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A B S T R A C T

Study region: Fujian Province, China.
Study focus: To address the limited quantitative understanding of compound disaster chain risks in 
highly urbanized mountainous coastal regions, this study develops an integrated framework 
combining a Copula-based joint probability model with explainable machine learning 
(XGBoost–SHAP). Using Fujian Province as a case study, we identify high-risk areas, quantify 
exposure inequality, and analyze key driving factors, nonlinear thresholds, and transition 
mechanisms across typical typhoon disaster chains.
New insights for the region: High-risk areas of typhoon disaster chains in Fujian Province show a 
clear spatial contrast, with single disaster chains being widely distributed and compound disaster 
chains strongly clustered. Although compound-chain high-risk areas account for only 0.8 % of the 
provincial area, they concentrate 12.6 % of the population and 14.1 % of economic activity. 
Correspondingly, population and GDP exposure lift values reach 16.3 and 18.2, respectively, 
which are substantially higher than those of single disaster chains, indicating pronounced 
exposure inequality. Overall, typhoon disaster chain risks follow a “natural triggering–social 
amplification” pathway and exhibit nonlinear threshold behavior. Transitions from single to 
compound disaster chains are governed by two dominant pathways: socioeconomic-driven and 
naturally driven transitions. These findings support fine-scale identification and differentiated 
management of compound disaster chain risks in mountainous coastal cities.
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1. Introduction

Tropical cyclones (TCs) are intense tropical storms that form over the western North Pacific and the South China Sea, with 
maximum sustained wind speeds exceeding 32.7 m/s⁻¹ (Beaufort scale ≥ 12). They represent the most frequent and destructive natural 
hazards affecting coastal southeastern China (Xi et al., 2023; Tran et al., 2022). TC events are typically accompanied by strong winds 
and persistent heavy rainfall, which can rapidly trigger multiple secondary hazards, including river flooding, urban waterlogging, 
landslides, and storm surges. Through temporal succession or spatial interaction, these hazards often form complex typhoon disaster 
chains (Zhu et al., 2023; Peduzzi et al., 2012). Under the combined effects of climate warming and rapid urbanization, coastal regions 
are increasingly exposed to concurrent or successive extreme rainfall, strong winds, and storm surges during TC events. The 
co-occurrence of multiple hazards substantially amplifies impacts on buildings, infrastructure, and socio-economic systems (Dottori 
et al., 2022; Gori et al., 2022; Wahl et al., 2015; Bevacqua et al., 2020). Compared with single extreme events, compound climate and 
weather extremes involve multiple interacting drivers or hazard processes and often exhibit strong nonlinear amplification effects 
(Mazdiyasni and AghaKouchak, 2015; Zscheischler et al., 2018; Raymond et al., 2020; Messori et al., 2021). In the context of TCs, the 
simultaneous or sequential occurrence of strong winds and heavy rainfall facilitates coupling among floods, urban waterlogging, 
landslides, and storm surges, leading to highly destructive compound typhoon disaster chains. These processes weaken emergency 
response capacity across scales and reduce the resilience of both natural and human systems, resulting in pronounced loss amplifi
cation effects (AghaKouchak et al., 2018; Otto et al., 2020). Consequently, developing a systematic understanding of compound 
typhoon disaster chains and their interacting hazard processes has become a key scientific challenge for improving regional disaster 
risk identification and management.

In recent years, the compound effects of typhoon disaster chains have received increasing attention. Previous studies indicate that 
TCs often simultaneously generate strong winds, intense rainfall, and storm surges, which significantly reduce the resistance of coastal 
infrastructure systems (Mitsova et al., 2018). Research in the United States provides a representative example of this evolving un
derstanding. Early studies mainly focused on single extreme rainfall events, whereas catastrophic events such as Hurricanes Harvey 
and Florence prompted systematic investigations of the combined effects of rainfall, wind, and storm surge. These hazard drivers can 
act concurrently or sequentially. For example, rainfall combined with storm surge can trigger compound flooding and lead to more 
severe cascading damages (Gori et al., 2020, 2022). Such impacts are particularly evident in low-lying and densely populated estuarine 
cities along the Atlantic and Gulf coasts of the United States (Feng et al., 2022; Bates et al., 2021; Hallegatte et al., 2013). Long-term 
assessments further show that, during 1930–2015, each TC event along the U.S. coast caused an average of 7000–11,000 excess deaths, 
with disproportionately higher risks for vulnerable populations (Young and Hsiang, 2024). Meanwhile, the spatiotemporal overlap 
between extreme rainfall and storm surge in coastal regions continues to intensify and is reshaping global coastal flood risk under 
climate change (Lin et al., 2012; Marsooli et al., 2019). Similar compound-risk patterns have also been identified in other regions, 
including wind–rainfall compound hazard hotspots along the eastern coast and adjacent inland areas of India (Ranjan and Karmakar, 
2024), as well as multiple highly urbanized coastal regions in China (Wang and Peng, et al., 2024). Collectively, these studies 
demonstrate that TC-induced compound disaster chains have become a common global challenge for coastal regions and pose 
disproportionate risks to vulnerable populations.

Coastal southeastern China is characterized by highly fragmented terrain and dense concentrations of population and economic 
activity. This region combines high hazard susceptibility with high exposure and represents a typical setting where typhoon disaster 
chains are easily formed and amplified, resulting in diverse disaster chain types and complex impact processes (Chen et al., 2007; Tang 
et al., 2023; Wang and Nan, et al., 2024). Fujian Province is particularly representative of these conditions. Located in a TC-prone zone 
along China’s southeastern coast, the province is affected by approximately four to five TCs each year. Its predominantly mountainous 
topography, together with a spatial configuration of coastal basins, intermontane basins, and river valleys, leads to strong concen
trations of population and assets in low-elevation areas. This configuration substantially increases the likelihood that intense rainfall 
and strong winds locally trigger urban waterlogging, river flooding, landslides, and storm surges, and promotes the formation and 
amplification of complex typhoon disaster chains (Yang and Qin, et al., 2024; Zscheischler et al., 2818, 2020; Yang et al., 2025). 
Similar combinations of complex terrain, high exposure, and strong TC disturbances are widespread along the southeastern coast of 
China and across many coastal regions in East and Southeast Asia (Chen et al., 2024; Wang and Nan, et al., 2024; Tang et al., 2023). 
Therefore, Fujian Province provides an ideal case for investigating compound typhoon disaster chains, offering important insights into 
cascading hazard processes and risk amplification mechanisms, while supporting the development of transferable regional risk 
assessment approaches.

