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Impacts of Urban Three-Dimensional Morphology on Seismic
Vulnerability and its Driving Mechanisms: A XGBoost-SHAP
Explainable Analysis in Jiangyou City, Southwestern China

Abstract

Understanding the interaction between urban urban three-dimensional
morphology (urban 3D morphology) and seismic vulnerability is crucial for
optimizing urban spatial planning and disaster risk reduction. However, existing
seismic vulnerability assessments have primarily focused on individual
buildings or conventional structural and socioeconomic factors, with limited
attention to the nonlinear relationships between urban-scale 3D morphological
configurations and vulnerability patterns. To address this limitation, this study
develops an integrated and explainable assessment framework that combines
XGBoost, SHAP analysis, Pearson correlation-based feature selection, and
Moran’s [ spatial clustering to quantify the contributions of urban 3D
morphological characteristics and reveal their spatial heterogeneity in relation to
building seismic vulnerability. Results show that among all feature categories,
Spatial Crowding Degree is the most influential feature in the model, returning
the widest range of SHAP value variations and the highest average influence.
The influence of different urban 3D characteristics on seismic vulnerability
exhibits diverse patterns, in which high-density and compact layouts can reduce
vulnerability, while features such as building height variation and plot ratio
significantly affect prediction contributions within specific ranges. Moran’s [—
based spatial clustering shows that High—Low and Low—High areas reflecting
transitional patterns and spatial spillover effects. The results of this study provide

an important basis for improving urban seismic resilience, improving disaster

prevention capacity, and sustainable urban development.

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

SHAP; Pearson Correlation .

1 Introduction

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

have continued to increase, and urban spatial layouts and building morphologies have become
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increasingly complex (Labuz, Blazy and Hess, 2026; Liu et al., 2026). While these changes
have promoted urban development, they have also intensified the potential risks cities face
when natural disasters—particularly earthquakes occur (Yadim et al., 2026). As one of the most
destructive natural hazards, earthquakes pose serious threats to urban building structures,
infrastructure systems, and the safety of human lives and property, and therefore have attracted
widespread attention from both academia and urban management sectors. In recent years,
accurately assessing the seismic vulnerability of urban buildings through scientific approaches
has become an important issue in urban planning and disaster risk management. In this context,
urban three-dimensional morphological (3D) characteristics, such as building density, plot
ratio, and building height, are considered key factors influencing seismic vulnerability (Chen
et al., 2026; Chen, 2013; Maiorana, Conte and Briseghella, 2026; Moroz and Thieken, 2026).
Investigating the relationships between these spatial morphological characteristics and seismic
vulnerability is therefore essential for optimizing urban spatial structure, enhancing urban

seismic resilience, and disaster risk reduction.

Seismic vulnerability refers to the intrinsic susceptibility of buildings or building groups
to experience damage under a given level of seismic ground motion, as determined by their
structural and morphological characteristics.(Wang et al., 2026) As a core component of
seismic disaster risk assessment, seismic vulnerability analysis has been widely studied. Early
studies primarily relied on post-earthquake damage surveys combined with expert judgment to
assess building vulnerability, making this approach one of the most straightforward and
practical methods in vulnerability analysis. It also allows for the reuse of findings from previous
studies when analyzing similar building types, thereby ensuring a degree of continuity and
comparability. This method can effectively capture actual damage patterns and reflect the true
seismic performance of structures (He et al., 2025; Li and Xu, 2026). However, several
limitations constrain its application. Damage data are often difficult to obtain across varying
intensity levels and site conditions, resulting in relatively small sample sizes. In addition, data
collected from remote areas may lack representativeness due to differences in construction
practices and local customs, and therefore may not accurately reflect the seismic performance
of buildings designed according to current codes. Furthermore, the data collection process is
susceptible to subjective influences, and the method is generally applicable only to regions and

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

As the limitations of damage survey—based empirical approaches become evident and the
demand for accurate seismic damage prediction increases, numerical simulation—based
methods are gaining prominence. Common approaches include regression analysis and the

Analytic Hierarchy Process (AHP) (Malakar and Rai, 2023). Regression analysis quantifies the
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effects of multiple factors by modeling relationships among variables and is characterized by a
clear structure, computational efficiency, and good interpretability. In contrast, AHP
decomposes complex problems into hierarchical structures and assigns weights to multiple
criteria through expert-driven judgment, enabling systematic evaluation of multi-criteria
decision problems. However, with increasing urban complexity, these methods show clear
limitations. Regression models are typically based on linear assumptions and may fail to capture
nonlinear relationships among variables, whereas AHP depends on expert judgment, which can

introduce subjectivity and reduce the robustness of the results.

In recent years, the rapid development of machine learning techniques has enriched the
methodological approaches for seismic vulnerability assessment and significantly improved
prediction accuracy (Asadollahzadeh and Behnam, 2025; Zain, Dackermann and Prasittisopin,
2024). Machine learning models such as Support Vector Machine (SVM) (Wenyi et al., 2024;
Yaohui et al., 2023), Random Forest (RF) (Sun et al., 2025), and Extreme Gradient Boosting
(XGBoost) (Zhou et al., 2025) have become important tools in this field due to their ability to
handle nonlinear relationships and complex high-dimensional data. Specifically, SVM
demonstrates strong generalization ability in small-sample and high-dimensional datasets
(Manikandan et al., 2025); RF enhances model stability and reduces overfitting through
ensemble learning (Kallas and Napolitano, 2025); and XGBoost provides high computational
efficiency and prediction accuracy, performing well in modeling complex feature interactions
(Pinasco et al., 2025). Overall, machine learning approaches can uncover hidden patterns in
data with fewer prior assumptions, thereby improving predictive performance (Aloisio et al.,
2026; Chu et al., 2025; Gondaliya et al., 2024; Zhang et al., 2026). Nevertheless, these methods
still present some challenges in practical applications, including dependence on high-quality
data, complex parameter tuning processes, and limited interpretability of certain models
(Chicco, Chieffo and Formisano, 2024; Eren and Salgamcioglu, 2025; Yang et al., 2023; Zhang
et al., 2026).

