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Abstract

Understanding how natural hazards such as
floods, droughts, and storms turn into disas-
ters requires robust impact data. This paper
develops a comprehensive global dataset of
natural hazard impacts from peer-reviewed lit-
erature, synthesizing existing in-depth knowl-
edge. Leveraging advances in natural language
processing (NLP) and large language models
(LLMs), we mapped over 12,000 open-access
articles published since 1980 on climatologi-
cal, hydrological, and meteorological disasters.
Evaluation results show that precision ranges
from 0.85 to 1 for the extraction of quantitative
impact information. Our novel method using
Retrieval-Augmented Generation captures de-
tailed impact data on a wide range of sectors
and systems, significantly improving the gran-
ularity and geographical coverage compared
to existing global datasets. As such, this work
fills critical gaps in natural hazard research, pro-
viding information on both direct and indirect
disaster consequences.

1 Introduction

Climatic, meteorological, and hydrological disas-
ters lead to significant adverse costs for individuals,
private companies, and governments, affecting the
normal functioning of societies worldwide (Winter
etal., 2024). In 2023 alone, extreme weather events
caused more than US$ 250 bn in damage, claiming
at least 74,000 lives (Re, 2023). While information
on direct losses such as fatalities and economic im-
pacts is often available, data on indirect societal
impacts of disasters remains fragmented (Jones
et al., 2022, 2023; Mahecha et al., 2020).

To effectively manage risk, a comprehensive un-
derstanding of the multiple sectors and systems
impacted is needed (de Brito et al., 2024). Accu-
rate impact data can support authorities in directing
resources to the most vulnerable areas. By analyz-
ing historical data on past impacts, researchers can
identify trends, lessons learned, and best adaptation

practices (Kreibich et al., 2017). Moreover, impact
data is essential for estimating future impacts and
developing impact-based early warning systems
(Hagenlocher et al., 2023; Hobeichi et al., 2022).

Although freely accessible datasets with global
coverage (e.g., (Delforge et al., 2023) and Desln-
ventar (UNISDR, n.d.)) offer valuable insights into
the socio-economic impacts across various hazard
types, they face a number of limitations. They of-
ten prioritize quantitative impact metrics, such as
the number of deaths and insured losses, which are
straightforward to measure compared to intangible
or indirect impacts (de Brito et al., 2024). However,
the long-term effects of disaster include social im-
pacts such as migration and forced displacement
(McMichael, 2020), psychological trauma (Cian-
coni et al., 2020), and a loss of trust in institutions
(Akbar and Aldrich, 2017). While these impacts
may not be as immediately visible, they can have
enduring consequences (Cochrane, 2004), poten-
tially overshadowing the immediate tangible losses
in the long run.

To address these gaps, we developed a novel ap-
proach to derive a global dataset of natural hazard
impacts from the full text of peer-reviewed arti-
cles, extending beyond traditional impact classes.
Leveraging the power of large language models
(LLMs) and advanced Retrieval-Augmented Gen-
eration (RAG) to extract information from unstruc-
tured text, we derive quantitative data and qualita-
tive descriptions of various impact classes (e.g. so-
ciety, water availability, agriculture, health, infras-
tructure, and economy). We provide a structured
dataset, with spatial resolution at the sub-national
administrative level, previously unattainable.

2 Data and methods

2.1 Article screening and selection

To develop a global impact database of natural
hazard impacts, we analyzed the full text of peer-
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Figure 1: Methodological workflow.

reviewed articles reporting on the consequences of
disasters. In order to identify relevant documents,
we created a search string that integrates English
terms associated with hazards and their potential
impacts across various sectors (Appendix B, Ta-
ble 4). Our search terms were based on the EM-
DAT hazard classes (Delforge et al., 2023) and
refined with input from domain experts and exist-
ing papers on impact assessment (e.g. (Sodoge
et al., 2023)). With this, we aimed to capture major
direct and indirect impacts caused by single or com-
pound weather extreme events, including droughts,
floods, heatwaves, cold waves, fires, storms, and
mass movements.

