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Abstract
Ontologies play a fundamental role in knowledge engineering and artificial intelligence tasks by providing a shared
and formal representation of knowledge. Ontologies allow for a common understanding of concepts, support logical
reasoning, and enable tasks such as inconsistency detection or instance checking. Formal ontologies pave the ground
for knowledge reuse and sharing, and can be queried through dedicated query languages (SPARQL).
Constructing ontologies is pivotal to describing a domain before instantiating it, or to generalizing from existing data. In
the literature, plenty of ontology construction methods have been proposed, according to various scenarios and data.
Overall, methods can be divided according to the nature of the process: manual, semi-automatic, or automatic. This
distinction is nowadays becoming blurrier with LLMs playing a primary role in tempering their distance. In this plethora,
choosing a suitable methodology according to the many factors involved is demanding. The goal of this work is therefore
to put into context recent updates in ontology engineering and present the necessary additional information targeted
to reuse. No review of manual ontology construction has been available for the last five years, and no classification of
construction methods is available. This review fills this gap by providing an updated overview and proposing a two-tier
categorization. The state-of-the-art is primarily divided into three categories (manual, semi-automatic, and automatic);
for each category, representative features are then proposed for classification and comparison. To the best of our
knowledge, this is the first review to offer such an intra-category classification.
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Introduction

Ontologies lie at the intersection between computer science
and philosophy. In the philosophical tradition, ontology
refers to the study of what exists, the kinds and structures
of objects, properties, events, processes, and relations in
every area of reality Smith (2012). In this perspective, it
resembles the relation between physics and metaphysics,
i.e., abstracting from the physics laws to understand whether
alternative models of the universe are possible. Following the
ambitious objective of representing universal common sense,
the Cyc ontology Lenat et al. (1985) was one of the first
large efforts in ontology construction. Although still one of
the richest sources for encyclopedia knowledge, its objective
was too extensive, leaving the need to construct and refine
ontologies for smaller domains or use cases. To fulfill the
current needs of scalability, reusability, management, and
control, the field of knowledge engineering Studer et al.
(1998) provided a suite of guidelines and principles to
design, construct, and use large-scale ontologies.

With the spread of the Semantic Web (SW) Berners-
Lee et al. (1998), ontologies began to be conceived, as
today, as shared conceptualizations of a (limited) universe
of discussion. Thanks to the sharing of semantics through
the web, many domains have shown interest in discovering
and distributing knowledge across communities. Domains
like chemistry, biology, and bioinformatics are today
largely represented. Given their reasoning and shareability
properties, ontologies are sometimes seen as an extension

of databases. In order to facilitate the migration from the
two technologies, much effort in the literature Hert et al.
(2011); Michel et al. (2014) has been made in order to map
information from one perspective to the other.

The role of ontologies is significant for both academia
and industrial applications, always operating in combination
with cutting-edge artificial intelligence technologies. Given
their level of formality, they are capable of tracing answers
or inferences, making them amenable to contexts in which
explanations, transparency, and ethics are central.

With the increasing complexity of ontologies, designing
efficient, sufficiently general, and easy-to-share methodolo-
gies became a primary objective for many practitioners of
the field. At the beginning of the discipline, only manual
ontology construction pipelines were conceived, as the state-
of-the-art in machine learning was unsatisfactory for auto-
matically constructing ontologies. However, the subsequent
evolutions of machine learning did not make manual ontol-
ogy research obsolete. There are still situations in which
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manual creation is the best (or the only) possibility. Con-
versely, the development of Deep Learning LeCun et al.
(2015) models, especially in the field of Natural Language
Processing (NLP) Chowdhary and Chowdhary (2020), led
to automatic processes in which the conceptualization is
inferred from available data (curated documents, vocabular-
ies, etc). Going further, Transformer models Vaswani et al.
(2017) for text, e.g., LLMs Naveed et al. (2023), revived the
semi-automatic literature by supporting ontology designers
with broad commonsense knowledge, helping them in the
execution of the manual construction phases instead of
replacing human discretion.

Today, a wide variety of techniques addresses both generic
and specific needs. It is generally agreed that a one-fits-
all solution is not available, given the many technical
parameters and constraints, not to mention the expected
human values to be observed in an ontology. As a general
rule, the combination of existing solutions, with an ad-hoc
evaluation, may fit the majority of the present needs. For
this reason, this work proposes a classification of ontology
construction techniques, suggesting categorical features
tailored to reuse. The outcome is a two-level comparison
of construction approaches, in which every method is first
put and classified according to its category (manual, semi-
automatic, automatic), and then classified within its category.

This manuscript is structured as follows: Section
Background Knowledge provides the basic definitions
of the involved concepts, and the necessary knowledge
concerning the technologies or evaluation metrics that appear
throughout the manuscript. Section Review Methodology
describes and justifies our methodology, comprising the
research questions, the criteria for paper selection, and
some quantitative information about the overall workload.
Section Mapping Review provides global statistical analysis
and answers the research questions and exhibits an intra-
category classification among the construction methods.
Finally, Section Conclusion concludes the manuscript.

Background Knowledge
In this section, we lay the ground with the basic definitions
and concepts to understand the criteria to differentiate and
classify the processes of ontology creation.

Ontology and Metrics
Ontology means a specification of a conceptualization. It
is a description of the concepts and relationships that can
exist for an agent or a community of agents Gruber (1993).
An ontology is based on a conceptualization that is the set
of objects, concepts, and other entities that are assumed to
exist in some area of interest and the relationships that hold
among them. A conceptualization is an abstract, simplified
view of the world that we wish to represent for some
purpose Genesereth and Nilsson (2012). All the definitions
of ontologies put emphasis on specifying the importance of
the domain of use, the specific area of interest. That is why
the computer science field refused the idea of a one-fits-all
ontology. More formally, Taye (2010) defines an ontology as
a 5-tuple O := (C, R, HC , HR, I) where:

• C represents a set of concepts (or classes).

• R ⊆ C × C represents a set of (named) relations
(also called properties) associated with concepts.

• HC ⊆ C × C represents a concept hierarchy relation
between concepts, indicating that the subject (domain)
is a subconcept of the object (codomain).

