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Abstract
This  paper  examines  whether  contemporary  LLMs  can  independently  provide  reliable  terminology 
extraction  and  glossary  compilation  from  specialized  multilingual  standards,  or  whether  hybrid 
workflows with expert validation are still required. Three AI tools, ChatGPT 5.2, Google Gemini 3 Pro and 
Claude Sonnet 4.5, were evaluated using the technical standard EN 13318: 2000 Screed material and floor  
screeds – Definitions and its Polish version as input. Each tool was tested with two prompting strategies: a 
user  designed prompt  and a  tool-generated  prompt.  The  results  highlight  differences  in  multilingual 
document processing, output usability, and system behavior. While all tools demonstrated potential to 
accelerate terminology extraction, certain limitations and inconsistent performance were also observed.
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1. Introduction

The rapid advancement of artificial intelligence and natural language processing technologies has 
opened new opportunities for automatic knowledge extraction from technical documents. Among 
these  opportunities,  terminology  extraction  seems  to  occupy  a  central  role,  enabling  the 
identification of domain-specific concepts and definitions that constitute the foundation of expert 
communication among manufacturers, engineers, inspectors, and standardization bodies. Accurate 
and systematic extraction of terminology is particularly important in safety-critical areas, where 
misinterpretation of specialized vocabulary can lead to regulatory non-compliance, safety hazards 
and, ultimately, legal actions. Technical standards, especially those issued under the ISO and EN 
frameworks and their national implementations, contain highly specialized vocabulary that must 
be  interpreted  accurately.  However,  the  density,  length,  and  the  multilingual  nature  of  these 
documents pose significant challenges for the manual terminology extraction and maintenance.

Although  technical  standards  are  highly  structured  documents  that  include  validated 
terminology approved by expert committees, their direct usability for terminology management 
remains limited in practice. In particular, in languages where comprehensive, publicly available 
national termbases have not been developed, such as Polish, standards often provide one of the 
most  reliable and systematically curated sources of  domain-specific terminology.  However,  the 
terminology they contain is typically embedded in document structures and not readily available in 
formats suitable for reuse in professional terminology management systems. This creates a need 
for methods that can support the transformation of document-bound terminology into structured, 
reusable  resources.  In  this  context,  the  present  study explores  the  potential  of  large  language 
models (LLMs) to facilitate this process. Rather than replacing expert-approved terminology, the 
aim is to investigate whether LLMs can assist in the operationalization of existing terminological  
knowledge by extracting and structuring it into termbase-ready formats.
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Despite  recent  breakthroughs  in  large  language  models  (LLMs)  and  their  capabilities,  the 
application of AI-driven terminology extraction from regulatory and standardization documents 
remains  relatively  unexplored.  Existing  research  has  focused  primarily  on  general  domain  or 
specific  linguistic  challenges,  leaving  a  gap  in  the  understanding  of  how  effectively  AI  tools  
perform in highly specialized, structured and regulated technical domains. 

The aim of this paper is to evaluate the effectiveness of AI-based methods in extracting and 
aligning terminology from Polish and English versions of  technical  standards on definitions of 
screed material and floor screeds, at the same time identifying the strengths and limitations of  
these tools  in  technical,  multilingual  contexts.  This  study investigates  whether  AI  models  can 
reliably  support  terminology  management  processes  and  enhance  technical  documentation 
workflows from the perspective of translators and terminologists. The research advances current 
discussion on integrating artificial intelligence in industrial documentation, regulatory compliance 
and technical translation. 