The search was conducted in two databases: Sci-
ence Direct and Pubmed, both of which allow
for full-text retrieval. The first is a broad scien-
tific database, while the latter focuses mainly on
biomedical and life sciences. We restricted our
search to open-access scientific articles under CC-
BY licenses published between 1980 and 2023.
The search was performed on titles, abstracts, and
keywords, focusing on research articles and re-
views while excluding book chapters, conference
papers, reports, data articles, and short communi-
cations.

To identify relevant articles for full-text retrieval,
we developed a transformer-based classification
model. We manually labeled a randomly selected
sample of 10% of the articles (n = 4,765), with an
inter-annotator agreement of 96%. Among these,
173 were classified as relevant. An article was
deemed relevant if the title and abstract described
a hazard event (e.g. a flood) during a given time
and location (i.e. country, region, city, water basin).
We encoded the text with SciBERT (Beltagy et al.,

2019), as it has been pre-trained on scientific arti-
cles. To address class imbalances, we employed an
active learning approach (Callaghan et al., 2021)
and used a weighted random sampler to select the
training and testing splits. After applying the clas-
sification model, we further re-evaluated the 173
documents selected as relevant.

2.2 Disaster description

For each relevant article, we used a RAG method
(Gao et al., 2024) to extract descriptive information
about the investigated disaster from the article’s
title and abstract. This information includes the
location, time, and type of hazard:

Location: The location affected by the disaster
is specified across various geographical units,
namely: country, state, city, water basin, latitude,
and longitude. Named locations extracted with
RAG were resolved into latitude and longitude
using OpenStreetMap (OSM) (OpenStreetMap,
2017). Latitude and longitude (numeric) are within
the interval of <-20,037,508.34, 20,037,508.34>
and use the Mercator projection (EPSG 3857).
Countries are specified with country names (string)
and ISO 3166-1 alpha-3 codes (string). State and
city are described with standardized international
names from OSM (string) and the Global Adminis-
trative Areas (GADM) unique IDs (integer) (Areas,
2012). Water basins were cross-referenced with
the data from HydroSHEDS (Lehner and Grill,
2013) and the World Meteorological Organization
(WMO) Basins and Sub-basins (Global Runoff
Data Centre, GRDC, 2020) to identify their unique
basin ID (integer).



Time: The disaster time is represented by the start
and end dates when available, both specified in
YYYY-MM-DD format.

Hazard type: The hazard class is specified by
a string selected from the following set: drought,
flood, heatwave, cold wave, storm, mass movement,
wildfire. These classes are compatible with existing
global datasets (Delforge et al., 2023). To ensure
consistency, we mapped the words predicted by
the LLM to the predefined classes using a manual
verbalizer (Schick et al.). The verbalizations incor-
porate the same terms used in the query search (e.g.
"superstorm" would be mapped to "storm").

2.3 Sentence classification

To identify sentences describing disaster conse-
quences, we performed a second labeling task in
the article’s full text. This step was necessary be-
cause, although impacts are often mentioned in the
results section, they can also appear in other parts
of the paper, such as the introduction or study area
description. Additionally, papers may have differ-
ent structures, making it difficult to automatically
divide sections.

We selected 38 articles covering at least one
of the investigated hazard types and diverse ge-
ographic areas. We tokenized the text into sen-
tences using spaCy (Honnibal et al., 2020) and
used INCEpTION (Klie et al., 2018) to annotate
them. Each of the sentences (n = 6,585) was as-
signed to one or more of 17 classes, including "haz-
ard impact".(Appendix C, Figure 2). A detailed
description of the criteria for classifying the sen-
tences is provided in Appendix C, Table 5. We
then fine-tuned SciBERT (Beltagy et al., 2019) to
identify sentences reporting impacts in unseen text.
We trained the model with a stratified k-fold cross-
validation approach.

2.4 Impact data extraction and classification

The impact classes were adapted from the classifi-
cation used by the Intergovernmental Panel on Cli-
mate Change (IPCC) to report impacts of climate
change on human systems (Shukla et al., 2022), and
include impacts to (i) society, (ii) water availability,
(iii) agriculture, (iv) health, (v) infrastructure and
(vi) economic sectors. For each class, we included
a qualitative (list of strings) and a quantitative de-
scription of the impacts reported. Quantitative in-
formation also includes some of the classes encom-
passed by the EM-DAT database, such as Human

deaths, Injured and Affected.We detail below the
quantitative information extracted for each of the
new proposed impact classes.

