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Abstract 25 

Understanding the interaction between urban urban three-dimensional 26 

morphology (urban 3D morphology) and seismic vulnerability is crucial for 27 

optimizing urban spatial planning and disaster risk reduction. However, existing 28 

seismic vulnerability assessments have primarily focused on individual 29 

buildings or conventional structural and socioeconomic factors, with limited 30 

attention to the nonlinear relationships between urban-scale 3D morphological 31 

configurations and vulnerability patterns. To address this limitation, this study 32 

develops an integrated and explainable assessment framework that combines 33 

XGBoost, SHAP analysis, Pearson correlation-based feature selection, and 34 

Moran’s I spatial clustering to quantify the contributions of urban 3D 35 

morphological characteristics and reveal their spatial heterogeneity in relation to 36 

building seismic vulnerability. Results show that among all feature categories, 37 

Spatial Crowding Degree is the most influential feature in the model, returning 38 

the widest range of SHAP value variations and the highest average influence. 39 

The influence of different urban 3D characteristics on seismic vulnerability 40 

exhibits diverse patterns, in which high-density and compact layouts can reduce 41 

vulnerability, while features such as building height variation and plot ratio 42 

significantly affect prediction contributions within specific ranges. Moran’s I–43 

based spatial clustering shows that High–Low and Low–High areas reflecting 44 

transitional patterns and spatial spillover effects. The results of this study provide 45 

an important basis for improving urban seismic resilience, improving disaster 46 

prevention capacity, and sustainable urban development. 47 

Keywords: Three-dimensional Morphology; Seismic Vulnerability; XGBoost; 48 

SHAP; Pearson Correlation . 49 

1 Introduction 50 

With the rapid acceleration of global urbanization, the scale and density of urban construction 51 

have continued to increase, and urban spatial layouts and building morphologies have become 52 



increasingly complex (Łabuz, Blazy and Hess, 2026; Liu et al., 2026). While these changes 53 

have promoted urban development, they have also intensified the potential risks cities face 54 

when natural disasters—particularly earthquakes occur (Yadim et al., 2026). As one of the most 55 

destructive natural hazards, earthquakes pose serious threats to urban building structures, 56 

infrastructure systems, and the safety of human lives and property, and therefore have attracted 57 

widespread attention from both academia and urban management sectors. In recent years, 58 

accurately assessing the seismic vulnerability of urban buildings through scientific approaches 59 

has become an important issue in urban planning and disaster risk management. In this context, 60 

urban three-dimensional morphological (3D) characteristics, such as building density, plot 61 

ratio, and building height, are considered key factors influencing seismic vulnerability (Chen 62 

et al., 2026; Chen, 2013; Maiorana, Conte and Briseghella, 2026; Moroz and Thieken, 2026). 63 

Investigating the relationships between these spatial morphological characteristics and seismic 64 

vulnerability is therefore essential for optimizing urban spatial structure, enhancing urban 65 

seismic resilience, and disaster risk reduction. 66 

Seismic vulnerability refers to the intrinsic susceptibility of buildings or building groups 67 

to experience damage under a given level of seismic ground motion, as determined by their 68 

structural and morphological characteristics.(Wang et al., 2026) As a core component of 69 

seismic disaster risk assessment, seismic vulnerability analysis has been widely studied. Early 70 

studies primarily relied on post-earthquake damage surveys combined with expert judgment to 71 

assess building vulnerability, making this approach one of the most straightforward and 72 

practical methods in vulnerability analysis. It also allows for the reuse of findings from previous 73 

studies when analyzing similar building types, thereby ensuring a degree of continuity and 74 

comparability. This method can effectively capture actual damage patterns and reflect the true 75 

seismic performance of structures (He et al., 2025; Li and Xu, 2026). However, several 76 

limitations constrain its application. Damage data are often difficult to obtain across varying 77 

intensity levels and site conditions, resulting in relatively small sample sizes. In addition, data 78 

collected from remote areas may lack representativeness due to differences in construction 79 

practices and local customs, and therefore may not accurately reflect the seismic performance 80 

of buildings designed according to current codes. Furthermore, the data collection process is 81 

susceptible to subjective influences, and the method is generally applicable only to regions and 82 

structural types with abundant damage records, which limits its broader applicability. 83 

As the limitations of damage survey–based empirical approaches become evident and the 84 

demand for accurate seismic damage prediction increases, numerical simulation–based 85 

methods are gaining prominence. Common approaches include regression analysis and the 86 

Analytic Hierarchy Process (AHP) (Malakar and Rai, 2023). Regression analysis quantifies the 87 



effects of multiple factors by modeling relationships among variables and is characterized by a 88 

clear structure, computational efficiency, and good interpretability. In contrast, AHP 89 

decomposes complex problems into hierarchical structures and assigns weights to multiple 90 

criteria through expert-driven judgment, enabling systematic evaluation of multi-criteria 91 

decision problems. However, with increasing urban complexity, these methods show clear 92 

limitations. Regression models are typically based on linear assumptions and may fail to capture 93 

nonlinear relationships among variables, whereas AHP depends on expert judgment, which can 94 

introduce subjectivity and reduce the robustness of the results. 95 

In recent years, the rapid development of machine learning techniques has enriched the 96 

methodological approaches for seismic vulnerability assessment and significantly improved 97 

prediction accuracy (Asadollahzadeh and Behnam, 2025; Zain, Dackermann and Prasittisopin, 98 

2024). Machine learning models such as Support Vector Machine (SVM) (Wenyi et al., 2024; 99 

Yaohui et al., 2023), Random Forest (RF) (Sun et al., 2025), and Extreme Gradient Boosting 100 

(XGBoost) (Zhou et al., 2025) have become important tools in this field due to their ability to 101 

handle nonlinear relationships and complex high-dimensional data. Specifically, SVM 102 

demonstrates strong generalization ability in small-sample and high-dimensional datasets 103 

(Manikandan et al., 2025); RF enhances model stability and reduces overfitting through 104 

ensemble learning (Kallas and Napolitano, 2025); and XGBoost provides high computational 105 

efficiency and prediction accuracy, performing well in modeling complex feature interactions 106 

(Pinasco et al., 2025). Overall, machine learning approaches can uncover hidden patterns in 107 

data with fewer prior assumptions, thereby improving predictive performance (Aloisio et al., 108 

2026; Chu et al., 2025; Gondaliya et al., 2024; Zhang et al., 2026). Nevertheless, these methods 109 

still present some challenges in practical applications, including dependence on high-quality 110 

data, complex parameter tuning processes, and limited interpretability of certain models 111 

(Chicco, Chieffo and Formisano, 2024; Eren and Şalgamcıoğlu, 2025; Yang et al., 2023; Zhang 112 

et al., 2026). 113 

To further improve model interpretability, explainable artificial intelligence (XAI) 114 

techniques have recently been introduced into seismic vulnerability studies. Furthermore, 115 

spatial statistical methods provide important tools for identifying spatial distribution patterns 116 

of vulnerability (Luo, Zhao and Zeng, 2026; Pinasco et al., 2025; Weiyi and Limao, 2022; Yang 117 

et al., 2025). Among them, Moran’s I, a widely used indicator of spatial autocorrelation, can 118 

effectively detect spatial clustering patterns of seismic vulnerability and reveal the distribution 119 

of high-value and low-value areas (Davtalab and Byčenkienė, 2026; Islam et al., 2021; Liu et 120 

al., 2022; Nishizaki, 2017; Papadopoulos and Karalis, 2023; Zhu et al., 2026). Furthermore, by 121 

integrating interpretability tools such as Shapley Additive Explanations (SHAP) and Partial 122 



