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Περίληψη 
 

Στον δυναμικό τομέα της μηχανικής γνώσης, η ενοποίηση της ανθρώπινης εμπειρίας 
με την υπολογιστική νοημοσύνη, ιδιαίτερα μέσω της συνεργατικής μηχανικής 
οντολογιών (Collaborative Ontology Engineering - COE), αποκτά ολοένα και 
μεγαλύτερη δυναμική. Η παρούσα έρευνα διερευνά τη συνέργεια μεταξύ ανθρώπων 
και Μεγάλων Γλωσσικών Μοντέλων (Large Language Models - LLMs) στην 
προώθηση της μηχανικής οντολογιών για αποστολές Έρευνας και Διάσωσης (Search 
and Rescue - SAR), και πιο συγκεκριμένα για αποστολές κατά τη διάρκεια διαχείρισης 
πυρκαγιών. Οι αποτελεσματικές επιχειρήσεις έρευνας και διάσωσης απαιτούν ταχεία 
πρόσβαση σε καλά οργανωμένη και ακριβή γνώση, ενσωματώνοντας διάφορες πηγές 
δεδομένων, όπως μετεωρολογικές συνθήκες, κατανομή πόρων και λεπτομέρειες 
συμβάντων. Οι οντολογίες διαδραματίζουν καθοριστικό ρόλο σε αυτήν την 
ενσωμάτωση, επιτρέποντας την ενίσχυση της επίγνωσης της κατάστασης και την 
υποστήριξη στη λήψη τεκμηριωμένων και αποτελεσματικών αποφάσεων. Η παρούσα 
εργασία παρουσιάζει τη μεθοδολογία X-HCOME, η οποία επεκτείνει την 
ανθρωποκεντρική συνεργατική μηχανική οντολογιών (HCOME) με την ενσωμάτωση 
εργασιών βασισμένων στα  LLMs. Αυτή η νέα μεθοδολογία οργανώνει μια 
συνεργατική αλληλεπίδραση ανθρώπου και Τεχνητής Νοημοσύνης (ΤΝ), όπου τα 
LLMs δημιουργούν και βελτιώνουν μοντέλα οντολογιών υπό την καθοδήγηση 
ανθρώπων, αξιοποιώντας την ικανότητά τους να εξάγουν μοτίβα γνώσης και να 
αναγνωρίζουν σημασιολογικές σχέσεις από μεγάλα σύνολα δεδομένων. Επιπλέον, η 
ενσωμάτωση των LLMs σε διάφορα επίπεδα συνεργασίας εισάγει ένα νέο πρότυπο στη 
μηχανική οντολογιών. Η προσέγγιση SimX-HCOME χρησιμοποιεί προσομοιώσεις 
ρόλων, επιτρέποντας στα LLMs αυτόνομα να προσομοιώνουν συζητήσεις μεταξύ 
βασικών ρόλων στη διαδικασία της μηχανικής οντολογιών—όπως οι εργάτες γνώσης 
(knowledge workers), οι ειδικοί του πεδίου (domain experts), και οι μηχανικοί γνώσης 
(knowledge engineers) —ενώ διατηρούν τη δυνατότητα ανθρώπινης εποπτείας και 
παρέμβασης όταν απαιτείται. Αυτή η δομημένη εξέλιξη από ανθρωποκεντρικές σε 
πλήρως αυτοματοποιημένες μεθοδολογίες, όπως η Sim-HCOME, αναδεικνύει την 
ικανότητα των LLMs να αναλαμβάνουν ολοένα και μεγαλύτερες ευθύνες στις εργασίες 
μηχανικής οντολογιών. Οι προσομοιώσεις ρόλων πρακτόρων ΤΝ  (AI agents) που 
ενσωματώνονται στη SimX-HCOME βελτιώνουν σημαντικά την αποδοτικότητα της 
διαδικασίας ανάπτυξης, μειώνοντας σημαντικά τον φόρτο και χρόνο εργασίας για τους 
ανθρώπους, διατηρώντας παράλληλα την ποιότητα και την πληρότητα των 
παραγόμενων οντολογιών. Πειραματικές αξιολογήσεις καταδεικνύουν την 
αποτελεσματικότητα των LLMs στη δημιουργία οντολογιών έρευνας και διάσωσης 
που ενισχύουν την ανταπόκριση, την επεκτασιμότητα και την προσαρμοστικότητα σε 
δυναμικά σενάρια έκτακτης ανάγκης. Μέσω συστηματικής αξιολόγησης βασισμένης 
σε δείκτες μέτρησης όπως precision, recall και F1-score, έναντι οντολογιών 
"προτύπων" που αναπτύχθηκαν από ειδικούς, τα αποτελέσματα αναδεικνύουν τη 
δυναμική των LLMs στην επιτάχυνση της ανάπτυξης ολοκληρωμένων και αξιόπιστων 
φορμαλισμών αναπαράστασης της γνώσης ενός συγκεκριμένου πεδίου/αντικειμένου. 
Η παρούσα ΜΔΕ υπογραμμίζει τη μεταμορφωτική δυναμική της συνεργασίας 
ανθρώπινων πρακτόρων (human agents) και πρακτόρων ΤΝ (ΑΙ agents) στη μηχανική 
οντολογίας γενικά, αλλά και πιο συγκεκριμένα/εστιασμένα  στην έρευνα και διάσωση. 
Εξισορροπώντας το σημασιολογικό βάθος που παρέχουν οι ανθρώπινοι πράκτορες με 
την υπολογιστική αποδοτικότητα των πρακτόρων ΤΝ/LLMs, αυτή η έρευνα 
αναδεικνύει την τρέχουσα κατάσταση στην τεχνολογία αιχμής που αφορά την 
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αναπαράσταση γνώσης για την έρευνα και διάσωση, ανοίγοντας τον δρόμο για 
καινοτόμες εφαρμογές που σώζουν ζωές και μετριάζουν τις επιπτώσεις των 
συμβάντων. 
 
Λέξεις-κλειδιά: μεγάλα γλωσσικά μοντέλα, μηχανική οντολογιών, αναπαράσταση 
γνώσης, συνεργατικές μεθοδολογίες, συνεργασία ανθρώπου-μηχανής, έρευνα και 
διάσωση
 

Abstract 

In the dynamic domain of knowledge engineering, the integration of human expertise 
with machine intelligence, particularly through collaborative ontology engineering 
(OE), is gaining momentum. This research explores the synergy between humans and 
Large Language Models (LLMs) in advancing OE for Search and Rescue (SAR) 
missions during wildfire incidents. Effective SAR operations require rapid access to 
well-structured and accurate knowledge, integrating diverse data sources such as 
weather conditions, resource allocation, and incident details. Ontologies play a pivotal 
role in achieving this integration, enabling enhanced situational awareness and 
informed decision-making. The study introduces the X-HCOME methodological 
framework, which extends the Human-Centered Collaborative Ontology Engineering 
(HCOME) approach by incorporating LLM-based tasks. This novel methodology 
orchestrates a collaborative interplay where LLMs generate and refine ontological 
models under human guidance, leveraging their capacity to extract knowledge patterns 
and identify semantic relations from large datasets. Furthermore, the integration of 
LLMs at various levels of collaboration introduces a novel paradigm in ontology 
engineering. The SimX-HCOME approach utilizes role-playing simulations, allowing 
LLMs to autonomously emulate discussions among key roles in the OE process—
knowledge workers, domain experts, and ontology engineers—while retaining 
opportunities for human oversight and intervention when necessary. This structured 
evolution from human-centered to fully automated methodologies, exemplified by Sim-
HCOME, underscores the capacity of LLMs to assume progressively greater 
responsibilities in ontology engineering tasks. Moreover, the role-playing simulations 
embedded in SimX-HCOME significantly enhance the efficiency of the development 
process, minimizing human effort while maintaining the quality and 
comprehensiveness of the resulting ontologies. Experimental evaluations demonstrate 
the efficacy of LLMs in generating SAR ontologies that enhance responsiveness, 
scalability, and adaptability in dynamic emergency scenarios. Through systematic 
assessment using precision, recall, and F1-scores against expert-developed "gold" 
ontologies, the results highlight the potential of LLM-enhanced OE to accelerate the 
development of comprehensive and reliable knowledge representations. This work 
underscores the transformative potential of human-LLM collaboration in SAR ontology 
engineering. By balancing the semantic depth provided by human experts with the 
computational efficiency of LLMs, this research advances the state-of-the-art in SAR 
knowledge representation, paving the way for innovative applications that save lives 
and mitigate incident impacts. 
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Integrating LLMs in the engineering of a 
Search and Rescue ontology 

1 Introduction 
Large Language Models (LLMs) have shown remarkable and noteworthy 

advancements in capturing complex language patterns in different knowledge domains 

[1], serving both as a knowledge source derived from their training data and as a tool 

for extracting knowledge from other sources [2]. They have been trained to represent 

knowledge related to a large spectrum of natural tasks, at human-level [3]. From 

constructing concept hierarchies [4] to incorporating knowledge graphs to provide 

precise and dependable domain-specific knowledge for inference and interpretability 

of the model’s outputs. Offering a basis for the decisions and responses generated by 

LLMs, they have the potential to largely increase the efficiency of ontology engineering 

[5]. With their ability to comprehend natural language, these models can rapidly 

analyze and furnish information across a broad spectrum of domains [6]. 

 As the dynamic scenery of Knowledge Representation (KR) and Artificial 

Intelligence (AI) evolves, with generative and conversational AI being at the highest 

point of interest for researchers, corporations and the industry, collaborative ontology 

engineering emerges as a vital integration between human cognition and machine 

intelligence. Within this context, the demand for LLMs to be more sophisticated, 

comprehensive, and accurate is high. The use of LLMs in Ontology engineering (OE) 

stands as a promising and auspicious direction, where human and machines teaming is 

expected to contribute in the new paradigm of LLM-based/enhanced collaborative OE.   

With regard to human-centered and collaborative OE, related reviews on the topic 

present and evaluate [7], several ontology engineering methodologies (OEMs). Based 

on the evaluation of these OEMs and on our experience with this topic,  we have 

decided to work with Human-Centered Collaborative Ontology engineering 

Methodology (HCOME) [8], [9]. HCOME is characterized by human-centered, 

collaborative and iterative approach to OE, supporting the continuous evolution and 

refinement of ontologies, integrating OE and argumentation in a distributed setting, and 

allowing individuals to formalize their own ontologies and share them within the 

community [10]. It considers different collaborative roles  i.e., knowledge workers, 

domain experts and ontology engineers, working closely together throughout the 

ontology development process [11], [12], prioritizing the active management of 

knowledge representation within communities [13].   
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LLM-based/enhanced OE involves the use of LLMs to develop from scratch or 

refine existing ontologies. LLMs achieve a noteworthy advancement in conversational 

and generative AI domains, especially for tasks related to natural language processing 

(NLP) [14]. Investigating the role that LLMs can play in OE and finding the best way 

of incorporating them into the ontology lifecycle in synergy with humans, will allow 

the delivery of improved OE methodologies that are based on the ability of LLMs to 

play important roles in the involved processes. This can bring new advantages in 

various KR tasks such as ontology construction, refinement and reasoning [15]. The 

incorporation of LLMs in OE has the potential to yield enhanced outcomes across 

various domains. In the combined context of OE and LLMs this could mean that LLMs 

help to accelerate the overall process of ontology development due to automated data 

processing and rapid generation of ontology components based on natural language 

input, while simplifying the tasks involved, making it more accessible to participants 

who do not have specialized knowledge in OE or the domain in question. In other 

words, employing LLMs in OE can facilitate faster and easier development of 

ontologies, allowing participants, without specialized OE and domain knowledge, to be 

actively engaged in the ontology development process.  

Exploring this scientific field, it can be acknowledged that, while OE 

methodologies exist, there is an undoubtable need for mature methodologies, 

exclusively designed to leverage LLMs in the OE methodology. The necessity for the 

development of specialized methodologies that can effectively integrate LLMs into OE 

practices to build up efficiency and accuracy of ontology development, is emerging. 

Moreover, the research community has not extensively explored the potential role(s) of 

LLMs in OE methodologies, in a synergetic with humans’ manner, or even replacing 

humans with generative AI models to improve KR processes alongside human 

expertise. In addition, current LLM-based/enhanced approaches often solely rely on 

LLMs, neglecting crucial domain knowledge and insights that humans can provide. 

Human-LLM collaborative OE methodologies address this gap by establishing a 

synergistic framework where humans and LLMs work together as a team, allowing 

human experts to contribute their knowledge and guide LLMs in performing OE tasks.  

Moreover, most of the related research works focus on the asynchronous 

collaboration of participants, where humans assigned to specific OE roles collaborate 

with each other. The exploration of synchronous (dynamic) collaboration, where both 
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humans and machines collaborate in real-time, at different levels of collaboration, 

remains relatively unexplored, with varying degrees of human/LLM involvement to be 

ignored. Furthermore, many existing OEMs include as their primal task the creation of 

a seed ontology (kick-off ontology) but lack robust mechanism for efficient ontology 

evolution. Thus, there is still space for new methodologies that encompass all these 

individual characteristics and unlock opportunities for more efficient and scalable ones.  

Addressing these limitations, this research aspires to elucidate the evolving 

dynamics of LLM-based/enhanced OE, proposing a novel approach where the 

collaboration between human experts and LLMs (i.e., their teaming) is central to the 

OE methodology. According to this approach, human expertise and intuition are 

combined with the capabilities of LLMs, shaped in a series of OE tasks, to create, refine, 

and evolve ontologies more effectively than without the involvement of LLMs. Thus, 

various levels of involvement of LLMs are investigated to demonstrate the evolution 

of the proposed methodology and the diverse outcomes across multiple experiments. 

The evaluation includes two distinct domains and four LLMs to assess dependencies 

between domains and LLMs. The levels of LLM involvement are aligned to specific 

OEMs, in a range starting from zero involvement and shifting to machine-centered OE, 

with the human gradually passing the decision-making authority to the machine. On the 

last fourth level, an LLM-centered methodology performs an iterative feedback loop, 

allowing the fully automation of KR, introducing a new era in OE. By systematically 

examining the shifting of and the balance between human and LLM contributions 

across distinct collaboration levels in OE, our study aims to reveal novel insights into 

the collaborative OEM paradigm, changing the game in OE, and beholding fascinating 

and promising future applications. 

Overall, the goals that this study aims to achieve are to: 

• Evaluate the ability of LLMs to generate domain knowledge through (fine-

tuning of) prompting, focusing on the provision of knowledge in various 

forms. 

• Assess the capability of LLMs to represent domain knowledge in terms of 

ontological axioms and rules, aiming to enhance the representation of 

domain-specific information. 
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• Investigate the roles that LLMs can play in OE, either with human supervision 

or autonomously, emphasizing the context in which these roles are performed 

and the synergy between humans and AI. 

• Distinguish between the different aspects of LLM involvement in OE, 

highlighting the need to separate the provision of domain knowledge, 

representation of knowledge, and the specific roles played by LLMs in the 

overall process. 

• Demonstrate the potential for domain-independent ontology development 

through collaborative human-machine methodologies. 

By addressing these goals, the study aims to provide a comprehensive 

understanding of how LLMs can contribute to OE in terms of knowledge provision, 

representation, and collaborative roles playing, while emphasizing the nuances and 

complexities involved in integrating LLMs effectively into the ontology development 

process. 
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2 Background Knowledge 
 

Artificial Intelligence (AI) is the science and engineering of designing intelligent 

machines that can perform tasks requiring human intelligence, such as learning, 

reasoning, and problem-solving. AI was formally introduced by John McCarthy in 

1956, with its foundational roots in Alan Turing's earlier work, including the Turing 

Test, which evaluates a machine's ability to exhibit intelligent behavior 

indistinguishable from a human's [16], [17]. AI technologies range from symbolic 

reasoning and rule-based systems to modern machine learning and neural networks, 

enabling applications in robotics, natural language processing, and automation. While 

its definition continues to evolve, AI fundamentally focuses on achieving goals 

efficiently by mimicking cognitive functions such as pattern recognition, data analysis, 

and decision-making[16], [17]. 

