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Abstract. We present the extended NeOn-GPT pipeline, an LLM-powered ontol-
ogy learning pipeline grounded in the NeOn methodology. NeOn-GPT is a domain-
agnostic ontology learning pipeline that comprises two components: (i) ontology
draft generation: a multi-step prompting pipeline following the NeOn methodology,
including requirement specification, Competency Questions generation, ontology
conceptualization and implementation, formal modelling, population, documenta-
tion, (ii) automated ontology verification and resolution achieved through orches-
trated calls to third-party tools complemented by LLM-suggested repairs. The ex-
tended pipeline incorporates an explicit step for reusing existing relevant domain
ontologies to guide LLMs toward more consistent modeling decisions. We eval-
uate NeOn-GPT across four distinct domains (Wine, Cheminformatics, Environ-
mental Microbiology, and Sewer Networks) using both proprietary (GPT-40) and
open-source (Mistral, Llama-4, DeepSeek) models. Gold-standard alignment is as-
sessed using three complementary metrics: structural metrics (class, property, and
axiom profiles), lexical metrics (exact matches and Jaro-Winkler similarity > 0.8),
and semantic metrics based on sentence-transformer embeddings. Results show
that LLMs consistently generate ontologies with rich relational structures (includ-
ing functional, transitive, and domain-range constraints) and meaningful seman-
tic alignment, with most entity and triple similarities falling in the 0.5-0.8 range.
Opverall, this study provides a comprehensive, cross-domain evaluation of a NeOn-
guided LLM ontology learning pipeline, clarifying its capabilities and limitations.
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1. Introduction

Ontologies are formal and explicit specifications of shared conceptualizations, struc-
tured representations of the entities, properties, and rules that define a domain [1,2].
They provide a semantic foundation for data integration, interoperability, and reason-
ing in domains such as biomedicine, environmental modelling, and intelligent decision
support [3,4,5,6]. The construction of high-quality ontologies, however, remains labour-
intensive, requiring domain expertise, methodological rigour, and significant manual ef-
fort.

Recent advances in large language models (LLMs) offer a promising opportunity to
alleviate this bottleneck. LLMs are increasingly used to transform natural language de-
scriptions into structured representations, raising the question of whether they can sup-
port or even automate ontology-engineering pipelines. This challenge is both practically
important and scientifically significant: a reliable LLM-assisted pipeline would reduce
development time, broaden accessibility, and strengthen ontology reuse across domains.

However, automating ontology engineering with LLMs remains difficult. Naive
prompting strategies often produce incomplete conceptual models, missing axioms, or
logically inconsistent structures. Moreover, LLMs struggle to reuse existing ontologies,
which results in hallucinated entities or incorrect reuse of vocabulary. These limitations
make end-to-end automation challenging, despite the impressive generative capabilities
of current models.

Existing approaches have attempted to leverage LLMs for isolated ontology learning
tasks, such as entity extraction, triple generation, and ontology validation [7,8,9,10,11,
12,13,14,15], but they do not provide a methodology-driven, end-to-end ontology con-
struction process with robust verification and resolution. In particular, existing LLM-
based methods typically overlook systematic syntax checking, logical consistency veri-
fication, and modelling-quality assessment, resulting in ontologies that are often invalid
or unusable in downstream reasoning tasks.

Our earlier work, NeOn-GPT [16,17], introduced a prompt-engineered ontol-
ogy construction pipeline grounded in the NeOn methodology and coupled with a
verification-and-resolution stage that integrates third-party tools (RDFLib, HermiT, Pel-
let, OOPS!) with LLM-guided repairs. This combination enabled the automatic detection
and correction of syntax errors, logical inconsistencies, and modelling pitfalls, produc-
ing draft ontologies that were consistently valid, unlike the outputs of prior LLM-based
approaches [18].

The contributions of the original NeOn-GPT [16] paper are:

* Implementation of a prompt pipeline grounded in the NeOn methodology.

* NeOn-GPT, an LLM-driven ontology generation pipeline including multi-step on-
tology draft generation phase and an extensive validation phase encompassing syn-
tax, consistency, and modelling pitfalls check of the generated ontology.

* An empirical evaluation of NeOn-GPT using a single gold-standard ontology,
the Stanford Wine Ontology, and a single LLM, GPT-3.5, comparing zero-
shot prompting, a prompt pipeline derived from the Ontology Development 101
methodology [19], and the NeOn-GPT pipeline across structural metrics, hierarchy
depth, axioms, properties, individuals, and inference behavior.



Our work [16,17] showed that LLM-generated ontologies differ from expert-curated
gold standard ontologies, particularly in the depth of hierarchies and the coverage of
domain-specific concepts. Expert-curated ontologies outperform LLM-generated ones
not only because they are grounded in expert knowledge, but also because ontology engi-
neers reuse existing domain knowledge, both ontological and non-ontological resources,
during construction.

Moreover, our prior evaluation was limited to the Wine ontology, a domain likely
well represented in LLM training data. To meaningfully assess LLM capabilities, a
broader evaluation is required across domains with varying degrees of representation,
including sparsely modelled domains.

This paper presents an enhanced version of NeOn-GPT !. We integrate a reuse stage
of ontological and non-ontological resources in accordance with the NeOn methodology
guidelines. We broaden the evaluation to assess LLM capability across heterogeneous
domains, ranging from well-established ontologies to sparsely modelled knowledge ar-
eas.

This paper makes the following contributions:

* We incorporate the reuse stage into the NeOn-GPT pipeline, allowing the identi-
fication, evaluation, and incorporation of curated ontology fragments during con-
ceptual modelling (Section 3.1.4).

* We expand the empirical evaluation to four heterogeneous domains (wine,
sewer networks infrastructure, cheminformatics, and environmental microbiol-
ogy), demonstrating the generality of the approach (Sections 5 and 6).

* We compare multiple LLMs, including GPT-40 and open-source models such as

Mistral, LLama, and Deepseek to assess model dependence and robustness (Sec-

tion 5).

We develop and apply a comprehensive evaluation framework for LLM-generated

ontologies that assesses structural, lexical, and semantic alignment with gold-

standard ontologies, enabling a multi-dimensional analysis of ontology quality be-

yond surface-level checks (Section 4).

The paper is structured as follows: Section 2 reviews related literature. Section 3
presents our methodology. Section 4 outlines the evaluation metrics. Section 5 describes
the experimental setup and 6 presents results and discussions. Section 8 discusses the
limitations of our approach. Finally, section 9 concludes with a summary of contributions
and presents directions for future work to address the limitations.

2. Related Work
2.1. Ontology Learning from Text
Ontology learning from text refers to the automatic or semi-automatic process of acquir-

ing ontologies from unstructured textual data to construct them. This task has been a
long-standing goal in the Semantic Web community, aiming to reduce the cost and com-

The supplementary materials, including code, prompting templates, evaluation scripts, and generated on-
tologies, are available at: https://github.com/NadeenAhmad/neon-gpt-extended
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plexity of manual ontology engineering while improving scalability and domain cover-
age [20,21]. Early approaches used rule-based and statistical methods; a prominent ex-
ample is Hearst patterns, a rule-based method that identifies taxonomic relations such as
hyponymy—the relation between a general entity and its more specific instances (e.g.,
”animal” and ”dog”) — using lexico-syntactic cues, i.e., fixed linguistic patterns like X
is a type of Y” that signal hierarchical relationships in text [22]. [23] proposed a semi-
automatic approach for constructing ontologies from domain-specific corpora by identi-
fying relevant terms and extracting semantic relations such as synonymy, hypernymy, and
meronymy through linguistic and contextual analysis. [24] proposed a semi-automatic
ontology learning framework that integrates natural language processing (NLP) to ex-
tract ontological structures from unstructured and semi-structured web data. Their ap-
proach involves multiple stages, including ontology import, entity and relation extrac-
tion, pruning, refinement, and evaluation, with an emphasis on human-in-the-loop guid-
ance to enhance accuracy and domain relevance. The Text2Onto framework [25] intro-
duces a probabilistic ontology model, which assigns confidence values to extracted ele-
ments such as concepts, taxonomic relations, and non-taxonomic relations. The frame-
work supports incremental updates and user feedback, enabling continuous refinement
of ontologies and enhanced uncertainty management in learned structures. [26] reviewed
the transition from shallow learning techniques—such as association rule mining and
clustering—to deep learning architectures capable of capturing richer semantic patterns.
More recent efforts leverage neural networks and pre-trained language models to extract
ontological components from large corpora with minimal supervision [27].

2.2. Ontology Engineering Methodologies

Ontology engineering methodologies provide structured processes and best practices for
developing, maintaining, and reusing ontologies. These methodologies guide develop-
ers through stages such as requirements specification, conceptualization, formalization,
evaluation, and deployment, aiming to ensure both the semantic quality and practical
utility of the resulting ontologies [28,29].

One of the earliest and most widely adopted methodologies is METHONTOLOGY,
which defines a waterfall-like process encompassing specification, conceptualization,
integration, implementation, and maintenance. It also emphasizes supporting activities
such as knowledge acquisition and evaluation [29]. [30] proposed DILIGENT, a col-
laborative ontology development in distributed environments, offering mechanisms for
managing user feedback and reconciling conflicting edits. SAMOD (Simplified Agile
Methodology for Ontology Development) [31] is an agile methodology, that promotes
ontology development through small, iterative steps. It emphasizes the use of exemplar
domain descriptions and real-world data to create ontologies. This approach facilitates
the early detection of inconsistencies, ensuring that the ontology remains aligned with
practical use cases. RapidOWL [32] is another agile methodology for collaborative and
iterative development of ontologies. RapidOWL’s agile paradigm relies on iterative re-
finement, annotation, and structuring of a knowledge base, allowing for the selective
addition, removal, or annotation of information chunks. This methodology is suitable
for scenarios that require lightweight, easy-to-implement solutions to support spatially
distributed and highly collaborative environments. eXtreme Design (XD)[33] is a col-
laborative, iterative methodology that emphasizes the use of Ontology Design Patterns



to address recurring modeling problems. XD adopts practices from agile software en-
gineering, such as test-driven development, pair programming, and modularization, and
applies them to ontology engineering. The methodology guides developers through iden-
tifying relevant ODPs, adapting them to specific use cases, and integrating them into the
ontology, thereby promoting reusability and consistency across ontology projects.

The NeOn methodology defines ontology development through a set of concrete
activities and artefacts organised into nine development scenarios [34,35]. A scenario
in NeOn represents a typical project situation, for example, building an ontology from
scratch, reusing existing ontologies, reengineering non-ontological resources (e.g., XML
schemas or databases), or integrating several ontologies into a network. Each scenario
specifies the operational steps involved, such as drafting an Ontology Requirements
Specification Document, identifying and evaluating candidate ontologies for reuse, ex-
tracting or restructuring modules, aligning heterogeneous resources, documenting mod-
elling decisions, and performing evaluation. Rather than enforcing a fixed sequence,
NeOn allows these steps to be combined and repeated as needed, enabling both itera-
tive—incremental and waterfall-style execution. More recently, the Linked Open Terms
(LOT) methodology [36] streamlines ontology development by adopting a lightweight
set of steps focused on reuse, interoperability, and Web publication. LOT inherits NeOn’s
reuse orientation but simplifies the process by emphasizing minimal documentation, ag-
ile iteration, and a web-first deployment approach.

To systematically select an appropriate methodological basis for an LLM-driven on-
tology engineering pipeline, we conducted a comparison of methodologies using eval-
uation criteria adapted from prior comparative studies [37,38]. These criteria cover the
following methodological capabilities:

* Domain analysis and Requirements specification: defines the scope of the on-
tology, which can prevent LLMs from drifting into unrelated topics.

Conceptualization: structures domain knowledge into classes, relations, and con-
straints; provides a reference model that guides and constrains LLM outputs.

* Reuse: enables systematic incorporation of existing ontologies and vocabular-
ies; anchors LLM generation in established resources and can reduce hallucinated
terms.

Collaborative construction: coordinates inputs from different contributors; helps
provide guidance to the LLM and can reduce scope drift.

Evaluation support: offers mechanisms to assess coherence and correctness,

helping to identify inconsistencies generated by LLMs.

* Maintenance: manages updates and revisions across the ontology’s lifecycle; im-
portant for controlling cumulative drift across multiple rounds of LLM-assisted
editing.

* Documentation: records the ontology’s components and their descriptions, en-

suring that LLM-generated material remains understandable and usable in later

development stages.

Integration: supports alignment and combination of heterogeneous sources; en-
sures that LLM-produced fragments remain interoperable with external vocabular-
ies and standards.



Domain Analysis

. L. Reuse Collaborative E i i D ion Integration /
Methodology Requirements  Conceptualization . .

. . Support Construction Support Support Support Merging

Specification

METHONTOLOGY [29] 4 v v X v v v v
Ontology Development 101 [19] v v v X v X v v
DILIGENT [30] v v X v v X X X
SAMOD [31] v v X X v v X X
RapidOWL [32] v v X 4 X X X X
eXtreme Design (XD) [33] v v v v v X X X
LOT [36] 4 4 v 4 4 v v 4
NeOn [34,35] v v 4 4 v v v v

Table 1. Comparison of ontology engineering methodologies using criteria adapted from [37,38]

Our comparison in Table 1 shows that, unlike METHONTOLOGY and Ontology
101, NeOn supports collaborative ontology design by structuring how different contribu-
tors, such as domain experts and ontology engineers, supply domain descriptions, exam-
ples, and reuse resources. This aligns well with LLM-based pipelines, where coordinated
inputs can help prevent LLMs from drifting in the ontology’s scope.

Collaborative methodologies such as DILIGENT focus primarily on governance
and conflict resolution in distributed settings, but they do not cover reuse. Agile and
lightweight approaches, including SAMOD, RapidOWL, and XD, prioritize rapid itera-
tion and minimal documentation. While effective for small or well-bounded ontologies,
they do not support documentation and integration, which is problematic in an LLM-
based pipeline to safeguard against scope drift and modeling inconsistencies that may be
introduced by LLM:s.

NeOn and LOT provide support for all criteria in Table 1, both are therefore rea-
sonable candidates as methodological scaffolds for LLM-assisted ontology engineer-
ing. While both methodologies offer comprehensive support, they differ in how reuse
is operationalised. NeOn provides scenario-specific procedures for identifying, evaluat-
ing, adapting, and integrating existing ontologies, ontology design patterns (ODPs), and
non-ontological resources, including steps for module extraction, reengineering, com-
bining multiple ontologies, and reusing ontology modules. LOT adopts a lightweight,
implementation-oriented reuse strategy in which reuse is carried out at the level of indi-
vidual terms or modules from existing ontologies. It doesn’t provide guidelines for iden-
tifying and evaluating candidate ontologies, reusing non-ontological resources, or com-
bining multiple ontologies during development. In an LLM-based setting, NeOn’s pro-
cedural treatment of reuse is advantageous because it provides constraints for ground-
ing LLM-generated content in established resources, thereby reducing the likelihood of
hallucinated terms or unsupported modeling choices. In this work, we adopt the NeOn
methodology as the basis for structuring our LLM-driven ontology generation pipeline.

2.3. LLMs for Ontology Learning

The application of LLMs to ontology engineering has evolved through distinct phases,
from automating discrete tasks [39,40,41,42] toward systems that aim for full ontology
generation [43,44,45,46,47]. A critical analysis of this progression reveals common limi-
tations related to methodological grounding, verification, and scalability, which our work
on NeOn-GPT directly addresses.

