Journal of Digital Terminology and Lexicography - ISSN:3103-3601
Vol. 1, No. 2 (2025) DOI: 10.25430/pupj.jdtl. 1762265258

Biomedical Annotation for Gut-Brain Interplay
Information Extraction Meets Terminology Work:

Insights and Perspectives

Vanessa Bonato

Department of Linguistic and Literary Studies, University of Padua, Via E. Vendramini 13,
Padova, 35137, Italy.

Contributing authors: vanessa.bonato@phd.unipd.it

Abstract

Within the context of the Conference and Labs of the Evaluation Forum (CLEF) 2025, the GutBrainlE @
CLEF 2025 challenge has been proposed. This natural language processing challenge represents one of
the initiatives developed under the European-supported project HEREDITARY (HetERogeneous sEman-
tic Data integratlon for the guT-bRain interplaY). The focus of the challenge is on performing named
entity recognition and relation extraction on a corpus of PubMed abstracts on the gut-brain interplay.
The resulting annotations will be used to train information extraction systems, tailored to the biomed-
ical domain under investigation. In this paper, we illustrate the concept systems that supported the
development of the annotation schema, which served as the reference framework for both named entity
recognition and relation extraction. Then, we examine the potential of reusing entity mentions and entity
relations identified during the gold-standard dataset annotation process as terminological data in a medi-
cal terminology resource. Crucially, the task of named entity recognition differs from the process of term
extraction that is adopted in terminology science to extract terminological data from textual documents.
By examining annotated entity mentions and entity relations, we highlight how data obtained through
named entity recognition and relation extraction can be partially reused for terminology work.
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1 Introduction

Information extraction is described as “the process of automatically extracting structured pieces of infor-
mation from unstructured or semi-structured text documents” (Chiticariu et al., 2018). Within this domain,
named entity recognition and relation extraction represent two core tasks that are typically distinguished
(Nasar, Jaffry, & Malik, 2021). Named entity recognition is “[a]n act of recognizing and categorizing named
entities that are presented in a text document”, whose objective is “to find references of rigid desig-
nators in the text which belong to established semantic kinds like a person, place, organization, etc”
(Jehangir, Radhakrishnan, & Agarwal, 2023). Taking the medical domain as an example, the task involves
the identification of text spans such as “familial hypercholesterolemia” or “autosomal dominant hyperc-
holesterolemia”, that are both named entities corresponding to medical conditions (Luo, Lai, Wei, Arighi,
& Lu, 2022). Relation extraction, instead, deals with “identifying the relations between entities from under-
lying content” (Zhao et al., 2024). Specifically, the relations established between different entities convey
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semantic content (Nasar et al., 2021). For instance, when applied to the medical domain, relation extrac-
tion allows to identify relations such as “treat_disease” or “cause_disease” (Qi et al., 2021), which express
different connections established between named entities.

Named entity recognition and relation extraction can be carried out by information extraction sys-
tems, supporting the automatic extraction of knowledge from textual documents that can also be domain
specific. Information extraction systems can be assessed through evaluation campaigns, such as CLEF
(Conference and Labs of the Evaluation Forum).! At CLEF 2025, held on 9-12 September 2025, a specific
task has been presented that is directly related to the European-supported project HEREDITARY (HetERo-
geneous sEmantic Data integratlon for the guT-bRain interplaY).? One of the goals of the HEREDITARY
project is to foster the development of information extraction systems capable of automatically extract-
ing knowledge about the gut-brain interplay from biomedical literature. These systems are designed to
support healthcare professionals in acquiring specialized knowledge extracted from scientific texts that
focus on the gut microbiota and its connections to various health conditions. These conditions include a
wide range of mental health-related states (Dziedzic et al., 2024; Gulas, Wysiadecki, Strzelecki, Gawlik-
Kotelnicka, & Polguj, 2018; Kim et al., 2023), Parkinson’s disease (Bai, You, Lei, & Li, 2024; Feng et al., 2024;
Liang et al., 2021) and neurological disorders (He et al., 2024; Oroojzadeh, Bostanabad, & Lotfi, 2022; You
et al., 2024) (Nentidis et al., 2025).

The GutBrainlE @ CLEF 2025 challenge (Martinelli et al., 2025) was launched within the thirteenth
edition of the large-scale biomedical semantic indexing and question answering challenge (BioASQ) (Nen-
tidis et al., 2025) with the objective of creating a high-quality dataset aimed at improving the accuracy of
targeted information extraction systems .*> This natural language processing (NLP) challenge focuses on
PubMed abstracts concerning the gut-brain interplay, and requires participants to perform both named
entity recognition and relation extraction. In this context, named entity recognition involves identifying
the text spans corresponding to entity mentions in documents dealing with the gut-brain interplay, and
labeling them to predefined categories of interest within this specific domain of activity. For example,
within the text, different types of microbiota are mentioned, such as “gut microbiota” and “fecal micro-
biota”. These entity mentions are labeled to the predefined category “Microbiome”. Relation extraction,
instead, is concerned with determining the relations that link different entity mentions pertaining to the
biomedical domain within the texts (Nentidis et al., 2025). For instance, in cases where an interaction is
mentioned between two entity mentions labeled as “Chemical” in the texts, the predefined predicate “inter-
act” is used to link them. The defined list of categories and entity relations are provided in an annotation
schema, built on work carried out on two different concept systems. The corpus was annotated by anno-
tation experts for both named entity recognition and relation extraction, resulting in the generation of
a gold-standard training dataset that provides the high-quality annotations needed to train information
extraction systems. The annotation has been carried out by computer scientists and terminology experts,
with expertise in the modelling and representation of medical specialized knowledge in ontologies and
terminology resources. Within these resources, knowledge on medical concepts extracted from scientific
texts is represented, along with the different types of relations established between them. More detailed
information about the annotators team will be described in Section 3.2.