Despite growing recognition of the compound nature of typhoon disaster chains, substantial gaps remain in hazard-chain char
acterization, mechanism analysis, and quantitative risk assessment. Existing studies have mainly focused on TC-induced compound 
flooding, such as river flooding combined with storm surge, urban waterlogging combined with river flooding, or river–coastal 
compound floods (Do and Kuleshov, 2023; Malakar et al., 2021; Lockwood et al., 2024; Deb et al., 2023). Some studies have also 
examined the combined effects of heavy rainfall and strong winds (Ravi et al., 2024). However, in mountainous and hilly cities, 
complex terrain conditions often lead to the concurrent or cascading interaction of river flooding, urban waterlogging, and landslides, 
yet these multi-hazard-chain processes and their spatial patterns remain poorly quantified. Moreover, existing assessment approaches 
mainly emphasize hazard intensity and frequently rely on two- or three-dimensional hydrodynamic models to simulate physical 
variables such as flood depth and duration (Grimley et al., 2024; Chen et al., 2024). Although effective for process simulation, these 
models require substantial computational resources and high-quality input data, which limits their applicability for large-scale, 
multi-scenario, and long-term analyses. In addition, they often insufficiently account for socio-economic exposure, vulnerability, 
and disaster mitigation capacity, potentially leading to systematic underestimation of compound risk. Recent studies have attempted 
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to apply deep learning and machine learning techniques for flood risk prediction (Peng et al., 2025; Dey and Haque, et al., 2024). 
However, for typhoon disaster-chain research, large differences in disaster loss statistics across countries, together with the scarcity of 
multi-hazard-chain samples and limited data accessibility, strongly constrain the applicability of data-intensive methods for compound 
risk quantification. From a disaster risk management perspective, systematically identifying the spatial distribution of high-risk areas, 
hazard-chain combinations, types, and associated exposure at the regional scale is essential for enabling targeted disaster prevention 
and differentiated intervention strategies (Haque et al., 2022; Dey and Shao, et al., 2024). Such information supports local threat 
identification, high-risk mapping, resource prioritization, and decision-making by different authorities during both pre-disaster 
planning and emergency response phases (VanDyke et al., 2021; Turner et al., 2003). Nevertheless, comprehensive studies address
ing the risks, exposure patterns, and formation mechanisms of compound typhoon disaster chains remain limited, particularly in 
coastal southeastern China, where complex terrain coincides with high population density.

To address these gaps, this study focuses on Fujian Province and develops an integrated analytical framework that combines a 
multidimensional indicator system, Copula-based joint probability modeling, and explainable machine learning techniques. The 
Copula model is used to characterize nonlinear dependence structures and joint extreme occurrence probabilities among multiple 
hazards, while explainable machine learning is applied to identify key driving factors and their threshold effects across different 
disaster chain types. This framework balances statistical robustness with mechanistic interpretability and is well suited for compound 
disaster chain analysis in regions with complex terrain and high exposure. Compared with single-hazard or purely physics-based 
approaches commonly adopted in previous studies, this framework provides an integrated probabilistic and data-driven structure 
that explicitly accounts for hazard dependence, exposure, and interpretable drivers. Within this framework, a 30 arc-second 
(approximately 1 km) grid is adopted as the basic assessment unit to systematically identify the spatial combination patterns, 
types, and exposure characteristics of typhoon disaster chains. The study further analyzes dominant driving factors and quantifies the 
key drivers and critical thresholds associated with transitions from single to compound disaster chains. The main objectives of this 
study are to: (1) identify spatial patterns and types of typhoon disaster chains at a fine grid scale and reveal the distribution of high-risk 
areas and exposure inequality; (2) quantify key driving factors and their threshold dependencies for different disaster-chain types, 
clarifying the relative contributions of natural and social factors; and (3) characterize the critical controls and transition conditions 
from single to compound disaster chains to improve understanding of compound risk amplification mechanisms.

2. Methods

2.1. Study Area

Fujian Province (23◦33′-28◦20′N, 115◦50′-120◦40′E) has a land area of approximately 124,000 km² and a coastline of 3324 km. The 
terrain is dominated by mountains and hills, which account for about 89 % of the province’s total area (Chen et al., 2007). Fujian lies in 

Table 1 
Data sets and variables used in this study.

Type Dataset Resolution Period Source

Foundational 
geospatial data

Administrative division data N/A (vector 
data)

2024 Tianditu (http://lbs.tianditu.gov.cn
/home.html)

Coastline data N/A (vector 
data)

2020 A Global Self-consistent, Hierarchical, High-resolution Geography 
(GSHHG) Database (https://www.ngdc.noaa.gov/mgg/shorelines/ 
shorelines.html)

Basin boundary data N/A (vector 
data)

2020 Fujian Provincial Department of Water Resources

Socioeconomic 
survey data

Disaster bearer data 
(population, GDP, building 
area, crop area)

30 arc- 
seconds

2020 Fujian Provincial Emergency Department and Fujian Disaster 
Reduction Centre

Disaster reduction capacity 
indicator data

County 2020 Fujian Provincial Emergency Department and Fujian Disaster 
Reduction Centre

Macroscale 
geospatial 
products

Digital elevation model (DEM) 30 m 2020 Data Center for Resources and Environmental Sciences (https:// 
www.resdc.cn/)

Land use and land cover (LULC) 30 m 2020 Data Center for Resources and Environmental Sciences (https:// 
www.resdc.cn/)

Road network data N/A (vector 
data)

2020 OpenStreetMap Data 
https://www.openstreetmap.org

River network data N/A (vector 
data)

2020 OpenStreetMap Data 
https://www.openstreetmap.org

Difference Vegetation Index 30 m 2020 Data Center for Resources and Environmental Sciences (https:// 
www.resdc.cn/)

Fracture zone data N/A (vector 
data)

2020 Data Center for Resources and Environmental Sciences (https:// 
www.resdc.cn/)

Typhoon precipitation data 10 km 2009–2020 National data center for the Qinghai-Tibet plateau 
https://data.tpdc.ac.cn/en/data/8028b944-daaa- 
4511–8769–965612652c49

Maximum inundation depth 
during storm surges

30 arc- 
seconds

2009–2020 Fujian Provincial Emergency Department and Fujian Disaster 
Reduction Centre
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a subtropical monsoon climate zone and is located in the transition region between the Eurasian continent and the Northwestern 
Pacific, making it highly prone to typhoon impacts. As a result, typhoon disaster chains are diverse and occur frequently. The major 
types include Typhoon-Rainfall-Urban Waterlogging (TRU), Typhoon-Rainfall-Flood (TRF), Typhoon-Rainfall-Landslide (TRL), and 
Typhoon-Wind-Storm Surge (TWS), which jointly make Fujian one of the most typhoon-affected regions in China (Han et al., 2023; 
Yang et al., 2025). As of 2020, the province had a permanent population of 41.83 million. Administratively, it comprises nine 
prefecture-level cities and 84 county-level divisions, including the Pingtan Comprehensive Experimental Zone. A 30-arc-second 
(~1 km) grid system is employed in this study, covering 159,532 grid cells, to capture the fine-scale spatial heterogeneity of 
typhoon disaster-chain risks and their socio-natural driving mechanisms.

