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Abstract

The purpose of this paper is to investigate the
ability of Large Language Models (LLMs) to
identify relations among terms, with the goal
of facilitating and accelerating the construction
of thesauri and terminological resources. We
investigate whether the use of LLMs in this
context can provide a valuable initial set of
relations, serving as a basis upon which profes-
sional terminologists can build, validate, and
enrich domain-specific knowledge representa-
tions.

1 Introduction

The identification and formalization of semantic
relations among terms constitute a fundamental
task in the development and refinement of thesauri
and terminological resources.

In any specialized knowledge domain, terms do
not exist in isolation but form a complex net of
semantic relations. These relationships enable the
structuring of domain knowledge, facilitate precise
communication, and support tasks such as indexing,
searching, and reasoning.

Early foundational work in terminology science,
such as by Wüster (1975), emphasized the im-
portance of defining clear hierarchical relations
(broader-narrower) and associative relations to sup-
port knowledge organization and retrieval. Recent
theoretical developments, such as Frame-Based
Terminology (Faber, 2022), further highlight the
central role of semantic relations in the organiza-
tion of specialized knowledge.

Systematic terminological standards, including
ISO 25964-1:2011 and ISO 704:2022 for thesauri,
codify relations among terms into three main types:

• Hierarchical Relations: represent relations
of superordination and subordination, where
the superordinate concept represents a class
or whole, and subordinate concepts refer to
its members or parts. These relations form

taxonomies or classification hierarchies that
structure knowledge from general to specific.
The most common forms are Broader Term
(BT) and Narrower Term (NT);

• Equivalence Relations: establish links be-
tween terms that are near-synonyms within
the domain, enabling consolidation of lexical
variants and preventing ambiguity.

• Associative Relations: denote semantic con-
nections that are neither hierarchical nor
equivalence-based but are meaningful in con-
text. Examples include Related Terms (RT) ac-
cording to relationships of cause-effect, part-
whole, or functionally related terms.

Formal models such as SKOS (Simple Knowl-
edge Organization System) have standardized the
representation of semantic relations in thesauri, pro-
viding an interoperable framework for semantic
web applications (Miles and Bechhofer, 2009).

This work aims to analyze and compare the out-
of-the-box performance of two LLMs (ChatGPT
and Gemini) in identifying terminological semantic
relations, with the aim of supporting the develop-
ment of thesauri and other terminological resources.
The case study and the gold standard dataset is in
the domain of building materials and constructions.

2 Related Works

Historically, thesauri have been constructed manu-
ally by domain experts, who defined semantic re-
lations based on domain knowledge. Hierarchical
structures were typically conceptual while associa-
tive relations were more complex, often reflecting
functional, causal, or contextual connections.

One of the first attempts to automatically iden-
tify hierarchical relations was proposed by Hearst
(1992), who introduced lexico-syntactic patterns
(e.g., "X such as Y", "Y is a type of X") as indica-
tors of hyponymy.
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One influential approach in this area is the use
of knowledge patterns, as introduced by Meyer
(2001), which have been instrumental in the ex-
traction and identification of semantic relations.
Automatic systems based on this approach have
been developed to support the extraction of seman-
tic relations from corpora. Notable examples in-
clude the EcoLexicon Semantic Sketch Grammar
(ESSG) (León-Araúz and Martín, 2018), which
applies knowledge patterns within a frame-based
approach to identify and organize conceptual re-
lations in domain-specific texts, and Corpógrafo
(Maia and Matos, 2008), a tool designed to facil-
itate corpus-based terminological analysis by de-
tecting and visualizing term relationships and co-
occurrence patterns.

Studies by Cimiano et al. (2005); Velardi et al.
(2013); Spiteri (2002) extended this by combining
pattern-based extraction with distributional seman-
tics, enabling more nuanced identification of vari-
ous semantic relations beyond simple hierarchies.

In parallel, graph-based methods have gained
traction for modeling and identifying term rela-
tions (Velardi et al., 2013). Tools like WordNet
(Miller, 1992) exemplify a rich network of lexical-
semantic relations structured as a graph, which has
influenced the design of domain-specific thesauri.