• HR ⊆ R × R represents a relation hierarchy rela-
tion, indicating that the first is a subrelation of the
second.

• I is the instantiation of the concepts, indicating, for
each concept c ∈ C, which are the corresponding
elements belonging to c.

R, in some contexts, is split into RO (object properties),
in which the codomain is an element of C, and RD

(datatype properties), in which the codomain is a simple
datatype (string, int, date, etc). Depending on the uses,
an ontology may also contain an axiomatic section for
rules. Many rule formats can be described under the W3C*

recommendations. In the SW context, rules are intended
to be non-monotonic Reiter (1988) and interpreted with
the Open World Assumption Moore and Van Pham (2015).
Reasoning is one of the basic forms of simulated thinking,
and a process of deducing new judgements (conclusions)
from one or several existing judgements (premises) Chen
et al. (2020). Many reasoners are available to infer new
knowledge by means of explicit or implicit rules, such as
Pellet Sirin et al. (2007) and Hermit Glimm et al. (2014). The
most common reasoning task is consistency checking Shofi
and Budiardjo (2012), the core task for correct deductive
reasoning. To fully exploit reasoning capabilities, ontologies
must be expressed through formal languages such as the Web
Ontology Language (OWL).

Ontology metrics Lourdusamy and John (2018) are
quantitative information indicating the quality of the
ontology. We list here only those that will appear later:

• Attribute Richness (AR): average number of attributes
per class, computed as AR = |ATT |

|C| where ATT is the
set of attributes and C the set of classes.

• Inheritance Richness (IR): it describes the distri-
bution of information across different levels of
the ontology’s inheritance tree, computed as IR =∑

Ci∈C |HC(C1,Ci)

|C| where HC(C1, Ci) is the set of
subclasses of Ci.

• Relationship Richness (RR): it is defined as the ratio
of the number of (non-inheritance) relationships (P),
divided by the total number of relationships (the sum
of the number of inheritance (H) and non-inheritance
(P) relationships), computed as RR = |P |

|H|+|P | .
• Class Richness (CR): distribution of instances across

classes, computed as CR = |Cϵ|
|C| where Cϵ is the set

of classes for which no instances exist.
• Coverage: it answers a proportion of how many items

are covered compared to the total number. Its exact
formula depends on the context. For instance, in
bottom-up approaches, it may be computed as the ratio
between the number of deduced facts and the number
of deducible facts.

∗https://www.w3.org/TR/owl2-primer/
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Apart from these quantitative metrics, a standard evaluator
for ontologies is the OntOlogy Pitfall Scanner (OOPS)
Poveda-Villalón et al. (2012) tool. It is a pitfall detector,
alerting about conceptual errors in ontologies. Errors are
classified as majors or minors, and they are continuously
updated.

Knowledge Graph
Knowledge Graph (KG) is basically a semantic network
and a structured semantic knowledge base that can formally
interpret concepts and their relations in the real world Xu
et al. (2016). It is structurally based on simple triples in
a highly flexible form. Therefore, reasoning over triplets is
not necessarily limited to reasoning based on rules, but can
also be diverse. We can reuse the definition by Angles et al.
(2017) to express a KG in terms of its graph structure. A KG
can be seen as an edge-labelled graph G := (V, E) where:

• V is a finite set of vertices (nodes),
• E is a finite set of edges; formally, E ⊆ V × L × V

where L is a set of labels.

A KG is generally intended as an ontology and instances,
both in the form of triples. The definition of ontology
can be easily translated onto a KG in which HC and
HR are sets of edges with label ⟨isA⟩, and I a set of
⟨instanceOf⟩ edges. There are many alternatives to KG
representation Hogan et al. (2021), each of them coming with
its own language, expressiveness, and query language. While
keeping their logic-based interpretation, the graph structure
is suitable to infer or complete knowledge through statistical
artificial intelligence Sugiyama (2015), sometimes coming
under the umbrella term of Machine Learning.

Machine Learning, Tasks & Metrics
Machine Learning (ML) studies how to build systems
that improve performance through experience Jordan and
Mitchell (2015). In its most common fashion - supervised
learning - training data consist of (x, y) pairs, and the goal
is to predict y∗ for a new x∗. The first conceived models are
part of the so-called “classical machine learning”, including
decision trees, SVMs, neural networks, and Bayesian
classifiers Hastie et al. (2009). Deep Neural Networks
overcame the classical models when dealing with larger
and noisier data. A common supervised task for ontologies
is link prediction Martı́nez et al. (2016) in which all the
common ML models can be adopted Arrar et al. (2024).
Performance in supervised learning is commonly evaluated
using the confusion matrix Susmaga (2004), from which
metrics such as recall, precision, accuracy, and F1 score
are derived. More complex metrics are in the form of curves
rather than values, like the ROC–AUC and precision–recall
Erickson and Kitamura (2021) curves. Hits@k is suited
for recommendation or ranking tasks. Variations of these
metrics for ontology learning lead to the ontological loss and
improvement metrics Sabou et al. (2005).

Unsupervised learning focuses on discovering structure
without labels Murphy (2012), including clustering Rokach
and Maimon (2005) and dimensionality reduction Van
Der Maaten et al. (2009). Clustering is one of the most
common tasks for class extraction in bottom-up approaches

Yu and Hsu (2011); Mahmood et al. (2022). The quality
of this task is typically assessed through cohesion and
separation criteria Tan et al. (2016). Both supervised and
unsupervised learning may benefit from statistical analysis
(t-test, p-value, support, confidence, Cohen’s Kappa).

Extending Deep Learning models, Transformers Vaswani
et al. (2017) were conceived, based on an encoder-decoder
structure Cho et al. (2014). From these architectures,
Large Language Models (LLMs) Naveed et al. (2025) have
emerged as cutting-edge artificial intelligence capable of
generating text with coherent communication y Arcas (2022)
and generalizing to multiple tasks Radford et al. (2019).

