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Abstract. In recent years, interest in data-driven methods,
such as machine learning and multivariate statistics for multi-
hazard and multi-risk assessment has surged, due to their
ability to integrate vast amounts of data in modelling com-
plex non-linear relationships between hazard and risk factors.
This review explores data-driven methods in climate multi-
hazard and risk assessment, focusing on four themes: (i) data
processing and collection; (ii) hazard identification, predic-
tion and analysis; (iii) risk assessment; and (iv) future risk
scenarios under climate change. Key findings highlight the
extensive use of machine learning to combine Earth obser-
vations and climate data for downscaling and land use and
land cover characterisation; the application of deep learn-
ing for hazard prediction; the use of ensemble methods for
risk assessment; and the growing emphasis on explainable
Al frameworks. Supervised machine learning approaches
trained on historical impact data to project future climate
risks have also emerged as a significant research area. Fu-
ture research in this area should focus on modelling multi-
hazard interactions, particularly triggering and cascading ef-
fects, integrating dynamic vulnerability and exposure factors,
and addressing uncertainties associated with using machine
learning for extrapolation. Advancements in Earth observa-
tions and textual data integration, alongside the development
of open-access disaster catalogues, will also be crucial for
improving multi-risk assessments and supporting Al-driven
early warning systems tailored to regional needs.

1 Introduction

The growing interconnectedness between socio-economic
and natural systems, coupled with the escalating challenges
presented by climate change, has led to increased complexi-
ties in climate risk analysis. At the same time, a wider avail-
ability of data on multiple risk drivers, including weather
observations, Earth observations (EO), climate reanalyses
and projections, socio-economic indicators, and social me-
dia, coupled with advances in machine learning (ML) and
statistical methods, are increasing the potential of data-driven
methodologies, which promise to revolutionise climate risk
assessment (Kashinath et al., 2021; Reichstein et al., 2019).
To unlock the full potential of this data, it is crucial to de-
velop and apply advanced methods for processing, harmo-
nizing, and integrating heterogeneous datasets. These efforts
enable the generation of actionable insights essential for ef-
fective multi-hazard and multi-risk assessments, by leverag-
ing the accessibility of large datasets to be explored with ad-
vanced ML and statistical techniques.

Complex dynamics characterize socio-environmental and
climate risk: applications may underestimate impacts if they
do not take into account the compounding, cascading and
amplifying interactions of hazards and their effect on vulner-
ability and exposure factors. In fact, (i) compounding haz-
ards (co-occurring in the same location and at the same time)
can lead to impacts which may be substantially higher than
the sum of the single events taken in isolation (Arosio et al.,
2020; Zscheischler et al., 2018), (ii) the occurrence of one
hazard itself can modify vulnerability or resilience of the sys-
tem, exposing assets or communities to higher risks, such as
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in the case of consecutive hazards (de Ruiter and van Loon,
2022), and (iii) impacts and risks can propagate across mul-
tiple scales and sectors, extending far beyond the area ini-
tially hit and affecting whole systems (Arosio et al., 2021;
Pescaroli and Alexander, 2018), such as in the case of high-
impact and low-probability events (Linkov et al., 2022). For
these reasons, the international community (Intergovernmen-
tal Panel on Climate Change (IPCC), 2023; UNDRR, 2020)
has recently pledged for a paradigm shift from single haz-
ard towards a more comprehensive representation of multi-
ple and interconnected climatic risks (AghaKouchak et al.,
2020; De Angeli et al., 2022; Gallina et al., 2020; Sakié Tro-
grli¢ et al., 2024; Terzi et al., 2019; Tilloy et al., 2019; Ward
et al., 2022). To achieve this shift, it is essential to develop
data-driven methodologies that can analyse and predict the
interactions and dependencies between multiple hazards, en-
abling a more accurate characterisation of their compounding
and cascading effects.

To better navigate the many definitions surrounding multi-
hazard risk concepts, this paper adopts the terminology used
in Zschau (2017), where multi-layer single hazards refers to
applications focussing on more than one hazard, without con-
sidering hazard interactions; multi-hazard focuses on hazards
interaction; multi-hazard risk refers to applications consider-
ing risks in a multi-hazard framework, without discussing in-
teractions at vulnerability level, and finally multi-risk refers
to the most complex analysis comprising interactions at both
hazard and vulnerability level.

The complex nature of multi-hazard events presents signif-
icant challenges to existing risk assessment methodologies,
which treat hazards and risks singularly and often struggle
to handle the non-linear interactions and feedback loops be-
tween multiple risk drivers (Tilloy et al., 2019). ML tech-
niques have recently gained traction in climate science and
risk analysis for their ability to process and integrate large,
heterogeneous datasets from sources such as weather obser-
vations, Earth observations, climate reanalyses and projec-
tions, socio-economic indicators, and even social media. By
learning from historical data, they can uncover non-linear
risk patterns and detect correlations across spatial and tem-
poral scales, driving their growing use in climate risk assess-
ment (Reichstein et al., 2019; Zennaro et al., 2021).

Integrating these heterogeneous data sources can help in
capturing multi-hazard interactions and characterise their im-
pacts on social, economic, and natural systems, especially
thanks to the introduction of new Deep Learning (DL) archi-
tectures and models, specialized in capturing both spatial and
temporal non-linear interactions (Park et al., 2023). As ML
models have become more complex, attention has shifted to-
ward making these models more interpretable and explain-
able (Carvalho et al., 2019). This is especially important for
applications focussing on risk, where it is crucial to quantify
the contribution of each input feature to the model’s predic-
tion, making it easier to assess how different risk variables
impact the overall risk. In this context, explainability frame-
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works improve the robustness of risk assessments and en-
hance trust in the model’s outputs by providing insights into
how the model arrives at specific conclusions (Jiang et al.,
2024; McGovern et al., 2019), supporting transparency and
accountability for stakeholders.

In addition to ML methods, this review briefly considers
the role of copulas as multivariate statistical tools in multi-
risk assessment. Copulas enable explicit modelling of the de-
pendence structure between variables, making them particu-
larly valuable for analysing compound events in which multi-
ple hazards occur simultaneously or sequentially (see, for ex-
ample, Agrawal, 2022; Hochrainer-Stigler et al., 2019). They
have, for instance, been used to characterise the joint occur-
rence of droughts and heatwaves, yielding insights into their
combined impacts on agriculture and water resources (see
e.g. Ribeiro et al., 2020). Although their application is more
specialised than most ML approaches, copulas provide crit-
ical information about inter-hazard dependencies, support-
ing a deeper understanding of compounding and interacting
risks. Their inclusion in this review therefore highlights their
importance in contexts requiring precise statistical modelling
of hazard interactions and underscores how they complement
broader ML-based strategies in climate-risk analysis. To ad-
vance this field, there is a critical need for predictive frame-
works that can leverage these advanced methods to forecast
long-term future multi-hazard and multi-risk scenarios, ad-
dressing uncertainties and guiding adaptive risk management
strategies under changing climatic conditions.

To support implementation, the development of a wide
range of open-source libraries (e.g., scikit-learn, TensorFlow,
Keras, PyTorch, VineCopulas (Claassen et al., 2024), etc.),
allows users to implement, train, validate, and deploy models
with minimal programming expertise, making it possible for
non-experts or domain specialists with limited knowledge to
efficiently apply advanced techniques to risk modelling. This
democratization of tools reduces the technical barriers for re-
searchers and practitioners, enabling more interdisciplinary
collaborations and accelerating the adoption of data-driven
methods in climate risk management (Rolnick et al., 2019).

This paper aims to provide a comprehensive review of
data-driven methods, with a specific focus on ML ap-
proaches, for multi-hazard and multi-risk assessment, explor-
ing ongoing applications, current limitations and future per-
spectives, while also addressing the use of copulas, a non-
ML statistical method, to highlight its role in modelling de-
pendencies in compound hazard events. Unlike other recent
reviews that have focused on ML (particularly DL) for spe-
cific hazards or sectors — such as extreme events (Salcedo-
Sanz et al., 2022), hydrology (Tripathy and Mishra, 2024),
geophysics (Yu and Ma, 2021), wildfires (Jain et al., 2020),
and climate risk (Zennaro et al., 2021) — this paper takes a
cross-cutting perspective on multi-hazard and multi-risk as-
sessment. By structuring the discussion around successive
stages of risk analysis — data processing, hazard prediction,
risk assessment, and future scenarios — we connect climate
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risk and data-driven methods while also identifying critical
gaps, particularly in linking hazard interactions with vulner-
ability.

The review is structured as follows: Sect. 2 outlines the
research questions, and the search methodology employed.
Section 3 summarises the literature review findings and dis-
cusses key insights related to each of the research questions.
Section 4 provides a summary of the key insights and out-
lines the next steps for research in this field. The Appendices
provide an abbreviation dictionary as well as the summary
tables of main articles collected for each research question.

2 Methodology

This paper follows a systematic review process based on
the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) methodology, which ensures a
standardized, systematic, and transparent framework for
analysing and synthesizing existing literature (O’Dea et al.,
2021). The method involves several steps, among which the
main ones are: defining of the research questions; develop-
ing a protocol detailing the search methodology (including
database to search, keywords, timeframe and selection crite-
ria); collecting and screening relevant literature; synthesiz-
ing and interpreting the findings. Such a stepwise process
ensures a thorough search for relevant studies, consistent cri-
teria for the selection of papers, and clear documentation of
the review process, therefore reducing the risk of bias and
enhancing the robustness and replicability of the analysis
(Sarkis-Onofre et al., 2021).

2.1 Research questions

Each of the four research questions (Fig. 1) is focussed on
a specific topic and presents several sub-topics, offering a
structured framework to explore current applications, address
challenges, and pinpoint future opportunities. These research
questions are:

1. Data: How can Machine Learning improve data collec-
tion and processing?

2. Multi-Hazard: How can Machine Learning and statisti-
cal tools be used to analyse extreme events, and model
hazard interactions?

3. Multi-Risk: How can Machine Learning applications in-
tegrate vulnerability and exposure in multi-risk analy-
sis?

4. Future: How can Machine Learning and statistical tools
be used to predict long-term future multi-hazard and
multi-risk?

The first research question examines how ML can help
process diverse types of data, extracting and harmonising the

https://doi.org/10.5194/nhess-26-2975-2026

2977

information needed to analyse multi-hazard and multi-risk
by addressing current gaps such as data sparsity, inconsis-
tency across sources, and the lack of harmonised formats.
This contributes to improving the quality and comparabil-
ity of risk assessments by enabling integrated use of climate,
EO, and textual datasets. In particular, the sub-themes are di-
vided based on the type of data analysed:

i. Climate data (time series of geospatial climate data),
which describe the characteristics of climate-related
hazards across space and time. Preparing this data for
multi-hazard and multi-risk applications often requires
ML methods (i.e. feature engineering) to increase spa-
tial and temporal resolution, harmonise and extend the
time coverage of the datasets or correct for biases
(Schneider et al., 2023).

ii. EO, which can be used to characterise hazard, exposure
and vulnerability layers and extract information on im-
pacts (Ghaffarian and Emtehani, 2021; Novellino et al.,
2024).

iii. Textual data, such as newspapers or social media, which
in the last years have been leveraged for extracting in-
formation on diverse impacts (Sodoge et al., 2023).

The second research question investigates how ML and
statistical tools improve the identification and modelling of
hazard dynamics by capturing complex spatio-temporal pat-
terns, compounding effects, and non-linear interactions that
traditional approaches often overlook. This helps advance
multi-hazard and multi-risk analysis by providing more ac-
curate detection, classification, and modelling of extreme
events. In particular, the key sub-themes are:

i. Analyse which methods can be used to identify, classify
and cluster extreme events, producing spatio-temporal
footprints of multi-hazard events (Yu et al., 2022).

ii. The prediction of (multi-)hazard events, for example
through early warning systems or seasonal predictions
(Bhowmik et al., 2023).

iii. The analysis of hazard interactions, for example char-
acterising joint distributions through copulas (Bevac-
qua et al., 2021) or multi-hazard susceptibility maps
(Pourghasemi et al., 2019).

The third research question concerns the application of
ML for the integration of vulnerability and exposure into
multi-risk analysis addressing the current gap where vulner-
ability and exposure are often treated as static or secondary
layers rather than dynamic drivers of risk. This integration
strengthens the ability of multi-risk assessments to capture
how socio-economic conditions and adaptation measures in-
teract with hazards to shape overall risk. In particular, the key
themes are:
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Earth
Observations

Data:

How can data-
driven applications
improve data
collection and
processing?

Figure 1. Research questions and sub-themes.

i. Multi-hazard exposure and vulnerability assessments,
integrating susceptibility mapping with information on
specific exposure layers, such as buildings and popula-
tion (Rusk et al., 2022).

ii. Modelling risk from past impacts data, often through su-
pervised ML approaches that use hazard, vulnerability
and exposure indicators as predictors (Dal Barco et al.,
2024).

The fourth research question investigates the possible con-
tribution of ML and statistical tools into the analysis of (long-
term) future multi-hazard and multi-risk, where uncertainty
associated with the representation of future extremes in cli-
mate projections further complicates risk modelling, high-
lighting a critical gap in existing approaches, which often fail
to adequately capture compound and cascading extremes un-
der changing climate conditions This research question clar-
ifies how ML can enhance scenario building, improve un-
certainty quantification, and support more robust long-term
multi-risk assessments. In particular, the key sub-themes are:

iii. Modelling future multi-hazard trends and spatial pat-
terns using statistical methods, in particular for com-
pound and consecutive events (Zscheischler et al.,
2018).

iv. Assessing future impacts based on climate change pro-
jections, often using methods trained on historical data
and applied to ensembles of RCP projections (Park and
Lee, 2020).
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2.2 Methodological framework: search methodology,
screening, reporting and interpreting

The search was performed on Scopus, focusing on articles
published in English. Since the analysis focuses on ML ap-
plications and multi-risk, the timeframe 2010-2024 was cho-
sen because both areas of research are recent and other re-
views have addressed earlier periods, highlighting that most
applications in ML and climate risk have been published
only in the last few years (Zennaro et al., 2021). For each
research question, a dedicated search was performed. Each
search string was generated by the combination of a set of
method-related keywords (e.g. those related to ML or statis-
tical methods), common across all questions, and a set of the-
matic keywords, specific to each research question (Fig. 2).

After collecting articles for each research question, the pa-
pers were first filtered by following typologies: “journal arti-
cles”, “conference papers”, and “book chapters”. Afterwards,
for each research question, the papers were screened by title,
then by abstract, and finally by full text. The final screen-
ing selected 153 key papers to be analysed in the literature
review. This information was then summarised into tables,
identifying the type of applications, the type of data used, the
case study and the methods used. Finally, for each research
questions, the results were discussed to understand the ma-
turity level of the applications, their limitations and possible
future developments.
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Defining the search methodology

Main Keywords for each research question
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Screening

((Machine AND

(Climate AND (data OR (earth AND observations) OR newspaper OR (social AND media) OR

hazard OR exposure OR vulnerability))

| Leaming) OR paper’, ‘book chapters'

(artificial AND
intelligence) OR

({(Multi OR compound OR consecutive OR cumulative OR co-occumrence) AND (hazard OR

emergency OR hotspots OR (exireme AND events)))

(deep AND

Leaming) OR
(neural AND
Network) OR

By subject area and
keyword:
‘environmental
science’, ‘earth and

(((Multi AND (risk OR susceptibility)) OR (Multi AND sector)) AND ((climate OR extreme) OR
((environment OR air OR water) AND guality) OR energy OR health OR infrastructure))

copula OR planetary science’

(uncertainty AND

quantification) OR By fitle:

((Multi AND (hazard OR risk)) AND ((climate AND change) OR (tipping AND points) OR

(climate AND projections) OR storyline OR RCP))

(explainable OR
interpretable) OR
clustering)

Excluding papers not
focussing on natural

Engine (Scopus)

Timeframe: 2010 - 2024

Reporting

Figure 2. Literature review methodology.

2.3 Limitations and scope of the review

While this review follows the PRISMA guidelines for search
strategy, screening, and reporting, a formal numerical qual-
ity scoring of individual studies was not applied, consis-
tent with standard practice in PRISMA-based reviews of
computational methods in geoscience and climate risk (e.g.,
Zennaro et al., 2021; Salcedo-Sanz et al., 2022; Ghaffarian
et al., 2023). Instead, quality and relevance were assessed
qualitatively during full-text screening based on three crite-
ria: methodological rigour (evaluated through the presence
and type of model validation, e.g., cross-validation, inde-
pendent test sets, or benchmark comparisons), relevance to
the research questions, and diversity across data sources,
geographical coverage, hazard types, and ML approaches.
The latter criterion was applied explicitly to avoid over-
representation of any single method or region in the final cor-
pus, and is documented in Appendix B.

Another limitation concerns terminological consistency.
Although this review adopts the Zschau (2017) framework to
reclassify papers during full-text screening, the terms multi-
hazard, multi-risk, compound, and cascading are used with
considerable inconsistency across the reviewed literature, a
well-documented feature of the field (Gill and Malamud,
2014; Tilloy et al., 2019). Because paper selection was based
on keyword matching against author-assigned terminology,
the corpus necessarily reflects this heterogeneity, and the
thematic categories used in the synthesis should be under-
stood as analytical conveniences rather than sharp taxonomic
boundaries.