AI agents are autonomous systems designed to perceive and act within an 

environment, often to achieve specific goals without constant human intervention [18], 

[19]. These agents are characterized by their ability to adapt, learn, and make 

independent decisions, leveraging techniques such as belief-desire-intention (BDI) 

frameworks and machine learning algorithms [18]. Unlike traditional software, agents 

operate flexibly in dynamic and unpredictable domains, such as multi-agent systems, 

where cooperation and negotiation between agents are crucial [18]. The increasing use 

of AI agents spans diverse applications, including electronic commerce, information 

retrieval, and robotic systems, demonstrating their capacity to enhance task efficiency 

and autonomy [19]. 

Natural Language Processing (NLP) is a multidisciplinary field combining 

artificial intelligence, computational linguistics, and computer science, aimed at 

enabling machines to understand and process human languages. Originating in the 

1950s, its development has transitioned through rule-based systems, statistical methods, 

and advanced neural network models like BERT, which utilize contextual learning for 

more accurate language representation [20], [21] . Core NLP tasks include syntactic 

and semantic analysis, tokenization, and information extraction, with applications 

ranging from sentiment analysis to machine translation. Recent innovations have 

demonstrated its potential in healthcare, such as extracting insights from electronic 

health records [22]. 
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Ontologies [7] act as an enabler of knowledge management as they focus on 

defining the key concepts, properties and relationships within a domain [23]. OE [24]  

provides the methodology and tools for building domain and application-specific 

ontological models.  An OEM provides a set of phases, processes and tasks orchestrated 

to support the engineering of ontologies in a specific way [25]. Several OEMs have 

been proposed to date, summarized in related work e.g., [8, 11-12].  Collaborative 

OEMs aim to involve domain experts, knowledge workers and ontology engineers in 

an active and collaborative manner, within different OE phases. The goal is to develop 

a shared and commonly agreed ontology by reaching a consensus, among all 

stakeholders, by supporting collaborative ontology specification, development, 

exploitation and evaluation of ontologies [7].  

Knowledge representation is a cornerstone of artificial intelligence, focusing on 

how information about the world can be structured and encoded to enable machines to 

reason and act effectively [27], [28]. At its core, it involves creating a symbolic model 

of reality, using constructs like semantic networks, logical rules, and ontologies to 

represent entities, relationships, and rules within a specific domain [29]. Knowledge 

bases, integral to knowledge representation, store explicit facts and enable inferencing, 

allowing systems to derive implicit knowledge based on defined rules and logical 

frameworks [28]. This process facilitates reasoning, decision-making, and efficient 

problem-solving across various applications, highlighting the critical role of structured 

representation in computational intelligence [30]. 

LLMs are large language models trained on massive amounts of data, being able 

to generate human-like answers to human questions (prompts), and complete language-

related tasks with high accuracy [31]. They can demonstrate great performance in 

handling different applications such as general natural language task and domain-

specific ones, resulted on being increasingly used by individuals with specific 

information /knowledge needs [32]. Representative models that have demonstrated 

impressive performance across wide range of NLP tasks are Gemini/Bard, GPT-3.5, 

GPT-4, and LLaMa-2 [33].  

SAR is the search for and provision of aid to people who are in distress or imminent 

danger1, with activities nowadays commonly assisted by information technology and 

 
1 “Search and rescue - Wikipedia.” Accessed: Dec. 14, 2023. [Online]. Available: 
https://en.wikipedia.org/wiki/Search_and_rescue 
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various sensors mounted on manned or unmanned platforms.  SAR ontologies have 

been used to integrate information and reason with it, and further exploited by related 

decision support systems [34], offering real time semantic correlation of situational 

awareness data and entities coming from various types of sources, to support the 

management of decisions of first responders during SAR operations [16-17].  
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3 Related Work 
 

3.1 Human-Machine symbiosis 

Inga et al. [37], in their article, delve into the concept of human-machine 

symbiosis, focusing on physically coupled systems. The paper discusses the various 

aspects and implications of symbiosis between humans and machines. Highlighting the 

interdependence and collaboration between the two entities. The limitations addressed 

in the paper include the need for more comprehensive understanding of human-machine 

interactions. The document also discusses the challenges in predicting human 

experiences accurately within symbiotic systems and developing future interaction 

scenarios. Furthermore, it mentions the importance of considering negative side-effects 

and long-term implications of human machine interaction, such as energy efficiency, 

human dependency, ethical concerns, and sustainability aspects. The multivariate 

perspective proposed in the paper aims to address these limitations by providing a 

holistic approach to optimizing physically coupled human-machine systems. 

 

3.2 LLMs and KR 

Neuhaus [38] discusses the implications of LLMs in the field of applied 

ontology. He explores how LLMs, such as ChatGPT, have the ability to define terms, 

answer factual questions, and communicate with humans, which aligns closely with the 

functionalities of ontologies. The paper argues that while LLMs show promise in 

supporting ontology development, there are challenges in relying solely on LLM output 

for ontology creation. It also delves into the potential impact of LLMs on the future of 

ontologies and their role in various domains. Lack of logical consistency, divergent 

views in training data, need for human intervention and potential overreliance on LLMs 

are some limitations highlighted in the article, underscoring the complexity and nuances 

involved in integrating LLMs into ontology development processes, emphasizing the 

need for a balanced approach that combines the strengths of LLMs with expertise and 

oversight.  

Giglou et al. [1] propose the LLM4OL approach, which utilizes LLMs for 

ontology learning (OL), using a zero-shot prompting method, to evaluate if LLMs can 

apply their language pattern-capturing capability to OL. The results show that with 

effective fine-tuning they just might work as suitable assistants, but the empirical results 
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show insufficient suitability as far as it concerns fully-fledged OE that demands a high 

level of reasoning skills and domain expertise. 

Mateiu et al. [5] aim at enriching ontologies by automatically translating natural 

language sentences into Description Logics (DL) through fine-tuning a GPT-3 model 

to convert NL sentences into OWL Functional Syntax, always in a human-supervised 

manner. The tool-built aims to be a supportive tool that manages to save development 

time and reduce the interaction time with the domain expert, resulting in being provided 

as a Protégé plug-in. This approach, according to the authors, not only demonstrates the 

potential of using language models for OE but also acknowledges the limitations and 

risks associated with LLMs. Their ongoing work includes quantitative evaluation and 

assessing the efficiency of OE with and without the tool.  

Funk et al. [4] proposes an approach that is not based on existing methodologies, 

but specifically customized for LLMs. They aim to develop (only) a concept hierarchy 

for solely a given domain, using only GPT 3.5. The approach explores the ability of the 

LLM to generate keywords and phrases in each context by querying it with specific 

domain-related prompts, and then extracting the resulting concept hierarchy from the 

model’s responses. They acknowledge that their automatic method isn’t claimed to be 

the solution to ontology construction in practice, mainly because more needs to be done 

in terms of the LLM interacting with human domain expertise to steer the construction 

process.  

Pan et al. [3] discuss some of the common ambiguous aspects over LLMs and 

Knowledge Graphs (KG), exploring opportunities, visions and arising challenges that 

the new focus brings. The authors explore how LLMs have advanced tasks such as 

dependency and structured parsing, entity recognition, relation extraction, textual 

entailment, paraphrase detection etc. Additionally, they highlight the potential of LLMs 

in extracting information from documents containing critical information. Furthermore, 

they discuss the potential of LLMs in interpreting text in regulations and enhancing a 

KG of rules, which are further serialized using a domain-specific language. They also 

address the challenges and opportunities of combining LLMs and KGs, as well as the 

need for a hybrid representation of knowledge. Challenges associated with this hybrid 

approach include the difficulty of integrating the two representations due to different 

structures and formats, and the potential for biases and inaccuracies. 
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Caufiled et al. [39] introduce the OntoGPT framework and SPIRES tool that 

provide a principled approach to extract knowledge from unstructured text for 

integration into KGs, using LLMs such as GPT. Authors use zero-shot learning to 

identify and extract relevant information from query text, which is then normalized and 

grounded using existing ontologies and vocabularies. Although they present their 

approach as highly customizable, flexible and can be used to populate knowledge 

schemas across varied domains, SPIRES faces some limitations: The extracted 

knowledge triplets may have consistency issues due to the lack of quality control, the 

triples might not align with a predefined ontology, limiting their compatibility with 

existing KGs, and the technique may not be as effective when the desired triples are 

more abstractive of highly selective. While SPIRES demonstrates the potential of zero-

shot learning, it may still lack the ability to generalize and exhibit the precision and 

reliability required for applications such as clinical decision support.  

Zhang et al. [40] focus on the development of a novel pipeline that leverages 

LLMs and domain KGs to enhance domain-specific question answering. The paper also 

addresses the challenges of deploying LLMs in real-world scenarios, particularly in the 

Internet industry, and proposes a method called KnowPat to improve the performance 

and usability of LLMs in generating user-friendly and accurate answers to domain-

specific questions. The research aims to provide insights into how domain knowledge 

can be effectively integrated with LLMs to enhance question answering systems in 

practical applications. Some real-world limitations in the use of LLMs in real-world 

applications are acknowledged in the paper. While KnowPat shows significant 

improvement in economics, it also exhibits performance degradation in several other 

areas compared to other methods. This indicates that there may be trade-offs or 

variations in the generalized ability of KnowPat in different scenarios. Additionally, 

vanilla fine-tuning of LLMs may not adequately address the challenges of generating 

user-friendly content and utilizing domain knowledge effectively to produce reliable 

answers. This suggests that there are inherited difficulties in adapting LLMs for real-

scenario question answering tasks that require integration with external KGs. Overall, 

there is need for further research and refinement to address those limitations and 

optimize the performance of LLMs in practical applications. 
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3.3 LLMs and role-playing simulation 

 

In the context of exploring the integration of LLMs in OE processes, 

understanding the role-playing simulation aspect becomes crucial. This section delves 

into how LLM-powered agents compare to human experts in conversational 

recommendation systems, shedding light on the educational value and product 

recommendations provided. By examining the performance of LLMs in simulated 

scenarios, we gain insights into their capabilities and limitations in real-world 

applications. 

Murakhovska et al. [41] explore the comparison between a LLM-powered 

agent, SalesBot against professional Sales people in conversational recommendation 

systems, giving emphasis to the significance of educational value, as well as to product 

recommendations. The SalesOps framework eases the process of evaluation and 

simulation of conversational agents, like SalesBot, and facilitates a deeper 

comprehension of their performance, as they provide both educational content and 

recommendations. The presented framework allows the assessment of conversational 

agents in real-case scenarios, bridging the gap between traditional recommendation 

systems and those that offer educational value. However, SalesBot lagged behind 

recommendation quality compared to human experts, with the SalesOps framework to 

present some limitations, such as recommendation quality gaps (minor gaps in the 

quality of recommended products compared to human salespeople), faithfulness 

analysis (strategies used by conversational recommender systems may seem unfaithful 

to upsell or simplify technical details) and LLM hallucinations (SaleBot and 

ShopperBot suffer from hallucinations, impacting overall system performance and 

faithfulness in recommendations). 

Wang et al. [42] on their study on unleashing cognitive synergy, they introduce 

Solo Performance Prompting (SPP) to simulate multi-persona self-collaboration, 

enhancing problem-solving abilities. Cognitive synergy refers to collaborative 

combinations of strengths and knowledge from multiple minds to enhance problem-

solving in complex tasks. In the context of LLMs, cognitive synergy involves 

leveraging the capabilities of different personas within the model to improve personas. 

This concept mirrors the idea of collaboration among individuals with diverse expertise 

and perspectives, where the collective intelligence of the group surpasses the 
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capabilities of any single individual. Challenging tasks are being explored, like creative 

writing and codenames collaborative, demonstrating superior results compared to 

standard prompting methods. However, while SPP significantly reduced factual 

hallucination and improved reasoning, limitations include potential incorrect answers 

even with assigned personas, requiring further research to quantify the impact of 

persona assignment on domain knowledge enhancement. 

Park et al. [43] introduce the concept of generative agents, which are 

computational software agents that simulate believable human behavior. These agents 

can perform various activities, interact with each other, form relationships, and plan 

social events. The architecture of these generative agents includes components for 

observation, planning, and reflection to enable realistic behavior. The agents are 

demonstrated in an interactive sandbox environment inspired by the Sims movie, where 

users can interact with a small town of agents. According to the authors, future work 

can enhance agent performance, address robustness concerns, and mitigate biases. 

Limitations of the study include the evaluation timescale and the fact that the human 

comparison may not fully represent optimal human performance.  

 

3.4 Summary 

 

Related work on leveraging LLMs for OE has shown promising results, but 

several limitations highlight the need for emphasizing collaboration and teaming of 

human and machines. LLMs excel at language tasks but struggle with      reasoning  [1], 

[5]. In addition, logical connections required for building ontologies, and the 

effectiveness of those, hinges heavily on human domain expertise and guidance  [4], 

[5]. Current LLM-based approaches are insufficient for minimal human intervention in 

OE [1]. Engineering effective prompts for LLMs can be a time-consuming process  [2], 

[39], and potential biases within LLMs further complicate integration with existing 

knowledge represented in ontologies or KGs [3], [39]. Additionally, reliance on LLMs 

raises concerns about limited applicability, and the lack of long-term evaluation of their 

generalizability. Moreover, focusing  on collaborative OE, the lack of standardized and 

widely accepted approaches specifically tailored for LLM-based/enhanced OE [38], 

showing  limited collaboration between humans and machines [1], and  presenting 

challenges in adapting LLMs for real-scenario question answering tasks that require 



Διπλωματική  Διατριβή ΠΜΣ μέσω Έρευνας «Ευφυή Συστήματα 
Πληροφορικής» του Δημήτριου Δουμανά 

 

 
22  

 

Integrating LLMs in the engineering of a 
Search and Rescue ontology 

integration with external knowledge graphs [37], are some of the limitations 

highlighting the need for new methodologies designed to leverage LLMs in OE more 

effectively.  These limitations underscore the importance of combining human 

reasoning and domain knowledge with LLM capabilities and the enhancement of 

collaboration between humans and machines, exploring different and distinct levels of 

participation and contribution, with a shift in emphasis from one aspect to the other in 

terms of the extent of involvement.  

The work presented in this study explores ways to overcome the limitations 

presented in the related works. By experimenting with different levels of human and 

LLM involvement in OE tasks, this study addresses concerns about the level of 

applicability of LLMs. Through systematic evaluation and comparison with human-

generated “reference” ontologies, we aim to demonstrate the effectiveness of LLMs in 

extracting domain-specific knowledge and enhancing OE, towards  achieving a 

balanced blend of semantic richness (in terms of ontological elements incorporated into 

the ontology) and computational efficiency, optimizing the collaboration between 

human expertise and machine capabilities to enhance the overall quality and efficiency 

of ontology development process. The research contributes to mitigating potential 

impacts associated with LLMs by exploring more efficient processes in collaborative 

OE, such as addressing concerns about the level of applicability of LLMs, optimizing 

the level of human expertise and machine capabilities in OE to enhance efficiency, and 

fostering a balance between human-centered and machine centered approach. By 

optimizing the level of involvement of human expertise and LLM capabilities, OE can 

be easier, faster and more complete. Through the device and evaluation of novel LLM-

based/enhanced collaborative OEMs, the study aims to contribute to the gap of related 

approaches.  

 

3.5 Preliminary work on X-HCOME Methodology 
 
3.5.1 Background and Motivation 

 

The dynamic and complex nature of SAR operations, particularly in wildfire 

incidents, necessitates the integration of diverse information sources to ensure 

operational efficiency, improve situational awareness, and facilitate informed decision-

making. Ontologies play a crucial role in managing and reasoning with such data, 



Διπλωματική  Διατριβή ΠΜΣ μέσω Έρευνας «Ευφυή Συστήματα 
Πληροφορικής» του Δημήτριου Δουμανά 

 

 
23  

 

Integrating LLMs in the engineering of a 
Search and Rescue ontology 

providing a structured and interoperable representation of domain knowledge. 

Traditional OE methodologies often rely on manual processes that are time-intensive 

and error-prone, rendering them insufficient to address the rapidly changing variables 

and knowledge requirements of SAR missions. 

The emergence of LLMs presents a promising solution for overcoming these 

limitations. With their ability to comprehend natural language and process vast amounts 

of information, LLMs can significantly enhance the ontology engineering lifecycle. 

However, as standalone tools, LLMs face challenges such as limited reasoning skills 

and a reliance on domain-specific expertise. This preliminary work seeks to bridge the 

gap between human expertise and machine efficiency by integrating LLMs into a 

collaborative OE methodology, resulting in the development of the X-HCOME 

(Extended Human-Centered Collaborative Ontology Engineering) framework. 

