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Abstract 5 

Aligning residents’ subjective perceptions of recovery with objective infrastructure restoration is 6 
critical for effective disaster management. A persistent gap between these two dimensions can 7 
undermine community well-being and lead to inequitable resource allocation. However, recovery 8 
strategies are often hampered by a failure to understand the spatially heterogeneous drivers of this 9 
gap and how they evolve across different recovery phases. Addressing this gap, the study develops a 10 
localized analytical framework that integrates a Geographically Weighted Random Forest (GWRF) 11 
model to quantify and bridge gaps between subjective and objective urban resilience. We validated 12 
the proposed methodology and framework using multi-source urban block scale data from the 2023 13 
Beijing extreme rainstorm. The results reveal that: (1) The framework identified 306 vulnerable 14 
communities, and simulated interventions predicted gains 7.9% in subjective resilience, 6.2% in 15 
objective resilience, narrowing the overall gap by 10.8%. (2) Socio-economic factors dominated in 16 
highly urbanized areas, while environmental variables were more influential in less urbanized zones. 17 
(3) These factors exhibited significant nonlinear and spatially varying effects, with key thresholds 18 
including impervious surface coverage ≤ 54% and land use diversity index between 0.8 and 1.2. (4) 19 
The GWRF model (local R² > 0.80 and global R² > 0.90) validates the framework's reliability. By 20 
providing localized evidence, this framework empowers policymakers to move beyond one-size-fits-21 
all solutions, enabling targeted strategies that bridge gaps between subjective and objective urban 22 
resilience. 23 
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1. Introduction 26 

Recent years have seen an acceleration of global climate change, altering urban systems and 27 
increasing the threats of extreme disasters across cities worldwide (Adger et al., 2022; Rajput et al., 28 
2024). Urban resilience, defined as the capacity of urban systems to absorb shocks, adapt, and 29 
recover(Meerow et al., 2016), involves both the restoration of physical infrastructure and the 30 
recovery of residents’ psychological and social well-being (Dargin & Mostafavi, 2020; Zhao et al., 31 
2025). However, traditional approaches often prioritize physical aspects, overlooking the interplay 32 
between subjective perceptions and objective physical realities (Cardoso et al., 2022; Haque & 33 
Fatema, 2022). The gap between subjective and objective resilience often results in misaligned 34 
recovery efforts, where physical infrastructure is restored but residents' perceptions remain 35 
underestimated, leading to inefficient resource allocation and social trust (Gu et al., 2025; Zhao et 36 
al., 2025). Narrowing this gap is crucial for urban resilience, as it ensures that recovery addresses 37 
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both physical recovery and human experiences, promoting equitable and sustainable development. 38 
 39 
Prior research has extensively emphasized the effects of socio-demographic characteristics and 40 
environmental attributes on recovery outcomes (Bhattarai et al., 2020; Mouratidis, 2021a). However, 41 
three key limitations undermine these efforts. many studies assess global factor importance under the 42 
assumption of spatial stationarity, offering little insight into the localized relevance of specific drivers 43 
(Wang et al., 2024; Yue & Chen, 2025; Y. Zhang et al., 2025a). Without local R²–based validation, 44 
areas with poor model performance may go undetected, leading to biased interpretations of resilience 45 
drivers in highly heterogeneous contexts. Second, recovery processes are phase-dependent, with 46 
dominant factors varying across the emergency window, short-term stabilization, and long-term 47 
rebuilding phases (Birkmann et al., 2023; Z. Zhao et al., 2022). Third, the relationships between 48 
factors and outcomes are frequently nonlinear and threshold-driven, rendering linear or globally 49 
pooled models inadequate for capturing critical intervention ranges (Liu et al., 2023; Yang et al., 50 
2021). Consequently, uniform strategies often fail to address the most acute needs in specific 51 
locations and stages, highlighting the need for targeted approaches. 52 
 53 
To address these gaps, we develop a localized spatial machine learning framework that analyzes 54 
subjective and objective resilience and models their determinants with a Geographically Weighted 55 
Random Forest (GWRF). GWRF model combines the ability of Random Forests to capture complex, 56 
nonlinear interactions with geographically weighted estimation that allows coefficients and variable 57 
importance to vary over space (Brunsdon et al., 1996; Grekousis et al., 2022; Gu et al., 2023; Zhang 58 
et al., 2025b). This delivers three decision-relevant outputs for each community and each recovery 59 
phase: (i) the top local drivers of subjective and objective resilience, (ii) post-disaster recovery phase 60 
effect magnitudes, and (iii) optimal adjustment ranges derived from local partial dependence profiles. 61 
The framework moves from identifying “what matters” to prescribing “how much to change, where, 62 
and when”. 63 
 64 
This study contributes to the urban resilience literature and practice in four ways. (1)The study 65 
develops a localized analytical framework that bridges gaps between subjective and objective urban 66 
resilience under extreme rainstorms. (2) This study advances localized, phase-specific diagnosis by 67 
coupling the GWRF model with human needs-based metrics, revealing where and when particular 68 
factors dominate. (3) This study extracts nonlinear, community-level prescriptions (optimal ranges 69 
and thresholds), translating analytics into implementable guidance for resource allocation.  70 
 71 
The remainder of the paper is organized as follows. Section 2 reviews the literature on subjective and 72 
objective resilience, highlighting gaps in spatial and temporal modeling. Sections 3 introduces the 73 
analytical framework. Section 4 presents GWRF-based methodological framework. Section 5 reports 74 
empirical results, offers enhancement strategies and simulation-based policy implications. Section 6 75 
concludes with limitations and directions for future research. 76 

2. Literature review 77 

2.1 Subjective and Objective Urban Resilience Measurement 78 

The measurement of urban resilience has increasingly recognized the importance of both subjective 79 
and objective dimensions, reflecting the multifaceted nature of recovery in disaster-affected 80 
communities (Chumo et al., 2022; Haque & Fatema, 2022). Subjective resilience research aims to 81 
capture socio-psychological dimensions that underpin a community's capacity to cope with and adapt 82 
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to disturbances, encompassing social perceptions, subjective satisfaction, and risk awareness that 83 
often overlooked by objective metrics (Qiu et al., 2022). Methodologically, this field relies on 84 
qualitative and quantitative tools designed to measure human perception and social capital. For 85 
instance, Likert scales and structured questionnaires are frequently employed to quantify indicators 86 
such as social trust, community cohesion, risk perception, and institutional faith (Lim et al., 2021; 87 
Lwin et al., 2020). These quantitative instruments are often complemented by qualitative methods 88 
like semi-structured interviews and textual analysis, which provide deeper context on cultural values 89 
and lived experiences(Pan et al., 2022; Zhao et al., 2022). Despite their strength in illuminating the 90 
"soft" components of resilience, these methods face significant limitations. They often provide a static 91 
snapshot, struggling to capture the dynamic evolution under different stages of crisis. In contrast, the 92 
study of objective resilience has seen rapid advancements through the integration of computational 93 
models and multi-source data. A prominent trend is the move from static vulnerability assessments to 94 
dynamic process simulations (Wang et al., 2025). Precision is further enhanced by fusing diverse 95 
datasets, such as integrating nighttime light (NTL) remote sensing with population data to model 96 
post-disaster recovery speeds (Yin et al., 2025), or triangulating evidence from policy documents and 97 
social media to create comprehensive indicator frameworks (Wu et al., 2024; Zhao et al., 2025). 98 
These innovations signify a clear progression towards more dynamic, evidence-driven, and spatially 99 
explicit analyses of urban resilience. 100 
 101 
A critical gap emerges from the methodological and conceptual divergence between subjective and 102 
objective resilience. To narrow the gap, a robust understanding of both dimensions is essential. 103 
However, Existing studies on socio-spatial inequality typically analyze these dimensions under 104 
disparate indicator systems, which makes direct comparison challenging and hinders the development 105 
of strategies. Bridging these gaps by integrating the “why” from subjective research with the “how” 106 
from objective analysis remains a crucial frontier for advancing the science and practice of urban 107 
resilience. 108 

