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EXECUTIVE SUMMARY

This deliverable presents the initial results achieved during the first 12 months of task
T4.6 “Evidence-based knowledge graph creation and exploration”, of Work package 4
“Multimodal Analytics and Learning Platform” of the HEREDITARY project.

The work conducted during the first period of research includes a review of state-of-the-
art approaches and the development of novel unsupervised and supervised models for
extracting useful information about gut-brain interplay from biomedical literature, which
can provide valuable insights for healthcare. This report presents initial results from the
development of methods for information extraction from biomedical literature (named
entity recognition, relation extraction) and methods for building Knowledge Bases on top
of the extracted entities and relations.

The report presents a description of three main results: PubMiner Al' and solutions
developed by the consortium for the GutBrainlE Task at CLEF 2025 BioASQ Lab,
organized by the HEREDITARY project as part of Task 5.6. The main source of the data
used for the development of the proposed approaches is PubMed citations. PubMiner
Al provides an end-to-end solution based on large language models (LLMs) that covers
the full spectrum of functionalities - information extractions (NER and RE) and
transformation into Knowledge Graphs (KGs). The solutions developed for GutBrainlE
Task at CLEF 2025 BioASQ Lab, provide approaches for NER and RE from PubMed
articles covering 13 categories of entities and 25 relation types with focus on the Gut-
Brain axis. The evaluation of the proposed models demonstrates their capabilities to
extract gut-brain interplay-related information from PubMed articles. The organised
challenge (that will be fully described and reported in Deliverable 5.10 due at Month 24)
and the developed tools will bootstrap further research in the area.

1 https://marketplace.databricks.com/details/6b8ca36d-53¢c3-4506-bb90-
€9a803fb01d6/Ontotext PubMiner-Al-Automatic-Knowledge-Extraction-from-Scientific-
Publications
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1 Introduction

We introduce approaches for Information Extraction (IE) from biomedical literature and
the transformation of this information into Knowledge Graphs (KGs). We survey the key
approaches for IE and Knowledge Base Creation (KBC) and present the novel developed
components in the scope of HEREDITARY project. These are initial results developed
under Task 4.6 “Evidence-based knowledge graph creation and exploration”.

1.1 Definition of terms

In this deliverable, we consider the following definitions of the terms:

Natural language processing (NLP) is a field of artificial intelligence (Al) that focuses
on enabling computers to “understand”, interpret, and generate human (natural)
language. NLP combines computational linguistics with machine learning (ML), allowing
machines to process and analyse large amounts of natural language data (such as texts,
speech, etc.).

Information Extraction (IE) in the biomedical domain refers to the automated process
of identifying, classifying, and structuring relevant information from unstructured
biomedical texts, such as research articles, clinical reports, and patents discharge
summaries. This process typically focuses on specific types of information, such as
genes, proteins, diseases, drugs, biological pathways, and their relationships. Biomedical
IE aims to transform large volumes of textual data into structured representations, such
as knowledge databases or knowledge graphs (KG), that support research, clinical
decision-making, and knowledge discovery.

Named Entity Recognition (NER) is a sub-task of information extraction in NLP that
involves identifying and classifying key elements (entities) in text into predefined
categories such as drugs, diseases, genes, chemicals, etc.

Relation Extraction (RE) is a process in NLP that involves identifying and classifying
semantic relationships between entities in text, such as mentions of gene—disease
associations from a set of scientific papers or identifying drug—drug interactions reported
in patient discharge summaries or clinical trials.

Entity linking (EL) in the biomedical domain is the process of automated matching of
biomedical concepts mentions — such as named entities from various categories: drugs,
diseases, genes, chemicals, etc. — found in unstructured text (like journal articles or
clinical notes) to standardized, unique identifiers in biomedical databases or ontologies
(such as MeSH? UMLS®, or UniProt*). This step ensures that each mention of a
biomedical entity in the text is unambiguously associated with its correct concept,
enabling consistent interpretation and integration of information across different sources.

Knowledge Base (KB)is a structured collection of information designed to provide
answers to specific questions or support decision-making. It typically includes
documents, articles, FAQs, manuals, or databases that are organized for easy retrieval.

DELIVERABLE 4.9
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Knowledge bases are often used in customer support, technical documentation, and
internal organizational knowledge sharing.

Knowledge Graph (KG) is a network of real-world entities (such as people, places, or
concepts) and the relationships between them. It represents knowledge in a graph format,
where nodes represent entities and edges represent relationships. Knowledge graphs
are used to enable machines to understand context, infer new information, and support
intelligent applications like search engines and recommendation systems.

Knowledge Base Creation (KBC) is the process of systematically gathering, organizing,
and structuring knowledge (such as facts, relationships, and rules) about a domain,
typically in a machine-readable format. Information is often extracted from unstructured
sources (like text) and arranged in structured formats, such as databases or knowledge
graphs, for easy access and querying by computers. This task also includes entity linking
of all extracted entities into standard classifications and ontologies.

Resource Description Framework (RDF) is a widely adopted standard model for
expressing information on the semantic web, especially for exchanging metadata and
data. This framework uses a knowledge graph-based structure to describe resources and
their relationships. As a fundamental part of the Semantic Web, RDF allows data to be
presented in a structured format as <subject><predicate><object> triples, promoting
integration and interoperability across different systems.

HEREDITARY Task 4.6 definition objectives include:

e Collecting and filtering from PubMed® articles relevant to the project use-cases.

e Development of a text processing pipeline: named entity recognition and relation
extraction; entity linking to the HEREDITARY ontology HERO® (Task 3.1,
Deliverable D3.1 - Ontology and federated execution methods (Cazzaro et al.
2024)).

e Building a large probabilistic KG about gut-brain interplay, gene variants, and risk
factors.

Task 4.6 role and position in HEREDITARY project. There are close relations,
interconnection and alignment of T4.6 with other tasks in WPs in the HEREDITARY
project like T2.2, T2.3, T2.4, T2.5, T3.1, T3.3, T3.6, T5.3 and T5.6.

Indeed, all concepts and relations that we aim to extract in Named Entity Recognition
(NER) and Relation Extraction (RE) subtasks are well aligned with the HEREDITARY
project use-cases and their specification in T2.2 “Neurodegenerative use cases and data
coordination” (details are available in D2.16 (Chio,et al. 2024)), T2.3 “Linkage and
feature extraction from gut-brain” (see D2.3 (Kohn, et al. 2024)), T2.4 “Clinical value
extraction of gut-brain integration”, and T2.5 “Parkinson’s detection on multimodal and
multicenter data” (D2.8 due at Month 18).

Task 4.6 solutions for Knowledge Base Creation (KBC) and Entity Linking (EL) are
closely related to HERO ontology (T3.1 “Multimodal semantic ontology” (Cazzaro et al.
2024)). In addition, the NER task is also related to the extraction of novelties and term
extraction for gur-brain interplay (T3.3 “Multilingual semantic network” (details are given
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in Deliverable 3.4 (Costa et al. 2024)) that can help in the enrichment of existing
terminologies and taxonomies. There is also a strong relationship between the
developed solutions in T4.6 and T3.6 “FAIRIification workflows and 1+MG guidelines
compliance for unstructured data”. The created knowledge graphs in T4.6 provide a good
basis for further exploration of the identified gut-brain relationships. There is already
established collaboration with Task 5.3 “Visual querying and analytical interaction”,
initiated on M12, which will be beneficial for the developments in both tasks.

The alignment with T5.6 “Shared evaluation campaigns” allows for developing and
evaluating solutions in T4.6 over a custom-selected and annotated dataset for PubMed
articles on the topic of gut-brain interplay. Such a shared evaluation effort is the
GutBrainlE Task at CLEF 2025 BioASQ Lab’ described below, along with the partner
solutions submitted to the challenge (Martinelli et al. 2025; Nentidis et al. 2025).

1.2 Solutions described in the deliverable

In this deliverable, we present two solutions:

e Pubminer Al - provides an end-to-end solution based on GraphRAG technology
and large language models (LLMs) that covers the full spectrum of
functionalities - information extraction (NER and RE) and transformation into
probabilistic knowledge graphs. The description of PubMiner Al is presented in
detail in Section 4.1.

e Solutions for the GutBrainlE Task at CLEF 2025 BioASQ Lab - systems
developed by the consortium partners ONTO, TGRAZ, AAU as well as
collaborative solutions for the GutBrainlE Task at CLEF 2025 BioASQ Lab,
organized by the HEREDITARY project®. All solutions are presented in Sections
4.2,4.3,4.4,and 4.5.

1.3 Outline

The presentation in this deliverable is structured as follows: Section 2 overviews the
state-of-the art approaches for named entity recognition, relation extraction, and
knowledge base creation; Section 3 briefly describes some initial data about the available
annotated datasets developed in T5.6 for what is related to KBC; Section 4 presents in
detail the developed solutions, their evaluation and brief discussion on the results; and
Section 5 summarizes in conclusion the presented research results and sketches
directions for further work.

7

8 The challenge will be described in D5.10 “First evaluation challenge: report on the data, results,
and integration with EOSC” due at M24.
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2 Related work

2.1 Named entity recognition

2.1.1 Task definition

In the biomedical domain the Named Entity Recognition (NER) task is usually related to
the identification of biomedical terms and related entities such as gene and protein
identifiers, chemicals, anatomical structures, diseases, clinical findings, and more. The
process involves two steps — recognising the scope of the entity in the text and then
classifying the given text span into a predefined semantic category. The accurate
recognition of drug names, symptoms, diseases, and treatments enhances various
applications, such as aggregating vital clinical data, crucial for patient care and medical
research; improving automatic structuring of electronic health record (EHR) data;
collecting observations related to medications, indications, and adverse drug reactions;
automatically mining and summarizing information from scientific literature; and
pseudonymizing clinical documents to protect patient privacy while enabling research
use. In biomedical research, NER plays an essential role by enabling automated tracking
of new developments, which is otherwise challenging due to the rapid pace of publication
of new scientific studies.