Dependence Plot (PDP), it becomes possible to analyze the influence mechanisms of urban 3D 123 

characteristics on seismic vulnerability from both global and local perspectives (Dong et al., 124 

2022; Tian et al., 2023; Zhang et al., 2020; Zhi et al., 2017; Zhou et al., 2016). 125 

In this study, we propose a comprehensive framework that combines spatial statistical 126 

analysis with explainable machine learning methods to investigate the relationship between 127 

urban 3D characteristics and seismic vulnerability. First, Variational Autoencoder (VAE) is 128 

introduced for data augmentation. By generating a large number of new samples based on the 129 

original dataset, the robustness and generalization ability of the model are significantly 130 

improved. Second, Pearson correlation analysis is employed to systematically explore the 131 

relationships between urban 3D characteristics—such as building density, plot ratio, and 132 

building height—and seismic vulnerability, thereby revealing the roles of these features in 133 

influencing seismic vulnerability. On this basis, XGBoost regression model is constructed to 134 

establish a more accurate and reliable seismic vulnerability assessment model. Meanwhile, 135 

SHAP value visualization techniques are applied to conduct an in-depth interpretation of the 136 

influence of different features in the seismic vulnerability assessment process and to further 137 

quantify the marginal contributions of each feature, thereby revealing the underlying influence 138 

mechanisms of urban morphological characteristics. In addition, Moran’s I is used to identify 139 

the spatial clustering patterns of seismic vulnerability and to further reveal the spatial 140 

distribution characteristics of urban morphological features. The results of this study can 141 

provide a scientific basis and technical support for optimizing urban spatial planning, enhancing 142 

urban seismic resilience, and developing more effective disaster risk reduction strategies. 143 

2 Study Area and Data Sources 144 

2.1 Study Area 145 

Jiangyou City (31°47′N, 104°44′E), located in Sichuan Province, southwestern 146 

China, is characterized by a predominantly residential building stock, where masonry 147 

structures are dominant, supplemented by a smaller proportion of reinforced concrete 148 

buildings and industrial frame structures. The urban form is mainly composed of low- 149 

and mid-rise buildings, with relatively few high-rise structures, resulting in a spatial 150 

pattern dominated by low- and mid-rise masonry buildings, which contrasts sharply 151 

with megacities where high-rise reinforced concrete buildings prevail (Figure. 1). 152 

Situated in the central segment of the North–South seismic belt and within the 153 

Longmenshan fault zone, the region is prone to frequent seismic activity. During the 154 

catastrophic Wenchuan earthquake on 12 May 2008 (Mw 8.0), the seismic intensity in 155 



Jiangyou reached VIII on the local intensity scale. The earthquake caused more than 156 

400 fatalities, the relocation of approximately 365,923 residents, and direct economic 157 

losses of about 59.2 billion RMB in Jiangyou. Therefore, assessing the seismic 158 

vulnerability of buildings is essential for improving seismic risk mitigation and 159 

providing a scientific basis for protecting human life and reducing economic losses. 160 

 161 

Figure 1. The study area of Jiangyou City (MC—masonry concrete structure, RC—reinforced 162 

concrete structure, FRC—factory buildings with reinforced concrete columns) 163 

2.2 Data Sources 164 

In this study, basic building data were obtained using tools such as Google Maps 165 

and ArcGIS Online, primarily including key attributes such as building height and 166 

number of floors. After organizing and classifying the relevant parameters, all validated 167 

data were integrated into a GIS database. The study further divided the study area into 168 

281 spatial units based on block and community spatial patterns, and conducted all 169 

subsequent analyses at this scale. The spatial database of Jiangyou City was first 170 

established in ArcGIS by integrating neighbourhood boundaries and road network data 171 

derived from Google Maps. Building age and seismic design information were 172 

subsequently interpreted from historical remote sensing imagery, and structures were 173 

grouped into three categories based on the implementation periods of China’s seismic 174 

design standards: before 2001, 2002–2010, and after 2010. The corresponding numbers 175 



of buildings in these categories were 1,200, 800, and 500, respectively. Building 176 

structural characteristics and maintenance conditions were then obtained through a 177 

combination of Baidu Street View interpretation and field investigation records. Three 178 

dominant structural systems were identified, including reinforced concrete (RC), frame-179 

reinforced concrete (FRC), and masonry construction (MC). The physical condition of 180 

buildings was evaluated and classified into four levels (good, slightly damaged, 181 

moderately deteriorated, and poor) based on observable indicators such as surface 182 

damage and moisture-related deterioration. In addition, circular buffer zones with radii 183 

of 50 m and 200 m were generated around mapped active faults and potential concealed 184 

faults to assess the potential influence of fault proximity on building vulnerability. All 185 

collected building-related attributes were integrated into a unified GIS database for 186 

subsequent analysis. To incorporate the effects of construction quality, structural 187 

configuration, material strength, and maintenance status on seismic damage assessment, 188 

the EMS-92 scale proposed a vulnerability classification table that links building types 189 

with corresponding vulnerability classes for intensity evaluation. The subsequent EMS-190 

98 scale further refined this framework by improving the classification of building 191 

vulnerability and enhancing the reliability of earthquake intensity assessments. 192 

The buildings in Jiangyou City are relatively concentrated, forming diverse 193 

three-dimensional spatial configurations and heterogeneous urban morphological 194 

characteristics. Significant variations exist among buildings in terms of physical 195 

attributes such as urban development intensity and building exposure, vertical urban 196 

morphology, variation in building volume, and building geometric morphology. Urban 197 

development intensity and building exposure characterize the concentration and spatial 198 

arrangement of buildings, which are potentially related to building-to-building 199 

interactions, population exposure levels, and the complexity of post-earthquake 200 

emergency responses. Vertical urban morphology captures variations in building height 201 

and vertical configuration, reflecting possible differences in seismic response behaviour 202 

among buildings. Building volume variability represents the diversity of building sizes 203 

within urban areas and may contribute to variations in structural complexity and 204 

interaction patterns of building clusters under seismic loading. Building geometric 205 

morphology describes the characteristics of building shape, scale, and spatial 206 

arrangement, which are associated with the distribution of seismic responses and the 207 

organization of urban space. Collectively, these morphological dimensions establish a 208 

conceptual framework for exploring the potential relationships between urban form 209 



characteristics and seismic vulnerability. The graphical definitions of these indicators 210 

are provided in Table 1. 211 

In recent years, a growing number of quantitative indicators have been 212 

developed to describe urban 3D building morphology and characterize urban spatial 213 

structure. Previous studies have demonstrated that these three-dimensional 214 

morphological metrics significantly influence a variety of geospatial processes, 215 

including the seismic vulnerability of urban buildings. With the advancement of 216 

researches, the critical role of building spatial form in urban earthquake disaster 217 

response has been increasingly recognized. Recent studies further indicate that these 218 

indicators have a substantial impact on regional building seismic performance and the 219 

spatial distribution of earthquake losses.  220 

Table 1. Definitions of Urban 3D Morphological Indicators 221 

Category Indicators Description Formula 

Urban 

development 

intensity and 

building 

exposure 

Plot Ratio (PR) 

Urban building 

development 

intensity and 

spatial utilization 

level 

𝑃𝑅 = ∑ ௜ܣ × ܣ௜ܨ  

Average Building 

Area (BA) 

Building footprint 

scale 
ܣܤ = ∑ ௜ܰܣ  

Building Density 

(BD_1) 

