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Abstract

Rapid urbanization can expose high-value ecosystems to disturbance while leaving other landscapes degraded and
vulnerable. This study develops a risk-service mismatch framework that integrates the landscape ecological risk
index (LERI), ecosystem service value (ESV), performance-screened machine-learning diagnosis, and bivariate
ecological zoning. The framework was applied to the Beijing-Tianjin-Hebei region (BTH), Yangtze River Delta
(YRD), and Guangdong-Hong Kong-Macao Greater Bay Area (GBA) for five years between 2000 and 2020. Mean
LERI declined and ESV increased in all three regions, but their trajectories and spatial configurations differed. The
YRD showed the largest LERI reduction yet retained relatively high risk, whereas the GBA combined the lowest
mean risk with concentrated high-risk patches. Regulating services dominated ESV growth, and water bodies and
forestland were persistent contributors. Driver importance was interpreted only for models with adequate test-set
performance. Ecological advantage zones expanded in all regions, but vulnerable zones persisted in the BTH plains
and sensitivity zones increased in the YRD and GBA. By distinguishing high-value ecosystems requiring risk
control from low-value landscapes requiring functional restoration, the framework converts joint assessment into

region-specific conservation and restoration priorities.

Keywords: landscape ecological risk; ecosystem service value; risk-service mismatch; ecological zoning; machine
learning; urban agglomerations

Introduction

Rapid urbanization changes land-use composition, fragments ecological space, and increases pressure on ecosystems
within and around urban agglomerations [1]. These effects are often concentrated along expansion fronts and
transport corridors, where landscape connectivity declines as built-up land increases [2]. China’s Beijing-Tianjin-
Hebei (BTH), Yangtze River Delta (YRD), and Guangdong-Hong Kong-Macao Greater Bay Area (GBA) represent
three highly urbanized regions with contrasting climates, landscape structures, and development trajectories. A

comparison of these regions can therefore reveal both shared and region-specific ecological priorities.
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Landscape ecological risk and ecosystem services provide complementary perspectives on regional ecological
security. Landscape ecological risk, commonly represented by the landscape ecological risk index (LERI),
characterizes the potential for ecological loss arising from landscape disturbance and land-type vulnerability [3,4].
Ecosystem service value (ESV) estimates the benefits that ecosystems provide through provisioning, regulating,
supporting, and cultural services [5,6]. LERI identifies where ecological systems are vulnerable to disturbance,
whereas ESV identifies where ecological functions are concentrated. Considering either indicator alone may
therefore produce incomplete management priorities.

Recent research has increasingly integrated ecological risk and ecosystem services to support spatial planning. Joint
assessments have been used to identify ecological security patterns and management zones at city and urban-
agglomeration scales [7,8]. Bivariate zoning has further distinguished areas with different combinations of
ecological risk and service value [9,10]. Applications in the YRD and other rapidly urbanizing regions show that this
approach can translate ecological indicators into spatially differentiated management categories [11,12]. However,
most studies focus on a single city, watershed, mountain region, or urban agglomeration, which limits evaluation of
whether the same zoning logic remains consistent across different metropolitan contexts [13,14].

Existing integrated assessments also tend to treat LERI-ESV zoning as an indicator overlay rather than as a
diagnosis of risk-service mismatch. This distinction has direct management implications. High ESV combined with
high LERI identifies valuable ecosystems that require risk control, whereas low ESV combined with high LERI
identifies degraded landscapes that require ecological restoration [15,16]. Studies of mountain and urban systems
have recognized similar contrasts, but they rarely compare how these categories change among regions with
different hydrological conditions and development intensities [14,17]. Consequently, the spatial distinction between
protecting existing services and rebuilding impaired services remains insufficiently tested.

A further limitation concerns the explanation of spatial variation in ESV. Machine-learning models can identify
nonlinear associations between ESV and land cover, vegetation, climate, terrain, and socioeconomic conditions
[18,19]. Related studies show that anthropogenic and landscape-pattern variables can have region-specific effects on
ecosystem services [20,21]. However, variable importance is not equally reliable when predictive performance
differs among regions or years. Interpreting weak models as ecological mechanisms can therefore overstate the

evidence. A comparative framework should link driver interpretation to explicit model-performance thresholds.
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This study evaluates BTH, YRD, and GBA from 2000 to 2020 under a consistent analytical protocol. Three
questions are addressed: how LERI and ESV changed across contrasting urban agglomerations, which ESV drivers
remained interpretable after model-performance screening, and how risk-service mismatches separated conservation
from restoration priorities. The contribution is threefold. First, the cross-regional design tests whether a common
zoning logic remains informative across water-constrained, river-network, and estuarine metropolitan systems.
Second, the mismatch framework distinguishes high-value ecosystems exposed to risk from low-value landscapes
requiring functional recovery. Third, driver attribution is conditioned on out-of-sample model performance,
preventing weak predictions from being presented as ecological mechanisms. The resulting framework supports

comparative diagnosis rather than direct causal inference.

