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Abstract
The outbreak of the Russia-Ukraine war was followed by a rapid increase in drone-related 
terminology in the Georgian language. However, these terms remain absent from exist-
ing bilingual and encyclopedic Georgian military dictionaries to date. This paper explores 
whether Generative AI tools can be integrated into the terminological workflow, particu-
larly to streamline the process of crafting draft definitions for Georgian military neoterms. 
For this, 10 drone-related multiword terminological neologisms were selected from Geor-
gian comparable corpora, MiliCorpKa, consisting of analytical blog materials regarding the 
Russia-Ukraine war. Next, draft definitions were generated with five LLMs (ChatGPT, Grok, 
Claude, Gemini, DeepSeek) using two prompting strategies: a so-called basic prompt and an 
ISO-based prompt. The outputs were assessed against a self-developed evaluation scheme. 
Preliminary results of this study emphasize the importance of fine-tuning prompts and the 
differences in effectiveness among 5 models for creating definitions in Georgian. The results 
of this exploratory, qualitative research offer a glimpse of the extent to which Generative 
AI Chatbots can be a helpful tool for post-editing terminological work and for creating draft 
definitions for low-resourced languages, such as Georgian.
Keywords: LLMs; GenAI; Georgian military neoterms; draft definitions; Russia-Ukraine war

1 Introduction 
Given the central role of technological innovation in contemporary armed conflicts, it is not 
surprising that these developments are accompanied by linguistic change, manifested in 
the creation of new terms and the revival of previously unrecorded ones (Georgieva 2015: 
42; Struk, Semiginovskaya & Sitko 2022). The outbreak of the Russia-Ukraine war, which has 
already been assessed as new generation warfare by military experts (Sorge 2023), caused 
a rapid influx of drone-related terminology into the Georgian military language.
Although drone-related terminology is well-established and recorded in English termino-
logical resources, this is not the case for Georgian specialized dictionaries. The preliminary 
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analysis of the Georgian military term დრონი / droni (‘drone’) in existing Georgian military 
dictionaries (2009, 2017) and in Georgian general-language corpora revealed its absence 
in lexicographic resources and its recent emergence in the latter1. Based on these facts, 
drone-related military terms can be considered candidates of Georgian Neoterms, new ter-
minological units “specifically coined for a given general concept” (Cabre 1999: 205; ISO 
1087 2019).
Given the absence of drone-related terms in Georgian military terminology and the impor-
tance of the ongoing conflict for Georgia within the framework of NATO partnership, it is 
crucial to analyze, define, and document these terms in updated versions of military dic-
tionaries. One of the essential components of terminological entries is definitions. Howev-
er, the process of their crafting can be laborious and time-consuming (San Martin 2024: 1). 
Recently, Generative AI (GenAI), with ChatGPT and other large language models (LLMs) 
under the spotlight of public and academic interest, has been assessed as a potential game-
changer for many professionals, including linguists. A growing body of literature focusing on 
employing GenAI tools, such as Chatbots, for various lexicographic and terminological tasks 
(Lew 2023; Trap-Jensen 2024; Sabanés & Cunha 2025) has opened the possibility of inte-
grating LLMs into lexicographic/terminological workflows. According to Trap-Jensen (2024: 
30), the majority of researchers agree that “ChatGPT is doing a fine job as a defining lexicog-
rapher”. The following statement is further supported by San Martin (2024), who proposes 
ways to use ChatGPT to craft draft terminological definitions. According to him, GenAI tools 
especially those powered by LLMs, can be linguistically promising and with varying degrees 
of reliability can reduce time and effort needed for creating terminological definitions (San 
Martin 2024: 1). Therefore, they have the potential of changing the existing terminological 
workflow and heralding the beginning of new age of post-editing or AI-assisted terminog-
raphy (San Martin 2024: 4). 
Despite a growing body of scientific papers mainly dedicated to applying LLMs, particularly 
ChatGPT, to lexicographic/terminological tasks in English (de Schryver 2023; Nunzio, Gal-
lina, & Vezzani 2024; Heinisch 2025; de Schryver 2025), research on applying GenAI tools 
to Georgian is thin on the ground. This topic has only recently begun to attract scholarly 
interest, namely, 3 papers were presented at the II International Conference Lexicography 
in the XXI Century (Lomidze 2025; Chighladze 2025; Mchedlishvili 2025). This paper expands 
on the talk presented during the above-mentioned conference (Mchedlishvili 2025). It aims 
to evaluate the effectiveness of large language models in crafting draft definitions for Geor-
gian drone-related military neologisms by comparing outputs from 5 freely available LLMs 
(ChatGPT 5.0, Gemini 2.5 Flesh, DeepSeek V3-1, Grok 3.0 Fast, Claude Sonnet 4.0) and 2 
prompting strategies (basic prompt vs. ISO-based prompt). Additionally, their potential as a 
support tool for crafting draft definitions and evaluating the role of the human editors will 
be further explored.
Chapter 2 presents a brief overview of AI-assisted lexicography and terminography, with 
a key focus on crafting definitions. In the 3rd chapter, the methodology adopted for this 

