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" The rapid evolution of artificial intelligence (Al), together with the increased availability of social media

. and news for epidemiological surveillance, is marking a pivotal moment in epidemiology and public
health research. By harnessing the capabilities of generative Al, we use an ensemble approach which

. incorporates multiple Large Language Models (LLMs) to extract useful epidemiological information

for analysis from the World Health Organization (WHO) Disease Outbreak News (DONs). DONs is

. acollection of regular reports on global outbreaks curated by the WHO with the adopted decision-
making processes to respond to them. The extracted information is made available in a knowledge
graph, referred to as eKG, derived to provide a nuanced representation of the public health domain

. knowledge. We provide an overview of this new dataset and describe the structure of eKG, along with

. the services and tools used to access and utilize the data that we are building on top. These innovative

. dataresources open altogether new opportunities for epidemiological research, and the analysis and
surveillance of disease outbreaks.

: Background & Summary
: We are at a pivotal moment in the evolution of epidemiology and public health research!, significantly influ-
enced by the emergence of artificial intelligence (AI) tools. This advancement is expected to fundamentally
reshape the landscape of epidemiological studies, the manner in which infectious disease outbreaks are tracked,
. and our response to them. Yet, processing the vast quantity of unstructured epidemiological datasets poses sig-
© nificant challenges**. In this paper we focus on the World Health Organization (WHO) Disease Outbreak News
. (DONsS, https://www.who.int/emergencies/disease-outbreak-news/), an official record of outbreaks maintained
. by the WHO and operational since 1996. This publicly accessible system disseminates information on events
. related to health emergencies, reported by national authorities and various collaborators®®, The WHO compiles
: these data into narrative descriptions that detail the specifics of each outbreak. Typically, these narratives pin-
. point the affected geographical area, the disease in question or a syndromic occurrence with an undetermined
: 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 underutilized in academic research, primarily
due to their unstructured, prose-based format, which poses significant barriers to systematic analysis and inte-
gration into automated health informatics systems’.
In response to these challenges, our study employs an ensemble of advanced generative Al techniques, lev-
. eraging the strengths of multiple Large Language Models (LLMs)3?, to extract and structure relevant epidemio-
. logical information from the WHO DONSs!. 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 para-
digms of Linked Open Data (LOD)'.
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Fig. 1 Schematic overview of the pipeline to extract and publish relevant epidemiological information from the
WHO?’s Disease Outbreak News.

Extracting and integrating heterogenous information for knowledge discovery can be a complex task for
researchers and public health 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)'>'3, 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 organizing domain knowledge of various nature
and integrating the contained information to reveal hidden associations'. They have been successfully used by
the research community to create semantically enriched representations of data across various domains'? as well
as to offer significant support to AI systems across multiple domains'®. 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'®. The relationship between two entities is typically formalized as a triple in the
format <subject, predicate, object> following the Resource Description Framework (RDE https://
www.w3.org/RDF/) as a standard model* (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 lan-
guages, such as Description Logic (DL)'7, Web Ontology Language (OWL)'® or SPARQL".

While other KG architectures are possible, such as through graph DBMS (such as Neo4j, http://neo4j.org/),
each with its own advantages and disadvantages®, 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?'. RDF
is ideal for ensuring interoperability and extensibility, as it follows widely accepted standards that enable seam-
less data integration from diverse sources??. This is particularly beneficial in the context of epidemiological data,
where the integration of various ontologies and datasets can provide deeper insights and more accurate analy-
sis. Moreover, RDF’s compatibility with OWL ontologies allows us to leverage semantic reasoning capabilities,
enabling more sophisticated data interpretations and inferencing'®. These features are essential for enhancing
the utility and usability of the produced epidemiological knowledge graph (eKG), as they support advanced que-
ries and analysis that go beyond simple data retrieval. By choosing RDE, 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''. By following this approach, we
construct the eKG from DON:S, offering a nuanced representation of the public health domain of knowledge.
This formalized framework effectively integrates extracted epidemiological information from DONS, enhancing
the analysis and understanding of public health data.

Figure 1 provides a schematic overview of the pipeline, which will be described in more detail in the
“Methods” section. A process is triggered to extract, transform and load (ETL) new reports from WHO DONS,
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 exploration 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 research opportunities in public health
and epidemiology for the analysis of disease outbreaks, surveillance, and response to public health threats.

In summary, this data article makes a contribution in the field of epidemiology by providing a comprehensive
and structured dataset derived from the WHO DONSs. Our work showcases the value of extracting epidemiolog-
ical data from narrative reports. The establishment of a knowledge graph of epidemiological information and the
application of LLMs in an ensemble fashion!®? to process and analyze unstructured data mark a transformative
step towards enhancing our global understanding and management of disease outbreaks.
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Related Work

For a better understanding of the approach that we have followed in the construction of eKG, we first outline
the methods developed for integrating graph-based biomedical heterogeneous data, and then describe the main
characteristics of the WHO Disease Outbreak News dataset from which eKG has been extracted.

Methods for developing knowledge graphs in the biomedical domain.  The challenge of combining
heterogeneous data sources represents a fundamental issue in contemporary data management systems, prompt-
ing the development of numerous methodologies for processing relational information®*. The widespread use
of diverse data formats has highlighted the essential role of ontological frameworks?. Ontologies can be used
to reconciliate heterogeneous information? as well as to query the data by overcoming interoperability issues?’.
In this case, the relationships between ontological concepts and data instances are declared via explicit mapping
specifications. Afterwards, such declarations are used to build the queries on the data instances respecting the
adopted ontological definitions. This can be achieved through virtualization?, by using dynamic real-time trans-
formations during query execution. Queries translations in this approach are obtained by leveraging mapping
specifications and ontological relations. Virtualization involves directly fetching only the data needed for the
query from the original repositories. However, it may introduce latency and inconsistencies when underlying
source structures undergo modifications?. On the other hand, querying ontological data can be also achieved
via the materialization method, which synchronizes local data architectures with the semantic models and their
associations. Materialization, in contrast to virtualization, offers data retrieval from the ontological system by
consolidating the collected information into a unified storage solution, although frequent updates may compro-
mise data quality®.