To further improve model interpretability, explainable artificial intelligence (XAI)
techniques have recently been introduced into seismic vulnerability studies. Furthermore,
spatial statistical methods provide important tools for identifying spatial distribution patterns
of vulnerability (Luo, Zhao and Zeng, 2026; Pinasco et al., 2025; Weiyi and Limao, 2022; Yang
et al., 2025). Among them, Moran’s I, a widely used indicator of spatial autocorrelation, can
effectively detect spatial clustering patterns of seismic vulnerability and reveal the distribution
of high-value and low-value areas (Davtalab and BycCenkiené, 2026; Islam et al., 2021; Liu et
al., 2022; Nishizaki, 2017; Papadopoulos and Karalis, 2023; Zhu et al., 2026). Furthermore, by
integrating interpretability tools such as Shapley Additive Explanations (SHAP) and Partial
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Dependence Plot (PDP), it becomes possible to analyze the influence mechanisms of urban 3D
characteristics on seismic vulnerability from both global and local perspectives (Dong et al.,

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

In this study, we propose a comprehensive framework that combines spatial statistical
analysis with explainable machine learning methods to investigate the relationship between
urban 3D characteristics and seismic vulnerability. First, Variational Autoencoder (VAE) is
introduced for data augmentation. By generating a large number of new samples based on the
original dataset, the robustness and generalization ability of the model are significantly
improved. Second, Pearson correlation analysis is employed to systematically explore the
relationships between urban 3D characteristics—such as building density, plot ratio, and
building height—and seismic vulnerability, thereby revealing the roles of these features in
influencing seismic vulnerability. On this basis, XGBoost regression model is constructed to
establish a more accurate and reliable seismic vulnerability assessment model. Meanwhile,
SHAP value visualization techniques are applied to conduct an in-depth interpretation of the
influence of different features in the seismic vulnerability assessment process and to further
quantify the marginal contributions of each feature, thereby revealing the underlying influence
mechanisms of urban morphological characteristics. In addition, Moran’s I is used to identify
the spatial clustering patterns of seismic vulnerability and to further reveal the spatial
distribution characteristics of urban morphological features. The results of this study can
provide a scientific basis and technical support for optimizing urban spatial planning, enhancing

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

2 Study Area and Data Sources

2.1 Study Area

Jiangyou City (31°47'N, 104°44'E), located in Sichuan Province, southwestern
China, is characterized by a predominantly residential building stock, where masonry
structures are dominant, supplemented by a smaller proportion of reinforced concrete
buildings and industrial frame structures. The urban form is mainly composed of low-
and mid-rise buildings, with relatively few high-rise structures, resulting in a spatial
pattern dominated by low- and mid-rise masonry buildings, which contrasts sharply
with megacities where high-rise reinforced concrete buildings prevail (Figure. 1).
Situated in the central segment of the North—South seismic belt and within the
Longmenshan fault zone, the region is prone to frequent seismic activity. During the

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



156
157
158
159
160

161

162
163

164

165
166
167
168
169
170
171
172
173
174

175

Jiangyou reached VIII on the local intensity scale. The earthquake caused more than
400 fatalities, the relocation of approximately 365,923 residents, and direct economic
losses of about 59.2 billion RMB in Jiangyou. Therefore, assessing the seismic
vulnerability of buildings is essential for improving seismic risk mitigation and

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

Figure 1. The study area of Jiangyou City (MC—masonry concrete structure, RC—reinforced
concrete structure, FRC—factory buildings with reinforced concrete columns)

2.2 Data Sources

In this study, basic building data were obtained using tools such as Google Maps
and ArcGIS Online, primarily including key attributes such as building height and
number of floors. After organizing and classifying the relevant parameters, all validated
data were integrated into a GIS database. The study further divided the study area into
281 spatial units based on block and community spatial patterns, and conducted all
subsequent analyses at this scale. The spatial database of Jiangyou City was first
established in ArcGIS by integrating neighbourhood boundaries and road network data
derived from Google Maps. Building age and seismic design information were
subsequently interpreted from historical remote sensing imagery, and structures were

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

design standards: before 2001, 2002-2010, and after 2010. The corresponding numbers
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of buildings in these categories were 1,200, 800, and 500, respectively. Building
structural characteristics and maintenance conditions were then obtained through a
combination of Baidu Street View interpretation and field investigation records. Three
dominant structural systems were identified, including reinforced concrete (RC), frame-
reinforced concrete (FRC), and masonry construction (MC). The physical condition of
buildings was evaluated and classified into four levels (good, slightly damaged,
moderately deteriorated, and poor) based on observable indicators such as surface
damage and moisture-related deterioration. In addition, circular buffer zones with radii
of 50 m and 200 m were generated around mapped active faults and potential concealed
faults to assess the potential influence of fault proximity on building vulnerability. All
collected building-related attributes were integrated into a unified GIS database for
subsequent analysis. To incorporate the effects of construction quality, structural
configuration, material strength, and maintenance status on seismic damage assessment,
the EMS-92 scale proposed a vulnerability classification table that links building types
with corresponding vulnerability classes for intensity evaluation. The subsequent EMS-
98 scale further refined this framework by improving the classification of building
vulnerability and enhancing the reliability of earthquake intensity assessments.

The buildings in Jiangyou City are relatively concentrated, forming diverse
three-dimensional spatial configurations and heterogeneous urban morphological
characteristics. Significant variations exist among buildings in terms of physical
attributes such as urban development intensity and building exposure, vertical urban
morphology, variation in building volume, and building geometric morphology. Urban
development intensity and building exposure characterize the concentration and spatial
arrangement of buildings, which are potentially related to building-to-building
interactions, population exposure levels, and the complexity of post-earthquake
emergency responses. Vertical urban morphology captures variations in building height
and vertical configuration, reflecting possible differences in seismic response behaviour
among buildings. Building volume variability represents the diversity of building sizes
within urban areas and may contribute to variations in structural complexity and
interaction patterns of building clusters under seismic loading. Building geometric
morphology describes the characteristics of building shape, scale, and spatial
arrangement, which are associated with the distribution of seismic responses and the
organization of urban space. Collectively, these morphological dimensions establish a

conceptual framework for exploring the potential relationships between urban form
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characteristics and seismic vulnerability. The graphical definitions of these indicators
are provided in Table 1.

