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Abstract

Ontologies are meant to be reused; however, reusing ontologies in practice is highly challenging. Recent advances
in Large Language Models (LLMs) offer new possibilities for ontology engineering and competency question
generation, but their potential for explicit ontology reuse is underexplored. In this paper, we introduce a
framework for evaluating ontology reuse in ontologies generated by LLMs. The framework measures reuse
across four dimensions: lexical reuse, structural reuse, logical consistency, and reuse depth. We systematically
examine ontology reuse in LLM-generated ontologies across four models (GPT-40-mini, GPT-4.1, Qwen2.5-7B,
and Llama-3.1-8B) with various prompting strategies using established energy and IoT domain ontologies such
as SAREF and the Fiesta-IoT Ontology. We observe that unstructured prompts result in minimal or no reuse,
while reuse-orientated prompting increases the number of classes aligned with existing ontologies. Our results
demonstrate that while LLMs achieve lexical reuse with reference ontologies in a controlled reuse-oriented
prompting technique, deep structural and axiomatic reuse remains limited. This study highlights that effective
ontology reuse with LLMs requires dedicated prompting, alignment mechanisms, LLM-ready ontology reuse
methodologies and hybrid human-in-the-loop workflows to ensure ontology reuse operations are considered and
implemented.
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1. Introduction

Ontology reuse is a systematic adoption of previously developed ontologies or ontology components
for creating new ontologies [1]. It is motivated by the need to reduce development costs, improve
interoperability, ensure consistency across knowledge-based systems and accelerate the engineering
lifecycle. Reusing ontologies has several advantages. Reusing established ontology components avoids
modelling from scratch and leverages artefacts that have already been tested and validated [2]. In practice,
ontology reuse relies on manual inspection, alignment, and conceptual understanding, processes that
demand considerable expertise and cognitive effort.

Ontology repositories such as the OBO Foundry [3], BioPortal[4], and Linked Open Vocabularies
(LOV) [5], along with tools such as Protégé [6], have facilitated the discovery and adoption of ontologies
across multiple domains. These repositories provide access to hundreds to over a thousand distinct
ontologies covering diverse subject areas: for example, BioPortal alone currently hosts over 1,500
ontologies, and LOV currently hosts 905 ontologies. These repositories and tools take on the effort of
human experts in constructing models of domain knowledge and making reuse feasible. Nevertheless,
one of the significant challenges remains: how to ensure meaningful, semantically consistent reuse
in human or automated ontology engineering pipelines. The costs associated with the different steps
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involved in reusing existing ontologies are not well understood or predetermined. On the other side,
Simper!’s feasibility study [7] on ontology reuse highlighted that, although numerous ontologies are
available, developers face challenges such as heterogeneity, low discoverability, and limited incentives,
which hinder systematic reuse. This work reframed ontology reuse as a socio-technical challenge rather
than a purely technical one. Many research groups and organisations develop their methodologies to
reuse existing ontologies and to develop new ontologies tailored to their needs. Varying and inconsistent
approaches taken by ontology experts hinder the understanding and application of ontology reuse.
Choosing the right ontologies and knowing how to reuse them is an important basis for successfully
implementing ontologies and carrying out knowledge graph engineering tasks while achieving semantic
interoperability.

LLMs have increasingly become a primary area of interest in research due to their potential in
various natural language processing tasks, including summarisation, text generation, code generation,
and question answering [8, 9, 10]. More recently, the semantic web research community has turned
attention to how LLMs can support semantic technologies [11, 12]. LLMs can generate ontologies, OWL
axioms, class hierarchies, and RDF triples from natural language inputs. However, these automated
approaches often operate without explicit awareness of existing ontologies, potentially leading to
semantic inconsistencies. As Garijo et al. [11] highlight in their systematic landscape review, the reuse
phase remains underdeveloped, as no LLM-based approaches currently support explicit ontology
search, selection, or adaptation. In addition, the evaluation phase lacks systematic frameworks
for assessing the level and quality of ontology reuse in LLM-generated ontologies. While some efforts
have focused on evaluating ontology generation, for example through benchmarks such as the one
proposed by Plu et al. [12], which assess LLM-generated ontologies using metrics such as accuracy,
precision, recall, coverage, and qualitative user evaluation, explicit ontology reuse by LLMs remains
largely underexplored. These gaps highlight the need for more mature ontology reuse methodologies to
effectively integrate LLMs into ontology engineering. These challenges become even more pronounced
in emerging automated settings, particularly with the rise of LLM-based ontology generation.