1	 Available at: http://aranea.juls.savba.sk/aranea/run.cgi/rst?corpname=AranGeor&reload=1[ac
cessed 17/02/2026]
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study is discussed, while chapter 4 presents results and interpretations per-prompt and 
per-model. Finally, the article concludes by summarizing the findings, discussing the limita-
tions of the current study, and suggesting future directions.

2 AI in Lexicography and Terminography: a Brief Overview
As de Schryver (2023: 358) states: “Lexicographers have always been at the forefront of 
dreaming up ways to harness the latest technology in order to compile better dictionaries”. 
Starting from building a corpus to applying various corpus-based methods for linguistic 
analysis, lexicographers contemplated whether the full automation of dictionary compila-
tion without further human assistance is possible (Rundell & Kilgariff 2011). It should be 
noted that the field of artificial intelligence, alongside its subfield natural language proce
ssing, has been well-established and is not a novelty for the field of lexicography. However, 
recent developments, particularly the public availability of AI chatbots, so-called LLMs, 
have led to a renewed interest in exploring ways to use new technology to the benefit of 
scientific disciplines.
OpenAI launched ChatGPT in November 2022, and since then, other companies, includ-
ing xAI, Anthropic, and Google, have rapidly entered the field with their own generative AI 
models. Nowadays, various models, such as Gemini (Google), GPT (OpenAI), Claude (An-
thropic), DeepSeek (High-Flyer), Grok (xAI),  Qwen (Alibaba), Gemma (Google), and others, 
have become widely available not only for domain experts but also for laypeople. After the 
lecture given by Gilles-Maurice de Schryver (de Schryver and Joffe 2023) in Tokyo, the Cen-
ter for Open Data in the Humanities (CODH) in February 2023 titled “The End of Lexicogra-
phy, Welcome to the Machine”, the study of GenAI has gained momentum.
The first scientific articles dedicated to exploring the application of LLMs, particularly fo-
cused on the usage of ChatGPT as an innovative linguistic tool (de Schryver 2023; Lew 
2023). In his review paper, de Schryver (2023) critically overviews the existing 10 papers 
on the usage of ChatGPT. The author points out that although views vary, and concerns to-
wards this technology are present, “one should jump on the wagon and use the technology, 
to free up time for us humans to do more useful things” (de Schryver 2023: 361). He further 
claims that in-the-flesh lexicographers are still crucial for the lexicographic process, though, 
human intervention is better to be saved for the so-called vetting stage (de Schryver 2023: 
361). This view is supported by follow-up studies (Barret 2023, as cited by de Schryver 2023: 
361; San Martin 2024; Heinisch 2025) requiring human involvement both in the beginning 
to create an optimal prompt and at the end, to review and refine output.
Notwithstanding varying views and uncertainties around LLMs, they have been successfully 
applied to different lexicographic tasks, including but not limited to generating headword 
lists, illustrative examples, equivalents in target languages, and sense division (Jakubíček & 
Rundell 2023; Lew 2023; Trap Jensen 2024; de Schryver 2025). Another topic that has been 
in the limelight of academic interest is the creation of definitions (McKean & Fitzgerald 
2023, as cited by de Schryver 2023: 369; Lew 2023; Rundell 2023; Trap-Jensen 2024). Al-
though results vary, Trap Jensen (2024: 30) states that most researchers agree that ChatGPT 
is capable of crafting concise, eloquent definitions that require minimal lexicographic scru-
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tiny at the post-editing stage. The results can be further enhanced by feeding specific illus-