Identifying these relations often requires domain
expertise combined with semi-automated methods,
such as supervised learning approaches trained on
annotated corpora.

Studies such as Petroni et al. (2019) have shown
that LLMs can retrieve encyclopedic facts through
cloze tasks (e.g., “Paris is the capital of ___”), but
the ability to infer more abstract conceptual rela-
tions (e.g., hypernymy, meronymy) remains under-
explored.

Recently, some works have analyzed the im-
plicit presence of structured semantic knowledge
in LLMs. For example, Davison et al. (2019) in-
vestigated the extent to which LLMs can correctly
answer questions about relations between entities.
However, these studies almost always rely on rich
contextual input (sentences, definitions, knowledge
triples), whereas our work focuses on a minimal
setting in which the model receives only a list of
terms and must infer possible relations.

Trained on massive text corpora, LLMs have
demonstrated a strong capacity to understand and
generate human-like text. They are also capable of
handling a wide range of linguistic tasks with little
need for explicit guidance. As a result, recent stud-

ies have increasingly explored their effectiveness
across a variety of NLP tasks. These capabilities
raise a compelling question: can LLMs effectively
support or even partially automate the process of
finding relations among terms for terminological
resource construction purposes?

In this regard, despite a growing interest in the
use of LLMs in Automatic Terminology Extraction
tasks for the creation of resources, glossaries, and
thesaurus (Banerjee et al., 2024; Tran et al., 2024),
there is still no systematic evaluation of their ability
to infer semantic relations from simple term lists,
without context, examples, or explicitly provided
background knowledge.

3 Case study

Our study explores the zero-shot capabilities of
LLMs in inferring relations between terms, with-
out access to external texts or the use of fine-tuning
techniques. We analyze the LLMs ability in this
task by comparing their output against a thesaurus
about construction materials of monuments, build-
ings, and structures taken as Gold Standard refer-
ence. No examples are provided in the prompt; the
model relies only on prior knowledge.

3.1 LLM Selection

We selected two state-of-the-art large language
models: ChatGPT and Gemini in order to conduct
a comparative evaluation of different models’ de-
signs in the context of terminology work. These
models were chosen based on their widespread
adoption, usage, and testing in various Natural
Language Processing (NLP) tasks, their architec-
tures, and training paradigms such as Reinforce-
ment Learning from Human Feedback.

ChatGPT is developed by OpenAI and is based
on the GPT architecture. For this study, we used the
GPT-4 version, which represents a significant ad-
vance over previous iterations in terms of coherence
and domain generalization capabilities. GPT-4 was
trained on a massive corpus of publicly available
text and licensed data using a transformer-based
decoder architecture. It is capable of few-shot and
zero-shot learning, meaning it can perform tasks
with little to no task-specific fine-tuning, relying
instead on prompt engineering.

Gemini is developed by Google DeepMind and
represents the evolution of the earlier PaLM (Path-
ways Language Model) family. It is a multimodal
LLM, trained not only on text but also on images
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and code, although our experiment utilizes the text-
only capabilities of Gemini. The model is designed
for factual grounding, task adaptability, native mul-
timodality and long context window.

This approach allows us to compare the different
LLMs strengths and weaknesses in handling the
task and provides a broader perspective on how
general-purpose language models can be employed
in terminological tasks.

To simulate and closely reproduce a real-world
use case scenario, we chose to interact with the
selected LLMs in the same way a professional
terminographer would in a practical work envi-
ronment. This means that we did not apply any
fine-tuning, domain-specific retraining, or technical
modifications to the models. Instead, we relied on
and evaluated exclusively their out-of-the-box capa-
bilities, using the standard user interfaces provided
by the respective platforms. This approach reflects
the typical conditions under which language pro-
fessionals, such as terminologists, translators, or
linguists, without strong technical and engineering
skills, would engage with LLM to perform termi-
nology tasks. Our objective was to evaluate the
actual usability and effectiveness of the models in
supporting terminology work without requiring ad-
vanced technical expertise or custom integration
efforts.

