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Abstract

Detecting pitfalls in ontologies aim to identify modeling patterns that can lead to inconsistencies, redundancy,
or poor semantic design. Ontology design patterns have been proposed in the community and a number of
tools and libraries rely on them to detect potential issues occurring during ontology modeling, but they were
largely developed before the widespread use of large language models (LLMs) in ontology engineering. As
a result, they do not capture a new class of artifacts that frequently appear in LLM-generated ontologies. In
this paper, we introduce a complementary set of ontology pitfalls targeting patterns that are not necessary
produced by human ontology engineers but commonly arise from LLM-assisted ontology generation. These
include semantic redundancies, hierarchy conflicts, and property modeling artifacts. We implement detection
strategies combining structural analysis, lexical similarity, and LLM-based evaluation. We evaluate the proposed
approach on two ontologies generated by the Ontology Toolkit ontology generation system, showing how the
new pitfalls help identify modeling issues specific to LLM-generated ontologies. Our code and data are released
at https://github.com/D2KLab/Ontology-Pitfalls-Detector.
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1. Introduction

Ontologies play a central role in knowledge graphs, providing structured vocabularies that support data
integration, reasoning, and interoperability. However, designing high-quality ontologies is a complex
task that requires careful modeling decisions. Initiatives such as LOV [1] provide curated collections of
ontologies to promote ontology re-use. The Ontology Design Pattern (ODP) community offers reusable
modeling solutions through the Ontology Design Pattern Repository'. In the biomedical domain, the
OBO Foundry [2] provides a coordinated suite of interoperable ontologies that follow shared principles
for openness and collaboration. Similarly, platforms such as OntoPortal [3] offer infrastructures for
publishing, sharing, and exploring ontologies across multiple domains. These initiatives highlight the
importance of high-quality ontologies and the need for systematic approaches to their development
and evaluation.

Ontology engineering remains a complex and time-consuming process that often requires significant
domain expertise and modeling experience. As a result, there has been growing interest in automated
or semi-automated approaches for ontology construction, particularly through ontology learning
techniques that extract concepts and relations from textual data [4, 5]. Large language models (LLMs)
have started to play an increasing role in ontology engineering workflows, assisting in tasks such as
ontology bootstrapping, schema generation, and knowledge graph construction [6]. While these models
significantly accelerate ontology creation, they also introduce new types of modeling artifacts that are
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rarely produced by human modelers. Examples include subtle semantic redundancies, inconsistent
hierarchies, and property modeling patterns that emerge from the generative nature of LLMs.

Over the years, several studies [7, 8, 9] have identified recurring modeling mistakes or pitfalls that may
lead to inconsistencies, redundancy, or poor semantic design. To support ontology engineers, various
tools and libraries have been proposed to automatically detect such pitfalls through structural analysis,
lexical heuristics, or logical reasoning, the most famous tool being the Oops! scanner?. However, some
existing pitfall detection approaches have been developed in contexts where ontologies were primarily
authored by human experts. Others assume a high level of expertise from generative systems, which
is often lacking. As a consequence, new pitfalls might exist within generated ontologies but remain
undetected by these automated evaluation tools.

In this paper, we address this challenge by proposing a new tool and method for detecting and
analyzing these new ontology modeling pitfalls in automatically generated ontologies. In particular,
we introduce a library for identifying structural, logical, naming, and semantic issues in ontologies.
The library implements a collection of detection patterns that capture recurring modeling problems
frequently observed in automatically generated ontologies. In addition, we present Ontology Toolkit, a
framework designed to support the generation of ontologies from textual data using large language
models. The toolkit provides a modular pipeline that facilitates the transformation of textual inputs into
structured ontology components and integrates quality assessment mechanisms during the generation
process.

The remainder of this paper is organised as follows. We review some related work in Section 2. We
present the Ontology Toolkit framework in Section 3. In Section 4, we detail the Ontology Pitfalls
Detector library, whose results are reported in Section 5. Finally, we conclude and outline some future
work in Section 6.