There are some specific challenges in the biomedical domain that NER faces. Annotated
data is costly because it involves expert labour therefore it is difficult to train complex
deep learning models which require bigger volumes of data. The use of technical jargon,
abbreviations, ambiguous language, and frequent updates in scientific discoveries
reflects the variability of the text. The entity boundaries are not clear and often there are
nested entities (Park et al. 2024). Scientific literature in this domain is characterised with
detailed in lengthy sentences where entities may contain combinations of letters,
symbols, and punctuation.

2.1.2 Approaches
The approaches to NER can be summarized as shown on the Figure 1 (Keraghel et al.
2024).

The successful systems for NER are usually hybrid systems using more than one
technology. Here are outlined the three basic approaches:

1) Knowledge-based methods,
2) Feature engineering-based methods, and
3) Deep learning-based methods.

Here, more attention is paid to the latter one, because most of the systems developed
under T4.6 and reported hereafter rely on deep learning-based methods.

Knowledge-based methods

Knowledge-based methods have been a foundational part of NER, particularly in the
early stages of the field. These methods do not require annotated data and are primarily
based on rules and gazetteers. Gazetteers serve as essential resources, providing a
collection of domain-specific entities that improve recognition performance. Architectures
generally involve three key components: (1) a set of rules for identifying named entities,
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(2) optional gazetteers for additional context, and (3) an extraction engine that applies
the rules and gazetteers to the input text. GATE (Cunningham et al. 2013) and cTAKES
(Savova et al. 2010) systems are among the most recognised platforms for developing
biomedical knowledge-based NLP applications.

— SVM
Unupervised
Feature _ — HMM
eature ingeneering- . ]
based-methods STEVEEE
— CRF
Semi-supervised
— Maximum Entropy
— Rule-based methods
NER Methods Knowledge-based __| Rule + Entity dictionary-
methods | Entity dictionary- based methods
based methods
— Transformer
. — CNN
Deep learning-based __| CNN + RNN
methods | RNN
Transformer + CNN
— Hybrid
Transformer + RNN
Transformer + CNN + RNN

Figure 1. NER approaches (Keraghel et al. 2024)

One of the key applications of knowledge-based methods for biomedical NLP is the
MetaMap system (Aronson 2001). MetaMap is developed at the National Library of
Medicine to map biomedical text to the UMLS Metathesaurus concepts (Bodenreider
2004). MetaMap used a knowledge-intensive approach based on symbolic, natural
language processing, and computational linguistics techniques. It keeps upgrading and
has a much more sophisticated architecture nowadays. Another tool worth mentioning is
ConceptMapper (Tanenblatt et al. 2010), a tool that was not specifically developed for
biomedical term recognition but rather for flexible look-up of terms from a controlled
vocabulary. Also, a well-known system is the NCBO’s Open Biomedical Annotator9
(Shah et al. 2009), based on a tool from the University of Michigan called mgrep.

ML-based methods

With the evolution of NER and the need to automate the extraction of named entities,
the development of methods based on feature engineering arises. These methods switch
the focus from manual rule elicitation to identifying key features that could be used for
NER tasks within the text. Feature-engineering-based methods can be broadly classified
into unsupervised, supervised, and semi-supervised learning methods, each with its
advantages and limitations. The most prominent models for supervised learning which
have been developed for NER tasks include the Hidden Markov Model (HMM) (Baum et
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al. 1970), the Maximum Entropy model (MaxEnt) (Berger et al. 1996), Support Vector
Machines (SVM) (Cortes and Vapnik 1995), Conditional Random Fields (CRF) (Lafferty
et al. 2001; McCallum and Li 2003).

Deep-learning-based methods

The rise of deep learning has significantly improved the accuracy and flexibility of named
entity recognition systems. Methods like Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs) learn effective representations of entities from large
datasets. The introduction of neural probabilistic language models by (Bengio et al. 2023)
marked the beginning of deep learning in NLP, demonstrating the power of distributed
word representations. Later, in (Collobert 2011) deep learning was applied to NER,
showing the potential of CNNs for various NLP tasks.

The transformer model, introduced by (Vaswani et al. 2017), revolutionized NLP tasks,
particularly named entity recognition, by capturing complex contextual relationships.
Transformer-based models like BERT (Devlin et al. 2018), RoBERTa (Liu et al. 2019),
and DeBERTa (He et al. 2020) have achieved state-of-the-art results in NER due to their
ability to produce richly contextualized embeddings. BERT derivatives, such as
DistiiBERT (Sanh et al. 2019) and RoBERTa, have also shown strong performance, with
DistiiBERT being a smaller and faster variant, and RoBERTa generating deeper
contextual embeddings.

Other notable approaches include PLTR (Wang et al. 2023), which uses pre-trained
models like RoBERTa to generate contextual embeddings, and TDMS-IE (Hou et al.
2019), which automates information extraction from scientific papers using BERT. The
Generalist Model for NER, GLINER (Zaratiana et al. 2024), integrates global contextual
information into NER and has shown promising results. It does not require predefined
categories and leverages models like BERT and DeBERTa for efficient processing. It
excels in zero-shot scenarios, outperforming general-purpose models and offering
flexibility without demanding extensive resources. However, for domain-specific tasks
like biomedical text mining, models such as BioBERT, initialized with BERT weights and
further pretrained on PubMed abstracts and full-text articles, set new benchmarks for
biomedical NER and relation extraction.

While these models have achieved excellent performance, they are computationally
intensive. To address this, more efficient models like DistiBERT have been developed.
Recent advances also include the development of multilingual models like mBERT
(Devlin et al. 2018), which can handle multiple languages and be fine-tuned for specific
languages, enhancing performance in low-resource settings.

The top F1 scores achieved for Named Entity Recognition on PubMed articles reach up
to 89.3%. In (Luo et al. 2022) BiLSTM-CRF, BioBERT-CRF, PubMedBERT-CRF are
applied for NER on over 600 PubMed abstracts and achieve F1-score: 89.3% (strict) and
93.5% (relaxed). More recently, another team (Fabregat et al. 2023) proposed a range
of architectures for detecting named entities using negation-based transfer learning
techniques based on BiLSTM and CRF. Negation detection is utilized as a preliminary
training phase, transferring weights associated with negation triggers and scopes,
leading to enhancements in both named entity recognition and relation extraction tasks.

In the context of these approaches follow the partners solutions described in Section 4.
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2.1.4 Evaluation metrics

The performance of NER systems is most often evaluated in terms of precision (P), recall
(R), and their harmonic mean F1-score (F1), which are a direct result of the number of
true positive (TP), false positive (FP), true negative (TN) and false negative (FN)
examples. The precision shows how many of the extracted entities are correctly

. TP
recognised, or ,
TP+FP

the extracted ones,

the recall measures how many of all available entities are among
TP

TP+FN’

category of entities (multi-class), then these three measures are calculated per each

class. When assessing the overall performance of a multi-class model, the average is
calculated by dividing the overall performance by the number of entities in the gold/test
corpus - this is the so-called macro-average. And separately, micro-P, micro-R and
micro-F1 are calculated per entity class and averaged over the number of classes. The
difference in the two measures is most indicative when the classes are imbalanced.

When the task concerns the extraction of more than one

2.2 Relation extraction

2.2.1 Task definition

Relation extraction in the biomedical domain is a core task within biomedical text mining
and large language model applications, focused on detecting and describing semantic
relations between entities such as chemicals, diseases, drugs, and proteins. These
entities represent biomedical concepts that are conveyed through language using
specific terms, names, and other linguistic expressions.

Automated RE plays a pivotal role in transforming unstructured biomedical texts into
structured, machine-readable data, thereby facilitating large-scale data integration,
efficient knowledge retrieval, and downstream analytical processes. The RE process
typically involves a series of computational steps designed to identify and formalize
relationships within text.

The process initiates with named entity recognition, where the system identifies and
annotates pertinent biomedical entities within the text. For example, in the sentence “The
gut-brain axis reduces stress responses”, the phrases “gut-brain axis” and “stress
responses” are detected as key biomedical entities. Following entity recognition, the
system conducts relation detection, which entails determining whether a relationship
exists between the identified entities within a knowledge-rich context (Meyer, 2001). This
process uses syntactic structures and lexico-semantic cues from the text to accurately
infer and characterize the nature of the relationship. In the example provided, the system
evaluates whether “gut-brain axis” is semantically linked to “stress responses”.

Once the relationship is identified, the final step is relation classification, where the
nature of the connection is categorized based on its semantic type. In this case, the verb
‘reduces” indicates a causal negative relation, signifying that the gut-brain axis exerts
a downregulating influence on stress responses. This verb acts in a relation:
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"subject": "gut-brain axis",
"predicate": "reduces",

"object": "stress responses",
"relation type": "causal negative"

}

Through this multi-step process, automated relation extraction enables the conversion
of rich, unstructured biomedical texts into structured relational data. This structured
output supports critical biomedical informatics applications, including ontology
construction and knowledge graph development, large-scale literature mining, and
clinical decision support systems.

