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Title: Harnessing Machine Learning methods for climate multi-hazard and multi-risk assessment

Special issue: Methodological innovations for the analysis and management of compound risk and multi-
risk, including climate-related and geophysical hazards (NHESS/ESD/ESSD/GC/HESS inter-journal SI)

The manuscript was revised according to the Reviewers’ suggestions and recommendations, implementing
specific changes related with the research questions, the methodology, the structure of the paper, and
selected topics as requested. Responses to each general and detailed comment are provided in this letter for
your convenience. Furthermore, we enclose a new version of the Manuscript with changes performed to
improve the manuscript according to the reviewers’ suggestions in track change, noting that the reference
lines in our responses refer to the line in the manuscript WITH track change (see the file
Manuscript_egusphere 670 reviewed with track changes.doc).

Reviewer 1
Answers to general comments

Comment 1: Lack of Scientific Novelty or Conceptual Contribution: The paper lacks scientific novelty
and conceptual contribution. It does not introduce new concepts, frameworks, or theoretical insights.
Instead, it compiles existing literature without offering a critical synthesis or identifying research gaps. The
review does not significantly advance the understanding of multi-hazard or multi-risk modelling compared
to previous reviews, and its largely descriptive discussion limits its value as a synthesis resource.

Response. We thank the reviewer for this comment that gives us the opportunity to better explain the
relevance of our study. We have better positioned the paper in relation to similar studies, given that this
paper focuses on the specific role of ML and statistical approaches in advancing multi-hazard and multi-
risk assessment, rather than single-hazard or sector-specific applications. [lines 156-174; 202-225]

Revised text:

[154-195] Unlike other recent reviews that have focused on ML (particularly DL) for specific hazards or
sectors — such as extreme events (Salcedo-Sanz et al., 2022), hydrology (Tripathy & Mishra, 2024),
geophysics (S. Yu & 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 assessment. By structuring the
discussion around successive stages of risk analysis — data processing, hazard prediction, risk assessment,
and future scenarios — we connect climate risk and data-driven methods while also identifying critical
gaps, particularly in linking hazard interactions with vulnerability.

[215-300]

1. Data: How can Machine Learning improve data collection and processing?
2. Multi-Hazard: How can Machine Learning and statistical tools be used to analyse extreme events,
and model hazard interactions?
3. Multi-Risk: How can Machine Learning applications integrate vulnerability and exposure in multi-
risk analysis?
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 information needed to analyse multi-hazard and multi-risk by addressing current gaps
such as data sparsity, inconsistency across sources, and the lack of harmonised formats. This contributes
to improving the quality and comparability of risk assessments by enabling integrated use of climate, EO,
and textual datasets. In particular, the sub-themes are divided 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 spatial 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 exposure and vulnerability layers and extract information on
impacts (Ghaffarian & Emtehani, 2021; Novellino et al., 2024).

II.  Textual data, such as newspapers or social media, which in the last years have been leveraged for
extracting information 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 patterns, compounding effects, and
non-linear interactions that traditional approaches often overlook. This helps advance multi-hazard and
multi-risk analysis by providing more accurate 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 (H. Yu et al., 2022).
II.  The prediction of (multi-)hazard events, for example through early warning systems or seasonal
predictions (Bhowmik et al., 2023).
II.  The analysis of hazard interactions, for example characterising joint distributions through copulas
(Bevacqua 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 vulnerability 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
interact with hazards to shape overall risk In particular, the key themes are:

I.  Multi-hazard exposure and vulnerability on assessments, integrating susceptibility mapping with
information on specific exposure layers, such as buildings and population (Rusk et al., 2022).
II.  Modelling risk from past impacts data, often through supervised ML approaches that use hazard,
vulnerability and exposure indicators as predictors (Dal Barco et al., 2024).
The fourth research question investigates the possible contribution 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 climate projections further complicates risk modelling, highlighting a
critical gap in existing approaches, which often fail to adequately capture compound and cascading
extremes under changing climate conditions This research question clarifies how ML can enhance
scenario building, improve uncertainty quantification, and support more robust long-term multi-risk
assessments. In particular, the key sub-themes are:

I.  Modelling future multi-hazard trends and spatial patterns using statistical methods, in particular for
compound and consecutive events (Zscheischler et al., 2018).
II.  Assessing future impacts based on climate change projections, often using methods trained on
historical data and applied to ensembles of RCP projections (S. J. Park & Lee, 2020).

Moreover, we have refined each of the results sections by adding a summary table outlining the main
methods, gaps, and opportunities, together with a paragraph explicitly explaining how the section
contributes to the field of multi-hazard and multi-risk analysis.

