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ABSTRACT 

Multi-hazard events generate impacts exceeding those of individual hazards but remain difficult to assess due to complex 
interactions. This study presents a generalized framework for analyzing four interaction types—multivariate, preconditioned 
and triggering, spatially, and temporally compounding events—across current and future climates. Combining extreme-event 
detection, Bayesian copula modeling, and spatial analysis, the framework enables consistent multi-hazard characterization beyond 
pairwise approaches. Applications to four European case studies reveal strong hazard dependencies and increased multi-hazard 
occurrence under future climate scenarios. 
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 Introduction 

n recent years, multi-hazard events have gained increasing
ttention from governmental and international organizations
ue to their growing threats to human lives, infrastructure, and
conomic systems (Gill and Malamud 2014 ; Lee et al. 2024 ;
scheischler et al. 2020 ). These events involve complex and
ften nonlinear interactions among hazards that may occur
imultaneously, sequentially, or through cascading processes
cross space and time. Their impacts are frequently shaped
y interrelated physical, ecological, and socioeconomic drivers,
aking the resulting consequences substantially greater than the
um of individual hazards (Zscheischler et al. 2020 ). As climate
ariability, urbanization, and environmental change intensify
azard exposure and vulnerability worldwide, the need for
his is an open access article under the terms of the Creative Commons Attribution Licen
riginal work is properly cited. 
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robust approaches to understanding and assessing multi-hazard
interactions has become increasingly urgent. 

Previous studies have identified several major categories of multi-
hazard interactions. Common categories include compound
(Zscheischler et al. 2020 ), consecutive (De Ruiter et al. 2020 ),
triggering (Gill and Malamud 2014 ), and amplifying (Gill et al.
2020 ) hazards, each describing different forms of temporal,
spatial, or causal relationships between events. A widely adopted
framework further distinguishes four types of compound interac-
tions: multivariate, preconditioned, spatially compounding, and
temporally compounding (Zscheischler et al. 2020 ). More recent
refinements include geophysical hazards and further distinctions
in triggering mechanisms (Lee et al. 2024 ). 
se, which permits use, distribution and reproduction in any medium, provided the 

ogical Society and John Wiley & Sons Ltd. 
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 wide range of qualitative, quantitative, and hybrid meth-
ds has been developed to analyze multi-hazard interactions
Ciurean et al. 2018 ; Kennedy et al. 2023 ; Tilloy et al. 2019 ).
ualitative or semiquantitative methods—such as narrative
escriptions of historical events (Ciurean et al. 2018 ), hazard
heels (Rosendahl Appelquist and Halsnæs 2015 ), hazard matri-
es (Gill and Malamud 2014 ), hazard maps (Johnson et al.
016 ), and network diagrams (van Westen 2012 )—are commonly
sed to identify potential relationships between hazards and
o support exploratory assessments where empirical data are
imited. Quantitative approaches include physical process-based
odels or systems-based approaches (Chen et al. 2016 ; Fan
t al. 2020 ; Gnyawali et al. 2023 ) and probabilistic and statistical
nalyses that estimate joint probabilities, cascading effects, or
nteraction intensities (Boult et al. 2022 ; De Angeli et al. 2022 ;
omeisen et al. 2023 ; Han et al. 2019 ; Wang et al. 2013 ; Wu et al.
022 ). Hybrid approaches combine elements of both method-
logies, integrating statistical or probabilistic frameworks with
rocess-based or climate models to incorporate observational data
longside simulated scenarios (Ming et al. 2022 ; Pourghasemi
t al. 2020 ; Tanim and Goharian 2021 ; Thompson et al. 2017 ).
espite these advances, each methodological family presents
imitations: Qualitative approaches typically lack the ability to
uantify impacts or probabilities (van Westen and Greiving 2017 ),
hereas quantitative models often require extensive data, high
omputational resources, and detailed process understanding
Kennedy et al. 2023 ; Tilloy et al. 2019 ). 

ssessing multi-hazard interactions is further complicated by
he diversity of hazard types, the wide range of temporal and
patial scales involved, and the interdisciplinary nature of the
nalyses. Differences in measurement units, event magnitudes,
nd probability structures make it difficult to harmonize datasets
nd compare interaction effects across hazards. Moreover, ambi-
uities in the definitions and typologies of multi-hazard events
ontinue to create inconsistencies in methodological applications
nd reporting practices (Gill et al. 2022 ; Hochrainer-Stigler et al.
023 ; Ward et al. 2022 ). Analyzing multi-hazard risk cannot
e reduced to a simple aggregation of individual hazards—a
oncept sometimes described as a “multi-layer single-hazard”
pproach—because interactions between hazards may produce
onlinear amplification, cascading failures, or feedback mecha-
isms that significantly alter expected impacts (Gill and Malamud
016 ). The absence of a widely adopted, generalized framework
apable of systematically capturing these diverse interaction
rocesses remains a major challenge for effective multi-hazard
isk assessment and management (Ward et al. 2022 ). Additional
arriers include the limited availability of comprehensive multi-
azard datasets and the ongoing difficulty of translating scientific
nowledge on hazard interactions into operational policy and
ecision-making contexts (Trogrlić et al. 2024 ). 

mpirical research on multi-hazard interactions has expanded
ubstantially in recent years, yet most studies have concentrated
n examining the joint occurrence of multiple events (Bevacqua
t al. 2019 , 2021 ; Claassen et al. 2023 ; De Angeli et al. 2022 ;
eonard et al. 2014 ; Moftakhari et al. 2017 ; Wahl et al. 2015 ;
scheischler and Seneviratne 2017 ). Typical examples include
ompound coastal and fluvial flooding (Bevacqua et al. 2019 ;
hanbari et al. 2021 ; Ming et al. 2022 ; Wahl et al. 2015 ; Moftakhari
t al. 2017 ), concurrent wind and precipitation extremes (Bloom-
of 16
field et al. 2024 ), combined heat and drought events (Zscheischler
and Seneviratne 2017 ), and combined surge and precipitation
events (van den Hurk et al. 2015 ). Although these investigations
have provided important insights into joint probabilities, impact
amplification, and modeling techniques, their focus on hazard
pairs limits the capacity to examine more complex interaction
structures involving multiple hazards, cascading sequences, or
combinations of different interaction mechanisms (Zscheischler
et al. 2020 ). More recently, Bevacqua et al. ( 2021 ) presented
guidelines for studying four types of compound weather and
climate events (e.g., multivariate, preconditioned, spatially com-
pounding, and temporally compounding events). However, the
methodological guidelines for these events tend to demonstrate
analytical procedures using specific hazard pairs, leaving limited
guidance for extending these methods to broader multi-hazard
systems involving multiple interacting drivers. 