The LLM’s abilities to solve diverse tasks with human-
level performance come at the cost of slow training and
inference, extensive hardware requirements, and higher
running costs. Such requirements have limited their
adoption and opened opportunities for the design of better
architectures Chowdhery et al. (2022) and training strategies
Touvron et al. (2023). Given the need to introduce, merge,
and relate semantics to terms, LLMs spark in understanding
and relate general terminological knowledge. This is why
they are being adopted as a support for the ontology designer
in tasks like hierarchy creation, list of terms creation,
and requirements elicitation. Generally speaking, LLMs are
employed as a support within existing ontology construction
methodologies. Assessing an LLM in general is quite tough;
hence, it is generally preferred to use the standard metrics
in the field in which they are adopted. It is also possible
to consider statistical analysis on token generation, like
the perplexity metric. More social aspects like bias and
trustworthiness are becoming more and more part of the
evaluation Chang et al. (2024).

Review Methodology

This section intends to describe and justify the methodology
used to conduct this review. We followed a sequential
and object-oriented approach. The steps have explicit titles
that helps in understanding their role, but we also support
the readers with a brief description, although most of
the methodology is not new. Some steps need some
explicit parameters that guide the process. We leverage the
Systematic Mapping Studies (SMS) Petersen et al. (2008)
approach, which involves several phases, from the definition
of research questions to paper selection and classification,
to answer relevant questions in the literature. The SMS
approach has been adapted according to several objectives
by different authors. We adapted the methodology followed
in Ahaggach et al. (2024) to conduct the review. We report in
Figure 1 the necessary steps:

1. Formulating Research Questions: The objective of
the review can be summarised in these research
questions, which we are going to answer. Some
questions may have different interpretations according
to the category we are discussing.

2. Defining Filtering Criteria: Keywords are the first
criterion to guide the search towards the papers of
our interest. The basic logical operators AND and OR
are generally supported by the most popular scientific
search engines for complex query answering.
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3. Database Lookup: In this phase, several sources
provide the papers in compliance with the requested
filtering criteria.

4. Screening: The first screening verifies that papers are
inherent to the scope of this review. As an example,
by searching for “ontology” and “learning”, papers
regarding ontologies in the educational field appear,
although they are mostly not relevant to the scope of
this review.

5. Duplicates Removal: Duplicated papers coming from
different sources are removed.

6. Inherence Filtering: This stage is crucial to select the
papers that will be used for selection and classification.
In this stage, the title, abstract, and conclusions are
used to filter the works that present an innovative
methodology. In other words, papers that only made
use of existing solutions are excluded. Moreover,
methodologies that are too linked to specific projects
and for which there is neither evidence of reuse nor
citations are excluded.

7. Selection: In this stage, papers are sorted according
to their category of construction (manual, semi-
automatic, automatic).

8. Local Classification: Every paper is classified and
compared within its category. The parameters and
metrics for comparison are highly dependant on the
referring category.

Formulating Research Questions
To conduct this study, it is imperative to precise which
questions we are willing to answer. Questions should provide
enough information to categorize ontology construction
methods, clarify the reasons for which they have been
conceived, and clarify their pros and cons. Here we propose
eight different questions for this matter:

• RQ1: What is the annual number of methodologies
proposed?

• RQ2: In which conferences/journals have they been
proposed?

• RQ3: How to (globally) classify the methodologies?

For every category:

• RQ4: What metrics are available?
• RQ5: Is there any starting methodology/dataset

adopted?
• RQ6: What is the context of the methodologies?
• RQ7: What are the limitations of the methodologies?
• RQ8: How to classify the methodologies?

Defining Criteria Filtering
The objective in this step is to define which are the
keywords that are linked to the set of papers of our interest.
The main sources of information are the most renowned
academic databases like Scopus, Scholar, and IEEE Xplore.
We decided to analyze two sets of papers: (i) from the last
10 years for ontology learning, and (ii) manual ontology
construction with no time filter. We used a string pattern to
craft papers of our interest based on logical operators. The
chosen queries, applied to titles, are shown in Table 1:

Table 1. Search query pattern for (i) and (ii).

(i) "ontology" AND ("methodologies" OR
"construction" OR "methodology" OR
"method" OR "creation" OR "learning" OR
"LLM")

(ii) "ontology" AND ("methodologies" OR
"methodology" OR "method")

Database Lookup
In this phase, the defined query must be used to retrieve
relevant papers in the most popular academic search engines.
We searched the papers in Science Direct†, Google Scholar‡,
and IEEE Explore§. All of them provide intuitive ways
to use the logical operators AND and OR, by using the
same formalism, very close to the shown query pattern.
Reviews are particularly taken into account, in order to fetch
papers that might be missed by our criteria definition. For
these search engines, an API is available to retrieve the
basic information (title, authors). We also need additional
information, e.g., the abstract (for further filtering) or the
number of citations. Unfortunately, not for every paper, this
information could have been retrieved automatically; hence,
an exhaustive manual checking was required. In the end,
5978 papers were returned.

Screening
During screening, the first (and major) selection is
performed. We asked an LLM (GPT 3.5) to look at all
the titles and to highlight which papers were, with high
confidence, out of the scope of this review. We explicitly
asked to keep surveys. Provided with a few prompts of
examples, the model was able to separate many non-
relevant papers. Then, we removed some papers or proposals
published in poorly recognised venues. In this phase, we
were much more interested in avoiding false negatives rather
than false positives. This is why, for the remaining papers, we
opted for manual filtering, looking at the titles and abstracts.
In the end, about 1/6 of the initial dataset was kept, leading
to 998 remaining papers.

Duplicates Removal
It is not difficult to imagine that many papers are in common
between the different sources. For this reason, duplicates
have been removed. We also took the chance here to remove
similar papers in which one is the extension of another,
without introducing novelty in ontology construction, finally
leading to 386 distinct papers.