Moreover, while this review focuses on ML and copula-
based methods as the primary data-driven approaches for
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Extract and categorise information on methods, type of data
used, case studies and application types
: Analyse maturity level, limitation and challenges, future
itz szl opportunities of the studies collected

hazards, multi-hazard or
risks assessment

By abstract:
Selecting studies in line
with the specific
research questions

By full-text:
Selecting most
interesting articles.
ensuring a balance
between the different
hazards and Al
methods

multi-hazard and multi-risk assessment, it is important to ac-
knowledge that several complementary quantitative frame-
works exist and have been the subject of dedicated reviews
that fall outside the scope of the present work. Bayesian net-
works (BNs) provide a probabilistic framework for multi-
hazard causal modelling, capturing conditional dependen-
cies between risk drivers through directed acyclic graphs
and propagating uncertainty in a transparent, interpretable
way; they are particularly valuable in data-sparse contexts
where causal structure can be informed by expert knowl-
edge, and their application to climate multi-risk assessment
has been reviewed in depth by Sperotto et al. (2017). Agent-
based models (ABMs) simulate the adaptive behaviour of
individuals and institutions under hazard scenarios, making
them suited to capturing dynamic vulnerability, evacuation
dynamics, and community resilience processes that purely
data-driven models cannot represent; comprehensive reviews
of their application in disaster management are provided
by Zhuo and Han (2020) and Anshuka et al. (2022). More
broadly, the full landscape of quantitative methods for mod-
elling hazard interrelationships, including stochastic, empir-
ical, and mechanistic approaches, is systematically covered
by Tilloy et al. (2019), providing a valuable complement to
the ML-focused perspective of the present review.

Finally, some considerations need to be taken on the geo-
graphical distribution of the 153 papers included in this re-
view, which reveal a marked concentration in a small num-
ber of regions. In terms of lead authorship, Europe (35.5 %)
and East Asia (27.0%) together account for nearly two
thirds of the corpus, followed by North America (21.1 %),
while the Global South is substantially underrepresented:
Africa, South America, and Oceania collectively contribute

Nat. Hazards Earth Syst. Sci., 26, 2975-3024, 2026



2980

less than 5 % of lead authors. A similar pattern holds for
co-authorship, though with a slight broadening of partici-
pation: South/SE Asia rises to 6.4 % and Middle East to
7.3 %, suggesting that researchers from these regions partic-
ipate more frequently as collaborators than as lead investi-
gators. The most pronounced shift occurs in the case study
column: Global studies account for 14.9 % of the corpus,
and South/SE Asia (10.6 %), Middle East (6.8 %), and Africa
(5.0 %) are more represented as study areas than as sources of
authorship, indicating that data-driven methods developed in
high-income regions are frequently applied to, rather than de-
veloped within, lower-income contexts. The full breakdown
of lead author institution country, co-author countries, and
case study regions, together with a Sankey diagram illustrat-
ing the flows between these three dimensions, is provided in
Appendix B. These geographical imbalances should be borne
in mind when interpreting the findings of this review, as the
methods, datasets, and risk priorities that dominate the liter-
ature inevitably reflect the institutional contexts in which the
research was produced.

3 Results and discussions
3.1 Data

This section contributes to the field of multi-hazard and
multi-risk analysis by showing how ML applications to cli-
mate datasets, Earth observations, and textual data can over-
come data sparsity and heterogeneity (Table 1), thereby en-
abling the generation of more complete, high-resolution, and
multi-source datasets that are essential for capturing hazard
interactions and cascading risks.

3.1.1 Climate datasets

The application of ML methods to produce new, complete,
or high-resolution hazard datasets (either from meteorologi-
cal observations, climate reanalyses or future projection) is
quite established, and mainly focuses on data with sparse
and irregular measurements. A typical indicator which is de-
rived with ML methodologies is soil moisture: in-situ mea-
surements are usually scarce and not uniformly distributed,
satellite images (which will be discussed later) often presents
temporal gaps and can only provide information on the first
layer and struggles in complex topographies and it presents a
complex dynamic that is influenced by many different drivers
(similarly to multi-risk prediction) such as precipitation, tem-
perature, evaporation, topography and land use. For exam-
ple, Kang et al. (2018) and O and Orth, (2021) investigate
the complex interactions at different soil levels and temporal
scales with a Long-Short Term Memory (LSTM) model that
takes as inputs the topography, vegetation and atmospheric
conditions and predicts each soil moisture layer in succes-
sion, using ERA-5 reanalysis as assessment endpoint. LSTM
is widely applied to model the behaviour of other hydrolog-
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ical variables, such as snow, run-off and river catchments.
Entity-Aware LSTM was used for rainfall-runoff modelling
by Kratzert et al. (2018, 2019b), to include both static and
dynamic inputs allowing the algorithm to explicitly differ-
entiate the two different types. Ghiggi et al. (2019) applies
Random Forest (RF) regression to predict monthly runoff
rates in the timeframe 1902-2020, based on antecedent pre-
cipitation and temperature from an atmospheric reanalysis,
validating the results with in-situ streamflow observations.
Other research focuses on different variables and in partic-
ular investigate the irregular distribution of sensors: Amato
et al. (2020) introduces a multi-step methodology to inter-
polate irregularly distributed spatio-temporal timeseries, first
decomposing the signal and then learning stochastic spatial
coefficients which can be spatially modelled and mapped on
aregular grid with Artificial Neural Networks (ANN), allow-
ing the reconstruction of the complete spatio-temporal sig-
nal.

ML methods have been applied also to climate reanaly-
ses and models. Early applications, such as He et al. (2016),
tested RF regression to statistically downscale spatially pre-
cipitation data, using few covariates and demonstrating how
this approach is able to catch the non-linear relations be-
tween variables, minimising overfitting and collinearity is-
sues between predictors. However, the algorithm struggled
with skewed datasets and even the final model, which is
the combination of two different RF models, trained re-
spectively on high-precipitation and low-precipitation val-
ues, fails to detect the complex spatial and temporal com-
plexity of precipitation data, overestimating the intensity and
spatial distribution of low precipitation and underestimating
high precipitation. Other applications are focussing on Deep
Learning models: CNNs are used to downscale many vari-
ables from future climate models (among which, air temper-
ature, precipitation, 10 m wind speed, 2 m relative humidity,
downward shortwave radiation) (Lin et al., 2023). Gener-
ative models particularly Generative Adversarial Networks
(GAN) and diffusion models, are widely used for this task.
GANSs consist of two neural networks — a generator and a
discriminator — that are trained simultaneously in a compet-
itive process. The generator attempts to create realistic fake
data that can fool the discriminator, while the discriminator
works to distinguish between real and fake data. For exam-
ple, specific GANs based on Convolutional Neural Networks
(CNNs5s) have been applied to post-process weather forecast
outputs. These models can enhance the resolution of pre-
cipitation data by a factor of ten, producing more realistic
and spatially coherent forecasts compared to the original in-
put data (Harris et al., 2022). Diffusion models, on the other
hand, learn to reverse a noise process: first the model adds
sequentially noise to input data, then the model learns how
to predict the noise at each step, and once trained, it can
start with noisy data and work backwards, progressively re-
moving the noise to generate a new, realistic dataset. Diffu-
sion models are related to variational inference, where the
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Table 1. Data-related methods, gaps and opportunities.
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SECTION

METHODS

GAPS

OPPORTUNITIES

3.1.1 Climate

— LSTM for soil moisture &

— Struggles with sparse/irregular

— Hybrid ML—physics models;

datasets hydrology; data; — Scalable probabilistic methods;
— RF for runoff/precipitation; — Poor scalability (GPs); — Better uncertainty quantification;
— ConvNPs for sparse sensors; — Extremes misrepresented; — Generative models for projection
— ANN:Ss for interpolation; — Limited uncertainty treatment ensembles
— CNNs, GAN:Ss, diffusion models
for downscaling;
— GPs for uncertainty quantification
3.1.2 Earth —SVM, RF, LSTM for soil — Bias toward data-rich regions — Robust models for missing/noisy
observations moisture; for validation/testing; data;
(EO) — CNNs/autoencoders for land — Revisit gaps/clouds limit — Near-real-time EO pipelines;

cover, impacts, disaster recovery;
— Transfer learning;

— ML for water quality (RF, ANN,
XGBoost)

detection;
— False positives;
— Weak multi-hazard integration

— Integrate EO with
socio-economic data;

— Transfer learning for vulnerable
regions

3.1.3 Textual
data

—NLP + ML (Naive Bayes, RF,
SVM, CNN, BERT, LSTM);

— Multimodal (text + images);
— Rule-based for small datasets

— Few labelled datasets;

— Language/cultural bias;

— Imprecise spatial info;

— Noisy social media inputs

— Multilingual/transfer learning;

— Improved geolocation extraction;
— Integrate with EO/sensor data;

— Robust methods for noisy/

misinformation-prone data

forward process defines a probabilistic trajectory from data
to noise, and the reverse process defines a generative path
from noise back to data. Unlike other generative models like
GANSs, which learn through a “discriminative” process (try-
ing to fool a discriminator network), diffusion models learn
through this smooth diffusion and denoising process (Yegin
and Amasyali, 2024). For example, diffusion models are ap-
plied to downscale multiple climate models, also providing
information on the uncertainty downscaling, by generating a
large number of ensemble members based on probability dis-
tribution sampling (Ling et al., 2024). DL approaches are of-
ten used to downscale low-resolution future models to Con-
vection Permitting (CP) climate models, where the main ad-
vantage of these techniques is their reduced computational
costs compared to the development of a CP climate models
(Bretherton et al., 2022; Clark et al., 2022). The role of Arti-
ficial Intelligence (Al) in climate predictions is discussed in
Schneider et al. (2023). This study advocates for the devel-
opment of global models at 10-50 km resolution, harnessing
Al and EO for the calibration and development of higher-
resolution regional simulations.

In recent years, there has been growing interest in hybrid
modelling: approaches that combine data-driven ML meth-
ods with physical or process-based models or constraints, as
a way to benefit from both high flexibility and physical re-
alism. Such hybrid/physics-informed ML methods help ad-
dress several limitations of pure data-driven models: they can
enforce conservation laws, reduce overfitting to noise, im-
prove generalization especially under conditions outside the

https://doi.org/10.5194/nhess-26-2975-2026

training domain, and provide more interpretable insights into
underlying drivers. For instance, He et al. (2023) integrates
ML corrections into a land-surface/atmospheric model using
data assimilation, remote sensing LAI and soil moisture to
improve climate simulations. Similarly, Huynh et al. (2025)
combines process-based hydrological flux models with neu-
ral networks to correct for scale mismatches and to better
capture spatial heterogeneity. Also, Yu et al. (2024) pro-
vides benchmarks for ML emulators that mimic nested high-
resolution physical simulations. Despite their promise, hy-
brid models also face important limitations. They often re-
quire substantial domain and physical knowledge to be for-
mulated appropriately and to ensure physical consistency
(Willard et al., 2022). Moreover, coupling ML architectures
with numerical process models can remain computationally
demanding, particularly for high-resolution simulations or
large spatio-temporal domains (Reichstein et al., 2019). Cal-
ibration and validation can also be complex, as balancing
the contributions of the physical and data-driven components
often involves ad hoc or case-specific tuning (Read et al.,
2019). Finally, interpretability may still be reduced when the
ML component acts as a black box, obscuring how physical
constraints shape predictions (Kashinath et al., 2021). These
challenges are also relevant for hazard prediction, where pro-
cess dynamics such as land—atmosphere feedback play cen-
tral roles and require models that are both physically credi-
ble and statistically robust. Thus, hybrid models represent an
emerging frontier at the interface of ML, process-based mod-
eling, and data assimilation, particularly relevant for both cli-
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mate data reconstruction and hazard modelling and deserve
explicit consideration in future reviews and benchmarking
efforts.

Machine learning applications for climate and environ-
mental datasets have greatly improved the reconstruction and
downscaling of variables from sparse and irregular observa-
tions. However, a critical yet often under-addressed aspect in
this field is uncertainty quantification (UQ), which is partic-
ularly relevant when these datasets are later used for hazard
or risk assessments (Beven, 2018). Uncertainty in ML-based
models arises from multiple sources: Aleatoric uncertainty
stems from the intrinsic variability and noise in the under-
lying measurements, such as sensor errors, missing satellite
observations, or inconsistent temporal coverage; epistemic
uncertainty originates from limited or biased training data
and model structural choices (Xu et al., 2022). Several prob-
abilistic approaches have been explicitly designed to repre-
sent spatial data uncertainty by learning distributions rather
than deterministic predictions, mainly involving Bayesian
Networks (BN) and Gaussian Processes (GP) (Siddique et
al., 2022). For example, Multi-fidelity Gaussian Processes
with a 5/2 Matern kernel in particular, were used to down-
scale precipitation data from ERA-5 over high mountain ter-
rain. Multi fidelity models combine low-fidelity observations
(which are usually more numerous and less expensive to ob-
tain) with high-fidelity ones. This makes the model more
suited than other state-of-the-art machine learning methods
for smaller datasets and able to quantify and narrow the un-
certainty associated with the precipitation estimates, which
is especially needed over ungauged areas and can be used to
estimate the likelihood of extreme events that lead to floods
or droughts (Tazi et al., 2024). Andersson et al. (2023) ap-
plies Convolutional Neural Processes (ConvNPs), to suggest
informative sensor placements by finding sites that maxi-
mally reduce prediction uncertainty, testing it for air tem-
perature anomalies measurements in Antarctica. Convolu-
tional Neural Processes (ConvNPs) extend the probabilis-
tic framework of Gaussian Processes by learning flexible,
data-driven covariance structures through neural networks.
While traditional GPs provide robust uncertainty estimates
but suffer from scalability and stationarity constraints (Jiang
et al., 2022a), ConvNPs maintain a probabilistic foundation
while scaling linearly with data size and accommodating
irregular spatial inputs (Garnelo et al., 2018). DeepSensor
(https://github.com/alan-turing-institute/deepsensor, last ac-
cess: 24 June 2026), a specific GitHub python package, was
developed to facilitate the application of Neural Processes in
environmental sciences, especially for downscaling, interpo-
lation, sensor placement and data imputation. Monte Carlo
Dropout (MCD) enhances epistemic uncertainty quantifica-
tion in climate data and was tested on neural networks for
probabilistic medium-range weather forecasting (Garg et al.,
2022). Deep generative models such as diffusion or GAN
frameworks can further approximate uncertainty by gener-
ating ensembles of plausible realisations that sample the pre-
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dictive probability space (Ling et al., 2024; Saha and Ravela,
2022). Despite these advances, most studies still focus pri-
marily on improving resolution and accuracy, while system-
atic approaches to quantifying and propagating uncertainty
through the modelling chain, from data to hazard and risk es-
timates, remain limited (Beven, 2018). Addressing this chal-
lenge is crucial, as downstream risk assessments rely heavily
on the reliability of the climate inputs that feed them.

3.1.2 Earth observations

EO data, when combined with ML is increasingly recognised
for its critical role in supporting actionable multi-hazard and
multi-risk assessment, as evidenced by new initiatives from
ESA and NOOA’s Centre for Al, where particular attention
is devoted to the use of EO for discovering impacts in remote
areas and developing early warning systems.

Remote sensing images are used to improve climate
datasets, for example increasing the spatial coverage in ar-
eas with sparse measurements or providing real data to bias-
correct/downscale modelled data. Multiple AI methods, such
as Support Vector Machine (SVM) (Ahmad et al., 2010; Jing
etal., 2016a), Ridge Regression (Kang et al., 2018), RF (Han
et al., 2023; Jing et al., 2016b) and LSTM (Fang et al., 2017)
are applied for developing soil moisture datasets.

EO provides consistent, near-real time observations of en-
vironmental conditions that are critical for early warning and
hazard characterisation. For instance, indicators such as veg-
etation stress (Miyoshi et al., 2020; Schiefer et al., 2020; Ve-
ras et al., 2022), surface temperature anomalies can enable
the early detection of droughts (Barrett et al., 2020), floods
(Dasgupta et al., 2022) or wildfires (Jain et al., 2020) espe-
cially in remote and data scarce areas. DL and Physics In-
formed Neural Networks can leverage radar (e.g., Sentinel-1
SAR), to estimate water levels for flood forecasting (Das-
gupta et al., 2022; Gierszewska and Berezowski, 2024) or
fused into predictive models that refine hazard forecasts for
severe weather and anticipate cascading impacts (Flora et al.,
2021). Remote sensing plays a crucial role in hazard dataset
development by helping mitigate bias that may be inherited
by ML-based risk models. These models are often trained
on datasets calibrated with data from resource-rich regions,
where the majority of weather stations are located. As a re-
sult, they may struggle to generalize effectively to underde-
veloped areas, which are frequently the most vulnerable to
extreme events (McGovern et al., 2019, 2022).

EO combined with ML is also used in assessing environ-
mental quality, such as water quality (Sagan et al., 2020; Sit
et al., 2020). These applications mainly showcase simpler
models, such as short neural networks and SVM (Nazeer et
al., 2017), Decision Trees (DT), RF, Cubist Regression and
Extreme Gradient Boosting (XGBoost), due to their ease of
implementation and relative scarcity of ground measurement
data (Liu et al., 2023b). They focus on optically parame-
ters, such as chlorophyll-a, turbidity and suspended solids,
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but also others such as of nutrients and other non-optical pa-
rameter) can be predicted relying on models integrating me-
teorological and hydrological variables (Chen et al., 2022).

