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Highlights

What are the main findings?

• Sub-watershed units provide an appropriate representation of landscape ecological
risk (LER) patterns.

• LER exhibited pronounced spatial heterogeneity, a slight temporal increase, and nonlinear
responses to key factors.

What are the implications of the main findings?

• Spatial unit selection is a key source of uncertainty in LER assessment.
• Ecological risk management should account for spatial unit effects on LER patterns to

improve regional governance.

Abstract

Quantifying landscape ecological risk (LER) using multi-period land use data and ecological in-
dicators is essential for understanding regional ecological dynamics. However, LER assessment
is sensitive to spatial delineation, introducing uncertainty. This study developed an integrated
LER model that incorporates the remote sensing ecological index and abundance index, and
evaluated spatial unit effects through comparative analyses of fishnet, hexagonal, sub-watershed,
and county units. LER dynamics in the Shandong Peninsula Urban Agglomeration (SPUA)
from 2004 to 2024 were analyzed, and a boosted regression trees model was applied to quantify
the relative importance of influencing factors and their nonlinear effects. The results indicate
that: (1) sub-watershed units showed greater robustness and stability across multiple evaluation
indicators, supporting their suitability for LER assessment; (2) LER in the SPUA exhibited
a fluctuating but overall slightly increasing trend over the past two decades, with a persis-
tent west-low and east-high spatial pattern; and (3) relief degree (29.13%) and nighttime light
(17.78%) were the dominant factors shaping LER, showing an inverted U-shaped response and
a saturating nonlinear increase, respectively. This study supports the use of sub-watershed units
as an appropriate spatial unit for LER assessment and provides insights into terrain-sensitive
conservation and sustainable land-use management in urbanizing regions.

Keywords: landscape ecological risk; spatial unit effects; spatiotemporal dynamics;
influencing factors; Shandong Peninsula Urban Agglomeration
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1. Introduction
Shifting natural conditions and anthropogenic drivers have profoundly altered landscape

patterns, exacerbating potential threats to the environmental basis underpinning human well-
being [1]. Large-scale land use change driven by ever-expanding human activities has rapidly
transformed natural landscapes into agricultural and urbanized areas, contributing to the
decline and degradation of ecosystem services and functions [2–4]. To quantify these combined
pressures, landscape ecological risk (LER) provides a measurable metric for assessing the impacts
of synergistic disturbances on landscape patterns, functions, and processes, and reflects the risks
borne by ecosystems and their constituents [5,6]. A clear understanding of its spatiotemporal
dynamics and underlying driving mechanisms is a prerequisite for informing timely mitigation,
improving land-use policies, and ultimately fostering sustainable development [7].

LER assessment methods can generally be classified into two categories: the disturbance-
based source-sink approach and the LER index method [8]. The source-sink approach charac-
terizes the risk transfer path and direction between sources and receptors, and is particularly
suitable for regions with clearly identifiable ecological risk sources [9,10]. However, its imple-
mentation generally requires explicit delineation of source and sink areas, and its results are
sensitive to the criteria and threshold settings used for their identification, which may limit its
applicability across ecological processes and regional contexts. Compared with the source-sink
approach, the LER index method is more suitable for regional-scale assessment in large and
heterogeneous areas, as it better characterizes risk under multi-source stress and enables rapid
assessment [11,12]. Through the integration of landscape disturbance and vulnerability, it
provides a spatially explicit framework for analyzing and comparing LER dynamics across
space and time [13,14]. Owing to its broad applicability in regional-scale assessments and its
ability to capture the linkage between landscape pattern changes and risk formation [15,16], this
method has garnered growing attention in recent studies on LER assessment across wetland
ecosystems [17], urban areas [18,19], and river basins [20].

Although the widely used LER index performs well in representing multi-source
threats and spatial visualization, it relies on predefined land-use-based vulnerability assign-
ments, which assume relatively homogeneous conditions within each land-use category [21].
Even with more refined land-use classification schemes [22,23], vulnerability may still vary
considerably due to differences in ecosystem condition and surrounding landscape con-
text [24]. To address this limitation, ecological quality and status indicators such as the
remote sensing ecological index (RSEI) can provide complementary information by capturing
spatiotemporal variations in ecological condition not reflected in discrete land-use classifica-
tions [25]. Landscape composition further reflects spatial differences in landscape structure
and context [26]. Therefore, integrating these dimensions can help improve the representation
of vulnerability by explicitly accounting for its spatial heterogeneity in LER assessments.

More importantly, the representation of spatial heterogeneity in LER assessment is strongly
influenced by the aggregation of landscape metrics within predefined spatial units. This issue
is closely associated with the modifiable areal unit problem (MAUP), which highlights that
spatial patterns derived from aggregated data may vary depending on the choice of spatial
partitioning schemes [27]. Previous studies have often relied on equal-sized fishnet grids due
to their geometric simplicity and computational efficiency, and have commonly employed
kriging interpolation to visualize spatial patterns, while also examining the effects of grid
resolution [28,29]. Although sensitivity analyses across multiple spatial scales and regional
divisions are widely recognized as a baseline requirement for addressing MAUP effects [30], the
influence of alternative spatial unit delineations remains insufficiently explored. Comparative
analyses of different spatial units, such as sub-watersheds and administrative boundaries, can
help identify configurations that better represent the intrinsic spatial structure of LER and reduce
MAUP-related uncertainty, thereby improving the robustness of LER assessment.
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Beyond describing the spatiotemporal variability of LER, understanding its driving mech-
anisms is worthwhile for ecological interpretation and risk mitigation. Existing approaches,
including correlation analysis [31], the geographical detector model [32,33], and geographi-
cally weighted regression [34], are widely used to identify statistical associations and spatial
heterogeneity. However, these methods are generally based on linear or monotonic assump-
tions and may not adequately capture nonlinear responses and threshold effects commonly
observed in ecological systems. Boosted regression trees (BRT) integrate the advantages of
regression tree algorithms and boosting techniques, emerging as a versatile quantitative tool
capable of modeling complex nonlinear relationships and elucidating interactions between
explanatory and response variables [35,36]. Therefore, BRT is well-suited for identifying key
drivers and potential threshold effects in LER.