Inherence Filtering
Finally, a more semantic filtering is necessary in order to
capture those works that really introduce novelty in the
scope of the review, i.e., proposing a new methodology for
ontology construction or learning. Filtering is performed by

†https://www.sciencedirect.com/
‡https://scholar.google.com/
§https://ieeexplore.ieee.org/Xplorehelp/
searching-ieee-xplore/search-engine
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Figure 1. Chosen review methodology with the different steps and number of input/output papers for every step. In the last phase,
papers are split according to the category and classified accordingly.

looking first at the abstract, title, and conclusions, and, if
necessary, at all the content. Review papers in this phase
are excluded, although they have been used to retrieve
or consider more resources. Non-accessible papers were
excluded in this phase as well. In the end, 136 papers have
been selected for the final comparison.

Selection & Evaluation
Each paper has to be sorted according to the category it
belongs to. Distinguishing among manual, semi-automatic,
and automatic constructions helps in producing a “local”
evaluation based on the methodologies within the same
group. The 136 papers have been split with these
frequencies: 68 manual, 20 semi-automatic, and 48
automatic. Local evaluations are based, when possible, on
features from the literature (especially reviews) and/or others
provided by us. The selected metrics for every category are
described later.

Mapping Review
Before getting into the three core sections, we provide some
basic statistic analysis by looking at how the production of
approaches evolved through time. Hence, we report in this
section the following metadata and charts to capture initial

insights of the state-of-the-art for the scope. We report the
following information:

• Global number of articles per year: number of
selected articles for this review for every year (Figure
2).

• For every category, number of articles per year:
shows the trend of publications according to the three
categories from 2016 (Figure 3).

• for every category, global number of citations per
year: computed as the sum of all paper citations within
the same category through the years from 2016 (Figure
4)

• Most popular paper venues: Figure 5.

We split this section according to the categories in
which we divide the state-of-the-art in ontology creation
(i) manual, (ii) semi-automatic, and (iii) automatic. The (i)
one is often associated with the historical methodologies,
but this research line still attracts new fundamental work
since there are many scenarios in which relying on manual
creation is the best (or unique) option. The (ii) one is the
least represented, but it is gaining momentum thanks to the
introduction of LLMs in many steps of the construction
processes. Finally, the (iii) one progresses through the main
ML models and advancements. For the categories (ii-iii),
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Figure 2. Number of selected publications per year.

Figure 3. Number of selected publications per year and
category from 2016.

Figure 4. Number of citations per year and category from 2016.

Figure 5. Most popular paper venues.

only the last ten years (2016-2025) are included in this
review, since there is a clear benchmarking in ML indicating
that new architectures overcome the previous ones. For the
three categories, the given classification is based mainly on
the reuse, i.e., under which conditions the methodology can
be applied.

Manual Ontology Creation
Manual ontology creation is a research area at the inter-
section of artificial intelligence and knowledge engineering.
Over the decades, many methodologies have been proposed
to design sound and complete conceptualisations, capable of
representing the complexity of a domain without stepping
into fallacies or inconsistencies. Many techniques borrowed
the methodological steps from the software engineering field,
which has evolved from the traditional waterfall development
Adenowo and Adenowo (2013) to the modern agile-based
Thesing et al. (2021) one. Through the ages, methodologies
have originated for several reasons. In many cases, there was
a specific interest in a domain for a project or industrial
application. In these situations, mostly, a specific method-
ology has been developed to solve the problem, but there
are examples of methodologies that were followed in other
contexts, too. With the introduction of Linked Data and the
availability of much more shared and interoperable infor-
mation on the Web, some ontology construction methods
have been tailored to comply with these technologies and
prioritise the Semantic Web representation. This contribution
provides a clustering of the methodologies based on the pro-
posed distinguishing features. To the best of our knowledge,
the last survey on manual ontology creation was done in
Sattar et al. (2020), and there is room to update the state-of-
the-art in the field. Apart from updating the literature, here
are the two main gaps with respect to existing reviews:

• providing a classification specifying the necessary
context of usage (e.g., if it is general or specific
to a sector, if it requires people educated in formal
languages or not, etc.),

• providing a clustering of methodologies based on the
context of usage.

RQ4: What metrics are available? The comparison
between manual methodologies cannot be performed on
some quantitative results of the creation process, given that
all of them may converge to the same result. Henceforth,
we look for metrics that refer to the creation process itself,
and by its capability of being reproducible, explained, or
generalised. Some features are taken from existing surveys,
others are proposed by us. We report in Table 2 the detected
features (when available) of the selected papers.

RQ5: Is there any starting methodology/dataset adopted?
Different methodologies take inspiration from existing,
stable, or popular ones. The majority of the works extend
quite ancient methodologies, adapting them to modern
needs. These extensions are not trivial just by looking
at the titles or names, with the exception of UponLite
De Nicola and Missikoff (2016) being the extension of Upon
De Nicola et al. (2005) with the same authors. We report in
Table 3 the list of works with their corresponding extended
methodologies. We took into account only methods in the
ontology development field, i.e., methods taking inspiration
from the software engineering field are beyond our scope.

RQ6: What is the context of the methodology? Each
methodology may have a specific context or domain of
application. Some of them aim to be general enough to be
reused without constraints, while others depend on external
conditions. We report in Table 4 the methodologies explicitly
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Paper Features
Fernández-López and Gómez-Pérez (2002) Project Management processes, Pre-development processes,

Requirements process, Design process, Implementation process,
Post-development process, Integral processes.

Cristani and Cuel (2005) Input, Description, Output, Orientation.
Jones et al. (2007); Nefzi et al. (2014)
Saad and Shaharin (2016) Methodology phases.
Dahlem and Hahn (2009) Adequate terminology, Structure, Descriptiveness, Transparency, Error

avoidance, Robustness, Lookahead, Consistency, Hiding formality,
Expressiveness, Conceptualization flexibility, Ontology assumptions, Tool
support.

Badr et al. (2013) Methodology phases.
Iqbal et al. (2013) Type of development, Collaborative construction, Reusability support,

Degree of application dependency, Life cycle recommendation, Strategies
for identifying concepts, Methodology details, Interoperability support.

Sattar et al. (2020) Domain Analysis, Conceptualization, Level of detail, Collaborative
construction, Implementation, Evaluation, Instatiation, Maintenance,
Documentation, Ontology localization, Support for reusability, Support
for integration and merging, Support for interoperability, Estimation of
human resources, Sample Application, Methodology rooted in established
methodologies.