To address these limitations, there remains a need for a com-
prehensive analytical framework capable of systematically exam-
ining different categories of multi-hazard interactions within
a unified structure and extending beyond joint occurrence
of multiple hazards. Building on established compound-event
typologies (Lee et al. 2024 ; Zscheischler et al. 2020 ) and guidelines
(Bevacqua et al. 2021 ; Jensen et al. 2024 ), this study introduces
a generalized framework for investigating multivariate, precon-
ditioned and triggering, spatially compounding, and temporally
compounding interactions under both present-day and future cli-
mate conditions. The framework aims to enable more consistent
quantification of interaction effects, facilitate comparisons across
hazard types and regions, and support improved integration of
multi-hazard considerations into risk assessment and disaster
risk management practices. 

2 Materials and Methods 

2.1 Framework to Quantify Multi-Hazard 

Interactions 

This section presents a generalized framework to analyze four
types of multi-hazard events. For specific hazard types, the frame-
work is constructed by examining the spatial and/or temporal
patterns of interactions between two individual hazards. The
proposed framework builds upon the approaches presented in
Jensen et al. ( 2024 ) and visually summarized in Figure 1 . 

2.1.1 Multivariate Events 

Multivariate events are defined as “the co-occurrence of multiple
climactic drivers and/or hazards in the same geographical region
causing an impact” (Zscheischler et al. 2020 ). To analyze mul-
tivariate events, the study adopts a bivariate hazard assessment
framework commonly used in compound-event research (Bateni
et al. 2022 ; Ghanbari et al. 2021 ; Latif and Mustafa 2020 ), enabling
quantification of joint probabilities and interactions between
paired hazards. The workflow (Figure 1 ) comprises three steps:
identifying joint extreme events, estimating their marginal and
joint return periods (JRPs), and generating intensity maps for
single and compound hazard scenarios. 
Climate Resilience and Sustainability, 2026
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FIGURE 1 Conceptual framework for multi-hazard event analysis. The diagram illustrates the proposed framework for analyzing four types of 
multi-hazard interactions. Colors of boxes and connecting lines indicate different interaction types. d1 and d2 represent two interacting hazards. 
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oint extreme events are first identified by selecting time
eries of hazard intensity measures (e.g., d1 and d2 ) from
he same region and harmonizing them through preprocess-
ng (e.g., anomaly removal, resampling, and overlapping-period
iltering). This selection of data points is based on measure-
ent type, temporal resolution, and spatial proximity of data
oints. Extreme values are extracted using a threshold-excess
ethod, supported by quantile regression to define suitable
hresholds that balance extremity with data availability (Ming
t al. 2022 ). Dependency between hazards is assessed using
endall’s rank correlation coefficient ( τ), and compound events
re determined when exceedances occur simultaneously or
ithin a short temporal window (typically 3–7 days (Salvadori
t al. 2016 )). Only the maximum paired intensities within each
indow are retained for further analysis. A MATLAB toolbox

 detectExtremeEvents ) is developed to automate this procedure
nd generate joint-event time series (see Data Availability
tatement). 

ollowing detection of joint extremes, their marginal return
eriods (MRPs) and JRPs are estimated (Brunner et al. 2016 ).
RPs are derived from the marginal exceedance probability
D ( d ), whereas JRPs are obtained from the joint exceedance
robability 𝐺𝐷1 𝐷2 

(𝑑1 , 𝑑2 ) ; full details and equations are pro-
ided in the Supporting Information. Marginals are modeled
sing Generalized Pareto Distributions (GPD), and dependence
s captured using a Gumbel copula (Gudendorf and Segers
010 ), which is well suited for upper tail dependence typical
f compound hazards (e.g., surge-rainfall extremes) (Gori et al.
022 ; Ismail et al. 2018 ; Xi et al. 2023 ). Parameters for the
arginal GPDs and copula are estimated using a Bayesian
ramework implemented in Stan (Carpenter et al. 2017 ). Poste-
limate Resilience and Sustainability, 2026
rior diagnostics—including 𝑅̂ , effective sample sizes, divergence
checks, Bayesian Q –Q plots, and posterior predictive checks—
ensure robust characterization of both marginal and joint
behavior. 

Finally, multivariate scenarios are generated by pairing sampled
JRPs with their corresponding intensities ( d1 , d2 ), enabling explo-
ration of different combinations of hazard severity. Numerical
simulations use these intensity pairs to produce spatial hazard
maps for individual and compound events, facilitating assess-
ment of scenarios ranging from high-surge/low-flow, for instance,
to concurrent high-intensity extremes. 

2.1.2 Preconditioned and Triggering Events 

Preconditioned and triggering events occur when one hazard
initiates or increases the likelihood of another, meaning a single
primary driver may generate none, one, or multiple secondary
hazards (Kennedy et al. 2023 ). In this study, meteorological or
climatological conditions act as preconditions that may trigger
geophysical hazards, such as heavy rainfall inducing landslides.
Identifying these relationships begins by detecting peaks in the
hazard intensity time series. For hillslope ‑scale analyses, time
series segmentation is performed using a peaks-over-threshold
(POT) approach, which selects independent exceedances sepa-
rated by several days (typically 3–7) to ensure event indepen-
dence. Consistent with the Pickands–Balkema–De Haan theorem
(Balkema and De Haan 1974 ; Pickands III 1975 ), exceedances
above the chosen threshold follow a GPD defined by location,
scale, and shape parameters, where the threshold serves as the
location parameter (Park and Kim 2016 ). 
3 of 16
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oint preconditioned–triggered events are identified using a
rocedure analogous to the multivariate analysis (Section 2.1.1 ).
xtreme events are first detected independently in both time
eries using POT without separating dependent peaks. For each
xtreme preconditioned event, a search window—typically 3–7
ays—is defined to identify any corresponding triggered event.
he window length and threshold choice are guided by Kendall’s τ
o ensure both meaningful dependence and event independence.
f at least one extreme triggered event occurs within the window,
he pair is classified as a triggering relationship, and only the
aximum triggered intensity is retained. Preconditioned events
hat do not lead to an extreme triggered response are excluded
rom subsequent probability estimation. 

nce joint peaks are identified, their return periods are computed
sing the same copula ‑based Bayesian framework implemented
n Stan (Section 2.1.1 ), enabling estimation of the dependence
tructure and associated uncertainty. 