2.2 Factors Influencing Subjective and Objective Urban Resilience 109 

A substantial body of research demonstrates that urban resilience is shaped by a multifaceted interplay 110 
of natural environment, built environment, and socioeconomic factors (Bhattarai et al., 2020; Gu et 111 
al., 2025). Yet two critical gaps persist. First, most existing studies assess factor importance at a global 112 
scale, overlooking spatial heterogeneity in how these factors operate across diverse urban contexts 113 
(Lu et al., 2023; Wang et al., 2024; Yue & Chen, 2025). This constrains the development of localized 114 
strategies for resilience enhancement. Second, the post-disaster recovery process operates through 115 
distinct mechanisms in emergency versus long-term phases (Huang & Wang, 2024; Yang et al., 116 
2024), but current spatial machine learning models fail to differentiate these temporal dynamics. 117 
 118 
Addressing the first gap requires understanding how the same resilience determinants exert different 119 
influences in different locations. Natural environment attributes, for example, exhibit highly localized 120 
impacts: precipitation intensity is a primary driver of drainage system overload (Li et al., 2024), with 121 
maximum daily rainfall serving as a critical indicator of recovery challenges (Munpa et al., 2022a). 122 
High river network density can accelerate flood peaks in downstream, densely populated districts 123 
(Chen et al., 2020), disproportionately affecting riverside communities. Land cover heterogeneity 124 
further shapes resilience patterns, as green spaces and water bodies mitigate flood impacts more 125 
effectively than impervious transport surfaces (Liu et al., 2023; Wang et al., 2023). Built environment 126 
features such as road network density and land use diversity also reveal spatially contingent effects; 127 
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mixed-use neighborhoods typically enjoy superior access to emergency resources compared to single-128 
function areas, whereas unchecked expansion of impervious surfaces can exacerbate local flooding 129 
(Ibrahim et al., 2024; Qi et al., 2025).Socioeconomic factors—such as population density, public 130 
service availability, and community networks—likewise operate in context-dependent ways. While 131 
high-density communities may experience resource strain during disasters (Jeong & Yoon, 2018a), 132 
they often cultivate stronger mutual aid networks (Zahnow et al., 2019a). 133 
 134 
Crucially, the spatially varied effects of these determinants are not constant over time but shift across 135 
the disaster lifecycle, bringing us to the second gap.In the emergency phase, rapid physical access 136 
and immediate resource availability tend to dominate resilience outcomes. In contrast, the long-term 137 
recovery phase increasingly depends on sustained social infrastructure, environmental quality, and 138 
economic revitalization capacity (Finucane et al., 2020). Current decision-support systems often fail 139 
to capture these nonlinear, time-dependent relationships. Addressing this gap calls for localized, 140 
stage-sensitive models capable of informing decision-making across the entire resilience timeline. 141 
 142 
2.3 Modeling Approaches for Resilience Analysis 143 
To bridge the identified gap, resilience modeling requires approaches that simultaneously account for 144 
spatial heterogeneity and non-linear interactions, enabling localized insights into post-disaster 145 
recovery. Traditional statistical and global machine learning models generate factor importance 146 
values for an entire study area (Agonafir et al., 2022; Cheng et al., 2020), assuming uniform effects 147 
across space (Chen & Ji, 2021). GWRF model offers a promising solution by integrating the 148 
interpretability of Geographically Weighted Regression with the non-linear predictive capacity of 149 
Random Forests (Wu et al., 2024b; Yi et al., 2024; Zhang et al., 2024). Unlike conventional RF, 150 
which estimates factor importance at a global scale, GWRF model computes locally weighted 151 
decision trees for each spatial unit(Grekousis et al., 2022), allowing the relative influence of variables 152 
to vary across locations (Ma et al., 2025). This enables the identification of location-specific top 153 
drivers of recovery disparities. For example, that drainage density may be the dominant determinant 154 
in low-lying flood-prone districts, while road network connectivity or healthcare facility accessibility 155 
may exert greater influence in inland areas. 156 
 157 
Beyond ranking local factors, GWRF model also extract optimal value ranges for each determinant 158 
within a given location(Ma et al., 2025; Wu et al., 2024a; Yue & Chen, 2025), thereby offering 159 
actionable guidance. For instance, in a community where road network density is the most influential 160 
variable during the emergency phase, the model can indicate the threshold density above which 161 
marginal improvements yield minimal gains. Similarly, for green space ratio or maximum daily 162 
rainfall tolerance (Munpa et al., 2022a; Wang et al., 2019), GWRF-derived partial dependence 163 
profiles can quantify the local spot for resilience optimization. By providing such localized 164 
prescriptions, policy-makers can prioritize investments that deliver the highest returns for specific 165 
neighborhoods, rather than applying uniform strategies that may underperform in certain contexts. 166 
By incorporating spatially varying relationships, the GWRF approach captures spatial heterogeneity 167 
in both the magnitude and direction of factor impacts, while also producing local R²values that reveal 168 
where the model fits well and where resilience determinants remain unexplained. 169 
 170 
Through this combination of spatial adaptivity and non-linear modeling, GWRF model narrows the 171 
current methodological gap and enhances the practical relevance of resilience analysis. It enables 172 
decision-makers to answer three critical questions for each location: (1) Which factors matter most 173 
for recovery here? (2) How strongly do they influence outcomes in different recovery phases? (3) To 174 
what extent should each factor be improved to maximize resilience gains? This capacity to move from 175 
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global averages to place-based, quantitatively optimized recovery strategies. 176 
 177 

3. Methodology 178 

This study follows a three-step methodology to bridge subjective and objective resilience. As shown 179 
in Fig. 1, the process involves measuring resilience disparities, modeling local determinants using 180 
GW-RF, and conducting optimization analysis to predict targeted improvements. First, the baseline 181 
GWRF models are applied to identify communities with low resilience scores, forming the set of 182 
vulnerable communities. Second, for each vulnerable community, the locally dominant factor is 183 
extracted from the model’s variable importance ranking. Third, Partial Dependence Plots (PDPs) are 184 
generated to explore non-linear effects and to determine the optimal value range for the dominant 185 
factor. Finally, the framework simulates adjustments of the dominant factor within its optimal range 186 
and forecast post-intervention resilience improvements. 187 

 188 

Fig.1. Analytical Framework 189 
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补充：关于主客观韧性因⼦的具体评估⽅法。 190 

3.1 Measuring Subjective and Objective Urban Resilience 191 

The subjective city performance curve evaluates residents’ subjective resilience by capturing how 192 
effectively post-disaster service restoration meets their needs over time. Unlike conventional 193 
approaches that rely on static satisfaction surveys, this study uses a needs-fulfillment performance 194 
curve(Pan et al., 2022a; Zhao et al., 2025), which traces the progressive resolution of residents’ 195 
demands. The area under the curve serves as a quantitative indicator of resilience (Bruneau et al., 196 
2003), reflecting both the timeliness and completeness of recovery efforts from the residents’ 197 
perspective. The objective city performance curve quantifies objective resilience by measuring the 198 
functional restoration of urban infrastructure using the same demand categories as in the subjective 199 
analysis, ensuring direct comparability. Service restoration is defined as the ratio of restored capacity 200 
to total demand at each time point.  201 
(1) Data collection and preprocessing. High-resolution, post-disaster resident demand data were 202 
compiled from multiple channels, including smart city management platforms, municipal service 203 
hotlines, official social media accounts, and mobile applications. Each record contains street-level 204 
geographic coordinates and minute-level timestamps, enabling fine-grained spatiotemporal analysis. 205 
A multi-step preprocessing pipeline ensures data reliability: (i) duplicate and irrelevant entries are 206 
removed; (ii) natural language processing converts unstructured complaints into structured fields 207 
capturing demand type, municipal responses, and resolution details; (iii) time series track the interval 208 
from request submission to resolution; (iv) spatial information is standardized via GIS-based 209 
geocoding. Objective data are obtained from IoT-enabled infrastructure monitoring systems and GIS-210 
based service coverage models, capturing real-time operational status for electricity, water, gas, 211 
transportation, communication, and public services. Preprocessing includes (i) removal of erroneous 212 
or missing sensor records, (ii) normalization of service status to percentage capacity restored, and (iii) 213 
alignment with the demand categories identified in the subjective analysis. AUC values for each 214 
category serve as objective resilience scores.  215 
(2) Demand categorization.Latent Dirichlet Allocation (LDA) topic modeling is employed to group 216 
complaints into semantically coherent categories, including: infrastructure restoration (e.g., electricity, 217 
water, transportation), provision of essentials (e.g., food, medical supplies), public service restoration 218 
(e.g., healthcare, education), environmental cleanup, and psychological support. Preprocessing steps 219 
such as tokenization, stop-word removal, and stemming ensure model accuracy, and expert validation 220 
aligns categories with real-world disaster contexts. 221 
(3) Curve construction. For each category, the needs fulfillment ratio—resolved demands divided 222 
by total demands—is calculated at each time point. Performance curves are plotted with time on the 223 
x-axis and needs fulfillment on the y-axis, and the integrated area is computed as the subjective 224 
resilience score. Integrating these curves with GIS reveals spatial disparities, pinpointing 225 
communities with low perceived recovery performance.. 226 

3.2 Modeling Determinants of Subjective and Objective Resilience 227 

3.2.1 Geographically Weighted Random Forest (GWRF) Model  228 

The Geographically Weighted Random Forest (GWRF) model integrates the spatial adaptiveness of 229 
Geographically Weighted Regression (GWR) with the nonlinear predictive power of Random Forest 230 
(RF), making it suitable for resilience modeling in spatially heterogeneous urban contexts. Unlike 231 
conventional global models that assume spatial stationarity, GWRF calibrates localized RF sub-232 
models for each spatial unit using geographically weighted data, enabling the derivation of location-233 
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specific feature importance scores. In this study, GWRF was implemented via the SpatialML package 234 
in R to predict subjective and objective resilience using nine pre-disaster attributes.  235 
(1) Geographically weighted regression (GWR). 236 
GWR extends global regression by estimating location-specific coefficients, weighted by the 237 
proximity of neighboring observations within a predefined bandwidth. The GWR model can be 238 
expressed as: 239 

𝑦! = 𝛽"(𝑢! , 𝑣!) + ∑ 𝛽#$
#%& (𝑢! , 𝑣!)𝑥!# + 𝜖! (1) 240 

Where 𝑦! represents the dependent variable for community 𝑖, (𝑢! , 𝑣!) denotes the coordinates of 241 
community i , 𝛽#(𝑢! , 𝑣!)  signifies the local coefficient estimate for independent variable 𝑥#  at 242 
community 𝑖, and 𝜖! represents the residual error.  243 
Location-specific parameter estimates are achieved by considering neighboring observations within 244 
a selected bandwidth for each community. The estimation of parameters at a specific location (𝑢! , 𝑣!) 245 
is formulated as: 246 

𝛽/(𝑢! , 𝑣!) = (𝑋'𝑊(𝑢! , 𝑣!)𝑋)(&𝑋'𝑊(𝑢! , 𝑣!)𝑌  (2) 247 
Where 𝛽/(𝑢! , 𝑣!) represents the estimated location-specific parameters, 𝑋 and 𝑌 are matrices of 248 
independent and dependent variables, respectively, for neighboring communities within a predefined 249 
bandwidth. The bandwidth can be categorized into two types: adaptive bandwidth and fixed 250 
bandwidth. Adaptive bandwidth selects neighbors based on a specified number, while fixed 251 
bandwidth chooses neighbors within a certain distance range. W represents the spatial weight matrix. 252 
(2) Random Forest (RF) 253 
RF is an ensemble of decision trees trained on bootstrap samples, with random feature selection at 254 
each split to enhance generalization. Each tree is trained on a random subset of the dataset, created 255 
through bootstrap sampling, and uses a randomly selected subset of features at each node split. In the 256 
aggregation phase, RF averages the predictions of all trees to produce a continuous output, making it 257 
suitable for regression tasks. This can be expressed as: 258 

𝑌3 = &
)!"##

∑ 𝑇$
)!"##
$%& (𝑋) (3) 259 

Where 𝑌3  is the final predicted value, 𝑁*+,, is the number of trees in the forest, and 𝑇$(𝑋) is the 260 
prediction of the 𝑘*- decision tree for input 𝑋. 261 
(3)Geographically Weighted Random Forest (GWRF) model 262 
GWRF model combines these two approaches by training a separate RF model for each location using 263 
geographically weighted subsets of the data. GWRF extends global RF by incorporating a spatial 264 
weight matrix, which calibrates local RF model for each sub-area based on neighboring observations. 265 
This decomposition into local sub-models accounts for spatial variations in the relationships between 266 
input variables and resilience outcomes, addressing limitations of global models that assume spatial 267 
stationarity. GWRF model captures both nonlinear effects and spatial autocorrelation, making it well-268 
suited for high-dimensional, multi-source datasets. The regression equation for the GWRF model is 269 
given by: 270 

𝑌! = 𝑅𝐹:𝑋! , (𝑢! , 𝑣!); + 𝜖! (4) 271 

Where 𝑌! is the dependent variable value for the 𝑖*- observation, 𝑅𝐹:𝑋! , (𝑢! , 𝑣!); is the prediction 272 
from the RF model calibrated at location 𝑖, and 𝜖! represents the error. 273 
The widely used adaptive bi-square kernel function was adopted as the distance-weighting function: 274 
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𝑤!# = =>1 − :𝑑!#/𝑏;
.D
.