Materials and methods

Study area

BTH lies in northern China and includes Beijing, Tianjin, and prefecture-level cities in Hebei, covering
approximately 217,000 km?. It spans the North China Plain, Yanshan Mountains, and Taihang Mountains and has a
temperate monsoon climate with limited water resources. Intensive urban expansion, industrial development, and

resource constraints make the region sensitive to ecological disturbance [22,13,23] (Fig 1).
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Fig. 1 Overview of the study area in the Beijing-Tianjin-Hebei region.
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The YRD lies on China's eastern coast, with Shanghai as its core and selected cities in Jiangsu, Zhejiang, and Anhui,
covering approximately 225,000 km?. Its subtropical monsoon climate, dense river network, and complex land-use

mosaic coexist with rapid urbanization and industrial integration that have compressed ecological space [24,25,26]

(Fig 2).
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Fig. 2 Overview of the study area in the Yangtze river delta region.

The GBA occupies the lower Pearl River Basin and includes nine Pearl River Delta cities plus Hong Kong and
Macao, covering approximately 55,000 km?. Its mountain-sea setting, dense river network, and subtropical monsoon
climate support substantial ecosystem service provision, but industrialization and built-up land expansion have
fragmented ecological space [27,28,29] (Fig. 3).

Together, the regions represent contrasting urban ecological transitions. BTH is a water-constrained mountain-plain
system, the YRD contains river-lake-plain industrial corridors, and the GBA is a coastal bay system. In the GBA,

mountains, estuaries, river networks, and reclaimed landscapes are tightly connected [30].
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Fig. 3 Overview of the study area in Guangdong-Hong Kong-Macao region.

Data sources
This study selected 2000, 2005, 2010, 2015, and 2020 as time nodes. Land-use data were obtained from

GlobeLand30 (http://globeland30.org) at a spatial resolution of 30 m. Based on the land-use characteristics of the
study area, land-use types were reclassified into six categories: cropland, forestland, grassland, water bodies, built-
up land, and unused land. NDVI, meteorological variables, GDP, population density, and net primary productivity
(NPP) were obtained from the Resource and Environmental Science Data Center (https://www.resdc.cn). Digital
elevation model (DEM) data were obtained from the Geospatial Data Cloud (https://www.gscloud.cn). All datasets
were projected, spatially aligned, and resampled before the subsequent LERI, ESV, and driving factor analyses.
The five-year interval was selected to balance data consistency, long-term comparability, and the need to capture
major phases of urban expansion and ecological restoration. Before analysis, all spatial layers were harmonized to
the same coordinate system and grid framework to reduce errors caused by projection, resolution, and boundary
inconsistencies. This preprocessing step was essential because both LERI and ESV are sensitive to land-use

classification and spatial aggregation.

Analytical methods

1 Landscape ecological risk assessment

Landscape ecological risk assessment combines landscape-pattern indicators with the ecological vulnerability of
land-use types [4,31,32]. LERI was calculated for each grid cell to compare spatial variation among years and urban

agglomerations. The risk value of land-use type i was defined as:
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LERI = Z < %R )

The grid-cell approach was used because it allows ecological risk to be compared within and among urban
agglomerations without being constrained by administrative boundaries. It also makes it possible to identify
localized high-risk patches that may be obscured by city-level or regional averages. This is particularly important in
urban agglomerations, where high-risk areas often occur along transport corridors, urban expansion fronts, and
fragmented agricultural landscapes.

LERI denotes the landscape ecological risk index. Ai is the area of landscape type i, A is the total study-area extent,
and Ri is the corresponding risk value. The number of landscape types is denoted by n. Ri combines landscape

disturbance (Di) and ecological fragility (Fi):

Ri = Di X Fi (2)

Landscape disturbance (Di) was characterized using fractal dimension, aggregation, and dispersion indices [33]. It

was calculated as [16,14,34]:

Ui = qC; + BS; + yD; A3)

To improve reproducibility, the landscape disturbance index (Di) was calculated from three normalized components:
fragmentation (Ci), separation (Si), and dominance (Ni). Fragmentation reflects the degree of patch subdivision,
separation describes the spatial dispersion of patches, and dominance represents the relative control of each land-use
type within the landscape. Following commonly used LERI studies, the weights of Ci, Si, and Ni were set to 0.5,
0.3, and 0.2, respectively, because fragmentation is generally the most direct indicator of landscape disturbance.

The ecological fragility coefficient (Fi) was assigned according to the sensitivity and recovery capacity of each land-
use type. Initial scores were assigned as follows: built-up land, 1; forestland, 2; grassland, 3; cropland, 4; water
bodies, 5; and unused land, 6. The scores were normalized by their sum. For grid cell j, Aij is the area of land-use
type i and Aj is the total grid-cell area. The risk value for land-use type i was calculated as Ri = Di x Fi, and grid-
level LERI was calculated as the area-weighted sum of all land-use risk values. The same weights, fragility

coefficients, grid size, and classification rules were used for all years and regions.
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All LERI values were calculated using consistent land-use classes, grid units and classification rules across the five

study years to ensure temporal comparability.