Society: These might include an increase in vio-
lence, crime rates, and conflicts. Hazards can also
incur losses of livelihood (e.g. by reducing the
number of job opportunities and/or income) and
internal migration (Kondo and Lizarralde, 2021).
We do not extract any quantitative information for
this class. We focus instead on extracting sentences
that mention their occurrence.

Water availability: Hazards can alter water avail-
ability directly (e.g. prolonged droughts can lead
to depleted reservoirs and reduced groundwater
recharge) or indirectly (e.g. storms can cause the
contamination of water sources). To quantify these
impacts, we computed the number of water sources
affected by the hazard. This is represented by an
integer associated with the total number of affected
sources and a list of tuples describing them source
= <sourceType, sourceName>.

Agriculture: Impacts on agriculture were quan-
tified by the production loss associated with the
hazard. This loss is represented by the percent re-
duction (numeric) and the description of the crop
type, which corresponds to the crop name (string)
and a unique ID (string), extracted from the Indica-
tive Crop Classification developed by the Food and
Agriculture Organization (Som, 2010).

Health: Besides physical injuries and fatali-
ties, hazards can lead to an increase in the in-
cidence of infectious diseases, mental health is-
sues, under-nutrition, and obesity rates (e.g. ex-
cess respiratory-related cases associated with thun-
derstorms). Health impacts are coded to unique
IDs (string) from the list of three-character cate-
gories of the International Classification of Dis-
eases from the World Health Organization (Organi-
zation, 2004).

Infrastructure: These include impacts to trans-
portation, sanitation, health, IT, communication,
energy, and housing. Quantitative measures ex-
tracted include the number of affected infrastruc-
tures, described by the value (integer) and a list
containing the types of the affected infrastructures
(string selected from the closed set: transportation
network, energy, public, residential, IT and commu-
nication, health, sanitation and hygiene, education).

Economic sectors: Monetary losses are described
by the value (numeric), currency (string following



the ISO 4217 standard), associated sector (string se-
lected from the closed set: industry and commerce,
agriculture, forestry, tourism).

2.5 Validation

To validate the article selection and sentence classi-
fication models, we calculated accuracy, recall, and
F1 scores on the datasets annotated by our team.
Both models were trained with a stratified k-fold
approach (k was set to 5), wherein each split, the
subsets maintain the proportion of 50% of class
labels. To validate the qualitative description of the
impacts, we measured the similarity between real
and predicted instances. To validate the quantita-
tive measures extracted with RAG, we calculated
the precision, i.e. the percentage of correctly ex-
tracted values out of all extracted values. For the
impact data extraction and classification tasks, we
compared two models: GPT-4 (Achiam et al., 2023)
and Mistral (Jiang et al., 2023). Our evaluation in
this paper is limited to the following representative
fields: human deaths, number of affected people,
health and residential infrastructures, and qualita-
tive water and social impacts.

3 Results

Our query search returned 47,629 results from Sci-
ence Direct and 13,933 from Pubmed. After du-
plicate removal, we ended up with a sample of
60,923 articles. The classification model estimated
that 12,070 of these report hazard impacts, with
an accuracy of 96% (Table 1). The sentence clas-
sification model identified more than 182,000 of
the sentences that reported impacts of natural haz-
ards, with an accuracy of 92%. The hazards in-
vestigated in these papers are distributed unequally
worldwide: more than 50% of them happened in
Europe and Asia, while only 10% affected Oceania
and South America. This is in agreement with the
findings of previous knowledge synthesis papers,
which find an overrepresentation of hydro-hazard
studies in the Global North compared to the Global
South (Stein et al., 2024). This bias is likely caused
due to the choice of English as the language of
analysis.

We validated the information extraction method
based on RAG (Table 2) with the dataset of 6,585
labeled sentences. Out of these, 664 reported im-
pacts. Both models performed well in extracting
specific quantitative information from text (preci-
sion > 0.8). Qualitative information was less ac-

Model Accuracy Recall Fl-score
Document 096 092 093
selection

Sentence 092 093 091
classification

Table 1: Classification model performance.