2.2.2 Approaches

Relation Extraction has progressed considerably, moving from rule-based systems and
manually crafted features to end-to-end models that learn directly from text. This shift
has been made possible by recent improvements in deep learning and the progress of
powerful pre-trained language models (PLMs). Today’s RE methods vary widely, each
designed to address different challenges such as handling large volumes of text:

(a) Pattern-based approaches. Early RE systems relied on rule-based extraction (e.g.,
Ramakrishnan et al., 2006; Sateli and Witte, 2015) and manually constructed lexico-
syntactic patterns (e.g., Hearst, 1992) or automatically induced patterns using
bootstrapping techniques (e.g., Brin, 1999). Manually constructed patterns are
predefined templates or rules created by experts to help identify specific relationships
between words or entities in text. These patterns are precise, look for certain words,
phrases, or grammatical structures that typically signal a relationship, and require
significant domain knowledge and manual effort. Instead of writing patterns by hand,
bootstrapping methods start with a small set of seed relation instances and search a
large set of texts to find common ways these relations appear. They then use those
patterns to find more examples and improve themselves iteratively. This self-expanding
process allows for broader coverage with less upfront manual intervention, though it can
introduce noise and requires strategies to manage it.

(b) Hybrid approaches integrate the strengths of rule-based extraction and
machine learning techniques. Rule-based components provide high precision by
encoding expert knowledge through patterns and linguistic rules, while machine learning
models contribute scalability and robustness by learning from data. This combination
often improves overall performance, balancing interpretability with adaptability,
especially in complex domains where purely statistical or rule-based systems fall short.

A hybrid system might use manually crafted rules to identify explicit phrases like “gut
microbiota influences stress response” or “brain-gut axis modulates inflammation,”
ensuring high precision in detecting known relationships. At the same time, a machine
learning model could analyse less structured sentences or infer implicit relations from
varied contexts, such as “alterations in gut flora correlate with anxiety behaviours,” which
may not fit rigid patterns. Combining both allows the system to accurately capture both
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well-defined and subtle gut-brain interactions across diverse biomedical literature. (e.g.
Miwa and Bansal 2016, Marchesin and Silvello, 2022)

(c) Semantic parsing incorporating syntactic parsing and coreference resolution.
Semantic parsing involves converting natural language into structured representations
that machines can understand. By combining syntactic parsing, which identifies
grammatical roles and dependencies (e.g., subject, object, modifiers), with coreference
resolution, which links different expressions that refer to the same entity (e.g., "the
microbiome" and "it"), semantic parsing can extract more nuanced and accurate
relationships from text (Li et al. 2017).

Consider the sentence:

"The gut microbiome influences the immune system, which in turn affects stress-
related brain responses."

Here, syntactic parsing helps recognize that “the gut microbiome” is the subject
influencing “the immune system,” and that “the immune system” affects “brain
responses.” Coreference resolution links “which” back to “the immune system,” allowing
the system to correctly infer a chain of relationships:

(gut microbiome — influences — immune system)

(immune system - affects — stress-related brain responses)

Coreference resolution is the task of identifying when grammatical, lexical, or syntactical
expressions in a text refer to the same entity. In simpler terms, it's how a system figures
out that pronouns or noun phrases like "it," "they," "this," "the bacteria," or "the system"
all refer back to something mentioned earlier in the text. In the example, "The gut
microbiota plays a crucial role in brain function. It influences stress responses and
emotional behaviour." Here, "It" refers to "The gut microbiota." A coreference resolution
system would produce the link "It" — "The gut microbiota".

(d) Techniques leveraging PLMs, including Large Language Models (LLMs).
Recent developments in PLMs, such as, BERT, GPT and others have significantly
improved how we extract relationships from medical and scientific texts. These models
are trained on large text corpora and learn deep contextual and semantic representations
of language. They can perform relation extraction even without being explicitly trained
for a specific task or domain.

These models are capable of detecting and interpreting complex relationships between
various scientific entities within a single sentence. For instance, given the sentence: “The
gut microbiota influences emotional behaviour via the vagus nerve,” a well-trained model
will extract the following relations:

e gut microbiota — influences — emotional behavior

e gut microbiota — via - vagus nerve
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In other words, the model recognizes that changes in gut microbiota affect emotional
behavior and that this effect occurs through the vagus nerve pathway.

A key advantage of recent PLMs lies in their ability to adapt to new tasks with minimal
additional training. Unlike earlier approaches that required extensive retraining for each
specific domain, modern PLMs already encode a wealth of biomedical and linguistic
knowledge derived from large-scale corpora. As a result, they can be adapted to
specialised relation extraction tasks using only a limited amount of annotated data, or, in
some cases, through carefully designed prompts without further fine-tuning, e.g. (Ribeiro
et al. 2023). This drastically reduces the time and effort typically associated with training
a specialized model from scratch. With LLMs the RE task is performed through prompt-
based techniques. This shows how PLMs can extract relations flexibly without needing
specialized training, making them a powerful tool for exploratory biomedical information
extraction.

Depending on the types of relations and entities, the top known systems for relation
extraction perform with F1 score of 47.7% to 88.5% (Goyal and Singh 2025; Luo et al.
2022; Névéol et al. 2011; Sanger and Leser 2021). While many approaches tackle
relation extraction tasks as one end-to-end task (Huguet Cabot and Navigli 2021), there
are also studies dedicated solely to one of the tasks (Hassan et al., 2023; Sanger and
Leser 2021, Luo et al. 2022). In Luo et al. 2022 BiLSTM-CRF, BioBERT-CRF, and
PubMedBERT-CRF are applied for RE and achieve 47.7% (novelty), 72.9% (entity pair)
and 58.9% (relation type) F1-score. The authors of (Hassan et al., 2023) propose an
unsupervised BERT-based approach focused only on the RE task from PubMed
abstracts and reach up 88.5% F1-score on the Drug-Drug Interaction (DDI dataset). On
the ChemProt dataset the same approach achieves F1 85.8%. At the same time (Sanger
and Leser 2021) propose a neural network RE approach employing both corpus-level
entity embeddings and pair embeddings. It achieves an overall improvement of F1 score
about 4-29% over traditional methods. (Kanjirangat and Rinaldi 2021) incorporate
BioBERT and grammatical features such as Shortest Dependency Path. Their goal is to
select the most representative samples for model learning by pruning out noisy
information. These approaches outline the frame in which the partner proposed
approaches described in Section 4 are developed.

2.2.3 Evaluation metrics
Relation extraction is usually evaluated with the same measures as NER - Precision,
Recall and F1 and their micro- and macro- variations (see Section 2.1.4).

2.3 Knowledge graph construction (KBC)

We individuated ten main studies addressing RDF knowledge graph construction from
text using a range of methods. Four studies focus on knowledge graph generation, four -
on RDF triple extraction, one - on relationship discovery, and one - on knowledge base
construction. Approaches fall into six key categories: 1) Hybrid designs combining rule-
based methods with machine learning; 2) Pure rule-based extraction; 3) Semantic
parsing; 4) Incorporating syntactic parsing and coreference resolution; 5) Bootstrapping
methods that iteratively improve pattern extraction; and 6) Techniques leveraging pre-
trained language models, including LLMs.
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State of the art (SOTA) research on the topic is primarily focused on NER, syntactic and
semantic parsing, and lexical pattern matching. Performance metrics varied from an F1
score of around 50% to 95% precision in a rule-based system, with several studies
reporting precision, recall, and F1-score. Language support was rarely detailed—except
for one study which explicitly handled English text, another - Spanish, and one -
multilingual input. The type of processing ranged from real-time extraction from data
streams to batch processing. Integration with existing knowledge bases through entity
linking and ontology mapping also emerged as a notable feature.

2.3.1 Text Processing and Entity Extraction
The reviewed studies employ a range of techniques to address text processing and entity
extraction:

e Named Entity Recognition: In (Gerber et al. 2013) NER is incorporated in the
pattern extraction process. (Kertkeidkachorn and Ichise 2018) use the Stanford
Natural Language Processing tool for NER.

e Coreference Resolution: (Exner and Nugues 2012) use a coreference solver to
group entity actions and properties across different sentences.

e Syntactic Parsing: In (Ramakrishnan et al. 2006) the authors employ syntactic
parsing as an initial step in their text processing pipeline, using a part-of-speech
tagger and chunk parser to produce parse trees.

e Semantic Parsing: In (Exner and Nugues 2012) semantic parsing is used to
understand the meaning of text and extract structured data.

e Language Model Usage: In (Melnyk et al. 2022) the authors leverage pre-trained
language models like T5 for entity extraction, indicating a shift towards more
advanced NLP techniques. More recent studies that use LLMs and other
pretrained transformer LMs and DL models include (Saponara 2022), (Melnyk et
al. 2021) (Kireev and Vasiliev 2024) (Xiao et al. 2022) (Gupte et al. 2021).

2.3.2 Pattern-Based Approaches
Pattern-based approaches are prevalent across several studies, particularly those
employing rule-based or hybrid methods:

e Lexical Patterns: In (Rios-Alvarado et al. 2022) lexical patterns are used to extract
named entities and semantic relations.

e Bootstrapping: In (Gerber and Ngomo 2012) BOA is introduced - a bootstrapping
strategy that extracts natural-language patterns representing predicates found on
the Data Web.

e Rule-Based Extraction: The approaches of (Ramakrishnan et al. 2006) and
(Sateli and Witte 2015) rely heavily on rule-based extraction methods.

2.3.3 Knowledge Graph Construction Techniques

The reviewed studies employ a variety of techniques for constructing knowledge graphs
from processed text. In Table 1 and below, we discuss five different information
extraction techniques categorized as follows: 1) Hybrid; 2) Semantic parsing; 3)
Bootstrapping; 4) Pre-trained Language Models; 5) and Rule-based Extraction.