In recent years, a growing number of quantitative indicators have been
developed to describe urban 3D building morphology and characterize urban spatial
structure. Previous studies have demonstrated that these three-dimensional
morphological metrics significantly influence a variety of geospatial processes,
including the seismic vulnerability of urban buildings. With the advancement of
researches, the critical role of building spatial form in urban earthquake disaster
response has been increasingly recognized. Recent studies further indicate that these
indicators have a substantial impact on regional building seismic performance and the

spatial distribution of earthquake losses.

Table 1. Definitions of Urban 3D Morphological Indicators

Category Indicators Description Formula
Urban building
development
Plot Ratio (PR) intensity and PR = w

spatial utilization

Urban level
development  Average Building Building footprint 3 A
BA ==+
intensity and Area (BA) scale N
building Building Density Building volume YV,
BD_1==+
exposure (BD_1) scale level N
Degree of
Spatial Crowding crowding of TV,
SCD = 7———
Degree (SCD) buildings in three- max X
dimensional space
Overall building
Average Height Y H,
Vertical height level in the AH = L
(AH) N

urban region
morphology =~ Maximum Height Upper limit of

(H_max) building height in
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the region

Standard Deviation H_std
Dispersion of
of Building Height 1
building heights = _Z(Vi —7)2
(H_std) N
Coefficient of Uniformity of 1
R | NI -7
Height Variation urban height CH =
Lo
(CH) distribution N

Variation of

Differences in V.-BH
Building Height 1
Variation in building scale = —Z(Hi — H)?
(V_BH) N
building
Variation of
volume Differences in V._BD
Building Volume 1
building volume = _Z(Vi -2
(V_BD) N
Proportional
Building
. Building Structure characteristics of Y A; x H,
geometric BSI =
Index (BSI) building N
morphology
morphology
3 Methodology

The study explores the impact of the urban morphology on the variation of the seismic
vulnerability index. As illustrated in Figure.2, the comprehensive approach for
decoupling the mechanism between urban morphology and building vulnerability index
can be classified into three steps: (1) Employing the Variational Autoencoder (VAE)
data augmentation technique to expand the original dataset to 7,236 entries for model
training and validation (Liu et al., 2022). (2) Selecting urban morphological features
with high correlation to vulnerability by the Pearson correlation coefficient method
(Davtalab and Bycenkien¢ 2026). (3) Evaluating the robustness and accuracy of
XGBoost (Dong et al., 2022; Muhammad et al., 2021; Zhang et al., 2020) based on
comparative analysis with SVR (Research et al., 2019), RF (Adesina et al., 2022) and
DT(Abbas et al., 2023); (4) Applying the SHAP and PDP methods to explain the
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influence degree of urban morphology indicators on building vulnerability and the
interdependencies among them (Gawde et al., 2024; Gondaliya et al., 2024). (5) Using
the Moran's I method to identify the optimal intervals and spatial heterogeneity of urban
morphological characteristics under different scenarios (Chen, 2013; Jackson et al.,

2010).

1.Data Augmentation
and Feature Selection

2.Predictive Model and
Interpretablity Analysis

3.Spatial and
Visualization Analysis

Original Dataset

3D Urban
Morphology Data

VAE

Model Comparison
and Selection
® XGBoost

e SVM
® RF
e DT

XGBoost Regression Model

Local Moran’s I Analysis on
Seismic Vulnerability

Visualization of Seismic
Vulnerability and Clusters

(Large-scale New (Final Selection)
Semples Generated)
Pearson Correlation SHAP Global PDP Partial Spatial Clusters Classification

Analysis

(Select Significant Indicator:

Impact Analysis

“—
o

Feature Importance
Analysis

Dependence Plots

Quantify Individual
Interaction Effects

Interpretability Analysis

(HH, LL, HL, LH

Analyze Original Morphology
Feature Distributions for each
Cluster Type

Indicator Screening ’J
s)

Figure 2. Framework of the study

3.1 The modified VIM

The VIM method is an important component of the RISK-UE project, which describes
the degree of damage caused by seismic events to buildings through several important
parameters that affect the seismic performance of buildings. In this study, the modified

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

Estimate the vulnerability index Vlbuilding denotes the vulnerability index of the
building structure, and its value ranges from 0 to 1. Reduced vulnerability is indicated
by a smaller value. The VIM approach evaluates building seismic vulnerability based
on the Building Type Matrix (BTM), which classifies buildings according to their
structural systems and physical characteristics. By integrating extensive earthquake

damage records, the method establishes relationships between different building types



254  and their corresponding damage responses under various seismic intensities. For
255  Sichuan Province, where the study area is located and has experienced significant
256  earthquake impacts, previous studies have compiled damage information from multiple
257  historical earthquakes and developed damage matrices for different structural
258  categories. These matrices were combined with the average loss ratios associated with
259  each building type to derive the corresponding vulnerability indices V; for the three
260  major structural systems, as shown in the following formulation(1).

261 The value of the vulnerability index also depends on various modification
262  factors. In the following formula, AMp is the modification considering regional

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

264  aspects that affect the seismic performance of the building. Regional modification
265  factors were incorporated to improve the applicability of the vulnerability assessment
266  in the local seismic context. The selected factors included construction period,
267  building—fault distance, building—fault orientation, number of floors, and location
268  effects. The construction period factor followed the RISK-UE framework, considering
269  the influence of seismic code evolution, construction practices, and material
270  deterioration. The fault-related factors were determined with reference to Chinese
271  seismic planning and geotechnical standards (GB 50413-2007 and GB 50021-2001),
272 which emphasize the influence of near-fault zones (e.g., 50-200 m) on seismic response.
273 Building—fault orientation was considered to account for potential directional ground-
274  motion and torsional effects. The selected factors were further evaluated through
275  sensitivity analysis, showing significant contributions to vulnerability variation (22-35%
276  variance explained, ANOVA, p <0.01). The modified parameter values are provided in
277  Table 2.

