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Abstract
This paper explores two terminology management activities that lie at opposite ends of the automation 
spectrum within the terminology workflow: term extraction,  a largely automatable,  repetitive task in 
which human oversight can be limited, and definition generation, a conceptually demanding activity that 
requires strong human involvement. Based on initial considerations on the effective and appropriate use 
of LLM-generated outputs, the paper investigates the key aspects to consider when applying LLMs to both 
tasks. The outcome of this analysis is a set of evaluation criteria for LLM-assisted term extraction and  
LLM-assisted definition generation, with particular emphasis on positioning these tasks along the human
–AI continuum in order to support quality, reliability, and accountability in terminology work.
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1. Introduction

Managed terminology cannot be an afterthought to other linguistic assets. Serving as the definitive  
source of information for terms and concepts in an organization, a terminology database (termbase) 
must be established before, or in parallel with, ontologies, taxonomies, knowledge graphs, and the 
content itself [1]. 

Artificial  Intelligence (AI)  technologies  can enhance human expertise  and support  activities 
aimed at ensuring consistency, completeness, and reliability of terminological data in a termbase 
while maintaining human responsibility and oversight [2]. However, human interactions in data 
collection will remain central as large language model-generated content proliferates online [3]. 
Particularly with AI assistance, terminological data itself requires human curation to maintain its 
integrity  as  a  trusted and verifiable  resource,  as  solely  relying on probabilistic  generation can 
compromise its reliability [4]. Professional terminology work requires activities such as delimiting 
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the  domain,  distinguishing  concepts  by  essential  characteristics,  and  maintaining  systematic 
relations  among  concepts  and  designations.  AI  applications  may  lack  this  domain-specific 
understanding because many current systems, especially general-purpose large language models 
(LLMs), produce outputs by optimizing linguistic plausibility based on training data patterns, rather 
than relying on an explicit, validated model of a domain’s concepts, and therefore may replicate 
patterns  found  in  specialized  discourse.  Consequently,  over-reliance  on  automated  tools  in 
terminology management could overlook deeper conceptual connections and inconsistencies. This 
may  lead  to  disregarding  diverse  linguistic  expressions,  promoting  overly  rigid  standardized 
terminology, and perpetuating harmful bias or inequities [5].

AI  is  an  umbrella  term for  technologies  that  enable  machines  to  perform tasks  commonly 
associated with human intelligence, such as learning, reasoning, and problem-solving [5]. While a 
range of AI approaches, including Natural Language Processing (NLP), have long been applied in 
terminology management [6], this study intends to investigate LLMs used in generative artificial 
intelligence (GenAI)  applications.  This focus reflects  the view that  these applications currently 
present  the most  significant  opportunities  and challenges,  as  well  as  risks,  for  enhancing and 
further automating terminology management tasks [7].  The rapid dissemination and increasing 
adoption of LLM-based tools are currently reshaping expectations about what can be automated in 
terminology work, often faster than methodological reflection and quality assurance practices can 
follow. By giving LLMs center stage, we address the technologies most likely to be adopted (or 
imposed) in day-to-day terminology management, and we assess their implications for reliability, 
traceability, and expert accountability. At the same time, we recognize that other AI paradigms, 
particularly knowledge engineering approaches such as ontologies, may be naturally compatible 
with concept-oriented terminology principles, and they remain an important point of comparison.

Within this framework, this paper investigates the role of LLMs in terminology management by 
examining  two  activities  that  lie  at  opposite  ends  of  the  automation  spectrum  within  the 
terminology workflow: term extraction,  commonly framed as  generating candidate  terms from 
corpora, and often treated as a largely automatable and repetitive task where human oversight can 
be limited, and definition generation, a conceptually demanding activity requiring strong human 
oversight. Thus, this paper aims to propose evaluation criteria for LLM-assisted term extraction 
and definition generation, with particular emphasis on positioning these tasks along the human–AI 
continuum (Section 1.1).

Throughout this paper, we distinguish between LLM-assisted and LLM-driven workflows. We 
use LLM-assisted to  refer  to  settings  in  which an LLM supports  human experts  by proposing 
intermediate outputs, such as a list of candidate terms extracted from corpora or draft definitions,  
while selection, validation, and quality control remain the responsibility of the terminologist. We 
use LLM-driven for settings in which the LLM is the primary decision-making component and 
produces the operational output, such as a final ranked term list or a definition intended for direct 
integration, while human involvement is limited to monitoring or post hoc review. This distinction  
matters for evaluation, as acceptable quality thresholds, audit requirements, and governance differ 
depending on whether the model is a drafting aid or the main driver of the workflow.