2.2. Data sources

This study integrates three categories of spatially explicit datasets to support the modeling of typhoon disaster-chain risks. The first 

Table 2 
Typhoon disaster chain risk assessment index system.

Factor Abbreviation Indicator TRU TRF TRL TWS Reference

Hazard of disaster- 
inducing factors

ACP Average cumulative 
precipitation (mm)

+ + + / Mantovani et al., (2024); Lai et al., (2020); Wang and 
Nan, et al., (2024); Li et al., (2023)

MCP Maximum cumulative 
precipitation (mm)

+ + + /

ADP Average number of days 
with daily precipitation 
≥ 50 mm (d)

+ + + /

TDP Total number of days with 
daily precipitation ≥ 50 mm 
(d)

+ + + /

MIS Maximum inundation depth 
during storm surges (m)

/ / / +

Sensitivity of 
disaster-forming 
environment

ELE Elevation (m) - - + - Dawit et al., (2023); Ye et al., (2022); Lin et al., 
(2012)Slope Slope (◦) - - + -

NDVI Normalized Difference 
Vegetation Index

/ / - /

PC Profile curvature + + / /
TWI Topographic wetness index + + / /
ISR Impervious surface ratio (%) + / / /
GSR Green space ratio (%) - - / /
Relief Relief (m) - / + /
DFZ Distance to fault zones (m) / / - /
DCZ Distance to coastal zones (m) / / / -
DR Distance to rivers (m) / - / /
LUT Land use type / / / +

SPI Stream power index / + / /
Exposure of disaster- 

bearing bodies
PD Population density (people/ 

km2)
+ + / + McMichael et al., (2020); Yang and Yusoff, et al., 

(2024); Cai et al., (2020); Li et al., (2023)
GDP GDP density (10 thousand 

yuan/km2)
+ + / +

BUA Built-up area (m2/km2) + + / +

CCA Crop cultivation area (ha/ 
km²)

/ + / +

Mitigation capacity 
for typhoon 
disasters

GDPS Number of geological 
disaster prevention sites

/ / - / Zhang and Chen, (2019); Cutter et al., (2008); Tu 
et al., (2022); Zhu et al., (2023); Hoque et al., (2018); 
Liu et al., (2022); Li et al., (2022); Qiao et al., (2024)GDMS Number of geological 

disaster monitoring stations
/ / - /

MDMS Number of marine disaster 
monitoring stations

/ / / -

MSD Meteorological station 
density

- - - -

HSD Hydrological station density - - / /
ERC Effective reservoir capacity 

(m3)
/ - / /

PRDE Number of people receiving 
disaster education

- - / -

NHB Number of hospital beds - - - -
SC Shelter capacity (number of 

people)
- - - -

ERS Number of emergency rescue 
supplies

- - - -

NE Number of experts - - - -

Note: “+ ” indicates positive indicators, “-” indicates negative indicators, and “/” denotes unused indicators.
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category includes basic geographic data, such as administrative boundaries and coastline information. The second category comprises 
socio-economic data, including population, GDP, cropland area, infrastructure, and census-derived statistics. The third category 
consists of geospatial products, including land-use datasets, digital elevation models, transportation networks, typhoon tracks, and 
precipitation records. To ensure spatial consistency, all datasets were resampled to a 30-arc-second (~1 km) resolution using bilinear 
interpolation. A detailed summary of the datasets is provided in Table 1.

2.3. Study framework

This study develops an analytical framework for assessing typhoon disaster-chain risks in Fujian Province using a unified 30-arc- 
second grid resolution. The framework consists of three major components: risk quantification, joint identification, and threshold- 
based mechanism analysis (Fig. 2). First, for the four representative disaster chain types—Typhoon-Rainfall-Urban Waterlogging 
(TRU), Typhoon-Rainfall-Flood (TRF), Typhoon-Rainfall-Landslide (TRL), and Typhoon-Wind-Storm Surge (TWS)—we construct a 
four-dimensional indicator system covering hazard, sensitivity, exposure, and mitigation capacity. Using a comprehensive weighting 
method, an integrated risk index is computed for each disaster chain. Second, joint exceedance probabilities are estimated using a Vine 
Copula model. A primary threshold of α = 0.90 is applied, with α = 0.85 and 0.95 used for sensitivity testing. Based on these prob
abilities, the spatial patterns and types of single disaster chains (SDCs) and compound disaster chains (CDCs) are identified. Popu
lation, GDP, and vulnerable population data are then used to evaluate the area distribution and exposure inequality of high-risk 
regions. Third, XGBoost models are trained for each disaster chain type, and SHAP values are used to quantify the importance of 
driving factors. Thresholds of dominant factors are extracted from SHAP dependence curves to capture nonlinear risk responses. 
Finally, for transition pathways with sufficient sample sizes (grid count > 10), a transition model is developed to examine the shift from 
single chains to compound chains. Using the combined XGBoost–SHAP approach, key drivers and their critical thresholds are iden
tified, thereby clarifying the conditions under which compound disaster chains emerge.

2.4. Evaluation indicator system

This study establishes an evaluation indicator system for typhoon disaster chains consisting of four dimensions and 33 secondary 
indicators: the hazard of disaster-inducing factors (5 indicators), the sensitivity of the disaster-forming environment (13 indicators), 
the exposure of disaster-bearing bodies (4 indicators), and the mitigation capacity for typhoon disasters (11 indicators). It is worth 
noting that the typhoon rainfall hazard indicator is derived from 29 typhoons that caused documented losses in Fujian between 2009 
and 2020 (Yang et al., 2025). For each event, precipitation within a 500-km radius of the typhoon center was defined as 
typhoon-related rainfall, and the hazard was quantified based on cumulative rainfall amounts and the number of days with 24-hour 
precipitation ≥ 50 mm (Jiang and Zipser, 2010). A detailed description of all indicators is provided in Table 1.