Discrete Task Automation. Early research established the potential of LLMs as
powerful extractors of ontological components. Using zero-shot or few-shot prompting,
studies focused on isolated tasks such as identifying concepts, subclass relations, and



instances from text [7,8,9]. This foundational work was extended to other specific activi-
ties, including generating competency questions for existing ontologies [10,11], ontology
refinement [12], population [13], and alignment [14]. While these approaches demon-
strate that LLMs can effectively automate individual sub-tasks, they operate as point so-
lutions. A significant gap remains in orchestrating these discrete capabilities into a cohe-
sive, end-to-end pipeline for building new ontologies from scratch. Furthermore, the out-
puts of these isolated tasks are often generated without being integrated into a unified on-
tological model, making it challenging to evaluate their cumulative impact on the overall
coherence and quality of the final ontology. The generated outputs are also typically not
subjected to rigorous syntactic or logical validation, leaving their practical utility for for-
mal knowledge representation uncertain. Our NeOn-GPT pipeline is designed to address
this gap by incorporating dedicated phases for these core tasks, including requirement
specification, competency question generation, and ontology population, within a unified
pipeline, enabling the assessment of their collective contribution to the final ontology’s
quality.

Ontology Generation Pipelines. A significant shift has occurred with the develop-
ment of systems for full ontology generation, which aim to move beyond isolated tasks.

The first line of work examines the basic ontology-generation capabilities of LLMs
under different prompting techniques. A representative example of this line of work is
the study by [18], which evaluates zero-shot, one-shot, and few-shot prompting for gen-
erating capability ontologies from natural-language descriptions. The study assesses the
outputs through OWL syntax checks, reasoning, and constraint validation. Their results
show that few-shot prompting substantially improves structural correctness and com-
pleteness, while zero-shot prompting frequently leads to incomplete or syntactically in-
valid axioms. In several cases, the generated ontologies required manual correction to
resolve syntax errors and logical inconsistencies before they could be used. Moreover,
ontology creation is treated as a single-step generation task tied to a fixed schema: the
process does not incorporate requirements analysis, conceptualization, reuse of existing
ontologies, or integration stages, nor does it support extending beyond the predefined
structure.

The second line of work explores advanced prompting strategies. A representative
of this paradigm is Ontogenia [48], which employs an advanced prompting technique,
Metacognitive Prompting, to guide the LLM through a self-reflective ontology creation
process grounded in XD methodology. Its multi-stage process involves decomposing
competency questions to identify entities and properties, followed by enrichment of ax-
ioms. However, its foundation in XD limits its reuse mechanism primarily to a static,
pre-selected set of ODPs. This makes it less domain-agnostic, as it cannot function effec-
tively where relevant ODPs are unavailable. In contrast, NeOn’s broader reuse guidelines
can leverage ODPs when they exist, but are not dependent on them; they can alterna-
tively incorporate ontologies or non-ontological resources. A further consequence of the
XD methodology is its lack of documentation guidelines, as noted in Section 2.2, which
is critical in LL.M-based pipelines for traceability and mitigating scope drift. This lim-
itation is directly evidenced in their results, where all generated ontologies consistently
lack annotations, as flagged by the OOPS! Pitfall Scanner (P0O8). Their evaluation also
reveals persistent modeling errors, such as incorrect domain/range assignments (P19)
and missing inverse relationships (P13). The NeOn-GPT pipeline addresses these issues:
it includes a dedicated formal modeling phase that prompts for property characteristics,



such as inverses, and its integrated verification loop utilizes OOPS! to detect and correct
critical and important pitfalls, like P19, through iterative refinement.

The third line of work investigates LLM fine-tuning to internalize principles of on-
tology engineering. A representative of this paradigm is the work by [49], which investi-
gates the fine-tuning of LLMs on foundational ontology engineering textbooks to inter-
nalize syntactic and conceptual knowledge. Their approach relies on a single-stage, one-
shot generation process, where a fine-tuned model is prompted to produce a complete
ontology in one step. While this approach enhances the model’s understanding of general
ontology engineering principles, it also reveals key limitations. The one-shot generation
conflates the distinct, sequential stages of ontology engineering into a single, opaque
transformation, which inherently constrains the scale and complexity of the output. This
is evidenced by their results, where the generated ontologies remain very small in scale
compared to expert-curated benchmarks. Furthermore, the technique’s effectiveness was
highly model-dependent; notably, the fine-tuned Mistral 7B struggled with syntactic pre-
cision, suggesting that smaller models did not benefit robustly from their approach. In
contrast, the NeOn-GPT pipeline is a multi-stage, iterative process that decomposes on-
tology creation into managed phases, enabling the systematic construction of ontologies.

The fourth line of work explores agentic Al systems for ontology engineering
through interactive, human-in-the-loop workflows. Recently, such an approach has been
implemented in metis, an Al agentic platform by metaphacts [50]. Its Semantic Model-
ing Assistant supports collaborative ontology development by guiding users through a
structured modeling process based on the Linked Open Terms (LOT) methodology and
metaphacts’ Semantic Modeling Guidelines®. The assistant helps formulate competency
questions, supports reuse via the metaphacts Ontology Repository?, and assists with con-
ceptualization, encoding, and evaluation through user-facing guidance, SPARQL-based
checks, and LLM-based critique. While metis provides interactive guidance, sugges-
tions, and validation during the modeling process, NeOn-GPT differs in that it systemati-
cally prompts the LLM to generate and enrich formal ontology axioms—including object
properties, inverse properties, and other property-level axioms—and integrates external
OWL reasoners and modeling-pitfall detection tools to iteratively verify and repair these
generated artifacts.

The novelty of NeOn-GPT does not lie in introducing new individual ontology learn-
ing techniques, but in the methodology-driven orchestration of existing LLM capabili-
ties—spanning requirements specification, reuse, multi-stage generation, and integrated
verification and repair—into a single, end-to-end pipeline whose outcome is a directly
usable, verified ontology artifact.

Finally, existing work treats syntactic validation, logical consistency checking, and
modeling pitfall detection as isolated or post hoc checks, rather than integrating them
into a unified ontology generation process that systematically produces verified and re-
paired ontology artifacts. Furthermore, the impact of applying a single methodology-
guided pipeline across ontology domains with substantially different structures and com-
plexities has not been systematically investigated. In this work, we address these gaps by
applying the NeOn-GPT pipeline to four heterogeneous domains: wine, sewer networks
infrastructure, cheminformatics, and environmental microbiology.

*https://metaphacts.com/images/PDFs/metaphacts_Semantic_Modeling_Guidelines_2.0.
pdf
*https://ontologies.metaphacts.com/
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2.4. Prompt Engineering for Knowledge Engineering Tasks

LLMs exhibit significant variability in output quality depending on how prompts are for-
mulated. Subtle changes in wording, structure, or context can lead to different responses.
As a result, prompt engineering has emerged as a critical practice for guiding LLMs to-
ward producing accurate, coherent, and context-aware outputs, particularly in complex
tasks such as ontology engineering [51,52]. Prompt engineering involves systematically
designing instructions and examples that shape the model’s reasoning process and output
format to align with task-specific requirements.

The remainder of this subsection reviews the four prompting techniques adopted in
NeOn-GPT: few-shot prompting, role-play prompting, chain-of-thought prompting, and
iterative prompting with feedback.

Few-shot prompting introduces several representative input-output examples
within the prompt to illustrate the task. This approach enables LLMs to generalize task
structure without explicit fine-tuning [53,54]. It is widely used in knowledge extraction
and triple generation tasks and has been shown to improve consistency in entity and
relation extraction [55].

Role-play prompting instructs the model to adopt a specific persona or domain
role (e.g., “You are an ontology engineer”). This method leverages the LLM’s contex-
tual alignment capabilities to shape its behavior and terminology [56,57]. It is particu-
larly useful for ontology modeling tasks that require adherence to formal constraints and
expert-level language.

Chain-of-thought prompting encourages the LLM to generate intermediate rea-
soning steps before producing the final output [58,59]. This enhances performance on
tasks that require logical inference or sequential reasoning.

Iterative prompting with feedback is a technique where the LLM is prompted to
revise its own output based on diagnostic messages or evaluation results [60]. In ques-
tion answering pipelines, iterative prompting has been used to improve factual accuracy
by feeding the model’s initial answer into a verification module (e.g., fact-checker or
retrieval system), then prompting the LLM to revise its response based on detected inac-
curacies or missing context [61].

3. Methodology

In this section, we present the NeOn-GPT methodology, which is organised into two
parts, as illustrated in Figure 1:

* The first part, ontology draft generation (Sections 3.1-3.1.7, Figure 2: Steps 1-
7), operationalizes NeOn’s activities for requirements specification, conceptualiza-
tion, reuse, implementation, formal modelling, and population to produce a Tur-
tle ontology draft. In this extended version, these stages differ from the original
NeOn-GPT pipeline through the inclusion of an explicit NeOn-guided reuse stage,
as described in Section 3.1.4 (Figure 2: Step 4 in green).

* The second part, ontology verification and resolution (Section 3.2), relies on third-
party tools to perform automated verification, with the LLM used to iteratively
repair any issues surfaced during verification.
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Figure 1. NeOn-GPT pipeline for ontology learning and verification. The pipeline consists of two compo-
nents: (i) ontology draft generation (Section 3.1) and (ii) ontology verification and resolution (Section 3.2).
Domain-specific inputs (domain description, domain keywords, few-shot examples, and role-play personas)
prompt the LLM to generate an ontology draft in Turtle syntax. The draft then undergoes a three-stage ver-
ification and resolution process: syntax checking using RDFLib, logical consistency checking via OWL rea-
soners (HermiT and Pellet), and pitfall detection using the OOPS! service. Identified issues trigger corrective
re-prompting cycles to fix syntax errors, logical inconsistencies, and common modeling pitfalls. This figure is
adapted from our original NeOn-GPT architecture introduced in [16,17].

Our original NeOn-GPT pipeline [16] performed well in domains such as Wine,
where a compact, well-structured reference ontology is available, but it struggled in
sparsely modelled domains, most notably in the life sciences [17]. In such settings, the
LLM often lacked sufficient grounding to generate coherent conceptual models, result-
ing in shallow hierarchies, inconsistent terminology, and missing domain-specific re-
lationships. These limitations motivated the introduction of the reuse stage in this ex-
tended methodology (Section 3.1.4), in which curated fragments of expert-maintained
ontologies are incorporated in accordance with NeOn’s reuse guidelines. This addition
strengthens the conceptual model and improves the reliability of the generated ontology
draft in domains with limited lexical or structural coverage.

3.1. Ontology Draft Generation

The ontology draft generation part takes as input the natural language domain descrip-
tion (120-150 words), the curated few-shot examples, the role-play persona, and 10-15
domain-specific keywords, shown in Figure 2. These inputs initiate the stepwise execu-
tion of the NeOn-aligned stages: requirement specification, competency-question gener-
ation, conceptual modeling, reuse, implementation, formal modeling, and enrichment &
population. The output of this part is an ontology draft in Turtle syntax, including classes,
properties, axioms, and named individuals.
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Figure 2. Overview of the NeOn-GPT ontology draft generation stages. The process begins with the specifi-
cation of requirements, followed by the generation of competency questions (CQs), conceptual modeling, and
the reuse of existing knowledge resources. The pipeline proceeds through implementation, formal modeling
(axiom enrichment), and documentation, and concludes with ontology enrichment and population, which re-
sults in an ontology draft serialized in Turtle syntax.

3.1.1. Specification of Ontology Requirements

As shown in Figure 2: Step 1, ontology draft generation begins with the specification of
requirements. In the NeOn methodology, this activity defines the purpose, scope, target
users, intended uses, and functional and non-functional requirements of the ontology. To
initiate this stage, the LLM is provided with a natural-language description of the domain
(120-150 words) together with a short list of 10-15 domain-relevant keywords (as shown
in Figure 2), which supply the contextual grounding needed for requirement elicitation.
We operationalize this stage using a two-layer prompting strategy: role-play prompting
and chain-of-thought prompting.

Role-play prompting. Building on empirical findings from our prior work [57,17],
which show that prompting LLMs with domain-specific personas increases factual accu-
racy in LLM responses. We employ domain-specific personas to provide the LLM with
an appropriate epistemic and semantic grounding. These personas are generated using
GPT-40 based on the prompt template shown in Appendix A.1. Each persona defines a
domain expert with relevant knowledge, responsibilities, and modeling constraints (e.g.,
adherence to ontology engineering principles). The automatically generated personas are
then manually refined to ensure factual accuracy. This expert-like role-play primes the
LLM to reason with domain-appropriate terminology and modelling expectations.



Chain-of-thought prompting. Once the persona is established, we guide the model
through the NeOn requirement specification process using a chain-of-thought prompting
approach. The model is instructed to articulate, in order:

(a) the purpose of the ontology,
(b) the scope and coverage,

(c) the target users,

(d) intended uses,

(e) functional requirements, and
(f) non-functional requirements.

This produces the requirement specifications that serve as the foundation for all sub-
sequent steps in ontology draft generation. The prompt template is shown in Appendix
A.2: Listing 1.

3.1.2. Competency Questions Generation

Following the requirement specification, we prompt the LLM to generate a set of Com-
petency Questions (CQs) based on the defined requirements in Step 1. CQs are natural-
language questions that define the domain knowledge and modelling requirements an
ontology must support. Using few-shot prompting, the model is shown six example
CQs and asked to produce similar questions that reflect the key domain concepts and
relationships to be captured in the ontology.

To support domain relevance, the prompt also includes a curated list of 10-15
domain-specific keywords (e.g., Afom, Chemical Bond, Molecular Entity). These key-
words serve as semantic anchors, encouraging the model to generate CQs centered
around the concepts that are important in the target domain.

As shown in Figure 2: Step 2, this stage takes the requirement specifications as
input and produces a structured set of CQs that serves as the starting point for conceptual
modelling. The prompt template is shown in Appendix A.2: Listing 2.

A few-shot CQ example used in the cheminformatics domain is:

"cql": "Which bioassay is used to test the activity of Ibuprofen compound?"

3.1.3. Ontology Conceptualization

According to the NeOn methodology, the next stage involves ontology conceptualization,
where entities and properties (or relations) are extracted and structured into a coherent
model that reflects the domain’s semantics (Figure 2: Step 3).

In our pipeline, this is operationalized by prompting the LLM to translate the CQs
generated in Step 2 into the subject-predicate-object (SPO) triples that represent the core
concepts and properties within the domain. This step is decomposed into multiple tasks:

* Domain entity extraction: The model is first prompted to identify the relevant
entities appearing in the CQs.

* Hierarchy identification: Next, the model generates subclass hierarchies that or-
ganize these entities into a coherent class structure.



* SPO triple generation: Finally, the model generates subject—predicate—object
triples that form the core of the conceptual model.

The prompt templates are shown in Appendix A.2: Listings 3, 3.1, 3.2

Entity Generation: Using few-shot prompting with six annotated examples, the
LLM is instructed to extract domain-relevant entities from the generated CQs. A few-
shot example from the cheminformatics domain is:

"cql": "Which bioassay is used to test the activity of Ibuprofen compound?"
Entities: Bioassay, Compound

Properties (Relations) Generation: We apply few-shot prompting, providing the
model with six annotated examples from the target domain that demonstrate how to iden-
tify and structure subject—predicate—object triples based on the CQs generated in the pre-
vious step. In the cheminformatics domain, for example, the few-shot examples include:

"cql": "Which bioassay is used to test the activity of Ibuprofen compound?"
Relations: Compound-testedBy-Bioassay
Compound-inhibitsTarget-Protein

Hierarchy Building: Our empirical evaluations in [17,16] show that LLM-
generated ontologies exhibit limited hierarchical depth, typically only one to two sub-
class levels, and frequently omit the intermediate conceptual layers found in expert-
curated ontologies. To mitigate this reduced structural depth, we provide the model with
six few-shot examples and prompt it to organise the extracted entities into subclass hier-
archies derived from the CQs. A few-shot hierarchy example used in the prompt is:

"cql": "Which bioassay is used to test the activity of Ibuprofen compound?"
Hierarchies: Ibuprofen-subClass0f-Compound

The output of this step is a conceptual model expressed as a set of subject—predicate—object
triples that define the core structure of the ontology.