2. Related work

2.1. Ontology Pitfall Detection

Ontology pitfall detection has been widely studied as a means to support ontology engineering and
improve ontology quality. Pitfalls correspond to recurrent modeling patterns that may lead to inconsis-
tencies, redundancy, or poor conceptual design. Early work in this area introduced catalogs of common
ontology pitfalls and methods for their automatic detection. Several tools and libraries have been
developed to operationalize these catalogs, such as OOPS! (Ontology Pitfall Scanner) [7]. OOPS! relies
on a list of pitfalls that capture recurrent issues observed in ontology engineering, such as missing
annotations, incorrect or missing domain and range declarations, improper class hierarchies, or missing
inverse properties, categorized according to their severity. OOPS! performs its analysis through a
combination of structural checks over the ontology graph, lexical analysis of class and property names,
and logical reasoning over OWL axioms.

FOOPS! [10] is an extension of the OOPS! framework designed to assess the quality and FAIRness
of ontologies according to the FAIR principles (Findable, Accessible, Interoperable, and Reusable). It
evaluates ontologies against a set of FAIR indicators and provides automated feedback to help ontology
developers improve metadata, documentation, and interoperability practices. OntoConnectLM [9]
includes a common interface to interrogate both OOPS! and FOOPS!.

In [8], generated ontologies are compared to human-realised counterparts using structural semantic
and task-based metrics. This demonstrates partial alignment and good performance although they tend
to offer a flatter structure with lesser hierarchal depth.

2.2. The Limits of Direct Prompting and Unconstrained Generation

Recent research in LLM-driven ontology engineering reveals a clear dichotomy between requirement-
guided prompting and structured, pipeline-driven extraction. Representing the former paradigm,
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Lippolis et al. [11] attempt to generate OWL ontologies directly from Competency Questions (CQs) using
advanced prompting strategies (Memoryless CQbyCQ and Ontogenia). While their approach matches
novice human performance, structural evaluations highlight persistent flaws inherent to unconstrained
LLM generation, including superfluous elements, flat hierarchies, and inconsistent domain/range axioms.
In contrast, our methodology replaces direct OWL generation with a deterministically constrained, multi-
stage pipeline. By extracting a semantic network from unstructured text through a strict use-case filter,
our approach enforces structural integrity via intermediate, auto-validated schemas equipped with error-
correction loops. Furthermore, our pipeline programmatically aligns all extracted classes to a rigid seven-
category upper ontology and explicitly reifies complex relations. By compartmentalizing extraction,
hierarchical structuring, and formal serialization into isolated stages, our approach systematically
prevents the taxonomic errors and structural anomalies that current prompt-based techniques struggle
to eliminate.

2.3. From Reactive Debugging to Soundness by Design

Even when multi-stage pipelines are employed to mitigate the aforementioned structural flaws, existing
approaches often depend heavily on reactive, external debugging. For instance, frameworks like
NeOn-GPT [12] operationalize established ontology engineering methodologies by guiding models
through competency question generation, domain reuse, and formalization. However, to ensure logical
viability, NeOn-GPT relies on a post-hoc verification loop, coupling the LLM with external reasoners and
evaluation tools (e.g., HermiT, OOPS!) to iteratively debug the generated Turtle drafts. In contrast, our
proposed methodology ensures ontological soundness by design rather than through external debugging.
We decouple conceptualization from formalization by enforcing a strict progression of schema-validated
intermediate representations (YAML-based semantic networks and conceptual definitions). Furthermore,
while NeOn-GPT anchors its models using domain-specific reuse fragments, our approach guarantees
structural integrity by rooting the taxonomy in a rigid foundational upper ontology (e.g., MATERIAL,
AGENT) and proactively prevents logical inconsistencies by enforcing the explicit reification of complex
relations and deliberately excluding error-prone, blank-node OWL restrictions.

2.4. Complementary Paradigms: Generative Construction vs. Validation

Broadly, the recent advancements in LLM-driven ontology engineering fall into two complementary
paradigms: generative construction and post-hoc validation. Our methodology focuses on the former,
introducing a deterministic pipeline that transforms unstructured text into logically enriched OWL/RDFS
ontologies. By enforcing strict schema validation and anchoring extractions to a foundational upper
ontology, our approach proactively prevents structural anomalies during the initial modeling phase.
Conversely, recent work by Choi et al. [13] addresses the validation phase via the VSPO framework,
which fine-tunes an LLM to generate Competency Questions designed to expose “semantic pitfalls”—
such as missing or misused TBox axioms—in existing ontologies. While VSPO operates reactively
to diagnose misalignments between natural language definitions and formal axioms, our pipeline
proactively couples them from the start. Ultimately, these methods address distinct bottlenecks: our
pipeline automates the complex task of initial knowledge acquisition and formalization, whereas
frameworks like VSPO provide the necessary diagnostic tools to audit and verify those independently
generated structures.