2 Ecosystem service valuation

Ecosystem service value (ESV) was estimated using the value-equivalent factor method proposed by Xie et al.
Ecosystem services were grouped into provisioning, regulating, supporting, and cultural services, including food
production, raw material production, water supply, gas regulation, climate regulation, environmental purification,
hydrological regulation, soil retention, nutrient cycling, biodiversity maintenance, and recreation. The total ESV was
calculated by combining the area of each land-use type with the corresponding equivalent factor and the economic

value of one standard equivalent factor:

ESV =2Ai x VC; (6)
i=1

In this equation, V denotes total ESV and eij denotes the equivalent factor for ecosystem service i and land-use type
j. Ea is the economic value of one standard equivalent factor (yuan ha—1), and Aj is the area of land-use type j. Ea
was calculated from the net economic value of grain production per unit area using the main crops in each region.
Values were converted to comparable prices using the consumer price index. Region- and year-specific Ea values
represented differences in grain-production value (Table 1). Equivalent factors and land-use classes remained
consistent across regions and years.

Table 1 Economic value of one standard equivalent factor (Ea, yuan ha—1).

Region 2000 2005 2010 2015 2020

BTH 1216.93 1269.70 1845.88 1882.14 2027.83
YRD 1323.22 1646.79 2239.22 2415.58 2249.74
GBA 1215.81 1536.99 2180.95 219541 2150.55




152

153

154

155
156

157

158
159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178

ESV is total ecosystem service value; Ai is the area of land-use type i; VCi is its unit-area service-value coefficient
(yuan ha™ yr™); and n is the number of land-use types. The grain-production equivalent provides the benchmark

used to convert land-use-specific coefficients into a common equivalent factor value (EFV):

VL =EFVix P Q)

EFVi is the equivalent factor for service type i, and PPP is the benchmark monetary value corresponding to one

equivalent value, derived from regional grain production and market price.

3 Machine-learning analysis of ESV drivers

After LERI and ESV were mapped, machine-learning and baseline regression models were fitted to diagnose the
spatial drivers of ESV. Candidate models comprised linear regression, k-nearest neighbors, support vector
regression, random forest, gradient boosting decision trees, XGBoost, LightGBM, AdaBoost, CatBoost, and back-
propagation neural networks. Explanatory variables represented land-use composition, LERI, NDVI, topography,
climate, and socioeconomic conditions [18,19]. Grid cells were randomly divided into training and testing subsets
before model fitting. The training set supported calibration and hyperparameter tuning, whereas the testing set was
reserved for final evaluation. A fixed random seed ensured repeatable data splitting and model comparison.
Performance was evaluated using test-set R2, root mean square error (RMSE), and mean absolute error (MAE). Test-
set R? was the primary selection criterion; RMSE and MAE resolved comparisons between similarly performing
models.

For tree-based models with acceptable predictive performance, variable importance was extracted from the fitted
model and normalized to compare the relative contribution of different drivers. Driver importance was interpreted
only when test-set R? was > 0.50. Models with 0.30 < R? < 0.50 were treated as weak supplementary evidence,
whereas models with R? < 0.30 were not used for ecological interpretation. Because the grid cells were randomly
split, potential spatial autocorrelation may remain between training and testing samples. Therefore, the machine-
learning results were interpreted as diagnostic associations rather than causal mechanisms.

Comparison across candidate models reduced dependence on a single algorithm and covered linear, nonlinear,
instance-based, and ensemble approaches. Variable importance was emphasized only when tree-based models
achieved adequate test-set performance. Weakly explained years were treated as evidence of missing processes

rather than robust driver diagnoses.
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4 Ecological zoning

Each grid cell was assigned to one of four ecological zones after LERI and ESV were calculated. High ESV and low
LERI defined ecological advantage zones. High ESV and high LERI defined ecological sensitivity zones. Low ESV
and low LERI defined ecological potential zones, whereas low ESV and high LERI defined ecological vulnerability
zones.

Pooled medians avoided the instability of redefining high and low categories in each year. Consequently, changes in
zoning reflected shifts relative to each urban agglomeration's long-term distribution rather than annual threshold
adjustment.

Cells above the long-term ESV median and below the long-term LERI median were assigned to advantage zones.
Cells above both medians were assigned to sensitivity zones, and cells below both medians to potential zones. Cells

below the ESV median but above the LERI median were assigned to vulnerability zones.

5 Statistical analysis

Statistical analyses were used to compare regional and temporal differences in LERI and to examine the association
between ESV and LERI. Kruskal-Wallis tests were applied because LERI values were not assumed to follow a
normal distribution. When significant differences were detected, pairwise comparisons were conducted with p-value
adjustment for multiple testing. Pearson correlation coefficients were used to quantify linear associations between
normalized ESV and LERI, whereas Spearman rank correlation coefficients were used to assess monotonic
associations that were less sensitive to non-normal distributions. For each test, the test statistic, sample size, and p-
value were reported in the corresponding result tables or supplementary materials. Statistical significance was

assessed at p < 0.05.