3.2 Prompting strategy
To guide the language models in generating
domain-relevant and semantically coherent output,
we adopted a persona prompting strategy. This
approach involves framing the prompt in such a
way that the model is instructed to assume the role
of a specific expert or domain specialist—referred
to as a persona. By embedding this expert per-
sona into the prompt, we aimed to steer the mod-
els’ responses toward more precise, terminologi-
cally consistent, and semantically appropriate out-
puts. The persona was specified at the beginning
of the prompt and further contextualized with task-
specific instructions, such as identifying hierarchi-
cal, associative, and equivalence relations among
domain-specific terms. This technique leverages
the models’ ability to adapt to match the expecta-
tions associated with a particular professional role.
To force the model to act like a specific person,
adopting a certain perspective on the task to be
performed, one effective strategy is to provide the
persona’s job title, which should elicit a set of asso-
ciated attributes and competencies. The ‘persona-

pattern’ or ‘role-play’ prompting techniques have
been widely used in several studies for different
tasks (Kong et al., 2023; Olea et al., 2024; Mzwri
and Turcsányi-Szabo, 2025) as it is much more ac-
cessible, compared to fine-tuning the model from
an engineering point of view. This prompting ap-
proach belongs to the so-called ‘Output Customiza-
tion category’ according to White et al. (2023) or
to the ‘LLM Role-Playing’ category according to
Tseng et al. (2024).
For our experiment, we queried the language mod-
els using the prompt detailed in Example 1. It’s im-
portant to highlight that all experimental sessions
were carried out in May 2025.

LLM Prompt

You are an expert terminologist specialized
in the domain of building materials. You
are given a simple list of domain-specific
terms ordered alphabetically. Your task
is to identify all relevant semantic
relations (Broader Term, Narrower Term,
Related Term) among the terms in the list.

Instructions:

1. Only consider relations valid within
the context of building materials and
construction.

2. Use only the terms provided in the
list: don’t add or omit any term.

3. Each relation should be directional
where applicable (e.g., Term A is a
broader term for Term B).

Example 1. Prompt with instructions

3.3 Dataset

As a case study, we used the FISH Building Materi-
als Thesaurus1, a controlled vocabulary employed
for documenting primary construction materials of
monuments, buildings, and structures associated
with the built and buried heritage of the British
Isles. This thesaurus is maintained by Historic
England on behalf of the FISH (Forum on Informa-
tion Standards in Heritage) Terminology Working
Group and is openly available for reuse. It can be
downloaded in multiple formats, including PDF
(both alphabetical and hierarchical listings), CSV,
and semantic web-compatible linked-data formats.
A sample of the dataset can be found in Example
2.

1https://heritagedata.org/live/schemes/eh_tbm.html
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GRANITE

SN: A hard, coarse grained, durable igneous rock.
Can be used decoratively or as a main material.
Found through-out the country.

BT: STONE

NT: ABERDEEN GRANITE, MOORSTONE,
MOUNTSORREL GRANITE, PETERHEAD
GRANITE, SHAP GRANITE

RT: ELVAN, GNEISS, GREENSTONE, POR-
PHYRY.

Example 2. Example of the FISH Building
Materials Thesaurus

We fed the LLMs only with the list of terms
(prefLabel) ordered alphabetically, without explic-
itly expressing the relations. This list of 232 terms
(including TopConcepts) was obtained by query-
ing the SPARQL endpoint. The complete dataset,
including all term relations (broader, narrower, re-
lated), was retained as a Gold Standard reference
for the subsequent evaluation phase.

4 Results and Evaluation

The following examples showcase representative
outputs produced by each model, offering qualita-
tive insight into their ability to identify semantic
relations among the listed terms.

GRANITE

BT: Stone
NT: Aberdeen Granite, Granite, Peterhead Granite, Shap
Granite
RT: Gneiss, Diorite, Feldspar

Example 3. ChatGPT output

GRANITE

BT: Stone
NT: Aberdeen Granite, Mountsorrel Granite, Peterhead
Granite, Shap Granite
RT: Elvan, Gneiss, Greenstone

Example 4. Gemini output

To assess the ability of LLMs to correctly
identify the semantic relation between terms, we
adopted standard classification metrics such as Pre-
cision, Recall and F-Measure (the harmonic mean
of Precision and Recall). The results of our evalu-
ation are presented in Table 1, where we compare
the performance of ChatGPT and Gemini.

