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Abstract: Robust and spatially explicit ecological risk assessments (ERAs) are 23 

essential for informing effective risk mitigation strategies. However, existing studies 24 

have insufficiently explored spatial variability in the interactions among multi-level 25 

drivers of ecological risk. Integrating Bayesian Belief Networks (BBNs) with 26 

geographically weighted regression (GWR), this study proposes a spatially explicit 27 

framework for assessing ecological risk from multiple anthropogenic stressors, and 28 

applies it to the Beijing–Tianjin–Hebei (BTH) region of North China. Results indicate 29 

that cumulative stressor risk, aggregated from agricultural production, non-cropping 30 

livelihood activities, and urbanization, exhibits pronounced spatial clustering, with 31 

urbanization acting as a key leverage point in shaping cumulative risk. These high-risk 32 

clusters delineate priority areas for conservation and targeted mitigation. These findings 33 

highlight the importance of explicitly accounting for compound stressors and 34 

incorporating finer-scale socioeconomic indicators to enhance the robustness and 35 

policy relevance of ERAs. Spatial analyses further reveal strong scale dependence in 36 

ecological risk and its drivers, while the effects of anthropogenic stressors on risk 37 

exhibit pronounced spatial heterogeneity, reflecting the combined influence of localized 38 

socioeconomic processes and broader regional linkages. Based on these insights, 39 

differentiated risk mitigation strategies tailored to dominant local stressors are proposed. 40 

Overall, this study demonstrates the value of integrating probabilistic modeling with 41 

spatially adaptive regression techniques for capturing compound stressor effects and 42 

spatial heterogeneity in ERAs, thereby enhancing the policy relevance of ERAs for 43 

sustainable land use planning and regional risk governance. 44 
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1. Introduction 48 

Ecological risk refers to the potential for adverse effects on ecosystems arising from 49 

exposure to natural and anthropogenic stressors (Bartell, 2008; Suter and Norton, 2019; 50 

Wang et al., 2024). Escalating ecological risks have contributed to accelerating 51 

biodiversity loss (CBD, 2022; Urban, 2024), widespread ecosystem degradation (Fu et 52 

al., 2023; Li et al., 2021), and growing threats to human well-being (IPBES, 2019; 53 

United Nations, 2024). These adverse outcomes collectively undermine progress 54 

toward the Sustainable Development Goals (SDGs) (IPBES, 2019). Consequently, 55 

robust and spatially ERAs are essential for informing effective risk mitigation strategies 56 

and supporting the achievement of SDGs. 57 

ERA is a scientific process used to evaluate the likelihood and severity of adverse 58 

effects on ecosystems arising from exposure to natural and anthropogenic stressors 59 

(Suter and Norton, 2019; USEPA, 2025). In practice, ERA is frequently challenged by 60 

multi-stressor contexts (Carriger and Barron, 2020; Helle et al., 2016), pronounced 61 

spatio-temporal variability in stressor intensity and distribution (Phan et al., 2016; 62 

Sperotto et al., 2017), and incomplete understanding of underlying risk mechanisms 63 

(Ayre and Landis, 2012; Malekmohammadi and Tayebzadeh Moghadam, 2018). 64 

Together, these factors substantially increase the complexity and uncertainty of ERA. 65 

To address the growing complexity and uncertainty in ERA, a wide range of statistical 66 

and spatial analytical tools have been applied, including multivariate regression 67 

(Dormann et al., 2018), machine learning (Meyer et al., 2019), and geographically 68 

weighted models (Fotheringham et al., 2017). These approaches have enhanced the 69 



identification of key risk drivers and the characterization of spatial heterogeneity and 70 

nonlinear relationships in ecological risk patterns (Dormann et al., 2018; Meyer et al., 71 

2019). However, many conventional methods remain limited in their ability to 72 

explicitly represent causal structures, integrate heterogeneous data sources, and 73 

propagate uncertainty across interacting stressors and ecosystem components (Carriger 74 

et al., 2016). 75 

BBNs provide a probabilistic, causal modeling framework well suited to ERA under 76 

multi-stressor conditions and data limitations (Kaikkonen et al., 2021). By integrating 77 

empirical data, expert knowledge, and scenario-based inference, BBNs enable 78 

transparent representation of cumulative and compound risks while explicitly 79 

accounting for uncertainty (Landuyt et al., 2013; Uusitalo, 2007). Importantly, BBNs 80 

can be readily integrated with GIS analysis frameworks, enabling probabilistic risk 81 

inference to be mapped and interpreted in a spatially explicit context (Gonzalez-Redin 82 

et al., 2016; Landuyt et al., 2015; Liu et al., 2023). This integrative capability offers a 83 

promising pathway for advancing spatially explicit ERA. 84 

Recent studies demonstrate the increasing use of BBNs in ERA to address complex, 85 

multi-stressor systems. Li et al. (2018) applied BBNs to assess forest landscape 86 

degradation risk in North China, highlighting the roles of land use policy and human 87 

disturbance. Extending causal risk frameworks, Du et al. (2023) integrated BBNs with 88 

a causal driver–pressure–state–response–oriented framework to support ecological 89 

security early warning and scenario simulation, enhancing decision relevance. Beyond 90 

terrestrial contexts, Martinez-Megias et al. (2023) used BBNs to assess the combined 91 



effects of climate change and pesticide practices on ecological risks in protected 92 

wetlands. More broadly, Perez et al. (2022) emphasized the value of BBNs for 93 

environmental and ecological health risk assessment by explicitly representing causal 94 

relationships and uncertainty. Despite these advances, existing studies often focus on 95 

specific stressors or single management contexts, leaving the spatial variability in 96 

interactions among multi-level drivers of ecological risk insufficiently explored. 97 

This study aims to develop a BBN-based ERA framework for predictive inference of 98 

regional ecological risk in spatially explicit contexts. Using the BTH region in North 99 

China as a case study, the framework predicts spatial patterns of cumulative ecological 100 

risk and individual anthropogenic stressor risks, identifies key risk drivers at stressor 101 

and plot-indicator levels, and examines spatial variability of cumulative risk and its 102 

dominant drivers across functional zones. The proposed framework enhances spatially 103 

explicit ERA and improves understanding of ecological risk mechanisms under spatial 104 

complexity and heterogeneity. 105 

2. Materials and methods 106 

2.1 Study area 107 

The BTH region, comprising Beijing, Tianjin, and Hebei Province, is the largest urban 108 

agglomeration in North China, covering 216,000 km². The topography slopes from high 109 

elevations in the northwest to lowlands in the southeast (Figure 1(a)). Functionally, the 110 

region is divided into three functional zones: the northwest ecological conservation 111 

zone, the eastern agricultural production zone, and the central urban development zone 112 