When compared with the process of term extraction from text corpora, which is a key activity in ter-
minology work (Di Nunzio, Marchesin, & Silvello, 2023; Drouin, 2003; Giovagnoli, Vezzani, & Di Nunzio,
2024; Rigouts Terryn, Hoste, & Lefever, 2018; Vezzani, Di Nunzio, & Silecchia, 2022), named entity recog-
nition is a clearly differentiated task. In fact, term extraction can be defined as “terminology work that
involves the identification and excerption of terminological data by searching through a text corpus” (ISO
1087, 2019). Specifically, according to ISO 1087 (2019), terminological data is “data related to concepts and
their designations”. A concept is a “unit of knowledge created by a unique combination of characteristics”,
and it is linguistically designated in texts by a term. The term is a “designation that represents a general
concept by linguistic means”, thus it represents a “concept that corresponds to a potentially unlimited num-
ber of objects which form a group by reason of shared properties”. Taking these definitions into account,
in this work we assume that entity mentions do not correspond to concepts and, in some cases, an entity
mention identified through named entity recognition does not qualify as a term. For example, the entity

?https://clef2025.cleffinitiative.eu
*https://hereditary-project.eu
*https://hereditary.dei.unipd.it/challenges/gutbrainie/2025/#
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mention “oral and gut microbiota” is not a term, because two terms designating two distinct concepts can
be identified within it: ‘oral microbiota’ and ‘gut microbiota’. In contrast, many entity mentions align with
terms in the medical domain, such as “major depressive disorder” and “Autism Spectrum Disorder”.

In this paper, which extends the work of Bonato (2025), we present the two concept systems on which
the annotation schema was developed. We then analyze the annotated entity mentions and entity rela-
tions, to assess the extent to which they can be reused as terminological data in a terminology resource
concerning the gut-brain axis and related medical conditions. Taking this discussion as a starting point,
we specifically focus on concept relations, developing further reflections on the subject.

The remainder of the paper is organized as follows: in Section 2, we outline the concept systems devel-
oped to identify entity labels and entity relations defined in the annotation schema. In Section 3, we present
the dataset on which the annotations were performed, and we describe the annotation process. In Section
4, we elaborate on the possibility of reusing entity mentions and entity relations in a medical terminol-
ogy resource, with a particular focus on entity relations. In Section 5, we provide our final remarks and
directions for future work.

2 Insights into Gut-Brain Interplay Concept Systems

For the purpose of the GutBrainlE @ CLEF 2025 challenge, an annotation schema was created to define
the set of entity labels to be associated by annotators with entity mentions identified in the abstracts.
The schema also specified the entity relations that link entity mentions, along with their corresponding
predicates. However, identifying the set of relevant entity labels and entity relations to be included in
the annotation schema required prior knowledge of the concepts concerning the gut-brain interplay and
related health conditions. In terminology work, the systematic organization and representation of knowl-
edge about concepts in specialized domains is achieved through the creation of concept systems (Dubuc,
1978; Nuopponen, 2022; Roche, 2007; Vezzani, 2022). Within a concept system, different types of concept
relations can be established, reflecting the specialized knowledge of the domain shared by experts.

The annotation schema was developed based on work carried out on two concept systems. The first
concept system was created by terminologists, following terminology principles. The second concept sys-
tem represents a reworking of the first, and it was developed by terminology experts and computer science
experts. The second concept system provided the foundation for the final design of the annotation schema.

2.1 Prototype Concept System

The development of the first concept system (see Figure 3 in Annex 1) is based on terminology work
performed on abstracts related to the gut-brain interplay. Indeed, domain-specific knowledge is acquired
from texts written by domain experts, where terms designating specialized concepts are used. To this end,
a corpus of over 700 abstracts from biomedical publications was built. The abstracts were retrieved from
PubMed,! that is the largest database of biomedical literature, using the keywords “mental health” AND
“gut microbiota”. Thus, the abstracts focus on specific health conditions related to the gut-brain interplay,
namely mental health-related conditions. In addition to the abstracts, the corpus also comprised the titles
of the full-text publications from which the abstracts were extracted. The analysis of abstracts and titles of
scientific papers constitutes the starting point for this preliminary study. However, we consider that it is
crucial to include the full texts of scientific articles within the analyzed dataset, to access “knowledge-rich
contexts” (Meyer, 2001), where definitions of concepts and explanations are often provided.

The terminology work started with an automatic term extraction. The corpus was processed using the
corpus analysis software Sketch Engine,” which enabled the extraction of more than 7,000 candidate terms.
After the extraction phase, we manually assessed all the candidate terms to ensure that only lexical units
representing terms in the medical domain were retained. The manual assessment led to the identification
of over 1,300 medical terms.

Within the set of medical terms, several term variants that linguistically designate the same concept
were identified. The term variants were clustered in accordance with this criterion, and a single concept
was assigned to the term variants. The number of identified concepts, therefore, differs from the number
of terms identified within the corpus, as it amounts to more than 1,200.

*https://pubmed.ncbi.nlm.nih.gov/
*https://www.sketchengine.eu
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For each medical concept, different definitions were collected from specialized resources, such as MeSH
Terms,® Ontobee,” and OLS Ontology Search.? This methodological approach ensured that concept knowl-
edge was not tied to a single definition from one source, but was instead based on multiple specialized
sources of information. Moreover, this approach was adopted to observe which characteristics that create
the concept recur across different definitions, and can thus be regarded as fundamental for understanding
and representing the concept.