Measure Model Similarity Precision
Affected GPT4 - 0.85
Mistral - 0.91
Deaths GPT4 - 0.86
Mistral - 0.96
Society GPT-4 034 +0.11 -
Mistral 0.36 £0.09 -
Water GPT-4 057 £0.19 -
Mistral 0.55 £0.20 -
Households GPT-4 - 1
Mistral - 1
Health infra. GPT-4 - 1
Mistral - 1

Table 2: Performance of information extraction using
RAG. Society and Water indicate qualitative impacts on
society and water availability. Households and Health
infra. denote the affected infrastructure numbers. Simi-
larity measures are shown as mean + standard deviation.

curate (similarity < 0.6). When comparing GTP-4
with Mistral, we found that Mistral performs better
in identifying quantitative information in scientific
text. In terms of the investigated impact classes,
we found that both models tend to perform better
for infrastructure classes.

4 Conclusion

In this paper, we presented an NLP pipeline to
automatically extract and systematize information
about the impacts of climatic, meteorological, and
hydrological hazards from scientific text. Our ap-
proach has the added value of including both direct
and indirect impact classes, which are often ignored
in existing impact databases. Results showed that
in order to achieve high accuracy in data extrac-
tion, it is necessary to combine several strategies,
including transfer learning, fine-tuning pre-trained
models, and retrieval augmentation processes. Mis-
tral and GPT-4 show similar performances in RAG,
which indicates that open-source models are suit-
able for such tasks. By adding the sentence classi-
fication as a pre-retrieval step, we reduced context
length and the need for text chunking.
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A Schema example

hazardType: Hurricane,
location: {country: {countryName: "Nicaragua”, countryCode: "NIC"},
state: NA,
city: NA,
waterBasin: {basinName: NA, basinCode: NA},
latitude: 12.865416,
longitude: -85.2072293},
time: {startDate: NA, endDate: NA},
affected: {200000}%,
humanDeaths: {2000},

healthImpacts: {qualitative: {NA},

quantitative: {{disease: "trauma”, icdCode: "F38",

value: 60.1, unit: "percentage increase”,

location: {country: {countryName: "Nicaragua”, countryCode: "NIC"},
state: NA, city: "Quezalguaque”,

latitude: 12.50683000, longitude: -86.90292000},

annotation: “When comparing the different villages included in the study. . . ”}
1,

healthImpacts: {qualitative: {NA},

quantitative: {{disease: "trauma”, icdCode: "F38",

value: 60.1, unit: "percentage increase”,

location: {country: {countryName: "Nicaragua”, countryCode: "NIC"},
state: NA, city: "Quezalguaque”,

latitude: 12.50683000, longitude: -86.90292000%,

annotation: “When comparing the different villages included in the study. . . ”}
13,

source: {title: "Psychological impact of the hurricane Mitch in Nicaragua
in a one-year perspective”,

doi: 10.1007/s001270050298,

journal: "Social Psychiatry and Psychiatric Epidemiology”,
yearPublication: 2001,

Source: "PubMed"?}



B Query search terms

Hazard Query

General terms multi-hazard OR “several hazards” OR “compound hazard!”

Drought drought! OR dry spell!

Flood flood! OR inundation! OR Glacial lake outburst

Storm storm! OR superstorm! OR wind?storm! OR snow?storm! OR blizzard! OR derecho

OR winter?storm! OR hail OR extra?tropical ?storm OR thunderstorm! OR tornado!
OR tropical?cyclone OR storm surge! OR hurricane! OR typhoon

Heatwave heat?wave OR heat episode! OR ((heat OR hot) AND spell!) OR heat?stress
Coldwave cold?wave! OR severe winter conditions OR cold spell

Mass movement landslide! OR rock?fall OR mudslide OR mass movement

Wildfire forest?ire! OR wild?fire! OR land?fire OR bush?fire

Table 3: Query search terms used to search for papers reporting meteorological, hydrological and climatic hazards
published from 1990 to 2024. | = any subsequent letters; ? = any letter or space to replace the question mark.