Multiple approaches have been developed to address data heterogeneity through mapping rule specification.
Prominent examples of such methodologies can be schematized in the following:

o CSVW, a framework for characterizing tabular CSV data through metadata annotations to enable RDF
conversion®’;

o SPARQL-Generate, which augments SPARQL functionality to facilitate data transformation from varied for-
mats into RDF by incorporating RDF generation capabilities alongside SPARQL query processing®';

o R2RML, a W3C recommendation for transforming relational database content to RDF format®?;

o RML, which extends R2ZRML functionality to accommodate diverse data structures®;

o ShExML, a comprehensive mapping language that merges RDF Shape Expression (ShEx) characteristics with
transformation capabilities to enable conversion of multiple data formats into RDF structures®;

*  YARRRML, a human-friendly, textual representation of RML that streamlines RDF mapping rule creation by
supporting YAML-based mapping specifications®.

Within the biomedical field, considerable research initiatives are focused on constructing knowledge graphs
through the consolidation of numerous publicly available datasets, leveraging both materialization and vir-
tualization methodologies. As an illustration, Zhang et al.*® incorporated fusion and annotation processes
to establish an integrated KG that encompasses multiple sources while being enhanced with biological onto-
logical structures, including Disease®”, Gene, Plant*, and Trait*® ontolologies. In addition, ReproTox-KG*!
aims to predict placenta defects that can be derived from compounds. In particular, this knowledge graph
extracts information from peer-reviewed publications and integrates ontological frameworks and taxonomies
including the CDC birth-defect terms (https://www.cdc.gov/birth-defects/about/types.html), the Human
Phenotype Ontology (HPO)*, SigCom LINCS datasets*® for drug-gene interaction networks, DrugCentral*
for mapping pharmaceutical compounds to developmental defect categories, and Geneshot* for establishing
gene-to-birth-defect associations. Instead, the BioGrakn KG project*® integrates genomic, proteomic, and clin-
ical data using the capabilities of the Grakn’s knowledge graph (https://grakn.ai/) to support complex querying
and inference, drawing on sources like UniProt*” and the Gene Ontology*. The MONARCH Initiative*® unifies
cross-species genetic, genomic, and phenotypic data to explore genotype-phenotype relationships, incorporat-
ing data from resources such as the Human Phenotype Ontology (HPO)* and the Mouse Genome Informatics
(MGI) database®. Additional initiatives include the Oregano KG, which focuses on drug repositioning™,
PrimeKG"!, that provides detailed disease insights, and a federated framework>? designed to facilitate semantic
queries across various distributed bioinformatics data sources using ontology-based integration.

The aforementioned research collectively demonstrates the difficulties arising from attempts to merge dis-
parate data repositories characterized by distinct modeling approaches and semantic frameworks. Particular
attention is directed toward successfully resolving challenges such as the unavailability of consistent naming
conventions, data overlap, and repeated records. In our case, when integrating WHO DONS, we also have to
consider the lack of comprehensive ontologies that cover all possible epidemiological reports. Existing ontolo-
gies are often fragmented, addressing only certain aspects of a disease outbreak event. These challenges need to
be addressed during the creation of the eKG. In the following sections, we will elaborate on the peculiarities of
our method for integrating data from epidemiological reports into a graph-based heterogeneous representation.
Our approach uses semantic similarity measures to improve the accuracy of entity integration from diverse data,
as seen in GOntoSim*?. Additionally, unlike graph DBMS like Neo4j, our use of RDF provides a more stand-
ardized method for organizing interconnected knowledge, facilitating compatibility with existing ontological
frameworks. Our approach also leverages the open-source NCBO BioPortal* to integrate biomedical ontologies,
ensuring consistent and accurate entity representation across datasets by grounding nodes to ontology terms,
thereby preventing or minimizing data duplication.
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The WHO Disease Outbreak News (DONs). The WHO DON:Ss platform is a critical source of infor-
mation on verified public health incidents or potential events of concern. Since its launch in January 1996, the
platform provided timely updates on various public health incidents. The core focus of DONS is to share news
about confirmed or potential public health events, including unexplained incidents with significant international
health implications, diseases with known causes that have the potential to spread globally, and events that could
disrupt public health interventions, international travel, or trade. This repository of information helps interna-
tional actors stay informed about health-related events and emergencies around the world, and is also occasion-
ally used by the research community as a public record of outbreak events*”**. However, the Disease Outbreak
News is not an exhaustive record of all known disease outbreaks globally. The criteria that the WHO employs to
determine which epidemiological situation updates to release are not entirely clear**>. Over the nearly 30 years
since the DON has been utilized, the reports’ content and topics may have subtly evolved, especially as reporting
obligations have shifted, such as with the adoption of the revised International Health Regulations (IHR, https://
www.who.int/health-topics/international-health-regulations) in 2005. Nevertheless, with over 3,000 verified news
articles on epidemics published since its launch, DONs remain an official and authoritative source of information
on public health events.

The analytical value of WHO DON:ss is significantly limited by its unstructured, narrative format. Each report
is presented on an individual webpage, and although these pages are indexed by search engines like Google,
there is little in the way of scaffolding or standardized metadata to facilitate accessing reports through more
structured queries. The current interface makes it difficult to quickly retrieve information or conduct analysis.
To facilitate global health research that utilizes and exploits DONSs as a comprehensive record of outbreaks
and a valuable repository of documents, we developed a standardized framework for sharing epidemiological
information, as described in the next section, to allow DONSs to be more useful to researchers and public health
professionals.

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 Fig. 1, composed of several modules
that can be grouped into three main categories: i) LLMs for Epidemiological Information Extraction (IE), where
the important epidemiological information is extracted from DONs using an ensemble 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 organizations, national and European governmental institutions
and international organizations 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.