.1.3 Spatially Compounding Events 

patially compounding events occur when multiple connected
ocations experience the same or different hazards within a lim-
ted time window, jointly contributing to impacts (Zscheischler
t al. 2020 ). To identify such events, gridded time series of hazard
ntensity measures are processed by extracting, at each time
tep, the maximum value of each hazard across all grid cells
ithin the study area. This produces two spatially aggregated time
eries—one for each hazard—on which joint extreme events are
dentified following the procedure described in Section 2.1.1 . 

sing these joint extremes, JRPs are estimated through the
ame copula ‑based approach employed for multivariate analysis
Section 2.1.1 ). The resulting JRPs are combined with their
orresponding intensity pairs to generate scenarios representing
ifferent severities of spatially compounding events, enabling
ssessment of potential multi ‑hazard interactions across the
tudy region. 

o evaluate the spatial structure and magnitude of these events,
azard intensity maps are constructed for selected RPs. Extreme
alue analysis (EVA) is applied independently to each grid cell
sing the block maxima method, whereby annual (or relevant
emporal) maxima are extracted to form an annual maxima series
AMS). Under classical extreme value theory, AMS values follow a
eneralized extreme value (GEV) distribution defined by location,
cale, and shape parameters (Coles et al. 2001 ; Gilleland and Katz
016 ). Once fitted, the GEV model is used to estimate return
eriods for each grid cell, allowing spatial comparison of hazard
ntensities under individual- or compound-event scenarios. 

.1.4 Temporally Compounding Events 

emporally compounding events involve sequences of hazards
ffecting the same region within a defined period, where their
ombined occurrence amplifies impacts relative to isolated events
Zscheischler et al. 2020 ). These sequences may consist of suc-
essive climate extremes or multiple moderate anomalies that
of 16
interact to intensify system-level consequences (Liu et al. 2016 ;
Tilloy et al. 2019 ; Zscheischler et al. 2020 ). Figure 1 outlines the
steps used to quantify temporally compounding events based on
pairs of interacting hazards. 

The analysis begins by identifying each hazard individually
using appropriate indices derived from standardized indicators
or percentile-based thresholds. Different hazards require differ-
ent temporal resolutions; for example, heatwaves in this study
are defined using daily maximum temperatures exceeding the
90th percentile for at least three consecutive days (Perkins and
Alexander 2013 ; Rousi et al. 2022 ), and longer term conditions
are captured using monthly standardized indices. A range of
indicators can be applied depending on study objectives. Here,
heatwaves are detected using a monthly Standardized Heatwave
Index (HWI), whereas droughts are identified using the 3 ‑month
Standardized Precipitation Index (SPI ‑3), suitable for diagnosing
sustained precipitation deficits (Hao et al. 2014 ; McKee et al. 1993 ).

Compound co-occurrence is assessed over extended periods—
typically monthly—where both individual hazards occur within
the same interval. Unlike short-term compound-event analyses
that evaluate dependence over 1–7 day windows (Liu et al. 2015 ;
Ming et al. 2015 , 2022 ), this approach captures broader patterns of
co-occurrence without estimating joint probabilities. Compound
events are identified separately at each grid cell, and results are
stored in annual matrices, enabling spatially explicit analysis
across the study area. The relevant timescale of co-occurrence
varies by hazard type; for example, droughts develop over weeks
to months, whereas other hazards may emerge over shorter or
longer periods. 

Mapping individual and temporally compounding events
involves summarizing and visualizing hazard occurrence across
the selected timescales. Initial maps depict the spatial distribution
and frequency of each hazard, followed by maps showing the
frequency of their combined occurrence at seasonal or monthly
scales. This spatial–temporal representation highlights regions
experiencing repeated or persistent compound risks and provides
valuable insights for impact assessment, planning, and risk
mitigation. 

2.2 Application of the Generalized Multi-Hazard 

Framework 

2.2.1 Selecting Multi-Hazard Events in Case Study 
Areas 

The generalized multi-hazard interaction framework presented
in Section 2.1 is applied to four case study regions—Oslo (Nor-
way), Múlaþing (Iceland), Essex (UK), and Nice (France)—as
part of the Multi-hazard and Risk-informed System for Enhanced
Local and Regional Disaster Risk Management (MEDiate) project
( https://cordis.europa.eu/project/id/101074075 ). For each region,
one representative pair of interacting hazards was selected for
detailed analysis (Figure 2 ). The selection process followed a
Participatory Action Research (PAR) approach (Komendantova
et al. 2023 ), in which local stakeholders played an active role in
identifying and prioritizing the hazard interactions most relevant
to their regional risk contexts. 
Climate Resilience and Sustainability, 2026
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FIGURE 2 Case study regions and associated multi-hazard interactions. Map showing the four study regions where the framework is applied, 
together with the corresponding hazard combinations and interaction types analyzed in each location. 
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 project-wide PAR workshop held in June 2023 brought together
takeholders from all four regions to explore multi-hazard
ynamics, including situations where hazards co-occur, trigger
econdary processes, or lead to cascading impacts. Participants
ere introduced to a structured typology of multi-hazard inter-
ctions comprising four categories: multivariate, preconditioned
nd triggering, spatially compounding, and temporally com-
ounding events. This typology provided a consistent framework
or evaluating how different hazard combinations may interact
o intensify impacts. Through guided discussion and regional
reakout sessions, stakeholders identified and ranked the hazard
nteractions of greatest concern in their respective regions. From
hese prioritized lists, three key hazard pairs per region were
roposed, from which one representative pair per case study
as selected for implementation and testing of the multi-hazard
nteraction framework. 