n
building __
v =V, + AMg +Z. Vm]. (D)
j=1
278
279 Table 2. Previous research results on the vulnerability of buildings in Sichuan Province.
Vulnerability
Code level
factors
Vm]. 1.Number of MC RC FRC
floors

Low —-0.02 —-0.04 —0.04




280

281
282
283
284
285
286
287
288
289
290

Medium 0 0 0

High +0.06 +0.06 +0.06
2.The angle Parallel Other Perpendicular
between the +0.06 +0.04 +0.01
building and the
fault
3.Location 1 2 3 4 5 6
modifiers
+0.04 +0.04 —0.02 —-0.02 0 +0.02
AMp  4.Construction Pre-2001 2001-2010 Post-2010
age
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

Data Augmentation Based on VAE is an unsupervised generative model based
on variational Bayesian inference, which consists of an encoder and a decoder
implemented by single-layer feedforward networks. By virtue of linear transformations
combined with non-linear activation functions, it jointly learns the approximate
mapping from raw data to the latent space distribution as well as the non-linear
generative process from the latent space to reconstructed data. This approach is
particularly useful in generating realistic synthetic data while preserving the underlying
distribution and characteristics of the original dataset, which is crucial for training
robust machine learning models in urban morphology indicators studies. VAE typically

assumes that the input variable is generated by the random latent variable , and its
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marginal likelihood function can be expressed as:

p(x) = f P(@)pe(xl2)dz @)

Among them, the generative p,(x|z) model represents the reconstruction of
the latent variable z into the input variable x. The prior distribution p(z) is usually
assumed to follow a standard normal distribution. According to Bayes' theorem, the

posterior distribution of the latent variable p(x|z) can be expressed as:

Pa(x|2)p(2)

) @)

p(zlx) =

However, since both the parameters a of the generative model and the latent
variable z are unknown, the marginal likelihood of the observed data is difficult to
calculate directly. Therefore, the VAE employs variational inference to obtain an
approximate probability distribution p(z|x) of the posterior distribution g, (z|x).
The distribution q,(z|x) can be referred to as the inference model, which is described
by a multivariate normal distribution where ¢ denotes the parameters of the inference
model. The fundamental idea of the VAE is to utilize the inference model and the
generative model to approximate the posterior distribution p(z|x) of the latent
variable via variational inference, thereby achieving effective modeling of complex
data.

The model structure of the VAE is illustrated in Figure 3. First, the input variable
x undergoes dimensionality reduction through a linear layer to yield the bottleneck
layer h. To ensure the validity of latent variable sampling, each dimension in the
bottleneck layer corresponds to a specific posterior distribution. This process is
implemented by two parallel encoders, which are used to estimate the mean u and
variance ¢2 of the posterior distribution for each dimension, respectively. This
encoding process can be described by q,(z|x), whose essence lies in mapping high-
dimensional input data to a low-dimensional latent space and completing the extraction
of data features. The latent variable z, randomly sampled from the latent space, is fed
into the decoder p, (x|z) to reconstruct the input data, where z represents the
feature representation and information transfer of the input data. During the training
process, the VAE updates the neural network parameters by minimizing the following

loss function:
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Among these terms, the first one is the reconstruction term, which measures the
discrepancy between the input data and the reconstructed data and ensures that the latent
variables can effectively capture the features of the input data. The second term is the
Kullback-Leibler (KL) divergence, which quantifies the difference between the encoder
distribution and the prior Gaussian distribution.

Given the limited number of original spatial units, a variational autoencoder (VAE)
was employed to augment the dataset and support subsequent machine-learning model
training. The VAE used an encoder—decoder architecture with 32 neurons in the hidden
layers and an 8-dimensional latent space. ReLU and Sigmoid activation functions were
used in the hidden and output layers, respectively. The model was trained using the
Adam optimizer with a learning rate of 0.001 for 50 epochs, using a loss function
combining reconstruction loss and Kullback—Leibler divergence.

The generated samples were treated as augmented representations learned from
the original 281 spatial units rather than as newly observed geographic units. Thus, the
expansion to 7,236 observations does not represent an equivalent increase in
independent spatial units or physical observations. The subsequent XGBoost-SHAP
analysis was therefore interpreted in terms of the feature associations and contribution
patterns learned from the urban morphological characteristics, with the synthetic
samples serving as supplementary data for model learning rather than independent

physical evidence.

Input Variable Output Variable

| ] "l

Refactor Variable
Encoder Code Decoder Yo \

Figure 3. Framework of the VAE
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3.3 Feature filtration and hyperparameter tuning

The Pearson correlation coefficient is a non-parametric statistical method used to
measure the direction and intensity of the trend relationship between two random
variables. This coefficient has no strict requirements on data values, population
distribution, sample size, or other aspects; as long as the data appear in pairs, it can be

calculated using Formula (4).

_ cov(x, y) _ Z§=1(xi )i —Y)
(Eheai =02 (£, 0= 77

Py (5)

0x0y

In the formula: x=[xl,xz,---,x]]T,yz[yl,yz,--~,y]]T denote two |

J

. ) . _ 1 _ 1
dimensional random variables;x = 72 =1 %Y = 7Z§=1 yjrepresent the mean values of

x and y respectively.

The interaction among features holds significant importance in determining model
accuracy. Features exhibiting high correlation are deemed redundant, thus selecting
only those with minimal redundancy among continuous features can enhance both
accuracy and stability of the model. The Pearson correlation coefficient, an established
method for quantifying linear correlations between vectors, was chosen for its proven
effectiveness in initial feature screening. A value exceeding 0.8 indicates the presence
of multicollinearity between the respective features. Figure 4 depicted the Pearson
correlation heatmap, illustrating the interplay of correlation among candidate features.
The study identified features with correlation values surpassing 0.8 and further
examined the coefficient values between influencing factors and Seismic vulnerability.
By eliminating the variable with lower coefficient values with target value as well as
higher correlation among two variables, the study achieved improved model

performance.
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363 Figure 4. Illustrated graphical definition of urban 3D mohology
364 In this section, as shown in Figure 5, the study examined the association between