3. Ontology Toolkit

Our proposed ontology generation methodology consists of a six-stage pipeline depicted in Figure 3
designed to transform unstructured, multilingual text into a formally structured, logically enriched
OWL/RDES ontology in the Turtle (T'TL) syntax. The approach leverages a configurable state-of-the-art
Large Language Model (LLM) configured with zero-temperature settings to ensure deterministic, highly
reproducible outputs [14].
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Figure 1: Diagram of the Ontology Toolkit six-stage pipeline

To bridge the gap between unstructured text and formal semantics, the pipeline is strictly use-
case driven. A user-defined “use case” acts as a relevance filter throughout all stages, ensuring that
only domain-salient entities, attributes, and relationships are extracted and modeled. Furthermore, to
guarantee syntactic and structural integrity, each stage of the pipeline employs strict schema validation.
Outputs failing validation are automatically fed back into the model along with explicit error diagnostics
for iterative correction.

3.1. Stage 1: Use-Case Driven Semantic Network Extraction

The first stage processes the source text to extract a foundational semantic network. The extraction
adheres to strict ontological principles rather than simple Information Extraction (IE) rules:

Entity and Type Resolution: Entities are extracted and categorized based on three scenar-
ios: explicit typing present in the text, inferred typing using domain knowledge (Named Entity
Recognition), and non instantiated types (classes mentioned without specific instances). Suf-
fixes indicating meta-classifications (e.g., _TYPE, _CATEGORY) are strictly prohibited to enforce
concrete ontological typing.

Relationship Normalization: Relationships between entities are extracted as directed edges.
To ensure timeless ontological statements, all relations are strictly normalized to the present tense
(e.g., “was founded by” becomes IS_FOUNDED_BY), with temporal aspects delegated to specific
attributes.

Reification of Complex Constructs: To capture advanced semantics, complex phenomena
are actively reified into independent entities. This includes n-ary relations (e.g., events such as
Appointments, Acquisitions) and complex quantitative values (values and units). Any measure-
ment possessing a numeric value, a unit, or a currency is reified into a dedicated node linked via
distinct HAS_VALUE, HAS_UNIT, or HAS_CURRENCY properties.

Temporal and Range Normalization: Standardized formatting is enforced for all literals,
such as ISO 8601 for durations, ISO 4217 for currencies, and standardized bounding models for
numerical ranges.



3.2. Stage 2: Context-Aware Conceptual Definition Generation

To ensure the resulting ontology is self-documenting and interpretable, the second stage generates purely
conceptual, human-readable definitions for every unique class, relationship, and property identified in
the network.

« Contextual Derivation: The model analyzes the topological context of the semantic network to
infer the precise meaning of each element. Definitions are constrained to explain the real-world
concept rather than the graph mechanics (e.g., defining FOUNDING as “The pivotal event that
marks the establishment of an organization,” rather than “Connects a Person to a Company”).

« Iterative Reconciliation: An automated reconciliation mechanism cross-references the gener-
ated definitions against the semantic network. Any nodes or edges lacking definitions trigger a
recovery loop, which analyzes the surrounding network structure and grammatical directionality
to infer and generate the missing semantic definitions.

3.3. Stage 3: Strict XSD Datatype Mapping

In the third stage, the pipeline analyzes all literal attributes to map their informal semantic types to
strict XML Schema Definition (XSD 1.1) built-in datatypes.

+ Holistic Analysis: The mapping relies on the synthesis of the attribute’s semantic intent and its
concrete value.

+ Principle of Maximum Specificity: The system enforces the most restrictive valid datatype.
For instance, identifiers are mapped to TOKEN rather than generic STRINGs; financial figures are
strictly mapped to DECIMAL to preserve precision; and chronological data are mapped to explicit
temporal types (e.g., GYEAR, DATE).