if	𝑑!# < 𝑏
0 otherwise

 (5) 275 

Where 𝑤!# denotes the weight between community 𝑖 and community 𝑗, 𝑑!# represents the distance 276 
between these two communities, and 𝑏 is the critical distance from regression point 𝑖 to its 𝑀*- 277 
nearest neighbor. The distance weighting function assigns greater weight to data points closer to the 278 
regression point, with weights decreasing for data points further away. 279 
In this study, GWRF model predicts subjective and objective resilience, measured as the population 280 
coverage ratio of satisfied demands across three recovery stages, using the nine pre-disaster attributes 281 
as inputs. The model generates location-specific feature importance scores, revealing how the 282 
influence of each attribute—such as precipitation intensity or social vulnerability—varies 283 
geographically. For instance, one variable may have a stronger impact on resilience in flood-prone 284 
areas. By integrating spatial weighting with ensemble approach, GWRF mitigates spatial instability 285 
and enhances predictive accuracy. The outputs are visualized as spatially varying performance curves, 286 
enabling comparative analysis of subjective and objective resilience across communities.  287 

3.2.2 Model Parameter Settings  288 

Four key parameters of GWRF model were tuned via spatial cross-validation: the bandwidth, the 289 
number of features considered at each node split (mtry), the number of trees (n_estimators), and the 290 
maximum tree depth (max_depth). These parameters are tuned to balance local and global model 291 
stability, as validated by R² metrics. The bandwidth determines the spatial range of the local 292 
neighborhood used to calibrate each RF sub-model at a given community with coordinates (𝑢! , 𝑣!). 293 
An adaptive bandwidth is employed, selecting a fixed number of nearest neighbors to ensure 294 
consistent sample sizes across subregions with varying spatial densities. The mtry specifies the 295 
number of features randomly selected at each node split in the decision trees. The n_estimators in 296 
each local RF sub-model is adjusted to achieve sufficient ensemble diversity while maintaining 297 
computational efficiency. 298 
Parameter tuning is conducted using a grid search over a range of bandwidth, mtry, n_estimators. For 299 
each combination, the GWRF model is trained and evaluated using the validation metrics (local R², 300 
global R², RMSE, and MAE), with spatial cross-validation to account for spatial autocorrelation. The 301 
selection process evaluates model performance using local R², which measures subregional ability, 302 
and global R², which assesses overall fit.  303 

3.2.3 Model Validation  304 

(1) Local Fit (Local R²) 305 
local R² is calculated to evaluate the GWRF model’s explanatory power at individual communities.  306 
Unlike global R², which assumes spatial homogeneity, local R² accounts for spatial heterogeneity by 307 
focusing on data within a spatially weighted neighborhood defined by the adaptive bi-square kernel 308 
function. Local R² reflects the model’s explanatory power within each subregion’s specific context, 309 
avoiding bias from global variance that may not represent local conditions, particularly in areas with 310 
high spatial heterogeneity. The local R² is computed as: 311 

𝑅!. = 1 −
𝑅𝑆𝑆!
𝑇𝑆𝑆!

	(6) 312 

𝐿𝑜𝑐𝑎𝑙	𝑅𝑆𝑆! , the local Residual Sum of Squares, measures the total squared difference between 313 
observed and predicted resilience outcomes in the local neighborhood. 314 
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𝑅𝑆𝑆! = Y 𝑤!#
#∈)$

:𝑦# − 𝑦Z#;
.	(7) 315 

𝐿𝑜𝑐𝑎𝑙		𝑇𝑆𝑆! , the local Total Sum of Squares, measures the total variance of observed resilience 316 

outcomes relative to the local mean (𝑦‾)$) within the neighborhood (𝑁!): 317 

𝑇𝑆𝑆! = Y 𝑤!#
#∈)$

:𝑦# − 𝑦‾)$;
.	(8) 318 

𝑦‾)$ =
∑ 𝑤!##∈)$ 𝑦#
∑ 𝑤!##∈)$

	(9) 319 

Where 𝑦‾)$ is the spatially weighted mean of observed resilience outcomes in (𝑁!). 𝑤!# is the spatial 320 

weight from the adaptive bi-square kernel. 𝑁!  is the set of observations within the adaptive 321 
bandwidth centered at i. 322 
(2)Global Fit (Global R²) 323 
Global R², RMSE, and MAE were computed on a held-out test set to assess overall model 324 
generalization These metrics evaluate the model’s performance on a held-out test set. The global R² 325 
measures the proportion of total variance explained across all communities: 326 

𝑅² = 1 −
∑ (𝑦! − 𝑦Z!).)
!%&

∑ (𝑦! − 𝑦‾).)
!%&

(10) 327 

Where 𝑦! is the observed resilience outcome, 𝑦Z! is the predicted outcome, 𝑦 is the global mean, 328 
and 𝑁 is the number of communities. A higher R² indicates better overall fit. In addition, the Root 329 
Mean Squared Error (RMSE) quantifies the average magnitude of prediction errors: 330 

𝑅𝑀𝑆𝐸 = a
1
𝑁Y

(𝑦! − 𝑦Z!).
)

!%&

(11) 331 

The Mean Absolute Error (MAE) measures the average absolute difference between observed and 332 
predicted values: 333 

𝑀𝐴𝐸 =
1
𝑁Y

|𝑦! − 𝑦Z!|	(12)
)

!%&

 334 

 335 

3.3 Optimization Analysis for Resilience Enhancement and Gap Narrowing  336 

3.3.1 Defining Optimization Rules for Key Factors  337 

(1) Identifying dominant Factors Based on Feature Importance 338 
In the GWRF model, feature importance is divided into global importance, which reflects the average 339 
influence of a variable across the entire study area, and local importance, which captures the variable’s 340 
contribution to resilience predictions within specific communities. Local importance is particularly 341 
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valuable because a factor that appears insignificant at the global scale may exert substantial influence 342 
in certain subregions due to spatial heterogeneity.  343 
For each community, the local feature importance of variable (𝑗) at location (u0, v0) is calculated 344 
using the Percentage Increase in Mean Squared Error (%IncMSE) within the local RF sub-model: 345 

𝐹𝐼#(𝑢! , 𝑣!) = %𝐼𝑛𝑐𝑀𝑆𝐸#(𝑢! , 𝑣!) =
1
𝑇Yj

𝑀𝑆𝐸*,2,+3,# −𝑀𝑆𝐸*,456,
𝑀𝑆𝐸*,456,

× 100l
'

*%&

(13) 346 

Where 𝑀𝑆𝐸*,456,  is the out-of-bag mean squared error for tree (𝑡)  before permutation, and 347 
𝑀𝑆𝐸*,2,+3,# is the MSE after permuting variable (𝑗). Averaging over trees ensures a stable estimate 348 
by accounting for variability across the ensemble. This permutation-based approach ensures that the 349 
contribution of each variable is assessed relative to the local data context, accounting for spatial 350 
heterogeneity. To standardize comparisons across each sub-area, importance scores are normalized: 351 

𝑁𝐹𝐼#(𝑢! , 𝑣!) =
𝐹𝐼#(𝑢! , 𝑣!)

∑ 𝐹7
$%& 𝐼$(𝑢! , 𝑣!)

(14) 352 

Where 𝑁𝐹𝐼#(𝑢! , 𝑣!) is the normalized feature importance for variable (𝑗), and 𝐽 is the total number 353 
of input variables. This normalization ensures that the sum of importance scores for all variables at 354 
each location equals one, facilitating the identification of dominant factors. 355 
(2)Ranking Dominant Factors 356 
For each community, variables are ranked by their normalized local importance scores. The variable 357 
with the highest score is designated as the primary dominant factor, followed by the second- and 358 
third-most important variables. This ranking is conducted separately for subjective resilience (based 359 
on resident needs fulfillment) and objective resilience (based on service restoration) to highlight 360 
differences in their drivers. 361 

𝐷𝐹! = 𝑎𝑟𝑔𝑚𝑎𝑥
#
𝑁𝐹𝐼#(𝑢! , 𝑣!)(15) 362 

Where 𝐷𝐹! is the dominant factor for community 𝑖, and the argmax function returns the variable 363 
j with the highest normalized feature importance. This approach ensures that the most influential 364 
factor is identified locally for each subregion, reflecting spatial variations in the drivers of resilience. 365 
To summarize the prevalence of each variable across the study area, the proportion of communities 366 
where variable j is the primary dominant factor is calculated: 367 

𝑃# =
∑ 𝐼)
!%& (𝐷𝐹! = 𝑗)

𝑁 (16) 368 

where :𝑃#; is the proportion of communities where variable j is the primary dominant factor, 𝑁 is 369 
the total number of communities, and :𝐼(⋅); is an indicator function returning 1 if the condition is 370 
true and 0 otherwise. 371 

3.3.2 Guiding Adjustments to Dominant Factors Using Local PDPs 372 

Optimization rules are derived from Partial Dependence Plots (PDPs), which visualize the marginal 373 
effect of a single variable on predicted resilience while holding all other factors constant. The global 374 
PDP assumes spatial homogeneity and is calculated as: 375 

𝑃𝐷𝑃6(𝑥6) =
1
𝑛Y𝑓

8

!%&

:𝑥6, 𝑥(6,!;(17) 376 

Where (f(·)) is the global RF model trained on the entire dataset, and each observation is assigned 377 
equal weight. Unlike local PDPs, global PDPs do not account for spatial heterogeneity, providing a 378 
baseline average effect across the study area. 379 
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For a specific geographic location (𝑢! , 𝑣!)  , the local PDP for variable (𝑥6)  is calculated to 380 
quantify its effect on resilience predictions within the local context: 381 

𝑃𝐷𝑃6(𝑢, 𝑥6) =Y𝑤!