A central application of EO is in supporting impact and
damage assessments: change detection techniques that com-
pare pre- and post-event imagery are used to estimate phys-
ical impacts (Bai et al., 2023; Wang et al., 2018). This in-
cludes building damage (Bai et al., 2018), infrastructure col-
lapse (Sublime and Kalinicheva 2019) due to earthquakes or
tsunamis (Ji et al., 2018), but also flood extent (Munawar et
al., 2021), landslides (Lei et al., 2019) and wildfire scars (Bo
et al., 2022; Tran et al., 2020). The main challenges encoun-
tered in these applications are due to the return periods of
satellites, which may limit their ability to detect fast chang-
ing impacts; to the presence of clouds, which can hamper
visibility especially during the occurrence of extreme events
likely to cause damages; and to changes in luminosity or sea-
son (Faiza et al., 2012).

Moreover, EO enables long-term recovery tracking and
vulnerability/exposure monitoring, with applications using
proxies such as night-time lights to measure recovery trajec-
tories (Kabiru et al., 2023; Qiang et al., 2020). For exam-
ples, studies have used EO and ML to track how rapidly ser-
vices return to urban slums post disaster, highlighting which
population remain exposed and underserved (Ghaffarian and
Emtehani, 2021). Similarly, UNET-based CNNs are used to
identify deprivation pockets from satellite images and track
during their recovery process (Wang et al., 2019a), or to de-
rive proxy indicators for poverty from satellite night lights
(Jean et al., 2016), in combination with transfer learning to
overcome scarcity of labelled data (Pan and Yang, 2010).
At longer timescales, techniques like K-Nearest Neighbour
(KNN), SVM, ANN and RF are used to classify urban and
rural land cover, detect land use changes or informal settle-
ments (Adam et al., 2014; Yuh et al., 2023; Zerrouki et al.,
2019).

In summary, the integration of EO with ML and statis-
tical techniques offers a powerful toolkit for multi-hazard
and multi-risk assessment, supporting early warning, tar-
geted preparedness, rapid impact estimation, and recovery
monitoring.

3.1.3 Textual data

In addition to remote sensing, textual data from sources such
as social media and newspapers offer valuable information
for impact assessment. Natural Language Processing (NLP)
algorithms can harness this textual data, facilitating applica-
tions across various hazard types, including landslides, vol-
canoes, drought, earthquakes, floods, and wildfires. In gen-
eral, the procedure typically consists in several steps, in
which the textual sources are first screened based on meta-
data (such as location or the presence of disaster-related
words in titles); then NLP or semantic algorithms (Angelov,
2020) are used to extract keywords from the main text and
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convert the textual data into tabular/numeric; then a classi-
fication algorithm is applied to choose between impact/no
impact data or link the impacts to a specific sector or hazard.
Additional steps may also involve the retrieval of spatial in-
formation from textual data. Many different algorithms can
be employed, with logistic/lasso regression (Genkin et al.,
2007), Naive Bayes Classifiers (Jiang et al., 2016), KNNs
(Shah et al., 2020) and ANNs (Nam et al., 2014), being the
most common. In the field of disaster mapping, SVM are
tested by Asinthara et al. (2022), while Powers et al. (2023)
compares CNN and specific pre-trained language models;
Koshy and Elango (2023) tests a multi-modal method lever-
aging text and images from social media, employing the lan-
guage models BERT; Mehrotra et al. (2022) test SVM, DT,
RF, Adaboost, Gradient Boosting, XGBoost, LSTM in com-
bination with language models. Twitter (now X) was the
main social media that has been used to detect impacts, while
newspaper articles have also been used, in particular for slow
onset hazards, such as droughts. For example, Sodoge et
al. (2023) apply several NLP and ML methods to automatize
the detection of drought impacts from newspaper articles; the
procedure classifies impacts into 25 classes, based on the sec-
tor (e.g., forestry, livestock, forestry, transport etc.) by using
different Supervised ML models (Naive Bayes, Lasso Re-
gression, RF, ANN). In general, rule-based methods are pre-
ferred to ML models when the number of samples is limited
(Liu et al., 2018b).

3.2 Multi-hazard

This section contributes to the field of multi-hazard and
multi-risk analysis by reviewing methods for identify-
ing, classifying, and clustering hazard events from diverse
datasets, highlighting how threshold-based approaches, clus-
tering algorithms, deep learning models, and copulas can
capture the spatio-temporal footprints and interactions of
hazards (Table 2), thereby advancing the ability to detect,
forecast, and model compound and cascading events.

3.2.1 Identify, classify and cluster

The initial step in conducting a comprehensive multi-risk
assessment involves a thorough analysis of hazard factors,
which is critical for effective climate risk evaluation and en-
hancing disaster preparedness. In this context, identifying
various hazards, classifying them into distinct categories, and
extracting their spatio-temporal footprints through clustering
techniques are fundamental processes.

The identification of impacts from satellite images to dis-
cover hazard footprints, such as for landslides, earthquakes,
floods was discussed in the previous section because it is
mainly an image processing task, where the goal is to iden-
tify differences between two images. This section focuses on
the identification of extreme events from climate datasets,
which require specific considerations on the typology of haz-
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Table 2. Multi-hazard related methods, gaps and opportunities.
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SECTION

METHODS

GAPS

OPPORTUNITIES

3.2.1 Identify,

— Thresholding (empirical &

— Under-detection of joint

— Unified pipelines that detect

classify & percentiles) to build multi-hazard (non-univariate) extremes when compound signatures directly
cluster catalogues; hazards are merged post-hoc; (multivariate thresholds +
— Return periods & GEV; — Label scarcity & class imbalance clustering);
— CNNss (semi-/supervised) for for supervised DL; — Semi-/self-supervised DL to
extreme-weather object detection — Skewed datasets; mitigate label scarcity;
in reanalyses; — Sensitivity to spatial/temporal — Robust cluster tracking of
— DBSCAN for spatio-temporal non-stationarity. compound hotspots under change.
footprints and compound clusters.
3.2.2 Hazard — LSTM/CNN for hydrology, — High data demands; — Physics-informed/graph-aware
forecasting & storm surge, drought-heat; — Generalisation beyond observed DL for better extrapolation;
prediction — Transformers for floods; regimes; — Attention/attribution to expose

— GNN/GRU for river-network
dynamics;

— Classical ML (RF/SVM/XGB)
for local extremes when data are
limited.

— Limited interpretability;
— Performance varies with spatial
context and input windowing.

drivers;

— Global-to-local transfer learning;
— Benchmarking vs. process models
for trust.

3.2.3 Modelling
hazard

— Copulas (pair/vine/Joe) for joint
extremes;

— Copula family selection &
tail-dependence in high dimensions;

— Hybrid ML—copula stacks (ML to
predict/characterise events, copulas

interactions — Copula-BNs for river—coastal — ML black-box limits causal to quantify joint probabilities);
compounding; insight; — Benchmarking ML-learned
— XAl on — Difficulty linking physical drivers dependencies against copula
LSTMs/CNNs/Transformers to dependence structures. baselines;
(gradients, attention, sensitivity) to — Conditional vine copulas for
reveal drivers and shifts. multivariate models.

323 — Supervised ML (LR, GLM, RF, — Often “multi-layer single-hazard” — Spatio-temporal CV (block) to

Susceptibility SVM, BRT, CART, ANN, CNN) to  (weak interaction modelling); curb leakage;

mapping build single-hazard susceptibility — Skewed datasets (few positive — Dynamic susceptibility that

(multi-hazard)

maps, then combined into
multi-hazard maps;

— Feature importance to rank
drivers.

samples);

— Sampling bias & autocorrelation;
— Limited hazard breadth beyond
fire/landslide/flood/earthquake.

updates with sequences/adaptation;
— Explicit hazard interaction terms;
— Extend beyond the typical
geohazards

ards and risk considered and is subject to different definitions
and multiple interpretations. The most common approach
to identify multiple hazards from climate datasets is to use
thresholds to identify univariate extreme events and then
combine them at a later stage into a multi-hazard database.
In order to identify the thresholds, two methods are applied:
empirical thresholds (e.g., defining a max temperature over
which an event is considered extreme) or statistical thresh-
olds (e.g., calculating a pixel-wise and/or day-wise percentile
to identify events that exceeds a threshold that can vary spa-
tially and temporally). Empirical thresholds are usually fine-
tuned to link extreme events to impacts on specific sectors or
local applications, and many applications focus on tempera-
ture extremes and health (Ray et al., 2021; Sun et al., 2014).
Statistical thresholds are preferred when analysing global
trends and merging multi-hazard extremes because they al-
low a more consistent and probabilistic robust comparison
between different hazards. Percentiles can be easily adapted
to model spatial and temporal variations in data and are ideal
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for global application that cover multiple landscapes where a
unique empirical threshold cannot be univocally determined.
For example, in Ionita et al. (2021), specific percentiles are
used to identify heatwaves and drought from temperature and
SPI indicators respectively, before applying Empirical Or-
thogonal Functions to investigate their drivers and their cen-
tre of actions over Europe; Similarly, Sutanto et al. (2020) is
using percentiles to identify heatwaves, droughts and wild-
fires from temperature, soil moisture and Fire Weather Index
(FWI), analysing spatial overlaps of the daily binary hazard
maps to identify simultaneously occurrences of dry hazards
and then investigating cascading events by looking at differ-
ent combinations of hazard sequences. Claassen et al. (2023),
proposes a methodology to identify multi-hazard events com-
bining static footprints derived from the processing of satel-
lite images (e.g. for landslides, floods, tsunamis) with dy-
namic footprints (based on statistical percentiles) of climate
hazards (e.g., heatwaves, droughts, extreme precipitation, ex-
treme wind, etc.), proposing a methodology to identify con-
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secutive events using a specific time lag and analysing the
global distribution of the various multi-hazard events.

Return periods are another statistical technique used to
identify extreme events, studying the likelihood of an event
of a certain magnitude occurring in a chosen timeframe (Liao
et al., 2021). Return periods are most often applied in hydrol-
ogy, when dealing with flooding and storm surge events (Liu
et al., 2020, 2023a; Mattei et al., 2021; Zanini et al., 2020).
These applications fit a probability distribution (typically a
Generalised Extreme Value Distribution, calculated over the
number exceeding of a threshold or over maxima) which al-
low for an estimation of the uncertainty of the threshold. Per-
centile thresholds, returns periods and Generalised Extreme
Value (GEV) distributions are also used conjunctly, such as
in Orth et al. (2022), where different hydrological hazards
(floods, frost, heat waves, droughts, and storms) and their
contrasting impacts are analysed against multiple sectoral as-
sessment endpoints (Gross Primary Productivity for vegeta-
tion, crop yields, human mortality, damages to properties and
public attention).

It is important to note that these approaches focus ini-
tially on univariate extremes, and only at a second stage, the
identified events are merged to produce multi-hazard events,
checking for overlapping in time and space. This can lead
to the underestimation of compound joint-extreme events
which arise as a combination of multiple indicators not in-
dividually extreme.

Other approaches focus on identifying and classifying ex-
treme events from climate reanalyses using DL, especially
in case of cyclones or other hazards that are characterised
by the interaction of multiple atmospheric drivers. Liu et
al. (2016) was one of the first to apply CNN based on
AlexNet to detect and classify tropical cyclones, atmospheric
rivers and weather fronts from climate datasets, such as
ERA-5, CAMS.1. One of the main challenges in this domain
is the scarcity of labelled data for training supervised ML
models. This is discussed by Racah et al. (2016), who ex-
panded the previous approach, developing a semi-supervised
CNN model to overcome the lack of labelled data and cre-
ated an extreme weather dataset as benchmark. In general,
the skewness of datasets is another common challenge for
identifying climate anomalies with supervised approaches:
often data on which the ML models are trained on present
very few samples of conditions leading to impacts (Dal Barco
et al., 2024).

Other studies focus on the identification of the spatio-
temporal footprints of the climate hazards, in particular with
algorithms such as Density Based Spatial Clustering Appli-
cations with Noise (DBSCAN; Ester et al., 1996), grouping
single point anomalies into clusters in time and space. These
approaches are applied in single hazards, such as droughts
(Cammalleri and Toreti, 2023), heatwaves (Wang and Yan,
2021) or earthquakes (Di Martino et al., 2018). With regard
to multi-hazards applications, DBSCAN is used by Tilloy
et al. (2022) to cluster compound precipitation and wind
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compound extreme events in Great Britain and by Yu et
al. (2022) to investigate droughts, heatwaves, cold-waves, ex-
treme wind and extreme precipitation in Eurasian Drylands,
studying how the coordinates of the centroid of the clusters
are shifting hot and dry events to northern latitudes due to
climate change.

3.2.2 Hazard forecasting and prediction

Before delving into more risk-based applications, it is worth
noting that in the last few years, the application of DL mod-
els such as Transformers (Vaswani et al., 2017), Graph Neu-
ral Networks (GNN) (Veli¢kovi¢ et al., 2017) and Physics
Informed Neural Networks (Kashinath et al., 2021; Liitjens
et al., 2021) has prompted a revolution in weather forecast-
ing. Early applications of Al models, primarily using RF and
SVM, were largely aimed at replacing specific steps within
numerical weather forecasts. More recently, DL tools have
gained prominence due to their ability to capture long-range
dependencies, handle complex and irregular data structures
and integrate the solutions of equations of physical systems
into a unified framework, enabling DL to be successfully em-
ployed for modelling the whole medium range weather fore-
casting process (Bi et al., 2022; Chen et al., 2023; Keisler,
2022).

Applications that focus on predicting or forecasting haz-
ards are still mainly focussed on single hazard approaches.
However, some single hazard approaches were included in
this review because their multi-variate approach includes
the combination of different static (as land use, topogra-
phy, socio-economic data) and dynamic (e.g., atmospheric
and marine data) parameters and implicitly deal with multi-
hazard interactions (e.g., a wildfire may be more probable
when dry and hot conditions are present, a drought can be
influenced by temperature and soil moisture, etc.). For exam-
ple, Haggag et al. (2021) propose an ANN prediction model
in a multi-hazard perspective, but then test it on past disas-
ter records to predict only floods in Ontario using indices
for climate extremes inputs. Monte Carlo dropout techniques
have been employed to quantify epistemic uncertainty, for
example in surge forecasts (Macdonald et al., 2025) and flood
modelling (Nguyen et al., 2024).

One of the main algorithms applied to forecast hazards is
LSTM: Kratzert et al. (2019a) apply adapted LSTM to dis-
entangle static and dynamic inputs and analyse both high
and low extremes in river flows, considering climate suscep-
tibility and integrating static and dynamic inputs. Tiggeloven
et al. (2021) propose a LSTM/CNN architecture to pre-
dict global storm surge residuals based on atmospheric con-
ditions, investigating how the model’s performance varied
based on changes of the spatial area input into the convolu-
tional model. With regard to vegetation, long-range temporal
dependencies from several climate variables are investigated
with a LSTM model (Kraft et al., 2019). Many applications
focus on forecasting of air quality hazards, especially in ur-
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ban areas: compared to other types of environmental impacts,
such as water quality, the network of air quality monitoring
stations offers hourly data at a high spatial resolution, en-
abling the training of Al models to dynamically forecast at
short lead times. Applications include the short-term predic-
tion of ozone levels in Kuwait (Freeman et al., 2018), the de-
velopment of a daily air quality index in Beijing and Guilin
(Wu and Lin, 2019), or the prediction of concentration of
micro particular matter in the air of Seoul (Chang-Hoi et al.,
2021).

Another popular DL architecture is GNN, applied in
weather forecasting (Keisler, 2022; Lam et al., 2022) and
river networks/flooding predictions (Bentivoglio et al., 2023;
Kazadi et al., 2024; Sun et al., 2021). The key advantage
of GNNs over CNNs is their ability to capture complex re-
lationships in non-Euclidean data. While CNNs are limited
by fixed sliding windows and may miss correlations be-
tween adjacent pixels or non-adjacent zones, GNNs excel
in modelling graph-structured data, allowing for more ac-
curate representations (Kipf and Welling, 2016). In partic-
ular, Kazadi et al. (2024) apply a combination of GNN and
Gated Recurrent Unit (GRU, a type of recurrent neural net-
work), for spatio-temporal flood prediction, accounting for
spatially distributed precipitation data, as well as static fea-
tures such as bathymetry and topography, comparing its per-
formances against a LISFLOOD-FP simulation of Hurricane
Harvey (2017) in Houston, Texas and showing improvements
in terms of accuracy and faster training (100 x) and testing
(1000 x) times. Similarly, Transformers are applied for river
flood prediction, outperforming other RNNs in terms of com-
putational costs and performances, also increasing the inter-
pretability of the model (Castangia et al., 2023).

CNN, ANN, LSTM are still popular for drought and
heat events, which are characterised by longer scale spatio-
temporal dynamics. For example, Bonino et al. (2024) com-
pare the performances of CNN, LSTM and RF for the pre-
diction of marine heatwaves; Patil et al. (2023) employ
CNN to predict drought in East Africa 3 or 4 season ahead,
analysing the contribution of different climate drivers at mul-
tiple spatial and temporal scales; ANN are used for fore-
casting drought risk at near real time in India, using Artifi-
cial Neural Network models (Singh et al., 2021). Other al-
gorithms (SVM, Random Forest, XGBoost, Extra Trees) are
still often applied to analyse low probability extreme events
in specific locations, where the lack of data constrains the
training of Deep Neural Networks, such as the storm surge
height caused by tropical cyclones in New York (Ayyad et
al., 2022).