3.1.4. Ontology Reuse

The NeOn methodology emphasises ontology reuse, incorporating existing knowledge
resources (e.g., domain ontologies, vocabularies) or non-ontological sources (e.g., the-
sauri, taxonomies, structured datasets) to support the construction of new ontologies.
NeOn prescribes a sequence of reuse activities: (i) identifying candidate ontologies and
other knowledge resources, (ii) evaluating them with respect to coverage, quality, and
licence constraints, (iii) selecting appropriate resources or modules, and (iv) extracting
and adapting relevant fragments.

Our empirical analysis revealed that supplying large ontology fragments directly to
the LLM prompt for reuse reduced the model’s ability to follow the instructions, pro-
ducing irrelevant or inconsistent output. Relying on the model’s internal knowledge base
for reuse led to hallucinated or nonexistent classes and relations. These limitations moti-
vated the inclusion of a reuse stage in the pipeline, enabling the controlled incorporation
of curated ontology fragments [16,17].



In this extended version of the pipeline, we incorporate a dedicated NeOn-guided
reuse stage (Figure 2: Step 4 in green). Ontology engineers identify, evaluate, and extract
suitable fragments from expert-curated ontologies, which are then injected as few-shot
examples into the prompt. This ensures that reuse is performed systematically and that
the incorporated fragments provide reliable, domain-accurate guidance during ontology
draft generation. Ontology engineers draw on broader domain ontologies to extract ele-
ments for reuse in accordance with NeOn'’s reuse activities. These include:

* Domain-specific ontology fragments that supply grounded examples of relevant
classes, subclass relations, and object properties for reuse in the generated ontol-
ogy.

 Structural metadata (e.g., expected numbers of classes, typical subclass depth,
and relation density) extracted from domain-relevant ontologies. These metrics are
reused as design targets in the prompt to calibrate the size and hierarchical com-
plexity of the generated ontology, and embedded into the prompt (e.g., ”Generate
at least 30 entities with three levels of subclassing™).

For instance, in the cheminformatics domain, ontology engineers extract fragments
from the Environmental Ontology (ENVO) to introduce environmental and biological
concepts. An example snippet is:

:Wetland rdf:type owl:Class ;
rdfs:subClass0f :Habitat ;
rdfs:label "Wetland"@en ;
rdfs:comment "A habitat type characterized by saturated soil
conditions and the presence of water-dependent vegetation."@en .

:hasSalinity rdf:type owl:0bjectProperty ;
rdfs:domain :WaterBody ;
rdfs:range :SalinityLevel ;
rdfs:label "has salinity"Qen ;
rdfs:comment "Relates a water body to the salinity level
that characterizes it."Qen .

The prompt first introduces the concept of reuse to the LLM, explaining that se-
lected ontology fragments and structural metadata will be incorporated into the concep-
tual model. The reuse materials are provided as few-shot examples, followed by the pre-
viously generated conceptual model in Step 3. The LLM is instructed to extend this
model by integrating the reused fragments where appropriate. The output of this step is
an extended conceptual model that incorporates the selected reuse material. The prompt
template is shown in Appendix A.2: Listing 4.

3.1.5. Ontology Implementation

Following the NeOn methodology, once the conceptual model has been established,
the next step involves implementing the ontology in a formal representation language
(Figure 2: Step 5). We prompt the LLM to serialize the conceptual model generated in
Step 4 into OWL using Turtle syntax. Our choice of Turtle is informed by earlier ex-
periments in which OWL/XML and RDF/XML led to frequent syntactical errors in the
LLM-generated output [16].



Implementation prompts include cautionary guidance to avoid syntax errors, logi-
cal inconsistencies, and common modeling pitfalls (e.g., Wrong inverse relationships,
Cycles in a class hierarchy, Multiple domains or ranges, and Wrong transitive relation-
ships). They also instruct the model to enclose its output between predefined delimiters
(e.g., #it#tstart_turtle### and ###end_turtle#i##) so that the generated Turtle code
can be automatically extracted and saved into .tt1 file. The prompt template is shown
in Appendix A.2: Listing 5.

3.1.6. Ontology Formal Modeling

As shown in Figure 2: Step 6, formal modeling is the penultimate stage of ontology
construction. In this step, the ontology is enriched with logical axioms that capture do-
main constraints and support reasoning. We break formal modeling into the following
subtasks:

(a) Introducing datatype properties to represent quantitative or literal attributes of
entities.

(b) Introducing object-properties (e.g., inverse, functional, symmetric, reflexive,
transitive) to refine the semantics of relations.

For each subtask, the LLM is prompted to analyse the ontology draft generated in
Step 5 and propose appropriate axioms. The LLM is prompted with cautionary guid-
ance to avoid syntax errors, logical inconsistencies, and common modeling pitfalls.
The LLM is also prompted to generate axioms between predefined delimiters (e.g.,
###start_turtle### ... ###end turtle###) to enable extraction and integration
into the existing .tt1l file.

(a) Datatype Properties. The LLM is prompted to identify opportunities to intro-
duce owl:DatatypeProperty definitions with suitable domains and ranges. Few-shot
prompting is used to illustrate how datatype properties should be modelled. For exam-
ple, in the cheminformatics domain, the prompt includes:

:hasMolecularWeight rdf:type owl:DatatypeProperty ;
rdfs:domain :Compound ;
rdfs:range xsd:float ;
rdfs:label "has molecular weight"Qen ;
rdfs:comment "Specifies the molecular weight of a chemical
compound in Daltons."@en .

(b) Object Properties. We first prompt the LLM to introduce object properties that
capture relationships between classes. We then prompt the LLM to further enrich the
ontology by introducing the following types of object-property axioms, each handled in
a separate prompting step:

* Inverse properties

* Reflexive properties

* Symmetric properties
* Functional properties
* Transitive properties



For each axiom type, the LLM is instructed with the axiom type and a usage exam-
ple. The model is then instructed to analyze the ontology draft and to add an axiom of
that type, together with a suitable domain and range, only when semantically appropriate.
For example, the prompt for inverse object properties explicitly states:

“An inverse property expresses a two-way relationship between two concepts. If the
ontology contains a property hasPart, its inverse would be isPart0f.”

This instruction follows the prompt template provided in Appendix A.2, Prompt 6.2.
Below is an LLM-generated example in the Cheminformatics domain:

Example where the LLM generates an inverse property for an existing object property in the ontology
draft

:isActivelngredientOf rdf:type owl:0bjectProperty ;
rdfs:domain :ActiveSubstance ;
rdfs:range :DrugProduct .

:hasActivelngredient rdf:type owl:0bjectProperty ;
owl:inverseOf :isActivelngredientOf ;
rdfs:domain :DrugProduct ;
rdfs:range :ActiveSubstance .

To ensure format compliance, the prompt provides guidance to prevent both syntac-
tic and modelling errors, and instructs the LLM to place all generated properties between
predefined markers (e.g., ###start_turtle### ... ###end turtle###). This ensures
that the new content can be cleanly extracted and inserted into the existing .ttl file. The
prompt templates are shown in Appendix A.2: Listings 6, 6.1, and 6.2.

3.1.7. Ontology Population

In this stage of the draft generation part, the LLM is prompted to analyze the ontology
draft and populate it with individuals (i.e., named instances) that instantiate the classes
and properties defined in the earlier steps (Figure 2: Step 7), to ground the ontology in
real-world data and facilitate knowledge discovery (e.g., querying and reasoning).

We use few-shot prompting to guide the model, providing six examples that illus-
trate how to represent individuals with appropriate type declarations, labels, and naming
conventions. These examples help constrain the model to generate domain-appropriate,
non-hallucinated instances.

To ensure correct integration into the ontology, the prompt includes caution-
ary instructions to avoid syntax and modelling errors, and requires the LLM to
output individuals between predefined delimiters (e.g., ###start turtle### ...
###end _turtle###), facilitating clean extraction into the existing . tt1 file. The prompt
template is shown in Appendix A.2: Listing 7. Here’s one of the few-shot examples used
in the prompt:

:Acetaminophen rdf:type :Compound, owl:NamedIndividual ;
rdfs:label "Acetaminophen"Qen ;
rdfs:comment "A commonly used analgesic and antipyretic compound, also
known as paracetamol."@en ;
:hasMolecularWeight "151.16"""xsd:float ;
:isTestedIn :Bioassay .



3.1.8. Ontology Documentation

In the final stage of the draft-generation part (Figure 2: Step 8), the LLM is instructed
to analyze the ontology draft and enhance it with documentation and metadata (e.g., on-
tology IRI, ontology label, version information) that improve interpretability and reuse.
The model is prompted to add rdfs:comment annotations for classes and properties,
providing human-readable descriptions that support ontology understanding and mainte-
nance.

Additionally, the LLM is prompted to generate standard metadata elements such
as labels, IRIs, and versioning information. The output of this step is appended to the
existing .ttl file, completing the ontology draft before it proceeds to verification and
resolution. The prompt template is shown in Appendix A.2: Listing 8.

3.2. Ontology Verification and Resolution

The second part of the methodology takes the ontology draft as input and performs ver-
ification and resolution using the third-party tools outlined in Figure 1. In this stage,
the draft undergoes multi-layered verification to identify errors related to syntax, logical
consistency, and modelling quality. We adopt an iterative prompting-with-feedback strat-
egy, in which diagnostic messages produced by these tools are incorporated into LLM
prompts to guide the correction of errors.

Syntax Verification. We parse the ontology draft using the RDFLib Python library
[62] to validate the Turtle serialization. If parsing fails, RDFLib returns a diagnostic
message that typically includes the line number and cause of the error. We extract the
corresponding fragment from the ontology and provide the LLM with (i) the RDFLib
diagnostic message and (ii) the extracted fragment. The LLM is prompted to propose
a corrected Turtle fragment, which replaces the original fragment in the ontology. This
diagnosis-repair cycle is repeated until the ontology is successfully parsed or a maximum
number of repair attempts (25) is reached.

Logical Consistency Checking. To detect and resolve logical inconsistencies (e.g.,
unsatisfiable classes, conflicting axioms, incompatible domain-range constraints), we in-
tegrate the HermiT [63] and Pellet [64] reasoners together with the ROBOT toolkit.

We use ROBOT as an explanation engine for logical inconsistency detected by the
Hermit and Pellet reasoners. When ROBOT reports an inconsistency or unsatisfiable
class, we invoke its explain functionality to generate formal justifications identifying
the axioms and entities involved. From these justifications, we extract the relevant on-
tology fragment by deriving a subgraph of the original ontology that contains all triples
involving the implicated IRIs, expanded to a fixed-depth neighborhood in the ontology
graph to retain sufficient local context. This fragment, together with the ROBOT expla-
nation text, is provided to the LLM as structured diagnostic evidence.

The LLM is prompted to propose a repair (add, delete, or replacement). The pro-
posed patch is applied to the ontology, after which the Hermit and Pellet reasoners are
re-run to assess whether the inconsistency has been resolved. This diagnosis-repair cycle
repeats until Hermit reports no remaining inconsistencies or a maximum of 25 iterations
is reached.

Pitfall Detection. For higher-level modelling quality, we use the OOPS! (Ontol-
ogy Pitfall Scanner) service [65,66] to detect structural and modelling pitfalls, such as
circular subclassing, missing disjointness, or the misuse of non-OWL relations. OOPS!



classifies each pitfall as Critical, Important, or Minor. Our empirical findings [16] show
that LLMs reliably correct Critical pitfalls, but often struggle with Important and Minor
ones. Accordingly, we apply LLM-guided repair only to pitfalls in the Critical category.

When OOPS! reports a pitfall that points to specific erroneous axioms, such as
P03 (“Creating the relationship ‘is’ instead of using rdfs:subClass0f, rdf:type, or
owl:sameAs”), we extract the relevant ontology fragment by deriving a subgraph of the
ontology centered on those erroneous axioms. The LLM is then prompted with (i) the
OOPS! diagnostic message and (ii) the extracted problematic fragment(s). The LLM is
prompted to propose a repair (add, delete, or replacement), and the proposed patch is
applied to the ontology.

For pitfalls that do not correspond to specific axioms, such as P10 “Missing dis-
jointness,” where the ontology lacks any owl:disjointWith assertions, the prompt in-
stead includes (i) the OOPS! diagnostic message, and (ii) the full ontology. The LLM
is prompted to propose a repair (add, delete, or replacement), and the proposed patch
is applied to the ontology. This diagnosis-repair cycle repeats until OOPS! reports no
remaining critical pitfalls or a maximum of 25 iterations is reached.

Finally, once all syntax, logical consistency, and critical pitfall repairs have been
applied, the ontology is subjected to a final verification pass in which syntax validation,
logical reasoning, and critical pitfall detection are executed again. This final check en-
sures that repairs introduced at one stage do not reintroduce errors at another (e.g., logical
repairs that introduce syntax errors, or pitfall corrections that introduce logical inconsis-
tencies), and that the resulting ontology satisfies all verification criteria simultaneously.
The prompt template is shown in Appendix A.3

4. Evaluation

To assess the LLM’s ability to represent internal parametric domain knowledge as for-
mal knowledge representations, we compare the generated ontologies with gold-standard
benchmarks using structural analysis, lexical similarity, and semantic similarity as out-
lined in Figure 3. Our analysis does not aim to measure the completeness of the gener-
ated model; rather, it uses these expert-curated references (gold-standard ontologies) to
diagnose the typology of knowledge gaps inherent to models operating without domain-
specific corpora. Gold-standard evaluation is widely used for assessing automatically
constructed ontologies, where the generated model is compared against an expert-curated
reference to quantify its structural and semantic quality [67,68,69]. However, we do not
treat the gold standard as a replication target, but rather as a baseline for distinguish-
ing between simple omissions and the fundamental representational domain knowledge
deficits of parametric memory.

4.1. Evaluation Metric Selection

Our evaluation metrics follow established practices in ontology quality assessment.
Structural metrics such as the number of classes, object and data properties, axioms,
and hierarchy depth are widely used in ontology-evaluation frameworks. Gangemi et
al. [71] identify quantitative structural indicators—including class counts, hierarchy
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Figure 3. Overview of the ontology evaluation framework used to assess LLM-generated ontologies against
expert-curated gold standards. The framework comprises three core modules: structural evaluation via Protégé
[70], lexical evaluation using terminological matching, and semantic evaluation based on embedding similarity.
Each component applies techniques and metrics to quantify structural fidelity, lexical similarity, and semantic
similarity.

depth, and the number of taxonomic relations—as core measures for assessing ontology
completeness and taxonomic organization. Ferndndez et al. [72] provide empirical evi-
dence that variations in these quantitative features, such as the number of classes, depth
of subclass hierarchies, and counts of properties and axioms, have measurable effects
on ontology quality and knowledge reuse. These findings reinforce the role of count-
based structural metrics as a foundational means of assessing the robustness and model-
ing characteristics of generated ontologies. Recent LLM-based studies similarly rely on
structural indicators—such as class counts, property counts, axiom counts, and hierar-
chy depth—to evaluate the quality of automatically generated ontologies and knowledge
graphs and to assess their adherence to domain requirements [73,15,74,75,76,49,18].

Lexical metrics measure terminological alignment between ontologies and are
widely used in ontology matching and evaluation systems. String-based similarity meth-
ods have been shown to reliably detect terminological correspondences across ontolo-
gies, even when labels differ slightly. Cheatham and Hitzler [77] demonstrate the effec-
tiveness of such metrics for identifying concept-level alignments, and lexical similarity
is a central component of many ontology alignment frameworks (e.g., RiMOM [78]).
Corpus-based ontology evaluation methods similarly rely on lexical comparison, measur-
ing the overlap between ontology labels and terms extracted from domain corpora [79].
Moreover, gold-standard evaluation frameworks incorporate lexical evaluation to assess
the coverage of generated ontologies with respect to reference terminology [80]. Recent
studies of LLM-generated ontologies have similarly assessed the lexical alignment of
generated classes and properties with expert vocabularies [74,81,49,82].