Building volume 

scale level 
1_ܦܤ = ∑ ௜ܸܰ  

Spatial Crowding 

Degree (SCD) 

Degree of 

crowding of 

buildings in three-

dimensional space 

ܦܥܵ = ∑ ௜ܸܪ௠௔௫ ×  ܣ

Vertical 

urban 

morphology 

Average Height 

(AH) 

Overall building 

height level in the 

region 

ܪܣ = ∑ ௜ܰܪ  

Maximum Height 

(H_max) 

Upper limit of 

building height in 

- 



the region 

Standard Deviation 

of Building Height 

(H_std) 

Dispersion of 

building heights 

݀ݐݏ_ܪ
= √1ܰ ∑( ௜ܸ − ܸ̅)2 

Coefficient of 

Height Variation 

(CH) 

Uniformity of 

urban height 

distribution 

ܪܥ = √1ܰ ∑( ௜ܸ − ܸ̅)2∑ ௜ܰܪ  

Variation in 

building 

volume 

Variation of 

Building Height 

(V_BH) 

Differences in 

building scale 

ܪܤ_ܸ
= 1ܰ ௜ܪ)∑ −  2(ܪ̅

Variation of 

Building Volume 

(V_BD) 

Differences in 

building volume 

ܦܤ_ܸ
= 1ܰ ∑( ௜ܸ − ܸ̅)2 

Building 

geometric 

morphology 

Building Structure 

Index (BSI) 

Proportional 

characteristics of 

building 

morphology 

ܫܵܤ = ∑ ௜ܣ × ௜ܰܪ  

 222 

3 Methodology 223 

The study explores the impact of the urban morphology on the variation of the seismic 224 

vulnerability index. As illustrated in Figure.2, the comprehensive approach for 225 

decoupling the mechanism between urban morphology and building vulnerability index 226 

can be classified into three steps: (1) Employing the Variational Autoencoder (VAE) 227 

data augmentation technique to expand the original dataset to 7,236 entries for model 228 

training and validation (Liu et al., 2022). (2) Selecting urban morphological features 229 

with high correlation to vulnerability by the Pearson correlation coefficient method 230 

(Davtalab and Byčenkienė 2026). (3) Evaluating the robustness and accuracy of 231 

XGBoost (Dong et al., 2022; Muhammad et al., 2021; Zhang et al., 2020) based on 232 

comparative analysis with SVR (Research et al., 2019), RF (Adesina et al., 2022) and 233 

DT(Abbas et al., 2023); (4) Applying the SHAP and PDP methods to explain the 234 



influence degree of urban morphology indicators on building vulnerability and the 235 

interdependencies among them (Gawde et al., 2024; Gondaliya et al., 2024). (5) Using 236 

the Moran's I method to identify the optimal intervals and spatial heterogeneity of urban 237 

morphological characteristics under different scenarios (Chen, 2013; Jackson et al., 238 

2010). 239 

240 

Figure 2. Framework of the study 241 

 242 

3.1 The modified VIM 243 

The VIM method is an important component of the RISK-UE project, which describes 244 

the degree of damage caused by seismic events to buildings through several important 245 

parameters that affect the seismic performance of buildings. In this study, the modified 246 

VIM is employed, which is divided into the following three main calculation steps: 247 

Estimate the vulnerability index ூܸ௕௨௜௟ௗ௜௡௚denotes the vulnerability index of the 248 

building structure, and its value ranges from 0 to 1. Reduced vulnerability is indicated 249 

by a smaller value. The VIM approach evaluates building seismic vulnerability based 250 

on the Building Type Matrix (BTM), which classifies buildings according to their 251 

structural systems and physical characteristics. By integrating extensive earthquake 252 

damage records, the method establishes relationships between different building types 253 



and their corresponding damage responses under various seismic intensities. For 254 

Sichuan Province, where the study area is located and has experienced significant 255 

earthquake impacts, previous studies have compiled damage information from multiple 256 

historical earthquakes and developed damage matrices for different structural 257 

categories. These matrices were combined with the average loss ratios associated with 258 

each building type to derive the corresponding vulnerability indices ூܸ for the three 259 

major structural systems, as shown in the following formulation(1). 260 

The value of the vulnerability index also depends on various modification 261 

factors. In the following formula, ∆ܯோ is the modification considering regional 262 

characteristics and construction age, while ௠ܸೕ is the modification including other 263 

aspects that affect the seismic performance of the building. Regional modification 264 

factors were incorporated to improve the applicability of the vulnerability assessment 265 

in the local seismic context. The selected factors included construction period, 266 

building–fault distance, building–fault orientation, number of floors, and location 267 

effects. The construction period factor followed the RISK-UE framework, considering 268 

the influence of seismic code evolution, construction practices, and material 269 

deterioration. The fault-related factors were determined with reference to Chinese 270 

seismic planning and geotechnical standards (GB 50413-2007 and GB 50021-2001), 271 

which emphasize the influence of near-fault zones (e.g., 50–200 m) on seismic response. 272 

Building–fault orientation was considered to account for potential directional ground-273 

motion and torsional effects. The selected factors were further evaluated through 274 

sensitivity analysis, showing significant contributions to vulnerability variation (22–35% 275 

variance explained, ANOVA, p < 0.01). The modified parameter values are provided in 276 

Table 2. 277 

 ூܸ௕௨௜௟ௗ௜௡௚ = ூܸ + ோܯ∆ + ∑ ௠ܸೕ௡௝=1  (1) 

 278 

Table 2. Previous research results on the vulnerability of buildings in Sichuan Province. 279 

 Vulnerability 

factors 

Code level 

௠ܸೕ 1.Number of 

floors 

MC RC FRC 

Low −0.02 −0.04 −0.04 



Medium 0 0 0 

High +0.06 +0.06 +0.06 

2.The angle 

between the 

building and the 

fault 

Parallel 

+0.06 

Other 

+0.04 

Perpendicular 

+0.01 

3.Location 

modifiers 

1 2 3 4 5 6 

 ோ 4.Constructionܯ∆ 0.02+ 0 0.02− 0.02− 0.04+  0.04+  

age 

Pre-2001 2001–2010 Post-2010 

 Low code Medium code High code 

  +0.16 0 −0.16 

5.Distance 

between fault 

and building 

(m) 

   

Fault 200 (m) 200 (m) 200 (m) 

Buried fault 50 (m) 50 (m) 50 (m) 

3.2 Data Augmentation Based on Variational Autoencoder 280 

Data Augmentation Based on VAE is an unsupervised generative model based 281 

on variational Bayesian inference, which consists of an encoder and a decoder 282 

implemented by single-layer feedforward networks. By virtue of linear transformations 283 

combined with non-linear activation functions, it jointly learns the approximate 284 

mapping from raw data to the latent space distribution as well as the non-linear 285 

generative process from the latent space to reconstructed data. This approach is 286 

particularly useful in generating realistic synthetic data while preserving the underlying 287 

distribution and characteristics of the original dataset, which is crucial for training 288 

robust machine learning models in urban morphology indicators studies. VAE typically 289 

assumes that the input variable is generated by the random latent variable , and its 290 



marginal likelihood function can be expressed as: 291 

(ݔ)݌  = ∫  (2) ݖ݀(ݖ|ݔ)ఈ݌(ݖ)݌

Among them, the generative ݌ఈ(ݖ|ݔ) model represents the reconstruction of 292 

the latent variable ݖ into the input variable ݔ. The prior distribution (ݖ)݌ is usually 293 

assumed to follow a standard normal distribution. According to Bayes' theorem, the 294 

posterior distribution of the latent variable (ݖ|ݔ)݌ can be expressed as: 295 

(ݔ|ݖ)݌  = (ݔ)݌(ݖ)݌(ݖ|ݔ)ఈ݌  (3) 