8

!%&

(𝑢)𝑓!:𝑥6, 𝑥(6,!;(18) 382 

Where 𝑢 is the target geographic location, 𝑥6 is the target feature, 𝑥(6,! represents the values of 383 
all other features for the 𝑖 observation, 𝑓!(⋅) is the prediction function of the local RF model at 384 
location 𝑢, calibrated using the spatially weighted dataset,and  𝑤!(𝑢) is the geographic weight for 385 
observation i relative to location u, derived from the adaptive bi-square kernel function with the 386 
optimized bandwidth. 387 
For each community, the local PDP for the primary dominant factor is analyzed to formulate 388 
optimization rules. The PDP curve is examined to identify the value that maximizes predicted 389 
resilience within practical constraints (e.g, policy or infrastructure feasibility). The slope and shape 390 
of the curve guide the direction and magnitude of adjustments: a steep slope indicates high sensitivity 391 
to changes, while a plateau suggests diminishing returns. Optimization rules are defined separately 392 
for subjective and objective resilience to account for differences in their response to factor 393 
adjustments. 394 

3.3.3 Predicting Resilience Enhancement with GWRF Model 395 

(1)Adjusting dominant factors and predicting resilience outcomes 396 
For each community at coordinates (𝑢! , 𝑣!), the primary dominant factor (𝐷𝐹!) is adjusted based 397 
on optimization rules derived from Partial Dependence Plots. The PDP for the dominant factor, 398 
𝑃𝐷9:$:𝑥9:$; 𝑢! , 𝑣!;, is used to select a target value :𝑥9:$

∗ ; that maximizes the predicted resilience 399 
outcome within practical constraints. The adjustment is applied by setting the value of 𝐷𝐹! to 𝑥9:$

∗  400 
in the local dataset, while keeping other variables unchanged. The GWRF model, calibrated with the 401 
optimal parameters, is used to re-predict resilience outcomes for both subjective and objective 402 
dimensions. The prediction function for the local RF sub-model at community generates updated 403 
resilience values: 404 

𝑦Z!∗ = 𝑓:𝑋9:$ = 𝑥9:$
∗ , 𝑋¬9:$; 𝑢! , 𝑣!;(19) 405 

Where 𝑦Z!∗ is the predicted resilience outcome after adjustment, 𝑋9:$ = 𝑥9:$
∗  is the adjusted value 406 

of the dominant factor, and 𝑋¬9:$ represents the unchanged values of other variables. This process 407 
is repeated for each community to generate a spatially varying set of enhanced resilience predictions. 408 
(2)Quantifying enhancement and analyzing drivers 409 
Enhancement is calculated separately for subjective and objective resilience to evaluate the 410 
effectiveness of factor adjustments in each dimension. The enhancement is defined as the relative 411 
change in predicted resilience outcomes before and after adjustment. This metric is computed 412 
separately for subjective and objective resilience to assess the effectiveness of factor adjustments in 413 
each dimension. The calculation accounts for the local context by using the spatially weighted dataset 414 
and model parameters, ensuring that enhancements reflect subregion-specific conditions. 415 
Finally, a comparative driver analysis is conducted across short-term (infrastructure-focused), mid-416 
term (social service-focused), and long-term (land use-focused) recovery stages. This involves 417 
comparing normalized local feature importance scores across the two resilience types to identify 418 
stage-specific patterns in resilience determinants.  419 

4. Results and Discussion 420 
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4.1 Study area and Data description 421 

The study area encompasses 779 disaster-affected communities in southwestern Beijing, a region 422 
characterized by diverse topography, land use, and socioeconomic conditions, as shown in Fig.2. The 423 
July 31, 2023, rainstorm serves as the case study event, providing a critical context for assessing 424 
resilience across pre-disaster preparedness, disaster response, and post-disaster recovery stages. The 425 
area covers 3,467 km² with a population of 1.707 million, impacting over 1.31 million residents. 426 
Communities are represented as a spatial grid, enabling geographically explicit analysis of resilience 427 
drivers. The dataset integrates independent variables, grouped into natural environment, built 428 
environment, and socioeconomic categories. Data were compiled from remote sensing, government 429 
records, and resident surveys, covering July 31 to November 1, 2023. The independent data 430 
encompass three categories.  431 

 432 
Fig.2. Study area and dataset in each block 433 

(1) Natural Environment: Includes average precipitation, river network density, land cover diversity, 434 
and terrain slope. Average precipitation (mm) reflects hydrological conditions, derived from raster 435 
data using zonal statistics. River network density (km/km²) measures water system distribution, 436 
calculated from a Digital Elevation Model (DEM) via watershed and line density analyses. Land 437 
cover diversity, quantified using the Shannon Diversity Index (SHDI), captures the variety of cover 438 
types (e.g., forests, water bodies), with higher values indicating greater diversity. Terrain slope 439 
(degrees) describes topographic variation, derived from DEM-based slope analysis.  440 
(2) Built Environment: Comprises impervious surface ratio, land use diversity, road network density, 441 
service facility density, and commercial facility density. Impervious surface ratio (%) quantifies non-442 
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permeable surfaces (e.g., roads, roofs) from remote sensing imagery. Land use diversity, also 443 
measured via SHDI, reflects socioeconomic functions (e.g., residential, commercial). Road network 444 
density (km/km²) assesses transportation infrastructure, weighted by road type. Service and 445 
commercial facility densities (points/km²) capture urban functionality, derived from Point of Interest 446 
(POI) data (e.g., public services, businesses) using kernel density analysis. 447 
(3)Socioeconomic Factors: Includes population density and nighttime light intensity. Population 448 
density (people/km²) indicates population distribution, interpolated using Inverse Distance Weighting 449 
(IDW). Nighttime light intensity (radiance units) reflects economic activity, extracted from satellite 450 
imagery. 451 
The dependent variables measure subjective and objective resilience. The data of subjective resilience 452 
are derived from surveys of over 150,000 anonymized, geotagged resident appeals, capturing 453 
satisfaction and unmet needs post-disaster. Subjective Service Coverage is defined as the ratio of 454 
residents with resolved service requests to the total affected population per community, serving as a 455 
proxy for governmental responsiveness. Similarly, the objective resilience data are sourced from 456 
government records on infrastructure and service restoration. Objective Service Coverage quantifies 457 
the proportion of the population with restored access to critical services (e.g., power, water), 458 
calculated by aggregating operational facility service areas within community boundaries. This metric 459 
represents the physical restoration progress, measured through infrastructure service capacity 460 
recovery.  461 
Spatial data were processed in ArcGIS Pro to align with the 779-community grid. Independent 462 
variables were extracted, clipped, and aggregated to the community level using spatial analysis tools 463 
(e.g., zonal statistics, kernel density). Dependent variables were computed by integrating survey and 464 
government data, with resident information encrypted and anonymized to ensure privacy. This dataset 465 
supports the GWRF model’s spatially explicit analysis of resilience drivers and optimization 466 
strategies. The data description and processing are shown in Table 1.  467 
 468 

Table 1. Data description 469 

Item Data 
category Source Data processing 

1 Precipitation Meteorological Administration 
(https://bj.cma.gov.cn/) 

Extracted from rainfall raster 
data and processed using zonal 

statistics 

2 River network NASA (https://www.nasa.gov/) 

Derived from a Digital 
Elevation Model and 

calculated using density 
analysis 

3 Terrain slope National Science and Technology Resource Sharing 
Service Platform (http://www.ircip.cn/) 

Processed through slope 
analysis, mask extraction, and 

zonal statistics 

4 Land cover  Wuhan University SinoLC-1 Dataset 
(https://doi.org/10.5281/zenodo.7707461) 

Processed through coordinate 
transformation, cell 

segmentation, classified area 
calculation, and zonal statistics 5 Land use Tsinghua University EULUC-China Dataset 

(https://data-starcloud.pcl.ac.cn/iearthdata/) 

6 Impervious 
surfaces 

Wuhan University CLCD 
Dataset(http://doi.org/10.5281/zenodo.4417809) 

Extracted using masking 
techniques with area tables 

generated 

7 POI AutoNavi Map API Interface (https://lbs.amap.com/) Processed through coordinate 
transformation, cell 
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segmentation, kernel density 
analysis, and zonal statistics 

8 Rail and Road 
network OSM platform (https://www.openstreetmap.org/) 

Processed through 
transformation, projection, 
feature splitting, and value 

calculation. 

9 Population LandScan (https://landscan.ornl.gov/) 
Assessed through inverse 

distance weighting combined 
with zonal statistics 

10 Night light National Earth System Science Data Center
（http://www.geodata.cn/） 

Extracted using masking and 
zonal statistics 

11 Perceived 
recovery data 

Surveys of geotagged resident appeals and feedback 
(https://www.beijing.gov.cn/) 

Calculated using LDA 
analysis, and performance 

curves 

12 Physical 
recovery data 

Government records on infrastructure and service 
restoration (https://www.beijing.gov.cn/) 

Calculated using need-based 
metrics aggregation and 

performance curves 

 470 

4.2 Spatial Heterogeneity of Subjective and Objective Resilience 471 
Following the extreme rainstorm, both the subjective and objective resilience exhibited clear spatial 472 
differentiation across post-disaster phases, as shown in Fig.3. The smallest disparities occurred in 473 
highly urbanized areas, larger disparities in low-urbanized areas, and the largest in medium-urbanized 474 
areas. On average, highly urbanized areas showed a daily lag of −2.6% in subjective resilience 475 
compared to objective resilience, low-urbanized areas recorded −3.8%, and medium-urbanized areas 476 
reached −7.2%. At the community level, 44.2% of communities exhibited an average negative 477 
disparity exceeding −5.0%, while 13.9% experienced positive disparities. 478 

 479 

  

Fig. 3. Assessment of subjective and objective resilience 480 

To further explore these disparities, spatial maps of subjective resilience (①) and objective 481 
resilience (② ) were generated in Fig. 4, with disparities calculated as subjective minus 482 
objective resilience. In the maps, red indicates over-action behavior (subjective resilience 483 
lagging behind objective resilience), while blue indicates under-action behavior (subjective 484 
resilience exceeding objective resilience). The spatial pattern of disparities evolves over time. 485 
In Phase I, under-action behavior dominates in low- and medium-urbanized communities, 486 
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suggesting slower subjective recovery compared to actual functional restoration. By Phase II, 487 
most communities shift to over-action behavior, indicating that objective resilience outpaces 488 
subjective resilience, especially in low-urbanized areas where prolonged recovery needs 489 
conflict with “top-down” rapid recovery strategies. In Phase III, the pattern becomes more 490 
heterogeneous: under-action remains common in low- and medium-urbanized areas, but highly 491 
urbanized areas show no significant misalignment between subjective and objective resilience. 492 
Overall, 36% of communities displayed under-action behavior in Phase I, compared to 65% 493 
showing over-action behavior in Phase II, reflecting a temporal inversion between perceived 494 
and actual recovery conditions. 495 
These spatial and temporal disparities reveal that post-disaster resilience trajectories are 496 
mediated not only by physical recovery capacity but also by perception–reality alignment. In 497 
highly urbanized areas, smaller gaps may stem from well-integrated infrastructure and stronger 498 
information channels, which synchronize residents’ perceptions with actual recovery progress. 499 
In medium-urbanized areas, larger mismatches suggest that functional restoration is less 500 
visible or less accessible to residents, leading to delayed subjective recovery despite objective 501 
improvements. The inversion from under-action to over-action between Phases I and II points 502 
to a psychological rebound effect, where initial caution gives way to optimism, potentially 503 
driven by visible short-term repairs. Such mismatches highlight the risk of policy misalignment 504 
if recovery assessments rely solely on either subjective surveys or infrastructure metrics. 505 
 506 