LLMs for Epidemic IE.  This study utilizes LLMs, a type of artificial intelligence model that leverages deep
learning architectures to analyze complex patterns in language data, to extract useful epidemiological information
for analysis. These predictions are informed by the model’s learning from extensive text datasets. The develop-
ment of LLMs is based on the Transformer architecture®, a type of model design used in machine learning and AI
that enables the efficient processing of sequential data by using self-attention mechanisms to capture long-range
dependencies in input sequences®®. In contrast to classical sequential models like Long Short-Term Memory
(LSTMs) and Recurrent Neural Networks (RNNs), Transformers can be trained in a highly parallelized and effi-
cient manner, while also being particularly effective at capturing long-range dependencies in sequences, making
them a powerful tool for natural language processing tasks>>°.

Building on the assessment of recent LLMs for epidemiological information extraction'?, our work employs
an ensemble approach, which was shown to be comparable or even superior to commercial techniques for
extracting structured epidemiological information from text, including outbreak disease names, involved coun-
tries, event dates, total cases, and deaths'. A solution based on open-source LLMs is ideal in this context because
it overcomes specific usage constraints of commercial models, e.g. 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 inte-
grating 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 normal-
ized, 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. In the following sections we provide a brief
description of these models.

Mistral-7B-OpenOrca. The Mistral-7B-OpenOrca model (https://huggingface.co/Open-Orca/Mistral-
7B-OpenOrca), an open-source variant fine-tuned by OpenOrca on its proprietary datasets (https://hugging-
face.co/datasets/Open-Orca/OpenOrca), is built above the decoder-only Mistral LLM. Mistral models make
use of a significant number of computational advancements with respect to other state-of-the-art LLMs, e.g.
sliding-windows attention, which allows the model to extend the number of tokens it can simultaneously pro-
cess. Despite having a relatively smaller size of 7 billion parameters, Mistral-7B-OpenOrca demonstrates strong
performance across a range of tasks, while also providing fast prediction time. Notably, its performance is often
comparable to larger models, including the Llama 3 models family. Equipped with a maximum length of the con-
text equal to 4,096 tokens, the Mistral-7B-OpenOrca model stands out as one of the top-performing open-source
models with similar parameter sizes (around 7 billion parameters). It excels particularly in tasks requiring effi-
cient resource usage and fast inference time, making it an attractive choice for various API applications.
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Zephyr-7B-Beta. The Zephyr-7B-Beta model (https://huggingface.co/HuggingFaceH4/Zephyr-7B-Beta) is
an open-source LLM leveraging the transformer architecture. It is a Mistral variant obtained by fine-tuning
the model on a collection of synthetic and public datasets. This model employs a unique training approach,
utilizing a combination of masked language modeling and next sentence prediction objectives, allowing it to
learn a rich representation of language and generate coherent and context-specific text. Similarly to the Mistral-
7B-OpenOrca model, this model has also 7 billion parameters, which are distributed across 24 layers of trans-
former blocks, each consisting of self-attention mechanisms and feed-forward neural networks. Notably, this
model utilizes a variant of the attention mechanism known as scaled dot-product attention, which enables it to
efficiently process long-range dependencies in input sequences. Although being compact in size, it often outper-
forms larger LLMs in language understanding and generation tasks, demonstrating performance comparable
to several models in the 20-30B range. The model is characterised by a context length equal to 4,096 tokens and
is quick at inference, making it an attractive option for deployment in resource-constrained environments. The
Zephyr-7B-Beta model is considered one of the top-performing open-source models with fewer than 30 billion
parameters, making it an effective LLM for various API applications.

Meta-Llama-3-70B-Instruct. The Meta-Llama-3-70B-Instruct model is a state-of-the-art open-source LLM
developed by Meta (https://ai.meta.com/llama/), leveraging the transformer architecture and building upon
the success of its predecessors. It stands as one of the leading open-source LLMs on the market, matching the
performance standards of the renowned GPT models. The core Llama model was developed using an extensive
and heterogenous selection of public online documents, which enables the model to have an in-depth grasp of
language patterns and contexts. The fine-tuned Meta-Llama-3-70B-Instruct model advances this grasp by incor-
porating public instructional data and extensive human annotations. This model is fine-tuned on this massive
dataset of instructions, which enables it to excel in tasks that require precise and context-specific responses
(https://huggingface.co/meta-llama/Meta-Llama-3-70B-Instruct). The fine-tuning process involves a combina-
tion of masked language modeling and next sentence prediction objectives, allowing the model to learn a rich
representation of language and generate coherent and context-specific text, ensuring a high level of precision
and adaptability in its responses.

The Meta-Llama-3-70B-Instruct model boasts 70 billion parameters, which are distributed across 32 layers
of transformer blocks, each consisting of self-attention mechanisms and feed-forward neural networks. With
a context length of 4,096 tokens, this model is capable of handling complex language tasks, making it an ideal
choice for applications that require advanced language understanding and generation capabilities. Furthermore,
the model’s instruction-based fine-tuning process ensures that it is highly adaptable and can respond accurately
to a diverse range of prompts and queries, solidifying its position as a top-tier LLM in the field.

Ensemble. Ensemble learning® is a machine learning approach that merges several models to address a spe-
cific problem. Unlike conventional machine learning techniques that strive to derive a single hypothesis from
training data, ensemble learning aims to build multiple hypotheses and merge them to achieve a more precise
and robust outcome®. This approach can be applied to various Al paradigms, including those that utilize mul-
tiple techniques to address the same task. The Ensemble model is an advanced Al strategy that capitalizes on the
capabilities of the different LLMs, i.e. Mistral-7B-OpenOrca, Meta-Llama-3-70B-Instruct, and Zephyr-7B-Beta,
to generate the final outputs. For a validation of the produced LLMs outputs see the next “Technical Validation”
Section. Practically, the Ensemble model employs a majority voting mechanism to choose the most precise result
from the contributing models. This approach guarantees that the output with the greatest agreement among
the models is selected, thus improving inference reliability and precision. In the event of a tie, where each of the
three models provides a different answer, the ensemble resolves the situation by selecting one of the answers at
random. By combining the strengths of multiple models, the Ensemble can produce more robust and accurate
results, increasing its confidence inference. The Ensemble benefits from the distinct advantages that each model
contributes. In particular, Mistral-7B-OpenOrca is known for its strong performance across various tasks, earn-
ing popularity for being both adaptable and reliable. Zephyr-7B-Beta, on the other hand, is recognized for its
sophisticated capabilities and top-tier performance. Lastly, Meta-Llama-3-70B-Instruct is well-regarded for its
proficiency in chat-based interactions, providing high-quality, contextually accurate responses, further enhanc-
ing the ensemble’s overall effectiveness.