 
3.5.2 Description of X-HCOME 

 

The X-HCOME methodology extends the foundational HCOME approach by 

incorporating LLM-enhanced tasks into the OE lifecycle. It employs a hybrid model 

where humans and LLMs collaborate to achieve higher efficiency and accuracy in 

ontology creation. The methodology is structured around sequential tasks that alternate 

between human-driven and LLM-driven activities, ensuring a balance of human 

judgment and machine automation. 

Key components of X-HCOME include: 

• Human-Led Initialization: Humans define the ontology's aim, scope, and 

requirements, and provide competency questions to guide the LLMs. 

• LLM-Assisted Ontology Development: LLMs generate initial ontology 

structures in OWL format based on human input. 

• Human Evaluation and Refinement: Experts evaluate the LLM-generated 

ontology against existing domain ontologies, identifying gaps and 

inconsistencies. 

• Collaborative Ontology Synthesis: A new ontology is synthesized by 

integrating human insights and LLM-generated content, followed by a 

comprehensive evaluation using tools such as OOPS! and Protégé. 
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This iterative and collaborative process aims to leverage the strengths of both humans 

and LLMs, creating a robust and adaptable ontology that meets the specific needs of 

the SAR domain. 

 
3.5.3 Experiments and Results[44] 

To evaluate the effectiveness of X-HCOME, preliminary experiments were 

conducted using domain-specific prompts and datasets. Table 1 from the paper 

summarizes the evaluation metrics for ontologies generated through the X-HCOME 

methodology, comparing them with those produced solely by LLMs or humans. 

 
Fig. 1 Steps of X-HCOME. 

 
 
 
 



Διπλωματική  Διατριβή ΠΜΣ μέσω Έρευνας «Ευφυή Συστήματα 
Πληροφορικής» του Δημήτριου Δουμανά 

 

 
25  

 

Integrating LLMs in the engineering of a 
Search and Rescue ontology 

Method 

N
um

be
r 

of
 

C
la

ss
es

 

Tr
ue

 
Po

sit
iv

es
 

Fa
lse

 
Po

sit
iv

es
 

Fa
lse

 
N

eg
at

iv
es

 

Pr
ec

isi
on

 

R
ec

al
l  

F-
1 

Sc
or

e 

Gold ontology 80       
GPT4-One-Shoot 8 6 2 74 75% 7,50% 0,1360 
GPT4-Chain-of-Thought 5 4 1 76 80% 5,00% 0,0940 
CPT4-XHCOME 17 15 2 65 88% 18,75% 0,3092 
GPT3.5- One-Shoot 6 5 1 75 83% 6,12% 0,1162 
GPT3.5- Chain-of-Thought 14 9 5 71 64% 11,25% 0,1914 
GPT3.5-XHCOME 30 22 8 58 73% 27,50% 0,4000 
Bard- One-Shoot 19 11 8 69 57% 13,75% 0,2222 
Bard- Chain-of-Thought 8 6 2 74 75% 7,50% 0,1363 
Bard- XHCOME 32 27 5 53 84% 34,50% 0,4821 
Llama2- One-Shoot 0 0 0 0 0 0 0 
Llama2- Chain-of-Thought 0 0 0 0 0 0 0 
Llama2- XHCOME 0 0 0 0 0 0 0 

Table 1 Evaluation Metrics on both LLM and X-HCOME generated ontologies. 

The displayed results on Table 1 are obtained after a set of fine-tuned prompts, 

following the last step of X-HCOME (developing the ontology). The evaluation results 

show a way more productive and effective performance in the specific domain that 

these experiments were executed, in terms of time and total amount of classes, with 

knowledge representation stepping towards the “reference” ontology [45]. 

Opportunities for enhancement and higher evaluation results exist if the user opts for a 

more comprehensive fine-tuning endeavor. This refinement process should come to an 

end when the user deems no further contribution to the knowledge representation of the 

specific domain is attainable or concludes that LLMs cease to generate results enriched 

with additional valuable data. As far as it concerns the classes of the produced 

ontologies (object properties have been also calculated but omitted to repository due to 

space limitations), specifically: 

• Using X-HCOME, ChatGPT-4 Precision shows an increased percentage 

regarding from 10% to 17,33%, an increased percentage on Recall from 150% 

to 275%, and an increased percentage on F1-Score from 127,35% to 

228,94%. 

• On the same path, Chat GPT-3.5 Precision shows an decrease from 12,05% 

to an increase of 14,04%, Recall an increase from 144,44% to 340% and F1-

Score an increase from 108,99% to 244,23%. 

• Bard gave the best results compared to the other two, with an increase of X-

HCOME Precision ranging from 68% to 78,72%, Recall an increase from 

213,64% to 590% and F1-Score an increase from 165,18% to 430,36%. 
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• Llama2 failed to provide any results, mixing different types of syntax formats 

and producing a non-editable and incohesive ontology that wasn’t possible to 

manually identify the generated classes and object properties. 

These percentages indicate that LLMs understood their roles as domain experts, 

knowledge workers and ontology engineers, at an adequate and satisfying level. In other 

words, LLMs succeeded to have a satisfactory understanding and performance in 

carrying out tasks related to achieving their OE roles, achieving on of the primary goals 

of this research. 

 

3.5.4 Discussion and conclusions 
 

The research outlined in the paper demonstrates the potential of integrating 

LLMs into OE for complex and dynamic domains like SAR operations during wildfire 

incidents. The X-HCOME methodology represents a significant advancement by 

combining human expertise with LLM capabilities to overcome the limitations of 

traditional OE methods. By incorporating human-guided LLM tasks into the ontology 

development lifecycle, X-HCOME ensures more comprehensive, accurate, and 

efficient knowledge representation. 

The results of the experiments validate the effectiveness of this hybrid approach. 

The findings show that collaborative ontology engineering consistently outperforms 

both fully human-driven and fully LLM-driven methods. For instance, Bard and GPT 

models achieved higher F1-scores and better precision-recall balances under the X-

HCOME framework compared to standalone methods. This improvement underscores 

the value of human-LLM synergy, where humans contribute domain-specific insights 

and reasoning, and LLMs provide speed and breadth in generating and organizing 

knowledge. 

Despite its advantages, X-HCOME also highlights the challenges associated 

with hybrid methods. The reliance on fine-tuned prompts and human input introduces 

potential biases, both from domain experts and the training data of the LLMs. 

Additionally, some aspects of the methodology, such as handling complex relationships 

like SWRL rules, remain challenging without more advanced reasoning capabilities 

from LLMs. 
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3.5.5 Further experimentation with X-HCOME and role playing  
 

While X-HCOME has proven effective, the research points to areas where 

further experimentation is required. One promising direction is combining X-HCOME 

with role-playing simulations to address the limitations observed in fully autonomous 

and hybrid approaches. Role-playing allows humans and LLMs to interact dynamically, 

enabling iterative refinement of ontological structures through scenario-based 

collaboration. This technique can simulate real-world scenarios, such as wildfire 

incidents, where domain-specific knowledge and reasoning must be applied in real-

time. 

Role-playing simulations also provide a framework for addressing gaps in LLM 

capabilities, such as logical reasoning and handling of complex object properties. By 

incorporating structured interactions between humans and LLMs, this approach can 

iteratively guide the ontology development process, ensuring that outputs are not only 

syntactically correct but also semantically aligned with real-world needs. 

For example, incorporating role-playing in SAR scenarios could enhance the 

quality of SWRL rules by dynamically validating logical relationships against 

operational parameters, such as fire spread prediction or resource allocation. These 

simulations can also help in refining competency questions and aligning LLM outputs 

with domain-specific requirements. 

The transition from the research in this paper to role-playing-enhanced X-HCOME 

represents a natural evolution. It builds on the demonstrated strengths of human-LLM 

collaboration while addressing the observed limitations. By introducing interactive and 

iterative components into the methodology, the potential for developing robust, real-

world ontologies is significantly enhanced. Moreover, it is natural progression of this 

research to explore collaborative human-LLM methodologies for OE, focusing on 

diverse levels of collaboration and contribution. This progression directly informed the 

development of new research methodology outlined on the next chapter. This research 

will validate this approach across diverse domains, assess the interplay of varying 

collaboration levels, and evaluate its scalability in increasingly complex and data-

intensive scenarios.  
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4  Research Methodology 
 

This chapter presents the research methodology followed in this thesis to propose 

and evaluate novel work on human- to LLM-centered collaborative OE. A set of novel 

collaborative OEMs is introduced, starting with an exclusively human-centered 

approach and concluding with a machine-centered one, i.e., without any involvement 

(level of participation and contribution) of the LLMs. This spectrum of different levels 

of involvement in collaborative OEM are presented in this section.  

Table 1 presents the different methodologies proposed in the novel spectrum of 

human-to-LLM-centered collaborative OE. Each methodology aligns with a distinct 

level of human-LLM collaboration, showcasing a range from solely human expertise 

involvement to an exclusive LLM-centered approach. The table provides an overview 

of the evolving dynamics of LLM-enhanced OE, highlighting the varying levels of 

participation from both human experts and LLMs in the ontology development process. 

Starting with the X-HCOME methodological approach in OE proposed, an extension 

of an existing OEM, i.e. the Human-Centered Collaborative Ontology Engineering 

Methodology (HCOME), adapted and adjusted with the integration of LLM-based tasks 

involved in an OE lifecycle. The second approach introduced is SimX-HCOME, where 

the notion of role-playing simulation is integrated in the OE process. This approach 

decreases human factor and allows the LLM to perform a simulated iterative discussion 

between the three main roles that take place in the HCOME OEM i.e., the knowledge 

worker (KW), the domain expert (DE) and the knowledge engineer (KE). The three 

roles, participating in the simulated discussion, jointly perform OE tasks and make 

decisions over the ontology development process. Having LLMs playing these roles, 

they are delegated to perform a large part of the ontology construction by themselves. 

In this methodology, the human factor can be presented in various ways, for example, 

the human could play the role of supervisors where they oversee the process and 

interfere where/when they believe it is crucial and important for the outcome (ontology) 

to be improved or corrected. At the last level of the spectrum, we place an approach 

that fully automates the OE process, i.e., the Sim-HCOME methodological approach. 

According to this one, the human factor is further minimized down to zero, allowing 

the LLM to conduct all the OE tasks by itself, from scratch, starting with one very 

analytic and inclusive prompt with no further human involvement. 
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Levels Level 0 Level 1 Level 2 Level 3 

Methodological 
Approach HCOME X-HCOME SimX-HCOME Sim-

HCOME 

Human 
involvement yes 

yes 
Chain of Thoughts   

(KE, DE, KW) 

yes 
Fine-tuning prompting 

(KE, DE, KW) 
no 

LLM 
involvement no yes yes yes 

Table 2 The spectrum of human- to LLM-centered collaborative OE 

The methodological approach for integrating LLMs in the engineering of a domain 

ontology is guided by specific hypotheses. These hypotheses motivate the alignment of 

the proposed approaches with the classification of the levels that define human-LLM 

collaboration, so that the effectiveness of the proposed OE approaches can be evaluated. 

In the context of this study, the experimentation took place with specific LLMs: 

ChatGPT-3.5, ChatGPT-4, Gemini and Claude. Therefore, hypotheses explore how 

these specific models contribute to ontology engineering tasks in terms of knowledge 

extraction, collaboration with humans, and autonomous performance in identifying 

ontological elements. However, the methodology followed can be applied to other 

LLMs, including also improvements of these LLMs. 

• Hypothesis 1: LLMs can effectively extract knowledge from domain-specific 

data, imitating a data-driven (bottom-up) OE approach. This implies that LLMs 

can extract relevant knowledge from domain specific data documents or 

templates used in a specific domain for organizing/collecting data (e.g., tabular 

CSV data with specific metadata/headers). 

• Hypothesis 2: Integration of human experts’ knowledge enhances ontology 

development. This implies that the collaboration of human experts with LLMs 

can lead to a more comprehensive and complete domain ontology. 

• Hypothesis 3: A collaborative approach involving both humans and machines 

(LLMs) can enhance the efficiency and accuracy of OE. 

• Hypothesis 4: LLMs can rapidly analyze and furnish information across 

different domains. This hypothesis highlights the rapid analysis capabilities of 

LLMs across various domains. 

• Hypothesis 5: Increasing the level of LLM involvement in the OE lifecycle will 

lead to a gradual improvement in ontology quality, measuring this with specific 

metrics such as precision, recall and F1-score when compared against a “     

reference” ontology produced solely by humans. 
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• Hypothesis 6: The combination of human domain expertise and LLM 

capabilities at intermediate levels of collaboration will result in ontologies that 

exhibit a balanced blend of semantic richness and computational efficiency, 

surpassing the limitations of humans and LLMs. 

• Hypothesis 7: As the level of human contribution decreases and LLM 

involvement increases,  it is expected that the automatically generated 

ontologies will differ syntactically, structurally, and semantically from those 

created by human experts. This difference may manifest in different levels of 

abstraction, how concepts are organized, the relationships between them, and 

the overall complexity of the ontology. The hypothesis aims to investigate 

whether these structural differences can provide insight into the unique 

capabilities and limitations of LLM-generated ontologies compared to human-     

generated ones.      

Every methodological approach that is introduced in this study is aligned with a 

distinct level of human-LLM collaboration. All of these are in a spectrum of human- to 

LLM-centered collaborative OE (Table 1). In the following subsections, these 

methodologies are presented. 

The spectrum of the discussed methodological approaches is embodied into four 

levels (Table 1), ranging from Level-0 to Level-3 and being grouped as follows: 

o Level-0: (HCOME): Human (Yes), LLM (No) 

o Level-1: (X-HCOME): Human (Yes/chain of thoughts), LLM (Yes) 

o Level-2: (SimX-HCOME): Human (Yes/Fine-tuning prompting), LLM (Yes) 

o Level-3: (Sim-HCOME): Human (No), LLM (Yes) 

The selection of the SAR (Search and Rescue) ontology as reference standard in 

this study was based on a rigorous evaluation of their relevance, comprehensiveness, 

and validation within their respective domains. For the SAR ontology, its development 

involved close collaboration between domain experts, including Search and Rescue 

specialists and knowledge engineers with expertise in SAR missions, particularly in 

wildfire-related operations. An extensive review of available ontologies revealed no 

other publicly available or established ontology specifically tailored to the unique 

requirements of Search and Rescue operations. As such, this ontology represents the 

most context-specific and comprehensive resource in the SAR domain. It captures 

critical concepts, processes, and relationships essential to SAR operations and has been 
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validated through expert input, making it an appropriate choice as a reference ontology 

for the experiments. The ontology has been extensively evaluated and published in 

scientific journals and presented at major ontology-engineering-related international 

conferences2. They adhere to the ontology evaluation criteria set forth by these 

conferences, reinforcing their status as reference ontologies in their respective domains. 

4.1 HCOME (Level 0) 

4.1.1 Description of the approach 
 

At the beginning of the proposed spectrum lies the HCOME collaborative OEM. 

In this level (Level 0), human experts reign supreme, undertaking all tasks involved in 

OE. Their domain knowledge and understanding of ontology principles guide the entire 

process, ensuring the creation of high-quality and accurate ontologies. 

The HCOME [8], [9] constitutes a human-centered collaborative OEM, 

according to which the ontologies are engineered individually (personal space), as well 

as collaboratively (shared space). The HCOME supports the involvement of different 

roles and the use of tools which facilitate the management and interaction with 

conceptualizations in a direct and iterative way. The methodology is organized in three 

main phases, namely, specification, conceptualization, and exploitation/evaluation, 

emphasizing on discussion and argumentation of the participants over the 

conceptualization, the detailed versioning of the specifications, and the overall 

management of the developed ontology. The basic tasks of HCOME are enriched by 

data-driven (bottom-up) conceptualization tasks, supported by the learning of seed 

ontologies. 

The key features that led to the selection of this methodology among others are 

firstly its human-centric approach, since HCOME prioritizes the needs and insights of 

knowledge workers and domain experts, ensuring that the ontology is relevant and 

practical. Furthermore, the methodology supports an iterative process allowing 

continuous feedback and refinement of the ontology. More importantly, HCOME 

emphasizes collaboration among various stakeholders, promoting a shared 

understanding and consensus on the ontology structure and content.  