365  building vulnerability (V) and ten other factors using Pearson correlation analysis.
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367 Figure 5. Heatmap of the Pearson correlation between influencing factors
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As shown in Figure 5, for buildings with seismic vulnerability under intensity V
conditions, most urban morphological indicators exhibited negative correlations with V,
indicating that increases in building density, block density, and building volume may
reduce vulnerability. PR (Pearson correlation coefficient=-0.23) and CH (Pearson
correlation coefficient = -0.20) were weakly negatively correlated with vulnerability.
An increase in floor area ratio provides more structural support for buildings, but the
variations in individual building design limit its overall effect on vulnerability. Similarly,
a staggered layout can help disperse seismic forces, distributing energy across buildings
of different heights, which may reduce vulnerability at both the individual and
collective levels, although this effect is relatively limited. SCD (Pearson correlation
coefficient = -0.52) and BD 1 (Pearson correlation coefficient = -0.41) were strongly
negatively correlated with vulnerability. Block density exhibited the strongest negative
correlation with building vulnerability. Dense building clusters and compact urban
blocks provide greater mutual structural support and protection, reducing building
vulnerability and serving as a key factor in mitigating urban earthquake risk. Larger
building volumes are associated with greater structural redundancy and stability,
enhancing overall seismic performance and lowering vulnerability. It is also noteworthy
that AH (Pearson correlation coefficient = 0.30) was positively correlated with
vulnerability. Higher average building heights corresponded to increased vulnerability.
High-rise buildings are more susceptible to damage during earthquakes or disasters,
particularly in areas with insufficient overall density, indicating that urban high-rise

development may increase risk and should be carefully planned.

3.4 Extreme gradient boosting algorithm

Extreme gradient boosting (XGBoost) algorithm is an ensemble learning
algorithm and a variant of gradient-boosted decision trees. It enhances classification
performance by integrating multiple decision tree models. Its basic principle is that in
each iteration, a new decision tree is fitted by calculating the negative gradient of the
loss function, and then the output of the new tree is added to the cumulative output of
all previous trees. This process enables it to approximate the actual loss function with
higher precision, thus rendering it can efficiently decouple complicated influencing
mechanisms between seismic vulnerability and urban morphology.

The basic principles of XGBoost are elaborated as follows:

Taking the Classification and Regression Tree (CART), which is commonly
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adopted as the base learner in XGBoost, as an example, the detailed description is

provided below.

K
V.= ka(xi):fk =R (6)
k=1

In the above formula, X; denotes the set of feature values corresponding to the i
data sampling point; R represents the function space encompassing all CART trees;
and fi (X;) stands for the weight of the i data sampling point at the leaf node of the
k tree.

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

0bj(6) = ) LGy + ) 0(f) ™
i=1

Herein, [(¥,,y;) denotes the loss error, and 2(f;) represents the regularization
term, which controls the complexity of the tree model and prevents overfitting.y, is the
predicted value of the label for the i data sampling point output by the model, y; is
the true value of the label for the i data sampling point, and K is the number of trees.

The expression of the regularization term is given as follows:
1
() =yT+§/1w2 (8)

Herein, y and A denote the penalty coefficients, T represents the number of
leaf nodes, w is the weight of the leaf nodes, and Const is the constant term. Thus, the

objective function of XGBoost can be rewritten as follows:

n

obj(0) = Z (yi,yf\+ fl-(xj)) + O(f; + Const) 9)

i=1

3.5 Shapley Additive Explanations

The XGBoost model boasts high predictive performance, yet its internal decision-
making process remains difficult to interpret. To address this issue, Shapley Additive
Explanations (SHAP) is employed to realize both global and local interpretability of
the model. Specifically, SHAP values are visualized to illustrate the contribution degree

of each feature factor to the prediction results, and hierarchical clustering is utilized to
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analyze the correlation among different feature factors. This integrated approach can be
applied to the research on the driving factors of the spatiotemporal evolution of carbon
storage. SHAP is capable of revealing the more complex logic underlying model
predictions and helping users understand why specific factors exert an impact on the
final results. The introduction of SHAP has brought new perspectives to machine
learning research, enabling researchers to conduct in-depth exploration of the decision-
making processes of models and to enhance the understanding and prediction of data.

Its calculation method is shown as presents:

Vi = Ybase T F(Ai1) + F(Aip) + - F(Ai) (10)

Where: 4;; denotes the j feature of the i sample; y; represents the predicted
value of this sample obtained by the SHAP model; y,,c. is the mean of the predicted
values of all samples. F (Ai j) refers to the contribution value of the j feature in the i

sample to y;.

3.6 Partial dependence plot

Due to the relative opacity of data model training and construction, such models
suffer from a "black-box" effect in fields with high interpretability requirements. This
is because the large number of decision trees makes it difficult to understand and
compare the differences and attributes between individual decision trees, thus
necessitating the application of explanatory tools. Partial dependence plot (PDP), a
commonly used analytical technique, illustrates the marginal effect of a single feature
on the prediction results of a pre-fitted model. Specifically, the prediction function is
fixed at several values of the selected feature, while averaging over all other features.
Compared with traditional linear regression models, the PDP offers two distinct
advantages. First, the marginal effects of influencing factors derived from this technique
are generated based on models that account for the impacts of other covariates, rather
than merely reflecting a bivariate relationship between the target variable and individual
features. Second, this method is applicable to linear models, nonlinear models, and even

more complex mathematical models. The specific calculation is follows:

£.(x) = Ex, = [f 0o Xo)] f F (s X)dP(Xe) (1)

Where x; are features analyzed in the current section, X, is the remaining
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features, Partial dependence works by marginalizing the f output over the distribution
of the features in set C. The study performed single feature and double feature PDP

analysis, respectively.

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

adopted statistics. It quantifies the spatial association between each individual spatial
unit and its neighboring units and identifies localized spatial clustering or spatial
outliers within the study area. In this study, this indicator is applied to quantitatively
explore the spatial heterogeneity of urban building vulnerability and reveal the localized
spatial distribution characteristics and differentiation rules of different urban

morphological elements. The calculation formula is as follows:

(i = %) Xy wij (% — %)

li = (12)

Among them, S, = Y-, Z?zl w;j,where n is the total number of spatial units, y;
and y; represent the attribute values of the i-th spatial unit and the j-th spatial unit
respectively, ¥ is the mean value of the attribute values of all spatial units, and w;; is
the spatial weight value.