This paper attempts to address these gaps by conducting a comparative evaluation of ontology reuse
in LLM-generated ontologies. Understanding the maturity, scope, and limitations of LLMs regarding
ontology reuse is essential for advancing the field in a structured and reliable way. Through this
comparison, the paper seeks to answer the following research question:

« RQ: Do LLM-generated ontologies meaningfully reuse existing ontological components?

This work has three main contributions. First, it introduces a reproducible evaluation framework
for assessing ontology reuse in LLM-generated ontologies. Second, it presents the first empirical
comparison of ontology reuse in various LLMs, covering smart energy and IoT domains. Third,
it articulates a research agenda highlighting the need for explicit reuse-aware methodologies in
LLM-based approaches.

The remainder of this paper is structured as follows. Section 2 reviews related work on ontology reuse
and recent developments in LLM-based ontology engineering. Section 3 describes the framework for
evaluating ontologies generated by LLMs. Section 4 details the experimental design and steps, including
prompting techniques, metrics, and the evaluation workflow. Section 5 presents the results and analysis.
Section 6 concludes and outlines research directions. All results and documents are available on GitHub:
https://github.com/HenonLamboro-Trialog/OntologyReuse-LLM-Evaluation.

2. Background

2.1. Ontology

There are many definitions of the term “ontology” used in the semantic web. The one from Gruber is the
most relevant and most cited. In accordance with Tom Gruber’s [13] definition, ontology is the “explicit
specification of conceptualisation”. Another definition by Struder [14] built on Gruber’s definition and
slightly elaborated it as “An ontology is a formal, explicit specification of a shared conceptualisation.”


https://github.com/HenonLamboro-Trialog/OntologyReuse-LLM-Evaluation

Ontology Reuse Process

A\ 4

Identify Ontology

Requirement /C Search Select > Adapt >> Validate Ontology Use

Figure 1: Ontology Reuse Process

Ontologies are a means to formally model the structure of a system in both human-understandable and
machine-readable formats. They are used to formalise and keep the relationship of data in a system.
Concepts, properties, and relations are explicitly defined to represent machine-readable abstract models.

Ontologies have been widely recognised as a core component in the development of the Semantic
Web, serving as the foundation for enhancing semantic interoperability across diverse systems and data
sources. Moreover, as outlined in the FAIR guiding principles[15], reusability is one of the attributes for
maximising the added value of information artifacts.

2.2. Ontology Reuse

The term ’ontology reuse’ has been around since the late 1990s, and it has been studied for years. One
of the earliest pieces of literature that mentioned ontology reuse is the paper entitled “An Experiment
in Ontology Reuse” by Uschold et al. [16], where ontology reuse is investigated as a key element in
ontology engineering for a specific domain software design. Afterwards, a more formal and foundational
definition is presented by Katsumi and Griininger [17]. They formalise ontology reuse for the first time as
a mathematical problem by giving more than fifteen mathematical definitions of reuse operations. They
also critically examined the notion of reuse and categorised different ontology reuse strategies. Building
on these foundational studies, ontology reuse has come to be widely recognised as a fundamental
principle of ontology engineering and a key driver of the Semantic Web vision. Reuse enables developers
to build upon existing conceptualisations, thereby promoting semantic interoperability, accelerating
development time, and improving model quality, as highlighted in [18]. As emphasised in earlier studies,
ontology reuse contributes to faster development cycles by reducing engineering time by leveraging
existing work, improving ontology quality, better aligning heterogeneous systems and encouraging the
adoption of widely accepted ontologies. As such, ontology reuse is not only helpful but essential in
ontology engineering.