(Figure 1(b)) (Chinese State Council, 2010; Ministry of Natural Resources, 2023). The 113 



northwest ecological conservation zone is characterized by forests and grasslands in 114 

mountainous areas, whereas the eastern agricultural production zone on the North 115 

China Plain is dominated by croplands. The central urban development zone consists 116 

largely of built-up areas (Yang and Huang, 2024), accommodating 32.5% of the 117 

regional population (35.47 million), mainly concentrated in Beijing and Tianjin (Figure 118 

1(c)). 119 

Figure 1. Maps of the BTH region: (a) administrative divisions, (b) functional zones, and (c) land 120 

use in 2024. 121 

Since 2000, rapid economic expansion and population growth have intensified demands 122 

for ecosystem services such as water conservation, soil retention, and wind erosion 123 

prevention (Gao et al., 2024; Li et al., 2022b). However, multiple anthropogenic 124 

stressors—including urbanization, intensive cropping, and non-cropping livelihood 125 

activities (e.g., grazing, fuelwood collection, and medicinal herb harvesting)—have 126 



increasingly constrained the provision of these services (Li et al., 2018). 127 

2.2 Anthropogenic stressor risk modeling based on BBN 128 

The BBN-based anthropogenic stressor risk modeling involved six steps: variable 129 

selection, structure determination, statistical distribution fitting and parameterization, 130 

dynamic discretization of nodes, probabilistic inference, and sensitivity analysis, as 131 

detailed below. 132 

2.2.1 Model variable selection 133 

Anthropogenic stressor risk is primarily driven by agricultural production, non-134 

cropping livelihood activities, and urbanization, which are influenced by biophysical 135 

and socioeconomic indicators at the plot level (IPBES, 2019; Turner et al., 2012). Based 136 

on a literature review, ten indicators were selected and categorized into biophysical and 137 

socioeconomic groups. 138 

Biophysical indicators capture hydrological conditions, topographic constraints, and 139 

resource accessibility. Steeper slopes increase erosion risk (Magdoff and Van Es, 2021). 140 

Proximity to surface water can intensify ecological disturbances from agricultural 141 

practices, such as fertilizer and pesticide runoff, sediment transport, and eutrophication 142 

(Huang and Li, 2025). 143 

Socioeconomic indicators reflect human disturbance and land use pressures. Proximity 144 

to roads is associated with higher agricultural production stressors, whereas remote 145 

areas generally experience lower stressor levels and maintain higher ecological 146 

integrity (Grantham et al., 2020; Shamdasani, 2021). Non-cropping livelihood activities 147 

were linked to soil erosion risk in the BBN, which tends to decline with increasing 148 



distance from village (Li et al., 2022a; Li et al., 2024).  149 

Grazing intensity, a key non-cropping activity, is typically represented by livestock 150 

numbers (Eldridge et al., 2017). Livestock numbers generally decline with increasing 151 

slope gradient (Raynor et al., 2021) and greater distance to village (Pittarello et al., 152 

2021). Furthermore, higher population density and GDP values are linked to greater 153 

urbanization pressures (Seto et al., 2012). These socioeconomic indicators are strongly 154 

associated with distance to township (Liu et al., 2014) and county (Zhou et al., 2011). 155 

The datasets used in this study, including their spatial resolution, format, and sources, 156 

are summarized in Table 1. 157 



Table 1. Datasets used in this study and their key information 158 

Dataset Year 
Temporal 

resolution 

Spatial 

resolution 
Format Source 

The 30 m annual land cover datasets and its dynamics in 

China from 1985 to 2024 
2000, 2024 1 year 30 m GeoTiff (Yang and Huang, 2024)  

The Global Roads Inventory Project dataset 2018 1 year N/A Shapefile (Meijer et al., 2018) 

China-LDRL: China’s surface water bodies, large dams, 
reservoirs, and lakes dataset 

2019 1 year N/A Shapefile (Wang et al., 2022) 

Global Pasture Watch - Annual livestock headcount maps for 

cattle, goats, sheep and horses at 1-km 2000–2022 

(FAOSTAT-adjusted) (v1) 

2022 1 year 1 km GeoTiff (Parente et al., 2025) 

90 m digital elevation database v4.1 2008 1 year 90 m GeoTiff (Jarvis et al., 2008) 

Dataset of soil erosion intensity in 20 countries in key 

regions (five levels, high intensity ≥ 3) 
2015 1 year 300 m GeoTiff (Zhang, 2021) 

National statistical area and urban-rural classification codes 2020 1 year N/A csv (National Bureau of Statistics, 2020)  

The population density in 2022 2022 1 year 30 arc-sec GeoTiff (Liu et al., 2024) 

The total GDP at purchasing power parity in 2020 2020 1 year 30 arc-sec GeoTiff (Kummu et al., 2025) 

159 



All gridded datasets were reprojected to an Albers Equal Area projection based on the WGS 160 

1984 datum, resampled to 1 km resolution to balance accuracy and computational efficiency, 161 

and masked to a common extent. Slope gradient was derived from the digital elevation 162 

model using ArcGIS 10.4.1. The geographic coordinates of villages, townships, and 163 

counties were converted to shapefiles, which, together with road and surface water datasets, 164 

were used to calculate the distance to the nearest road, surface water, village, township, and 165 

county using the terra, sf, and dplyr packages in R. 166 

2.2.2 Model structure determination 167 

The BBN structure was developed based on the interrelationships among plot-level 168 

indicators, anthropogenic stressors, and ecological risk, as represented by stressor risk 169 

(Figure 2). 170 

Figure 2. Structure of the BBN showing cumulative anthropogenic stressor risk (red), individual 171 

anthropogenic stressor risks (yellow), and plot-level indicators (blue). 172 

In the network, the three tiers are distinguished by color, and directed arcs denote causal 173 



dependencies, while their absence indicates conditional independence (Borsuk et al., 2006). 174 

