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Abstract

In recent years, the confluence of artificial intelligence and public health has paved the way for unprece-
dented advancements in epidemic intelligence and health threat surveillance. This technical report, titled
“Recent Advancements on Artificial Intelligence for Public Health Threats - The Digital Health Perspec-
tives”, encapsulates the pioneering work conducted under the auspices of two projects of the JRC: DigLife
(Digital Innovation in Life and Health Sciences) and ETOHA (Emerging Health Threats and the One Health
Approach) in the JRC Digital Health Unit. These initiatives, in collaboration with other JRC units, DG SANTE,
ECDC, WHO and DG HERA through recurrent touchpoints, embark on a journey that began in early 2024 to
explore the transformative applications of Al in epidemic intelligence.

In particular, the report provides detailed insights of how generative Al, particularly Large Language Mod-
els (LLMs), is being leveraged to extract and analyse epidemiological information. At the forefront of this
exploration is the innovative use of Al to harness unstructured epidemiological data from the Epidemic
Intelligence from Open Sources (EIOS) system, which includes platforms such as ProMED and WHO Dis-
ease Outbreak News. This report delves into the methodologies and technologies developed to extract
and structure critical epidemiological information, thereby enhancing the surveillance and response ca-
pabilities for health threats. The analysis confirms that generative Al holds immense potential to funda-
mentally support public health surveillance, enabling more timely, accurate, and proactive responses to
disease outbreaks.

The report highlights core applications, including the use of LLMs for Epidemic Information Extraction,
which has culminated in the creation of an epidemiology knowledge graph. A key methodological ad-
vancement is the use of an ensemble approach with multiple LLMs, which enhances reliability and mit-
igates the limitations of individual models. Through comparative analyses of Prompt Engineering ap-
proaches, including In-context Learning and Fine-tuning, we introduce some fine-tuned LLMs optimised
for granular and rapid epidemic intelligence extraction from EIOS data. Furthermore, this report elucidates
the integration of Retrieval Augmented Generation (RAG) techniques over epidemiological reports, exem-
plified by WHO Disease Outbreak News, to generate Al-driven health threat and disaster storylines. By
leveraging Al to analyse, surveil, and respond to disease outbreaks, this report underscores the potential
for digital health perspectives to innovate public health surveillance and response strategies. In addition,
it provides several functional Al-based prototypes that underline the above-mentioned use cases, and can
be further enhanced into more operational use.

Despite this high potential, the report also provides a critical analysis of significant challenges. These in-
clude the technical limitations of LLMs, such as the “black box” problem, a propensity for “hallucinations,”
and slow knowledge adaptation. Moreover, substantial ethical and societal challenges are identified, in-
cluding data equity concerns that could reinforce health disparities, acute data privacy and surveillance
risks, and the amplification of medical misinformation.

The report concludes that the future of generative Al in public health is a collaborative one, where tech-
nology serves as a powerful accelerator but does not displace ultimate human responsibility. A trustwor-
thy future will require a “problem-first, technology-second” approach, prioritising ethical design, human
oversight, and global collaboration to ensure the benefits of this technology are accessible and equitable
for all.
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Executive summary

In an era where information is as abundant as it is critical, the confluence of artificial intelligence and
public health marks a transformative journey toward smarter epidemic intelligence and health threat
management. This report, “Recent Advancements on Artificial Intelligence for Public Health Threats - The
Digital Health Perspectives”, presents the exploratory and prototype-stage work conducted within the JRC
projects DigLife (Digital Innovation in Life and Health Sciences) and ETOHA (Emerging Health Threats and
the One Health Approach)?, in collaboration with public health stakeholders and institutions including the
ECDC, WHO, DG SANTE, and DG HERA, among others. The Al methods and prototypes described through-
out the report are intended as research and innovation activities and have not yet been validated in oper-
ational public-health settings.

Since embarking on this venture in February 2024, our collective focus has been on leveraging Al to har-
ness the untapped potential of unstructured epidemiological data from sources like the Epidemic Intel-
ligence from Open Sources (EIOS) system. This initiative aims to elevate public health responses by ex-
tracting, structuring, and analysing critical information from platforms such as ProMED and WHO Disease
Outbreak News.

Our exploration unfolds through several tracks. First, the deployment of Large Language Models (LLMs)
for precise epidemic information extraction, leading to the creation of a dynamic epidemiology knowledge
graph. The second is a detailed comparison of Prompt Engineering approaches, resulting in a customised
set of fine-tuned LLMs for swift and detailed epidemic intelligence. Then, the application of Retrieval Aug-
mented Generation (RAG) techniques over epidemiological reports creates Al-generated health threat nar-
ratives, enhancing situational awareness.

The culmination of these efforts are several functional Al-based prototypes, poised to redefine public
health research and policy-making. By transforming how we analyse, surveil, and respond to health threats,
we set the stage for a future where digital innovation drives resilience and preparedness in global health.
This report not only documents these advancements but also inspires a vision for harnessing Al’s full po-
tential to safeguard public health.

Policy context

This technical report directly supports the EU’s commitment to enhancing public health through digital
innovation, focusing on the European Health Union’s objectives to improve preparedness and response

to cross-border health crises. The report underscores the role of Al in epidemic intelligence, enhancing
the EU’s capacity to manage health threats and inform policy frameworks. By providing several Al-based
prototypes for public health surveillance, the report adds significant value to previous policy efforts, par-
ticularly in the context of emerging health threats and the need for rapid, data-driven responses. Its rele-
vance extends to broader digital and health policies, promoting resilience and proactive measures across
the EU.

Key conclusions

The integration of Al in health threats surveillance, preparedness and response, as explored in this report,
has substantial implications for enhancing the European Union’s health security and response strategies.
The findings demonstrate Al’s transformative potential in extracting valuable insights from unstructured

! While the ETOHA initiative adopts a broader One Health perspective encompassing human, animal, and environmental health,
the Al applications and use cases described in this report primarily focus on human public health surveillance and epidemic
intelligence.



epidemiological data, suggesting that its incorporation into the EU’s health threat surveillance systems
could significantly enhance early detection and response capabilities.

A key recommendation is the implementation of Al-driven tools for more timely and scalable epidemic
intelligence workflows. Additionally, the report highlights the importance of promoting standardised data
formats and interoperability among EU Member States, together with robust governance mechanisms for
validation and bias mitigation, to ensure the safe integration of Al technologies in public health. These
findings align with the EU’s broader policy direction on leveraging digital innovation for health security, in-
cluding initiatives such as the European Health Data Space and the Al Act. However, they also highlight
the need for more robust, domain-specific Al governance frameworks in public health, particularly regard-
ing validation, transparency, and safe deployment of Al systems in epidemiological surveillance.

The report identifies a new challenge: the underutilisation of unstructured data sources — such as news
feeds and outbreak reports from ProMED and WHO Disease Outbreak News — in current surveillance sys-
tems. Addressing this issue is crucial for maximising the benefits that Al can offer. To this end, there is

a call for increased investment in Al research focusing on public health surveillance applications, which
would drive innovation and improve the EU’s capacity to respond to emerging health threats.

The problem statement should be revised to emphasise Al’s role in processing unconventional data sources.
While the potential innovations in developing Al models tailored to specific epidemiological challenges are
promising, they also present risks related to data privacy and algorithmic bias, which require careful man-
agement.

Although this report reduces uncertainties regarding Al's applicability in public health threats surveillance,
preparedness and response, significant knowledge gaps persist, especially concerning the long-term im-
pacts of Al integration in health systems. Continued research is necessary to address these uncertainties
and optimise Al’s contribution to public health policy.

In conclusion, the report advocates for a strategic inclusion of Al-driven public health surveillance mea-
sures, emphasising the need for policy adaptations to effectively harness technological advancements. By
doing so, the EU can better prepare for, and respond to, health threats, ultimately enhancing public health
outcomes.

Main findings

The report identifies several key findings in the application of Al to public health, particularly in epidemic
intelligence. Al technologies, especially Large Language Models (LLMs), have shown remarkable effective-
ness in extracting and structuring epidemiological information from unstructured sources. By harnessing
data from platforms like the Epidemic Intelligence from Open Sources (EIOS), which includes ProMED and
WHO Disease Outbreak News, among many other information sources, Al offers timely and actionable
insights crucial for public health responses.

One of the main achievements is the development of an epidemiology knowledge graph. This tool inte-
grates data from various sources, providing a comprehensive overview of disease outbreaks and support-
ing more informed decision-making processes. Additionally, the report highlights the successful creation
of fine-tuned LLMs for optimised, granular and rapid epidemic information extraction from EIOS data,
emerged from a comparative analysis of different prompt engineering approaches, demonstrating supe-
rior performance. The application of Retrieval Augmented Generation (RAG) over epidemiological reports
represents another significant advancement. This technique improves the generation of detailed health
threat narratives, thereby enhancing situational awareness and preparedness.



The findings underscore the transformative potential of integrating Al into health threat surveillance. Such
integration can revolutionise the analysis and utilisation of public health surveillance data, leading to im-
proved timely responses and more informed policy-making. By providing a robust evidence base, these
enhanced surveillance capabilities may contribute to shaping public health threats policies and practices.
In conclusion, the report advocates for the broader adoption of Al in public health surveillance to enhance
preparedness and response to health threats, highlighting its pivotal role in transforming surveillance
strategies.

Related and future JRC work

The Joint Research Centre will continue to explore Al advancements in health threat surveillance, focus-
ing on integrating Al with more timely and scalable data systems. From an implementation perspective,
a phased deployment approach may be the most feasible pathway. Al-based tools could first be piloted
at regional or national public health agency level, where surveillance workflows and data access arrange-
ments can be evaluated under operational conditions. Successful pilots could then inform broader adop-
tion across Member States through common interoperability standards, governance mechanisms, and
capacity-building initiatives coordinated at EU level. In this model, Al systems would complement rather
than replace existing surveillance infrastructures, providing enhanced analysis of unstructured information
sources while preserving established reporting and validation processes. Such pilot deployments would
also provide valuable evidence on the organisational, technical, and resource requirements necessary for
the sustainable integration of Al-based analysis of unstructured data into national and European public
health surveillance workflows.

Quick guide

This report explores the use of artificial intelligence (Al) in enhancing health threats surveillance, pre-
paredness and response through improved epidemic intelligence. Key terms include Large Language
Models (LLMs), used for processing unstructured data, and the Epidemic Intelligence from Open Sources
(E10S), a vital data source. Assumptions include the effectiveness of Al in data processing and its poten-
tial for more timely and scalable applications. Uncertainties remain regarding long-term impacts and inte-
gration challenges in existing health systems.



1. Introduction

Generative Al represents a subfield of artificial intelligence focused on creating new, original content rather
than merely analysing or classifying existing data [2]. It distinguishes itself from traditional Al by its abil-
ity to synthesise data and generate content such as text, images, video, and code [151, 47]. A key compo-
nent of this paradigm is given by Large Language Models (LLMs) [36, 19]. LLMs are deep learning archi-
tectures, often built on the Transformer architecture, that are trained on vast text corpora to predict word
sequences and, in doing so, develop a nuanced understanding of human language at scale [136, 19].

The proliferation of unstructured data—from clinical notes and medical records to social media posts and
news reports—has created a significant challenge for traditional epidemiological surveillance. Genera-
tive Al offers a scalable solution to this problem, enabling public health professionals to process and de-
rive meaningful insights from this overwhelming quantity of information [48, 15]. This capability marks a
pivotal moment in epidemiology, promising to support how infectious disease outbreaks are tracked and
managed. This report delves into the innovative application of Al to enhance our ability to monitor, un-
derstand, and respond to emerging health threats. Engagements with stakeholders, including the Joint
Research Centre (JRC), the European Centre for Disease Prevention and Control (ECDC), and the World
Health Organization (WHO), among others, have contributed to exploring the potential of Al to process
unstructured epidemiological data from the Epidemic Intelligence from Open Sources (EIOS) system, en-
compassing platforms such as ProMED and WHO Disease Outbreak News. By transforming such data into
structured outputs, Al has the potential to support public health response and surveillance activities. Be-
yond infectious disease surveillance, these capabilities may also support the detection and monitoring of
emerging Chemical, Biological, Radiological and Nuclear (CBRN) threats, where traditional surveillance in-
frastructures are often limited and situational awareness relies heavily on the analysis of unstructured
reports and open-source intelligence.

A key area of exploration is the use of Large Language Models (LLMs) for Epidemic Information Extrac-
tion. We present a novel approach to epidemic surveillance, leveraging the power of Artificial Intelligence
and Large Language Models (LLMs) for effective interpretation of unstructured big data sources, like the
popular ProMED and WHO Disease Outbreak News. We explore several LLMs, evaluating their capabili-
ties in extracting valuable epidemic information. We further enhance the capabilities of the LLMs using
in-context learning, and test the performance of an ensemble model incorporating multiple open-source
LLMs. The findings indicate that LLMs can significantly enhance the accuracy and timeliness of epidemic
modelling and forecasting, offering a promising tool for managing future pandemic events. These mod-
els, designed to sift through and interpret vast amounts of text-based data, are able to identify critical
signals and trends that might otherwise go unnoticed. This capability is exemplified in the creation of an
epidemiology knowledge graph, which synthesises diverse data inputs into a coherent framework, provid-
ing a holistic view of ongoing and potential health threats.

Building on this, the report introduces fine-tuned LLMs specifically developed for rapid and granular infor-
mation extraction from EIOS data. These models emerged from a comparative analysis of prompt engi-
neering approaches, demonstrating superior performance in handling complex epidemiological data. Their
developments underscore the potential of Al to enhance the speed and accuracy of epidemic intelligence,
facilitating faster and more informed decision-making.

Another innovative application explored in the report is Retrieval Augmented Generation (RAG). This ap-
proach leverages Al to generate detailed health threat narratives from epidemiological reports, such as
those provided by WHO Disease Outbreak News. By augmenting data retrieval with narrative generation,
RAG enhances situational awareness and preparedness, enabling public health officials to better antici-
pate and respond to emerging threats.



As the European Union continues to prioritise digital innovation in its health security strategies, this report
provides a comprehensive overview of the opportunities and challenges associated with integrating Al
into existing public health surveillance frameworks. By examining these recent advancements, the report
underscores the necessity of strategic policy adaptations to fully leverage Al's potential, setting the stage
for a future where digital health perspectives are integral to enhancing resilience and preparedness in
public health systems.

1.1. The Shift from Traditional to Generative Approaches

Historically, public health and clinical data extraction have relied on either manual processes, which are
slow and costly, or on traditional, rule-based computational methods [71]. For example, the Centers for
Disease Control and Prevention (CDC) uses a dictionary-based approach for cancer surveillance that com-
pares pathology reports against a predefined dictionary of terms [26]. This method provides good results
but requires significant manual effort to maintain and update the dictionary to account for new terms and
variations [26]. Similarly, traditional statistical NLP approaches, which use supervised machine learning,
work best when a large volume of structured data is available for training [26].

In contrast, generative Al’s core capability is its adaptability to dynamic inputs [129, 151]. Unlike tradi-
tional Al models that operate on explicit rules, generative models learn patterns and relationships from
massive, unstructured datasets, allowing them to handle complex, nuanced tasks with a greater degree
of flexibility [36, 15]. For instance, domain-specific LLMs can detect not only medical entities but also
linguistic nuances like negations (“no sign of pneumonia”) and uncertainty (“possibly viral origin”), which
would be challenging for a rule-based system to capture without extensive manual intervention [20, 15].

This shift represents a fundamental methodological change in how public health surveillance is conducted.
Traditional methods are often reactive and dependent on pre-structured data, which can lead to delays

in analysis and response [116, 151]. Generative Al, as demonstrated by its application in processing dy-
namic sources like the World Health Organization’s (WHO) Disease Outbreak News (DONs), can automate
the continuous processing of new information to provide more timely and adaptable epidemic intelligence
[20, 102]. This capability moves the function of public health surveillance from being a reactive, post-
event reporting mechanism to a proactive, continuous intelligence system that can inform rapid response
strategies and policy-making [152, 1021. In future surveillance architectures, information extracted from
unstructured sources could complement traditional structured surveillance data in a convergent manner,
providing early signals, contextual insights, and cross-validation mechanisms that enhance the timeliness
and completeness of public health intelligence. Table 1 further delineates the key differences between
these two approaches.

1.2. Related Work

The application of Al, particularly LLMSs, in health threats surveillance and epidemiological research has
been explored in various contexts, offering insights into the potential and challenges of leveraging these
technologies for effective outbreak response and data extraction [15, 151]. The earlier research in [55]
aims at improving epidemic response through innovative data sources [13], by introducing in the spe-
cific an internet-based computational model for timely surveillance of influenza using search engine data.
Keller et al. [73] discussed automated surveillance methods for disease outbreaks using online data, fo-
cusing on geo-parsing and real-time monitoring. Espinosa et al. [49] evaluated an automated early warn-
ing tool using Twitter data, demonstrating its effective performance in detecting public health threats
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compared to manual tweets monitoring. Building on these efforts, the work in [82] presents a multilin-
gual event extraction system for epidemic detection, highlighting the importance of language diversity

in surveillance efforts. Torii et al. [133] investigated instead the application of various machine learning
classifiers for the automated detection of disease outbreak-related articles. Shifting from detection to
prediction, Chowell et al. [28] introduced an ensemble model for forecasting epidemic trajectories, focus-
ing on addressing data and model uncertainty. The exploration of cost-effective training methods and
advanced modelling techniques adds valuable insights into the challenges of more timely and scalable
epidemic monitoring. For more details on the various methods and data sources in the literature for dis-
ease outbreak detection and forecasting the reader is referred to the comprehensive review in [13].

Table 1. Traditional Al vs. Generative Al

Feature

Traditional AI/NLP

Generative Al

Core Capability

Data Type

Adaptability

Implementation

Typical Use Cases

Analyzes data, makes predic-
tions, automates rule-based
tasks

Relies on structured data and
predefined algorithms

Rigid and rule-based; requires
manual intervention for new
scenarios

Simpler to implement in spe-
cific business processes

Automated registry reporting,
predictive analytics, rule-based
tasks

Generates original content,
synthesizes data, and serves
as an assistant

Cope with large, unstructured
datasets; learns patterns and
relationships

Highly adaptable to dynamic
inputs; learns to learn

More complex and resource-
intensive due to large datasets
and computational power re-
quirements

Information extraction from
unstructured text, content syn-
thesis, conversational assis-
tance

Source: Elastic, 2024 [47].