.2.2 Case Study 1: Multivariate Events in Oslo, Norway

he multivariate framework is applied to Oslo to assess com-
ound coastal–riverine flood events using surge height (m)
nd river flow (m3 /s) as the hazard intensity measures. Oslo
overs 454 km2 , with approximately 650,000 inhabitants, and its
eographical setting makes it susceptible to both riverine flooding
nd storm surge impacts (IPCC 2013 ). A notable historical exam-
le occurred in October 1987, when prolonged heavy rainfall—
limate Resilience and Sustainability, 2026
reaching 240% of normal levels over a 30 ‑day period—coincided
with spring tides and strong winds. This overlap produced flood
conditions with recurrence intervals approaching 100 years and
resulted in damages exceeding 650 million NOK ( ∼ €147 million),
surpassing the combined national natural disaster compensation
of the previous 4 years (Engen 1988 ). 

Due to the lack of high ‑resolution future river ‑flow projections,
the compound flood analysis relies entirely on observational
datasets. Compound flood events in Oslo are identified between
1967 and 2023. Surge records are obtained from Oslo’s only tidal
gauge operated by the Norwegian Hydrographic Service, whereas
river flow observations are taken from the Gryta station, located
approximately 10 km upstream and operated by NVE Sildre
(Figure S2 , Table 1 ). Compound flood events are identified when
both variables exceed their respective thresholds, and a sensitivity
analysis is conducted to test different percentile thresholds for
event detection (Figure S3 ). 

JRPs are estimated using the Stan ‑based copula framework
described in Section 2.1.1 , applying GPDs to model the marginal
distributions of surge and river flow under uniform priors. Four
Markov chains of 5000 samples each demonstrate strong conver-
gence, with effective sample sizes and Rˆ values confirming stable
posterior sampling. Bayesian Q –Q plots indicate good marginal
GPD performance for moderate extremes, with expected reduc-
tions in fit for the largest observed values. Additional diagnostics,
5 of 16
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TABLE 1 Data used for analyzing multi-hazard interactions. 

Case study 
Multi-hazard 
interactions Indicator Timeframe 

Temporal 
resolution 

Spatial 
resolution Source 

Oslo Compound flood Surge height (m) October 
1967–July 2023 

Hourly Station data Norwegian Centre for 
Climate Services 

( https://seklima.met. 
no/observations/ ) 

River flow 

(m3 /s) 
October 

1967–July 2023 
Hourly Station data 

Depth (m) and 
extent (m2 ) of 

riverine flooding 

Base year: 1980 
Projected year: 
2030, 2050, 2080 

Return periods: 
1, 2, 5, 10, 25, 50, 
100, 250, 500, 
and 1000 years 

5 ′ × 5 ′ Aqueduct Floods 
Hazard Maps (Ward 

et al. 2020 ) 

Depth (m) and 
extent (m2 ) of 
coastal flooding 

Base year: 2017 
Future year: 

2100 

Return periods: 
20, 200, and 
1000 years 

Vector data The Norwegian Water 
Resources and Energy 
Directorate—NVE 

( https://temakart.nve. 
no/ ) 

Múlaþing Extreme rainfall 
and landslide 

Rainfall (mm) 1980–2016 Hourly 
2.5 km × 2.5 km 

Icelandic reanalysis 
atmospheric (ICRA) 
project (Nawri et al. 

2017 ) 
Projected 

rainfall (mm) 
2020–2099 Hourly 

2.5 km × 2.5 km 

Landslide 
inventory 
(frequency) 

1981–2015 Daily Vector data Icelandic 
Meteorological Office 
( https://en.vedur.is/ ) 

Essex Spatially 
compounding 

Near-surface 
wind speed 

(m/s) 

1980–2080 Daily 12 km EuroCORDEX-UK: 
Regional climate 

projections for the UK 

domain (Barnes 2023 ) Rainfall (mm) 
Nice Temporally 

compounding 
events 

2-m temperature 
(◦C) 

1971–2100 Daily 5 km EuroCORDEX: 
Regional climate 
simulations, 

downscaled, and bias 
corrected (Berg et al. 

2021 ) 

Rainfall (mm) 

Note: Overview of the datasets used for the four multi-hazard case studies, including data types, variables, and their role in the framework application. 
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ncluding posterior predictive checks and dependence ‑structure
ssessments, are provided in Figures S4–S7 . 

o explore potential spatial impacts, the study incorporates
econdary inundation datasets. Riverine flood extents are derived
rom Aqueduct Global Flood Maps (Ward et al. 2020 ), whereas
oastal flood extents are obtained from national flood maps (NVE
023 ). Vector coastal datasets are converted to gridded raster
ayers following Cohen et al. ( 2018 ), using the European Digital
levation Model (EU-DEM) at 25 m resolution. 

.2.3 Case Study 2: Preconditioned and Triggering 
vents in Múlaþing, Iceland 

his case study examines preconditioned and triggering relation-
hips between extreme rainfall and landslides in the Múlaþing
egion of eastern Iceland, focusing on the town of Seyðisfjörður.
he municipality covers 10,671 km2 and has a population of
of 16
5359, including approximately 685 residents in Seyðisfjörður
(2019). Steep mountainsides and highly variable topography, with
elevations up to 1085 m, make the area particularly prone to
snow avalanches and landslides (Arnalds et al. 2002 ). The region
experienced a major landslide sequence in December 2020, when
multiple debris flows culminated in a 74,000 m3 slide causing
widespread damage and evacuations, underscoring a long history
of landslide risk that includes fatal events, such as the 1950 slide
(Gylfadóttir et al. 2021 ; Jensen and Sönser 2003 ). 