Fig. 1. Location of the study area. (a) Tracks and intensity levels of 29 typhoons that caused losses in Fujian between 2009 and 2020. (b) Digital 
Elevation Model (DEM) and county-level administrative boundaries of Fujian Province.
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2.5. Typhoon disaster chain risk and exposure assessment

To systematically evaluate typhoon disaster chain risks, this study applies an integrated weighted assessment framework at the 
grid-cell scale. The framework incorporates four core dimensions: hazard of disaster-inducing factors (H), sensitivity of the disaster- 

Fig. 2. Technical workflow of the study.
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forming environment (S), exposure of disaster-bearing bodies (E), and mitigation capacity for typhoon disasters (M), as defined by the 
indicator system in Table 1.

All raw indicator data were first normalized using the min–max scaling method to eliminate dimensional inconsistencies and 
ensure comparability across indicators. For positive indicators, where larger values indicate higher risk, normalization was performed 
as: 

xʹ
ij =

xij − min(xj)

max(xj) − min(xj)
(1) 

For negative indicators, where larger values imply lower risk, normalization was expressed as: 

xʹ
ij =

max(xj) − xij

max(xj) − min(xj)
(2) 

wherexijdenotes the original value of indicatorjin grid celli,andxíjis the normalized value.
To balance expert knowledge and data-driven objectivity, indicator weights were determined using a combined Analytic Hierarchy 

Process (AHP) and entropy weight method. The AHP was used to derive subjective weights by structuring indicators hierarchically and 
constructing pairwise comparison matrices based on expert judgment. The relative importance of indicators was assessed using a nine- 
point scale (Yang et al., 2025). The normalized eigenvector corresponding to the maximum eigenvalue of each comparison matrix was 
taken as the subjective weight vectorwAHP

j . Consistency of judgments was evaluated using the consistency ratio (CR), and only matrices 
withCR < 0.1were accepted.

The entropy weight method was employed to derive objective weights by quantifying the amount of information contained in each 
indicator based on its spatial variability. The entropy value of indicatorjwas calculated as: 

ej = − k
∑n

i=1
pij ln(pij) (3) 

wherepij =
xʹ

ij∑n
i=1

xʹ
ij
,nis the number of grid cells, andk = 1/ ln(n). The degree of divergence was then computed asdj = 1 − ej, and the 

objective weight was obtained as: 

wENT
j =

dj
∑m

j=1dj
(4) 

wheremis the number of indicators.
To integrate subjective and objective information in indicator weighting, this study combines the weights derived from the Analytic 

Hierarchy Process (AHP) and the entropy weight method using a similarity-based approach following (Yang et al., 2025). The basic 
idea is to determine combination coefficients by characterizing the discrepancy between the two weight vectors and then constructing 
composite weights through weighted averaging.

Letwíandwʹ́
i denote the subjective weight obtained from AHP and the objective weight obtained from the entropy method for 

indicatori, respectively. The discrepancy between the two weight sets is quantified using a squared distance measure, expressed as: 

1
2
∑n

i=1
(wʹ

i − wʹ́
i )

2
= (a − β)2 (5) 

wherenis the number of indicators, andaandβ are the combination coefficients reflecting the relative contributions of the two 
weighting schemes.

The combination coefficients are subject to the following constraint: 

a+ β = 1, a > 0, β > 0 (6) 

Based on the estimated coefficients, the composite weight for indicatori is calculated as a linear combination of the two original 
weights: 

wi = awʹ
i + βwʹ́

i (7) 

wherewirepresents the final composite weight used in the subsequent risk assessment. This weighting strategy allows both expert 
judgment and data-driven information to be incorporated into the indicator system, thereby improving the robustness and inter
pretability of the composite index.

For the risk index calculation, weighted aggregation was performed at the grid-cell scale to obtain the indices of H, S, E, and M. 
Considering the nonlinear suppressing effect of M on overall disaster risk, an exponential function was introduced to construct the 
comprehensive typhoon disaster chain risk index (R), expressed as: 

R = H × S × E × (1 − M) (8) 
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This formulation integrates hazard intensity, environmental sensitivity, exposure level, and the attenuating effect of mitigation 
capacity.

To quantify the concentration of socioeconomic exposure within high-risk areas, this study calculates the exposure lift value (Lift) 
for both population and GDP. Lift is defined as the ratio of exposure density within the high-risk area of a given disaster chain to the 
provincial average exposure density (Peduzzi et al., 2009): 

Lift = Dh/DO (9) 

whereDhis the population (or GDP) density within the high-risk area of a given disaster chain, andDois the provincial average density. 
This ratio removes the influence of area size; a higher lift value indicates a stronger concentration of socioeconomic exposure per unit 
area, reflecting a more pronounced risk amplification effect.

2.6. Joint probability of disaster chains

Building on the risk index results, we quantify the coexistence characteristics and statistical dependencies among multiple disaster 
chains using a Copula-based joint probability modeling approach (Frahm et al., 2005; Aas et al., 2009; Ganguli and Merz, 2024).

First, the empirical cumulative distribution function (ECDF) was used to transform the observed intensity of each disaster chain into 
marginal probabilities following a uniform distribution: 

Ûk = Fk(x) =
1
n
∑n

i=1

∏
(Xi ≤ x) (10) 

whereÛidenotes the marginal probability of disaster chaink,Fkis its empirical distribution function, and
∏

is the indicator function.
Multiple thresholds (α= 0.85, 0.90, 0.95) were then applied to determine which disaster chains exceed the threshold within each 

grid cell. Based on these exceedances, grid cells were classified into single-chain, compound-chain, or non-risk categories, revealing the 
spatial patterns of extreme events.

To characterize the nonlinear and tail dependence among disaster chains, a Vine Copula model was employed. Vine Copulas hi
erarchically organize pairwise Copula components and effectively capture multivariate, asymmetric, and nonlinear dependence 
structures. Among several candidate Copula families (Clayton, Gumbel, Frank, Student-t, and Gaussian), the optimal structure was 
selected using the Akaike Information Criterion (AIC): 

AIC = − 2. log(L)+2k (11) 

whereLis the likelihood andkis the number of parameters.
Using the fitted Vine Copula structure, large-scale Monte Carlo sampling was performed to estimate the joint exceedance proba

bility for a given thresholda: 

P( ∩ {Uk > a}) (12) 

Conditional probabilities were also computed to evaluate the likelihood of one disaster occurring given that another has already 
occurred: 

P(Ui > a|Uj > a) =
P(Ui > a,Uj > a)

P(Uj > a)
(13) 

Based on the joint probability results, a classification procedure was established to identify high-risk areas. For a given threshold (e. 
g.,a = 0.90), each grid cell is classified as follows: if all disaster-chain probabilities fall below the threshold, the cell is defined as a non- 
significant risk zone; if exactly one disaster-chain probability exceeds the threshold, it is classified as a single-chain zone; and if two or 
more exceed the threshold simultaneously, it is categorized as a compound-chain zone. This classification provides the foundation for 
subsequent analyses of spatial patterns and exposure inequality.