Subsequently, terminological definitions for each concept were manually formulated, specifically in
the form of intensional definitions. According to the ISO 1087 (2019), an intensional definition is a “defini-
tion that conveys the intension of a concept by stating the immediate generic concept and the delimiting
characteristics™. In particular, the delimiting characteristics of a concept are defined as “essential charac-
teristics used for distinguishing a concept from related concepts” (ISO 1087, 2019). The identification of
the generic concept, that is the “concept in a generic relation that has the narrower intension” (ISO 1087,
2019) is crucial to establish hierarchical relations between concepts, distinguishing superordinate concepts
from their respective subordinate concepts. For instance, the concept <Anxiety disorder> can be defined
as “psychiatric disorder constituting a category of disorders, characterized by anxious feeling or fear”.
Within the intensional definition, two elements can be distinguished: 1) the immediate generic concept
<Psychiatric disorder>, which is the superordinate concept of <Anxiety disorder>, and 2) the delimiting
characteristics of the concept.

Delimiting characteristics are another fundamental source of knowledge, as they are the set of essential
characteristics that allow a concept to be uniquely identified, distinguishing it clearly from other concepts
that share the same generic concept. This emerges from the comparison of the intensional definition of
<Anxiety disorder> with that of <Mood disorder>, which is as follows: “psychiatric disorder constituting a
category of disorders, characterized by disturbance in mood as their predominant feature”. As can be noted,
the same immediate generic concept is included within the two intensional definitions. Consequently, the
immediate generic concept does not function as a distinguishing element between concepts. Conversely,
the delimiting characteristics enable to distinguish the two concepts.

Formulating intensional definitions, therefore, proves to be a highly important activity for the detailed
analysis of concepts in a specialized domain. Indeed, intensional definitions “enable terminology users
to reconstruct the concept system” (ISO 704, 2022) and are considered as “preferable to other types of
definitions because they clearly reveal the characteristics of a concept within a concept system” (ISO 1087,
2019).

The corpus, consisting of 460 intensional definitions, was automatically processed using Sketch Engine.
This process represents a key component of our terminological analysis. By implementing this additional
step, knowledge could be extracted not only from abstracts and titles of scientific papers, but also from
intensional definitions, providing an essential source of domain-specific knowledge on concepts related to
the gut-brain interplay. In particular, the corpus has been processed with the specific objective of extracting
the terms that linguistically designate the immediate generic concepts and the delimiting characteristics of
the defined concepts from intensional definitions. The Keywords extraction function was used to extract
single-word terms and multi-word terms. Specifically, the extraction was performed relative to the English
Web 2021 (enTenTen21) corpus, used as a reference corpus for comparison.

The identification process of both single-word and multi-word terms pertaining to the medical domain
followed the same methodology adopted for the identification of medical terms in the corpus composed
of abstracts and titles of scientific papers. Specifically, an automatic term extraction was first conducted,
followed by the manual validation of the extracted terms. Once the list of medical single-word terms
and multi-word terms was obtained, we associated the corresponding generic concept to each term.
The generic concepts were linked to one another in the concept system by terminologists, using both
hierarchical relations and associative relations.

Concerning hierarchical relations, both generic relations and partitive relations are used in the concept
system to link different concepts. As the ISO 1087 (2019) states, a generic relation is a “concept relation
between a generic concept and a specific concept where the intension of the specific concept includes the

®https://www.ncbi.nlm.nih.gov/mesh/
"https://ontobee.org
Shttps://www.ebi.ac.uk/ols4/
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intension of the generic concept plus at least one additional delimiting characteristic”. In the concept sys-
tem, a hierarchical generic relation conveyed by the relation marker is_a can be identified between the
three subordinate concepts <Bacterium>, <Fungus>, <Virus>, and the superordinate concept <Microor-
ganism>. The same relation is established between the subordinate concept <Microorganism> and the
superordinate concept <Organism>. As can be observed, the direction of the arrow that links the concepts
is indicative of the reading direction of the represented concept relation (see Figure 3 in Annex 1).

The other type of hierarchical relation that is used within the concept system is the partitive relation,
defined as a “concept relation between a comprehensive concept and a partitive concept” (ISO 1087, 2019).
Within this relation, the comprehensive concept is a “concept in a partitive relation that is viewed as a
whole consisting of various parts” (ISO 1087, 2019). Instead, the partitive concept represents a “concept in a
partitive relation that is viewed as a part of a whole” (ISO 1087, 2019). In the concept system, this relation is
established between the partitive concept <Genome> and the comprehensive concept <Microbiome>, and
it is made explicit through the use of the relation marker is_part_of. A partitive relation is also established
between the partitive concept <Microbiota> and the comprehensive concept <Microbiome>. By observing
these concept relations, for instance, it is possible to infer that the microbiome is composed of both the
microbiota and the genome. Also in this case, the arrow visually represents the reading direction of the
relation (see Figure 3 in Annex 1).

Associative relations are also represented within the concept system. In particular, associative rela-
tions encompass all relations that are neither generic nor partitive, and whose relation markers express
other types of links between concepts. For example, an associative relation occurs between <Microbiome>
and <Medical condition>. To signal the existence of a link between the concepts, we used the relation
marker is_linked_to. An associative relation is also established between the concepts <Medical condition>
and <Intervention>, by using the relation marker treated_by. As can be observed, the relation marker
is_linked_to does not exhibit the same level of precision compared to the relation marker treated_by (see
Figure 3 in Annex 1). However, the relation marker is_linked_to represents the state-of-the-art level of
specificity regarding the connection between the microbiome and related medical conditions.