trative examples, whole corpora, or specifying and refining prompts (Barret 2023, as cited 
by de Schryver 2023: 362; McKean & Fitzgerald 2023, as cited by de Schryver 2023: 369).
Although the advantages of using LLMs, including user-friendliness, quick access, and po-
tentially lightening the load of lexicographic work, are hard to overlook, scholars indicate 
important limitations to applying new technology. Among these disadvantages, one of the 
most important ones is the lack of reliability and replicability (Trap-Jensen 2024: 35). The 
absence of information regarding sources and constant evolution of the existing models, 
which in turn, results in different outputs, can be deemed as a deal-breaker for scientific 
research (Rundell 2023; Trap-Jensen 2024). Additionally, the same prompts can generate 
completely different answers that decrease inter-agreement and comparability of scientific 
results (Trap-Jensen 2024). Moreover, the enthusiasm for applying LLMs to lexicographic 
tasks in English cannot be carried over to other languages, especially low-resourced or en-
dangered ones (Trap-Jensen 2024: 35; de Schryver 2025: 397). The fact that over 90% of the 
training data is in English creates bias, and all the prompts given in any other language are 
answered via English (de Schryver 2023: 370). Thus, it is too soon or overly enthusiastic to 
predict “heralding the end of lexicography” (de Schryver 2023: 356).
Similar tendencies toward integrating AI in the workflow have been observed in termino
logy. Likewise, terminologists started to apply with different levels of efficacy GenAI tools to 
various terminological tasks, including term coinage, term extraction, generation of equiv-
alents, terminological variants, definitions, building concept systems, etc. (Łukasik 2023; 
Nunzio, Gallina & Vezzani 2024; Sabanes & Da Cunha 2025; Heinisch 2025). Similar to lexi-
cographic practice, the same views persist regarding human participation (Heinisch 2025; 
Sabanes & Da Cunha 2025). Henisch (2025: 68) points out the importance of terminologists’ 
expertise in LLM literacy to “assess whether an LLM is suitable for a particular terminology 
task, domain, or language”. Moreover, the restrictions in terms of languages are particularly 
evident when it comes to terminological work. As Henisch (2025: 76) states: “hallucinations 
are more likely in niche domains, rapidly developing domains, or newly emerging domains, 
as not all current data can be present during training of the model”. Along the same line, 
Łukasik (2023) in his research on the low-resource Kashubian language notes that ChatGPT’s 
performance is significantly worse compared to traditional, corpus-based methodology.
It is noteworthy that the creation of terminological definitions has been under the spotlight 
of terminologists, too (San Martin 2024; Nunzio, Gallina, & Vezzani 2024; Heinisch 2025). In 
his paper, San Martin (2024) presents various methods for the crafting and refinement of 
useful prompts for generating definitions. Some of his chosen techniques include simple, 
basic questions that yield encyclopedic definitions as well as more fine-tuned approaches. 
For instance, preparing definitional templates, specifying the type of terminological defini-
tions needed, for example intensional definitions (Nunzio, Gallina & Vezzani 2024: 3232), 
feeding illustrative contexts from corpora that are especially helpful in new or emerging 
domains due to the lack of training data (San Martin 2024; Heinisch 2025: 71). Notwith-
standing the existing challenges, the authors agree upon the inevitability of adopting LLMs 
into terminological tasks as the “distinction between human-created and AI-created con-
tent will become increasingly blurred” (San Martin 2024: 7). One thing remains unchanged, 



