water availability, soil
stability, land use disturbance, and mining pressure, thereby supporting the inclusion of
vegetation coverage, water body proximity, soil erosion sensitivity, desertification, land
use, and mining-related factors in the ecological risk and resistance models.
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Figure 1. Location of the Shenmu coal mining area in Shaanxi Province, China. (a) Location of the
study area in Shaanxi Province; (b) location of the study area in Shenmu City; and (c) mining dis-
tricts, mineral deposits, and key mineral resource zones. Source: Authors” compilation based on the
datasets listed in Table 1.

The study area was selected because it combines long-term coal extraction and the
rapid expansion of industrial and mining land with ecologically sensitive grassland,
sandy land, riparian, and wetland systems. This combination makes Shenmu an appro-
priate test case for landscapes characterized by intensive mining disturbance, semi-arid
conditions, fragile vegetation, water constraints, and pronounced landscape fragmenta-
tion. Accordingly, the proposed framework is expected to be most relevant to mining-
disturbed, semi-arid, or ecologically fragile landscapes for which comparable multi-
source spatial data are available.

Table 1. Data sources and preprocessing used for ecological risk assessment and ecological network
modeling.
Resolu- . .
Data Type Years . Source Main Use Preprocessing
tion/Format
Radiometric calibration, atmos-
X NDVI, albedo, vegeta- pheric correction, and clipping in
1995, 2000, Geospatial Data Cloud; . & P pping
. tion coverage and deser- ENVI 5.3; NDVI/albedo calculated
Landsat imagery 2005, 2010, 30 m Landsat 4 and Landsat8 .. . . L.
2015, 2020 OLI/TIRS tification difference indi- with Band Math; exported to Geo-
! ces TIFF; projected to GCS_WGS_1984
and WGS_1984 World_Mercator.
Mosaicking, mask extraction, pro-
GDEMV2 30 m digital ele- Elevation, slope, and . . o R
DEM 2021 30 m & P jection unification, and derivation

vation data terrain factors

of elevation and slope.
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Harmonized World Soil = Soil erosion sensitivity

Soil data  Netyear l1km  Database v12;1:1,000,000 and RUSLE-related pa- 25K extraction, projection unifi-
specific . . cation, and resampling to 30 m.
soil data for China rameters
. . Not year- Classification Standard for Soil erosion sensitivity Mask extraction, resampling, and
Soil erosion data ” 1 km . . .
specific Soil Erosion (SL190-96) assessment standardization.
. Land use change, land-  Reclassified into cropland, for-
Resource and Environ- .
1995, 2000, . scape pattern, ecological estland, grassland, water, rural set-
ment Science and Data . . . ..
Land use data 2005, 2010, 30 m Center. Chinese Academ space dynamic degree, tlements, industrial and mining
2015, 2020 ! . y factor X1, and source land, unused land, and urban land;
of Sciences . e S . o
identification projection and clipping unified.
1995, 2000 National Tibetan Plateau  Rainfall erosivity in
Annual precipi- 20 05' 201 0, 1 km Data Center, China1km RUSLE and auxiliary Converted to millimeters, clipped,
tation 201 5’ 202 0' annual precipitation da-  ecological sensitivity projected, and resampled to 30 m.
’ taset factor
2000, 2005, . . Auxili lysis of re- . " o
Evapotranspira- National Tibetan Plateau * o o0y GHAYSIS OLIE™ y po ek extraction, projection unifi-
. 2010, 2015, 1 km gional hydrothermal . X
tion Data Center Y cation, and resampling.
2020 conditions
Groundwater 2005, 2010, Dataset Chmtal\;} eollfgl.cal anro(ril— Groundwater pollution Ollrdlr}ary k“,g”? mterPfci) la:%on,
lovel 2015, 2020 atase ment Monitoring Ground- .\ -0 s UM model  CHPPING, projec }on unification,
water Level Yearbook and resampling to 30 m.
Road, railway, and wa-
Roads, railways, National Platform for  ter buffer factors; frac-  Clipping, projection unification,
1995, 2000, . L e . . .
and water sys- 2005, 2010 Vector Common Geospatial In- ture point identification; Euclidean distance/buffer analysis,
tems ! formation Services resistance surface con- and rasterization.
struction
Roads, railways,
and water sys- 2015, 2020 Vector OpenStreetMap Same as above Same as above.
tems
Resource and Environ-  Kernel density estima- Year checking. clipping. projection
Geological haz- ment Science and Data  tion of collapse, land- 7 Checking, cIpping, Projes
. 2020 Vector . . unification, kernel density estima-
ard points Center, Chinese Academy slide, and ground col- .
. . tion, and 30 m output.
of Sciences lapse risks
tional Platf f
Administrative National Pla orm ‘or Study area boundary .. e L -
2021 Vector Common Geospatial In- .. Projection unification and clipping.
boundary . . and clipping mask
formation Services
China Geological S g
1'2gz)a00§ (:eogi;(l)ilaal ;r;re(})] Groundwater pollution Clipping, projection unification
Geological map 2021 Vector o & Y risk and geological/ag- PPINg, proje ’
geological map spatial da- . e and spatial overlay.
uifer conditions
tabase
China Geological Survey,
DRAVM dwat
Hydrogeological 1:200,000 regional hydro- . gfoun water Clipping, projection unification,
2021 Vector . ; pollution risk parame- . .
map geological map spatial da- ters and attribute processing.
tabase
Mineral resource National mineral resource Mining development in- Clipping, projection unification,
2021 Vector . .. . . .
data database tensity and mining risk and year/attribute checking.
. National natural resource Auxiliary factor for min- .. . i
Key mineral ex- Not year- . . . Clipping and projection unifica-
. " Vector and geospatial-infor-  ing risk and resistance .
ploration zones  specific tion.