Accordingly, the joint probability distribution P(X) can be factorized as: 175 𝑃(ܺ) = 𝑃(1ݔ, … , (௡ݔ = ∏ 𝑃(ݔ௜|ߨ௜)௡௜=1                                     (1) 176 

where πi represents the parent nodes of variable xi. This conditional independence 177 

substantially reduces computational complexity (Poole and Zhang, 2003). To identify 178 

anthropogenic stressors, we analyzed land use changes from 2000 to 2024 (Table 2). For 179 

each plot, the presence of a stressor was assigned a value of 1, and its absence a value of 0. 180 

Table 2. Anthropogenic stressors associated with land use changes (2000–2024) 181 

Anthropogenic stressor Land use in 2000 Land use in 2024 

Agricultural production Forest, shrub, grassland, water, snow/ice, barren 
land, built-up land, wetland 

Farmland 

Non-cropping livelihood 
activity 

Forest 
Shrub, grassland, 
barren land 

Shrub 
Grassland, barren 
land 

Grassland Barren land 

Cropland Barren land 

Urbanization 
Cropland, forest, shrub, grassland, water, 
snow/ice, barren land, wetland 

Built-up land 

Agricultural production and urbanization correspond to land conversion into cropland and 182 

built-up land, respectively. In contrast, non-cropping livelihood activities drive local land 183 

degradation (Li et al., 2021), whereby land uses with higher primary productivity (e.g., 184 

forest) are converted into those with lower productivity (e.g., shrub, grassland, barren land). 185 

If at least one of the three stressors occurred on a plot, the anthropogenic stressor risk was 186 

assigned a value of 1; otherwise, it was set to 0. The spatial distributions of the gridded node 187 



layers are shown in Figure S1, including the cumulative stressor, three individual stressors, 188 

and all plot-level indicators. 189 

Finally, all layers were integrated into a unified attribute database (212,177 plots) for 190 

dynamic discretization in R. 191 

2.2.3 Statistical distribution fitting and parameterization 192 

We fitted candidate statistical distributions to all node variables. Discrete nodes (Figures 193 

S1(a)–10(e)) were evaluated with Poisson, Binomial, and Multinomial distributions, 194 

whereas continuous nodes (Figures S1(f)–10(n)) were tested against Normal, LogNormal, 195 

Gamma, and Weibull distributions. Model selection followed established goodness-of-fit 196 

procedures (Delignette-Muller and Dutang, 2015). For continuous variables, model fit was 197 

assessed using the Akaike Information Criterion (AIC), Bayesian Information Criterion 198 

(BIC), and the Kolmogorov–Smirnov (KS) test. For discrete variables, model choice was 199 

based primarily on AIC and BIC, as KS-type statistics are less informative for categorical 200 

data. The best-fitting distributions were then parameterized using appropriate data-driven 201 

estimation techniques, including maximum likelihood, method-of-moments, and 202 

regression-based approaches, with detailed procedures and estimates provided in the 203 

Appendix A. 204 

2.2.4 Dynamic discretization of nodes 205 

Continuous variables were discretized to facilitate conditional probability table (CPT) 206 

specification and improve computational efficiency in the BBN (Nojavan A et al., 2017). 207 

Among various approaches, we adopted the dynamic discretization algorithm (Fenton and 208 

Neil, 2018), which partitions continuous variables into intervals by minimizing the 209 



Kullback–Leibler divergence between continuous and discrete distributions. The algorithm 210 

iteratively refines the discretization until convergence and dynamically updates intervals in 211 

response to new evidence, thereby ensuring accurate representation of continuous variables 212 

while maintaining computational efficiency and reliability during inference. 213 

Based on the causal dependencies among nodes (Figure 2), the best-fitting distributions and 214 

discretized variables were parameterized to construct CPTs. Conditional probabilities for 215 

discrete nodes were estimated using multinomial logistic regression, with predictor 216 

variables (e.g., agricultural production) determined by their parent nodes (e.g., proximity to 217 

road, proximity to surface water). For continuous nodes, distribution parameters were 218 

derived either directly from the unified attribute database (for parent nodes) or estimated 219 

through regression modeling conditioned on their parent nodes (for child nodes). To balance 220 

computational efficiency and model accuracy, the maximum number of iterations and the 221 

convergence threshold for parameter estimation were set to 50 and 0.001, respectively 222 

(Fenton and Neil, 2018). 223 

2.2.5 Probabilistic inference 224 

Once the network structure and parameters were defined, the BBN functioned as a 225 

probabilistic expert system, supporting reasoning under uncertainty through Bayesian 226 

updating and evidence propagation. In this study, predictive inference was applied by 227 

conditioning the network on observed plot-level indicator data to infer downstream stressor 228 

and cumulative risk outcomes, allowing posterior probability distributions to be estimated 229 

and mapped across the study area. 230 

2.2.6 Sensitivity analysis 231 



Sensitivity analysis was conducted to identify the key drivers of cumulative stressor risk by 232 

varying the probability distribution of one input node at a time while holding others constant 233 

(Marcot, 2006; Pollino et al., 2007). The expected information gain, measured as entropy 234 

reduction between the target variable Q (cumulative stressor risk) and an input variable F, 235 

is given by: 236 ܫ(ܳ; (ܨ = (ܳ)ܪ − (ܨ|ܳ)ܪ = ∑௤∑௙𝑃(ݍ, ݂)log2 ௉(௤,௙)௉(௤)௉(௙)               (2) 237 

where q and f index the states of Q and F, P(q, f) is their joint probability, and H(Q)=-238 

∑qP(q)log2P(q) is the Shannon entropy of Q. A larger I(Q; F) indicates that F has a stronger 239 

influence on Q by reducing uncertainty. All sensitivity analyses and probabilistic inferences 240 

were implemented using Agena.ai Modeller and its R API (agena.ai package). 241 

2.3 GWR and multiscale GWR (MGWR) 242 

To explore the spatial heterogeneity of driving mechanisms underlying anthropogenic 243 

stressor risk patterns, GWR and MGWR were employed following the global ordinary least 244 

squares (OLS) analysis. Prior to local modeling, multicollinearity among explanatory 245 

variables was assessed separately for anthropogenic stressor nodes and plot-level indicator 246 

nodes using variance inflation factors (VIFs) based on global OLS models (Dormann et al., 247 

2012). Variables with VIF values < 10 were considered to exhibit acceptable collinearity. 248 