Each LLM is separately launched upon the new epidemiological DONs reports. All LLMs share the same
context length of 8K tokens, meaning they can process at one time a text of maximum length of 8K tokens when
generating a response or performing a task. To note, the number of tokens corresponding to a certain number
of words can vary greatly depending on the language, the tokenization method used, and the specific text. In
English, with common tokenization methods, 100 tokens corresponds to approximately 75 words. Therefore,
as a rough estimate, 8K tokens would correspond to around 6K words. In the case the DON report to process
exceeds this context length value, it is split in pieces which then undergo a preliminary summarization step,
using the following prompt:

“Summarize the epidemiological text below, focusing on any aspects that are relevant to the disease outbreak,
place and time of the infectious disease outbreak occurred, and the number of cases and deaths derived.

Do not invent. Write no explanations or notes.

Text: .7

Afterwards, for the extraction of the key epidemiological entities (name of disease outbreaks, involved coun-
try, date of the outbreak, number of confirmed cases and deaths) for each DON report, the LLMs are supplied
with the prompt depicted below!:
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“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 infor-
mation 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 objectives 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), reporting a Nipah virus
outbreak in Kerala, India, resulting in 15 laboratory-confirmed cases, 13 deaths and 2 hospitalizations, 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 valida-
tion approach. This involves programmatically verifying JSON validity and employing synthetic heuristics 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. Ifinvalid, 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.

For the outputs we were unable to clean, which accounted for less than 1% of the overall data from our calcu-
lations, we discarded them. This method allows us to effectively manage and correct JSON outputs, ensuring
they meet the necessary structural requirements for further elaboration.

After areport 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 major-
ity voting technique is particularly effective in mitigating the hallucination issue commonly associated
with LLMs. Hallucination refers to the generation of information that is not present in the input data’®.
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 learn-
ing?>*’. 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 reduc-
ing the potential for hallucinated outputs and improving the reliability of the extracted epidemiological
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 majority 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 overlapping synsets in
WordNet*; (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 calculate the semantic
similarity we used Sentence Transformers, also known as SBERT (Sentence-BERT)®, which is a modifica-
tion of the pre-trained BERT (Bidirectional Encoder Representations from Transformers)®! 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 similarity®® to determine the semantic
similarity between sentences. SBERT fine-tunes the BERT network on a dataset of sentence pairs, train-
ing 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 selected the all-mpnet-base-v2
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Fig. 2 This picture illustrates an example on the implementation of Description Logic for structured knowledge
representation. The TBox comprises concepts such as surveillance processandplanned process,
along with assertions defining relationships between these concepts (e.g., <surveillance process,
subclass of, planned process>). The ABox represents instances of these concepts, like don-
record2740, and provides assertions relating these instances to other concepts (e.g., <don-record2740,
instance of, surveillance process>and <don-record2740, geographical region,
India>) as well as to literal values (e.g., <don-record2740, date of infection, 2018-05-19>
and <don-record2740, infected population cases, 15>).

(https://huggingface.co/sentence-transformers/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®, a domain-specific version of the BERT
model pre-trained on biomedical literature to enhance performance on biomedical natural language pro-
cessing tasks®’. We set an experimental 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 seman-
tic similarity values is often between 0.7 and 0.9, which has been supported by numerous studies (see
e.g.53’65’66). For our use case, we experimentally selected a threshold of 0.8, as it demonstrated an effective
balance in differentiating terms while maintaining homogeneous groups of synonyms for disease and
pathogen names, as well as country names. In this way, clusters of disease names 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'. By combining the advantages of multiple models, it emerges as an effective strategy for the task of epidemi-
ological information extraction.

eKG FAIR Publishing.  The epidemiological knowledge graph, eKG, has been produced from the informa-
tion extracted by the WHO DON:S, providing a rich data model for the public health domain. It has been imple-
mented by using Semantic Web technologies, such as RDF (https://www.w3.0rg/TR/REC-rdf-syntax/) and OWL
(https://www.w3.0rg/OWL/), 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 <T, A>, where T is the TBox and A the ABox®".
The TBox serves as the foundational layer containing the formal descriptions of a domain’s structure, encom-
passing specific class hierarchies, relational properties, and basic axioms or declarations®” (e.g.,a surveil-
lance process isasubclassofaplanned process, asillustrated in Fig. 2). In contrast, the ABox
details the properties and attributes of instantiated class objects (namely, individuals or data names) and dec-
larations concerning their categorical placement within the TBox structure®” (e.g., as depicted in Fig. 2, the
don-record2740isasurveillance process associated tothe Nipah Virus infectious disease
occurred in India on 2018-05-19, with confirmed 15 infected population cases and 13 deaths). External
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data entities that exist beyond ontological specifications can be formulated using existing ontological para-
digms through TBox strategies (by leveraging schema-level constructs) or ABox implementations (by applying
individual-level representations)®®. The class-based method characterizes each data element via subClassOf
relations with existing ontology classes, while the instance-based method characterizes them via instan-
ceOf relations with existing ontology classes, as done in eKG. In particular, for the extraction of eKG we have
strongly followed principles from ontology design patterns (ODPs)*® and LOD', that is, whenever possible we
reuse existing ODPs from online LOD repositories. Reused patterns are annotated with the OPLa framework”®
in order to facilitate class mapping and identification, which helps ground the knowledge graph to the ontol-
ogy classes, ensuring semantic consistency and enhancing data integration. In particular we reuse classes and
relations from IDO (Infectious Disease Ontology)”" and include explicit alignments to them by rdfs: sub-
ClassOf properties. IDO is a collection of structured entities generally relevant to both the biomedical and
clinical aspects of infectious diseases. The structure of IDO adheres to the Basic Formal Ontology (BFO)”* and
aims to provide a coverage of the infectious disease domain. Terms in IDO that are within the scope of other
OBO Foundry ontologies” are derived from those respective ontologies. In this way we also map indirectly to
the WHO?’s International Classification of Diseases, Version 10 (ICD10, https://icd.who.int/browse10/2019/en).