2.2 Gut-BrainlE @ CLEF 2025 Challenge Concept System

The concept system developed by terminologists provided the foundation for a second concept system,
which includes the concepts and concept relations to be annotated for the Gut-BrainlE @ CLEF 2025
Challenge (see Figure 4 in Annex 2) in the form of entity labels and entity relations. This concept system
is the result of an interdisciplinary collaboration between terminologists and computer science experts,
who together form the team of expert annotators. Then, this concept system was reviewed by an external
group of biomedical experts, who validated the concepts and concept relations.

As can be observed, the concept system includes the concepts and concept relations to be extracted
for the challenge, as well as concepts and concept relations that participants are instructed to ignore.
As a matter of fact, during the early annotation phases, the team of expert annotators noted that some
entity mentions were underrepresented relative to others in the document collection. Consequently, these
entities were excluded from the annotation task, ensuring that the focus remained on entity mentions and
relations that are both frequent and highly relevant to the study of the gut-brain interplay.

A comparative analysis of the two concept systems shows that some concepts were omitted from
the second concept system, while others were added into it. To give some examples, both the concepts
<Mouse> and <Dog> are not present in the second concept system, which includes only the superordi-
nate concept <Animal>. This choice is once again driven by the consideration that a limited number of
instances of these concepts can be found in abstracts. The concepts <Anatomical location>, <Statistical
technique> and <Biomedical technique> were added, instead, among others, to the second concept system.
This decision, conversely, reflects the significance that the team of expert annotators attributed to these
concepts within the analyzed abstracts, leading them to deem it essential to incorporate the concepts into
the concept system and to use them as entity labels in the annotation task.

In particular, it can be observed that several modifications were made in the organization of concepts
within the second concept system. In the prototype concept system, <Human> appears as a subordinate
concept of the superordinate concept <Animal>, which in turn is a subordinate concept of the superordi-
nate concept <Organism>. In the second concept system, however, <Human> is not a subordinate concept
of the superordinate concept <Animal>. Indeed, both <Human> and <Animal> appear as subordinate

17



JDTL - Vol. 1, No. 2 (2025) DOI: 10.25430/pupj.jdtl. 1762265258

concepts of the superordinate concept <Organism>. Another example concerns the concept <Microorgan-
ism>, that was removed from the second concept system. As a consequence, the concepts <Bacterium>,
<Fungus> and <Virus> are no longer subordinate concepts of the superordinate concept <Microorgan-
ism>. Instead, the concepts <Bacteria>, <Virus> and <Fungus> are linked by way of a partitive concept
relation to the comprehensive concept <Microbiota>.

Some concept relations have been added within the second concept system. One example concerns the
relation between <Bacteria> and <Gene>, which is not present in the prototype concept system. In this
case, a unidirectional concept relation has been established between the concepts, whose relation marker
is “change expression”. Another concept relation that has been added links the concepts <Chemical> and
<Anatomical location>, and it is verbalized through the relation marker “located in”.

Other existing relations linking two concepts in the first concept system have been modified. It is the
case of the concept relation established between the concepts <Microbiome> and <Neurotransmitter>.
In the prototype concept system, the concept <Neurotransmitter> is indicated as a subordinate concept
of the superordinate concept <Metabolic intermediate>. The concept <Metabolic intermediate>, in turn,
is linked to the concept <Microbiome> by way of the associative relation “produced_by”. In the second
concept system, instead, the concept <Metabolic intermediate> is no longer present, and the associative
relation “related to” is used to link the concept <Neurotransmitter> to the concept <Microbiome>.

Another significant modification concerns the concept <Medical condition>, which was included in
the prototype concept system. In the second concept system, this concept is represented as “DDF”, which
stands for “Disease, Disorder, or Finding”. This detail indicates that a terminological approach for the
construction of the concept system was not fully adopted. In fact, from a terminological perspective,
<Disease>, <Disorder> and <Finding> are three distinct concepts, each linguistically designated by the
corresponding term. However, this is a choice made by the team of expert annotators specifically aimed
at maintaining a level of granularity consistent with the goals of the first edition of the challenge.

Within the concept system designed for the challenge, the addition of some links within the rectan-
gles used to represent the concepts can be noted. These links are unique URIs, that link the concepts
represented within the concept system to the corresponding concepts contained in a reference special-
ized vocabulary. Moreover, additional links are provided for concepts such as <Chemical> and <Drug>.
These links are meant to assist participants during the annotation process by directing them to specialized
resources containing lists of chemicals or drugs considered valid for annotation purposes.

The concepts included in this concept system — indicated in blue — serve as entity labels in the anno-
tation schema. Following the same reasoning, the concept relations established within the concept system
between the concepts considered relevant for the challenge are also part of the annotation schema. Within
the annotation schema, the relation marker is represented as the predicate of the relation between a head
entity and a tail entity.

3 Dataset and Dataset Annotation Description

This section provides a detailed overview of the dataset used for the annotation process and further infor-
mation on the expertise of the team of expert annotators. Subsequently, we describe the manual annotation
process that resulted in the creation of the gold-standard training dataset.

3.1 Dataset

As previously mentioned, the dataset was compiled by extracting abstracts from PubMed. To collect the
documents, two separate queries were performed, using the following keyword combinations: 1) “men-
tal health” AND “gut microbiota”, and 2) “Parkinson” AND “gut microbiota”. After removing duplicated
records, the corpus consisted of 1647 documents. During the annotation process, 7 expert annotators
annotated 403 PubMed abstracts.