Rapid urbanization has intensified pressures, including resource scarcity, ecological degra-
dation, and ecological deficits, posing persistent threats to ecosystem stability and environmental
justice in the Shandong Peninsula Urban Agglomeration (SPUA) [37–39]. Meanwhile, the re-
gion is characterized by strong interactions between natural and socioeconomic systems and
pronounced spatial heterogeneity in landscape patterns and ecological conditions, making it a
representative area for investigating LER. Given its strategic role in ecological protection and
high-quality development in the Yellow River Basin and its importance to China’s northern eco-
logical security barrier, such assessments are of considerable significance for regional ecological
management and sustainable development. Accordingly, this study aims to: (1) examine the
effects of spatial unit configuration on LER assessment and develop an improved analytical
framework; (2) analyze the spatiotemporal evolution of LER in the SPUA from 2004 to 2024;
and (3) identify the key factors influencing LER and their potential threshold effects using the
BRT model. These analyses contribute to a better understanding of spatial heterogeneity in LER
and support more targeted ecological management strategies.

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

The SPUA is located in the coastal region of East China and serves as a key gateway
connecting inland China with the Bohai Sea and the Yellow Sea (Figure 1). Situated in the
northern temperate zone, the region experiences a semi-humid monsoon climate characterized
by pronounced seasonal temperature variations and highly seasonal precipitation patterns.
The average annual temperature ranges from 11.7 ◦C to 14.5 ◦C, with nearly 80% of annual
rainfall occurring during the flood season from June to September. Spanning approximately
155,800 km2, the region comprises central mountains, alluvial plains of the Yellow River to
the west and north, and gently rolling hills in the east. By the end of 2024, the SPUA had
a permanent resident population of 100.80 million, an urbanization rate of 66.47%, and a
regional GDP of 98,565.83 billion yuan.

 
Figure 1. Geographical location of the SPUA in China.
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2.1.2. Data Sources and Processing

Land use data for 2004, 2009, 2014, 2019, and 2024 (six classes) were adopted
(Figure 2). The overall classification accuracies of the five classified maps ranged from
91.02% to 93.68%. The corresponding annual remote sensing ecological index (RSEI) was
derived from Landsat 5/8 imagery using growing-season median composites on the
Google Earth Engine (GEE) platform. Meteorological, topographic, soil erosion, socio-
economic, and accessibility data were collected as potential influencing factors for LER,
encompassing key dimensions of the natural environment and human activity. Annual pre-
cipitation was derived by summing monthly precipitation, while annual mean temperature
was calculated as the average of monthly temperature values. Elevation was extracted from
a digital elevation model (DEM). Relief degree was derived using a focal-based method
with a distance-based circular kernel (250 m radius) in GEE and calculated as the elevation
range (maximum–minimum elevation). The radius was selected based on a multi-scale eval-
uation across radii ranging from 100 to 1250 m, assessing both spatial pattern stability and
statistical variability (Figure A1 and Table A1, Appendix A). The selected scale falls within
a relatively stable range, preserving essential terrain structures while avoiding excessive
fragmentation at smaller scales and oversmoothing at larger scales. Euclidean distance-
based accessibility indicators were calculated in ArcGIS 10.2 (Esri, Redlands, CA, USA)
using highway networks and tourist attraction locations to represent the influence of linear
infrastructure and point-based activities on LER. All influencing factors were reprojected
to the WGS 1984 UTM zone 50N coordinate system and resampled to a uniform spatial res-
olution of 100 m to harmonize multi-source environmental variables with different native
resolutions. Mean-based zonal statistics were then applied to aggregate all raster-derived
variables to the spatial units for subsequent factor analysis. Detailed information on data
sources is provided in Table 1.

Figure 2. Land use data of the SPUA from 2004 to 2024.

Table 1. Data sources and descriptions.

Data Unit Resolution Data Source

Land use — 30 m Xiao et al. [40]

Landsat 5/8 imagery — 30 m GEE
(https://earthengine.google.com/ (accessed on 11 October 2025)

Monthly precipitation mm 1000 m Peng et al. [41]
Monthly temperature ◦C 1000 m

https://doi.org/10.3390/rs18132266
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Table 1. Cont.

Data Unit Resolution Data Source

NASADEM m 30 m GEE
(https://earthengine.google.com/ (accessed on 26 December 2025)

Annual soil water erosion t ha−1 yr−1 30 m Yan et al. [42]

Population density persons km−2 1000 m Oak Ridge National Laboratory
(https://landscan.ornl.gov/ (accessed on 1 December 2025)

Nighttime light nW cm−2 sr−1 500 m Chen et al. [43]

Highway networks — — OpenStreetMap
(http://www.openstreetmap.org/ (accessed on 4 December 2025)

Tourist attraction
locations — — Shandong Province Geographic Information Public Service Platform

(https://www.sdmap.gov.cn/ (accessed on 4 December 2025)

2.2. Methods
2.2.1. Risk Unit Delineation

To evaluate the effects of spatial delineation schemes on LER patterns and associated
MAUP-related spatial variations, four types of spatial units were constructed to represent
commonly used geometric, hydrological, and administrative partitioning approaches in
spatial analysis. First, fishnet grids with a resolution of 6.60 × 6.60 km were generated
based on a previously published scale optimization study of landscape pattern metrics in
the SPUA [40], which identified this scale as a relatively stable resolution for representing
landscape structure at the regional scale. This grid serves as a standardized equal-area
baseline for comparative analysis. Second, regular hexagonal grids with a side length
of approximately 4.10 km were created to achieve a comparable unit area to the fishnet
grids, thereby reducing potential biases arising from unit size differences and allowing a
consistent comparison of geometric shape effects. Third, the region is characterized by a
dense hydrological network (average density of 0.24 km/km2), which provides a strong
physical basis for hydrological partitioning. Sub-watersheds were therefore delineated
using DEM-based hydrological analysis, including sink filling, flow direction, and flow
accumulation, and were further constrained by the actual river network. Finally, the SPUA
was subdivided into 136 counties based on the official administrative boundaries of 2024,
which were kept constant across the study period to ensure temporal consistency.

2.2.2. Landscape Ecological Risk Assessment Model Construction

The LER index is calculated as the product of the proportional area of different land-
use types and the landscape loss index. By incorporating landscape composition and loss
characteristics, the model reflects the combined effects of landscape structure and ecological
sensitivity on regional ecological risk levels. Detailed definitions of the variables and index
formulation are provided in Table 2.