mation database surface

2.1.2. Data Sources and Preprocessing

The analysis used multi-source spatial datasets for six time points: 1995, 2000, 2005,
2010, 2015, and 2020 (Table 1). The core datasets included Landsat remote sensing images,
a digital elevation model (DEM), land use data, soil and soil erosion data, precipitation
data, groundwater-level data, water system layers, road and railway vectors, and geolog-
ical hazard data. These datasets were used to derive vegetation, terrain, hydrological, land
use, infrastructure, and mining disturbance indicators for the ecological risk and network
models.
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All spatial data were processed in Environment for Visualizing Images (ENVI) 5.3
and ArcGIS 10.6. Landsat images were radiometrically calibrated, atmospherically cor-
rected, and clipped to the study boundary; the normalized difference vegetation index
(NDVI) and surface albedo were then calculated. DEM data were mosaicked, clipped, and
used to derive elevation and slope data. Soil, land use, precipitation, and soil erosion lay-
ers were standardized through unit conversion, spatial clipping, and resampling.
Groundwater-level data were interpolated using ordinary kriging to generate a continu-
ous raster surface. Vector layers, including roads, railways, water bodies, and geological
hazards, were clipped and topologically checked before rasterization.

To ensure spatial consistency, all layers were transformed to the World Geodetic Sys-
tem 1984 (WGS 84) geographic coordinate system and projected to the WGS 84 / World
Mercator projected coordinate system. Raster datasets were resampled to a 30 m spatial
resolution. Continuous indicators were normalized to a common scale before overlay
analysis, with the direction of normalization determined by whether higher values in-
creased or reduced ecological risk. The 18 risk-driving factors and their processing rules
are summarized in Table 2. This produced a harmonized raster and vector database for
subsequent ecological risk assessment, driver detection, and network construction.

Table 2. Risk-driving factor system used for ecological risk assessment and GeoDetector analysis.

Dimension Code Indicator Meaning Direction Processing Method Data Source
Ecological sen- Land ffect logical Land lassification, ras-

cological sen and use effect on ecological space [, .. . . Landusereclassification, ras- | .o e

sitivity: land X1  degradation, reflecting development . terization, risk-level assign-

. : . . e assignment L CAS

use impact intensity and habitat suitability ment, and standardization
Ecological sen- Slope, reflecting terrain constraint, Slope derived from DEM and

sitivity: back- X2 erosion, and engineering disturbance Positive standardized/risk-classified GDEMV2 DEM

ground sensitivity data

Ecological sen- Vegetation coverage, reflecting eco- Vegetation coverage derived

sitivity: back- X3  logical barrier function and surface Negative from NDVI and inversely nor- Landsat imagery

ground

stability malized

Ecological sen-

Water body bulffer, reflecting hydro-

Euclidean distance/buffer anal-
Water system vec-

sitivity: back- X4  logical regulation and corridor con- Distance-based  ysis, resampling to 30 m and fors
ground ditions risk classification
Ecological sen-
C,O, ctglca sen Elevation, reflecting terrain back- Positive or classi- Elevation extracted from DEM
sitivity: back- X5 i . L. . . . GDEMV2 DEM
ground ground and ecological differentiation fied and standardized/reclassified
Ecological sen- Euclidean distance and inverse
Road buffer, reflecting habitat frag- . . . . i
sitivity: human X6 oac bulfel, ret ecting habita: rag Negative distance standardization/risk classifica- Road vectors

disturbance

mentation and human disturbance

tion

Ecological sen-
sitivity: human
disturbance

X7

Railway buffer, reflecting barrier and

Euclidean distance and inverse
Negative distance standardization/risk classifica-
tion

. Railway vectors
fragmentation effects

Ecological sen-

Rural settlement buffer, reflecting

Settlements extracted from land

sitivity: human X8 settlement expansion and living dis- Negative distance use; Euclidean distance and in-  Land use data
disturbance turbance verse standardization
Industrial/mining land ex-
Ecological sen- Industrial and mining land buffer, f 8 .
A . ) .. . . . tracted from land use; Euclid-
sitivity: human X9  reflecting direct mining construction Negative distance Land use data

disturbance

ean distance and inverse stand-

disturbance .
ardization

Ecological sen-

Desertification difference index, indi-

NDVI and albedo feature space;

sitivity: ecologi- X10 cating vegetation cover degradation Positive DDI calculation and range Landsat imagery
cal disturbance and desertification risk standardization
. . . e RUSLE-related assessment us- . .
Ecological sen- Soil erosion sensitivity, indicating . . . Soil, precipitation,
e . . L . . -, ing soil, precipitation, DEM,
sitivity: ecologi- X11 material migration, erosion intensity, Positive DEM, and land use

cal disturbance

and land use layers; range

L data
standardization

and land stability
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Fragstats (V4.2)/ArcGIS calcula-
tion; 100 m x 100 m grid; stand-
ardization and natural break
classification
Fragstats/ArcGIS calculation;

. 100 m x 100 m grid; standardi-
. . . Positive . 4
spatial dispersion of patches zation and natural break classi-
fication

Landscape fragmentation, indicating
Landscape loss X12  the shift from continuous to frag- Positive
mented landscape structure

Land use data

Landscape separation, indicating

Landscape loss X13 Land use data

Fragstats/ArcGIS calculation;
Positive in risk 100 m x 100 m grid; standardi-
evaluation zation and natural break classi-
fication

Landscape dominance, indicating
Landscape loss X14 dominance and spatial control of ma-
jor patch types

Land use data

Mining collapse risk, reflecting sub- Kernel Qen51ty estlmat}on from Geological hazard
geological hazard points and

