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 Abstract. The rapid expansion of scientific knowledge and digital con-
tent in the 21st century has significantly increased the demand for accu-
rate, efficient, and scalable terminology development processes. Term 
formation – the creation, extraction, validation, and standardisation of 
specialised vocabulary – has traditionally been a manual endeavour by 
linguists, terminologists, and subject matter experts. However, with the 
growing complexity and volume of information, traditional methods are 
no longer sufficient to keep pace. Recent advancements in Artificial 
Intelligence (AI), particularly in Natural Language Processing (NLP), ma-
chine learning, and knowledge representation, are transforming termi-
nology science. AI-powered systems can process vast multilingual and 
domain-specific corpora to automatically identify candidate terms, eval-
uate their relevance using semantic and statistical criteria, and suggest 
standardised forms and multilingual equivalents. These technologies 
support the automation of term extraction, filtering, clustering of seman-
tic variants, and alignment across languages and disciplines. This arti-
cle explores the core applications of AI in term formation, including au-
tomatic term extraction, term validation and filtering, semantic cluster-
ing, and standardisation. It also addresses integrating AI tools in multi-
lingual environments and constructing terminological resources com-
patible with ontologies and knowledge graphs. While AI introduces 
speed, scalability, and contextual awareness to terminology manage-
ment, it also raises challenges related to accuracy, cultural and linguis-
tic sensitivity, and algorithmic bias. The study concludes that a hybrid 
model – combining AI's computational capabilities with expert human 
judgment – offers the most promising path toward creating dynamic, 
inclusive, and globally coherent terminological systems. 

Keywords: artificial intelligence (AI); term formation; terminology 
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INTRODUCTION 

Terminology – the system of terms used within a 
specific knowledge domain – forms the backbone 
of effective communication, knowledge dissemi-
nation, and data management in every scientific, 
technical, and professional field. It serves not on-
ly as a linguistic tool but also as a conceptual 
framework that enables individuals and institu-
tions to share ideas, define concepts clearly, and 
advance research and innovation in a structured 
manner. From scientific publications and policy 
documents to technical manuals and academic 
curricula, precise and standardised terminology 

ensures mutual understanding and avoids ambi-
guity. 

Traditionally, the process of term formation has 
relied heavily on human expertise. Linguists, 
terminologists, and domain specialists have col-
laborated to coin new terms, validate existing 
ones, and maintain terminological databases [1-
2]. This work involves meticulous research, in-
cluding analysing primary texts, etymological 
studies, comparison of term usage across lan-
guages, and alignment with existing classification 
systems. While this manual approach ensures 
linguistic and conceptual accuracy, it is inherent-
ly time-consuming, resource-intensive, and often 
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unsustainable in the face of rapid scientific and 
technological change. 

In the digital era, the pace at which new 
knowledge is produced has grown exponentially. 
Fields such as artificial intelligence, biotechnolo-
gy, medicine, nuclear energy, environmental sci-
ence, and quantum computing generate new 
concepts almost daily, requiring timely and accu-
rate term formation. The global nature of 
knowledge production and dissemination de-
mands that terminologies be developed and 
maintained across multiple languages and cul-
tural contexts [3]. These trends pose significant 
challenges for traditional terminology work and 
highlight the urgent need for scalable, efficient, 
and adaptive solutions. 

Artificial Intelligence (AI) has emerged as a trans-
formative force in addressing these challenges. 
Through its various subfields – particularly Natu-
ral Language Processing, deep learning, machine 
learning, and knowledge representation – AI of-
fers tools and techniques to automate, accelerate, 
and enhance many terminology development 
and management aspects. AI systems can process 
vast corpora of domain-specific texts, identify 
patterns and concepts, suggest candidate terms, 
and even generate multilingual equivalents with 
remarkable speed and consistency. 

These capabilities not only support the work of 
terminologists but also democratise access to 
terminological tools for a broader community of 
users, including educators, translators, policy-
makers, and researchers. Furthermore, AI-driven 
approaches allow for real-time updating of ter-
minological resources, ensuring they remain rel-
evant and reflective of current usage. 