All continuous variables were standardized (z-score transformation) prior to analysis to 249 

ensure the comparability of regression coefficients and to improve numerical stability. 250 

2.3.1 GWR 251 

GWR extends the conventional OLS framework by allowing regression coefficients to vary 252 

continuously over space, thereby capturing spatial non-stationarity in relationships between 253 



the dependent variable and explanatory factors (Fotheringham, 2008). The basic form of the 254 

GWR model can be expressed as: 255 ݕ௜ = ,௜ݑ)0ߚ (௜ݒ + ∑ ௞௣௞=1ߚ ,௜ݑ) ௜௞ݔ(௜ݒ +  ௜                        (3) 256ߝ

where yi denotes the anthropogenic stressor risk value at location i; xik is the k-th explanatory 257 

variable; (ui,vi) represents the spatial coordinates of location i; βk (ui,vi) are location-specific 258 

regression coefficients; and εi is the random error term. 259 

Local parameter estimates are obtained through weighted least squares, in which 260 

observations closer to location i are assigned higher weights according to a spatial kernel 261 

function. In this study, a fixed bisquare kernel was adopted, and the optimal bandwidth was 262 

selected by minimizing the corrected Akaike Information Criterion (AICc). Comparisons 263 

between OLS and GWR model performance (AICc and ܴ2 ) were used to evaluate the 264 

presence of spatial non-stationarity in risk drivers. 265 

2.3.2 MGWR 266 

While conventional GWR assumes that all explanatory variables operate at a single spatial 267 

scale, this assumption may be overly restrictive for complex socio-ecological systems. 268 

MGWR relaxes this constraint by allowing each explanatory variable to be associated with 269 

its own optimal bandwidth, thereby explicitly capturing multiscale processes (Fotheringham 270 

et al., 2017). The MGWR model is formulated as: 271 ݕ௜ = ,௜ݑ)0ߚ (௜ݒ + ∑ ௞(௕௪ೖ)௣௞=1ߚ ,௜ݑ) ௜௞ݔ(௜ݒ +  ௜                    (4) 272ߝ

where bwk denotes the optimal bandwidth associated with the ݇-th explanatory variable. 273 

Smaller bandwidths indicate localized effects, whereas larger bandwidths suggest more 274 

spatially homogeneous or global-scale influences. 275 

In this study, MGWR was applied separately to anthropogenic stressor nodes and plot-level 276 



indicator nodes to disentangle their respective spatial scales and effect heterogeneity. Model 277 

calibration followed an iterative back-fitting procedure, and bandwidths for individual 278 

coefficients were optimized using AICc minimization (Fotheringham et al., 2017; Lu et al., 279 

2018). Model performance relative to OLS and GWR was evaluated using AICc and the 280 

coefficient of determination (R²). The GWR and MGWR analyses were implemented using 281 

the GWmodel package in R (Gollini et al., 2015). 282 

A schematic of the overall technical workflow is presented in Figure 3. 283 



Figure 3. Technical workflow 284 



3. Results 285 

3.1 Land use change dynamics 286 

Sankey diagrams were used to examine land use change dynamics in the BTH region and 287 

its three functional zones from 2000 to 2024 (Figure 4). 288 

Figure 4. Land use change dynamics of the BTH region and its three functional zones from 2000 to 2024, 289 

illustrated using Sankey diagrams. (a) BTH region; (b) Northwest ecological conservation zone; (c) 290 

Eastern agricultural production zone; (d) Central urban development zone. 291 



Overall, the BTH region is dominated by cropland, forest, grassland, and built-up land 292 

(Figure 4(a)). The northwest ecological conservation zone generally exhibits a similar land 293 

use composition (Figure 4(b)). In this zone, cropland remained relatively stable over the 294 

period 2000–2024, whereas forest and built-up land increased markedly, primarily at the 295 

expense of grassland and, to a lesser extent, cropland. Although limited conversion from 296 

cropland partially compensated for grassland losses, grassland experienced a pronounced 297 

net decline due to substantial outflows to both forest and cropland. 298 

The eastern agricultural production zone and the central urban development zone, both 299 

dominated by cropland and built-up land, display broadly similar land use dynamics (Figure 300 

4(c)–4(d)). In these zones, cropland decreased substantially while built-up land expanded 301 

markedly, driven mainly by extensive conversion from cropland to built-up land. 302 

Consequently, at the scale of the entire BTH region, cropland and grassland show significant 303 

net decreases, whereas forest and built-up land exhibit pronounced increases over this 304 

period (Figure 4(a)). 305 

3.2 Statistical distribution fitting 306 

We evaluated the goodness-of-fit of candidate statistical distributions for both continuous 307 

and discrete variables. Detailed results for all candidate distributions are provided in Tables 308 

S1 and S2. For continuous variables, a lower AIC/BIC and, in principle, a non-significant 309 

KS test result (p ≥ 0.05) indicate a better model fit. For discrete variables, the best-fitting 310 

distribution was selected as the one with the lowest AIC and BIC values among the 311 

candidate models, as KS-type tests are not informative for categorical data. The final best-312 

fitting distributions for all variables are summarized in Table 3. 313 



Table 3. Goodness-of-fit statistics for continuous and discrete variables under the best-fitting statistical 314 

distributions. For continuous variables, KS p-value indicates the significance level of the Kolmogorov–315 

Smirnov test (* p < 0.05). NA indicates not applicable for discrete variables. 316 

Type Variable 
Best-fitting 

distribution 
AIC BIC 

KS 

statistic 
KS p-value 

Discrete 
Anthropogenic 

stressor risk 
Multinomial 13.5 23.8 NA NA 

Discrete 
Agricultural 

production 
Multinomial 12.3 22.6 NA NA 

Discrete 

Non-cropping 

livelihood 

activities 

Multinomial 10.1 20.4 NA NA 

Discrete Urbanization Multinomial 13.1 23.4 NA NA 

Discrete 
Soil erosion 

intensity 
Multinomial 13.9 24.1 NA NA 

Continuous 
Livestock 

density 
Weibull 1927315.6 1927335.94 0.082 * 

Continuous Slope gradient LogNormal -252267 -252246 0.114 * 

Continuous Total GDP Weibull 905357.5 905377.78 0.063 * 

Continuous 
Population 

density 
LogNormal 2475609.5 2475629.7 0.081 * 

Continuous 
Proximity to 

road 
Gamma 3676657.8 3676678.30 0.006 * 

Continuous 
Proximity to 

surface water 
Weibull 4689840.3 4689860.84 0.019 * 

Continuous 
Distance to 

village 
LogNormal 3516909.9 3516930.38 0.025 * 

Continuous 
Distance to 

township 
Gamma 3943461.2 3943481.73 0.009 * 

Continuous 
Distance to 

county 
Gamma 4530591.8 4530612.37 0.016 * 

Due to the large sample size, the KS test yielded significant results (p < 0.05) for continuous 317 

variables, a well-known limitation of goodness-of-fit tests under big data conditions 318 