In  addition,  we  distinguish  between  two  analytical  levels:  (i)  the  zones  of  the  human–AI 
continuum (human-driven, collaborative, and AI-driven), and (ii) the role played by LLMs within a  
workflow  (LLM-assisted  vs.  LLM-driven).  The  former  describes  degrees  of  human  and  AI 
involvement, whereas the latter describes how the model functions operationally within the task.  
LLM-assisted  workflows  typically  fall  within  the  collaborative  zone,  whereas  LLM-driven 
workflows are situated closer to the AI-driven end of the continuum. Human-driven workflows 
may include digital support tools,  but decision-making and validation remain entirely with the 
human expert.

The paper is  structured as follows:  Section 1.1  introduces the human–AI continuum in the 
context of terminology management; Section 2 reviews the current approaches in what concerns 
term extraction and definition generation; Section 3 outlines preliminary considerations that must 
be addressed before using LLMs in terminology workflows to ensure effective and responsible use; 



Section 4 constitutes the core of the paper, with Section 4.1 proposing evaluation criteria for LLM-
assisted term extraction,  while  Section 4.2 applies a  corresponding framework to LLM-assisted 
definition generation; Section 5 concludes with final remarks and directions for future work.

1.1. The human–AI continuum in terminology management

Terminology management involves a variety of activities, including terminological data creation 
and maintenance, as well as terminology systems management [8, 9]. Within terminological data 
creation and maintenance, activities include extracting terminology to identify and select relevant 
terms and concepts, conducting research to verify the accuracy of information, and documenting 
each concept with both optional and mandatory metadata. In a multilingual termbase, terminology 
work  is  carried  out  in  all  relevant  languages.  In  terms  of  terminology  systems  management,  
activities  include  maintaining  terminology  requirements  and  specifications,  which  may  be 
organization-specific,  regularly  reviewing and adapting the data  model  to  support  current  and 
future needs, and creating and maintaining workflows and user authorization.

Given the broad range of these activities,  terminology management can be situated along a 
continuum of human-driven vs. AI-driven processes (Figure 1):

 Human-driven:  At  one  end  of  the  continuum,  human  experts  retain  full  control  and 
accountability. While AI may assist to varying degrees by providing suggestions, all critical  
judgments and validations are conducted by humans.

 Collaborative: This middle zone represents a partnership between humans and AI, where 
both contribute to the workflow. AI performs significant portions of the task, while humans 
supervise, validate, interpret, and intervene as necessary.

 AI-driven: In this zone, AI operates with minimal or no human intervention. It is suitable 
for  low-risk,  repetitive,  or  highly structured tasks,  with humans potentially  monitoring 
outcomes.  These processes  are  continually  enhanced through strategies  such as  quality 
monitoring and improvement, and implementing corrective measures independently of the 
primary workflow.

Figure 1: Human–AI continuum.1

These  zones  correspond  broadly  to  distinctions  discussed  in  AI  governance  literature,  but  for 
clarity this paper uses only the labels “human-driven”, “collaborative”, and “AI-driven”. Along this 
human–AI continuum, human-driven activities include (see [5, 10]):

 Maintaining terminology requirements and specifications.
 Creating and maintaining workflows and user authorization.
 Ensuring inclusion of  relevant,  essential  concepts  while  actively excluding unnecessary 

concepts and terms.
 Providing  value  judgments  and  determining  which  terms  are  preferred,  admitted,  and 

deprecated.
 Confirming  that  definitions  are  accurate,  contexts  are  authentic,  and  examples  are 

representative.
 Guarding against plagiarism and intellectual property violations.
 Determining concept models and relationships, systematically organizing concept systems.
 Validating the correctness of metadata.

1 Hanne Smaadahl. Contribution to SAP internal whitepaper. 2025.



 Confirming terminology is correct and culturally appropriate.
 Ensuring legitimate variations are not mistakenly flagged as anomalies by AI.
 Removing  harmful  biases  and  inequities,  such  as  those  based  on  race,  gender,  or 

socioeconomic status, to ensure fairness and inclusivity in the data and processes.
 Developing the data model and adapting it to accommodate new use cases.
 Analyzing data to refine and improve the termbase over time.

By contrast, other activities lend themselves to deeper AI involvement, ranging from collaborative 
forms of human-in-the-loop interaction to more AI-driven modes of operation. These include (see 
[2, 5, 10]):

 Extracting terms, abbreviations, and definitions from large corpora or databases.
 Identifying and proposing relationships, such as hierarchies and superordinate terms. 
 Detecting patterns or logical groupings that might not be immediately obvious.
 Identifying parts of speech for terms and providing linguistic annotations.
 Suggesting synonyms or target language equivalents based on context and usage patterns.
 Validating terms across different documents or databases to ensure consistency. 
 Monitoring and analyzing data from various sources to detect emerging trends, identify 

shifts in terminology usage, and forecast future terminology needs.