Subclass Query

Social

- violen! OR crime! OR war! OR conflict! OR dispute! OR livelihood OR unemploy!
OR poverty OR income

Water availability

Physical “water scarcity” OR “water supply” OR “water availability” OR “lack of water” OR
“hydrological stress” OR “drinking water”

Water quality (water AND (chlorophyll OR nitrogen OR phosphorus OR quality OR pollution OR
heavy metal! OR pesticide!)) OR algae?bloom

Agriculture

Crop production
Animal and livestock
health and productiv-

ity
Fisheries yields

Health

(food AND (security OR supply OR food production)) OR famine
livestock OR cattle! OR (animal AND (well-being OR husbandry OR welfare OR
nutrition))

fishery! OR aquaculture OR fish stock

General terms

Fatalities

Physical injuries
Infectious diseases
Nutrition and obesity

health! OR well?being OR ill OR illness OR disease! OR syndrome! OR infect! OR
medical! OR disabilit!

death! OR fatalit! OR died OR casualties OR “loss of life”

injur!

infectious disease! OR cholera OR giardiasis OR cryptosporidiosis OR leptospirosis
obes! OR over?weight OR under?weight OR hunger OR stunting OR wasting OR
undernourish! OR undernutrition OR anthropometr! OR malnutrition OR malnour!
OR anemia OR anaemia OR ""micro?nutrient!"" OR diabet!

Mental health mental OR depress! OR !stress! OR anxi! OR ptsd OR psycho! OR psychiatric! OR
!trauma! OR post-traumatic OR suicide! OR solastalgi!

Air pollution “air quality” OR “air pollution” OR PM2.5 OR “fine particulate” OR asthma

Displacement (displacem! OR relocation! OR migration OR refugee! OR homeless! OR emergency
shelter)

Infrastructure

General terms infrastructure!

Transportation bridge! OR road! OR highway! OR train! OR transport! OR rail! OR ship OR
mobility

Sanitation ((water OR waste?water) AND treatment plant!) OR sewage! OR sewer! OR

Health infrastructure
IT and communica-
tion

Energy

Housing

Economic sectors

sewerage! OR waste OR landfill

hospital! OR care clinic! OR emergenc! OR pharmac!

digital infrastructure OR communication infrastructure OR ((mobile OR !phone OR
internet) AND (network! OR system!))

energy OR electricity OR heating OR gas supply OR biogas OR ((wind OR hydro
OR nuclear OR coal OR thermal) AND power)

propert! OR house! OR building! OR infrastructure!

Industry and com-
merce
Agriculture

Forestry

Tourism

(macroeconomic AND loss) OR economic assets OR capital OR companies OR
business! OR industr! OR commerce

crop! losses OR crop yield! OR crop quality OR crop failure OR yield loss! OR
agriculture

forest dieback OR forest damage OR tree vitality OR tree growth OR tree dieback
OR forestry OR die?off

tourism OR tourist! OR hotel! OR museum! OR culture OR cultural OR recreation!

Table 4: Query terms used to search for papers reporting impacts of meteorological, hydrological and climate
hazards published from 1990 to 2024. ! = any subsequent letters; ? = any letter or space to replace the question
mark. 9



C Sentence labelling

Class Criteria

Background Sentence describing knowledge domain

Prior work Description of previous work related to the study, presentation of results from
previous papers that can be important to the study

Objective Aims and goals of the study

Motivation Motivation for performing the study

Method Details of the research procedure

Data Description of the dataset (source, size, type)

Equation Mathematical equations

Impact Social, economic, health, infrastructure, and environmental impacts of the natural
hazard described in the study

Response Response and adaptation measures to the impacts of the natural hazard

Results Sentences describing study findings, consequences, and analysis of the results

Conclusion Sentences on the support or rejection of hypotheses and suggestions for future work

Recommendation Recommendations for extending the findings or method described in the paper,
implications for policy making, stakeholders, and decision-makers

Metadata Author’s names, affiliations, funding agencies

Hazard cause
Hazard description
Cascading hazard
Cascading impact

Climate and social causes of the hazard described in the paper

General description of the hazard, including date and location
Cascading hazard associated with the main hazard described in the study
Cascading impact associated with the hazard described in the study

Table 5: Detailed sentence annotation characteristics.
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(B) Equation
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Figure 2: Characteristics of sentence annotations in scientific papers of the natural hazards research domain.
(A)demonstrates sentence co-occurrences and (B) shows the frequencies of sentences.
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