3.2.3 Modelling hazard interaction
Recent work has applied interpretable ML frameworks to
hazard modelling, aiming not only at prediction but also at

identifying key drivers. For instance, Jiang et al. (2022b,
¢) used LSTMs to study river flooding in Europe, combin-
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ing feature attribution methods such as Expected Gradients
(Erion et al., 2021) and Additive Decomposition (Du et al.,
2019) to disentangle the roles of snowmelt and precipita-
tion. By running models across decades, they revealed shifts
in dominant flood drivers, with precipitation becoming in-
creasingly important. Other studies have applied gradient-
based methods (Sun et al., 2021), CNN heatmaps (Patil et
al., 2023), attention mechanisms (Castangia et al., 2023), and
sensitivity analysis (Bentivoglio et al., 2023; Bonino et al.,
2024; Kratzert et al., 2019b). These advances improve inter-
pretability, yet ML approaches remain limited by high data
demands, sensitivity to training biases, and the difficulty of
generalising beyond observed conditions (Bentivoglio et al.,
2023). Their strength lies in prediction and uncovering non-
linear relationships, but the black-box nature of many models
complicates causal modelling (Freeman et al., 2018).

While most ML studies focus on univariate hazards,
compound events require methods that capture joint ex-
tremes. Copulas offer a flexible statistical framework to
model dependence structures between variables, such as the
co-occurrence of high river discharge, intense rainfall, and
coastal surges (Hao and Singh, 2016; Nelsen, 2006). By de-
coupling marginal distributions from their dependence struc-
ture, copulas can assess joint probabilities of rare events with
more precision than traditional multivariate models (Tilloy
et al., 2019) Applications include pair copulas for compound
flooding in Italy (Bevacqua et al., 2017), Joe copulas for
concurrent river—coastal extremes (Sadegh et al., 2017), and
copula-based Bayesian networks for flood—drought interac-
tions (Couasnon et al., 2018). However, several challenges
remain: selecting appropriate copula families is non-trivial
(since different families imply different tail dependencies,
yet many common families assume simplistic dependency
or exchangeability) (Oh and Patton, 2015); capturing joint
tail dependence becomes increasingly difficult in high di-
mensions (vines, mixtures, or hierarchical copulas may help
but bring computational and inference burdens) (Simpson et
al., 2020); physical drivers (e.g. precipitation skew, changing
climate forcings, watershed characteristics) are often only
indirectly represented through marginal or covariate mod-
els (Hochrainer-Stigler et al., 2019). Therefore, while cop-
ulas are powerful for probabilistic risk quantification, they
are less suited to dynamic forecasting or process-based un-
derstanding without additional model structure or ensembles
(Tootoonchi et al., 2022).

Comparison and complementarities

ML and copula methods approach hazard interactions from
distinct perspectives. ML excels at prediction and feature
discovery but struggles with transparency and extrapolation,
while copulas provide interpretable dependence structures
and joint probability estimates but scale poorly with dimen-
sionality and lack causal interpretability. ML can identify
critical hazard predictors and generate inputs, while copulas
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rigorously quantify their joint occurrence. Yet, few studies
combine these strengths; most rely on either predictive ML
or probabilistic copulas in isolation. For example, an LSTM
may forecast river discharge under given precipitation and
snowmelt conditions, while a copula model can then quan-
tify the probability that extreme discharge co-occurs with ex-
treme rainfall or sea-level rise. Together, ML and copulas can
provide a more complete picture: ML enables forecasting and
driver attribution, while copulas ensure rigorous treatment
of dependence structures and joint extremes (Sadegh et al.,
2017; Tilloy et al., 2019). Combining both approaches offers
a promising pathway for advancing compound risk assess-
ments. Some approaches, such as, Jiang et al. (2023) used
a hybrid ML-copula method to estimate the probability of
consecutive drought events (in particular from meteorologi-
cal to ecological droughts), combining several ML classifiers
(KNN, RF, SVM, ...) to estimate the propagation probabil-
ity of meteorological drought given its characteristics , and
C-vine copulas to model conditional probability model of the
paired meteorological and ecological drought events. Closing
this gap, for instance, by integrating ML-derived drivers into
copula frameworks, or benchmarking ML-learned dependen-
cies against copula-based models, represents a promising but
underexplored direction for compound risk assessment.

Susceptibility mapping

Susceptibility in the context of natural hazards refers to the
predisposition of an area to experience a specific hazard and
considers different factors (usually categorised into hazard or
vulnerability in risk assessment), such as topography, geol-
ogy, hydrology, land use and vegetation and highlights “ter-
ritorial characteristics”, disregarding the more dynamic and
time-dependent component of risks (Wubalem, 2022). The
methodology for creating multi-hazard susceptibility maps
using ML usually consists in three steps: first, for each haz-
ard, the susceptibility factors are identified; then, supervised
ML techniques are employed to create single hazards suscep-
tibility maps, considering the different conditioning factors
as predictors and the areas impacted by the analysed hazards
in the past as assessment endpoints; finally, the single hazard
maps are combined to produce the final multi-hazard suscep-
tibility map. Eventually, feature importance techniques are
applied as a fourth step to extract the most susceptible fac-
tors for each hazard or multi-hazard combination.

ML has been applied extensively to derive multi-hazard
susceptibility maps, which can identify areas prone to multi-
ple disaster and help disaster management planning. How-
ever, these applications are typically trained on average,
static climatic conditions and do not consider temporal inter-
actions between risk factors (such as the cumulative impacts
of a series of successive extreme rain events, the duration of
a heatwave or changes in vulnerability caused by wildfires).
Moreover, the type of multi-hazard events for which they are
applied is often limited to wildfires, landslides, floods, and
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earthquakes (Abu El-Magd et al., 2021; Ahmadlou et al.,
2021; Cao et al., 2020): in fact, these methods rely on the
presence of catalogues of past clearly defined hazard spatial
footprint: for other climate hazards, such as extreme winds,
hails, or heatwaves susceptibility is not investigated. Further-
more, input data for susceptibility mapping are aggregated
over long time frames, in order to ensure robustness of the
analysis. However, changes in vulnerability and exposure pa-
rameters occurring in the analysed periods, for example due
to newly implemented adaptation measures, are overlooked,
potentially leading to overestimation (or underestimation) of
areas at risks.

The most common approach for integrating susceptibility
parameters into multi-risk assessment is by producing multi-
hazard susceptibility mapping, where susceptibility to multi-
ple hazard (including factors for hazard, such as yearly pre-
cipitation, but also vulnerability parameters, such as slope)
can provide a valuable point of reference for decision mak-
ers in sustainable land-use planning or infrastructure devel-
opment. A number of studies are focusing on mountainous
regions, using a range of ML models, including Logistic Re-
gression, ANN, DT, SVM, RF, Boosted Regression Trees
(BRT), or Generalised Linear Models (GLM) (Javidan et al.,
2021; Karakas et al., 2023; Kariminejad et al., 2022; Nguyen
et al., 2023; Pourghasemi et al., 2019, 2020; Pouyan et al.,
2021; Yousefi et al., 2020) The multi-hazard combination
usually covers floods, landslides, avalanches and forest fires,
which have clear footprints that can be used to train single
hazard susceptibility, and integrate other risks which can be
assessed through already available risk maps, such as seis-
mic risk maps at a later stage (Bordbar et al., 2022). Differ-
ent hazards are included by Piao et al. (2022), who test BRT,
RF and Classification And Regression Trees (CART) in the
Gangwon-do region in South Korea (an area rich in forests
and ecological diversity) to establish a multi-hazard probabil-
ity map for forest fires and droughts; in this study the multi-
hazard interactions are investigated, considering drought as
an amplifying hazard for forest fires. Mandal et al. (2022) fo-
cus instead on coastal areas, in particular in West Bengal (In-
dia), considering tropical cyclones, embankment breaching,
storm and tidal surge, inundations, extreme rainfall, saliniza-
tion and erosion; RF and ANN are applied to produce multi-
hazard susceptibility maps. Ullah et al. (2022) test a CNN to
produce flash floods, landslides and debris flow multi-hazard
susceptibility mapping, comparing its performances with Lo-
gistic Regression and KNN methods in terms of accuracy,
coefficient of determination, Mean Absolute Error and Root
Mean Squared Error. The input data consist of field surveys,
topography, hydrology, and environmental data, while the lo-
cations of historical flash flood, debris flow and landslide
locations are extracted from Google Earth images. The fea-
ture importance scores are derived using a Random Forest
model and are used to enhance the analysis of the multi-
hazard maps. It is interesting to note that in this case, the
CNN layer is 1-dimensional and is not used to analyse the
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spatial context of the pixels, but it runs across the 14 lay-
ers of predicting variables, producing an independent output
pixel by pixel.

While the literature on this topic is quite established, most
of these applications propose a multi-layer single hazard risk,
rather than a full multi-hazard or multi-risk approach: in fact,
the single hazard maps are often combined linearly or via a
matrix considering combined risk categories, without elab-
orating further on the hazard interactions. Another common
challenge in the development of susceptibility maps is the
skewness of the training dataset, which are characterized by
a predominance of areas with no damage. These greatly af-
fects the training and testing of the models, and specific sam-
pling procedures are often applied, rather than relying on bal-
ancing weights when training the ML model. Most often, all
the positive samples (e.g., where some impact was recorded)
are included; a buffer area is applied to the positive samples
and subtracted from the whole dataset to exclude areas near
recorded impacts; a number of points of comparable mag-
nitude to the positive ones is sampled from the difference
dataset to ensure that the final training dataset includes a bal-
anced representation of impacted and non-impacted areas.
This is a key step of the susceptibility mapping and can po-
tentially add biases to the model, if the selected samples are
not representative of the whole dataset or if there is a high
autocorrelation. Spatial or temporal autocorrelation needs to
be considered when splitting between training, validation and
test data: random splitting methods assume data is indepen-
dent and identically distributed. Specific techniques, such as
spatio-temporal block cross validation (Zanetti et al., 2022)
need to be considered to account for this. For example, a re-
cent paper by Sweet et al. (2023) shows the impact of dif-
ferent validation techniques in a RF model for the prediction
of agricultural yield, and their implications on performances
and robustness of the interpretation of the model.

3.3 Multi-risk

This section contributes to the field of multi-hazard and
multi-risk analysis by examining how ML and statistical ap-
proaches combine hazard, exposure, and vulnerability layers
or directly predict impacts (Table 3), highlighting opportu-
nities and challenges in capturing dynamic vulnerability, ad-
dressing data limitations, and improving the interpretability
of risk models across health, food security, environmental,
economic, and infrastructure sectors.

3.3.1 Modelling risk combining susceptibility, exposure
and vulnerability

Many studies are found to focus on modelling risk by com-
bining hazard maps, produced via ML-based susceptibility
mapping, with vulnerability and exposure layers. Single haz-
ards such as wildfires, floods and landslides are often con-
sidered, and buildings, population and infrastructures are the
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typically included exposure elements. Kotaridis and Lazari-
dou (2022) consider flooding risk in Tuscany and applied a
2D CNN to produce an urban flooding susceptibility map.
Differently from Ullah et al. (2022) the CNN applied here
makes use of the spatial context of each pixel, considering a
5 x 5 patch centred on a specific pixel (an area of 50 x 50 m?
since the pixel size is 10 m), creating 20 000 different sam-
ples from the initial map, each one with a 5 x5 x 9 size,
where the last number corresponds to the different predictors
of the susceptibility mapping that are considered as chan-
nels in the CNN architecture. Thus, not only the selection
of the initial samples, but also the selection of the size of
the patch is a key hyperparameter to be considered: in this
case, a cross validation is used to choose the best patch size.
The vulnerability maps are created dividing the land use into
5 classes, which are then multiplied with the hazard layer
to calculate the final risk map. Convolutional Neural Net-
works (CNNs) offer significant advantages over traditional
algorithms in spatial analysis due to their ability to process
areas as 2D maps. This enables the model to leverage Max
Pooling layers to capture and simplify the spatial context of
events. Unlike models that focus on individual point charac-
teristics, CNNs can better model and integrate the broader
spatial relationships. For example, Zhao et al. (2020) test
CNN for urban flood susceptibility too but instead of pro-
ducing separate maps for hazard and vulnerability, anthro-
pogenic factors were used as predictors for the susceptibility
map. The study compares the performances of different ML
models: a simple (with 1 convolutional layer) CNN archi-
tecture, LeNet5 (Lecun et al., 1998), a slightly deeper CNN
(with 2 convolutional layers), SVM and RF models. Differ-
ent input strategies are tested: a point based strategy that only
considers input at a given site; a partial spatial strategy that
considers the surrounding pixels, flattening the 2D image to
a 1D vector, thus loosing partially the spatial context, but al-
lowing the neighbouring pixels to be fed to SVM and RF
models as additional predictors; a patch strategy, similar to
the one described before for the CNN models, which granted
the best performances. This study also discusses the use of
Deep CNNs, which is discouraged since the typical sample
size and model is too small to tune the high number of pa-
rameters required by Deep CNNs.

Rusk et al. (2022) analyse population risk in the Hindu-
Kush and Himalaya region, producing a multi-hazard map
for landslides, floods and wildfire with the MaxEnt (Maxi-
mum Entropy) algorithm, which is then overlayed with popu-
lation distribution. The paper also produces a matrix of multi-
hazard interactions, dividing them into three types: when
hazards are directly linked (e.g., flooding causing a land-
slide), when their linkage is mediated by an environmen-
tal condition (e.g., land use changes caused by wildfires in-
creasing the probability of a landslide), or when their link-
age is mediated by infrastructure or urban processes (e.g.,
a landslide damaging a dam, triggering a flood). However,
a quantitative assessment of these multi-hazard interactions
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Table 3. Multi-risk related methods, gaps and opportunities.
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SECTION

METHODS

GAPS

OPPORTUNITIES

3.3.1 Risk via

— Opverlay of single-hazard

— Vulnerability and exposure

— Dynamic vulnerability/exposure

susceptibility  susceptibility (RF, SVM, ANN, treated as static layers; updates using EO and
+ exposure +  BRT, CART, MaxEnt, CNN with — modelling only direct impacts time-sequenced hazards;
vulnerability patch context) with exposure and risks; — spatio-temporal block
(buildings, population, — Ignores cascading and indirect ~ cross-validation;
infrastructure) and simple effects and their propagation — interaction-aware fusion (graphs,
vulnerability layers; across multiple spatial scales learned weights);
— AHP/MCDM weighting; — extend to wind, hail, heat, storm
— feature importance/SHAP to rank surge;
drivers. — probabilistic risk maps with
uncertainty bands.
332 — Ensemble and hybrid ML — Impact labels are sparse, — Data & catalogues: build
Predicting approaches (RF, XGBoost, SVM, coarse, biased, and confounded; geocoded, event-level, cross-sector
impacts DL, copulas, causal ML) applied to  — scale mismatches and impact datasets and standardized

health, food, environmental, and
economic impacts;

— explainable AI (SHAP) and
probabilistic modelling for driver
attribution.

aggregation blur signals;

— extremes and tails poorly
represented;

— DL tends to overfit and transfer
poorly across cities/regions/
climates;

— uncertainty quantification and
causal attribution often limited.

labels (health, yields, biodiversity,
losses);

— Causal & lag-aware stacks:
combine DLNM/explicit-lag
models with ML and causal
discovery to capture delayed and
causal pathways;

— Multi-source fusion & transfer:

integrate EO, in-situ,
socio-economic and market data;
— use domain-adaptation/transfer
learning for cross-region
generalization.

is not provided and only the records of these events are
used to complement the multi-risk map. A similar approach
is used in Austria (Fuchs et al., 2015), considering river
flooding, torrential flooding and snow avalanches as haz-
ards and buildings as assets. In this case, buildings vulner-
ability is investigated, categorising them based on location,
size, building category and the construction period. The dif-
ferent urbanisation patterns, very high in mountainous ter-
rain of the Hindu-Kush-Himalaya (HKH) and quite low for
Austria, influenced the final risk score assessment, with the
HKH showing more areas at higher risk (Rusk et al., 2022).
Sammonds et al. (2023) analyse hurricane, flood and land-
slide risk on population, producing single hazard suscepti-
bility maps with statistical methods and discussing the vul-
nerability of population, considering gender, age, and pop-
ulation density; the final multi-hazard hurricane risk is ob-
tained as a product of the single hazard susceptibility scores,
overlayed with weights determined with Analytic Hierarchy
Process (AHP), and the vulnerability score. Other applica-
tions focus on Vietnam, where RF is applied to derive risk
for buildings and population against multi-hazard suscepti-
bility maps for floods and wildfires (Luu et al., 2024). RF
is applied to calculate single and multi-hazard susceptibility
maps for China for flooding, landslides, and debris flows and
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the railway infrastructure was overlayed to analyse present
and future risk, considering newly planned railway links (Liu
et al., 2018a). In general, a number of studies are found to
apply non-ML approaches, including multi-criteria decision-
making and expert judgements methods to calculate suscepti-
bility and vulnerability layers, such as in Arvin et al. (2023),
that focuses on infrastructure resilience in Iran, considering
flooding, landslides and earthquake as hazards, and 25 in-
dicators at the county level and Khatakho et al. (2021), fo-
cussing on population exposed to flooding, earthquakes and
wildfires near Kathmandu (Nepal).

