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Abstract

Artificial Intelligence (Al) is reshaping the landscape of knowledge representation. There is an increasingly
strong bidirectional relationship, between AI techniques and ontologies. Al techniques revolutionized
traditional, manual ontology development and contribute to automated ontology construction, while ontologies
enhance the performance of Al systems and their semantic accuracy. Through a comprehensive review of
current literature, this paper aims to examine: i) how Machine Learning (ML) techniques contribute to the
automated construction, refinement, and validation of ontologies; ii) the most widely used and effective ML
approaches for ontology construction; iii) how domain-specific requirements influence the selection and
adaptation of Al techniques for building and applying ontologies; iv) how ontologies enhance the
interpretability, explainability, and reliability of AL. This overview highlights the integration between Al and
ontology engineering across different domains and indicates that so far successful Al-ontology integration
typically follows a collaborative model, in which Al acts as an intelligent assistant to human experts, combining
computational efficiency with critical domain knowledge. Ethical concerns, such as bias and hallucinations,
remain pressing challenges that require standardized frameworks and careful considerations. However, this
reciprocal relationship between Al and ontologies points to the development of more dynamic, adaptive, and
complete ontologies.

1. Introduction

Artificial intelligence (AI) has become widespread in every domain of knowledge,
transforming the way information is processed, analyzed, and utilized. While Al systems
have traditionally relied on ontologies for structuring knowledge, recent advancements
have demonstrated that Al techniques are also being used to automate the construction
of Knowledge Organization Systems (KOSs). In fact, a significant aspect of AI’s
influence lies in the development and application of KOSs, especially ontologies. This
bidirectional relationship has reshaped the landscape of knowledge representation,
enabling more efficient and scalable systems.

Considering this dynamic interplay between Al and ontologies, this study will explore
the main Al techniques used in ontology building and how ontologies are leveraged for
Machine Learning (ML), Natural Language Processing (NLP), and other Al applications.
Specifically, this work will try to answer the following questions:

RQ1 How do ML techniques contribute to the automated construction, refinement, and
validation of ontologies?

RQ2 What are the most used and effective ML techniques for ontology construction?
RQ3 How do domain-specific requirements influence the selection and adaptation of Al
techniques for building and leveraging ontologies?

RQ4 How do ontologies enhance the interpretability, explainability and reliability of AI?
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By analyzing these aspects, this study aims to provide a comprehensive overview of how
Al shapes ontology development and use across diverse fields, reinforcing the
intersection of ML and knowledge representation.

2. Ontologies and Al

Ontologies are structured representations of shared conceptualizations, capturing
domain-specific knowledge through the identification and mapping of concepts and their
relationships (Gruber 1993). By formally specifying the intended meaning of
vocabularies within specific domains, they have significantly transformed various fields
of human endeavor, enhancing understanding and interoperability (Naqvi et al. 2021).
The maintenance of ontologies requires ongoing enrichment, that involves discovering
new concepts and placing them within the appropriate positions in the existing
conceptual structure. Traditionally, ontology development and maintenance have been
manual, time-consuming, and often error-prone processes. This is particularly critical in
the case of domain ontologies, which must guarantee high coverage of the analyzed fields
and are thus more susceptible to resource limitations - often resulting in missing elements
and challenges in updating (K. Liu, Hogan, and Crowley 2011).

Al has transformed this paradigm by introducing methodologies that support both
semi-automatic and automatic ontology construction. The goal is to convert new
knowledge into ontological form, thereby enabling processing techniques such as
semantic search and retrieval. By minimizing the need for manual intervention, these
approaches promise a substantial reduction of time and labor costs required to build
ontologies. However, a central challenge lies in converting unstructured data into
meaningful ontological representations.