Below we provide the tables that were produce for each section.



Section 1 Methods Gaps Opportunities
3.1.1 LSTM for soil moisture & | Struggles with | Hybrid ML—physics models;
Climate hydrologys; RF for | sparse/irregular data; | scalable probabilistic
datasets runoff/precipitation; ConvNPs | poor scalability | methods; better uncertainty
for sparse sensors; ANNs for | (GPs); extremes | quantification;  generative
interpolation; CNNs, GANSs, | misrepresented, models for ensembles
diffusion models for | limited uncertainty
downscaling; GPs for | treatment
uncertainty quantification
3.1.2 Earth | SVM, RF, LSTM for soil | Bias toward data-rich | Robust models for
observations | moisture; CNNs/autoencoders | regions; revisit | missing/noisy data; near-
(EO) for land cover, impacts, disaster | gaps/clouds limit | real-time EO  pipelines;
recovery; transfer learning for | detection; false | integrate EO with socio-
data-scarce regions; ML for | positives; weak multi- | economic  data; transfer
water quality (RF, ANN, | hazard integration learning  for  vulnerable
XGBoost) regions
3.13 NLP + ML (Naive Bayes, RF, | Few labelled datasets; | Multilingual/transfer
Textual data | SVM, CNN, BERT, LSTM); | language/cultural learning; improved
multimodal (text + images); | bias; imprecise spatial | geolocation extraction;
rule-based for small datasets info; noisy social | integrate with EQO/sensor
media inputs data; robust methods for
noisy/misinformation-prone
data
Section 2 Methods Gaps Opportunities
3.2.1 Thresholding (empirical & | Under-detection of | Unified pipelines that detect
Identify, percentiles) to build multi- | joint (non-univariate) | compound signatures
classify & | hazard  catalogs;  return | extremes when hazards | directly (multivariate
cluster periods & GEV; EOFs; | are merged post-hoc; | thresholds + clustering);

CNNs (semi-/supervised) for
extreme-weather object
detection in reanalyses;
DBSCAN for spatio-
temporal  footprints  and
compound clusters.

label scarcity & class
imbalance for
supervised DL; skewed
datasets; sensitivity to
spatial/temporal  non-
stationarity.

semi-/self-supervised DL to
mitigate  label  scarcity;
robust cluster tracking of
compound hotspots under
change.

3.2.2 Hazard

LSTM/CNN for hydrology,

High data demands;

Physics-informed/graph-

forecasting & | storm surge, drought/heat; | generalisation beyond | aware DL  for  better
prediction Transformers for floods; | observed regimes; | extrapolation;
GNN/GRU for river-network | limited interpretability; | attention/attribution to
dynamics; classical ML | performance varies | expose drivers; global-to-
(RF/SVM/XGB) for local | with spatial context and | local  transfer learning;
extremes when data are | input windowing. benchmarking vs. process
limited. models for trust.
3.2.2 Copulas (pair/vine/Joe) for | Copula family selection | Hybrid ML—copula stacks
Modelling joint extremes; copula-BNs | & tail-dependence in | (ML to predict/characterise

river—coastal
XAI on

for

compounding;

high dimensions;, ML
black-box limits causal

events, copulas to quantify
joint probabilities);




hazard LSTMs/CNNs/Transformers | insight; difficulty | benchmarking ML-learned

interactions | (gradients, attention, | linking physical drivers | dependencies against copula
sensitivity) to reveal drivers | to dependence | baselines; conditional vines
and shifts. structures. for cascades.

Susceptibility | Supervised ML (LR/GLM, | Often “multi-layer | Spatio-temporal CV (block)

mapping RF, SVM, BRT, CART, |single-hazard” (weak | to curb leakage; dynamic

(multi- ANN, CNN) to build single- | interaction modelling); | susceptibility that updates

hazard) hazard susceptibility then | training skew (few | with sequences/adaptation;
combine into multi-hazard | positives);  sampling | explicit interaction terms or
maps; feature importance to | bias & autocorrelation; | graph-based fusion; extend
rank drivers. static inputs ignore | beyond the wusual quartet

evolving (fire/landslide/flood/quake).
exposure/vulnerability.