Table 2. Summary of manual ontology creation review and features.

Paper Paper(s) Extended
Bautista-Zambrana (2015) Methontology Fernández-López et al. (1997)
Saad and Shaharin (2016) Methontology, Sandkuhl et al. (2005)
UponLite De Nicola and Missikoff (2016) Upon De Nicola et al. (2005)
OmMas Yunianta et al. (2017) Moma Ying (2009)
OntoDi Yunianta et al. (2017) Badr et al. (2013)
Ahmad et al. (2018) Badr et al. (2013)
Scim John et al. (2018) Methontology
Jacksi (2019) Methontology
Linked Open Terms Poveda-Villalón et al. (2022) Methontology, NeOn Suárez-Figueroa et al. (2011)
Tang et al. (2023a) Uschold & King Uschold and King (1995), Methontology
Tailhardat et al. (2024) Linked Open Terms Poveda-Villalón et al. (2022)

Table 3. Summary of manual methodologies extensions.

specifying their corresponding contexts of use. More generic
constraints, such as those generally agreed upon within top-
down, bottom-up, or linguistic approaches, are not specified
here, as RQ9 will clarify these aspects.

RQ7: What are the limitations of the methodology?
Most common methodologies have been deeply studied and
explored, and frequently constitute a basis for subsequent
methodologies. For this reason, their limitations are also
more evident, given the need, for instance, to add validation
phases, iterative steps, etc. Table 5 lists the most relevant
reported limitations.

RQ8: How to classify the methodologies? The proposed
methodologies have been selected from the literature
according to some general criteria like their capability of
being applied in multiple scenarios, their impact on the
state-of-the-art (even if not strictly generic), their historical
value, or their influence on the next strategies. We selected
surveys on the topics, ontological construction methodology
papers, and ontological conceptualisation papers. Among the
possible features, we propose ten that give an instantaneous
picture of the context in which the methodology can be
employed. The features do not have a preferred value; they

are only intended to be descriptive. It is the specific scenario
that helps us identify whether a value for a specific feature is
more suitable than others. The chosen features are:

• type (F1): it specifies the origin and the reason
for which a methodology has been proposed,
providing also hints about how to reuse it. Types
are distinguished into project (p), framework (f ),
integration (i), and linguistic (l). p refers to
methodologies born in the context of the development
of a project, often presenting technical specificities
but sometimes generalisable; f refers to general
guidelines or proposals aiming to guide towards
correct engineering solutions; i refers to strategies
particularly tailored to integrating and reusing existing
ontologies rather than re-engineering; l refers to the
linguistic domain that comprises its own requirements
and complexities, fully exploiting NLP solutions.

• expertise (F2): it specifies whether the methodology
can be used by novice users (n) or requires a certain
experience in knowledge representation (y).
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Methodology Context
PhysSys Borst et al. (1995) Physics domain
Saad and Shaharin (2016) Lesson plan domain
Moma Ying (2009) & OmMas Yunianta et al. (2017) Multi-agent domain
Daponte and Falquet (2018) Availability of the Dolce Gangemi et al. (2003) and OMDoc Kohlhase

(2000) ontologies.
Linked Open Terms Poveda-Villalón et al. (2022) Linked Data resources
Olivares-Alarcos et al. (2022) Robotics domain
Sharma and Jain (2024) Medical domain

Table 4. Summary of papers’ contexts for manual construction.

Methodology Limitation(s)
IDEF5 Peraketh et al. (1994) More focused on the evaluation rather than construction Dutta et al.

(2015).
Grüninger & Fox Gruninger (1995) More focused on the evaluation rather than construction Dutta et al.

(2015), not suitable for common data integration Yunianta et al. (2017).
Uschold & King Uschold and King (1995) Not suitable for common data integration Yunianta et al. (2017).
Swartout et al. (1996) Not suitable for common data integration Yunianta et al. (2017).
Methontology Fernández-López et al. (1997) Interactive and visual tools are not supported De Nicola et al. (2005), tt

may lead to misunderstandings and inconsistencies if the designer is not
involved into the domain Gahleitner et al. (2005), more focused on the
evaluation rather than construction Dutta et al. (2015), not suitable for
common data integration Yunianta et al. (2017), gaps with Linked Data
needs Poveda-Villalón et al. (2022).

Ontology Development 101 Noy et al. (2001) It does not offer instructions on conceptualization Bautista-Zambrana
(2015), gaps with Linked Data needs Poveda-Villalón et al. (2022).

On-To-Knowledge Sure et al. (2003) It may lead to misunderstandings and inconsistencies if the designer is not
involved into the domain Gahleitner et al. (2005), gaps with Linked Data
needs Poveda-Villalón et al. (2022).

Diligent Pinto et al. (2004) Not suitable for common data integration Yunianta et al. (2017), gaps with
Linked Data needs Poveda-Villalón et al. (2022).

Upon De Nicola et al. (2005) It fails to provide comprehensive details for collaborative ontology
construction aspect John et al. (2018).

Moma Ying (2009) It only partially successful in enabling the development of a complete
application development by the domain experts, it still requires the agent
developer and the software engineer to get involve, it is tested and
evaluated specifically in the financial services, the ontology can become
inconsistent during the editing process, no iteraration occurs in the
development Yunianta et al. (2017).

NeOn Suárez-Figueroa et al. (2011) No ontology evaluation and validation to check the consistency aspect of
the ontology knowledge, not suitable for common data integration
Yunianta et al. (2019).

Badr et al. (2013) Not suitable for common data integration Yunianta et al. (2017).
Samod Peroni (2016) Precise recommendations for conceptualisation, documentation, tools to

be used, etc. are out of the scope Poveda-Villalón et al. (2022).
OmMas Yunianta et al. (2017) It has too many phases (i.e., nine phases altogether), which can make it

less efficient Yunianta et al. (2019).
Table 5. Summary of papers’ limitations.

• generality (F3): it indicates whether the methodology
is easily reusable in other domains (y) or too tight to
one context to move into others (n).