Results

Spatiotemporal evolution of LERI

A total of 107,941 valid grid cells were analyzed across the five study years using a common risk classification.
Mean LERI declined in all three regions from 2000 to 2020. The largest decline occurred in the YRD (8.32%),
followed by the GBA (6.48%) and BTH (2.25%). The YRD had the highest mean risk and the largest proportion of
high-risk area in most years. BTH had intermediate and comparatively stable risk, whereas the GBA combined the
lowest regional mean with concentrated high-risk patches. LERI differed among regions in every study year and

among years within each region (Kruskal-Wallis tests, all p < 0.001; Table 2).
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Table 2 Kruskal-Wallis test results for differences in LERI among regions and years.

Comparison df H statistic n p-value
Among regions, 2000 2 881.960 21516 <0.001
Among regions, 2005 2 415.357 21482 <0.001
Among regions, 2010 2 293.171 21600 <0.001
Among regions, 2015 2 324.649 21547 <0.001
Among regions, 2020 2 277.951 21590 <0.001
Among years, BTH 4 464.685 46991 <0.001
Among years, YRD 4 830.596 48024 <0.001
Among years, GBA 4 141.890 12720 <0.001

1 Cross-regional comparison of LERI spatial patterns

Fig 4 shows the spatial distribution of LERI across the five study periods. In BTH, high-risk areas were concentrated
in the central and southern plains, the Beijing-Tianjin-Tangshan development belt, and major transport corridors,

whereas northern and western mountains showed lower risk. In the YRD, high-risk grid cells were denser along the

Shanghai-Nanjing-Hangzhou-Ningbo corridor, Suzhou-Wuxi-Changzhou region, and riverine and coastal

development zones. In the GBA, the regional mean risk was low, but high-risk patches clustered along the Pearl

River Estuary and the Guangzhou-Foshan-Dongguan-Shenzhen development axis.

10
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Fig .4 Evolution of LERI spatial pattern in three urban agglomerations from 2000 to 2020.

The YRD retained the highest mean LERI in 2000 and 2020 despite its largest overall decline. BTH showed a clear
mountain-plain gradient, whereas the GBA combined low regional mean risk with highly concentrated local
hotspots.

The high baseline in the YRD was consistent with persistent ecological pressure in a mature urban agglomeration. In
the GBA, the low regional mean concealed a sharp contrast between peripheral ecological areas and the urbanized
bay core. The modest decline in BTH indicated continued fragmentation in the plains despite relatively stable

mountain barriers.

2 Temporal evolution of mean LERI
Mean LERI declined in all three regions from 2000 to 2020, although the trajectories differed (Fig 5). BTH

increased slightly before 2005 and then declined and stabilized, resulting in an overall decrease of 2.25%. The YRD
declined continuously from 0.016737 to 0.015344, an 8.32% reduction. The GBA declined slightly before 2005,
increased in 2010, and then reached the lowest mean risk among the three regions in 2020.

The trajectories are consistent with path-dependent risk mitigation [35,36,17]. Areas with high initial fragmentation
may require prolonged restoration before mean risk declines, while regions with strong ecological barriers can retain

low averages alongside localized development hotspots.

11



232 Risk reduction should therefore be evaluated through both magnitude and spatial configuration. Declining mean

233 LERI does not ensure ecological security where remaining high-risk patches lie adjacent to high-value ecosystems.
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235 Fig. 5 Change trend and interquartile range of LERI mean values in the three urban agglomerations.

236  BTH showed a temporary increase before 2005, and the GBA showed a temporary increase around 2010. Both

237 regions declined more consistently after 2010 (Table 3).

238 Table 3 Temporal change in mean LERI across the three urban agglomerations.
urban agglomeration 2000 2020 absolute change  rate of change Linear slope every 5 years
BTH 0.015419 0.015072 -0.000347 -2.25% -0.000140
YRD 0.016737 0.015344 -0.001393 -8.32% -0.000329
GBA 0.014811 0.013852 -0.000959 -6.48% -0.000225
239

240 3 Dispersion and changes in risk-level structure

241 Distributional indicators showed that declining mean LERI did not necessarily imply reduced internal heterogeneity.
242 The coefficients of variation increased in both the YRD and GBA, suggesting stronger spatial differentiation and
243 persistent local high-risk patches, whereas BTH maintained a relatively stable distributional width.

244 Risk-class composition also shifted from high-risk to low-risk grid cells (Fig 6; Table 4). In the YRD, medium-high

245 and high-risk areas decreased from 54.77% to 40.80%, whereas low and relatively low-risk areas increased from

12
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32.53% to 41.61%. BTH showed a slower reduction in high-risk cells. The GBA had the most favorable overall risk

structure but retained high-risk clusters in the bay core.

Table 4 Change in the LERI risk-level structure of the three urban agglomerations.

, 2000 2020 Change 2000 low-+lower 2020 Low-+lower
urban agglomeration . L Higher+High (percentage . .
higher+high risk . . risk risk
Risk points)
Beijing-Tianjin-Hebei 40.04% 34.52% -5.52 38.29% 40.21%
Yangtze River Delta 54.77% 40.80% -13.97 32.53% 41.61%
Guangdong-Hong Kong- 16.99% 11.89% -5.10 53.20% 62.18%

Macao Greater Bay Area

This pattern is important for management because mean LERI alone may underestimate localized ecological

pressure. A region can show declining average risk while still retaining high-risk clusters along urban expansion

frontiers, port zones, transport corridors, or fragmented agricultural landscapes. Therefore, both mean trends and

distributional structure were used to interpret risk evolution in this study.
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Fig. 6 Evolution of LERI risk-level structure under the unified threshold system.