 507 
Fig.4. Spatial heterogeneity of subjective and objective resilience across three recovery phases 508 

 509 
4.3 Identifying influencing factors of Subjective and Objective Resilience 510 
The selection of explanatory variables was guided by key factors influencing resilience under extreme 511 
rainstorm impacts, as summarized in Table 2 along with supporting literature. To ensure robustness, 512 
the Pearson correlation coefficient was applied to evaluate the linear association strength between 513 
each independent variable and the resilience indicators. This process evaluates potential 514 
multicollinearity, with coefficients below 0.7 indicating no significant multicollinearity among 515 
selected variables, supporting their inclusion in the GWRF model. 516 
 517 
Table 2. Independent variables  518 

 Variable Definition Supporting 
Reference Source Scale 

 Natural environment variables 

1 Precipitation 
intensity 

Average precipitation 
each area 

(Jeong & Yoon, 
2018b; Munpa et 

al., 2022b) 

Meteorological 
Administration 

(https://bj.cma.gov.cn/) 

Raster+500
m 

2 River network 
density 

River network density 
calculated for each 

area 

(Chen et al., 2020; 
Miller, 2020) 

NASA 
(https://www.nasa.gov/) Raster+30m 

3 Land cover 
index 

Shannon diversity 
index of landscape for 

each area 

(W. Liu et al., 2023; 
Y. Wang et al., 

2023) 

Wuhan University 
SinoLC-1 Dataset 

(https://doi.org/10.5281/
zenodo.7707461) 

Raster+1m 

 Built environment variables 
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4 
Impervious 

surface 
percentage 

Percentage of 
impervious surfaces 

for each area 

(F. Liu et al., 2021; 
X. Zhao & Huang, 

2022) 

Wuhan University 
CLCD 

Dataset(http://doi.org/10
.5281/zenodo.4417809) 

Raster+30m 

5 Land use 
index 

Shannon diversity 
index of land use 

types for each area 

(Ibrahim et al., 
2024; Qi et al., 

2025) 

Tsinghua University 
EULUC-China Dataset 

(https://data-
starcloud.pcl.ac.cn/ieart

hdata/) 

Raster+10m 

6 Road density Road density of each 
area 

(Dong et al., 2022; 
Gao et al., 2024) 

OSM platform 
(https://www.openstree

tmap.org/) 
Vector 

 Socio-Economy variables 

7 Population 
density 

Average population 
density per area 

(Yabe et al., 2020; 
Zahnow et al., 

2019b) 

LandScan 
(https://landscan.ornl.go

v/) 
Raster+1km 

8 Public facility 
density 

Kernel density of 
public facility per area 

(Hassan & 
Mahmoud, 2021; 

Mouratidis, 2021b) 

AutoNavi Map API 
Interface 

(https://lbs.amap.com/) 
Raster+2km 

9 
Recreation 

facility 
density 

Kernel density of 
recreation facility per 

area 

(Akbar & Aldrich, 
2025; Pan et al., 

2022b) 

AutoNavi Map API 
Interface 

(https://lbs.amap.com/) 
Raster+2km 

 519 

4.3.1 Global and local model performance 520 

Across GWRF models for both subjective and objective resilience, the majority of variables reached 521 
their peak R2 values at a bandwidth of 50, after which performance gradually declined with increasing 522 
bandwidth, as shown in Fig.5. This pattern indicates pronounced spatial heterogeneity, where local 523 
patterns are best captured at an intermediate neighborhood size. With mtry=3, most models 524 
maintained reliable R2 fits and greater stability. 525 
In the bandwidth optimization curve, the peak performance occurs around a bandwidth of 50, 526 
confirming it as the optimal value. Fig.5 illustrates the variation of both global and local R2 values 527 
with bandwidth. For the global model, R2 remains consistently high (~70%) regardless of bandwidth 528 
changes. For the local R2 in Fig.6, values rise sharply from ~30% at bandwidth 20 to ~60% at 529 
bandwidth 60, then stabilize beyond 70. This convergence suggests that a bandwidth of 50 offers the 530 
optimal balance between global stability and local fitting accuracy. 531 

 532 

Fig. 5. Spatial pattern of the local goodness-of-fit (R2 ) of the GWRF model 533 
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Fig. 6. Local R2 of the GWRF model of subjective, objective resilience and their disparities 534 

4.3.2 Feature Importance and Dominant Factors 535 

(1) Global feature importance 536 
Fig. 7 and 8 illustrate the global %IncMSE rankings for influencing factors across the overall 537 
monitoring period and the three recovery phases—Phase I (emergency response, first 72 hours), Phase 538 
II (short-term recovery, two weeks), and Phase III (long-term recovery, one month). “Land use index,” 539 
“precipitation intensity,” and “population density” emerge as consistently high-importance variables 540 
for both subjective and objective resilience, each with wide interquartile ranges, indicating strong but 541 
variable influence. 542 
Precipitation intensity is the dominant factor in Phase I for both resilience types, with relative 543 
importance exceeding 20%. However, its influence declines markedly to ~9% in Phases II and III. In 544 
contrast, the land use index shows minimal impact in Phase I but rises sharply in Phases II and III, 545 
surpassing 20% in relative importance, underscoring the growing role of spatial layout and land type 546 
in later recovery. Population density remains an influential factor across all phases, ranging from 13% 547 
to 17%, reflecting its persistent effect on both physical functionality and perceived conditions. 548 
Despite these commonalities, important differences exist between the two resilience types. 549 
Impervious surface percentage and river network density have substantial impacts on objective 550 
resilience but are less influential for subjective resilience, as they affect drainage and hydrological 551 
capacity—factors not always perceived by residents. Conversely, road density exerts greater influence 552 
on subjective resilience, especially in Phase I (13%), before declining to 9% and 4% in Phases II and 553 
III. This temporal profile highlights the critical role of visible and accessible transport networks in 554 
shaping perceptions during the golden emergency window, with diminishing influence as recovery 555 
shifts to reconstruction. 556 



 18 

 557 
Fig. 7. The global importance of each influencing factor on subjective resilience (%IncMSE) 558 

 559 
Fig. 8. The global importance of each influencing factor on objective resilience (%IncMSE) 560 

(2) Local feature importance 561 
Fig.9 and 10 present the spatial–temporal patterns of local feature importance for subjective and 562 
objective resilience. Three notable dynamics emerge: alignment on immediate physical stressors, 563 
temporal misalignment in functional recovery drivers, and divergence in the role of psycho-social 564 
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infrastructure. 565 
First, both resilience types align in their sensitivity to direct physical hazards and persistent 566 
demographic pressures. Precipitation intensity peaks in Phase I across urbanized eastern areas, 567 
reflecting its immediate threat to infrastructure and safety. Population density likewise maintains high 568 
importance across all phases in these areas, amplifying systemic strain on both physical systems and 569 
public perception. Second, service-oriented recovery drivers reveal temporal misalignments. 570 
Objective resilience is most influenced by land use index in Phases II and III, reflecting functional 571 
rebuilding priorities. In contrast, subjective resilience weights this factor moderately throughout, as 572 
residents’ perceptions remain anchored to their immediate surroundings rather than long-term 573 
planning. Finally, psycho-social infrastructure shows pronounced divergence. Recreation facility 574 
density holds significant weight for subjective resilience in Phase I, especially in dense urban centers, 575 
functioning as a “social buffer” for mental relief, information exchange, and community cohesion 576 
during acute crises. Objective resilience metrics, focused on physical recovery, register these facilities 577 
as far less critical, underscoring the limitations of purely infrastructure-driven assessments. 578 
 579 

 580 
Fig. 9. The local importance of influencing factors on subjective resilience (%IncMSE) 581 
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 582 
Fig. 10. The local importance of influencing factors on objective resilience (%IncMSE) 583 

The local feature importance patterns indicate that resilience drivers are not only spatially 584 
heterogeneous but also temporally shifting in their relevance. The critical role of recreation facilities 585 
in shaping subjective resilience underlines that social cohesion and psychological well-being are 586 
integral to perceived recovery, even if they do not directly enhance functional performance. Ignoring 587 
these psycho-social dimensions in recovery planning risks overlooking cost-effective interventions 588 
that can accelerate perceived recovery and community morale, particularly in densely populated 589 
districts. 590 

4.3.3 Nonlinear effects and adjustment guidance for factors 591 

Fig. 11 depict the marginal effects of nine factors on subjective and objective resilience using local 592 
Partial Dependence Plots (PDPs). The results reveal predominantly non-linear relationships, with 593 
clear thresholds, saturation points, and optimal ranges. The similarity of curve shapes across resilience 594 
types suggests comparable underlying mechanisms. 595 
Precipitation intensity and impervious surface ratio show contrasting effects. Precipitation exerts a 596 
negative influence, with resilience declining sharply up to ~360 mm before plateauing. Impervious 597 
surfaces contribute positively between 0.12 and 0.54, beyond which benefits level off, indicating 598 
diminishing returns in highly developed areas. 599 
Land use and land cover diversity, measured by Shannon’s Diversity Index (SHDI), both follow 600 
parabolic patterns—resilience peaks at moderate diversity (land use: 0.8–1.2; land cover: ~0.8) but 601 
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declines with excessive uniformity or fragmentation. Population density supports high resilience at 602 
low to moderate levels but drops sharply beyond ~9,800 people/km², stabilizing thereafter. 603 
River network density and road density exert positive effects up to saturation points—resilience 604 
increases with rising values (river: 0–0.15; roads: initial stages) but plateaus once core infrastructural 605 
needs are met. These patterns highlight the importance of targeted interventions—e.g., optimizing 606 
road connectivity in early recovery and enhancing drainage capacity in flood-prone areas—tailored 607 
to phase-specific resilience priorities. 608 