• documents (F4): it indicates whether the presence of
existing documentation or resources is necessary (y) in
order to develop the process or not (n). This feature is
sometimes obvious, as for bottom-up approaches.

• agility (F5): it specifies whether the methodology
tends towards a waterfall approach (n) or an iterative
(agile) one (y). Although agile software development

is way more recent, in the field of knowledge
engineering, many current methodologies are still
waterfall-based.

• rigorousness (F6): it indicates whether there is a
strong degree of formality (e.g., OWL) during the
process (y) or the formality is hidden by graphical
tools or expressed in natural language (n).

• evaluation (F7): it indicates whether the methodology
includes any kind of validation phase by the involved
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stakeholders (y), or if it happens only after the
development (n).

• orientation (F8): it indicates whether the methodol-
ogy is top-down (▽), bottom-up (△), or middle-out
(⊙).

These features are collected for the various selected papers
in Table 6.

After filling in the values for every methodology, it is
possible to cluster the methodologies based on the selected
features. Methodologies within the same cluster can be used
under similar circumstances. A distance measure is straight-
forward to compute by looking at the features. F2-F7 can be
considered boolean values, while F8 values are assigned this
way: 0 for ▽, 1 for ⊙, and 2 for △. In this way, the middle-
out approach is correctly positioned in between the two
methodologies, and the distance between the two opposites is
maximised. Finally, F1 is categorical and, hence, only equal-
ity (0) or inequality(1) is evaluated. Formally, given two fea-
ture vectors x, y ∈ D(F1)×D(F2)×D(F3)×D(F4)×
D(F5)×D(F6)×D(F7)×D(F8) where D(Fi) properly
maps the initial domain into the numerical one,

d(x, y) =

{
S ifx[1] = y[1]

1 + S otherwise

with S =
∑8

i=2 |x[i]− y[i]|.
Having this non-geometrical distance function, agglom-

erative clustering Ackermann et al. (2014) is adopted with
the silhouette score Shahapure and Nicholas (2020) used to
find the most prominent number of clusters (k). Candidates
k are from 2 to half of the number of methodologies + 1.
Figure 6a shows the corresponding silhouette scores, having
k = 11 as the best. Using the best k, we can now visualise
the methodologies clustered together. For this, we reduce the
8 features to 3. Principal Component Analysis (PCA) Wold
et al. (1987) comes into help for dimensionality reduction.
After the reduction, we exhibit the 41 methods in Figure 6b,
divided by clusters identified by colors. For the textual list of
the cluster division, see Appendix.

Figure 7. Distribution Pie Chart of Manual Methodologies for
F1.

Discussion The proposed clustering aims to combine
methodologies that can be adopted within similar contexts
or under the same conditions. Choosing from a number of
methodologies can be time-consuming, and the final choice
is likely to be one of the most popular approaches, ignoring
possible alternatives. We claim that this classification
is beneficial for those searching for an approach for
their purpose, with all the main distinctive characteristics
represented. We claim that, conversely with automatic
approaches, these are less susceptible to technological
advances, and that is why, for instance, Methontology is still
among the most used. This justifies our solution to not filter
by age the approaches presented.

Semi-automatic Ontology Creation
Semi-automatic ontology construction consists of introduc-
ing learning steps or (with the recent developments) LLMs to
assist manual ontology steps. The evolution of this research
line has benefited from both the evolution of ML and ontol-
ogy engineering. From an architectural point of view, many
methodologies differ more in the automatic steps involved in
the pipeline. Apart from answering the RQs listed above, we
also provide a visualization of the most common manual and
automatic approaches adopted in this line in recent years.

RQ4: What metrics are available? This family indeed
combines metrics from traditional ontology construction and
ML ones. Most common metrics are based on the traditional
performance table for classification tasks or the ones in
ontology engineering, such as OOPS and coverage, when a
ground truth exists. We report in Table 7 the list of metrics
for the semi-automatic papers.

RQ5: Is there any starting methodology/dataset adopted?
Semi-automatic methodologies rely on machine learning,
which, evidently, needs existing data sources to infer or
uncover knowledge. We report in Table 8 the resources used
for the approaches.

RQ6: What is the context of the methodology? As
for manual ontology, semi-automatic construction may be
specifically tailored to a domain. Apparently, the specificity
in this research line is not rare, given the number of non-
standard datasets adopted or the evaluation based on experts’
revision. We report in Table 9 the context (when available) of
the proposed approach.

RQ7: What are the limitations of the methodology? In this
section, we report the explicit (mentioned by the authors
themselves) limitations of the proposed works, mostly
inherent to the adopted architecture. They are shown in
Figure 10.