Hereditary pays particular attention to probabilistic knowledge graphs. Methods for
generating such graphs fall into several distinct categories. Bayesian network models
and probabilistic ontologies (as in Freedman, et al. 2023, Freedman, et al. 2024) and
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soft logic approaches (Pujara et al. 2013) represent uncertainty with explicit probability
distributions, though some applications rely on synthetic data and omit scalability details.

Table 1. Techniques for constructing knowledge graphs from processed text.

Technique Category Key Features Limitations Performance

Hybrid (Rule-based + Combines interpretability = Complexity in balancing Varies; e.g., T2KG

Machine Learning) of rules with adaptability rule-based and ML achieves F1 score
of ML components of ~50%

Semantic Parsing Deep understanding of Computationally intensive No mention found in
text meaning reviewed studies

Pre-trained Language Leverages large-scale Requires significant Matches or

Models pre-training computational resources outperforms state-

of-the-art systems

Bootstrapping Iterative improvement of May propagate errors if not  Reported as “very
extraction patterns carefully controlled high accuracy”
without specific
metrics

Rule-based Extraction High interpretability and Limited adaptability to new  95% precision
precision domains or languages reported in one
study

Biomedical texts, primarily electronic health records, support the construction of
probabilistic knowledge graphs via several distinct methods. In (Rotmensch et al. 2017),
the authors use logistic regression, Naive Bayes, and Bayesian networks with noisy OR
gates to extract disease—symptom links, reporting precision of 0.85 at recall of 0.6. Belief-
based approaches, as described by (Goodwin et al. 2013), assign qualitative assertion
states to captured medical concepts. In (Jiang et al. 2017), the authors combine
Boltzmann machines and Markov networks in weighted graph representations that yield
average discounted cumulative gains (DGC) about 1, in many cases. Please, note that
this is not normalized DCG and the reported values for average DCG in the study are in
range between 0 and 2.5. There is also one additional detail - most of the clinical texts
have only one actual disease and the model ranks it at the top of the results for diagnosis.
This makes the results interpretation more challenging. Nerveless the proposed method
provides good basis for further research on probabilistic knowledge graph building.

Implementation Considerations
Language Dependencies and Multilingual Support

The reviewed studies demonstrate varying levels of language dependency and
multilingual support:

e Language-Specific Approaches: In (Rios-Alvarado et al. 2022) the target is
Spanish text.
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e Multilingual Approaches: The authors of (Gerber and Ngomo 2012) claim
their approach is applicable to multiple languages, although specific details on
language handling are not provided.

e Language-Agnostic Methods: Studies using advanced machine learning
techniques, like the one in (Melnyk et al. 2022), may offer more language-
agnostic approaches, especially when leveraging multilingual pre-trained
models.

Processing Architecture and Scalability

Scalability is a crucial consideration in knowledge graph construction, particularly for
large-scale or real-time applications:

e Real-time Processing: In (Gerber et al. 2013) the authors focus on real-time
RDF extraction from unstructured data streams, addressing the challenge of
processing high-volume, dynamic data sources.

e Batch Processing: Most studies employ batch processing approaches, which
may be suitable for static datasets but could face challenges with large-scale or
continuously updating data sources.

e Distributed Processing: While not explicitly mentioned in most studies,
distributed processing architectures could be crucial for scaling knowledge
graph construction to large datasets or real-time scenarios.

Integration with Existing Knowledge Bases

Several studies highlight the importance of integrating constructed knowledge graphs
with existing knowledge bases:

e Entity Linking: The authors of (Kertkeidkachorn and Ichise 2018) and (Mufioz
et al. 2014) emphasize the importance of linking extracted entities to existing
knowledge bases like DBpedia.

e Ontology Mapping: In (Exner and Nugues 2012), is described an ontology-
mapping system that aligns extracted triples to a DBpedia namespace.

e Background Knowledge Utilization: In (Gerber and Ngomo 2012),
background knowledge from the Data Web is used to inform the extraction
process.

3 Data and Organised Challenges

Most of the NER and RE annotated data are result of the open challenges such as the
CLEF series' which aim to focus the researchers’ efforts on a given problem and foster
the development of tooling in a concrete research area. Some good overview papers
which mention extensively the past challenges and resulting datasets are (Bravo et al.
2015; Yang et al. 2023; Huang et al. 2024).
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The GutBrainlE challenge'", created by the IIIA team within UNIPD'2 under the Task 5.6
umbrella, is a challenge targeting NLP-based extraction of entities and relations in the
context of the BioASQ Lab within CLEF 2025.

The CLEF GutBrainlE challenge is organised in 4 subtasks corresponding to the types
of provided annotations, namely:

e Task 6.1 - Named-entity recognition: Classify specific text spans, referred to as
entities, according to 13 predefined labels.

e Task 6.2.1 - Binary RE: Identify which entity labels are related.

e Task 6.2.2 - Ternary tag-based RE: Identify which entity labels are related and
classify each relation according to 17 predefined labels.

e Task 6.2.3 - Ternary mention-based RE: Identify which of the entities are involved
in relations and classify each relation according to the 17 predefined labels.

Notice that tasks 6.2.1, 6.2.2, 6.2.3 can be seen as subtasks of a larger Relation
Extraction task. More details are available on the challenge website®.

The released dataset consists of 1607 labelled titles and abstracts from PubMed on the
topic of the gut-brain axis. These annotations consist of entities (with their corresponding
type) in the text, their relations, relation type, and relevant text location. A sample
document is shown on Figure 2.

ity in the striatum and colon of MPTP-induced Parkinson's disease mice by gut microbiome.",
Qu; Siming Wang; Yan Wei; Lijia Chang; Li Ma; Kenji Hashimoto",
vidence suggests the role of gut-microbiota-brain axis in the pathogenesis of Parkir

dy was to examine whether repeated administration of MPTP (1-methyl-4-phenyl-1,2,3,6-tetrahydropyridine
> the ne “ity in the striatum and colon, and mposition of gut microbiota and short-chain fatty acids
As) in fece »f adult mice. MPTP caused the reduction of dopamine transporter (DAT) and tyros e hydroxylase (TH) in the

itum, and inc 1orylated \u03bl-synuclein (p-\u03bl in the striatum and co re was a negative
correlation betwee of TH in the striatum and the expres of p-\u03bl-Syn in the , suggesting a role of
gut-brain communic abnormaliti in the \u03bl- and \ 3b2-diversity of gut microl in the mice.

wer than that of
of TH in

Furthermore, the relative abundance of the ger ‘aecalicatena in the MPTP-treated
Interestingly, there was a
r, MPTP did not , there was a
f the ger catena and onic he data 5t that MPTP:
ion might be associated with dopaminergic neurotoxicity in the striatum via gut-microbiota-brain axis.",

n

control group.
striatum. Mor

Figure 2. CLEF 2025 GutBrainlE challenge - a sample training data document.

The annotations are generated using four different skill levels, beginning with Gold and
Platinum annotations (present in the test dataset), annotated by highly skilled experts in
the field. The Silver collection is annotated by linguistic Students, while the Bronze
collection is generated using automated systems. There is a predefined annotation
scheme including the possible entity types (and their description) and allowed links
between them. A detailed description of the relation types and data distribution is
available on the challenge website'" and will be available in project deliverable D5.10
due M24.

1"
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The challenge dataset' is used by the challenge participants to create and evaluate their
own solutions. It is also used by the organisers to evaluate the submitted approaches
and to improve comparability and reproducibility of the claims on publicly available data.

4 Proposed solutions (per partner, including data,
experiments, results)

The solutions, result of partner work on T4.6 presented below, are all dealing with relation
extraction despite other topics. Therefore, they tackle the essence of the knowledge base
creation. With the development of reliable approaches for relation extraction focused on
the gut-brain axis, we get one step closer to the automatic creation of probabilistic KBs
in this area. Once developed, these methods could be iteratively applied for updating,
refining and reassessing available facts in the KB. Here follow the partner solutions.

4.1 PubMiner Al

4.1.1 Motivation

PubMiner Al is inspired by the attractive results demonstrated by the GraphRAG
approach (GraphRAG 2024) approach and knowledge base creation initiatives relevant
to HEREDITARY project (Marchesin and Silvello 2022, Giachelle et al. 2023, Marchesin
et al. 2023). It is a result of combining available linked resources in the Ontotext’s
LinkedLifeData Inventory' with Al intelligence to identify relationships between
biomedical entities, which are of interest to the HEREDITARY. With PubMiner Al, the
extracted relationships are intuitively visualized and added to a knowledge graph which
could be separately explored or involved in further research tasks. PubMiner Al focuses
on Amyotrophic Lateral Sclerosis (ALS), therefore it focuses on HEREDITARY use cases
1 and 2 that are about neurodegenerative diseases. These use cases are detailed in
deliverable D2.16 (Chio et al. 2024).

4.1.2 Methodology

PubMiner Al explores, extracts and integrates facts from vast scientific knowledge such
as PubMed. Its source data is a slice of PubMed, including all publications from year
2022. Given a research question like: “What are the potential susceptibility genes
and biomarkers for ALS?” PubMiner Al goes through the following RAG scenario.

1. Select the question context - PubMiner Al leverages Ontotext’s LinkedLifeData',
including datasets like MeSH, UMLS, NCBI Gene, and SemMedDB, to select
PubMed articles related to ALS diagnosis and genetics. This filtering is based on the
abstracts MeSH semantic annotation and additionally on SemMedDB annotations
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(see a blog post'® on this topic). The resulting articles define the context of the
research question. For the given example these are 53 articles from 2022 alone.