Section 3 Methods Gaps Opportunities

3.3.1 Risk via | Overlay of single- | Often “multi-layer single- | Dynamic

susceptibility | hazard susceptibility | hazard” (weak/implicit | vulnerability/exposure

+ exposure + | (RF, SVM, ANN, | interaction modelling); | updates using EO and time-

vulnerability | BRT, CART, MaxEnt, | vulnerability treated as static; | sequenced hazards; spatio-
CNN  with patch | label imbalance and sampling | temporal  block  cross-
context) with | bias; spatial/temporal | validation; interaction-
exposure (buildings, | autocorrelation leakage; | aware  fusion  (graphs,
population, limited hazard breadth beyond | learned weights); extend to
infrastructure) and | fire/landslide/flood/quake. wind, hail, heat, surge;
simple  vulnerability probabilistic risk surfaces
layers; AHP/MCDM with uncertainty bands.
weighting; feature
importance/SHAP  to
rank drivers.

3.3.2 Ensemble and hybrid | Impact labels are sparse, | (1) Data & catalogs: build

Predicting ML approaches (RF, | coarse, biased, and | geocoded, event-level,

impacts XGBoost, SVM, DL, | confounded; scale mismatches | cross-sector impact datasets

copulas, causal ML)

and aggregation blur signals;

applied to health, | extremes and tails poorly
food, environmental, | represented; DL tends to
and economic | overfit and transfer poorly
impacts; explainable | across cities/regions/climates;
Al  (SHAP) and | uncertainty quantification and
probabilistic causal attribution  often
modelling for driver | limited.

attribution.

and standardized labels
(health, yields, biodiversity,
losses). (2) Causal & lag-
aware stacks: combine
DLNM / explicit-lag models
with ML and causal
discovery to capture delayed
and causal pathways. (3)
Multi-source  fusion &
transfer: integrate EO, in-
situ, socio-economic and
market data; use domain-
adaptation/transfer learning
for cross-region
generalization.




for coastal risk, conflict risks,
crop yield and adaptation
scenarios; Bayesian Networks
for multi-model chains
(hydrodynamics—waves—
shoreline); distributed-lag
models for future health
impacts; future susceptibility
integrating land use changes

causal discovery hinges on
strong assumptions; biases
due to scale mismatch in
climate—exposure—impact
data.

Section 4 Methods Gaps Opportunities
341 Bias correction for projections | Univariate bias correction | Adopt multivariate bias
Predicting | (incl.  quantile  mapping); | can distort extremes/joint | correction; combine
future hotspot/trend  detection via | tails; regional skill varies; | SMILEs to  separate
hazards percentile thresholds (e.g., | limited direct detection of | internal variability vs.
95th-99th), return periods; | compound signals; | structural model
uncertainty ~ sources  and | uncertainty treatment often | differences; scale up vine
propagation; vine copulas for | partial. copulas for compound
joint tails; SMILE large events; embed storylines
ensembles; storyline event- for preparedness.
based scenarios for HILP
analysis.
3.4.2 Trained on historical impacts | Impact data often coarse, | Use multi-model, multi-
Modelling | and applied to  future | biased, and sparse; studies | year = ensembles and
future ensembles; ensemble ML | often rely on few years — | probabilistic models to
impacts methods (RF, XGBoost, ...) | low  representativeness; | quantify and propagate

uncertainty.; evaluate
adaptation portfolios with
standardized costs;
integrate dynamic land
use + socio-economic
pathways (SSPs);
uncertainty-aware

learning, and  open,
geocoded impact datasets.

Comment 2: No PRISMA flow diagram is provided, and Search strings, filtering criteria, and quality
assessment processes are not disclosed. Suggest including a PRISMA diagram and methodological
appendix (even in supplementary materials) to ensure transparency.

Response. We appreciate the reviewer’s suggestion. In response, we have now updated the PRISMA flow
diagram (Figure 1) to better illustrate the literature selection process.




Defining the search methodology Screening

Main Keywords per research questions ((Machine AND ‘agg‘;/sp,efcsi';‘épggce
Leaming) OR !

((Climate AND (model OR (earth AND observations) OR text OR (social AND media) OR (artificial AND paper’, ‘book chapters’
hazard OR exposure OR vulnerability) inteligence) OR

(deep AND By subject area and
((Multi OR compound OR consecutive OR cumulative OR co-occurrence) AND (hazard OR Leaming) OR keyword:
emergency OR hotspots OR (extreme AND events))) (neural AND ‘environmental
Network) OR science’, ‘earth and
copula OR planetary science’
(uncertainty AND
quantification) OR
(explainable OR
(Multi AND (hazard OR risk) AND (climate AND change) OR (tipping AND points) OR (climate interpretable) OR
AND projections) OR storyline OR RCP) clustering)

Engine (Scopus)
By abstract:
Selecting studies in line
Timeframe: 2010 - 2024 with the specific

research questions

Reportin Extract and categorise information on methods, type of data By full-text:
P 9 used, case studies and application types Selecting most

interesting articles,
ensuring a balance

between the different
: Analyse maturity level, limitation and challenges, future hazards and Al
Inferprefing opportunities of the studies collected methods

Figure 1: Literature review methodological steps

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

By title:
Excluding papers not
focussing on natural

hazards, multi-hazard or
risks assessment

In addition, we have included a methodological appendix (see lines 1150 -1175) detailing the search strings,
filtering criteria, and quality assessment procedures used in the review.