Semantic similarity metrics, computed using word embeddings for pairs of con-
cepts derived from the gold-standard and LLM-generated ontologies and measured via



cosine similarity, are increasingly used to assess conceptual similarity beyond surface-
level lexical matches. Ontology embedding approaches based on textual annotations
(e.g., labels and definitions) demonstrate that such representations can preserve meaning-
ful semantic relationships between classes [83]. Similar techniques are widely applied in
ontology alignment, where cosine similarity between embedded class labels or descrip-
tions is used to identify semantic mappings across ontologies [84,85,86,87]. Embedding-
derived similarity has also been employed to evaluate mappings against gold-standard
annotations, providing a more robust signal than purely lexical overlap [88]. Recent work
on LLM-generated ontologies employs a similar strategy, utilizing embedding-based se-
mantic similarity to quantify the correspondence between generated classes and rela-
tions and expert-curated models [15,89]. Together, these findings support our use of
embedding-based measures to evaluate whether LLM-generated ontologies capture the
intended conceptual semantics of domain ontologies.

4.2. Structural Evaluation

Structural evaluation examines the ontological structures produced during NeOn-GPT’s
Ontology Draft Generation (Steps 3—-8), assessing how LLM-generated ontologies orga-
nize classes, properties, constraints, individuals, and documentation relative to expert-
curated ontologies. All metrics are extracted using Protégé’s ontology metrics and prop-
erty panels [70].

* Entity and Axiom Counts: Total numbers of classes, properties (rdf : Property,
owl:0bjectProperty, owl:DatatypeProperty, owl:AnnotationProperty)
and axioms such as owl:EquivalentClass, owl:disjointWith. These met-
rics characterize the overall structural footprint generated during Steps 1-3 (Sec-
tion 3.1.1-3.1.3).

Hierarchy Depth: Maximum class-hierarchy depth computed over rdfs: subClass0f
paths, reflecting the ability of Step 3 (Section 3.1.3) to construct multi-level hier-
archies.

Property Characteristics: Counts of inverse, functional, transitive, symmetric,
and reflexive object-property features (Step 6 Section 3.1.6). These quantify how
LLMs assign semantic behaviors to relations.

* Domain and Range Assertions: Number of domain and range constraints at-
tached to generated properties (Step 6 Section 3.1.6), indicating whether relational
vocabulary is accompanied by appropriate typing.

Individuals: Number of instances generated in Step 7 (Section 3.1.7), assessing
population behavior across domains.

¢ Documentation and Annotations: Counts of labels, comments, and metadata an-
notations (Step 8 Section 3.1.7), reflecting the human-readability and documenta-
tion structure of generated ontologies.

However, structural evaluation captures only the size and organization of an ontol-
ogy; it does not assess whether the generated terminology aligns with domain vocabulary,
motivating the complementary lexical evaluation that follows.



4.3. Lexical Evaluation

Lexical evaluation investigates the degree of terminological overlap and similarity be-
tween the LLM-generated and gold standard ontologies.

Exact Name Overlap: Entities and properties whose local names appear verbatim
in both ontologies are identified as exact lexical matches.

Lexical Similarity: To capture near-matches where labels differ only slightly, we
apply the Jaro-Winkler similarity metric [90], a well-established string-similarity
measure widely used in ontology alignment [77]. We adopt a Jaro—Winkler thresh-
old of 0.8 to identify high-confidence lexical matches, consistent with prior work
in record linkage and approximate string search, where Jaro—Winkler scores > 0.8
have been shown to yield high recall and precision in matching tasks [91,92,93,94].

Yet lexical similarity remains sensitive to naming variation and cannot capture se-
mantically equivalent concepts expressed with different labels, motivating the semantic
evaluation layer introduced next.

4.4. Semantic Evaluation

Semantic evaluation measures the conceptual correspondence between the LLM-
generated ontology and the gold-standard ontology using dense vector embeddings and
cosine similarity. It consists of two complementary components:

Entity-Level Semantic Similarity: For every entity in both ontologies, a seman-
tic representation is constructed from its textual description. Each entity is en-
coded as “label [SEP] comment” (with fallbacks to the local name when labels
or comments are missing). Embeddings are generated using the SentenceTrans-
former model all-MiniLM-L6-v2. Cosine similarity is then computed between
each LLM entity and all gold entities, and the highest-scoring gold entity is se-
lected as its semantic match. Similarities are grouped into predefined buckets (e.g.,
<50, 50-60, ..., 90-100) to summarize alignment quality.

The model al1-MiniLM-L6-v2 was selected because it is a widely used, compu-
tationally efficient sentence-embedding model that offers state-of-the-art perfor-
mance on semantic similarity tasks relative to models of similar size [95]. Indepen-
dent benchmark studies (e.g., MTEB [96]) demonstrate that MiniLM-based Sen-
tenceTransformers consistently achieve strong performance across semantic sim-
ilarity, retrieval, and clustering tasks, while remaining lightweight enough to effi-
ciently embed thousands of ontology entities and triples. This balance of seman-
tic quality and scalability makes al1-MiniLM-L6-v2 suitable for ontology-level
evaluation, where many embeddings must be computed.

Triple-Level Semantic Similarity: Schema-level triples (e.g., subClassO0f,
domain, range, disjointWith, rdf : type) are embedded by composing the em-
beddings of their constituent elements into a textual sequence of the form “subject
[SEP] predicate [SEP] object”. The same embedding model is applied to produce
a dense representation for each triple. For every LLM-generated triple, cosine sim-
ilarity is computed against all gold triples, and the highest-scoring gold triple is
identified as the closest semantic counterpart. Triple similarities are then bucketed



in the same manner as entity similarities, enabling comparison of schema-level
semantic alignment.

Together, these two measures capture semantic correspondence at both the entity and
relational levels, allowing us to assess whether the generated ontology encodes concepts
and schema patterns that are semantically compatible with those in the gold standard
ontology, even when lexical forms or structural patterns differ.

5. Experiments

To evaluate the effectiveness and adaptability of the extended NeOn-GPT pipeline, we
conduct experiments across four domains using two LLMs. We aim to assess how well
the pipeline generalizes across knowledge domains of varying complexity and how its
performance differs depending on the underlying LLM.

5.1. Domains

We select four domains that reflect a spectrum of structural depth and the varying levels
of domain expertise required for ontology construction:

* Wine: A domain covering grape varieties, wine types, production processes, and
sensory attributes. This domain requires moderate domain knowledge, as concepts
are widely documented and terminology is stable across public sources.

¢ Cheminformatics: A scientific domain involving chemical compounds, bioassays,
and experimental properties. Ontology development in this domain requires chem-
ical and biochemical expertise, as well as familiarity with controlled vocabularies
and standardized identifiers.

* Environmental Microbiology: A complex life-sciences domain modeling sub-
surface ecosystems and biological interactions. Constructing ontologies in this
domain requires expert-level knowledge of microbial taxonomy, ecological pro-
cesses, and environmental measurement protocols.

* Sewer Networks: A domain concerning urban infrastructure and wastewater sys-
tems. Ontology development in this area requires applied engineering knowledge,
including network components, operational processes, and physical infrastructure
constraints.

5.2. Gold Standard Ontologies

The ontologies used in the assessment across all domains are as follows:

* Wine domain: Several benchmark ontologies are available for the wine domain,
including the Stanford Wine Ontology and domain-specific extensions such as the
EC-BACO ontology. In our evaluation, we select the widely used Stanford Wine
Ontology”.

“https://www.w3.org/TR/owl-guide/wine.rdf
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* Cheminformatics domain: evaluated against the Chemical Information Ontology
(CHEMINF).

* Environmental microbiology domain: evaluated against the AquaDiva ontol-
08y°.

* Sewer Networks domain: evaluated against the Sewer Network Ontology (Sewer-
Net)’.

5.3. LLMs

We apply the NeOn-GPT pipeline using four pretrained large language models. They
were selected for their demonstrated effectiveness in knowledge extraction and ontol-
ogy engineering tasks such as triple generation, schema induction, and concept hierar-
chy construction [59,97]. Their inclusion also supports a comparative analysis between
proprietary and open-source models, which differ in their reasoning capacities and de-
ployment constraints.

* GPT (Proprietary): an instruction-tuned model with strong reasoning and gener-
ation capabilities (GPT-40).

* Mistral (Open Source): a compact, performant model offering a publicly acces-
sible alternative (mistral-large).

* Llama (Open Source): a mixture-of-experts model with a 17B active parameter
configuration, (1lama-4-maverick-17B-128E-Instruct).

* Deepseek (Open Source): a model with sparse-attention mechanisms designed
for long-context reasoning and improved efficiency (deepseek-v3.2-exp).

5.4. Experiment Setup

Each run begins with a domain description (120-150 words), a curated list of 10-15
domain-specific keywords, a few-shot examples, and a domain-specific persona (See Fig-
ure 1). The LLM is then guided through all NeOn-GPT stages. This process is repeated
independently for each of the four selected domains, using the four language models,
resulting in sixteen ontologies (four domains x four LLMs).

6. Results and Discussion
6.1. Structural Analysis

The structural evaluation examines how effectively NeOn-GPT guides LLMs in con-
structing ontologies with coherent size, organization, and semantic structure, relative
to established gold-standard ontologies. Since LLMs were not provided with the same
datasets or expert resources used to build the gold ontologies, the goal is not to repro-
duce them. Rather, this evaluation assesses whether the ontologies generated through
our methodology exhibit appropriate scale and structural patterns characteristic of ma-
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Logical Max.

Domain Model Axioms Classes Subclasses

Axioms Depth

Gold 1046 889 138 228 3
GPT-40 4627 4296 55 704 1
Wine Mistral-large 890 582 144 124 3
Llama-4-maverick-17B 750 376 51 15 2
Deepseek-v3.2-exp 1982 1001 267 175 3

Gold 1651 494 349 370 5
GPT-40 1242 445 139 110 2
Cheminformatics Mistral-large 975 496 70 9 1
Llama-4-maverick-17B 486 203 32 12 2
Deepseek-v3.2-exp 1416 695 163 173 3

Gold 78840 16303 8892 14219 27

. GPT-40 795 392 342 108 3
f;::;g‘;‘:;‘;jz;a' Mistral-large 800 193 97 28 2
Llama-4-maverick-17B 616 88 92 34 1

Deepseek-v3.2-exp 2028 494 326 288 3

Gold 951 249 115 206 4
GPT-40 796 341 110 97 3
Sewer Networks Mistral-large 1187 615 141 168 3
Llama-4-maverick-17B 871 385 114 69 2

Deepseek-v3.2-exp 1686 642 130 156 4

Table 2. Comparison of structural size, coverage, and hierarchy of gold-standard and NeOn-GPT-generated
ontologies across four domains. Subclasses correspond to the number of SubClass0f axioms extracted from
Protégé.

ture domain ontologies. It is essential to note that this evaluation examines how LLMs
structure the ontology without making claims about correctness or fidelity to a gold stan-
dard; that is, structural analysis does not assess whether the specific classes, properties,
axioms, or constraints generated by the LLMs match those defined in the gold standard
ontologies.

6.1.1. Structural Size

This evaluation examines Step 3 Ontology Conceptualization (Section 3.1.3), which
generates the core conceptual structure of an ontology, its classes, axioms, and logical
axioms.

Table 2 and Appendix B.1: Figures 9-12 show a consistent pattern across all four
domains: LLM-generated ontologies are structurally smaller than the gold standards, yet
they preserve the relative scale of each domain. Large ontologies, such as Environmental
Microbiology (8,892 classes and 78,840 axioms), yield the largest LLM outputs, while
smaller domains yield proportionally smaller ones. This indicates that LLMs capture
high-level signals of domain complexity even when they cannot reproduce its full struc-
tural depth.

In moderately sized domains such as Wine and Sewer Network, several models ap-
proximate the size of the gold class sets (e.g., Wine: 138 gold vs. 144 Mistral and 267



DeepSeek; Sewer Network: 115 gold vs. 141 Mistral and 130 DeepSeek). Logical axioms
exhibit similar behavior (e.g., Sewer Network: 249 gold vs. 341 GPT-40 and 385 Llama-
4). The Environmental Microbiology domain, with a gold-standard ontology comprising
8,892 classes and 16,303 logical axioms, reveals clearer limitations: the strongest model
(DeepSeek) produces only 326 classes and 494 logical axioms. These differences indi-
cate that LLMs effectively manage the conceptual footprint of small-to-mid-scale do-
mains, but struggle to approximate the conceptual richness of large scientific ontologies.

Axiom and logical-axiom counts show a more nuanced pattern than class counts.
In the smaller and medium-sized domains (Wine, Cheminformatics, Sewer Networks),
LLM-generated ontologies are generally of the same order of magnitude as the gold stan-
dards and, in some cases, even exceed them. For example, in Wine, the gold ontology
contains 1,046 axioms and 889 logical axioms, whereas GPT-40 produces 4,627 axioms
and 4,296 logical axioms, and DeepSeek 1,982 and 1,001, respectively. In Cheminfor-
matics, all models produce slightly fewer axioms than the gold standard (1,651), but Mis-
tral and DeepSeek match or surpass the gold ontology in logical axioms (496 and 695
vs. 494). Sewer Networks shows a similar pattern, with several models generating more
axioms and logical axioms than the gold ontology (e.g., DeepSeek: 1,686 axioms and
642 logical axioms vs. 951 and 249). This indicates that LLMs are capable of producing
a substantial amount of formally structured OWL content, capturing relationships, con-
straints, and class axioms, even when their conceptual coverage does not fully match the
gold standard. By contrast, Environmental Microbiology is a clear outlier: here, the gold
ontology’s 78,840 axioms and 16,303 logical axioms dwarf the LLM outputs (up to 2,028
axioms and 494 logical axioms), indicating that current models cannot approximate the
axiomatic richness of very large scientific ontologies.

Model-specific tendencies further shape these outcomes. DeepSeek-v3.2 generally
produces the richest structures among the models, but still falls far short of expert-curated
axiom density in domains such as Environmental Microbiology. GPT-40 produces struc-
turally smaller ontologies but does so in a balanced way, preserving the natural ratios
between classes, axioms, and logical axioms found in the gold standard. Llama-4 often
expands class sets (e.g., 385 classes in Sewer Network vs. 249 gold) without increasing
logical axioms accordingly, producing broad but weakly constrained schemas. Mistral-
large is the most volatile, under-generating in Cheminformatics (70 vs. 349 gold classes)
while over-generating in Sewer Network (141 vs. 115).

6.1.2. Structural Hierarchy Characteristics

This evaluation examines Step 3 Ontology Conceptualization (Section 3.1.3), specifi-
cally the hierarchy-building activity, which organizes the identified classes into struc-
tured subclass relationships. In Wine, Cheminformatics, and Sewer Network Applica-
tions, LLMs approximate the gold taxonomy closely, typically within a single level, in-
dicating that Step 3 supports the reconstruction of moderate domain hierarchies. Only
Environmental Microbiology breaks this trend: its 27-level hierarchy collapses to 1-3
levels across models, indicating difficulty handling deeply nested biological taxonomies.
DeepSeek achieves the highest depths across models, matching the gold depth in Wine
and Sewer Network and surpassing all others in Cheminformatics and Environmental
Microbiology.