3. Reasoning and symbolic logic

Reasoning plays a pivotal role in extracting relevant data and formalizing unstructured
data, as symbolic logic supports the construction of meaningful and accurate ontological
representations by enabling machines to interpret, infer, and manage complex within
ontologies. Chain-of-thought (CoT) reasoning, used as demonstrations, can enhance
reasoning performance (Fu et al. 2023) and CoT prompting significantly improves large
language models (LLMs) reasoning abilities, particularly in complex scenarios, by
breaking down intricate problems into smaller, manageable steps (Chu et al. 2024). The
reasoning capabilities of LLMs can significantly enhance their contribution to ontology
construction and, by anchoring unstructured texts to domain-specific vocabularies,
LLMs apply domain-specific rules more effectively while maintaining scalability across
multiple fields.

By leveraging their deduction ability, LLMs can assist in identifying logical
relationships, refining conceptual hierarchies, and suggesting coherent extensions to
existing ontologies. When integrated with symbolic reasoning frameworks, LLMs not
only support the dynamic evolution of ontologies but also contribute to maintaining
semantic consistency and domain relevance, resulting in more adaptable KOSs. For
instance, H. Liu, Perl, and Geller (2020) introduce a BERT-based model trained to
automatically predict IS-A relationships between new and existing concepts. By
modeling sentence pairs where one concept logically follows from another, the approach
successfully predicts subsumption relationships, thereby reducing errors in concept
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placement and improving the hierarchical integration of new terms. This model can not
only identify potential parents of a new concept, but also filter out irrelevant concepts,
reducing the number of improper placement choices for a concept.

Moreover, symbolic logic also supports the verification of the consistency and
coherence of ontological models. Logical reasoning also allows for the detection of
contradictions or inconsistencies in the ontologies, ensuring that the data and
relationships represented are valid and reliable (Ma, Molnar, and Benczar 2021). Beyond
verification, reasoning mechanisms can drive the automated evolution of ontologies by
dynamically integrating new information, refining conceptual structures, and refining
concepts based on logical rules and inferences. In this regard, Jabla et al. (2021) propose
an automatic, ontology-based model evolution approach designed to function in dynamic
runtime environments. Their method analyzes heterogeneous, semi-structured data to
learn and extend ontological models, allowing the ontology to evolve alongside changes
in its application context.

LLMs applied to ontology learning (OL) and ontology engineering have the
transformative potential of combining symbolic logic, enabling systems to handle
complexity, ensure reliability, and adapt to evolving needs.

4. Al for the construction and populating of ontologies

The integration of Al in ontology construction and maintenance represents a
significant paradigm shift in knowledge representation and management.

By definition, OL encompasses the derivation of relevant knowledge - including
concepts, properties, relations, and axioms - from input data to either construct new
ontologies or enrich existing ones. Current OL approaches leverage NLP and ML
techniques to extract and structure information from unstructured or semi-structured data
sources, employing methods such as word embeddings, clustering and text mining
algorithms, that identify patterns and hierarchical structures through semi-automatic or
fully automatic construction and refinement procedures. Beyond basic extraction, NLP
integration enrich and refine the linguistic realization of ontologies, where computational
linguistics methods have proven instrumental in partially or fully automating semantic
knowledge extraction processes (K. Liu, Hogan, and Crowley 2011). This
comprehensive approach streamlines the ontology development process while offering
promising pathways for extending existing ontologies with newly discovered
knowledge.

Additionally, LLMs have shown considerable potential in addressing the various
interconnected subtasks inherent in OL (Asim et al. 2018). A notable example is the
OLLM framework, which proposes a general and scalable method for building the
taxonomic backbone of an ontology from scratch through an end-to-end framework.
Rather than focusing on individual relations between concepts, OLLM employs a
finetuned LLM to model entire subcomponents of target ontologies (Lo et al. 2024).
LLMs40L also employs LLMs, but focuses specifically on extracting relations among
ontology classes and instances; its scope remains limited to entity relationships rather
than comprehensive ontology generation (Giglou, D’Souza, and Auer 2023).