In this paper, ontology reuse is defined as the process of accessing, selecting, and applying appropriate
operations to existing ontologies in order to construct a new ontology that satisfies specified require-
ments as illustrated in Figure 1. Ontology use is the ability to utilise ontologies without modification for
future applications, such as knowledge graph engineering, inference and reasoning. To make ontology
reuse more concrete, consider an example from the RESONANCE ontology [19], where SRI4ALL aligns
with SAREF4ENER [20], reusing energy-related concepts (e.g., sri4all:Device rdfs:subClassOf
s4ener:Device).

2.2.1. Formalization of Ontology reuse

Here, we present formal definitions of ontology reuse and reusability, as introduced by [17]. Their work
aimed at providing mathematical precision to the concepts of reuse, reusability, and the operations used
to manipulate ontologies in the reuse process.

An ontology T is reusable for a set of intended models M;tengeq if there exists a subtheory 77 C T
and signatures 01 C 0(Miptended) and o2 C o(T") such that:

drr: Red(Mintendeda 01) — Red(MOd(T/)) 02) (1)



The reduct of a class of models M to a signature o is defined as:
Red(M,0)={N: N=M|,, M € M} (2)

Mod(T) is the models of an ontology T.
A key aspect of such formalisation of ontology reuse is categorising the ways an existing ontology
can be manipulated to support a new modelling effort.

2.3. LLMs for Ontology Engineering

Recent advancements in LLMs have shown growing interest for their application to ontology engineering.
LLMs have shown promising results in tasks such as ontology generation, concept extraction, axiom
suggestion, and terminology alignment. For example, works like [21, 22, 23, 24, 25, 26, 27, 28] explored
various prompting strategies and human-in-the-loop pipelines to build ontologies from text or structured
sources. These efforts reflect a trend toward leveraging LLMs as general-purpose semantic agents
capable of accelerating ontology engineering. Recent work further supports this by proposing methods
that leverage LLMs to retrofit competency questions from existing ontologies, helping to recover implicit
requirements and better understand their intended scope, which facilitates their effective reuse [29].

However, when it comes to ontology reuse, the landscape becomes less mature. Despite the growing
sophistication of LLMs, their potential to identify, adapt, and integrate existing ontologies has received
limited investigation. The reuse of established ontologies, such as foundational upper ontologies or
domain-specific ontologies, involves tasks like ontology alignment, modularisation, context-aware
reuse, and semantic compatibility, which are not trivially addressed by LLM prompting. LLMs often
hallucinate structures or invent terminology, which may lead to ontologies that are semantically isolated
and difficult to interoperate with existing knowledge graphs or systems.

3. Framework for Evaluating Ontology Reuse

This section presents the experimental evaluation of ontology reuse in LLM-generated ontologies using
our proposed reuse framework. The evaluation follows the designed methodology described in Figure 2,
where ontology reuse is operationalised across lexical, structural, semantic, and logical levels. The goal
of the experiment is to analyse how the choice of different prompting strategies and LLMs influence
ontology reuse when generating ontologies for the energy and Internet of Things (IoT) domain.

3.1. Experimental Workflow

As illustrated in Figure 2, the experiment consists of seven main stages:

1. Prompt design: A set of prompts was designed following three prompting strategies: unstruc-
tured prompting, structured prompting, and reuse-oriented prompting. Each prompt requested the
generation of an ontology describing the smart appliance and IoT domain.

2. Ontology generation: Ontologies were generated using multiple LLMs, including GPT-4.1,
GPT-40-mini, Llama-3.1-8B-Instruct, and Qwen2.5-7B-Instruct. Each generated ontology was
exported in Turtle (TTL) format and stored as a separate file.

3. Preprocessing: A preprocessing step was applied to ensure valid ontology syntax by removing
markdown formatting, code block markers, and other non-RDF artefacts introduced by the LLMs.

4. Ontology parsing: The cleaned ontologies were parsed using the RDFLib library in Python [30],
representing each ontology as an RDF graph of subject—predicate—object triples.

5. Feature extraction: Ontology features were automatically extracted from the parsed graphs,
including lexical terms, hierarchical relations, property patterns, subsumption relations, and
logical constraints.