Jingxian et al. [148] emphasised the importance of extracting information from unstructured data sources.
In particular, they used text mining techniques to analyse reports from ProMED-mail [91], focusing on

outbreak trends. More recently, the study by Chang et al. [27] introduced a method for summarising epi-
demic alerts from ProMED-mail using natural language processing techniques [102]. This work demon-
strated the potential for automated methods to enhance the effectiveness of epidemic monitoring by
improving the summarisation of epidemic alerts. The findings highlight the broader applicability of Al in
optimising public health surveillance systems.

In recent years, there has been a significant shift towards the application of generative Al technologies
in epidemic surveillance and response, demonstrating their potential to improve the timeliness and ac-
curacy of information processing during public health emergencies [102]. For example, Kwok et al. [79]
investigated the role of ChatGPT in developing disease transmission models, showcasing how LLMs can
assist public health practitioners in shaping effective strategies. In [128], the authors performed a com-
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parative analysis to evaluate the performance of various LLMs against traditional information extraction
methods on symptom detection from clinical records in the context of COVID-19, providing insights into
the strengths and limitations of LLMs in this area. Similarly, Bizel-Bizellot et al. [18] explored the use of
generative Al models to extract records of COVID-19 transmission from free-text survey responses, high-
lighting a practical application of LLMs in epidemiological research. While these studies provide valuable
information on the application of LLMs for COVID-19 symptom extraction, our work extends these explo-
rations to a broader range of functionalities and diseases relevant to public health.

In [48], the authors investigated the effectiveness of LLMs in accurately extracting public opinions on vac-
cination from social media, highlighting their potential as scalable tools for public health surveillance. Du
et al. [45] presented a framework that utilises multimodal LLMs for infectious disease forecasting, align-
ing closely with the focus of our work. The innovative approach proposed to reformulate forecasting as a
text-reasoning problem complements the findings of the present chapter, offering additional insights into
the application of LLMs in public health.

For an in-depth review on the exploration of diverse applications of natural language processing and large
language models in infectious disease management, the reader is referred to [102]. This systematic re-
view highlights areas where LLMs can further contribute to diagnosis and prediction, providing a broader
context for their utility in epidemic surveillance.

12



2. Epidemic Information Extraction for Event-Based Surveillance using
Large Language Models

The use of novel unstructured data sets in epidemic modelling has been increasingly encouraged, as they
can significantly contribute to improving early warning systems [116]. The recent COVID-19 pandemic has
underscored the importance of these novel approaches [93]. The pandemic revealed the long delays in
the release of official statistics, emphasising the need to track pandemic information in alternative ways
and at a higher frequency.

These opportunities and challenges in infectious disease epidemiology are inspiring some of the research
activities at the Digital Health unit of the Joint Research Centre (JRC)! of the European Commission (EC).
Ongoing work, described in this technical report, aims at tracking pandemic outbreaks in the European
Union (EU) using data sets which are considered unconventional in classic epidemiological modelling. The
project aims at exploring novel (big) data sources to provide a better response to epidemics. It links to
other ongoing relevant initiatives on the subject?. An important source of such information is represented
by moderated news and reports, since they discuss important events and experts opinions, and can sub-
stantively inform policy-making decisions [83]. However, translating this new source of data into valuable
information is challenging, given that the data derived from these sources are often unstructured and
large. This data also exhibits non-linear relationships across variables, which adds to the complexity of
its interpretation. Despite these challenges, the potential benefits of utilising these unconventional data
sources are considerable. By effectively translating this data into actionable insights, we can significantly
improve our understanding of epidemics and, consequently, our response to them.

In this chapter, we aim to leverage the vast capabilities of Artificial Intelligence (Al) [20], specifically the
power of Generative Pre-trained Large Language Models (LLMs) [136, 19], for the the exploration and ef-
fective interpretation of such innovative big data sources, with the ultimate goal of improving epidemic
response. LLMs are a type of generative Al models that utilises deep-learning (DL) algorithms (involving
billions of parameters) to calculate the likelihoods of word sequences. These probabilities are determined
based on substantial text corpora that the model has previously learned from. Significant advancements
to LLMs have been made with the advent of the Transformers architecture [136]. Transformers are de-
signed to handle sequential data by using a mechanism called attention, which allows the model to weigh
and prioritise different parts of the input data [126]. Unlike traditional sequential models such as Recur-
rent Neural Networks (RNNs), Transformers process all input data concurrently, which allows for more effi-
cient computation and the ability to handle longer sequences.

Considering the rapid advancements in LLMs, this study aims to evaluate the most significant and recent
open-source and commercial models for the specific task of epidemic information extraction. The use of
the information extracted from large-scale, unstructured data sets in epidemic infectious disease, cou-
pled with the integration to surveillance systems, can significantly enhance the accuracy and timeliness of
epidemic outbreaks modelling and forecasting.

2.1. Data

In this section, we describe the unstructured data sets used in the study. Although we have focused on
these two data sets, the approach is completely generalisable to any textual source concerning infectious
disease epidemics.

! https://ec.europa.eu/info/departments/joint-research-centre_en
2 WHO EI0S: Epidemic Intelligence from Open Sources, https://www.who.int/initiatives/eios
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2.1.1. ProMED

ProMED?, the Program for Monitoring Emerging Diseases, is an initiative by the International Society for
Infectious Diseases (ISID). As the largest publicly accessible system for infectious disease outbreak re-
porting, it serves as a critical resource for healthcare professionals and the public alike. Its platform offers
a wealth of daily posts detailing the latest developments in the field of infectious diseases. Launched

in 1994, ProMED has been at the forefront of outbreak reporting, being the first to report on numerous
disease outbreaks, including SARS, Chikungunya, Ebola, Zika, MERS, and most recently, COVID-19 [91].
Its users comprise international public health leaders, government officials, physicians, veterinarians, re-
searchers, companies, journalists, and the general public worldwide. Reports are produced and commen-
tary provided by a multidisciplinary global team of subject matter experts in a variety of fields, including
virology, parasitology, epidemiology, and entomology. Since its inception, ProMED has generated so far
more than 66,000 mail posts, from 1994-08-19 to date.

2.1.2. WHO Disease Outbreaks News

The World Health Organization (WHO)’s Disease Outbreak News (DONs)# serve as a vital source of infor-
mation on confirmed acute public health threats or potential events of concern. The platform has been
providing crucial updates since January 1996. The essence of DONs lies in its commitment to sharing
news about confirmed or potential public health events. This includes incidents of unknown cause that
carry significant or potential international health concerns and could affect international travel or trade.

It also encompasses diseases of known cause which have shown the capacity to cause a serious public
health impact and spread internationally. Since its inception, DONs has published over 3,000 pieces of cu-
rated epidemic news, from 1996-01-22 to date. It is worth noting, however, that DONs does not provide
exhaustive coverage of all epidemic events globally; reporting is contingent on national authorities for-
mally notifying the WHO, which may result in underreporting of outbreaks in regions with limited surveil-
lance infrastructure or weaker institutional reporting mechanisms. This inherent incompleteness should be
taken into account when interpreting findings derived from this data source.

2.2. Methods

In this section, we describe the epidemic information extraction models considered in our study. These
consist in the most popular and recent LLMs, spanning from open-source to commercial ones, along with
a significant semantic method from the literature for epidemic information extraction, namely EpiTator.
Please note that the LLMs employed in this study have been used through the GPT@JRC initiative of the
Joint Research Centre (JRC) of the European Commission, which enables JRC staff to explore the poten-
tial uses of Al pre-trained LLMs. The initiative, which is part of a broader study on the new technology’s
applications within the European Commission, is a central hub offering secure access to various Al mod-
els. GPT@JRC is hosted at the JRC datacentre and supports both open-source Al models, deployed on-
premises at the JRC Big Data Analytics Platform® and commercial OpenAl’'s GPT models running in the
European Cloud under a Commission contract with an opt-out clause on prompt analysis by third parties.

3 https://promedmail.org/
“ https://lwww.who.int/emergencies/disease-outbreak-news/
> https://jeodpp.jrc.ec.europa.eu/bdap/
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2.2.1. EpiTator

EpiTator® is a comprehensive open-source epidemiological annotation tool, specifically designed for the
extraction of epidemiological information from texts[1]. This tool is essentially a Python script that lever-
ages the powerful Natural Language Processing (NLP) spaCy library’ to extract critical named-entities
that are of particular interest in epidemiology applications. These entities include diseases, locations,
dates, and counts. One of the remarkable features of EpiTator is the Resolved Keyword Annotator. It
utilises an SQLite database of entities, which ensures that multiple synonyms for an entity are resolved to
a single id, thereby enhancing the accuracy and consistency of the extracted data. EpiTator also imports
information about infectious diseases and animal species from several reliable sources, including Disease
Ontology, Wikidata, and the Integrated Taxonomic Information System (ITIS). The Count Annotator feature
of EpiTator extracts and parses count values, identifying attributes such as whether the count refers to
cases or deaths, or if the value is approximate. This provides a more nuanced understanding of the data.
Instead, the Date Annotator feature identifies and parses dates and date ranges. EpiTator employs a key
entity filtering process that condenses the output to a single entity per class that best describes the corre-
sponding event. Despite EpiTator’s capability to return all entities of an entity class (e.g., disease) found in
a text, this filtering process is necessary to distill the most pertinent information. It achieves this using the
most-frequent approach filtering, which identifies the key entity from all the entities by selecting the most
frequently mentioned one per class.

2.2.2. Pythia-12b

The Pythia-12b model is a state-of-the-art transformer-based LLM that follows the architecture of the
highly popular GPT3 model. This open-source model is owned by EleutherAl®, a collective of Al specialists
aiming at advancing Al in an open and collaborative manner. Pythia-12b has been primarily designed to
facilitate research on the behaviour, functionality, and limitations of LLMs. The model operates within a
context length of 4,096 tokens and consists of a whopping 12 billion parameters.

2.2.3. Mpt-30b-chat

The Mpt-30b-chat model is a state-of-the-art, open-source LLM owned by MosaicML>. One of the key
features is its specialisation in chat and dialogue generation. It has been fine-tuned to handle conversa-
tional dynamics, making it an excellent choice for creating interactive Al applications. It was fine-tuned on
several datasets including ShareGPT-Vicuna, Camel-Al, GPTeacher, Guanaco, Baize, and some more gener-
ated datasets. In terms of technical specifics, the Mpt-30b-chat model boasts a context length of 8,192
tokens, and is built with an impressive 30 billion parameters. This vast number of parameters allows the
model to capture and learn from a wide variety of linguistic nuances, thereby greatly enhancing its con-
versational capabilities and predictive performance.

8 https://github.com/ecohealthalliance/EpiTator

7 https://spacy.io/

8 https://huggingface.co/EleutherAl/pythia-12b

S https://huggingface.co/mosaicml/mpt-30b-chat
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2.2.4. Llama-2-70b-chat

The Llama-2-70b-chat model [135] is an advanced open-source LLM owned by Meta®. It is one of the
most powerful open LLMs currently available. The base model, Llama 2, was pretrained on a diverse
range of publicly available online data sources. The fine-tuned version of this model, known as Llama-
2-70b-chat, further enhances this understanding by leveraging publicly available instruction datasets and
over 1 million human annotations. This extensive fine-tuning process ensures a high level of precision
and adaptability in its responses. In terms of its technical specifications, the Llama-2-70b-chat model op-
erates with a context length of 4,096 tokens. Moreover, the model is built with an impressive 70 billion
parameters.

2.2.5. Mistral-7b-openorca

The Mistral-7b-openorca model!! is an open-source model, owned and fine-tuned by OpenOrca using its
datasets!? on top of the Mistral LLM [99]. Despite its smaller size with 7 billion parameters, the model

is fast at inference and delivers robust performance across a wide range of tasks. With a context length
of 4,096 tokens, the Mistral-7b-openorca is one of the best performing open-source models available for
models under 30 billion parameters. This makes it a strong candidate for many API use-cases due to its
combination of size, speed, and performance.

2.2.6. Zephyr-7b-alpha

The Zephyr-7b-alpha model is an open-source model owned by HuggingFace!®. This model has been fine-
tuned by HuggingFace using a combination of publicly available and synthetic datasets on top of the Mis-
tral LLM. Despite its small size with only 7 billion parameters, it often outperforms the larger Llama-2-
13B model, demonstrating performance comparable to several models in the 20-30B range.

2.2.7. Gpt-3.5-turbo-16k

The Gpt-3.5-turbo-16k model is a robust commercial model owned by OpenAl. This model is an advanced
version of OpenAl’s Gpt-3.5-turbo, colloquially known as ChatGPT, but with four times the context. The
versatility of this model is apparent in its ability to perform a wide range of tasks. With its context length
of 16,384 tokens, the Gpt-3.5-turbo-16k model offers an expansive reach for various applications. How-
ever, being a commercial model, its extensive usage comes with a considerable cost and some usage con-
straints.

10 https://ai.meta.com/llama/

1 https://huggingface.co/Open-Orca/Mistral-7B-OpenOrca
12 https://huggingface.co/datasets/Open-Orca/OpenOrca
13 https://huggingface.co/HuggingFaceH4/zephyr-7b-alpha
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2.2.8. Gpt-4-32k

The Gpt-4-32k model, another commercial offering from OpenAl, is a powerful tool which sets itself apart
in terms of its problem-solving capabilities. It can solve difficult problems with a greater level of accuracy
than any of OpenAl’s previous models, leading to its reputation as the best LLM available for any task.
While it may come at a higher cost, the Gpt-4-32k model’s superior performance and its ability to man-
age approximately 80 pages of text make it one of the best LLM options available. Its context length of
32,768 tokens provides an even greater scope for processing and managing large amounts of data, mak-
ing it a perfect option to handle large texts.

2.2.9. Gpt-4-FewShots

The Gpt-4-FewShots is a variant to the Gpt-4-32k model obtained by passing three examples (Three-
Shots) of epidemic information extraction in the context to the Gpt-4-32k prompt, with the goal of spe-
cialising the model to handle the specific epidemic information extraction task. In-context learning (ICL)
[19] refers to a learning approach where an Al model learns from its context. LLMs have already shown
an ability for ICL as they scale in terms of model and corpus sizes [44]. The fundamental principle of
in-context learning is learning through analogy. Initially, ICL needs a handful of examples to create a
demonstration context, usually framed in natural language. Following this, ICL combines a query question
with a demonstration context to create a prompt. This prompt is then input into the language model for
prediction. We have leveraged the ICL approach on the Gpt-4-32k model'4, leading to Gpt-4-FewShots, to
allow for a more efficient and accurate way to extract and process information on epidemics.

2.2.10. Open-Ensemble

The Open-Ensemble model is an Al approach that leverages the power of multiple high-performing open-
source models to generate outputs. It uses a majority voting system to determine the best result from
the contributed models. In contrast to ordinary machine learning approaches which try to learn one hy-
pothesis from training data, ensemble methods try to construct a set of hypotheses and combine them to
use [115].

The models included in this ensemble are Llama-2-70b-chat, Mistral-7b-openorca, and Zephyr-7b-alpha,
which, as shown in the following sections, resulted in the best-performing open-source LLMs for epidemic
IE. Each of these models brings complementary strengths, enhancing the overall robustness of the en-
semble. This Open-Ensemble model, with its majority voting mechanism, ensures that the most agreed-
upon output from these three models is chosen, thereby increasing the likelihood of accuracy and reliabil-
ity in its predictions.

However, this approach introduces certain trade-offs. In particular, inference is inherently slower, as the
extraction process must be executed independently across all three models before aggregation. In ad-
dition, while the models are open-source and do not incur direct monetary costs, the approach requires
increased computational resources. Despite these limitations, the ensemble strategy provides improved
robustness and consistency compared to individual models, and allows us to assess whether it can com-
pete with the performance of more advanced commercial GPT models.

14 please note that ICL was only applied to Gpt-4-32k due its large context capability, which was not amenable in the other stud-
ied LLMs which are characterised by a way more lower context.
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2.3. Computational Experiments and Discussion

In this section, we delve into the application of LLMs for the purpose of epidemic information extrac-
tion. The extracted entities include the name of the disease, the country where the cases were reported,
the confirmed case count, and the date of the case count. We compare the performance of the differ-
ent LLMs for infectious disease epidemic information extraction, along with EpiTator. The comparison
has been made over a subset of the Incident Database (IDB), a repository developed for the purpose of
event-based surveillance®. The IDB is structured to house a comprehensive collection of data related
to epidemic events, making it an important resource for researchers and healthcare professionals. The
database includes a sample of ProMED and WHO DONs that have been meticulously annotated by do-
main experts. For the purpose of comparing the performance of the tested epidemic information extrac-
tion models, a gold standard subset of the IDB comprising 171 carefully selected samples has been se-
lected. This subset provides a benchmark against which the performance of the models have been as-
sessed. It should be noted that, due to the limited transparency of LLM pre-training datasets, it is not
possible to fully exclude potential overlap between the evaluation data and the models’ training data,
which represents a general limitation in such assessments.

We have evaluated the information extraction task as a binary classification problem where the nega-

tive class means that no information (“None”) is associated to the IDB data sample, while the the posi-
tive class indicates that the IDB is labelled with a specific epidemic information. The models have been
tested on their ability to recognise such positive and negative classes by considering the widely adopted
Precision, Recall, and F1 score metrics [33].In words, the Precision is the accuracy for the positive class
predictions. The Recall (Sensitivity) is the ratio of the positive class instances that are correctly detected
as such by the classifier. The F1 score is the harmonic mean of precision and recall: whereas the reqgular
mean treats all values equally, the harmonic one gives much weight to low values, and for this reason is a
metric preferred to the classical accuracy in an imbalanced problem setting.

Our computational results are reported in Figure 1, Figure 2, Figure 3 and Figure 4, which report the com-
parison of the different algorithms for the extraction, respectively, of the pandemic name, the country
where this outbreak occurred, the related date, and the number of cases associated to the specific out-
break. In particular, each illustration reports the considered metric scores obtained by each method (on
the left), also with the corresponding graphical performance illustration, for a better understanding (on
the right). Focusing on the performance of the LLMs, two models, namely Pythia-12b and Mpt-30b-chat,
have shown underwhelming performance, falling below the standard NLP-based method, EpiTator. How-
ever, this was not the case for all LLMs. The majority of them have demonstrated a remarkable ability to
outperform EpiTator by a significant margin. Among the LLMs in the evaluation, Gpt-4-32k stood out by
achieving the best overall performance, as expected. Another very well performer was Gpt-3.5-turbo-16k,
which also managed to achieve a significant performance level, as shown in the tables of the results. Fur-
thermore, experimenting with in-context learning via the 3-shots method (Gpt-4-32k-FewShots), we have
managed to improve the performance of Gpt-4, although this was not always the case.