Revised text: The literature review followed the PRISMA guidelines to ensure transparency and
reproducibility in the identification, screening, and selection of studies. The process is summarized in the
PRISMA flow diagram and detailed as follows.
First, records were retrieved from major scientific databases (Scopus) and filtered by type, retaining only
articles, conference papers, and book chapters and language (English). Next, documents were filtered by
subject area and keyword, selecting only those classified under Environmental Science and Earth and
Planetary Science as subjects and considering machine learning, climate change, risk assessments (and
their synonyms and variations) as keywords.

In the third step (title screening stage), studies not focusing on natural hazards, multi-hazard, or risk
assessment were excluded. During the abstract screening stage, each paper was evaluated for its relevance
to the review’s research questions, focusing particularly on the use of machine learning (ML) techniques
and their application to multi-hazard or multi-risk contexts. Studies were retained if they explicitly applied
ML, Al, or statistical learning methods to the modelling, characterization, or assessment of natural hazards,
or if they addressed interactions between multiple hazard types (e.g., cascading or compound events) and
their associated risks. Papers focusing solely on single hazards without methodological innovation or on
unrelated environmental modelling were excluded. This step ensured that the final selection captured
studies advancing methodological understanding of ML-driven hazard analysis, as well as those integrating
multiple hazard processes or risk dimensions. Finally, the full-text review identified the most relevant and
representative papers, ensuring balanced coverage across different hazard types and Al methodologies. The
final selections were based on diversity in data sources, geographical coverage, 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 observation, and multi-hazard risk assessment.

The number of studies retained at each step is summarized below (numbers correspond to the four main
research questions):



Table B1: summary of the screening step results

Screening step RQ1 RQ2 | RQ3 RQ4
Initial retrieval 24,335 19,542 | 22,054 | 1,961
After type filtering 17,676 | 8,731 | 3,548 | 344

After title screening 6,999 | 801 2,215 104
After abstract screening | 376 107 | 214 67
Full text screening 52 50 29 22

These additions improve the transparency and reproducibility of our literature selection and review
methodology.

Comment 3: Poor Language Quality: The manuscript contains many grammatical errors, awkward
phrasing, and redundant or overly long sentences. The language undermines clarity and makes the
manuscript difficult to read. Given its role as a review article, this significantly reduces its accessibility and
utility to the scientific community. A full professional language revision is essential.

Response. We thank the reviewer for this important comment. We have carefully revised the entire
manuscript to improve its readability and clarity. In particular, we have:

Checked and corrected grammar and syntax throughout the text.
Simplified and shortened overly long or complex sentences.
Removed redundancies and improved the overall flow and coherence.
Ensured consistent and precise terminology.

These edits have substantially improved the language quality and accessibility of the manuscript. We
believe the revised version now meets the standards expected for a review article.

Comment 4: Weak Structure and Inconsistent Framing: The manuscript shifts terminology from "machine
learning methods" from the title to "data-driven methods" in the text, without clear justification. The
manuscript includes a statistical method (copula), which is not a machine learning method. Poor coherence
across sections: Overlap and redundancy between sections, and not clearly defined (e.g., 3.1.2 vs. 3.1.1
regarding satellite images observed soil moisture belongs to EO or climate data).

Response. We thank the reviewer for this valuable feedback. In response, we have revised the manuscript
to ensure consistent framing and clearer structure. Specifically, we have:

e Adopted “data-driven methods” as the unifying term throughout the paper, including the title, to
explicitly encompass both machine learning and statistical approaches such as copulas, which are
relevant to the review’s scope.

e C(larified the distinction between copulas and machine learning in the Introduction, explaining the
rationale for including both classes of methods under the broader “data-driven” framework. [Lines
134-143]

Revised text: 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



dependence structure between variables, making them particularly valuable for analysing compound
events in which multiple hazards occur simultaneously or sequentially (see, for example, Agrawal,
2022; Hochrainer-Stigler et al., 2019). They have, for instance, been used to characterise the joint
occurrence 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 critical information about inter-hazard dependencies, supporting a
deeper understanding of cascading 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.