In this context, applying Artificial Intelligence in 
term formation is not merely a convenience but a 
necessity. It represents a paradigm shift in how 
we conceptualise and manage language in the 
knowledge society – one that blends computa-
tional power with linguistic insight to meet the 
demands of our increasingly complex and inter-
connected world. 

 

RESULTS AND DISCUSSION 

Automatic term extraction (ATE) is one of the 
most foundational applications of Artificial Intel-
ligence in terminology science. It involves the 
identification of domain-specific terms from 
large volumes of unstructured or semi-

structured texts. These terms often represent 
core concepts, processes, or entities within a spe-
cialised field and are essential for knowledge or-
ganisation, information retrieval, and communi-
cation. 

AI systems can process vast corpora using ad-
vanced Natural Language Processing techniques 
– from academic publications and technical man-
uals to patent documents and web content. These 
techniques analyse the syntactic structure of sen-
tences (such as part-of-speech tagging, noun 
phrase chunking), semantic relations (such as 
concept co-occurrence or contextual embed-
dings), and statistical measures (such as term 
frequency-inverse document frequency, or TF-
IDF) [4]. 

Unlike traditional manual methods, which are 
time-consuming and prone to inconsistency, AI-
powered approaches enable rapid and scalable 
identification of candidate terms. These methods 
can recognise not only single-word terms (e.g., 
"radiation", "algorithm") but also complex multi-
word expressions (e.g., "photoelectric absorption 
coefficient", "machine learning model") that are 
more descriptive and often more informative in 
technical discourse. 

Some of the widely used tools in this domain in-
clude: 

TermoStat: A term extraction tool that analyses 
the frequency and specificity of terms within a 
target corpus compared to a general reference 
corpus. 

AntConc: A corpus analysis toolkit that, while not 
AI-based in the modern sense, is a powerful ref-
erence for contrastive and frequency-based term 
studies. 

spaCy: A modern NLP library in Python that can 
be used for linguistic preprocessing, entity 
recognition, and pattern matching in text, form-
ing the backbone for many AI-based extraction 
pipelines. 

BERT-based Models: Pre-trained language models 
like BERT [5] (Bidirectional Encoder Representa-
tions from Transformers) offer powerful context-
aware embeddings. These models can be fine-
tuned to detect technical terminology by learning 
from labelled domain-specific corpora. 

AI models can be trained to adapt to different 
subject areas, such as medicine, engineering, or 
law, allowing domain-sensitive term extraction. 
Deep learning techniques also allow these mod-
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els to learn implicit patterns and recognise 
emerging terms that might not yet be included in 
formal glossaries or dictionaries. 

AI-based systems can continuously improve 
through iterative feedback loops, incorporating 
expert validation and corrections into the model, 
making them more robust and accurate. This 
continuous learning capability makes AI an in-
dispensable ally for modern terminologists, re-
searchers, and policymakers who need timely 
access to evolving terminological landscapes. 

Term Validation and Filtering. Extracting can-
didate terms from large corpora is the first step 
in terminology development. Not every extracted 
phrase or word qualifies as a valid term in the 
context of a specific domain. Therefore, term val-
idation and filtering is a critical stage that in-
volves evaluating the extracted candidates' lin-
guistic, statistical, and semantic relevance. This 
step ensures that only meaningful, contextually 
appropriate, and domain-specific terms are se-
lected for inclusion in terminological databases 
or glossaries. 

AI significantly enhances this phase by automat-
ing the evaluation process by applying frequency 
analysis, contextual embeddings, semantic similar-
ity measures, and co-occurrence networks [6]. 
These methods collectively allow AI systems to 
analyse how often a term appears, where, how, 
and in what semantic context it is used. 

Frequency Analysis: AI models compute how fre-
quently a candidate term appears in a target do-
main corpus compared to a general-language 
reference corpus. Terms with disproportionately 
high frequency in the target domain (e.g., "neu-
tron flux" in nuclear physics) are more likely to 
be domain-specific. However, frequency alone is 
insufficient to determine termhood, especially for 
common words that may appear frequently but 
lack domain relevance. 