Overall, effective terminology management depends on integrating both human expertise and AI 
capabilities. While AI can automate and enhance many processes, human oversight is required to 
ensure the quality, cultural sensitivity, and reliability of terminological content. In later sections,  
this continuum is operationalized through the distinction between LLM-assisted and LLM-driven 
workflows.

2. Research trends in term extraction and definition generation

Terminology management workflows depend on two upstream operations: identifying candidate 
terms used in specialized discourse (term extraction) and documenting the conceptual content that 
makes  a  terminological  entry  reusable  and  verifiable  (definition  work2).  Both  operations  are 
increasingly  presented  as  suitable  for  automation;  however,  they  face  a  structural  mismatch 
between (a) what can be reliably inferred from corpus evidence and (b) what terminology work 
requires  as  a  trustworthy,  concept-oriented,  quality-controlled  representation  that  supports 
consistent specialized communication and downstream tasks such as translation, technical writing, 
compliance, standardization, and knowledge engineering.

Across both term extraction and definition generation, a recurring methodological issue is that  
“termhood” [11, 12] and “definitional adequacy” [13] are not purely linguistic properties. Terms are 
often described as lexical items that verbalize domain concepts, but operationalizing this in text is  
difficult:  corpora contain terminological  units,  general-language words used technically,  named 
entities,  abbreviations,  or  underspecified  expressions,  to  name  just  a  few.  This  explains  why 
Automated Term Extraction (ATE) remains challenging despite decades of work and why shared 
tasks have repeatedly highlighted definitional ambiguity, annotation variability, and cross-domain 
instability [14, 15]. 

A  similar  difficulty  arises  in  definition  generation.  Much  of  the  NLP  literature  focuses  on 
producing  dictionary-style  glosses,  i.e.,  short  lexicographic  definitions  designed  to  capture  the 
meaning of a lexical unit or a particular sense as evidenced in usage and tailored to dictionary 

2 In this regard, a clarification is needed: not all termbases contain definitions. Nevertheless, termbases that are useful in  
AI scenarios still contain conceptual content that make entries reusable and verifiable (i.e., various metadata such as  
descriptions, context, notes, examples, part of speech, domain, concept relations, etc.). In this paper, we focus specifically 
on definitions, as they represent the core of terminology work and, as such, they may be considered a “gold standard” for  
conceptual documentation.



users (e.g., [16, 17, 18]). These approaches are often framed as “definition modeling” or “definition 
generation”  [19,  20].  This  line  of  work  is  relevant,  but  it  does  not  automatically  satisfy  the 
requirements of a terminological definition, which aims to define the concept in a domain and 
situate  it  within  a  concept  system  [21].  Consequently,  the  central  question  for  terminology 
management  is  not  whether  systems  can  generate  fluent  definitions.  Rather,  it  is  whether 
generated  (or  extracted)  definitions  are  conceptually  constrained,  domain-appropriate,  non-
circular,  and  auditable  under  professional  quality  criteria.  This  distinction  matters  directly  for 
automation:  many  generative  systems  are  optimized  to  use  probabilistic  methods  to  produce 
plausible  explanatory  text,  whereas  terminological  practice  requires  controlled  conceptual 
commitments (what the concept is, how it differs from related concepts, and how it relates to the  
domain model).

2.1. Term extraction

Term extraction (including ATE) is typically conceptualized as producing a ranked list of candidate  
terms from specialized corpora. Most approaches implement a pipeline, understood as a sequence 
of steps in text processing [22]. This pipeline generally includes: (i) candidate identification (often 
via linguistic patterns and POS tagging and chunking), (ii) scoring/ranking (statistical association, 
domain specificity,  contextual  features),  and (iii)  filtering/normalization (variants,  nested terms, 
multiword expressions). Recent surveys emphasize that the field’s central challenges are less about 
extracting strings than about deciding what counts as a term under varying domain boundaries,  
annotation guidelines, and downstream use cases. Classic ATE methods (e.g., C-value/NC-value) 
address issues such as multiword termhood and nested terms, combining linguistic constraints with 
frequency and contextual evidence [23, 24]. Contemporary work increasingly explores neural and 
transformer-based  ranking,  and,  more  recently,  LLM-assisted  extraction  strategies  [25].  Shared 
tasks and curated datasets (e.g., TermEval/ACTER) have contributed to reproducibility and cross-
linguistic comparison, but they also expose persistent variability due to different conceptualizations 
of terms, domain differences, and annotation granularity [15]. 

2.2. Concept definition

Terminological definition work is concept-oriented: definitions are not primarily explanations of 
the meaning of a lexical unit (word), but controlled statements that identify a concept within a 
domain, specify its essential characteristics, and distinguish it from related concepts in a concept 
system. This approach is central in ISO terminology standards (e.g., ISO 704 [21]), which explicitly 
link  objects,  concepts,  definitions,  and  designations  and  treat  definition  generation  as  part  of 
concept formation and concept-system description. 