e We have reviewed the section organization to reduce redundancy and improve coherence,
particularly between Sections 3.1.1 and 3.1.2. In the revised version, studies focusing on the
production and processing of climate and hydrological variables (e.g., soil moisture, precipitation)
are grouped in the first section, while those applying Al and data-driven methods to assess
exposure, vulnerability, and impacts (e.g, land cover changes) are discussed in the second. This
reorganization aims at clarifying the distinction between climate data and impact-oriented
applications and improving consistency and readability.

e Reviewed the section organization to reduce redundancy and improve coherence, particularly
between Sections 3.1.1 and 3.1.2, ensuring that data categories (e.g., Earth Observation vs. climate
data) are consistently defined.

e Streamlined overlapping content and refined transitions to improve the logical flow of the
manuscript.

We believe these revisions have substantially strengthened the manuscript’s clarity, consistency, and
conceptual framing.

Other comments:

We thank the reviewer for the careful reading and detailed feedback. We have revised the manuscript
thoroughly to address all noted issues:

1. We rephrased the section: “can advance multi-hazard and multi-risk” for greater precision and
formality: “Supervised machine learning approaches trained on historical impact data to project
future climate risks have also emerged as a significant research area...” (now lines 27-32)

2. Corrected the typo “his information” — “This information” (now line 320-321).

3. Replaced incorrect conjunction “even if” with “although” or “even though,” and applied the same
correction consistently throughout the manuscript (e.g., line 869).

4. Corrected “images form” — “images from” (now line 558).

5. Revised subsection formatting for clarity (‘3.1 Multi-hazard...” — “3.2 Multi-hazard...”).

6. Corrected “With regards to” — “With regard to,” consistently across the manuscript (e.g., line 637,
663, ...).

7. Reframed informal expression “showing popular results” as “Another popular DL architecture is
GNN, applied in weather forecasting.” (now line 672)

Reviewer 2:

Major:

Comment 1: The manuscript outlines four key research questions, but their link to data-driven climate



multi-hazard analysis is not clear. Please clarify how these questions address existing gaps, improve risk
assessments, and contribute quantitatively or qualitatively to the field.

Response: We thank the reviewer for the comment, allowing us to better clarify our research questions. In
particular, we highlighted how each of the four research questions directly addresses existing gaps and
contributes to advancing multi-hazard and multi-risk analysis in section 2.1. The first highlights how ML
can harmonise diverse data sources to overcome issues of sparsity and bias; the second focuses on capturing
spatio-temporal patterns and non-linear hazard dynamics beyond traditional methods; the third addresses
the integration of vulnerability and exposure, often overlooked or treated as static; and the fourth explores
future scenarios, where ML can enhance uncertainty quantification and scenario building. These
refinements strengthen the link between the research questions, data-driven methods, and their contribution
to improving the robustness and relevance of multi-risk assessments. (lines 212-300)

Revised text:

Section 2.1: Each of the four research questions (Figure 2) 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:

5. Data: How can Machine Learning improve data collection and processing?

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

7. Multi-Risk: How can Machine Learning applications integrate vulnerability and exposure in multi-
risk analysis?

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

Earth B
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driven
applications
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driven
applications
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processing?

Future:
How can data-
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Figure 2: Research questions and sub-themes

The first research question examines how ML can help process diverse types of data, extracting and
harmonising the information needed to analyse multi-hazard and multi-risk by addressing current gaps such
as data sparsity, inconsistency across sources, and the lack of harmonised formats. This contributes to



improving the quality and comparability of risk assessments by enabling integrated use of climate, EO, and
textual datasets. In particular, the sub-themes are divided based on the type of data analysed:

IV.  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 spatial and temporal
resolution, harmonise and extend the time coverage of the datasets or correct for biases (Schneider
et al., 2023).

V.  EO, which can be used to characterise exposure and vulnerability layers and extract information on
impacts (Ghaffarian & Emtehani, 2021; Novellino et al., 2024).

VI.  Textual data, such as newspapers or social media, which in the last years have been leveraged for
extracting information 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 patterns, compounding effects, and
non-linear interactions that traditional approaches often overlook. This helps advance multi-hazard and
multi-risk analysis by providing more accurate detection, classification, and modelling of extreme events.
In particular, the key sub-themes are:

IV.  Analyse which methods can be used to identify, classify and cluster extreme events, producing
spatio-temporal footprints of multi-hazard events (H. Yu et al., 2022).
V.  The prediction of (multi-)hazard events, for example through early warning systems or seasonal
predictions (Bhowmik et al., 2023).
VI.  The analysis of hazard interactions, for example characterising joint distributions through copulas
(Bevacqua 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 vulnerability 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 interact with
hazards to shape overall risk. In particular, the key themes are:

II.  Multi-hazard exposure and vulnerability on assessments, integrating susceptibility mapping with
information on specific exposure layers, such as buildings and population (Rusk et al., 2022).
IV.  Modelling risk from past impacts data, often through supervised ML approaches that use hazard,
vulnerability and exposure indicators as predictors (Dal Barco et al., 2024).
The fourth research question investigates the possible contribution 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 climate projections further complicates risk modelling, highlighting a
critical gap in existing approaches, which often fail to adequately capture compound and cascading
extremes under changing climate conditions This research question clarifies how ML can enhance scenario
building, improve uncertainty quantification, and support more robust long-term multi-risk assessments. In
particular, the key sub-themes are:

II.  Modelling future multi-hazard trends and spatial patterns using statistical methods, in particular for
compound and consecutive events (Zscheischler et al., 2018).

IV.  Assessing future impacts based on climate change projections, often using methods trained on
historical data and applied to ensembles of RCP projections (Park & Lee, 2020).

Comment 2: Data assimilation is a critical component of modern climate analysis yet is missing from the
discussion. Include recent developments that demonstrate its role in enhancing multi-hazard/risk
assessments.



Response: We thank the reviewer for highlighting this important aspect. We agree that data assimilation
(DA) plays a key role in improving the quality and reliability of climate and hazard information. In
response, we have expanded the discussion to explicitly acknowledge the relevance of ML for data
assimilation, especially along with hybrid approaches (e.g., (He et al., 2023)). The revised text also
discusses the challenges and opportunities of such hybrid frameworks, particularly their computational
demands, calibration complexity, and interpretability issues, while emphasizing their relevance for multi-
hazard prediction. However, given the distinct methodological scope of data assimilation, we have included
a concise discussion rather than a full section, while acknowledging its importance and potential for future
research and benchmarking efforts. (lines 407-409, - 419-421).

Comment 3: Uncertainty quantification in climate risk studies is necessary for the analysis of hazard/risk.
However, they are not discussed.

Response: We thank the reviewer for this insightful comment. We fully agree that uncertainty
quantification (UQ) is a critical component of climate and risk analysis. In response, we have added a
dedicated discussion highlighting the sources of uncertainty in ML-based environmental datasets (aleatoric
and epistemic) and the probabilistic and hybrid approaches developed to address them. Specifically, we
now discuss applications using Bayesian Networks, Gaussian and Multi-fidelity Gaussian Processes,
Convolutional Neural Processes, Monte Carlo Dropout, along with emerging deep generative models for
ensemble-based UQ.
The revised text also emphasizes that while these methods significantly improve reliability, systematic
quantification and propagation of uncertainty through the modelling chain with example for climate data
(e.g, (Saha & Ravela, 2022; Tazi et al., (2024), line 422-479) and hazard estimates (e.g., Macdonald et al.,
(2025) and Nguyen et al., (2024), lines 657-658) — remain limited and warrant further research. This
addition acknowledges the reviewer’s point and strengthens the manuscript’s coverage of methodological
challenges in data-driven climate risk studies.

Revised text:

In section 3.1.1: Machine learning applications for climate and environmental datasets have greatly
improved the reconstruction and downscaling of variables from sparse and irregular observations. However,
a critical yet often under-addressed aspect in this field is uncertainty quantification (UQ), which is
particularly relevant when these datasets are later used for hazard or risk assessments (Beven, 2018).
Uncertainty in ML-based arises from multiple sources: Aleatoric uncertainty stems from the intrinsic
variability and noise in the underlying 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 probabilistic approaches have been explicitly designed
to represent 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 downscale
precipitation data from ERA-5 over high mountain terrain. Multi fidelity models combine low-fidelity
observations (which are usually more numerous and less expensive to obtain) 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 uncertainty 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., 2024b). Andersson et al., (2023) applies Convolutional Neural Processes
(ConvNPs), to suggest informative sensor placements by finding sites that maximally reduce prediction
uncertainty, testing it for air temperature anomalies measurements in Antarctica. Convolutional Neural
Processes (ConvNPs) extend the probabilistic 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 (M. Jiang et al., 2022), ConvNPs maintain
a probabilistic foundation while scaling linearly with data size and accommodating irregular spatial inputs
(Garnelo et al., 2018). DeepSensorl, a specific GitHub python package, was developed to facilitate the
application of Neural Processes in environmental sciences, especially for downscaling, interpolation, sensor
placement and data imputation. Monte Carlo Dropout (MCD) enhances epistemic uncertainty quantification
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 generating ensembles of plausible realisations that sample the predictive probability space
(Ling et al., 2024; Saha & Ravela, 2022). Despite these advances, most studies still focus primarily on
improving resolution and accuracy, while systematic approaches to quantifying and propagating uncertainty
through the modelling chain, from data to hazard and risk estimates, remain limited (Beven, 2018).
Addressing this challenge is crucial, as downstream risk assessments rely heavily on the reliability of the
climate inputs that feed them.