Spatiotemporal evolution of ESV

1 Temporal and spatial patterns of ESV

Total ESV increased in all three regions, but the temporal trajectories differed. In BTH, ESV increased around 2010

and reached approximately 5.36 x 10! yuan in 2020. In the YRD, ESV increased from 5.38 x 10'! yuan in 2000 to

10.2818 x 10" yuan in 2015, then declined to 9.34 x 10" yuan in 2020. In the GBA, ESV increased most rapidly

between 2000 and 2010 and then stabilized at approximately 2.49 x 10" yuan in 2020. Regulating services

13
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accounted for more than 70% of total ESV in every region, followed by supporting services. Forestland and water
bodies made the largest contributions.

High-ESV areas concentrated in ecological barriers and water-related landscapes (Fig. 7). In BTH, these areas
included the Yanshan-Taihang Mountains and coastal wetlands. In the YRD, they included the mountains of western
Zhejiang and southern Anhui, Taihu Lake, the Yangtze River Estuary, and Hangzhou Bay. In the GBA, they formed

mountain-reservoir-estuary corridors.

BTH

YRD
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Fig. 7 Changes in spatial distribution of ESV in three urban agglomerations from 2000 to 2020.

2 Changes in ESV per unit area

ESV per unit area was calculated to compare regions of different sizes. It increased overall from 2000 to 2020,
although the magnitude and trajectory differed among regions (Fig 8; Table 5). The GBA retained the highest value,
increasing from 2.72 to 4.5076 million yuan km—2. The YRD increased from 2.4365 to 4.2032 million yuan km—2,
and BTH increased from 1.4224 to 2.3966 million yuan km—2.

Table 5 ESV per unit area across the three urban agglomerations (10,000 yuan km—2).

urban agglomeration 2000 2005 2010 2015 2020
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Beijing-Tianjin-Hebei 142.24 146.71 205.87  206.82  239.66
Yangtze River Delta 243.65 305.11 443.45  459.08  420.32
Guangdong-Hong Kong-Macao Greater Bay Area 272.00 333.93 463.87 463.67  450.76

276 All three regions showed a marked increase around 2010. After 2010, BTH remained broadly stable and increased
277 again by 2020, whereas the YRD and GBA declined slightly after 2015. ESV per unit area therefore provided a

278 direct comparison of service value relative to territorial extent.
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279
280 Fig. 8 Composition of ESV per unit area by service category in 2020.

281 Service-category decomposition showed that regulating services consistently formed the dominant component of
282 ESV per unit area (Fig 8). Provisioning, supporting, and cultural services contributed less on a per-unit-area basis,
283 although their relative importance varied by region. The GBA and YRD generally had higher regulating and

284 supporting service values per unit area than BTH, indicating stronger ecosystem service concentration within unit
285 land space.

286 The dominance of regulating services suggests that changes in ESV were driven less by direct provisioning benefits
287 than by climate regulation, hydrological regulation, soil retention, habitat maintenance, and related ecological

288 functions. This result is consistent with the role of forests and water bodies as the main ecological carriers in rapidly
289 urbanizing landscapes [20]. It also indicates that restoration policies targeting wetland protection, forest

290 conservation, river-lake connectivity, and blue-green network construction can generate substantial service-value

291 gains at the regional scale.

15



292
293

294

295

296

297

298
299

300

301

302

303

304

305

306

307

3 Drivers of ESV

Test-set R? was the primary model-selection criterion, and RMSE and MAE were secondary criteria. The selected
model was the best-performing candidate for each region and year, but it did not necessarily have sufficient
explanatory power. Driver importance was interpreted only for models with moderate or high explanatory power.
Weak models were treated as supplementary evidence, and models with insufficient performance were not used for

driver interpretation (Fig 9).

2000 2005 2010 2015 2020

Beijing-Tianjin-Hebei

Yangtze River Delta

Test R-squared

Greater Bay Area

Fig. 9 Heat map of optimal model test-set R? for the three urban agglomerations by year.

Model performance varied among regions and years (Fig 10). The GBA models had high explanatory power in
2000, 2005, and 2010 (R2=0.799, 0.833, and 0.824, respectively). BTH models had insufficient explanatory power
in 2000 and 2005 but improved in 2015 and 2020 (R? = 0.867 and 0.812, respectively). Performance fluctuated most
strongly in the YRD, where the 2005 model reached moderate-to-high explanatory power but most other years were
weak or insufficient.

The temporal variation in model performance shows that ESV drivers were not stationary. High explanatory power
occurred when the selected land-cover, hydrological, risk, and socioeconomic variables aligned with ESV spatial

patterns. Low or negative R? values indicated that static variables did not capture all relevant processes.
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Fig. 10 Temporal changes in optimal model test-set R2. Dotted lines indicate thresholds for high, moderate, and weak
explanatory power.