When creating a knowledge graph from heterogeneous sources, like in our case with eKG, there is the possi-
bility 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’*, 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 BioPortal (https://bioportal.
bioontology.org/), and to geo-locations using GeoNames (https://www.geonames.org/), ensuring consistent and
accurate entity representation across datasets.

The NCBO BioPortal* is a comprehensive online platform designed to provide access to a vast repository
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 integrate diverse
ontological data to enhance biomedical research and application development. It supports a wide array of func-
tions 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 a critical role in advancing semantic technology and data sharing in healthcare and life sciences.

GeoNames, conversely, is an open-source geographical database, regularly updated, that covers all countries
worldwide and contains over eleven million place names. We have adopted it to describe geographical entities,
such as cities, regions, or country names where a disease outbreak has occurred”.

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
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Fig. 4 Main classes within eKG.

identification of outbreak events. Therefore, we have searched infectious disease names and outbreak locations
in eKG using the BioPortal Annotator API (https://data.bioontology.org/documentation#nav_annotator) and
the GeoNames Search Webservice (https://www.geonames.org/export/geonames-search.html), respectively, and
the discovered entities have been stored in eKG. Specifically, infectious disease names identified in the epide-
miological reports have been linked to biomedical ontology entities using the skos : related axiom, while
the obo:RO_0001025 property, a.ka. Llocated in, hasbeen 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 infor-
mation 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 biomedical terminologies. This is important
for enabling cross-domain knowledge discovery, integration, and maximising interoperability.

The inclusion of links to external domain ontologies in the eKG entity metadata provides additional contex-
tual 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 effective response strat-
egies. 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 DONSs reports by the LLMs ensemble and mapped as individuals of eKG, leveraging the
computational power of the JRC Big Data Analytics Platform®. The epidemiological knowledge graph is made
available”” in structured RDF/XML and Turtle (https://www.w3.org/TR/turtle/) formats, with raw extractions
also given in CSV, within the Joint Research Centre Data Catalogue (https://data.jrc.ec.europa.eu/) at the follow-
ing 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 European
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Data portal’, the official data repository for European data, at the following permanent location: https://data.
europa.eu/data/datasets/89056048-7f5d-4d7c-96ad-f99d1c0{f6601.

eKG Services & Interfaces.  Using the described pipeline, we generated the ontologically-grounded knowl-
edge graph of epidemiological 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?!) triples, representing around 2.9K unique
outbreak events via a total of 3.6K generalized axioms, as of the 28" February 2025. To access the data program-
matically, we set up a Virtuoso SPARQLendpoint, available at: https://api-vast.jrc.service.ec.europa.eu/sparql/,
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'®. On top of eKG we are currently develop-
ing a number of intuitive and user-friendly services and interfaces at European Commission premises, including
content negotiation, visualization and navigation of data, improved exploitation of the available information and
knowledge discovery. These semantic services are applicable and valuable to any kind of knowledge graph based
on RDF/OWL technology, enhancing their utility and accessibility across various domains. The central point
of access (Fig. 3) 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, available at https://api-vast.jrc.service.
ec.europa.eu/fct/, 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.g., see the left snapshot of
Fig. 3); LodView’, a web application compliant to World Wide Web Consortium (W3C)¥ standards for IRI deref-
erentiation which provides a representation of our RDF disease outbreak resource through a custom intuitive
HTML page (http://lodview.it/, e.g. see the bottom snapshot of Fig. 3); LodLive®!, a navigator of RDF resources
based on a graph layout (http://lodlive.it/, e.g. see the top-right snapshot of Fig. 3).

Data Records

The extracted epidemiological information from DON:S 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””. 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’” contains the
extracted details of the occurring event from each report. In particular, it contains the following information:

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

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

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

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

o “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
DON:S. 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;

o “cases_extracted” column, shows the extracted number of confirmed cases deriving from the specific disease
outbreak;

o “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®?. Specifically, within eKG, data
names are formatted in lowercase, with any spaces replaced by dashes, adhering to established conventions for
naming and labeling knowledge graphs'®%2. Conversely, class names in the ontology definitions are formatted in
uppercase, in line with common style guidelines for such terminologies'®*2. 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.

The main classes of the knowledge graph are mapped to RDF/OWL, as illustrated in Fig. 4. A disease
outbreak event from DONSs is an instance (rdf : type) of the IDO:surveillance process class,
which is a specialization of a generic OBI _0000011:planned process. A disease outbreak is asso-
ciated with an IDO_0000436:infectious disease, which hasa specific infectious dis-
ease_name that corresponds to the name of the disease extracted from the DONSs text, occurring in a
GEO_000000372:geographical regiononadate of infection,ie,adcterms:date®.
Please note that when a date is reported in the title of a DONSs, such as in the “Nipah virus - India” DON of the
31st May 2018 as an example, an additional imputed date of infection isalso associated to the dis-
ease 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 reporting imputed date of infection would be the “2018-05-317, but the actual
date of infection reportedinthe DON isthe “2018-05-19” The imputed date of infection
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Top 10 Disease Outbreak Names

Top 10 Countries

Top 10 Disease Outbreak Names - Country pairs

Avian influenza (570)

China (243)

Saudi Arabia - MERSCoV (201)

MERSCoV (296) Democratic Republic of Congo (226) | China - Avian influenza (172)

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 (142) Egypt - Avian influenza (101)

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)

Table 1. 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 Fig. 5.
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Fig. 5 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 1.

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 expressedintermsof IDO_0000511:infected population cases
extracted from the DON report, which can ultimately lead to an IDO_0000489:infectious _dis-
ease _mortality,ie, 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 vocabularies 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 facili-

tated by entity linking.
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Precision Recall | F, score
GPT-3.5-Turbo-16k 0.750 0.961 0.842
GPT-4-32k 0.756 0.945 0.840
GPT-4-FewShot 0.770 0914 0.836
Pythia-12B 0.712 0.773 0.742
MPT-30B-Chat 0.740 0.891 0.809
Meta-Llama-2-70B-Chat 0.757 0.898 0.821
Meta-Llama-3-70B-Instruct 0.762 0.926 0.834
Mistral-7B-OpenOrca 0.755 0.891 0.817
Zephyr-7B-Alpha 0.752 0.875 0.809
Zephyr-7B-Beta 0.756 0.882 0.816
Ensemble 0.794 0.988 0.851

Table 2. LLMs comparison for the information extraction task of the disease outbreak name over IDB.