3.4. Stage 4: Top-Down Hierarchical Taxonomy Construction

This stage constructs a formal “sub class of” (subsumption) hierarchy for all extracted entity types and
non instantiated classes.

« Upper Ontology Alignment: The taxonomy is strictly rooted in a foundational upper ontology
comprising seven immutable top-level categories derived from established ontological frameworks:
MATERTAL, AGENT, PROCESS, ABSTRACT ENTITY, SPATTAL_ REGION, TEMPORAL_ REGION, and
QUALITY. Every extracted class must eventually trace back to one of these foundational roots.

+ Intermediate Subclass Generation: The system dynamically infers logical intermediate classes
to ensure a balanced, multi-level hierarchy, avoiding overly flat structures while strictly prohibiting
domain-based grouping wrappers (e.g., rejecting LEGAL_CONCEPT in favor of specific ontological
classes like NORMATIVE_ARTIFACT or LEGAL_PROCEEDING).

« Canonicalization: True synonyms detected during the extraction phase are merged into a single
canonical class, with the alternative terms retained as additional labels.

3.5. Stage 5: OWL/RDFS Translation and Logical Enrichment

The integrated YAML structures are then translated into a formal OWL/RDFS ontology serialized in
Turtle (TTL). Beyond syntactic translation, this stage applies advanced logical enrichment:

« Axiom Inference: The system infers and injects rich logical axioms. Sibling classes under
the same parent that represent fundamentally different concepts are declared mutually disjoint
(owl:disjointWith).

« Property Characteristics: Object  properties are augmented with se-
mantic  characteristics  based on  their = conceptual  definitions, includ-
ing owl:FunctionalProperty, owl:InverseFunctionalProperty,
owl:SymmetricProperty, owl:TransitiveProperty, and  explicit inverses

(owl:inverseOf).



+ Multilingual Support: If target languages are specified, the pipeline generates parallel bilin-
gual rdfs:label and rdfs:comment annotations, maintaining English as the baseline while
providing localized definitions.

« Restriction Strategy: To maintain high computational tractability and reasoner compatibility,
the methodology intentionally avoids complex blank-node owl :Restriction axioms in favor
of explicit, named class relations and global property domains/ranges.

3.6. Stage 6: Refactoring and Structural Optimization

The final stage acts as an automated ontology engineer, performing a comprehensive review and
structural optimization of the generated OWL code.

+ Logical Integrity Check: The hierarchy is checked for semantic consistency, ensuring no
circular dependencies exist and resolving instances of unnecessary multiple inheritance.

+ Syntax Standardization: The Turtle syntax is refactored for human readability. This includes
standardizing URI naming conventions (UpperCamelCase for classes, lowerCamelCase for proper-
ties), collapsing verbose blank nodes into concise anonymous node syntax, and logically grouping
all triples relating to a single subject into cohesive blocks.

4. Ontology Pitfalls Detector

To support the systematic evaluation of automatically generated ontologies, we developed the Ontology
Pitfalls Detector, an open-source library that identifies common modeling pitfalls occurring in ontology
engineering. The library is open sourced at https://github.com/D2KLab/Ontology-Pitfalls-Detector. Its
objective is to provide a practical and extensible framework for analyzing the quality of ontologies,
with a particular focus on ontologies generated automatically through ontology learning pipelines,
knowledge extraction workflows, or large language model-based generation systems.

Automatically produced ontologies frequently exhibit recurring modeling issues. These issues can
affect the logical consistency of the ontology, reduce its interpretability, or introduce unnecessary
redundancy in its vocabulary and structure. While such problems may not always prevent the ontology
from being used, they can significantly limit its usefulness for reasoning, data integration, and knowledge
reuse. The Ontology Pitfalls Detector addresses this problem by implementing a collection of reusable
detection patterns designed to identify these issues in a systematic and automated way.

The library operates on ontologies expressed in RDF and OWL and performs a series of analyses on
the ontology graph. It extracts classes, properties, and axioms from the ontology and applies a set of
detection patterns corresponding to ontology pitfalls that have been manually observed by an ontology
engineer in ontologies generated by LLMs. Depending on the nature of the pattern, different techniques
are employed: this includes SPARQL queries over the ontology graph, lexical similarity measures,
reasoning-based checks, and semantic evaluation using large language models as a judge. This hybrid
approach allows the framework to address both formally detectable problems and more subtle semantic
issues that cannot be identified through structural analysis alone. The pitfalls implemented in the
library are organized into four main categories, as shown in Table 4. The table shows some overlaps
with the OOPS! library [7], but most of our patterns extend, reverse or refine existing categories rather
than fully matching them. This library is intended to be an addition to existing tools like OOPS! rather
than an alternative or a replacement.