2. Query LLM with augmented context — The question is sent to and LLM along with
the selected context from Step 1. For comparison, with the application of the RAG
technology this approach produces more than 10 times more results than a generic
query which includes only the question without the context.

The overall workflow of PubMiner Al is presented on Figure 3. The Graph RAG
technology is used to identify new ALS susceptibility genes and biomarkers along with
provenance information for validation and further source exploration. Expert validation
confirms its accuracy; more details are available in the Evaluation section 4.1.3. The
extracted relationships (<gene/biomarker> <ALS>) from the scientific publications at the
RAG steps are used for creating an evidence-based knowledge graph with focus on ALS
susceptibility genes and biomarkers with potential for new discoveries. This is a scalable
workflow because it allows for modifications of the research goal and used resources at
scale. It can be adapted for other research questions and has potential for unlocking
insights hidden in scientific publications.

retrieval

&

Biomedical Response

Entity
Linker

Knowledge
Base

Figure 3. PubMiner Al workflow.

Figure 4 is a Venn diagram of the results of a sample run of PubMiner Al. The circles
contain the results from 1) querying a large language model'” (LLM) without context -
this yields fewer genes and biomarkers (the smaller circle on the left) and 2) running the
PubMiner Al Graph RAG method (the larger circle on the right containing on average

18 hitps://graphwise.ai/blog/unlocking-genetic-insights-how-pubminer-ai-enhances-als-research-

in-hereditary/
7 https://www.ontotext.com/knowledgehub/fundamentals/what-is-a-large-language-model/
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more than 10 times more results than the one on the left). This diagram highlights the
effectiveness of the PubMiner Al approach in uncovering novel knowledge. Details on
expert evaluation of the results are given in Section 4.1.3.
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Knowledge Graph Construction and Exploration

The extracted gene names like "SOD1" or "FUS" in Figure 4, are disambiguated using
the Biomedical Entity Linker, a service produced by Ontotext, that takes as input a gene
name and returns as output the respective NCBI Gene concept (Figure 5). This way the
Biomedical Entity Linker transforms the textual representations of genes into
interconnected concepts. These concepts are later used to build a probabilistic
knowledge graph illustrating relationships between ALS and its susceptibility genes
(Figure 6). The approach in line with the recent developments relevant to HEREDITARY
(Marchesin and Silvello 2022, Giachelle et al. 2023, Marchesin et al. 2023). The
confidence score associated with each relationship at extraction time, is used as a
measure of reliability and relatedness of the extracted facts to the asked question. The
confidence score is preserved in the graph and will be leveraged in future iterations to
reassess and refine the reliability of facts already present in the knowledge base.
Moreover, PubMiner Al conforms to the WP requirement of iterative KB building because
with iterative runs of PubMiner Al on different documents (and even on the same ones,
considering the LLM non-deterministic behaviour), new facts are added to the KB and
previously extracted information is refined or updated. The generated graph, aligned with
the HERO ontology (see D3.1), can be integrated into existing systems for further
exploration. Additionally, PubMiner Al provides multiple ways for researchers to explore
the extracted relationships, including access to LinkedLifeData Inventory'® resources,
PubMed, and real-time analytics, enabling deeper investigation beyond initial findings.

PubMiner Al aims to contribute to achieving one of the main HEREDITARY goals - to
speed up disease detection and treatment for neurodegenerative conditions like ALS.
PubMiner Al supports this by providing a structured workflow to identify and evaluate
genetic links and by building standardized RDF knowledge graphs aligned with the
HEREDITARY ontology for easy exploration and verification. This approach follows FAIR
principles, making the data findable, accessible, interoperable, and reusable, helping
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researchers quickly discover and validate potential therapeutic targets from complex
biomedical literature.

A detailed description of PubMiner Al' and the HEREDITARY case study can also be
found in an online blog post™.
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Figure 6. The “Amyotrophic Lateral Sclerosis” node in LinkedLifeData Inventory before (on the left) and the
augmentation with susceptibility genes relations (on the right).

4.1.3 Evaluation Results

The system has been manually evaluated by an expert who checked the results of 4
consecutive system runs providing as input the question: “What are the potential
susceptibility genes and biomarkers for ALS?". The output of the system was
evaluated in two directions: (i) gene validation checking whether the results are indeed
gene names, (ii) degree of relatedness of the output gene mentions, in the context of the
original paper they are extracted from, to the given ALS scenario: strongly related,
slightly related, irrelevant.

The results of the evaluation show that 100% of the gene names in the results were
present in the NCBI Gene database. In each of the 4 runs, the generic query returned 4
results, and the RAG query returned between 47 and 50 results (more than 10 times
more). Out of these, 1 of the generic query results was not directly related to the asked
question and the remaining 3 were strongly related. For comparison, in the RAG results,
4 results were slightly related which is less than 10%, 41-44 were strongly related, which
is 85-88% of the results and 2-3 of the results were still gene names but irrelevant to the
scenario. The expert conclusion is that in these 85-89% of the RAG results there was
causal relation of these genes being susceptibility gene for ALS.
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4.2 TUGRAZ@CLEF 2025 Gut-BrainlE - Constrained Linked Entity
Annotation using RAG (CLEANR)
The CLEANR system (illustrated in Figure 7) builds on existing RAG and few-shot

systems that are used for Relation Extraction. We extend the existing systems with a
constrained LM output to allow only correct responses from the LM.

Text to Annotate > Text Embedding model
! sentence-transformers
Finalize Annotations : Retrieve Similar Examples
y Embed Samples

Constructed Prompt

Instructions

] Example Text 1
\Af:t:rl‘ng:;?;ﬂ)ml}_dM& ] Example Annotations 1 Training
Constrained output Example Text 2 Samples

Example Annotations 2

Text to Annotate

CLEANR

Figure 7. CLEANR workflow

4.2.1 Similar and Related Systems

CLEANR is inspired by existing Relationship Extraction systems, such as RAG4RE
(Retrieval-Augmented Generation-based Relation Extraction), which utilizes RAG as its
approach to incorporate detailed training data through semantic retrieval processes in
the prompt for the language model (LM). This few-shot approach, combined with
dynamic retrieval, enables the system to be extended or “retrained” by simply adding or
reweighting the training samples.

4.2.2 Methodology & Implementation

CLEANR extends the approach to use RAG by introducing a reweighting of the samples
in the retrieval process to prefer samples with a higher degree of confidence (i.e., prefer
the Gold annotations over the Bronze annotations in our setting). We use the sentence-
transformer system (Reimers and Gurevych 2019) to embed the given training samples
and store them in a Postgres database using the pgvector extension.19

Another key contribution of our methodology is the addition of constrained LM
generation. We utilize llama-cpp20 and llama-cpp-agent21 for both efficient inference of
pre-trained models and constrained generation from a provided grammar. The grammar
is generated using dynamically created models, which are transformed into the GBNF

20
21

DELIVERABLE 4.9
25.06.2025, V1.0 30| 54


https://paperpile.com/c/A80PsU/rCkc
https://github.com/pgvector/pgvector
https://github.com/ggml-org/llama.cpp/tree/master/grammars
https://github.com/Maximilian-Winter/llama-cpp-agent

[ HEREDITARY

syntax, which is then used to constrain the LM output to the exact schema provided by
the challenge.

4.2.3 Evaluation Results

We performed our evaluation on the dev-set provided within the CLEF-GutbrainlE
challenge using the provided script. The results are below the baseline posted by the
Challenge due to a late update to the evaluation set, removing duplicates, which led to
inflated scores in our testing. Nevertheless, our system combines RAG and structured
generation to retrieve data without fine-tuning or adaptation to the model. We performed
additional fine-tuning on the LM, increasing the performance only for the last task. Our

results for the CLEANR approach are shown in Tables 2 through 4.

Table 2. Task 6.2.1 Results for CLEANR on the Dev Set

RAG

Reorder

Precision | Recall

Micro

Precision

Funded by

the European Union

Micro
Recall

Micro

F1

H LL
ermes Ltama ' roue FALSE 0.25 012 | 0.15 0.55 024 | 033
3.188

OpenAl 40 Mini|  TRUE FALSE 0.15 017 | 0.15 0.44 03 | 036

Table 3. Task 6.2.2 Results for CLEANR on the Dev Set

RAG Reorder |Precision| Recall Mi?r? Micro
Precision | Recall
Hermes
LLama 3.1 8B TRUE FALSE 0.26 0.1 0.15 0.52 0.22 0.31
Op?\;lliﬁil 40 | TRUE | FALSE 0.16 017 | 0.15 0.42 029 | 035

Table 4. Task 6.2.3 Results for CLEANR on the Dev Set

RAG

Reorder

Precision

Recall

Micro
Precision

Micro
Recall

Hermes LLama
3.2 3B Finetune| FALSE FALSE 0.03 0.02 0.02 0.19 0.076 0.1
Hermes LLama
3.2 3B Finetune| FALSE TRUE 0.03 0.026 0.02 0.19 0.076 0.1

4.3 Ontotext@CLEF 2025 GutBrainlE - challenge solutions

4.3.1 Methodology

4.3.1.1 NER

In the context of the related approaches described in the beginning of the deliverable,
Ontotext created several systems solving the named entity recognition problem for the
GutBrainlE Task at CLEF 2025 BioASQ Lab. The systems use transformer-based
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models among which are BioBERT (Lee et al. 2020), BiomedNLP-BiomedELECTRA
(Tinn et al. 2021), BioBERT PubMed (Gu et al. 2022), and the well-recognised GLINER
(Zaratiana et al. 2024). The results of the study are submitted for publication at the Gut-
Brain track of BioASQ Lab Workshop22. The tables in the next section summarize the
published results. Here is the list of best-performing models on the dev set of the task.