Ketevan Mchedlishvili 

84

the necessity of human editor involvement and assigning the role of assisting tool to GenAI 
(Łukasik 2023; San Martin 2024; Heinisch 2025).
The studies reviewed here so far indicate that “a new age, that of the successful application 
of generative AI in lexicography, has dawned” (de Schryver 2023: 355). Thus, in view of all 
that has been mentioned, it is crucial to scientifically analyze the potential of integrating 
GenAI tools into Georgian lexicographic/terminological work. In this paper, my main ques-
tions of interest are:
1. How do different freely available LLMs (ChatGPT, Grok, Claude, Gemini, DeepSeek) vary 
in their abilities to generate accurate, contextually appropriate draft definitions for drone-
related Georgian military neologisms?
2. How do different prompts (basic, ISO-based) influence the quality, precision, and termi-
nological adequacy of crafted definitions?
3. What are the advantages and disadvantages of using specific LLM models for creating 
draft definitions in Georgian?
4. What is the role of a human editor in assessing, refining, and validating generated defini-
tions?
To answer these questions, I will discuss the methodology adopted for this study and fur-
ther explain results per-prompt and per-model in the subsequent chapters.

3 Methodology
This exploratory, qualitative study uses a multistage methodology, including (1) using Geor-
gian specialized comparable corpora (MiliCorpKa) to extract modern Georgian military 
multiword terms; (2) employing corpus-based methods (keywords, collocation and con-
cordance analysis) for the semi-automatic extraction of the multiword terminology; (3) de-
fining and adopting criteria for the concept of terminological neologism; (4) selecting 10 
drone-related neoterms for the case study; (5) choosing 5 freely available LLMs for evalu-
ating their effectiveness to generate draft definitions; (6) creating two prompts, namely 
a basic one, and ISO-based for further analysis; (7) developing evaluation scheme for the 
generated outputs.
The first stage of analysis was based on the English and Georgian military comparable 
corpora (MiliCorpEng, MiliCorpKa) previously compiled within the framework of PhD re-
search (Mchedlishvili 2024: 247; Mchedlishvili 2025: 112). The Georgian corpus consisted 
of 426,362 tokens, 53,405 types, 9 sources related to military-analytical blog materials cov-
ering the Russia-Ukraine war. Within the framework of a PhD dissertation, using the #Lanc-
sbox6.0 (Brezina et al. 2021) software tool and employing contrastive collocation analysis 
(Vicente 2012; Ďurčo 2020; Cabezas-García 2024) 27 drone-related English-Georgian multi-
word terms were extracted. 
At the next stage, the Georgian terms were further analyzed to determine whether they 
could be considered Georgian terminological neologisms i.e. neoterms candidates. For this 
purpose, we followed Cabre’s (1999: 205) approach, namely their absence from existing 
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Georgian military encyclopedic dictionary (2017) and English-Georgian military dictiona
ries (2009, 2017) coupled with the criteria of their recent emergence. In order to check the 
latter one, we used two Georgian general language corpora: KaWak2, which includes texts 
up to 2013, and Aranea3, a Georgian comparable general language corpus that consists of 
texts crawled from 2014 onwards, including the latest 2023-2024 crawl covering the Russia-
Ukraine war. The absence from the dictionaries, combined with the presence of termino-
logical units in Aranea, was considered a strong indicator of terminological neologisms. The 
analysis revealed that all Georgian drone-related terms emerged mostly after 2018. For 
this case study, 10 drone-related Georgian multiword terms were randomly selected (see 
Figure 1).

Figure 1: selected terminological neologisms for the case study.

The next step involved selecting freely available LLM versions operating in the Georgian 
language. Given that underlying models evolve rapidly, it is important to mention that ex-
periments related to this study were conducted between September 2025 and October 
2025, particularly with these models: ChatGPT 5.0,4 Gemini 2.5 Flesh,5 DeepSeek V3-1,6 
Grok 3.0 Fast7, Claude Sonnet 4.0.8 Following San Martin (2024), two prompting strategies 
were selected. The first one was the so-called basic prompt which only involved asking to 
define a particular term. The second one was named ISO-based prompt in which it was 
specified that the terminological definition style should follow ISO-704 Standard (2022) for 

2	 Available at: https://cqpweb.lancs.ac.uk/kawac200mw [accessed: 20/02/2026]

3	 Available at: http://aranea.juls.savba.sk/aranea [accessed 20/02/2026]

4	 https://chatgpt.com [accessed 20/02/2026]

5	 https://gemini.google.com/app [accessed 20/02/2026]

6	 https://www.deepseek.com [accessed 20/02/2026]

7	 https://grok.com [accessed 20/02/2026]

8	 https://claude.ai [accessed 20/02/2026]
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intensional definitions, and include a generic concept as well as differentiating criteria. All 
instructions were written and asked in Georgian. Accordingly, outputs were provided in the 
Georgian language. Definitions for both prompts were generated in multiple independent 
sessions in September 2025 using the web interface of the above-mentioned models. Table 
1 below shows the exact formulation of the prompts in the original Georgian version, with 
an English translation provided.