Although the superior performance of OpenAl GPT models relative to the other tested methods, their use
comes with its own set of challenges. These models are costly to implement, and some of their usage
restrictions make them unsuitable in practice for a extensive deployment on a large dataset, like the full
ProMED and DONs. On the brighter side, some open-source models performed very well, albeit slightly
below the level of the OpenAl GPTs. These include Llama-2-70b-chat, Mistral-7b-openorca, and Zephyr-
7b-alpha. It's important to note that Llama-2-70b-chat was found to be slower in terms of computa-
tional times compared to the rest, given with large number of parameters (70 billions) of its underlying

15 https://github.com/aauss/EventEpi
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Figure 1. Comparison of the models for the extraction of the pandemic name.

Prec Rec F1

EpiTator 0.692 0.719 0.705
Pythia-12b 0712 0.773 0.742
Mpt-30b-chat 0.74 0.891 0.809
Llama-2-70b-chat 0.757 0.898 0.821
Mistral-7b-open 0.755 0.891 0.817
Zephyr-7b-alpha 0.752 0.875 0.809
Gpt-3.5-turbo-16k 0.75 0.961 0.842
Gpt-4-32k 0.756 0.945 0.84

Gpt-4-FewShots 0.77 0914 0836
Open-Ensemble 0.756 0921 0.83
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Source: Consoli et al., 2024 [32].

model. Finally, the adopted ensemble approach (OpenLLMs-Ensemble) on these three open-source LLMs
produces an overall robust and satisfactory performance on all the four epidemic information extraction
tasks, resulting to be comparable to the GPT models. Therefore, OpenLLMs-Ensemble allows for a full
deployment on the entire ProMED and DONs data, spanning approximately 70,000 documents, thereby
providing a comprehensive and efficient solution for infectious disease epidemic information extraction.

This use case has demonstrated the significant potential of LLMs in epidemic surveillance, particularly

in the extraction of valuable epidemic information from unstructured big data sources. Several LLMs
were evaluated and their capabilities in extracting epidemic information were assessed. The findings of
this study suggest that LLMs, particularly when used in an ensemble, can significantly enhance the accu-
racy and timeliness of epidemic modelling and forecasting. This application of LLMs not only streamlines
the data gathering process but also has the potential to improve early warning systems and epidemic re-



Figure 2. Comparison of the models for the extraction of the country name.

Prec Rec F1

EpiTator 0978 0819 0.892
Pythia-12b 0.962 0.452 0.615
Mpt-30b-chat 0979 0.855 0913
Llama-2-70b-chat 0.98 0.898 0937
Mistral-7b-open 0.986 0.861 0.92

Zephyr-7b-alpha 0.981 091 0.944
Gpt-3.5-turbo-16k 0.981 091 0.944
Gpt-4-32k 0.981 0928 0954
Gpt-4-FewShots 0.981 0.928 0954
Open-Ensemble 0.981 091 0.944
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sponse strategies. These models provide a promising tool for managing future pandemic events, reducing
their impact on society and economies, and, finally, saving lives.
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Figure 3. Comparison of the models for the extraction of the pandemic date.

Prec Rec F1

EpiTator 0.892 0.576 0.7
Pythia-12b 0.735 0.158 0.26
Mpt-30b-chat 0814 0304 0442
Llama-2-70b-chat 0916 0.759 0.83
Mistral-7b-open 0.908 0.69 0.784
Zephyr-7b-alpha 0.92 0.804 0.858
Gpt-3.5-turbo-16k 0.902 0.639 0.748
Gpt-4-32k 0913 0.734 0814
Gpt-4-FewShots 0904 0.658 0.762
Open-Ensemble 0.92 0.804 0.858
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Figure 4. Comparison of the models for the extraction of the number of cases engender by the pandemic.

Prec Rec F1

EpiTator 0.387 0.321 0.351
Pythia-12b 0.365 0.277 0.315
Mpt-30b-chat 0619 0464 0531
Llama-2-70b-chat 0.561 0.536 0.548
Mistral-7b-open 0.67 0.527 0.59

Zephyr-7b-alpha 0.615 0571 0.593
Gpt-3.5-turbo-16k 0699 0455 0.551
Gpt-4-32k 0.673 0589 0629
Gpt-4-FewShots 0.733 0.589 0.653
Open-Ensemble 0.625 0.581 0.601
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3. Development of the Epidemiology Knowledge Graph

Processing the vast quantity of unstructured epidemiological datasets poses significant challenges [108,
138]. In this chapter we focus on the World Health Organization (WHO) Disease Outbreak News (DONSs,
see Section 2.1.2.) This publicly accessible system disseminates information on events related to health
emergencies, reported by national authorities and various collaborators [103, 96]. The WHO compiles
these data into narrative descriptions that detail the specifics of each outbreak. Typically, these narratives
pinpoint the affected geographical area, the disease in question or a syndromic occurrence with an unde-
termined cause, and may include details of the response efforts, such as the status of laboratory testing
for confirmation. Despite their considerable information value, DONs have been underutilised in academic
research, primarily due to their unstructured, prose-based format, which poses significant barriers to sys-
tematic analysis and integration into automated health informatics systems [90].

In response to these challenges, our study employs an ensemble of advanced generative Al techniques,
leveraging the strengths of multiple Large Language Models (LLMs) [136, 19], to extract and structure
relevant epidemiological information from the WHO DONSs [32], as already described in the previous Sec-
tion 2. The epidemiological information (i.e., disease and pathogen name, involved country, date of event,
cases total, and mortality) extracted via this novel approach is made publicly available adopting FAIR
(Findable, Accessible, Interoperable, and Reusable) principles and following the paradigms of Linked Open
Data (LOD) [60].

Extracting and integrating heterogeneous information for knowledge discovery can be a complex task for
researchers and public health surveillance experts. To address these issues, we adopt a knowledge-centric
paradigm involving the creation of a structured, interconnected, and formal representation of the WHO
DONs into a knowledge graph (KG) [9, 106], in order to improve the capabilities of conducting complex
and extensive analysis of disease outbreaks. In recent years, KGs have become a powerful tool for or-
ganising domain knowledge of various nature and integrating the contained information to reveal hidden
associations [68]. They have been successfully used by the research community to create semantically
enriched representations of data across various domains [9] as well as to offer significant support to Al
systems across multiple domains [132]. KGs are data structures describing the key entities in a domain
and their relationships, presenting information in a format accessible and interpretable by both machines
and humans [61]. The relationship between two entities is typically formalised as a triple in the format
<subject, predicate, object> following the Resource Description Framework (RDF! as a standard model
[68] (e.g., <Chikungunya virus, cause, 109 deaths> or <Yersinia Pestis, occur, China>), on top of which
different kinds of reasoning activities can be conducted using expressive languages, such as Description
Logic (DL) [12], Web Ontology Language (OWL) [6] or SPARQL [1101.

While other KG architectures are possible, such as through graph DBMS (such as Neo4j?), each with its
own advantages and disadvantages [4], we have chosen to adopt RDF as our data model due to its ability
to provide a robust framework for the semantic representation and integration of complex datasets [104].
RDF is ideal for ensuring interoperability and extensibility, as it follows widely accepted standards that
enable seamless data integration from diverse sources [92]. This is particularly beneficial in the context
of epidemiological data, where the integration of various ontologies and datasets can provide deeper in-
sights and more accurate analysis. Moreover, RDF’'s compatibility with OWL ontologies allows us to lever-
age semantic reasoning capabilities, enabling more sophisticated data interpretations and inferencing [6].
These features are essential for enhancing the utility and usability of the produced epidemiological knowl-
edge graph (eKG), as they support advanced queries and analysis that go beyond simple data retrieval. By

! Resource Description Framework (RDF): https://www.w3.0rg/RDF/
2 http://neo4j.org/
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choosing RDF, we ensure that our dataset is not only semantically rich and coherent but also well aligned
with the principles of FAIR data, thus promoting broader data sharing and reuse within the scientific and
public health communities [60]. By following this approach, we construct the eKG from DONs, offering a
nuanced representation of the public health domain of knowledge. This formalised framework effectively
integrates extracted epidemiological information from DONs, enhancing the analysis and understanding
of public health surveillance data.

Figure 5 provides a schematic overview of the pipeline, which will be described in more detail in the “Meth-
ods” section. A process is triggered to extract, transform and load (ETL) new reports from WHO DONSs,
which are then processed by the ensemble of LLMs for the epidemiological information extraction (IE)
task. The extracted information is then published using FAIR principles along with the derived eKG. This
enables a number of semantic services and interfaces to be deployed above, allowing access and explo-
ration of the derived knowledge graph. These resources have significant potentials to improve the utility
and usability of WHO DONs for both researchers and public health professionals, and promote new re-
search opportunities in public health surveillance and epidemiology for the analysis of disease outbreaks,
and response to public health threats.

Figure 5. Schematic overview of the pipeline to extract and publish relevant epidemiological information from the
WHO'’s Disease Outbreak News.
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In summary, the work described in this chapter provides a comprehensive and structured dataset derived
from the WHO DONSs. Our work showcases the value of extracting epidemiological data from narrative
reports. The establishment of a knowledge graph of epidemiological information and the application of
LLMs in an ensemble fashion [32, 154] to process and analyse unstructured data mark a transformative
step towards enhancing our global understanding and management of disease outbreaks.

3.1. Methods

This section describes how we constructed the knowledge graph of epidemiological information from
DONs. The released resource was built using the automatic pipeline depicted in Figure 5, composed of
several modules that can be grouped into three main categories: i) LLMs for Epidemiological Information
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Extraction (IE), where the important epidemiological information is extracted from DONs using an ensem-
ble of open-source LLMs, ii) eKG FAIR Publishing, which converts the extracted information into the eKG
knowledge graph following the paradigm of Linked Open Data, adds additional contextual information to
the extractions, and makes the resource available to local authorities, research organisations, national
and European governmental institutions and international organisations through a public repository, and
iii) eKG Services & Interfaces, consisting of several additional services and tools that we are building on
top to expand the final user experience.

3.1.1. LLMs for Epidemic IE

As already described in the previous Section 2, this study utilises LLMs to extract useful epidemiologi-
cal information for analysis. These predictions are informed by the model’s learning from extensive text
datasets.

Building on the assessment of recent LLMs for epidemiological information extraction [32], our work em-
ploys an ensemble approach, which was shown to be comparable or even superior to commercial tech-
niques for extracting structured epidemiological information from text, including outbreak disease names,
involved countries, event dates, total cases, and deaths (Section 2). A solution based on open-source
LLMs is ideal in this context because it overcomes specific usage constraints of commercial models, e.q.
maximum number of tokens that can be processed per day, maximum number of API requests per units
of time etc,, allowing for a full deployment on the entire DONs data.

By leveraging the extracted information in the context of infectious disease outbreaks from DONs, and
integrating it into a surveillance system, we aim to improve the precision and speed of epidemiological
analysis. After extracting, transforming and loading (ETL) the new reports from WHO DONs, cleaned and
normalised, they are processed by the ensemble of those LLMs. The adopted LLMs for the ensemble are:
Mistral-7B-OpenOrca, Zephyr-7B-Beta, and Meta-Llama-3-70B-Instruct>.

Afterwards, for the extraction of the key epidemiological entities (name of disease outbreaks, involved
country, date of the outbreak, number of confirmed cases and deaths) for each DON report, the LLMs are
supplied with the prompt depicted below [32]:

“From the text below extract the following items:

1 - The name of the disease that caused the outbreak.

2 - The name of the country where this disease outbreak occurred, if present.

3 - The date when this disease outbreak occurred, if present. Show the date in the format YYYY-mm-dd.

4 - The number of deaths caused exclusively by the disease outbreak mentioned in the text, if present.
Format your response as a JSON object with the following keys: disease name, country, date, cases. If the
information is not present, do not invent and use “None” as the value.

Text: ..”"

The used prompts were selected based on their ability to effectively extract key epidemiological entities
with high accuracy, as demonstrated through iterative testing and validation against a benchmark portion
of the data. This ensures that the extracted information is both precise and reliable, aligning with the ob-
jectives of our study. As an example, consider the WHO DON “Nipah virus - India” of the 31st May 2018
(https://www.who.int/emergencies/disease-outbreak-news/item/31-may-2018-nipah-virus-india-en), re-
porting a Nipah virus outbreak in Kerala, India, resulting in 15 laboratory-confirmed cases, 13 deaths and

3 Please note that the original LLMs adopted for the ensemble in the previous section were: Mistral-7B-OpenOrca, Zephyr-7B-
Alpha, and Meta-Llama-2-70B-Chat. Here we adopt the upgraded, larger versions of these models.
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2 hospitalisations, with bats linked to the initial transmission, and prompting a robust local and WHO-
supported public health response, including surveillance and infection control measures. The extraction
answer provided in JSON by the Mistral-7B-OpenOrca model using the detailed prompt was:

{ “disease”: “Nipah virus”, “country”: “India”, “date”: “2018-05-19", “cases” “15”, “deaths” “13”},

which we can note correctly structures the main epidemiological information from this disease outbreak.

In addressing the challenge of ensuring valid JSON outputs from LLMs, we opted for an algorithmic vali-
dation approach. This involves programmatically verifying JSON validity and employing synthetic heuris-
tics to attempt reconstruction in case of JSON formatting issues. These heuristics involve checking for
common JSON structural issues such as typos, missing or extra characters, and unexpected attributes.
The process involves:

1. Checking if the output is a valid JSON using a validation function.

2. If invalid, attempting to clean and correct common errors such as misplaced or absent quotation marks,
misplaced brackets, and removing irrelevant text.

3. Ensuring all necessary attributes are present and properly formatted.

4. Removing any unexpected attributes not required in the JSON structure.

The outputs we were unable to clean, which accounted for less than 1% of the overall data from our cal-
culations, were discarded. This method allows us to effectively manage and correct JSON outputs, ensur-
ing they meet the necessary structural requirements for further elaboration.

After a report is processed by all the contributed LLMs, majority voting is used among their outputs for
each of the extracted epidemiological information, forming in this way the output of the Ensemble. This
majority voting technique is particularly effective in mitigating the hallucination issue commonly asso-
ciated with LLMs. Hallucination refers to the generation of information that is not present in the input
data [11]. In machine learning, ensemble methods aggregating the predictions from multiple approaches
are able to improve the overall performance. This is indeed a well-documented phenomenon in machine
learning [115, 154]. The underlying principle is that by pooling together the strengths and mitigating the
weaknesses of various models, the ensemble can achieve better accuracy and robustness than any single
model alone. By employing majority voting on the extracted epidemiological information from the LLMs,
the ensemble approach ensures that only the most consistent and agreed-upon information is retained,
thereby reducing the potential for hallucinated outputs and improving the reliability of the extracted epi-
demiological data. For example, if the extracted number of cases from the three LLMs for a report is: 15,
17, and 15, the Ensemble would give 15 as the output for the number of cases for that report. Please
note that if each model had given a different answer, the ensemble randomly selects one. When textual
epidemiological information, that is disease names and countries, need to be evaluated by the major-

ity voting system, the process is slightly more complicated, as two terms representing semantically the
same concept should be grouped together. This was achieved by compiling a dictionary of synonyms of
disease and pathogen names, and another of country names synonyms. Synonyms are created by (i)
first checking for syntactic similarity among the terms to be compared (e.g. “Trinidad and Tobago” and
“Trinidad & Tobago”, or “Florida, USA” and “USA (Florida)”; (ii) checking for synonymy by looking for over-
lapping synsets in WordNet [95]; (iii) checking for semantic similarity among the terms to be compared
(e.g. “Middle East respiratory syndrome” and “MERS-CoV”, or “Dengue” and “Breakbone fever”. To calcu-
late the semantic similarity we used Sentence Transformers, also known as SBERT (Sentence-BERT) [112],
which is a modification of the pre-trained BERT (Bidirectional Encoder Representations from Transform-
ers) [42] network that uses siamese and triplet network structures to derive semantically meaningful
sentence embeddings. These embeddings can then be compared using a metric like the cosine similar-
ity [76] to determine the semantic similarity between sentences. SBERT fine-tunes the BERT network on
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a dataset of sentence pairs, training it to produce embeddings that bring semantically similar sentences
closer together in the embedding space. This allows for much faster performance in downstream tasks,
as the sentence embeddings can be precomputed and easily compared without the need for further BERT
processing. In particular, to evaluate the semantic similarity among country names, we experimentally se-
lected the all-mpnet-base-v2*. SBERT model, which is an all-round model trained on a large and diverse
dataset of over 1 billion training pairs and tuned for many diverse use-cases. For the disease outbreaks
we used instead BioBERT [80], a domain-specific version of the BERT model pre-trained on biomedical lit-
erature to enhance performance on biomedical natural language processing tasks [38]. While alternatives
such as SciBERT could also be considered, BioBERT was selected due to its specific focus on biomedical
corpora, which are more closely aligned with the characteristics of disease outbreak data. We set an ex-
perimental threshold of 0.8 for the semantic similarity € [0,1], meaning that two terms having a semantic
similarity larger than this threshold were considered to represent the same concept. Choosing the most
appropriate semantic similarity score can be challenging and often requires empirical experimentation to
determine the best fit for a specific scenario. A typical range for semantic similarity values is often be-
tween 0.7 and 0.9, which has been supported by numerous studies (see e.g. [57, 153, 72]). For our use
case, we experimentally selected a threshold of 0.8, as it demonstrated an effective balance in differen-
tiating terms while maintaining homogeneous groups of synonyms for disease and pathogen names, as
well as country names. In this way, clusters of disease nhames and countries synonyms were obtained,
forming dictionaries of similar concepts.

Using the majority voting approach, the Ensemble model determines the most precise output from the
three participating models, thus boosting the chances of accurate and reliable predictions. This approach
enables the model to compete with the performance of more advanced commercial language models
for epidemiological IE [32]. By combining the advantages of multiple models, it emerges as an effective
strategy for the task of epidemiological information extraction.

3.1.2. eKG FAIR Publishing

The epidemiological knowledge graph, eKG, has been produced from the information extracted by the
WHO DONSs, providing a rich data model for the public health surveillance domain. It has been imple-
mented by using Semantic Web technologies, such as RDF® and the Web Ontology Language (OWL) [6],
which allow human experts to verify, curate, and correct both the data and their schema, to produce an
ontologically-grounded knowledge graph.