In this study, the spatial-weight matrix was constructed using the queen-contiguity
criterion and further row-standardized. The weight was defined as w;; = 1 if parcel i
and parcel j shared at least one edge or vertex, otherwise w;; = 0, and self-weight
was set to zero. A permutation test with 999 random permutations was performed to
obtain the p-values for Local Moran’s I. The significance level was set at o = 0.05;
spatial units with (p < 0.05) were considered statistically significant. Non-significant
units (p = 0.05) were not interpreted as local spatial clusters or outliers in the
subsequent analysis. The spatial-weight matrix, neighbourhood criterion, distance
threshold, row standardization, treatment of isolated spatial units, permutation testing,
significance level, and multiple-testing correction were all specified and implemented
in the Local Moran’s I analysis. For conciseness and considering the overall scope of
the manuscript, the detailed settings and procedural parameters are not presented

individually in the main text.
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4 Results

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

Figure. 6 presents the SHAP value distributions (Figure 6a) and feature
importance rankings (Figure 6b). All variables passed the Variance Inflation Factor
(VIF) test, indicating no multicollinearity among features and ensuring the robustness
of the model interpretation. Among all variables, SCD emerges as the most influential
feature in the model. It shows the widest SHAP value range with clear positive and
negative effects and also the highest mean SHAP value, indicating its dominant

contribution to model predictions across samples.
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Figure 6. Results of Sen and MK

Specifically, high SCD values are associated with strong positive effects on
model predictions, whereas low values lead to negative effects, indicating strong
sensitivity and explanatory power. V_BD and PR also exhibit relatively wide SHAP
distributions and clear bidirectional effects, indicating weaker influence than SCD but
still stable contributions to model predictions. In contrast, BA, BSI, and H_std show
SHAP values concentrated around zero, indicating weak contributions to model
predictions. H Max and BD 1 exhibit narrow SHAP ranges with negligible effects,
indicating minimal influence. The feature importance ranking (right panel) further
confirms these results, with SCD showing the highest importance, followed by V_.BD
and PR, while BA, BSI, and H_std are less influential, and H Max and BD 1 contribute
the least. Overall, the model is dominated by SCD, with V_BD and PR serving as

secondary contributors, while the remaining variables have limited or negligible effects.
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4.2 Feature Marginal Impact Analysis Based on PDPs

4.2.1 Impact of Single Variables on Seismic Vulnerability

To assess the marginal effects of urban three-dimensional morphological
characteristics on seismic vulnerability, this study applies the PDP method (Figure 7),
in which other variables are held at their mean values. AH (Figure 7 a) shows minimal
variation, with values fluctuating around zero (within +0.005), indicating a negligible
effect, with only a slight negative shift near 1.0. BA (Figure 7b) exhibits a clear
transition pattern, changing from a weak positive effect at low values to a strong
negative effect at high values (approximately —0.038), suggesting a decreasing
association with vulnerability. BD 1 (Figure 7c), H Max (Figure 7f), and H_std (Figure
7¢g) exhibit threshold-like behavior, remaining near zero at low values and increasing
positively beyond certain thresholds (approximately 0.008—0.009), indicating higher
vulnerability at larger values. BSI (Figure 7d) shows a nonlinear U-shaped relationship,
with the strongest negative effect at moderate values (~250000), indicating a non-
monotonic influence. CH (Figure 7¢) shows a strong negative relationship, decreasing
after approximately 0.6 and reaching about —0.035 at higher levels, suggesting reduced
vulnerability with increasing compactness. PR (Figure 7h) exhibits a monotonic
increasing trend, indicating a consistently positive contribution across its range. SCD
(Figure 71) exhibits a complex nonlinear relationship, characterized by an initial
increase followed by a decrease and subsequent rebound, with peak positive effects near
10 and strongest negative effects near 55. V_BD (Figure 7j) shows a non-monotonic
trend, with positive effects at low values (0-40) and negative effects thereafter. Overall,
urban morphological features exhibit heterogeneous nonlinear and threshold-dependent

effects on seismic vulnerability.

(a) Partial Dependence for AH (b) Partial Dependence for BA
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(c) Partial Dependence for BD 1 (d) Partial Dependence for BSI

®

(e) Partial Dependence for CH (f) Partial Dependence for H Max

(1) Partial Dependence for SCD  (j) Partial Dependence for V. BD

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

vulnerability

4.2.2 Feature Correlation and Distribution of Seismic Vulnerability Predictions

To investigate interactions among urban 3D morphological indicators (BA, BSI,
PR, SCD, and V_BD) and their effects on seismic vulnerability under seismic intensity

of V, this study constructs pairwise contour maps and scatter plots (Figure.8 and
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Figure.9). Results indicate a negative interaction between BA and BSI, where low
values of both correspond to higher V (~0.17-0.175), while higher values of either
variable are associated with reduced V (~0.15). The scatter plots reveal that mid-range
combinations show relatively stable patterns, whereas extreme combinations are
associated with higher V values. PR shows a positive interaction with BA but an
opposite relationship with BSI, with higher V observed under high PR—low BSI
conditions or strong PR-BA imbalance, suggesting increased vulnerability under
uncoordinated morphological configurations. SCD shows a generally negative
interaction with BA, BSI, and PR, where low SCD combined with moderate BA or low
BSI is associated with higher V (0.17-0.186), while high SCD corresponds to lower V
(0.114-0.144), indicating a stabilizing effect within the 10-30 range. V_BD exhibits
similar interaction patterns, with higher V under low V_BD conditions and reduced V
under higher V_BD. Overall, most samples fall within V (0.15-0.20) indicating
moderate seismic vulnerability, while extreme values are associated with extreme
morphological configurations. The consistency between contour and scatter results
suggests strong interaction effects, indicating that extreme or poorly balanced urban

forms are associated with higher seismic vulnerability despite their low occurrence.
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4.3 Spatial Distribution of Seismic Vulnerability Based on Local Moran’s 1

