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Abstract

This paper presents the participation of UGR-TermiGenAlI in Task A of the DETECH Challenge 2026,
focused on the automatic extraction of domain-specific terminology from English biomedical texts on the
gut-brain interplay. We developed GutBrainTerm_Extractor, a GenAl-based system implemented in
ChatGPT-5.4 and guided by customised internal instructions aligned with the challenge annotation
protocol. The dataset comprised 567 PubMed abstracts on mental health and Parkinson’s disease,
processed in five separate runs. The system identified 3,431 term occurrences and 2,214 distinct terms.
Evaluation against the gold standard showed that UGR-TermiGenAl performed better in the mental
health corpus (Micro-F1 = 0.154; Type-F1 = 0.205) than in the Parkinson’s disease corpus (Micro-F1 =
0.088; Type-F1 = 0.107). Overall, the system displayed a precision-oriented performance profile, with
higher reliability in mental health and low recall in both corpora, suggesting the need to improve the
retrieval of a broader range of relevant terms.
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1. Introduction

This work was carried out within the DEfinition and Term Extraction CHallenge (DETECH)' [1], a
satellite event of Multilingual Digital Terminology Today (MDTT) 2026° organised under the
HEREDITARY project’. DETECH aims to evaluate automatic methods for extracting domain-
specific terms and generating natural language definitions for medical concepts, promoting
research on explainable, data-driven medical terminology at the intersection of terminology,
natural language processing, and biomedical text analysis.

The 2026 edition focuses on the gut-brain interplay, an interdisciplinary spanning
gastroenterology, neuroscience, and genetics. The challenge includes two tasks: Task A — Term
Extraction, which involves identifying relevant single-word and multi-word terms from English
texts and Task B - Definition Generation, evaluated through BLEU, BERTScore, and additional
manual or qualitative assessment.

This initiative is part of a broader trend towards automated terminology extraction, where
generative artificial intelligence (GenAl) is transforming traditionally manual tasks. Its strengths,
limitations, and potential risks have been documented across a wide range of fields, including
information science [2], physics [3], education and chemistry [4], and, most relevant to this work
medicine [5].
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ChatGPT models developed by OpenAl rely on transformer architectures trained on large-scale
textual data, enabling them to generate coherent and contextually appropriate language [6,7]. They
have shown strong performance across a wide range of natural language processing (NLP) tasks,
including information extraction, classification, summarisation, sentiment analysis, and machine
translation [8,9,10]. More broadly, the integration of GenAl into specialised domains is reshaping
tasks traditionally carried out through manual analysis, with clear impact in fields such as applied
linguistics and translation [11,12]. In terminology, these systems support tasks such as the
identification of terminological variation [13,14] and the generation of definitions [15], although
their application to terminology compilation remains under-explored.

This work was conducted by UGR-TermiGenAl using ChatGPT-5.4 to extract relevant terms
from specialised English texts on the gut-brain interplay. This report outlines our approach to
automatic term extraction, the experimental setting adopted, and the results obtained in the shared
task. The system was chosen for its strong contextual and semantic processing capabilities, which
support efficient and interpretable term identification, and its growing potential as an accessible
tool for terminologists and related professionals. Recent research has also shown that ChatGPT-4o,
a previous version of the same model, can already achieve performance levels comparable to those
of Sketch Engine, a long-established benchmark in corpus linguistics, which highlights the rapid
development and applied value of GenAl for this type of task [16].

2. Task A: dataset and evaluation setting

Task A addresses the extraction of domain-specific terms from the dataset provided by the
challenge organisation, using linguistic processing techniques, statistical methods, neural models,
or external terminology resources. It should be noted that, in this study, a domain-specific term is
understood as a lexical unit, either single-word or multi-word, that denotes a specialised concept
relevant to the domain of gut-brain interplay. More specifically, in the mental health corpus, such
terms correspond to biomedical concepts linking gut microbiota and mental health, whereas in the
Parkinson's corpus, they refer to biomedical concepts associated with gut microbiota and this
disease within the same domain.

The task is subject to the following conditions: 1) each team may submit up to five runs per
subtask; 2) external resources (e.g., pre-trained models, lexicons, and ontologies) may be used,
provided they are clearly documented; and 3) manual runs are permitted, although they are not
considered for ranking. The dataset used for this task consists of a total of 567 abstracts, of which
356 belong to the mental health domain and 211 to the Parkinson’s domain. Overall, the dataset
comprises 150,320 words, with 94,485 corresponding to the mental health domain and 55,835 to the
Parkinson’s domain.