To analyze rainfall–landslide interactions, the antecedent precip-
itation index (API) is used as a proxy for relative soil moisture
(Zhao et al. 2011 ). The API is calculated using a weighted sum of
preceding daily rainfall (Cordery 1970 ; Li et al. 2021 ; Xie and Yang
2013 ), and this study applies a scaled normalized API (sNAPI)
following established approaches (Ghosh et al. 2021 ; Heggen
2001 ). Rolling rainfall accumulations over 1 ‑, 2 ‑, 3 ‑, and 5 ‑day
periods capture the short- and medium ‑term conditions relevant
to slope instability. Hourly rainfall data are sourced from the
ICRA project (Nawri et al. 2017 ) using the grid point nearest
Climate Resilience and Sustainability, 2026
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he Vestdalur station ( ∼ 2.5 km from Seyðisfjörður), with model-
bservation consistency demonstrated by a strong correlation of
.93 (Massad et al. 2020 ). The analysis uses 1980–2016 as the
aseline period and 2030–2066 for future projections. 

oint extreme events—representing combinations of high rainfall
nd elevated sNAPI—are identified using the preconditioned–
riggering methodology described in Section 2.1.2 , and JRPs
re subsequently estimated to characterize the likelihood of
ainfall-driven landslide precursors. 

.2.4 Case Study 3: Spatially Compounding Events in 

ssex, United Kingdom 

patially compounding events in Essex are assessed by analyzing
oint extreme wind and rainfall events. Essex, located in eastern
ngland, is a predominantly low ‑lying county covering 3670 km2

ith an extensive 905 km coastline. Approximately 185,000
esidents live across the region, with higher population densities
oncentrated along the southern coast. Its long coastline and
nterconnected river systems contribute to high exposure to storm
urges and flooding (Spencer et al. 2015 ). The winter of 2013/2014
xemplified these risks, as a succession of intense Atlantic storms
roduced strong winds, heavy rainfall, and widespread coastal
nd fluvial flooding. A major storm surge on 5–6 December 2013
aused substantial damage, which was further exacerbated by
dditional storms in early January 2014 (Kendon and McCarthy
015 ). 

aily maximum near ‑surface wind speed at 10 m (m/s) and daily
ainfall (mm) are used as intensity measures. Data are separated
nto baseline (1981–2001) and future (2030–2050) periods. Follow-
ng the methodology in Section 2.1.3 , spatially aggregated daily
axima are calculated for each hazard across all grid points to
onstruct time series for wind and rainfall. Joint extremes are
dentified when both variables exceed their respective thresholds,
hich are selected through a sensitivity analysis using baseline
ata. Threshold combinations are tested, and the pair producing
he highest positive Kendall’s τ is adopted (Table S4 ). The
ame thresholds are applied to the future dataset to ensure
omparability across time periods. 

RPs are then estimated using the Stan ‑based copula model
escribed earlier. Model diagnostics—including convergence
ssessments, posterior predictive checks, and dependence
valuations—are presented in Figures S11–S15 , confirming the
obustness of the joint ‑probability estimates. 

.2.5 Case Study 4: Temporally Compounding Events 
n Nice, France 

emporally compounding events in Nice are analyzed through
he co ‑occurrence of extreme heat and drought conditions. Nice
ies within the Nice Côte d’Azur Metropolis in southeastern
rance, covering approximately 1500 km2 and home to more
han 540,000 residents. Its combination of coastal lowlands and
teep mountainous terrain exposes the region to a wide range
f natural hazards, including heatwaves, droughts, landslides,
limate Resilience and Sustainability, 2026
and coastal and riverine flooding. The Mediterranean climate
has contributed to increasingly frequent and intense summer
heatwaves and droughts, exemplified by the extreme summer of
2003 and prolonged drought episodes from 2004 to 2007 and in
2015 (Hauser et al. 2017 ; Rebetez et al. 2006 ). 

Heat and drought conditions for the summer season (June–
A ugust) are quantified using the standardized HWI and the SPI3,
respectively, based on daily temperature and precipitation data
(Table 1 ). Data are derived from the CSC ‑REMO2009 regional
climate model (REMO), downscaled from the MPI–ESM–LR
global model for the historical period (1971–2005) and future
projections (2006–2100) under RCP 8.5. Bias correction using
Copernicus EFAS-Meteo datasets (Ntegeka et al. 2013 ) yields a
5 ‑km spatial resolution. 

Heatwave identification follows a two ‑stage process. First, heat-
waves are defined as at least three consecutive days with
maximum temperatures exceeding the 90th percentile, calcu-
lated using a 15 ‑day moving climatological window (Fischer
and Schär 2010 ). These daily events are then aggregated into a
monthly standardized HWI, with values ≥ 1 classified as monthly
heatwave events. Drought events are identified using SPI3 for
June–August, computed via a nonparametric approach in which
empirical precipitation probabilities are estimated using the
Gringorten plotting position (Farahmand and AghaKouchak
2015 ; Gringorten 1963 ) and then transformed to standardized SPI
values (Hao et al. 2014 ). The SPI3 represents precipitation totals
accumulated over a 3-month window, including the respective
and the 2 preceding months (e.g., August SPI3 corresponds
to June–A ugust). Summer months with SPI3 ≤ − 1 are labeled
drought events. 

Temporally compounding heatwave–drought events are identi-
fied at each grid cell and month where both conditions co ‑occur
(HWI ≥ 1 and SPI3 ≤ − 1). These compound events are assessed
across three 30 ‑year periods—1976–2005, 2041–2070, and 2071–
2100—to evaluate historical conditions and projected future
changes in compound heat and drought risks. 

3 Results 

3.1 Compound Coastal and Riverine Flood 

Events in Oslo 

Applying the multivariate framework to Oslo identifies the 95th
percentile as the optimal threshold for both surge height and river
flow, producing a Kendall’s τ of 0.18. These thresholds correspond
to 0.617 m for surge height and 0.706 m3 /s for river flow, yielding
41 compound flood events where both variables exceed their
respective thresholds (Figure 3 ). These events represent instances
of concurrent extreme coastal and riverine conditions. 