(Delignette-Muller and Dutang, 2015). Therefore, model selection relied mainly on relative 319 

AIC/BIC values and visual assessment of fit. Visual fitting results are presented in Figure 5, 320 

indicating satisfactory fit for all variables. 321 

Figure 5. Visual assessment of best-fitting distributions for discrete and continuous variables 322 

Based on the unified attribute database, the estimated parameters of the best-fitting 323 

distributions for both discrete and continuous variables are summarized in Table 4.324 



Table 4. Estimated parameters of best-fitting distributions for discrete and continuous variables. Regression-based functional forms are provided where applicable. 325 

Type Variable 
Best-fitting 

distribution 
Parameters / Regression form 

Discrete 
Anthropogenic 

stressor risk 

Multinomial 

(logit) 
P(agricultural_production) + P(non-cropping_livelihood_activities) + P(urbanization) 

Discrete 
Agricultural 

production 

Multinomial 

(logit) 
1 / (1 + exp(3.35 + 0.02 × proximity_surface_water − 0.07 × proximity_to_road)) 

Discrete 

Non-cropping 

livelihood 

activities 

Multinomial 

(logit) 
1 / (1 + exp(5.48 + 0.02 × livestock_density − 0.42 × soil_erosion_intensity)) 

Discrete Urbanization 
Multinomial 

(logit) 
1 / (1 + exp(2.96 + 6.88 × 10-5 × total_GDP−2.07 × 10-4 × population_density)) 

Discrete 
Soil erosion 

intensity 

Multinomial 

(logit) 
1 / (1 + exp(1.94 + 0.31 × distance_to_village − 0.05 × slope_gradient)) 

Continuous 
Livestock 

density 
Weibull Shape = 0.4; Scale = 34.7 + 0.17 × distance_to_village − 0.06 × slope_gradient 

Continuous Total GDP Weibull Shape = 0.3; Scale = 2533.29 − 0.09 × distance_to_county − 0.45 × distance_to_township 

Continuous 
Proximity to 

surface water 
Weibull Shape = 1.69; Scale = 31.52 

Continuous Slope gradient LogNormal Mean = 1.44; Standard deviation = 1.11 

Continuous Population LogNormal Mean = log(1516.54 − 24.24 × distance_to_county − 106.25 × distance_to_township);  



Type Variable 
Best-fitting 

distribution 
Parameters / Regression form 

density Standard deviation = 2.52 

Continuous 
Distance to 

village 
LogNormal Mean = 0.08; Standard deviation = 0.89 

Continuous 
Proximity to 

road 
Gamma α = 0.81; β = 2.66 

Continuous 
Distance to 

township 
Gamma α = 2.64; β = 1.84 

Continuous 
Distance to 

county 
Gamma α = 2.37; β = 7.9 

326 



These distribution parameters provided the basis for dynamic discretization and 327 

construction of the CPTs. The resulting parameterization process is described in Section 3.2. 328 

3.2 BBN parameterization 329 

Based on dynamic discretization, the fully parameterized BBN model was derived (Figure 330 

6). 331 

Figure 6. Parameterized BBN model showing nodes, dependencies, and estimated CPTs. 332 

3.3 Spatial patterns of individual and cumulative anthropogenic stressor risks 333 

Based on predictive inference under future scenarios, Figure 7 illustrates the spatial patterns 334 

of three individual anthropogenic stressor risks and their cumulative risk across the BTH 335 

region. 336 



Figure 7. Spatial patterns of predicted risks from three anthropogenic stressors and their cumulative risk 337 

across the BTH region. (a) Cumulative anthropogenic stressor risk; (b) Agricultural production risk; (c) 338 

Non-cropping livelihood activity risk; (d) Urbanization risk. 339 

The predicted risk associated with agricultural production exhibits extensive high-risk 340 

clusters throughout the region (Figure 7(b)). In contrast, the risk from non-cropping 341 

livelihood activities is primarily concentrated in the northwestern mountainous areas, while 342 

appearing more fragmented across the southeastern plains (Figure 7(c)). Urbanization risk 343 

is strongly concentrated around major cities, particularly Beijing and Tianjin (Figure 7(d)). 344 

The spatial superposition of these future stressor risks generates a pronounced gradient in 345 

cumulative risk across the BTH region, characterized by clear spatial agglomeration patterns 346 

(Figure 7(a)). These spatially clustered high-risk areas highlight priority areas for 347 

conservation and risk mitigation, where targeted management of dominant stressors could 348 



yield disproportionate benefits for reducing cumulative stressor risk. 349 

3.4 Spatial-scale variations in individual and cumulative anthropogenic stressor risks 350 

Figure 8 presents the Spearman rank correlations of individual and cumulative 351 

anthropogenic stressor risks across different spatial scales. 352 

Figure 8. Spearman rank correlation matrices of predicted risks from three specific anthropogenic 353 

stressors and their cumulative risk across different spatial scales. (a) Cumulative anthropogenic stressor 354 

risk; (b) Agricultural production risk; (c) Non-cropping livelihood activity risk; (d) Urbanization risk. 355 

Agricultural production risk exhibits consistently high correlations across spatial scales 356 

(Spearman’s ρ ≥ 0.91), indicating stable spatial patterns (Figure 8(b)). In contrast, non-357 



cropping livelihood activity and urbanization risks show greater spatial divergence, as 358 

reflected by lower cross-scale correlations, particularly between finer (90 m and 500 m) and 359 

coarser (5 km and 10 km) resolutions (Spearman’s ρ ≤ 0.77; Figure 8(c)–8(d)). Consequently, 360 