6. Reuse metrics computation: Reuse metrics were computed by comparing extracted features
with reference ontologies.



7. Visualization and Analysis: Results were exported for visualisation and analysis.
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Figure 2: Framework for ontology generation and reuse evaluation.

4. Experimental Setup

To assess the proposed framework, we conducted experiments with 24 LLM-generated ontologies
against reference ontologies with various prompting strategies. Batch evaluation was automated via a
Python pipeline.

4.1. Prompting Strategies

Three prompting strategies with increasing levels of guidance were defined in order to test whether
LLMs spontaneously reuse ontology terms without guidance.

1. Unstructured Prompting: A zero-shot baseline where the model is given only a high-level
task description without structural or reuse guidance. For example: “Generate an ontology for the
smart appliance domain.”

2. Structured Prompting: The model is given explicit structural and output instructions without
reuse constraints to test whether structured guidance improves alignment with domain termi-
nology. For example: Generate an ontology for smart appliances with at least 30 classes, 8 object
properties, and 5 data properties, including domains and ranges.

3. Reuse-Oriented Prompting: The model is explicitly encouraged to reuse terminology from an
existing ontology, for example: “Generate an ontology for the smart appliance domain by reusing
Ontology X classes whenever appropriate. Prefer reused labels over new ones.”

For reproducibility, all prompts used in the experiments are provided in Appendix A and are available
in the project repository. These prompts were applied consistently across all evaluated LLMs.

4.2. Ontology Generation Setup

Ontology generation was performed using four LLMs two larger proprietary GPT models and two open
models, namely GPT-40-mini [31], GPT-4.1 [32], Llama-3.1-8B-Instruct [33], and Qwen2.5-7B-Instruct
[34], resulting in a total of 24 ontologies. All models were queried through a Python-based pipeline
that automatically stores outputs in Turtle format. The temperature parameter was fixed at 0.2 for all
models, reducing randomness while preserving limited variability in generation.

All prompts follow a shared ontology requirement to ensure comparability across outputs. For each
prompting strategy, each LLM generates one ontology within the domain of smart appliances, including



devices, sensors, and energy-related concepts. The ontologies include core modelling elements such
as classes (e.g., Appliance, Sensor, Function), object properties, and data properties (e.g., energy
consumption), and are expressed in RDF/Turtle. They remain lightweight, focusing on taxonomy
and basic relations without deep axiomatisation. In reuse-oriented settings, they additionally require
alignment with reference ontologies through reuse of existing terms. This shared setup ensures that
differences in outputs are attributable to prompting strategies rather than task ambiguity.

4.3. Ontology Preprocessing and Parsing

A preprocessing step was applied to the generated outputs to ensure valid ontology syntax. This step
removed markdown formatting, code block markers, and other non-RDF artefacts introduced by the
LLMs, ensuring that the resulting files could be correctly parsed as turtle ontologies. Each ontology,
both reference and generated, is expressed in turtle format and loaded into a machine-readable RDF
graph using RDFLib. Parsing the ontology graph allows systematic traversal of all triples in the
form (subject, predicate, object), enabling extraction of ontology components necessary for reuse
evaluation.

4.4. Feature Extraction

From each ontology graph, the following four sets are extracted to capture different dimensions of
reuse:

« Lexical Terms (7): all class and property labels defined in domain-specific namespaces. Example:
labels such as TemperatureSensor or measuresProperty.

+ Hierarchical Relations (): all subclass relations between domain-specific classes. Example:
TemperatureSensor C Sensor.

« Property Patterns (P): object properties whose domain and range are restricted to domain-
specific classes. Example: measuresProperty (Sensor — Property).

« Logical Constraints (C): OWL restrictions applied to classes. Example: Sensor L[
(measuresProperty only Property).

This modular extraction ensures that each reuse dimension is evaluated independently. To focus the
analysis on meaningful reuse, the pipeline distinguishes between core ontology namespaces (e.g., rdf,
rdfs, and owl) and domain-specific namespaces (e.g., SAREF [35], FIESTA [36]). Elements originating
from core namespaces are filtered out. Example: a triple such as rdfs: label is excluded, whereas
saref :Sensor is retained. This ensures that reuse metrics remain focused on domain-specific axioms.