Contextual Embeddings: Deep learning models 
such as BERT or RoBERTa generate vector rep-
resentations of words and phrases based on their 
usage in context. These embeddings allow the AI 
system to evaluate whether a candidate term 
consistently appears in similar semantic envi-
ronments – a key indicator of terminological sta-
bility and domain relevance. For instance, the 
term "dose-response relationship" would con-
sistently appear in pharmacological or toxicolog-
ical discussions, reinforcing its validity. 

Co-occurrence Networks: These networks analyse 
how terms appear together within texts. Valid 
domain-specific terms often have strong and sta-
ble associations with other known terms. For ex-
ample, in a biomedical corpus, the candidate 
term "cytokine storm" would frequently co-occur 
with "immune response," "inflammation," and 
"infection," which supports its validation as a 
recognised concept. 

In addition to these techniques, machine learning 
classifiers – such as support vector machines 
(SVM), random forests, or neural networks – can 
automatically be trained on labelled datasets to 
distinguish between valid and invalid terms. 
These models learn from various features, in-
cluding part-of-speech patterns, word length, 
morphological structures, contextual consisten-
cy, and semantic specificity. By analysing these 
attributes across thousands of examples, the 
models become increasingly accurate at filtering 
out irrelevant or ambiguous candidates, such as 
generic adjectives or overly broad nouns. 

AI in validation drastically reduces the manual 
workload typically required by terminologists, 
enabling them to focus their expertise on refining 
and interpreting validated terms rather than sift-
ing through raw data. Moreover, AI systems can 
continuously improve through feedback loops: as 
human experts confirm or reject AI-generated 
suggestions, the models learn from these correc-
tions and enhance their future performance. 

Term Standardisation is a crucial phase in ter-
minology management that ensures consistency, 
clarity, and interoperability in scientific, tech-
nical, and professional communication. It in-
volves selecting a preferred form for each con-
cept and establishing uniform usage across doc-
uments, databases, institutions, and languages. 
Inconsistent terminology – such as using differ-
ent words or acronyms for the same concept – 
can lead to confusion, reduce information re-
trieval efficiency, and hinder collaboration across 
disciplines and borders. 

AI plays a transformative role in modernising 
and automating this standardisation process. It 
does so by leveraging semantic analysis, context-
aware embeddings, and clustering algorithms to 
identify and group related terms, suggest stand-
ard equivalents, and even highlight outdated or 
ambiguous usage. 
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One of the key challenges in term standardisation 
is managing term variants – different expressions 
that refer to the same concept. These include: 

Synonyms: e.g., "magnetic resonance imaging" vs. 
"MRI" 

Spelling Variants: e.g., "tumour" vs. "tumour." 

Morphological Variants: e.g., "radiological expo-
sure" vs. "radiation exposure." 

Abbreviations and Acronyms: e.g., "polymerase 
chain reaction" vs. "PCR". 

AI models, particularly embedding-based models 
like BERT, word2vec, and fastText [7], can cap-
ture the semantic meaning of terms based on the 
context in which they appear. These models rep-
resent words and phrases as vectors in a high-
dimensional space, where similar meanings clus-
ter closely together. By analysing these semantic 
proximities, AI systems can group different lexi-
cal forms that refer to the same or closely related 
concepts. For instance, if "COVID-19," "corona-
virus," and "SARS-CoV-2" frequently appear in 
similar contexts, the system can infer their con-
ceptual relatedness and recommend standard-
ised usage based on authoritative sources. 

Furthermore, clustering algorithms such as k-
means or DBSCAN can automatically be applied 
to these embeddings to group conceptually simi-
lar terms. This allows terminologists or domain 
experts to review term clusters and select pre-
ferred nomenclature based on domain standards, 
frequency of use, and clarity. 

In multilingual settings, AI also aids in cross-
lingual standardisation by aligning terms from 
different languages that describe the same con-
cept. Machine translation models and multilin-
gual embeddings (e.g., mBERT, XLM-R) facilitate 
the mapping of terms across languages, ensuring 
terminological consistency in international doc-
umentation, treaties, technical manuals, and sci-
entific literature. 