Mining risk ~ X15  sidence and surface deformation Positive . and mineral- re-
mineral resource data; 30 m

hazards N source data
output and standardization

Kernel density estimation and Geological hazard

Landslide risk, reflecting mining-

Mining risk ~ X16 Positive
8 and terrain-related slope instability standardization data and DEM
Ground collapse risk, reflecting sur- . L Geological hazard
. . . . .. Kernel density estimation and .
Mining risk ~ X17 face instability hazards under min- Positive . data and geological
. . standardization
ing disturbance map
DRAVM model combining
. Groundwater year-
Groundwater pollution risk, reflect- groundwater depth, recharge, .
L . . . . > book, hydrogeologi-
Mining risk ~ X18 ing mining-related groundwater vul- Positive aquifer, vadose zone, and min- )
. . . cal map, and min-
nerability eral development intensity;
. eral resource data
standardization

2.2. Research Framework

A risk-informed ecological network optimization framework was developed to con-
nect ecological risk diagnosis with landscape connectivity planning in semi-arid coal min-
ing landscapes (Figure 2). The framework consists of four sequential and functionally dis-
tinct stages. First, the ecological risk index was calculated from ecological sensitivity, land-
scape loss, and mining risk. The resulting 2020 risk pattern provided the spatial basis for
identifying low-risk candidate ecological sources. Second, GeoDetector was used to diag-
nose the relative explanatory power and interactions of the ecological risk factors. GeoDe-
tector q values were used for mechanism interpretation and were not directly incorpo-
rated into resistance scores or weights. Third, selected natural, land use, and mining dis-
turbance layers were standardized and combined using renormalized analytic hierarchy
process (AHP)-entropy weights to construct the risk-informed resistance surface. Finally,
the resistance surface and ecological sources were used in minimum cumulative resistance
modeling, gravity modeling, and circuit theory analysis to identify potential corridors,
corridor hierarchy, and key ecological nodes. Thus, ecological risk entered network con-
struction through source screening and resistance representation, whereas GeoDetector
provided diagnostic evidence rather than direct numerical parameters for network mod-
eling.
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Figure 2. Analytical framework linking landscape ecological risk diagnosis with risk-informed eco-

logical network optimization.

2.3. Landscape Ecological Risk Assessment and Driver Analysis
2.3.1. Construction of Landscape Ecological Risk Index

The landscape ecological risk assessment was designed to represent three dimen-
sions of mining landscape disturbance: ecological sensitivity, landscape loss, and mining
risk [31]. Ecological sensitivity describes environmental susceptibility and anthropogenic
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pressure through land use, terrain, vegetation, hydrological conditions, infrastructure,
settlements, desertification, and soil erosion indicators [32,33]. Landscape loss describes
the structural degradation of the landscape mosaic through fragmentation, separation,
and dominance. Mining risk represents direct mining-related disturbances, including
mining collapse, landslide, ground collapse, and groundwater pollution [34].

The indicators were selected according to their ecological relevance to semi-arid min-
ing landscapes, distinct process-based meanings, and spatial data availability [35]. Alt-
hough some indicators describe related pressures, they represent different mechanisms
[36]. For example, land use characterizes the ecological condition of the landscape matrix,
whereas settlement, industrial/mining land, road, and railway buffers represent proxim-
ity-based disturbance. Similarly, vegetation coverage, desertification, and soil erosion sen-
sitivity, respectively, reflect ecological condition, degradation, and susceptibility to mate-
rial loss. Species-specific and fine-scale microhabitat variables were excluded because con-
sistent regional data were unavailable and the study focused on landscape-level connec-
tivity [37].

Ecological space change was quantified using single and comprehensive dynamic
degree indices for water, forest, and grassland ecological spaces. The single dynamic de-
gree for land use type i was calculated as follows [38]:

Up— U,
==

1
X T X 100% (1)

where k; is the single dynamic degree of land use typei, U, and U, are the areas of that
type at the beginning and end of the period, respectively, and T is the monitoring interval
[39].
The comprehensive ecological space dynamic degree was calculated as follows:
Xt ALy, ;1
szx?xloo% (2)
where L. is the comprehensive dynamic degree, Delta Ly, ; is the area converted from

ecological land use type i to other land use types, and LU; is the area of ecological land
use type i. These indices provide the response variable for identifying spatial variation in
ecological space degradation [40].

The subjective weights were derived from expert consultation. Hierarchical pairwise
comparison matrices were constructed based on expert judgments, and the weight coeffi-
cients were calculated using the principal eigenvector corresponding to the maximum ei-
genvalue [41]. Consistency tests were conducted to verify the logical consistency of the
judgment matrices. The objective weights were determined using the entropy weight
method, which assigns higher weights to indicators with greater information variability
[42]. Finally, the subjective and objective weights were integrated according to the
adopted combination weighting rule to obtain the final combined weights of the 18 eco-
logical risk factors [43]. This combined weighting strategy was adopted to balance expert-
based ecological judgment with the information variability of the spatial data, thereby
reducing dependence on either a purely subjective or a purely data-driven weighting
scheme [44].

The integrated ecological risk index (ERI) was calculated by weighted overlay of the
three risk dimensions as follows:

ERI = W,R + W,S + W,M 3)

where S is the ecological sensitivity; R is the landscape loss; M is the mining risk; and
Wi, W,, and W; are the corresponding dimension weights. The dimension-level and fac-
tor-level weights were determined using the combined AHP-entropy weighting proce-
dure described above. The resulting ecological risk surface was classified into five levels
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using the natural breaks method to support ecological baseline zoning and ecological
source screening.

2.3.2. Identification of Ecological Risk Drivers Using GeoDetector

GeoDetector was used to quantify the explanatory power of the 18 risk-driving fac-
tors and their pairwise interactions. The method is based on the g-statistic, which
measures spatial stratified heterogeneity by comparing within-stratum variance with total
variance [45]. A larger q value indicates that a factor explains a greater proportion of the
spatial variation in the response variable. Before detection, continuous factors were dis-
cretized into categorical strata using consistent classification rules [46]. Factor detection
was used to rank individual drivers, and interaction detection was used to determine
whether pairs of factors weakened, independently enhanced, bi-factor enhanced, or non-
linearly enhanced the spatial pattern of ecological risk [11].