Consider the following vocabulary prefixes, in RDF/XML:

<rdf:RDF
xmlns="http://data.jrc.ec.europa.eu/dataset/89056048-7£f5d-4d7c-96ad-
99d1c0£f6601/"
xml :base="http://data.jrc.ec.europa.eu/dataset/89056048-7f5d-4d7c-
96ad-£99d1c0f6601/"
xmlns:owl="http://www.w3.0rg/2002/07/owl#"
xmlns:rdf="http://www.w3.0rg/1999/02/22-rdf-syntax-ns#"
xmlns:xml="http://www.w3.0rg/XML/1998/namespace"
xmlns:rdfs="http://www.w3.0rg/2000/01/rdf-schema#"
xmlns:xsd="http://www.w3.0rg/2001/XMLSchema#"
xmlns:skos="http://www.w3.0rg/2004/02/skos/core#"
xmlns: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-
7£5d-4d7¢c-96ad-£99d1c0£f6601/don-record2740">

<rdf:type rdf:resource="http://purl.obolibrary.org/obo/VSMO " />
<dcterms:identifier>don-record2740</dcterms:identifierl><dcterms:descrip-
tion>Outbreak of Nipah Virus occurred in India on 2018-05-19, with con-
firmed 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.biocontology.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#CO
751673/>

<country extracted>India</country extracted>

<obo: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>
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Precision Recall | F, score
GPT-3.5-Turbo-16k 0.981 0.910 0.944
GPT-4-32k 0.981 0.928 0.954
GPT-4-FewShot 0.981 0.928 0.954
Pythia-12B 0.962 0.452 0.615
MPT-30B-Chat 0.979 0.855 0.913
Meta-Llama-2-70B-Chat 0.980 0.898 0.937
Meta-Llama-3-70B-Instruct 0.984 0.926 0.956
Mistral-7B-OpenOrca 0.986 0.861 0.920
Zephyr-7B-Alpha 0.981 0.910 0.944
Zephyr-7B-Beta 0.982 0.914 0.950
Ensemble 0.988 0.931 0.962

Table 3. LLMs comparison for the information extraction task of the country name over IDB.

Precision Recall | F, score
GPT-3.5-Turbo-16k 0.699 0.455 0.551
GPT-4-32k 0.673 0.589 0.629
GPT-4-FewShot 0.733 0.589 0.653
Pythia-12B 0.365 0.277 0.315
MPT-30B-Chat 0.619 0.464 0.531
Meta-Llama-2-70B-Chat 0.561 0.536 0.548
Meta-Llama-3-70B-Instruct 0.722 0.590 0.652
Mistral-7B-OpenOrca 0.67 0.527 0.590
Zephyr-7B-Alpha 0.615 0571 | 0593
Zephyr-7B-Beta 0.650 0.585 0.612
Ensemble 0.788 0.591 0.658

Table 4. LLMs comparison for the information extraction task of the number of confirmed cases over IDB.

Precision Recall | F, score
GPT-3.5-Turbo-16k 0.902 0.639 0.748
GPT-4-32k 0.913 0.734 0.814
GPT-4-FewShot 0.904 0.658 0.762
Pythia-12B 0.735 0.158 0.260
MPT-30B-Chat 0.814 0.304 0.442
Meta-Llama-2-70B-Chat 0.916 0.759 0.830
Meta-Llama-3-70B-Instruct 0.922 0.807 0.862
Mistral-7B-OpenOrca 0.908 0.690 0.784
Zephyr-7B-Alpha 0.920 0.804 | 0.858
Zephyr-7B-Beta 0.921 0.810 0.861
Ensemble 0.928 0.813 0.869

Table 5. LLMs comparison for the information extraction task of the disease outbreak date over IDB.

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/89056048-7£5d-
4d7c-96ad-£99d1c0£6601/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-£99d1c0£6601/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/89056048-7£5d-
4d7c-96ad-£99d1c0£f6601/date extracted™

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

</owl:Class>
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<owl:Class rdf:about="http://data.jrc.ec.europa.eu/dataset/89056048-7f5d-
4d7c-96ad-£99d1c0£f6601/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/89056048-7£5d-
4d7¢-96ad-£99d1c0£6601/cases_extracted">

<rdfs:subClassOf rdf:resource="http://purl.obolibrary.org/obo/IDO_
0000511"/></owl:Class>

<owl:Class rdf:about="http://data.jrc.ec.europa.eu/dataset/89056048-7£5d-

4d7c-96ad-£99d1c0£f6601/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 dedi-
cated REST API SPARQL endpoint.

Data Statistics. After removing 353 entries with missing country and disease, the dataset consists of 2556
entries, listing 144 unique pathogens/diseases and 207 unique countries. Table 1 shows the top 10 disease out-
break 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 5 pre-
sents four case studies as a time series of the number of cases over time. Figure 5, Panel a, shows the numbers of
MERS-Cov cases reconstructed by the LLM in Saudi Arabia, with a consistent reconstruction of the MERS-Cov
cases experienced in the area (https://www.who.int/emergencies/disease-outbreak-news/item/2024-DON516).
Panels b) and d) of Fig. 5 show the number of Ebola cases reconstructed by the LLM in the Democratic Republic
of the Congo (DRC) and Guinea, respectively, illustrating the Kivu Ebola Epidemic of 2018-2020 in DRC (https://
www.who.int/emergencies/situations/Ebola-2019-drc-) and the West Africa outbreak of 2014-2016 (https://www.
who.int/emergencies/situations/ebola-outbreak-2014-2016-West-Africa). Panel ¢) of Fig. 5 shows instead the
reconstructed number of SARS cases in China, with a qualitative reconstruction of the SARS outbreak of 2002-
2004 (https://en.wikipedia.org/w/index.php?title=2002%E2%80%932004_SARS_outbreak). Overall, the dataset
shows potential for reconstructing trends for some epidemics, particularly those involving diseases included
in the International Health Regulations, as these are consistently reported and updated in the DONs. For an
in-depth quantitative comparison, see the next “Technical Validation” section.