 
2  SETN '22: Proceedings of the 12th Hellenic Conference on Artificial Intelligence 
 
 

https://dl.acm.org/doi/proceedings/10.1145/3549737


Διπλωματική  Διατριβή ΠΜΣ μέσω Έρευνας «Ευφυή Συστήματα 
Πληροφορικής» του Δημήτριου Δουμανά 

 

 
32  

 

Integrating LLMs in the engineering of a 
Search and Rescue ontology 

The evaluation approach used in this work requires a deep understanding of the 

evaluation domains i.e., Search and Rescue (SAR) domain, with intelligent awareness 

and perception of all the means and roles that are a part of a mission. HCOME’s human-

centric approach aligns perfectly with these requirements, ensuring that the ontology 

reflects real-world needs and perspectives.  

 

4.1.2 Example of the approach 
 

In the SAR domain, the HCOME methodology involves a knowledge worker 

and a domain expert collaborating to design an ontology for Search and Rescue 

operations during wildfire incidents. They might begin by creating a class for "Rescue 

Unit" and linking it to "Wildfire Incident". The domain expert provides insights into 

operational details, like the hierarchy between "Emergency Response Team" and "On-

Site Commander", while the knowledge engineer ensures the ontology maintains 

logical consistency. 

      

4.2 X-HCOME (Level 1) 

4.2.1 Description of the approach 
 

In this level (Level 1) of the spectrum, an LLM-based approach is introduced for the 

generation of enhanced ontological semantics, based also on human intervention. In 

this level, the following techniques are used: from one prompt technique (one-shot 

prompting) to a breakdown in more logical sentences (chain-of-thoughts prompting), 

and to more than one prompt provided in any order (refining prompting).  

X-HCOME represents a collaborative approach where human experts retain primary 

responsibility. However, LLMs enter the engineering process to support specific tasks. 

LLMs can automate tedious processes like information retrieval and terminology 

suggestion based on natural language sources, incorporating domain-specific data (e.g., 

from available documents). This allows human experts to save time and effort on 

building the ontology and at the same time to enhance knowledge representation with 

LLMs’ features.  

The X-HCOME methodology orchestrates the collaboration between humans and 

machines. The methodology is defined by a number of steps based on “who” conducts 
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a corresponding task (human or LLM), which alternate during the OE lifecycle. These 

steps are as follows: 

1. Human: Define prompts and feed the LLMs with the following data: 

a. Aim and scope of the ontology: specify the necessity behind its creation 

and the extent of the knowledge to be represented. 

b. Ontology’s requirements: specify the requirements i.e., what specific 

knowledge must be represented and why. 

c. Domain-specific data: data from real cases are seamlessly woven into 

the fabric of the ontology. 

d. Competency Questions (CQ): specific questions (queries in NL), 

defined by knowledge workers, that must be answered by the ontology. 

2. LLM: Develop an ontology based on the above input in OWL or TURTLE 

syntax. 

3. Human: Define prompts and feed the LLMs with IF-THEN rules for the domain 

in natural language. 

4. LLM: Develop SWRL rules based on the above input and the generated 

ontology axioms. 

5. Human:  

a. Compare and evaluate the LLM-generated ontology against existing 

domain ontologies. 

b. Propose a new ontology for the domain (combining existing and LLM-

generated semantics), based on Human-driven and LLM-driven 

evaluation. 

c. Evaluate the new ontology with OE tools. This last step involves a 

comprehensive validation of the proposed ontology using OE tools such 

as OOPS3 and Protégé4.  This ensures that the ontology aligns with 

specific requirements and attains the desired level of validity. 

The hypotheses 1, 4 and 5 in this study are intricately linked to Level 1. Hypothesis 1 

is aligned to this level as it focuses on the capability of LLMs to extract knowledge 

from domain-specific data which is a key aspect of the methodology introduced at this 

level. Hypothesis 4 is linked to Level 1 as it pertains to the rapid analysis capabilities 

 
3 https://oops.linkeddata.es/index.jsp 
4 https://protege.stanford.edu/ 
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of LLMs across various domains, which is a key aspect of the methodology at this level. 

Lastly, hypothesis 5 is relevant to Level 1, as it focuses on the impact of increasing 

LLM involvement on ontology quality, aligning with the methodology introduced at 

this level.  

 

4.2.2 Examples of the approach 
 

With XHCOME, the LLM assists the human experts in generating ontological 

components. For instance, the LLM might propose new relationships for the SAR 

ontology, such as linking "Hazardous Areas" to "Rescue Unit Deployment", or 

generating rules like "If wind speed exceeds 20 km/h, hazardous area designation is 

required". The human expert reviews these suggestions, ensuring they fit operational 

practices, and incorporates relevant suggestions into the ontology. 

 

4.3 SimX-HCOME (Level 2) 

4.3.1 Description of the approach 
 

The Simulated X-HCOME (SimX-HCOME) takes the human-LLM 

collaboration/teaming a step further. It introduces a simulated environment where 

LLMs take the lead role in ontology development tasks, but under the supervision of 

human experts. Here LLMs leverage their capabilities in natural language processing 

and knowledge extraction to autonomously build ontologies. In this level, instead of 

having a team of humans playing all the three roles needed in applying X-HCOME 

methodology, LLM takes into account a series of chain-of-thought prompts, and 

conducts iterative discussions, embarking on the three roles and producing results based 

on the generated discussions between the three roles. The X-HCOME methodology 

steps are introduced through prompt engineering to the LLM, same as the previous 

level, and opinions and conceptions given by LLMs through acting and illustrating DE, 

KW and KE parts.   However, human supervision and intervention remain crucial. 

Experts validate the LLMs’ work at any point during the OE lifecycle, ensuring an 

alignment with the initial requirements specified, and correcting any errors or 

inconsistencies identified in the way. An iterative conversation between the three main 

roles (KW, DE and KE) is simulated. The LLM is assigned the initial task of role-

playing simulation in the first prompt, as well as the specific OE role that it will play 
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during the OE lifecycle. Human contributes here as a supervisor that oversees the 

discussion between the three simulated roles and interferes when there is a need to 

change, correct or add something in the process of producing knowledge, so that the 

generated outcome will meet mostly the requirements given at the head start of the 

prompting process. During the OE lifecycle, the LLM user (human) feeds the LLM 

with related data e.g., aim and scope of the ontology, CQs, SWRL etc., and prompts the 

model to perform the LLM-tasks defined in X-HCOME, on which the three roles will 

have a constructive discussion, while the human tasks are still embarked from the user. 

When the collaborative and iterative execution of OE tasks end, the outcome (generated 

ontology) is delivered and evaluated upon request. 

The hypotheses 2, 3 and 6 align with Level 2, where a collaborative environment 

is fostered, optimizing ontology development for enhanced efficiency and accuracy. 

Hypothesis 2 is relevant to this level as it emphasizes the collaboration between human 

experts and LLMs to enhance ontology development, which is central theme at this 

level. Hypothesis 3 is associated with Level 2 as it highlights the efficiency and 

accuracy improvements achieved through collaborative efforts between humans and 

LLMs in OE, a key focus of this level. Hypothesis 6 is associated with Level 2, as it 

emphasizes the balanced blend of human expertise and LLM capabilities in ontology 

development. 

 
4.3.1 Examples of the approach 
 

     In the SAR domain, the SimX-HCOME approach involves both the LLM 

and human experts working together to create the ontology. The LLM might 

autonomously generate classes like "Rescue Team Deployment" and "Resource 

Allocation" and propose an initial relationship structure between these concepts, such 

as "Resource Allocation depends on Severity Level of Incident". The human expert 

(SAR operations planner) then intervenes to validate these suggestions and further 

refine them by introducing operational details that the LLM might not fully grasp. 

For example, the human expert might introduce additional relationships, such 

as "Evacuation Plan Priority is determined by Proximity to Hazard Zones," adding 

knowledge that is specific to SAR mission protocols during wildfire incidents. The 

LLM adapts by integrating these refinements and further improving the ontology, 
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potentially suggesting additional rules, like "If hazardous zones increase, prioritize 

resource reallocation to frontline teams." 

This method creates a dynamic feedback loop where both the LLM and the 

human expert contribute continuously, ensuring a balanced outcome that leverages the 

computational power of LLMs and the expertise of human specialists. 

This co-creation process allows both parties to contribute: the LLM accelerates 

the generation of a foundational ontology, while the human ensures that the model 

aligns with deep domain knowledge. 

 
4.4 Sim-HCOME (Level 3) 

4.4.1 Description of the approach 
 

At the end of the spectrum the Simulated HCOME OE (Sim-HCOME) lies. This 

novel methodology proposes a simulated environment where LLMs operate entirely 

autonomously. Here, LLMs play all three roles traditionally defined within the 

HCOME lifecycle, following an iterative role-playing simulation, until LLM decides 

that the process is complete and doesn’t need further exploration or discussion between 

the three roles. The iterative feedback loop allows the automation of knowledge 

generation tasks, introducing a new era in OE, leveraging the unlimited capabilities of 

LLMs. In this methodological approach, the user provides the model (in a single 

prompt) with all the information that is needed to be aware in order to conduct a 

collaborative and iterative OE lifecycle. The basic input information remains the same 

i.e., aim and scope of the ontology and the requirements of the ontology, as well as a 

description of the roles that needed to be played by the LLM. The process is terminated 

by the LLM, since the user (human) is not allowed to interfere at any stage apart from 

evaluating the final outcome i.e., the generated ontology.   

Hypothesis 7 is relevant to Level 3, as it focuses on the noticeable shift in 

ontology structure with reduced human factor and increased human participation, a 

central theme at this level. 

 

 

4.4.2 Examples of the approach 
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In Sim-HCOME, the LLM independently generates the SAR ontology, 

proposing concepts such as "Disaster Response Phase" linked to "Evacuation Strategy", 

and autonomously creating rules for "Resource Allocation" based on incident severity. 

For example, the LLM might generate a rule that says, "If multiple rescue missions are 

active, prioritize deployment to high-risk zones". While this approach accelerates 

ontology creation, the result may need human verification to ensure all domain-specific 

constraints and operational nuances are captured correctly. 
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5  Experiments 
 

Following the presented research methodology, the experimental setting involves 

conducting several experiments to validate the effectiveness of different Human-to-

LLM-centered collaborative OE approaches proposed in this thesis. The experiments 

are organized into distinct levels, each one aligned with the hypotheses to validate the 

effectiveness of the proposed approach.  

The experiments detailed in this section (and complemented by Appendices and a 

GitHub repository5) delve into the intricate process of building ontologies into a 

specific domain, Search and Rescue (SAR) missions in the context of wildfire incidents. 

This domain serves as testbed for evaluating the proposed collaborative OE approach 

across diverse application areas. The experiments involve providing different LLMs 

with domain-specific data documents or templates to extract knowledge and generate 

ontologies. Prompts are used to guide the LLMs in the ontology development process, 

ensuring that the ontologies meet the specified requirements and specifications for each 

domain. 

The experiments are conducted for each domain, with the three methodological 

approaches introduced on the previous section i.e., X-HCOME, SimX-HCOME and 

Sim-HCOME, aligned with the three levels of human-machine collaboration. Each 

level represents a different degree of participation of humans and LLMs in the ontology 

development process, allowing the evaluation of how collaboration impacts ontology 

quality and efficiency. The generated ontologies are validated using OOPS! and Protégé 

tools for checking their accuracy and coherency. The evaluation metrics of Precision, 

Recall, and F1 Score are employed to compare the quality of the generated ontologies 

against expert-generated "reference" ontologies, which serve as benchmarks for 

assessment, considering the belief that human expertise, intuition and domain 

knowledge contribute to the creation of high-quality ontologies that capture the 

intricacies and nuances of a specific domain effectively. Human-generated ontologies, 

when collaboratively and iteratively developed by knowledge engineers, domain 

specialists and knowledge workers, are often considered being more acceptable (we do 

call them “reference” ontologies) than ontologies developed by a single human having 

 
5 https://github.com/dimitrisdoumanas19/EXPERIMENTS.git  

https://github.com/dimitrisdoumanas19/EXPERIMENTS.git
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a particular perspective or specialized interest and contextual knowledge about the 

domain. This is mainly due   to their expressivity, depth and breadth of contextual 

understanding and the ability to capture  subtle domain-specific knowledge in an 

adequate (aka objective) way. Also, the decision to use a human-generated ontology as 

the reference standard in this study mainly reflects the value of human expertise in 

ensuring that the ontology is comprehensive and semantically meaningful (although a 

few pitfalls and knowledge representation gaps may still exist, since ontologies are 

considered “live” artefacts withing evolving domains of discourse).      At the same 

time,      ontology development, whether human- or machine-     based, can benefit 

greatly from the guidance and frameworks established by organizations that play a 

critical role in promoting standardization (e.g. W3C6, OBO Foundry7, ETSI8), reducing 

inconsistencies, and improving the overall quality of ontologies across domains     . 

This also provides string evidence to the value of developing ontologies collaboratively. 

The "reference" ontology for the SAR domain has been developed by human experts 

(knowledge engineers and domain experts) and represents comprehensive knowledge 

of the SAR domain [45]. This “reference” ontology represents Level 0 in the 

experiments since it was developed using an OEM that is fully mapped to HCOME (for 

SAR ontology). 

It is crucial to clarify that the evaluation of precision, recall and F-1 score in 

comparing classes and object properties, as well as SWRL rules, is based on logical 

consistency rather than syntactical one. This distinction is essential as it emphasizes the 

focus on capturing the semantic relationships and conceptual alignment between the 

compared elements, reflecting a deeper level of evaluation beyond surface-level 

similarities. The emphasis on logical consistency stemmed from an initial attempt to 

establish a baseline for the LLMs’ ability to generate ontologies that adhered to the 

fundamental logical constraints and axioms of the target domains. When measuring 

precision, recall, and F-1 score in this context, the evaluation criteria prioritize the 

logical coherence and alignment of classes, object properties and SWRL rules, between 

the generated ontologies and the benchmark “     reference” ontology. Precision assesses 

the proportion of correctly identified classes and object properties, as well SWRL 

 
6 https://www.w3.org 
7 https://obofoundry.org/ 
8 https://www.etsi.org/ 
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variables, among all the elements identified by the model. Recall measures the 

proportion of correctly identified classes, object properties and SWRL variables out of 

all the relevant elements present in the benchmark ontology. The F-1 score provides a 

balanced measure of precision and recall, considering both aspects to evaluate the 

overall performance of the model in capturing the logical consistency of the ontological 

elements. By emphasizing logical consistency in the evaluation process, the 

experimental setting ensures that the comparison between the generated ontologies and 

the benchmark ontology goes beyond surface-level similarities and focuses on the 

meaningful alignment of classes and object properties, as well as SWRL variables, 

within the ontological structures. This approach enhances the robustness of the 

evaluation metrics and provides a more comprehensive assessment of the quality and 

accuracy of the generated ontologies in capturing the domain-specific knowledge 

effectively.  

In the experimental setting DE in SAR operation in wildfire incidents was 

involved. Also participated as KW and KE, alongside with the other colleagues that 

embarked the roles of KE and supervised the whole experimental process [44]. 

The ontologies developed during experimentation were validated with OOPS9 and 

analyzed on OntoMetrics10, resulting only to one pitfall (pitfall11 P36-URI, labeled as 

minor from the application, occurs if file extensions such as ".owl", ".rdf", ".ttl", ".n3" 

and ".rdf/.xml" are included in an ontology URI). The evaluation is based on the number 

of classes and object properties, as well as on the ability of LLMs to translate rules from 

Natural Language (NL) to SWRL. Four LLMs are used to conduct the experiments: 

ChatGPT-3.5 (OpenAI), ChatGPT-4 (OpenAI), Gemini (Google) and Claude-3 Sonnet 

(Anthropic). ChatGPT-3.5, ChatGPT-4 and Gemini were evaluated already in previous 

work of ours 12, alongside with Llama2 (Meta). Llama2 was not included in this 

research experiment as there were areas for improvement identified in its performance, 

such as the mixing of various syntax forms in the output file and a higher incidence of 

syntactical errors. Claude was chosen alongside the other three, due to its promising 

rising potential to represent knowledge, according to several rankings online. 