In this study, additional ecologically relevant indicators were incorporated into the
traditional land-use-based weighting framework to improve the characterization of land-
scape vulnerability by complementing categorical land-use metrics with information on
ecological condition and land-cover composition. Ecological condition reflects the over-
all environmental quality of the landscape, whereas land-cover composition captures
variations in the relative abundance and spatial arrangement of different land-cover
types. These two dimensions do not aim to explicitly characterize each land-use type
individually, but rather to provide complementary information beyond categorical land-
use classifications and better reflect the ecological and structural characteristics underlying
landscape vulnerability.

https://doi.org/10.3390/rs18132266
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Table 2. Formulas and ecological meaning of the landscape indices used in the original model.

Index Formula Meaning

Landscape ecological risk LERk = ∑N
i=1

Aki
Ak

× Si

LERk denotes the LER of the k-th unit in the study area,
with higher values indicating greater ecological risk

resulting from interactions between landscape patterns and
ecological processes under natural and anthropogenic
influences. Here, k represents the risk unit number; i
denotes the landscape type; N is the total number of

landscape types; Aki is the coverage area of landscape type i
within unit k; Ak is the cumulative area of k-th unit; and Si is

the landscape loss index of type i.

Landscape loss Si = Ei × Vi
Si reflects landscape loss and is determined by the

disturbance index Ei and the vulnerability index Vi.

Landscape disturbance Ei = aCi + bNi + cFi

Ei measures the disturbance intensity among different
landscapes, primarily determined by land development
activities. It is calculated using three components with
weights a, b, and c set to 0.5, 0.3, and 0.2, respectively,

assigned according to their relative importance reported in
previous studies [44,45].

Landscape fragmentation Ci =
ni
Ai

Ci positively correlates with the degree of landscape patch
fragmentation, with higher values signifying lower

ecosystem stability. For each landscape type, ni and Ai
denote the number and area of patches, respectively.

Landscape separateness Ni =
1
2

√
ni
Ai

× A
Ai

Ni positively correlates with the separateness of patches
within landscape type i. Higher values indicate increasingly
complex and separated spatial distributions, reflecting the

interactions of material, energy, and information flows
within the landscape [46].

Landscape fractal dimension Fi =
2 ln(Pi/4)

ln Ai

Fi quantifies the complexity of patch shape for landscape
type i, where Pi is the patch perimeter.

Landscape vulnerability Vi

Vi reflects the susceptibility of ecosystems to external
disturbances and their limited capacity for resistance and
recovery, with higher values generally indicating greater

ecosystem vulnerability. Following prior studies [47,48], the
values are assigned as: unused land (0.2857), water (0.2381),
cultivated land (0.1905), grassland (0.1429), forest (0.0952),

and built-up land (0.0476).

The RSEI, which synthesizes greenness, wetness, heat, and dryness [49], has been
widely used as a proxy for ecological conditions [50,51]. It captures spatial variability in
ecological conditions that is not reflected in land-use classification, thereby improving
vulnerability differentiation within identical land-use types. Higher RSEI values indicate
more favorable ecological conditions and lower ecological vulnerability, reflecting reduced
ecological stress. In this study, water bodies were masked when deriving the land-based
RSEI to ensure that moisture-related variables more accurately reflect surface soil condi-
tions. Before principal component analysis [52], the modified soil-adjusted vegetation index
(MSAVI), wetness (WET), normalized difference built-up and soil index (NDBSI), and land
surface temperature (LST) were standardized using z-score normalization, following an
improved time-series RSEI framework reported by Zheng et al. [53], which improves inter-
annual comparability and enhances the temporal consistency of RSEI-based analyses. For
inland water areas, a water-specific RSEI analogue was constructed using the surface po-
tential water abundance index (SPWI), normalized difference latent heat index (NDLI), and
LST, following a parallel methodological framework to the land component. The selection
of indicators was guided by a water benefit-based ecological index system to better capture
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water-related ecofactors [54]. The calculation formulas for the RSEI component indices are
presented in Table A2. The land and water components were then integrated to generate a
spatially continuous RSEI covering the entire study area. The calculation is expressed as
follows:

RSEIL
0 =

{
PC1[ f (MSAVIS, WETS, NDBSIS, LSTS)], VMSAVI , VWET > 0

1 − PC1[ f (MSAVIS, WETS, NDBSIS, LSTS)], VMSAVI , VWET < 0
(1)

RSEIW
0 =

{
PC1[ f (SPWIS, NDLIS, LSTS)], VSPWI , VNDLI > 0

1 − PC1[ f (SPWIS, NDLIS, LSTS)], VSPWI , VNDLI < 0
(2)

RSEIC =
RSEIC

0 − min(RSEIC
0 )

max(RSEIC
0 )− min(RSEIC

0 )
(3)

where RSEIL
0 and RSEIW

0 represent the unnormalized raw RSEI values for land (L)
and water (W) components, respectively; PC1 denotes the first principal component;
MSAVIS, WETS, NDBSIS, LSTS, SPWIS, and NDLIS denote the standardized indices;
VMSAVI/WET/SPWI/NDLI represents the eigenvector loadings of corresponding variables;
and RSEIC represents the normalized value of component C, ranging from 0 to 1, with a
lower value indicating poorer ecological conditions. Here, C is a categorical variable, where
L and W represent the land and water components, respectively, and min ( ) and max ( )

represent the minimum and maximum values of RSEIC
0 , respectively.

The abundance index (AI) for land-cover types, in turn, reflects differences in land-
cover composition and dominance between natural and anthropogenic landscape ele-
ments [55], offering complementary information on landscape structure. Higher AI values
generally indicate a greater weighted proportion of natural elements. In contrast, lower AI
values are associated with landscapes where built-up and unused land are more prevalent,
indicating stronger anthropogenic dominance and differences in landscape configuration
and disturbance patterns. AI was calculated following the Chinese national environmental
protection standard Technical Criterion for Ecosystem Status Evaluation (HJ 192-2015) [56]. The
AI for each risk unit was derived as follows:

AIk =
∑N

i=1 ci × Aki
Ak

(4)

where k represents the risk unit number; ci is the coefficient for each land-use type, with
values of 0.35 (forest), 0.21 (grassland), 0.28 (water), 0.11 (cultivated land), 0.04 (built-up
land), and 0.01 (unused land); Aki is the coverage area of land-use type i within unit k; and
Ak is the total area of k-th unit.