For automation, the literature splits into two partially overlapping streams:

 Definition extraction / knowledge-rich contexts (KRCs): pattern-based and corpus-driven 
approaches  that  locate  definitional  contexts  and  extract  definitional  knowledge  from 
specialized texts (e.g., “X is a Y that ...” [26]). This connects directly to terminology work 
because it leverages authoritative discourse and preserves traceability to sources. 

 Definition  generation  /  definition  modeling:  as  commonly  addressed  in  NLP  research, 
generative  approaches  that  produce  dictionary-like  glosses  for  words  or  senses,  often 
evaluated against lexicographic resources. This is valuable as background, but concept-level 
adequacy in a domain is not guaranteed, especially under polysemy or homonymy and 
domain shift [27]. 

While  these  streams  are  often  treated  separately,  they  partially  overlap  in  practice.  Extracted 
knowledge-rich contexts can serve as grounded inputs for generative models, supporting traceable 
definition drafting, while generative approaches can in turn be used to normalize, synthesize, or 
reformulate  extracted  definitional  material  into  controlled  terminological  definitions.  This 



interaction is particularly relevant in LLM-assisted workflows, where extraction and generation are 
increasingly combined.

3. Some preliminary considerations for using LLMs in terminology 
management

The  use  of  LLMs  in  terminology  management  requires  prior  consideration  to  ensure  their  
application is effective,  appropriate,  and justified in terms of time and cost.  This consideration 
involves several key aspects:

 Task  suitability:  automatable  and  repetitive  tasks,  such  as  detecting  missing  data 
categories,  are generally well-suited to LLM support,  as the one-time effort required to 
automate  a  recurring  task  can  result  in  significant  gains  in  efficiency  and  accuracy. 
Conversely,  conceptual  tasks,  such  as  drafting  definitions  or  conceptual  notes,  require 
careful assessment of the effort needed for human review and validation.

 Data  quality:  terminological  data  must  be  clean,  consistent,  and  well  structured  [28]. 
While LLMs can support quality checks by identifying issues such as missing metadata, 
inconsistent,  incomplete, or unstructured data can significantly reduce the usefulness of 
LLMs and substantially increase human workload during review and validation.

 Data volume: LLMs can process large datasets in shorter timeframes compared with fully 
human-driven approaches [10, 29]. However, for small datasets—particularly in one-time 
tasks—the use of LLMs may not be justified. In such cases, predominantly human-driven 
approaches are preferable, as the effort required to export, prepare, and validate both the 
input data and the model’s output can exceed that of manual processing.

 The impact of errors: research shows that LLMs are not yet sufficiently reliable for tasks 
in  high-stakes domains such as  law or  medicine [30,  31].  In  terminology management, 
errors  may  propagate  into  domain-specific  documentation  or  translations,  potentially 
causing serious consequences (e.g., bodily harm, legal actions, generation of discriminatory 
content)  [30,  32].  Therefore,  strong human oversight is  required.  By contrast,  GenAI is 
better suited to low-impact tasks—such as preliminary analyses or exploratory checks—
where  errors  are  unlikely to  have serious  consequences  and can be  addressed through 
limited human review.

 Model configuration and usage mode: Data accuracy depends on two main factors: (i) 
the type of model used and its degree of adaptation (e.g., base, instruction-tuned, or fine-
tuned),  and  (ii)  inference-time  control,  including  prompting  strategies,  constraints,  and 
retrieval  augmentation.  The  nature  of  the  task  determines  the  appropriate  prompting 
approach.  Zero-shot  prompting  is  appropriate  when  the  model  can  generalize  from 
pretraining/instruction tuning and the task can be specified in  the prompt [33],  as  the 
model relies entirely on its general training and the explicit instructions provided in the 
prompt, without the need for illustrative examples (e.g., “Convert this term list into a table, 
organizing it by the following columns: Entry number, Project, Italian, Definition, German, 
Comments. Use only terms provided in this list: Don’t add or omit any term.”). One-shot 
and few-shot prompting require one or several examples, respectively, and may be used in 
terminology management, for example, to support the generation of intensional definitions 
in the sense of “immediate superordinate concept + delimiting characteristic(s)” [33]. Fine-
tuned models  may deliver  stronger  performance and more reliable  outputs  in  terms of 
domain specificity and terminological correctness [32, 34]. For example, they can be used to 
assess terminology compliance in high-stakes domains [32]. However, they require task-
relevant,  high-quality  data  (often substantial,  depending on  the  adaptation  method and 
target quality) [34, 35] and careful dataset curation, which can be particularly challenging 
for low-resource languages [32,  35].  As a result,  fine-tuning may not be suitable for all 
terminology tasks.