A knowledge graph can be formally defined as a pair <7, A>, where T is the TBox and A the ABox [22].
The TBox serves as the foundational layer containing the formal descriptions of a domain’s structure, en-
compassing specific class hierarchies, relational properties, and basic axioms or declarations [22] (e.g., a
surveillance process is a subclass of a planned process, as illustrated in Figure 6). In contrast, the ABox
details the properties and attributes of instantiated class objects (namely, individuals or data names) and
declarations concerning their categorical placement within the TBox structure [22] (e.q., as depicted in
Figure 6, the don-record2740 is a surveillance process associated to the Nipah Virus infectious disease
occurred in India on 2018-05-19, with 15 infected population cases confirmed and 13 deaths). Exter-
nal data entities that exist beyond ontological specifications can be formulated using existing ontological
paradigms through TBox strategies (by leveraging schema-level constructs) or ABox implementations (by
applying individual-level representations) [25]. The class-based method characterises each data element
via subClassOf relations with existing ontology classes, while the instance-based method characterises

“ https://huggingface.co/sentence-transformers/all-mpnet-base-v2
> https://www.w3.0rg/TR/REC-rdf-syntax/
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them via instanceOf relations with existing ontology classes, as done in eKG. In particular, for the extrac-
tion of eKG we have strongly followed principles from ontology design patterns (ODPs) [52] and LOD [60],
that is, whenever possible we reuse existing ODPs from online LOD repositories. Reused patterns are an-
notated with the OPLa framework [120] in order to facilitate class mapping and identification, which helps
ground the knowledge graph to the ontology classes, ensuring semantic consistency and enhancing data
integration. In particular we reuse classes and relations from IDO (Infectious Disease Ontology) [34] and
include explicit alignments to them by rdfs:subClassOf properties. IDO is a collection of structured enti-
ties generally relevant to both the biomedical and clinical aspects of infectious diseases. The structure of
IDO adheres to the Basic Formal Ontology (BFO) [100] and aims to provide a coverage of the infectious
disease domain. Terms in IDO that are within the scope of other OBO Foundry ontologies [65] are derived
from those respective ontologies. In this way we also map indirectly to the WHQO’s International Classifica-
tion of Diseases, Version 10 (ICD10)°.

Figure 6. This picture illustrates an example on the implementation of Description Logic for structured knowledge
representation. The TBox comprises concepts such as surveillance process and planned process, along
with assertions defining relationships between these concepts (e.qg., <surveillance process, subclass of,
planned process>). The ABox represents instances of these concepts, like don-record2740, and pro-
vides assertions relating these instances to other concepts (e.q., <don-record2740, instance of, surveil-
lance process> and <don-record2740, geographical region, India>) as well as to literal values (e.qg., <don-
record2740, date of infection, 2018-05-19> and <don-record2740, infected population cases, 15>).
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Source: Consoli et al, 2025 [31].

When creating a knowledge graph from heterogeneous sources, like in our case with eKG, there is the

possibility of introducing the same real-world entity multiple times, as they may be expressed in different
forms (e.g. “SARS” vs “severe acute respiratory syndrome”). Entity linking [119], i.e. grounding the facts in
domain ontologies, is a technique used to reduce this phenomenon and an essential feature of knowledge
graphs. In our case, the data resources of eKG have been linked to biomedical ontologies using the NCBO

8 1CD10: https:/ficd.who.int/browse10/2019/en
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BioPortal’, and to geo-locations using GeoNames&, ensuring consistent and accurate entity representation
across datasets.

The NCBO BioPortal [101] is a comprehensive online platform designed to provide access to a vast repos-
itory of biomedical ontologies and related resources. Developed by the US National Center for Biomedical
Ontology (NCBO), the BioPortal allows researchers, clinicians, and developers to browse, search, and inte-
grate diverse ontological data to enhance biomedical research and application development. It supports
a wide array of functions including ontology browsing, download, versioning, and annotation, facilitating
better understanding and interoperability of complex biological and medical data. By offering these tools
and resources, the BioPortal plays an important role in advancing semantic technology and data sharing
in healthcare and life sciences.

GeoNames, conversely, is an open-source geographical database, reqularly updated, that covers all coun-
tries worldwide and contains over eleven million place names. We have adopted it to describe geographi-
cal entities, such as cities, regions, or country names where a disease outbreak has occurred [78].

Both BioPortal and GeoNames represent invaluable resources for knowledge graph construction in a field

such as public health intelligence, where data quality is essential to avoid data duplication and ensure

unique identification of outbreak events. Therefore, we have searched infectious disease names and out-
break locations in eKG using the BioPortal Annotator API® and the GeoNames Search Webservice!9, re-
spectively, and the discovered entities have been stored in eKG. Specifically, infectious disease names

identified in the epidemiological reports have been linked to biomedical ontology entities using the skos:related
axiom, while the obo:RO_0001025 property, a.k.a. located in, has been adopted for linking the geo-locations

to the equivalent GeoNames entities.

The outcome of the entity linking process is twofold. First, it allows eKG to be enriched with additional in-
formation from external domain ontologies and GeoNames. For example, if a disease outbreak in eKG is
linked to a biomedical entity in the BioPortal, additional information about the disease outbreak such as
its symptoms or its transmission patterns could be quickly accessed and analysed. Second, it provides a
mechanism for connecting eKG to other knowledge graphs and datasets that are using standard biomedi-
cal terminologies. This is important for enabling cross-domain knowledge discovery, integration, and max-
imising interoperability.

The inclusion of links to external domain ontologies in the eKG entity metadata provides additional con-
textual information and connections to external knowledge sources, allowing for more comprehensive and
diverse data analysis. This linkage allows researchers and public health professionals to draw on a wealth
of existing ontological information to better understand the outbreak’s characteristics and study effec-
tive response strategies. The inclusion of external links also facilitates the integration of eKG with other
knowledge graphs and databases, enabling cross-disciplinary research and collaboration.

An in-depth explanation of the structure of eKG and each associated data record is provided in the “Data
Records” section, which also offers an overview of the data files and formats. The disease outbreak events
have been extracted from the DONs reports by the LLMs ensemble and mapped as individuals of eKG,
leveraging the computational power of the JRC Big Data Analytics Platform [122]. The epidemiological

7 https://bioportal.bioontology.org/

8 https://www.geonames.org/

9 https://data.bioontology.org/documentation#nav_annotator
10 https://www.geonames.org/export/geonames-search.html
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knowledge graph is made available [35] in structured RDF/XML and Turtle!! formats, with raw extrac-
tions also given in CSV, within the Joint Research Centre Data Catalogue!? at the following permanent
location: http://data.jrc.ec.europa.eu/dataset/89056048-7f5d-4d7c-96ad-f99d1c0f6601, used also as
reference namespace for the eKG individuals. The knowledge graph was also released within the Euro-
pean Data portal [75], the official data repository for European data, at the following permanent location:
https://data.europa.eu/data/datasets/89056048-7f5d-4d7c-96ad-f99d1c0f6601.

3.1.3. eKG Services & Interfaces

Using the described pipeline, we generated the ontologically-grounded knowledge graph of epidemiologi-
cal information, comprising roughly of 46K distinct, non-reified (i.e. that are not given additional metadata
or context, meaning they are expressed in a straightforward <subject, predicate, object> format without
any further elaboration or annotation [104]) triples, representing around 2.9K unique outbreak events via
a total of 3.6K generalised axioms, as of the 28" February 2025. To access the data programmatically,
we set up a Virtuoso SPARQL endpoint3 where eKG can be queried and analytical information on target
disease outbreaks, attributes, and relations can be retrieved in structured data format using the SPARQL
query language [110]. On top of eKG we are currently developing a number of intuitive and user-friendly
services and interfaces at European Commission premises, including content negotiation, visualisation and
navigation of data, improved exploitation of the available information and knowledge discovery. These se-
mantic services are applicable and valuable to any kind of knowledge graph based on RDF/OWL technol-
ogy, enhancing their utility and accessibility across various domains. The central point of access (Figure 7)
is a web interface where it is possible to have an immediate view of the main epidemiological information
associated to a disease outbreak, along with quick reference pointers to other semantic applications (see
also the “Usage Notes” section), namely: the Virtuoso Faceted Browser'#, a general purpose RDF data
query facility service for faceted browsing over entity relationship types, allowing users to explore the
outbreak events in a structured and intuitive way (e.qg., see the left snapshot of Figure 7); LodView [74], a
web application compliant to World Wide Web Consortium (W3C) [59] standards for IRI dereferentiation
which provides a representation of our RDF disease outbreak resource through a custom intuitive HTML
page’®, e.q. see the bottom snapshot of Figure 7; LodLive [23], a navigator of RDF resources based on a
graph layout!®, e.g. see the top-right snapshot of Figure 7.

3.2. Data Records

The extracted epidemiological information from DONs is available in CSV format, while both the DONs
and the knowledge graph are available in RDF/XML and Turtle formats within the Joint Research Centre
Data Catalogue [35]. Data are freely available to the public and can be downloaded without any login
details by selecting the appropriate URL in one of the repositories above. The raw CSV file available in
the repository [35] contains the extracted details of the occurring event from each report. In particular, it
contains the following information:

1 https://lwww.w3.org/TR/turtle/

12 Joint Research Centre Data Catalogue, https://data.jrc.ec.europa.eu/

13 virtuoso SPARQL endpoint: https://api-vast.jrc.service.ec.europa.eu/spargl/. Currently the access is password protected, with
credentials available upon request to authors.

14 virtuoso Faceted Browser: https://api-vast.jrc.service.ec.europa.eu/fct/

15 http://lodview.it/

18 http://lodlive.it/
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Figure 7. Snippet of eKG exploration services and interfaces.
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Source: Consoli et al, 2025 [31].

“fileid” column, presents the ID of the report, which is taken from the slug of the URL of the DON
itemn;

“virus_extracted” column, denotes the extracted name of the disease outbreak extracted from the
current DON item;

“country_extracted” column, depicts the involved countries as extracted from the report linked to
the specific disease outbreak;

“date_extracted” column, presents the date when the disease outbreak occurred, in the format
YYYY/MM/DD;

“date_cases_Imputed” column, shows the date reported in the fileid of the report, if present, and

it can be related to the publication date of the report (YYYY/MM/DD format), although not formally
defined in DONs. It is important to note that the date in the report may vary significantly from the
actual date of the disease outbreak. Therefore, this information could be useful for analysis only
when the “date_extracted” is missing, which means it was not possible to automatically extract the
actual outbreak date from the main text of the report;

“cases_extracted” column, shows the extracted number of confirmed cases deriving from the spe-
cific disease outbreak;

“deaths_extracted” column, presents the related event mortality.

In our data engineering work to model the knowledge graph of epidemiological information, we adhered
to standard style guidelines for identifying and describing linked data resources [53]. Specifically, within
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eKG, data names are formatted in lowercase, with any spaces replaced by dashes, adhering to established
conventions for naming and labeling knowledge graphs [53, 61]. Conversely, class names in the ontology
definitions are formatted in uppercase, in line with common style guidelines for such terminologies [53,
611 In this context, data names refer to the specific identifiers assigned to data elements within the ABox
of the knowledge graph, while class names in the ontology definitions are part of its TBox, defining the
structure and constraints of eKG [68].

The main classes of the knowledge graph are mapped to RDF/OWL, as illustrated in Figure 8. A disease
outbreak event from DONs is an instance (rdf:type) of the IDO:surveillance_process class, which is a spe-
cialisation of a generic OBI_0000011:planned_process. A disease outbreak is associated with an /DO _
0000436:infectious_disease, which has a specific infectious_disease_name that corresponds to the name
of the disease extracted from the DONs text, occurring in a GEO_000000372:geographical_region on

a date_of _infection, i.e., a dcterms:date [140]. Please note that when a date is reported in the title of

a DONs, such as in the “Nipah virus - India” DON of the 31st May 2018 as an example, an additional
imputed_date_of _infection is also associated to the disease outbreak event; however, this information
should be taken with the due care, given the reporting date might be delayed with respect to the actual
occurring date of the disease outbreak. In the “Nipah virus - India” DON example, indeed, the report-

ing imputed_date_of _infection would be the “2018-05-31", but the actual date_of infection reported in
the DON is the “2018-05-19". The imputed_date_of _infection could be useful for analysis only when it
was not possible to automatically extract from the main text of the report an actual date_of infection.

A disease outbreak event is then associated with a portion of infected_population expressed in terms of
IDO_000051 1:infected _population_cases extracted from the DON report, which can ultimately lead to
an IDO_00004889:infectious _disease_mortality, i.e., the extracted number of deaths from the disease
outbreak report. It is worth noting that the skos:related triples serve to connect the “Nipah virus” disease
outbreak, identified in the report, with corresponding outbreak names from various open-source vocabu-
laries on the web through entity linking. Additionally, the triple having obo:RO_0001025 property (which
denotes the relationship located in) associates the location “India” with its equivalent GeoNames identifier,
i.e. geonames:1269750, also facilitated by entity linking.

Consider the following vocabulary prefixes, in RDF/XML:

<rdf-RDF
xmins="“http://data.jrc.ec.europa.eu/dataset/89056048-7f5d-4d7c-96ad-99d1c0f6601/”
xml:base="http://data.jrc.ec.europa.eu/dataset/89056048-7f5d-4d7c-96ad-f99d1c0f6601/”
xmins:owl="http://www.w3.0rg/2002/07/owl#”
xmlns:rdf="http://www.w3.0rg/1999/02/22-rdf-syntax-ns#”
xmins:xml="http://www.w3.0rg/XML/1998/namespace”
xmins:rdfs="http.//www.w3.0rg/2000/01/rdf-schema#”
xmins:xsd="“http:// www.w3.0rg/2001/XMLSchema#"
xmins:skos="“http//www.w3.0rg/2004/02/skos/core#”
xmins:dcterms="http://purl.org/dc/terms/”
xmlns:obo="http//purl.obolibrary.org/obo/”

The RDF/XML triples of this example are encapsulated within the following OWL statement:

<rdf:Description rdf:about="http.//data.jrc.ec.europa.eu/dataset/89056048-7f5d-4d7c-96ad-
f99d1c0f6601/don-record2740”>
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<rdf:type rdf:resource="http://purl.obolibrary.org/obo/VSMQO_"/>
<dcterms:identifier>don-record2740</dcterms:identifierl>
<dcterms:description>Outbreak of Nipah Virus occurred in India on 2018-05-19, with
confirmed 15 cases and 13 deaths.</dcterms:description>
<rdfs:label>31-may-2018-nipah-virus-india-en</rdfs:label>
<virus_extracted>Nipah Virus</virus_extracted>
<skos:related rdf:resource="http.//purl.bioontology.org/ontology/MESH/D045405"/>
<skos:related rdf-resource="http://ncicb.nci.nih.gov/xml/owl/EVS/Thesaurus.owl#C112359"/>
<skos:related rdf-resource="http://purl.bioontology.org/ontology/SNOMEDCT/115511007"/>
<skos:related rdf:resource="http.//purl.obolibrary.org/obo/NCBITaxon_3052225"/>
<skos:related rdf:resource="http://sbmi.uth.tmc.edu/ontology/ochv#C0751673/>
<country_extracted>India</country_extracted>
<0bo:RO_0001025 rdf:resource="https.//sws.geonames.org/1269750/"/>
<date_extracted rdf-datatype="http.//www.w3.0rg/2001/XMLSchema#date”>2018-05-19
</date_extracted>
<date_cases_Imputed rdf:datatype="http.//www.w3.0rg/2001/XMLSchema#date”>2018-05-31
</date_cases_Imputed>
<cases_extracted>15</cases_extracted>
<deaths_extracted>13</deaths_extracted>
</owl:Class>

where the raw extractions metadata are linked the ontology classes of eKG as shown below:

<owl!:Class rdf-about="http://data.jrc.ec.europa.eu/dataset/89056048-7f5d-4d7c-96ad-
f99d1c0f6601/virus_extracted”>

<rdfs:subClassOf rdf:resource="http://purl.obolibrary.org/obo/IDO_0000436"/>
</owl:Class>

<owl:Class rdf-about="http://data.jrc.ec.europa.eu/dataset/89056048-7f5d-4d7c-96ad-
f99d1c0f6601/country_extracted”>

<rdfs:subClassOf rdf:resource="http.//purl.obolibrary.org/obo/GEO_000000372"/>
</owl:Class>

<owl:Class rdf:about="http://data.jrc.ec.europa.eu/dataset/89056048-7f5d-4d7c-96ad-
f99d1c0f6601/date_extracted”>

<rdfs:subClassOf rdf:resource="http.//purl.org/dc/terms/date’/>
</owl:Class>

<owl:Class rdf:about="http://data.jrc.ec.europa.eu/dataset/89056048-7f5d-4d7c-96ad-
f99d1c0f6601/date_cases_Imputed”>

<rdfs:subClassOf rdf:resource="http.//purl.org/dc/terms/date’/>
</owl:Class>

<owl:Class rdf:about="http://data.jrc.ec.europa.eu/dataset/89056048-7f5d-4d7c-96ad-
f99d1c0f6601/cases_extracted”>

33



Figure 8. Main classes within eKG.
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<rdfs:subClassOf rdf:resource="http.//purl.obolibrary.org/obo/IDO_0000511"/>
</owl:Class>

<owl:Class rdf:about="http://data.jrc.ec.europa.eu/dataset/89056048-7f5d-4d7c-96ad-
f99d1c0f6601/deaths_extracted”>

<rdfs:subClassOf rdf:resource="http.//purl.obolibrary.org/obo/IDO_0000489"/>
</owl:Class>

We enable direct access to the extracted knowledge graph data via custom SPARQL queries through a
dedicated REST APl SPARQL endpoint.

3.2.1. Data Statistics

After removing 353 entries with missing country and disease, the dataset consists of 2,556 entries, list-
ing 144 unique pathogens/diseases and 207 unique countries. Table 2 shows the top 10 disease outbreak
names, countries, and disease outbreak names - country pairs by total number of extracted events. The



events detected contain a combination of human diseases and zoonoses, with worldwide coverage. Figure
9 presents four case studies as a time series of the number of cases over time. Figure 9, Panel a, shows
the numbers of MERS-Cov cases reconstructed by the LLM in Saudi Arabia, with a consistent reconstruc-
tion of the MERS-Cov cases experienced in the areal”. Panels b) and d) of Figure 9 show the number of
Ebola cases reconstructed by the LLM in the Democratic Republic of the Congo (DRC) and Guinea, re-
spectively, illustrating the Kivu Ebola Epidemic of 2018-2020 in DRC'8 and the West Africa outbreak of
2014-2016%°. Panel c) of Figure 9 shows instead the reconstructed number of SARS cases in China, with
a qualitative reconstruction of the SARS outbreak of 2002-20044°. Overall, the dataset shows potential
for reconstructing trends for some epidemics, particularly those involving diseases included in the Inter-
national Health Regulations, as these are consistently reported and updated in the DONs. For an in-depth
quantitative comparison, see the next “Technical Validation” section.