GeoDetector was used as a diagnostic and interpretive tool to evaluate the relative
explanatory power and interactions of the ecological risk factors. The q values were not
directly used to assign resistance scores or calculate resistance weights [5]. Quantitative
resistance surface parameterization was based on the standardized factor layers and their
renormalized AHP-entropy weights, as described in Section 2.4.2.

2.4. Risk-Informed Ecological Network Construction and Optimization
2.4.1. Identification of Ecological Sources

The process of ecological source identification began with the 2020 low-risk ecologi-
cal space. The 2020 landscape was selected because it was the final year of the 1995-2020
assessment series and therefore represented the most recent integrated landscape condi-
tion evaluated in this study [4]. Low-risk patches were selected as preliminary candidate
sources because they represented areas with relatively low ecological resistance and
higher potential to support ecological flow. Morphological spatial pattern analysis
(MSPA) was used to remove small and fragmented patches that could not maintain stable
core ecological functions [38]. A minimum patch area threshold of 0.8 km? was then ap-
plied to retain candidate source patches [40].

The retained candidates were evaluated using landscape connectivity metrics, in-
cluding the number of links (NL), the number of components (NC), the equivalent con-
nected area based on the integral index of connectivity (EC(IIC)), the equivalent connected
area based on the probability of connectivity (EC(PC)), the delta landscape coincidence
probability (dLCP), the delta integral index of connectivity (dIIC), and the delta probabil-
ity of connectivity (dPC). Conefor was used to calculate the contribution of each candidate
patch to the overall landscape connectivity. Patches with high connectivity contribution
and sufficient ecological quality were retained as final ecological sources [47].

2.4.2. Construction of Risk-Informed Resistance Surface

The ecological resistance surface was constructed by integrating natural, land use,
and mining disturbance factors. All resistance factor values were standardized to a 0-100
scale, with higher values indicating greater ecological resistance [40]. These values repre-
sent relative movement costs at the landscape scale rather than empirically observed spe-
cies-specific movement probabilities. Lower values indicate comparatively permeable
ecological conditions, whereas higher values indicate stronger constraints associated with
terrain, human disturbance, or mining-related hazards [48]. The standardized factor value
represents the local intensity of resistance, while the normalized weight represents the
relative contribution of that factor to the composite resistance surface [11]. GeoDetector
was used as a diagnostic tool to interpret the relative explanatory power and interactions
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of the ecological risk factors, and the q values were not directly incorporated into the re-
sistance weights (Table 3). Instead, the final resistance weights were obtained by renor-
malizing the combined AHP-entropy weights of the factors included in the resistance sur-
face model [12]:

wt

R _ 1

Wi = ?:1 Wic (4)
where wiR represents the final resistance weight of factor i, wic represents its combined
AHP-entropy weight, and n is the number of factors included in the resistance surface
model. The standardized resistance factor layers were subsequently overlaid using the
normalized weights to generate the comprehensive ecological resistance surface. This pro-
cedure maintained a clear distinction between the qualitative diagnostic role of GeoDe-
tector and the quantitative weighting procedure used for resistance surface construction.
The resulting resistance surface was subsequently used as the landscape cost layer for

corridor extraction and circuit theory-based key node identification.

Table 3. Combined weights of resistance factors used to construct the ecological resistance surface.

Resistance Dimension Resistance Factor Combined Weight
Elevation 0.036
Natural influence slope 0.051
Vegetation coverage 0.059
Water body buffer 0.044
Land use 0.093
Road buffer 0.058
Human influence Railway buffer 0.049
Rural settlement buffer 0.066
Industrial/mining land buffer 0.065
Mining collapse 0.121
Mining influence Landslide 0.130
Ground collapse 0.103
Groundwater pollution 0.126

Note: Resistance weights were obtained by renormalizing the combined AHP-entropy weights of

the selected factors. GeoDetector q values were not directly incorporated into the weighting

2.4.3. Ecological Corridor Extraction and Critical Node Key Node Diagnosis

Potential ecological corridors were extracted from the resistance surface using mini-
mum cumulative resistance modeling and the Linkage Mapper toolbox [8]. Least-cost
modeling identifies pathways between source patches that minimize accumulated re-
sistance, and Linkage Mapper further calculates cost-weighted distances and mosaic pair-
wise corridors into a composite corridor network [14]. A gravity model was then used to
estimate the interaction strength between source patches and to classify corridors into hi-
erarchical importance levels:

1 1
_ NiNj _ I:Fl X In Si] I:F] % ln(sj)] _ Lzmax ln(si) ln(sj)
ij = Dzij - ( Lij )2 - injPin )
Linax

where G;; is the interaction strength between ecological sources i and j, N; and N; are
source importance values derived from the source area and connectivity contribution, and
D;j is the cumulative resistance between the two sources. In this formulation, interaction
strength increases with source importance and decreases with cumulative resistance.
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Key ecological nodes were identified with circuit theory-based connectivity analysis
[48]. Circuit theory treats the landscape as a resistance network and models potential eco-
logical flow through multiple pathways rather than a single least-cost route [38]. Pinch-
point Mapper was used to identify areas where current density was concentrated, repre-
senting potential pinch points that are sensitive to disturbance [49]. Barrier Mapper was
used with a 300 m moving window to identify barrier points where local restoration
would be expected to reduce cumulative resistance. Road and railway intersections with
ecological corridors were overlaid in a geographic information system (GIS) to identify
fracture points caused by linear infrastructure. These three node types provided the basis
for differentiated restoration priorities [33].

3. Results
3.1. Spatial Patterns and Driving Mechanisms of Ecological Risk
3.1.1. Spatial Distribution of Ecological Risk

The combined AHP-entropy weighting procedure produced dimension weights of
0.3830, 0.3437, and 0.2737 for ecological sensitivity, landscape loss, and mining risk, re-
spectively. The corresponding subjective, objective, and combined weights of the 18 eco-

logical risk factors are presented in Table 4. These weights were subsequently used to
calculate the integrated landscape ecological risk index.