Figure 4 illustrates the JRPs associated with these compound
events. The upper right panel displays JRPs as a contour surface
across combinations of surge height and river flow, whereas the
lower left panel maps the MRP of the corresponding values.
The remaining panels show the separate MRPs for each vari-
able, supporting interpretation of individual and joint hazard
contributions. 
7 of 16
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FIGURE 3 Compound flood events in Oslo, Norway. Scatter plot of sea surge levels and river flow. Blue points represent all observed pairs, whereas 
red points indicate identified compound extreme events. 
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mong the identified events, the most extreme corresponds to
he Great Storm of October 16, 1987, combining an approximately
200 ‑year surge event with an 800 ‑year river flow event. The
esulting JRP of roughly 4500 years reflects the rarity of this com-
ound occurrence. This storm affected large parts of Europe, pro-
ucing exceptional surge levels and river flows. A second notable
vent occurred on October 30, 2000, with a JRP of about 90 years,
ombining a ∼ 35 ‑year surge event and a ∼ 15 ‑year river flow event.
dditional illustrative scenarios are provided in Table S1 . 

he spatial analysis of compound flood impacts uses Aque-
uct riverine flood maps and national NVE coastal flood maps
Table 1 ). A representative scenario (Figure S8 ) shows that
iverine flooding covers a substantially larger area than coastal
looding, suggesting that riverine processes pose a broader spatial
isk across Oslo. Nonetheless, coastal flooding, while more
ocalized, affects densely populated waterfront zones. Areas near
iver mouths and low ‑lying coastal sections exhibit exposure to
oth flooding mechanisms, aligning with historical cases where
iverine and coastal flooding co ‑occurred. These patterns rein-
orce the multivariate findings and highlight the spatially variable
ut interconnected nature of compound flood risk in Oslo. 

.2 Extreme Rainfall and Landslides in 

úlaþing 

he preconditioned–triggering framework identifies instances
n which extreme rainfall conditions precede landslides in
of 16
Múlaþing. The baseline inventory includes several documented
landslide events (Table S2 ), with daily joint extreme events
accounting for the highest number of associated landslides,
followed by 2 ‑, 3 ‑, and 5 ‑day aggregated events. As daily data
capture the strongest correspondence with observed landslides,
subsequent analyses focus on daily rainfall and sNAPI combina-
tions. 

Not all historical landslides coincide with identified joint extreme
rainfall–sNAPI events. Several cases involve limited rainfall or
low antecedent moisture conditions—for example, the August
21, 2003 landslide occurred after only 5.8 mm of rainfall in 12 h.
Similarly, some landslides occurred during intense rainfall but
without elevated API values. In contrast, joint extreme rainfall–
sNAPI conditions are more strongly linked to larger and more
consequential landslide events, underscoring the importance of
combined preconditioning and triggering mechanisms. 

Figure 5 summarizes the extreme ‑event analysis. The 90th per-
centile is selected as the optimal threshold for both variables,
corresponding to 27.1 mm rainfall and an sNAPI of 1.29 under
baseline conditions, and 28.6 mm rainfall with an sNAPI of 1.93
for future projections. A total of 86 joint extreme events are
identified during 1980–2016, increasing to 151 events in the future
period (2030–2066), reflecting rising rainfall intensity and higher
antecedent moisture under projected climate conditions. 

In the baseline scenario, the largest daily rainfall event is
144.4 mm, corresponding to an RP of approximately 40 years. The
Climate Resilience and Sustainability, 2026
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FIGURE 4 Return period and joint-probability analyses for compound flooding in Oslo: (a and d) posterior marginal distributions for river 
discharge and surge levels across return periods (20th, 50th, and 80th percentiles); (b) JRPs across combinations of surge and discharge values; and (c) 
JRPs for selected joint extreme events. Contours represent JRPs (years), with bold lines indicating median estimates and lighter lines showing uncertainty 
from posterior samples. 
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aximum RP for sNAPI is around 160 years. The highest baseline
RP, about 200 years, results from the combination of a 2-year
ainfall event and a 160-year sNAPI event. Under future climate
onditions, maximum daily rainfall increases to 152.9 mm, but
he highest JRP decreases substantially to roughly 25 years,
ssociated with a 17-year rainfall event and an 18-year sNAPI
vent. Figures S9 and S10 illustrate these baseline and future
esults, whereas Figure 6 demonstrates that JRPs systematically
ecline in the future period across a wide range of rainfall–sNAPI
ombinations, indicating that extreme preconditioned–triggering
equences are expected to become more frequent. 
limate Resilience and Sustainability, 2026

le C
r

The observed landslide inventory for Seyðisfjörður documents
44 landslides over 1980–2016, occurring on 18 distinct dates.
The rainfall–sNAPI combinations identified in this study explain
approximately 66% ( n = 29) of these events. Table S3 provides
return periods and intensities for each historical landslide.
Landslides commonly occur in clusters affecting both northern
and southern hillslopes simultaneously, driven by shared mete-
orological conditions. Heavy rainfall consistently appears as the
predominant triggering factor in the historical record, reinforcing
the relevance of the identified joint extreme rainfall–sNAPI
thresholds. 
9 of 16
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FIGURE 5 Joint extreme rainfall and sNAPI events in Múlaþing, Iceland. Scatter plots of rainfall and sNAPI values, with blue points representing 
all observations and red points indicating joint extremes: (a) baseline conditions and (b) projected future climate scenario. sNAPI, scaled normalized 
antecedent precipitation index. 

FIGURE 6 JRPs of joint extreme rainfall and sNAPI extremes in Múlaþing, Iceland. (a) Estimated JRPs for identified joint extreme events under 
baseline and future scenarios. (b) Surface plot illustrating changes in JRPs between scenarios across different event combinations. sNAPI, scaled 
normalized antecedent precipitation index. 
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.3 Extreme Wind and Rainfall Events in Essex 

pplying the spatially compounding framework to Essex iden-
ifies the 95th percentile of daily maximum wind speed and
he 90th percentile of daily rainfall as the optimal thresholds,
roducing the highest Kendall’s τ value of 0.16. These thresholds
orrespond to 12.65 m/s for wind speed and 13.86 mm for rainfall.
sing these criteria, 34 joint extreme wind–rainfall events are
etected during the baseline period (1981–2001), increasing to 47
vents in the future period (2030–2050) (Figure 7 ). 

uring the baseline period, the strongest daily wind speed
eaches 18.8 m/s—an event with an estimated RP of ∼ 130 years—
hereas the highest rainfall total (46.6 mm) corresponds to an
0 of 16
RP of ∼ 25 years. The most extreme joint event has a JRP of
approximately 160 years, resulting from the combination of a
130 ‑year wind event with a 2 ‑year rainfall event. In the future
scenario, both hazards intensify, with maximum RPs for wind
and rainfall projected to increase substantially (to ∼ 800 and
∼ 1000 years, respectively). The most severe future joint event
reaches a JRP of ∼ 6400 years, reflecting the greater likelihood
of co-occurring high wind and rainfall extremes under a warmer
climate. A comparison of JRPs between baseline and future
conditions is shown in Figure S18 . 