 
9 https://oops.linkeddata.es/index.jsp  
10 https://ontometrics.informatik.uni-rostock.de/ontologymetrics/  
11 Pitfall in OE refers to a common issue or challenge that users may encounter during the processing of 
designing, developing or using ontologies. 
12 https://github.com/dimitrisdoumanas19/New-Experiments-LLMs.git. 

https://oops.linkeddata.es/index.jsp
https://ontometrics.informatik.uni-rostock.de/ontologymetrics/
https://github.com/dimitrisdoumanas19/New-Experiments-LLMs.git
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 The prompt engineering guide for every LLM has been employed along all the 

experimental process, to avoid ingesting bias from inappropriate prompting. The set of 

prompts that were used for each domain on every collaborative level are being 

presented in Appendix A, focusing on the steps of each methodological approach. 

These prompts guide the participants in the ontology engineering process, ensuring that 

the resulting ontologies meet the necessary requirements and specifications for each 

domain. The prompts were structured to provide clear guidance and instructions to the 

LLMs, ensuring that they could effectively extract knowledge from the domain-specific 

data and generate ontologies that met the specified requirements. By incorporating real 

data, competency questions, and logical rules, the prompts facilitated a systematic and 

structured approach to collaborative OE, enabling the LLMs to produce quality 

ontologies in the SAR domain. On the process of prompt creation, the following factors 

were considered as the key in the prompt engineering process: 

1. Role-playing and Supervision: the prompts are designed to simulate a 

collaborative environment where the LLM acts in three HCOME-based roles 

such as an ontology engineer, knowledge worker and domain expert. An 

additional role, the human supervisor, referred to as “Mr. Supervisor”, guides 

and checks the work at various stages. 

2. Initial Instructions: the LLM is initially instructed to act as an ontology 

engineer. It is given a broad task to create an ontology based on subsequent 

data and instructions. This process is iterative, involving multiple rounds of 

prompts and responses exchanged to refine the ontology.  

3. Domain-Specific Prompts: for different domains such as PD monitoring and 

wildfire incidents, specific prompts are crafted to address unique aspects and 

requirements. For example, in the PD domain, prompts focus on data from 

wearable sensors, patient health records and specific events like missing doses 

or tremors. For SAR missions related to wildfire incidents, prompts cover 

environmental conditions, search techniques, rescue operations, and victim 

identification. 

4. Competency Questions: to ensure that ontology meets specific needs, a set of 

competency questions (CQ) is provided. These natural language questions 

must be answerable by the generated ontology. The CQs guide the scope and 

detail required in the ontology.  
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5. Iterative discussion and Feedback: the process involves an iterative 

discussion between the LLM (acting in different roles) and the human 

supervisor. The LLM generated parts of the ontology, which are then 

reviewed and refined based on the feedback until a satisfactory ontology is 

produced.  

Examples of prompts used are for PD monitoring are selectively presented here:  

Prompt 1: “Act as an ontology engineer to build an ontology for PD monitoring using 

data from wearable sensors”  

Prompt 2: “Focus on capturing sensor data, patient health records, and specific events 

like tremors or missing doses”.  

Examples of prompts used for Search and Rescue Missions in Wildfire Incidents are 

selectively presented here:  

Prompt 1: “Build and ontology for data representation and interlinking of wildfire 

events for decision support”  

Prompt 2: “Cover all aspects for forest fire management including prevention, 

detection and adaptation phases”. 

 

5.1 Level 1 (X-HCOME) 

 
This level examined the synergy between humans and LLMs with the X-HCOME 

approach introduced in the preceding section. LLM-driven tasks are carried out using 

models derived from human prompts, beginning with domain ontology needs, actual 

data documents/sets, competency questions provided by the designers of the "     

reference" ontologies, and development. Following this, prompts are provided to refine 

and improve the ontology until a human deems it satisfactory and comprehensive, a 

process monitored by reviewing Protégé after each prompt outcome. LLMs performed 

well in both domains (Table 3), demonstrating their ability to represent incident 

description knowledge.  
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Table 3 Results from X-HCOME methodology in the evaluated domain. 
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ChatGPT-4 SAR P36 - Yes No Yes 99 17 12 10 14 

ChatGPT-3.5 SAR P36 - Yes No Yes 655 30 21 19 102 

Gemini SAR P36 - Yes Yes Yes 199 32 13 21 0 

Claude SAR P36 - Yes No Yes 166 38 24 12 0 

  

On this specific domain also, Gemini generated ontology with numerous 

syntactical errors. These errors were addressed by making necessary adjustments, 

thanks to the level of human intervention that allowed us to directly access the code and 

resolve the issues. 

By looking at the evaluation metrics (Table 4), Claude achieved the top spot in 

representing a lot of knowledge and thriving by scoring the highest percentages in all 

three SAR domain metrics. This result can be attributed to several key factors affecting 

LLM performance. Firstly, the data used for training LLMs, while big, may lack 

domain-specific knowledge, particularly in highly specialized domains like SAR. This 

limits the models’ ability to capture nuanced relationships specific to those domains. 

Secondly, LLM’s fine-tuning plays a critical role since inadequate fine-tuning on 

domain-specific data can lead to suboptimal performance. In addition, model  

improvements, such as the integration of advanced reasoning or inferencing 

capabilities, are needed to enhance the ability of LLMs to handle complex and 

hierarchical ontological structures. Lastly, there is an element of random variation that 

can influence LLM outputs, as stochastic processes within the training and inference 

stages can lead to variations in predictions. These factors collectively contribute to the 

current limitations observed in existing LLMs, emphasizing the need for continued 

model refinement and domain-specific training to achieve better results. Claude also 

outperformed ChatGPT-3.5 in ontology object property production (Table 5).  
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ChatGPT-4 SAR 17 15 2 65 88% 18,75% 0,3092 

ChatGPT-3.5 SAR 30 22 8 58 73% 27,50% 0,4000 

Gemini SAR 32 21 11 59 65% 26% 0,3750 

Claude SAR 38 30 8 50 78% 37,50% 0,5084 

Table 4 Evaluation metrics on X-HCOME generated ontologies in the evaluated domain for classes. 
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ChatGPT-4 SAR 12 10 2 50 83% 16% 0,2777 

ChatGPT-3.5 SAR 21 16 5 44 76% 26% 0,3950 

Gemini SAR 13 6 7 54 46% 10% 0,1643 

Claude SAR 24 14 10 46 58% 23% 0,3333 

Table 5 Evaluation metrics on X-HCOME generated ontologies in the evaluated domain for object properties. 

The efficiency of LLMs in converting IF-THEN rules to SWRL based on LLM-

generated ontology axioms was also examined in this methodology approach (Table 6). 

Logical consistency in SWRL rule generation remains a significant challenge for all 

models. While ChatGPT-4 and Gemini demonstrate high precision in syntactical 

correctness (100%), their logical comparison scores are significantly lower, with 

ChatGPT-4 achieving an F1-score of 0.2857. This discrepancy highlights the difficulty 

in aligning the generated rules with the domain-specific logical constructs. Claude 

performs poorly in this context, achieving an F1-score of only 0.1304. The results 

suggest that while the models can produce syntactically valid SWRL rules, their 

understanding of the underlying logical relationships remains limited. This limitation 

could be due to the inherent complexity of rule-based systems and the lack of sufficient 

domain-specific training data for these models. Refining the prompts to emphasize 

logical clarity and providing iterative feedback through human validation during the 

rule generation process could help address these gaps. 
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Large Language Model SWRL 

Non (Human generated) 

Location(?loc) ^ Fire(?f) ^ hasFireLocation(?f, ?loc) ^ 

Humidity(?h) ^ hasHumidity(?loc, ?h) ^ swrlb:lessThan(?h, 0.3) ^ 

WindSpeed(?ws) ^ hasWindSpeed(?loc, ?ws) ^ 

swrlb:greaterThan(?ws, 20)  ^ Mission(?m) ^ Alert(?a)  ->  

activates(?a, ?m) 

ChatGPT-4 

Wildfire(?w) ^ hasLocation(?w, ?l) ^ humidity(?l, ?h) ^ 

windSpeed(?l, ?ws) ^ swrlb:lessThan(?h, 30) ^ 

swrlb:greaterThan(?ws, 20) -> Alert(?a) ^ hasAlertForMission(?a, 

true) 

ChatGPT-3.5 

(hasWeatherConditions(?location, ?weather) ∧ 

hasHumidity(?weather, ?humidity) ∧ hasWindSpeed(?weather, 

?windSpeed) ∧ lessThan(?humidity, 30) ∧ 

greaterThan(?windSpeed, 20)) → hasAlertForMission(?location) 

Gemini 

Location(?location) ^ hasFire(?location) ^ hasHumidity(?location, 

?humidity) ^  lessThan(?humidity, 30) ^  hasWindSpeed(?location, 

?windSpeed) ^  greaterThan(?windSpeed, 20) -

>activateAlertForMission("missionX") 

Claude WildfireIncident(?incident) ^ hasLocation(?incident, ?location) ^ 

hasWeatherCondition(?incident, ?weather) ^ 

WeatherCondition(?weather) ^ hasWindSpeed(?weather, 

?windSpeed) ^ swrlb:greaterThan(?windSpeed, 20.0) ^ 

hasTemperature(?weather, ?temperature) ^ 

swrlb:lessThan(?temperature, 30.0) -> SAR_Mission(?mission) 
Table 6 Results for SWRL rules from every LLM in the SAR domain13  in X-HCOME. 

The evaluation of SWRL rules in Table 7 reveals significant differences 

between syntactical correctness (SC) and logical consistency (LC) across all models. 

ChatGPT-4 performs well syntactically, achieving a precision of 100%, but its logical 

precision drops to 40%, resulting in an F1-score of 0.2857. Similarly, Gemini achieves 

perfect syntactical precision at 100% but lower logical precision at 36.84%, with an F1-

score of 0.2693. These results highlight the ability of these models to generate 

syntactically valid rules but also their limitations in aligning the rules with the logical 

relationships required in the SAR domain. Claude, however, shows the weakest 

performance, with a logical F1-score of 0.1304, suggesting difficulties in maintaining 

 
13 For all the other methodologies/levels and both domains the SWRL results are presented in a GitHub repository 
https://github.com/dimitrisdoumanas19/EXPERIMENTS/tree/main/EXPERIMENTS/SWRL 
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both syntactical correctness and logical alignment. The logical misalignment observed 

stems from the inherent complexity of SWRL rules, which require not just adherence 

to format but also an understanding of domain-specific causal relationships. The 

reliance on training data, which may lack sufficient examples of domain-specific 

SWRL rules, exacerbates this challenge. Additionally, the prompts guiding the models 

may prioritize syntactical correctness over logical accuracy, leading to an imbalance in 

the output quality. To address these issues, it is crucial to enhance prompt design to 

emphasize logical semantics, ensuring that the rules reflect the intended domain 

relationships. Integrating iterative feedback loops, such as those employed in SimX-

HCOME, would allow human experts to correct and refine logical inconsistencies, 

bridging gaps between syntactical and logical precision. Furthermore, incorporating 

domain-specific SWRL rule datasets during training could improve the models' 

semantic understanding, ensuring a balance between syntactical correctness and logical 

consistency in future iterations. 
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Reference ontology SAR  12 SC LC SC LC SC LC SC LC SC LC SC LC 

ChatGPT-4 SAR  8 0 8 8 0 12 4 0 100 0 40 0 0,2857 

ChatGPT-3.5 SAR  6 0 5 6 0 12 7 0 83,3 0 29,41 0 0,2173 

Gemini SAR  7 0 7 7 0 12 5 0 100 0 36,84 0 0,2693 

Claude SAR  8 0 3 8 5 12 9 0 37,5 0 20 0 0,1304 

Table 7 Evaluation metrics on X-HCOME generated ontologies in the evaluated domain (NL2SWRL), with 
syntactical comparison (SC) and Logical Comparison (LC). 

Hypotheses 1, 4, and 5, aligned with Level 1, aimed to investigate the impact of LLM 

involvement on the generation of enhanced ontological semantics. The results indicate 

that the hypotheses were confirmed, as the collaborative approach between humans and 

LLMs in X-HCOME led to improved ontology quality compared to solely human-

driven approaches. The structured prompting techniques employed in Level 1 

facilitated a more efficient ontology development process, enhancing the      richness 

and accuracy of the generated ontologies, in terms of the ontology elements 

incorporated. However, the reduced human factor in some scenarios may have limited 

the depth of domain-specific knowledge integration, suggesting a balance between 

human guidance and LLM autonomy is crucial for optimal ontology outcomes. 
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5.2 Level 2 (SimX-HCOME) 

 
This level examined the role-playing abilities of LLMs in ontology building 

using the X-HCOME technique and assessed the potential benefits of their interactions. 

The primary roles in HCOME are knowledge engineer, knowledge worker, and domain 

expert. They contribute to the process under the guidance of the human user, who will 

be referred to as "supervisor" from now on. He monitors and manages the entire process 

until he considers the iterative discussion with the other three roles to be sufficient and 

appropriate. 

The initial experiments on the SAR domain revealed that all LLMs generated 

half as many classes as on X-HCOME (Level 1), indicating their inability to extract 

information from a wider variety of events. However, they captured critical knowledge 

and outperformed Level-1 in assessment criteria. Claude excelled, while Gemini 

performed poorly. ChatGPT-4 generated twice as many classes as the other three SAR 

LLMs. Gemini initially answered multiple questions collectively, misunderstood 

human supervision, and added -unprompted- more roles. Specifically, Gemini did not 

correctly interpret the instructions and expected actions from the human supervisor. 

This misunderstanding indicates a misalignment between the model’s responses and 

the intended directions/ expected outcomes set by the human operator who was playing 

the role of supervisor. Gemini didn’t comprehend that and arbitrarily incorporated the 

role of supervisor in the iterative discussions, a role that was supposed to be played by 

the human operator. It needed three rows of reminding the model who plays the role of 

supervisor until it succeeded in separating the role and allowing human to embark it. 

The risk of misunderstanding and overstepping designed roles attributed clearly 

through the given prompts to human can be counterproductive without proper checks 

and balances. This situation highlights the need for more robust training and possibly 

more refined human-LLM interaction protocols that clearly define boundaries and 

expectations for AI behavior in collaborative settings. It also created ontologies with 

syntactical issues that needed to be fixed by the supervisor.  
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ChatGPT-4 SAR P36 - Yes No Yes 89 30 8 8 0 

ChatGPT-3.5 SAR P36 - Yes No Yes 134 15 12 2 3 

Gemini SAR P36 - Yes Yes Yes 51 12 9 10 0 

Claude SAR P36 - Yes No Yes 152 15 14 21 4 

Table 8 Results from SimX-HCOME methodology in the evaluated domain. 

Claude once again emerges as the top-performing model, achieving an F1-score 

of 0.5000, which reflects a significant improvement in balancing precision (92%) and 

recall (35%) (Table 9). However, the reduced number of classes generated in SimX-

HCOME compared to X-HCOME indicates that the role-playing simulation approach 

emphasizes depth and criticality over breadth. This focus likely contributes to the 

improved precision observed in this methodology. Conversely, models like Gemini 

continue to struggle, with an F1-score of only 0.1905, suggesting that they may have 

difficulty interpreting iterative guidance provided in the role-playing simulations. 

While this approach ensures higher-quality classes, the reduced coverage (low recall) 

highlights the need for broader initial prompts or additional iterations to explore a wider 

range of concepts. Expanding the scope of the simulations while retaining their 

emphasis on depth could further enhance the outcomes. 
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Reference ontology SAR 80       

ChatGPT-4 SAR 30 17 13 63 56% 21% 0,3090 

ChatGPT-3.5 SAR 15 10 5 70 66% 12,5% 0,2105 

Gemini SAR 12 8 4 72 66% 10% 0,1739 

Claude SAR 15 12 3 3 80% 15% 0,2526 

Table 9 Evaluation metrics on SimX-HCOME generated ontologies in the evaluated domains for classes. 

As we can observe on Table 10, Claude slightly outperforms ChatGPT-3.5 in 

F1-score, achieving 0.4286, making it the most effective model in handling object 

properties under the SimX-HCOME methodology. The results demonstrate an 

improvement in capturing nuanced relationships between object properties compared 

to X-HCOME, likely due to the iterative and collaborative nature of the role-playing 

simulations. However, Gemini continues to underperform, achieving an F1-score of 
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only 0.1500, which reflects its challenges in aligning simulated roles with the logical 

structures of the ontology. The improvements seen in Claude and ChatGPT-3.5 suggest 

that their contextual understanding and semantic reasoning capabilities align better with 

the iterative feedback provided during the simulations. To further enhance 

performance, providing clearer instructions for the roles in the simulations and ensuring 

that feedback loops effectively address gaps in recall and logical consistency would be 

beneficial. 
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ChatGPT-4 SAR 8 4 4 56 50% 6,66% 0,1176 

ChatGPT-3.5 SAR 12 5 7 55 41% 8,33% 0,1388 

Gemini SAR 9 2 7 58 22% 3,33% 0,0579 

Claude SAR 14 4 10 56 33% 6,66% 0,1111 

Table 10 Evaluation metrics on SimX-HCOME generated ontologies in the evaluated domains for object 
properties. 