4.1. Logical Issues

Logical issues correspond to formal inconsistencies or problematic logical axioms that may affect
reasoning over the ontology.

P1.1 Parent disjoint with child. This occurs when a superclass is declared owl :disjointwith
one of its subclasses, creating a logical contradiction. Example: The class Animal is disjoint with
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Table 1

Summary of ontology pitfalls detected by the Ontology Pitfalls Detector. The table reports the pitfall code, a

short description, the detection method, and the closest corresponding OOPS! pattern.

Code

Pitfall

Detection Method

Related OOPS! Pitfall

Logical Issues

P1.1 Parent disjoint with child SPARQL pattern P10 - Missing disjointness
P1.2 Subclass of both parent and SPARQL pattern -

grandparent
P1.3 Logical inconsistencies OWL reasoner -

Structural Issues

P2.1 Not connected hierarchies Lexical similarity P04 - Creating unconnected
ontology elements
P2.2 Single subclass parent Hierarchy analysis P17 - Over-specialized hier-
archy
P2.3 Superfluous disjointness Structural filter + P10 — Missing disjointness
LLM
P2.4 Single subproperty parent Hierarchy analysis P17 — Over-specialized hier-
archy
P2.5 Range / domain expansion Hierarchy analysis + P19 — Multiple domains or
LLM ranges
P2.6 Possible hierarchy among Similarity + do- -
properties main/range check

Redundancy and Naming Issues

P3.1 Properties replicating RDF vo-  String match P03 - Creating the relation-
cabulary ship "is"

P3.2 Range in property title Substring match -

P3.3 Domain in property title Substring match -

Semantic Issues

P4.1 Overly generic classes WordNet depth P21 — Miscellaneous class
P4.2 Synonyms in classes Semantic similarity P02 - Creating synonyms as
classes

P4.3 Conflicting hierarchy Antonym filter + -
LLM

P4.4 Subclass equivalent to super- Semantic similarity P17 — Over-specialized hier-

class archy

P4.5 Synonyms in properties Semantic similarity -

P4.6 Inverse properties not declared ~ Label similarity + do- P13 — Missing inverse rela-
main/range tionships

P4.7 DataProperty that should be  String similarity + —

ObjectProperty

LLM

Mammal, even though Mammal is a subclass of Animal. Detection is performed using SPARQL queries
that cross-reference subclass and disjointness assertions.

P1.2 Subclass of both parent and grandparent. A class is redundantly declared as a subclass
of its immediate parent and its grandparent, creating unnecessary hierarchy redundancy. Example:
ElectriccCar is declared as a subclass of both Car and Vehicle, even though Car is already a subclass
of vehicle. Detected via SPARQL queries analyzing the subclass hierarchy:.

P1.3 Logical inconsistencies. These are unsatisfiable classes or contradictions resulting from
multiple modeling decisions, that can be performed using an OWL reasoner.

4.2. Structural Issues

Structural issues concern the organization of class and property hierarchies in the ontology.
P2.1 Not connected hierarchies. Semantically related hierarchies are unconnected, which may
cause fragmentation of the ontology structure. Example: RenewableEnergyTarget is not linked to



EnergyTarget, despite clearly being a specialization. Detected using lexical similarity and overlap
analysis.

P2.2 Single subclass parent. Classes with only one child may indicate unnecessary abstraction. Ex-
ample: AdvancedCar is the only subclass of CarType, adding a layer without semantic gain. Detected
by counting the number of subclasses per class.

P2.3 Superfluous disjointness. Classes are declared disjoint despite potentially overlapping seman-
tics. Example: PreeclampsiaRisk disjoint with MaternalRisk, even though the former is a type of
the latter. Detected via structural filtering and LLM-assisted semantic evaluation.