Obj. Data

Domain Model Inverse Functional Transitive Symmetric Reflexive

Prop. Prop.
Gold 16 1 2 6 1 1 0
GPT-40 80 27 111 0 20 72 72
Wine Mistral-large 87 14 44 19 8 0 13
Llama-4-maverick-17B 60 23 21 0 8 12 10
Deepseek-v3.2-exp 159 7 55 5 5 5 5
Gold 53 6 11 0 4 5 8
GPT-40 82 20 32 12 8 8 0
Cheminformatics Mistral-large 93 66 36 0 0 0 0
Llama-4-maverick-17B 25 17 10 5 5 5 5
Deepseek-v3.2-exp 106 51 31 12 12 12 5
Gold 245 14 46 19 15 4 0
Envi tal GPT-40 8 21 0 0 3 3 2
nvironmental .
Microbiology Mistral-large 90 21 44 1 1
Llama-4-maverick-17B 108 20 17 7 6 8 13
Deepseek-v3.2-exp 150 59 13 17 3 11 10
Gold 22 0 0 0 0
GPT-40 53 54 20 6 5 5
Sewer Networks Mistral-large 46 42 10 0 10 0
Llama-4-maverick-17B 85 34 16 0 2 10 11
Deepseek-v3.2-exp 90 75 15 4 8 5 11

Table 3. Comparison of structural property characteristics and detailed object property characteristics (inverse,
functional, transitive, symmetric, reflexive), metrics are extracted using Protégé [70].

6.1.3. Structural Property Characteristics

Step 6 Ontology Formal Modeling (Section 3.1.6) is reflected in the generation of ob-
ject and data properties. Object property counts and data property counts are presented in
Table 2 and Appendix B.1. LLMs often expand the object-property space, most clearly
in Wine (16 gold vs. 80—159 LLM) and Sewer Network (22 gold vs. 46-90 LLM), but
under-generate in Environmental Microbiology (245 gold vs. 8-150 LLM), where bio-
logical relation structures are more intricate. Data properties show a uniform trend: all
models generate more than the gold ontology across all domains (e.g., Wine: 1 gold vs.
7-27 LLM; Environmental Microbiology: 14 gold vs. 21-59 LLM).

Table 3 presents a detailed object-property analysis, showing how well models
assign semantic behaviors (inverse, functional, transitive, symmetric, reflexive) to the
object properties they generate.

Inverse properties are the most difficult characteristic across all domains. In do-
mains with modest gold inverse counts, Wine (2) and CHEMINF (11), LLMs routinely
overshoot (e.g., GPT-40 with 111 in Wine and 32 in CHEMINF). Conversely, in Envi-
ronmental Microbiology, where the gold ontology has 46 inverse relations, only Mistral
(44) approaches the gold scale; all others massively under-generate (0—17). This incon-
sistent behavior, characterized by both over- and under-projection, suggests that inverse
detection is the least reliably learned characteristic.



Functional properties are the most systematically under-produced. Gold standards
contain very few (e.g., 6 in Wine, 0 in Cheminformatics and Sewer Network, 19 in Envi-
ronmental Microbiology), and LLMs mirror this pattern: even when they generate large
numbers of object properties overall, functional properties remain nearly absent relative
to total property volume (e.g., GPT-40 produces only 12 in Cheminformatics). This is
not necessarily a limitation of LLMs, but rather a modeling pattern: functional properties
encode strict cardinality constraints that are used sparingly in expert ontologies due to
their rigidity and the strong assumptions they impose.

Transitive and symmetric properties show moderate but domain-dependent re-
covery. LLMs exceed gold transitivity in several domains (e.g., DeepSeek’s 12 transitive
properties in Cheminformatics vs. 4 gold), yet drastically underperform in Environmen-
tal Microbiology (gold = 15; models = 1-6). Similarly, symmetric properties are over-
generated in small domains (e.g., GPT-40’s 72 vs. 1 gold in Wine) but inconsistently
reproduced in complex ones. These trends suggest that LLMs capture transitivity and
symmetry more effectively in domains where these patterns are broadly applicable; how-
ever, their performance declines when such properties are tied to more domain-specific
modeling conventions rather than general relational regularities.

Reflexive properties are rare even in the gold standards. Reflexivity appears only
in the Cheminformatics ontology (8 reflexive properties), and none of the other domains
include any. LLMs nevertheless generate small numbers of reflexive relations across sev-
eral domains (e.g., 2-13 in Environmental Microbiology; 6-11 in Sewer Networks).

6.1.4. Schema-level Domain and Range Assertions

Schema-level constraints generated in Step 6 Ontology Formal Modeling (Section
3.1.6) are reflected in the domain and range assertions reported in Table 4. Across all
domains, LLM outputs scale proportionally with the number of objects and data proper-
ties they generate (Table 2), indicating that models reliably follow the instructions and
few-shot examples provided in the NeOn-GPT prompts. For example, in the Wine ontol-
ogy, models that create between 60 and 159 object properties and 14 and 27 data proper-
ties also produce 82 and 167 corresponding domain and range assertions. A similar pat-
tern appears in Cheminformatics, where producing 82—106 object properties and 20-66
data properties leads to 103—137 domain and range assertions.

These patterns show that LLMs are capable of specifying the associated schema
constraints when generating properties. Although this does not guarantee semantic cor-
rectness, the tight coupling between property generation (Table 2) and schema assertion
generation (Table 4) demonstrates that LLMs systematically apply domain/range typing
rules from the prompts, rather than hallucinating unconstrained properties. Across do-
mains, DeepSeek, typically the model with the largest property counts, also produces
the most domain and range assertions, while GPT-4o0 and Mistral show more moderate
scaling. This alignment suggests that NeOn-GPT effectively enforces the relational scaf-
folding expected in Step 6, and that constraint generation behavior is primarily driven by
each model’s propensity to generate properties in the first place.

6.1.5. Instance Population Characteristics

Step 7 Ontology Population (Section 3.1.7) is reflected in the number of individuals
(Table 4). In domains with substantial instance sets such as Wine (206) and Environmen-



Domain Model Domain Assertions Range Assertions Individuals Annotations
Gold 11 14 206 3
GPT-40 104 104 27 142
Wine Mistral-large 102 102 117 242
Llama-4-maverick-17B 82 86 72 276
Deepseek-v3.2-exp 132 167 177 659
Gold 29 27 0 823
GPT-40 103 103 35 559
Cheminformatics Mistral-large 121 119 79 353
Llama-4-maverick-17B 27 30 46 213
Deepseek-v3.2-exp 134 137 73 464
Gold 161 165 95 53101
. GPT-40 21 21 22 269
f,;:Z;‘:L‘:E;ﬁ;‘;a' Mistral-large 70 70 90 248
Llama-4-maverick-17B 64 67 65 215
Deepseek-v3.2-exp 199 214 100 627
Gold 7 10 7 548
GPT-40 85 85 33 252
Sewer Networks Mistral-large 79 79 117 344
Llama-4-maverick-17B 85 87 83 355
Deepseek-v3.2-exp 157 161 30 765

Table 4. Comparison of schema-level domain, range, individuals, and annotation assertions (including labels,
comments, and other metadata annotations). Metrics extracted using Protégé [70].

tal Microbiology (95), some models generate comparable populations (e.g., DeepSeek:
177 and 100), while others produce far fewer (e.g., GPT-40: 27 and 22). In schema-only
domains, such as Cheminformatics, all models introduce new individuals (35-79), indi-
cating a tendency to generate illustrative examples. Higher LLM counts are not neces-
sarily problematic—many gold ontologies rely on imported vocabularies for instances,
so richer populations may reflect examples that the imports otherwise provide.

6.1.6. Annotation and Documentation Characteristics

Step 8 Ontology Documentation (Section 3.1.8) is reflected in the total number of
annotation assertions (labels, comments, and metadata) in Table 4. Across all do-
mains, LLMs produce documentation in proportion to the overall size of the ontolo-
gies they generate (Table 2). Smaller ontologies receive modest documentation asser-
tions, while larger ones are accompanied by a substantially larger number of documen-
tation assertions. In Wine, for example, LLM-generated ontologies remain structurally
small (55-267 classes, 27-177 individuals), and models produce 142-659 annotations.
In domains where models generate comparatively larger schemas, such as DeepSeek in
Environmental Microbiology (326 classes, 150 object properties), documentation also
increases markedly (627 annotations). These patterns suggest that LLMs adhere to the



NeOn-GPT prompt structure and few-shot examples, with a focus on human-readable
labels and descriptions.

6.1.7. Structural Composition and Logic Distribution

Beyond overall size, the internal composition of axioms reveals systematic differ-
ences in how LLMs formalize knowledge. While gold-standard ontologies typically al-
locate a substantial portion of their logical axioms to class hierarchies (TBox), LLM-
generated ontologies tend to allocate a comparatively higher proportion of axioms to
object-property definitions and property characteristics (RBox), alongside a lower num-
ber of subclass axioms. This pattern is visible across domains in Tables 2—4, where rela-
tively shallow hierarchies (Section 3.1.3) coexist with large numbers of object properties
and schema-level constraints (Section 3.1.6).

This distribution suggests that LLMs preferentially encode domain structure through
relations between classes rather than through deep taxonomic organization. In practical
terms, knowledge is represented using a larger number of predicates and constraints over
a flatter class structure, rather than through multi-level subsumption hierarchies. The
effect is most pronounced in large domains, such as Environmental Microbiology, where
the gold ontology’s deep taxonomy is not recovered; however, object-property counts
and associated domain and range assertions still scale with model output.

In addition, LLM-generated ontologies consistently contain a higher proportion of
annotation axioms relative to logical axioms (Table 4), indicating a tendency to empha-
size natural-language descriptions alongside formal structure. Taken together, these re-
sults show that LLMs can produce ontologies that are rich in relational structure and
documentation, but comparatively limited in hierarchical depth, reflecting differences in
how domain knowledge is organized rather than an attempt to replicate gold-standard
designs.

A closer inspection of the internal distribution of schema axioms further clarifies
how this structural flattening manifests. While LLM-generated ontologies often contain
substantial numbers of logical axioms, these axioms are not distributed in a manner
that reproduces the hierarchical organization of expert-built ontologies. In particular, Ta-
ble 2 shows that, even when models generate hundreds or thousands of logical axioms,
this does not translate into increased hierarchical depth. This disconnect is most evident
in Environmental Microbiology, where the gold-standard ontology reaches a maximum
depth of 27, whereas all LLM-generated ontologies remain confined to depths between
1 and 3 despite producing up to 494 logical axioms (DeepSeek).

This pattern indicates that LLMs tend to allocate logical expressivity toward shallow
subclass structures and non-hierarchical schema axioms rather than toward deep termi-
nological refinement. In other words, logical axioms are predominantly used to describe
properties, constraints, and relationships at a single or limited number of abstraction lev-
els, rather than to incrementally specialize concepts across multiple layers of a taxon-
omy. As a result, increases in logical axiom counts do not yield proportional increases in
taxonomic depth.

The effect is less pronounced in smaller domains, such as Wine and Sewer Networks,
where the gold-standard hierarchies themselves are shallow (with depths of 3 and 4,
respectively). In these cases, several models match the gold depth exactly, suggesting that
NeOn-GPT supports the recovery of modest terminological hierarchies when domain



taxonomies are limited in depth. However, when expert ontologies rely on deeply nested
conceptual structures, LLM-generated ontologies instead favor breadth-oriented schema
construction over hierarchical refinement.

6.1.8. Model-Specific Structural Tendencies

The comparative performance of the four large language models across domains reveals
distinct structural tendencies that align with different stages of the ontology engineer-
ing process. Rather than identifying a single best-performing model, the results high-
light complementary strengths and trade-offs in how models allocate expressivity across
terminological, relational, and assertional components when guided by the NeOn-GPT
pipeline.

GPT-4o0 exhibits strong performance in schema-level relational modeling and broad
conceptual coverage. Across multiple domains, including Wine and Sewer Networks,
GPT-40 generates large numbers of object and data properties accompanied by propor-
tionally high numbers of domain and range assertions (Table 4), indicating consistent
grounding of properties within class hierarchies. At the same time, GPT-40 produces
comparatively shallow class hierarchies (Table 2), suggesting that its expressivity is con-
centrated in relational structure rather than in deep terminological refinement. This pro-
file makes GPT-40 particularly suitable for early-stage domain exploration and broad
schema construction, where coverage and relational scaffolding are prioritized over tax-
onomic depth.

DeepSeek-v3.2-exp consistently generates the structurally richest ontologies among
the evaluated models. It produces the largest numbers of classes, properties, domain
and range assertions, individuals, and annotation axioms across domains (Tables 2-4).
DeepSeek also achieves the greatest hierarchy depth among LLM-generated ontolo-
gies, especially in technically complex domains such as Environmental Microbiology,
although these depths remain substantially lower than those observed in gold-standard
ontologies. Its tendency to generate comparatively large instance populations suggests
that DeepSeek is well suited for producing candidate knowledge graph content or illus-
trative instance data, provided that appropriate validation and refinement mechanisms
are applied.

Llama-4-maverick-17B and Mistral-large exhibit more localized and domain-
dependent behavior. Both models tend to generate more compact schemas than DeepSeek,
with fewer classes, properties, and individuals, while still maintaining coherent struc-
tural organization. Llama-4-maverick-17B often produces restrained instance popula-
tions and shallow hierarchies, whereas Mistral-large shows greater variability across do-
mains, under-generating in some cases and over-generating in others. These character-
istics make both models suitable for lightweight schema construction and terminology
prototyping in domains where interpretability and structural simplicity are preferred.

Taken together, the results indicate that different models emphasize different as-
pects of ontology structure, including relational schema construction, instance popu-
lation, and lightweight conceptual modeling, rather than exhibiting uniform behavior
across all modeling tasks.

6.2. Lexical Analysis

The lexical evaluation assesses the extent to which NeOn-GPT directs LLMs in gener-
ating terminology that aligns with the conceptual vocabulary used in gold-standard on-
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Figure 4. Percentage of entities and properties in LLM-generated ontologies whose entities and properties
achieve a similarity score > 0.8 when compared to the corresponding gold-standard ontology. Results are
shown for four domains (Wine, Cheminformatics, Environmental Microbiology, and Sewer Network) and four
LLMs (GPT-40, Mistral, Llama-4, and DeepSeek).

tologies. We measure (i) exact lexical matches Appendix B.2: Table 6) and (ii) high-
similarity matches using Jaro—Winkler similarity > 0.8 (Figure 6.2). Detailed cross-
ontology similarity matrices are provided in Appendix B.2: Figures 17-32.

Across domains, Environmental Microbiology exhibits the strongest lexical align-
ment, with similarity scores ranging from 79.5 % (Mistral) to 88.7 % (DeepSeek).
This trend reflects the accessibility of the domain’s terminology, which includes widely
used scientific terms such as (e.g., "GroundWater", "Temperature", "Species",
"Habitat"), and examples of these terms appear in Table 6. This domain also yields
one of the largest sets of exact matches across all models, particularly for DeepSeek
and Mistral. Beyond these exact correspondences, many additional labels achieve high
string-based similarity scores (> 0.8), contributing to the overall alignment observed in
Figure 6.2.

In contrast, Cheminformatics consistently yields the weakest lexical overlap, with
similarity scores ranging from 18.5 % (GPT-40) to 46.9 % (DeepSeek) and no ex-
act matches across any model. The absence of exact matches reflects the highly spe-
cialized nature of CHEMINF terminology, which often uses formal identifiers such as
"CHEMINF_000373", technical descriptors, or compound naming conventions rarely en-
countered in natural language sources. As a result, the LLMs generate plausible chemical
or methodological terms, but these do not lexically converge on the curated CHEMINF
vocabulary. This domain, therefore, highlights a fundamental challenge for LLMs: do-
mains in which the gold-standard ontology uses formalized or ontology-specific naming
conventions are significantly harder to approximate lexically.