Since RSEI and AI represent ecological condition and landscape composition, respec-
tively, they were transformed to ensure directional consistency with the vulnerability
representation within the LER framework. Specifically, RSEI, which was already normal-
ized, was inverted using a linear transformation (1 − x), so that higher values correspond
to higher ecological risk potential. The AI, originally derived at the spatial unit level, was
first inverted and subsequently rescaled to a range of 0.01–0.99 to maintain proportionality
and reduce sensitivity to extreme values. The resulting indices are denoted as RSEI∗ and
AI∗, respectively. Figure A2 in Appendix A shows their spatial distributions in 2024, a
representative year of the study period. These indices were used as weighting factors to
modify the baseline vulnerability of each land-use type. Specifically, the original vulnera-
bility of each land-use type was multiplied by the mean values of RSEI∗ and AI∗ within
each risk unit to incorporate spatial heterogeneity in ecological condition and landscape
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composition. Accordingly, the LER index for risk unit k in the modified model is given
as follows:

LER′
k = ∑N

i=1
Aki
Ak

× Ei × Vki (5)

Vki = Vi × Rk × Hk (6)

where Vki denote the adjusted landscape vulnerability of land-use type i in spatial unit k; Rk

and Hk are the unit-level mean values of RSEI∗ and AI∗ within unit k, respectively; and the
remaining symbols are defined consistently with those in the original index formulation.

2.2.3. Normalization and Spatial Autocorrelation Analysis

To ensure comparability of LER values across spatial units and time periods, min–max
normalization was applied. For cross-unit comparisons within a given year, min–max
normalization was applied to LER values across all spatial units within each spatial delin-
eation scheme. For interannual comparisons, min–max normalization was applied using
the global range of LER values across all spatial units over the entire study period.

Spatial autocorrelation analyses were conducted to support the multiscale evaluation
of LER patterns across different spatial units in 2024. Global Moran’s I and Local Indicators
of Spatial Association (LISA) were used to quantify spatial dependence and identify clus-
tering patterns. All analyses were conducted using the spdep package (version 1.4-1) in R
(version 4.5.2; R Core Team, Vienna, Austria).

2.2.4. Analysis of Influencing Factors

BRT models were developed using the gbm.step() function in the dismo package
(version 1.3-16) in R (version 4.5.2). Prior to model fitting, Pearson correlation anal-
ysis was conducted to explore the relationships between candidate factors and LER.
Multicollinearity was further assessed using the variance inflation factor (VIF), and all
factors exhibited acceptable levels of multicollinearity (VIF < 7.5; Table 3).

Table 3. Variance inflation factors for multicollinearity assessment.

No. Factor VIF No. Factor VIF No. Factor VIF

1 Annual precipitation 1.65 4 Relief degree 6.59 7 Nighttime light 1.98

2 Annual
mean temperature 1.58 5 Annual soil

water erosion 3.38 8 Distance to highways 1.09

3 Elevation 4.72 6 Population density 1.93 9 Distance to tourist attractions 1.12

Model performance was optimized through an internal 10-fold cross-validation pro-
cedure combined with a grid-search strategy evaluating 18 parameter combinations
of learning rate (0.001, 0.005, 0.010), tree complexity (3, 4, 5), and bag fraction (0.50,
0.70). The optimal model was selected based on minimized cross-validated deviance
(CV_Deviance), low deviance standard error (Deviance_SE), and high cross-validated cor-
relation (CV_Correlation), corresponding to a learning rate of 0.010, tree complexity of 5,
and bag fraction of 0.70 (Table 4). The selected model was then used to identify important
first-order interactions and quantify the relative influence of each explanatory variable,
with the sum of influences standardized to 100%. Partial dependence plots were used
to visualize the effects of individual factors on LER. The overall analytical workflow is
illustrated in Figure 3.
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Table 4. Cross-validation evaluation of BRT hyperparameter settings.

Model
Hyperparameters Performance Metrics

Learning
Rate

Tree
Complexity

Bag
Fraction CV_Deviance Deviance_SE CV_Correlation

1 0.010 5 0.70 4.03 × 10−3 7.47 × 10−5 0.77
2 0.010 5 0.50 4.07 × 10−3 8.58 × 10−5 0.77
3 0.010 4 0.70 4.15 × 10−3 8.29 × 10−5 0.76
4 0.010 4 0.50 4.22 × 10−3 9.34 × 10−5 0.76
5 0.005 5 0.70 4.30 × 10−3 1.00 × 10−4 0.76
6 0.005 5 0.50 4.31 × 10−3 7.89 × 10−5 0.75
7 0.010 3 0.70 4.33 × 10−3 1.06 × 10−4 0.75
8 0.005 4 0.70 4.41 × 10−3 4.11 × 10−5 0.74
9 0.010 3 0.50 4.42 × 10−3 7.37 × 10−5 0.74
10 0.005 4 0.50 4.42 × 10−3 8.40 × 10−5 0.74
11 0.005 3 0.70 4.57 × 10−3 9.40 × 10−5 0.73
12 0.005 3 0.50 4.62 × 10−3 9.20 × 10−5 0.73
13 0.001 5 0.50 4.91 × 10−3 9.23 × 10−5 0.71
14 0.001 5 0.70 4.93 × 10−3 9.68 × 10−5 0.71
15 0.001 4 0.50 5.04 × 10−3 9.87 × 10−5 0.70
16 0.001 4 0.70 5.07 × 10−3 1.23 × 10−4 0.70
17 0.001 3 0.50 5.24 × 10−3 1.19 × 10−4 0.69
18 0.001 3 0.70 5.27 × 10−3 9.67 × 10−5 0.69

Note: Models are ranked in ascending order of CV_Deviance, with lower values indicating better model perfor-
mance and constituting the primary criterion for model selection.

Figure 3. Workflow of the study.