Table 2. The top reported disease outbreak names, countries, and disease outbreak name-country pairs by total
number of extracted events (number given in parentheses). Pairs of disease outbreak name-country in
bold are further illustrated in Figure 9.

Top 10 Disease

Top 10 Countries

Top 10 Disease Outbreak Names - Country

Outbreaks pairs
Avian influenza China (243) Saudi Arabia - MERSCoV (201)
(570)
MERSCoV (296) Democratic China - Avian influenza (172)
Republic of Congo
(226)
Ebola (211) Saudi Arabia (225) | Democratic Republic of Congo - Ebola (134)
Cholera (146) Egypt (155) The Netherlands - Avian influenza (108)
Yellow Fever (146) The Netherlands Egypt - Avian influenza (101)
(142)

SARS (78)

United Republic of
Tanzania (89)

China-SARS (51)

Hemorrhagic fever
(68)

Viet Nam (66)

Viet Nam - Avian influenza (41)

Dengue Fever (56)

Angola (60)

Democratic Republic of Congo - Hemorrhagic
fever (31)

Meningococcal
(Group C) (54)

Cameroon (51)

Guinea - Ebola (30)

H5N1 (51)

Guinea Bissau (49)

Cameroon - Yellow Fever (30)

Source:

Consoli et al,, 2025 [31].

3.3. Validation & Usage

We compared the yearly number of MERS-Cov cases in Saudi Arabia from the reconstructed events with
the number of confirmed cases reported by the WHO. Figure 10 shows the scatter plots of WHO yearly

17 Middle East respiratory syndrome coronavirus, Kingdom of Saudi Arabia: https://www.who.int/emergencies/
disease-outbreak-news/item/2024-DON516
18 Ebola outbreak 2018-2020, North Kivu-Ituri: https://www.who.int/emergencies/situations/Ebola-2019-drc-

1S Ebola outbreak 2014-2016, West Africa: https://www.who.int/emergencies/situations/ebola-outbreak-2014-2016-West-Africa

20 https://en.wikipedia.org/w/index.php?title=2002%E2%80%932004_SARS_outbreak
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Figure 9. Number of extracted cases vs. time for 4 case studies: MERS-Cov in Saudi Arabia (Panel a), Ebola cases
in the Democratic Republic of Congo (Panel b), SARS cases in China (Panel c), and Ebola cases in Guinea
(Panel d). These four case studies correspond to the Disease Outbreak Names - Country pairs reported in
bold in Table 2.
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number of cases vs the number of cases from the reconstructed events, together with the best-fit re-
gression line, the 95% Cl of the regression coefficient and the corresponding p-value. Panel a shows
the results for all data, while Panel b depicts the results obtained by excluding year 2013. As it can be
observed, the regression coefficient between the reconstructed events and the WHO data is significant
(Panel a: 95% ClI of regression coefficient [0.10, 0.62], p-value< 0.01) and increases considerably (Panel
b: 95% Cl of regression coefficient [0.30,0.69], p-value< 0.001) when data from year 2013 is not con-
sidered. Considering 2013 was the onset of the epidemic, it is plausible that WHO DONS might have in-
cluded potential cases along with confirmed ones. This could result in an overestimation of the recon-
structed cases compared to the confirmed ones, resulting in a lower regression coefficient if data from
year 2013 are taken into consideration.

Our open-access JRC Data Catalogue[35] contains the complete eKG knowledge graph in both RDF/XML
and Turtle formats, along with the raw extractions from which the knowledge graph has been derived,
in CSV format. We enable the interested community to access and use the produced data and ontology
under Creative Commons Attribution 4.0 International license (CC BY 4.0°1).

All the other ontologies mentioned in our work that have been used to construct and map the eKG knowl-
edge graph are also available under CC BY 4.0 license under their sources. These ontologies provide struc-
tured entities and terms that are relevant to the infectious disease domain, geographical entities, and
formal ontological structures, which are incorporated into the eKG.

21 CC BY 4.0: https://creativecommons.org/licenses/by/4.0/
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Figure 10. WHO yearly number of cases vs the number of cases from the reconstructed events, together with re-
gression line: including year 2013 (Panel a) and without year 2013 (Panel b). Since 2013 was the epi-
demic’s onset, the inclusion of potential and confirmed cases by WHO DONS could lead to a lower cor-
relation coefficient due to overestimated reconstructed cases. Correlation and p-values are reported in
the top right corner of each panel.
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To perform queries to eKG, a user can download and import the entire knowledge graph in one of the
available formats into an OpenLink Virtuoso triplestore instanced on a local machine. After download-
ing and installing Virtuoso, users should access the server conductor interface through a web browser.
They will navigate to the quad store upload section for linked data. By creating a new graph, users can
configure it by specifying a name and uploading the entire RDF/XML or Turtle file to the newly created
knowledge graph. Users can verify if the dataset has been successfully populated by executing queries
using the Virtuoso SPARQL query interface. For convenience, in addition to the repository data, eKG is
also available for users to be interrogated in an OpenLink Virtuoso instance that we have instantiated at

https://api-vast.jrc.service.ec.europa.eu/spargl/, and explored in a structured and intuitive way via semantic
exploration services.

As an example, consider the Nipah virus - India report, having id: don-record2740 and namespace for the
data resources: http://data.jrc.ec.europa.eu/dataset/89056048-7f5d-4d7c-96ad-f99d1c0f6601; the RDF
information related to this individual can be obtained from the endpoint with the SPARQL query:

SELECT *

WHERE {
<http://data.jrc.ec.europa.eu/dataset/89056048-7f5d-4d7c-96ad-f99d1c0f6601/don-record2 740>
’p 70}

Simply put, this query selects all data triples with properties ?p and objects ?0, matching the resource “Ni-
pah virus - India” where don-record2740 id is the subject. For each result statement, a link to its corre-
sponding URL in the Virtuoso Faceted Browser?? is also returned, allowing further navigation. The Faceted
Browser allows the exploration of the KG by querying the endpoint with free text search patterns. This
returns a list of literal property values or labels that match the text pattern specified as input. The re-
sult set can then be narrowed down by filtering for specific entity types or property values, allowing for
navigation of the target sub-graph structure. For example, the don-record2740 can be visualised with
the Faceted Browser?® as illustrated in Figure 11, where users can explore the RDF information of the Ni-
pah virus - India report in a structured and intuitive way, providing a classification of the data in various
dimensions. In Figure 12, it is also reported its LodView representation where one can exploit and nav-
igate the DON entity, seeing for example the related outbreak information, the report categorisation as

22 https://api-vast jrc.service.ec.europa.eu/fct/
3 https://api-vast,jrc.service.ec.europa.eu/describe//?url=http://data.jrc.ec.europa.eu/dataset/
89056048-7f5d-4d7c-96ad-f99d1c0f6601/don-record2740
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IDO:surveillance_processand OWL:Class, and downloading the raw data in one of the available formats,
e.g. rdf+xml or ld+json, among others. Finally, Figure 13 shows the LodLive graph representation of the
RDF data of the don-record2740 report relatively to the other outbreak events present in the KG. For in-
stance, this allows the user to automatically expand the relations of a selected resource, calculate inverse
and owl:sameAs relations, store images during navigation, and eventually geo-localise the browsed data
as points on a map.

In the following boxes, we showcase some further examples of queries for developers and researchers
that can be run on the knowledge graph of epidemiology information. To avoid repetitions, consider all the
following SPARQL queries to be prefaced with the following standard headers:

PREFIX data:
<http://data.jrc.ec.europa.eu/dataset/89056048-7f5d-4d7c-96ad-
f99d1c0f6601/>

PREFIX rdf: <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#>
PREFIX rdfs: <http://www.w3.0rg/2000/01/rdf-schema#>
PREFIX dcterm: <http://purl.org/dc/terms/>

PREFIX dc: <http://purl.org/dc/elements/1.1/>

PREFIX owl: <http://www.w3.0rg/2002/07/owl#>

PREFIX xml: <http//www.w3.0rg/XML/1998/namespace>
PREFIX xsd: <http://www.w3.0rg/2001/XMLSchema#>

Figure 11. Faceted Browser showing the extracted Nipah virus - India information.

OPEN

SOFTWARE

Facets (new session) WBEEEnl Metadata Settings

About: 31-may-2018-nipah-virus-india-en  cotc Sponge MotDistinet Permalink
An Entity of Type @ owl:Class, within Data Space : api-vast.jrc.service.ec.europa.eu associated with source document(s)

‘ New Facet based on Instances of this Class |

Attributes Values

type Class

subClassOf surveillance process

Identifier 31-may-2018-nipah-virus-india-en

infected population cases 15

country of infection India

imputed date of infection 0001-01-01 (xsd:date)
date of infection 2018-05-19 (zsdidate]
infectious disease mortality 13

infectious disease name Nipah Virus

Faceted Search & Find service v1.16.118 as of Jun 10 2024

Alternative Linked Data Documents: iSPARQL | ODE  Content Formats: RDF IE ODATA Microdata IE

K e NHTHL
S{unneopennaTa U] senra BT roF MASSTof
Cpenlink Virtuoso version 07.20.3240 as of Jun 10 2024, on Linux (x86_&4-ubuntu_focal-linux-gnu), Single-Server Edition {16 GB total memory, 2 GB memory in use)
Data on this page belongs to its respective rights holders.
Virtuoso Faceted Browser Copyright © 2002-2024 Openlink Software
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Figure 12. Content negotiation of the Nipah virus - India report with LodView.
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Source: Consoli et al,, 2025 [31].

PREFIX obo: <http://purl.obolibrary.org/obo/>
PREFIX skos: <http://www.w3.0rg/2004/02/skos/core#>

Suppose one wants to know all the events related to “Nipah virus” outbreak:

SELECT ?event
WHERE {?event data:virus_extracted ?label .
FILTER (?label = “Nipah Virus”)}

The same but with a more flexible reqular expression in the SPARQL query:

SELECT ?event
WHERE {?event data:virus_extracted ?label .
FILTER regex(str(?label), “nipah”, “i’)}

The following SPARQL query finds all the outbreaks that occurred in “Italy”:

SELECT ?event
WHERE {?event data:country_extracted ?label .
FILTER (?label = “Italy”)}
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Figure 13. Graph visualisation of Nipah virus - India in LodLive.
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Source: Consoli et al, 2025 [31].

Lastly, the following SPARQL query retrieves all the outbreaks occurring in “Italy” in the year “2017”, spec-
ifying the name of the disease and the number of confirmed cases:

SELECT ?event ?outbreak 7cases
WHERE {?event data:country_extracted ?label .
sevent data:date_extracted ?date .
FILTER (?label = “Italy’) .
FILTER (year(?date) = 2017) .
zevent data:virus_extracted ?outbreak .
Zevent data:cases_extracted ?cases . }

These queries represent only some basic examples and there might be various other use cases that can
be addressed. For more complex queries, we refer the reader to various tutorials available on the web,
and to technical articles in the literature [110, 118] for a more intense deep dive into the SPARQL query

language.

The knowledge graph of epidemiological information can also be browsed in a human-readable format
using the Live OWL Documentation Environment (LODE), which facilitates exploration for users. LODE pro-
vides an easy-to-use interface for viewing general axioms, namespace declarations, named individuals,
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Figure 14. An extract from the knowledge graph representation in LODE.
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classes, annotations, and object properties within intuitive HTML pages?. Figure 14 shows an extract
from the KG representation in LODE. The KG can also be accessed through a holistic, force-directed graph
layout using WebVOWL?> as in Figure 15. Interaction with these tools allows for customisable visualisa-
tions, offering a user-friendly description of the elements of the KG and enhancing the user’s ability to
leverage the epidemiological information within.

3.4. Discussion

Our work in developing eKG has resulted in a high-quality knowledge graph comprising 613 verified and
reliable epidemic events, endorsed by data providers and EU institutions. We have carefully validated

24 http://wit.istc.cnrit/arco/lode/extract?url=https://jeodpp.jrc.ec.europa.eu/ftp/jrc-opendata/ETOHA/ETOHA- OPEN/epidemiclE- DONS.
rdf
5 https://service.tib.eu/webvowl/#iri=https://jeodpp.jrc.ec.europa.eu/ftp/jrc-opendata/ETOHA/ETOHA- OPEN/epidemiclE- DONSs.rdf
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Figure 15. A snapshot of the WebVOWL visualisation.
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these events to ensure a consistent and accurate representation of domain knowledge. Our ongoing ef-
forts utilise semantic technologies and knowledge graphs to improve the exploration and understanding
of epidemiological data. The semantic services being developed enable users to explore this knowledge
graph, providing an evolving view of extracted outbreaks from DONS via interactive visualisation dash-
boards. This approach enhances more timely and scalable data collection and epidemic analysis, thereby
supporting better-informed public health decision-making. Moving forward, we will focus on refining the
epidemiological knowledge graph model, establishing a dynamic pipeline for continuous updates, and im-
plementing entity linking. This will align the knowledge graph with standard biomedical ontologies, facili-
tating metadata standardisation and improving interoperability across datasets.
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4. Comparing In-Context Learning and Fine-Tuning Approaches

The challenges and opportunities provided by generative Al in infectious disease epidemiology [85] are
catalysing significant initiatives, such as the “Advanced Technology for Health Intelligence and Action IT
System (ATHINA)” by the EC Health Emergency Preparedness and Response Authority (HERA), the “Epi-
demic Intelligence from Open Sources (EIOS)” initiative [123] of WHO, and the recently launched U.S. “Bio-
threats Emergence, Analysis and Communications Network (BEACON)” system [17]. These initiatives aim
to improve the timely detection of disease outbreaks worldwide by leveraging alternative data sources,
such as curated epidemic news articles and social media, alongside advanced technologies for epidemio-
logical surveillance, to address the delays often encountered in official statistics [105].

The application of LLMs in public health surveillance has predominantly focused so far on specific areas,
such as symptoms’ extraction during the COVID-19 pandemic [128, 18]. However, a gap remains in sys-
tematically exploring the applications of these models across a broader spectrum of disease outbreaks.
Furthermore, while LLMs have been employed in various epidemic intelligence tasks, there is limited re-
search on the performance obtained by different prompt engineering techniques [137, 150], such as in-
context learning [19, 44] and model fine-tuning [5, 43], to optimise their performance for epidemiological
data extraction.

In this chapter, we address these gaps by presenting a comprehensive study on the application of genera-
tive Al and LLMs for extracting epidemiological information from WHO DONSs. Specifically, we explore and
compare in-context learning and fine-tuning approaches across various popular LLMs to enhance the ef-
fectiveness of structured data extraction. Our study includes a detailed evaluation of model performance
using ROUGE metrics, providing insights into the robustness and scalability of these Al techniques in op-
erational settings. Given the vast amount of data, such as the 0.5 million articles processed daily by sys-
tems such as EIOS [123], effective and accurate processing is crucial for outbreak detection beyond the
scope of WHO DONSs.

To facilitate working with the high volume of unstructured data in WHO DONSs, Carlson et al. [24] intro-
duced the WHO DON Database, a retrospective collection that organises and curates structured informa-
tion manually extracted from historical WHO DONSs reports. According to its developers, this database
compiles information from numerous WHO reports, including data up to the entire year of 2019 and com-
prising 3,338 records overall, converting the unstructured narrative texts into a systematically analysable
data set [24]. To enhance its utility for global health research, they established a standardised framework
for sharing epidemiological information, making WHO DONs a more valuable resource for researchers and
public health surveillance experts.

The creation of the WHO DONs curated database involved extracting key epidemiological details from the
WHO DONs, including outbreak type, geographical location, case counts, and response measures, to en-
able more accessible and detailed analyses [24]. This structured format allows researchers and public
health experts to conduct longitudinal studies on disease emergence patterns and to assess the effective-
ness of public health responses over time.

Our study leverages the WHO DONs curated database to assess, validate, and train advanced generative
Al techniques, aiming to enhance the extraction and analysis of epidemiological information. The goal is
to underscore the potential of Al-driven methods for structured epidemiological information extraction
using the WHO DONs curated database as an established benchmark of outbreak-related data.
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4.1. Methods

In recent years, prompt engineering [137, 150] has emerged as a critical technique for enhancing the per-
formance of LLMs. It involves crafting specific input prompts that guide the model in generating desired
outputs [137]. This approach leverages the background knowledge of LLMs to perform tasks with mini-
mal task-specific data, making them highly adaptable and efficient [150]. Among the various prompt en-
gineering strategies, in-context learning [19, 44] and chain-of-thought [139] are prominent. In-context
learning involves providing the model with a few examples of the task within the input prompt, allowing

it to infer the task requirements from these examples [19, 44]. This learning capability enables LLMs to
generalise from limited data effectively. The chain-of-thought approach can further enhance model rea-
soning by structuring prompts that guide the model through a logical sequence of steps, improving its
ability to solve complex reasoning and mathematical problems [139].

Given that LLMs are inherently designed to process natural language, we transformed the structured epi-
demiological data from WHO DONs into textual prompts that encapsulate the following epidemiological
features: disease classification (DiseaselLevell, Diseasel evel2), geographical location (Country, ISO, Out-
breakEpicenter), numbers of cases and deaths (CasesTotal, CasesSuspected, CasesProbable, CasesCon-
firmed, Deaths), and temporal information including outbreak start (OutbreakStartYear, OutbreakStart-
Month, OutbreakStartDay), outbreak detection (OutbreakDetectionYear, OutbreakDetectionMonth, Out-
breakDetectionDay), verification (OutbreakVerificationYear, OutbreakVerificationMonth, OutbreakVerifica-
tionDay), and end dates (OutbreakEnd, OutbreakEndYear, OutbreakEndMonth, OutbreakEndDay).

This prompt-based approach ensures compatibility with the models’ instruction-tuning background and

enables the application of generative and discriminative language modelling techniques to the informa-
tion extraction task of disease outbreak events. By expressing structured inputs in natural language, we
bridge the gap between tabular data and text-based generative Al models, thereby facilitating their de-
ployment in this epidemiological setting.