3.2 Annotators

The annotation team brought together experts from two distinct domains: terminology and computer
science. Specifically, the group included three annotators with a background in terminology and four with
expertise in computer science, creating a heterogeneous team. For the task of biomedical annotation, the
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combination of expertise from terminologists and computer scientists was essential. Indeed, computer
scientists possess expertise in the development of ontologies, in which concepts and concept relations
are formally represented. In addition to these skills, the computer scientists involved in the annotation
process possess expertise in the field of information retrieval, which deals with textual corpora and the
terms contained within documents.

As touched upon, the initial terminology work carried out by terminology experts laid the foundation
for creating the prototype concept system. This concept system subsequently guided the development of
a second concept system, which ultimately shaped the annotation schema. Indeed, terminology experts
possess the expertise to extract terms in textual documents, infer the corresponding general concepts,
draft terminological definitions of concepts and identify concept relations. The manual terminology work,
as mentioned earlier, aimed to create a highly refined gold-standard annotated dataset. By following this
methodology, only terms relevant to the medical domain were extracted from the abstracts, while filtering
out non-relevant candidate terms.

The work of the annotators team was highly collaborative and synergistic, with the exchange of knowl-
edge between experts from two different domains proving essential for developing the challenge. The
terminologists trained the computer science experts by clarifying what is meant by “term” and “concept” in
terminology science, and providing notions about terminological definitions and concept relations. In turn,
computer science experts trained the terminologists to gain knowledge in both named entity recognition
and relation extraction.

The gold-standard training dataset, however, was not the only document collection developed for the
challenge. As a matter of fact, a silver collection was also created, which served as an additional training
dataset. In particular, the silver collection was annotated by a group of students enrolled in the Master’s
Degree course in Modern Languages for International Communication and Cooperation of the University
of Padua. Specifically, 26 students who attended the Translation-oriented Terminography course were
trained under expert supervision to annotate a subset of documents concerning the gut-brain interplay.
Their dataset also comprised abstracts, as well as the titles of the full-text publications from which the
abstracts were extracted. In this case as well, both the tasks of named entity recognition and relation
extraction were performed, based on the annotation schema provided to the students.

3.3 Annotation Schema

Designed to guide the annotation process, the annotation schema specifies: 1) the entity labels to be
assigned to each entity mention found in the abstracts, and 2) the set of entity relations that can be used
to link these mentions, along with their respective relation labels.

For entity labeling, the schema provides 13 categories under which the entity mentions can be classi-
fied, namely “Anatomical Location”, “Animal”, “Statistical Technique”, “Biomedical Technique”, “Bacteria”,
“Chemical”, “Dietary Supplement”, “Disease, Disorder, or Finding” also called “DDF”, “Drug”, “Food”,
“Gene”, “Human” and “Microbiome”. Taking the label “Microbiome” as an example, from a terminological
standpoint, a hierarchical relation can be established with respect to the entity mentions “gut microbiome”
and “gut microbiota”. At this stage of the work on the challenge, indeed, the use of entity labels is meant
to reach a more general level of abstraction.

This study centers on 3 out of the 12 labels listed in the GutBrainIE@CLEF25 Annotation Guidelines:
“Disease, Disorder, or Finding”, “Microbiome” and “Chemical”.’ This work focuses on these entity labels
for two distinct reasons. First, based on the statistics regarding the count of entity labels identified in the
training collections, these labels are the most representative.!’ Second, with reference to the entity labels
“Disease, Disorder, or Finding” and “Microbiome”, these are key elements of study within the gut-brain
interplay field. Indeed, one of the main goals of the HEREDITARY project is to investigate the nature of
the connection between health conditions and the microbiota or microbiome.

Regarding entity relations, the annotation schema allows for 57 distinct types. Each relation is verbal-
ized through a specific predicate, which serves as a label defining the connection between two annotated
entity mentions. For instance, when an entity labeled “Microbiome” is linked to an entity labeled “Disease,

°For a detailed description of entity labels, relation labels and the annotation rules for entity mentions and entity relations, see https://hereditary.dei
.unipd.it/challenges/gutbrainie/2025/#
https://hereditary.dei.unipd.it/challenges/gutbrainie/ 2025/
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Fig. 1 Screenshot of the MetaTron interface for abstract annotation

Disorder, or Finding”, the relation is expressed with the predicate “is linked to”. In this relation, “Micro-
biome” functions as the head entity and “Disease, Disorder, or Finding” as the tail entity. Another example
involves the relation between the head entity “Chemical” and the tail entity “Disease, Disorder, or Find-
ing”, with the predicate “change effect” verbalizing their relation. In some cases, more than one predicate
is associated with an entity relation. This is due to the fact that some entity mentions are linked through
different types of relations in texts. In particular, within the Guidelines, the relation between a head entity
and a tail entity can, in some instances, be either a hierarchical relation or an associative relation. It is the
case of the entity relations that link the head entity “Chemical” with the tail entity “Chemical”, they are
respectively expressed by using the predicates “interact” and “part of”. Indeed, two chemicals may either
interact with each other or one may constitute part of the other. In the case of the relations between the
head entity “Chemical” and the tail entity “Microbiome”, they are expressed through two predicates both
signaling an associative type of relation, namely “impact” and “produced by’.

3.4 MetaTron

Annotation was performed using MetaTron (Irrera, Marchesin, & Silvello, 2024), which is a tool tailored
to support the annotation process of biomedical corpora (Figure 1). Using this tool, annotators were able
to proceed systematically, allowing to first perform named entity recognition and then relation extraction
for each abstract.