Table 4. AHP-based subjective weights, entropy-based objective weights, and combined weights of

the 18 ecological risk factors.

Dimension Factor Subjective Weight Objective Weight Combined Weight
X5 Elevation 0.017 0.025 0.020
X2 Slope 0.025 0.036 0.029
X3 Vegetation coverage 0.032 0.037 0.034
X4 Water body buffer 0.029 0.018 0.025
Ecological X1 Land use 0.035 0.080 0.053
sensitivity X6 Road buffer 0.037 0.026 0.033
X7 Railway buffer 0.032 0.021 0.028
X8 Rural settlement buffer 0.032 0.048 0.038
X9 Industrial/mining land buffer 0.048 0.021 0.037
X10 Desertification difference index 0.051 0.061 0.055
X11 Soil erosion sensitivity 0.034 0.040 0.036
Landscape X12 Landscape fragmentation 0.156 0.029 0.104
loss X13 Landscape separation 0.071 0.029 0.055
X14 Landscape dominance 0.068 0.367 0.185
X15 Mining collapse 0.095 0.029 0.069
Mining risk X16 Landslide 0.079 0.067 0.074
X17 Ground collapse 0.083 0.021 0.059
X18 Groundwater pollution 0.086 0.048 0.072

The 2020 landscape ecological risk index was classified into five levels using the nat-
ural breaks method: low, relatively low, moderate, relatively high, and high risk (Figure
3). On this basis, the study area was reorganized into three ecological management zones
(Figure 4). Low and relatively low-risk areas were defined as ecological conservation ar-
eas, moderate-risk areas as ecological enhancement areas, and relatively high- and high-
risk areas as ecological restoration areas.
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Legend [ | Studyarea

Figure 3. Spatial distribution of landscape ecological risk levels in the Shenmu coal mining area.
Source: Authors’ compilation based on the datasets listed in Table 1.

Legend [ | Studyarea [[1] Ecological restoration area
[ ] Ecological enhancement area

[ Ecological conservation area

Figure 4. Ecological functional zoning of the Shenmu coal mining area. Source: Authors’ compila-
tion based on the datasets listed in Table 1.

Ecological conservation areas covered 467.62 km? and were mainly associated with
water bodies, forestland, and cultivated land. Ecological enhancement areas covered
1434.86 km?, which mainly included grassland and unused land where soil erosion and
desertification pressure were prominent. Ecological restoration areas occupied the largest
area, 2566.49 km?, and included industrial and mining land, rural settlements, and unused
land (Table 5). These zones provided the spatial basis for subsequent source screening,
resistance surface construction, and corridor planning.
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Table 5. Summary of ecological management zones in the Shenmu coal mining area.

Ecological Approximate Main Spatial or ..
A km?2 M t Implicat
Management Zone rea (km?) Proportion Land Use Characteristics anagement tmpication
. . Industrial and mining land, rural Highest Planning Priority; collapse t?‘eatment, pollut?on
Ecological restoration ) prevention, and mine land reclamation may be consid-
2566.49 54.96% settlements, unused land, and parts . . e . R .
area ered following site-specific ecological and engineering
of grassland and cropland
assessments.
Ecological enhance- 1434.86 30.739 Grassland, unused land, and min- Control of mining-derived disturbance and reduction
ment area ’ e ing edge zones in desertification, soil erosion, and fragmentation.
Ecological conservation Water bodies, forestland, and Land protection as the conservation baseline for eco-
& area 467.62 10.01% cropland with relatively low eco-  logical network construction and restriction of addi-
logical risk tional disturbances.

3.1.2. Relative Explanatory Power and Interactions of Ecological Risk Factors

To identify the factors controlling the spatial differentiation of landscape ecological
risk, GeoDetector was applied to the 18 risk driving factors across five consecutive periods
and the full 1995-2020 interval (Table 6). The g-statistic was used to quantify relative ex-
planatory power. Given the generally low q values, the results were interpreted as com-
parative rankings within the tested factor set rather than as evidence of strong overall
explanation or causality.

For the full 1995-2020 period, landscape dominance (X14, q = 0.06083) showed the
highest explanatory power within the tested factor set, followed by land use type (X1, q =
0.01278), water body buffer zone (X4, q =0.00517), and landscape fragmentation (X12, q =
0.00514). This ranking indicates that the ecological risk pattern was primarily associated
with landscape configuration and land use structure, while hydrological proximity and
fragmentation provided secondary explanatory signals. Mining collapse (X15, q=0.00184)
had comparatively low explanatory power at the regional scale, suggesting that its influ-
ence was more localized than that of broader landscape structure variables.

Table 6. Explanatory power (q values) of landscape ecological risk driving factors in the Shenmu

coal mining area.

Code and Risk Factor 1995-2000 2000-2005 2005-2010  2010-2015  2015-2020  1995-2020
X1 Land use type 0.00371 0.00315 0.00512 0.00454 0.00771 0.01278
X2 Slope 0.00267 0.00189 0.00359 0.00220 0.00341 0.00393
X3 Vegetation coverage 0.00235 0.00405 0.00232 0.00227 0.00351 0.00457
X4 Water body buffer zone 0.00717 0.00325 0.00228 0.00387 0.00168 0.00517
X5 Elevation 0.00368 0.00414 0.00321 0.00776 0.00238 0.00426
X6 Road buffer zone 0.00315 0.00312 0.00202 0.00301 0.00253 0.00239
X7 Railway buffer zone 0.00208 0.00280 0.00227 0.00257 0.00197 0.00298
X8 Rural residential buffer zone 0.00111 0.00275 0.00497 0.00229 0.00463 0.00226
X9 Industrial and mining land buffer zone 0.00359 0.00367 0.00257 0.00183 0.00198 0.00272
X10 Desertification index 0.00301 0.00250 0.00222 0.00155 0.00583 0.00347
X11 Soil erosion sensitivity 0.00220 0.00288 0.00341 0.00226 0.00379 0.00219
X12 Landscape fragmentation 0.00266 0.00253 0.07296 0.00222 0.00273 0.00514
X13 Landscape separation 0.11754 0.00140 0.07441 0.00159 0.00274 0.00210
X14 Landscape dominance 0.11930 0.07023 0.07485 0.05477 0.03512 0.06083
X15 Mining subsidence 0.00350 0.00306 0.00494 0.00460 0.00280 0.00184
X16 Landslide susceptibility 0.00110 0.00196 0.00101 0.00402 0.00641 0.00220
X17 Surface collapse susceptibility 0.00186 0.00341 0.00490 0.00187 0.00203 0.00415
X18 Groundwater pollution risk 0.01569 0.00320 0.00255 0.00529 0.00456 0.00457