To explore the potential of instruction-tuned LLMs for epidemiological information extraction, we selected
representative popular models with different characteristics. Specifically, we used LLaMA [134, 135, 58]
and Mistral [69, 86], two widely adopted general-purpose models; a LLaMA variant, namely MedLlama,
and Meditron, two LLMs specialised in biomedical text; T5[111], a versatile encoder-decoder architecture
known for its strong generalisation capabilities across natural language processing (NLP) tasks; and Qwen
[143], a robust decoder-only model characterised by strong reasoning capabilities, particularly in complex
problem-solving scenarios. In our LLMs choice, we limited to non-commercial models only, to ensure effi-
cient utilisation of resources while maintaining the flexibility to customise and fine-tune these models for
our specific epidemiological information extraction tasks. In addition, the size of the models in terms of
number of parameters was also conditioned by the available hardware for this study, further influencing
our selection of LLMs to ensure compatibility and optimal performance. In particular, the computations for
our study leveraged the JRC Big Data Analytics Platform [122] infrastructure and were conducted specif-
ically on a Linux cluster system featuring an Ubuntu 22.04.5 LTS operating system, powered by an Intel
Xeon Platinum 8470 CPU architecture with 208 CPUs, 1TB of RAM and 8 H100 NVIDIA GPUs for acceler-
ated processing.

4.1.1. In-Context Learning

In-context learning (iCL) [19] enables LLMs to perform a wide range of NLP tasks, such as classification,
question-resolution, and structured information extraction, with minimal manual effort. In the context
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of epidemiological information extraction, iCL allows models to dynamically adapt to new outbreak data
formats or domain-specific terminologies by simply presenting relevant annotated examples in the in-
put prompt. This facilitates rapid prototyping and deployment of extraction systems without the need for
costly and time-consuming supervised fine-tuning.

In our analysis, we compared the iCL capability of different popular models to identify optimal iCL con-
figurations that maximise extraction accuracy while maintaining computational efficiency. First, we pro-
cessed each epidemiological report with a preliminary summarisation step. If it exceeded the context
length value for the input of the LLM at hand, we splitted the text in pieces and summarised it with the
following prompt:

Given some epidemiological TEXT in triple backtick (“* ), summarise it focusing on any aspects that
are relevant to the reported disease outbreak, place and time of the infectious disease outbreak oc-
curred, and the derived contingencies.

Never invent or guess data.

Write no explanations or notes .

m{ TEXT }Ill'

Then, we used the following prompt to guide the iCL process to extract epidemiological information for
the report:

Given some TEXT in triple backtick (“ ) extract disease outbreak information from the given text and
format it as JSON.

Use “None” for missing information.

Never invent or guess data.

{ few-shot examples }

Now extract information from this TEXT in the same JSON format:

at{ TEXT };n.

The prompt begins by instructing the model to extract disease outbreak information from the given piece
of text, encapsulated within triple backticks (), and to format the extracted information as a JSON object.
This structured format ensures clear and consistent data representation, facilitating subsequent analysis
and integration into epidemiological databases. Please note that to handle incomplete data, the prompt
specifies using “None” for any missing information, thus maintaining data integrity and preventing the
model from inventing or guessing details. Following these initial instructions, the prompt included few
examples that demonstrated the desired input-output mappings. These examples served as contextual
guides, allowing the model to understand the task requirements and generalise from these examples.

Finally, the prompt directed the model to apply the same extraction and formatting logic to a new text,
denoted [TEXT], ensuring that the model consistently adhered to the format and rules described in the
prompt. This approach leverages the model’s instruction-tuned capabilities while allowing for dynamic
adaptation to specific information extraction tasks without modifying the model’s underlying parameters.
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4.1.2. Fine-Tuning

The exploration of LLMs fine-tuning in our epidemiological context derives from the inherent limitations
of general-purpose language models when confronted with tasks demanding strict domain-specific pre-
cision. Although LLMs leverage billions of parameters trained on vast text corpora, their learned knowl-
edge might require refinement for specialised extraction tasks. In extracting epidemiological data from
WHO DONSs reports, the challenge involves identifying all the distinct structured features including disease
classifications, geographical indicators, outbreak epicentres, confirmed cases and deaths. Fine-tuning ad-
dresses this by updating internal parameters to acquire domain-specific behaviours [5].

The decision to explore model fine-tuning rather than relying exclusively on in-context learning was based
on the requirements of the specific task (i.e., extracting epidemiological features from WHO DONs). In-
context learning conditions models on prompts containing a few examples without modifying weights,
offering computational efficiency [44]. However, for applications requiring consistent structural output, pa-
rameter modification might provide some advantages. Fine-tuning explicitly trains model weights against
a large amount of structured input-output pairs, encoding formatting rules and consistency requirements
directly into learned representations [109]. This ensures robust structural adherence that prompt-based
methods cannot reliably guarantee for outputs requiring complex, rigid structural compliance.

Our fine-tuning process relied on high-quality instruction data instances derived from the WHO DONs
curated database. Structured epidemiological data were transformed into instruction-formatted input-
output pairs, where inputs comprised textual reports, and outputs consisted of JSON objects with the ex-
tracted features. The instruction-input-output prompt used for the training was the following:

Below is an instruction that describes a task, paired with an input that provides further context. Write
a response that appropriately completes the request.

### Instruction:

Given some TEXT in triple backtick (“ ) extract disease outbreak information from the given text and
format it as JSON.

Return a list containing one JSON object per outbreak mentioned. Always return a list of JSON ob-
Jects, even for single outbreaks.

Use “None” for missing information. If no outbreak information is found, return an empty list []
Never invent or guess data.

### Input:
{U{ TEXT ]}77‘

### Output:
{ [JSON objects] }.

To ensure robustness, we stratified the WHO DONs curated database for cross-validation [33] using five
folds of it. In addition, to tackle challenges related to computational resource demands, memory require-
ments, and training duration, we adopted Parameter-Efficient Fine-Tuning (PEFT) methodologies [43].
Among PEFT approaches, we selected Low-Rank Adaptation (LoRA) [149] for its ability to minimise train-
able parameters while introducing no additional inference latency during deployment!.

! Our specific LoRA configuration employed a rank of r = 16 and scaling factor of & = 16, balancing parameter efficiency and
adaptation capacity, and a dropout rate of 0.05 to prevent overfitting during adaptation.
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Finally, in our training implementation we used the HuggingFace Trainer class® with standardised optimi-
sation parameters [141]. We also employed the paged AdamW optimiser with learning rate n = 1 x 1075,
utilised 8-bit precision training, and implemented gradient accumulation with factor 4 to handle batch
processing effectively. Automatic device mapping (device_map="auto") was utilised to optimise hardware
resource allocation on the 8 H100 NVIDIA GPUs available in our cluster on the JRC Big Data Analytics
Platform. The logging and evaluation strategy was adaptive, with steps adjusted according to the num-
ber of training instances for detailed tracking. Model selection was based on validation accuracy as the
primary metric, with early stopping triggered after six consecutive evaluations without improvement.

The obtained fine-tuned open-source models (LoRA adapter weights) are made available via Hugging Face
at https://huggingface.co/Al4PH/EpiLLaMA-3.3-70B, https://huggingface.co/Al4PH/EpiQwen2.5-7B, and
https://huggingface.co/Al4PH/EpiMistral-7B.

4.2. Results

In the following we present our computational analysis comparing the effectiveness of various iCL mod-
els and fine-tuning techniques for the task of epidemiological information extraction. In our experiments,
model performance was evaluated using Recall-Oriented Understudy for Gisting Evaluation (ROUGE) scores
[87, 10]. Although originally developed for summarisation tasks, these metrics are applicable to our text-
to-graph epidemiological information extraction framework by treating each extracted information as a
single-sentence summary representation. Our method could be reconducted to a text-to-graph task be-
cause it involved mapping unstructured text inputs to structured graph-like outputs, where each element
of extracted epidemiological data represented nodes and relationships within a graph structure. Specif-
ically, we serialised each extracted graph pattern—comprising nodes such as disease names, countries,
and various epidemiological indicators, along with their relational edges—into a string representation. This
enabled systematic comparison between model predictions and the gold-standard graph patterns anno-
tated in the WHO DONSs curated database, where each serialised graph functioned as a single-sentence
summary for evaluation purposes.

4.2.1. In-Context Learning Analysis

Our analysis systematically explored the impact of varying numbers of examples on extraction accuracy,
ranging from O to 32 examples. Specifically, we evaluate eight distinct iCL settings: O, 1, 2, 4, 6, 8, 16,
and 32 examples provided in the input prompt. This progressive evaluation allows us to assess how each
model’s extraction capability evolves with increasing contextual guidance, thereby identifying optimal con-
figurations that balance computational efficiency with performance. For each configuration, we computed
ROUGE metrics to quantify the alignment between model predictions and gold-standard annotations from
the WHO DONs curated database.

Figure 16 presents the ROUGE scores (Rouge-1, Rouge-2, Rouge-L, and Rouge-Lsum) obtained by each iCL
model across all the examples. The z-axis represents the number of in-context examples (NiCL), ranging
from NiCL=0 to NiCL=32, while the y-axis displays the corresponding ROUGE score values.

As shown in the figure, we can see inconsistent behaviour across models. Some LLMs exhibit a strong

positive correlation between ROUGE scores and the number of in-context learning examples, whilst for
others performance decreases after a few examples. For all models, the most substantial performance
increase occured in the low iCL regime, moving from NiCL=0 to NiCL=4, approximately. Beyond around

2 https://huggingface.co/docs/transformers/en/main_classes/trainer
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Figure 16. ROUGE scores obtained by each iCL model at increasing number of examples (NiCL).
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Figure 17. Rouge-1 score and standard deviation bands at 99% confidence interval obtained by each iCL model at

increasing number of examples (NiCL).
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NiCL=8, the curves began to flatten, showing a clear phenomenon of diminishing returns [62] where addi-
tional shots yield only marginal or noisy gains. This saturation aligned with theoretical scaling laws, sug-
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Figure 18. Rouge-2 score and standard deviation bands at 99% confidence interval obtained by each iCL model at
increasing number of examples (NiCL).
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Figure 19. Rouge-L score and standard deviation bands at 99% confidence interval obtained by each iCL model at
increasing number of examples (NiCL).
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Figure 20. Rouge-Lsum score and standard deviation bands at 99% confidence interval obtained by each iCL
model at increasing number of examples (NiCL).
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gesting that, while iCL initially approximates a Bayes optimal learner [8], its efficacy significantly deterio-
rates in scenarios with many examples. In addition, while LLMs have the ability to take long contexts as
input, their performance reaches often its highest value when relevant information is at the beginning or
end of the input context, and can significantly decrease when relevant information is in the middle of long
contexts (i.e. context overflow), even for explicitly long-context models [88]. In particular, while the LLaMA
3.3-70B and Qwen 2.5-7B Instruct models experienced a significant performance plateau, all other mod-
els, including the LLaMA 3.1-8B, MedLLaMA 3-8B, and Meditron-7B, consistently had lower performance,
resulting in a complete failure in the extracted epidemiological information as NiCL approached larger
values. The exception to this trend was the Mistral-7B-OpenQOrca model, which, despite an initial decline
after NiCL=4, eventually stabilised at a plateau with Rouge scores of around 0.6 as NiCL increases. De-
tailed per-metric analyses with 99% confidence intervals are provided in Figures 17-20. These figures
provide a granular examination of each ROUGE metric’s behaviour across the in-context learning config-
urations, with shaded bands representing 99% confidence intervals computed from the distribution of
individual model predictions.

The consistent ranking of models across metrics, combined with non-overlapping confidence bands be-
tween top-tier models (LLaMA 3.3-70B, Qwen 2.5-7B Instruct) and lower-performing alternatives, con-
firms that the observed performance differences are statistically significant rather than artifacts of sam-
pling variability. These detailed uncertainty quantifications reinforce our recommendation of NiCL=16 as
the optimal iCL configuration for LLaMA 3.3-70B and Qwen 2.5-7B Instruct models, where performance
stabilises with high confidence before the onset of diminishing returns.
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4.2.2. Fine-Tuning Analysis

Building upon the insights gained from the iCL analysis, we selected the most promising LLMs to undergo
parameter-efficient fine-tuning using the LoRA methodology described in the Methods section. Specifi-
cally, we chose LLaMA 3.3-70B and Qwen 2.5-7B Instruct, which demonstrated superior performance in
the iCL experiments, and additionally included Mistral-7B-OpenOrca to extend our portfolio of fine-tuned
models and assess whether fine-tuning could substantially improve its relatively modest iCL performance.
For clarity and consistency throughout this analysis, we refer to the fine-tuned versions of these models
as EpiLLaMA 3.3-70B, EpiQwen 2.5-7B, and EpiMistral-7B, respectively.

Table 3. Rouge-1 scores (mean =+ standard deviation) obtained by each fine-tuned model.

Fold # EpiMistral-7B EpiQwen 2.5-7B EpiLLaMA 3.3-70B
1 0.884 £+ 0.051 0.922 £ 0.062 0.934 £ 0.051
2 0.899 £ 0.049 0.856 £ 0.073 0.915 £ 0.049
3 0.923 + 0.042 0.942 + 0.046 0.952 + 0.042
4 0.903 £ 0.047 0.936 £+ 0.054 0.950 £ 0.047
5 0.885 £ 0.039 0.932 £ 0.042 0.937 £ 0.040
Overall 0.899 + 0.046 0.918 £ 0.055 0.937 £ 0.046
Source: JRC.

Table 4. Rouge-2 scores (mean + standard deviation) obtained by each fine-tuned model.

Fold # EpiMistral-7B EpiQwen 2.5-7B EpiLLaMA 3.3-70B
1 0.841 + 0.062 0.875 +0.077 0.896 £ 0.062
2 0.848 +0.061 0.767 + 0.072 0.855 £ 0.062
3 0.884 + 0.058 0.903 + 0.046 0.917 4+ 0.059
4 0.867 + 0.055 0.896 + 0.063 0.921 £+ 0.055
5 0.826 £ 0.049 0.877 £ 0.057 0.889 + 0.049
Overall 0.853 £ 0.057 0.864 £ 0.063 0.896 + 0.058
Source: JRC.

The results obtained in terms of ROUGE scores across all five folds and their aggregated overall perfor-
mance are systematically presented in Tables 3 through 6. Overall, all fine-tuned models achieve con-
sistently high performance across evaluation metrics, with scores exceeding 0.85 in all cases, indicating
strong capability in extracting structured epidemiological information. EpiLLaMA 3.3-70B performs best
across all metrics, demonstrating both high accuracy and strong structural coherence, while EpiQwen 2.5-
7B closely follows with competitive performance despite its smaller size. EpiMistral-7B, although rank-
ing slightly lower, still achieves robust results, confirming its effectiveness in resource-constrained sce-
narios. Performance remains relatively stable across folds, with some variability observed for EpiQwen
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2.5-7B, but without affecting overall trends. The consistency between ROUGE-1, ROUGE-2, and ROUGE-L
scores indicates that models not only capture relevant content but also preserve the structural relation-
ships within the extracted information. Furthermore, the near-identical values of ROUGE-L and ROUGE-
Lsum suggest that the extracted outputs maintain coherent structure regardless of evaluation granularity.
Taken together, these results confirm the reliability and generalisability of the fine-tuned models for epi-
demiological information extraction.

Table 5. Rouge-L scores (mean =+ standard deviation) obtained by each fine-tuned model.

Fold # EpiMistral-7B EpiQwen 2.5-7B EpilLLaMA 3.3-70B
1 0.876 + 0.052 0.914 + 0.064 0.927 £+ 0.052
2 0.891 +0.051 0.844 +0.075 0.904 £+ 0.051
3 0.914 + 0.054 0.934 +0.044 0.945 4+ 0.043
4 0.892 +0.048 0.926 + 0.055 0.940 4+ 0.048
5 0.870 +0.041 0.921 +0.043 0.927 £ 0.041
Overall 0.889 £ 0.049 0.908 £ 0.056 0.928 4 0.047
Source: JRC.

Table 6. Rouge-Lsum scores (mean =+ standard deviation) obtained by each fine-tuned model.

Fold # EpiMistral-7B EpiQwen 2.5-7B EpiLLaMA 3.3-70B
1 0.875 £ 0.053 0.913 £ 0.063 0.927 £ 0.052
2 0.885 + 0.050 0.843 £ 0.072 0.905 + 0.053
3 0.912 £+ 0.044 0.933 £0.045 0.946 + 0.044
4 0.889 £ 0.048 0.926 £ 0.053 0.941 £ 0.047
5 0.871 + 0.040 0.922 + 0.042 0.927 + 0.049
Overall 0.887 +0.047 0.908 £ 0.055 0.929 + 0.049
Source: JRC.

4.3. Discussion

This work compared in-context learning (iCL) and fine-tuning approaches for extracting epidemiological
information from outbreak reports, with the aim of improving public health surveillance workflows.

The iCL experiments show that performance improves with the number of examples up to a certain point,
after which it plateaus. This behaviour is consistent across models and reflects inherent limitations in
leveraging longer contexts. Among the evaluated models, larger architectures such as LLaMA 3.3-70B
and Qwen 2.5-7B Instruct consistently achieved the best performance, with diminishing returns observed
beyond approximately NiCL=16. This suggests that moderate prompt sizes are sufficient to capture most
of the achievable gains while keeping computational costs manageable. In contrast, domain-specific mod-
els did not demonstrate clear advantages over general-purpose models in the iCL setting.
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Fine-tuning, however, leads to substantial and consistent performance improvements across all evaluated
models. The results indicate that parameter adaptation is more effective than prompt-based learning for
this task, enabling more accurate and stable extraction of structured epidemiological information. Addi-
tionally, fine-tuning reduces the performance gap between models of different sizes, showing that smaller
models can achieve competitive results when properly adapted.

From an operational perspective, these findings highlight a trade-off between flexibility and performance.
In-context learning offers a lightweight and adaptable solution without the need for training, while fine-
tuning provides superior accuracy and reliability at the cost of additional computational resources. The
choice between these approaches should therefore be guided by deployment constraints and performance
requirements.