3.5 Annotation Process

For each abstract, the annotation process was carried out by sequentially performing: 1) named entity
recognition, and 2) relation extraction (Figure 2). Named entity recognition required annotators to identify
text spans corresponding to entity mentions and assign to each mention a label chosen from a predefined
list. The relation extraction task, in contrast, focused on determining the relations connecting pairs of
labeled entities, whether explicitly stated in the text or inferred within the abstract. To support this work,
annotators followed detailed guidelines that outline the complete list of entity labels and entity relation
types defined for the challenge.

Before starting the individual annotation, the annotators jointly annotated a set of abstracts, to develop
a single agreed-upon annotation and to address potential ambiguous cases or issues in identifying entity
mentions and entity relations. Subsequently, two distinct annotation phases were conducted individually
by the expert annotators. The first annotation phase was carried out on a dataset of 25 abstracts, 5 of
which constituted the honeypot documents. The honeypot documents are the abstracts that were shared
among the annotators, and they were used to compute the inter-annotator agreement, thereby assessing
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Fig. 2 Screenshot of entity mentions and entity relation annotation

annotation consistency. In this phase, 148 abstracts were annotated manually, since no pre-annotations
for entity mentions and entity labels were provided. This fully manual procedure resulted in the iden-
tification of 4,860 entity mentions and 2,360 relations, providing a carefully curated set of abstracts. In
the second annotation phase, 255 abstracts were annotated. Unlike the first round, however, annotators
worked with the support of pre-annotations automatically generated by unsupervised algorithms. Specif-
ically, the named entity recognition model GLiNER (Zaratiana, Tomeh, Holat, & Charnois, 2024) was used
to provide the pre-annotations, and it was fine-tuned on the basis of the annotations performed during the
first annotation phase. In this second phase, the task of the annotators consisted of refining, correcting or
validating the automatically generated annotations. In this phase, 6317 entity mentions and 3045 entity
relations were identified.

3.5.1 Entity Mentions

To ensure consistency in how entity mentions were selected, a set of annotation rules was introduced.
Among them, annotators were given the following instruction: “[a]Jnnotate composite entities as a single
entity if they belong to the same category. However, if entities belong to the same category but appear as
a sequence, annotate them separately.”

According to this annotation rule, “Parkinson’s and Alzheimer’s diseases” is annotated as a single
entity mention, because it comprises two composite entities that belong to the same label. This logic also
applies to entity mentions such as “Oral and gut dysbiosis”, “mineralocorticoid and N-methyl-D-aspartate
receptors” and “oral and gut microbiome”. Indeed, these pairs of composite entities are respectively treated
as a single entity mention, due to the fact that both entities fall under the same category. Conversely,
as exemplified within the guidelines, within the sentence “Cytochrome P-450 genes (CYP1A1, CYP2A6,
CYP2D6, and CYP2E1)” five entity mentions need to be identified: “Cytochrome P-450 genes”, “CYP1A1”,
“CYP2A6”, “CYP2D6”, “CYP2E1”, each of them labeled as “Gene”.

3.5.2 Relations

The annotation guidelines also addressed how to handle relations between labelled entities. In some
instances, the predefined predicate may not precisely capture the connection between entity mentions that
emerges from the text. To accommodate such cases, annotators were asked to use the predicate “associated
with” to indicate a kind of relation that does not fit the predefined relation types. This relation was addi-
tionally applied to link entity mentions for which no specific relation had been defined in the guidelines,
ensuring that additional relevant connections were captured.

For instance, whenever an explicit or implicit connection between two entity mentions labeled “Dis-
ease, Disorder, or Finding” is identified within an abstract, the relation can be annotated using the predicate
“associated with”. Figure 2 provides an example of this application. The title of the analyzed abstract is
“Oral and gut dysbiosis leads to functional alterations in Parkinson’s disease”. The predicate “associated
with” is adopted to signal the existence of a link between the entity mentions “Oral and gut dysbiosis” and
“Parkinson’s disease”.
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4 Can Named Entity Recognition and Relation Extraction
Annotations be reused as Terminological Data?

The annotation carried out for information extraction made it possible to identify entity mentions and
relations linking them within abstracts concerning the gut-brain interplay and related health conditions.
However, as previously noted, named entity recognition operates differently from term extraction.

In the context of the annotation process, ensuring consistency across manually performed named
entity recognition annotations was crucial to achieve a high inter-annotator agreement. To address this,
the team introduced a set of internal annotation rules that all annotators were required to follow. These
rules ensured the establishment of a ground truth for training information extraction systems. Indeed,
by defining annotation rules, a gold-standard training dataset consisting of high-quality annotations was
developed, to be used as a reliable reference for training information extraction systems specifically tai-
lored to the biomedical domain under investigation. However, it is relevant to note that these rules were
specifically meant to guarantee consistency in annotation, and do not always align with the terminologi-
cal approach used to extract terms from documents. In the following sections, we will assess the extent to
which both named entity recognition annotations (Section 4.1) and relation extraction annotations (Section
4.2) can be reused in a medical terminology resource as terminological data.

4.1 Analysis of Named Entity Recognition Annotations

The analysis of the annotations highlights a key distinction between entity mentions and terms. In the
GutBrainlE dataset, a text span is considered a single entity mention whenever it groups multiple entities
under the same label. A term, on the other hand is the linguistic designation of a concept, that can either
be a single-word term or a multi-word term.

For example, the entity mentions “Oral and gut dysbiosis”, “mineralocorticoid and N-methyl-D-
aspartate receptors” and “oral and gut microbiome”, labeled as “Disease, Disorder, or Finding”, “Chemical”
and “Microbiome” respectively, are not terms. In fact, each of these text spans encompasses two distinct
terms designating different concepts. Specifically, the terms that can be identified are: 1) ‘oral dysbiosis’,
2) ‘gut dysbiosis’, 3) ‘mineralocorticoid receptor’, 4) ‘N-methyl-D-aspartate receptor’, 5) ‘oral microbiome’,
and 6) ‘gut microbiome’.