The optimal algorithm varied by region and year. Ensemble tree models performed well in several cases, implying
nonlinear thresholds and variable interactions; however, algorithm choice was interpreted jointly with test-set R2.
When R? was close to zero, the algorithm type was not used to infer a dominant ecological mechanism.
Outperforming other candidates does not ensure that a model explains substantial variation. Algorithm labels and
variable importance were therefore not interpreted as ecological mechanisms when test-set R? approached zero.
Secondary drivers varied among regions. Forestland, built-up land, and socioeconomic factors were more evident in
BTH. Water-network and climatic variables were more prominent in the YRD. In the GBA, water bodies, forestland,
built-up land, and night-time light were relevant during years with stronger model performance.

The ecological role of water bodies differed among regions. In BTH, rivers, reservoirs, and wetlands were important
under water-scarce conditions. In the YRD, river-lake networks and coastal wetlands provided high service value
but were close to development corridors [37]. In the GBA, the Pearl River Estuary, river networks, reservoirs, and
mountain water-conservation areas created a pattern in which high ecological value frequently overlapped with risk
[38].

Secondary drivers were interpreted only for models with adequate performance (Figs 11 and 12). Forestland, built-
up land, and socioeconomic indicators were most evident in BTH. Climatic and water-network variables contributed

in some YRD years, whereas forestland, built-up land, night-time light, and topography contributed in the GBA.
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328 Fig. 11 Average contributions of the main driving-factor categories in the three urban agglomerations.
BTH | Water . . .
BTH | Forest [ ] [ ] &
BTH | Cropland . .
BTH | Built-up land @ [ ]
YRD | Water . . . .
YRD | Forest
YRD | Cropland
YRD | Vegetation vigor
YRD | Landscape risk
¥RD | Topography
YRO | Climate @ [
YRD | Socioeconomic
GBA | Water ‘ . @ [ ] [ ]
GBA | Forest
GBA | Cropland
GBA | Buill-up land ® ® @
GBA | Vegetation vigor @ ®
GBA | Landscape risk @® ®
GBA | Topography () ®
GBA| mic ——@ v v T T
2000 2005 Yezg'] 0 2015 2020
329

330 Fig. 12 Spatial location and intensity of key driving factors in the optimal model.
331  Ecological zoning

332 1 Spatial pattern of bivariate ecological zoning

333 Fig 13 illustrates the discriminative meaning of the four zoning types. Ecologically advantageous areas indicate high
334  ESV and low LERI, representing stable high-value spaces within the regional ecological security pattern.

335 Ecologically sensitive zones indicate high ecological value coupled with high risk, where strong service supply
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overlaps with elevated risk exposure. Ecological potential zones indicate low risk but insufficient service value,
whereas ecologically vulnerable zones indicate low service value and high risk.

The three urban agglomerations showed distinct temporal reorganizations. BTH shifted from a mixed pattern in
2000 toward a larger share of advantage zones and fewer potential zones. Advantage zones expanded and
vulnerability zones contracted in the YRD. The GBA changed most strongly, with substantial increases in both

advantage and sensitivity zones after 2010.

ESV-LERI bivariate ecological zoning patterns

2005 2010 2015 2020
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YRD <!
f
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Fig. 13 Evolution of ESV-LERI dual-value ecological zoning in the three urban agglomerations.

Advantage zones generally aligned with mountain forests, water-source conservation areas, wetlands, and ecological
barriers. Sensitivity zones occurred where high-value ecological spaces intersected with development pressure,
including urban-fringe wetlands, piedmont transitions, river- and lake-adjacent areas, and estuarine bays.

Vulnerability zones represented the overlap between low ESV and high LERI (Fig 13).

2 Temporal evolution of zoning structure

Figures 14 and 15 show the temporal changes in the proportions of the four zoning types. The most consistent trend
was the expansion of ecologically advantageous areas, indicating that high-service low-risk spaces increased across

all three urban agglomerations from 2000 to 2020.
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Fig. 15 Comparison of the proportions of the four ecological zoning types among urban agglomerations.

In BTH, ecologically advantageous areas increased from 21.54% to 42.96%, but ecologically vulnerable areas also

increased from 28.97% to 32.32%, indicating persistent management challenges in the plains. In the YRD,

ecologically advantageous areas increased from 13.29% to 38.04% and ecologically vulnerable areas declined from

41.14% to 25.32%, although ecologically sensitive areas increased from 15.60% to 19.16%. The GBA changed most
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360 markedly: advantageous areas increased from 0.94% to 36.80%, vulnerable areas declined from 37.35% to 13.61%,
361 and sensitive areas increased from 16.32% to 29.78%.

362 The 2020 zoning structure revealed distinct management needs. BTH combined the largest advantage-zone share
363 with a substantial vulnerability-zone share. The YRD combined ecological advantages with growing sensitivity,
364 while the GBA showed rapid vulnerability-zone contraction alongside a marked increase in high-ESV, high-LERI
365 sensitivity zones (Fig 16).