 609 
Fig. 11. The local importance of influencing factors on subjective and objective resilience 610 

 611 
These findings confirm that while hazard exposure and demographic pressure are common resilience 612 
determinants, the salience of other drivers is strongly perception-dependent. Hydrological and land 613 
use factors dominate objective resilience because they directly influence functional capacity, yet may 614 
remain invisible to residents. In contrast, road networks and other visible infrastructure 615 
disproportionately shape subjective resilience, especially in the immediate aftermath when mobility 616 
and accessibility are top-of-mind concerns. This divergence reinforces the need for resilience 617 
assessment frameworks that integrate both tangible system performance and the community’s lived 618 
experience, particularly when planning communication strategies and prioritizing early-phase 619 
interventions. 620 
The observed non-linearities and thresholds provide actionable insights for recovery planning. They 621 
suggest that more is not always better—beyond certain points, additional investment in impervious 622 
surfaces, road networks, or land diversity yields minimal resilience gains. This calls for precision 623 
targeting: in early phases, mobility enhancement and drainage improvement offer the highest returns; 624 
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in later phases, optimizing land use mix and maintaining moderate urban density can sustain both 625 
perceived and functional recovery. These results also caution against uniform investment strategies, 626 
advocating instead for data-driven thresholds to guide phase-specific and location-specific 627 
interventions. 628 
From a policy perspective, integrating subjective and objective metrics into routine post-disaster 629 
monitoring could enable real-time adjustment of recovery priorities. For example, where subjective 630 
resilience lags despite high functional performance, targeted communication, public engagement, and 631 
psycho-social support could bridge perception gaps. Conversely, where objective resilience is low 632 
despite high perceived recovery, structural upgrades and hazard mitigation measures should be 633 
prioritized to avoid complacency and latent vulnerabilities. Ultimately, resilient cities are those that 634 
align physical recovery trajectories with the lived experiences of their residents. 635 
4.4 Enhancement Strategies for Resilience Improvement 636 

4.4.1 Identification of Dominant Factors 637 

To develop targeted and effective resilience enhancement measures, it is imperative to identify the 638 
primary factors undermining the resilience of each area. Leveraging the feature importance scores 639 
from our resilience assessment model, this study identified 306 vulnerable communities and 640 
pinpointed the most critical factor within the study area. The spatial distribution of these dominant 641 
factors is illustrated in Fig. 12, which reveals distinct patterns across different levels of urbanization. 642 
In the high and medium urbanization zones, the dominant factors are primarily socio-economic. As 643 
depicted in the Figure, impervious surface percentage, recreation facility density and public facility 644 
density are the most prevalent critical factors. This is a logical outcome of urban development, where 645 
high concentrations of buildings, roads, and other sealed surfaces increase flood risk, while the 646 
accessibility and capacity of public infrastructure (e.g., emergency services, transportation hubs) 647 
become critical for managing urban stresses. Similarly, the density of recreation facilities emerges as 648 
a significant factor in these areas, highlighting the role of accessible public open spaces in emergence 649 
and enhancing social resilience. Conversely, in the low urbanization zone, the dominant factors are 650 
more closely linked to the natural environment and land management. Precipitation intensity is the 651 
most widespread dominant factor, indicating that these less developed, often topographically complex 652 
areas are highly sensitive to extreme rainfall events, which can trigger flooding and landslides. The 653 
land use index is also a key determinant of resilience in this zone, reflecting how the composition and 654 
configuration of different land uses—such as forests, agricultural land, and low-density residential 655 
areas—mediate the impacts of environmental hazards. 656 
In conclusion, this fine-grained identification of dominant factors provides a diagnostic foundation 657 
for policy-making. By understanding whether a community's primary vulnerability stems from its 658 
built infrastructure, land use patterns, or exposure to natural hazards, the enhancement strategies can 659 
be designed, moving beyond one-size-fits-all solutions toward a more context-sensitive approach to 660 
urban resilience. 661 
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 662 

Fig. 12. Dominant Factors in each area across different urbanized communities 663 

4.4.2 Subregion-Specific Interventions Using PDPs 664 

After identifying the dominant vulnerability factor for each community, we use Partial Dependence 665 
Plots (PDPs) to guide the formulation of targeted intervention strategies. These relationships are 666 
generally characterized by optimal ranges, saturation points, or critical thresholds, providing a clear 667 
roadmap for effective resource allocation. The proposed interventions are tailored to the dominant 668 
factor identified for each of the 306 vulnerable communities, with specific strategies varying by the 669 
type of factor-resilience relationship. 670 
1) Strategies for Factors with Optimal Ranges. For factors exhibiting a parabolic relationship with 671 
resilience, such as the land use index (related to land use and land cover diversity), the objective is to 672 
adjust community attributes to fall within the optimal performance window. For communities in the 673 
low urbanization zone where this is the dominant factor and diversity is below 0.8, planning policies 674 
should encourage mixed-use development and the integration of green spaces with residential or 675 
agricultural areas. Conversely, for communities where diversity is above 1.2 (indicating chaotic or 676 
fragmented land use), interventions should focus on strategic rezoning to create more cohesive 677 
functional areas and reduce fragmentation. 678 
2)Strategies for Factors with Saturation Points. Many infrastructure-related factors show 679 
diminishing returns, where initial investments yield significant resilience gains that later plateau. For 680 
these factors, the goal is to increase values up to the saturation point. Public and Recreation Facility 681 
Density: These factors, prevalent in medium-to-high urbanization zones, behave similarly to the road 682 
and river network densities analyzed in the PDPs. For communities where facility density is the 683 
dominant factor and falls below the identified saturation threshold, the clear strategy is infrastructure 684 
investment. This includes expanding the road network, increasing the number of public service points 685 
(e.g., clinics, fire stations), or creating new parks and public squares. However, for communities 686 
already at or beyond the saturation point, further densification of these features would be inefficient; 687 
resources should instead be allocated to addressing other vulnerabilities. Impervious Surface 688 
Percentage: For those above the 0.54 threshold, where the positive effects have saturated and 689 
negative externalities (e.g., runoff) may increase, the focus should shift to mitigation. This includes 690 
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implementing green infrastructure like permeable pavements, green roofs, and bioswales to offset the 691 
negative impacts of high imperviousness without sacrificing urban density. 692 
3) Strategies for Factors with Negative Thresholds. For factors that negatively impact resilience, 693 
especially beyond a critical threshold, interventions should focus on mitigation and enhancing 694 
adaptive capacity. Precipitation Intensity: This is the primary challenge in the low-urbanization zones. 695 
The PDP shows that resilience declines sharply as precipitation increases, with the effect stabilizing 696 
after approximately 360 mm. Since rainfall cannot be altered, the strategy is to bolster the 697 
community's coping capacity. This involves investing in nature-based solutions like restoring 698 
wetlands and riparian buffers to slow runoff, upgrading stormwater drainage infrastructure, and 699 
implementing robust early warning systems for floods and landslides. Efforts are most critical in areas 700 
sensitive to rainfall levels approaching the 360 mm threshold. 701 

4.4.3 Prediction of Resilience Enhancement with GWRF  702 

To quantify the effectiveness of the targeted interventions, we employed our predictive model to 703 
simulate the resilience enhancement for all 306 vulnerable communities. This allowed us to forecast 704 
the potential improvement in both subjective and objective resilience. The spatial distribution of these 705 
predicted enhancements is detailed in Figure 13-15, illustrating the outcomes across the study area 706 
and through the different phases of disaster management. 707 
The simulation predicts a significant overall improvement in subjective resilience, with a mean 708 
enhancement of 7.9% across the targeted communities. The most substantial gains are spatially 709 
concentrated in the low and medium urbanization zones. This suggests that interventions targeting 710 
factors like the land use index and mitigating the effects of precipitation are highly effective at 711 
improving residents' sense of safety and confidence in their community's recovery capabilities. When 712 
disaggregated by phase, the improvements show a distinct temporal pattern: a modest initial gain of 713 
0.8% in the emergency phase (Phase I), followed by a more substantial increase of 4.9% in the short-714 
term recovery phase (Phase II), and culminating in the largest average improvement of 8.3% in the 715 
long-term recovery phase (Phase III). This back-loaded success indicates that while the effects on 716 
perception are not immediate, the interventions build a strong foundation for long-term confidence 717 
and social recovery. 718 
For objective resilience, the model predicts a mean enhancement of 6.2%. The temporal distribution 719 
of these gains is markedly different from that of subjective resilience. We observe a dramatic front-720 
loading of benefits, with an average improvement of 13.2% in the emergency phase (Phase I), as 721 
depicted by the widespread, intense enhancements. This suggests that infrastructure upgrades provide 722 
an immediate and powerful boost to a community's physical capacity to withstand and respond to a 723 
crisis. The gains are more modest in the short-term recovery phase (Phase II) at 1.7%, before rising 724 
again to 10.3% in the long-term phase (Phase III), reflecting the lasting benefits of structural and 725 
systemic improvements. 726 
In summary, physical systems benefit immediately and profoundly from infrastructural optimization, 727 
particularly in urban cores, while subjective resilience improves more gradually as communities 728 
experience enhanced long-term recovery, especially in less urbanized areas. This dual analysis 729 
underscores the necessity of a phased and context-specific approach to building holistic urban 730 
resilience. 731 
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 732 
Fig. 13. Prediction of subjective resilience enhancement 733 

 734 
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Fig. 14. Prediction of objective resilience enhancement 735 

 736 
Fig. 15. Prediction of disparities between subjective and objective resilience enhancement 737 

 738 
Taken together, the findings emphasize that urban resilience enhancement is inherently context-739 
dependent and temporally dynamic. Policies that fail to differentiate between infrastructural and 740 
perceptual recovery risks misallocating resources—either overinvesting in physical assets without 741 
addressing social recovery gaps, or focusing on perception-building without securing the structural 742 
underpinnings of long-term safety. The proposed framework—combining spatially explicit dominant 743 
factor diagnosis with PDP-informed intervention thresholds—offers a transferable blueprint for 744 
tailoring resilience-building strategies to the specific vulnerabilities and recovery rhythms of diverse 745 
urban contexts. 746 
 747 
5. Conclusion 748 
This study developed an integrated analytical framework to enhance both subjective and objective 749 
dimensions of urban resilience by diagnosing dominant vulnerability factors at the community scale 750 
and designing targeted, phase-specific interventions. Using a combination of spatially explicit 751 
machine learning, Partial Dependence Plots (PDPs), and Geographic Weighted Random Forest 752 
(GWRF) simulation, we identified 306 vulnerable communities and revealed distinct resilience 753 
patterns across urbanization gradients. In high- and medium-urbanization zones, socio-economic and 754 
infrastructural factors such as impervious surface percentage, public facility density, and recreation 755 
facility density dominated, while low-urbanization zones were primarily constrained by precipitation 756 
intensity and land use configuration. By tailoring interventions to factor-specific thresholds—whether 757 
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optimal ranges, saturation points, or negative thresholds—we demonstrated that objective resilience 758 
gains can be achieved rapidly, particularly in the emergency phase, whereas subjective resilience 759 
improves gradually over the long term. These findings highlight that effective resilience building 760 
requires context-aware, spatially localized, and temporally adaptive strategies, moving beyond one-761 
size-fits-all policy prescriptions. The methodological framework is transferable to other hazard-prone 762 
urban regions, offering a practical decision-support tool for evidence-based resilience planning. 763 
Despite its contributions, this study has several limitations. First, the resilience assessment relied on available 764 
socio-demographic, infrastructural, and environmental datasets, which may not fully capture dynamic social 765 
processes such as informal support networks, governance capacity, or cultural coping mechanisms. Second, 766 
the identification of dominant factors was based on static pre-disaster attributes; while this provides a robust 767 
baseline for intervention, resilience is inherently dynamic, and factor importance may shift in response to 768 
evolving hazards, socio-economic changes, or climate impacts. Third, the simulation of intervention effects, 769 
while grounded in empirically observed relationships, remains a predictive approximation and does not 770 
substitute for longitudinal post-intervention monitoring. Future research should integrate time-series data, 771 
multi-hazard scenarios, and participatory approaches to better account for temporal dynamics and community 772 
agency. Expanding the framework to include real-time sensing, social media analytics, and adaptive policy 773 
feedback loops would further strengthen its applicability for proactive urban resilience management.  774 