The evaluation metrics for SWRL rule generation in the Sim-X-HCOME 

methodology, as shown in Table 11, reveal a continuation of the challenges observed 

in the previous level. ChatGPT-4 performs the best among the models, achieving an 

F1-score of 0.222 in logical comparison (LC), but this still falls short of achieving 

meaningful logical alignment with the reference ontology. None of the LLMs 

successfully created the correct rule syntactically, reflecting persistent issues in 

adhering to SWRL rule syntax. However, the models were able to represent some atoms 

at a basic logical level, indicating partial comprehension of the relationships within the 

domain. 

Gemini struggled significantly, failing to identify the concept of "humidity" in 

the NL-to-SWRL translation. This suggests a lack of domain-specific understanding or 

gaps in training data for this LLM. Similarly, ChatGPT-3.5 and Claude demonstrated 

low logical precision, with F1-scores of 0.178 and 0.125, respectively, further 

emphasizing the difficulty of translating complex domain-specific rules into SWRL 

format. 

The limited logical alignment across all models highlights the inherent 

challenges in SWRL rule generation, particularly in a domain as nuanced as SAR. 



Διπλωματική  Διατριβή ΠΜΣ μέσω Έρευνας «Ευφυή Συστήματα 
Πληροφορικής» του Δημήτριου Δουμανά 

 

 
50  

 

Integrating LLMs in the engineering of a 
Search and Rescue ontology 

While ChatGPT-4 performed relatively better, its recall remains extremely low at 33%, 

suggesting that many valid logical elements from the reference ontology were not 

captured. This underscores the need for better prompt engineering to guide LLMs 

toward deeper semantic understanding and enhanced logical reasoning. 

To improve performance, iterative refinement during role-playing simulations 

could help bridge the gap between syntactical and logical correctness. Human 

supervision during these simulations would be essential to correct misinterpretations 

and guide the models toward generating rules that align with domain-specific 

requirements. Furthermore, incorporating more extensive SWRL rule datasets during 

training could significantly enhance the models' ability to generate semantically and 

logically accurate rules. These steps would be critical in advancing the application of 

LLMs in collaborative ontology engineering for complex domains like SAR. 
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ChatGPT-4 SAR 9 0 6 9 3 12 6 0 66 0 33 0 0,222 

ChatGPT-3.5 SAR 11 0 5 11 6 12 7 0 45 0 29 0 0,178 

Gemini SAR 9 0 3 9 6 12 9 0 33 0 20 0 0,125 

Claude SAR 13 0 4 13 9 12 8 0 30 0 25 0 0,137 

Table 11 Evaluation metrics on Sim-X-HCOME generated ontologies in the evaluated domains (NL2SWRL), with 
SC and LC. 

Hypotheses 2, 3 and 6 associated with Level 2, focused on the effectiveness of 

fine-tuning prompting techniques and the collaborative interaction between humans 

and LLMs in OE. The findings suggest a mixed confirmation of the hypotheses, with 

SimX-HCOME demonstrating improvements in ontology quality through iterative 

refinement and fine-tuning of prompts. The dynamic interaction between humans and 

LLMs in Level 2 facilitated a more nuanced understanding of domain-specific concepts 

and relationships, leading to enhanced ontology coherence and accuracy. However, 

challenges related to maintaining consistency in prompt refinement and balancing 

human input with machine learning capabilities were observed, highlighting the need 

for further optimization in collaborative OE process.  
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5.3 Level 3 (Sim-HCOME) 

 
At this level, LLMs were in charge of developing the ontologies solely by 

themselves, with no human interventions other than the first and only prompt. This level 

had the lowest performance of all the three proposed. Gemini, again, faced the same 

syntactical problems. The number of classes and object properties was poor, excluding 

Claude, which managed to keep the same level of representation as the previous level 

(Table 12). 
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ChatGPT-4 SAR P36 - Yes No Yes 15 8 4 2 0 

ChatGPT-3.5 SAR P36 - Yes No Yes 20 5 4 5 3 

Gemini SAR P36 - Yes Yes Yes 4 4 0 0 0 

Claude SAR P36 - Yes No Yes 67 16 15 0 0 

Table 12 Results from Sim-HCOME methodology in the evaluated domains. 

The outcomes reveal significant differences in performance among the models, 

with Claude generating the highest number of axioms and ontology elements overall. 

However, despite producing the largest quantity of data, the quality of the output, as 

measured by precision and logical consistency, remains suboptimal. ChatGPT-4 

delivers more balanced results, with fewer axioms but higher coherence and fewer 

syntactical errors compared to Gemini and Claude. The autonomous nature of Sim-

HCOME likely limits the models’ ability to self-correct logical inconsistencies, as there 

is no iterative feedback loop to refine their output. This results in a trade-off where 

increased autonomy leads to reduced accuracy and domain alignment, especially for 

models like Gemini, which struggle with syntactical errors and poor semantic depth. 
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Reference ontology SAR 80       

ChatGPT-4 SAR 5 3 2 77 60% 3,75% 0,070 

ChatGPT-3.5 SAR 8 4 4 76 50% 5% 0,090 

Gemini SAR 4 3 1 77 75% 3,75% 0,071 

Claude SAR 16 10 10 74 37% 7,5% 0,125 

Table 13 Evaluation metrics on Sim-HCOME generated ontologies in the evaluated domains (classes). 
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In Table 13, the metrics for class extraction reflect the challenges faced by 

LLMs in fully autonomous scenarios. Claude performs the best among the models, 

achieving the highest F1-score. However, its recall remains limited, indicating that 

many relevant classes from the reference ontology were missed. ChatGPT-4 exhibits a 

higher precision but lower recall, demonstrating its tendency to favor accuracy over 

breadth. On the other hand, Gemini struggles with both precision and recall, failing to 

capture the complexity of the domain. This reflects the inherent limitations of a fully 

automated approach, where the absence of human intervention results in incomplete or 

misaligned class representations. The reliance on predefined prompts and training data 

appears insufficient for comprehensive class extraction in a domain as nuanced as SAR. 
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Reference ontology SAR 60       

ChatGPT-4 SAR 4 2 2 58 50% 3,33% 0,0625 

ChatGPT-3.5 SAR 4 2 2 58 50% 3,33% 0,0625 

Gemini SAR 0 0 0 60 0% 0% 0 

Claude SAR 15 4 11 56 26% 6,66% 0,1066 

Table 14 Evaluation metrics on Sim-HCOME generated ontologies in the evaluated domains (object properties). 

Table 14 provides a detailed evaluation of the models’ performance in 

generating object properties. As observed in earlier methodologies, object property 

generation remains a challenging task for all models. Claude again performs better than 

the others, achieving a relatively higher F1-score, but its precision and recall are still 

far from optimal. ChatGPT-4 demonstrates strong precision but limited recall, 

suggesting its output includes mostly accurate relationships but misses a significant 

portion of relevant object properties. Gemini, as in earlier levels, performs poorly in 

this area, reflecting its difficulty in capturing abstract and context-sensitive 

relationships. These results emphasize the need for more robust mechanisms to handle 

the complexity of object property extraction in fully autonomous scenarios. 

Table 15 focuses on the generation of SWRL rules, and the results continue to 

demonstrate the limitations of fully autonomous approaches in this area. Claude and 

ChatGPT-4 achieve better syntactical correctness than logical consistency, with 

significant gaps in their ability to generate logically valid rules that align with the 

reference ontology. ChatGPT-4, while leading in logical comparison, still falls short 
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with a low F1-score, reflecting its struggles in creating semantically meaningful rules. 

Gemini performs the weakest, failing to generate rules with adequate syntactical or 

logical alignment. These results suggest that while the models can produce rules that 

appear correct on the surface, their understanding of underlying domain-specific logic 

is incomplete. This highlights a key limitation of autonomous methodologies: the 

inability to verify and refine output iteratively. 
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Reference ontology SAR 12 SC LC SC LC SC LC SC LC SC LC SC LC 

ChatGPT-4 SAR 7 0 4 7 3 12 8 0 57 0 25 0 0,1739 

ChatGPT-3.5 SAR 7 0 4 7 3 12 8 0 57 0 25 0 0,1739 

Gemini SAR 9 0 1 9 8 12 11 0 11,1 0 7,6 0 0,0454 

Claude SAR 8 0 3 8 5 12 9 0 37,5 0 20 0 0,1304 

Table 15 Evaluation metrics on Sim-HCOME generated ontologies in the evaluated domains (NL2SWRL), with SC 
and LC. 

Hypothesis 7, corresponding to Level 3, explored the impact of bare human 

factor and increased LLM autonomy on ontology development. The results suggest a 

confirmation of the hypothesis, indicating that Sim-HCOME, with minimal human 

intervention, can generate ontologies. The autonomous nature of LLMs in Level 3 

allowed for rapid ontology generation and scalability, demonstrating the potential for 

LLM-centric approaches in OE tasks. However, challenges related to ensuring logical 

consistency and semantic coherence in the absence of extensive human oversight were 

noted, emphasizing the importance of striking a balance between human expertise and 

LLM efficiency on collaborative ontology development processes. 

In general, the results across all tables demonstrate that while the fully 

autonomous Sim-HCOME methodology pushes the boundaries of LLM involvement, 

it introduces substantial challenges in maintaining the quality, consistency, and domain 

relevance of generated ontologies. Claude consistently performs better across metrics, 

likely due to its stronger reasoning capabilities and semantic understanding. ChatGPT-

4 shows a balanced approach, prioritizing precision but struggling with recall, 

indicating a cautious but incomplete understanding of the domain. Gemini 

underperforms across all metrics, reflecting weaknesses in both its training and 

reasoning capabilities. 
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The key limitation of Sim-HCOME lies in the lack of iterative refinement and 

human oversight. While autonomy enables scalability and speed, it sacrifices accuracy 

and depth, particularly in complex tasks like class extraction, object property 

generation, and SWRL rule construction. Future iterations of Sim-HCOME could 

benefit from minimal automated validation mechanisms or hybrid approaches where 

human feedback is introduced at critical stages of the process. Additionally, fine-tuning 

the models on domain-specific datasets and refining the initial prompts to include more 

nuanced domain relationships could improve overall performance. 
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6 Discussion: Critical Analysis and Limitations 
6.1 Critical Analysis of Results 

 
In assessing the role of LLMs in OE, this research aimed to explore how varying 

degrees of human-LLM collaboration might impact the quality and efficiency of 

ontology development. The outcomes, juxtaposed against hypotheses, offer insightful 

revelations into the dynamic interplay between human expertise and machine learning 

capabilities. 

More precisely, the experiments involved LLMs extracting knowledge from 

domain-specific data documents or templates, demonstrating their ability to understand 

and represent domain-specific information. The collaboration between human experts 

and LLMs in the experiments showcased how combining human expertise with LLM 

capabilities leads to more comprehensive and complete domain ontologies. By 

comparing the outcomes of collaborative approaches involving both humans and 

LLMs, the experiments provided insights into how collaboration enhances the 

efficiency and accuracy of OE. The experiments demonstrated the rapid analysis 

capabilities of LLMs across various domains, showcasing their versatility in processing 

information, and also evaluated how increasing LLM involvement impacts ontology 

quality metrics such as precision, recall, and F1-score, potentially approaching the level 

of quality achieved by human-generated "reference" ontologies. This study also 

explored how combining human domain expertise with LLM capabilities at different 

collaboration levels leads to ontologies that strike a balance between semantic richness 

and computational efficiency. In addition, it demonstrated how reducing human factor 

and increasing LLM involvement led to changes in the structure and complexity of the 

ontology development.  

The exploration of different levels of human and LLM collaboration led to 

interesting findings in the field of OE, as well as introducing new methodological 

approaches based on these levels. As it was demonstrated in Section 4, LLMs 

contributed to the OE lifecycle, decreasing the process time significantly (from weeks 

or days to hours), by analyzing, managing and processing big data in less time. While 

time was not quantitatively assessed in this study, it is implied that LLMs have notably 

accelerated the analysis, management, and processing of large data quantities, thereby 

decreasing the total time needed. LLMs’ advanced automated NLP capabilities allow 
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for quick analysis and automated knowledge extraction from data, speeding up (from 

weeks or days to hours) the OE lifecycle.  

During the execution of the experimental approaches, several key and note-worthy 

features of LLMs emerged. First and foremost, the incompetence of LLMs to focus on 

the information and knowledge given by external factors is a valid feature that was met 

almost at every approach and every model. Humans had to be alarmed to regularly 

remind the models to always remember the knowledge that they have already produced, 

and always combine every information being discussed in their conversation, due to the 

lack of memory that LLMs face. Furthermore, between the four LLMs, Claude 

outperformed the family of GPTs and Gemini, in terms of producing better results for 

classes and object properties, where Gemini and ChatGPT-4 ruled the translation 

process from NL to SWRL. Gemini faced a malfunction at one point during SimX-

HCOME, trying to integrate role playing simulation, without acknowledging the 

existence and supervision of human factor, even if it was presented clearly from the 

beginning. The idea of providing absolute automation of the OE process, as in Sim-

HCOME, didn’t really flourish as was eagerly expected, showing poor results. The 

three methodological approaches can be used in applications as a basis to build on, but 

for users that seek an almost precise outcome near human-generated semantics, X-

HCOME is the ideal version of OEM that offers a sufficient, suitable, and appropriate 

structure as a starting point. 

In Figures 2-4, the fluctuation and range on all three evaluation metrics can be 

observed, for both domains, proving a tendency towards low performance while human 

factor becomes more and more limited across the spectrum of collaboration levels. 
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Fig. 2 Precision in SAR domain (classes) 

 

 
Fig. 3 Recall in SAR domain (classes). 

 

 
Fig. 4 F-1 Score in SAR domain (classes). 

The evaluation metrics for the SAR domain, as depicted in Figures 2 to 4, 

demonstrate clear differences in how precision, recall, and F1 scores change across the 

levels of LLM collaboration. The SAR domain appears inherently more complex, 
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requiring a high degree of specificity and domain expertise, which LLMs struggle to 

fully capture without significant human guidance. At Level 1 (X-HCOME), where the 

human factor is strongly present, the metrics reflect high accuracy and completeness. 

However, as the autonomy of LLMs increases through Level 2 (SimX-HCOME) and 

Level 3 (Sim-HCOME), the performance metrics decline, highlighting the critical role 

of human involvement in maintaining quality. 

The SAR domain prioritizes broadness and detail to effectively capture the wide 

range of elements involved in rescue operations. This operational and event-based 

complexity presents unique challenges for LLMs, particularly at higher levels of 

autonomy, where the absence of human supervision leads to gaps in understanding and 

representation. Unlike simpler domains, SAR requires nuanced insights and dynamic 

decision-making, which are difficult for LLMs to replicate without extensive human 

guidance. These observations underscore the need for domain-specific customization 

of the degree of human-LLM collaboration, tailored to the complexity and requirements 

of the OE task at hand.  

On Figure 2, the diagram for precision across the three levels of the methodology 

(X-HCOME, SimX-HCOME, Sim-HCOME) highlights a clear trend where precision 

decreases as the methodology shifts from human involvement to full autonomy. 

ChatGPT-4 consistently performs better than the other models, showing a higher degree 

of accuracy in identifying correct classes. Claude follows closely, maintaining 

competitive precision levels, whereas Gemini demonstrates significant shortcomings, 

especially at Sim-HCOME (Level 3). This trend suggests that as human supervision 

diminishes, the ability of the models to maintain high precision deteriorates, likely due 

to the increased reliance on their internal training data and reasoning mechanisms 

without external validation. The drop in precision for Gemini and ChatGPT-3.5 further 

emphasizes their limitations in handling complex, autonomous tasks, where the absence 

of guided oversight leads to higher error rates. 