However, since both the parameters ߙ  of the generative model and the latent 296 

variable ݖ are unknown, the marginal likelihood of the observed data is difficult to 297 

calculate directly. Therefore, the VAE employs variational inference to obtain an 298 

approximate probability distribution (ݔ|ݖ)݌  of the posterior distribution ݍఝ(ݔ|ݖ) . 299 

The distribution ݍఝ(ݔ|ݖ) can be referred to as the inference model, which is described 300 

by a multivariate normal distribution where ߮ denotes the parameters of the inference 301 

model. The fundamental idea of the VAE is to utilize the inference model and the 302 

generative model to approximate the posterior distribution (ݔ|ݖ)݌  of the latent 303 

variable via variational inference, thereby achieving effective modeling of complex 304 

data. 305 

The model structure of the VAE is illustrated in Figure 3. First, the input variable 306 ݔ  undergoes dimensionality reduction through a linear layer to yield the bottleneck 307 

layer h . To ensure the validity of latent variable sampling, each dimension in the 308 

bottleneck layer corresponds to a specific posterior distribution. This process is 309 

implemented by two parallel encoders, which are used to estimate the mean ߤ and 310 

variance 2ߪ  of the posterior distribution for each dimension, respectively. This 311 

encoding process can be described by ݍఝ(ݔ|ݖ), whose essence lies in mapping high-312 

dimensional input data to a low-dimensional latent space and completing the extraction 313 

of data features. The latent variable ݖ, randomly sampled from the latent space, is fed 314 

into the decoder ݌ఈೣ(ݖ|ݔ)  to reconstruct the input data, where ݖ  represents the 315 

feature representation and information transfer of the input data. During the training 316 

process, the VAE updates the neural network parameters by minimizing the following 317 

loss function: 318 



௏஺ாܬ  = − ∫ (ݔ|ݖ)ఝݍ ݃݋݈ ((ݖ|ݔ)ఈೣ݌) ݖ݀ +  ((ݖ)݌‖(ݔ|ݖ)ఝݍ)ܮܭ
௓  (4) 

Among these terms, the first one is the reconstruction term, which measures the 319 

discrepancy between the input data and the reconstructed data and ensures that the latent 320 

variables can effectively capture the features of the input data. The second term is the 321 

Kullback-Leibler (KL) divergence, which quantifies the difference between the encoder 322 

distribution and the prior Gaussian distribution. 323 

Given the limited number of original spatial units, a variational autoencoder (VAE) 324 

was employed to augment the dataset and support subsequent machine-learning model 325 

training. The VAE used an encoder–decoder architecture with 32 neurons in the hidden 326 

layers and an 8-dimensional latent space. ReLU and Sigmoid activation functions were 327 

used in the hidden and output layers, respectively. The model was trained using the 328 

Adam optimizer with a learning rate of 0.001 for 50 epochs, using a loss function 329 

combining reconstruction loss and Kullback–Leibler divergence. 330 

The generated samples were treated as augmented representations learned from 331 

the original 281 spatial units rather than as newly observed geographic units. Thus, the 332 

expansion to 7,236 observations does not represent an equivalent increase in 333 

independent spatial units or physical observations. The subsequent XGBoost-SHAP 334 

analysis was therefore interpreted in terms of the feature associations and contribution 335 

patterns learned from the urban morphological characteristics, with the synthetic 336 

samples serving as supplementary data for model learning rather than independent 337 

physical evidence. 338 

339 

Figure 3. Framework of the VAE 340 



3.3 Feature filtration and hyperparameter tuning  341 

The Pearson correlation coefficient is a non-parametric statistical method used to 342 

measure the direction and intensity of the trend relationship between two random 343 

variables. This coefficient has no strict requirements on data values, population 344 

distribution, sample size, or other aspects; as long as the data appear in pairs, it can be 345 

calculated using Formula (4). 346 

௫,௬ݎ  = ,ݔ)ݒ݋ܿ ௬ߪ௫ߪ(ݕ = ∑ ௜ݔ) − ௜ݕ)(ݔ̅ − ∑√௃௝=1(ݕ̅ ௜ݔ) − 2௃௝=1(ݔ̅ √∑ ௜ݕ) − 2௃௝=1(ݕ̅  (5) 

In the formula: ݔ = ,1ݔ] ,2ݔ ⋯ , ்[௃ݔ , ݕ = ,1ݕ] ,2ݕ ⋯ ,  347 ܬ ௃]் denote twoݕ

dimensional random variables;̅ݔ = 1௃ ∑ ௝௃௝=1ݔ ݕ̅, = 1௃ ∑ ௝௃௝=1ݕ represent the mean values of 348 ݔ and ݕ respectively. 349 

The interaction among features holds significant importance in determining model 350 

accuracy. Features exhibiting high correlation are deemed redundant, thus selecting 351 

only those with minimal redundancy among continuous features can enhance both 352 

accuracy and stability of the model. The Pearson correlation coefficient, an established 353 

method for quantifying linear correlations between vectors, was chosen for its proven 354 

effectiveness in initial feature screening. A value exceeding 0.8 indicates the presence 355 

of multicollinearity between the respective features. Figure 4 depicted the Pearson 356 

correlation heatmap, illustrating the interplay of correlation among candidate features. 357 

The study identified features with correlation values surpassing 0.8 and further 358 

examined the coefficient values between influencing factors and Seismic vulnerability. 359 

By eliminating the variable with lower coefficient values with target value as well as 360 

higher correlation among two variables, the study achieved improved model 361 

performance. 362 

   



   

  
 

 
  

Figure 4. Illustrated graphical definition of urban 3D morphology 363 

In this section, as shown in Figure 5, the study examined the association between 364 

building vulnerability (V) and ten other factors using Pearson correlation analysis. 365 

 366 

Figure 5. Heatmap of the Pearson correlation between influencing factors 367 



As shown in Figure 5, for buildings with seismic vulnerability under intensity V 368 

conditions, most urban morphological indicators exhibited negative correlations with V, 369 

indicating that increases in building density, block density, and building volume may 370 

reduce vulnerability. PR (Pearson correlation coefficient=-0.23) and CH (Pearson 371 

correlation coefficient = -0.20) were weakly negatively correlated with vulnerability. 372 

An increase in floor area ratio provides more structural support for buildings, but the 373 

variations in individual building design limit its overall effect on vulnerability. Similarly, 374 

a staggered layout can help disperse seismic forces, distributing energy across buildings 375 

of different heights, which may reduce vulnerability at both the individual and 376 

collective levels, although this effect is relatively limited. SCD (Pearson correlation 377 

coefficient = -0.52) and BD_1 (Pearson correlation coefficient = -0.41) were strongly 378 

negatively correlated with vulnerability. Block density exhibited the strongest negative 379 

correlation with building vulnerability. Dense building clusters and compact urban 380 

blocks provide greater mutual structural support and protection, reducing building 381 

vulnerability and serving as a key factor in mitigating urban earthquake risk. Larger 382 

building volumes are associated with greater structural redundancy and stability, 383 

enhancing overall seismic performance and lowering vulnerability. It is also noteworthy 384 

that AH (Pearson correlation coefficient = 0.30) was positively correlated with 385 

vulnerability. Higher average building heights corresponded to increased vulnerability. 386 