A critical limitation of the studies reviewed in this sec-
tion is the static treatment of vulnerability. Most applica-
tions use fixed proxies — building footprints, land-use clas-
sifications, census-derived population density — that do not
evolve in response to hazard occurrence, adaptation mea-
sures, or broader socio-economic change (Haer et al., 2019;
de Ruiter and van Loon, 2022). This static framing can sub-
stantially underestimate risk in contexts where vulnerability
is shaped by governance failures, structural inequalities, or
rapid urban expansion (Ward et al., 2022; Saki¢ Trogrli¢ et
al., 2024). A particularly underexplored challenge in multi-
hazard risk assessment is that vulnerabilities do not simply
add up across hazards: they interact. Synergies and asyner-
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gies between vulnerabilities mean that the combination of
hazards can fundamentally alter how exposed elements are
affected. For instance, adaptation measures designed to re-
duce risk from one hazard may increase vulnerability to an-
other, and damage caused by a first hazard event can leave
a system more vulnerable to a subsequent one (Albulescu
and Armas, 2024; de Ruiter and van Loon, 2022). Stolte et
al. (2024) further demonstrate through a global systematic
review of urban vulnerability that the drivers of vulnerability
differ substantially across hazard types, and explicitly call for
research into multi-hazard vulnerability dynamics as a neces-
sary step beyond the current dominant paradigm of treating
multiple hazards in parallel rather than in interaction. De-
spite growing conceptual recognition of this problem, it re-
mains essentially unaddressed in the data-driven literature re-
viewed in this study, where vulnerability interactions are nei-
ther modelled nor discussed. Social justice dimensions also
remain largely absent from the reviewed multi-risk literature:
only few of the papers analysed explicitly consider vulnera-
bility dimensions such as gender, while the question of how
ML-based risk maps might inherit biases from historically
underinvested impact datasets remains largely unaddressed
(McGovern et al., 2022).

Another aspect to consider is uncertainty and its propa-
gation across the risk modelling chain: attempts to propa-
gate it formally across the hazard—exposure—vulnerability—
risk chain are rare even in single-hazard contexts: Kropf et
al. (2022) introduced a sensitivity and uncertainty analysis
framework within the CLIMADA platform that varies haz-
ard, exposure, and vulnerability inputs simultaneously, and
Dawkins et al. (2023) extended this to formally quantify un-
certainty contributions from each component, with an appli-
cation using GAM for heat-stress risk assessment, but neither
study addresses multi-hazard interactions. However, no study
in the reviewed corpus achieves end-to-end UQ in a multi-
hazard risk context, propagating uncertainty from input data
through hazard modelling and ML or statistical methods to
the final risk estimate.

3.3.2 Modelling risk predicting impacts

Another popular approach to model multi-risk with ML is
to use impacts as a proxy and training supervised ML mod-
els on past impacts. Examples of possible impacts are ex-
cess mortality for health risks, economic damages and mon-
etary losses, number of emergency signals or specific envi-
ronmental indicators, such as ecological status. With regard
to ML methodology, approaches are similar to the ones ap-
plied for predicting hazard values, considering multiple pre-
dictors covering climate, topography, land use and anthro-
pogenic factors, but the final assessment endpoint, impact
data, is very different from typically hazard data, having a
coarser resolution in time and space and resulting in much
smaller datasets. Thus, most of the studies focus on simpler
and more interpretable ML methods like ensemble methods,
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rather than the DL approaches which are popular for hazard
prediction. Moreover, more attention is dedicated to the in-
terpretation of the factors and the explainability of methods
(Ghaffarian et al., 2023), with most applications presenting
some form of feature importance analysis, either as a built-in
feature of the model, such as for RF, or as a a-posteriori anal-
ysis with SHAP values. In this section, studies are grouped
based on the sectors and type of impact considered, consid-
ering health, food security and crops, environmental quality
and biodiversity, physical damages and economic losses.

Health

Studies focussing on environmental-health risks often anal-
yse the combination of heat and air quality stressors and
use excess mortality as predicant variable. These applica-
tions aim at disentangling complex temporal patterns, con-
sisting of a long-term trend, driven by multiple (and often
unknown) factors, and short-term peaks, mainly driven by
summer heatwaves; moreover, time-lags needs to be consid-
ered. Thus, statistical methods, such as Distributed Lag non-
linear models have been widely applied (Gasparrini, 2014)
to model exposure lag-response of mortality to environmen-
tal stressors. More recently, RF has been applied, analysing
the role of humidity in urban mortality during heatwaves at
the global scale (Guo et al., 2024) or predicting heat-stroke
occurrence in China (Wang et al., 2019b), while SVM is ap-
plied for analysing previous diseases, population density and
urbanisation (Wang et al., 2021b). One of the most interest-
ing papers, Boudreault et al. (2023) test 9 different ML, DL
and statistical methods (such as Generalised Additive Mod-
els — GAMs) in the Metropolitan City of Montreal, consider-
ing weekly all-cause mortality as predictand and air temper-
ature, humidity, wind, Particle Matter (PM) 2.5, Ozone (O3),
Nitrogen Dioxide (NOy), Sulphur Dioxide (SO,), Carbon
Monoxide (CO) as predictors. Among the methods tested,
Tree based methods (RF, XGBoost) usually perform better
overall, while statistical methods (and GAM in particular) are
more accurate in predicting the mortality peaks; Deep Learn-
ing approaches, such as MLP and LSTM have instead the
worst performances. This is partially explained by the limited
size of the dataset and the inclusion of non-climate causes
in the predictand, likely to cause overfitting in the DL mod-
els. Another study also focussing on Canada proposes an Al-
based framework to extrapolate vulnerability from health-
heat relationship: C6té et al. (2024) test this approach consid-
ering two steps: first, a model to predict daily mortality from
mean temperature for 3 days, age, income and period of the
year as predictors and then a second model predicting annual
mortality over aggregated areas with specific socio-economic
and environmental (air quality, vegetation, ...) character-
istics. The model tested are AutoGluon (an automatic ML
framework allowing to train and test ML models without ex-
pert knowledge; https://auto.gluon.ai/stable/index.html, last
access: 24 June 2026), GP and Deep Gaussian Process (Deep
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GP). The results shows that GP are able to model better the
daily mortality trends, especially during extreme tempera-
ture, while AutoGluon is slightly better for the annual analy-
sis. GP with non-linear (e.g., 5/2 Matern Kernel; Pan et al.,
2021) are in fact able to better handle noise and small data
samples (Wang, 2023), and their limit is their computational
costs (Jiang et al., 2022a); on the other hand, the more com-
plex Deep GP handed the worst outcomes, highlighting the
challenges in tuning more complex Deep GPs (Tazi et al.,
2023). Other studies focus on predicting the influence of wa-
ter quality parameters, such as turbidity, on the risk of cholera
disease outbreaks in Indian Coastal municipalities using a RF
predictor (Campbell et al., 2020).

Food security and crops

The second group of reviewed studies focus on the nexus
between food production, food security and migrations. For
instance, Busker et al. (2024) apply XGBoost to predict food
insecurity in the Horn of Africa. This model, takes as input
several factors, integrating climatological variables, biolog-
ical hazards, food and fuel prices, macroeconomic indica-
tors, conflicts and humanitarian assistance, aggregating data
on the administrative units for which the assessment end-
point variable (food security) was available. The model is
tested for its ability to predict the onset of crises up to 12
months in advance, demonstrating superior performance in
agro-pastoral areas compared to croplands. SHAP values are
employed to analyse the key risk drivers. The findings of this
study highlight its potential application in operational early
warning systems, such as FEWS NET.

Tarraga et al. (2024) also investigate the dynamic rela-
tionships between droughts, conflicts and food security, fo-
cussing on their impact on population displacement. In this
case, ML is not used to predict displacement, but causal
discovery methods are tested to retrieve its drivers within
Somalia from 2016 to 2023. In particular, Granger Causal-
ity and Peter and Clark Momentary Conditional Indepen-
dence (PCMCI) are tested to generate plausible causal graphs
of drought displacement, showing limitations for Granger
causality due to the high dimensionality and autocorrelation
of the time series, while the PCMCI method is able to dis-
entangle the intertwined vulnerabilities and different leading
times connecting drought impacts, water and food security
systems along with episodes of violent conflict. The relia-
bility of the causal model depends on the quality of train-
ing data and several assumptions are required, such as causal
sufficiency (i.e., all possible driving variables of drought dis-
placement need to be considered in the analysis), no con-
temporaneous causal effects and causal stationarity. Note
that although causal sufficiency is valid, the associations be-
tween the other variables (e.g., SPEI, market prices, fatali-
ties) may be influenced by confounding factors rather than
direct causality.
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Different types of copulas (Normal, Student’s 7,
Archimedean with different distributions) are tested to
model risk by linking bivariate return periods of temperature
and precipitation to crop yields, analysing the impact of dry
and hot, dry and cold, wet and hot, wet and cold conditions
(Zscheischler et al., 2017). Nested Archimedean copulas
were used to model the tri-variate dependence between
maximum temperature and spring precipitation on crop
yields, estimating the impact differences between single
and compound hazards, using combinations of heat and
precipitation stress (Ribeiro et al., 2020).

Environmental quality and biodiversity

Numerous studies focus directly on environmental impacts,
such as the influence of land use and urban planning on
water quality. For example, Wang et al. (2021a) apply RF
with SHAP values to model stream water quality and spe-
cific pollutants based on four different urban planning sce-
narios in Texas. The model allows to correlate urban sprawl
to water quality degradation and was used to forecast envi-
ronmental impacts under different urban development pat-
tern scenarios. In Li et al. (2022) the ensemble model XG-
Boost is used to predict water quality in beach locations in
lake Eyre, paired with SHAP for increased explainability.
Other studies focus on ecosystem and biodiversity: for exam-
ple, RF and Logistic regressions are tested to predict forest
loss in Borneo from topographical and anthropogenic vari-
ables (distance to urban areas, population, etc,), highlighting
the advantages of RF for modelling multi-scale spatial rela-
tionships between risk drivers (Cushman et al., 2017). Sim-
ilarly, in Islam et al. (2021), the spatio-temporal dynamics
of wetlands in Bangladesh and their negative effects on bio-
diversity are analysed using Decision trees, RF and SVM.
RF and SVM are the best performing algorithms and in gen-
eral, the papers highlighted the role of remote sensing, for
mapping wetlands variations in time. Species distribution is
also investigated, with many applications discussing the dif-
ferent spatial approaches for river network modelling. For
example, Schmidt et al. (2020) test the MaxEnt algorithm
with two representations of rivers, highlighting how a high-
resolution model based on river reaches is better at discov-
ering individual local habitat features, whereas lower reso-
lution sub-catchment scale models better account for more
general drivers in fish distribution. Teichert et al. (2016) ap-
ply a RF model to identify the dominant stressors for fish
presence in estuaries, investigating the interactions among
stressors evaluating ecological benefits expected from reduc-
ing pressure. In particular, an RF model is trained to predict
ecological status in 90 locations using 17 predictors describ-
ing the different stressors (urbanisation, flow changes, water
pollution, oxygen depletion, etc.). Then, simulations are run
to analyse the benefit of restorations comparing the differ-
ence between the baseline model and a model where the in-
tensity of stressors was varied. The difference between single
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and multiple restoration action is analysed, highlighting the
importance of combined restoration schemes and the non-
linearity of their effects.

Economic losses and physical damages

This final category focus on studies modelling economic
losses or physical impacts: Dal Barco et al. (2024) model
the occurrence of impacts due to extreme weather events in
the Veneto coastal municipalities, with a combination of two
ML models: first a classifier (RF, SVM, ANN) is trained to
predict the probability of daily impacts in coastal municipal-
ities using meteorological data as predictors and a Boolean
variable based on impact reports from the Regional Authori-
ties as predictand; then a Linear Regression is used to pre-
dict the yearly occurrences of damages based on the out-
come of the first model. However, the coarse resolution of
the impact data, the biases in human collected impact cata-
logues, and the skewedness of the dataset can pose significant
challenges to the training of a ML-model predicting direct
physical impacts. Other studies focus on modelling tropical
cyclones along the East Coast of the US with ANN: Pilk-
ington and Mahmoud (2017) investigate the complex con-
nections between all meteorological factors (wind, pressure,
storm surge, and precipitation resulting in inland flooding)
of a tropical cyclone and how those interact with the location
of landfalls to produce a certain level of economic damage.
The vulnerability and resilience of the different coastal loca-
tions are investigated essentially using the model to predict
losses with varying meteorological factors taken from past
historical events but switching their landfall location. Other
approaches, such as Mukherjee et al. (2018) test SVM and
RF to analyse impacts on the energy sector in the US caused
by extreme weather events, leveraging the records of disrup-
tions from outage data of the Department of Energy in the US
and using as predictors a set of climatic and socio-economic
variables aggregated at state level. In this study, two different
models are trained, in order to account for the differences
in the risk drivers between the more frequent energy dis-
ruptions and the extreme events, which are separated based
on their quantile. Finally, other studies focus on the impacts
on specific economic sectors, such as finance and tourism:
Carannante et al. (2024) propose a pricing model for climate
change risk, particularly physical risk, developing a type of
climate risk-insured loan, based on a bioclimatic compos-
ite indicator developed with ML. In particular, a temporal
dynamic RF (considering variables at different lag-times) is
used to produce a monthly risk index, based on atmospheric
variables (wind, precipitation, temperature) obtained mainly
from remote sensing datasets, which is used to model impacts
on beach resorts in Italy and inform the subsequent climate-
risk loan mechanism.

Nat. Hazards Earth Syst. Sci., 26, 2975-3024, 2026

D. M. Ferrario et al.: Harnessing data-driven methods for climate multi-hazard and multi-risk assessment

3.4 Future

This section contributes to the field of multi-hazard and
multi-risk analysis by reviewing how ML and statistical
methods are applied to predict future hazards and impacts,
highlighting the importance of bias correction, climate en-
sembles, SMILEs, and storyline methods, as well as the inte-
gration of socio-economic and land use projections (Table 4).
It emphasizes how these approaches can improve the robust-
ness of long-term risk scenarios, support adaptation plan-
ning, and guide strategies to address uncertainties in future
multi-risk patterns.

3.4.1 Predicting future hazards

Several studies focus on data-driven methods to predict long-
term future multi-hazard and multi-risk scenarios. Zscheis-
chler et al. (2018) discuss the importance of compound
events for future risk assessment and presents several ap-
proaches and discusses the main challenges related to the use
of future climate projections and weather simulations to anal-
yse future compound events. The role of bias correction and
its connection to multi-hazard events and impact models is
analysed: future projections are often bias corrected to align
the distribution of the modelled variables to the distribution
of the observed ones, in the reference timeframe. However,
some issues can arise: the simplest approaches focus on ad-
justing the averages of the variables and do not correct the
tails of the distributions, thus modifying the behaviour of ex-
treme events. Methods such as quantile mapping, are needed
to align the historical and future datasets before the appli-
cation of any statistical or ML methods. Sensitivity analy-
sis can be performed to analyse how the model reacts to
changes in inputs and the robustness of future scenarios (Kim
et al., 2023). Moreover, bias corrections are often univariate,
and do not consider the effects on joint tail distributions and
consequently impact models based on these inputs are af-
fected; multivariate bias correction models are then encour-
aged (Sippel et al., 2016).

When dealing with the future of multi-hazard events, sta-
tistical methods are most often applied to identify hotspots
and test trends, similarly to the applications focussing on
historical data. For example, Ridder et al. (2022) consider
hot, dry, wet and windy compound events by selecting cells
which exceed the 99th percentile for wind and precipitation
in the same day. Then results are presented in changes in re-
turn period and annual event density, where the latter is a
measure for how often an event affects a region and how
much of the region is affected, calculated from the num-
ber of grid cells affected. Similarly, Zhu et al. (2023) in-
vestigate future compound wind and precipitation extreme
at the global scale, analysing 14 CMIP6 models, identifying
compound events through the 95th percentile and discussing
the sources of uncertainties via the HS09 statistical method
(Hawkins and Sutton, 2009) splitting between internal vari-
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Table 4. Future related methods, gaps and opportunities.

SECTION METHODS GAPS OPPORTUNITIES
3.4.1 — Bias correction for projections — Univariate bias correction can — Adopt multivariate bias correction;
Predicting (incl. quantile mapping); distort extremes/joint tails; — Combine SMILE:s to separate

future hazards

— Hotspot/trend detection via
percentile thresholds (e.g.,
95th—99th), return periods;

— Uncertainty sources and
propagation;

— Vine copulas for joint tails;

— SMILE large ensembles;

— Storyline event-based scenarios
analysis.

— Regional skill varies;

— Limited direct detection of
compound signals;

— Uncertainty treatment often
partial.

internal variability vs. structural
model differences;

— Scale up vine copulas for
compound events;

— Embed storylines for preparedness.

34.2 — Trained on historical impacts and
Modelling applied to future ensembles;

future ensemble ML methods (RF,
impacts XGBoost, .. .) for coastal risk,

conflict risks, crop yield and
adaptation scenarios;

— Bayesian Networks for
multi-model chains
(hydrodynamics—waves—shoreline);

— Impact data often coarse,
biased, and sparse;

— Studies often rely on few years
— low representativeness;

— Causal discovery hinges on
strong assumptions;

— Biases due to scale mismatch
in climate—exposure—impact
data.

— Use multi-model, multi-year
ensembles and probabilistic models
to quantify and propagate
uncertainty;

— Evaluate adaptation portfolios with
standardized costs;

— Integrate dynamic land use +
socio-economic pathways (SSPs);

— Uncertainty-aware learning, and
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— Distributed-lag models for future
health impacts;

— Future susceptibility integrating
land use changes

open, geocoded impact datasets.

ability, model uncertainty and scenario uncertainty. Further
analyses discuss the spatial and temporal performances of fu-
ture projections: Ridder et al. (2021) find good performances
in CMIP6 simulation for precipitation and wind compound
extremes over North America, Europe and Asia, but poor
performances over Australia, probably linked to the limits
in the modelling of tropical and extratropical cyclones and
local convection systems. Also, copulas are used to analyse
spatial complementary patterns of compound events, such as
in Ghanbari et al. (2021), which analyse the joint return pe-
riod of compound floods along the US coast, incorporating
sea level rise and peak river flows for future climate change
risk scenarios with copulas. Wu et al. (2023, 2024), employ
Vine copulas to analyse hot & dry and pluvial & hot events
in future scenarios, using a Single Model Initial Conditions
Large Ensemble (SMILE).