Prompt type Georgian Instruction English translation

Basic prompt შექმენი ქართული სამხედრო 
ტერმინის [კამიკაძე დრონი] 
ტერმინოლოგიური განმარტება

Generate terminological definition 
for the Georgian military term 
[კამიკაძე დრონი / kamikadze 
droni (Kamikaze drone)]

ISO-704 Based ISO-704 სტანდარტის მიხედვით, 
შექმენი ქართული სამხედრო 
ტერმინისთვის [კამიკაძე დრონი] 
შინაარსის დამაზუსტებელი 
დეფინიცია (intensional 
definition). ტერმინოლოგიური 
დეფინიცია უნდა შეიცავდეს 
გვარ-სახეობით მიმართებას: 
უშუალო გვარეობით ცნებასა და 
გამმიჯნავ მახასიათებლებს

Craft an intensional definition 
of the Georgian military term 
[კამიკაძე დრონი / kamikadze 
droni (Kamikaze drone)] based 
on the ISO-704 standard. The 
terminological definition must 
include generic relation: a generic 
concept (superordinate) and 
delimiting characteristics

Table 1: Basic and ISO-704 based prompts in Georgian with English translation.

To evaluate the outputs, a self-developed scheme was designed. The process was carried 
out in a Microsoft Excel worksheet. In each case, a 3-point scale was used for both prompts 
for the 2 main criteria. The first one was named terminological and structural consistency 
(TSC) with the following specifications for assigning points: (3 points good) - fully struc-
tured, genus and differentiating features present; terminology precise and consistent; (2 
points partial) - some structural elements present, minor encyclopedic information and re-
dundancy; some terms correct but minor errors or inconsistencies remain; (1 point poor)  – 
definition lacks ISO structure, genus, or differentiating features; terminology is incorrect or 
inconsistent. The second one was named content accuracy (CA) with the following scores: 
(3 points good) – fully accurate, facts correct, matches military context; (2 points – par-
tial) - mostly accurate, minor factual/contextual errors; (1 point – poor) - incorrect facts or 
concept misinterpreted. In addition, special codes were designed to indicate error types in 
generated definitions: O (omission of essential characteristics), I (inclusion of irrelevant in-
formation), G (genus term missing), V (vague/non-specific language), E (encyclopedic style 
definitions instead of terminological). The average TSC and CA scores were calculated for all 
10 terms under analysis, per-model and per-prompt (See Figure 2). 
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Figure 2: extract of assessment from Microsoft Excel worksheet.

4 Results and Discussions
This chapter presents the results obtained from the outputs generated in response to in-
dividual prompts and offers an interpretation of the findings. It further examines the ad-
vantages and limitations of using these models in Georgian. Finally, it analyzes the role and 
extent of human editors’ contribution to AI-assisted terminological work.

4.1 Basic Prompt – general assessment
As mentioned before, the first two questions in this study sought to determine how effec-
tive the selected 5 LLMs are at generating terminologically and linguistically accurate draft 
definitions of Georgian military terms. Additionally, my point of interest was whether dif-
ferences in prompts can affect the accuracy and terminological adequacy of the generated 
draft definitions.
For the basic prompt, each model was asked to define the selected Georgian drone-related 
neologisms (see Table 1 above). Table 2 below presents the general assessment of the cu-
mulative average TSC and CA scores across all 10 terms. Although in this subchapter only 
several representative examples are discussed per-model, the same procedure was applied 
to the analysis of all selected terms.