Despite the advancements, ontology construction still demands significant human
expertise, as shown with DRAGON-AL It is an LLM-backed method which specializes
in ontology term completion, transforming partially completed ontology terms into
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comprehensive objects containing all requisite components including textual
descriptions, logical definitions, and inter-term relationships. The system operates by
constructing contextually informed prompts that guide LLM processing, subsequently
parsing results to generate complete term objects. The Al-generated term definitions
were found to be decent but not as good as human-generated definitions (Toro et al.
2024).

Another notable contribution is OntoGenix, which offers an LLM-powered pipeline
for ontology development using GPT-4. Experiments on e-commerce datasets show that
OntoGenix modeling is consistent, but some OntoGenix ontologies include
hallucinations, such as entities modeled simultaneously as both data and object
properties, and inappropriate equivalence relations. The qualitative evaluation of the
ontologies revealed that, although OntoGenix ontologies are rich in annotations and often
produce a similar number of classes and properties, they are still behind human reasoning
when modeling complex contexts. Compared to human-generated ontologies,
OntoGenix ontologies present axioms with lower expressivity in class restrictions and
properties, less accurate linking with entities from external ontologies, and a less nuanced
understanding of OWL modeling (Val-Calvo et al. 2025).

Recent studies have also explored how prompt engineering can help in navigating the
complexities of knowledge modeling. In contrast to finetuning, prompt engineering
stands out for its simplicity in implementation and adaptability, offering an approach for
enhancing knowledge engineering processes while avoiding the need for large, labelled
datasets and dedicated finetuned models. For instance, Lippolis, Saeedizade, et al. (2025)
and Lippolis, Ceriani, et al. (2025) describe a framework to assess LLM-pipelines with
prompting techniques. These methods reveal recurrent issues in automatically generated
ontologies, such as lack of annotations, inverse relations, and inconsistent domain or
range assignments.

In contrast, one interesting study proposed by Mateiu and Groza (2023) explores the
potential of a fine-tuned GPT-3 model to translate natural language into description logic,
specifically into OWL functional syntax. The tool is constructed as a Protégé plugin that
supports the development of an ontology from scratch or the enrichment of an existing
ontology. This plugin aims to be a support tool that saves ontology engineering time,
reducing efforts needed for ontology development by automating repetitive tasks.
However, challenges remain in achieving structurally and syntactically correct outputs.

Building on the assumption that LLMs encapsulate a substantial amount of domain-
specific knowledge during the comprehensive pre-training phase, KGFiller is a
framework for semi-automatic ontology population and its validity is assessed through a
case study on the food domain. Beginning with an initial schema consisting of
interrelated classes and properties and a set of query templates, this method repeatedly
queries an LLM to generate instances for both classes and properties from the responses.
As a result, an ontology is quickly and automatically enriched with instances, which
experts may consider keeping, adjusting, discard, or using according to their own needs
and expertise (Ciatto et al. 2025).

To further enhance the capabilities of LLMs in specific domain, such as medical,
financial, and science, the research and industry community have begun to focus on
developing domain-specific LLMs, such as BloombergGPT, BioMistral and LawGPT.
In parallel, OntoTune aims to align LLMs with domain ontology through in-context
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learning and generate responses guided by the ontology. OntoTune enhances LLM
performance through a three-phase workflow integrating structured ontology. First,
instruction texts are generated using three ontology-aware prompts focused on diversity,
conceptual clarity, and professionalism, encouraging the model to refine responses
through in-context learning. Second, inconsistencies are identified by comparing outputs
with and without ontology input - significant differences indicate the model has not
internalized the ontological structure, making these instances valuable training data.
Finally, the model undergoes self-training on this dataset to produce domain-aligned
versions of the LLM. This approach demonstrates that even a small but well-constructed
ontology can significantly enhance the capabilities of LLMs in specialized domains (Z.
Liu et al. 2025).