Bevacqua et al. (2023) stress the importance of SMILE
for a robust analysis of future compound climate events. In
fact, a SMILE consists of many simulations from a single cli-
mate model, each starting from slightly different initial states
(differently from classical model ensembles, like CMIP6,
which consists of many different runs from different models).
Each realization differs solely due to internal climate vari-
ability and ensures a better quantification of future uncertain-
ties, and at the same time it provides a much larger dataset
to analyse statistically compound events. Multiple SMILEs
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can then be combined to identify model differences and
distinguish between internal climate variability and struc-
tural model differences. Sometimes, especially when dealing
with unprecedented, High-Impact, Low-Probability events,
climate projections or even SMILE or statistical weather
generation are not sufficient: in these cases, storyline ap-
proaches are often used as alternative to explore future multi-
risk patterns (Moezzi et al., 2017; Shepherd et al., 2018).
These approaches fit well within common practices in disas-
ter risk management, which consider event-based scenarios
for emergency preparedness, allowing for interaction with lo-
cal stakeholders to evaluate the effectiveness of selected mea-
sures (Sillmann et al., 2021) and to explore low-likelihood
and high impact plausibility events (Bevacqua et al., 2021).

3.4.2 Modelling future impacts

A common approach to estimate future risks involves using
future climate projections as input data for ML models that
have been trained on historical data of past impacts, similar
to applications that focus on assessing current risks by lever-
aging past impacts. For example, the study of future cyclone
impacts in New York and New Jersey, is feeding four General
Circulation models as input for a SVM/AdaBoost risk model
(Ayyad et al., 2023). Park and Lee (2020) test the perfor-
mances of three algorithms, K-NN, RF and SVM to analyse
coastal risks in South Korea, considering rainfall, tides, to-
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pography and land use, training the model on past floodings
and then predicting future risks using monthly averages of
rainfall and tidal values from RCP 4.5 and 8.5 ensembles. Fu-
ture risk scenarios are calculated aggregating the risk model
outcomes for each decade from 2030s to 2080s. In a suc-
cessive publication, Park et al. (2023) apply a similar ML
methodology to investigate adaptation strategies for coastal
flooding: in this case, the ML model is trained on histori-
cal data with two different adaptation strategies, seawalls or
green spaces, and then the future adaptation models are im-
plemented, either maintaining current adaptation infrastruc-
tures or increasing one specific strategy. To ensure compa-
rability between the adaptation scenarios, infrastructure con-
struction costs are standardized, guaranteeing that the two
distinct adaptation pathways incurred equal expenses.

In general, it is considered good practice to use ensem-
ble projections and values calculated over multiple years, in
order to increase the robustness of the future scenarios; how-
ever, some risk analyses focus on just a few selected years:
Lim and Kim (2022) test RF for future rainfall induced land-
slides, also analysing different adaptation pathways and con-
sidering an increase in forested or urban areas. Instead of us-
ing monthly or daily values for the ML model, yearly values
are used in the model, for specific years (2050, 2092), which
are considered significative for representing future scenar-
ios. This approach is valuable for analysing specific extreme
events that may be overlooked when averaging across multi-
ple models or years, and it reduces computational demands.
However, it carries the risk of biasing the analysis, as the
selection of specific years may result in outcomes that are
not fully representative of the broader range of future scenar-
ios. Bayesian Networks were tested by Pham et al. (2023)
in a multi-model chain approach combining ocean hydro-
dynamics models, wind-wave models, and shoreline extrac-
tion models to analyse sea water quality impacts and shore-
line erosion under different RCP projections (4.5 and 8.5).
Bayesian Networks are applied due to their ability to inte-
grate heterogeneous data sources, including quantitative and
qualitative inputs and several data fusion steps to harmonise
different spatial coverage, temporal resolutions and data for-
mats, with a final risk assessment conducted at municipality
level and yearly/decadal scale.

With regard to the water-food nexus, ML is being pro-
gressively employed as an alternative to process or statis-
tical methods for future crop yield estimation, showing in-
creased performances and higher computational efficiency:
Leng and Hall (2020) test a RF model for annual yield pre-
diction in the US for a 2 °C global warming scenario; while
Khan et al. (2024) select Gradient Boosting to model the re-
lationships between daily climate variables, hazard indica-
tors, such as Consecutive dry days (CDD) and crop produc-
tion with CMIP6 data. Tabari and Willems (2023) carry out
a global risk assessment from hot and dry events, employing
Copulas and integrating data from Shared Socio-economic
Pathways (SSP) scenarios, future land use patterns popula-
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tion and governance. ML methods are used also to predict
the risk of increased conflicts due to climate stressors: a RF
classifier is applied by Hoch et al. (2021) to predict water-
related conflicts in Africa using different SSP future projec-
tions, integrating socio-economic predictors (population, ed-
ucation, GDP, governance) and climate predictors (precipi-
tation, evaporation, flood volume, soil water). The model is
trained on historical data up to 2015 and tested with projec-
tions from 2016 to 2050. Future temperature-related mor-
tality in different European regions is analysed by Garcia-
Leédn et al. (2024) considering 4 scenarios of global warm-
ing (1.5, 2, 3, 4°C) with an ensemble of CMIP5 models,
analysing disparities between cold-related deaths and heat-
related deaths and analysing the role of age, health infras-
tructure and climate change with a Distributed Lag Non-
Linear model. In particular, different scenarios are discussed:
present climate and present population, present climate with
future population from EUROPOP 2019; future climate un-
der different warming level with future population exposure.

Future risk patterns are also calculated implementing fu-
ture multi-hazard susceptibility maps: for example, Rahman
et al. (2024) analyse future coastal multi-hazard risks in
Bangladesh, implementing an LSTM algorithm, in combi-
nation with RF feature selection and a Genetic Algorithm
(GA) optimiser. In particular, GA is used to identify optimal
or near-optimal solutions, searching the space of LSTM pa-
rameters through a process of selection, crossover and mu-
tation. The combination of the LSTM’s ability to capture
sequential patterns and long-term dependencies and GA’s
efficiency in navigating complex search spaces, is proved
to achieve better convergence, avoid local minima, and op-
timise both the architecture and parameters of the LSTM
model (Al-Selwi et al., 2024). Other future multi-hazard sus-
ceptibility approaches include Ya et al. (2023), who anal-
yse future risks in the Tibetan plateau considering climate
and land use changes. Logistic Regression is used to pro-
duce susceptibility maps, while future climate scenarios were
taken from CMIP6 future projections. In order to create fu-
ture land use, this paper focus on PLUS, a RF-based model
analysing the relationship between influencing factors and
land use changes (Liang et al., 2021). Another approach for
future land use is applied by Saha et al. (2021), which fo-
cuses on modelling cultural heritage site future multi-hazard
susceptibility in the Sikkim state in India, considering dif-
ferent climate scenarios from CMIP5 and land use from an
empirical model (Dyna-CLUE) incorporating spatial logistic
regression (Jiang et al., 2015). Bayesian Additive Regression
Trees and Bayesian Generalised Linear models are applied
to produce multi-hazard susceptibility maps, considering ex-
treme rainfall, landslides and earthquakes. Another dynam-
ical model, a Cellular Automata- Markov model (Clarke et
al., 1997) is used to predict future land use changes in Iran
to investigate flood risks, testing RF, XGBoost and Gradi-
ent Boosting as algorithms for producing susceptibility maps
(Janizadeh et al., 2021).
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3.5 Limitations and future research directions

Figure 3 summarises the distribution of ML methods across
the ten research sub-topics identified in this review, providing
a synthetic overview of the methodological landscape doc-
umented in the preceding sections. The figure reveals sev-
eral patterns: CNNs and DL architectures dominate Earth ob-
servation processing tasks; LSTM and sequence-based mod-
els concentrate in hazard prediction, where temporal dynam-
ics and memory effects are critical. Random Forest, ensem-
ble methods, and simpler regression approaches prevail in
risk and impact assessments and future scenario analysis,
consistent with their interpretability, robustness to overfit-
ting, and compatibility with tabular socio-environmental pre-
dictor sets. Statistical methods, including copulas and re-
turn period approaches, appear primarily in compound event
characterisation. Taken together, these patterns confirm that
data-driven methods have achieved meaningful penetration
across the full multi-hazard risk assessment chain, with dis-
tinct methodological communities converging on appropri-
ate tools for each sub-problem. At the same time, the fig-
ure shows that methods natively designed for multi-hazard
interaction modelling, such as graph neural networks, re-
main marginal across all sub-topics, and no architecture yet
bridges the full modelling chain in an integrated way.

These gaps point to the limitations of the current ML ap-
plications and open research directions relevant to the op-
erational uptake of data-driven approaches in multi-hazard
risk management. A first and fundamental limitation is cli-
mate non-stationarity, as highlighted in Sect. 3.4: ML mod-
els trained on historical hazard records implicitly assume that
the statistical relationships between predictors and outcomes
will remain stable into the future. As Reichstein et al. (2025)
argue in the context of early warning systems, relying on past
norms and training distributions will prove inappropriate un-
der non-stationary risk conditions, where projected increases
in hazard frequency and severity, combined with shifting ex-
posure and vulnerability, create conditions that fall outside
the range of any historical training set. This is particularly
acute for compound and cascading events, which are by def-
inition rare in the historical record yet are precisely the con-
figurations that climate change is projected to intensify.

A second limitation is the gap between hazard predic-
tion and impact prediction. Most ML applications reviewed
optimise for hazard or susceptibility metrics, but impact
prediction requires integrating physical hazard outputs with
dynamic exposure and vulnerability data at sub-kilometre
scales, a challenge that the reviewed papers largely sidestep
by using static proxies. This gap between technical model
performance and actionable risk information represents one
of the most important unresolved challenges in translating
ML-based risk assessment into operational decision-making
(Tiggeloven et al., 2025; Reichstein et al., 2025).

A third set of concerns relates to interpretability and trust.
The black-box nature of deep learning models creates well-
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recognised barriers to adoption in high-stakes regulatory and
emergency management contexts, where stakeholders need
not only a prediction but a justification they can interro-
gate and contest. However, current XAl applications remain
predominantly proof-of-concept and are rarely integrated
into operational early warning or risk assessment workflows
(Ghaffarian et al., 2023). Moreover, reproducibility and val-
idation remain a persistent concern. In geoscientific appli-
cations, spatial autocorrelation means that random train-test
splits routinely inflate apparent model skill relative to gen-
uinely independent spatial holdouts (Sweet et al., 2023),
and the reviewed literature shows limited adoption of spa-
tially blocked cross-validation or independent regional test
sets. These limitations do not invalidate the contributions re-
viewed here, but they do underscore the need for more rigor-
ous validation protocols, realistic appraisal of out-of-sample
performance, and explicit discussion of the conditions under
which ML approaches can be expected to generalise beyond
their training contexts.

Another methodological gap identified by this review is
the absence of end-to-end uncertainty quantification frame-
works for multi-hazard risk assessment. Current practice ad-
dresses UQ in fragments: aleatory uncertainty in input data
is handled at the start of the chain, epistemic uncertainty in
ML models is occasionally addressed through Bayesian or
ensemble methods at the hazard stage, and copula-based ap-
proaches characterise joint uncertainty for statistically corre-
lated hazard pairs, but these efforts are rarely connected, and
they do not extend to the full multi-hazard concept, which en-
compasses cascading and triggered hazards beyond the reach
of shared statistical distributions. A genuinely integrated
framework would propagate both aleatory and epistemic un-
certainty continuously from input data through multi-hazard
interactions, ML and statistical model outputs, and expo-
sure and vulnerability components, to the final risk estimate
(Beven, 2018).

A further methodological consideration for future research
is the development of data-driven frameworks that move be-
yond static representations of vulnerability and exposure.
The reviewed literature overwhelmingly treats these com-
ponents as fixed spatial layers, with limited engagement
with their dynamic, socially differentiated, and governance-
mediated dimensions. Addressing this gap will require closer
integration of ML and statistical methods with approaches
capable of representing how vulnerability evolves over time,
including agent-based modelling, participatory data collec-
tion, and socially-informed frameworks that explicitly ac-
count for adaptive behaviour, equity, and governance pro-
cesses. Progress in this direction would not only improve the
realism of multi-risk assessments but also strengthen their
relevance for policy and decision-making in contexts where
social vulnerability is itself a driver of risk (Cannon, 2017,
Bankoff and Hilhorst, 2022).

Finally, the geographical distribution of the reviewed stud-
ies, visualised in the Sankey diagram in Appendix B, points
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Figure 3. Main methods used for each research topic.

to an imbalance that is worth acknowledging explicitly. Eu-
rope, North America and East Asia together account for
more than 80 % of lead authorships, while Africa and South
America contribute less than 5 %. This pattern partly re-
flects the Scopus, English-only, 2010-2024 scope of the
search strategy, which may systematically underrepresent
research published in other languages or in regional jour-
nals not indexed by Scopus. At the same time, the decou-
pling between authorship geography and case study geogra-
phy, with South/SE Asia, the Middle East, and Africa ap-
pearing more frequently as study areas than as sources of
authorship, suggests that data-driven methods are in sev-
eral cases developed in data-rich institutional contexts and
subsequently applied to regions with different risk dynam-
ics, data availability, and governance structures (Tiggeloven
et al., 2025). While drawing strong conclusions about data
colonialism or algorithmic bias from a bibliometric analy-
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sis alone would go beyond the scope of this review, these
patterns do raise questions that the community should en-
gage with: whether training datasets and validation bench-
marks are representative of the contexts in which models
are ultimately deployed, and whether the priorities shap-
ing methodological innovation reflect the needs of the most
exposed populations. Future work in this area should pay
closer attention to the transferability of data-driven multi-risk
frameworks across different socio-economic and data envi-
ronments (Tiggeloven et al., 2025), and collaborative initia-
tives fostering locally-grounded research in currently under-
represented regions would strengthen both the scientific ro-
bustness and the equity dimensions of the field (Naudé and
Vinuesa, 2021).
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4 Conclusion

This paper presents a comprehensive review of data-driven
applications aimed at modelling and enhancing our un-
derstanding of climate-related multi-hazard and multi-risk
events. Based on the selection and in-depth analysis of 153
key papers, the review addresses four research areas: (i) data
processing and collection, (ii) hazard analysis, (iii) risk anal-
ysis, and (iv) future risk scenarios, each divided into sev-
eral sub-topics. The results highlight the strong connections
between Earth observations processing and ML techniques
like CNN; on the other hand, RF, other ensemble meth-
ods and GAM are mostly applied for risk impacts and fu-
ture risk assessment, while LSTM, ANN and other DL ap-
proaches are most common for hazard prediction, reflect-
ing a growing trend toward leveraging sophisticated Al ar-
chitectures for climate and hazards applications, and a focus
on simpler, more interpretable models for risk applications.
Despite the current prevalence of single-hazard applications
in ML research, there is growing recognition of the im-
portance of multi-risk strategies. Notable advancements in-
clude copula-based compound event analyses and ML-driven
multi-hazard susceptibility maps. Future research should pri-
oritize a more comprehensive understanding of multi-risk
interactions — such as triggering, cascading, or amplifying
effects — by considering the interplay between hazard fac-
tors, vulnerability, and exposure dynamics, which are of-
ten overlooked or treated independently in current studies.
DL methods, with their capacity to capture complex, non-
linear interactions across spatio-temporal dimensions, offer
promising avenues for progress, yet remain underexplored
in operational multi-risk contexts. However, these methods
require high-resolution impact data, which remains a sig-
nificant challenge due to limited availability, inconsistency
across regions, and issues of data quality and standardization.
While EO and textual data can aid in generating new multi-
risk disaster catalogues, traditional sensor-based and human-
curated disaster catalogues remain essential for validation,
representing a major bottleneck that constrains model valida-
tion, transferability, and ultimately the uptake of these meth-
ods in practice. By addressing these methodological and data
gaps, the field can move toward more robust, interpretable,
and actionable multi-risk assessments, ultimately strengthen-
ing the integration of machine learning into climate services
that support adaptation, resilience, and disaster risk reduc-
tion.

The gap between hazard prediction and impact predic-
tion remains largely unresolved and bridging it will de-
mand closer integration of data-driven model outputs with
dynamic representations of exposure and vulnerability, in-
cluding human behaviour, adaptive responses, and the social
and governance dimensions that determine how risk is dis-
tributed across communities. Explainability is a further pri-
ority: XAl methods need to move beyond their current role
as exploratory tools and be embedded into operational early

https://doi.org/10.5194/nhess-26-2975-2026

warning and risk assessment workflows, where their ability
to illuminate driver interactions and build stakeholder trust
is most consequential. End-to-end uncertainty quantification
across the full modelling chain remains absent and develop-
ing integrated frameworks that propagate both aleatory and
epistemic uncertainty from inputs through multi-hazard in-
teractions to the final risk estimate is one of the most impor-
tant open methodological challenges for the field. Underly-
ing all of these challenges is the problem of non-stationarity:
as climate change intensifies hazard frequency and severity,
shifts exposure and vulnerability, and increases the likeli-
hood of compound and cascading configurations that fall out-
side any historical training set, the assumption that past con-
ditions are a reliable guide to future risk becomes increas-
ingly untenable, with direct consequences for the validity of
ML-based projections of multi-risk evolution.