High-rise buildings are more susceptible to damage during earthquakes or disasters, 387 

particularly in areas with insufficient overall density, indicating that urban high-rise 388 

development may increase risk and should be carefully planned. 389 

3.4 Extreme gradient boosting algorithm 390 

Extreme gradient boosting (XGBoost) algorithm is an ensemble learning 391 

algorithm and a variant of gradient-boosted decision trees. It enhances classification 392 

performance by integrating multiple decision tree models. Its basic principle is that in 393 

each iteration, a new decision tree is fitted by calculating the negative gradient of the 394 

loss function, and then the output of the new tree is added to the cumulative output of 395 

all previous trees. This process enables it to approximate the actual loss function with 396 

higher precision, thus rendering it can efficiently decouple complicated influencing 397 

mechanisms between seismic vulnerability and urban morphology. 398 

The basic principles of XGBoost are elaborated as follows: 399 

Taking the Classification and Regression Tree (CART), which is commonly 400 



adopted as the base learner in XGBoost, as an example, the detailed description is 401 

provided below. 402 

ప̂ݕ  = ∑ ௞݂(ܺ௜), ௞݂ = 𝑅௄
௞=1  (6) 

In the above formula, ܺ௜ denotes the set of feature values corresponding to the ݅ 403 

data sampling point; 𝑅 represents the function space encompassing all CART trees; 404 

and ௞݂( ௜ܺ) stands for the weight of the ݅ data sampling point at the leaf node of the 405 k tree. 406 

Thus, the objective function of XGBoost can be expressed as follows: 407 

(ߠ)݆ܾ݋  = ∑ ,ప̂ݕ)݈ (௜ݕ + ∑ )ߗ ௞݂)௡
௜=1  (7) 

Herein, ݈(ݕప̂, )ߗ ௜) denotes the loss error, andݕ ௞݂) represents the regularization 408 

term, which controls the complexity of the tree model and prevents overfitting.ݕప̂ is the 409 

predicted value of the label for the ݅ data sampling point output by the model, ݕ௜ is 410 

the true value of the label for the ݅ data sampling point, and ܭ is the number of trees. 411 

The expression of the regularization term is given as follows: 412 

(݂)ߗ  = ܶߛ + 12  (8) 2߱ߣ

Herein, ߛ  and ߣ  denote the penalty coefficients, ܶ  represents the number of 413 

leaf nodes, ߱ is the weight of the leaf nodes, and Const is the constant term. Thus, the 414 

objective function of XGBoost can be rewritten as follows: 415 

(ߠ)݆ܾ݋  = ∑ ௜ݕ) , పݕ +̂ ௜݂(ݔ௝))௡
௜=1 + )ߗ ௜݂ +  (9) (ݐݏ݊݋ܥ

3.5 Shapley Additive Explanations 416 

The XGBoost model boasts high predictive performance, yet its internal decision-417 

making process remains difficult to interpret. To address this issue, Shapley Additive 418 

Explanations (SHAP) is employed to realize both global and local interpretability of 419 

the model. Specifically, SHAP values are visualized to illustrate the contribution degree 420 

of each feature factor to the prediction results, and hierarchical clustering is utilized to 421 



analyze the correlation among different feature factors. This integrated approach can be 422 

applied to the research on the driving factors of the spatiotemporal evolution of carbon 423 

storage. SHAP is capable of revealing the more complex logic underlying model 424 

predictions and helping users understand why specific factors exert an impact on the 425 

final results. The introduction of SHAP has brought new perspectives to machine 426 

learning research, enabling researchers to conduct in-depth exploration of the decision-427 

making processes of models and to enhance the understanding and prediction of data. 428 

Its calculation method is shown as presents: 429 

௜ݕ  = ௕௔௦௘ݕ + (௜1ߣ)ܨ + (௜2ߣ)ܨ + ⋯  (10) (௜௞ߣ)ܨ

Where: ߣ௜௝ denotes the ݆ feature of the ݅ sample; ݕ௜ represents the predicted 430 

value of this sample obtained by the SHAP model; ݕ௕௔௦௘ is the mean of the predicted 431 

values of all samples. ܨ(ߣ௜௝) refers to the contribution value of the ݆ feature in the ݅ 432 

sample to ݕ௜. 433 

3.6 Partial dependence plot 434 

Due to the relative opacity of data model training and construction, such models 435 

suffer from a "black-box" effect in fields with high interpretability requirements. This 436 

is because the large number of decision trees makes it difficult to understand and 437 

compare the differences and attributes between individual decision trees, thus 438 

necessitating the application of explanatory tools. Partial dependence plot (PDP), a 439 

commonly used analytical technique, illustrates the marginal effect of a single feature 440 

on the prediction results of a pre-fitted model. Specifically, the prediction function is 441 

fixed at several values of the selected feature, while averaging over all other features. 442 

Compared with traditional linear regression models, the PDP offers two distinct 443 

advantages. First, the marginal effects of influencing factors derived from this technique 444 

are generated based on models that account for the impacts of other covariates, rather 445 

than merely reflecting a bivariate relationship between the target variable and individual 446 

features. Second, this method is applicable to linear models, nonlinear models, and even 447 

more complex mathematical models. The specific calculation is follows: 448 

 ݂̂௦(ݔ௦) = ௑಴ܧ = ,௦ݔ)݂̂] ܺ஼)] ∫ ,௦ݔ)݂̂ ܺ஼)݀𝑃(ܺ஼) (11) 

Where ݔ௦  are features analyzed in the current section, ܺ஼  is the remaining 449 



features, Partial dependence works by marginalizing the ݂̂ output over the distribution 450 

of the features in set C. The study performed single feature and double feature PDP 451 

analysis, respectively. 452 

3.7 Moran's I method 453 

In local spatial correlation analysis, Local Moran’s I is one of the most widely 454 

adopted statistics. It quantifies the spatial association between each individual spatial 455 

unit and its neighboring units and identifies localized spatial clustering or spatial 456 

outliers within the study area. In this study, this indicator is applied to quantitatively 457 

explore the spatial heterogeneity of urban building vulnerability and reveal the localized 458 

spatial distribution characteristics and differentiation rules of different urban 459 

morphological elements. The calculation formula is as follows: 460 

௜ܫ  = ௜ݔ) − (ݔ̃ ∑ ௝ݔ)௜௝ݓ − ∑)௡௝=1(ݔ̃ ௜ݔ) − 2௡௜=1(ݔ̃ ݊ ) ∑ ௜௝௡௝=1ݓ  (12) 

Among them, ܵ0 = ∑ ∑ ௜௝௡௝=1௡௜=1ݓ ,where ݊ is the total number of spatial units, ݕ௜ 461 

and ݕ௝ represent the attribute values of the ݅-th spatial unit and the ݆-th spatial unit 462 

respectively, ̅ݕ is the mean value of the attribute values of all spatial units, and ݓ௜௝ is 463 

the spatial weight value. 464 

In this study, the spatial‑weight matrix was constructed using the queen‑contiguity 465 

criterion and further row‑standardized. The weight was defined as ݓ௜௝ = 1 if parcel ݅ 466 

and parcel ݆ shared at least one edge or vertex, otherwise ݓ௜௝ = 0, and self‑weight 467 

was set to zero. A permutation test with 999 random permutations was performed to 468 

obtain the p‑values for Local Moran’s I. The significance level was set at α = 0.05; 469 

spatial units with (p < 0.05) were considered statistically significant. Non‑significant 470 

units ( p ≥ 0.05 ) were not interpreted as local spatial clusters or outliers in the 471 

subsequent analysis. The spatial-weight matrix, neighbourhood criterion, distance 472 

threshold, row standardization, treatment of isolated spatial units, permutation testing, 473 

significance level, and multiple-testing correction were all specified and implemented 474 

in the Local Moran’s I analysis. For conciseness and considering the overall scope of 475 

the manuscript, the detailed settings and procedural parameters are not presented 476 

individually in the main text. 477 



4 Results 478 

4.1 Overall Impact of urban 3D Morphological Features on Seismic 479 

Vulnerability 480 

Figure. 6 presents the SHAP value distributions (Figure 6a) and feature 481 

importance rankings (Figure 6b). All variables passed the Variance Inflation Factor 482 