3. Description of the system

The extraction of the terminology identified from the dataset was conducted through the following
phases: 1) development of chatbots and design of internal instructions, 2) data preparation, and 3)
terminology extraction.

Despite the potential of GenAl models, previous research has also identified important
limitations in the use of these systems for specialised tasks. They may generate apparently
plausible yet inaccurate or conceptually inconsistent outputs, commonly referred to as
hallucinations, and their responses may vary across runs because of their non-deterministic
functioning. In terminology work, such behaviour is especially problematic, as it may lead to the
identification of non-existent or misleading terms, which may compromise the quality and
reliability of the extracted output [17,18].



These risks are compounded by the limited transparency of large language models. Their
functioning remains opaque because of the scale and complexity of the deep-learning architectures
on which they are based, as well as the limited information available about training data and
development criteria [19]. In the field of terminology, this lack of transparency makes it difficult for
end users to understand why the system selects certain candidates or produces specific results,
which in turn affects both evaluation and trust in specialised applications [20].

For this reason, adapting the GenAI model to the specific requirements of the task becomes
essential to constrain model behaviour and reduce irrelevant or overly generic outputs [21]. As
noted by Ortiz-Garduiio and Torres-Salinas [22], such custom chatbots can be tailored to
specialised linguistic tasks through task-specific instructions and domain-focused knowledge
design.

In the present study, this framework was applied to the development of
GutBrainTerm_Extractor, a specialised chatbot designed for domain-specific terminology
extraction in the gut-brain field. The system was implemented in ChatGPT-5.4 and configured
through customised internal instructions adapted to the two thematic subsets of the dataset: mental
health and Parkinson’s disease. The data was prepared, in each case, of the corresponding set of
abstracts on mental health or Parkinson’s disease.

To reduce the risks associated with hallucinations and large input size, the dataset was not
processed in a single chatbot. Instead, five separate chatbot-based runs were carried out and
analysed separately . This decision responded to the fact that very large inputs may increase the
risk of omissions or incorrect extractions. In this way, processing the material in smaller segments
allowed for greater control over the extraction procedure. All runs followed the same extraction
framework, while the internal instructions (Annexes A and B) were adapted to the thematic focus
of the material being processed, namely mental health or Parkinson’s disease (See Figure 1).
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Figure 1: Chatbot configuration and internal instruction design

For methodological consistency and experimental control, the mental health and Parkinson’s
abstracts were first combined separately and then split into dataset subsets. The larger mental
health dataset was divided into three dataset subsets of approximately 31,400 words each, while the
Parkinson’s dataset, containing 55,835 words, was split into two dataset subsets of roughly 27,900
words each (Table 1). These divisions aligned with the maximum of five runs allowed in the
challenge.



Table 1
Datasets splits and corresponding runs

Runs Chatbots Word Domain
count
1 GutBrainTerm_Extractor_1_mh ~ 31,400 mental health
2 GutBrainTerm_Extractor_2_mh ~ 31,400 mental health
3 GutBrainTerm_Extractor_3_mh ~ 31,400 mental health
4 GutBrainTerm_Extractor_4_pa ~ 27,900 parkinson
5 GutBrainTerm_Extractor_5_pa ~ 27,900 parkinson

Terminology extraction was then carried out through a single prompt-based run for each
chatbot configuration. The prompts were designed to request the exhaustive extraction of domain-
specific biomedical terms and were adapted only to the thematic focus of each subset, namely gut
microbiota and mental health in the first case, and gut microbiota and Parkinson’s disease in the
second. In both cases, the system was instructed to identify all relevant terms appearing in the
dataset and to provide the results in the format required by the challenge.To avoid conditioning the
results, the system was not previously trained or fine-tuned on task-specific material. This decision
was taken in order to evaluate the actual potential of the chatbot in a zero-training setting and to
assess more directly its capacity to identify specialised terminology with accuracy under controlled
prompting conditions.

In this sense, the extraction process was based exclusively on the predefined internal
instructions, the corresponding textual input, and a single extraction prompt per run. Following the
five chunk-based extraction runs, the outputs were consolidated by domain into two CSV files: one
containing the terms extracted from the three mental health subsets and another containing the
terms extracted from the two Parkinson’s disease subsets. These two consolidated CSV files were
used for the descriptive analysis of term occurrences and distinct term types reported in Section 4.