 Provenance:  AI-generated  content  should  be  explicitly  identifiable  [36].  AI-generated 
definitions should be clearly marked as such in a termbase, for example, by indicating ‘AI-
Generated’ as the source. This would support transparency and enable a targeted review 
process.

4. Description of the methodology for identifying evaluation criteria

Within  a  terminological  framework,  termbase  entries  are  treated  as  concept-oriented,  quality-
controlled,  and  auditable  artifacts.  ISO  704  [21]  frames  terminology  work  in  terms  of  the 
relationships  among  objects,  concepts,  definitions,  and  designations,  providing  guidance  for 
definition  writing.  Evaluation,  therefore,  goes  beyond  the  “linguistic  plausibility”  of  extracted 
strings or generated text to consider their fitness for integration into a terminology resource under  
defined quality constraints.

Against this backdrop, the evaluation criteria proposed in this paper were derived through a 
procedure that connects (i) terminology work requirements as formalized in standards for concept-
oriented terminological description and termbase quality, with (ii) operational evaluation practices 
emerging from recent shared tasks and benchmarks targeting term extraction and, more recently,  
terminology  definition  generation.  On  the  evaluation-practice  side,  we  performed  a  focused 
scoping review of recent and established evaluation initiatives that operationalize terminology-
related tasks in reproducible settings. As regards term extraction, we included (a) long-standing 
ATE evaluation campaigns that shaped common metrics and datasets (e.g., TermEval 2020 using 
ACTER) and (b) newer domain- and language-specific evaluation efforts (e.g., ATE-IT at EVALITA 
2026) [14, 37]. For definition generation in terminology work, we included DETECH (co-located 
with MDTT 2026)  as a task explicitly coupling term extraction and medical  concept definition 
generation, and we used Graphine [38] as a terminology-specific benchmark and dataset for large-
scale biomedical  terminology definition generation.  For tasks that sit  at  the boundary between 
terminology and explanation for  accessibility,  we considered SimpleText  @ CLEF 2024 Task 2 
(“difficult concept identification and explanation”), because it makes explicit the requirement to 
decide which domain notions require explanation and to produce usable explanatory outputs [39, 
40, 41].

4.1. Criteria for evaluating LLM-assisted term extraction 

In LLM-assisted ATE, the LLM serves as the primary engine generating ranked outputs. Evaluation 
must  distinguish between (i)  whether  the  system identifies  plausible  candidate  strings  and (ii) 
whether those candidates are suitable for use in terminology work. Shared tasks such as TermEval 
2020  (https://termeval.ugent.be/)  operationalize  the  first  aspect  through  gold  annotations  and 
conventional performance measures; ATE-IT extends this logic in a language- and scenario-specific 
setting  (Italian,  institutional  waste-management  discourse),  which  is  particularly  relevant  for 
terminology management in public-sector contexts. 

Accordingly, we propose an evaluation organized around four dimensions:

 Extraction correctness addresses the quality of the candidate list: boundary accuracy for 
multiword terms (for  example,  “automatic  term extraction”),  correct  handling of  nested 
terms  (for  example,  “automatic  term  extraction”  vs  “term  extraction”),  and  standard 
evaluation  performance  metrics  (precision/recall/F1,  with  ranking-aware  metrics  where 
outputs are prioritized lists). Term extraction shared tasks repeatedly show that boundary 
decisions  and  nested  structures  are  non-trivial,  making  explicit  evaluation  of  span 
correctness indispensable. 

 Termhood and domain specificity capture the terminological requirement that extracted 
candidates should correspond to domain-relevant designations rather than merely salient 
words, named entities, or generic vocabulary. Here, the evaluation focus shifts from “is this 
a well-formed phrase?” to “is this a stable designation for a domain concept or knowledge 

https://termeval.ugent.be/


unit?”.  This criterion is central when outputs are intended for termbase curation rather 
than for exploratory keywording [12]. This requirement becomes especially critical in LLM-
assisted settings, where outputs are intended for direct integration into a termbase rather  
than used only as drafting aids. 

 LLM-specific operational reliability becomes a primary evaluation criterion because the 
dominant failure modes differ from traditional ATE. In particular, when LLMs are used in 
instruction-following mode, evaluation must check closed-world compliance (“do not add 
terms not present in the source”), sensitivity to prompt phrasing, and reproducibility under 
controlled experimental settings. These properties are rarely foregrounded in older ATE 
evaluations, but become decisive when LLMs are integrated into production terminology 
pipelines.