(VIF) test, indicating no multicollinearity among features and ensuring the robustness 483 

of the model interpretation. Among all variables, SCD emerges as the most influential 484 

feature in the model. It shows the widest SHAP value range with clear positive and 485 

negative effects and also the highest mean SHAP value, indicating its dominant 486 

contribution to model predictions across samples. 487 

  

(a) Results of the Theil–Sen median 

slope 

(b) Results of Mann-Kendall Test 

Figure 6. Results of Sen and MK 488 

Specifically, high SCD values are associated with strong positive effects on 489 

model predictions, whereas low values lead to negative effects, indicating strong 490 

sensitivity and explanatory power. V_BD and PR also exhibit relatively wide SHAP 491 

distributions and clear bidirectional effects, indicating weaker influence than SCD but 492 

still stable contributions to model predictions. In contrast, BA, BSI, and H_std show 493 

SHAP values concentrated around zero, indicating weak contributions to model 494 

predictions. H_Max and BD_1 exhibit narrow SHAP ranges with negligible effects, 495 

indicating minimal influence. The feature importance ranking (right panel) further 496 

confirms these results, with SCD showing the highest importance, followed by V_BD 497 

and PR, while BA, BSI, and H_std are less influential, and H_Max and BD_1 contribute 498 

the least. Overall, the model is dominated by SCD, with V_BD and PR serving as 499 

secondary contributors, while the remaining variables have limited or negligible effects. 500 



4.2 Feature Marginal Impact Analysis Based on PDPs 501 

4.2.1 Impact of Single Variables on Seismic Vulnerability 502 

To assess the marginal effects of urban three-dimensional morphological 503 

characteristics on seismic vulnerability, this study applies the PDP method (Figure 7), 504 

in which other variables are held at their mean values. AH (Figure 7 a) shows minimal 505 

variation, with values fluctuating around zero (within ±0.005), indicating a negligible 506 

effect, with only a slight negative shift near 1.0. BA (Figure 7b) exhibits a clear 507 

transition pattern, changing from a weak positive effect at low values to a strong 508 

negative effect at high values (approximately −0.038), suggesting a decreasing 509 

association with vulnerability. BD_1 (Figure 7c), H_Max (Figure 7f), and H_std (Figure 510 

7g) exhibit threshold-like behavior, remaining near zero at low values and increasing 511 

positively beyond certain thresholds (approximately 0.008–0.009), indicating higher 512 

vulnerability at larger values. BSI (Figure 7d) shows a nonlinear U-shaped relationship, 513 

with the strongest negative effect at moderate values (~250000), indicating a non-514 

monotonic influence. CH (Figure 7e) shows a strong negative relationship, decreasing 515 

after approximately 0.6 and reaching about −0.035 at higher levels, suggesting reduced 516 

vulnerability with increasing compactness. PR (Figure 7h) exhibits a monotonic 517 

increasing trend, indicating a consistently positive contribution across its range. SCD 518 

(Figure 7i) exhibits a complex nonlinear relationship, characterized by an initial 519 

increase followed by a decrease and subsequent rebound, with peak positive effects near 520 

10 and strongest negative effects near 55. V_BD (Figure 7j) shows a non-monotonic 521 

trend, with positive effects at low values (0–40) and negative effects thereafter. Overall, 522 

urban morphological features exhibit heterogeneous nonlinear and threshold-dependent 523 

effects on seismic vulnerability. 524 

  

(a) Partial Dependence for AH (b) Partial Dependence for BA 



  

(c) Partial Dependence for BD_1 (d) Partial Dependence for BSI 

  

(e) Partial Dependence for CH (f) Partial Dependence for H_Max 

 
 

(g) Partial Dependence for H_std (h) Partial Dependence for PR 

  

(i) Partial Dependence for SCD (j) Partial Dependence for V_BD 

Figure 7. Nonlinear relationships between urban 3D morphological variables and seismic 525 

vulnerability 526 

4.2.2 Feature Correlation and Distribution of Seismic Vulnerability Predictions 527 

To investigate interactions among urban 3D morphological indicators (BA, BSI, 528 

PR, SCD, and V_BD) and their effects on seismic vulnerability under seismic intensity 529 

of V, this study constructs pairwise contour maps and scatter plots (Figure.8 and 530 



Figure.9). Results indicate a negative interaction between BA and BSI, where low 531 

values of both correspond to higher V (~0.17–0.175), while higher values of either 532 

variable are associated with reduced V (~0.15). The scatter plots reveal that mid-range 533 

combinations show relatively stable patterns, whereas extreme combinations are 534 

associated with higher V values. PR shows a positive interaction with BA but an 535 

opposite relationship with BSI, with higher V observed under high PR–low BSI 536 

conditions or strong PR–BA imbalance, suggesting increased vulnerability under 537 

uncoordinated morphological configurations. SCD shows a generally negative 538 

interaction with BA, BSI, and PR, where low SCD combined with moderate BA or low 539 

BSI is associated with higher V (0.17–0.186), while high SCD corresponds to lower V 540 

(0.114–0.144), indicating a stabilizing effect within the 10–30 range. V_BD exhibits 541 

similar interaction patterns, with higher V under low V_BD conditions and reduced V 542 

under higher V_BD. Overall, most samples fall within V (0.15–0.20) indicating 543 

moderate seismic vulnerability, while extreme values are associated with extreme 544 

morphological configurations. The consistency between contour and scatter results 545 

suggests strong interaction effects, indicating that extreme or poorly balanced urban 546 

forms are associated with higher seismic vulnerability despite their low occurrence. 547 

  

(a) BA and PR Interaction 

Scatter Plot 

(b) BA and SCD Interaction 

Scatter Plot 

  

(c) BA and V_BD Interaction 

Scatter Plot 

(d) BSI and BA Interaction 

Scatter Plot 



  

(e) BSI and PR Interaction 

Scatter Plot 

(f) BSI and SCD Interaction 

Scatter Plot 

  

(g) BSI and V_BD Interaction 

Scatter Plot 

(h) PR and SCD Interaction 

Scatter Plot 

 
 

(i) PR and V_BD Interaction 

Scatter Plot 

(j) V_BD and SCD Interaction 

Scatter Plot 

Figure 8. Interaction effects between urban 3D morphological variables and seismic vulnerability548 

（Scatter Plot） 549 

  

(a) BA and PR Interaction 

Contour Plot 

(b) BA and SCD Interaction 

Contour Plot 



  

(c) BA and V_BD Interaction 

Contour Plot 

(d) BSI and BA Interaction 

Contour Plot 

 
 

(e) BSI and PR Interaction 

Contour Plot 

(f) BSI and SCD Interaction 

Contour Plot 

 
 