P2.4 Single subproperty parent. Properties with only one subproperty may signal unnecessary hi-
erarchy. Example: hasPrimaryAuthor is the only subproperty of hasAuthor. Detected by analyzing
property hierarchies.

P2.5 Range/domain expansion. Overly specific domain or range definitions reduce property
reusability. Example: reportsTo defined only for Manager — Executive, instead of the more
general Agent — Agent. Detected by checking whether broader superclasses exist and evaluating
with LLM.

P2.6 Possible hierarchy among properties. Related properties could form a subproperty rela-
tionship. Example: hasInclusiveDefinition and hasExclusiveDefinition may benefit from a
hierarchy. Detected using semantic similarity and domain/range analysis.

4.3. Redundancy and Naming Issues

These pitfalls relate to vocabulary design and naming conventions.

P3.1 Properties replicating RDF vocabulary. Custom properties duplicate standard RDF terms.
Example: isA replicates rdf : type. Detected using string matching.

P3.2 Range in property title. Property names embed their range class. Example:
strategicProgramHasActionPlan includes StrategicProgram. Detected via substring match-
ing.

P3.3 Domain in property title. Property names embed their domain class. Example:
hasFramework includes Framework. Detected via substring matching.

4.4. Semantic Issues

Semantic issues require interpretation of class and property meaning.

P4.1 Overly generic classes.  Abstract classes add little semantic value.  Example:
BusinessConcept or MedicalConcept. Detected via distance of the label (or of its parts) from
the WordNet concept abstraction.n.06 and entity.n.01 (they are considered abstract when the distance is
less than two hops).

P4.2 Synonyms in superclasses. Multiple superclasses represent the same concept. Example:
Target and Goal used as separate superclasses. Detected via semantic similarity.

P4.3 Conflicting hierarchy. Classes are under semantically incompatible parents. Example:
SustainabilityOpportunity placed under Risk. Detected using antonym filters and LLM judg-
ment.

P4.4 Subclass equivalent to superclass. Subclasses semantically overlap with their parent. Example:
MedicalIntervention as subclass of Intervention. Detected via semantic similarity and property
domain/range overlap.

P4.5 Synonymous properties. Two properties convey the same relation. Example: isA vs
isSubTypeOf. Detected via semantic similarity.

P4.6 Inverse properties not declared. Properties express inverse relations without formal dec-
laration. Example: describes and describedIn. Detected using semantic similarity and swapped
domain/range patterns.

P4.7 DataProperty that should be modeled as ObjectProperty and Classes. Falls in this
categories data properties that are strongly related and could instead be modeled using an object



property and an explicit class. Example: hasSurfaceUnit and hasSurfacevValue can be instead
modeled with a hasSurface object properties, whose connected Surface class is on its own linked
to the Unit and Value. Detected via string similarity and LLM evaluation.

Overall, the Ontology Pitfalls Detector provides a unified framework for identifying a wide range of
ontology modeling issues. By combining graph analysis, reasoning, lexical resources, and semantic
evaluation, it facilitates systematic evaluation of automatically generated ontologies and helps ontology
engineers improve consistency, reusability, and semantic clarity.

5. Evaluation

Ontologies. We evaluate our system by detecting pitfalls over two ontologies, respectively named
CSRD and RED, generated by the Ontology Toolkit framework (Section 3) and available in our repository.

The CSRD ontology is a representative use case coming from regulatory to sustainability reporting.
The Corporate Sustainability Reporting Directive (CSRD) is a European regulation that requires
companies to disclose standardized environmental, social, and governance (ESG) information. The
documents used for generating this ontology describe reporting requirements, sustainability indicators,
governance structures, and risk management concepts. More specifically, the documents used are: 1)
the annual report from 2025 of Bouygues®, 2) the annual report from 2024 of LVMH?, 3) the annual
report from 2024 of Nestle®, and 4) the non financial report from 2024 of Nestle®. These reports are
complex PDF documents that include a rich layout, text, tables, figures and images and amount of
hundreds of pages.

The RED ontology describes regulatory and environmental disclosure elements related to sustain-
ability strategies, policies, risks, and opportunities. A set of 30 short documents coming from the BBC
has been used to generate this ontology.