As illustrated in Figure 1, “Parkinson’s and Alzheimer’s diseases” is a single entity mention, since both
composite entities share the same label “Disease, Disorder, or Finding”. From a terminological standpoint,
however, this text span is not a term. As a matter of fact, the text span covers two separate concepts,
designated at the linguistic level by two terms: ‘Parkinson’s disease’ and ‘Alzheimer’s disease’.

However, Figure 1 also highlights several additional entity mentions whose label is “Disease, Disorder,
or Finding”, namely “multiple sclerosis”, “irritable bowel syndrome”, “IBS”, “colorectal cancer”, “diabetes”,
“obesity” and “metabolic syndrome”. Unlike the previous example, each of these mentions correspond to
a medical term, as each designates a medical concept. More specifically, in the case of the entity mentions
“irritable bowel syndrome” and “IBS”, these are terminological variants, that is, two different terms that
designate the same concept. These terms, therefore, could all form part of lexical networks, where relations
between terms are outlined.

Moreover, in order to further analyze the difference between entity mentions and terms, it is relevant
to mention another annotation rule provided to the participants of the challenge. As stated in the Guide-
lines, participants were asked to “[i]nlcude relevant contextual modifiers needed to capture the full and
precise meaning of the entity mentions. Adjectives should be included with the entity mention, while
nouns used as modifiers should be annotated separately.” Following this rule, “EC-12 supplemented mice”
is indicated as an entity mention within the Guidelines. From the annotated abstracts, it can be observed
that other text spans are annotated as entity mentions by virtue of this annotation rule. For example, with
regard to the entity label “Disease, Disorder, or Finding”, the following entity mentions were annotated:
“corticosterone-induced stress”, “ampicillin-induced inflammation” and “antibiotic-induced gut dysbiosis”.
For what concerns the entity label “Chemical”, the entity mention “plant-origin and microbially-formed
neuroactive compounds” was annotated. These entity mentions, however, would not constitute terms in a
medical terminology resource. Indeed, in a medical terminology resource, the considered terms would be
‘stress’, ‘inflammation’, ‘gut dysbiosis’ and ‘neuroactive compound’.
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The results of this analysis highlight that entity mentions do not always correspond to terms. How-
ever, through a selection process, entity mentions can be reused as terminological data to be included in a
terminology resource. Conducting a terminological analysis that considers both the linguistic and concep-
tual dimensions of terminology (Costa, 2013), therefore, allows to differentiate entity mentions that can
be reused as terms in a terminology resource from entity mentions that cannot be reused for this specific
purpose.

The pivotal role of terminological analysis in this context also becomes evident when analyzing the
entity label “Disease, Disorder, or Finding”, defined in the guidelines by adopting the following defini-
tion provided in the National Cancer Institute Thesaurus (NCIT): “A condition that is relevant to human
neoplasms and non-neoplastic disorders. This includes observations, test results, history and other con-
cepts relevant to the characterization of human pathologic conditions™.!! A terminological analysis, indeed,
enables the differentiation of the three concepts grouped together under the single entity label, which are
respectively designated by the terms ‘disease’, ‘disorder’ and ‘finding’. This distinction is crucial for repre-
senting specialized medical knowledge from a conceptual and a linguistic perspective at the terminological
level.

4.2 Analysis of Relation Extraction Annotations

The entity relations annotated within the GutBrainIE gold-standard dataset can also be partially reused in
a medical terminology resource as terminological data. Specifically, in the context of terminology work,
some of these relations can serve as concept relations to be systematically represented within concept
systems. For instance, the guidelines define a relation between the head entity “Bacteria” and the tail
entity “Microbiome”, using the predicate “part of”. This corresponds to a part-whole relation, also called
partitive relation, in which the concept <Microbiome> is the comprehensive concept and <Bacteria> is
the corresponding partitive concept. The specialized knowledge acquired through the terminology work
preceding the annotation process corresponds therefore to the knowledge that can be captured through
information extraction, illustrating how entity relations can be directly used as concept relations in a
terminological framework.

Another hierarchical relation that is present within the guidelines is the is-a relation, also called generic
relation. In particular, this is the kind of relation established between the head entity “Disease, Disorder,
or Finding” and the tail entity “Disease, Disorder, or Finding”, whose predicate is “is a”. This relation, in
fact, is used to indicate that, within an abstract, a particular disease, disorder, or finding is considered a
subordinate concept relative to its respective superordinate concept, mentioned in the same text. This type
of annotation is therefore essential for terminology work, as these relations between entity mentions can
be mapped onto concept relations between two concepts within a concept system.

The other types of relations considered in the annotation schema are associative relations. As previ-
ously mentioned, however, some predicates are more expressive than others, which convey a less precise
and connection between two entity mentions. For example, the predicates “change expression”, “adminis-
tered” and “strike” express a more significant relation compared to “influence”, “interact” and “is linked to”.
The predicate “influence”, indeed, used to verbalize the relation between the head entity “Bacteria” and the
tail entity “Disease, Disorder, or Finding”, does not specify the nature of the influence exerted by bacteria
on a medical condition or a symptom, nor whether this influence is beneficial. The same reasoning applies
to the relation between the head entity “Chemical / Dietary Supp. / Drug / Food” and “Bacteria / Micro-
biome”, whose predicate is “impact”. In this case as well, it is not clear what type of impact — nor whether
it is positive or negative — is exerted by a chemical, dietary supplement, drug or food on a bacterium or on
the microbiome. Within this study, relations such as “is linked to” and “influence” are considered too gen-
eral, and therefore cannot be used as such. The rationale behind this consideration is that, as mentioned
earlier, one of the main goals of the HEREDITARY project is to specify the nature of the possible corre-
lations between medical conditions and the microbiota or microbiome. Considering this, we assume that
the mere presence of a connection between two concepts such as the one expressed by the predicate “is
linked to” serves as a prerequisite for the existence of a concept relation. However, such a relation must be
specified precisely in order to accurately represent the knowledge of medical concepts shared by domain
experts.