 Auditability for human review requires that extracted candidates be accompanied by 
evidence  that  supports  curator  decisions.  From  a  terminological  perspective,  the  most 
valuable  “explanation”  is  often  not  a  model  rationale,  but  a  trace  to  corpus  contexts 
(attestations) that justify inclusion, preferred form selection, and variant consolidation. This 
emphasis  on  evidence  aligns  with  recent  tasks  such  as  SimpleText  Task  2,  where 
identification  is  coupled  with  the  need  to  provide  explanations  of  term  difficulty  and 
clarification strategies. Such tasks highlight that making the basis of a decision explicit—
whether for end users or expert curators—is central  to the usability and evaluability of 
system outputs. 

4.2. Criteria for evaluating LLM-assisted definition generation

In  LLM-assisted  definition  generation,  the  model  may  support  drafting  or  reformulation,  but 
conceptual validation remains a human responsibility. As mentioned in Section 2.2, in terminology 
management,  definitions  play  a  central  role  since  they  allow  us  to  recognize  a  concept  and 
differentiate it from other concepts, explaining the conceptual content that a given term conveys 
[21, 42].

Definitions  generated  by  or  with  the  help  of  LLM  applications  may  appear  linguistically 
plausible  yet  may  fail  to  meet  terminological  quality  requirements.  To  avoid  the  uncritical  
acceptance of AI-generated content, criteria for evaluating definitions must be defined when LLMs 
are used. Building on previous research on quality control ([12, 43, 44, 45, 46, 47]) and considering 
that definitions should comply with relevant literature and ISO standards, we can distinguish three 
different types of criteria: content-related, linguistic, and formal. 

These criteria are illustrated with concrete example tasks to clarify the required interventions.  
Their ordering reflects the human–AI continuum in terms of increasing automatability: content-
related criteria require strong human oversight because they demand domain-specific knowledge, 
critical  domain  judgment,  and  explicit  human accountability  for  the  final  definition;  linguistic 
criteria allow for intermediate levels of human oversight or human–AI collaboration, and formal 
criteria can be assessed with limited human oversight and a higher degree of automation. 

4.2.1. Content-related criteria

Content-related criteria are the most critical in evaluating definitions, as they focus on what is 
defined  rather  than  how  it  is  phrased  (linguistic)  or  how  it  is  stored  (formal).  They  assess 
conceptual accuracy and domain validity, requiring strong human oversight along the human–AI 
continuum. Key aspects include:

 Conceptual accuracy: a definition must correctly and appropriately describe the concept 
with respect to its domain or, in the case of legal terminology, the relevant legal system. 
This  is  due  to  the  system-boundness  of  legal  language  [48,  49]  and  applies  even  in 
pluricentric languages (e.g.,  English,  German).  For example,  the British legal concept of 
“parental  responsibility”,  defined  as  “all  the  rights,  duties,  powers,  responsibilities  and 



authority which by law a parent of a child has in relation to the child and his [or her] 
property”  [50],  corresponds  to  distinct  designations  in  German depending  on  the  legal 
system:  Obsorge in  Austria,  elterliche  Sorge in  Germany and  Switzerland,  and  elterliche 
Verantwortung in South Tyrol [51, 52].

 Identification of  genus proximum and  differentiae specificae:  according to ISO 704 
[21], intensional definitions should begin with the immediate superordinate concept (genus 
proximum)  followed  by  the  delimiting  characteristics  (differentiae  specificae).  This 
definitional format is inherently concise, as it requires selecting only those characteristics 
that are essential to situate the concept within the concept system (e.g., a table is a type of  
furniture). In high-stakes domains such as law, this requirement for conciseness makes the 
careful  identification of  delimiting characteristics  particularly critical.  However,  in such 
domains, conciseness may need to be subordinated to the completeness of legally binding 
characteristics of the definition. This process,  if  conciseness is  applied too rigidly,  risks 
becoming arbitrary and may result in incomplete or misleading definitions. Consider for 
example the definition of “personal data” according to the EU regulation 2016/679 (GDPR) 
[53]:  “any  information  relating  to  an  identified  or  identifiable  natural  person  (‘data 
subject’); an identifiable natural person is one who can be identified, directly or indirectly,  
in particular by reference to an identifier such as a name, an identification number, location 
data, an online identifier or to one or more factors specific to the physical, physiological,  
genetic,  mental,  economic,  cultural  or social  identity of  that  natural  person”.  A concise 
rewording of  this  definition could  be  “information that  identifies  a  person or  allows a 
person to be identified”.  However,  as can be seen,  such a reformulation would exclude 
several characteristics that the legislator considers essential. Notably, it does not explicitly 
address  indirect  identification and therefore  risks  being interpreted  as  limited  to  direct 
identification only. Moreover, the legal definition refers to “any information relating to an 
identified  or  identifiable  natural  person”.  From  this  perspective,  the  formulation 
“information that identifies a person” is restrictive and does not fully reflect the scope of the 
legal concept.