3. Results
3.1. Cross-Unit Comparison of Landscape Ecological Risk

Results from the LER assessment models under different spatial units are presented in
Figure 4. LER patterns varied across spatial scales, with higher spatial fragmentation and
stronger local discontinuity observed in fine-resolution grid units (fishnet and hexagonal).
The fishnet grid showed more pronounced grid-aligned clustering, while the hexagonal
grid exhibited relatively reduced fragmentation and slightly higher spatial continuity.
In contrast, the sub-watershed unit showed higher spatial continuity with contiguous risk
clusters, whereas the county unit was characterized by dominant homogeneous patches
and reduced spatial variability. Under the original model, fishnet and hexagonal grid units
showed relatively consistent LER patterns, while county-level patterns showed greater con-
sistency with sub-watershed structures and diverged from grid-based units. The modified
model increased spatial correspondence across units, with the county unit showing the
greatest change between models, and the other units remaining comparatively stable.
These spatial relationships were further quantified using Pearson correlation analysis
(Table 5). Fishnet and hexagonal grid units showed consistently positive correlations under
both modeling frameworks (r = 0.55 and 0.82, respectively). County units exhibited weak
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negative correlations with grid-based units under the original model (r = −0.09 to −0.08)
and moderate positive correlations under the modified model (r = 0.34). Sub-watershed
units showed positive correlations with all spatial units, with r ranging from 0.12 to 0.29
under the original model and from 0.45 to 0.67 under the modified model.

Figure 4. Comparative spatial patterns of LER across spatial units in 2024 under different models.

Table 5. Pearson correlation coefficients of LER across spatial units under original and modified
models (2024).

Assessment
Model

Spatial Unit
Pearson Correlation Coefficient (r)

Fishnet Grid Hexagonal Grid Sub-Watershed County

Original

Fishnet grid — ** ** **

Hexagonal grid 0.55 — ** **

Sub-watershed 0.29 0.29 — **

County −0.09 −0.08 0.12 —

Modified

Fishnet grid — ** ** **

Hexagonal grid 0.82 — ** **

Sub-watershed 0.67 0.64 — **

County 0.34 0.34 0.45 —
Note: ** indicates significance at the 0.01 level (two-tailed).

In addition to differences in spatial correspondence among units, the response of LER
to model modification varied considerably (Table 6). Changes in mean LER differed among
spatial units, ranging from −0.06 to +0.13. The fishnet grid exhibited the smallest change
in mean LER (−0.02), followed by the sub-watershed unit (+0.04), whereas the county
unit showed the largest increase (+0.13). More pronounced differences were observed
in spatial variability. Following model modification, the coefficient of variation (CV)
increased by 17.95% and 15.00% in the fishnet and hexagonal grids, respectively. In contrast,
the sub-watershed unit showed only a slight increase in CV (+2.27%), suggesting that
its spatial heterogeneity remained largely stable after model modification. The county
unit exhibited a substantial decrease in CV (−38.46%), indicating a marked reduction in
spatial differentiation at the aggregated scale. Overall, the sub-watershed unit maintained
relatively stable mean LER values while exhibiting the smallest change in spatial variability,
reflecting a more robust representation of LER patterns following model modification.

Global Moran’s I values indicated significant positive spatial autocorrelation across all
spatial units (p < 0.01, z > 2.58; Figure 5). Moran’s I values under the modified model were
0.52 (fishnet grid), 0.54 (hexagonal grid), 0.41 (sub-watershed), and 0.26 (county), respectively.
Relative to the original model, Moran’s I increased by more than 0.30 in both grid-based units
and by 0.23 in the sub-watershed unit, whereas a slight decrease (−0.05) was observed for
the county unit. LISA cluster maps further revealed differences in local spatial aggregation
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patterns among spatial units. The proportions of homogeneous clustering (High-High and
Low-Low) exceeded 20% for the fishnet grid, hexagonal grid, and sub-watershed units
under the modified model, indicating pronounced local clustering of LER. Notably, the sub-
watershed unit consistently exhibited the lower proportion of heterogeneous associations
(High-Low and Low-High, < 1.85%) under both modeling frameworks, suggesting stronger
local spatial consistency and reduced fragmentation of cluster boundaries.

Table 6. Changes in mean LER and CV after model modification across spatial units.

Spatial Unit Assessment Model Mean LER Change in Mean LER CV Change in CV (%)

Fishnet grid
Original 0.38 — 0.39 —

Modified 0.36 −0.02 0.46 +17.95

Hexagonal grid
Original 0.40 — 0.40 —

Modified 0.34 −0.06 0.46 +15.00

Sub-watershed
Original 0.22 — 0.44 —

Modified 0.26 +0.04 0.45 +2.27

County
Original 0.24 — 0.65 —

Modified 0.37 +0.13 0.40 −38.46

Figure 5. Global and local spatial autocorrelation of LER across spatial units in 2024 under
different models.

Combined with Pearson correlation, mean LER, CV, and spatial autocorrelation analysis,
clear differences in LER patterns were observed across spatial units, particularly in terms of
spatial dependence, statistical stability, and clustering structure. Grid-based units generally
exhibited stronger global spatial dependence, as reflected by higher Global Moran’s I values at
finer spatial resolution, but also showed larger increases in CV following model modification,
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suggesting greater sensitivity of spatial heterogeneity to changes in the assessment framework.
In contrast, the county unit experienced the largest changes in both mean LER and CV.
The sub-watershed unit showed relatively small changes in mean LER, the smallest variation
in CV, and consistently the lowest proportion of heterogeneous LISAs, indicating greater
robustness to model modification and stronger preservation of local spatial clustering patterns.
Moreover, Pearson correlation analysis demonstrated that the sub-watershed unit maintained
positive spatial correspondence with all other spatial units, particularly under the modified
framework. These consistent patterns across multiple indicators collectively support the
selection of the sub-watershed unit for subsequent assessments and analyses.

3.2. Spatiotemporal Characteristics of Landscape Ecological Risk

Using the modified model, the spatiotemporal dynamics of LER were analyzed at
the sub-watershed unit level. LER values were classified into five categories (very low,
low, moderate, high, and very high) based on percentile thresholds (15%, 35%, 65%, and
85%; corresponding to 0.11, 0.17, 0.25, and 0.32). As shown in Figure 6, more than 30% of
the SPUA was classified as moderate-risk in all five study years. The proportion of very
high-risk areas exhibited an overall increasing trend in the latter period compared with
earlier years, although a decline of 5.21% was observed in 2024 relative to 2019. This pattern
reflects an initial expansion of high-risk areas in the eastern region, followed by contraction
after 2019. In contrast, the proportion of very-low-risk areas fluctuated downward from
15.55% in 2004 to 12.52% in 2024, associated with the shrinkage of low-risk zones in the
southwestern region and the concurrent expansion of moderate-risk areas. Overall, regional
risk levels exhibited a slight upward trend, with mean LER values in the SPUA remaining
around 0.22, corresponding to the moderate-risk category.