2. Literature review

Research  on  automatic  terminology  extraction  (ATE)  has  evolved  substantially  over  the  past 
decades,  moving  from early  linguistic  and  statistical  approaches  toward  hybrid  and  AI-driven 
methods. Linguistic approaches relying on grammar-based rules and part-of-speech patterns [1] 
offer  precision  in  structured  texts  but  require  significant  expert  input,  especially  for 
morphologically rich languages like Polish, as demonstrated by the TermoPL tool [2]. Statistical  
approaches,  such as  TF-IDF,  PMI,  Log-Likelihood,  C-value and NC value,  have been shown to 
perform quite effectively across various domains by identifying terms through frequency patterns 
and co-occurrence statistics [3, 4]. However, as demonstrated in comparative analyses [5], purely 
statistical approaches often struggle to capture the conceptual meaning of terms and either over-
generate or miss important low-frequency domain terms, limiting their usefulness for specialized, 
terminology-dense documents. More reliable term lists across various domains could be obtained 
using hybrid methods combining linguistic filters and statistical ranking [6].

More recent research focuses on machine learning and transformer-based sequence labeling 
models, which achieve strong performance in identifying domain-specific terms across languages 
[7]. However, these models require annotated training data, and their performance varies across 
languages  due  to  training  imbalances.  Studies  referring  to  multilingual  extraction  tools  [5,  6] 
confirm that bilingual term alignment remains limited in practice.

Large  language  models  (LLMs)  represent  the  newest  development  in  ATE.  Experiments 
conducted by Giguere and Iankovskaia  [8]  show that  GPT-4 outperforms traditional  statistical 
extractors by reducing false positives and capturing low-frequency domain terms more effectively. 
However, prompting-based evaluations [9, 10] reveal that LLMs show high recall but inconsistent 
precision, and can hallucinate terms, making human validation essential. Conceptual analyses [11, 
12,  9]  argue  that  LLMs  lack  stable  concept  systems,  reinforcing  the  continued  need  for 
terminologists to control meaning and ensure coherence, particularly in multilingual and technical 
domains.

The  reviewed  studies  support  a  hybrid  methodology  that  combines  rule-based  extraction, 
statistical ranking, transformer-based processing and LLM-assisted candidate generation, anchored 
by expert validation to ensure terminological accuracy in specialized, multilingual settings [12]. 
This study seeks to examine whether, at the current stage of LLM development, such a hybrid 
workflow remains necessary or whether an advanced AI model can, on its own, provide quickly 
and  efficiently  reliable  terminology  extraction  in  the  form  of  records  used  as  input  for  a  
terminological base to be immediately used and updated without any additional manual operations. 
This  solution  would  enable  faster  and  more  efficient  terminology-building  activities  in  a 
multilingual  environment  based  on  international  standards,  which  is  especially  important  for 
languages where a national terminological base is not available, as in the case of Poland, where, 



apart from limited internal resources, no comprehensive state-maintained terminological database 
currently exists.

3. Standardization

Translators are influenced by standardization in their work just like in everyday life. Standards 
ensure that common systems and products, such as electricity, transport, communication networks, 
and household appliances work safely,  reliably,  and consistently.  In the translator’s profession, 
standards play a similar role. They guide the translation process and ensure interoperable software 
and  clear  quality  requirements.  Standards  define  the  “technical  state  of  the  art”  and  are  
authoritative, though subordinate to legal regulations. 

However, it  is important to note that there are different degrees of authoritativeness of the 
standards.  International  standards,  which  are  issued  by  global  bodies,  e.g.  International 
Organization  for  Standardization  (ISO)  are  highly  authoritative  and  widely  accepted.  Regional 
standards are applied and authoritative within an area. In the European Union, they are developed 
by  such  bodies  as  European  Committee  for  Standardization  (CEN),  which  deals  with  non-
electrotechnical standards, European Committee for Electrotechnical Standardization (CENELEC), 
which works on electrical and electronic standards, and European Telecommunications Standards 
Institute  (ETSI),  which  develops  telecommunications,  broadcasting,  and  ICT  (information  and 
communication  technology)  standards.  National  standards  are  valid  within  a  single  country, 
whereas industry or company standards created by industry or organizations are authoritative only 
within specific sectors or companies.