The Wine domain shows intermediate levels of lexical alignment. In the Wine do-
main, Llama-4 and DeepSeek achieve the highest similarity (48.3 % and 38.0 %), sup-
ported by a moderate number of exact matches (e.g., "RedWine", "WhiteWine",
"Wine", "Vintage", "hasFlavor") (See Table 6). GPT-40 and Mistral achieve



lower similarity scores, consistent with their smaller sets of exact matches. The results
suggest that wine vocabulary, though domain-specific, is widely represented in general
discourse, enabling partial alignment even when the specific gold terminology is not fully
reproduced.

The Sewer Network domain shows similar intermediate behavior. Despite limited
exact matches in Table 6, lexical similarity scores range from 36.9 % (GPT-40) to 66.0
% (DeepSeek). This is supported by the presence of frequently used infrastructure terms,
such as "manhole", "pipe", "inspection", and "repair", examples of which
appear in Table 6. These terms occur commonly in technical and engineering texts, which
makes them more likely to be reproduced by LLMs.

Finally, model-level trends appear consistently across domains. DeepSeek achieves
the highest lexical similarity in three out of four domains, reflecting its tendency to gen-
erate a wider and more domain-aligned vocabulary. Llama-4 also performs strongly, es-
pecially in the Wine and Sewer Network domains. GPT-40 produces more conservative
vocabularies, resulting in fewer exact matches and lower similarity in domains where
diversity of naming is required, though its outputs remain coherent and domain-relevant.
Mistral exhibits the most variable performance across domains, achieving a reasonable
level of similarity in Environmental Microbiology but substantially lower alignment in
Wine and Cheminformatics.

Taken together, these findings demonstrate that lexical alignment in NeOn—-GPT—generated
ontologies is strongly dependent on both the conceptual system of the domain and the
LLM pre-training, which influence its output and lexical diversity. Domains with broadly
used scientific or infrastructural vocabularies enable strong alignment, whereas formal-
ized or ontology-specific naming schemes remain a significant challenge for current
LLMs. Occasional patterns of partial similarity observed in the appendix heatmaps sup-
port these conclusions (See Figures 17-32).

6.3. Semantic Analysis

Semantic evaluation measures the extent to which NeOn-GPT-generated ontologies cap-
ture conceptual rather than lexical correspondence with gold-standard ontologies. Us-
ing the entity- and triple-level embedding framework described in Section 4, we assess
whether LLMs reproduce domain semantics through structurally meaningful and con-
textually aligned concepts and relations.

Overall, the results show that LLMs achieve meaningful semantic alignment with
gold-standard ontologies, with the majority of entities and schema-level triples cluster-
ing in the 0.5-0.8 % cosine-similarity range (See Figures 5-8). This indicates that LLMs
can approximate the conceptual neighborhoods of many domain entities, even when lex-
ical forms differ. Although very high-similarity matches (> 80 %) are less frequent, their
presence across all domains demonstrates that LLMs are capable of capturing core do-
main semantics, while the broader 0.5-0.8 % distribution reflects stable partial alignment
rather than random or inconsistent behaviour.

Clear domain-level trends emerge. Environmental Microbiology exhibits the strongest
semantic alignment, with DeepSeek and Llama achieving the largest 60—80 % and 80-90
% buckets (See Figure 7). This reflects the fact that biological terminology and environ-
mental processes are more widely represented in the training corpora of LLMs, enabling
partial reconstruction of domain semantics even without exposure to specialized datasets.



Wine and Sewer Networks show moderate alignment, consistent with domains grounded
in widely documented real-world concepts (See Figures 5, 8). In contrast, Cheminfor-
matics yields the weakest semantic similarity: the gold standard ontology relies heav-
ily on formal identifiers and chemistry-specific constructs (e.g., CHEMINF codes) un-
available to LLMs, leading to widespread <60 % matches despite otherwise coherent
generated terminology (See Figure 6).

Model-level differences are also consistent. DeepSeek achieves the strongest align-
ment across all domains, producing the highest proportion of 70-80 % and 80-90 %
matches for both entities and triples. Llama-4 performs comparably in linguistically ac-
cessible domains but lags in more technical ones. GPT-40 shows stable but conservative
alignment, with fewer high-similarity peaks. Mistral is the most variable, performing
well in biology but poorly in Wine and Cheminformatics.

These findings reveal a distinction between entity-level and triple-level semantic be-
haviour in LLM-generated ontologies. Entity embeddings consistently achieve higher
similarity than triple embeddings, indicating that LLMs capture the conceptual mean-
ing of individual classes and properties more reliably than the relational structures link-
ing them. Triple-level similarity, while following the same overall patterns, exhibits a
spread toward lower similarity buckets—reflecting the greater difficulty of reconstructing
schema-level relations such as subclass paths, domain—range patterns, and other formal
constraints. Nevertheless, the presence of numerous mid- to high-similarity triples across
all domains demonstrates that LLMs are capable of recovering substantial portions of the
underlying semantic structure when provided with concise domain descriptions.

7. Ablation Study

We conducted an ablation study of the NeOn-GPT pipeline to assess the contribution of
the verification and resolution stage to the generation of viable ontologies. This stage
comprises (i) Turtle syntax validation using RDFLib, (ii) logical consistency checking
using OWL reasoners, and (iii) modeling-pitfall detection using OOPS!. The goal of this
ablation is to quantify the effect of removing this stage on syntactic validity, logical con-
sistency, and the presence of critical modeling pitfalls, while keeping all other compo-
nents of the pipeline unchanged.

7.1. Ablation Setting

We compare two configurations:

* Full NeOn-GPT: the complete NeOn-GPT pipeline, including ontology draft gen-
eration followed by validation and resolution using RDFLib, OWL reasoners, and
OOPS!.

* NeOn-GPT (—Verification/Resolution): an ablated variant in which the verification
and resolution stage is entirely removed. In this configuration, the ontology pro-
duced at the end of the ontology draft generation stage is considered final, with-
out undergoing detection or resolution of syntax errors, logical inconsistencies, or
modeling pitfalls.
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Figure 5. Entity-level (top) and triple-level (bottom) semantic alignment of LLM-generated ontologies in the
Wine domain.

All other aspects of the pipeline are held constant across configurations, including
prompts, domain descriptions, few-shot examples, ontology reuse strategies, and large
language model settings.

The ablation is evaluated on the full set of sixteen generated ontologies (four do-

mains x four LLMs). For each ontology and each configuration, we measure the follow-
ing indicators:

» Syntax errors: whether the ontology contains Turtle syntax errors when parsed.

* Logical inconsistencies: whether the ontology is reported as inconsistent by OWL
reasoners.

* Critical modeling pitfalls: the number and type of critical pitfalls detected by
OOPS!.

Each indicator is measured independently for the Full and —Validation/Resolution

configurations. No additional filtering, repair, or post-processing is applied in the ablated
setting.
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Figure 6. Entity-level (top) and triple-level (bottom) semantic alignment of LLM-generated ontologies in the
Cheminformatics domain.

7.2. Ablation Results

Table 5 summarizes the impact of removing the verification and resolution stage across
all sixteen ontologies. The results reveal systematic differences between ontology drafts
produced without this stage and the final validated ontologies, across all three evaluated
dimensions.

In terms of syntactic validity, ontology drafts generated without verification and res-
olution exhibit non-trivial numbers of Turtle syntax errors across most domain—model
combinations. The number of syntax errors ranges from 2 to 14 in three of the four do-
mains, with the highest counts observed for Llama-4-maverick-17B in Environmental
Microbiology (14 errors) and Cheminformatics (12 errors), and for Mistral-large and
GPT-40 in Sewer Networks (up to 7 and 5 errors, respectively). After applying the ver-
ification and resolution stage, syntax errors are fully eliminated in all cases, yielding
syntactically valid ontologies for all domains and models.

Logical consistency shows a similarly clear separation between the two configura-
tions. Without verification and resolution, logical inconsistencies occur in 7 out of the 16
generated ontologies, spanning all domains except Environmental Microbiology. These
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Figure 7. Entity-level (top) and triple-level (bottom) semantic alignment of LLM-generated ontologies in the
Environmental Microbiology domain.

inconsistencies are not confined to a single model or domain, appearing, for example,
in Cheminformatics and Sewer Networks across multiple models, and in the case of
Wine, for Llama-4-maverick-17B. Following validation and resolution, all ontologies
are reported as logically consistent, indicating that the resolution stage systematically
addresses reasoning-level violations introduced during the draft generation stage.

The most pronounced differences appear in the analysis of critical modeling pitfalls.
In the ablated configuration, critical pitfalls are detected in 13 out of the 16 ontologies,
with counts ranging from 1 to 5 per ontology. These pitfalls span multiple OOPS! cat-
egories, most frequently including POS (inverse relationships not explicitly declared),
P19 (missing domain or range), and P28/P29 (incorrect or missing property constraints),
with additional domain- and model-specific occurrences such as P06, P27, P31, and P39.
Notably, even when no logical inconsistency is reported, critical modeling pitfalls are
still present, indicating that syntactic and logical validity alone are insufficient to guaran-
tee modeling quality. Formal definitions of all critical OOPS! pitfalls referenced in this
analysis are provided in Appendix B.2.

After applying the verification and resolution stage, no critical modeling pitfalls are
detected in any of the final ontologies. This holds across all domains and models, in-
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Figure 8. Entity-level (top) and triple-level (bottom) semantic alignment of LLM-generated ontologies in the
Sewer Networks domain.

cluding cases where multiple distinct pitfall types co-occur in the ablated setting. Taken
together, these results indicate that the verification and resolution stage plays a decisive
role not only in enforcing syntactic correctness and logical consistency but also in sys-
tematically eliminating high-severity modeling defects that persist across domains and
language models.

8. Limitations

A first limitation of the NeOn-GPT pipeline concerns the nature and scope of the in-
puts provided to the LLMs. For each domain, the models receive only a concise natural-
language description (120-150 words), a short list of 10—15 domain-specific vocabulary
terms, at most six few-shot examples, and along with the extracted fragments of exist-
ing ontologies relevant to the domain for reuse (See Section 3.1 and Figure 2). This in-
put is substantially more limited than the resources typically available to ontology en-
gineers when constructing gold-standard ontologies, which often include extensive do-
main corpora, controlled vocabularies, user stories, detailed requirement specifications,
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Table 5. Ablation study results for NeOn-GPT on 16 ontologies (4 domains x 4 LLMs). Results are reported
before (w/o) and after (w/) the validation and resolution stage. For critical modeling pitfalls, we report both
the total number of detected critical pitfalls (#) and the corresponding OOPS! pitfall codes (types). C and I
indicate consistent and inconsistent ontologies, respectively.

Domain Model Syntax errors  Consistency Critical pitfalls
w/o w/ wlo w/ w/o # w/o types w/#  wl/types
GPT-40 4 0 C C 5 P05, P27, P28, P29, P31 0 -
Wine Mistral-large 3 0 C C 0 - 0 -
Llama-4-maverick-17B 11 0 I C 5 P05, P19, P28, P29, P31 0 -
Deepseek-v3.2-exp 2 0 C C 4 P05, P06, P19, P29 0 -
GPT-40 4 0 I C 3 P05, P19, P29 0 -
. . Mistral-large 6 0 I C 3 P05, P19, P39 0 -
Cheminformatics
Llama-4-maverick-17B 12 0 C C 2 P19, P28 0 -
Deepseek-v3.2-exp 0 0 I C 3 P05, P19, P28 0 -
GPT-40 2 0 C C 0 - 0 -
Environmental Microbiology Mistral-large . 4 0 ¢ ¢ ! P19 0 B
Llama-4-maverick-17B 14 0 C C 2 P05, P19 0 -
Deepseek-v3.2-exp 0 0 C C 3 P05, P19, P28 0 -
GPT-40 5 0 C C 2 P05, P29 0 -
Sewer Networks Mistral-large ) 7 0 1 C 2 P05, P28 0 -
Llama-4-maverick-17B 3 0 I C 1 P19 0 -
Deepseek-v3.2-exp 4 0 I C 3 POS, P19, P29 0 -

and multi-source documentation. Consequently, the LLM-generated ontologies tend to
underperform on structural metrics, producing smaller schemas, fewer axioms, and hi-
erarchies with limited depth, because the models are not exposed to the full depth of
domain knowledge used to create the reference ontologies.

A second limitation is the reliance on manual effort for preparing the domain de-
scriptions, few-shot examples (including fragments extracted from domain-relevant on-
tologies for reuse), and domain-specific keywords. While these inputs are comparatively
lightweight, they may increase the configuration cost, which can affect scalability.

A third limitation concerns reproducibility under stochastic generation. In our
experiments, we report one ontology generation per model and domain using fixed
prompts and deterministic verification tools. While this supports the reproducibility of
the pipeline execution, it does not quantify run-to-run variance in the generated ontolo-
gies.

Finally, our verification-and-resolution loop (syntax parsing, reasoner-based consis-
tency checking, and OOPS! pitfall detection) ensures that evaluated ontologies are syn-
tactically valid, logically consistent, and free of Critical and Important pitfalls. How-
ever, these checks do not guarantee conceptual completeness or alignment with all expert
modeling choices, particularly in large domains with deep taxonomic structures. We also
acknowledge the potential for bias or ontology drift introduced by the LLMs’ pretrain-
ing data and by the selection of reused material; our grounding and validation steps can
mitigate some issues but cannot eliminate them entirely.

9. Conclusion and Future Work

The combined structural, lexical, and semantic analysis demonstrates that LLMs can gen-
erate ontologically relevant concepts and properties. However, they do not reliably repli-
cate the size, hierarchical depth, or specific naming conventions of established expert-
curated ontologies. They tend to produce smaller structures but often generate richer



properties. Based on the findings and limitations identified in this study, several promis-
ing directions for future research emerge that could advance the field of LLM-based
ontology generation.

First, the current pipeline relies on expert-crafted examples for few-shot prompting
and domain-specific natural language descriptions, which can increase the manual ef-
fort required to adapt the pipeline to new domains. With recent advances in LLM re-
trieval and agent-based systems, future work could integrate retrieval augmented gen-
eration (RAG) to automatically source relevant few-shot examples (and candidate reuse
fragments) from curated knowledge bases, domain corpora, or ontology repositories. Al-
ternatively, a multi-agent architecture could delegate few-shot example generation and
LLM-generated persona validation to specialized agents, reducing the dependency on
human experts while maintaining domain alignment.

Second, future work should evaluate robustness under stochastic generation by per-
forming multi-run experiments per model and domain. This requires reliable ontology-
level alignment, consolidation, and conflict resolution across independently generated
runs.

Third, quantitative assessment of practitioner-level impact remains an open step.
While prior user studies on LLM-assisted ontology engineering (e.g., OntoChat [47])
suggest that engineers may prefer delegating early-stage tasks such as requirements elic-
itation and competency question generation to LLM-based systems, we do not measure
time or effort reduction in this work. A controlled user study across both simple and
complex domains is an important next step in evaluating whether NeOn-GPT accelerates
or simplifies ontology construction in practice.

Finally, extending evaluation beyond single gold standards is a promising direc-
tion. Comparing generated ontologies against multiple expert-curated ontologies per do-
main would enable analysis of inter-expert variation and perspective-dependent model-
ing choices, and would clarify how LLM-generated artifacts align with alternative ex-
pert conceptualizations. We also emphasize that deployment in sensitive domains (e.g.,
biomedical or environmental knowledge) should remain expert-supervised, and future
work should further investigate risks of bias, drift, and attribution in Al-assisted ontology
generation.
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Appendix

A. Prompt Templates

A.1. Domain-specific Persona Generation Prompt Template

You are an expert in knowledge and ontology engineering, following best
practices from the NeOn methodology and foundational ontology engineering
approaches. Your task is to assume a professional persona tailored to a
specific domain to guide ontology design, reuse, and population.