On Figure 3, the recall diagram shows a similar downward trend across all models 

as the methodology transitions to Sim-HCOME. Recall values are particularly low for 

Sim-HCOME, reflecting the inability of the models to comprehensively identify all 

relevant classes. Claude and ChatGPT-4 again outperform the others, with Claude 

achieving relatively better recall at intermediate levels, likely due to its balance of 

semantic reasoning and class coverage. Gemini, however, exhibits the steepest decline, 
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indicating its struggles in identifying diverse and nuanced classes within the SAR 

domain. The consistent decrease across all models suggests that without iterative 

human feedback, the LLMs fail to capture the full scope of relevant domain concepts, 

limiting their effectiveness in fully autonomous settings. 

On Figure 4, the F1 score combines precision and recall, and the trend mirrors the 

observations from the first two diagrams. The scores decrease significantly in the Sim-

HCOME level, with ChatGPT-4 and Claude showing relatively better performance. 

However, none of the models achieve an acceptable F1 score at Level 3, indicating that 

the balance between precision and recall is not maintained in the fully autonomous 

setting. The inability to achieve high recall while maintaining decent precision reflects 

the key challenge of Sim-HCOME: generating comprehensive and accurate ontologies 

without human intervention. Gemini’s poor performance highlights its lack of 

robustness in balancing these metrics, further underscoring the necessity for improved 

model training or hybrid methodologies. 

The diagrams collectively demonstrate the critical role of human involvement in 

achieving high-quality ontology engineering. As the level of LLM autonomy increases, 

precision, recall, and F1 score all decline, reflecting the models’ inability to 

independently replicate the nuanced judgment of human experts. ChatGPT-4 and 

Claude consistently outperform the other models, suggesting their better handling of 

complex tasks. However, even these models face significant challenges in fully 

autonomous settings, highlighting the need for iterative refinement and validation 

mechanisms. Hybrid approaches that integrate minimal human supervision or 

automated validation could help mitigate these declines and improve the overall 

effectiveness of methodologies like Sim-HCOME. 

For object properties in the SAR domain, a similar trend of declining metrics across 

the levels is evident, as noted in Figures 5 to 7. The challenges of autonomous LLM 

performance in the SAR domain stem from its need for highly specific and complex 

knowledge, which includes dynamic and potentially unpredictable scenarios. LLMs 

may lack adequate representation of such scenarios in their training data, further 

contributing to their struggles. The decline in object property metrics illustrates that as 

the human factor decreases, the nuanced and expert insights critical for creating high-

quality properties are not adequately captured, leading to reduced accuracy and 

comprehensiveness. 
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Fig. 5 Precision in SAR domain (object properties). 

 

 
Fig. 6 Recall in SAR domain (object properties). 

 
 

 
Fig. 7 F-1 Score in SAR domain (object properties). 
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Fig. 8 Precision in SAR domain (SWRL). 

 

 
Fig. 9 Recall in SAR domain (SWRL). 

 
Fig. 10 F-1 Score in SAR domain (SWRL). 
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In summary, the results for the SAR domain highlight the limitations of LLMs when 

tasked with ontology engineering in highly specialized and complex domains. They 

emphasize the importance of balancing human and LLM contributions to align with the 

specific requirements of the domain. The findings reaffirm the necessity of 

incorporating human expertise to guide LLMs, ensuring that the outputs meet the high 

standards required for operationally critical areas like SAR. 

When comparing these observations with the discussion on LLM capabilities in 

generating classes, it seems LLMs are somewhat effective in generating basic structures 

like classes but struggle more with the meticulous and interconnected nature of object 

properties. This discrepancy likely arises from the inherent capabilities of LLMs, which 

are better at capturing and replicating patterns found in their training data but may not 

effectively understand or apply the deeper, more abstract relationships required for 

high-quality OE without significant human guidance. 

Τhe same pattern is also being followed by the metrics on SWRL rules, as it can be 

observed in Figures 8 to 10, proving the correctness of the observations already stated. 

As for the low recall that is observed, this can be attributed to several factors inherent 

in the interaction between human experts and LLMs at different levels of collaboration. 

While certain domains may be inherently complex or require a high degree of 

specificity and domain expertise, LLMs may struggle to fully comprehend and 

represent the intricacies of such domains without significant human guidance, leading 

to gaps in recall performance. In addition, in scenarios where human factor is reduced 

or minimized, the insufficient human feedback and oversight from domain experts may 

hinder the LLMs’ ability to refine and enhance ontology representations. Without 

adequate guidance and correction, LLMs may struggle to achieve high recall levels. 

LLMs often also face challenges in retaining and integrating information provided by 

external factors, leading to difficulties in maintaining context and coherency throughout 

the ontology development process. This can result in missed connections and 

incomplete representations, contributing to low recall rates.  
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6.2  Limitations of the approach 

 
Considering the limitations of the presented approach, it is essential to acknowledge 

the potential impact of domain selection, the choice LLMs, and the quality and quantity 

of training data on the generalizability and effectiveness of the collaborative OEMs 

proposed. These limitations are briefly described in the following paragraphs. 

As mentioned, a limited number of domains, which may restrict the generalizability 

of the proposed methodologies across a broader range of domains is a potential 

limitation. To enhance the robustness and applicability of the collaborative OE 

approaches, future research could explore a more diverse and wider set of domains to 

assess the effectiveness and transferability of knowledge between human-centered and 

LLM-centered OE approaches. Additionally, further investigation on the scalability of 

the methodologies across various domains could provide valuable insights into the 

adaptability and generalizability of ontologies generated through different levels of 

collaboration. 

A notable concern in collaborative OE is the emphasis on bottom-up ontology 

development within the HCOME methodology and the potential challenges in creating 

ontologies that align with upper or mid-level standards, particularly in terms of 

semantic interoperability. The significance of aligning ontologies with upper or mid-

level standards is acknowledged to ensure semantic interoperability and facilitate data 

integration across different domains. Focusing solely on bottom-up ontology 

development may lead to isolated ontology silos that hinder interoperability and data 

exchange. But automated methods, including LLMs, may face challenges in accurately 

representing logical relationships and aligning with upper-level ontology standards. 

LLMs, while proficient in certain tasks, may struggle with capturing the broader 

conceptual frameworks and relationships required for upper-level ontology alignment. 

That’s where the importance of adopting hybrid approaches lies, that combine bottom-

up ontology development with top-down alignment strategies to ensure coherence with 

upper-level standards. The latest revised versions of HCOME methodology [9] propose 

a hybrid approach in OE, combining data-driven and schema-assisted tasks in different 

processes and phases of the methodology. This fused approach is also present in this 

line of our research since the LLM is asked to utilize both levels i.e., integrating 

available datasets and reusing schemas of already developed related ontologies. In 
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future experiments of our work this fusion will take the explicit form of RAG 

techniques (for both data and schemas integration in the prompt engineering of the 

approach).  

Furthermore, the potential bias introduced by the selection of specific LLMs for the 

specific experiments limits also the extent of this study. Different LLMs may have 

varying strengths and weaknesses, which could impact the outcomes and 

generalizability of the proposed methodologies. Exploring a wider range of LLMs with 

diverse capabilities and training data could provide a more comprehensive 

understanding of how different models contribute to collaborative OE. Additionally, 

the evaluation of the methodologies across a larger pool of LLMs could offer insights 

into the robustness and reliability of the approach in accommodating different ML 

architectures and NLP capabilities. 

Additionally, it is worth acknowledging the inherent bias towards the “reference” 

ontology as the benchmark for comparison, which may introduce a potential bias 

favoring human-produced ontologies over the ones generated by LLMs. This bias could 

influence the evaluation and refinement of the models, potentially limiting the 

explorations of novel approaches or innovative solutions that may diverge from the 

established standard. By identifying this bias, the study can address the need for more 

balanced evaluation frameworks that consider the strength and weaknesses of both 

human and LLM-generated ontologies without solely relying on a specific (unique) “     

reference” ontology as the ultimate reference point.  

A final limitation to consider is the potential impact of data quality and quantity on 

the performance of the collaborative OEMs. The effectiveness of LLMs in extracting 

knowledge and generating ontologies may be influenced by the availability and quality 

of training data. Incomplete/under-representative and biased training data may well 

lead to inaccuracies or inconsistencies in the generated ontologies, affecting their 

overall reliability and usability. Exploring the effects of varying data sources, sizes, and 

quality levels on the performance of the proposed methodologies could provide 

valuable insights into the robustness and limitations of using LLMs in collaborative OE 

tasks. Additionally, investigating strategies to mitigate data-related challenges and 

enhance the quality of training datasets could improve the accuracy and relevance of 

the ontologies generated with human-LLM collaboration. 
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Despite these limitations, the information provided grounds the LLMs in some 

truths, ensuring a foundational understanding and contextual accuracy during ontology 

development. To further clarify this aspect, the prompts engineered and evaluated with 

the four LLMs are provided in the Appendix. These prompts offer a detailed context 

and design patterns essential for ontology engineering, enabling the LLMs to align 

closely with established ontological standards and methodologies such as the HCOME. 

Overall, this research underscores the potential of incorporating LLMs into the OE 

process, particularly in a collaborative capacity with humans. However, the varied 

model performances and the challenges in achieving consistent quality and efficiency 

also highlight the need for a balanced approach. The findings suggest that the journey 

to fully realizing the capabilities of LLMs in OE is long, with a balanced human-LLM 

teaming/collaboration being pivotal to optimizing outcomes. While LLMs can offer 

significant support and automation in certain tasks, human expertise, intuition, and 

oversight are still crucial for ensuring the quality, accuracy and relevance of the 

ontologies produced. The results obtained from the selected metrics used in our 

experiments highlight several limitations in the performance of the LLMs when applied 

to ontology engineering tasks in specialized domains like SAR. Specifically, while 

precision was high, the recall was notably low, resulting in suboptimal F1 scores, with 

the best model achieving less than 0.6. This indicates that although the models were 

accurate in their positive predictions, they struggled to retrieve all relevant information, 

which significantly impacts   their overall performance. We conjecture that is mainly 

due to models’ lack of specialized knowledge in the domains. 

One of the main issues was the high number of false positives and false 

negatives. The imbalance between true positives and false positives resulted      in 

misleadingly      high precision scores, while the recall, which measures the ability of 

the model to identify all relevant instances, suffered. This imbalance between precision 

and recall is a clear indicator that the models often incorrectly identify relationships or 

concepts that do not belong in the ontology. This phenomenon, combined with the 

missed relevant instances (false negatives), contributed to the low F1 score, which 

reflects the model’s overall inefficacy in producing a complete and accurate ontology 

at the same time. 

There are several factors that likely contributed to this result. First, as already 

pointed out, LLMs may have lacked sufficient domain-specific knowledge for highly 
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specialized fields such as SAR. Without adequate domain-specific fine-tuning, the 

models are not equipped to satisfy the nuanced and detailed requirements of these 

ontologies, leading to both false positives and false negatives. 

Additionally, the model’s capabilities might require further improvement. 

LLMs, while they are effective at representing a large corpus of knowledge, they may 

struggle with the intricate relationships and detailed hierarchies needed for ontology 

creation in complex domains. Without more advanced reasoning capabilities or 

specialized knowledge       to manage the specific relationships between concepts, the 

models could not perform to the required level of precision and completeness. 

Finally, LLMs rely on stochastic methods for generating outputs, which 

introduces variability that can affect performance, particularly in specialized tasks. The 

combination of stochasticity, lack of adequate generalization abilities in many cases, 

and insufficient domain-specific knowledge likely explains the low F1 score and the 

high number of false positives and false negatives observed. 

Therefore, this study underscores the importance of fine-tuning LLMs on domain-

specific data and improving model architectures to better handle the complexities of 

ontology engineering. While the results indicate potential, they also reveal that 

significant improvements are needed to achieve a more balanced performance between 

precision and recall. The current findings highlight that LLMs, in their current state, are 

not yet fully capable of independently generating ontologies that meet the rigorous 

standards required in very specific complex domains like SAR. 

The quantitative results obtained from the experiments underscore several key 

drawbacks and limitations that need to be thoroughly analyzed and addressed. The 

observation that the models achieved high precision but low recall, coupled with a high 

number of false negatives, is a significant concern. This pattern suggests that the LLMs 

were able to correctly identify some relevant classes, properties and relationships (true 

positives), but failed to recognize a substantial portion of the actual ontological 

elements (false negatives). One plausible explanation, as astutely pointed out is that the 

LLMs relied heavily on recognizing familiar words or lexical patterns without 

genuinely comprehending the underlying semantics and logical relationships. In 

essence, the models may have been successful in surface-level matching of terms but 

struggled to capture the deeper conceptual underpinnings required for accurate 

ontology generation. The suboptimal results could also be attributed to the inherent 
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limitations of the current generation of LLMs when it comes to representing and 

reasoning with complex, structured knowledge. While LLMs excel at language 

generation and understanding based on statistical patterns in their training data, 

ontologies demand a level of logical consistency, axiomatization, and constraint 

enforcement that may not be naturally aligned with the way these models operate. 

Another potential factor contributing to the drawbacks is the quality and diversity of 

the training data used for the LLMs. Ontology engineering, especially in specialized 

domains, requires a comprehensive understanding of domain-specific concepts, 

relationships, and axioms. If the training data lacks sufficient diversity or fails to 

adequately represent the intricacies of the target ontologies, the LLMs may struggle to 

generalize and produce accurate representations. While the evaluation metrics used 

(precision, recall, F1-score) are standard in many natural language processing tasks, 

their sole use for assessing the quality of generated ontologies can be questioned. 

Ontology evaluation often requires a nuanced consideration of factors such as logical 

consistency, adherence to axioms and constraints, and the ability to capture complex 

relationships. The current metrics may not fully capture these nuances, leading to a 

potential disconnect between the quantitative scores and the actual usefulness (quality) 

of the generated ontologies. 

  Ontologies are inherently based on logical axioms and constraints, which may 

not naturally align with the statistical patterns learned by LLMs from their training data. 

This fundamental mismatch between the nature of ontological knowledge and the way 

LLMs operate could be a significant hurdle in achieving high-quality ontology 

generation without substantial architectural modifications. 
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7 Future Research  
 

The field of ontology engineering is poised to benefit significantly from the 

integration of advanced AI methodologies. Two promising future directions include the 

implementation of Retrieval-Augmented Generation (RAG) and fine-tuning 

experimentation, both of which could enhance the quality and efficiency of ontology 

development processes. 

RAG offers a novel approach to addressing challenges in dynamic and large-scale 

ontology engineering by combining LLMs with external knowledge retrieval systems. 

This integration enables models to access domain-specific knowledge bases in real 

time, ensuring that the outputs are accurate, contextually relevant, and up-to-date. By 

leveraging RAG, ontology engineering processes could be enhanced in several ways: 

automating the generation of domain-specific terms, relations, and axioms with greater 

semantic precision; facilitating ontology alignment and merging by retrieving and 

integrating external ontological resources; and supporting the real-time evolution of 

ontologies by incorporating new knowledge seamlessly. Future research should focus 

on designing a RAG framework tailored for ontology engineering tasks, which would 

improve both the scalability and adaptability of ontology creation. 

Another critical direction is the fine-tuning of pre-trained language models for 

domain-specific ontology engineering tasks. While general-purpose LLMs have 

demonstrated remarkable capabilities, their domain-specific knowledge can be limited. 

Fine-tuning these models on datasets derived from specific domains or existing 

ontologies could enhance their ability to suggest precise concepts, relations, and logical 

structures. Additionally, this approach could improve reasoning capabilities by aligning 

model outputs with established domain knowledge and logical frameworks. Future 

studies should also explore and compare fine-tuning strategies, such as parameter-

efficient methods like LoRA or prompt tuning, to identify the most effective approaches 

for ontology engineering workflows. These experiments would help evaluate model 

performance in areas such as knowledge extraction, ontology validation, and dynamic 

updates. 

In conclusion, the integration of RAG systems and fine-tuned LLMs represents a 

transformative opportunity for ontology engineering. These technologies can 

significantly improve the precision, scalability, and adaptability of ontology 
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development processes, bridging the gap between human expertise and machine 

intelligence. Future research should prioritize the development and evaluation of these 

approaches to establish best practices and unlock their full potential in advancing the 

field of ontology engineering. 
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8 Conclusions 
 

Collaborative OE involving human-LLM teaming/collaboration demonstrates 

relative efficiency in the generated semantics. A collaborative approach involving a 

balanced participation of both human experts and LLMs can enhance this efficiency. 