Both document collections are characterized by a rich conceptual structure and a large number of
domain-specific entities, making them suitable sources for ontology construction. In particular, they
contain hierarchical concepts, relationships between organizational actors, policies, indicators, and
reporting obligations. These characteristics make them appropriate testbeds for evaluating ontology
generation systems and for analyzing the types of modeling artifacts that may arise during automated
ontology construction. Table 2 reports the statistics of the two ontologies.

Table 2
Basic statistics of the generated ontologies.

Ontology Classes Object Properties Datatype Properties

CSRD 361 162 142
RED 601 332 173

Generation Details. Prior to ontology generation, the source documents are converted from PDF to
Markdown using Lettria’s Document Parsing tool” in order to obtain a structured and machine-readable
representation of the content. We then perform an in-document segmentation based on document
headings, which preserves the original hierarchical structure while producing coherent textual units
for processing.

For large documents, we additionally apply a manual segmentation to produce segments of approxi-
mately 50 pages. This granularity was chosen to balance the amount of information processed during

*https://www.bouygues.com/app/uploads/2026/03/bouygues_deu_2025_fr_web.pdf

4https:/ /www.bnains.org/archives/communiques/LVMH/20250325_Document_d_enregistrement_universel_2024_LVMH.
pdf

*https://www.nestle.com/sites/default/files/2025-02/annual-review-2024-en.pdf
Shttps://www.nestle.com/sites/default/files/2025-02/non-financial- statement-2024.pdf
"https://www.lettria.com/features/document-parsing
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generation. Segments that are too small tend to cause over-extraction, producing ontologies that are
excessively detailed and difficult to manage, while segments that are too large may lead to partial
information loss, as relevant concepts can be overlooked.

Different strategies were adopted for the two document collections used in our experiments. For
the RED corpus, the 30 documents were first merged into a single source document, from which one
ontology was generated using the Ontology Toolkit. In contrast, for the CSRD corpus, an ontology was
generated independently for each document chunks, and the resulting ontologies were subsequently
merged into a single ontology representing the complete corpus.

Results and Discussion. Table 3 reports the ratio of elements affected by each pitfall, computed
as the number of classes or properties involved in a pitfall divided by the total number of generated
elements of the corresponding type. The Ontology Pitfalls Detector succeeds in detecting issues related
to logic, structure, and semantics in both ontologies.

Overall, the results indicate that the majority of structural and logical issues remain relatively limited.
Most detected issues belong to structural or modeling-quality categories rather than strict logical errors.
In particular, hierarchy-related patterns such as single-subclass parents (P2.2), not-connected hierarchies
(P2.1), and range/domain expansion (P2.5) appear with moderate frequency in both corpora.

Naming-related pitfalls show more variability across datasets. For instance, the repetition of the range
in property names (P3.2) is noticeably higher in the CSRD ontology than in the RED ontology, suggesting
a stronger tendency toward descriptive property naming in that corpus. Semantic similarity—based
issues such as potentially synonymous properties (P4.5) or conflicting hierarchies (P4.3) also appear
with moderate ratios, indicating that LLM-generated ontologies may introduce near-duplicate concepts
or semantically inconsistent parent-child relations.

It is worth noting that not all detected pitfalls necessarily correspond to actual modeling errors. In
some cases, what is flagged as a potential issue may still represent an acceptable modeling choice. For
example, a property such as hasAppointment, which repeats its range Appointment in the property name
(P3.2), may be considered reasonable, as using a generic property name such as has would arguably be
less informative. These situations highlight the limits of purely pattern-based detection and suggest
that some pitfalls require contextual interpretation. Future work will aim to better distinguish between
genuine modeling problems (e.g. with regular expression and/or LLM as a judge) and acceptable design
alternatives.

Another aspect to consider is that many of the detectors rely on semantic similarity measures. As a
consequence, the same element may be flagged under multiple pitfalls, meaning that the detected pitfalls
are not entirely independent from one another. Furthermore, the similarity metric may sometimes
overemphasize general lexical or semantic proximity, while overlooking domain-specific distinctions. In
practice, this may lead to cases where concepts that are related but not strictly synonymous within the
domain are flagged as potential issues. For instance, Corporate Acquisition and Corporate Takeover are
identified as possible synonyms (P4.2), as well as Business Deal and Business Offer. Future experiments
will investigate the role of domain adaptation and fine-tuning in improving the robustness of similarity-
based detectors and reducing such domain-misaligned detections.