366 Ecological improvement and residual risk therefore coexisted. Increasing advantage-zone area did not remove the
367 need to manage vulnerability in BTH or sensitivity in the YRD and GBA.

368 The four zones imply distinct interventions. Advantage zones require protection from fragmentation, whereas

369 sensitivity zones require risk buffering and development restrictions. Potential zones require ecological-function
370 enhancement. Vulnerability zones require priority restoration and connectivity reconstruction.

371 The classification prevents a one-size-fits-all approach. High-ESV, high-LERI areas require risk control to retain

372 existing services, whereas low-ESV, high-LERI areas require ecological improvement to rebuild service capacity.
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373
374 Fig. 16 Comparison of changes in the proportions of ecological zoning types from 2000 to 2020 (percentage points).

375 3 ESV-LERI relationships
376 Fig 17 shows the two-dimensional coupling relationship between normalized ESV and normalized LERI. In BTH,

377 ESV and LERI showed a negative correlation in some years, suggesting that high-service-value spaces tended to be

378 associated with lower ecological risk. In the GBA, positive or weakly positive correlations in most years indicated
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that some high-service-value spaces were also exposed to elevated risk. In the YRD, weak correlations reflected

more complex risk-service spatial combinations.
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Fig. 17 ESV-LERI two-dimensional coupling relationship and ecological zoning identification.

Correlation analysis confirmed this regional heterogeneity. Pearson coefficients for the GBA were 0.364 in 2000 and
0.348 in 2005, indicating overlap between high ESV and high risk. Spearman coefficients for BTH were —0.463,
—0.400, and —0.397 in 2005, 2015, and 2020, respectively. These values indicated that high-ESV areas in BTH were
more likely to have low risk. Correlations were weak in the YRD, where a single risk-service gradient did not
describe the zoning pattern.

The two-dimensional coupling analysis therefore provides information that simple univariate maps cannot offer

[15]. Negative ESV-LERI relationships identify regions where high ecological value is relatively secure, while
positive relationships highlight spaces where valuable ecosystems are exposed to disturbance. Weak relationships, as
observed in the YRD, indicate that ecological zoning may be shaped by multiple interacting factors rather than by a

single risk-service gradient.

Discussion

Causes of spatiotemporal variation in LERI and ESV

Differences in LERI and ESV among the three urban agglomerations reflect development stage, ecological

governance, physical geography, and climatic-hydrological conditions. Previous comparative studies have similarly
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397 shown that natural and human drivers of ecosystem services vary among China’s developed regions [6,19].

398 Declining LERI and rising ESV are therefore not necessarily synchronous indicators of reduced ecological pressure;
399 they can result from different combinations of development intensity, ecological engineering, and spatial

400 governance.

401 The Kruskal-Wallis results confirm that LERI differences were not only reflected in mean values but also in the

402  overall distribution of grid-level risk across regions and years. The same numerical trend can therefore imply

403 different planning needs. Declining LERI in the YRD does not remove the need for risk control because its baseline
404  remains high. Low mean LERI in the GBA does not imply region-wide security because high-risk patches cluster in
405 the bay core. Likewise, expanding advantage zones in BTH must be read alongside persistent vulnerable plains.

406 In BTH, stable mountain and water-conservation barriers coexist with persistent plain-area pressure from population
407 concentration, transport infrastructure, industrial activity, and cropland fragmentation [22,23]. In the YRD, dense
408 river networks and governance interventions have supported ecological improvement, while urban expansion,

409 riverside development, and land-use change continue to compress ecological space [24,25]. In the GBA, peripheral
410 mountains and estuarine wetlands support high ESV, whereas development around the Pearl River Estuary and

411 coastal zones maintains localized risk exposure [27,29].

412 Climate and hydrology reinforced these regional differences. Water scarcity increases the ecological importance of
413 rivers, reservoirs, and wetlands in BTH [22]. River-lake networks and subtropical vegetation support strong

414 regulating services in the YRD [25]. In the GBA, estuarine and coastal ecosystems provide substantial services but
415 remain closely coupled with intensive urban development [27,28]. These contrasts explain why joint analysis of
416 LERI and ESV revealed priorities that were not apparent from either indicator alone.

417 This interpretation helps explain why high-value ecological spaces do not always correspond to low-risk spaces.
418 Wetlands, rivers, lakes, reservoirs, and estuarine ecosystems provide hydrological, habitat, and other regulating

419 services, but many are located close to dense development corridors [27,38]. In highly urbanized regions, these

420 landscapes can therefore function as ecological assets and risk-bearing frontiers at the same time.

421  Interpretation of ESV drivers

422 The principal contribution is not another overlay of LERI and ESV, but a comparative diagnosis of where ecological
423 value and risk diverge. Three advances support this distinction. A common protocol enables direct comparison

424 across contrasting metropolitan systems. Mismatch classes separate the protection of exposed high-value ecosystems
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from the restoration of degraded low-value landscapes. Machine-learning evidence is retained only when out-of-
sample performance supports interpretation. Together, these advances link zoning outcomes to both management
purpose and evidential strength.