AI can also assist in detecting deprecated or obso-
lete terms, flagging them for review or replace-
ment. This is especially useful in the fast-evolving 
medical, information technology, and climate sci-
ence fields, where discoveries or policy shifts can 
quickly render older terminology outdated. 

Beyond just suggesting term alignments, ad-
vanced AI systems can learn domain-specific 
preferences by analysing existing authoritative 
corpora (e.g., ISO standards, scientific journals, 
regulatory documents). Based on these insights, 

they can recommend standardised terms that 
align with institutional practices and internation-
al norms. 

Multilingual Term Generation and Transla-
tion (MT) has long been a tool for bridging lin-
guistic gaps. Still, recent advances in neural ma-
chine translation (NMT) and large language mod-
els (LLMs) have significantly enhanced the quali-
ty, fluency, and contextual accuracy of translated 
content – particularly in technical terminology. 
Modern AI-powered models, such as Google's 
NMT system and OpenAI's GPT, can translate gen-
eral-purpose language and generate accurate 
equivalents of domain-specific terms across vari-
ous languages and disciplines [8]. 

These AI models are trained on vast multilingual 
corpora and can capture linguistic patterns and 
conceptual relationships between terms. As a re-
sult, they can infer the correct equivalents of 
technical terms—even in cases where those 
terms have not been formally standardised or 
documented. This capability is particularly bene-
ficial in emerging scientific and technological 
fields such as quantum computing, synthetic bi-
ology, climate modelling, and artificial intelli-
gence. New concepts are constantly being intro-
duced and often lack standardised terminology in 
many languages. For instance, when translating a 
newly coined term like "neural radiance field" 
into languages where the term hasn't been offi-
cially adopted, GPT-based models can analyse its 
components and generate a plausible, semanti-
cally accurate equivalent based on how similar 
terms have been translated. This process may 
involve breaking the term into interpretable 
parts, translating each component accurately, 
and then reconstructing a linguistically coherent 
and contextually meaningful term in the target 
language. 

These models are highly adaptable. Their per-
formance improves dramatically when fine-
tuned or guided by domain-specific data (e.g., bi-
lingual glossaries, multilingual scientific texts). 
This allows researchers, terminologists, transla-
tors, and policymakers to leverage AI in rapidly 
prototyping terms across languages – facilitating 
early communication, peer collaboration, and in-
ternational dissemination of scientific findings. 

Another significant benefit is AI's support for 
multilingual documentation and localisation. In 
international organisations, industries, and col-
laborative research projects, consistent termi-
nology across user manuals, regulatory docu-
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ments, safety guidelines, and educational materi-
als is often necessary. AI-driven machine transla-
tion helps ensure that the same concepts are de-
scribed consistently and culturally appropriately, 
even in regions with limited access to profes-
sional terminologists. 

AI tools can also be integrated into computer-
assisted translation (CAT) environments, where 
human translators review and refine AI-
suggested equivalents. This human-in-the-loop 
approach enhances productivity and accuracy, 
translating technical content faster and more re-
liably than ever. 

Ontology and Knowledge Graph Integration. 
In modern terminology science and knowledge 
management, ontologies and knowledge graphs 
are critical in organising and representing the 
relationships between terms, concepts, and enti-
ties within a specific domain [9]. Ontologies de-
fine structured frameworks that capture the hi-
erarchical, associative, and semantic relation-
ships between concepts (e.g., "is-a," "part-of," and 
"related-to"). At the same time, knowledge 
graphs provide a visual and computational rep-
resentation of this interconnected information. 

AI significantly enhances these semantic struc-
tures' construction, enrichment, and dynamic 
updating. By aligning newly formed or extracted 
terms with existing ontological frameworks or 
knowledge graphs, AI ensures that new 
knowledge integrates seamlessly into established 
conceptual ecosystems – thereby supporting 
consistency, interoperability, and machine-
readable understanding. 

Traditionally, ontology development required 
extensive manual input from domain experts and 
knowledge engineers. However, AI, particularly 
Natural Language Processing and machine learn-
ing, now enables the semi-automated or fully au-
tomated creation of ontologies. These AI systems 
analyse large corpora of domain-specific text to: 

Extract candidate terms and concepts using syn-
tactic and semantic pattern recognition. 