2.7. Explainable analysis of disaster chain formation mechanisms

To identify the key driving factors and their functional roles in shaping the spatial patterns of different typhoon disaster chains, we 
applied model interpretability methods based on machine learning. Classification models were developed for the eight major disaster- 
chain categories (including both single disaster chains and compound disaster chains) to evaluate the importance of each feature (Dey 
and Haque, et al., 2024; Wang and Nan, et al., 2024; Li et al., 2022).

First, using the disaster-chain maps derived from the α = 0.90 threshold, environmental and hazard-related variables were 
extracted for all grid cells belonging to each disaster chain category, forming the feature dataset. For each category, a binary classifier 
was trained to determine the probability that a given grid cell belongs to that disaster-chain type.

XGBoost was used to build the classification models. The prediction function is: 

ŷi = ϕ

(
∑k

k=1

fk(Xi)

)

(14) 
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wherefkis thek-th decision tree,ϕis the sigmoid function, andXiis the feature vector. Key hyperparameters were set as follows: 
n_estimators = 250, learning_rate = 0.05, max_depth = 4, subsample = 0.8, colsample_bytree = 0.8. The dataset was randomly split 
into training and testing subsets at a 70:30 ratio using stratified sampling to maintain class balance.

To quantify each feature’s contribution to the model predictions, SHAP (SHapley Additive exPlanations) values were computed. 
Based on cooperative game theory, SHAP assigns each feature a marginal contribution for each sample. The SHAP value for featureiis 
defined as: 

ϕ(X) =
∑

S⊆N\{j}

|S|!(M − |S| − 1)!
M!

[f(S ∪ {j}) − f(S)] (15) 

whereNis the set of all features,Mis the total number of features, andSis any subset of features that does not include featurei.
Features were ranked according to the mean absolute SHAP value to identify the dominant factors. 

1
n
∑n

i=1

⃒
⃒ϕj(Xi)

⃒
⃒ (16) 

For the dominant factors, nonlinear effects and interactions with model decisions were further examined using locally weighted 
scatterplot smoothing (LOWESS). The response curve is expressed as: 

Fig. 3. Typhoon disaster chain patterns, combination types, and exposure metrics (90 % exceedance threshold). (a) Spatial distribution of disaster 
chain patterns; (b) Distribution of disaster chain types; (c) Proportions of area, population, GDP, and vulnerable population within high-risk zones 
(SDCs + CDCs); (d) Population and GDP exposure proportions within CDCs; (e) Comparison of exposure lift values between SDCs and CDCs.
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yi = g(xi)+ εi (17) 

whereg(.)is the local regression function, andεiis the random error. Gradients within the 5 %–95 % quantile range were computed: 

x∗ = argmax
x

⃒
⃒
⃒
⃒
dg(x)

dx

⃒
⃒
⃒
⃒ (18) 

to detect threshold pointsx∗. A t-test was applied to examine whether SHAP values significantly differed from zero(H0 : μϕ = 0): 

t =
ϕ

s/
̅̅̅
n

√ (19) 

whereϕis the sample mean of SHAP values,sis the standard deviation, andnis the sample size.
To investigate the mechanisms governing transitions from single disaster chains to compound disaster chains, representative 

compound chain types with more than 30 grid cells (e.g., TRF → TRF+TRL, TRF → TRF+TWS) were selected. For each transition 
pathway, a dedicated binary classifier was constructed, and piecewise linear fitting (PWLF) was applied to identify critical thresholds 
for key driving variables. These thresholds represent turning points that signal the onset of compound-chain formation.

It is important to note that SHAP provides post-hoc explanations based on game theory and reflects stable associations within the 
trained model; it does not establish strict causal relationships. Accordingly, the threshold and turning-point values identified in this 
study, which are derived from SHAP dependence patterns, LOWESS smoothing, and piecewise linear fitting, should be interpreted as 
approximate statistical turning points rather than exact physical critical values. The purpose of this analysis is to provide data-driven 
insights into the mechanisms underlying typhoon disaster chain formation and to support the development of mechanistic hypotheses, 
rather than to define deterministic thresholds.

3. Results

3.1. Spatial patterns of typhoon disaster chain risks and exposure inequality

To examine the spatial patterns of typhoon disaster chain risks across Fujian Province, a Copula-based joint probability model was 
applied using the 90 % exceedance probability as the threshold for identifying high-risk areas. Under this criterion, each grid cell was 
classified into one of three categories: no significant risk, single disaster chains (SDCs), and compound disaster chains (CDCs) (Fig. 3a). 
Eight typical disaster chain combinations were identified within high-risk zones, each exhibiting distinct joint probability 

Fig. 4. Comparison of area and exposure density metrics across different disaster chain types (single and compound disaster chains). (a–d) 
Cleveland dot plots (log₁₀ scale on the x-axis) showing the area, population density, GDP density, and vulnerable population density for each disaster 
chain type. (e) Log–log bubble chart comparing population density and GDP density; bubble size represents spatial extent, and colors distinguish 
single disaster chains (SDCs) from compound disaster chains (CDCs).
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characteristics (Fig. 3b). The mean joint occurrence probability of CDCs (0.0082) is 13.6 times higher than that of SDCs (0.0006), and 
the maximum joint probability of CDCs (0.7449) also exceeds that observed for SDCs (0.5032). In addition, the mean probability that 
at least one hazard occurs within CDCs reaches 0.9977, slightly higher than the corresponding value for SDCs (0.9755), indicating that 
multi-hazard interactions are associated with elevated hazard occurrence likelihoods. Among all identified combinations, the com
pound chain comprising Typhoon–Rainfall–Urban Waterlogging (TRU), Typhoon–Rainfall–Flood (TRF), and Typhoon–Wind–Storm 
Surge (TWS) exhibits a relatively high mean joint probability (0.6133), exceeding expectations under an independence assumption and 
suggesting positive dependence among these processes. Although the overall mean joint probability of the TRU + TRF combination is 
relatively low (0.006), its local maximum reaches 0.5738, indicating pronounced spatial heterogeneity and localized areas of elevated 
compound risk.