Figure 10 shows the spatial clustering results based on Moran's I index. Moran's
I is a measure of spatial autocorrelation, indicating the degree to which a region’s value
is similar to the values of its neighboring regions for a particular variable. The map
categorizes the regions into different Moran's classes as follows:

The High-High and Low-Low categories indicate regions where values are
spatially clustered, which can help identify areas of high and low development, density,
or infrastructure. The High-Low and Low-High categories highlight areas that stand out
as outliers, where a high-value region is surrounded by low-value regions, or vice versa.
These outliers might represent zones of uneven development or areas with unique
characteristics. By analyzing multiple variables together, the kernel density plots help
show how the distribution of each variable changes across the spatial categories. This
can provide deeper insights into the spatial structure and urban dynamics of the study

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

4.4 Feature Distribution under Different Spatial Cluster Types

From the perspective of the four Moran’s I spatial classifications (High—Low,
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Low—High, Low—Low, and High—High), the kernel density distributions of urban three-
dimensional morphological variables exhibit significant heterogeneity and distinct
spatial differentiation patterns, as shown in Figure 11.

In High-Low category, variables generally display a transitional pattern from
high values to low-value surroundings. PR and BD 1 show relatively high values
locally, but are adjacent to low-value regions, resulting in more dispersed density
distributions. This reflects a spatial mismatch between high-intensity developed areas
and intensity surroundings. Similarly, the spatial SCD and AM exhibit wide variability,
indicating substantial internal differences in structural complexity and building scale,
highlighting strong spatial heterogeneity and boundary-transition characteristics.

In Low—High category, variables exhibit the opposite transition pattern, where
low-value are adjacent to high-value neighborhoods. PR and BD 1 are generally low
but influenced by nearby high-density areas, leading to stretched and skewed
distributions. This suggests a spatial spillover effect from highly developed regions.
SCD and AM also show considerable dispersion, indicating coexistence of simple,
small-scale buildings with influences from more complex and larger neighboring
structures, thus forming clear spatial gradients.

In Low—Low category, all variables are predominantly concentrated in low-
value ranges, with kernel density curves showing sharp and centralized peaks. PR and
BD 1 indicate low development intensity and sparse building distribution; SCD
remains low, reflecting simple spatial structures and limited morphological complexity;
AM is also concentrated at smaller values, suggesting smaller and more dispersed
building footprints. Overall, this category represents underdeveloped areas with strong
spatial homogeneity.

In High—High category, variables are clearly concentrated in high-value ranges,
with density peaks shifted toward higher values. PR and BD 1 are both high, indicating
intensive land use and compact urban structures; SCD is also elevated, reflecting
complex spatial configurations and strong aggregation of buildings; AM shows larger
values, suggesting larger building sizes or highly concentrated development patterns.
Additionally, height-related variables such as H Max and AH tend to be higher in this
category, further indicating that these areas correspond to urban cores or highly

developed zones with strong spatial clustering and structural complexity.
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Figure 11. Spatial distribution of 3D morphological features

5 Discussion

5.1 Advantages of XGBoost Model

As shown in Figure.12, the visualization of the scatter plots between predicted
and observed values reveals significant hierarchical differences in the fitting
performance of the four regression models. XGBoost, RF, SVR, and DT were evaluated
using the same dataset, experimental settings, and evaluation criteria to ensure a fair
comparison of model performance. All models were consistently optimized under
identical data conditions, and the hyperparameter settings, selected XGBoost
parameters, random seed, and evaluation procedures were specified to improve
reproducibility. The optimal hyperparameter configurations for each model are
presented in Table 3. Specifically, the predictions of XGBoost are almost perfectly
aligned with the ideal line of “Predicted = Observed,” with the error distribution
predominantly concentrated in low-deviation regions. This is quantitatively supported
by its superior performance (R* = 0.92, RMSE = 0.0158), indicating an excellent
agreement between predicted and actual values. In comparison, RF model shows a
relatively concentrated distribution around the ideal line, although with increased
dispersion and a higher proportion of moderate errors, as reflected by a reduced R? of
0.78 and an increased RMSE of 0.0259. The SVR model exhibits a further decline in
performance, with scatter points deviating more substantially from the ideal line and a
noticeable increase in high-error regions, resulting in a lower R? of 0.51 and RMSE of
0.0300. DT model performs the worst, with predictions largely deviating from the ideal
line and dominated by high-error distributions, yielding a very low R? of 0.20 and

indicating poor predictive consistency.
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628 Figure. 12. Comparison between predicted depths and observed depths.
629 Table 3. Optimal parameters of each model
Model Level R2 RMSE MAE MAPE Best Params
XGBoost A% 0.9718 0.0027 0.0018 0.0111 'learning_rate': 0.05, 'max_depth":

7, 'n_estimators': 300

RandomForest A% 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 A" 0.7433 0.0082 0.0053 0.0345 'max_depth": 7,

'min_samples leaf': 1,

'min_samples_split": 2

630

631 5.2 Mechanism of Statistical Relationships Between Features and Vulnerability

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

633 3D morphological indicator, but by the synergistic effects of 15 indicators, including
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PR, BD 1, and V_BH. Essentially, these indicators collectively represent urban spatial
structure, building aggregation patterns, and vertical morphological characteristics,
which together influence seismic wave propagation, structural mechanical response,
and damage severity. Based on the interaction patterns observed in contour maps and
scatter plots, the mechanisms are as follows:

For PR, as a positive driving factor of seismic vulnerability, higher PR (>2)
indicates concentrated vertical development and larger building volume. When
combined with BA, BSI, SCD, and V_BD, it tends to form an ‘“upper-heavy”
unbalanced spatial structure, which enhances seismic wave transmission and
amplification effects, significantly increasing structural damage probability and thus
raising seismic vulnerability. In contrast, lower PR (<I) is often associated with
compensatory high values of other indicators, leading to reduced seismic vulnerability.