Addressing these gaps, alongside the geographic and eq-
uity imbalances documented in this review, will require not
only methodological innovation but also more inclusive re-
search practices: collaborative frameworks that bring to-
gether physical scientists, social scientists, and communities
in currently underrepresented regions, co-producing knowl-
edge that is robust, transferable, and genuinely relevant to
those most exposed to the evolving risks of a changing cli-
mate.
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Appendix A: Abbreviations

Al Acronyms of methods (in alphabetical order)

Al

ANN
BRT
CART
CNN
ConvNP
DBSCAN

DeepGP
DL

DT

EG

GA
GAM
GAN
GLM
GNN
GP
GRU
1G
KNN
LSTM
MaxEnt
ML
NLP
PCMCI

RF
SHAP
SVM
XGBoost

Artificial Intelligence

Artificial Neural Network
Boosted Regression Trees
Classification and Regression Trees
Convolutional Neural Network
Convolutional Neural Process
Density Based Spatial Clustering
Application with Noise

Deep Gaussian Process

Deep Learning

Decision Tree

Expected Gradient

Genetic Algorithm

Generalised Additive Models
Generative Adversarial Network
Generalised Linear Models
Graph Neural Network
Gaussian Process

Gated Recurrent Unit

Integrated Gradient

K Nearest Neighbour

Long Short Term Memory
Maximum Entropy

Machine Learning

Natural Language Processing
Peter and Clark Momentary Conditional
Independence

Random Forest

Shapley Values

Support Vector Machine
Extreme Gradient Boosting
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A2 Other acronyms (in alphabetical order)

AHP Analytical Hierarchy Processes

CO Carbon Monoxide

CDD Consecutive Dry Days

CMIP Coupled Model Intercomparison Project

DynaCLUE Dynamic Conversion of Land Use and
its Effect

EO Earth observations

FWI Fire Weather Index

GEV Generalised Extreme Value
(distributions)

HKH Hindu-Kush and Himalaya (Region)

NO, Nitrogen Dioxide

O3 Ozone

RCP Representative Concentration Pathways

PLUS Patch-generating Land Use Simulation

PM Particle Matter

SO, Sulphur dioxide

SMILE Single Model Initial-condition Large
Ensemble

SPEI Standardised Precipitation and
Evapotranspiration Index

SPI Standardised Precipitation Index

Appendix B: Summary tables of the collected studies

The literature review followed the PRISMA guidelines to en-
sure transparency and reproducibility in the identification,
screening, and selection of studies. The process is summa-
rized in the PRISMA flow diagram and detailed as follows.

First, records were retrieved from major scientific
databases (Scopus) and filtered by type, retaining only ar-
ticles, conference papers, and book chapters and language
(English). Next, documents were filtered by subject area and
keyword, selecting only those classified under Environmen-
tal Science and Earth and Planetary Science as subjects and
considering machine learning, climate change, risk assess-
ments (and their synonyms and variations) as keywords.

In the third step (title screening stage), studies not fo-
cusing on natural hazards, multi-hazard, or risk assessment
were excluded. During the abstract screening stage, each pa-
per was evaluated for its relevance to the review’s research
questions, focusing particularly on the use of machine learn-
ing (ML) techniques and their application to multi-hazard
or multi-risk contexts. Studies were retained if they explic-
itly applied ML, Al, or statistical learning methods to the
modelling, characterization, or assessment of natural haz-
ards, or if they addressed interactions between multiple haz-
ard types (e.g., cascading or compound events) and their as-
sociated risks. Papers focusing solely on single hazards with-
out methodological innovation or on unrelated environmen-
tal modelling were excluded. This step ensured that the final
selection captured studies advancing methodological under-
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Table B1. Summary of the screening step results.

Screening step RQ1 RQ2 RQ3 RQ4
Initial retrieval 24335 9542 22054 1961
After type filtering 17676 8731 3,548 344
After title screening 6999 801 2,215 104
After abstract screening 376 107 214 67
Full text screening 52 50 29 22

standing of ML-driven hazard analysis, as well as those inte-
grating multiple hazard processes or risk dimensions. Finally,
the full-text review identified the most relevant and repre-
sentative papers, ensuring balanced coverage across differ-
ent hazard types and Al methodologies. The final selections
were based on diversity in data sources, geographical cover-
age, hazard types and machine learning methods used. This
process ensured that the resulting corpus reflects the breadth
of current research at the intersection of Al, Earth observa-
tion, and multi-hazard risk assessment.

The number of studies retained at each step is summarized
in Table B1 (numbers correspond to the four main research
questions).

Figures B1 and B2 provide an overview of the geographic
characteristics of the reviewed literature and together con-
textualise some of the limitations discussed in the main text.
Figure B1 illustrates the geographic distribution of reviewed
papers across lead author country, all author countries, and
case study region, revealing that research output is heavily
concentrated in China, the USA, and Western Europe. Fig-
ure B2 further summarises this regional imbalance: Europe
and North America together account for over 55 % of lead
authorships, while regions such as Africa, South/SE Asia,
and South America remain substantially underrepresented
both as producers and subjects of research. This geographic
skew has direct methodological implications: the predomi-
nance of country-level aggregated indicators, and the lim-
ited availability of sub-national spatially resolved datasets,
partly reflects the data infrastructure of the regions where
most studies are conducted and may systematically under-
represent the vulnerability dynamics of lower-income con-
texts where disaster impacts are most severe.
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Figure B1. Geographic distribution of reviewed papers: Sankey diagrams between main authors countries, co-author countries and analysed
case studies.
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Geographic distribution of reviewed papers
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Figure B2. Summary statistics of geographic distribution of reviewed papers.

Table B2. Summary of the research questions and their keywords.

I Middle East
|| South/SE Asia

M East Asia
I North America
I Europe

Topic Research question Thematic keywords Method-keywords
Data How can data-driven applications Climate, model, observations, ML (ML),
improve data collection and reanalysis, remote sensing, Al (Artificial Intelligence),
processing? earth observations, social media, DL (Deep Learning),
newspapers, downscaling, bias, NN (neural networks),
impacts multivariate statistics,
. .. . regression, prediction, forecast,
Hazard How can data-driven applications Multi-hazard, drought, flood, gret b P
. . . . . classification,
be used to identity, classify, and heatwave, wildfire, landslide, storm, .
. . . anomaly detection,
cluster extreme events, and model hurricane, volcanic, earthquake, wind, copulas
hazard interactions? compound, consecutive, extremes . P T
interpretability,
Risk How can data-driven applications Multi-risk, climate-risk, multi-sector, explainability
integrate vulnerability and environment(al), energy, health,
exposure in multi-risk analysis? infrastructure, susceptibility,
vulnerability, exposure
Future =~ How can data-driven applications Climate change, tipping points,

be used to predict long-term future
multi-hazard and multi-risk?

uncertainty, projections, future risk,
RCP, storylines
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Table B3. Final selection of studies for RQ1: Data.

D. M. Ferrario et al.: Harnessing data-driven methods for climate multi-hazard and multi-risk assessment

Reference Title Hazards/Main variable ML methods
Topic 1: Data — Climate
Orth et al. Global soil moisture data derived through Soil moisture LSTM
(2022) machine learning trained with in-situ

measurements
Ghiggi et al. GRUN: an observation-based global gridded  run-off RF
(2019) runoff dataset from 1902 to 2014
Andersson et Environmental sensor placement with air temperature ConvNP
al. (2023) convolutional Gaussian neural processes
Tazi et al. Downscaling precipitation over precipitation GP
(2024) High-mountain Asia using multi-fidelity

Gaussian processes: improved estimates

from ERAS
He et al. (2016)  Spatial downscaling of precipitation using precipitation RF

adaptable random forests
Lin et al. Deep learning downscaled high-resolution Air temperature, humidity, CNN
(2023) daily near surface meteorological datasets wind, radiation

over East Asia
Harris et al. A Generative Deep Learning Approach to precipitation GAN
(2022) Stochastic Downscaling of Precipitation

Forecasts
Bretherton et Correcting Coarse-Grid Weather and atmospheric variables RF, ANN
al. (2022) Climate Models by Machine Learning From

Global Storm-Resolving Simulations
Clark et al. Correcting a 200 km Resolution Climate atmospheric variables RF, ANN
(2022) Model in Multiple Climates by Machine

Learning From 25 km Resolution
Simulations

He et al. (2023)

Improving regional climate simulations
based on a hybrid data assimilation and
machine learning method

Atmospheric, vegetation,

soil

Hybrid physics — XGBoost

Huynh et al.
(2025)

A distributed hybrid physics—Al framework
for learning corrections of internal
hydrological fluxes and enhancing
high-resolution regionalized flood modeling

Hydrological

Hybrid physics — ANN

Yu et al. (2024)

ClimSim-Online: A Large Multi-scale
Dataset and Framework for Hybrid
ML-physics Climate Emulation

Climate/atmospheric

CNN, Encoder/decoder,
Heteroskedastic regression,
MLP, randomized Prior
Network, Conditional Variation

Autoencoder
Willard et al. Integrating Scientific Knowledge with Literature review Literature review
(2022) Machine Learning for Engineering and
Environmental Systems
Read et al. Process-Guided Deep Learning Predictions Water temperature Hybrid physical/LSTM
(2019) of Lake Water Temperature

Xu et al. (2022)

Quantifying the uncertainty of precipitation
forecasting using probabilistic deep learning

Precipitation

Probabilistic Deep learning

Nat. Hazards Earth Syst. Sci., 26, 2975-3024, 2026
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Table B3. Continued.

3003

Reference Title Hazards/Main variable ML methods

Siddique et al. A Survey of Uncertainty Quantification in Space weather, uncertainty Gaussian Processes, Physics

(2022) Machine Learning for Space Weather quantification informed Neural Networks
Prediction

Ling et al. Diffusion model-based probabilistic Climate indices, hot and dry  Diffusion probabilistic

(2024) downscaling for 180-year East Asian climate = compound events, wind downscaling model
reconstruction

Saha and Downscaling Extreme Rainfall Using Extreme precipitation Physical/Generative

Ravela (2022) Physical-Statistical Generative Adversarial Adversarial Network

Learning

Topic 2: Data — Earth observations

Ahmad et al. Estimating soil moisture using remote soil moisture SVM, ANN, Linear regression
(2010) sensing data: A machine learning approach
Kang et al. Spatial Upscaling of Sparse Soil Moisture soil moisture Ridge Regression
(2018) Observations Based on Ridge Regression
Han et al. Global long term daily 1 km surface soil soil moisture RF
(2023) moisture dataset with physics informed
machine learning
Jing et al. A Comparison of Different Regression precipitation CART, KNN, RF, SVM
(2016a) Algorithms for Downscaling Monthly
Satellite-Based Precipitation over North
China
Jing et al. A Spatial Downscaling Algorithm for precipitation RF, SVM
(2016b) Satellite-Based Precipitation over the
Tibetan Plateau Based on NDVI, DEM, and
Land Surface Temperature
Fang et al. Prolongation of SMAP to Spatiotemporally Soil Moisture LSTM
(2017) Seamless Coverage of Continental U.S.
Using a Deep Learning Neural Network
Adam et al. Land-use/cover classification in a LULC classification RF, SVM
(2014) heterogeneous coastal landscape using (coastal)
RapidEye imagery: evaluating the
performance of random forest and support
vector machines classifiers
Yuh et al. Application of machine learning approaches =~ LULC monitoring RE, SVM, KNN, ANN
(2023) for land cover monitoring in northern
Cameroon
Zerrouki et al. A Machine Learning-Based Approach for LULC change detection RF, SVM, KNN, ANN

(2019)

Land Cover Change Detection Using
Remote Sensing and Radiometric

Measurements
Miyoshi et al. A Novel Deep Learning Method to Identify Tree species mapping CNN
(2020) Single Tree Species in UAV-Based

Hyperspectral Images
Schiefer et al. Mapping forest tree species in high Tree species mapping CNN

(2020)

resolution UAV-based RGB-imagery by
means of convolutional neural networks

https://doi.org/10.5194/nhess-26-2975-2026
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Table B3. Continued.

D. M. Ferrario et al.: Harnessing data-driven methods for climate multi-hazard and multi-risk assessment

Reference Title Hazards/Main variable ML methods
Veras et al. Fusing multi-season UAS images with Tree species mapping CNN
(2022) convolutional neural networks to map tree

species in Amazonian forests
Wang et al. Deprivation pockets through the lens of Identify deprived urban areas CNN
(2019a) convolutional neural networks
Ghaffarian and ~ Monitoring Urban Deprived Areas with Track disaster recovery in SVM
Emtehani Remote Sensing and Machine Learning in urban deprived areas
(2021) Case of Disaster Recovery
Nazeer et al. Evaluation of Empirical and Machine Water quality ANN

(2017) Learning Algorithms for Estimation of
Coastal Water Quality Parameters
Liu et al. Monitoring Total Suspended Solids and Water quality (Turbidity) ANN, RF, XGBoost, SVM
(2023b) Chlorophyll-a Concentrations in Turbid
Waters: A Case Study of the Pearl River
Estuary and Coast Using Machine Learning
Chen et al. Machine learning-based estimation of Water Quality (River SVM, RF, ANN
(2022) riverine nutrient concentrations and Nutrients)

associated uncertainties caused by sampling
frequencies

Sublime and

Automatic Post-Disaster Damage Mapping

Change detection after

CNN based autoencoder

Kalinicheva Using Deep-Learning Techniques for disaster
(2019) Change Detection: Case Study of the (earthquake/tsunami)
Tohoku Tsunami
Jietal. (2018) Earthquake/Tsunami Damage Assessment Change detection after SVM
for Urban Areas Using Post-Event PoOISAR disaster
Data (earthquake/tsunami)
Bai et al. Towards Operational Satellite-Based Change detection after CNN
(2018) Damage-Mapping Using U-Net disaster
Convolutional Network: A Case Study of (earthquake/tsunami)
2011 Tohoku Earthquake-Tsunami
Lei et al. End-to-end Change Detection Using a Change detection (landslide CNN
(2019) Symmetric Fully Convolutional Network for ~ mapping)
Landslide Mapping
Boetal. (2022) BASNet: Burned Area Segmentation Change detection (wildfire CNN
Network for Real-Time Detection of mapping)
Damage Maps in Remote Sensing Images
Tran et al. Damage-Map Estimation Using UAV Change detection (wildfire CNN
(2020) Images and Deep Learning Algorithms for mapping)
Disaster Management System
Munawar et al.  UAVs in Disaster Management: Application = Change detection (flood CNN

(2021)

of Integrated Aerial Imagery and
Convolutional Neural Network for Flood
Detection

mapping)

Nat. Hazards Earth Syst. Sci., 26, 2975-3024, 2026
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Reference

Title

Hazards/Main variable

ML methods

Kabiru et al.

The relationship between multiple hazards

Hydrological (floods,

Random Forest

(2023) and deprivation using open geospatial data landslides), geophysical
and machine learning (earthquake, volcanic),
biological, meteorological
(temperature), human
(transport, industrial,
miscellaneous)
Qiang et al. Observing community resilience from space: ~ Hurricane impacts Univariate/multivariate
(2020) Using nighttime lights to model economic regression
disturbance and recovery pattern in natural
disaster
Dasguptaetal.  Towards Daily High-resolution Inundation Floods (inundation maps) Convolutional Neural Network
(2022) Observations using Deep Learning and EO
Gierszewska A physics-guided neural network for Floods (inundation maps) Physics/Neural Network
and flooding area detection using SAR imagery
Berezowski and local river gauge observations
(2024)

Topic 3: Data — Texts

Asinthara et al.

(2022)

Classification of Disaster Tweets using
Machine Learning and Deep Learning
Techniques

Classifying disaster tweets

SVM, Naive Bayes

Powers et al.

Using artificial intelligence to identify

Classifying disaster tweets

BERT, XLNet, SVM

(2023) emergency messages on social media during

a natural disaster: A deep learning approach
Koshy and Multimodal tweet classification in disaster Classifying disaster tweets BERT, Transformers, LSTM
Elango (2023) response systems using transformer-based and images

bidirectional attention model

Mehrotra et al.
(2022)

A Multi-stage Classification Framework for
Disaster-Specific Tweets

Classifying disaster tweets

SVM, DT, RF, ADABoost,
GBM, XGB, LSTM, BERT,
XLNET

Sodoge et al.
(2023)

Automatized spatio-temporal detection of
drought impacts from newspaper articles
using natural language processing and
machine learning

Classifying drought impacts
from newspapers

Naive Bayes, Lasso
Regression, RF, ANN
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Table B4. Final selection of studies for RQ2: Hazard.

D. M. Ferrario et al.: Harnessing data-driven methods for climate multi-hazard and multi-risk assessment

Reference

Title

Hazards/Main variable

ML methods

Topic 1: Hazard — identity, classify, cluster

Ionita et al.
(2021)

Compound Hot and Dry Events in Europe:
Variability and Large-Scale Drivers

Hot and Dry compound
events

Percentile based thresholds,
Empirical Orthogonal
Functions

Sutanto et al.
(2020)

Heatwaves, droughts, and fires: Exploring
compound and cascading dry hazards at the
pan-European scale

Heatwave, drought, wildfire

Percentile based thresholds

Claassen et al.
(2023)

A new method to compile global
multi-hazard event sets

Heatwave, coldwave,
drought, wildfire, floods,
earthquakes, wind, tsunami,
tropical cyclone, volcano,
landslide

Percentile based thresholds

Liao et al.
(2021)

Growing Threats From Unprecedented
Sequential Flood-Hot Extremes Across
China

consecutive flood — heatwave

Return periods

Sfetsos et al.