Technical Validation

In this section, we present a formal evaluation of the quality of the extracted epidemiological data within eKG.
While the generation process of the knowledge graph is entirely automated, it is important to assess the accuracy
of the extraction methodology. This evaluation will serve as a support to the dissemination of eKG as a public
resource. Building on the work in the literature'?, in this section we present a comparison of the performance of
different LLMs for infectious disease information extraction in order to validate the adopted ensemble approach
for producing eKG. The evaluation was conducted on a subset of the Incident Database (IDB), which is a reposi-
tory created specifically for 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 public health profes-
sionals. The database includes reports from various surveillance systems, including samples from WHO DON:Ss,
among others, that were meticulously annotated by domain experts. These annotations provide crucial insights,
allowing researchers to easily identify the key elements of the reports. Prior to integration into the IDB, the data is
subjected to a thorough cleaning and standardization process. This procedure guarantees that every entry in the
database adheres to a uniform format, simplifying data analysis and interpretation. Furthermore, data initially
presented in foreign languages is translated to make it accessible to a wider audience. To evaluate the performance
of the epidemiological information extraction models under investigation, a reference subset of the IDB, consist-
ing of 171 samples for which we were able to reconstruct the source url and locate the main text of the report, was
considered. This subset serves as a gold standard for benchmarking the performance of the LLMs.

We differentiate the comparison for each of the epidemiological IE tasks, namely the extraction of the name
of the disease, the confirmed case count, the country where the cases were reported, and the date of the case
count. It was not possible to evaluate the task of extracting the number of deaths as this information was not
annotated in the IDB. Nonetheless, given the similarity of this task to the extraction of the number of cases,
its performance is likely to be comparable. However, it’s important to note that the variability in terms used to
refer to deaths - such as fatalities, casualties, deceased, and passed away — may impact the comparability with
extracting the number of cases.

Each IE task was assessed as a binary classification problem. In this context, the negative class signifies that no
information (“None”) is associated with the IDB data sample, whereas the positive class indicates that the IDB is
tagged with specific epidemiological information. The models were evaluated on their capability to identify these
positive and negative classes using the commonly used metrics of Precision, Recall, and F, score for each class®:

TP

Precision = ——,
TP + FP 1)
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Recall = L’
TP + FN @
. TP _ 2
1 - ! L’
TP + (FP + FN)/2 Precision Recall (3)

where TP, FP, FN, and TN denote the counts of True Positives, False Positives, False Negatives, and True
Negatives, respectively®. In simple terms, Precision (or Positive Predictive Value) refers to the percentage of
positively classified instances that are correctly identified. Recall (or Sensitivity) is the fraction of positive class
instances that the classifier accurately identifies. The F;score, which is the harmonic mean of precision and recall,
is favoured over traditional accuracy in imbalanced problem settings because it places greater emphasis on lower
values, unlike the regular mean which treats all values equally. A high F; score for the positive class is achieved
only when both its precision and recall are large.

For the computational analysis, we considered the LLMs used in Ensemble, namely Mistral-7B-OpenOrca,
Zephyr-7B-Beta, and Meta-Llama-3-70B-Instruct, as well as the other open-source LLMs versions adopted in
the literature'®, namely Pythia-12B%, MPT-30B-Chat (https://huggingface.co/mosaicml/MPT-30B-Chat), and
Meta-Llama-2-70B-Chat. We further considered in the analysis the commercial OpenAI’s GPT models family
(https://platform.openai.com/docs/models), namely GPT-3.5-Turbo-16k and GPT-4-32k, along with a GPT-
4-FewShot variant of the GPT-4-32k model, adapted to handle specific epidemic information extraction tasks.
This adaptation is achieved by providing the model with a limited number of examples, leveraging in-context
learning (ICL)° to enable the model to learn from these examples and generate accurate responses. Unlike super-
vised approaches, which involve a training phase that uses backward gradients to adjust model parameters,
ICL skips parameter adjustments and directly performs predictions using pretrained LLMs. The anticipation is
that the model will discern the hidden pattern in the provided examples and produce a more precise output®.
The GPT-4-FewShot variant, similarly, utilizes in-context learning to specialize in epidemiological information
extraction tasks, allowing it to learn from a few contextual examples (three-shot, in our case) and generate more
accurate responses. The ICL strategy was exclusively applied to GPT-4-32k because of its extensive context capac-
ity, which was not feasible with the other LLMs studied, as they have significantly lower context capabilities.

For our LLMs experiments we leveraged the GPT@JRC platform (https://commission.europa.eu/news/
commission-launches-new-general-purpose-ai-tool-gptec-2024-10-22_en), allowing JRC personnel to inves-
tigate the possible applications of AI pre-trained LLMs. This initiative is a key element of a wider investigation
into how the European Commission can utilize this emerging technology. Serving as a main hub, it provides
secure access to a variety of Al models. The GPT@JRC platform is physically located in the JRC datacentre and
supports both open-source Al models, which are deployed on-site at the JRC Big Data Analytics Platform?®,
and commercial OpenAl GPT models, which run in the European Cloud under a Commission contract that
includes an option to opt-out of third-party prompt analysis.

Tables 2-5 report our computational results on the comparison of the LLM:s for the extraction of, respectively,
the disease outbreak names, the countries where the outbreak occurred, the related event date, and the number
of confirmed cases associated to the specific disease outbreak. Our analysis reveals that the Pythia-12B and MPT-
30B-Chat models exhibit lower performance compared to their counterparts. These models, while still valuable,
may not be the optimal choice for applications requiring the highest level of accuracy in epidemiological IE tasks.

Commercial LLMs, particularly GPT-4-32k, demonstrated superior performance, aligning with expectations
given their advanced architecture and extensive training datasets. GPT-3.5-Turbo-16k also shows a significant
performance, indicating its potential utility in epidemiological IE tasks. The application of in-context learning,
specifically the GPT-4-32k-FewShot variant, showed that providing the model with a few examples can enhance
its performance, although this improvement is not consistent across all tasks.