Interaction detection indicated that most factor pairs produced either bivariate en-
hancement or nonlinear enhancement (Figure 5), suggesting that ecological risk was
shaped by coupled natural, landscape, and mining-related processes. Interactions be-
tween elevation (X5) and landscape structure factors (X12 and X14) were particularly im-
portant, indicating that topographic conditions modulated the effect of landscape config-
uration on ecological vulnerability. The interaction between landslide risk (X16) and
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ground collapse (X17) further suggested that geological disturbances acted synergistically
in mining-affected areas. To preserve the comparability of interaction patterns across the
five periods, all matrices were retained and are presented in Figure 5 at an enlarged scale.
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Figure 5. Interaction detection results for landscape ecological risk driving factors in the Shenmu
coal mining area: (a) 1995-2000; (b) 2000-2005; (c) 2005-2010; (d) 2010-2015; (e) 2015-2020 and (f)
1995-2020. * Represents the top five factor interaction pairs ranked by Q-value.
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3.2. Risk-Informed Ecological Network Configuration
3.2.1. Ecological Source Identification

Based on ecological baseline zoning and multi-criteria screening, 10 core patches
were selected as ecological sources (Figure 6). The selected sources had dPC values rang-
ing from 0.52 to 29.180, indicating substantial differences in their contributions to overall
landscape connectivity. These patches met the combined requirements of relatively low
ecological risk, adequate spatial scale, landscape quality, and connectivity contribution.
Spatially, the sources were concentrated along a southeastern axis, where patch density
was higher and relatively continuous ecological land remained. This pattern indicates that
the southern and eastern parts of the mining landscape form the main structural support
for the ecological network.

Legend [ | Studyarea [ Ecological source area

Figure 6. Ecological source areas in the Shenmu coal mining area. Source: Authors’ compilation
based on the datasets listed in Table 1.

3.2.2. Resistance Surface and Ecological Corridor Extraction

The risk-informed resistance surface showed marked spatial heterogeneity (Figure
7). High-resistance areas formed a north-south belt and were concentrated around indus-
trial areas, mining construction land, and rural settlements, where intensive human activ-
ity and coal extraction increased movement cost. Moderate-resistance areas occurred
mainly in mining subsidence influence zones and transitional areas between built-up land
and natural patches. Low-resistance areas were associated with water bodies, forestland,
and grassland, which provided the basic spatial conditions for corridor extraction.

Minimum cumulative resistance modeling identified 18 potential ecological corri-
dors with a total length of 213.18 km (Figure 8; Table 7). Gravity model classification di-
vided these corridors into three importance levels. Three first-level corridors connected
core sources and formed the main backbone of regional connectivity. Six second-level cor-
ridors linked larger source patches and served as major ecological flow routes. Nine third-
level corridors connected smaller sources and provided supplementary dispersal routes
within the network.

https://doi.org/10.3390/land 15081427



Land 2026, 15, 1427 17 of 26

Comprehensive
resistance value

Legend [ | Study area

Figure 7. Comprehensive ecological resistance surface of the Shenmu coal mining area. Source: Au-

thors” compilation based on the datasets listed in Table 1.

Legend [ | Studyarea [ Ecological source area
—— Tertiary (level-lll) ecological corridor

—— Secondary (level-ll) ecological corridor
— Primary (level-l) ecological corridor

Figure 8. Hierarchical classification of potential ecological corridors in the Shenmu coal mining area.
Source: Authors” compilation based on the datasets listed in Table 1.
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Table 7. Summary of ecological sources, corridors, key nodes, and network effect indicators.

Result Type Key Criterion or Method = Quantity, Area or Length Interpretation

Candidate ecological Small, isolated patches with

0.8 km? patch area threshold 62 patches, 274.593 km? . .

sources limited network contribution.
dPC=0.5; 500 m distance Sources concentrated along the
Final ecological sources threshold; connection proba- 10 patches, 181.240 km? rong
. southeastern axis.
bility = 0.5
Potential ecological i- Risk-inf d least-cost -
otential ecological corri Linkage Mapper 18 corridors, 213.180 km isk-informed least-cost con

dors nections between sources.

Gravity model and natural- Core corridors with the strong-

3 corridors . .
est source—source interaction.

First-level corridors e
break classification

Gravity model and natural-
break classification

Major ecological flow routes

6 corridors 1
linking larger source patches.

Second-level corridors

Gravity model and natural Supplementary routes connect-
Third-level corridors Y 9 corridors ing smaller sources within the

break classification

network.
Grassland 129.311 km; un-
used land 40.415 km;
. cropland 25.665 km; for- .
Corridor length by land Overlay with land use map estland 13.418 km; water 1.193 Grassland ff)rmed the domi
use type nant corridor substrate.

km; industrial/mining land
1.219 km; rural settlements

0.561 km
Locations of concentrated mod-
Pinchpoint M ir- led ecological flow that should
Ecological pinch points feiporm apper/Cir 52 points eled eco’ogical Tow that Shott
cuitscape be prioritized for protection as-
sessment.
. . . Barrier Mapper, 300 m . Local resistance-reduction tar-
Ecological barrier points ) 4 points
search radius gets.
. . Traffic-related fragmentation
. ., Road/railway corridor over- . . .
Ecological fracture points la 33 points nodes requiring connectivity
y restoration.
. . . . Nodes occurred mainly in
. Pinch points + barrier points .
Key ecological nodes 89 points grassland, cropland, and for-

+ fracture points

estland.