ESV was associated with land cover, water bodies, vegetation, topography, climate, and socioeconomic variables,
consistent with previous studies that identified interacting natural and anthropogenic controls on ESV [18,19].
However, the strength of these associations varied substantially among regions and years. Water bodies were the
most stable interpretable driver, although their ecological roles differed among water-scarce, river-network, and
estuarine settings.

Water bodies were the most stable interpretable driver in models with moderate or high explanatory power. In BTH,
rivers, reservoirs, and wetlands showed a scarcity effect under water-resource constraints, consistent with regional
ecosystem-service assessments [22]. In the YRD, dense river-lake networks and coastal wetlands provided high
service value but were also adjacent to development corridors [24,25]. In the GBA, the Pearl River Estuary, river
networks, reservoirs, and mountain water-conservation areas jointly shaped the ESV pattern [27,29]. These
differences indicate that the same driver category can have different ecological meanings across urban
agglomerations.

Temporal variation in model explanatory power should be interpreted as a substantive finding rather than only a
technical limitation. Interpretable machine-learning studies of ESV similarly emphasize that driver attribution
depends on adequate predictive performance and model transparency [18]. Higher R? values identify periods when
the selected variables captured the main spatial gradients of ESV, whereas low R? values indicate that additional
process variables are needed. Future research should incorporate land-use transitions, restoration intensity, policy
implementation, shoreline change, spatial spillovers, cross-boundary hydrological connectivity, and extreme climate
events.

Machine learning should thus be treated as a diagnostic layer rather than a substitute for ecological interpretation. It
can identify nonlinear associations and rank candidate drivers, but these outputs do not by themselves establish
causal mechanisms [18,21]. The weakly explained years in this study therefore indicate where policy interventions,

engineering projects, and cross-boundary water management require additional process-based evidence.
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Ecological zoning and management implications

The zoning results support differentiated management [39,40,41]. Advantage zones require strict protection and
monitoring. Priorities include the Yanshan-Taihang Mountains and water-conservation areas in BTH; the western
Zhejiang-southern Anhui mountains, Taihu Lake, and estuarine wetlands in the YRD; and peripheral mountains,
reservoirs, river-source areas, and estuarine wetlands in the GBA.

Sensitivity zones, where high ESV overlaps with high LERI, should be prioritized in ecological red lines, land-use
regulation, buffer-zone design, and project-access review [42,43,44]. Vulnerability zones require restoration through
built-up land boundary control, fragmented-patch repair, and ecological corridor reconstruction, particularly in the
BTH plains and remaining high-risk areas of the YRD and GBA.

Dual-value zoning should integrate risk reduction, value enhancement, and connectivity improvement [15,34,45].
High-value, high-risk spaces require buffering and land-use regulation; low-value, high-risk spaces require
restoration and connectivity; low-risk, low-value spaces require service-function enhancement; and high-value, low-
risk spaces require long-term protection.

Operationally, the framework informs decisions at regional, intra-regional, and project scales. It locates areas
requiring risk buffering, value enhancement, connectivity improvement, protection, restoration, or monitoring.
Interpretable drivers can also support blue-green corridor design, ecological red-line management, and restoration-
project allocation [38,46].

This study has three limitations. First, ESV estimates rely on land-use-based equivalent coefficients, which support
regional comparison but do not fully represent local ecological processes or service demand [5,35]. Second, the
machine-learning analysis used available static spatial variables and could not directly represent policy intensity,
restoration investment, shoreline engineering, or extreme climate events. Third, management decisions require finer-
scale field verification and stakeholder-based planning despite the use of a unified urban-agglomeration framework.
Future work should combine scenario simulation with service supply-demand matching [47]. These additions could
test how zoning responds to alternative urban-growth, restoration, and climate-risk pathways [48] and whether high-

service spaces coincide with human demand.

Conclusions

This study establishes a risk-service mismatch framework that combines LERI, ESV, performance-screened

machine learning, and bivariate zoning. Its central advance is to separate exposed high-value ecosystems requiring
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risk control from degraded low-value landscapes requiring functional restoration under a consistent cross-regional
protocol.

From 2000 to 2020, LERI declined and ESV increased across BTH, YRD, and GBA, but regional trajectories
remained distinct. The YRD achieved the largest risk reduction while retaining a high risk baseline. The GBA
combined low mean risk with concentrated hotspots, whereas BTH changed more modestly. Advantage zones
expanded from 21.54% to 42.96% in BTH, from 13.29% to 38.04% in the YRD, and from 0.94% to 36.80% in the
GBA. Nevertheless, vulnerable zones persisted in BTH and sensitivity zones increased in the YRD and GBA.
These contrasts require region-specific intervention. BTH needs restoration of vulnerable plains and protection of
mountain barriers. The YRD requires risk management in river-lake wetlands, mountain margins, and urban
expansion zones. The GBA requires stronger protection and connectivity for estuarine, wetland, mountain, and
coastal ecosystems. The framework can inform territorial planning and restoration prioritization, but its
interpretation remains bounded by land-use-based ESV coefficients and the non-causal nature of machine-learning

associations.
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