4. Discussion

Table 2 summarises the volume of terminology extracted in the two domains. In total, the system
identified 3,431 term occurrences (tokens) and 2,214 distinct terms (types). The mental health
material yielded a higher number of extracted terms, both in terms of occurrences (1,829 tokens)
and distinct units (1,143 types), than the Parkinson’s disease material, with 1,602 tokens and 1,071
types. Overall, these results suggest that the proposed approach was able to retrieve a substantial
amount of domain-specific terminology from both domains.

Table 2
Terminology extraction in tokens and types
Domain Term occurrences Distinct terms
(tokens) (types)
Mental health 1,829 1,143
Parkinson’s disease 1,602 1,071

Total 3,431 2,214




The evaluation against the gold standard shows that UGR-TermiGenAl displayed an uneven
performance across domains, with better results in mental health than in Parkinson’s disease. In
the mental health corpus, the system achieved a Micro-F1 of 0.154 and a Type-F1 of 0.205,
combining high precision (Micro-Precision = 0.862; Type-Precision = 0.863) with low recall (Micro-
Recall = 0.085; Type-Recall = 0.116). In the Parkinson’s disease corpus, performance was lower,
with a Micro-F1 of 0.088 and a Type-F1 of 0.107, alongside substantially lower precision (Micro-
Precision = 0.287; Type-Precision = 0.284) and recall (Micro-Recall = 0.052; Type-Recall = 0.066).
These results indicate that the system was more reliable when identifying terms in the mental
health domain, while showing lower recall in both corpora. Overall, the method exhibited a
precision-oriented performance profile, suggesting room for improvement in the retrieval of a
broader range of relevant terms.

This tendency towards precision has different implications depending on the intended use of the
extracted terminology. In professional terminology workflows, high precision may be preferable
when the objective is to provide terminologists, translators, or domain experts with a reliable list of
candidates requiring limited manual filtering. By contrast, higher recall is more desirable in
exploratory corpus analysis, ontology construction, or coverage-oriented evaluation of
terminological resources, where missing relevant terms may be more problematic than reviewing
noisy candidates. Therefore, even if a GenAl-based approach produces lower recall, it may still be
useful in professional scenarios where reliable candidate lists are prioritised over exhaustive
coverage.
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A. Appendix - Internal instructions for mental health

You are an expert biomedical terminology extraction system.

Your task is to identify relevant single-word and multi-word domain-specific medical terms from
English texts concerning the gut-brain interplay (including gastroenterology, neuroscience and
genetics).

Extraction procedure:

1. Identify both single-word and multi-word terms that denote biomedical concepts related to
gut microbiota and mental health within the gut-brain domain.

2. Use only information contained in your internal knowledge base; do NOT invent anything.

3. Output one row for each extracted term occurrence associated with a document. Do not
collapse terms across documents.

4. Preserve the exact surface form as it appears in the text.

5. Do NOT apply lemmatization, stemming, or morphological normalization.
6. Treat different inflectional variants (e.g., singular/plural) as distinct terms.
7. Do not modify capitalisation or internal formatting.

Output requirements:


http://arxiv.org/abs/2304.02182

1. Provide the output as a plain list, where each row must represent one extracted term
occurrence for a specific document.

2. Use exactly three columns in this order: num_article, doi, term.
B. Appendix - Internal instructions for Parkinson’s disease
You are an expert biomedical terminology extraction system.

Your task is to identify relevant single-word and multi-word domain-specific medical terms from
English texts concerning the gut-brain interplay (including gastroenterology, neuroscience and
genetics).

Extraction procedure:

1. ldentify both single-word and multi-word terms that denote biomedical concepts related
to gut microbiota and Parkinson’s disease within the gut—brain domain.

2. Use only information contained in your internal knowledge base; do NOT invent anything.

3. Output one row for each extracted term occurrence associated with a document. Do not
collapse terms across documents.

4. Preserve the exact surface form as it appears in the text.
5. Do NOT apply lemmatization, stemming, or morphological normalization.
6. Treat different inflectional variants (e.g., singular/plural) as distinct terms.
7. Do not modify capitalisation or internal formatting.

Output requirements:

1. Provide the output as a plain list, where each row must represent one extracted term
occurrence for a specific document.

2. Use exactly three columns in this order: num_article, doi, term.
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