As far as the content of the standards is concerned, two types of standards can be distinguished: 
basic  standards  (or  horizontal  standards)  and  subject  standards.  Basic  standards  include 
methodology standards, such as those for information processing, information and documentation, 
and —most importantly— terminological principles and methods,  which fall  under the scope of 
ISO/TC 37. Subject standards cover a wide range, including product standards, testing standards, 
process standards, service standards, interface standards, and data standards.

Terminology standards that include standardized terminology form another separate category, 
and they can be seen as basic standards for a specific subject area (or scope) within a technical 
committee [13].

On the one hand, translators should not over-estimate the authoritative nature of standards 
(including standardized terminology) and should be aware of different degree of binding power 
depending  on  the  type  of  the  standards.  Warburton  and  Martin  [14]  demonstrate  that  ISO 
standards  often  contain  terminological  inconsistencies  and  missing  definitions,  complicating 
automated extraction. On the other hand, standards are useful as parallel texts, as terminological 
standards provide terminology to be used in the target text of a technical translation.

The potential of using standards for creating a terminological database was recognised by the 
International  Organization  for  Standardization,  which  in  2009  established  a  concept  database 
(ISO/CDB). The database allows to search the content of ISO standards. It operates as an on-line  
browsing platform (https://www.iso.org/obp/ui). The access to the ISO/CDB content is in a read-
only mode. It is open to all and free of charge. Users can either register for accounts or login as  
guests (without username and password). 

ISO/CDB  covers  three  important  categories  of  concepts:  terms  and  definitions,  graphical 
symbols, and codes (country, currency, language and script). Users can either look for a specific 
term or symbol or they can browse standards, collections and publications by putting the search 
word that should appear in them or in their titles. It offers data in English, French, Spanish and 
Russian [15].

The organizations responsible for standardization in Poland are the Polish Military Centre for 
Standardization,  Quality  and  Codification,  which  deals  with  the  standardization  of  military 
terminology and has developed the MILTerm termbase;  the Commission on Standardization of 
Geographical Names Outside the Republic of Poland, which issues guidelines on the translation of  
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geographical  names;  and the Technical  Committee 256 (TC 256) on Language, Translation and 
Terminology, which is the Polish equivalent of ISO/TC 37. TC 256 participates in the elaboration of 
methods, standards, and guidelines for terminology, but there is no evidence in the literature that it  
develops any widely available terminological resources itself.

4. Materials

The  text sample used for the evaluation of effectiveness of various LLMs for the generation of 
terminological database is the technical standard EN 13318: 2000 Screed material and floor screeds –  
Definitions and its  Polish version  PN-EN 13318:2002P Podkłady podłogowe oraz materiały do ich  
wykonania – Terminologia.

EN 13318:2000 includes 100 terms presented in a table. Terms are divided into categories and 
numbered  within  those  categories.  Three  columns  include  terms  in  three  languages:  English, 
German and French, as demonstrated in Figure 1 below.

Figure 1: Presentation of terms in EN 13318: 2000

PN-EN 13318:2002P includes 100 terms and definitions. Terms are provided in Polish, English, 
French and German.  The definitions are  available  only in  Polish,  as  demonstrated in  Figure 2 
below.

Figure 2: Presentation of terminology in PN-EN 13318: 2002P



5. Prompting

The experiment  involved the application of  large  language models  for  automated terminology 
extraction and glossary compilation from technical standards prepared in two language versions. 
Three  AI  tools  were  tested:  ChatGPT  v5.2,  Google  Gemini  3  Pro  and  Claude  Sonnet  4.5,  all  
operating in the thinking mode. To ensure data confidentiality, the option to share user data for 
model improvement was disabled in all tools.

The input material consisted of original Polish and English technical standards in PDF format,  
uploaded  directly  to  each  system.  Identical  documents  were  used  across  all  tools  to  ensure 
comparability.