 28 

References 775 

Adger, W. N., Barnett, J., Heath, S., & Jarillo, S. (2022). Climate change affects multiple dimensions of well-being 776 

through impacts, information and policy responses. Nature Human Behaviour, 6(11), 1465–1473. 777 

https://doi.org/10.1038/s41562-022-01467-8 778 

Agonafir, C., Lakhankar, T., Khanbilvardi, R., Krakauer, N., Radell, D., & Devineni, N. (2022). A machine learning 779 

approach to evaluate the spatial variability of New York City’s 311 street flooding complaints. Computers, 780 

Environment and Urban Systems, 97, 101854. https://doi.org/10.1016/j.compenvurbsys.2022.101854 781 

Akbar, M. S., & Aldrich, D. P. (2025). Assessing the role of socio-demographic characteristics, social support and 782 

formal disaster assistance in predicting the subjective recovery of flood survivors in Pakistan. JOURNAL 783 

OF HUMAN BEHAVIOR IN THE SOCIAL ENVIRONMENT, 35(5), 861–881. 784 

https://doi.org/10.1080/10911359.2024.2349619 785 

Bhattarai, S., Maycock, B., Alfonso, H., & Reid, A. (2020). Development of an integrated pathways model of factors 786 

influencing the progress of recovery after a disaster. Asia-Pacific Journal of Public Health, 32(5), 226–234. 787 

https://doi.org/10.1177/1010539520935386 788 

Birkmann, J., Schüttrumpf, H., Handmer, J., Thieken, A., Kuhlicke, C., Truedinger, A., Sauter, H., Klopries, E.-M., 789 

Greiving, S., Jamshed, A., Merz, B., Solecki, W., & Kirschbauer, L. (2023). Strengthening resilience in 790 

reconstruction after extreme events – Insights from flood affected communities in Germany. International 791 

Journal of Disaster Risk Reduction, 96, 103965. https://doi.org/10.1016/j.ijdrr.2023.103965 792 

Bruneau, M., Chang, S. E., Eguchi, R. T., Lee, G. C., O’Rourke, T. D., Reinhorn, A. M., Shinozuka, M., Tierney, 793 

K., Wallace, W. A., & Von Winterfeldt, D. (2003). A framework to quantitatively assess and enhance the 794 

seismic resilience of communities. Earthquake Spectra, 19(4), 733–752. https://doi.org/10.1193/1.1623497 795 

Brunsdon, C., Fotheringham, A. S., & Charlton, M. E. (1996). Geographically weighted regression: A method for 796 

exploring spatial nonstationarity. Geographical Analysis, 28(4), 281–298. https://doi.org/10.1111/j.1538-797 



 29 

4632.1996.tb00936.x 798 

Cardoso, R., Sobhani, A., & Meijers, E. (2022). The cities we need: Towards an urbanism guided by human needs 799 

satisfaction. Urban Studies, 59(13), 2638–2659. https://doi.org/10.1177/00420980211045571 800 

Chen, Y., & Ji, W. (2021). Enhancing Situational Assessment of Critical Infrastructure Following Disasters Using 801 

Social Media. Journal of Management in Engineering, 37(6), 04021058. 802 

https://doi.org/10.1061/(ASCE)ME.1943-5479.0000955 803 

Chen, Y., Liu, T., Chen, R., & Zhao, M. (2020). Influence of the built environment on community flood resilience: 804 

Evidence from nanjing city, China. Sustainability, 12(6), 2401. https://doi.org/10.3390/su12062401 805 

Cheng, L., De Vos, J., Zhao, P., Yang, M., & Witlox, F. (2020). Examining non-linear built environment effects on 806 

elderly’s walking: A random forest approach. Transportation Research Part D Transport and Environment, 807 

88, 102552. https://doi.org/10.1016/j.trd.2020.102552 808 

Chumo, I., Kabaria, C., Shankland, A., & Mberu, B. (2022). Unmet Needs and Resilience: The Case of Vulnerable 809 

and Marginalized Populations in Nairobi’s Informal Settlements. Sustainability, 15(1), 37. 810 

https://doi.org/10.3390/su15010037 811 

Dargin, J. S., & Mostafavi, A. (2020). Human-centric infrastructure resilience: Uncovering well-being risk disparity 812 

due to infrastructure disruptions in disasters. PLOS ONE, 15(6), e0234381. 813 

https://doi.org/10.1371/journal.pone.0234381 814 

Dong, S., Gao, X., Mostafavi, A., & Gao, J. (2022). Modest flooding can trigger catastrophic road network collapse 815 

due to compound failure. Communications Earth & Environment, 3(1), 38. https://doi.org/10.1038/s43247-816 

022-00366-0 817 

Finucane, M. L., Acosta, J., Wicker, A., & Whipkey, K. (2020). Short-term solutions to a long-term challenge: 818 

Rethinking disaster recovery planning to reduce vulnerabilities and inequities. International Journal of 819 



 30 

Environmental Research and Public Health, 17(2), 482. https://doi.org/10.3390/ijerph17020482 820 

Gao, W., Hu, X., & Wang, N. (2024). Resilience analysis in road traffic systems to rainfall events: Road environment 821 

perspective. Transportation Research Part D: Transport and Environment, 126, 104000. 822 

https://doi.org/10.1016/j.trd.2023.104000 823 

Grekousis, G., Feng, Z., Marakakis, I., Lu, Y., & Wang, R. (2022). Ranking the importance of demographic, 824 

socioeconomic, and underlying health factors on US COVID-19 deaths: A geographical random forest 825 

approach. Health & Place, 74, 102744. https://doi.org/10.1016/j.healthplace.2022.102744 826 

Gu, T., Zhao, H., Yue, L., Guo, J., Cui, Q., Tang, J., Gong, Z., & Zhao, P. (2025). Attribution analysis of urban social 827 

resilience differences under rainstorm disaster impact: Insights from interpretable spatial machine learning 828 

framework. Sustainable Cities and Society, 118, 106029. https://doi.org/10.1016/j.scs.2024.106029 829 

Gu, T., Zhao, H., Yue, L., Liu, Y., Guo, J., Tang, J., & Zhao, P. (2025). Spatial heterogeneity of urban resilience: 830 

Quantifying key determinants by spatial machine learning model embedded in density-structure-function 831 

framework. Cities, 167, 106305. 832 

Gu, Y., Liu, D., Arvin, R., Khattak, A. J., & Han, L. D. (2023). Predicting intersection crash frequency using 833 

connected vehicle data: A framework for geographical random forest. Accident Analysis and Prevention, 834 

179, 106880. https://doi.org/10.1016/j.aap.2022.106880 835 

Haque, A., & Fatema, K. (2022). Disaster risk reduction for whom? The gap between centrally planned Disaster 836 

Management Program and people’s risk perception and adaptation. International Journal of Disaster Risk 837 

Reduction, 82, 103229. https://doi.org/10.1016/j.ijdrr.2022.103229 838 

Hassan, E. M., & Mahmoud, H. (2021). Healthcare and education networks interaction as an indicator of social 839 

services stability following natural disasters. SCIENTIFIC REPORTS, 11(1), 1664. 840 

https://doi.org/10.1038/s41598-021-81130-w 841 



 31 

Huang, X., & Wang, N. (2024). Post-disaster restoration planning of interdependent infrastructure Systems: A 842 

framework to balance social and economic impacts. Structural Safety, 107, 102408. 843 

https://doi.org/10.1016/j.strusafe.2023.102408 844 

Ibrahim, A.-S., Kuuire, V., & Kepe, T. (2024). On mapping urban community resilience: Land use vulnerability, 845 

coping and adaptive strategies in ghana. Journal of Environmental Management, 370, 122426. 846 

https://doi.org/10.1016/j.jenvman.2024.122426 847 

Jeong, S., & Yoon, D. K. (2018a). Examining vulnerability factors to natural disasters with a spatial autoregressive 848 

model: The case of South Korea. Sustainability, 10(5). 849 

Jeong, S., & Yoon, D. K. (2018b). Examining Vulnerability Factors to Natural Disasters with a Spatial 850 

Autoregressive Model: The Case of South Korea. SUSTAINABILITY, 10(5), 1651. 851 

https://doi.org/10.3390/su10051651 852 

Li, H., Han, Y., Wang, X., & Li, Z. (2024). Risk perception and resilience assessment of flood disasters based on 853 

social media big data. International Journal of Disaster Risk Reduction, 101, 104249. 854 

https://doi.org/10.1016/j.ijdrr.2024.104249 855 

Lim, H. W., Zhang, F., Fang, D., Peña-Mora, F., & Liao, P.-C. (2021). Corporate social responsibility on disaster 856 

resilience issues by international contractors. Journal of Management in Engineering, 37(1), 4020089. 857 

https://doi.org/10.1061/(ASCE)ME.1943-5479.0000861 858 

Liu, F., Liu, X., Xu, T., Yang, G., & Zhao, Y. (2021). Driving Factors and Risk Assessment of Rainstorm 859 

Waterlogging in Urban Agglomeration Areas: A Case Study of the Guangdong-Hong Kong-Macao Greater 860 

Bay Area, China. WATER, 13(6), 770. https://doi.org/10.3390/w13060770 861 

Liu, W., Zhang, X., Qi Feng, Yu, T., & Engel, B. A. (2023). Analyzing the impacts of topographic factors and land 862 

cover characteristics on waterlogging events in urban functional zones. Science of The Total Environment, 863 



 32 

904, 166669. https://doi.org/10.1016/j.scitotenv.2023.166669 864 

Liu, Y., Li, Y., Yang, W., & Hu, J. (2023). Exploring nonlinear effects of built environment on jogging behavior 865 

using random forest. Applied Geography, 156, 102990. https://doi.org/10.1016/j.apgeog.2023.102990 866 

Liu, Z., & Liu, C. (2024). The association between urban density and multiple health risks based on interpretable 867 

machine learning: A study of American urban communities. Cities, 153, 105170. 868 