Network effect: IIC

Before—after comparison 1.630 to 2.054; +26.013%

Overall landscape connectivity
increased.

Network effect: LCP

Before-after comparison 1.647 to 2.564; +55.668%

Landscape coincidence proba-
bility increased substantially.

3.3. Key Ecological Nodes

Circuit theory modeling and spatial overlay analysis identified 89 key ecological

nodes (Figure 9). These included 52 pinch points, four barrier points, and 33 fracture

points. The dominance of pinch points indicates that several corridor segments carried

concentrated potential ecological flow and were therefore sensitive to additional disturb-

ance or land use conversion.

Most key nodes were located in grassland, cropland, and forestland, while a smaller

number occurred in industrial and mining land or unused land. Pinch points overlapped

with high-resistance areas, barrier points were spatially associated with source—corridor

intersections, and fracture points were mainly caused by built-up expansion and linear
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transport infrastructure. This classification translates the ecological network into differen-
tiated restoration targets: pinch-point protection, barrier removal or local habitat repair,
and connectivity restoration at infrastructure-related fractures. For an integrated over-
view of the optimized ecological network, Table 7 summarizes the ecological sources, po-
tential corridors, key ecological nodes, and overall network effect indicators.

Legend [ | Study area
I Ecological source area
® Ecological pinch point
Ecological barrier point
Ecological fragmentation point

Tertiary (level-lll) ecological corridor
—— Secondary (level-1l) ecological corridor
— Primary (level-l) ecological corridor

Figure 9. Spatial distribution of key ecological nodes in the Shenmu coal mining area. Source: Au-

thors’ compilation based on the datasets listed in Table 1.

4. Discussion
4.1. From Ecological Risk Assessment to Risk-Informed Ecological Network Optimization

The key contribution of this study lies in establishing an explicit risk-driver-to-re-
sistance pathway, through which ecological risk diagnosis was transferred from a descrip-
tive assessment outcome into ecological source screening and resistance surface parame-
terization [47]. In the Shenmu coal mining landscape, the resulting risk-informed re-
sistance surface provides a risk-sensitive representation of potential ecological connectiv-
ity rather than a simple representation of land cover suitability [37].

The identified spatial configuration reflects the cumulative effects of mining disturb-
ance [50]. Land conversion and vegetation fragmentation reduce habitat continuity, while
subsidence, geological hazards, hydrological alteration, settlement expansion, and mining
infrastructure constrain landscape permeability. These effects are further intensified by
limited water availability and slow ecological recovery under semi-arid conditions [38,40].
Conventional ecological network approaches based mainly on land cover or topography
may therefore underestimate resistance in areas that remain functionally constrained by
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mining disturbance. By incorporating these disturbance processes, the proposed frame-
work shifts resistance representation from a static land cover perspective toward disturb-
ance-sensitive ecological network planning [36,48].

Compared with conventional ecological network studies, in which ecological sources
and resistance surfaces are derived mainly from habitat quality, land cover, or topogra-
phy, the present framework introduces ecological risk at three decision stages: low-risk
ecological spaces inform source screening, risk-related disturbance factors constrain re-
sistance surface parameterization, and different types of network vulnerability are linked
to differentiated restoration priorities [39,51]. Therefore, the added value lies in changing
the role of ecological risk from a parallel assessment layer into an operational input that
affects where sources are retained, how corridors are routed, and which nodes are priori-
tized for intervention. Nevertheless, the resulting network represents structural and po-
tential functional connectivity rather than verified species movement [39,51].

4.2. Risk-Sensitive Ecological Network Restoration Through Node-Level Prioritization

A second implication of the results is that ecological network optimization should
extend beyond the identification of sources and corridors. The 89 key nodes identified in
this study, including 52 pinch points, four barrier points, and 33 fracture points, represent
different types of modeled network vulnerability [10]. Therefore, the contribution lies not
merely in identifying these nodes, but in translating different types of network vulnera-
bility into differentiated restoration priorities [52]. Pinch points indicate locations where
current density is concentrated in the circuit theory model and where additional disturb-
ance may disproportionately affect potential connectivity. Barrier points indicate local re-
sistance accumulations that could be reduced through targeted restoration. Fracture
points indicate corridor interruptions associated mainly with built-up expansion and lin-
ear transport infrastructure [25]. Accordingly, ecological sources and pinch points should
be prioritized for disturbance control and habitat protection, barrier points for local sub-
strate and vegetation restoration, and road- or railway-related fracture points for potential
connectivity measures such as culverts or ecological bridges [53]. Areas affected by deser-
tification, soil erosion, and fragmentation should focus on vegetation recovery and corri-
dor habitat maintenance [54].

This node classification provides a basis for differentiated restoration rather than uni-
form intervention (Figure 10). It also clarifies how the Shenmu results relate to mining-
specific disturbance processes. Studies of surface coal mining landscapes have shown that
mining activity can reshape landscape ecological networks in semi-arid steppe settings,
while mine agglomeration may amplify landscape ecological risk in semi-arid fragile wa-
tersheds [55,56]. In Shenmu, pinch points are most relevant to narrow corridor segments
crossing high-resistance mining edges, barrier points correspond to local resistance con-
centrations associated with disturbed land or degraded substrates, and fracture points
mainly reflect road and railway crossings [57,58]. The proposed measures, including pro-
tection of pinch points, local substrate and vegetation restoration at barriers, and engi-
neering connectivity measures at infrastructure fractures, should be interpreted as poten-
tial planning interventions rather than direct prescriptions. Their implementation requires
field verification, land tenure assessment, engineering feasibility evaluation, and subse-
quent ecological monitoring [59].
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Figure 10. Strategies for enhancing ecological connectivity and resilience in mining-disturbed land-

scapes.