Spatially, SDCs are mainly distributed in transitional zones from coastal to inland regions, forming a continuous background risk 
belt along major coastlines, river valleys, and the foothills of low mountains (Fig. 3a–b). In contrast, CDCs exhibit distinct clustering 
patterns, with concentrations in coastal metropolitan centers such as Fuzhou, Xiamen, and Quanzhou, as well as in bay–river–city 
transition zones. Although high-risk areas (SDCs + CDCs) account for only 19.6 % of the provincial land area, they contain 84.9 % of 
the population, 84.1 % of the GDP, and 68.0 % of the vulnerable population (Fig. 3c), reflecting a concentration of exposure within a 
limited spatial extent. CDCs alone occupy only 0.8 % of all high-risk areas but include 12.6 % of the population and 14.1 % of the GDP 
(Fig. 3d). Their exposure lift values for population and GDP reach 16.3 and 18.2, respectively, substantially higher than the corre
sponding values for SDCs (3.8 and 3.7; Fig. 3e). These results indicate that compound disaster chains, while spatially limited, are 
closely associated with disproportionately high concentrations of population and economic assets in highly urbanized coastal settings.

Significant disparities in risk exposure are observed across different disaster-chain patterns. Within CDCs, the TRU + TRF com
bination occupies only 125.4 km² (13.2 % of all CDC areas), yet it exhibits the highest population, GDP, and vulnerable population 
densities in the province, reaching 11.4, 29.1, and 18.6 times the corresponding averages of SDCs, respectively (Fig. 4a–d). In the 
log–log bubble plot, TRU + TRF is located in the upper-right quadrant while maintaining the smallest spatial footprint, indicating a 
distinct configuration characterized by high exposure intensity within a limited area (Fig. 4e). In contrast, compound disaster chains 
without TRU involvement, such as TRF + TRL and TRF + TWS, generally exhibit moderate exposure densities. Furthermore, although 
high-risk zones associated with TRL contain relatively small total populations, the proportion of vulnerable population within these 
areas reaches 92.1 %. This pattern indicates that, outside CDC-dominated zones, the composition of exposed populations plays an 
important role in shaping overall social risk levels. Overall, these results highlight pronounced heterogeneity in exposure intensity and 

Fig. 5. Relative SHAP importance (%) of the top 10 factors across high-risk areas for different typhoon disaster chain types.
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vulnerability composition across different disaster chain types.

3.2. Key driving factors and threshold characteristics of typhoon disaster chain risks

Results from the XGBoost–SHAP analysis indicate that high-risk areas of typhoon disaster chains are shaped by the combined effects 
of natural triggering conditions and subsequent social amplification processes. Natural factors primarily define the baseline envi
ronmental conditions under which hazards are initiated, whereas land-use intensity and the concentration of population and economic 
activities largely determine the magnitude of risk amplification. Across all disaster chain types, the cumulative contribution of social 
factors exceeds that of natural factors (Fig. 5), highlighting the dominant role of human-modified environments in controlling the 
spatial distribution of disaster chain risks.

For the TRF chain, built-up area (BUA, 29.13 %), crop cultivation area (CCA, 22.05 %), and population density (PD, 10.30 %) 
together contribute more than the average number of days with daily precipitation ≥ 50 mm (ADP, 9.25 %) (Fig. 5a). This pattern 
indicates that spatial variations in flood risk are more strongly associated with land-use intensity and socioeconomic exposure than 
with rainfall persistence alone. In contrast, the TWS chain is more strongly controlled by natural factors. Distance to coastal zones 
(DCZ, 24.10 %) and maximum inundation depth during storm surges (MIS, 19.80 %) are the most influential drivers (Fig. 5c), 
reflecting the importance of nearshore exposure and coastal hydrodynamic forcing. Nevertheless, GDP density (GDP) and population 
density (PD) also contribute appreciably, indicating that coastal risk levels are jointly shaped by hydrodynamic processes and human 
exposure. For compound disaster chains such as TRF + TWS, MIS remains the dominant factor (35.22 %), while the combined con
tributions of CCA, BUA, and PD exceed 31 % (Fig. 5e), highlighting the amplifying role of land-use intensity and population exposure 
in compound coastal flooding. In compound chains involving TRU, the dominance of social controls becomes even more pronounced. 
For example, in the TRU + TRF chain, impervious surface ratio (ISR, 20.93 %), together with BUA, GDP, and PD, accounts for nearly 
half of the total importance (Fig. 5f–g), underscoring the critical role of urban surface sealing and built-environment intensity in 

Fig. 6. SHAP dependence plots and threshold characteristics for each typhoon disaster chain type in high-risk areas. Dots represent the SHAP values 
of individual samples, with colors indicating the original values of the corresponding feature (or the strongest interacting feature). The red line 
shows the LOWESS-smoothed trend, and the gray dashed line marks the threshold, identified through PDP/ICE analysis or the turning point of the 
SHAP response curve.
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intensifying multi-hazard interactions.
Different disaster chain types further exhibit clear nonlinear threshold behaviors in their dominant driving factors. Threshold 

analysis shows that risk contributions increase sharply once key variables exceed specific critical values (Fig. 6). In the TRF chain, flood 
risk increases markedly when BUA exceeds approximately 118,212.07 m²/km² (Fig. 6a), indicating a transition from rainfall- 
dominated flooding to urban-amplified flooding. In the TRL chain, ADP exhibits a threshold of about 0.25 days (Fig. 6b), beyond 
which landslide-related risk increases rapidly. For the TWS chain, the response threshold for DCZ is approximately 1576.14 m 
(Fig. 6c), highlighting the importance of nearshore proximity for storm-surge impacts. In the compound TRF + TWS chain, MIS shows 
a threshold near 1.15 m (Fig. 6e), reflecting the critical role of surge intensity in compound coastal flooding. For compound chains 
involving TRU, ISR exhibits a threshold range of 47 %–70 % (Fig. 6f–g), suggesting that surface sealing substantially enhances hazard 
interactions once urbanization exceeds this level. Notably, when ADP exceeds 0.61 days, the occurrence probability of the TRU + TRF 
+ TRL compound chain increases sharply (Fig. 6h), indicating that persistent heavy rainfall acts as a key trigger for the emergence of 
highly complex disaster chain configurations.

3.3. Transition mechanisms and critical thresholds from single to compound disaster chains

To clarify how single disaster chains evolve into compound configurations, five representative transition pathways with sufficient 
spatial samples (grid count > 10) were analyzed. Based on the XGBoost–SHAP importance results (Fig. 7), these transition mechanisms 
can be grouped into two dominant modes: socioeconomically driven pathways and naturally driven pathways. Socioeconomically 
driven transitions are mainly associated with TRU-related compound chains, whereas naturally driven transitions are primarily linked 
to TRL- and TWS-related compound chains. This distinction reflects systematic differences in how human-modified environments and 
natural processes govern the formation of compound disaster chains.