For each AI tool, two prompting conditions were applied. The first used a user-designed prompt 
that clearly specified the required output format, including table headings to facilitate direct import 
into an existing term management system, e.g. in a CAT tool. The second conditions involved the 
use of prompts generated by the AI systems themselves. However, preliminary testing revealed 
that only the prompt generated by Claude Sonnet reliably produced outputs conforming to the 
desired  structure  of  the  glossary.  Prompts  suggested  by ChatGPT and Google  Gemini  did  not 
achieve  comparable  results  and  were  therefore  excluded  from  the  final  experimental  setup. 
Consequently,  the  prompt  generated  by  Claude  Sonnet,  which  described  the  extraction  and 
formatting process in a greater procedural detail while targeting the same glossary structure, was 
used as the reference prompt across the experiment. 

Each model produced two glossary outputs based on the same input data. These outputs were 
subsequently analyzed with regard to structural conformity, completeness, and suitability for direct 
use as terminological records without further manual processing.

6. Results

The results revealed notable differences in how the three AI tools processed the input documents 
and generated the glossary. ChatGPT was unable to extract content from the technical standard in 
the Polish language and treated it as non-readable input, suggesting the use of external online 
resources instead. As a consequence, the glossary generated in response to both prompts was based 
exclusively on English source terms, with the Polish terms and definitions produced as translation 
of the English entries rather than extracted directly from the Polish standard. Moreover, ChatGPT 
initially compiled only a sample glossary containing six terms, while a complete glossary of 100 
terms was produced only after additional prompting and extended processing time. The glossary 
was generated both as a text file with separators and as an xlsx file.

Gemini successfully extracted terminology from both the Polish and English PDF documents. In 
both prompting conditions, the tool produced a correctly structured glossary; however, the output 
was provided in the form of a code to be copied to a notebook environment and saved as a CSV file,  
to be consequently opened in Excel. While the column structure and formatting were correct, this  
intermediate step reduced the immediacy of the output for direct use as a termbase.

Claude was able to read and process both PDF documents and generate the glossary in the 
expected tabular format. When using the user-designed prompt, the tool initially failed to respond 
and required multiple retries before producing output. In contrast,  when executing the prompt  
generated by the tool itself, Claude delivered a complete and accurate glossary on the first attempt. 
An additional advantage was the transparency of the process, as the tool generated, displayed and 
executed  the  Python  code  used  to  produce  the  glossary  file,  allowing  the  user  to  follow  the 
extraction and compilation steps in real time. This feature was not intended to promote the direct  
use of LLM-generated Python scripts for terminology extraction, but rather to demonstrate that  
comparable results can be achieved without advanced programming knowledge. At the same time, 
the visibility of the generated code provides users with a basic insight into the underlying process, 
making the  method more  accessible  and informative  for  those  with  little  or  no  experience  in 
Python.



7. Comparison of term extraction with LLMs and traditional NLP 
approaches

Since technical standards contain explicit term lists, terminology identification may seem largely 
trivial. So may be extraction of definitions which in standards are validated and approved by expert 
committees.

However,  LLMs  proved  to  be  equally  efficient  for  specialized  term  extraction  when  non-
structured documents with non-established terms and non-explicit definitions are used. Moreover,  
it turned out to be more accurate than an established corpus-based tool (Sketch Engine).

To  evaluate  the  practical  utility  of  LLMs  for  specialised  term  extraction,  a  comparative  
experiment was conducted using a monolingual English language corpus of approximately 900 
words, compiled from specialised web-based texts in the domain of floor underlays and related 
building materials. 

Term extraction from the corpus was performed using three methods:  semi-automatic term 
extraction with Sketch Engine, manual extraction by the human user (the output of this extraction 
serves  as  the reference  baseline  for  evaluating  system  performance  using precision and recall 
values) and extraction with three LLMs. 

Term extraction with Sketch Engine yielded 553 candidate terms, comprising 350 single-word 
items and 203 multiword units. Following manual validation and the elimination of duplicates, 51 
terms were retained for analysis. 