The total area of unchanged LER classes during 2004–2009, 2009–2014, 2014–2019, and
2019–2024 was 84,759.60 km2, 70,898.87 km2, 82,022.19 km2, and 73,273.08 km2, accounting
for 54.38%, 45.49%, 52.62%, and 47.01% of the urban agglomeration, respectively (Figure 7).
Overall, LER transitions were primarily concentrated between adjacent risk categories, while
cross-level transitions remained relatively limited. Over the past two decades, transitions
involving moderate-risk areas were the most frequent. For instance, during 2009–2014, ex-
changes between moderate-risk and high-risk areas were particularly pronounced (22,362.02
km2), including 14,117.40 km2 shifting from moderate to high risk and 8244.62 km2 shifting in
the opposite direction. In addition, cross-level transitions mainly involved moderate-risk and
very high-risk areas, with clear temporal reversals. From 2009 to 2014, transitions were domi-
nated by shifts from moderate to very high risk (4097.72 km2), whereas during 2019–2024, the
dominant pattern reversed, with transitions primarily occurring from very high to moderate
risk (5517.91 km2).

Figure 8 illustrates the temporal variation in the proportions of LER levels across
different land-use types in the SPUA during 2004–2024, revealing distinct land-use-specific
risk structures. Excluding the moderate-risk category, cultivated land, built-up land, and
unused land were predominantly characterized by high-risk areas, with mean proportions
of 21.87%, 25.33%, and 24.17%, respectively. In cultivated land, the proportion of very high-
risk areas increased from 7.87% in 2004 to 16.38% in 2019, followed by a subsequent decline,
while very-low-risk areas exhibited an opposite trend. In built-up land, very high-risk areas
exceeded very-low-risk areas from 2009 onwards, with the gap widening until 2019 and
narrowing to 14.01% by 2024. Unused land experienced elevated risk levels, particularly
during 2014–2019. In contrast, forest, grassland, and water were consistently characterized
by low-risk conditions, with very high-risk proportions remaining below 9% throughout
the study period. Their mean very-low-risk proportions were 29.26%, 19.03%, and 30.50%,
respectively, indicating relatively stable and low vulnerability states.
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Figure 6. Spatial distribution of LER in the SPUA from 2004 to 2024.

Figure 7. Transition patterns of LER classes in the SPUA from 2004 to 2024.
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Figure 8. Temporal variation in LER levels across different land-use types in the SPUA, 2004–2024.

3.3. Influencing Factors of Landscape Ecological Risk

The relative influence of each factor on LER, together with partial dependence plots
illustrating nonlinear relationships, is presented in Figure 9. Relief degree (29.13%) and
nighttime light (17.78%) were identified as the key influencing factors, followed by elevation
and annual mean temperature (13.09% and 11.44%, respectively). In contrast, distance-related
factors and annual soil water erosion exhibited relatively weak effects (each ≤ 5.18%).

Figure 9. Partial dependence plots of nine factors and their relative influences on LER in the SPUA.

For topographic factors, relief degree exhibited an inverted U-shaped relationship
with LER, which increased initially and declined after peaking at approximately 20 m.
Elevation showed a turning point at around 250 m, above which LER gradually decreased.
Among socio-economic factors, nighttime light intensity showed a nonlinear increasing pat-
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tern with saturation effects, with LER rising rapidly at low levels of nighttime light, increasing
sharply around a threshold of approximately 36 nW cm−2 sr−1, and then stabilizing at a
relatively high level. Population density was consistently associated with high LER once it
exceeded approximately 11,000 persons km−2. Regarding climatic factors, LER peaked at
approximately 13 ◦C and decreased as precipitation increased from ~400 mm to ~800 mm,
but rose again beyond this range. Within a buffer of 1500 m, proximity to tourist attractions
exerted a stronger influence on LER than proximity to highways. Finally, annual soil water
erosion exceeding 19 t ha−1 yr−1 was associated with a marked increase in LER.

4. Discussion
4.1. Incorporating RSEI and AI into Landscape Ecological Risk Assessment

LER index models traditionally rely on landscape pattern metrics derived from geomet-
ric features and land-use vulnerability coefficients to characterize landscape ecological risk.
Although this framework is effective in capturing spatial configurations and disturbance
intensity, its representation of vulnerability remains largely static, as it assumes fixed risk
weights for identical land-use types. This assumption overlooks intra-class heterogeneity
in vulnerability, whereby areas sharing the same land-use category may differ substantially
in their exposure and sensitivity to disturbance due to variations in ecological condition
and land-cover dominance [57–59].

Accordingly, RSEI and AI were incorporated to introduce additional ecological and
compositional information into the assessment framework. By incorporating information
beyond discrete land-use classifications, these indicators enable a more differentiated rep-
resentation of vulnerability within identical land-use types and extend the conventional
LER framework from a purely pattern- and class-based representation toward a more com-
prehensive formulation that incorporates intra-class variability and compositional effects.
The results indicate that the modified model exhibits more coherent and spatially contin-
uous patterns of LER across most spatial units. This pattern is reflected in the observed
increase in spatial autocorrelation, suggesting that risk distributions become more consis-
tent with underlying gradients of ecological condition and landscape composition rather
than being determined primarily by land-use boundaries. Moreover, the modified model
shows lower variation among spatial units, indicating that vulnerability characterization is
less dependent on land-use category aggregation alone. Consequently, the influence of spa-
tial partitioning on assessment outcomes is reduced, resulting in greater robustness against
MAUP-related effects. Overall, these findings suggest that incorporating these ecological
and compositional dimensions improves the representation of vulnerability by accounting
for spatial heterogeneity that is not captured by conventional land-use-based approaches.
Without altering the fundamental pattern-based structure of the LER framework, the modi-
fied model provides a more stable and nuanced characterization of LER across different
spatial units. This modification is conceptually consistent with recent developments in LER
assessment that integrate ecological indicators into vulnerability characterization [5,60,61],
reflecting a broader shift toward more heterogeneous and objective LER assessments.