Interestingly, although ontologies do not directly supply the practical knowledge
needed to answer specific queries, the structured nature of ontological input appears to
help models better organize and internalize domain-specific knowledge. Altogether,
these studies illustrate the evolving role of LLMs in ontology engineering, showing how
they can reduce modeling inconsistencies, produce robust and scalable ontologies.
Besides increasing the automation of the development of ontologies, LLMs may help to
reduce inaccuracies and inconsistencies inherent to manual methods, ensuring the
creation of more reliable and robust ontologies.

5. Ontologies and Machine Learning

Although Al-driven techniques can streamline ontology construction, ontologies also
play a crucial role in improving the interpretability and transparency of ML models.
Ontologies enable ML models to incorporate domain-specific constraints and rules,
introduce hierarchical and domain-specific reasoning, and enhancing explainability, thus
allowing experts and users to better understand the reasoning behind model outputs
(Zmiivskyi, Danova, and Feoktystova 2023; Kulmanov et al. 2020). These ontological
approaches integrate diverse data sources, optimize model parameters, and make Al
systems more interpretable, reliable, and adaptable (Zmiivskyi, Danova, and Feoktystova
2023).

Ontologies are also widely used in both supervised and unsupervised learning. In
unsupervised learning, they are applied for semantic similarity analysis (Kulmanov et al.
2021), embedding techniques for explaining trained neural networks (Sarker et al. 2017),
but they also facilitate clustering and data pattern analysis using linked data (Tiddji,
d’Aquin, and Motta 2015). In supervised learning, ontologies contribute to explainable
recommendations (Ai et al. 2018) and transfer learning explanation (Geng et al. 2019).

Ontologies are particularly employed in describing two types of ML models:
supervised classification tasks with neural networks and unsupervised embedding tasks.
When combined with deep neural networks, knowledge graphs have been applied as
embedding techniques. In this context, applying a knowledge graph as an embedding
technique involves using the structured data from the knowledge graph to create vector
representations (embeddings) of entities or concepts within the graph. This allows the
incorporation of the rich semantic relationships captured by the graph into the machine
learning models. It could potentially also improve explanation capabilities and enhance
the performance of models applied in various domains. Knowledge graph embeddings
transform entities and relationships from a graph into continuous vector spaces, which
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allows machine learning algorithms to utilize the semantic structure and information
encoded in the KG. This enhances the model’s ability to understand, represent and reason
about complex relationships. Multiple approaches including TransE, TransH, and
DistMult exist which result in downstream tasks, such as clustering, classification, or
enhancement of deep learning models through providing contextually meaningful input
data (Dadoun 2023; Sellami et al. 2025).

6. Different domain applications

Different domains can benefit from different ontology construction techniques.

In smart farming ontologies have been integrated with knowledge graphs to enhance
decision-making processes, enabling accurate crop yield predictions (Choudhary et al.
2020). Similarly, in healthcare, ontology-based methods have been using NLP techniques
to generate high-quality training data for weakly supervised ML models; enhance Named
Entity Recognition (NER), event detection, and semantic querying; and integrate
semantic constraints (Magumba, Nabende, and Mwebaze 2018; Batbaatar and Ryu 2019;
Kulmanov et al. 2020; Deng et al. 2021; Zmiivskyi, Danova, and Feoktystova 2023).
Particularly prominent in the healthcare field, with applications like disease prediction
(Kulmanov et al. 2020; Carvalho, Oliveira, and Pesquita 2023), drug-drug interaction
analysis (Herrero-Zazo et al. 2015), and EHR mining (Robinson and Haendel 2020).

In other domains it is possible to find some implementations in (a) Business and
Management, (b) Engineering and Construction, (¢) Sustainable Operations, (d) Tourism
and Hospitality Studies (Thayyib et al. 2023), (e) Education (Silva, Mutz, and Ruy 2022),
and (f) Enterprise applications (Erekhinskaya, Strebkov, et al. 2020).