Identify conceptual relationships between terms 
based on linguistic cues (e.g., "X is a type of Y") 
and statistical co-occurrence. 

Propose hierarchical structures (e.g., subclass re-
lationships) and infer associations (e.g., causality, 
functionality, temporal order). For instance, if AI 
identifies that the term "alpha particle" frequent-
ly occurs in similar contexts with "ionising radia-

tion" and "helium nucleus," it can propose that 
"alpha particle" is a subtype of "ionising radia-
tion" and is structurally related to "helium." 

Knowledge graphs (KGs), such as Wikidata, Con-
ceptNet, or DBpedia, are large-scale, structured 
semantic networks that describe relationships 
between entities and concepts. AI systems can 
enrich these graphs by: 

Inserting new nodes and edges representing novel 
terms and their semantic links. 

Updating outdated or deprecated information 
with current terminology. 

Detecting and resolving semantic ambiguities us-
ing context-aware models like BERT can distin-
guish between homonyms and polysemous 
terms based on usage. 

AI tools like Open Information Extraction 
(OpenIE) and ConceptNet use deep NLP tech-
niques to extract triples (subject–predicate–
object relationships) from natural language texts 
and insert them into knowledge graphs [10]. For 
example, from the sentence "Neutrons are un-
charged particles found in atomic nuclei," an AI 
system can extract: 

(Neutron) is a Particle 
(Neutron) has charge - None 
(Neutron) located in the Atomic nucleus 

These triples can then be mapped to existing 
concepts in a domain ontology or used to create 
new entries when no match is found, thereby ex-
panding the knowledge base intelligently. 

 

CONCLUSIONS 

Artificial Intelligence (AI) is fundamentally trans-
forming the field of terminology science, marking 
a paradigm shift in how terms are identified, val-
idated, standardised, and maintained across lan-
guages and disciplines. As the global flow of in-
formation accelerates, the demand for precise, 
consistent, and accessible terminology has never 
been greater. AI technologies are uniquely posi-
tioned to meet this challenge by providing scala-
ble, data-driven solutions that complement and 
enhance human expertise. From the automatic 
extraction of domain-specific candidate terms to 
their semantic validation and eventual standard-
isation, AI tools offer speed, accuracy, and adapt-
ability far beyond traditional manual methods. 
These tools can process vast multilingual corpo-
ra, detect nuanced contextual relationships, align 
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synonyms and variants, and suggest culturally 
appropriate and linguistically accurate equiva-
lents across languages. In doing so, AI supports 
terminologists and linguists in their work and 
expands the reach and relevance of terminology 
science to fields such as information retrieval, 
data science, policy-making, healthcare, and edu-
cation. 

AI has the potential to democratise term for-
mation by making advanced linguistic tools ac-
cessible to non-specialists, including subject mat-
ter experts, educators, and multilingual content 
creators. Users can interact interactively with 
terminology resources through intuitive inter-
faces and human-in-the-loop systems, promoting 
broader participation in developing and refining 
specialised vocabulary. 

However, integrating AI in term formation is not 
without its challenges. Ensuring semantic accura-
cy, domain relevance, and cultural sensitivity re-
mains critical. AI systems can sometimes pro-
duce contextually inappropriate or biased sug-
gestions due to limitations in training data or al-
gorithmic design. There is also the risk of over-

standardisation, where linguistic diversity and 
nuance may be lost in favour of efficiency. These 
concerns highlight the continued importance of 
human oversight and collaboration between 
computational and linguistic communities. 

The synergy between AI and human expertise is 
promising for building dynamic, inclusive, and 
forward-looking terminological ecosystems. As 
AI systems become more context-aware and ex-
plainable, their role in supporting interdiscipli-
nary communication, preserving linguistic diver-
sity, and fostering innovation in knowledge rep-
resentation will only grow. The future of termi-
nology science lies not in replacing human judg-
ment with machines but in harnessing the 
strengths of both to navigate the complexity of 
language in a rapidly changing world. 
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