Single-model

dmis-lab/biobert-base-cased-vl.1 (Lee et al. 2020) - this was the model
with the best precision on the development set. We also tried the large version of
the model but it did not show any improvement.
microsoft/BiomedNLP-BiomedELECTRA-base-uncased-abstract (Tinn et al.
2021) - Here, we will refer to this model as pubmed-electra-base. This
configuration showed clear improvements over the baseline on the dev set,
however, on the test set, the performance decreased - the recall dropped by
approximately 7% (82.45% - dev, vs. 74.86% test), therefore the F1-micro
dropped too.

monologg/biobert vl1.1 pubmed (Gu et al. 2022) - lighter version of biobert-
base, pretrained on PubMed abstracts only. This was the most consistent model
on the development and test sets, suggesting good capabilities of generalization.
numind/NuNER Zero (Zaratiana et al. 2024) - Generalist Model for Named Entity
Recognition using Bidirectional Transformer (GLINER). The model was a
baseline for the NER task performing worse than the other models on the dev set
however it achieved highest precision, recall and F1 on the test set.

Table 5 shows the hyperparameters for each of the models. In the first column is given
the model's name and the data split it was trained on. For more details about the data
splits see Section 3.2.2.

Table 5. Ontotext’s NER models hyperparameters.

model batch max
q . sequence | epochs Ir  optimizer
(data split) size len
GLINER (gold+platinum+silver) 8 384 20| 5e-5| AdamW
biobert-base-v1.1 16 128 10| 5e-5| Adamw
(bronze corpus)
pubmed-electra-base .
(all data + augmented-biobert) g2 Sl 8 B38| eEm
biobert-pubmed 16
(all data + augmented-biobert) B2 ) leng) - ek

Comparison of the results of the NER systems on the dev and test datasets are shown
in Table 8 in the next section.

22
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Ensembles

By analyzing the performance of the separate systems on the split of entity categories,
we selected the best-performing system per each category on the dev set. This way we
formed an ensemble of systems (best-on-dev) that includes 5 systems and each one of
them contributes to the annotation only of given categories where it performs optimal,
e.g. GLiNER output is considered only for gene and chemical, all other annotations are
disregarded. The whole model composition is shown on the table below.

Table 7. Ontotext’s ensemble model - split of categories per base model.

Model name ‘Categories

monologg/biobert_v1.1_pubmed bacteria

microsoft/BiomedNLP-BiomedELECTRA-

base-uncased statistical technique

numind/NuNER_Zero (GLINER) gene, chemical

dmis-lab/biobert-base-cased-v1.1 human

anatomical location, animal, bacteria,
biomedical technique, DDF, dietary
supplement, drug, food, microbiome

microsoft/BiomedNLP-BiomedELECTRA-
base-uncased (v2)

4.3.1.2 Relation Extraction
For the relation RE task, we applied two alternative approaches shortly outlined below.

Babelscape/rebel-large

REBEL (Huguet Cabot and Navigli 2021) is a seq2seq encoder-decoder model that uses
BART-large as a base and solves the RE problem as an end-to-end language
generation. In our case, the input is the raw text containing the entities and their implicit
relations and the target consists of linearized triplets, explicitly showing the entity
mentions and their relations, e.g. for the task Ternary Tag-based relation extraction the
expected output structure would look like this:

<triplet> head-entity-type <subj> type-relation <rel> tail-enitity-type
Or if we take a concrete example:

<triplet> DDF <subj> target <rel> human

For the Ternary Mention-based relation extraction task, the expected output structure
would look like this:

<triplet> head-entity-mention $%$head-entity-type% <subj> type-relation <rel>
tail-entity-mention %tail-entity-type$

And with sample data it would be as follows:

<triplet> Alzheimer disease $%DDF$% <subj> target <rel> patients $human$%

The model learns to predict these sequences which represent the extracted relations.

DELIVERABLE 4.9
25.06.2025, V1.0 33|54



Funded by
the European Union

() HEREDITARY

As a postprocessing step, aiming to improve precision, we have created a dictionary of
domain and range for each of the predicates. Where domain is every possible subject
for a given predicate and range is every possible object of that predicate. This dictionary
was used to restrict the output of the model to only possible relations in the context of
the task. The most successful version of REBEL was obtained by fine-tuning on all
annotated collections, excluding the development set.

Adaptive Thresholding and Localized Context Pooling

The most successful approach for relation extraction proved to be the use of Adaptive
Thresholding and Localized Context Pooling (ATLOP) (Zhou et al. 2020). The ATLOP
method uses a standard encoder transformer (Vaswani et al. 2017) (Devlin et al. 2018)
model as its base model. Unlike REBEL, which is an end-to-end entity linking approach,
this method requires the extracted named entities to be provided to the model. So a NER
annotator is needed and expected to make entity predictions and the error from this step
accumulates in the RE error.

Different base encoder models were used in order to improve the model’'s performance
like BERT (Devlin et al. 2018), RoBERTa (Liu et al. 2019), XLM-R (Conneau et al. 2020),
PubMedBERT (Gu et al. 2022), BiomedELECTRA (Tinn et al. 2021). Some experiments
with domain adaptation by continuing the models’ pretraining using the masked language
modeling objective (Devlin et al. 2018) were also made. Finally, we first fine-tuned the
base model on the NER objective before plugging the base encoder model into the
ATLOP method for further fine-tuning. The training hyperparameters used for fine-tuning
are as follows: batch size - 4, # epochs - 200, Ir for encoder - 5e-5, Ir for classifier - 1e-
4, warmup ratio - 6%, max grad norm - 1, optimizer - AdamW.

4.3.1 Evaluation Results

4.3.1.1 NER

Table 8 shows a comparison of all systems results on the dev and test datasets. For
more details on the data splits refer to Section 3.2.2. Our best architecture on the dev
set did not achieve that high results on the test set. Our expectation was that fine-tuning
on the dev set would increase the performance, however surprisingly the models which
achieved highest scores on the test set are not trained on the dev set at all.

Table 8. Ontotext’s NER results on dev and test set.

DevP TestP Dev R TestR | Dev F1 | Test F1

Model Data Split % % % % % %

ensemble best-models-on-dev | 84.26 | 78.99 82.90 76.31 83.57 77.63
GLINER gold+platinum+silver | 75.90 | 80.65 82.63 79.54 79.13 80.10
biobert-base-v1.1 bronze 81.75 | 78.59 81.83 79.22 81.79 78.91

pubmed-electra- |all data + augmented-

base I 82.60 | 78.86 82.45 74.86 81.69 77.23

all data + augmented-

. 80.99 | 78.59 82.01 79.22 81.49 78.91
biobert

biobert-pubmed
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Only the ensemble model which included models re-trained on dev showed higher
results on test in comparison with the other ensemble models but performed worse than
the single models which were not retrained on dev. This could be either due to the ability
of the models to progressively train or in a comparatively high distance in the concept’s
annotation in the dev and test set.

4.3.1.1 Relation Extraction

The results of all RE subtasks Binary Relation Extraction, Ternary Tag-based Relation
Extraction, Ternary Mention-based Relation Extraction are summarized on Table 9,
which shows dev set evaluations and Table 10 - test dataset evaluations. Here, all
ATLOP models use NER predictions from the baseline GLINER model. On Table 9, "+
DA" suffix means that the model went through an additional pre-training phase with
masked language modeling before being fine-tuned on the specific task. And "+ TPT"
suffix means the model went through fine-tuning on the NER task before being fine-tuned
on the specific task.

The models perform comparatively consistently throughout the three tasks. Our general
observation is that REBEL is a good end-to-end alternative for RE, however its
performance is slightly worse than ATLOP models which are very effective. In the Binary
RE task, we see that task pretraining gives improvement for the BiomedELECTRA, but
it is not very significant.

Table 9. Ontotexts’s Binary RE, Ternary Tag-based, Ternary Mention-based RE-model performance on
dev set.

Binary RE Ternary Tag-based RE |Ternary Mention-based RE

Micro-P |Micro-R Micro-F Micro-P Micro-R Micro-F1 | Micro-P Micro-R Micro-F1

% % %1 % % % % % %
rebel-large 62.79 55.56 61.50 63.08 | 58.70 60.81 38.81 36.25 37.49
ATLOP + 67.50 61.36 61.03 69.36 | 52.17 59.55 4755 | 32.86 38.86
BERT base
ATLOP + 67.54 58.64 62.77 67.36 | 56.52 61.47 46.44 | 33.75 39.09
RoBERTa
base

ATLOP + XLM-| 67.50 61.36 64.29 67.00 | 59.13 62.82 46.04 | 37.32 41.22
R base

ATLOP + XLM-| 64.25 64.55 64.44 63.39 | 61.74 62.56 42.65 | 37.32 39.81
R base + DA

ATLOP + XLM-| 70.11 58.64 63.86 70.05 | 56.96 62.83 4552 | 34.46 39.23
R base + TPT

ATLOP + 62.26 60.00 64.71 64.90 | 58.70 61.64 43.33 | 37.14 40.00
BiomedELECT

RA
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ATLOP + 72.58 61.36 66.50 | 72.34 | 59.13 | 65.07 | 48.56 | 36.25 | 41.51

BiomedELECT
RA + TPT

On the test set while XLM-R and REBEL do not fall too much behind BiomedELECTRA,
we see that BiomedELECTRA is the best-performing model, as a base model with task
pretraining. In the Ternary Tag-based RE task, the main difference is that on the test set
this time "ATLOP + BiomedELECTRA + TP" trained with 200 epochs performed slightly
better in comparison to the one trained with 100 epochs. In the Ternary Mention-based
task XLM-R slightly outperforms Biomed-ELECTRA, and rebel-large is not much behind.
There is also significant degradation in performance compared to the previous tasks.
The reasons here could be two-fold: (i) error accumulation throughout the subtasks and
(ii) the search space becomes much larger in the final more complex subtask.