Model Average TSC Average CA General errors

ChatGPT 5.0 2,1 3 E, I

Claude Sonnet 4.0 2,6 3 E

Gemini Flesh 2.5 2,1 3 E, I

Grok 3.0 Fast 2,1 3 E, I

DeepSeek V3-1 1,6 2,7 E, I, O

Table 2: Average scores per model with basic prompt.
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As shown in Table 2 above, although content accuracy was generally acceptable across 
all models, the average terminological and structural consistency varied. Further analysis 
showed that, for a basic prompt, all LLMs tended to generate more encyclopedic than ter-
minological definitions, resembling those of explanatory articles. Moreover, the main ten-
dency observed in terms of typical errors was the inclusion of lots of irrelevant information, 
for instance, the detailed list of all types of suicide drones, or operations in which they were 
used (see Figure 3 below). What is striking about the data in this table is that the DeepSeek 
model in particular, occasionally (3 terms out of 10 terms) missed a generic concept and 
delimiting characteristics. Notwithstanding differences in average scores across LLMs, the 
syntactic and morphological errors in all outputs in Georgian were persistent. Figure 3 be-
low illustrates examples of the generated draft definitions for the neoterm kamikaze drone 
of the Claude which had the highest average TSC score, and DeepSeek which had the worst 
result among others. 

Figure 3: illustrative examples of draft definitions generated by Claude and DeepSeek.

In these illustrative examples, even the best average scoring model made lots of mistakes 
in terms of using correct Georgian terminology, explaining kamikaze drone as პილოტის 
გარეშე საჰაერო ხომალდი/p’ilot’is gareshe sahaero khomaldi (‘pilotless aerial ve-
hicle’), or explaining that targets are being destroyed by self-kissing (თვითდაკოცნით/
tvitdak’otsnit), rather than self-destruction. As for the DeepSeek model, there is no infor-
mation on the essential characteristic of a kamikaze drone, beyond the vague claim that it is 
a hybrid system that combines features of a guided missile and an unmanned aerial vehicle. 
In this case, the model used unusual and pretty comical equivalent for loitering munitions 
მოჩხუბარი საბრძოლო საშუალება/ mochkhubari sabrdzolo sashualeba (‘fighting muni-
tions’). However, it should be noted that none of the models could provide or coin a correct 
equivalent in Georgian for the loitering munitions, possibly because it was absent from the 
training data. 
A closer analysis of illustrative examples revealed that the use of a basic prompt without 
further specifications yields very long, verbose, encyclopedic explanations. Thus, it increa
ses the terminologists’ post-editing burden. This finding is consistent with that of San Mar-
tin (2024: 5) where he highlights that giving specific instructions provides better results in 
terms of crafting terminological, rather than encyclopedic definitions. Additionally, limita-
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tions of all these models in terms of handling the generation of the definitions in Georgian 
accords with earlier observations made by Trap-Jensen (2024: 35) and Henisch (2025: 76), 
the lack of training data in Georgian, or the fact that some terms are emerging cause termi-
nological errors. For instance, DeepSeek’s worst performance may be caused by less mate-
rial available to the Chinese LLM for Georgian.

4.2 ISO-704 based prompt – general assessment
If we now turn to the ISO-704-based prompt, each model was instructed to provide an in-
tensional terminological definition and it was further specified to include generic concept 
and essential characteristics of the concept. The most significant finding compared to basic 
prompt results was the generation of generally shorter targeted terminological definitions 
that better aligned with terminological expectations. However, the effect of using an ISO-
based prompt was model-dependent. As shown in Table 3 below, the average TSC and CA 
scores improved significantly for ChatGPT and Grok. 