Manual extraction conducted independently of computational tools produced comparable, yet 
marginally more comprehensive results, identifying 8 additional terms. 

Sketch Engine achieved high recall (86.4%), which implies that it caught most of the real terms 
in the reference set. On the other hand, low precision (9.2%) means that it flagged many non-terms 
in  the  extraction  process.  The  list  of  candidate  terms  delivered  by  Sketch  Engine  requires 
considerable manual filtering to remove irrelevant candidates. 

The LLM used in this part of the research were the same as the models used for term extraction 
from technical standards, described in the previous part of the paper: Claude Sonnet 4.6, Gemini 3 
Flash and ChatGPT 5.3. Each model was prompted using an identical instruction set, derived from a 
structured terminology extraction prompt that  had been iteratively refined — including a  self-
improvement step in which all three LLMs were asked to enhance and adapt the original, user 
prepared  prompt.  The  prompt  specified  inclusion  and  exclusion  criteria  for  term  candidates, 
required  base/lemma form normalisation,  and  requested  output  in  a  structured  Excel  glossary 
format  with  designated  empty  columns  for  target  language  equivalents,  explicitly  marked  as 
pending human translation.

The  three  models  produced  notably  different  results.  Claude  Sonnet  extracted  41  term 
candidates and adhered to the design principle of the prompt in relation to deferring translation to 
a human specialist: target language columns were visually flagged in the output spreadsheet but 
left  blank,  thereby  avoiding  unsupported  equivalence  decisions.  In  addition,  Claude  generated 
definitions for the extracted terms. However, these definitions were not uniform in origin. Some 
were based directly on contextual information available in the source corpus, whereas others were 
generated using the model’s internal domain knowledge rather than explicit evidence from the 
text. This introduces and additional layer of uncertainty, as such knowledge-based definitions are 
more  susceptible  to  hallucination  and  consequently,  they  require  formal  validation  prior  to 
professional use. What is important, when prompted to indicate the source of the definitions, the 
model  demonstrated  partial  meta-awareness  by  explicitly  indicating  which  definitions  were 
context-derived and which relied on domain knowledge and required additional expert validation. 

Gemini returned only nine terms, distributed across two separate tables, one per language, with 
target language equivalents already populated by the model itself. This behaviour introduces a risk 
of hallucinated translations and, compounded by the absence of a directly downloadable bilingual 
spreadsheet,  requires additional  workarounds that reduce practical  usability for translators and 
terminologists.  ChatGPT extracted 20 terms but similarly proposed target language translations 



autonomously, again presenting a hallucination risk and reducing the terminologist's control over 
the output.

These  differences  in  model  behaviour  have  direct  implications  for  professional  usability.  A 
terminology extraction workflow is most reliable when the role of the LLM is limited to identifying  
and structuring source language term candidates, with all cross-linguistic decisions reserved for a 
qualified human specialist.  On this criterion, the output of Claude Sonnet was the most fit for  
purpose, although its definition-generation component still requires critical review and validation 
before integration into professional terminological resources.

The term candidates extracted by Claude Sonnet showed substantial agreement with the results 
of manual extraction performed in Sketch Engine. 28 out of 41 terms extracted by Claude Sonnet 
overlapped with terms identified by both Sketch Engine and human annotation. However, only 
three items from the list of terms identified by Claude Sonnet were not validated by the human 
user as terms (hygienic screed system, SA2.5 and three-part system). 

The software demonstrates high precision (92.7%), indicating that nearly all extracted candidates 
are valid terms. However, recall remains moderate (47.5%), suggesting that the software fails to 
capture approximately half of the terms present in the reference baseline (manual extraction set). 
The 10 additional valid terms extracted by the software but absent from the gold standard may 
warrant review—they could represent valid terms overlooked during manual extraction.
Claude Sonnet is particularly efficient in identification of multi-word units, e.g.  vacuum assisted 
shotblaster  or  polymer modified cementitious screed or  in establishing the nominal  forms of  the 
terms, e.g. chemical etching (from chemically etched that appears in the corpus).