Spatial patterns of hazard intensities are assessed using the
gridded data. Figure S19 illustrates 100 ‑year extreme wind and
rainfall events for both time periods. Results show an overall
Climate Resilience and Sustainability, 2026
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FIGURE 7 Joint extreme wind and rainfall events in Essex, UK. Scatter plots of daily maximum wind speed and rainfall. Blue points represent all 
observations, and red points indicate joint extreme events. (a) Baseline conditions and (b) projected future scenario. 
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ncrease in hazard intensity by mid ‑century: Mean 100 ‑year daily
aximum wind speed rises from 10.7 (baseline) to 11.0 m/s
future), whereas mean 100 ‑year rainfall increases from 20.2
o 21.2 mm. Coastal areas—already exposed to storm surges
nd high winds—experience the greatest intensification, and
he geographic extent of areas affected by extreme wind and
ainfall expands. Southwestern districts of Essex, in particular,
re projected to face elevated exposure to spatially compounding
azards. 

.4 Extreme Heat and Drought in Nice 

he temporally compounding framework is used to assess the
o-occurrence of extreme heat and drought in Nice. During the
istorical period, most of the region experiences at most 1 hot
ay per month. Under the high ‑emission scenario, however, the
requency of hot days increases substantially. In the near future,
he French Mediterranean coast—including Nice—is projected to
xperience 2–4 hot days per month in June. By the end of the
entury, June is expected to feature 6–7 hot days, whereas July
nd August will see widespread intensification, with all areas
xperiencing at least 8 hot days in July and up to 11 in August.
igure S20 illustrates the spatial distribution of hot-day frequency
cross historical, near ‑future, and far ‑future periods, highlighting
he expansion and intensification of heatwave conditions. 

rought patterns show contrasting temporal evolution. Histor-
cally, southern France exhibits slightly wet conditions, except
n August when parts of Nice record negative SPI3 values. In
he near future, mean SPI3 values indicate predominantly wet
onditions across the domain. By the end of the century, however,
ugust is projected to show widespread drying, with SPI3 values
etween − 0.5 and − 1 across much of the region. Figure S21 maps
hese changes, demonstrating a clear transition toward drier
ate ‑summer conditions under future climate scenarios. 

igure 8 presents the frequency of compound heatwave–drought
vents across the Nice domain. Historically, only small areas of
outhern France show ∼ 4% compound-event frequency (equiva-
limate Resilience and Sustainability, 2026
lent to around 4 hot and dry months across the 30 ‑year period),
whereas Nice itself exhibits no compound events. In the near
future, frequencies increase to approximately 3.5%–4% in parts
of Nice. By the end of the century, compound-event frequencies
exceed 10% across large parts of the region, indicating that some
areas will experience at least 9 hot and dry summer months
within the 30 ‑year far ‑future period. These results demonstrate
a pronounced escalation in compound heat–drought risk under
continued high emissions. 

4 Discussion 

4.1 Contributions of the Generalized 

Multi ‑Hazard Framework 

Quantifying multi ‑hazard interactions remains a major challenge
due to the diverse ways in which hazards interact across temporal,
spatial, and process dimensions. Existing approaches typically
analyze multi ‑hazard events as simple compound or consecutive
hazards, focus on specific hazard pairs, or rely on narrow tempo-
ral windows, limiting their applicability across different contexts
(Bloomfield et al. 2024 ; Claassen et al. 2023 ; De Angeli et al. 2022 ).
This study advances the field by proposing a generalized, pro-
cess ‑informed framework that integrates four distinct categories
of multi ‑hazard interactions—multivariate, preconditioned and
triggering, spatially compounding, and temporally compounding
events. Unlike previous approaches, which treat different types
of multi-hazard interactions in an isolated way (Bevacqua et al.
2021 ), this framework explicitly analyzes interaction mecha-
nisms between different types of multi-hazard events, analytical
requirements, and relevant timescales, offering a more structured
and comprehensive understanding of multi ‑hazard dynamics. 

A key contribution lies in the integration of statistical, proba-
bilistic, and geospatial methods within a unified system. The
framework incorporates hazard ‑specific thresholds, optimized
for the given datasets, informed by dependence metrics such as
Kendall’s τ, together with Bayesian copula models to quantify
joint probabilities for short ‑term interactions. It also adapts
11 of 16
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FIGURE 8 Frequency of compound heatwave and drought events in Nice, France. Percentage occurrence of compound heatwave–drought events 
during summer for (a) historical period (1976–2005), (b) near future (2041–2070), and (c) far future (2071–2100). 
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emporal windows from hours to months and includes soil
oisture proxies, rolling accumulations, and grid ‑based EVA to
apture longer term or spatially distributed interactions. This
ual statistical–geospatial design enables the framework not only
o quantify probabilistic relationships between hazards but also
o map the spatial distribution of hazard intensity and extent,
ddressing a gap in existing literature that often focuses solely on
ependence estimation without translating results into spatially
xplicit hazard information (Bateni et al. 2022 ; Ghanbari et al.
019 , 2021 ). Furthermore, the framework is deliberately designed
o be flexible and scalable, functioning across point-level obser-
ations, gridded climate simulations, and regional hazard fields.
y formalizing differences in time (from 1 ‑day to multi ‑month
indows), space (single locations vs. regional domains), and scale
station data vs. gridded domains), it provides a robust structure
hat can be consistently applied to diverse hazard systems and
egions. In doing so, it extends the conceptual models proposed
n earlier work (Gill and Malamud 2014 , 2016 ; Tilloy et al. 2019 ;
scheischler et al. 2020 ) and operationalizes them in a manner
hat supports practical risk assessment, early ‑warning system
nhancement, and climate adaptation planning. The flexibility
f the framework enables its application to data-scarce settings,
hich is one of the major challenges in quantifying multi-hazard
nterrelationships (Thompson et al. 2025 ). 