In section 3.2.2: Monte Carlo dropout techniques have been employed to quantify epistemic uncertainty,
for example in surge forecasts (Macdonald et al., 2025) and flood modelling (M. Nguyen et al., 2024).

Comment 4: The current focus is on pure data-driven models. Please discuss the emerging hybrid
modelling that integrate physical laws, and compare their strengths and limitations.

Response: We thank the reviewer for highlighting the importance of hybrid modelling. In the revised
manuscript, we have added a discussion on emerging hybrid approaches that integrate data-driven ML
methods with physical or process-based models. We describe their ability to enforce physical constraints,
reduce overfitting, improve generalization, and provide more interpretable insights, citing recent examples
in climate modelling (He et al., 2023; Huynh et al., 2025; S. Yu et al., 2024). We also note the associated
challenges, including the need for domain knowledge, computational demands, complex calibration, and
potential interpretability issues (Read et al., 2019; Willard et al., 2022). These additions highlight hybrid
modelling as an emerging frontier that complements purely data-driven approaches and are reflected in the
revised manuscript (lines 403 —421).

Revised text:

Section 3.1.1: In recent years, there has been growing interest in hybrid modelling: approaches that
combine data-driven ML methods with physical or process-based models or constraints, as a way to benefit
from both high flexibility and physical realism. Such hybrid / physics-informed ML methods help address
several limitations of pure data-driven models: they can enforce conservation laws, reduce overfitting to
noise, improve generalization especially under conditions outside the 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 neural networks to correct for scale mismatches and to better capture spatial heterogeneity.
Also, (S. Yuetal., 2024) provides benchmarks for ML emulators that mimic nested high-resolution physical
simulations. Despite their promise, hybrid models also face important limitations. They often require
substantial domain and physical knowledge to be formulated 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). Calibration 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., 2021a). These challenges are

! https://github.com/alan-turing-institute/deepsensor



also relevant for hazard prediction, where process dynamics such as land—atmosphere feedback play central
roles and require models that are both physically credible and statistically robust. Thus, hybrid models
represent an emerging frontier at the interface of ML, process-based modeling, and data assimilation,
particularly relevant for both climate data reconstruction and hazard modelling and deserve explicit
consideration in future reviews and benchmarking efforts.

Comment 5: Clarify the differences and complementarities between ML and copula techniques. Using
practical examples if possible.

Response: We thank the reviewer for this suggestion. In the revised manuscript, we clarify how ML and
copula techniques provide complementary strengths for hazard and risk assessment. ML approaches excel
at prediction and feature discovery, including identifying key drivers of hazards, but are limited by high
data demands, training biases, and challenges in extrapolating beyond observed conditions. In contrast,
copulas provide interpretable dependence structures and precise joint probability estimates for extremes,
but scale poorly in high dimensions and often lack causal interpretability. We highlight examples where
ML forecasts hazard variables, while copulas quantify the joint occurrence of extremes (e.g., Sadegh et al.,
2017; Tilloy et al., 2019). We also note emerging hybrid approaches, such as T. Jiang et al. (2023), which
combine ML classifiers with C-vine copulas to estimate the probability of consecutive drought events,
illustrating how integrating ML-derived drivers into copula frameworks can enhance compound risk
assessments. These revisions now emphasize the complementary roles of ML and copula methods and their
potential synergy in practical applications (lines 692-746).

Revised text:

Section 3.2.2: Recent work has applied interpretable ML frameworks to hazard modelling, aiming not only
at prediction but also at identifying key drivers. For instance, S. Jiang, Bevacqua, et al. (2022) and S. Jiang,
Zheng, et al. (2022) used LSTMs to study river flooding in Europe, combining 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 precipitation. By running models across decades, they revealed shifts in dominant
flood drivers, with precipitation becoming increasingly 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., 2019).
These advances improve interpretability, 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 nonlinear 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
extremes. 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 & Singh, 2016;
Nelsen, 2006). By decoupling marginal distributions from their dependence structure, 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 interactions (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 & Patton, 2015); capturing joint tail
dependence becomes increasingly difficult in high dimensions (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 models (Hochrainer-Stigler et al., 2019). Therefore, while
copulas are powerful for probabilistic risk quantification, they are less suited to dynamic forecasting or
process-based understanding 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 dimensionality and lack causal
interpretability. ML can identify critical hazard predictors and generate inputs, while copulas 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 quantify the probability that extreme
discharge co-occurs with extreme 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 assessments. Some approaches, such
as, T. Jiang et al., (2023) used a hybrid ML-copula method to estimate the probability of consecutive
drought events (in particular from meteorological to ecological droughts), combining several ML classifiers
(KNN, RF, SVM, ...) to estimate the propagation probability 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 dependencies against copula-based models, represents a
promising but underexplored direction for compound risk assessment.