8. Conclusion

The result of the experiment demonstrated that AI tools, in particular Claude Sonnet, not only can 
perform definition and term extraction effectively, but also provide the extraction results in a form 
that does not require any additional processing, providing a comprehensive input for the creation 
of an effective termbase, to be used immediately in CAT tools and larger terminological databases.  
Therefore,  the role  of  the terminologist  in  this  case  consists  in determining what  information 
should be included in the database (e.g., data categories), identifying the sources from which these 
data  should  be  obtained,  and  subsequently  ensuring  that  all  entries  are  correctly  populated. 
Additionally,  the  terminologist  does  not  need  extensive  knowledge  of  prompt  engineering  or 
proficiency in the Python programming language,  because the AI tool  provided with adequate 
information about the expected input and output data is capable of generating an effective prompt 
and executing the task correctly without further technical intervention.

In contrast to Claude Sonnet, the outputs of the other two models diverged considerably from 
the reference set. Claude Sonnet demonstrated sensitivity to contextual term boundaries, as the 
model  correctly identified multi-word terms whose components  were separated by intervening 
words in the source text. This capacity for discontinuous term recognition is an advantage over 
manual extraction approaches that rely on surface-level string matching.

A relevant asymmetry was observed between the two methodological approaches with respect 
to corpus scope. When a website URL was supplied to Sketch Engine, the tool searched not only  
the target page for terms, but also linked subpages,  expanding the corpus beyond the material 
explicitly provided. This resulted in a larger pool of term candidates compared to the LLM-based  
extraction,  strictly  bounded  by  the  uploaded  document.  This  distinction  is  methodologically 
significant: the broader coverage offered by Sketch Engine may capture a greater number of terms 
across  a  domain,  whereas  LLM-based  extraction  offers  greater  precision  and  reproducibility, 
relative  to  a  defined,  controlled  corpus.  The  two  approaches  are  therefore  best  seen  as 
complementary, and the choice between them depends on the goal of the terminologist or the 
translator, namely exhaustive domain coverage versus precise, document-specific extraction. 

While  the  limitations  of  large  language  models,  such  as  the  risk  of  hallucination  or 
inconsistency,  are  well  documented,  their  increasing  accessibility  and  widespread  use  among 



translators make it necessary to examine their practical availability in real-world workflows. The 
findings  of  this  study  suggest  that,  when  used  in  controlled  conditions  and  combined  with 
appropriate prompting strategies, LLMs can support the transformation of structured, document-
bound terminology into reusable terminological resources. This is particularly relevant in contexts 
where no comprehensive national termbase exists and where terminology must be compiled from 
primary sources,  such as technical  standards.  In such cases,  the use of  LLMs does not replace  
expert validation but rather accelerates the initial stages of terminology extraction and structuring. 
Consequently, exploring their application in terminology work can contribute to more efficient 
terminology-building processes, provided that their use remains guided by domain expertise and 
critical evaluation.

Large language models,  particularly Claude Sonnet,  have also demonstrated effectiveness in 
extracting terminology from uncontrolled environments such as websites. Although their recall is 
lower  than  that  achieved  by  dedicated  term‑extraction  tools  like  Sketch  Engine,  their  high 
precision indicates that the vast majority of the candidate terms they identify are valid. In addition,  
LLMs such as Claude Sonnet can be prompted to generate definitions for extracted terms and to  
specify whether these definitions draw on contextual information from the source corpus or on the 
model’s internal domain knowledge. While both types of definitions provide a valuable starting 
point, they nonetheless require verification by subject‑matter experts, as LLMs may hallucinate and 
online content is not always reliable or error‑free.

Declaration on Generative AI

The author(s) have employed Generative AI tools  to  conduct  the experiment described in this 
paper.
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