4.5. Reuse Metrics Computation

For each feature set, reuse is computed as a normalised alignment between the reference ontology and
the generated ontology:

Reuse(X) Z max Sim(zx, y) (3)

|X ‘ yEX(

where X, and X, denote the sets extracted from the reference and generated ontologies, respectively,
and Sim(z, y) € [0, 1] measures the similarity between elements = and y.
The similarity function is defined as:

1, ifr=y

Sim(x,y) = {

s(z,y), otherwise

where s(z,y) captures semantic similarity.
The reuse metrics are defined as follows:



+ Lexical Reuse (LR):
LR = Reuse(T) (5)

This captures lexical alignment, allowing both exact and semantically similar matches. Example:
overlap of class/property names such as Sensor, Temperature.
« Structural Reuse (SR):

SR = aReuse(H) + (1 — ) Reuse(P) (6)

This captures reuse of subclass hierarchies and property relations. Example: partial reuse of
subclass hierarchies and property connections.
« Logical Constraint Preservation (LC):

LC = Reuse(C) x LV (7)

Where LV = 1 if no unsatisfiable classes are detected via automated reasoning, and LV = 0
otherwise. Example: if constraints are reused but introduce inconsistency, then LC = 0.
« Reuse depth: (RD):
RD =y LR+ SR+ 3LC (8)

Aggregates these dimensions with Z?Zl v; = 1. We assign higher weights to lexical and structural
reuse (7] = 72 = 0.3) than to logical constraints (y3 = 0.2), reflecting their greater importance
in capturing meaningful ontology reuse. All metrics are normalized to the interval [0, 1], enabling
consistent comparison across ontologies.

4.6. Visualization and Analysis

The pipeline supports batch evaluation of multiple LLM-generated ontologies. Each ontology in a
specified folder is evaluated against a reference ontology, and the computed metrics (LR, SR, LC,
RD) are stored in a CSV file for subsequent analysis. Logical consistency is automatically verified
using the Pellet reasoner via Owlready?2 integration. This automation enables reproducible, large-scale
evaluation of ontology reuse across models and prompting strategies.

5. Experiment Results

To systematically analyse the results of the reuse of domain ontologies in LLM-generated ontologies,
we developed a Python-based automated pipeline. Initially, ChatGPT attempted to create a base code.
The pipeline operationalises our reuse framework. The automated pipeline provides a systematic
and reproducible framework to quantify how well LLM-generated ontologies reuse domain-specific
knowledge. By incorporating namespace filtering, modular feature extraction, and logical consistency
checks, it produces metrics that are both meaningful and interpretable for comparing different ontology
generation approaches.

To contextualise the obtained reuse scores with respect to the role of the reference ontologies in this
study. The objective of the experiment is not to reproduce or reconstruct the reference ontologies, but
rather to analyse the extent to which LLMs reuse existing ontologies when tasked with creating new
ontologies in a given domain. This experiment assumes that the evaluated LLMs have prior knowledge
of the reference ontologies, given their availability in publicly accessible sources. Future work will
explicitly investigate this assumption by incorporating controlled assessments and experiments that
distinguish between prior knowledge and reuse driven by the prompts.

The ontology generation task is open-ended and allows models to introduce new concepts and
relations that may not be present in the reference ontologies. The reference ontologies serve as reuse
targets rather than complete specifications of the domain. As a result, perfect reuse scores (i.e., values
approaching 1.0) are not theoretically expected. The reported metrics should be interpreted as relative
indicators of reuse behaviour across prompting strategies.



5.1. Results: SAREF Ontology

Table 1 presents the reuse metrics obtained when evaluating generated ontologies against the SAREF
ontology. Figure 3 visualises the reuse depth scores across different prompting strategies. The results
indicate that ontology reuse across all evaluated models is generally low. Lexical reuse represents
the primary form of reuse observed. GPT-4.1 achieved the highest lexical reuse score (0.050) in the
reuse-oriented prompt setting, indicating partial reuse of SAREF terminology. However, structural
reuse was largely absent across most generated ontologies. Only the structured GPT-4.1 configuration
demonstrated limited structural reuse (SR = 0.0189). This suggests that providing explicit structural
guidance within prompts can encourage models to partially replicate ontology hierarchy patterns.