Overall, the results demonstrate that large language models can effectively support epidemiological in-
formation extraction, particularly when fine-tuned for the task. At the same time, existing surveillance
systems remain essential, and Al-based approaches should be understood as complementary tools that
can enhance, rather than replace, current epidemic intelligence workflows.
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5. Al-Generated Health Threat and Disaster Storylines from Global News
with Large Language Models and Retrieval-Augmented Generation

Natural hazards and extreme events pose escalating challenges for global disaster risk management
(DRM), not only because of their increasing frequency and severity but also due to the dynamic and cas-
cading effects they can produce. These include climate-related hazards such as hurricanes, floods, and
wildfires, as well as geological hazards like earthquakes and landslides—each capable of severely dis-
rupting human populations, infrastructure, and ecosystems. International frameworks such as the Sendai
Framework for Disaster Risk Reduction and the United Nations Office for Disaster Risk Reduction (UNDRR)
Hazard Information Profiles (HIPs) [66] have advanced understanding of individual hazards. However,
significant knowledge gaps remain in systematically representing interactions between hazards and the
socioeconomic vulnerabilities that amplify their impacts [37, 54, 155]. These challenges become partic-
ularly acute when multiple hazards occur in sequence or combination, producing compound or cascad-
ing impacts that existing disaster data systems struggle to capture [130, 131, 511. Initiatives such as
“Early Warnings for All” (EW4ALL) [113] underscore the urgency of more integrated and data-informed
approaches to hazard monitoring, risk assessment, and response planning.

Recent advances in natural language processing, particularly the emergence of large language models
(LLMs) [136, 19], open new opportunities to address these challenges by extracting insights from un-
structured sources. In disaster contexts, where traditional datasets are often delayed, incomplete, or un-
available, textual sources such as news reports, field assessments, and social media posts can provide
valuable complementary information [81, 142, 67, 63, 14]. These texts capture qualitative and quan-
titative details on impacts, exposed populations, local vulnerabilities, coping strategies, and cascading
effects—details that fill critical blind spots in existing disaster databases [39, 121, 3, 50]. When paired
with retrieval-augmented generation (RAG) [84]—a method that grounds large language model outputs
in external knowledge sources—LLMs can transform this unstructured content into coherent, factually
grounded narratives, enabling structured representation of events, entities, and relationships at scale.
This approach supports deeper exploration of the human-hazard interface and complex risk interdepen-
dencies across spatial and temporal scales.

In this study, we present a dataset of over 3,000 global disaster events from 2014-2024, derived from
the Europe Media Monitor (EMM), a multilingual media aggregation platform that curates articles from
thousands of vetted news sources and includes more than 1.5 billion articles worldwide [124]. We pro-
cess this corpus using a RAG pipeline combining the power of LLMs for text generation and the semantic
extraction of factual knowledge from the unstructured news text. For each disaster event recorded in the
Emergency Events Database (EM-DAT) [39], the system produces a structured storyline that summarises
key aspects including hazard types, main drivers, direct and indirect impacts, affected sectors and popula-
tions, and response actions taken. These storylines are further transformed into Knowledge Graphs (KGs)
[68] that capture multi-hazard dynamics, inter-event relationships, and interactions between physical haz-
ards and societal responses.

In recent years, the research community has successfully used KGs for creating semantically enriched
representations of data in various domains [9]. KGs are data structures that describe the key entities in

a domain and their interconnections, presenting information in a format accessible and interpretable by
both machines and humans [61]. The relationship between two entities is typically formalised as a triple
in the format of <subject, predicate, object> (e.g., <India—Pakistan heatwave, cause, 87 deaths> or <Ebola
outbreak, occur, Congo>). KGs are recognised for their ability to organise data in a predefined and seman-
tically meaningful manner, offering significant support to Al systems across multiple domains [132]. In
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our application context, by representing disaster events as interconnected networks of entities and re-
lationships, the obtained dataset provides a means to examine complex risk patterns that are typically
underrepresented in classical sources [39, 66].

To assess the reliability and usefulness of the extracted disaster KGs, a small sample was independently
reviewed and discussed by domain experts during a validation workshop involving civil protection au-
thorities and disaster analysts. Although this validation covered only a limited set of events, it nonethe-
less provided high-quality expert feedback that confirmed the relevance, plausibility, and potential value
of the extracted information for supporting situational awareness and retrospective analysis. The com-
plete dataset, along with code, extraction templates, and processing workflows, is openly available at this
repository, with an accompanying dashboard for interactive exploration hosted at this interface. The data
is formatted for interoperability and designed to support reuse across research, policy, and operational
contexts.

This resource complements existing disaster databases by capturing contextualised relationships between
hazards, impacts, and responses that are often absent from conventional event catalogs. Alongside the
dataset, we demonstrate a methodology that leverages generative Al to extract and transform infor-
mation from a large corpus of news articles. This semantic parsing also supports the extraction of place
names, which can be linked to geospatial coordinates. In doing so, the resource provides a layer of spatial
detail often missing in disaster loss databases, which typically rely on centralised reporting or standard-
ised templates.

Together, these contributions advance a more relational understanding of disaster risk, with applications
leveraging HIPs, enhancing early warning systems, and supporting multi-hazard and multi-impact sce-
nario modeling. By transforming diverse textual sources into an well-organised, reusable format, the
dataset provides an openly available resource designed for interoperability and reuse in line with the FAIR
(Findable, Accessible, Interoperable, and Reusable) data principles [60]. Beyond research, potential op-
erational advantages include faster data validation and encoding for loss-and-damage tracking, quicker
situational awareness and decision support during emergencies, and improved machine-to-machine data
exchange. Future extensions could include more timely and scalable updates and scenario generation,
further strengthening the resource’s potential for dynamic monitoring and decision-making in disaster risk
management.

5.1. Data Sources for Retrieval

We use two complementary sources to support the information retrieval pipeline: the Emergency Events
Database (EM-DAT) [39], which provides a list of disaster events, and the Europe Media Monitor (EMM)
[124, 125], which serves as the primary source of unstructured textual news for generating disaster nar-
ratives and knowledge graphs. EM-DAT, maintained by the Centre for Research on the Epidemiology of
Disasters (CRED) at University of Louvain, is a globally recognised repository of disaster records, contain-
ing over 30,000 entries from 1900 to the present. In this study, EM-DAT is used exclusively as a refer-
ence list of events to guide downstream document retrieval. Specifically, we extract the disaster type (e.q.,
flood, drought), country, and event start date to construct the semantic search queries. This ensures that
the retrieval process is anchored into a curated and internationally recognised catalogue of disaster oc-
currences, enabling broad and systematic coverage across hazard types and geographic regions. On the
other hand, the EMM, developed by the European Commission’s Joint Research Centre (JRC), is a large-
scale, multilingual news aggregation and analysis platform. It collects up to 500,000 news reports per
day from thousands of verified media sources in over 70 languages, amounting to a historical archive of
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Figure 21.

(a)

Pipeline for generating disaster narratives and knowledge graphs from news. (a) Schematic of the two-
stage generation process. A predefined query is used to retrieve top-k relevant news articles from the
EMM. These are passed to a first LLM that generates a structured storyline summarising the event’s key
characteristics. A second LLM then converts this storyline into a knowledge graph capturing entities and
relationships. (b) Querying and filtering process. For each event, semantic search retrieves the top 20
articles for each of the four weeks following the event start. The resulting set is refined by an LLM that
filters out unrelated articles to improve relevance and reduce noise.
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approximately 1.5 billion articles to date. EMM includes automated tools for language detection, geoloca-
tion, event and entity recognition, clustering, deduplication, and semantic topic categorisation. Although
EM-DAT is used here as a reference list to guide retrieval, the methodology is not limited to this cata-
logue. The same pipeline can be applied to user-defined events—such as a recently reported earthquake
or flood—by constructing equivalent queries over the EMM corpus. In this way, the present study both en-
riches EM-DAT records with contextualised information and demonstrates a more generalisable workflow
for transforming unstructured disaster reporting into concise, well-organised, and reusable data.

All EMM documents are embedded with the intfloat/multilingual-e5-large model (1024-dimensional) on a
small GPU cluster (4x NVIDIA Tesla T4). Inference runs in FP16 to reduce memory footprint and increase
throughput without observable loss in retrieval quality. Before embedding, each article is split with a
heuristic pipeline built on LangChain’s RecursiveCharacterTextSplitter (chunk_size=1500, chunk_overlap=300,
separators={\n\n, \n, . , “ "}, add_start_index=True). We then apply two post processing stages to curb
noise from very short, low-informative fragments: (i) forward merging of chunks shorter than 300 char-
acters into their successor whenever the resulting length stays below 1500 chars +0.5 x 300 chars over-
flow, and (ii) a backward pass that guarantees the final chunk is at least 200 characters by merging it into
the penultimate one if necessary. Each chunk retains provenance metadata (original start index, chunk id,
length, and number of merges) to support deterministic back-mapping to the source text. To optimise se-
mantic search efficiency, we first apply a keyword-based filter at the article level. Specifically, we restrict
the corpus to articles matching 13 EMM categories related to disasters and health crises (e.g., OHCHR-
A1003-EpidemicsPandemicsinfectiousDiseases, CommunicableDisease Outbreaks, NaturalDisasters, Man-
MadeDisasters, ChemicalAccidents, NuclearSafety). Each category is defined by multiple keyword com-
binations that select relevant articles. This filtering reduces the overall article volume by roughly two or-
ders of magnitude. This yields a total of 11,917 sources, contributing between a few hundred and up to
a few million articles per year. The year 2020 is by far the most populated, with about five million arti-
cles—most likely reflecting the surge of reporting during the COVID-19 pandemic. The most prolific single
source contributes approximately 310,000 articles on its own. Embeddings are stored in an OpenSearch
vector index backed by FAISS using an HNSW graph (m=16, ef construction=100) with inner-product sim-
ilarity. We enable symmetric quantisation to FP16 (encoder.name=sq, type=fp16, clip=true) to further
reduce memory while preserving recall. This setup provides low-latency kNN retrieval over the 1024-D
space and serves as the semantic backbone for the downstream RAG stage described above.

5.2. Generation of Storylines and Graphs

Figure 21a provides a schematic overview of the workflow used to generate disaster narratives and cor-
responding knowledge graphs. For each disaster event identified through EM-DAT, we retrieve relevant
English-language news articles from the EMM archive to capture both initial impact reporting and early
response coverage. This pipeline condenses and organises high-quality, event-specific information for
end-users in DRM and related domains. By combining LLMs with RAG, it extracts semantically relevant
content from large-scale news archives and transforms it into interpretable, standardised formats suit-
able for decision support. EMM’s continuous updates, multilingual scope, and rich metadata make it par-
ticularly well suited for retrospective disaster reconstruction and open-domain risk analysis, providing a
scalable, real-world foundation for LLM-based disaster data generation.

Starting from the disaster metadata provided by EM-DAT—specifically the event’s country, start date, and
hazard type—we construct semantic queries to retrieve relevant articles. As explained above, EMM’s doc-
ument corpus is embedded into a vector database using chunk-level representations, enabling efficient
similarity search across multilingual sources. For each disaster, we issue four weekly queries in the month
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following the event’s onset, retrieving the top & = 20 most relevant articles per query, yielding up to 80
candidate documents per event (Figure 21b). To reduce noise and improve specificity, we apply an LLM-
based filtering step that retains only documents directly referencing the disaster in question. On average,
approximately 8.7% of initially retrieved articles pass this filter, significantly enhancing contextual pre-
cision for downstream generation. The resulting set of news articles serves as the external knowledge
context in a RAG framework, grounding subsequent LLM summaries in semantically relevant evidence.

The filtered document set is then provided as context for the first generation stage, where we prompt the
Meta-Llama-3-70B-Instruct model [134] to generate a disaster storyline or fact-sheet. This open-weight
model, developed by Meta Al, comprises 70 billion parameters and is fine-tuned on a broad range of in-
structional datasets with extensive human feedback [46]. It supports a context window of 128,000 tokens
and demonstrates strong performance in producing accurate, coherent, and semantically rich summaries
across multiple domains [134]. In our use case, the model is prompted in a zero-shot setting—without
additional fine-tuning—to generate summaries that cover key aspects of each disaster event, including
core facts, underlying drivers, observed impacts, and reported response actions (see Figure 22a for the
full prompt).

In the second stage, the storyline is passed again to the Llama-3-70B-Instruct model, this time with a
prompt tailored to extract the <subject, predicate, object> triples that define the main relationships con-
tained in the storyline generated in the first iteration [144]. These triples are used to construct simplified
and generalisable KGs centered on disaster dynamics. In this step, the model no longer relies on external
retrieval but instead uses the internally generated narrative as contextual input, enabling the extraction
of relations already synthesised in the previous stage. To ensure consistency across outputs, the rela-
tion types are constrained to two predefined categories: “causes” and “prevents”, reflecting reinforcing
and mitigating effects, respectively [147]. This convention is inspired by causal loop diagrams in sys-
tems dynamics and DRM modeling [29, 64]. Recent research has shown that LLMs are particularly effec-
tive at generating KGs from text via in-context learning (iCL) [19, 44], which involves providing examples
within the prompt to influence the model’s output. This approach offers a scalable alternative to tradi-
tional graph-based NLP pipelines while preserving semantic meaning across domains [107, 30, 16, 146,
7,145, 89, 117, 70]. Examples of extracted triples include <Heavy rainfall —> causes — flash flood-
ing> or <Early warning system — prevents — casualties>. This step also uses zero-shot prompting[19]
with iCL, where a formatted example is included in the prompt to guide the structure and output behavior
(see Figure 22b for the full prompt).

Together, this two-stage generation process—organised narratives followed by KGs—leverages the gener-
ative capabilities of large-scale LLMs to produce interpretable, scalable outputs for retrospective disaster
analysis and decision support. An example output is shown in Figure 23, including a generated storyline
and its associated knowledge graph.

5.3. Data Records

The dataset contains storylines and KGs for 3,158 disaster events occurring between 2014 and 2024
across 175 countries, covering 26 distinct disaster types. Each record corresponds to a unique disaster
event, following the EM-DAT structure, identified by the column DisNo. (Disaster Number). The dataset
is a single CSV file named DisasterStory.csv, available at https://jeodpp.jrc.ec.europa.eu/ftp/jrc-opendata/
ETOHA/storylines/DisasterStory.csv. Regular updates are planned on a yearly basis to incorporate new
disaster events and improved extraction methods. Each row in the dataset represents a single disaster
and includes both standardised metadata and Al-generated analytical content. The storyline for each
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Figure 22. Prompts used in the Al pipeline for disaster storyline and knowledge graph generation. (a) Prompt for
generating narrative summaries of disaster events using a set of predefined fields. (b) Prompt for ex-
tracting KGs using iCL, including an example to guide the generation of subject-predicate-object triples
constrained to “causes” and “prevents” relationships.

(b)

Source: Ronco et al,, 2026 [114].

event is distributed across the following columns: “Key Information”, “Severity”, “Key Drivers”, “Main Im-
pacts, Exposure, and Vulnerability”, “Likelihood of Multi-Hazard Risks”, “Best Practices for Managing This
Risk”, and “Recommendations and Supportive Measures for Recovery”. These columns contain the narra-
tive summaries generated using the Meta-Llama-3-70B-Instruct model, synthesising content primarily
from English-language outputs, though the original news sources may be in multiple languages. Each
record also includes a “"llama graph" column, which encodes a list of <subject, predicate, object> triples
extracted from the source articles using LLM-based information extraction. These KG triples represent key
relationships (e.q., <strong winds, cause, infrastructure damage>), facilitating reasoning and modelling.
The 3,158 records correspond to approximately 50% of all EM-DAT disaster events recorded during the
same 2014-2024 period. This partial coverage reflects limitations in the retrieval pipeline, which may fail
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Figure 23. Example outputs for the 2015 India-Pakistan heatwave. (a) Disaster storyline generated by Meta-
Llama-3-70B-Instruct, organised into predefined thematic sections. (b) Corresponding knowledge graph
extracted from the narrative using a second LLM call with iCL, showing causal and preventive relation-
ships constrained to the predicates “causes” and “prevents”.
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when relevant news is not present in EMM sources, when semantic search does not surface appropriate
articles, or when the LLM-based filtering step excludes non-specific or noisy content. To enhance acces-
sibility, an interactive dashboard is available! via HuggingFace Spaces at https://huggingface.co/spaces/
roncmic/crisesStorylinesRAG, allowing users to explore the dataset by selecting disaster type, country,

and event code (DisNo.). The platform displays both the storyline and its associated KG in an intuitive and
user-friendly interface designed for researchers, practitioners.

5.4. Validation & Usage

While multiple steps in our pipeline—from news retrieval to storyline generation—warrant validation, we
focused on the knowledge graphs as a condensed yet information-rich representation of each disaster
event. These graphs, built on top of storylines and grounded in retrieved news, offer a fast and inter-
pretable format that captures key relationships between hazards, drivers, impacts, and responses. They
thus serve as an effective entry point for expert assessment of the overall quality and factual consistency
of the Al-generated outputs. Validating Al-generated content in the DRM domain is inherently challenging.
It requires not only technical expertise in hazards and risk modeling but also deep contextual knowledge
of sectoral impacts, response phases, and multi-hazard dynamics. As a result, reliable evaluation of such
outputs must rely on domain experts with practical and theoretical experience in DRM—resources that are
both highly specialised and often difficult to engage.

! Only for private users of the HuggignFace jrc-ai group.
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To facilitate this evaluation, we leveraged the opportunity provided by the “Al for Preparedness" work-
shop, hosted by the European Commission in Brussels from June 16 to 18, 2025. The event convened
around 30 DRM professionals from national civil protection agencies and related response institutions
across Member and Participating States of the Union Civil Protection Mechanism. This rare gathering of
operational experts created a unique window for direct validation of our outputs. Experts accessed the
knowledge graphs through our Hugging Face dashboard and viewed both the storyline and its correspond-
ing graph to ensure context-based evaluation. Participants reviewed a sample of 34 KGs, selected to re-
flect high-impact, thematically diverse events and aligned with each expert’s domain of expertise. Using a
predefined rubric, they rated each graph according to the following criteria: “Fully Correct” (all key nodes
and causal/preventive links are accurate), “Mostly Correct” (minor issues but generally sound), “Partially
Incorrect” (some key elements wrong or missing), “Incorrect” (major inaccuracies), or “Difficult to Judge”
(insufficient context or ambiguity). Experts were given approximately 40 minutes to complete the task,
relying on their own knowledge and any external sources they deemed necessary. Evaluations were sub-
mitted directly via the dashboard and automatically logged. While the sample represents a small portion
of the full dataset, the focused input of this specialised group provides meaningful first insights into the
quality of the Al-generated graphs and helps guide future improvements.

Table 7. Distribution of expert assessments by disaster type, following EM-DAT categories [39]. Values represent
the percentage of all individual expert ratings in each category. The final column indicates the number of
unique disaster graphs evaluated for each type.