4.2. Rationale for Sub-Watershed Selection and Implications of Multi-Unit Comparison

The comparative analysis revealed substantial differences in LER patterns among
spatial units, confirming the scale-dependent nature of LER assessment and the persistent
influence of MAUP [62]. Spatial aggregation and boundary delineation not only reshape
the distribution and clustering of LER [48], but also affect the magnitude and model sen-
sitivity of LER estimates. Among the unit types considered, smaller fishnet grid units
capture fine-scale heterogeneity but tend to disrupt spatial continuity due to artificial seg-
mentation and uniform partitioning. This design often misaligns with natural boundaries
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such as mountains and watersheds [63], thereby weakening the interpretability of spatial
ecological patterns, amplifying local variability, and increasing the likelihood of deviations
from underlying ecological conditions. Hexagonal units partially mitigate edge effects
and improve representation of real-world patterns [64], yet remain geometrically imposed
and still show notable sensitivity to model changes. County units, by contrast, suppress
internal heterogeneity due to their large extent and socio-political boundaries, leading to
oversmoothed risk patterns and weakened fine-scale spatial differentiation. In comparison,
sub-watershed units provide a more natural and robust spatial framework for LER assess-
ment. Their boundaries follow topographic gradients and hydrological processes, which
are closely associated with the spatial distribution of LER. This ecological coherence enables
LER to be represented within hydrologically connected and topographically consistent
landscape units. Empirically, the sub-watershed unit exhibited relatively small changes
in mean LER, the least variation in CV following model modification, and the lowest
proportion of heterogeneous LISAs, indicating greater stability in both overall risk levels
and local spatial relationships. This stability suggests that sub-watershed units better reflect
underlying ecological processes by reducing artificial boundary effects. Similar findings
have been reported in studies showing that ecologically defined units better represent
complex landscape patterns [65,66].

Importantly, this study emphasizes multiscale effects as a central perspective for inter-
preting LER rather than a purely technical consideration. Higher Global Moran’s I values
observed in grid-based units do not necessarily imply superior spatial representation.
Although fishnet and hexagonal units exhibited stronger global spatial autocorrelation,
they were also more sensitive to model modification and showed less stable local clustering
patterns, as reflected by larger CV changes and a higher proportion of heterogeneous
LISAs. This suggests that strong spatial dependence alone is insufficient for identifying
an appropriate assessment unit. Instead, spatial unit selection should consider multiple
dimensions, including statistical stability, clustering consistency, and ecological relevance.
From a broader perspective, these findings highlight that spatial units influence not only sta-
tistical properties of LER but also how LER patterns are perceived and interpreted, thereby
influencing ecological understanding and decision-making in landscape risk assessment.
Multi-unit comparison helps identify stable, process-consistent spatial structures while
filtering out scale-dependent artifacts, improving the ecological interpretability of LER
patterns. Accordingly, multi-unit validation is recommended to enhance the robustness of
scale-sensitive spatial modeling and reduce MAUP-induced biases.

4.3. Landscape Ecological Risk Evolution and Influencing Factors

LER in the SPUA exhibited notable spatiotemporal dynamics during the study period.
From 2004 to 2019, high-risk areas expanded primarily in the urbanized eastern plains and
surrounding agricultural zones, reflecting intensified landscape transformation associated
with urban expansion [67,68]. Since 2019, this increasing trend has moderated, which may
reflect strengthened land-use control policies, including cultivated land protection and
revised construction land standards in Shandong Province. These regulatory measures
have effectively constrained uncontrolled land conversion and promoted more regulated
development patterns. Overall, LER increased over time, with persistently lower values
in the western region compared with the eastern part of the SPUA. This spatial pattern is
likely associated with lower average elevation and a stable landscape mosaic of cultivated
land and rural settlements in the western region, which together maintain relatively well-
preserved ecological conditions with limited human disturbance.

The observed spatiotemporal patterns of LER are closely linked to both natural constraints
and human activities [69]. Consistent with previous studies, terrain conditions and human
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disturbance jointly shape LER dynamics, where topography provides the physical basis of land-
scape structure, while urbanization accelerates ecological risk accumulation [70–72]. The BRT
results further corroborate these driving mechanisms. Relief degree and human activity inten-
sity emerged as dominant but contrasting factors influencing LER. Specifically, LER decreased
in areas with relief degrees above ~20 m, likely because rugged terrain limits intensive land use
and maintains relatively high vegetation coverage and ecosystem integrity, thereby functioning
as a natural ecological barrier. In contrast, higher nighttime light intensity and population
density were associated with increased LER, reflecting the effects of urbanization, agricultural
intensification, and landscape fragmentation. Overall, these findings emphasize the nonlinear
and threshold effects of LER on both natural and anthropogenic factors.

4.4. Implications for Future Land-Use Policy and Management

The pronounced spatial heterogeneity of LER highlights the necessity of spatially dif-
ferentiated land-use strategies across the SPUA. High-risk areas are mainly concentrated in
lowland urbanizing zones characterized by intensive human activities and rapid land-use
transitions. In these zones, fragmented landscapes and accelerated land conversion jointly
contribute to risk accumulation. Therefore, priority should be given to the precise spatial
targeting of incremental construction land. This can be achieved by linking land supply to
suitability conditions and development intensity controls, aligned with the identified eco-
logical risk gradients and sensitivity patterns, so as to reduce inefficient and fragmented
expansion and curb further encroachment on cultivated and ecological lands. In contrast,
low-risk but potentially vulnerable zones, typically distributed in relatively intact agricultural
or ecological areas (e.g., agricultural zones along the Yellow River floodplain), should not
be managed solely for stability maintenance. Given the increasing pressure from human
activities, these areas may face latent risk accumulation over time. Therefore, policy efforts
should emphasize enhancing adaptive capacity by optimizing land-use allocation, promoting
compact and low-impact development, and embedding ecological constraints into spatial
planning frameworks to prevent emergent fragmentation and future risk escalation.