Model Prec. (%) Rec. (%) F1 (%)
ChatGPT 55.0 65.0 59.6
Gemini 75.4 84.2 79.6

Table 1: Evaluation results of LLM outputs

The comparative evaluation of ChatGPT and
Gemini highlighted a significant difference in their
ability to capture hierarchical depth in conceptual
structures.

The recall is slightly lower than precision across
models, indicating a tendency to be conservative in
identifying relations, often abstaining when unsure.

In addition to the quantitative metrics, a qualita-
tive evaluation was carried out to understand the
nature of the errors and the strengths of each model.

While both LLMs performed almost adequately
in detecting first-level (direct) conceptual relations,
such as hypernymy (e.g., ‘granite’ or ‘limestone’
is a type of ‘stone’), none of the models showed
great performance in capturing deeper taxonomic
structures and inferring multi-step hierarchical re-
lations, which can in some cases be very complex
and reach deep levels, as in Figure1.

STONE

LIMESTONE

CARBONIFEROUS LIMESTONEJURASSIC LIMESTONE

GRITSTONELIAS

BLUE LIAS

KEINTON STONE

GRANITE

ABERDEEN GRANITEMOORSTONE

Figure 1: Hierarchical relations of stone types

Generally speaking, Gemini retains and opera-
tionalizes more granular domain knowledge, possi-
bly due to a more extensive training dataset or im-
proved alignment mechanisms. Conversely, Chat-
GPT tended to limit more often its inferences
to surface-level relations and classifications (e.g.,
stone → limestone) and often failed to recognize
nested or domain-specific sub-classifications, par-
ticularly when terms were more technical or less
frequent. These findings suggest that Gemini may
have stronger capabilities in ontology-oriented pro-
cessing, making it better suited for tasks involving
the structuring or expansion of specialized termi-
nologies.
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Both LLMs, however, may still provide valu-
able support to the terminographer, especially
in the identification of first-level semantic rela-
tions—such as broader term (BT), narrower term
(NT), and related term (RT) links—across well-
represented conceptual domains. While Gem-
ini may offer more depth in modeling nested
hierarchies and domain-specific nuances, Chat-
GPT can nonetheless assist in generating base-
line classifications or verifying established seman-
tic patterns, particularly when supplemented with
domain-specific prompts or curated input exam-
ples.

5 Conclusion and Future Works

This study investigated the ability of LLMs to infer
semantic relations between terms in a minimal-
input, zero-shot setting, without access to external
context, training data, or fine-tuning.

Our results suggest that, while LLMs demon-
strate promising capabilities in identifying first-
level types of conceptual relations, they still strug-
gle with a deeper level (second and third level) of
analysis.

One of the key contributions of this work is to
highlight that LLMs encode a certain degree of
structured semantic knowledge that can be acti-
vated even in the absence of linguistic context or
definitional cues. At the same time, our findings
underline the limits of this implicit competence, es-
pecially when models are required to infer second-
level hierarchies.

From a terminological practice perspective,
these insights suggest that LLMs could serve as
lightweight tools for semi-automatic relation ex-
traction, particularly in the early stages of resource
construction or when dealing with low-resource do-
mains. However, their use should be complemented
with expert validation or human-in-the-loop, given
the high degree of variability and wrong hierarchy
structuring.

As future works, several directions emerge from
this initial study: further analysis could take into
account different prompting strategies (e.g., few-
shot, chain-of-thought) to improve the quality and
explainability of relational inferences. Moreover,
extending the range of relation types (e.g., made-
of, causes, used-for) would allow for a broader
assessment of the models’ semantic competence.
Future experiments may also focus on reproducing
this experiment on different domain-specific term

lists (e.g., in medicine, law, or engineering) as well
as on other languages in order to generalize the
output results and evaluation.
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