By optimizing this balance between human expertise and LLM capabilities, the process 

of ontology development can be further improved. In terms of knowledge extraction, 

LLMs can be highly effective in extracting domain-specific knowledge from data 

documents, contributing to the development of relatively comprehensive, accurate and 

complete ontologies. The integration of human experts’ knowledge with LLM expertise 

leads to the engineering of more robust domain ontologies. The evaluation with two 

different domains and the results derived from the experiments indicate that the 

proposed OEMs, despite some difficulties due to specific LLMs’ capabilities, are not 

entirely domain-independent, as they both had interesting and representative results on 

their scientific field, and can be applied across different domains, but they do indicate 

variations in effectiveness based on the specific characteristics and requirements of 

each domain. Their performance varies depending on the complexity and specific 

features of each domain, necessitating adjustments and a balanced approach to human-

LLM collaboration tailored to the characteristics of each domain. As the level of human 

factor decreases and LLM involvement increases, there is a noticeable shift in the 

generated ontology’s structure and complexity, increasing the poor performance. Each 

level of collaboration reflects the unique strengths and limitations of human-centered 

and LLM-centered approaches. Evaluating the adaptability and generalizability of 

ontologies generated at different collaboration levels across diverse domains provides 

insights into the transferability of knowledge between human-centered and LLM-

centered OE approaches. This sheds light on the potential for domain-independent 

ontology development. 

While the proposed methodologies demonstrate promising directions, the 

quantitative results explicitly reveal significant limitations that must be addressed 

before such techniques can be reliably deployed in real-world OE scenarios. The varied 

model performances and consistent challenges in achieving high precision, recall, and 

F1 scores across the different experimental setups highlight intrinsic shortcomings in 

the current use of LLMs. These include, but are not limited to, an over-reliance on 
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lexical patterns rather than genuine semantic comprehension, a potential mismatch 

between the statistical learning paradigms of LLMs and the logical axiomatization 

required for ontologies, and the impact of training data quality and diversity. Rather 

than offering overly optimistic conjectures, it is acknowledged that fully realizing the 

capabilities of LLMs for high-fidelity ontology engineering is a long-term endeavor 

requiring substantial advancements. Crucially, this work contributes a systematic 

exploration of different levels of human-LLM collaboration tailored to the OE lifecycle, 

providing a methodological framework to incrementally enhance and evaluate LLM-

driven ontology generation. 

The findings underline that while LLMs can offer significant support through 

automation and knowledge extraction across specific OE subtasks, human expertise 

remains indispensable for ensuring the overall quality, accuracy, and relevance of the 

engineered ontologies. The most promising path forward appears to be a balanced 

involvement and synergy between human cognitive strengths and LLM capabilities, 

iteratively evaluating and refining the outputs through collaboration/interactions. While 

the results herein do not position LLMs as immediate replacements for human-driven 

OE, this research illuminates a pragmatic roadmap for their gradual integration. 

Through forthright acknowledgment of current limitations, systematic experimentation 

with collaborative frameworks, and a judicious balance of human guidance with LLM 

automation, the ontology engineering field can strategically harness the complementary 

strengths of both paradigms, fostering a symbiotic relationship between human 

knowledge engineers/workers and artificial intelligence. 

 Future research plans include further exploration of simulating role-playing, 

adding more roles to the OE lifecycle that are relative to the domain of research, as well 

as further refinement of the methodologies to enhance their adaptability and 

effectiveness in diverse OE contexts. In addition, more domains must be explored to 

better evaluate the robustness of the approach’s outcomes. Exploring the effects of 

varying data sources, sizes, and quality levels on the performance of the proposed 

methodologies could provide valuable insights into the robustness and limitations of 

using LLMs in collaborative OE tasks. Additionally, investigating strategies to mitigate 

data-related challenges and enhance the quality of training datasets could improve the 

accuracy and relevance of the ontologies produced through human-LLMs 

collaboration. Finally, experimentation with RAG technology and local open-source 
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LLM customized and trained to domain-specific OE is expected to uncover more 

capabilities of LLM-based OE technology in the new era of human-LLM symbiosis. 
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APPENDIX A 
In this section are presented the prompts used to conduct the experiments and produce 
the results generated and presented in the main part of this thesis. There are only 
introduced the prompts related to the steps of every methodological approach. Prompts 
that are given in the process of fine-tuning can be viewed in the GitHub repository. 
 
SAR domain 
X-HCOME 
PROMPT 1: Act as an ontology engineer. Your task is to build an ontology based on the data and info that I will provide you in 
the following prompts. You will not start generating the ontology until the moment that I will ask you. You must take in account 
and consider all the requirements and specifications that the ontology must meet and then produce it in the format that I will ask. 
PROMPT 2: The aim of the ontology that you will create below is to provide a framework for data representation and interlinking 
of wildfire events, fostering advanced reasoning, situational awareness, and interpretation for decision support in forest fire 
emergencies. The scope of the ontology is to symbolically model contextual information in the domain, addressing application and 
user requirements and promoting the creation of interoperable knowledge graphs. 
PROMPT 3: In terms of the depth or scope of domain knowledge to be represented, the ontology that you will build must aim to 
be comprehensive, covering all aspects of forest fire management across the three different phases of wildfire management: 
prevention & preparedness, detection & response, and adaptation & restoration. Your design must capture a wide range of relevant 
incidents and impacts in a wildfire disaster, associated weather conditions, data from human and earth observations, missions, 
and relationships between the services. Therefore, the generated ontology will be intended to have a deep scope, encompassing a 
broad range of domain knowledge relevant to forest fire emergencies. 
PROMPT 4: The key knowledge that must be represented in your ontology includes: A. Incidents and Impacts: The ontology must 
capture relevant incidents and impacts in a wildfire disaster, such as the spread of the fire, damage to infrastructure, and ecological 
impacts. This knowledge is crucial for understanding the extent and severity of the wildfire and its consequences. B. Weather 
Conditions: Representation of weather conditions, including temperature, wind speed, humidity, and weather forecasts, is essential 
for understanding the environmental factors influencing the behavior of the wildfire. This knowledge helps in assessing the 
potential spread and behavior of the fire. C. Data from Human and Earth Observations: The ontology must include data relevant 
to the analysis of input data coming from various sensors, satellites, and social media sources. This knowledge provides valuable 
information for monitoring and assessing the wildfire situation. D. Missions and Relationships Between Services: Representation 
of missions and relationships between the services involved in wildfire management is important for coordinating and organizing 
emergency response efforts. This knowledge facilitates effective decision-making and resource allocation. The representation of 
this knowledge is essential for facilitating advanced reasoning, situational awareness, and decision support in forest fire 
emergencies. By capturing and interlinking this knowledge, the ontology enables a comprehensive understanding of the wildfire 
situation, supports informed decision-making, and promotes the creation of interoperable knowledge graphs for effective crisis 
management.  
PROMPT 5: In this phase you will be provided with Documents from the Fire Department with real-case forest fire incidents and 
real data. You will examine these data and you will incorporate this knowledge from these files into your ontology and adapt all 
these information, in order to make the ontology more efficient and inclusive. In case that you have already considered these 
information (cross-information), or the meaning is similar, don’t double record/register.  
PROMPT 6: I will provide you with three sets of Competency Questions (CQs). Competency Questions are a set of Natural 
Language Questions that must be answered correctly by the ontology that you will generate and they are crucial in the ontology 
development process, since they represent ontology needs. You must take into account these CQs and your ontology must answer 
them. Here is the first set that related to representation to wildfire disaster and relevant incident and impacts: CQ1. What are the 
most important weather variables that can cause forest fire? CQ2. What are the current measurements for these weather variables? 
CQ3. What is the forecast for the weather in this location? CQ4. Where did the incident take place? CQ5. What is the priority of 
an incident during a forest fire disaster? CQ6. What incidents during forest fires are the most urgent? (Another two set of 
competencey questions are given to the model) 
PROMPT 7: Does the ontology you've created answer to all the competency questions I've provided you in our previous 
conversation? If not, then incorporate them and if it is demanded, fix the relations between the axioms and create any new one if 
needed. 
PROMPT 8: Give me the output file in .ttl format so that it can be opened in Protege 5.6.3. 
PROMPT 9: Now, translate the rule " If a location is on fire, and this location has humidity under 30% and windspeed higher 
than 20km/h, then activate an alert for mission" from natural language to SWRL, based on the classes and object properties from 
the ontology that you created.  
 
SimX-HCOME 
PROMPT 1: Create three instances of yourself, playing three distinct roles in ontology engineering, based on the XHCOME 
collaborative ontology engineering methodology. The first role is the Knowledge Engineer, the second role is the Domain Expert, 
and the third role is the Knowledge Worker. These three roles collaborate aiming to create an Ontology, where the aim is Search 
and Rescue (SAR) missions and the scope wildfire incidents. The Knowledge Engineer is responsible for requirements specification 
and conceptualization of the ontology. The Domain Expert is an experienced person in SAR missions and provides the requirements 
of the ontology, terminology, definitions of terms, domain-specific explanations of terms, etc. The Knowledge Worker is the user 
of the ontology and participates actively in the ontology engineering process. Your goal is to play all three roles, simulating 
XHCOME methodology. The aforementioned roles will interact with each other asking and answering questions until a valid and 
comprehensive ontology is created. At every generated outcome, I will check the ontology in terms of knowledge representation, 
syntax errors, or lack of domain expertise. Whenever I consider that my intervention is critical and important, I will jump in with 
prompts to help you reach the demanded best outcome. You will start on your own, but when you reach at a point of second thoughts 
or question yourself, consult me. I will inform you when the process is done and you’ve reached the desired outcome. You will 
refer to me on our discussion as Mr.Supervisor, so I can understand when you need my help, or when you ask for my approval/or 
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not. You must present the iterative discussion of the above roles, where at the end of everyone of these discussions I will confirm 
or not the continuation of the generating process and add anything that I think is important to be included. Now I will explain to 
you the X-HCOME methodology where you will base your ontology engineering. Your task is to build an ontology based on the 
data and info that I will provide you in the following text. You must take in account and consider all the requirements and 
specifications that the ontology must meet and then produce it in the format that is asked. Me as the Mr.Supervisor, will generate 
domain-specific prompts that address different aspects of SAR missions (such as environmental conditions, search techniques and 
equipment, rescue operation teams, and victim identification), and continually adjust and fine-tune these prompts to ensure they 
are pertinent, relevant, and precise. When I prompt you, you will embark the role playing between the three roles, knowledge 
engineer, knowledge worker and domain expert, and you will discuss the given prompt. Your answers in the discussion must cover 
the ontology scope. You will get a big amount of prompts so don’t get nervous. When the iteration of dialogues between domain 
expert, knowledge worker, knowledge engineer and me comes to an end, and that is when I decide that we can covered all the 
knowledge that is needed to be represented, you will develop the ontology based on all the above information and on those that we 
have discussed on our conversations. Remember to act as the three roles, domain expert, knowledge worker and knowledge 
engineer. The output file must be in .ttl format and must be opened in Protégé 5.6.3. Now start with just introducing yourself in the 
three roles and wait for me to introduce myself and give you the first prompts for discussion.  
PROMPT 2: Hello, I'm Mr Supervisor and I will guide you through this whole process, just in terms of counseling and giving you 
the first stimulus for discussion. I hope we have a very constructive conversation and reach our goal in generating an ontology in 
Search and Rescue Missions in wildfire incidents. First let me inform you about the general purpose of our work. Your task is to 
build an ontology based on the data and info that I will provide you in the following prompts. You will not start generating the 
ontology until the moment that I will ask you. You must take in account and consider all the requirements and specifications that 
the ontology must meet and then produce it in the format that I will ask. 
PROMPT 3: The aim of the ontology that you will create below is to provide a framework for data representation and interlinking 
of wildfire events, fostering advanced reasoning, situational awareness, and interpretation for decision support in forest fire 
emergencies. The scope of the ontology is to symbolically model contextual information in the domain, addressing application and 
user requirements and promoting the creation of interoperable knowledge graphs. 
PROMPT 4: It should focus primarily in wildfire incidents. You can reuse existing ontologies in the same domain. In terms of the 
depth or scope of domain knowledge to be represented, the ontology that you will build must aim to be comprehensive, covering 
all aspects of forest fire management across the three different phases of wildfire management: prevention & preparedness, 
detection & response, and adaptation & restoration. Your design must capture a wide range of relevant incidents and impacts in 
a wildfire disaster, associated weather conditions, data from human and earth observations, missions, and relationships between 
the services. Therefore, the generated ontology will be intended to have a deep scope, encompassing a broad range of domain 
knowledge relevant to forest fire emergencies. 
PROMPT 5: The key knowledge that must be represented in your ontology includes: A. Incidents and Impacts: The ontology must 
capture relevant incidents and impacts in a wildfire disaster, such as the spread of the fire, damage to infrastructure, and ecological 
impacts. This knowledge is crucial for understanding the extent and severity of the wildfire and its consequences. B. Weather 
Conditions: Representation of weather conditions, including temperature, wind speed, humidity, and weather forecasts, is essential 
for understanding the environmental factors influencing the behavior of the wildfire. This knowledge helps in assessing the 
potential spread and behavior of the fire. C. Data from Human and Earth Observations: The ontology must include data relevant 
to the analysis of input data coming from various sensors, satellites, and social media sources. This knowledge provides valuable 
information for monitoring and assessing the wildfire situation. D. Missions and Relationships Between Services: Representation 
of missions and relationships between the services involved in wildfire management is important for coordinating and organizing 
emergency response efforts. This knowledge facilitates effective decision-making and resource allocation. The representation of 
this knowledge is essential for facilitating advanced reasoning, situational awareness, and decision support in forest fire 
emergencies. By capturing and interlinking this knowledge, the ontology enables a comprehensive understanding of the wildfire 
situation, supports informed decision-making, and promotes the creation of interoperable knowledge graphs for effective crisis 
management. 
PROMPT 6: I have some additional guidance. First I will give you some competency questions that our ontology needs to answer. 
I will provide you with three sets of Competency Questions (CQs). Competency Questions are a set of Natural Language Questions 
that must be answered correctly by the ontology that you will generate and they are crucial in the ontology development process, 
since they represent ontology needs. You must take into account these CQs and your ontology must answer them. Here is the first 
set that related to representation to wildfire disaster and relevant incident and impacts: CQ1. What are the most important weather 
variables that can cause forest fire? CQ2. What are the current measurements for these weather variables? CQ3. What is the 
forecast for the weather in this location? CQ4. Where did the incident take place? CQ5. What is the priority of an incident during 
a forest fire disaster? CQ6. What incidents during forest fires are the most urgent? (another 2 sets of competency questions are 
given as prompts) 
PROMPT 7: I will now give you some data documents where you have to research in detail and try to represent all the knowledge 
included in these documents that will contribute to a better comprehension of SAR missions in wildfire incidents, and also to 
attributes that need to be represented in our ontology. 
PROMPT 8: Now develop the ontology based on all the above information. Remember to combine al the info and details given 
and represent all the important knowledge. The output file must be in .ttl format and must be opened in Protégé 5.6.3. 
PROMPT 9: Now, translate the rule " If a location is on fire, and this location has humidity under 30% and windspeed higher 
than 20km/h, then activate an alert for mission" from natural language to SWRL, based on the classes and object properties from 
the ontology that you created.  
 
Sim-HCOME 
PROMPT 1: Create three instances of yourself, playing three distinct roles in ontology engineering, based on the HCOME 
collaborative ontology engineering methodology. The first role is the Knowledge Engineer, the second role is the Domain Expert, 
and the third role is the Knowledge Worker. These three roles collaborate aiming to create an Ontology. The aim of the domain 
ontology that will be created is the Search And Rescue (SAR) Missions. The scope of the ontology is the wildfires. The Knowledge 
Engineer is responsible for requirements specification and conceptualization of the ontology. The Domain Expert is an experienced 
person in SAR missions and provides the requirements of the ontology, terminology, definitions of terms, domain-specific 
explanations of terms, etc. The Knowledge Worker is the user of the ontology (e.g., a firefighter) and participates actively in the 
ontology engineering process. Your goal is to play all three roles, simulating HCOME methodology. The aforementioned roles 
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will interact with each other asking and answering questions until a valid and comprehensive ontology is created. Present the 
iterative discussion of the above roles and the generated ontology in turtle (TTL) format. Then translate the following rule “If a 
location is on fire, and this location has humidity under 30% and windspeed higher than 20km/h, then activate an alert for mission.” 
from Natural Language to SWRL and adapt it based on the classes and object properties from your generated ontology. 
 
 
 