Multi-Hazard Extreme Scenario

Heatwave, coldwave,

Return periods

(2023) Quantification Using Intensity, Duration, and  precipitation, snowfall, wind

Return Period Characteristics extremes
Orth et al. Contrasting biophysical and societal impacts  Heatwave, Drought, Floods, Return periods, percentiles
(2022) of hydro-meteorological extremes Wildfire

Liu et al. (2016)

Application of Deep Convolutional Neural
Networks for Detecting Extreme Weather in
Climate Datasets

Extreme weather (Tropical
cyclones, atmospheric rivers,
weather fronts)

CNN

Racah et al.
(2016)

ExtremeWeather: A large-scale climate
dataset for semi-supervised detection,
localization, and understanding of extreme
weather events

Extreme weather (Tropical
cyclones, atmospheric rivers,
weather fronts)

CNN (semi-supervised)

Cammalleri and A Generalized Density-Based Algorithm for ~ Drought DBSCAN, Percentile based
Toreti (2023) the Spatiotemporal Tracking of Drought thresholds

Events
Wang and Yan Rapid rises in the magnitude and risk of heatwaves DBSCAN, Percentile based
(2021) extreme regional heat wave events in China thresholds
Di Martino et al. ~ Spatiotemporal extended fuzzy C-means earthquakes DBSCAN

(2018)

clustering algorithm for hotspots detection
and prediction

Tilloy et al.
(2022)

A methodology for the spatiotemporal
identification of compound hazards: wind
and precipitation extremes in Great Britain
(1979-2019)

Wind and precipitation

DBSCAN, Percentile based
thresholds

Yu et al. (2022)

Hotspots, co-occurrence, and shifts of
compound and cascading extreme climate
events in Eurasian drylands

Drought, heatwave,
coldwave, precipitation,
wind

DBSCAN, Percentile based
thresholds

Topic 2: Hazard — Predict

Haggag et al.
(2021)

A deep learning model for predicting
climate-induced disasters

Multi-Hazard (flood tested)

ANN

Nat. Hazards Earth Syst. Sci., 26, 2975-3024, 2026
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Reference Title Hazards/Main variable ML methods
Kratzert et al. Towards learning universal, regional, and Floods LSTM
(2019b) local hydrological behaviors via machine

learning applied to large-sample datasets
Kratzert et al. Using LSTMs for climate change Floods, droughts LSTM

(2019a)

assessment studies on droughts and floods

Tiggeloven et

Exploring deep learning capabilities for

Storm Surge

LSTM, CNN, ANN

al. (2021) surge predictions in coastal areas
Jiang et al. River flooding mechanisms and their River floods, pluvial floods, LSTM
(2022b) changes in Europe revealed by explainable snowmelt floods
machine learning
Kraft et al. Identifying Dynamic Memory Effects on Hot and dry events (impacts LSTM
(2019) Vegetation State Using Recurrent Neural on vegetation)
Networks
Freeman et al. Forecasting air quality time series using LSTM
(2018) deep learning
Wu and Lin A novel optimal-hybrid model for daily air Air quality (various LSTM
(2019) quality index prediction considering air pollutants)
pollutant factors
Chang-Hoi et al.  Development of a PM, 5 prediction model Air quality (PM> 5) RNN
(2021) using a recurrent neural network algorithm
for the Seoul metropolitan area, Republic of
Korea
Bentivoglio et Rapid spatio-temporal flood modelling via Floods GNN
al. (2023) hydraulics-based graph neural networks
Kazadi et al. FloodGNN-GRU: a spatio-temporal graph Floods GNN-GRU
(2024) neural network for flood prediction
Sun et al. (2021)  Explore Spatio-Temporal Learning of Large Floods GNN
Sample Hydrology Using Graph Neural
Networks
Castangia et al. Transformer neural networks for Floods Transformers

(2023)

interpretable flood forecasting

Bonino et al.

Machine learning methods to predict sea

marine heatwaves

CNN, LSTM, RF

(2024) surface temperature and marine heatwave
occurrence: a case study of the
Mediterranean Sea
Patil et al. Predicting extreme floods and droughts in drought CNN
(2023) East Africa using a deep learning approach
Singh et al. Drought risk assessment and prediction drought ANN
(2021) using artificial intelligence over the southern
Maharashtra state of India
Ayyad et al. Machine learning-based assessment of storm  storm surge RF, XGBoost, Extra Trees,
(2022) surge in the New York metropolitan area SVM
Macdonald et Robust storm surge forecasts for early Storm surge Monte Carlo dropout +
al. (2025) warning system: a machine learning Bayesian NN

approach using Monte Carlo Bayesian
model selection algorithm
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Table B4. Continued.

D. M. Ferrario et al.: Harnessing data-driven methods for climate multi-hazard and multi-risk assessment

Reference Title Hazards/Main variable ML methods
Nguyen et al. Estimating uncertainty in flood model Flooding Monte Carlo dropout +
(2024) outputs using machine learning informed by Bayesian NN

Monte Carlo analysis

Topic 3: Hazard — Interactions

Couasnon et al.

(2018)

A Copula-Based Bayesian Network for
Modeling Compound Flood Hazard from
Riverine and Coastal Interactions at the
Catchment Scale: An Application to the
Houston Ship Channel, Texas

Compound river and coastal

flood

Copulas, Bayesian Networks

Sadegh et al.
(2017)

Multivariate Copula Analysis Toolbox
(MvCAT): Describing dependence and
underlying uncertainty using a Bayesian
framework

droughts, floods

Copulas

Bevacqua et al.

(2017)

Multivariate statistical modelling of
compound events via pair-copula
constructions: analysis of floods in Ravenna
(Italy)

River floods, precipitation,
coastal floods

Copulas

Bevacqua et al.

Guidelines for Studying Diverse Types of

compound flooding,

Copulas, regressions,

(2021) Compound Weather and Climate Events precipitation/landslide percentile thresholds,
clustering

Hochrainer- Large scale extreme risk assessment using drought copulas

Stigler et al. copulas: an application to drought events

(2019) under climate change for Austria

Tootoonchi et Copulas for hydroclimatic analysis: A Temperature, precipitation copulas

al. (2022) practice-oriented overview
Jiang et al. Estimating propagation probability from Droughts Copulas, 3D clustering, 11 Ml
(2023) meteorological to ecological droughts using methods (KNN, SVM, GP, DT,
a hybrid machine learning copula method MLP, AdaBoost, Naive Bayes,
quadratic discriminant
analysis, Gradient Boosting,
XGBoost, Random Forest)
Cao et al. Multi-geohazards susceptibility mapping rockfall, landslide, debris RF, SVM, XGBoost
(2020) based on machine learning — a case study in flow
Jiuzhaigou, China
Javidan et al. Evaluation of multi-hazard map produced flood, landslide, gully MaxEnt
(2021) using MaxEnt machine learning technique erosion
Karakas et al. A Hybrid Multi-Hazard Susceptibility Landslide, Flood, RF

(2023)

Assessment Model for a Basin in Elazig
Province, Tiirkiye

Earthquake

Kariminejad et

Analytical techniques for mapping

collapsed pipe, gully

BRT, Flexible discriminant

al. (2022) multi-hazard with geo-environmental erosion, landslide analysis, Multivariate adaptive
modeling approaches and UAV images regression spline, Mixture
discriminant analysis, RF,
GLM and SVM
Nguyen et al. Multi-hazard assessment using machine Flood, landslide SVM, RF, AdaBoost
(2023) learning and remote sensing in the North

Central region of Vietnam
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Table B4. Continued.

Reference Title Hazards/Main variable ML methods
Pourghasemi et Assessing and mapping multi-hazard risk Flood, landslide, wildfire RF
al. (2020) susceptibility using a machine learning

technique
Pouyan et al. A multi-hazard map-based flooding, gully gully erosion, wildfire, RF, SVM, BRT
(2021) erosion, forest fires, and earthquakes in Iran earthquake

Yousefi et al.

A machine learning framework for

avalanche, landslide, wldfire, = SVM, BRT, GLM, FDA

(2020) multi-hazards modeling and mapping in a subsidence, flood

mountainous area
Piao et al. Multi-hazard mapping of droughts and forest ~ drought, wildfire CART, RF, BRT
(2022) fires using a multi-layer hazards approach

with machine learning algorithms
Ullah et al. Multi-hazard susceptibility mapping based flash flood, debris flow, CNN, RF
(2022) on Convolutional Neural Networks landslide
Mandal et al. Mapping the multi-hazards risk index for cyclones, storm surge, ANN, RF
(2022) coastal block of Sundarban, India using AHP  coastal erosion

and machine learning algorithms
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Table BS5. Final selection of studies for RQ3: Risk.

D. M. Ferrario et al.: Harnessing data-driven methods for climate multi-hazard and multi-risk assessment

Reference Title Hazards/Main variable ML methods
Topic 1: Risk — Combining hazard, exposure and vulnerability

Kotaridis and Integration of convolutional neural networks  flood CNN
Lazaridou for flood risk mapping in Tuscany, Italy

(2022)

Zhao et al. Urban flood susceptibility assessment based flood CNN

(2020) on convolutional neural networks

Rusk et al. Multi-hazard susceptibility and exposure flood, landslide, wildfire MaxEnt
(2022) assessment of the Hindu Kush Himalaya

Fuchs et al. A spatiotemporal multi-hazard exposure river flood, snow avalanche, Frequency ratio
(2015) assessment based on property data torrential flood

Sammonds et al.
(2023)

Hurricane risk assessment in a multi-hazard
context for Dominica in the Caribbean

hurricane, landslides, floods

Frequency ratio, analytical
hierarchy process

Luu et al. Integrating multi-hazard susceptibility and flood, wildfire RF, CART
(2024) building exposure: A case study for Quang
Nam province, Vietnam
Liu et al. Susceptibility of existing and planned flood, landslide, debris flow RF
(2018a) Chinese railway system subjected to
rainfall-induced multi-hazards
Arvin et al. Assessment of infrastructure resilience in flood, landslide, earthquake analytical hierarchy process
(2023) multi-hazard regions: A case study of
Khuzestan Province
Khatakho et al. Multi-Hazard Risk Assessment of flood, earthquake, wildfire analytical hierarchy process
(2021) Kathmandu Valley, Nepal

Topic 2: Risk — Predicting impacts

Gasparrini Modeling exposure—lag-response heatwave, air pollution Distributed Lag Non-Linear
(2014) associations with distributed lag non-linear Models
models
Guo et al. Regional variation in the role of humidity on  heatwave, humidity RF
(2024) city-level heat-related mortality
Wang et al. A random forest model to predict heatstroke =~ heatwave, humidity RF
(2019b) occurrence for heatwave in China
Wang et al. Quantitative Impact Analysis of Climate heatwave, humidity, previous SVM
(2021b) Change on Residents’ Health Conditions diseases

with Improving Eco-Efficiency in China: A
Machine Learning Perspective

Boudreault et al.
(2023)

Machine and deep learning for modelling
heat-health relationships

heatwave, air pollution

DT, RF, GBM, SLP, MLP,
LSTM, GLM, GAM, DLNM

Coté et al.
(2024)

Vulnerability assessment of heat waves
within a risk framework using artificial
intelligence

heatwave, air pollution

Auto-Gluon, GP, Deep GP

Busker et al.
(2024)

Predicting Food-Security Crises in the Horn
of Africa Using Machine Learning

Heatwaves, droughts,
precipitation, conflict

XGB

Tarraga et al.
(2024)

Causal discovery reveals complex patterns of
drought-induced displacement

drought, precipitation,
conflict

Granger Causality, PCMCI
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Reference Title Hazards/Main variable ML methods
Zscheischler et Bivariate return periods of temperature and drought, heatwave, Copulas
al. (2017) precipitation explain a large fraction of precipitation
European crop yields
Ribeiro et al. Risk of crop failure due to compound dry drought, heatwave Copulas
(2020) and hot extremes estimated with nested
copulas
Wang et al. Predicting stream water quality under water quality, land use RF
(2021a) different urban development pattern planning

scenarios with an interpretable machine
learning approach

Li et al. (2022)

Interpretable tree-based ensemble model for
predicting beach water quality

water quality

DT, RF, CatBoost, GBM,
XGBoost

Cushman et al.
(2017)

Multiple-scale prediction of forest loss risk
across Borneo

forest loss

REF, logistic regression

Islam et al. Machine learning algorithm-based risk drought, topography, RE, SVM, DT, ANN
(2021) assessment of riparian wetlands in Padma environmental and
River Basin of Northwest Bangladesh anthropogenic stressors
Schmidt et al. The role of spatial units in modelling topography, environmental MaxEnt
(2020) freshwater fish distributions: Comparing a and anthropogenic stressors
subcatchment and river network approach
using MaxEnt
Teichert et al. Restoring fish ecological quality in estuaries:  topography, environmental RF
(2016) Implication of interactive and cumulative and anthropogenic stressors
effects among anthropogenic stressors
Dal Barcoetal. A machine learning approach to evaluate precipitation, wind, sea level =~ ANN
(2024) coastal risks related to extreme weather rise, storm surges
events in the Veneto region (Italy)
Pilkington and Spatial and temporal variations in resilience wind, storm surge, ANN
Mahmoud to tropical cyclones along the United States precipitation, flooding
(2017) coastline as determined by the multi-hazard
hurricane impact level model
Mukherjee et al. A multi-hazard approach to assess severe heatwave, wildfire, SVM, RF
(2018) weather-induced major power outage risks in  hurricane, coldwave, wind,
the U.S. precipitation
Carannante et Machine learning-based climate risk sharing ~ wind, precipitation, RF

al. (2024)

for an insured loan in the tourism industry

heatwave
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Table B6. Final selection of studies for RQ4: future.
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Reference

Title

Hazards/Main variable

ML methods

Topic 1: Future — hazard

Zscheischler et

Future climate risk from compound events

compound events

copulas, storylines

al. (2018)
Ridder et al. Increased occurrence of high impact compound events under drought, heatwaves, percentile threshold,
(2022) climate change precipitation, wind return period
Zhu et al. Compound wind and precipitation extremes at a global scale wind, precipitation percentile threshold,
(2023) based on CMIP6 models: Evaluation, projection and return period
uncertainty
Ridder et al. Do CMIP6 Climate Models Simulate Global or Regional wind, precipitation percentile threshold,
(2021) Compound Events Skillfully? return period
Ghanbari et al. Climate Change and Changes in Compound Coastal-Riverine coastal flood, river copulas
(2021) Flooding Hazard Along the U.S. Coasts flood, sea level rise
Wu et al. Increasing Risks of Future Compound Climate Extremes with drought, heatwave, copulas
(2023) Warming Over Global Land Masses precipitation
Wu et al. Predicting compound agricultural drought and hot events using  drought, heatwave copulas
(2024) a Cascade Modeling framework combining Bayesian Model
Averaging ensemble with Vine Copula (CaMBMAViC)
Bevacquaetal.  Guidelines for Studying Diverse Types of Compound Weather =~ High-Impact storylines

(2021)

and Climate Events

Low-Probability
Events

Topic 2: Future — Risk

Ayyad et al. Climate change impact on hurricane storm surge hazards in hurricane, storm surge SVM, AdaBoost
(2023) New York/New Jersey Coastlines using machine-learning

Park and Lee Prediction of coastal flooding risk under climate change precipitation, storm KNN, RF, SVM
(2020) impacts in South Korea using machine learning algorithms surge, sea level rise

Park et al. Adaptation strategies for future coastal flooding: Performance precipitation, storm KNN, RF, SVM
(2023) evaluation of green and grey infrastructure in South Korea surge, sea level rise

Lim and Kim Can Forest-Related Adaptive Capacity Reduce Landslide Risk  precipitation, landslide =~ RF

(2022)

Attributable to Climate Change? — Case of Republic of Korea

Pham et al.
(2023)

Multi-model chain for climate change scenario analysis to
support coastal erosion and water quality risk management for
the Metropolitan city of Venice

coastal erosion, water
quality, storm surge

Bayesian Network

Garcia-Le6n et
al. (2024)

Temperature-related mortality burden and projected change in
1368 European regions: a modelling study

heatwave, future
population, economic
factors

weighted averages

Rahman et al.
(2024)

Multi-hazard could exacerbate in coastal Bangladesh in the
context of climate change

flash floods, river
floods, coastal floods,
landslide

LSTM

Ya et al. (2023)

Increased flood susceptibility in the Tibetan Plateau with
climate and land use changes

flood

logistic regression

Liang et al.
(2021)

Understanding the drivers of sustainable land expansion using
a patch-generating land use simulation (PLUS) model: A case
study in Wuhan, China

Future land use

RF
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Reference Title Hazards/Main variable =~ ML methods

Saha et al. Modelling multi-hazard threats to cultural heritage sites and earthquake, landslide, BRT, BART, BGLM
(2021) environmental sustainability: The present and future scenarios precipitation

Janizadeh et al.  Mapping the spatial and temporal variability of flood hazard Floods GBM, XGB

(2021) affected by climate and land-use changes
Leng and Hall Predicting spatial and temporal variability in crop yields: an precipitation, drought, RF
(2020) inter-comparison of machine learning, regression and heatwave

process-based models
Khan et al. Association of precipitation extremes and crops production and  Precipitation XGB
(2024) projecting future extremes using machine learning approaches

with CMIP6 data
Tabari and Global risk assessment of compound hot-dry events in the drought, heatwaves Copulas
Willems (2023)  context of future climate change and socioeconomic factors
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