For TRU-related transitions, population density (PD) plays a leading role. In the TRF → TRU + TRF pathway, PD accounts for 
23.98 % of the total importance, with built-up area (BUA) and impervious surface ratio (ISR) acting as secondary contributors 
(Fig. 7a). This pattern indicates that population concentration and urban surface characteristics facilitate the coupling of fluvial 
flooding and urban waterlogging. In the more complex TRF → TRU + TRF + TRL transition, the dominant control shifts to BUA 
(28.33 %) (Fig. 7b), reflecting the increasing influence of built-environment intensity in enabling cascading interactions between 
urban flooding and slope-related hazards. In contrast, transitions involving TRL and TWS are primarily governed by natural drivers. 
The TRF → TRF + TRL pathway is mainly controlled by ADP (12.83 %) (Fig. 7c), whereas the TRF → TRF + TWS transition is 
dominated by MIS (40.97 %) (Fig. 7d). For the more complex TRF → TRU + TRF + TWS pathway, both stream power index (SPI, 
14.23 %) and MIS (11.76 %) exert strong influences (Fig. 7e), indicating joint controls from fluvial erosive processes and coastal 
hydrodynamics. Across TRL- and TWS-related pathways, elevation (ELE) consistently acts as a background control factor by con
straining runoff convergence, slope stability, and indirectly modulating exposure to coastal inundation.

Threshold analysis further quantifies the critical conditions under which these transitions occur (Fig. 8). For socioeconomically 
driven transitions, the TRF → TRU + TRF pathway exhibits a population density threshold of approximately 7822.90 persons/km² 
(Fig. 8a). The TRF → TRU + TRF + TRL transition is governed by built-up area, with a threshold of 587,617.01 m²/km² (Fig. 8b), 
indicating a critical level of urban development beyond which slope-related hazards are more likely to be coupled with flooding. For 
naturally driven transitions, the thresholds for the TRF → TRF + TRL and TRF → TRF + TWS pathways are 0.46 days of ADP and 

Fig. 7. Top 10 most important driving factors for transitions from single to compound disaster chains.
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1.51 m of MIS, respectively (Fig. 8c–d). In the more complex TRF → TRU + TRF + TWS transition, the key threshold corresponds to a 
stream power index value of 6.02 (Fig. 8e), representing a critical level of runoff concentration and erosive energy. Collectively, these 
results indicate that urbanization intensity (BUA and PD), rainfall persistence (ADP), and nearshore hydrodynamic conditions (MIS 
and SPI) constitute the fundamental controls governing transitions from single to compound disaster chains.

4. Discussion

4.1. Socio-natural coupling mechanisms driving typhoon disaster chain risks

By integrating joint probability analysis with explainable machine learning, this study demonstrates that typhoon disaster chain 
risks emerge through a socio–natural coupling process characterized by natural triggering and social amplification (Ganguli and Merz, 
2024). This perspective extends traditional risk analysis frameworks that focus on single hazards or linear trigger–response re
lationships. The results indicate that nonlinear interactions between hazard intensity and socioeconomic exposure constitute a key 
mechanism driving the amplification of compound disaster chain risks. Accordingly, disaster risk assessment should not only consider 
whether hazards occur, but also systematically examine how hazard intensity, inter-hazard dependence, and compound behavior 
develop under specific socio-geographical conditions. This perspective is consistent with current directions in international disaster 
risk research (Ganguli and Merz, 2024; Deb et al., 2023).

However, existing studies largely concentrate on individual hazard processes, specific types of compound events (e.g., rainfall–
storm surge flooding), or rely on high-resolution physical models to simulate localized processes. These approaches face inherent 
limitations in capturing multi-hazard chain combinations, spatial exposure disparities, and the mechanisms governing transitions from 
single to compound disaster chains at regional scales (Meng et al., 2025; Ganguli and Lin., 2025). In contrast, this study integrates joint 
occurrence probabilities, socioeconomic exposure patterns, and disaster-chain transition mechanisms within a unified regional 
framework. This integrated approach reveals the overall logic through which typhoon disaster chain risks evolve from natural trig
gering to social amplification, thereby advancing disaster-chain research from event-based analysis toward system-level risk 
identification.

From a methodological perspective, this study complements previous approaches based on physical process modeling or single- 
hazard assessments. Two- and three-dimensional hydrodynamic models are effective for simulating floods and storm surges, but 
their strong dependence on high-quality data and computational resources limits their application to long time series, multiple sce
narios, and multi-hazard combinations at regional scales (Lockwood et al., 2024; Liu et al., 2022). Purely data-driven methods offer 
high computational efficiency but often lack interpretability regarding hazard dependence and driving mechanisms. By combining 
Copula-based joint probability models with explainable machine learning, this study achieves a balance between statistical robustness 
and interpretability, enabling systematic identification of multi-hazard dependence structures, key driving factors, and critical 
thresholds.

The results show that the joint occurrence probability of compound disaster chains is significantly higher than expected under 
independence assumptions, confirming strong positive dependence among hazard processes (Moftakhari et al., 2017; Naseri and 
Hummel, 2022). Risk patterns also exhibit pronounced spatial heterogeneity and social disparity. Compound disaster chain risks are 

Fig. 8. Threshold characteristics of key driving factors in the transition from single to compound disaster chains.
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strongly amplified in highly urbanized areas, while in single-chain typhoon–rainfall–landslide (TRL) high-risk zones, vulnerable 
populations account for up to 92.1 % of residents. This pattern indicates that disaster risk is shaped not only by physical hazard 
conditions but also by social vulnerability structures (Jiang et al., 2023; Morita et al., 2017). Under rapid urbanization, the impervious 
surface ratio emerges as a key control factor for typhoon–rainfall–urban waterlogging (TRU)–related compound chains. When 
impervious surface coverage exceeds approximately 65–70 % under high building density, risk levels increase nonlinearly. This 
suggests that urbanization can substantially enhance the joint occurrence of flooding and waterlogging by reducing infiltration ca
pacity and constraining natural drainage pathways (Feng et al., 2023; Javed et al., 2025). Overall, natural factors define the back
ground conditions for hazard triggering, whereas social factors dominate the amplification of disaster chain risks. These findings 
support a shift from hazard-centered approaches toward integrated socio–ecological system frameworks that emphasize coupling 
mechanisms and threshold identification (Naseri and Hummel, 2022; Peduzzi et al., 2012; Cramer et al., 2018).