Spearman correlations of the cumulative risk exhibit a moderate decline with increasing 361 

disparities in spatial resolution (ρ ≤ 0.88; Figure 8(a)). 362 

3.5 Sensitivity analysis 363 

The results of sensitivity analysis are presented as tornado diagrams (Figure 9). 364 



Figure 9. Sensitivity analysis of anthropogenic stressor – tier and plot-level indicator – tier nodes, 365 

quantified by entropy reduction. (a) Anthropogenic stressor tier; (b) Plot-level indicator tier. 366 

At the anthropogenic stressor tier, changing the state of urbanization from 0 (non-occurrence) 367 

to 1 (occurrence) increased the probability of cumulative stressor risk from 0.026 to 1, 368 

resulting in the largest entropy reduction (0.974; blue bar). This indicates that the occurrence 369 

likelihood of urbanization stressor exerts the strongest influence on future cumulative risk. 370 

The remaining stressors showed slightly lower but comparable sensitivities, ranked as 371 



agricultural production occurrence (0.874) and non-cropping livelihood activity occurrence 372 

(0.858) (Figure 9(a)).  373 

At the plot-indicator tier, population density exhibited the highest sensitivity (0.964), 374 

followed by distance to township (0.577) and distance to county (0.573). These indicators 375 

are primarily associated with urbanization-related processes. All remaining indicators 376 

showed entropy reductions below 0.1, indicating relatively limited influence on cumulative 377 

stressor risk (Figure 9(b)). 378 

Subsequently, the BBN was reparameterized for the three functional zones to examine 379 

spatial variations in sensitivity across two tiers of nodes (Figure 10). 380 

Figure 10. Spatial variations in sensitivity across two tiers of BBN nodes among functional zones. (a) 381 

Anthropogenic stressor tier; (b) Plot-level indicator tier. 382 

Overall, the three functional zones exhibit sensitivity patterns broadly consistent with those 383 

observed for the entire BTH region at both node tiers. However, the eastern agricultural 384 

production zone shows a distinct magnitude of variation. In this zone, sensitivities 385 

associated with agricultural production risk and non-cropping livelihood activity risk are 386 



markedly higher than those in the other zones and in the BTH region as a whole (Figure 387 

10(a)). In contrast, sensitivities related to distance to county, distance to township, and total 388 

GDP are substantially lower (Figure 10(b)). These results indicate that the eastern 389 

agricultural production zone is particularly responsive to agricultural production- and non-390 

cropping livelihood activity-related risks, while exhibiting relatively weaker sensitivity to 391 

urbanization-related indicators.  392 

3.6 Spatial variations of anthropogenic stressor risk drivers 393 

All model nodes exhibit VIF values well below the commonly accepted threshold of 10, 394 

indicating no severe multicollinearity among anthropogenic stressor nodes and plot-level 395 

indicator nodes (Figure S2). Subsequently, the GWR for all the BNN nodes was conducted. 396 

Compared with the global OLS models, the GWR models exhibited notably better model fit 397 

for both groups of predictors. For anthropogenic stressors, the coefficient of determination 398 

(R2) increased from 0.817 in the OLS model to 0.84 in the GWR model, accompanied by a 399 

clear reduction in AICc (from −66,613 to −67,999). For plot-level indicators, model 400 

performance improved more substantially, with R² increasing from 0.864 to 0.9 and AICc 401 

decreasing from −69,749 to −72,913. These consistent improvements in explanatory power 402 

and model parsimony suggest that allowing regression coefficients to vary spatially captures 403 

important spatial heterogeneity that is not adequately represented by global models, 404 

providing strong evidence for spatial non-stationarity in the relationships between 405 

cumulative anthropogenic stressor risk and its drivers.  406 

The distributions of local GWR coefficients for the BBN nodes were illustrated using violin 407 

and box plots (Figure 11). 408 



Figure 11. Distributions of local GWR coefficients for the BBN nodes. (a) Anthropogenic stressor nodes; 409 

(b) Plot-level indicator nodes. 410 

At the regional scale, anthropogenic stressor nodes exhibit pronounced spatial heterogeneity 411 

in their local associations with cumulative stressor risk, as evidenced by broad coefficient 412 

ranges and asymmetric distribution shapes across the three stressors (Figure 11(a)). Among 413 



them, non-cropping livelihood activities and urbanization display wider interquartile ranges 414 

and more elongated distribution tails. In contrast, the agricultural production shows 415 

comparatively narrower interquartile ranges and shorter tails. Although the degrees of 416 

spatial heterogeneity differ among stressors, their median coefficient values are broadly 417 

comparable, implying that anthropogenic stressors exert similar overall levels of influence 418 

on the risk. 419 

Compared with stressor nodes, plot-level indicator nodes generally exhibit more 420 

concentrated coefficient distributions, with the exception of soil erosion intensity, total GDP, 421 

and population density (Figure 11(b)). Most indicator nodes show relatively small 422 

coefficient magnitudes, whereas total GDP and population density display notably greater 423 

variability, reflecting differences in the strength and spatial consistency of their local 424 

relationships with the risk. 425 

While GWR accounts for spatial non-stationarity, it imposes a common spatial scale across 426 

all predictors. The contrasting behaviors between stressor and indicator nodes therefore 427 

motivate further examination of whether these drivers operate at distinct spatial scales, 428 

which is addressed using MGWR (Figure 12). 429 



Figure 12. Distributions of local MGWR coefficients and optimal bandwidths for the BBN nodes. (a) 430 

Anthropogenic stressor nodes; (b) Plot-level indicator nodes; (c) Optimal bandwidths of the BBN nodes. 431 

For anthropogenic stressor nodes, MGWR produces more concentrated coefficient 432 

distributions with fewer extreme values than GWR, except for urbanization (Figure 12(a)). 433 

A similar stabilization is observed for most plot-level indicator nodes, with the exception of 434 

total GDP and population density, as indicated by narrower interquartile ranges and more 435 

compact distributions (Figure 12(b)). These patterns suggest reduced local coefficient 436 

uncertainty and more robust spatial estimation under MGWR. In terms of optimal MGWR 437 

bandwidths, most coefficients are associated with very large bandwidths (>600 km), 438 

whereas urbanization, GDP, population density, and distance-related indicators for surface 439 

water, villages, and counties exhibit substantially smaller bandwidths (≤ 212 km), indicating 440 

clear contrasts in the spatial scales at which different drivers influence risk (Figure 12(c)). 441 