Table 10. Ontotext’s Binary, Ternary Tag-based RE and Ternary Mention-based RE-model performance
on the test set.

TEST Set Binary RE Ternary Tag-based RE  Ternary Mention-based RE‘
Model Micro-P| Micro-R Micro-F1 Micro-P | Micro-R Micro-F1 Micro-P |Micro-R| Micro-F1
% % % % % % % % %
rebel-large 68.59 | 56.71 62.10 68.88 | 55.56 61.50 43.36 | 31.10 | 36.22
ATLOP + XLM-

R base (100 70.62 | 54.11 61.28 68.37 | 55.14 61.05 46.86 | 30.96 | 37.28
epochs)

ATLOP +
BiomedELECTR
A+ TPT (100
epochs)

7417 | 65.38 63.86 71.98 [ 53.90 61.65 4415 | 26.80 | 33.36

ATLOP +
BiomedELECTR
A+ TPT (200
epochs)

72.37 | 47.61 57.44 73.26 | 56.38 63.72 46.12 | 29.49 | 35.98

4.4 ONTUG@CLEF 2025 GutBrainlE - challenge solution
(TUGRAZ+ONTO)

4.41 Methodology
We combine the results of the two proposed methods by taking the union and
intersection of the ONTO and TUG solutions to combine the strengths of our systems,
resulting in our collaborative entry ONTUG.

4.4.2 Evaluation Results

Tables 11, 12 and 13 summarize the joint systems results on the three separate tasks -
Binary RE, Ternary Tag-based RE and Ternary Mention-based RE respectively. The
intersection enhances precision further, suggesting that the combination of both systems
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yields a highly precise output, albeit with a higher number of results. The union, on the
other hand, improves the Fi-score significantly.

Table 11. TUG+ONTO results from Binary RE on the Dev Set

F1 Micro Micro
Precision Recall

Hermes LLama 3.2 3B &
ATLOP +
BiomedELECTRA + TPT
(100 epochs)

n | TRUE 0.25 0.07 0.10 0.85 0.15 0.25

Hermes LLama 3.2 3B

Finetune &
ATLOP + u |FALSE 0.59 0.54 | 0.54 0.71 0.65 0.67

BiomedELECTRA + TPT
(100 epochs)

Table 12. TUG+ONTO results from Ternary Tag-based RE on the Dev Set

Micro Micro Micro
Precision Recall F1

RAG Precision | Recall F1

Hermes LLama 3.2
3B
&

ATLOP + n TRUE 0.24 0.07 0.10 0.85 0.14 0.25
BiomedELECTRA +
TPT (100 epochs)
Hermes LLama 3.2
3B Finetune

&
ATLOP + u | FALSE 0.59 0.53 0.54 0.70 0.62 0.66
BiomedELECTRA +
TPT (100 epochs)

Table 13. TUG+ONTO results from Ternary Mention-based RE on the Dev Set

Micro Micro Micro
Precision Recall F1

RAG Precision | Recall F1

Hermes LLama 3.2
3B
&

ATLOP +
BiomedELECTRA +
TPT (100 epochs)
Hermes LLama 3.2
3B Finetune

ATL%)P o U TRUE 0.34 0.30 0.30 0.37 0.38 0.38
BiomedELECTRA +
TPT (100epochs)

n TRUE 0.11 0.05 0.06 0.27 0.13 0.18
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4.5 AAU@CLEF 2025 GutBrainlE challenge solutions

We propose a methodology for named entity recognition and relation extraction from
biomedical documents related to the gut-brain axis. Our model is based on the ensemble
of transformer-based models and careful model selection. The model is structured in a
two-step phase, firstly for NER and secondly for RE. Figure 8 depicts the general
architecture of the proposed model, consisting of a NER ensemble and a RE ensemble.
This solution was built as part of a master thesis supervised by Daniele Dell’Aglio and
Juan Manuel Rodriguez. This approach was developed in the context of the GutBrainlE
challenge. This challenge defined 4 tasks as described in Section 3.2.1.

— | ’ NER system 1 | — [ RE system 1 o3 ‘
‘ ’ NER system 2 | = : l RE system 2 | =
— | > — “fi | —> "—' ———
{ NER system n | = [ RE system n Jesa s |
= Entities e e—— Entilies
NER ensemble RE ensemble relaons

Figure 8. General view of the AAU NER+RE pipeline.

4.5.1 Similar and Related Systems

Currently, there exist many transformed based pretrained models that can be finetune
for the NER and RE tasks. Moreover, our system actually builds on several of those
models (Yasunaga et al. 2022; Gu et al. 2022; Tinn et al. 2021; Lee et al. 2020) (Alrowili
and Shanker 2021), namely:

BioLinkBERT-uncased-base,
BioLinkBERT-uncased-large,
BiomedBERT-base-uncased-abstract-fulltext,
BiomedBERT-base-uncased-abstract,
BiomedBERT-large-uncased-abstract,
BiomedELECTRA-base-uncased-abstract, and
BiomedELECTRA-large-uncased-abstract.

In addition to these models, other authors have leveraged model ensembles to handle
noisy or inconsistent data, as averaging predictions helps suppress errors from individual
models (Meng et al. 2021; Nguyen et al. 2019). Additionally, ensembles enhance model
stability and generalization, making them more reliable for real-world applications.

4.5.2 Methodology

Both the NER and the RE components are model ensembles. In the text below, we
describe how those models work. Notice that the models for each task follow a similar
template, where different components can be replaced. For instance, the language
models used by a particular NER or RE model can be any of the models mentioned in
the previous section.

The system’s NER process focuses on accurately identifying and classifying entity
mentions within text. The primary method involves obtaining the tokens' embeddings to
classify and using a classification head to obtain the final result. We used either a dense
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linear layer, a Conditional Random Field (CRF) layer, or a bi-LSTM and a CRF for the
classification head (Lample et al. 2016) (Dai et al. 2019). Both the bi-LSTM and CRF
layer can consider each word's context, looking at the words before and after, to make a
more informed decision about whether it is part of an entity and what type of entity it is
(food, genome, chemical, etc.). Although the dense layer does not consider the
neighbours, the embeddings computed by the pretrained language model are affected
by other tokens. Figure 9 presents an overview of the NER system components. Notice
that this template allows combining any of the pretrained models with any of the
proposed token classification heads.

Dense

I '

—» Preprocessing —» | Pretrained model [-+,| Dense + CRF |/ —» Post-processing

BILSTM + CRF

Ono of theee Entitios
dassification hoads

Classification model

Figure 9. AAU NER system components.

For the RE, we introduce a set of special tokens, namely [E1], \E1], [E2], and [\E2]. For
detecting the relationship between two entities, each entity is demarked by a pair of these
special tokens. Then, the new text is passed through a pretrained language model, and
the embeddings for [E1] and [E2] are extracted, concatenated, and classified using a
dense layer (Baldini Soares et al. 2019). The components to perform the NE task are
depicted by Figure 10.

__________________________________

H ;t:

-4

Pretrained model

~=— —>» Preprocessing >

Dense head | Post-processing i s

- -

Classification model

' Enlitiesiﬁ Entities
-
relations

Figure 10. AAU RE system components.

The training strategy focuses on utilizing all available data, even noisier datasets, while
giving higher-quality annotations more influence during optimization. A weighted average
training loss is computed for each batch of samples, allowing the model to account for
dataset quality. All models, except for NER models with a CRF layer, use the cross-
entropy loss function. For the CRF, the loss function is negative log-likelihood. In the
case of the RE, since there are no explicit negative instances, we use negative sampling
to simulate the negative instances.

4.5.3 Evaluation Results

For the evaluation, we focus on F1-micro score and present the Precision-micro and
Recall-micro. This is for both NER and RE tasks as both can be described as
classification tasks. Notice that from now on, we will refer to F1-micro, Recall-micro, and
Precision-micro, as F1, Recall, and Precision for brevity’s sake.
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Firstly, we perform an evaluation first step to determine the best combination of dataset
weights. Table 14 presents the scores for the NER task on the development dataset for
18 dataset weight combinations using BioLinkBERT-base with a dense classification
head. We use these distributions of weights to train other models. From this table, we
can observe that a weighting schema where platinum and gold have the highest weight,
silver is slightly lower than gold, and bronze is slightly lower than silver reports the best

results.

Table 14. AAU NER evaluation for different weights using BioLinkBERT-base and Dense layer

W. Silver

W. Bronze

Precision

Recall

W. Platinum W. Gold
1.5 1.5
1.5 1.5
1.5 1.5
1.5 1.5
1.5 1.5
1.5 1.5
1.25 1.25
1.25 1.25
1.25 1.25
1.25 1.25
1.25 1.25
1.25 1.25

1.5

1.5

1.5

1.25

1.25

1.25

0.75

0.5

0.25

0.75

0.5

0.25

0.75

0.5

0.25

0.75

0.5

0.25

0.75

0.5

0.25

0.7866

0.7918

0.792

0.8157

0.7888

0.7949

0.7911

0.8001

0.7923

0.8003

0.8015

0.7892

0.7913

0.7852

0.7938

0.7935

0.8064

0.7264

0.838

0.8478

0.8317

0.8478

0.8523

0.8397

0.8478

0.8424

0.8505

0.8469

0.8317

0.8344

0.8451

0.838

0.8514

0.846

0.8317

0.8228

0.8114

0.8188

0.8114

0.8314

0.8193

0.8167

0.8185

0.8211

0.8204

0.823

0.8163

0.8111

0.8173

0.8107

0.8216

0.8189

0.8189

0.8093

After selecting the two best weighting schemas, Table 15 presents the F1 results for the
different combinations of based pretrained models and classification heads. In this table,
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it can be observed that in general the Dense layer performs slightly worse than
Dense+CRF (p <0.01) and BiLSTM+CRF (p <0.05), yet the statistical significance of
these differences is low. Moreover, there is no statistically significant difference between
the CRF strategy. Notice that this analysis is not valid for a particular model, but for the
performance in general, i.e., there might be a statistical significance on the results for
BioLinkBERT-base Dense+CRF vs BioLinkBERT-base LSTM+CRF.