(g) BSI and V_BD Interaction 

Contour Plot 

(h) PR and SCD Interaction 

Contour Plot 

  

(i) PR and V_BD Interaction 

Contour Plot 

(j) V_BD and SCD Interaction 

Contour Plot 

Figure 9. Interaction effects between urban 3D morphological variables and seismic vulnerability 550 

(Contour Plot) 551 



4.3 Spatial Distribution of Seismic Vulnerability Based on Local Moran’s I 552 

Figure 10 shows the spatial clustering results based on Moran's I index. Moran's 553 

I is a measure of spatial autocorrelation, indicating the degree to which a region’s value 554 

is similar to the values of its neighboring regions for a particular variable. The map 555 

categorizes the regions into different Moran's classes as follows: 556 

The High-High and Low-Low categories indicate regions where values are 557 

spatially clustered, which can help identify areas of high and low development, density, 558 

or infrastructure. The High-Low and Low-High categories highlight areas that stand out 559 

as outliers, where a high-value region is surrounded by low-value regions, or vice versa. 560 

These outliers might represent zones of uneven development or areas with unique 561 

characteristics. By analyzing multiple variables together, the kernel density plots help 562 

show how the distribution of each variable changes across the spatial categories. This 563 

can provide deeper insights into the spatial structure and urban dynamics of the study 564 

area. 565 

 566 

Figure 10. Moran's I distribution of seismic vulnerability 567 

4.4 Feature Distribution under Different Spatial Cluster Types 568 

From the perspective of the four Moran’s I spatial classifications (High–Low, 569 



Low–High, Low–Low, and High–High), the kernel density distributions of urban three-570 

dimensional morphological variables exhibit significant heterogeneity and distinct 571 

spatial differentiation patterns, as shown in Figure 11. 572 

In High–Low category, variables generally display a transitional pattern from 573 

high values to low-value surroundings. PR and BD_1 show relatively high values 574 

locally, but are adjacent to low-value regions, resulting in more dispersed density 575 

distributions. This reflects a spatial mismatch between high-intensity developed areas 576 

and intensity surroundings. Similarly, the spatial SCD and AM exhibit wide variability, 577 

indicating substantial internal differences in structural complexity and building scale, 578 

highlighting strong spatial heterogeneity and boundary-transition characteristics. 579 

In Low–High category, variables exhibit the opposite transition pattern, where 580 

low-value are adjacent to high-value neighborhoods. PR and BD_1 are generally low 581 

but influenced by nearby high-density areas, leading to stretched and skewed 582 

distributions. This suggests a spatial spillover effect from highly developed regions. 583 

SCD and AM also show considerable dispersion, indicating coexistence of simple, 584 

small-scale buildings with influences from more complex and larger neighboring 585 

structures, thus forming clear spatial gradients. 586 

In Low–Low category, all variables are predominantly concentrated in low-587 

value ranges, with kernel density curves showing sharp and centralized peaks. PR and 588 

BD_1 indicate low development intensity and sparse building distribution; SCD 589 

remains low, reflecting simple spatial structures and limited morphological complexity; 590 

AM is also concentrated at smaller values, suggesting smaller and more dispersed 591 

building footprints. Overall, this category represents underdeveloped areas with strong 592 

spatial homogeneity. 593 

In High–High category, variables are clearly concentrated in high-value ranges, 594 

with density peaks shifted toward higher values. PR and BD_1 are both high, indicating 595 

intensive land use and compact urban structures; SCD is also elevated, reflecting 596 

complex spatial configurations and strong aggregation of buildings; AM shows larger 597 

values, suggesting larger building sizes or highly concentrated development patterns. 598 

Additionally, height-related variables such as H_Max and AH tend to be higher in this 599 

category, further indicating that these areas correspond to urban cores or highly 600 

developed zones with strong spatial clustering and structural complexity. 601 

 602 



  

(a) AH KDE Plot (b) AM KDE Plot 

  

(c) BA KDE Plot (d) BD_1 KDE Plot 

  

(e) BSI KDE Plot (f) CH KDE Plot 

  

(g) H_Max KDE Plot (h) H_std KDE Plot 

 
 

(i) OR KDE Plot (j) PR KDE Plot 



  

(k) SCD KDE Plot (l) V_BD KDE Plot 

Figure 11. Spatial distribution of 3D morphological features 603 

5 Discussion 604 

5.1 Advantages of XGBoost Model 605 

As shown in Figure.12, the visualization of the scatter plots between predicted 606 

and observed values reveals significant hierarchical differences in the fitting 607 

performance of the four regression models. XGBoost, RF, SVR, and DT were evaluated 608 

using the same dataset, experimental settings, and evaluation criteria to ensure a fair 609 

comparison of model performance. All models were consistently optimized under 610 

identical data conditions, and the hyperparameter settings, selected XGBoost 611 

parameters, random seed, and evaluation procedures were specified to improve 612 

reproducibility. The optimal hyperparameter configurations for each model are 613 

presented in Table 3. Specifically, the predictions of XGBoost are almost perfectly 614 

aligned with the ideal line of “Predicted = Observed,” with the error distribution 615 

predominantly concentrated in low-deviation regions. This is quantitatively supported 616 

by its superior performance (R² = 0.92, RMSE = 0.0158), indicating an excellent 617 

agreement between predicted and actual values. In comparison, RF model shows a 618 

relatively concentrated distribution around the ideal line, although with increased 619 

dispersion and a higher proportion of moderate errors, as reflected by a reduced R² of 620 

0.78 and an increased RMSE of 0.0259. The SVR model exhibits a further decline in 621 

performance, with scatter points deviating more substantially from the ideal line and a 622 

noticeable increase in high-error regions, resulting in a lower R² of 0.51 and RMSE of 623 

0.0300. DT model performs the worst, with predictions largely deviating from the ideal 624 

line and dominated by high-error distributions, yielding a very low R² of 0.20 and 625 

indicating poor predictive consistency. 626 



 627 

Figure. 12. Comparison between predicted depths and observed depths. 628 

Table 3. Optimal parameters of each model 629 

Model Level R2 RMSE MAE MAPE Best_Params 

 

XGBoost 

 

V 

 

0.9718 

 

0.0027 

 

0.0018 

 

0.0111 

 

'learning_rate': 0.05, 'max_depth': 

7, 'n_estimators': 300 

RandomForest 

 

V 

 

0.7631 

 

0.0078 0.0049 

 

0.0320 

 

'max_depth': 7, 'n_estimators': 100 

SVR 

 

V 

 

0.8583 

 

0.0061 

 

0.0038 

 

0.0242 

 

'C': 10.0, 'epsilon': 0.01, 'gamma': 

'scale' 

DecisionTree 

 

V 

 

0.7433 

 

0.0082 

 

0.0053 

 

0.0345 

 

'max_depth': 7, 

'min_samples_leaf': 1, 

'min_samples_split': 2 

 630 

5.2 Mechanism of Statistical Relationships Between Features and Vulnerability 631 

The predicted value of seismic vulnerability is not determined by a single urban 632 

3D morphological indicator, but by the synergistic effects of 15 indicators, including 633 