Comment 6: Reframe the discussion to emphasize how Earth observation data, combined with ML and
copula techniques, leads to improved multi-hazard and risk assessments that benefit decision-makers. Try
to rephrase from the perspective of assessments instead of technical comparisons.

Response: We thank the reviewer for the suggestion to reframe this discussion. In the revised section (lines
481-545), we emphasize how Earth Observation (EO) data, when combined with ML and statistical
techniques, supports actionable multi-hazard and multi-risk assessments. We highlight applications across
the disaster management cycle, including early warning, improved hazard characterization, rapid impact
and damage estimation, and long-term recovery and vulnerability monitoring. For example, EO-based
indicators such as vegetation stress or surface temperature anomalies, combined with ML models, enable
early detection of droughts, floods, or wildfires, even in remote or data-scarce regions. EO also enhances
hazard and environmental datasets, mitigates biases in ML-based risk models, and supports assessment of
environmental quality, urban recovery, and exposure tracking using proxies such as night-time lights. These
additions illustrate the direct benefits of EO-ML integration for decision-makers and are now reflected in
the revised manuscript.

Revised text:

Section 3.1.2:

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 areas with sparse measurements or providing real data to bias-correct/downscale modelled data. Multiple
Al methods, such as Support Vector Machine (SVM) (Ahmad et al., 2010; Jing et al., 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 environmental conditions that are critical for early
warning and hazard characterisation. For instance, indicators such as vegetation stress (Miyoshi et al., 2020;
Schiefer et al., 2020; Veras 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) especially in
remote and data scarce areas. DL and Physics Informed Neural Networks can leverage radar (e.g., Sentinel-
1 SAR), to estimate water levels for flood forecasting (Dasgupta et al., 2022; Gierszewska & 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 result, they may struggle to generalize effectively to underdeveloped areas, which are frequently the
most vulnerable to extreme events (McGovern et al., 2019, 2022).

EO combined with ML is also used in assessing environmental 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
(Liuetal., 2023). They focus on optically parameters, such as chlorophyll-a, turbidity and suspended solids,
but also others such as of nutrients and other non-optical parameter) can be predicted relying on models
integrating meteorological and hydrological variables (S. Chen et al. 2022).

A central application of EO is in supporting impact and damage assessments: change detection techniques
that compare pre- and post- event imagery are used to estimate physical impacts (T. Bai et al., 2023). This
includes building damage (Y. Bai et al. 2018), infrastructure collapse (Sublime & 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 encountered in these
applications are due to the return periods of satellites, which may limit their ability to detect fast changing
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 season (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 trajectories (Kabiru et al., 2023;
Qiang et al., 2020). For examples, studies have used EO and ML to track how rapidly services return to
urban slums post disaster, highlighting which population remain exposed and underserved (Ghaffarian &
Emtehani, 2021). Similarly, UNET-based CNNs are used to identify deprivation pockets from satellite
images and track during their recovery process (Wang et al., 2019), or to derive proxy indicators for poverty
from satellite night lights (Jean et al., 2016), in combination with transfer learning to overcome scarcity of
labelled data (Pan & 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
settlements (Adam et al., 2014; Yuh et al., 2023; Zerrouki et al., 2019).

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

Other comments:



1. Citation consistency: We have carefully reviewed and corrected all citations to ensure consistent
formatting throughout the manuscript, including references such as “Linkov et al. (2022)” and “S.
Yu & Ma (2021).”

2. Terminology (“understand”): We agree with the reviewer’s observation. The term “understand”
has been replaced with more appropriate alternatives such as “modeling,” “characterization,” or
“representation” where applicable, to better reflect the capabilities of data-driven models.

3. Grammar and style: We have thoroughly revised the manuscript for grammatical accuracy and
stylistic clarity, improving overall readability.

4. Section numbering: The numbering has been corrected so that the “Multi-hazard” subsection now
appears as Section 3.2.
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