.2 Performance of the Framework Across the 
our Case Study Regions 

pplication of the framework across four climatically and geo-
raphically distinct European regions demonstrates its adaptabil-
ty, robustness, and practical relevance. In Oslo, for example, the
ultivariate analysis captures compound coastal–riverine flood
nteractions effectively. Dependence values are consistent with
hose reported in similar compound flood studies (Ghanbari et al.
021 ; Ming et al. 2022 ), confirming the general applicability of the
pproach. The framework not only identifies historically signifi-
ant events—such as the 1987 “Gr eat Storm” (Engen 1988 )—but
lso quantifies their rarity through JRPs and maps flood scenarios
sing available inundation datasets. This shows the framework’s
apability to detect extreme co ‑occurring hazards and translate
2 of 16
joint ‑probability outputs into spatially meaningful insights, even
in data ‑limited contexts. 

In Múlaþing, the preconditioned and triggering component
successfully captures the relationship between extreme rainfall,
antecedent moisture (expressed through sNAPI), and land-
slide occurrence. Although not all landslides correspond to
joint extreme rainfall–sNAPI events—owing to geomorphologi-
cal or localized triggers—the framework explains approximately
two ‑thirds of historical landslides in Seyðisfjörður. Its sensitivity
to antecedent conditions is particularly valuable, as it identi-
fies rainfall–moisture combinations that precede larger, more
impactful events. Future projections suggest a doubling of such
joint extremes, demonstrating how the framework can detect
changes in hazard–precursor relationships under evolving cli-
mate conditions. In Essex, the spatially compounding framework
identifies joint wind–rainfall extremes and highlights an increase
in both frequency and intensity under future climate scenar-
ios. The approach’s ability to aggregate gridded datasets into
spatially representative maxima, identify joint exceedances, and
estimate JRPs allows for a nuanced understanding of how wind
and rainfall interact over large spatial domains. Spatial results
further reveal that future extremes affect a wider geographic
area, with coastal and southwestern districts particularly exposed
(Bloomfield et al. 2024 ), underscoring the framework’s relevance
for regional risk planning. Similarly, in Nice, the temporally
compounding framework characterizes the co ‑occurrence of
heatwaves and droughts at monthly timescales. Historical con-
ditions show limited compound activity, yet both the occurrence
and geographic extent of hot and dry summer months increase
substantially under future high ‑emission scenarios. By the end
of the century, parts of the region experience compound-event
frequencies exceeding 10%, indicating that nearly 1 in every 10
summer months is projected to be both hot and dry. These
findings align with broader evidence of Mediterranean climate
intensification (Lee et al. 2024 ) and illustrate the ability of the
framework to assess longer duration, climatological compound
risks. 

Across all four regions tested, the framework has been shown
to adapt to different hazard drivers, data sources, temporal
Climate Resilience and Sustainability, 2026
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cales, and spatial configurations, providing consistent, struc-
ured insights into how hazard interactions emerge and evolve
Trogrlić et al. 2024 ). Nevertheless, uncertainties remain due to
ata limitations, secondary flood datasets, and climate ‑model
ariability. These challenges highlight the need for improved
bservational networks, enhanced climate projections, and inte-
ration of numerical hazard models to refine the assessment of
ulti ‑hazard characteristics, such as flood depth, velocity, and
patial dynamics. Despite these uncertainties, the framework
emonstrates strong potential for operational multi ‑hazard risk
ssessment and serves as a useful tool for informing risk ‑informed
ecisions and climate resilience strategies. 

 Conclusions 

his study introduces a generalized, process ‑informed framework
or assessing multi ‑hazard interactions across diverse tempo-
al and spatial scales. By integrating statistical extreme ‑value
ethods, Bayesian dependence modeling, and geospatial anal-
sis, the framework moves beyond conventional single ‑hazard
pproaches and provides a systematic means of characterizing
ultivariate, preconditioned and triggering, spatially compound-
ng, and temporally compounding events. This integrated struc-
ure offers a novel contribution to multi ‑hazard research by
xplicitly differentiating hazard interaction types and tailoring
nalytical methods to their underlying physical processes. 

pplication of the framework to four European regions—Oslo,
úlaþing, Essex, and Nice—demonstrates its adaptability to
aried climatic settings, data environments, and hazard combina-
ions. Across these case studies, the framework reliably captures
hort ‑term joint extremes, identifies precursor–trigger relation-
hips, characterizes spatially extensive hazard co ‑occurrence,
nd detects long ‑duration co ‑occurring climate anomalies. These
esults illustrate its effectiveness in revealing how interacting
azards evolve under present and future climate conditions,
ffering insights that can support more targeted and locally
ppropriate risk reduction strategies. 

he growing interconnectedness and intensification of hazards
nder climate change underscores the need for frameworks
apable of capturing cascading and compounding processes. The
pproach presented here helps clarify how such interactions
hape impacts on people, infrastructure, and ecosystems, thereby
trengthening the scientific foundations for climate resilience
lanning. It also supports the development of region ‑specific
daptation strategies aligned with international policy agendas,
ncluding the Sendai Framework, the Paris Agreement, and the
U Climate Adaptation Mission. 

uture work should focus on integrating process ‑based numerical
odels, impact assessments, and socioeconomic dimensions into
he framework to enhance predictive capability and strengthen
inks to decision-making. Such extensions would enable more
etailed assessments of multi ‑hazard dynamics, particularly
or complex flood processes and climate ‑driven hazard cas-
ades. Overall, the framework provides a flexible and scalable
ool for policymakers, planners, and risk managers seeking to
uild resilient and adaptive systems in the face of escalating
ulti ‑hazard risks. 
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