Despite the high performance of OpenAT's GPT models, their implementation is associated with significant
costs and practical limitations, such as usage restrictions, which may hinder their widespread deployment on
large datasets like the full DONS.

In the realm of open-source models, we observe notable advancements in performance with newer itera-
tions. The Meta-Llama-3-70B-Instruct model outperforms its predecessor, Meta-Llama-2-70B-Chat, and simi-
larly, Zephyr-7B-Beta shows improvements over Zephyr-7B-Alpha, as we were expecting. These enhancements
underscore the rapid progress within the field of open-source LLMs.

Among the open-source LLMs, Meta-Llama-3-70B-Instruct, Mistral-7B-OpenOrca, and Zephyr-7B-Beta
stand out for their high performance, rivaling and occasionally surpassing that of the commercial GPT models.
In our computational experience the Meta-Llama-3-70B-Instruct model exhibited slower inference times due to
its large number of parameters, which may impact its practicality in time-sensitive applications.

The Ensemble approach, which combines the strengths of Mistral-7B-OpenOrca, Meta-Llama-3-70B-Instruct,
and Zephyr-7B-Beta, emerges as the most effective strategy (see results in bold in the tables). This method not
only achieves the highest F, scores across all four tasks but also mitigates the limitations of individual models.
The ensemble’s robust performance across diverse IE tasks suggests its suitability for full-scale deployment on
the entire DONs dataset, providing a reliable and efficient solution for extracting structured epidemiological
information, and supporting the technical quality of the extracted eKG dataset. The Ensemble approach lever-
ages the collective capabilities of high-performing open-source LLMs to deliver an optimal balance of accuracy,
speed, and adaptability. The superior performance of this method, as evidenced by the results in Tables 2-5,
supports the reliability of the produced dataset and its large potential for epidemic outbreak modeling and sur-
veillance systems.
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Fig. 6 WHO yearly number of cases vs the number of cases from the reconstructed events, together with
regression line: including year 2013 (Panel a) and without year 2013 (Panel b). Since 2013 was the epidemic’s
onset, the inclusion of potential and confirmed cases by WHO DONS could lead to a lower correlation
coeflicient due to overestimated reconstructed cases. Correlation and p-values are reported in the top right
corner of each panel.

From a qualitative perspective, 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 6 shows the scatter
plots of WHO yearly number of cases vs the number of cases from the reconstructed events, together with the
best-fit regression line, the 95% CI 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% CI
of regression coefficient [0.10, 0.62], p-value < 0.01) and increases considerably (Panel b: 95% CI of regression
coefficient [0.30, 0.69], p-value < 0.001) when data from year 2013 is not considered. Considering 2013 was the
onset of the epidemic, it is plausible that WHO DONS might have included potential cases along with confirmed
ones. This could result in an overestimation of the reconstructed cases compared to the confirmed ones, result-
ing in a lower regression coefficient if data from year 2013 are taken into consideration.

Usage Notes

Our open-access JRC Data Catalogue’” 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 for-
mat. 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, https://creativecommons.org/licenses/by/4.0/).
All the other ontologies mentioned in the paper 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, and, respectively: Infectious Disease
Ontology (IDO), at https://www.ebi.ac.uk/ols4/ontologies/ido; GeoNames, at https://www.geonames.org/; Basic
Formal Ontology (BFO), at https://basic-formal-ontology.org/; and OBO Foundry, at https://obofoundry.org/.
These ontologies provide structured entities and terms that are relevant to the infectious disease domain, geo-
graphical entities, and formal ontological structures, which are incorporated into the eKG.

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 (https://virtuoso.openlinksw.com/, minimum version 7.0) instanced
on a local machine. After downloading and installing Virtuoso, users should access the server conductor inter-
face 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.ser-
vice.ec.europa.eu/spargl/, and explored in a structured and intuitive way via the related Virtuoso Faceted Browser
(https://api-vast.jrc.service.ec.europa.eu/fct/). Other visualization services can be leveraged at this purpose, such
as LodView”®, available at http://lodview.it/, which implements content negotiation of eKG resources and allows
to download the disease outbreaks in various needed formats, such as, e.g., xml, ntriples, turtle, and ld+json, and
LodLive®!, available at http://lodlive.it/, which enables the navigation of eKG resources via an effective graph rep-
resentation, starting from a specific disease outbreak event and expanding automatically towards its relationships.

The approach we utilized in constructing eKG allowed us to develop a high-quality knowledge graph encom-
passing trustworthy epidemic events. These events have been validated through experimental methods and
strongly endorsed by data providers and collaborating EU institutions. Furthermore, we have meticulously ver-
ified the meaning of these events to ensure a consistent representation of domain knowledge.

Code availability

The codebase and documentation of the pipeline used to extract epidemiological information from WHO DONS using
the Ensemble of LLMs, and to generate the eKG, can be found at: https://github.com/jrcf7/epidemicIE-eKG-dons. The
code was written in Python 3.10.11, and we used packages like Pandas (https://pandas.pydata.org/) for handling the
raw extraction files (e.g. CSV), Numpy (https://numpy.org/) for data preprocessing and feature extraction, Scikit-learn
(https://scikit-learn.org/) for common machine learning routines, WordNet (https://wordnet.princeton.edu/) as a lexical
database for the English language, available via NLTK (https://www.nltk.org/), assisting in word sense disambiguation
and synonymy checking, Sentence Transformers SBERT (Sentence-BERT: https://sbert.net/) to derive semantically
meaningful sentence embeddings for semantic similarity at the sentence level, the PyTorch (https://pytorch.org/)
framework for handling the LLMs workflow, and LangChain (https://www.langchain.com/) for data processing and
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integration with the LLMs through modular components and pre-built libraries. We used the European Commission
GPT@]JRC platform to have secure access to the various pre-trained LLMs employed in this study. Finally, the Protégé
editor (http://protege.stanford.edu) was employed to manage, adjust and maintain the knowledge graph structure.
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