 Domain  specificity:  concepts  must  be  defined  according  to  their  specific  domain. 
Homonymy may occur even within the same domain, notably across different subdomains, 
making precise domain identification necessary.  For instance,  the Italian term  atto may 
refer  to  a  document  or  to  an  action,  depending  on  whether  it  is  used  in  civil  and  
administrative law or in criminal law [52]. Correct identification of the relevant subdomain 
and the corresponding definition is  also crucial  for  selecting appropriate equivalents  in 
other languages, as atto corresponds to different terms in German or English depending on 
the legal subdomain.

 Context sensitivity: the context must be considered in the drafting of definitions. In the 
legal domain, for example, the degree of specificity of a definition may vary depending on 
the  category  of  the  legal  source  (legislation,  legal  doctrine,  case  law).  Consequently, 
definitions  should  be  evaluated  in  relation  to  their  intended  context  to  ensure  an 
appropriate level of granularity. 

 Non-circularity:  a  definition must avoid explaining a concept by directly or indirectly 
referring to  the same concept.  Circular  definitions  such as  “a  teacher  is  a  person who 
teaches” fail to provide explanatory value and undermine terminological clarity.

 Currency: this concerns both the content of the definition and the designations used to 
define the concept. In domains such as law, concepts may change over time. Designations 
may also change—even when the underlying concept remains stable. For example, in 2004, 
an Italian legislative decree (Legislative Decree No. 59/2004, [54]) changed the designation 
from  scuola  elementare to  scuola  primaria,  while  the  concept  itself  remained  the  same 
(“elementary school”).  Definitions and designations must  therefore be verified to reflect 
current legislation, standards, usage, or technology.



 Sources:  definitions should be documented by reliable, authentic, and traceable sources.  
However, as Heinisch (2025) [10] points out, LLMs may draw on information that does not 
originate from the relevant domain, may be outdated, artificially generated, or difficult to 
trace, and may therefore fail to fit the intended purpose or context.

4.2.2. Linguistic criteria

These criteria concern the linguistic aspects of definitions (cf. [43]), and are focused on surface 
formulation  (e.g.,  avoiding  homonyms,  colloquialisms,  stigmatizing  adjectives)  rather  than  the 
concept  level.  They  address,  for  example,  spelling  checks,  the  identification  of  typos  and 
grammatical errors, and the verification of linguistic quality (including the use of unambiguous 
terms,  a  neutral  and  concise  tone),  and  the  absence  of  unnecessary  examples,  extraneous 
information,  or  biased  elements.  Linguistic  criteria  also  cover  style  and  consistency  so  that 
definitions remain easy to compare, validate, translate, and reuse across the termbase and other 
applications. This includes using a consistent definition pattern across entries (e.g., “X is a type of Y 
that…”), avoiding hedging—such as the use of modal markers like  generally or  typically—when a 
strict definitional statement is required, and keeping definitions concise by removing verbosity and 
redundancy. In addition, they encompass compliance with the definition format conventions at the 
level of linguistic realization: an intensional definition should begin with the immediate generic  
concept and avoid introductory formulas such as “According to the Criminal Code, a crime is…” 
[21]. 

LLMs  can  aid  linguistic  checks  by  detecting  errors,  ambiguities,  and  suggesting  revisions. 
Human oversight ranges from minimal for automatable tasks to strong for ensuring accuracy and 
terminological compliance.

4.2.3. Formal criteria

These criteria concern ensuring that all formal rules have been respected [43], such as the correct  
placement of definitions within the termbase, namely assignment to the appropriate data category 
and level (e.g., concept level or language level, depending on the termbase structure). They also 
include verifying that the definition is present and the sources are recorded correctly and, where 
applicable, checking that hyperlinks are still active. In addition, formal criteria cover the detection 
of technical issues such as embedded hard-line breaks in definition fields, which may result from 
copy-and-paste operations from web sources [47].

The evaluation of formal criteria can be largely supported by LLMs, as these applications can 
help  verify  the  presence,  placement,  and  basic  formatting  of  definitions  in  accordance  with 
predefined rules (e.g., internal guidelines). Such tasks are typically repetitive and routine, making 
them particularly suitable for LLM-assisted processing. Human oversight is therefore required but  
remains limited. Terminologists, however, are responsible for defining the formal requirements, 
such as where definitions should be placed, during the termbase design and data modeling phase.

5. Discussion and future work

This  paper  examined  how  term  extraction  and  concept  definition,  two  core  activities  in 
terminology management, should be evaluated when supported by GenAI, particularly LLMs. The 
underlying principle is that automation in terminology work cannot be evaluated solely by speed, 
fluency, or generic performance, but must also be judged on its ability to produce reliable, concept-
oriented,  quality-controlled  resources.  The  proposed  criteria  draw  on  terminology  standards, 
practices, and recent evaluations of extraction, explanation, and definition generation in specialized 
domains.