Table 15. AAU NER results for different pretrained base models and classification modules.

Pretrained Model Dense Dense + CRF LSTM + CRF

Weights =[1.5, 1.5, 1, 0.75]

BioLinkBERT-base 0.8151 0.8213 0.8152
BioLinkBERT-large 0.8094 0.8185 0.8149
BiomedBERT-base-uncased-abstract 0.8103 0.8193 0.8092
BiomedBERT-base-uncased-abstract-fulltext 0.8118 0.8176 0.8268
BiomedBERT-large-uncased-abstract 0.8148 0.817 0.8178
BiomedElectra-base-uncased-abstract 0.805 0.8174 0.8123
BiomedElectra-large-uncased-abstract 0.8072 0.8201 0.8198

Weights = [1.25, 1.25, 1, 0.75]

BioLinkBERT-base 0.8217 0.8166 0.8158
BioLinkBERT-large 0.8097 0.8085 0.8202
BiomedBERT-base-uncased-abstract 0.8019 0.8109 0.8077
BiomedBERT-base-uncased-abstract-fulltext 0.8067 0.8174 0.8152
BiomedBERT-large-uncased-abstract 0.7831 0.8183 0.8176
BiomedElectra-base-uncased-abstract 0.8013 0.8156 0.81
BiomedElectra-large-uncased-abstract 0.8211 0.8165 0.8162
Average 0.8085 0.8168 0.8156
DELIVERABLE 4.9

25.06.2025, V1.0 41|54



Funded by
the European Union

() HEREDITARY

The final step for developing our NER ensemble is to select the number of the NER
systems to ensemble. The strategy was to select the top-K performant NER systems.
Table 16 presents the performance for the different ensemble sizes. As it can be
observed, NER ensemble strategy achieves better performance than any single NER
systems. We found the best performing configuration to be the top-9 systems, but in all
cases the F1 was greater than 0.84, where no single NER system obtained a F1 greater
than 0.83. When evaluated in the GutBrainlE Challenge test dataset, the F1 performance
of this NER ensembile is 0.8382, which is lower than the obtained performance in the dev
dataset.

Table 16. AAU NER ensemble results.

Ensemble size Precision Recall

3 0.8351 0.8612 0.848
5 0.8376 0.8585 0.8479
7 0.836 0.8532 0.8445
9 0.8436 0.8594 0.8514
11 0.8398 0.8585 0.849
13 0.8406 0.8594 0.8499
15 0.8405 0.8585 0.8494
17 0.8393 0.8559 0.8475

Regarding RE tasks, our RE system performs the task 6.2.3, but the output can be
converted to the other tasks as 6.2.1 and 6.2.2 requires less information. Regarding the
dataset, we noticed that most of the documents have less than 100 relations, but there
are a few outliers with more annotations in the silver and bronze dataset. Therefore, the
first step is to determine the impact of these outliers in training along with the negative
sample multiplier (NSM), i.e., the number of negative instances per positive instance,
and the weight for the different datasets. To do this, we consider task 6.2.1 and
BioLinkBERT-base as a pretrained model. Table 17 presents the results for this
experiment. Notice that in most cases removing outliers and increasing the NSM
improves the results. Notice that when silver and bronze dataset are not used for training,
we consider the dataset to be without outliers, as no outlier is present in gold and
platinum datasets. All in all, the best results were obtained when NSM is 10 and the
weighting schema is 1.25, 1.25, 1, and 0.75 for the platinum, gold, silver and bronze
datasets, respectively.

Using the best configuration according to the previous experiment, we test the
performance of the different pretrained RE systems for the task. Table 18 depicts the
results for the different RE systems, based on different pretrained base models. In this
case, the goal is to rank the pretrained RE systems for creating the ensembles.
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Finally, Table 19 presents the results for the three RE subtasks. Unlike the NER task,
adding more RE systems to the ensemble seems not to improve the performance
significantly. Hence, we decided to build our RE ensemble using only the top 3
performing RE system configurations.

Table 17. AAU F1 scores RE system BioLinkBERT-base under different dataset weights and NSM.

W. Platinum W. Gold W. Silver W. Bronze NSM With Outliers Without Outliers

1 1 - - 1| - 0.7505
1 1 1| - 1 0.7208 0.7186
15 15 1 075 1 0.7125 0.7391
1.25 1.25 1 0.75 1 0.7171 0.7305
1 1 - ] 3| - 0.7562
1 1 1| - 3 0.7345 0.7606
15 15 1 0.75 3 0.7612 0.7458
1.25 1.25 1 0.75 3 0.7603 0.7736
1 1| - - 5 - 0.7645
1 1 1| - 5 0.7543 0.7621
15 15 1 075 5 0.7612 0.7732
1.25 1.25 1 0.75 5 0.768 0.7757
1 1| - - 10 | - 0.7805
1 1 1| - 10 0.7642 0.7826
15 15 1 075 10 0.7708 0.7934
1.25 1.25 1 075 10 0.7711 0.7965

For submitting the challenge, we retrain the models using training and dev results.
Therefore, we have two versions of the models, trained only with training and trained
with all the data. For the NER task, adding the dev data increased the performance of
the model. However, for the RE task, the best performance was achieved when trained
only with the training data. However, notice that the RE performance depends on the
NER performance as for the testing we do not know the named entities. Therefore, the
RE submission was based on the NER ensemble trained with all the data.
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When evaluated in the GutBrainlE Challenge test dataset, the F1 performance NER
ensemble is 0.8382, which is lower than the obtained performance in the dev dataset but
it is expected as there might be a slight overfit in the dev dataset. For the RE tasks, the
F1 score is 0.6864, 0.6866, and 0.4635 for tasks 6.2.1, 6.2.2, and 6.2.3, respectively.
Although these results are significantly lower than the ones reported in Table 19, it is
important to note that the original results do not depend on the NER model for inferring
the entities, while for the challenge the final results consider the whole pipeline.

Table 18. AAU F1 scores on the development dataset of RE classification for different base models.

Pretrained Model Precision Recall F1

BioLinkBERT-base 0.7379 0.8318 0.7821
BioLinkBERT-large 0.7358 0.8227 0.7768
BiomedBERT-base-uncased-abstract 0.7438 0.8182 0.7792
BiomedBERT-base-uncased-abstract-fulltext 0.7094 0.8545 0.7753
BiomedBERT-large-uncased-abstract 0.7354 0.8591 0.7925
BiomedElectra-base-uncased-abstract 0.7059 0.8727 0.7804
BiomedElectra-large-uncased-abstract 0.7629 0.8045 0.7832

Table 19. AAU results for the ensembles for the three RE subtasks.

Ensemble Size Precision Recall F1

Binary RE (Task 6.2.1)
3 0.7530 0.8591 0.8025
5 0.7540 0.8500 0.7991
Ternary Tag-based RE (Task 6.2.2)
3 0.7090 0.8261 0.7631
5 0.7209 0.8087 0.7623

Ternary Mention-based RE (Task 6.2.3)
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3 0.5489 0.6518 0.5959

5 0.5786 0.6375 0.6066

5 Conclusion and next steps

In this deliverable, two types of innovative solutions are presented, all developed in Task
4.6 of HEREDITARY project: PubMiner Al and solutions addressing the GutBrainlE Task
at CLEF 2025 BioASQ Lab. The presented systems include components for: 1)
information extraction (NER, RE) from biomedical literature, 2) EL for biomedical
concepts and 3) KBC, present great potential for extracting valuable information about
gut-brain interplay and contribute to the overall development of tools on the topic. The
information extracted with such means can be integrated with existing resources and
systems and used for iterative creation of knowledge bases.

In the next period, we foresee and extension of PubMiner Al. Its source dataset will
include PubMed articles from years other than 2022 and also PubMed slices of longer
periods. The current version addresses the ALS use case, and we plan to extend its
functionalities to cover also other HEREDITARY use cases about Parkinson’s disease
and the connections between brain-related diseases and the gut microbiome. The
generated KG, result of new use case scenarios, will be aligned with the new extended
versions of HERO ontology.

The solutions for the GutBrainlE Task at CLEF 2025 BioASQ Lab will be studied in-depth
with further error analysis that will allow for better understanding of their strengths and
weaknesses and can lead to further improvement and higher performance respectively.
The provided annotated datasets will streamline this process for both tasks, NER and
RE being the core of knowledge base creation. In addition, the envisioned challenges
organised by the project partners on similar topics in 2026 and 2027 will provide new
testbeds and ideas for KBC.

A possible further step is the exploration of various Al agent-based and LLM-based
approaches to benefit from few-shot learning for other entities and relations for gut-brain
interplay, beyond those investigated in the GutBrainlE Task at CLEF 2025 BioASQ Lab.
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