Building on the regional-scale patterns identified in Figure 12, the distributions of local 442 



coefficients and optimal bandwidths across the three functional zones further confirm 443 

substantial spatial heterogeneity in anthropogenic stressor drivers (Figures S3–S5). Soil 444 

erosion intensity was excluded from the eastern and central zone models due to convergence 445 

issues arising from zero variance and therefore does not appear in Figures S4(b) and S5(b). 446 

Overall, the zonal MGWR results are consistent with the regional findings, showing 447 

relatively stable coefficient distributions for most stressor and indicator nodes, while 448 

urbanization and those indicators related to urbanization exhibit greater variability in their 449 

estimated coefficients and bandwidths. Notably, the central urban development zone is 450 

characterized by uniformly small optimal bandwidths and tightly clustered indicator 451 

coefficients (Figure S5). 452 

To further characterize the overall distribution and variability of driving effects across 453 

functional zones, regression coefficients of variables within the same driver category were 454 

pooled and treated as samples. Moreover, effect strength (local MGWR coefficients) and 455 

spatial scale (optimal bandwidths) were jointly synthesized for all BBN nodes, enabling a 456 

quadrant-based classification of node-specific influence patterns (Figure 13). 457 



Figure 13. Local MGWR coefficient distributions and quadrant-based classification of BBN nodes. (a) 458 

Distributions of local MGWR coefficients for anthropogenic stressor nodes; (b) Distributions of local 459 

MGWR coefficients for plot-level indicator nodes; (c) Quadrant-based classification of BBN nodes 460 

integrating spatial scale and effect strength. The vertical and horizontal red dashed lines represent the 461 

median spatial scale (optimal bandwidth) and the median effect strength (absolute standardized 462 

coefficient), respectively, dividing the plane into four quadrants: Q1 (lower right, global-scale–weak 463 

effect), Q2 (lower left, local-scale–weak effect), Q3 (upper left, local-scale–strong effect), and Q4 (upper 464 

right, global-scale–strong effect). The median spatial scale and effect strength are 170 km and 0.0037, 465 



respectively. Abbreviations: AGRI, agricultural production; NON-CROP, non-cropping livelihood 466 

activities; URBAN, urbanization; LIVESTOCK, livestock density; SLOPE, slope gradient; GDP, total 467 

GDP; POP, population density; D2R, proximity to road; D2W, proximity to surface water; D2V, distance 468 

to village; D2T, distance to township; D2C, distance to county. 469 

Stressor coefficients exhibit pronounced zonal contrasts in both central tendency and 470 

dispersion, with the central zone displaying the broadest and most diffuse distributions, as 471 

evidenced by its wider violin shape, indicating strong variability in the magnitude of stressor 472 

effects across locations (Figure 13(a)). In contrast, the northwest zone is characterized by 473 

more tightly clustered coefficients, while the eastern zone shows intermediate levels of 474 

dispersion. Turning to indicator coefficients, the central zone exhibits more symmetrically 475 

distributed values concentrated around zero compared with the northwest and eastern zones, 476 

suggesting comparatively stable and moderate indicator influences on risk (Figure 13(b)). 477 

Across all zones, most plot-level indicators are predominantly associated with localized and 478 

weak effects (Q2), whereas anthropogenic stressors generally exhibit stronger influences 479 

operating at broader spatial scales (Q4), with urbanization emerging as a notable exception 480 

characterized by localized but strong effects (Q3) (Figure 13(c)). 481 

4. Discussion 482 

These results provide several insights into the mechanisms underlying ecological risk 483 

patterns captured by the proposed assessment framework. 484 

4.1 Dominant role of urbanization in cumulative anthropogenic stressor risk 485 

Anthropogenic stressors contribute unevenly to cumulative anthropogenic stressor risk, with 486 

urbanization consistently emerging as the most sensitive driver, whose variations induce 487 

larger fluctuations in cumulative risk than other stressors (Figure 9(a)). This heightened 488 



sensitivity reflects the compound and systemic nature of urbanization, which 489 

simultaneously integrates land use conversion, population aggregation, infrastructure 490 

expansion, and intensified resource consumption, thereby amplifying its marginal influence 491 

on ecological risk (Elmqvist et al., 2019; Seto et al., 2012). Moreover, urbanization often 492 

operates near ecological thresholds and generates pronounced spatial spillover effects from 493 

urban cores into adjacent buffer zones, leading to nonlinear and spatially propagated risk 494 

responses (Groffman et al., 2006; Scheffer et al., 2001). 495 

Accordingly, plot-level indicators closely associated with urbanization—particularly 496 

population density and distances to townships and counties—exhibit stronger direct and 497 

indirect effects on both urbanization and cumulative risk (Figure 9(b)). Potential 498 

urbanization areas are primarily concentrated in the southeastern plains (Figure 7(d)), where 499 

dense populations and clustered administrative centers generate more concentrated indicator 500 

patterns (Figures S1(i), S1(m), and S1(n)), reinforcing their determinative roles in predicting 501 

urbanization-related risk. In contrast, potential agricultural production and non-cropping 502 

livelihood activities are more widely distributed across the BTH region (Figures 7(b)–7(c)), 503 

resulting in more dispersed indicator patterns and comparatively weaker contributions to 504 

both specific and cumulative risks. 505 

Collectively, these findings identify urbanization as a critical leverage point in shaping 506 

cumulative anthropogenic stressor risk, underscoring the necessity of explicitly accounting 507 

for compound stressors and incorporating additional plot-level socioeconomic indicators to 508 

improve the robustness and policy relevance of regional risk assessments. 509 

4.2 Scale dependence of cumulative anthropogenic stressor risk and associated stressor 510 



drivers 511 

At the regional scale, variations in Spearman correlations across spatial resolutions reveal 512 

pronounced contrasts in the scale dependence of specific anthropogenic stressor risks. The 513 

steeper correlation declines observed for non-cropping livelihood activities and 514 

urbanization indicate stronger scale dependence (Figures 8(c)–8(d)), suggesting that these 515 

risks are shaped by fine-scale spatial heterogeneity that is progressively smoothed under 516 

spatial aggregation (Carroll et al., 2017; Wu, 2013). Given the dominant contribution of 517 

these two stressors to cumulative risk (86%), as derived from the CPTs (Figure 6), the 518 