Table 1
Ontology reuse evaluation results using the SAREF ontology as reference

Prompt and LLM Type LR SR LC RD

Reuse-Oriented GPT-40-mini  0.0505 0.0000 0.0000 0.0101
Reuse-Oriented Qwen2.5-7B 0.0101  0.0000 0.0000 0.0020
Reuse-Oriented Llama-3.1-8B 0.0100  0.0000 0.0000  0.0000

Reuse-Oriented GPT-4.1 0.0200 0.0189 0.0000 0.0170
Structured Llama-3.1-8B 0.0101  0.0000 0.0000 0.0020
Structured GPT-40-mini 0.0101  0.0000 0.0000 0.0020
Structured Qwen2.5-7B 0.0101  0.0000 0.0000 0.0020
Structured GPT-4.1 0.0101  0.0000 0.0000 0.0020
Unstructured Llama-3.1-8B 0.0000  0.0000 0.0000 0.0000
Unstructured GPT-40-mini 0.0000  0.0000 0.0000 0.0000
Unstructured Qwen2.5-7B 0.0000 0.0000 0.0000 0.0000
Unstructured GPT-4.1 0.0300 0.0000 0.0000 0.0010
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Figure 3: Reuse depth comparison for SAREF-based evaluation.

5.2. Results: FIESTA-loT Ontology

Table 2 presents the results obtained when using the FIESTA-IoT ontology as the reference ontology.
The results show that reuse scores are significantly lower when evaluated against the FIESTA ontology.
Lexical reuse values remain below 0.01 across all configurations. This suggests that LLMs rarely
reproduce terminology from the FIESTA-IoT ontology when generating ontologies without explicit
guidance. A comprehensive explanation of these observations would require further investigation into
the internal mechanisms of how LLMs generate output, which falls outside the scope of the present
study. No structural reuse was detected in any generated ontology. Consequently, reuse depth values
remain extremely low.



Table 2
Ontology reuse evaluation results against the FIESTA-loT ontology

Prompt and LLM Type LR SR LC RD

Reuse-Oriented GPT-4.1 0.0097 0.0000 0.0000 0.0019
Reuse-Oriented Llama-3.1-8B  0.0058  0.0000 0.0000 0.0012
Reuse-Oriented Qwen2.5-7B 0.0058 0.0000 0.0000 0.0012
Reuse-Oriented GPT-40-mini ~ 0.0060  0.0000 0.0000 0.0020

Structured GPT-4.1 0.0039  0.0000 0.0000 0.0008
Structured Llama-3.1-8B 0.0058  0.0000 0.0000 0.0012
Structured Qwen2.5-7B 0.0058  0.0000 0.0000 0.0012
Structured GPT-40-mini 0.0058 0.0000 0.0000 0.0012
Unstructured GPT-4.1 0.0000 0.0000 0.0000 0.0000
Unstructured Llama-3.1-8B 0.0000 0.0000 0.0000 0.0000
Unstructured Qwen2.5-7B 0.0039  0.0000 0.0000 0.0008
Unstructured GPT-40-mini 0.0000 0.0000 0.0000 0.0020
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Figure 4: Reuse depth comparison for FIESTA-based evaluation.

Figure 4 illustrates the reuse depth distribution for the FIESTA evaluation.

Following the initial experiments, which suggested that reuse-oriented prompting can support deeper
forms of ontology reuse, we conducted a more focused experiment using the same prompting strategy
across multiple runs and models. In this phase, the reuse-oriented prompt was executed five times on
the four LLMs, using the FIESTA-IoT ontology as the reference ontology. This ontology is particularly
suitable for the analysis, as it was manually developed with the explicit goal of reusing and aligning
existing ontologies. The evaluation considers structural characteristics, including the number of classes,
object properties, data properties, and triples, as well as reuse metrics. Lexical reuse (LR) captures exact
term overlap, while semantic lexical reuse (SLR) measures semantic similarity between lexical terms.
Structural reuse (SR) captures the reuse of hierarchical and relational structures. The evaluation also
reports precision, recall, and F1 scores to assess overall alignment with the reference ontology.