http://purl.obolibrary.org/obo/NCIT_C7057
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An additional consideration involves the predicate “associated with”, which is used whenever the pre-
defined relation labels fail to fully capture the link between two entity mentions in a specific abstract.
Rather than specifying a particular type of relation, this predicate exclusively signals that a link exists. For
instance, in Figure 2, the relation between “Oral and gut dysbiosis” and “Parkinson’s disease” is conveyed
by the predicate “associated with”, indicating a connection between these entity mentions without defining
its exact nature. Considering all these reflections, it is possible to state that the entity relations included
in the annotation schema can be partially reused in a concept system as terminological data. However, it
is necessary to adopt a finer level of analysis in labeling entity mentions, with a view to systematizing the
representation of conceptual knowledge. In this sense, terminology work can support the identification
of additional relations that capture the links between head entities and tail entities for which the generic
predicates “influence”, “interact”, “is linked to” and “associated with” are used in the challenge. An important
consideration, however, is that one of the goals of the HEREDITARY project is to identify the precise rela-
tion between the gut-brain interplay and various neurodegenerative diseases, such as Alzheimer’s disease,
Parkinson’s disease and Multiple Sclerosis, as well as mental health-related conditions. Hence, advancing
specialized knowledge on the gut-brain axis within the project will enable the precise characterization of
relations that are unspecified at this stage.

5 Conclusions and Future Research

In this paper, we presented the work underlying the development of the Gut-BrainlE @ CLEF 2025 Chal-
lenge, with a particular focus on the related terminology work. In the first place, we illustrated the two
different concept systems that supported the design of the annotation schema. A subsequent step of the
study involved assessing the potential of reusing data obtained through the manual annotation of the
GutBrainlE gold-standard training dataset aimed at information extraction as terminological data. The
analysis revealed that knowledge obtained from the performance of information extraction tasks can be
leveraged in terminology work, to support the acquisition and representation of specialized biomedical
knowledge. Indeed, reusing entity mentions and entity relations as terminological data in a terminol-
ogy resource enables the representation of additional specialized knowledge, both from a linguistic and a
conceptual viewpoint.

Specifically, the study revealed that both entity mentions and entity relations can be partially reused
in the form of terminological data concerning the gut-brain interplay, whether integrated in a terminol-
ogy resource, domain-specific lexical networks or concept systems. However, not all entity mentions are
suitable for this purpose, making it necessary to filter and select only those that can be reused as terms.
In addition, to enable the reusability of entity relations into a concept system, greater specificity must
characterize some of the predicates used to verbalize associative relations. Nevertheless, annotations on
biomedical abstracts represent a valuable additional source of domain-specific knowledge. As previously
discussed, in the concept system developed by terminologists, only generic concepts and the concept rela-
tions established among them are represented. The annotation process performed with MetaTron enables
the identification and annotation of relations not only between generic concepts, but also among the
specific concepts occurring in the abstracts in the form of terms, in the cases in which entity mentions cor-
respond to terms. Considering this, although not all identified associative relations are considered specific
to the analysis of the gut-brain interplay in this study, the annotation process carried out with MetaTron
enables rapid access to a substantial amount of highly-curated data, annotated and validated by a team of
expert annotators. Comprehensively, this makes the process of acquisition of specialized knowledge more
efficient.

As previously noted, this preliminary work is based on a dataset consisting of the abstracts and titles
of scientific articles. To enable a more comprehensive terminological analysis, we intend to expand the
dataset to include the full texts of the articles. Indeed, the full texts can provide additional knowledge
useful for terminology work, and lead to the identification of further associative relations.

As future work, we also plan to specify in more detail the relations established between head entities
and tail entities. In particular, it should be noted that the guidelines list head entities such as “Chemical
/ Dietary Supp. / Drug / Food” as referring to four distinct head entities, linked to the same tail entity
through the same predicate. Considering this, we aim to investigate the associative relations that hold
between each individual head entity and the same tail entity indicated in the Guidelines, to test whether
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this leads to the identification of additional and more specific types of relations. For the same reason, we
also intend to evaluate the possibility of splitting the individual entity “Disease, Disorder, or Finding” into
three distinct entities.

We also plan to further investigate concept relations established between concepts related to the gut-
brain interplay analyzing them in light of the classification of concept relations developed by Nuopponen
(2022). Taking this classification as a reference, the investigation will be aimed at developing a typol-
ogy of concept relations specific to the analysis of the gut-brain interplay, with a particular focus on the
concept relations established between the microbiota and disorders and diseases that impact mental and
neurological health.

As alast objective, we will compare the gold-standard annotated dataset with data produced by auto-
matic term extractors, focusing on the analysis of precision and recall. Specifically, the goal will be to
assess the performance of different automatic term extractors in extracting terms pertinent to the gut-
brain interplay, by benchmarking them against the terms identified in the highly curated gold-standard
annotated dataset in the form of entity mentions.
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Fig. 3 Prototype concept system on gut-brain interplay developed by terminologists
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Fig. 4 Concept system developed for the Gut-BrainlE @ CLEF 2025 Challenge
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