cumulative risk exhibits a comparable pattern of scale-dependent variation (Figure 8(a)). In 519 

contrast, agricultural production risk shows strong cross-scale consistency in its spatial 520 

pattern (Figure 8(b)), suggesting that it is primarily governed by structurally persistent 521 

drivers—such as proximity to surface water and road—that remain coherent under spatial 522 

aggregation. 523 

Spatial analyses further reveal pronounced spatial non-stationarity in key stressor drivers of 524 

cumulative risk, particularly non-cropping livelihood activities and urbanization. GWR 525 

results for these stressors exhibit wider interquartile ranges and elongated distribution tails, 526 

indicating substantial spatial heterogeneity in their local effects (Figure 11(a)). Consistent 527 

with Kang and Oshan (2025) and Feng et al. (2025), such heterogeneous coefficient patterns 528 

suggest that the relationships between these stressors and risk vary markedly across space 529 

and are sensitive to the scale at which they are assessed. In summary, these findings indicate 530 

that cumulative anthropogenic stressor risk and associated stressor drivers are inherently 531 

scale dependent, underscoring the importance of scale-aware and spatially differentiated 532 



approaches in regional risk assessment and ecosystem management. 533 

4.3 Scale-dependent risk effects shaped by socioeconomic processes across spatial 534 

levels 535 

MGWR provides explicit insights into whether anthropogenic stressor risk drivers operate 536 

at distinct spatial scales. Variables closely associated with urbanization—namely total GDP, 537 

population density, and urbanization intensity—exhibit pronounced spatial heterogeneity in 538 

their local coefficients (Figures 12(a)–12(b)), indicating strong spatial variation in their risk 539 

effects. These patterns are further supported by the optimal MGWR bandwidths (Figure 540 

12(c)). Most drivers are characterized by very large bandwidths (>600 km), suggesting 541 

spatially smooth or near-global effects, whereas urbanization- and distance-related drivers 542 

display substantially smaller bandwidths (≤212 km), reflecting more localized and spatially 543 

heterogeneous influences on cumulative anthropogenic stressor risk. 544 

Zonal sensitivity patterns further contextualize these scale contrasts by revealing differences 545 

in response magnitude across functional zones. Relative to the BTH region as a whole, the 546 

eastern agricultural production zone exhibits markedly higher sensitivity to agricultural 547 

production– and non-cropping livelihood activity–related risks, while showing 548 

comparatively weaker responses to urbanization-related indicators (Figure 10). Consistent 549 

with the broader literature (Alberti, 2015; Lambin and Meyfroidt, 2011; Seto et al., 2012), 550 

this contrast reflects the dominance of agriculture-oriented socioeconomic processes that 551 

operate locally within production landscapes, whereas urbanization-related processes—552 

despite their localized variability—shape regional risk patterns through spatial spillovers 553 

and cross-zone interactions. Taken together, these results indicate that scale-dependent risk 554 



effects are heterogeneous and are jointly shaped by localized socioeconomic processes and 555 

their broader regional linkages. 556 

4.4 Aligning risk mitigation strategies with scale-dependent drivers 557 

Compared with the northwest ecological conservation and eastern agricultural production 558 

zones, the central urban development zone is characterized by smaller optimal MGWR 559 

bandwidths (Figure S5(c)) and relatively compact coefficient distributions within local 560 

neighborhoods for both stressor (Figure S5(a); Figure 13(a)) and indicator drivers (Figure 561 

S5(b); Figure 13(b)). Moreover, these drivers are predominantly concentrated in the Q2 and 562 

Q3 quadrants, indicating localized spatial scales with weak to strong effects (Figure 13(c)). 563 

Taken together, these patterns indicate that the central urban development zone is 564 

characterized by strong but locally structured variability, with stressor effects differing 565 

markedly in magnitude across space while remaining internally coherent within localized 566 

spatial domains. 567 

This scale configuration implies that uniform, zone-wide planning instruments can 568 

effectively mitigate anthropogenic stressor risk without substantial loss of effectiveness due 569 

to spatial heterogeneity. Accordingly, risk mitigation strategies centered on land use 570 

regulation (He et al., 2025; Li et al., 2020) and the deployment of green infrastructure 571 

(Rahman et al., 2025; Seidu et al., 2025) are likely to be particularly effective in the central 572 

urban development zone, especially around major cities where urbanization stressor is most 573 

concentrated. 574 

In contrast, the northwest ecological conservation and eastern agricultural production zones 575 

exhibit broader MGWR bandwidths and more dispersed coefficient distributions, indicating 576 



that dominant risk drivers operate across larger spatial extents and display stronger spatial 577 

heterogeneity (Figures 13(a)–13(c); Figures S3–S4). These characteristics suggest that 578 

uniform, one-size-fits-all strategies are unlikely to be effective in these zones. Instead, risk 579 

mitigation strategies should be differentiated and explicitly scale-sensitive, with strategies 580 

tailored to dominant local processes. For example, fine-scale zoning schemes (Li et al., 581 

2020), spatially differentiated buffer zones (Zheng et al., 2016), and livelihood 582 

diversification programs (Erbaugh and Oldekop, 2018) may be more effective in reducing 583 

production- and livelihood-related risks in these functionally heterogeneous landscapes. 584 

5. Conclusion 585 

Using the Beijing–Tianjin–Hebei region as a case study, this research proposes an integrated 586 

framework for assessing ecological risk from multiple anthropogenic stressors and their 587 

spatial variability. Cumulative risk, aggregated from agricultural production, non-cropping 588 

livelihood activities, and urbanization, exhibits pronounced spatial clustering, with 589 

urbanization emerging as a critical leverage point in shaping cumulative risk. These 590 

clustered high-risk areas delineate priority areas for conservation and targeted risk 591 

mitigation. The results highlight the importance of explicitly accounting for compound 592 

stressors and incorporating finer-scale socioeconomic indicators to enhance the robustness 593 

and policy relevance of ERAs. Ecological risk and its drivers are inherently scale-dependent. 594 

The effects of stressor drivers on risk are heterogeneous and are jointly shaped by localized 595 

socioeconomic processes and broader regional linkages. Consequently, uniform planning 596 

instruments are effective where stressor drivers display strong but locally structured spatial 597 

patterns, whereas differentiated, scale-sensitive mitigation strategies are required when 598 



dominant drivers operate across broader and more heterogeneous spatial domains. 599 
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