RQ8: How to classify the methodologies? We propose
here two classifications of semi-automatic methodologies
based on the semantic similarity between the manual and
automatic parts. The labels are shown, respectively, in
Figures 9a and 9b. We are going to use two distinct,
although related, methodologies. First, we leverage pre-
trained sentence transformers Nikolaev and Padó (2023)
(i) to create embeddings starting from textual features.
Secondly, we apply the methodology proposed by Huang
et al. (2024b) (ii), in which an LLM-based clustering
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Methodology F1 F2 F3 F4 F5 F6 F7 F8
Cyc Lenat et al. (1985) p y y y n y (partly) y (partly) ▽
Kads Wielinga et al. (1992) f y y n y n n ▽
Tove Fox (1992) f y y n n y n (poorly) ▽
Idef5 Peraketh et al. (1994) f n y y n n y ▽
Plinius van der Vet et al. (1994) p y n y n y n △
Grüninger & Fox Gruninger (1995) i y n n n y y ▽
PhysSys Borst et al. (1995) p y n y n y n ▽
Uschold & King Uschold and King (1995) f y y n n y y ▽
Onions Gangemi et al. (1996) i y y y n y n ⊙
Sensus Swartout et al. (1996) i y n y n y n △
Methontology Fernández-López et al. (1997) f n y n n y (partly) y ▽
(KA)2 Benjamins and Fensel (1998) i y y y n n n ⊙
Mikrokosmos O’Hara et al. (1998) l y n y n y n △
Ontology Development 101 Noy et al. (2001) f n y n n y n ▽
eXtreme Hristozova and Sterling (2002) f y y y y n y ⊙
Dolce Gangemi et al. (2003) l y y y n y y ▽
On-To-Knowledge Sure et al. (2003) p y (partly) y y y y y ⊙
Diligent Pinto et al. (2004) i y (partly) n n n y (partly) y ⊙
DynamOnt Gahleitner et al. (2005) i n y n n y n ▽
Upon De Nicola et al. (2005) f y y n n y (partly) n ⊙
Sandkuhl et al. (2005) i y y y n n n △
Hcome Kotis and Vouros (2006) i y y y n n n ⊙
Dogma Jarrar and Meersman (2009) i y y y n n n ▽
Li et al. (2009) f y y y n y y △
Moma Ying (2009) p y n n n n n ▽
NeOn Suárez-Figueroa et al. (2011) i y (partly) y y y n n △
Debruyne and Meersman (2012) l y n y n n n ⊙
Grounded Ontology Nabi and Asif (2015) i y y y n n n △
Bautista-Zambrana (2015) l y n y n n n ⊙
Yamo Dutta et al. (2015) f y y y (partly) n y y △
UponLite De Nicola and Missikoff (2016) f n y n n y (partly) n ⊙
Samod Peroni (2016) f n y n y y y ⊙
Saad and Shaharin (2016) f y y y y y y ⊙
OmMas Yunianta et al. (2017) p y y n y y y ▽
Ahmad et al. (2018) p y y n n y y ▽
Daponte and Falquet (2018) i y n y n y y △
Fawei et al. (2018) p y n y n y y △
Scim John et al. (2018) f y y n y y n ▽
Li and Alian (2018) f y y y n y y ▽
Zhang et al. (2018) p y y y y y y ▽
Abdelghany et al. (2019) f y y n y y y ⊙
Jacksi (2019) p y n n n y n ▽
OntoDi Yunianta et al. (2019) i y y y n y y ▽
Olivares-Alarcos et al. (2022) p y y y y y y ▽
Linked Open Terms Poveda-Villalón et al. (2022) i n y n y y y ⊙
Tang et al. (2023a) p y n y n y y ▽
Oda Sharma and Jain (2024) p y y y n y y ▽
Tailhardat et al. (2024) i y y y n y y ▽

Table 6. Summary of manual ontology creation methodologies with their corresponding features F1-F8, used as the dataset for the
clustering classification.

approach is proposed as a combination of a generation and
classification task. These two classifications benefit from the
fact of being agnostic about the dimensionality of the input
data.

(i) The sentence transformer model is based on all-
MiniLM-L6-v2¶. Following the traditional guidelines for
choosing a reasonable k as number of clusters, we opted for
the silhouette score, evaluating k from 3 to 5 and the k-Means

as algorithm. Figure 8 shows a 2D visualisation of the cited
works, with 5 as the best k.

(ii) Huang et al. (2024b) proposed a methodology based
on the generation of labels for the instance set, and then
a clustering based on the same set of labels, disguising a

¶https://huggingface.co/sentence-transformers/
all-MiniLM-L6-v2
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(a) Silhouette Scores for the Different K s. (b) 3D Clustering Chart of Manual Methodologies.

Figure 6. Comparison of Silhouette Scores and 3D Clustering.

Metric Paper(s)
Precision Qiu et al. (2017); Fawei et al. (2019); Doumanas et al. (2024); Wu et al. (2025)
Recall Qiu et al. (2017); Fawei et al. (2019); Doumanas et al. (2024); Wu et al. (2025)
Accuracy Chandolikar et al. (2019); Fawei et al. (2019); Dera et al. (2020); ten Haaf et al. (2021);

Sobhgol et al. (2023)
Welch t-test ten Haaf et al. (2021)
Support, confidence Zhao et al. (2021)
OOPS, Coverage Fawei et al. (2019); Mesmia and Mouhoub (2023); Pan et al. (2023)
F-Score Fawei et al. (2019); Doumanas et al. (2024)
Non-standard metrics Rani et al. (2017)

Table 7. Metrics for semi-automatic ontology construction approaches.

Dataset Paper(s)
SemEval-2016 Dera et al. (2020)
Medical Guideline Ontology ElAssy et al. (2022)
Enterprise Model Fox (1992) Pan et al. (2023)
Arabic WikiPedia Mesmia and Mouhoub (2023)
New dataset Qiu et al. (2017); Rani et al. (2017); ten Haaf et al. (2021); Zhao et al. (2021); ElAssy et al.

(2022); Mesmia and Mouhoub (2023); Pan et al. (2023); Tang et al. (2023b); Huang et al.
(2024b)

Non-standard datasets Qiu et al. (2017); Wang et al. (2017a); Chandolikar et al. (2019); Fawei et al. (2019); Dera
et al. (2020); Ma et al. (2021); Sobhgol et al. (2023); Huang et al. (2024b); Kommineni et al.
(2024); Gadusu et al. (2025); Lichtnow et al. (2025); Wu et al. (2025)

Table 8. Datasets for semi-automatic ontology construction approaches.

clustering method as a classification one. Leveraging GPT-
3, these four labels have been provided as output in the first
generation task, with the corresponding meanings:

• Hybrid-expert: Manual method involves expert cre-
ation or revision; automatic method uses standard NLP
or statistical techniques.

• Hybrid-advanced: Manual method involves expert
creation or revision; automatic method uses advanced
AI like LLMs or specific procedures.

• Scrape-AI: Manual method is scraping; automatic
method uses advanced AI or clustering.

• Database-AI: Manual method is structured (e.g.,
relational database or ontology); automatic method
uses advanced AI.

Then, Table 11 shows how the LLM classified the cited
works according to the labels it itself designed.

Discussion The two classifications, although distinct, do
not lead to dissimilar results. In fact, more than 75% of points
labelled in the same cluster for the (i) classification are also in
the same cluster for the (ii) one. As you can see from Figure
8, the points Kommineni et al. and Qiu et al. are in between
Cluster 0 and Cluster 4, and they have been classified as 0,
while (ii) classified them as the equivalent of 4. We notice a
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Figure 8. 2D Plot of the Classification of Semi-automatic Approaches.