From the perspective of driving mechanisms, the identified thresholds provide useful
guidance for differentiated risk management across regions. Areas with relief degrees
around the identified threshold (~20 m) tend to exhibit relatively high LER. In the SPUA,
locations near this threshold are primarily distributed across the plain-hill transitional
landscapes of Jining, Taian, Zaozhuang, Zibo, Weifang, Qingdao, Yantai, and Weihai. These
regions are characterized by heterogeneous land-use mosaics and transitional landscape
structures, where agricultural, urban, and natural patches are tightly interwoven, resulting
in increased landscape fragmentation and weakened structural connectivity. Accordingly,
management should prioritize optimizing landscape configuration by improving patch con-
nectivity, reducing fragmentation intensity, and maintaining structural continuity through
the protection of ecological corridors and the regulation of scattered construction land ex-
pansion. Anthropogenic factors exhibit evident threshold-saturation effects. The nighttime
light threshold (~36 nW cm−2 sr−1) and population density threshold (~11,000 persons
km−2) indicate that LER becomes progressively less responsive to further increases in
development intensity and population pressure once urbanization reaches a relatively
advanced stage. Areas exceeding these thresholds are mainly concentrated in the urban
cores of major cities. For these highly urbanized landscapes, LER management should shift
from land expansion control to internal landscape optimization. Priority should be given to
internal landscape optimization, including improving the configuration and connectivity
of urban green infrastructure, strengthening blue-green landscape networks, enhancing
permeability among urban green spaces, and conserving remaining ecological patches to
mitigate landscape fragmentation within built-up areas.
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4.5. Contributions and Limitations

Based on inter-unit comparisons, sub-watershed units better represent LER patterns
in the SPUA. This finding underscores the importance of spatial unit selection as a key
source of uncertainty in LER assessment and supports more reliable scale-aware analyses.
Nevertheless, several limitations should be acknowledged. First, only a limited set of spatial
unit types was evaluated, and sub-watershed delineation is influenced by DEM resolution and
hydrological parameter settings. Future studies could examine the sensitivity of both water-
shed delineation and LER assessment to these factors and further explore hierarchically nested
sub-watershed schemes to clarify spatial unit effects on LER patterns. Second, the findings
are derived from a single study area, which may limit their generalizability. Extending the
analysis to regions with different environmental and socio-economic contexts would help
validate the robustness of spatial unit effects. Finally, given the retrospective nature of this
study and the insufficient consideration of spatial heterogeneity in the driving-factor analysis,
future work should incorporate more dynamic and multidimensional variables, account for
spatially varying relationships, and examine landscape pattern evolution under different
scenarios to improve the understanding of LER dynamics.

5. Conclusions
This study develops an analytical framework based on multi-unit comparison to improve

the understanding of LER and its scale effects. By integrating spatial pattern analysis with
nonlinear modeling, it reveals the spatiotemporal dynamics of LER and clarifies the roles of
key influencing factors. The main findings are summarized as follows: (1) The sub-watershed
unit demonstrated consistently stable performance across multiple evaluation metrics and
modeling frameworks, indicating greater robustness than the other spatial units. Strong inter-
unit correlations and limited sensitivity to model modification further suggest that it provides
a stable and spatially coherent representation of LER patterns. Overall, the sub-watershed unit
provides a robust and suitable basis for LER assessment in the SPUA. (2) From 2004 to 2024,
over 30% of the SPUA fell within the moderate-risk category. Overall, LER exhibited a slight
increasing trend, peaking in 2019, followed by a modest decline. Spatially, lower-risk areas were
mainly concentrated in the western plains, whereas higher-risk areas were primarily distributed
in the eastern plains, reflecting persistent spatial differentiation. (3) Relief degree emerged as
the dominant natural factor, showing a nonlinear inverted U-shaped relationship with LER,
with an inflection point at approximately 20 m, beyond which LER decreased. In contrast,
nighttime light intensity showed a nonlinear positive relationship with LER, characterized by a
saturation effect with a threshold around 36 nW cm−2 sr−1. Other factors, including elevation,
annual mean temperature, and population density, also contributed to the observed spatial
heterogeneity, displaying nonlinear responses across their respective value ranges.

Collectively, this study evaluated the influence of spatial unit selection on LER patterns,
highlighting the relative robustness of sub-watershed units in capturing ecological processes
and improving understanding of unit-related uncertainties in LER assessment. Future research
could incorporate hierarchical or adaptive sub-watershed schemes to enhance analytical
resolution and interpretability, and further explore how scenario-based landscape evolution
affects ecological process representation under different spatial configurations.
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Figure A1. Variation in relief degree across neighborhood radii (100–1250 m).
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Table A1. Relief degree and statistical metrics across different neighborhood radii (100–1250 m).

Radius (m) Mean Relief (m) Standard Deviation (m) CV

100 12.29 16.63 1.35
150 17.45 24.38 1.40
250 25.22 35.85 1.42
450 37.72 53.81 1.43
750 52.13 73.20 1.40

1250 70.96 96.10 1.35

Table A2. Calculation formulas of the RSEI component indices.

Index Formula

Modified soil-adjusted vegetation index MSAVI =
2×NIR+1−

√
(2×NIR+1)2−8×(NIR−Red)

2

Wetness
WetLandsat 5 =

0.0315 × BLUE + 0.2021 × GREEN + 0.3102 × RED + 0.1594 × NIR
−0.6806 × SWIR1 − 0.6109 × SWIR2

WetLandsat 8 =
0.1511 × BLUE + 0.1973 × GREEN + 0.3283 × RED + 0.3407 × NIR
−0.7117 × SWIR1 − 0.4559 × SWIR2

Normalized difference built-up and
soil index

NDBSI = (IBI + SI)/2

IBI = [ 2×SWIR1
SWIR1+NIR −( NIR

NIR+RED + GREEN
GREEN+SWIR1 )]

[ 2×SWIR1
SWIR1+NIR +

NIR
NIR+RED + GREEN

GREEN+SWIR1 ]

SI = SWIR1+RED−NIR−BLUE
SWIR1+RED+NIR+BLUE

Land surface temperature TS = TB/[1 + (λ × TB/ρ)× ln ε]− 273.15
Surface potential water abundance index SPWI = NIR−SWIR2+BLUE

NIR+SWIR2+BLUE
Normalized difference latent heat index NDLI = Green−Red

Green+Red+SWIR1

 

Figure A2. Spatial distributions of RSEI∗ and AI∗ in the SPUA, 2024.
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