Model Average TSC Average CA General errors

ChatGPT 5.0 2,8 3 syntactic, morphological 
errors

Claude Sonnet 4.0 2,6 3 V 

Gemini Flesh 2.5 2,1 3 O, V, syntactic errors

Grok 3.0 Fast 2,1 3 minor syntactic, mor-
phological errors

DeepSeek V3-1 1,6 2,7 incorrect terminology, 
incorrect grammar

Table 3: Average scores per model with ISO-704 based prompt

A closer analysis of the generated outputs revealed that ChatGPT and Grok produced con-
cise, accurate, terminologically acceptable definitions that had a clear structure consisting 
of a generic concept and delimiting characteristics. The results for Gemini and DeepSeek 
remained largely unchanged, still struggling with correct terminology and, occasionally the 
definitions crafted in Georgian were hard to grasp. Claude showed the most unexpected 
performance, in 4/10 terms definitions became vaguer and less clear than those produced 
by basic prompt. Claude’s performance might be caused by the model’s general knowledge 
of what an intensional definition is, and by suggesting broader phrasing for a generic con-
cept and delimiting characteristics. This finding is in line with prior research by San Martin 
(2024: 5), suggesting that, at times, for greater clarity, models perform better when pro-
vided with context or definitional templates rather than simply being instructed to gener-
ate intensional definitions. Figure 4 below illustrates comparative examples: the ChatGPT 
model performed better, and the Claude model’s definitions became vaguer.
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Figure 4: basic prompt vs. ISO-based prompt generated by ChatGPT and Claude.

These examples (Figure 4) indicate that when it comes to ChatGPT, a long encyclopedic-
style definition that contains information about types of operations and models transforms 
into a terminological one with an ISO-based prompt. In this instance, for the term swarm 
drone we have a clearly defined generic concept – unmanned aerial vehicle, and a delimit-
ing characteristic – coordinated work. As for the Claude Sonnet model, the basic prompt 
definition is more specified, explaining that the suicide drone is being destroyed after physi-
cal collision with the target. On the other hand, in the ISO-based definition we have a vagu-
er phrasing that a suicide drone is cancelling a target by self-destruction, without explaining 
how or what follows this self-destruction. Despite varying model performance, the main 
problem of morphological, syntactic and/or lexical errors persists to varying degrees across 
all models.
The results obtained from the use of the ISO-704-based prompt support the findings of 
other studies in the area of terminological definitions, which claim that specifying the type 
of definition leads to better, more targeted outputs (San Martin 2024; Heinisch 2025; Nun-
zio, Gallina & Vezzani 2024: 3232). On the one hand, the findings highlight the necessity of 
post-editing by a human lexicographer/terminologist as well as the importance of the in-
flesh-terminologist to create and get optimal prompts to get satisfying output (Barret 2023, 
as cited by de Schryver 2023: 362; Heinisch 2025: 68). On the other hand, the sentence 
clumsiness and errors in the Georgian language indicate the bias towards English and the 
fact that all models answer via English, thus, resulting in unnatural sentence structures in 
Georgian (Jakubíček & Rundell 2023; Trap Jensen 2024). 
Finally, if we return to the first two research questions, we can deduce that freely available 
large language models differ in their capacity to generate accurate, terminologically coher-
ent definitions. Their performance is primarily dependent on the correct, detailed prompt 
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given. That is why an ISO-based prompt yields better results when crafting draft termino-
logical definitions. In the following subchapter, I will briefly summarize the advantages and 
limitations of the models tested in this case study. 

4.3 Assessment per-model: a brief summary 
Following the cumulative results of a basic and ISO-704-based template, the tested LLMs 
were assigned the following places in terms of their effectiveness in handling the genera-
tion of draft definitions: 1. ChatGPT 5.0; 2. Grok 3.0 Fast; 3. Claude Sonnet 4.0; 4. Gemini 
Flesh 2.5; 5. DeepSeek V3-1. 
ChatGPT and Grok shared most of the advantages and limitations. Their common strengths 
included considerably strong performance in Georgian, a good response to a more struc-
tured ISO-based prompt, a mainly consistent terminology and lexis. Notably, the most in-
teresting advantage was the minimal human effort required for post-editing in the case of 
an ISO-based prompt. The distinguishing feature of Grok that deserves mention was the 
provision of English equivalents and some Georgian synonyms without specific request, 
which made this information particularly useful. However, this feature was not investigated 
systematically here. As for the common disadvantages, both of them still made occasional 
syntactic and morphological errors in Georgian.
As for the Claude Sonnet 4.0 model, one of the striking features of its output was the accu
racy of its etymological information for Georgian terms. This information was provided right 
away without further request. For example, in the case of the equivalent for swarm drone, 
it was highlighted that the term ხროვა/khrova (‘pack’) alluded by analogy to the same 
semantic category as swarm. It should be noted that this feature was not explored in a 
systematic fashion within this paper. Moreover, this model performed worse with the ISO-
based template, perhaps because it required more nuanced information or templates to 
craft definitions.
The worst performance was given by Gemini Flesh 2.5 and DeepSeek V3-1. The syntactic, 
contextual, and lexical errors were sometimes so abundant that it became hard to grasp 
the terms defined. In the majority of cases, one should resort to crafting definitions from 
scratch rather than putting effort into post-editing the definitions generated by these two 
models.
Based on this general overview and assessment of models, one could claim that ChatGPT 
and Grok are the first LLMs that should come to a lexicographer’s/terminologist’s mind 
for using its assistance. However, it should be mentioned that the main limitation of this 
study is the lack of reproducibility of the results. Because models are non-deterministic, 
the outputs given vary (Trap Jensen 2024: 36). In addition, models are frequently updated. 
Therefore, the results that are true for Gemini 2.5. Flesh are not valid when it comes to, for 
instance, Gemini 3.0 Thinking versions. As a result, findings cannot be generalized across 
systems without specifying prompts and model context.
Consequently, answering the fourth research question whether generated draft definitions 
can be readily used and where a human lexicographer/terminologist stands in this loop 
we should pay attention to the material we have. Even with the best models in this par-
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ticular case study, ChatGPT 5.0 and Grok 3.0 Fast one still needs to validate and linguisti-
cally refine definitions when it comes to an ISO-based prompt. However, with the basic 
prompt, the work becomes time-consuming and laborious. Therefore, this research sup-
ports claims made previously by Barret (2023, de Schryver 2023: 361), San Martin (2024), 
Heinisch (2025) that in-flesh-linguist will still be necessary at both the prompt-creation and, 
especially, the post-editing phase.