Ontologies enable multi-domain customization in tasks such as semantic search and
question answering (Erekhinskaya, Strebkov, et al. 2020; Erekhinskaya, Tatu, et al.
2020). Given the complexity of information retrieval due to the growing use of data
mining, ontology-based retrieval systems have been applied to enhance interfaces
between data and search queries, giving back result sets closer to users’ research needs
(Munir and Sheraz Anjum 2018). Semantic-based approaches, incorporating domain
ontologies, have been adapted for data modeling and information retrieval, supporting
visual or interactive query formulation, ontology-based information linking (keyword
search), and ontology-based query refinement. Despite these advancements, challenges
remain, including the lack of robust interdisciplinary evaluation (Ronzano and Nanavati
2024; Petrenko et al. 2023) and insufficient systematic metrics to evaluate ontology
contributions to overall Al system performance (Zmiivskyi, Danova, and Feoktystova
2023; Chen et al. 2025). Addressing these gaps will be crucial in advancing Al-driven
ontology development and ensuring their effective application across diverse fields.
Nevertheless, the convergence of ontologies and ML shows promise for creating more
dynamic and adaptive knowledge representation systems.

7. Ethical considerations

The integration of Al into ontology construction and maintenance marks a significant
paradigm shifts in knowledge representation. Al systems can suggest new terms, identify
hierarchical relationships, and detect inconsistencies within existing ontological
structures. However, this transformation brings challenges and concerns. One of the most
critical concerns is represented by hallucinations, which are plausible, but factually
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incorrect or misleading information generated by Al models. When applied to ontology
construction, such outputs can introduce inaccuracies and compromise the semantic
integrity and reliability of the resulting KOS.

Closely related to this is the pervasive issue of biases, that can emerge at every stage
of the Al development lifecycle, from data collection and model training to deployment
and evaluation, leading to multiple forms of bias - computational, historical, human,
institutional, societal, and systemic (Schwartz et al. 2022). These biases often stem from
underlying assumptions and may be either explicit or implicit (Rovetto 2024). When
embedded in Al systems, such assumptions risk distorting the ontologies they help to
build, particularly in sensitive or underrepresented domains.

Therefore, the standardization of AI concepts, including the identification and
mitigation of bias, is essential for developing Al technologies that are effective and
equitable (Joachimiak et al. 2024). While many general approaches try to ensure
technological safety and accountability, the challenges posed by Al demand new
perspectives. Current efforts to mitigate Al bias have primarily focused on computational
aspects, such as ensuring dataset representativeness and algorithmic fairness. These are
important first steps, but more comprehensive strategies are needed, especially in the
context of knowledge organization, where the consequences of conceptual distortion can
be harmful, as this can reinforce existing inequalities.

A crucial aspect of these strategies is represented by the terminological consistency.
Promoting shared definitions and standardized conceptual frameworks helps reduce
ambiguity and miscommunication, especially as Al methods are introduced into new
domains. In this direction, the Al Ontology (AIO) plays a pivotal role by advancing the
standardization and understanding of Al concepts and methodologies. Through its
comprehensive terminological framework, AIO facilitates clearer communication,
collaboration, and result sharing within the Al community (Joachimiak et al. 2024).

In conclusion, while Al brings transformative capabilities to KOSs construction, its
integration must be approached with critical awareness. Addressing the risks of
hallucinations and biases, and promoting clarity and transparency through
standardization, is essential to ensure that Al-enhanced ontologies remain accurate,
equitable, and trustworthy.

8. Conclusion

The relationship between ontologies and Al is increasingly recognized as
bidirectional. While Al accelerates the ontology construction process, ontologies enable
Al systems to enhance their performance, particularly from a semantic perspective.

Additionally, the current state of art suggests that the most successful applications of
Al in ontology workflow follow a collaborative model, where Al serves as an intelligent
assistant to human experts. This hybrid approach leverages the computational power of
Al while maintaining the critical thinking, domain expertise and judgment that only
human experts can provide so far.
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