Instructions:
1. Based on the provided domain name and description, define a
detailed professional persona that:
- Reflects knowledge of standards, tools, datasets, and ontology reuse
- Is realistic and usable as a context for prompting LLMs

2. The persona should reflect familiarity with domain-specific
knowledge and semantic web technologies (OWL, RDF, SPARQL, Turtle),
modular design, and reuse of existing vocabularies and patterns.

- Domain Name: {domain_name}
- Domain Description: {domain_description}

--- Output ---
persona = "You are an expert knowledge and ontology engineer
specializing in {domain_name}...."

A.2. Ontology Draft Generation Prompt Templates

You are a {persona}. The {domain_name} domain is described as follows:
{domain_description}.
Use the following keywords to guide your reasoning: {keywords}.
Ground the requirement specification fully in both the domain description and
the keywords.
The NeOn methodology starts by specifying the following ontology
requirements:
- The purpose of the ontology
- The scope of the ontology
- The target group of the ontology
- The intended uses
- The functional requirements
- The non-functional requirements

=== Output --—-
Ontology Requirements:



Based on the Ontology Requirements developed {ontology_requirements}, write a
list of Competency Questions that the core module of the ontology should be
able to answer. Examples of Competency Questions for reference are provided
here:{few_shot_competency_questions}.

--- Output ---
Competency Questions:

For each Competency Question: {competency_questions}, extract entities and
relations (properties) that must be introduced in the {domain_name} ontology.
A single competency question can help in extracting more than one triple.
{few_shot_entity_extraction}

{few_shot_property_extraction}

--- Output ---
Entities and Properties:

Considering all the generated entities, relations (properties):
{generated_entities_properties}

Generate a conceptual model expressing the triples of the entities,
properties (relations), and axioms in the format:
(subject-relation-object triples).

- Make sure that your conceptual model is logically consistent and free from
common pitfalls (e.g., Wrong inverse relationships, Cycles in a class hierarchy,
multiple domains or ranges, and wrong transitive relationships).

--- Output ---
Conceptual Model:

Using the conceptual model generated in the previous step: {conceptual_model},
refine and organize the ontology into a coherent class hierarchy.

- Introduce "rdfs:subClassO0f" structures that reflect the relationships implied
by the existing entities, relations, and axioms.

- Represent all hierarchical assertions using (subject-relation-object) triples,
which will be used to extend the existing {conceptual_model}.

- Make sure that the resulting hierarchy is logically consistent and avoids
common modelling pitfalls (e.g., cycles in the class hierarchy).

=== Output --—-
Hierarchy Triples:



For the following conceptual model: {conceptual_model}.

Your task is to improve this conceptual model by generating new triples that
strengthen its ontology structure.

Enhance the model by reusing knowledge from the example ontology fragments below.

Reuse refers to utilizing existing ontological knowledge or structures as input
in the development of new ontologies. It enables more efficient and consistent
knowledge representation while improving interoperability across systems and
applications.

Reuse the following example to improve the ontology structure from the
{reuse_ontology_name_description}.

Example Triples: {few_shot_reuse}

- Print ONLY the new triples you add to the conceptual model.

- Each triple must follow the format: subject-relation-object.

- Do NOT repeat or paraphrase any triples from the input conceptual model.

- Make sure that your conceptual model is logically consistent and free from
common pitfalls (e.g., Wrong inverse relationships, Cycles in a class hierarchy,
multiple domains or ranges, and wrong transitive relationships).

--- Output ---

New Triples:

Serialize the complete {conceptual_model} developed in the previous step into
Turtle syntax.

- Make sure the syntax is correct, all entities and properties have correct
prefixes, the ontology is consistent, and free from common pitfalls (e.g., wrong
inverse relationships, Cycles in a class hierarchy, multiple domains or ranges,
and wrong transitive relationships).

- Use consistent prefixes and namespaces (e.g., : for the ontology namespace).
- Include rdfs:subClass0f and rdf:type statements where appropriate.

- Make sure to Print Turtle code between ###start_turtle### and ###end_turtle###
markers only.

--- Output ---
Turtle Ontology:
###start_turtle###

###end_turtle###



For all the entities in the {Turtle_ontology} given, introduce Data Properties
when meaningful.

Here are some examples: {few_shot_data_properties}.

Follow these instructions:

- Add appropriate data properties for entities.

- Assign correct rdfs:domain & rdfs:range datatypes (xsd:string, xsd:date, etc.).
- Make sure the syntax is correct, all entities and properties have correct
prefixes, the ontology is consistent, and free from common pitfalls (e.g., wrong
inverse relationships, Cycles in a class hierarchy, multiple domains or ranges,
and wrong transitive relationships).

- Print ONLY new triples that do not exist in the given ontology.

- Do NOT repeat or regenerate any existing triples.

- Output strictly between ###start_turtle### and ###end_turtle### markers

--- Output ---
New Data-Property Triples (Turtle Syntax):
###start_turtle###
. new triples
###tend_turtle###

For all the entities in the {Turtle_ontology} given, introduce Object Properties
when meaningful.

Here are some examples: {few_shot_object_properties}.

Follow these instructions:

- Add appropriate object properties for entities.

- Make sure the syntax is correct, all entities and properties have correct
prefixes, the ontology is consistent, and free from common pitfalls (e.g., wrong
inverse relationships, Cycles in a class hierarchy, multiple domains or ranges,
and wrong transitive relationships).

- Print ONLY new triples that do not exist in the given ontology.

- Do NOT repeat or regenerate any existing triples.

- Output strictly between ###start_turtle### and ###end_turtle### markers

--- Output ---
New Data-Property Triples (Turtle Syntax):
###start_turtle###
. new triples
###end_turtle#it#



For all object properties in the {Turtle_ontology}, extend the ontology by
introducing additional object-property axioms where meaningful.

{property_type}
{property_explanation}

Follow these instructions:

- Maintain correct rdfs:domain and rdfs:range usage.

- Ensure consistent naming conventions for newly added properties.

- Make sure the syntax is correct, all entities and properties have correct
prefixes, the ontology is consistent, and free from common pitfalls (e.g., wrong
inverse relationships, Cycles in a class hierarchy, multiple domains or ranges,
and wrong transitive relationships).

- Print ONLY new triples that do not exist in the given ontology.

- Do NOT repeat or regenerate existing triples.

- Output strictly between ###start_turtle### and ###end_turtle### markers.

--- Output ---
New Object-Property Triples (Turtle Syntax):
##t#start_turtle###
. new triples
###end_turtle##t#

Populate the given {Turtle_ontology} with meaningful real-world individuals.
Here are some examples of individuals: {few_shot_individuals}.

Follow these instructions:

- Add named individuals (instances) of the existing classes.

- Ensure each individual has type declarations and relevant property assertions.
- Make sure the syntax is correct, all entities and properties have correct
prefixes, the ontology is consistent, and free from common pitfalls (e.g., wrong
inverse relationships, Cycles in a class hierarchy, multiple domains or ranges,
and wrong transitive relationships).

- Print ONLY new triples that do not exist in the given ontology.

- Do NOT repeat or regenerate existing triples.

- Output strictly between ###start_turtle### and ###end_turtle### markers.

--- Output ---
New Triples (Turtle Syntax):
###start_turtle###

. new triples
###end_turtle#i##



If not present in the given {Turtle_ontology}, add metadata triples about:
- ontology IRI
- ontology label
- version information
- natural-language description (rdfs:comment)

Follow these instructions:

- Add ontology-level metadata using appropriate properties (owl:Ontology,
rdfs:label, owl:versionInfo, rdfs:comment).

- Make sure the syntax is correct, all entities and properties have correct
prefixes, the ontology is consistent, and free from common pitfalls (e.g., wrong
inverse relationships, Cycles in a class hierarchy, multiple domains or ranges,
and wrong transitive relationships).

- Print ONLY new triples that do not exist in the given ontology.

- Do NOT repeat or regenerate existing triples.

- Output strictly between ###start_turtle### and ###end_turtle### markers.

--- Output ---
New Triples (Turtle Syntax):
###start_turtle###

. new triples
###end_turtle#i##

A.3. Ontology Verification and Resolution Prompt Templates

You are an expert in RDF and Turtle repair. The following Turtle fragment
failed to parse.

Error:
{error_message}

Problematic code:
{problem_block}

Full Ontology:

{Turtle_onotlogy}

Please fix the error while preserving its intended semantics.
Return ONLY valid Turtle triples between the markers.

--- Output ---
New Triples (Turtle Syntax):
###start_turtle###

. new triples
###end_turtle###



B. Detailed Evaluation Results

B.1. Structural Analysis Detailed Evaluation Results

Structural Comparison of Wine Domain Ontologies

Gold Standard
GPT-40
Mistral-large
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Figure 9. Structural comparison between the NeOn-GPT-generated Wine Domain ontologies with 4 LLMs
(GPT-40, Llama4-maverick-17B-128, Mistral, DeepSeek-v3.2-exp) and the gold standard (Stanford Wine).
Bars show counts of axioms, logical axioms, classes, properties (object and data types), instances, and subclass
relations, highlighting differences in modeled structure and relation density.

Structural Comparison of Cheminformatics Domain Ontologies
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Figure 10. Structural comparison between the NeOn-GPT-generated Cheminformatics Domain ontolo-
gies with 4 LLMs (GPT-40, Llama4-maverick-17B-128, Mistral, DeepSeek-v3.2-exp) and the gold standard
(CHEMINF). Bars show counts of axioms, logical axioms, classes, properties (object and data types), instances,
and subclass relations, highlighting differences in modeled structure and relation density.



Structural Comparison of Environmental Microbiology Domain Ontologies
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Figure 11. Structural comparison between the NeOn-GPT-generated Enivoromental Microbiology Domain
ontologies with 4 LLMs (GPT-40, Llama4-maverick-17B-128, Mistral, DeepSeek-v3.2-exp) and the gold stan-
dard (AquaDiva). Bars show counts of axioms, logical axioms, classes, properties (object and data types), in-
stances, and subclass relations, highlighting differences in modeled structure and relation density.

Structural Comparison of Sewer Network Domain Ontologies
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Figure 12. Structural comparison between the NeOn-GPT-generated Sewer Network Domain ontologies
with 4 LLMs (GPT-40, Llama4-maverick-17B-128, Mistral, DeepSeek-v3.2-exp) and the gold standard (Sew-
erNet). Bars show counts of axioms, logical axioms, classes, properties (object and data types), instances, and
subclass relations, highlighting differences in modeled structure and relation density.



B.2. Lexical Analysis Detailed Evaluation Results

Domain Ontology Exact Matched Classes and Properties
GPT-40 RedWine, Region, RoseWine, SweetWine, TableWine, WhiteWine, Wine, has-
) Flavor, hasVintage Year
Wine Mistral-large hasvintageyear

Llama-4-maverick-17B RedWine, Vintage, WhiteWine, Wine, Winery, hasBody, hasColor, hasFlavor,
producesWine,

Deepseek-v3.2-exp Bordeaux, Burgundy, CabernetSauvignon, Chardonnay, CheninBlanc, Desser-
tWine, Merlot, PinotNoir, RedWine, Region, Riesling, SauvignonBlanc, Semil-
lon, Vintage, WhiteWine, Wine, WineColor, Winery, Zinfandel, hasBody, has-
Color, hasFlavor, locatedIn, madeFromGrape, producesWine

GPT-40 None

Cheminformatics Mistral-large None

Llama-4-maverick-17B None

Deepseek-v3.2-exp None

GPT-40 affectedby, biodiversity, foundin, groundwater, groundwaterquality, influence,

Environmental karst, limestone, marinephage, mineral, nitrogentransformation, permeability,
Microbiology relatedto, vegetation, waterflow,

Mistral-large

affects, archaea, bacteria, biodiversity, clay, climate, diversity, groundwaterqual-
ity, habitat, hascode, humidity, influences, karst, limestone, porosity, precipi-
tation, rarespecies, secondarymineral, species, temperature, uses, usesmethod,
viruses

Llama-4-maverick-17B

affects, contains, habitat, hasmeasurement, hasmember, organism, population,
process

Deepseek-v3.2-exp

abundance, affects, aquifer, archaea, ascomycota, bacteria, basalt, biofilm, bore-
hole, cave, class, clay, depth, diversity, domain, drought, family, flooding,
foundin, gene, genus, granite, groundwater, habitat, hasmember, hasprecision,
hasunit, identifier, influences, limestone, microscope, order, organism, ph, phy-
lum, population, porewater, presentin, pressure, sandstone, shale, species, spring,
temperature, temporalentity

Sewer Networks

GPT-40

inlet, inspection, maintenance, manhole, pipe, pumpingstation, repair, retention-
basin

Mistral-large

inlet, inspection, manhole, pipe, pumpingstation, repair, state, stormwaternet-
work, wastewaternetwork

Llama-4-maverick-17B

geometry, hastime, inlet, inspection, maintenance, manhole, network, pipe,
pumpingstation, repair, slope

Deepseek-v3.2-exp

inlet, inspection, maintenance, manhole, pipe, pumpingstation, repair, stormwa-
ternetwork, treatmentplant, valve, wastewaternetwork,

Table 6. Exact lexical matches between gold-standard ontologies and LLM-generated ontologies across four
domains (Wine, Cheminformatics, Environmental Microbiology, Sewer Networks). For each model, the table
lists all classes and properties whose local names match the corresponding gold entities verbatim.



Top Lexical Similarities:
Wine Gold Standard Ontology vs Wine GPT-40

00 00 00 00 00 00 00 00 00 00 00 00 0.0

produceswine
winery- 0.0 00 00 00 00 00 00 00 00 00 00 00 0.0

produceswine- 0.0 0.0 00 00 00 00 00 00 00 00 00 00 00 00

hassugar- 0.0 0.0 0.0 00 00 00 00 00 00 00 00 00 00
produceswine- 0.0 0.0 0.0 0.0
drywhitewine- 00 0.0 0.0 00
hasflavor- 0.0 0.0 00 0.0
winebody- 0.0 00 00 00
whiteloire- 0.0 0.0 0.0 00
hascolor- 0.0 00 0.0 0.0
produceswine- 0.0 0.0 0.0 0.0
winetaste- 0.0 0.0 00 0.0
winesugar- 0.0 0.0 0.0 0.0
winecolor- 0.0 0.0 00 0.0
winegrape- 0.0 00 0.0 0.0
whitetablewine- 0.0 0.0 00 00
redwine- 0.0 0.0 00 00
rosewine- 0.0 0.0 00 00
hasvintageyear- 0.0 0.0 00 0.0

wineflavor- 0.0 0.0 00 0.0

Figure 13. (a) GPT-40

Top Lexical Similarities:
Wine Gold Standard Ontology vs Wine Llama4

produceswme 00 00 00 00 00 00 00 00 00 00 00 00 00 00
hasvintageyear- 0.0 00 00 00 00 00 00 00 00 00 00 00 00 00
rosewine- 0.0 0.0 00 00 00 00 00 00 00 00 00 00 00 00

wine- 0.0 0.0 0.0 00 00 00 00 00 00 00 00 00 00 00
produceswine- 00 0.0 0.0 0.0 00 00 00 00 00 00 00 00 00 00
winery- 0.0 00 00 00 00 00 00 00 00 00 00 00 00 00
vintageyear- 00 0.0 0.0 00 00 0.0 00 00 00 00 00 00 00 0.0
drywhitewine- 0.0 00 00 00 00 0.0 00 00 00 00 00 00 00 0.0
hasvintageyear- 0.0 00 00 00 00 00 00 00 00 00 00 00 00 0.0
hasflavor- 0.0 0.0 00 00 00 00 00 00 00 0.0 0.0
winebody- 0.0 0.0 00 00 00 00 00 00 00 0.0 0.0

whiteloire- 0.0 00 00 00 00 00 00 00 00
winebody- 00 0.0 00 00 00 00 00 00 00
wine- 0.0 00 00 00 00 00 00 00 00
winetaste- 0.0 00 00 00 00 00 00 00 00
winesugar- 0.0 00 00 00 00 00 00 00 00
winecolor- 0.0 00 00 00 00 00 00 00 00
winegrape- 0.0 0.0 00 00 00 00 00 00 00
whitetablewine- 00 0.0 00 00 00 00 00 00 00

rosewine- 0.0 0.0 0.0 00 00 00 00 00 00

Figure 15. (c¢) Llama-4
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Top Lexical Similarities:
Wine Gold Standard Ontology vs Wine Mistral
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Figure 14. (b) Mistral-large
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Figure 16. (d) Deepseek
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Top lexical similarity heatmap between the Stanford Wine Gold Standard Ontology and
the NeOn-GPT-generated Wine ontology using four LLMs: (a) GPT-4o, (b) Mistral-large,

Figure 17.