Lu, Y., Chen, Q., Yu, M., Wu, Z., Huang, C., Fu, J., Yu, Z., & Yao, J. (2023). Exploring spatial and environmental 869 

heterogeneity affecting energy consumption in commercial buildings using machine learning. Sustainable 870 

Cities and Society, 95, 104586. https://doi.org/10.1016/j.scs.2023.104586 871 

Lwin, K. K., Pal, I., Shrestha, S., & Warnitchai, P. (2020). Assessing social resilience of flood-vulnerable 872 

communities in ayeyarwady delta, myanmar. International Journal of Disaster Risk Reduction, 51, 101745. 873 

https://doi.org/10.1016/j.ijdrr.2020.101745 874 

Ma, S., Wang, Y., Chen, M., Ma, T., Li, W., & Chen, Y. (2025). Public emotions and the built environment in hazards: 875 

A case study of the Shenzhen catastrophic landslide. Cities, 160, 105814. 876 

https://doi.org/10.1016/j.cities.2025.105814 877 

Meerow, S., Newell, J. P., & Stults, M. (2016). Defining urban resilience: A review. Landscape and Urban Planning, 878 

147, 38–49. https://doi.org/10.1016/j.landurbplan.2015.11.011 879 

Miller, S. (2020). Greenspace After a Disaster: The Need to Close the Gap With Recovery for Greater Resilience. 880 

JOURNAL OF THE AMERICAN PLANNING ASSOCIATION, 86(3), 339–348. 881 

https://doi.org/10.1080/01944363.2020.1730223 882 

Mouratidis, K. (2021b). Urban planning and quality of life: A review of pathways linking the built environment to 883 

subjective well-being. CITIES, 115, 103229. https://doi.org/10.1016/j.cities.2021.103229 884 

Munpa, P., Kittipongvises, S., Phetrak, A., Sirichokchatchawan, W., Taneepanichskul, N., Lohwacharin, J., & 885 



 33 

Polprasert, C. (2022a). Climatic and hydrological factors affecting the assessment of flood hazards and 886 

resilience using modified UNDRR indicators: Ayutthaya, thailand. Water, 14(10), 1603. 887 

https://doi.org/10.3390/w14101603 888 

Munpa, P., Kittipongvises, S., Phetrak, A., Sirichokchatchawan, W., Taneepanichskul, N., Lohwacharin, J., & 889 

Polprasert, C. (2022b). Climatic and Hydrological Factors Affecting the Assessment of Flood Hazards and 890 

Resilience Using Modified UNDRR Indicators: Ayutthaya, Thailand. WATER, 14(10), 1603. 891 

https://doi.org/10.3390/w14101603 892 

Pan, S., Zhao, Z., Lim, H. W., Li, N., & Fang, D. (2022a). Restored Quality of Life-based approach (REQUALIFE) 893 

for urban seismic resilience assessment: Case study. International Journal of Disaster Risk Reduction, 79, 894 

103170. https://doi.org/10.1016/j.ijdrr.2022.103170 895 

Pan, S., Zhao, Z., Lim, H. W., Li, N., & Fang, D. (2022b). Restored quality of life-based approach (REQUALIFE) 896 

for urban seismic resilience assessment: Case study. International Journal of Disaster Risk Reduction, 79, 897 

103170. https://doi.org/10.1016/j.ijdrr.2022.103170 898 

Pan, S., Zhao, Z., Lim, H. W., Li, N., & Fang, D. (2022c). Restored quality of life-based approach (REQUALIFE) 899 

for urban seismic resilience assessment: Quantitative method. International Journal of Disaster Risk 900 

Reduction, 79, 103169. https://doi.org/10.1016/j.ijdrr.2022.103169 901 

Qi, X., Khu, S.-T., Yu, P., Liu, Y., & Wang, M. (2025). Integrating machine learning with the minimum cumulative 902 

resistance model to assess the impact of urban land use on road waterlogging risk. Journal of Hydrology, 903 

654, 132842. https://doi.org/10.1016/j.jhydrol.2025.132842 904 

Qiu, W., Zhang, Z., Liu, X., Li, W., Li, X., Xu, X., & Huang, X. (2022). Subjective or objective measures of street 905 

environment, which are more effective in explaining housing prices? Landscape and Urban Planning, 221, 906 

104358. https://doi.org/10.1016/j.landurbplan.2022.104358 907 



 34 

Rajput, A. A., Liu, C., Liu, Z., & Mostafavi, A. (2024). Human-centric characterization of life activity flood 908 

exposure shifts focus from places to people. Nature Cities, 1(4), 264–274. https://doi.org/10.1038/s44284-909 

024-00043-7 910 

Wang, S., Gao, K., Zhang, L., Yu, B., & Easa, S. M. (2024). Geographically weighted machine learning for modeling 911 

spatial heterogeneity in traffic crash frequency and determinants in US. Accident Analysis and Prevention, 912 

199, 107528. https://doi.org/10.1016/j.aap.2024.107528 913 

Wang, T., Liu, B., Zhang, J., & Li, G. (2019). A real options‐based decision‐making model for infrastructure 914 

investment to prevent rainstorm disasters. Production and Operations Management, 28(11), 2699–2715. 915 

https://doi.org/10.1111/poms.13074 916 

Wang, Y., Xie, Y., Chen, L., & Zhang, P. (2025). Identifying key drivers of urban flood resilience for effective 917 

management: Insights and implications. Geography and Sustainability, 6(4), 100278. 918 

https://doi.org/10.1016/j.geosus.2025.100278 919 

Wang, Y., Zhang, C., Chen, A. S., Wang, G., & Fu, G. (2023). Exploring the relationship between urban flood risk 920 

and resilience at a high-resolution grid cell scale. Science of The Total Environment, 893, 164852. 921 

https://doi.org/10.1016/j.scitotenv.2023.164852 922 

Wu, D., Zhang, Y., & Xiang, Q. (2024a). Could improving public transport accessibility reduce road traffic carbon 923 

dioxide emissions? A simulation-based counterfactual analysis. Journal of Transport Geography, 119, 924 

103970. https://doi.org/10.1016/j.jtrangeo.2024.103970 925 

Wu, D., Zhang, Y., & Xiang, Q. (2024b). Geographically weighted random forests for macro-level crash frequency 926 

prediction. Accident Analysis and Prevention, 194, 107370. https://doi.org/10.1016/j.aap.2023.107370 927 

Wu, Z., Chen, Y., Zheng, X., Huang, S., Duan, C., & Wang, P. (2024). A novel framework for evidence-based 928 

assessment of flood resilience integrating multi-source evidence: A case study of the yangtze river 929 



 35 

economic belt, China. Ecological Indicators, 167, 112705. https://doi.org/10.1016/j.ecolind.2024.112705 930 

Yabe, T., Tsubouchi, K., Fujiwara, N., Sekimoto, Y., & Ukkusuri, S. V. (2020). Understanding post-disaster 931 

population recovery patterns. Journal of the Royal Society, Interface, 17(163), 20190532. 932 

https://doi.org/10.1098/rsif.2019.0532 933 

Yang, L., Ao, Y., Ke, J., Lu, Y., & Liang, Y. (2021). To walk or not to walk? Examining non-linear effects of 934 

streetscape greenery on walking propensity of older adults. Journal of Transport Geography, 94, 103099. 935 

https://doi.org/10.1016/j.jtrangeo.2021.103099 936 

Yang, W., Li, Y., Liu, Y., Fan, P., & Yue, W. (2024). Environmental factors for outdoor jogging in Beijing: Insights 937 

from using explainable spatial machine learning and massive trajectory data. Landscape and urban planning, 938 

243, 104969. https://doi.org/10.1016/j.landurbplan.2023.104969 939 

Yi, S., Li, X., Wang, R., Guo, Z., Dong, X., Liu, Y., & Xu, Q. (2024). Interpretable spatial machine learning insights 940 

into urban sanitation challenges: A case study of human feces distribution in san francisco. Sustainable 941 

Cities and Society, 113, 105695. https://doi.org/10.1016/j.scs.2024.105695 942 

Yin, H., Zhang, F., Tan, W., Huang, C., & Xiao, R. (2025). Urban flood resilience assessment and driving effects 943 

exploration: A case study of the beijing-tianjin-hebei urban agglomeration. International Journal of 944 

Disaster Risk Reduction, 126, 105608. https://doi.org/10.1016/j.ijdrr.2025.105608 945 

Yue, H., & Chen, J. (2025). Interpretable spatial machine learning for understanding spatial heterogeneity in factors 946 

affecting street theft crime. Applied Geography, 175, 103503. 947 

https://doi.org/10.1016/j.apgeog.2024.103503 948 

Zahnow, R., Wickes, R., Taylor, M., & Corcoran, J. (2019a). Community social capital and individual functioning 949 

in the post‐disaster context. Disasters, 43(2), 261–288. https://doi.org/10.1111/disa.12317 950 

Zahnow, R., Wickes, R., Taylor, M., & Corcoran, J. (2019b). Community social capital and individual functioning 951 



 36 

in the post-disaster context. DISASTERS, 43(2), 261–288. https://doi.org/10.1111/disa.12317 952 

Zhang, X., Zhou, Z., Xu, Y., & Zhao, X. (2024). Analyzing spatial heterogeneity of ridesourcing usage determinants 953 

using explainable machine learning. Journal of Transport Geography, 114, 103782. 954 

https://doi.org/10.1016/j.jtrangeo.2023.103782 955 

Zhang, Y., Liu, Y., Li, Y., Chu, J., & Yang, Q. (2025a). Nonlinear and spatial non-stationary effects of land finance 956 

on urban expansion at the county level in China: Insights from explainable spatial machine learning. Cities, 957 

160, 105850. https://doi.org/10.1016/j.cities.2025.105850 958 

Zhang, Y., Liu, Y., Li, Y., Chu, J., & Yang, Q. (2025b). Nonlinear and spatial non-stationary effects of land finance 959 

on urban expansion at the county level in China: Insights from explainable spatial machine learning. Cities, 960 

160, 105850. https://doi.org/10.1016/j.cities.2025.105850 961 

Zhao, X., & Huang, G. (2022). Exploring the impact of landscape changes on runoff under climate change and 962 

urban development: Implications for landscape ecological engineering in the Yangmei River Basin. 963 

ECOLOGICAL ENGINEERING, 184, 106794. https://doi.org/10.1016/j.ecoleng.2022.106794 964 

Zhao, Z., Li, Z., Tong, R., Gu, T., & Fang, D. (2025). Unveiling the spatial heterogeneity of factors influencing 965 

physical and perceived recovery disparities under extreme rainstorms: A geographically weighted machine 966 

learning approach. Sustainable Cities and Society, 118, 106023. https://doi.org/10.1016/j.scs.2024.106023 967 

 968 