4.2. Implications for managing typhoon disaster chains

The spatial patterns identified in this study reveal a clear contrast between the widespread distribution of single disaster chains and 
the strong clustering of compound disaster chains. This finding indicates that conventional disaster prevention strategies—often 
designed around single hazards or homogeneous regions—are insufficient for addressing the spatial concentration and mechanism 
diversity of compound disaster chain risks. Accordingly, typhoon disaster chain management should shift from hazard-type-centered 
approaches toward differentiated risk control frameworks based on disaster-chain combinations and exposure structures. Such 
frameworks emphasize zone-specific and chain-specific strategies that reflect regional differences in hazard composition, exposure 
density, and dominant driving mechanisms, thereby improving the efficiency and effectiveness of disaster risk reduction.

In highly urbanized coastal clusters such as Fuzhou, Xiamen, and Quanzhou, compound disaster chain risks are strongly 
concentrated, and exposure levels are unlikely to decrease in the short term. In these areas, the primary management objective is not to 
reduce exposure, but to enhance system-level resilience and coordinated defense capacity. Priority should be given to the functional 
integration of engineering systems, coordinated governance, and gradual optimization of urban spatial structure. Existing flood control 
and drainage systems can be progressively upgraded toward integrated configurations that combine flood protection, storm surge 
defense, and urban drainage, aligned with maintenance and renewal cycles (Mohtat and Khirfan, 2022; Zhang et al., 2025; Alfieri et al., 
2020). At the same time, improving drainage standards, expanding distributed detention and retention facilities, and advancing 
sponge-city measures can enhance urban stormwater regulation in a cost-effective manner (Liang et al., 2024). Strengthening coor
dination between meteorological, hydrological, and urban management systems is also essential. Integrated disaster-chain response 
mechanisms and regular scenario-based exercises for high-risk combinations such as TRU and TRF can improve cross-sector emergency 
response capacity (Yu et al., 2023). In spatial planning, stricter controls on new development in low-lying areas and flood pathways, 
together with gradual spatial optimization during urban renewal, can reduce the amplification potential of compound disaster chains 
(Wang and Nan, et al., 2024; Yang and Qin., 2024).

In peripheral regions such as Ningde and parts of Quanzhou, where compound disaster chain risks are emerging, proactive planning 
and development constraints are critical. As urban expansion extends into hilly and mountainous areas, disaster control zones should 
be clearly defined at the planning stage. Development on high-risk slopes should be restricted, and ecological slope protection and 
drainage systems should be implemented simultaneously to enable integrated risk management from hillslopes to urban areas (Zhuang 
et al., 2023; Liang et al., 2022). In extensive areas dominated by single disaster chains, management strategies should focus on 
dominant risk mechanisms. In typhoon–rainfall–flood (TRF)-dominated regions, strengthening watershed-scale flood control infra
structure and protecting or restoring natural retention and detention spaces should be prioritized (Mitu et al., 2023; Rahim et al., 
2024). In TRL-prone regions, where vulnerable populations account for a high proportion of residents (92.1 %), disaster risk reduction 
should extend beyond engineering measures to address social vulnerability. Key actions include community-based early warning and 
evacuation systems, registries of vulnerable groups, deployment of simple monitoring devices, and targeted slope stabilization and 
housing safety improvements (Zhuang et al., 2023; Zhao et al., 2024; Sarah et al., 2025).

5. Conclusion

Using Fujian Province as a case study, this research integrates a Copula-based joint probability model with explainable machine 
learning to systematically examine the spatial risk patterns, exposure inequality, and driving and transition mechanisms of typhoon 
disaster chains. The main findings are as follows: (1) High-risk areas of typhoon disaster chains in Fujian Province consist of both single 
disaster chains (SDCs) and compound disaster chains (CDCs), with eight typical disaster chain types identified. The mean joint 
occurrence probability of CDCs is 0.0082, which is 13.6 times higher than that of SDCs. Spatially, CDC high-risk areas are strongly 
clustered in major coastal cities, including Fuzhou, Xiamen, and Quanzhou, as well as in bay–estuary–urban transition zones. (2) Clear 
disparities in risk exposure exist between SDCs and CDCs. Although CDC high-risk areas account for only 0.8 % of the provincial area, 
they contain 12.6 % of the population and 14.1 % of the GDP, with population and GDP exposure lift values of 16.3 and 18.2, 
respectively. TRU (Typhoon–Rainfall–Urban Waterlogging)-related compound disaster chains exhibit a pronounced small-area, high- 
exposure pattern, whereas TRL (Typhoon–Rainfall–Landslide) high-risk areas show relatively low population density but an extremely 
high proportion of vulnerable populations (92.1 %). (3) Typhoon disaster chain risks generally follow a natural triggering–social 
amplification mechanism, in which natural hazard factors define the environmental background for hazard initiation, while social 
factors—particularly population density and GDP density—dominate risk amplification. Key driving variables exhibit clear nonlinear 
threshold behavior, such as a built-up area threshold of approximately 118,212 m²/km² for TRF and an impervious surface ratio 
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threshold of 47 %–70 % for TRU-related compound disaster chains. (4) Transitions from single to compound disaster chains are 
governed by two dominant mechanisms: socioeconomic-driven pathways, mainly associated with TRU-related compound disaster 
chains, and naturally driven pathways, mainly associated with TRL- and TWS-related compound disaster chains. Population density 
plays a key role in the TRF → TRU + TRF transition, whereas persistent heavy rainfall dominates the TRF → TRF + TRL transition.

Several limitations should be noted. First, the analysis relies mainly on historical observations and relatively static socioeconomic 
indicators, which constrains its ability to represent cascading processes and temporal lag effects in disaster-chain evolution. Second, 
Fujian Province is characterized by mountainous coastal terrain and rapid urbanization, which may limit the direct extended appli
cability of some results to other regions. Identified threshold values therefore require further validation under different geographical 
and developmental contexts. In addition, the lack of high-resolution infrastructure data, such as urban drainage networks and coastal 
defense structures, may affect the detailed characterization of local compound flooding risks. Future research should address these 
limitations by incorporating time-dependent Copula models, process-based simulations, and cross-regional comparative analyses, 
thereby enhancing the dynamic representation, transferability, and explanatory depth of disaster chain risk assessment frameworks.

Beyond the specific case of Fujian Province, the proposed regional-scale analytical framework provides an adaptable approach for 
identifying compound disaster chain high-risk areas, exposure inequality patterns, and critical transition conditions. The framework 
offers practical support for managing compound flood and storm surge risks in highly urbanized coastal regions and can be extended to 
other multi-hazard areas influenced by climate change and rapid urbanization. More broadly, this study contributes to a shift in 
disaster risk research from single-hazard assessment toward integrated multi-hazard and socio–natural system analysis, with impli
cations for hydrology, disaster geography, and integrated risk management.
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