One  of  our  main  conclusions  is  that  term  extraction  and  definition  generation  occupy 
structurally  distinct  positions  along  the  human–AI  continuum.  This  reflects  not  only  their 
cognitive demands, but also the nature of their failure modes and the associated costs of correction. 



Term extraction—particularly when framed as candidate identification and ranking from a bounded 
corpus—exhibits a relatively high degree of automatable regularity. Its outputs can be evaluated 
using  established  techniques  such  as  boundary  accuracy,  precision/recall,  ranking  quality,  and 
evidence-based  review  support.  In  this  setting,  LLMs  can  be  useful  as  term  extractors  when 
integrated  under  strict  constraints,  including  closed-world  compliance  and  reproducibility  via 
corpus attestations. When these conditions are met, human oversight can reasonably be limited to 
validation and curation decisions, consistent with a collaborative workflow or, in some low-risk 
scenarios, a more AI-driven governance model.  However, we also highlight that LLM-mediated 
extraction introduces issues like prompt sensitivity, instability across runs, and the risk of invented 
candidates, that are less prominent in traditional ATE pipelines and therefore must be treated as  
specific evaluation dimensions rather than as secondary implementation details.

By contrast, definition generation is not simply more difficult, but different in kind, because it 
aims at producing a terminological definition: a controlled statement that defines a concept in a 
domain, ideally situating it within a concept system through superordinate concepts and delimiting 
characteristics. This raises requirements that cannot be satisfied by fluency alone. A definition that  
reads  well  may  still  be  inadequate  if  it  is  ungrounded,  conceptually  misaligned,  circular,  or  
inconsistent with neighboring concepts.  Therefore,  we argue that conceptual  accuracy,  domain 
correctness, grounding and traceability, as well as terminological usability, should be fundamental 
criteria in the evaluation. In practice,  this positions definition generation closer to the human-
driven end of the continuum that is,  to settings in which humans retain responsibility for key 
decisions  and oversight:  even when LLMs are helpful  for  drafting,  paraphrasing,  or  proposing 
intensional formulations, the role of the human terminologist is not reduced to surface validation 
but  remains  central  to  conceptual  decisions,  quality  assurance,  and  accountability.  If  term 
extraction  can,  under  controlled  conditions,  approximate  a  repetitive,  structure-preserving 
automation problem, definition generation remains a concept-sensitive knowledge task, in which 
the system’s persuasive natural  language output can mask errors that are costly to detect and 
correct.

A second conclusion concerns how “evaluation” must be understood in LLM-assisted and LLM-
driven terminology workflows. Evaluation criteria should be explicitly linked to usage mode and 
governance: the same system behavior may be acceptable in a suggestion workflow with strong 
human oversight,  but  unacceptable  in  autonomous termbase population.  Consequently,  criteria 
such as traceability, reproducibility, and closed-world adherence are not optional refinements; they 
determine whether an output can enter a termbase as a trusted and verifiable resource or must  
remain a simple drafting aid. This governance-aware perspective also provides a practical response 
to the current LLM adoption wave: rather than framing the question as whether LLMs should or 
should not be used in terminology management,  we suggest that LLMs should be components 
whose admissible role varies by task, risk level, and the degree to which outputs can be grounded.

The proposed evaluation criteria are intended to be actionable. Although they have not yet been 
empirically  validated,  they  are  conceived  as  a  theoretically  grounded  framework  to  be 
operationalized and tested in future pilot  studies and user-centered evaluations,  particularly to 
assess usability and integration into expert workflows. They translate the conceptual commitments 
of  terminology  work  into  operational  checks  that  can  be  applied  in  evaluation  protocols  or  
embedded  in  tools  as  quality  controls.  At  the  same  time,  the  field  lacks  sufficiently  mature,  
terminology-native evaluation resources for concept definition generation, and the gap between 
existing  NLP  definition-generation  benchmarks  and  terminological  definition  requirements 
remains  substantial.  This  motivates  a  final,  forward-looking  implication:  future  work  should 
prioritize evaluation designs that reflect terminology management as a lifecycle practice, not as  
isolated  NLP tasks,  and that  operationalize  concept  orientation through structured constraints, 
evidence linking, and curator-centered measures such as correction effort and decision confidence.  
In this sense, the human–AI continuum is not just a framing but an evaluative instrument: it forces 
the community to articulate what can be safely delegated to automation, under what controls, and 



with what accountability, while preserving the integrity of terminology resources as dependable 
infrastructures for specialized communication.
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