5 Conclusions
This paper explores the effectiveness of using LLMs to assist in crafting draft definitions for 
Georgian drone-related terminological neologisms. The case study of the selected 10 terms, 
using two prompting strategies and comparing 5 different models, provided a practical view 
of how to integrate GenAI tools into terminological work. To the best of our knowledge, no 
previous study has conducted a comparative analysis of definitions generated by different 
LLMs, either in general or specifically for Georgian. This study seeks to address that gap by 
examining and comparing the definitions produced by different models in the context of 
Georgian terminography and lexicography.
The findings of this case study, on the one hand, indicate that LLMs can generate usable 
draft definitions for Georgian drone-related terminology, but with significant variation 
across models and with different prompts. On the other hand, the results demonstrated 
that all outputs should be checked and manually refined by terminologists, as Georgian syn-
tax errors persist even in Grok and ChatGPT. Thus, GenAI tools should be assigned the role 
of co-terminologist or AI-assistant, rather than completely replacing human terminologists, 
especially in specialized domains, emerging terms, or low-resource languages.
While this study provides insights into AI-assisted terminological work, it is important to 
acknowledge its limitations. First of all, this case study was carried out on a limited set 
of drone-related terms. The evaluation relied on a self-developed scheme, which was  
assessed by only one person, potentially increasing bias. Additionally, only freely available 
LLMs were used. Paid versions or updated models may yield different results, thereby hin-
dering the replicability of results. 
Notwithstanding the above-mentioned limitations, this study provides two clear contribu-
tions. On the one hand, it makes an applied contribution by drafting terminological defini-
tions for drone-related terminology that will be integrated into the existing multidomain 
English-Georgian dictionary9. On the other hand, it makes a methodological contribution, by 
assessing the effectiveness and potential integration of Generative AI for under-resourced 
languages, such as Georgian, and specialized terminology. This work also fosters the idea 
that chatbots should be used as a supporting tool and not as a replacement for human edi-
tors, since critical evaluation and validation of outputs are essential. 
Future research should focus on a larger set of Georgian terms from different domains, 
particularly those formed using exclusively Georgian resources rather than borrowings or 
structural calques. In addition, it is advisable to have several terminologists to assess the 

9	  Available at: https://multiterm.iliauni.edu.ge (accessed 21.02.2026)
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generated outputs against the existing evaluation scheme, as inter-annotator agreement 
can enhance the validity of the results. Further work may also focus on using different tem-
plates and prompt-generating strategies to yield better outputs. 
Overall, we anticipate that research findings will contribute to the use of large language 
models in assisting with various terminological tasks, particularly in creating draft defini-
tions in the Georgian language.
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