Disaster Type Difficult to Judge Fully Correct Incorrect Mostly Correct Partially Incorrect | N
Drought 0.0% 0.0% 5.0% 87.4% 7.5% 7
Earthquake 0.0% 0.0% 0.0% 0.0% 100.0% 2
Epidemic 0.0% 70.0% 0.0% 15.2% 14.9% 2
Explosion (Industrial) 0.0% 0.0% 0.0% 24.4% 75.6% 2
Flood 2.3% 36.2% 2.1% 37.3% 22.2% 14
Storm 0.0% 0.0% 0.0% 94.3% 5.7% 3
Volcanic activity 0.0% 0.0% 0.0% 28.3% 71.7% 1
Water 0.0% 0.0% 0.0% 100.0% 0.0% 1
Wildfire 0.0% 0.0% 32.7% 0.0% 67.3% 2

Source: Ronco et al, 2026 [114]

To summarise the validation outcomes, we aggregated expert evaluations across disaster types. Since
multiple experts could assess the same event, each event received a set of ratings, allowing us to com-
pute the relative distribution of evaluation categories per disaster type. Table 7 reports the percentage
of assessments falling into each rating class—Fully Correct, Mostly Correct, Partially Incorrect, Incorrect,
and Difficult to Judge—along with the total number of evaluated graphs per hazard type. These aggre-
gated results provide an overview of perceived accuracy across hazards and help identify areas where
the Al-generated outputs performed more reliably or raised interpretation challenges. This analysis not
only highlights strengths in our current approach but also pinpoints specific areas needing refinement to
enhance the reliability and utility of the Al-generated content in the DRM domain.

In addition to direct graph evaluation, we designed a short EU survey to gather broader, overall feedback
on the quality and usefulness of the Al-generated disaster storylines. Ten participants completed the sur-
vey, representing diverse roles including Civil Protection Managers, DRM Practitioners, Researchers, and
Policy Makers. We report results for four targeted questions, each assessed after participants interacted
with the HuggingFace dashboard. These included: (1) “How accurate did you find the Al-generated sto-
rylines on disaster events?” (2) “How useful did you find the Al-generated knowledge graphs for under-
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standing disaster narratives?” (3) “Are the entities in the graph accurately identified and represented?” and
(4) “Are the relationships between entities accurately extracted and represented?”. Figure 24 summarises
responses in four histograms. Main findings include that half of respondents rated the storylines as “Very
accurate,” more than half found the graphs “Somewhat useful,” and approximately half considered both
the entities and links to be “Mostly accurate”. These results provide encouraging evidence of perceived
quality and relevance from an operational DRM perspective, even if based on a relatively small group of
experts. Since all data are openly available and we provide an interactive HuggingFace dashboard to fa-
cilitate exploration, our approach is intended as a fully open-source model. This setup allows end users to
engage directly with the storylines and graphs, potentially enabling larger-scale validation and refinement
through broader community interaction.

Figure 24. Results of the survey assessing the Al-generated narratives and graphs. (a) Accuracy of Storylines (op-
tions: “Very accurate,” “Partially accurate,” and “Inaccurate.”) (b) Usefulness of the Graphs (options:
“Very useful,” “Somewhat useful,” “Neutral,” and “Not useful.”) (c) Accuracy of Entities (options: “Yes,
all accurately identified and represented,” “Mostly, but a few inaccuracies are present,” “Partly, some en-
tities are correctly identified while others are not,” “No, many entities are inaccurately identified or miss-
ing,” and “Not sure / | don’t have enough information to assess.”) (d) Accuracy of Links/Relationships
(options: “Yes, all accurately identified and represented,” “Mostly, but a few inaccuracies are present,”
“Partly, some links are correctly identified while others are not,” “No, many links are inaccurately identi-
fied or missing,” and “Not sure / | don’t have enough information to assess.”)
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Source: Ronco et al, 2026 [114].

This dataset can support a range of applications in DRM, including retrospective analysis, multi-hazard

risk assessment, scenario generation, and simulation of cascading effects. By transforming large volumes
of unstructured news content into structured storylines and KGs, it bridges textual information and formal
risk models. The data can complement existing hazard inventories such as EM-DAT, offering narrative and
relational detail often absent from conventional disaster databases. Relationships linking drivers, impacts,
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and response measures can inform vulnerability assessments, early warning strategies, and integration
into system dynamics or Bayesian network models. Practitioners may use the interactive dashboard to
explore past events, gaining context-specific insights into secondary effects, compounding drivers, and
effective interventions. Researchers in climate adaptation, humanitarian coordination, or environmental
security may benefit from the narratives, which capture contextual nuance such as infrastructure, gov-
ernance, or pre-existing vulnerabilities shaping disaster outcomes. The dataset also provides a unique
resource for Al research. To our knowledge, it is the first large-scale collection of disaster-related KGs
paired with multi-sentence narratives, enabling benchmarking in text-to-graph and graph-to-text gen-
eration, causal reasoning, complex factual summarisation, and multimodal representation learning. It
can serve as a testbed for evaluating alignment, coherence, and factual accuracy in generative models
grounded in graph-based representations of factual information.

Users should be aware of several limitations. All storylines and KGs are derived from publicly available
news sources, which vary in factual reliability, regional coverage, and thematic emphasis. This introduces
potential geographic and content biases, including underrepresentation of events in low-income regions
or slow-onset hazards. The driving factors identified reflect reported narratives and may not correspond
to underlying systemic drivers. The zero-shot LLM-based generation process, while scalable, can produce
incomplete or imprecise representations, especially for complex or under-reported events. KGs are simpli-
fied by design, capturing only two relation types, and are not intended as comprehensive causal models.
The dataset is seeded on EM-DAT and thus inherits its known incompleteness; some disasters are missing
[39]. In addition, the completeness and accuracy of EM-DAT records may vary across hazard categories,
with some event types being more comprehensively documented than others; therefore, the quality and
coverage of the generated storylines and knowledge graphs may partially reflect these underlying differ-
ences in the source inventory. Furthermore, although the pipeline has been designed in EM-DAT only, it is
worth noting that the methodology is fully generalisable, allowing users to generate storylines and graphs
from alternative disaster inventories, news sources, or user-defined sets of events. For high-stakes appli-
cations, outputs should be triangulated with additional sources or reviewed by domain experts.

This release is fully open: code, models, prompts, and processed outputs are publicly available, ensur-

ing methodological transparency and enabling adaptation to new sources or contexts. Beyond providing
openly accessible data, this work introduces a novel methodology that combines large-scale news re-
trieval, embedding-based retrieval augmentation, and LLM-driven extraction of disaster knowledge graphs
and storylines. While the current dataset represents a first demonstration rather than a definitive disaster
knowledge repository, it establishes the feasibility of generating structured, interpretable representations
from unstructured news. Future work may include more extensive validation, integration of additional
data modalities (e.g., time series, official statistics), multilingual coverage, probabilistic reasoning modules
(e.g., Bayesian networks), and regular updates to capture emerging events. Overall, the dataset offers a
scalable, interpretable, and reproducible foundation for multi-hazard awareness, disaster risk manage-
ment research, and Al-driven analysis.

The dataset containing both storylines and KGs is available at https://jeodpp.jrc.ec.europa.eu/ftp/jrc-opendata/
ETOHA/storylines/DisasterStory.csv. The dataset is released under Creative Commons Attribution 4.0 Inter-
national (CC BY 4.0) license?. As an open resource, the dataset is designed to be extensible.

2 Creative Commons Attribution 4.0 International (CC BY 4.0) license, https://creativecommons.org/licenses/by/4.0/
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6. Open issues and Critical Analysis on Al for Public Health: Challenges,
Limitations, and Ethical Imperatives

6.1. Technical and Data-Related Limitations

The application of generative Al in high-stakes fields like health threats surveillance, preparedness and
response, is not without significant technical challenges. A primary concern is the phenomenon of “hallu-
cinations,” which refers to the models’ tendency to generate nonsensical or factually incorrect responses
[102]. This issue stems from a lack of true conceptual comprehension; LLMs are fundamentally statis-
tical models that operate on word associations rather than an understanding of the underlying domain
[41]. Training on low-quality or unvalidated data, such as public web corpora, can also predispose models
to hallucinate [20]. The failure of Meta’s scientific LLM, Galactica, which was suspended shortly after its
launch due to criticisms of its accuracy, serves as a prominent example of this vulnerability [41].

Another major limitation is the “black box” problem. Generative Al models transform their training data
into mathematical representations, making it impossible to trace the origin of a given output [41]. Unlike
traditional clinical resources that provide explicit references, LLMs often fabricate sources when prompted
to cite their information, which makes it exceedingly difficult for healthcare professionals to trust and vali-
date the output in a medical context [36, 15]. This opacity undermines the transparency and explainability
essential for ethical deployment and accountability [77].

Furthermore, LLMs face challenges with slow adaptation and inconsistent outputs. Medical knowledge
evolves rapidly, with new research and treatment guidelines emerging constantly. LLMs can struggle to
efficiently integrate these new discoveries, potentially rendering them obsolete or even dangerous in a
clinical environment where up-to-date information is paramount [21]. Additionally, the intrinsic random-
ness in their design can lead to inconsistent responses to the same prompt across different sessions, in-
troducing volatility into their performance and complicating their real-world application [41].

Beyond these challenges, an additional limitation concerns scalability and computational requirements.
Processing large volumes of incoming textual data, particularly when using large language models or
ensemble approaches, can be computationally intensive and may limit the system’s ability to scale effi-
ciently. This can have direct implications for timeliness, as delays in processing and information extraction
may reduce the effectiveness of the system in timely epidemic surveillance scenarios.

Finally, it should be noted that while unstructured data sources can substantially enhance the timeliness
and breadth of epidemic intelligence, their effective operational use should be complemented by primary
clinical, laboratory and surveillance data to validate emerging signals and strengthen the reliability of
public health decision-making. In addition, while the underutilisation of unstructured data sources is often
framed as a technical challenge, institutional and operational factors also play an important role. In many
Member States, surveillance systems have historically been designed around mandatory reporting frame-
works based on predefined and structured variables, reducing incentives to systematically collect and
analyse free-text information. Consequently, the adoption of Al-based approaches for unstructured data
analysis should be evaluated through carefully designed pilot studies in operational settings. Regional-
scale pilots could help assess not only the added epidemiological value of extracting information from
clinical narratives, reports, and other textual sources, but also the organisational changes, computational
infrastructure, human expertise, and resource requirements needed for sustainable deployment. Such
evaluations would provide important evidence for future integration into national and European surveil-
lance workflows.
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6.2. Ethical and Societal Considerations

The use of generative Al in epidemiology introduces profound ethical concerns. A fundamental challenge
is data equity and algorithmic bias [77]. Al models require vast datasets for training, yet biomedical and
public health surveillance data have historically excluded underrepresented populations, including women,
minorities, and low-income communities [41]. When trained on such biased data, these models can pro-
duce algorithms that fail to accurately model disease spread or healthcare responses for marginalised
groups, thereby reinforcing and exacerbating existing health disparities [102, 771. The use of secondary
data from digital platforms in “digital epidemiology” can also introduce new, systematic biases that are
nearly impossible to correct for a priori [94].

The risk of misinformation and public distrust is another critical concern [97]. The COVID-19 pandemic
demonstrated how quickly and significantly misinformation can impact public health efforts [77]. Gener-
ative Al models are highly vulnerable to repeating and elaborating on false medical information, as evi-
denced by a study from Mount Sinai that showed that chatbots would confidently generate explanations
for non-existent conditions when presented with a fabricated medical term [98]. This vulnerability can
lead to a significant erosion of trust in both public health institutions and the technology itself [77, 971.

A key finding from this research is that practical, engineering-level safequards can make a significant
difference in mitigating this risk. The Mount Sinai study found that a simple, one-line warning added to
the prompt—reminding the Al that the information might be inaccurate—cut the rate of hallucinations by
nearly half [98]. This demonstrates that the solution is not to abandon Al but to engineer tools that are
designed to spot dubious input, respond with caution, and ensure human oversight remains central to the
process [98].

The future will not be a simple matter of technology adoption; it will require a re-framing of the chal-
lenges and a fundamental rethinking of how we integrate these powerful generative Al tools into our ex-
isting epidemiology and public health surveillance systems [94, 40, 77].

The path forward hinges on a multi-faceted approach centered on building trust. This requires:

1. Trust by Design: Adopting an approach where ethical considerations are engineered into Al systems
from the outset [56]. This includes using privacy-preserving techniques like federated learning, em-
ploying data anonymisation and encryption, and designing for transparency and explainability to
address privacy and accountability concerns [771].

2. A Human-Centric Model: Reaffirming that Al systems should serve as collaborative tools, not re-
placements for human experts. All critical outputs must be subject to a clear human-in-the-loop
validation process [94, 30]. The most crucial skills for a future with generative Al will be critical in-
terrogation and ethical judgment, as the focus shifts from finding the right answer to asking the
right questions of the technology [94, 201.

3. Global Collaboration: Ensuring that Al tools are made widely available to resource-limited regions
to prevent deepening global health disparities [77]. This requires not only making the technology
accessible but also ensuring that local public health surveillance agencies have the expertise and
resources to use them effectively.

While challenges are significant and require careful navigation, the potential for generative Al to enhance
our global understanding and management of disease outbreaks is transformative. By prioritising ethi-
cal deployment and maintaining human oversight as the ultimate arbiter of public health decisions, we
can exploit the power of this technology to build a more resilient, equitable, and data-driven public health
surveillance ecosystem.
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6.3. Privacy, Security, and Regulatory Compliance

The data-intensive nature of generative Al systems introduces acute privacy and security risks. Models
can unintentionally memorise and “requrgitate” sensitive personal data they were trained on, leading to
data leakage [56]. The use of Al-powered surveillance for infectious diseases also raises serious concerns,
as it may rely on personal and location data from mobile devices and social media [77]. This could lead to
governmental or corporate misuse of data, resulting in increased surveillance and restrictions on personal
freedoms [77].

Several mitigation strategies can address these challenges. Institutions can opt for local hosting of Al
models to maintain greater control over data usage and compliance [127]. Privacy-preserving techniques
like federated learning allow multiple entities, such as hospitals, to collaboratively train a model by shar-
ing model updates without sharing the underlying patient data [77]. Additionally, developers can use data
anonymisation, encryption, and other security measures to reduce the risk of re-identification and prevent

unauthorised access [56].

Table 8 summarises the key challenges and mitigation strategies.

Table 8. Key Challenges and Mitigation Strategies

Challenge

Description/Implication

Mitigation Strategy

Hallucinations

The “Black Box”
Problem

Algorithmic Bias/-
Data Equity

Privacy & Surveil-
lance Risks

Misinformation

The tendency of models to generate non-
sensical or factually incorrect responses
due to a lack of conceptual understanding

The lack of transparency in how outputs
are generated, making it impossible to
trace the origin of information

Models trained on historically biased data
may produce algorithms that fail to accu-
rately represent or serve underrepresented
populations

The potential for models to memorise and
leak sensitive data and for Al-powered
surveillance to be misused

The vulnerability of models to repeating
and amplifying false medical information,
which can erode public trust

Use of higher-quality training data;
human-in-the-loop validation; built-in
warnings [41]

Designing systems with version-controlled,
auditable, and explainable outputs; human
oversight for final validation [71]

Prioritising the collection of diverse and
representative data; using advanced data
augmentation techniques; generating syn-
thetic data to fill gaps [771]

Implementing privacy-preserving tech-
niques like federated learning; using data
anonymisation and encryption; opting for
local hosting of models [77]

Engineering tools with built-in safeguards
to spot dubious input; ensuring human
oversight remains central; promoting digi-
tal literacy [97]

Source: JRC.
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7. Conclusions

This report demonstrates that generative Al, and in particular Large Language Models (LLMs), has signif-
icant potential to augment existing public health surveillance systems. In particular, this study highlights
the effectiveness of LLMs in extracting and interpreting critical information from diverse sources, includ-
ing the Epidemic Intelligence from Open Sources (EIOS) system, WHO Disease Outbreak News, and global
media reports. The fine-tuned models, particularly EpiLLaMA 3.3-70B and EpiQwen 2.5-7B, demonstrate
Al's ability to synthesise vast amounts of unstructured data into actionable insights with remarkable ac-
curacy, achieving ROUGE scores exceeding 0.90 in epidemiological information extraction tasks. The de-
velopment of the epidemiology knowledge graph (eKG) enables outbreak data to be not only accessible
but also semantically interoperable and computationally tractable, reducing the time from outbreak de-
tection to actionable public health response. Rather than replacing established health threats surveillance,
preparedness and response infrastructures, these technologies can complement and potentially enhance
current capabilities. While improvements in timeliness and scalability were not directly benchmarked in
this study, the fine-tuned LLMs approach points in this direction, as it avoids repeated inference steps re-
quired by ensemble methods and can be deployed in local environments, potentially enabling more effi-
cient and scalable processing.

Despite the promising results, significant challenges remain, particularly concerning data privacy, algo-
rithmic bias, and the integration of Al with existing health infrastructures. The technical limitations iden-
tified—including the “black box” problem, susceptibility to hallucinations, and slow knowledge adapta-
tion—require ongoing research attention and engineering solutions. The ethical dimensions are equally
critical: algorithms trained on historically biased data risk perpetuating health disparities, while the poten-
tial for surveillance overreach threatens fundamental rights to privacy and autonomy.

The path forward demands a collaborative, multidisciplinary approach that brings together Al researchers,
epidemiologists, public health surveillance practitioners, policymakers, and affected communities. Human-
in-the-loop validation must remain central to any operational deployment, with Al serving as a powerful
augmentation tool rather than a replacement for human expertise and judgment. As demonstrated e.q.

by the Mount Sinai study we referred to [98], simple engineering safequards—such as built-in warnings
about potential inaccuracies—can dramatically reduce error rates, proving that practical solutions exist for
many of the challenges we face.

Additionally, continued research is necessary to bridge knowledge gaps, particularly in exploring multi-
modal data fusion approaches that combine text, images, and time-series data, and developing explain-
able Al methods that increase transparency without sacrificing performance. Future work should also pri-
oritise global equity, ensuring that Al-driven public health surveillance tools are accessible and beneficial
to resource-limited regions, thereby preventing the exacerbation of existing global health disparities.

As digital innovation continues to reshape public health landscapes, it is imperative to leverage Al’s full
potential to build resilient and adaptive health systems. By embracing Al-driven methodologies, pub-
lic health surveillance policies can be more proactive, data-driven, and responsive to emerging health
threats. The integration of Al into surveillance systems, coupled with enhanced data infrastructure and
skilled human oversight, positions public health institutions to detect outbreaks earlier, understand their
dynamics more comprehensively, and coordinate responses more effectively. This report serves as an
initial step toward realising such a vision, advocating for strategic policy adaptations that align with the
evolving digital health ecosystem.
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