The overall harmonic mean across pitfalls remains low for both ontologies. This suggests that
while several categories of modeling imperfections are present, they affect only a small fraction of the
generated entities and therefore do not fundamentally compromise the global structure of the ontologies
in this case.

6. Conclusion and Future Work

We presented an extensible library for detecting ontology modeling pitfalls that specifically targets
artifacts introduced by LLM-assisted ontology generation. The detector combines structural SPARQL
checks, reasoning-based validation, lexical/semantic similarity measures, and LLM-based judgments to
capture a broad spectrum of issues (logical, structural, naming, and semantic). We applied the approach



to two ontologies generated by the Ontology Toolkit and observed a good pitfall detection of our
generation pipeline.

Limitations of the current study include the narrow corpus scope (two regulatory document sets)
and the reliance on LLM judgement in some detectors, which requires careful calibration and human
validation. Future work will (i) expand evaluation to additional domains and benchmarks, (ii) perform
manual validation of automatically flagged issues, (iii) refine LLM-based thresholds and explainability,
and (iv) explore automated repair and continuous integration hooks so that pitfall detection can be
integrated directly into ontology-generation pipelines. The library and toolkit are released as open-
source to facilitate community validation and extension.
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Table 3

Ratio of detected pitfalls in the latest system, with the harmonic mean across all pitfalls.

ID Pitfall Description ‘ CSRD ‘ RED ‘ Detected example

P1.1 Parent disjoint with children | 0.003 | 0.005 | Data Provider is child of Company even
though they are disjoint

P1.2 Entity as subclass of both | 0.003 | 0.003 | Court is subclass of both Government

parent and grandparent Body (parent) and Government Organiza-
tion (grand-parent)

P1.3 Logical inconsistencies 0.000 | 0.000 | n.a.

P2.1 Not connected hierarchies 0.078 | 0.080 | Resale Policy is not child of Policy

P2.2 Single subclass parent 0.086 | 0.101 | Building has only one direct subclass (Fa-
cility)

P2.3 Superfluous disjointness 0.019 | 0.033 | Market Movement and Stock Price Move-
ment are disjoint but semantically similar
(similarity 0.67)

P2.4 Single subproperty parent 0.030 | 0.030 | affects has only one direct subproperty (af-
fectsCompany)

P2.5 Range/Domain expansion 0.080 | 0.054 | initiates has multiple domains (Company,
Person, Regulatory Body) with shared su-
perclasses (Agent)

P2.6 Possible hierarchy among | 0.053 | 0.042 | isEmployedBy and wasEmployedBy are

properties similar properties and may need a shared
parent (similarity 0.86, domain/range
match: yes).

P3.1 Properties replicating stan- | 0.000 | 0.000 | n.a.

dard RDF ones

P3.2 Range in property title 0.241 | 0.081 | affectsCompany repeats its range Company
in the property name

P3.3 Domain in property title 0.000 | 0.009 | protestsAgainst repeats its domain Protest
in the property name

P4.1 Overly generic classes 0.030 | 0.033 | ConcreteEntity appears overly generic (dis-
tance 0 from top-level concepts)

P4.2 Synonyms in superclasses 0.014 | 0.010 | Media Organization and News Organiza-
tion may be synonyms (combined similar-
ity 0.81)

P4.3 Conflicting hierarchy 0.080 | 0.087 | Asset Protection may conflict with parent
Wrongdoing (low similarity). Harassment
may conflict with parent Challenge (oppo-
site polarity).

P4.4 Subclasses with same se- | 0.003 | 0.000 | Governance Body is semantically very close

mantics as superclasses to parent Governance Entity (similarity
0.81)

P4.5 Synonyms in properties 0.059 | 0.057 | has Child and has Children may be synony-
mous properties (combined similarity 0.88)

P4.6 Inverse properties not de- | 0.003 | 0.008 | has Investor and is Investor In may be un-

clared declared inverse properties with partially
mirrored domain/range (similarity 0.80)

P4.7 DataProperties that can be- | 0.035 | 0.058 | hasRange overlaps with hasRangeUnit

come ObjectProperties

MEAN  Across pitfalls 0.009 ‘ 0.015 ‘
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