PR, BD_1, and V_BH. Essentially, these indicators collectively represent urban spatial 634 

structure, building aggregation patterns, and vertical morphological characteristics, 635 

which together influence seismic wave propagation, structural mechanical response, 636 

and damage severity. Based on the interaction patterns observed in contour maps and 637 

scatter plots, the mechanisms are as follows: 638 

For PR, as a positive driving factor of seismic vulnerability, higher PR (>2) 639 

indicates concentrated vertical development and larger building volume. When 640 

combined with BA, BSI, SCD, and V_BD, it tends to form an “upper-heavy” 641 

unbalanced spatial structure, which enhances seismic wave transmission and 642 

amplification effects, significantly increasing structural damage probability and thus 643 

raising seismic vulnerability. In contrast, lower PR (<1) is often associated with 644 

compensatory high values of other indicators, leading to reduced seismic vulnerability. 645 

BD_1 and SCD jointly reflect horizontal building aggregation and show a 646 

negative synergistic relationship with seismic vulnerability. A moderate range 647 

(10≤SCD≤30) forms a “buffer zone” that maintains urban functional order while 648 

avoiding stress concentration from excessive density or structural instability from 649 

excessive dispersion, corresponding to stable seismic vulnerability values. When SCD 650 

is too high (>40), buildings become extremely dense and form a rigid constraint system 651 

that increases lateral resistance, thereby reducing seismic vulnerability. However, when 652 

SCD is too low, spatial dispersion increases and seismic wave propagation becomes 653 

irregular, leading to higher seismic vulnerability. 654 

Height-related indicators (V_BH, AH, CH, AM, H_std, H_Max, H_Min) 655 

mainly reflect vertical heterogeneity. Larger V_BH, CH, and AM indicate significant 656 

height differences and irregular structures, leading to torsional effects and local failure 657 

under earthquakes. Moderate AH and H_std support uniform stress distribution and 658 

stable seismic vulnerability values, while extreme H_Max or H_Min disrupt vertical 659 

balance and amplify seismic response. 660 

Volume- and area-related indicators (V_BD, Average Volume, BA, Average 661 

Area) also show negative synergy with seismic vulnerability. Small V_BD (<20) 662 

combined with extreme or low BA leads to spatial imbalance and stress concentration, 663 

increasing seismic vulnerability. In contrast, large V_BD (>50) combined with 664 

moderate BA (10000–30000) improves structural balance and reduces seismic 665 

vulnerability. 666 

BSI reflects façade-to-base relationships and shows nonlinear effects with 667 



seismic vulnerability. Low BSI (<100000) generally indicates regular structure, but 668 

extreme combinations with BA or PR increase imbalance and raise seismic vulnerability. 669 

High BSI (>150000) increases complexity but strengthens overall structural constraint, 670 

reducing seismic vulnerability. 671 

OR reflects occupancy rate. Excessively high OR causes congestion and wave 672 

superposition effects, while excessively low OR leads to spatial fragmentation and 673 

uneven force distribution; both increase seismic vulnerability. Moderate OR ensures 674 

balanced seismic response and lower vulnerability. 675 

5.3 Interpretation of Spatial Distribution Patterns of Key Features 676 

From the perspective of Moran’s I spatial classification (High–Low, Low–High, 677 

Low–Low, and High–High), the relationships between urban 3D morphological 678 

variables and spatial clustering patterns exhibit pronounced heterogeneity and clear 679 

structural differentiation.  680 

In High–Low category, regions are characterized by locally high values 681 

surrounded by low-value neighborhoods, reflecting strong spatial discontinuity. 682 

Variables such as PR, BD_1, SCD, and OR tend to show relatively high values, 683 

indicating locally intensive development, while adjacent areas remain at lower levels, 684 

resulting in sharp spatial contrasts. Morphological indicators including V_BH, V_BD, 685 

H_std, and CH generally display higher variability, suggesting heterogeneous building 686 

forms and mixed development patterns. These areas typically correspond to transitional 687 

or urban edge zones with pronounced spatial imbalance. 688 

In Low–High category, the spatial configurations is reversed, where locally low-689 

value regions are embedded within high-value surroundings. PR, BD_1, and SCD are 690 

generally low, indicating relatively sparse local development; however, surrounding 691 

high-density areas induce noticeable spatial gradients. Indicators such as AH, H_Max, 692 

and BSI may exhibit moderate increases due to spillover effects from adjacent clusters. 693 

The distributions of BA, average volume, and AM are often more dispersed, reflecting 694 

the coexistence of small-scale simple structures with influences from more complex 695 

neighboring forms. This category generally represents areas undergoing transformation 696 

or subject to development pressure. 697 

In Low–Low category, all variables are predominantly concentrated at low 698 

levels, indicating strong spatial homogeneity and weak development intensity. PR, 699 

BD_1, SCD, and OR remain consistently low, reflecting sparse building distribution 700 



and low land-use intensity. Morphological indicators such as V_BH, V_BD, CH, H_std, 701 

and BSI also show low values, suggesting uniform building heights, simple structural 702 

configurations, and limited morphological complexity. Building-scale indicators such 703 

as BA, AM, and average volume are generally small, while both H_Max and H_Min 704 

remain low. These areas are typically located in suburban or underdeveloped regions, 705 

where urbanization is limited and spatial structures are relatively simple, corresponding 706 

to generally lower seismic vulnerability due to reduced exposure and density. 707 

In High–High category, variables cluster at high values, indicating strong 708 

positive spatial autocorrelation and intensive urban development. PR, BD_1, SCD, and 709 

OR are all significantly elevated, reflecting compact urban form, high land-use 710 

efficiency, and dense building distribution. Morphological variability indicators such as 711 

V_BH, V_BD, CH, and H_std are also high, suggesting diverse building heights and 712 

complex structural configurations. Additionally, AH, H_Max, BA, and average volume 713 

are typically large, indicating the presence of high-rise and large-scale buildings, while 714 

BSI is also elevated, reflecting more complex architectural forms. These regions 715 

generally correspond to urban core areas or highly developed zones, where both 716 

development intensity and structural complexity are maximized, and seismic 717 

vulnerability tends to be relatively high due to high exposure and concentration. 718 

6 Conclusion 719 

This study combines spatial statistics and explainable machine learning to 720 

explore the relationship between urban 3D morphology and seismic vulnerability. VAE 721 

is used for data augmentation, XGBoost for vulnerability assessment, SHAP for feature 722 

interpretation, and Moran’s I for spatial pattern analysis. A case study was conducted in 723 

Jiangyou City, Southwestern China. The results indicate that urban 3D morphological 724 

characteristics are significantly associated with seismic vulnerability under Intensity V, 725 

showing clear and differentiated influence patterns. Most indicators are negatively 726 

correlated with vulnerability, with SCD having the strongest impact, followed by V_BD 727 

and PR, while AH shows a positive effect and H_Max contributes minimally. Different 728 

features exhibit distinct mechanisms: PR positively influences vulnerability, whereas 729 

BD_1, BA, and CH show negative effects; H_std and H_Max present threshold-type 730 

positive influences, and SCD and BSI display nonlinear relationships, consistent with 731 

seismic engineering principles. Feature interactions are generally weak, though BA and 732 



BSI show some synergy, and extreme combinations (e.g., high PR, low SCD and V_BD) 733 

significantly amplify risk, especially under low V_BD conditions. Spatial patterns 734 

reveal clear core–periphery differentiation, with height- and density-related indicators 735 

decreasing outward, while BSI and BA show opposite trends. Among all models, 736 

XGBoost achieves the best performance (R² = 0.9648, MAPE = 0.99%), and VAE-737 

based data augmentation improves model robustness. Overall, seismic vulnerability 738 

reflects the balance of urban 3D morphology, where coordinated configurations reduce 739 

seismic risk and extreme combinations increase vulnerability, providing a scientific 740 

basis for urban seismic risk mitigation and planning. 741 
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