As shown in table 3 the results show a consistent pattern across models. LR and F1 scores are generally
low, indicating limited direct reuse of reference terms, while SLR is higher, especially for GPT-based
models and Qwen. GPT 4.1 shows some variability with occasional higher scores, whereas GPT 40
mini is more stable but lower. In contrast, Llama 3.1 and Qwen 2.5 often produce weakly structured
outputs, leading to near-zero scores. SR remains low across all models, suggesting limited reuse of
ontology relationships. Overall, reuse-oriented prompting encourages semantic similarity but does not
consistently achieve true ontology reuse.
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6. Conclusion

The experimental results reveal several important observations regarding ontology generation with
LLMs. First, lexical reuse is the dominant form of reuse across all models and prompting strategies.
This indicates that LLMs are capable of reproducing isolated domain terms but rarely replicate deeper
ontological structures. Second, structural and semantic reuse are largely absent. Most generated
ontologies failed to reproduce subclass hierarchies, domain-range relationships, or logical axioms
from the reference ontologies. This finding suggests that current LLMs primarily generate ontologies
through surface-level pattern synthesis rather than through reuse of formal ontology structures. Third,
prompting strategies have a measurable impact on reuse behaviour. Structured prompts slightly
improved structural reuse and semantic reuse for GPT-4.1, demonstrating that explicit instructions
about ontology structure can encourage deeper modelling patterns. Finally, differences between the
two reference ontologies highlight the importance of ontology vocabulary visibility. SAREF achieved
slightly higher reuse scores due to its wider recognition and clearer domain terminology. In contrast,
FIESTA reuse remained minimal across the experiments.

As this study represents a first attempt to define metrics for quantifying ontology reuse in LLM-
generated outputs, the findings must be interpreted within certain methodological constraints. The
proposed measures provide useful insights into lexical, structural, and semantic reuse patterns, they
also have limitations. In particular, the metrics rely on axiom-level comparisons and may not fully
capture more subtle forms of semantic equivalence. Therefore, the results should be interpreted as
indicative rather than exhaustive, and future work is needed to validate them across a broader range of
ontologies, domains, and generation settings.

Overall, the results indicate that while LLMs can assist with ontology engineering, their ability to
reuse existing ontologies remains limited without explicit guidance or integration mechanisms. These
findings highlight the need for improved prompting strategies and reuse-aware generation methods.
Investigating these approaches represents an important direction for future research aimed at developing
reuse-aware generation methods and improving the integration of LLMs with semantic knowledge
bases.
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A. Appendix

This appendix provides the full prompts used in the experiments. The same prompts were applied
across all evaluated LLMs.

A.1. Unstructured Prompt

Generate an ontology for the domain of <DOMAIN>.
The ontology should capture the main concepts and relationships relevant to this domain.

A.2. Structured Prompt

Generate an ontology for the domain of <DOMAIN>.

Requirements:

- Identify and define the core classes (key concepts in the domain)

- Define object properties to represent relationships between classes
- Define data properties to represent attributes of entities

- Include a clear and coherent class hierarchy

- Use meaningful and consistent naming conventions

Output format:

- Provide the ontology in Turtle (RDF) syntax

- Ensure the syntax is valid and well-structured

A.3. Reuse-Oriented Prompt

Generate an ontology for the domain of <DOMAIN>.

Reuse Strategy:

- Reuse existing ontologies, vocabularies, or standards whenever appropriate
(e.g., <DOMAIN ONTOLOGY>)

- Prefer reusing existing classes and properties over creating new ones
- Clearly align or map reused elements where applicable

Modeling Requirements:

- Define classes, object properties, and data properties

- Ensure a clear class hierarchy and well-defined relationships

- Avoid redundancy and unnecessary duplication of concepts

Output format:

- Provide the ontology in Turtle (RDF) syntax

- Ensure correctness and consistency of reused terms
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