4.3. Planning Implications, Uncertainty, and Future Perspectives
4.3.1. Planning Implications for Semi-Arid Coal Mining Landscapes

The Shenmu case highlights the value of linking ecological risk, resistance, and con-
nectivity in semi-arid coal mining landscapes, but it also shows why this linkage needs to
be interpreted cautiously [60]. Previous work in Shenmu has constructed and optimized
ecological spatial networks for a typical mining city of the Yellow River Basin, and broader
mining restoration studies have argued for composite ecological networks that coordinate
restoration objectives across territorial scales [59]. The present study extends this line of
work by adding a risk-driver-to-resistance pathway and by separating restoration priori-
ties into source protection, corridor maintenance, and node-specific intervention [28]. The
transferability of the framework is most defensible for mining-disturbed, semi-arid, or
ecologically fragile landscapes that exhibit comparable combinations of vegetation fragil-
ity, water limitation, landscape fragmentation, and mining-related disturbance, and for
which consistent multi-source spatial data are available [4,7]. Therefore, the framework
should be regarded as a context-dependent planning tool rather than a general solution
for all mining regions or ecological network applications. It should not be assumed that
the framework predicts species-specific movement or restoration success without addi-
tional field or monitoring evidence [49].

4.3.2. Limitations and Uncertainty

Several limitations of this study should be recognized. First, the ecological sources,
corridors, and key nodes were identified through model-based spatial analyses and were
not independently validated using species occurrence records, movement data, field sur-
veys, or formal spatial comparisons with protected area and ecological planning datasets.
Therefore, the outputs should be interpreted as planning hypotheses about structural and
potential functional connectivity rather than as confirmed movement pathways or ecolog-
ical processes. Although vegetation, land use, hydrological, and mining disturbance data
were incorporated into source screening and resistance modeling, consistency with these
input layers does not constitute independent validation. Future research should evaluate
the predicted network using independent biodiversity observations, field-based habitat
assessments, species movement data, protected area boundaries, and existing ecological
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restoration or planning schemes. Second, source identification and resistance modeling
relied on the 2020 risk pattern, whereas mining landscapes are dynamic. Future land use
change, mining expansion, restoration projects, and climate variability may alter the sta-
bility and priority order of corridors and nodes. Third, the indicator weights, classification
thresholds, and resistance values introduce parameter uncertainty. Alternative weighting
schemes or resistance scenarios were not tested in the present study; therefore, the stabil-
ity of ecological source selection, corridor routing, and key node identification under pa-
rameter variation remains to be quantified. In addition, this study did not construct a par-
allel conventional network based solely on land cover, topography, or habitat suitability.
Future research should examine alternative AHP-entropy weight combinations, re-
sistance value settings, and classification thresholds through sensitivity analysis, together
with parallel conventional and risk-informed scenarios and field validation.

5. Conclusions

This study developed a risk-informed ecological network optimization framework
that links ecological risk diagnosis with ecological source identification, resistance surface
parameterization, corridor extraction, and key node identification. Spatially, higher eco-
logical risk and resistance were concentrated mainly in mining disturbance zones, indus-
trial areas, rural settlements, and fragmented transition landscapes, whereas ecological
sources were concentrated along a relatively low-risk southeastern axis. Ecological zoning
identified 467.62 km? of conservation areas, 1434.86 km2 of enhancement areas, and
2566.49 km? of restoration areas. The resulting network comprised 10 ecological sources,
18 potential corridors with a total length of 213.18 km, and 89 key ecological nodes, in-
cluding 52 pinch points, four barrier points, and 33 fracture points.

For regional land use planners and policymakers, these results provide a spatial basis
for coordinating ecological protection, land use control, and mine land restoration. Con-
servation areas should be prioritized for ecological source protection and the control of
additional disturbance, while enhancement and restoration areas require greater attention
to mining-related degradation, soil erosion, desertification, and landscape fragmentation.
At the network level, source protection, corridor maintenance, and node-specific interven-
tions should be coordinated rather than implemented separately. Measures such as sub-
strate reconstruction, mine land reclamation, ecological bridges, culverts, and shelterbelts
should be regarded as potential planning interventions that require field verification, land
tenure assessment, engineering feasibility evaluation, and subsequent ecological monitor-
ing before implementation.

Methodologically, this study establishes an explicit risk-driver-to-resistance pathway
and provides a context-dependent analytical framework for mining-disturbed, semi-arid,
or ecologically fragile landscapes. Nevertheless, several limitations should be recognized.
The resistance surface was based mainly on the 2020 ecological risk pattern and therefore
represents a static landscape condition. The modeled network reflects structural and po-
tential functional connectivity rather than verified movement pathways for particular spe-
cies. Uncertainty also remains in the indicator weights, classification thresholds, and re-
sistance values. In addition, because a parallel conventional ecological network was not
constructed, the incremental effects of ecological risk information on corridor configura-
tion, connectivity, and key node identification remain to be quantified.

Future research should develop dynamic resistance surfaces that incorporate land
use change, mining expansion, ecological restoration scenarios, and climate variability.
Sensitivity analysis and parallel comparisons between conventional and risk-informed
networks are also needed to evaluate model robustness and the incremental contribution
of ecological risk information. Species-specific or multi-species connectivity modeling,
combined with field surveys, long-term ecological monitoring, and empirical validation
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of predicted corridors and nodes, would further strengthen the ecological relevance of the
framework. Applications in other regions should recalibrate the indicator system, re-
sistance parameters, and validation procedures according to local ecological processes
and data availability.
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