(c) Llama-4, and (d) DeepSeek. Exact lexical matches are removed; only the top 20 non-
identical similarities are shown. The x-axis lists LLM-generated entities and properties, and

the y-axis lists their Gold Standard counterparts. Darker cells denote stronger lexical similarity
between the two ontologies.
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Top Lexical Similarities: Top Lexical Similarities:
CHEMINF Gold Standard Ontology vs Cheminformatics GPT-4o0 CHEMINF Gold Standard Ontology vs Cheminformatics Mistral

software implementation %€} 0.0 0.0 00 0.0 00 00 00 00 00 00 00 00 00 00 00 00 00 0.0 00 hasva\ue 0.0 00 0.0 00 00 00 00 00 00 00 00 00 00 00 00 0.0 00 00 0.0

chemical entity- 0.0 [ 0.0 0.0 0.0 0.0 0.0 00 00 00 00 00 00 00 00 00 00 00 00 0.0 Software“brary,OODﬂ 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00

has output- 0.0 0.0 [KeE§ 0.0 00 0.0 00 0.0 00 0.0 00 0.0 00 0.0 00 00 00 0.0 00 0.0

chemical entity- 0.0 0.0 0.0 0.0
has value- 0.0 0.0 0.0 00 0.0 0.0 . —
chemical database identifier- 0.0 00 00 00
has input- 0.0 0.0 0.0 0.0 0.0 0.0 )
chemical entity- 0.0 0.0 0.0 0.0
polar surface area- 0.0 0.0 0.0 00 0.0 0.0
. similar to- 0.0 00 00 00
chemical database identifier- 0.0 0.0 0.0 0.0 00 00
chemical entity- 0.0 0.0 0.0 0.0
hydrogen bond acceptor- 0.0 0.0 0.0 0.0 0.0 0.0
similarto- 0.0 0.0 0.0 00 00 00 software module- 0.0 00 00 00
software module- 0.0 0.0 0.0 00 00 00 software method Sy O @0 @9
software method- 0.0 0.0 0.0 0.0 00 00 Chemical database identifier- 0.0 0.0 0.0 0.0
hydrogen bond acceptors- 0.0 0.0 0.0 0.0 0.0 0.0 chemical entity- 0.0 0.0 0.0 0.0
hydrogen bond donor- 0.0 0.0 0.0 0.0 00 00 molecular weight calculated- 0.0 0.0 0.0 0.0
hydrogen bond donors- 0.0 0.0 0.0 0.0 00 00 chemical entity- 0.0 00 00 00
hydrogen bond acceptor- 0.0 0.0 0.0 0.0 0.0 0.0 molecular weight of - 0.0 00 00 0.0
hydrogen bond donor- 0.0 0.0 0.0 00 0.0 0.0 y
vérog chemical entity- 0.0 0.0 0.0 0.0
software application- 0.0 0.0 0.0 0.0 0.0 0.0 .
software application- 0.0 0.0 0.0 0.0

software application- 0.0 00 0.0 0.0 00 00 00 00 00 00 00 00 00 00 00 00 00 M 0.0 0.0
molecular distance edge- 0.0 00 0.0 0.0 00 00 00 00 00 00 00 00 00 00 00 00 (K 00 00 00

chemical entity- 0.0 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 0.0 [EE 0.0
chemical name validation- 0.0 0.0 0.0 0.0 0.0 0.0 00 00 00 00 00 00 00 00 00 00 00 OEE 0.0

has value- 0.0 0.0 00 00 00 00 0.0 00 00 00 00 00 00 00 00 00 00 00 00 (XK

' ' ' ' ' ' ' ' ' ' ' ' ' ' ' ' ' chemical name validation- 0.0 0.0 0.0 00 0.0 00 00 00 00 00 00 00 00 00 0.0 00 0.0 00 K3

chemical name deprecation- 0.0 0.0 0.0

Figure 18. (a) GPT-40 Figure 19. (b) Mistral-large
Top Lexical Similarities: Top Lexical Similarities:
CHEMINF Gold Standard Ontology vs Cheminformatics Llama4 CHEMINF Gold Standard Ontology vs Cheminformatics DeepSeek
software \mplementation 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 0.0 software implementation 0.0 00 00 00 00 00 00 00 00 00 00 0.0 00 00 00 00 00 00 0.0

chemical entity- 0.0 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 0.0 00 chemical entity- 0.0 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 0.0

has value- 0.0 00 00 00 00 0.0 00 00 00 00 00 00 00 00 00 00 00 0.0 has value- 0.0 0.0 00 00 00 00 00 00 00 00 00 00 00 0.0 00 00 00 00 0.0

software module- 0.0 0.0 0.0 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 chemicaldatabase identifier- 0.0 0.0 0.0

software method- 0.0 0.0 0.0 0.0 M 00 00 00 00 00 00 00 00 00 00 00 00 00 00 0.0 hydrogen bond acceptor- 0.0 0.0 0.0
software application- 0.0 0.0 0.0 0.0 0.0 00 00 00 00 00 00 00 00 00 00 00 00 00 00 similar to- 0.0 0.0 0.0
has value- 0.0 0.0 0.0 00 00 0.0 0.0 00 00 00 00 00 00 00 00 00 00 00 0.0 software module- 0.0 0.0 0.0

software method- 0.0 0.0 0.0 0.0 00 00 0.0 00 00 00 00 00 00 00 00 00 00 00 00 software method- 0.0 0.0 0.0

. N -0.0 00 O
chemical name deprecation- 0.0 0.0 0.0 00 0.0 00 hydrogen bond acceptors &o

: numeric chemical descriptor- 0.0 0.0 0.0
ph descriptor- 0.0 00 00 00 0.0 0.0 P
hydrogen bond donor- 0.0 0.0 0.0
has value- 0.0 0.0 0.0 0.0 00 00
. rotatable bond count- 0.0 0.0 0.0
molecular weight calculated- 0.0 0.0 0.0 0.0 00 0.0
hydrogen bond donors- 0.0 0.0 0.0
software method- 0.0 00 00 00 0.0 00
. hydrogen bond acceptor- 0.0 0.0 0.0
molecular weight of- 0.0 00 00 0.0 0.0 00
chemical entity- 0.0 0.0 0.0
molecular distance edge- 0.0 0.0 0.0 0.0 0.0 0.0
hydrogen bond donor- 0.0 0.0 0.0
file- 00 0.0 00 00 00 00 e
software application- 0.0 0.0 0.0
software application- 0.0 0.0 00 00 00 0.0 .
software application- 0.0 0.0 0.0

molecular distance edge- 0.0 0.0 0.0 0.0 00 00

chemical entity- 0.0 0.0 0.0

-00 00 00 00 00 O
software module SO has value- 0.0 0.0 0.0 0.0 00 00

0.0 0.0 0.0 0.0

molecular weight calculated- 0.0 0.0 0.0 0.0 00 0.0

Figure 20. (c) Llama-4 Figure 21. (d) Deepseek

Top lexical similarity heatmap between the CHEMINF Gold Standard Ontology and
the NeOn-GPT-generated Cheminformatics ontology using four LLMs: (a) GPT-4o, (b)
Mistral-large, (c) Llama-4, and (d) DeepSeek. Exact lexical matches are removed; only the top
20 non-identical similarities are shown. The x-axis lists LLM-generated entities and proper-
ties, and the y-axis lists their Gold Standard counterparts. Darker cells denote stronger lexical
similarity between the two ontologies.

Figure 22.



Top Lexical Similarities:
AguaDiva Gold vs Environmental Microbiology GPT-40

Top Lexical Similarities:
AquaDiva Gold vs Environmental Microbiology Mistral

affectedby- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0‘00.0 0.0 0.0 0.0 00 0.0 0.0 0.0 0.0 0.0 affectedby- 0.0 0.0 0.0 0.0 0.0 0.0 00 00 00 00 00 0.0 ooo.o 0.0 0.0 0.0 0.0
affects 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0.0 0.0 00 00 0.0 00 0.0 0.0 0.0 aquifermicrobiome {8 0.0 0.0 0.0 0.0 00 00 0.0 00 00 0.0 00 0.0 0.0 00 0.0 00 00 0.0
characterizedby- 0.0 0.0 0.0 0.0 0.0 0.0 00 0.0 0.0 o,oﬁo.o 0.0 0.0 00 00 00 00 00 00 biogeochemical process- 0.0 0.0 00 0.0 0.0 00 00 00 00 00 0.0 0.0 00 00 00 0.0 0.0 0.0
defines- 0.0 K4 00 0.0 00 00 00 00 00 00 00 00 00 00 00 00 00 0.0 0.0 chemical property- 0.0 @O 0P @O @D @Y OF GO G0 OGP OF G0 @0 @GP OGP B0 @D
i -0.0 0.0 0.0 0.0 0.0 0.0 O. .0 0.0 0.0 0.0 O
ground water- 0.0 0.0 0.0 0.0 0.0 0.0 00 00 0.0 00 00 0.0 00 00 0.0 00 0.0 0.0 contributes to oY O 00 G G0 Y 6D 00 60 B 60 00 G0
environmental factor- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 00 0.0
groundwater- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0.0 0.0 00 0.0 0.0 00 0.0 0.0 0.0
. environmental feature- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
influence- 0.0 0.0 0.0 0.0 000.0 0.0 0.0 0.0 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
flow rate- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
influences- 0.0 0.0 0.0 o.oﬂo.o 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 .
geological fracture- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
interacts with- 0.0 0.0 0.0 0.0 0.0 0.0 [UkE} 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
groundwater- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
involved in-JORCIONCCNUCROONCD i RO 0 (GO O RS R GRO R0 R has feature value- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
microbial community- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 has specified value- 0.0 0.0 0.0 00 0.0 0.0 0.0 00 00 0.0 [FJ 0.0 00 00 00 00 00 00 0.0
molecular marker- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 hasvalue- 0.0 0.0 00 0.0 00 00 0.0 00 0.0 [RH 00 00 00 00 00 00 00 00 00
nitrogen cycle- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 influence- 0.0 0.0 0.0 0.0 0.0 0.0 00 00 0.0 0.0 0.0 [ o0 0.0 00 00 0.0 00 00
occurs in- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 interacts with- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0.0 00 00 0.0 [fE 0.0 00 00 0.0 00 0.0
secondarymineral- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 microbial community- 0.0 0.0 0.0 0.0 0.0 00 0.0 00 00 0.0 00 00 0.0 00 0.0
soil chemistry- 0.0 sediment- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0.0 0.0 00 0.0 00 00 0.0 0.0
soil organic matter- 0.0 temperate—o.‘o o.‘o o.‘o o.‘o o.‘o o.‘o o.‘o o.‘o o.‘o o‘o o‘o o‘o o‘o o‘o 0‘.0 o‘.o o‘.o 0.0 (¥
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Figure 23. (a) GPT-40 Figure 24. (b) Mistral-large
Top Lexical Similarities: Top Lexical Similarities:
AguaDiva Gold vs Environmental Microbiology Llama4 AguaDiva Gold vs Environmental Microbiology DeepSeek
biogeochemical process JJEE} 0.0 0.0 00 00 00 00 00 00 00 00 00 00 0.0 00 00 anaerobic respirationw 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
container- 0.0 00 00 00 00 00 00 00 00 00 00 00 0.0 biogeochemical process- 0.0 [(&F] 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
environmental material- 0.0 0.0 00 00 00 00 00 00 00 00 00 0.0 0.0 0.0 biological process- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
environmental role- 0.0 0.0 0.0 00 00 00 00 00 00 00 00 00 00 0.0 climate change- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
functional- 0.0 0.0 00 00 00 00 00 00 00 00 00 00 0.0 contributes to- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
has function- 0.0 0.0 00 00 00 00 00 00 00 00 00 00 0.0 denitrifications- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
has measurement datum- 0.0 0.0 00 00 00 00 00 00 00 00 00 0.0 derives from- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
has measurement unit label- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 00 0.0 0.0 0.0 0.0 environmental condition- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
has measurement value- 0.0 0.0 0.0 0.0 0.0 00 0.0 0.0 00 0.0 00 0.0 0.0 0.0 flow cytometer- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
has member- 0.0 0.0 0.0 0.0 0.0 00 00 0.0 00 00 00 0.0 geographic location- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
hasmeasurement- 0.0 0.0 00 0.0 0.0 0.0 00 00 00 00 00 00 00 has participant- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
interacts with- 0.0 0.0 0.0 00 00 00 00 00 00 00 00 00 00 00 interacts with- 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
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Figure 26. (d) Deepseek

Top lexical similarity heatmap between the AquaDiva Gold Standard Ontology and the
NeOn-GPT-generated Environmental Microbiology ontology using four LLMs: (a) GPT-

4o, (b) Mistral-large, (c) Llama-4, and (d) DeepSeek. Exact lexical matches are removed; only
the top 20 non-identical similarities are shown. The x-axis lists LLM-generated entities and

properties, and the y-axis lists their Gold Standard counterparts. Darker cells denote stronger
lexical similarity between the two ontologies.
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Top lexical similarity heatmap between the SewerNet Gold Standard Ontology and the
NeOn-GPT-generated Sewer Networks ontology using four LLMs: (a) GPT-40, (b) Mistral-
large, (c) Llama-4, and (d) DeepSeek. Exact lexical matches are removed; only the top 20 non-
identical similarities are shown. The x-axis lists LLM-generated entities and properties, and
the y-axis lists their Gold Standard counterparts. Darker cells denote stronger lexical similarity
between the two ontologies.
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C. Critical OOPS! Pitfalls Detected in the NeOn-GPT Generated Ontologies

This section provides the definitions of the critical modeling pitfalls reported in Ta-
ble 5. All definitions correspond to the official OOPS! catalog and are listed in numerical
order for reference.

P05. Defining wrong inverse relationships Inverse relationships are defined between
properties that do not actually represent inverse semantics. This may lead to incor-
rect inferences when reasoning over object properties.

P06. Including cycles in a class hierarchy Cycles are introduced in the class subsump-
tion hierarchy (e.g., a class is declared as a subclass of itself, directly or indirectly),
which can lead to unintended logical consequences.

P19. Defining multiple domains or ranges in properties A property is defined with
multiple domain or range axioms, which in OWL are interpreted conjunctively
rather than disjunctively, often resulting in unintended restrictions.

P27. Defining wrong equivalent properties Two object properties or datatype proper-
ties are declared as equivalent using owl:equivalentProperty, even though
they do not share the same semantics.

P28. Defining wrong symmetric relationships A property is declared as symmetric
even though its semantics are not symmetric, leading to incorrect bidirectional in-
ferences.

P29. Defining wrong transitive relationships A property is declared as transitive de-
spite not satisfying transitivity semantics, which can propagate incorrect relation-
ships through inference.

P31. Defining wrong equivalent classes Classes are declared equivalent using owl:equivalentClass
even though they do not represent the same conceptual meaning, potentially col-
lapsing distinct concepts.

P39. Ambiguous namespace The ontology uses namespaces in an ambiguous or incon-
sistent manner, which can hinder interpretation, reuse, or integration with other
ontologies.