BD 1 and SCD jointly reflect horizontal building aggregation and show a
negative synergistic relationship with seismic vulnerability. A moderate range
(10<SCD<30) forms a “buffer zone” that maintains urban functional order while
avoiding stress concentration from excessive density or structural instability from
excessive dispersion, corresponding to stable seismic vulnerability values. When SCD
is too high (>40), buildings become extremely dense and form a rigid constraint system
that increases lateral resistance, thereby reducing seismic vulnerability. However, when
SCD is too low, spatial dispersion increases and seismic wave propagation becomes
irregular, leading to higher seismic vulnerability.

Height-related indicators (V_BH, AH, CH, AM, H std, H Max, H Min)
mainly reflect vertical heterogeneity. Larger V. BH, CH, and AM indicate significant
height differences and irregular structures, leading to torsional effects and local failure
under earthquakes. Moderate AH and H_std support uniform stress distribution and
stable seismic vulnerability values, while extreme H Max or H Min disrupt vertical
balance and amplify seismic response.

Volume- and area-related indicators (V_BD, Average Volume, BA, Average
Area) also show negative synergy with seismic vulnerability. Small V_BD (<20)
combined with extreme or low BA leads to spatial imbalance and stress concentration,
increasing seismic vulnerability. In contrast, large V_BD (>50) combined with
moderate BA (10000-30000) improves structural balance and reduces seismic
vulnerability.

BSI reflects fagade-to-base relationships and shows nonlinear effects with
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seismic vulnerability. Low BSI (<100000) generally indicates regular structure, but
extreme combinations with BA or PR increase imbalance and raise seismic vulnerability.
High BSI (>150000) increases complexity but strengthens overall structural constraint,
reducing seismic vulnerability.

OR reflects occupancy rate. Excessively high OR causes congestion and wave
superposition effects, while excessively low OR leads to spatial fragmentation and
uneven force distribution; both increase seismic vulnerability. Moderate OR ensures

balanced seismic response and lower vulnerability.

5.3 Interpretation of Spatial Distribution Patterns of Key Features

From the perspective of Moran’s I spatial classification (High—Low, Low—High,
Low—Low, and High—High), the relationships between urban 3D morphological
variables and spatial clustering patterns exhibit pronounced heterogeneity and clear
structural differentiation.

In High-Low category, regions are characterized by locally high values
surrounded by low-value neighborhoods, reflecting strong spatial discontinuity.
Variables such as PR, BD 1, SCD, and OR tend to show relatively high values,
indicating locally intensive development, while adjacent areas remain at lower levels,
resulting in sharp spatial contrasts. Morphological indicators including V_.BH, V_BD,
H_std, and CH generally display higher variability, suggesting heterogeneous building
forms and mixed development patterns. These areas typically correspond to transitional
or urban edge zones with pronounced spatial imbalance.

In Low—High category, the spatial configurations is reversed, where locally low-
value regions are embedded within high-value surroundings. PR, BD 1, and SCD are
generally low, indicating relatively sparse local development; however, surrounding
high-density areas induce noticeable spatial gradients. Indicators such as AH, H Max,
and BSI may exhibit moderate increases due to spillover effects from adjacent clusters.
The distributions of BA, average volume, and AM are often more dispersed, reflecting
the coexistence of small-scale simple structures with influences from more complex
neighboring forms. This category generally represents areas undergoing transformation
or subject to development pressure.

In Low—Low category, all variables are predominantly concentrated at low
levels, indicating strong spatial homogeneity and weak development intensity. PR,

BD 1, SCD, and OR remain consistently low, reflecting sparse building distribution
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and low land-use intensity. Morphological indicators suchas V. BH,V_BD, CH, H_std,
and BSI also show low values, suggesting uniform building heights, simple structural
configurations, and limited morphological complexity. Building-scale indicators such
as BA, AM, and average volume are generally small, while both H Max and H Min
remain low. These areas are typically located in suburban or underdeveloped regions,
where urbanization is limited and spatial structures are relatively simple, corresponding
to generally lower seismic vulnerability due to reduced exposure and density.

In High—High category, variables cluster at high values, indicating strong
positive spatial autocorrelation and intensive urban development. PR, BD 1, SCD, and
OR are all significantly elevated, reflecting compact urban form, high land-use
efficiency, and dense building distribution. Morphological variability indicators such as
V_BH, V_BD, CH, and H_std are also high, suggesting diverse building heights and
complex structural configurations. Additionally, AH, H Max, BA, and average volume
are typically large, indicating the presence of high-rise and large-scale buildings, while
BSI is also elevated, reflecting more complex architectural forms. These regions
generally correspond to urban core areas or highly developed zones, where both
development intensity and structural complexity are maximized, and seismic

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

6 Conclusion

This study combines spatial statistics and explainable machine learning to
explore the relationship between urban 3D morphology and seismic vulnerability. VAE
is used for data augmentation, XGBoost for vulnerability assessment, SHAP for feature
interpretation, and Moran’s | for spatial pattern analysis. A case study was conducted in
Jiangyou City, Southwestern China. The results indicate that urban 3D morphological
characteristics are significantly associated with seismic vulnerability under Intensity V,
showing clear and differentiated influence patterns. Most indicators are negatively
correlated with vulnerability, with SCD having the strongest impact, followed by V. BD
and PR, while AH shows a positive effect and H Max contributes minimally. Different
features exhibit distinct mechanisms: PR positively influences vulnerability, whereas
BD 1, BA, and CH show negative effects; H std and H Max present threshold-type
positive influences, and SCD and BSI display nonlinear relationships, consistent with

seismic engineering principles. Feature interactions are generally weak, though BA and
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BSI show some synergy, and extreme combinations (e.g., high PR, low SCD and V_BD)
significantly amplify risk, especially under low V_BD conditions. Spatial patterns
reveal clear core—periphery differentiation, with height- and density-related indicators
decreasing outward, while BSI and BA show opposite trends. Among all models,
XGBoost achieves the best performance (R? = 0.9648, MAPE = 0.99%), and VAE-
based data augmentation improves model robustness. Overall, seismic vulnerability
reflects the balance of urban 3D morphology, where coordinated configurations reduce
seismic risk and extreme combinations increase vulnerability, providing a scientific

basis for urban seismic risk mitigation and planning.
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