Context Paper
Chinese Tax Qiu et al. (2017)
Topic Modelling Rani et al. (2017)
E-books Wang et al. (2017a)
Marathi Language Chandolikar et al. (2019)
Law Fawei et al. (2019)
Sentiment Analysis Dera et al. (2020)

ten Haaf et al. (2021)
Relational databases Ma et al. (2021)
Restaurant ten Haaf et al. (2021)
Power Zhao et al. (2021)
Medicine ElAssy et al. (2022)
Linguistic Mesmia and Mouhoub (2023)
Energy Pan et al. (2023)
Manufactury Sobhgol et al. (2023)
Autonomous driving Tang et al. (2023b)
Water distribution Huang et al. (2024b)
Health Gadusu et al. (2025)
Smart Campus Lichtnow et al. (2025)
Requirements elicitation Wu et al. (2025)

Table 9. Contexts of semi-automatic ontology creation papers.

correspondence between the clusters and the labels provided
by the LLM:

• 0: Hybrid-expert
• 1: Scrape-AI
• 2-3: Database-AI
• 4: Hybrid-advanced

Indeed, clusters 2 and 3 are not distinguished in the (ii)
classification. This comparison enforces the idea that the
LLM is capable of capturing the features we used for
methodology comparison, being able to reproduce (or even
improve) a more geometrical-based classification based on
embeddings. Finally, we provide a visual representation
of the different methodologies adopted in semi-automatic
approaches, as well as the frequency for every combination.
In Figure 9, we show two pie charts to indicate the frequency
of the manual methodologies employed (left) and the ML
models (right).

Automatic Ontology Creation
Automatic ontology creation answers the need to exploit
large structured knowledge to create and/or populate
ontologies. This research line has a strong intersection with
the NLP field, while also contributing to it in creating
new scenarios and challenges. Apart from the traditional
language challenges (interpretation, POS-tagging, entity
disambiguation), this research also deals with consistency
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Paper Limitation(s)
Rani et al. (2017) Latent Discovery Analysis fails in capturing co-occurrences of topics.
Ma et al. (2021) More databases need to be tested.
Doumanas et al. (2024) More domains need to be explored, the choice of the LLM has a strong impact, and

scalability matters are not considered.
Huang et al. (2024b) Fully dependent on LLMs, low control, and ambiguity in the input documents.

Table 10. Limitations of semi-automatic ontology creation papers.

LLM Label Paper(s)
Hybrid-expert Wang et al. (2017a); Rani et al. (2017); Fawei et al. (2019); Dera et al. (2020); Wu et al.

(2025)
Hybrid-advanced Qiu et al. (2017); Hamano et al. (2017); ElAssy et al. (2022); Pan et al. (2023); Kommineni

et al. (2024); Doumanas et al. (2024); Huang et al. (2024b); Gadusu et al. (2025)
Scrape-AI Chandolikar et al. (2019); Zhao et al. (2021); ten Haaf et al. (2021); Mesmia and Mouhoub

(2023)
Database-AI Ma et al. (2021); Tang et al. (2023b); Sobhgol et al. (2023); Lichtnow et al. (2025)

Table 11. LLM-based classification for semi-automatic ontology approaches.

(a) Manual Methodologies in Semi-automatic Approaches. (b) Automatic Methodologies in Semi-automatic Approaches.

Figure 9. Frequencies for manual and automatic methodologies in semi-automatic approaches.

preserving, rule generation, and contextual reasoning, all of
them while taking into account performance or scalability
matters. The evolution of this research follows all the
major breakthroughs of Machine/Deep Learning in the last
decades, given that all the most popular models have been
adopted for the scope. The contribution of this section
includes a classification based on two dimensions: the
adopted strategies and the solved tasks. It will be, henceforth,
evident that technological breakthroughs have also given the
possibility of tackling new tasks.

RQ4: What metrics are available? For automatic ontology
creation proposals, the distinguishing features are also
the metrics used to make a comparison among the
methodologies. Following the Machine Learning metrics, the
evaluation is mostly computed as the coverage of the correct
axioms (triples) automatically extracted. We report in Table
12 the list of metrics used for the different approaches.

RQ5: Is there any starting methodology/dataset adopted?
In some cases, evolving models or solutions constructed
upon existing ones are available. For automatic methodolo-
gies, datasets are crucial, and many considerations depend on
them. We report in Table 13 the resources used in the papers.

RQ6: What is the context of the methodology? As for
manual methodologies, some approaches may benefit from
the specificity of the domain. We report in Table 14 the
context (when available) of the proposed approach.

RQ7: What are the limitations of the methodology?
Limitations can appear when the proposal is too limited
to a domain or the evaluation is lacking in comparison.
Limitations are shown in Table 15.

RQ8: How to classify the methodologies? Generally
speaking, reviews often propose information about the tech-
nologies used to achieve the task. In other cases, the authors
preferred to distinguish the learning tasks themselves. Ontol-
ogy construction can indeed refer, depending on the used
approach, to axiom learning, taxonomy learning, relation
extraction, etc. For this reason, we combine the two dimen-
sions, providing a complete overview of what papers pro-
pose, answering both to the what and how dimensions. The
classification is split into two ranges of time: 2016-2023
(Figure 10), and 2024-2025 (Figure 11).

Discussion With this classification, we are able to provide
partial views of the landscape, organized both by the type of
task and the architecture that has been employed to address
it. Along the x axis, one can observe the specific tasks
that are achievable with a particular architecture, illustrating
the range of applications for each model type. Conversely,
along the y axis, it becomes apparent which architectures
have been utilized to tackle each individual task, providing
insight into the diversity of approaches adopted in practice.
It is worth noting that in the period spanning 2024 to 2025,
several new tasks have emerged, reflecting the continuous
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Metric Paper(s)
Cohen’s Kappa Casteleiro et al. (2016); Albarghothi et al. (2018); Kaushik and Chatterjee (2018)
Ontological Loss and Improvement Casteleiro et al. (2016)
Precision Albukhitan et al. (2017); Hamano et al. (2017); Albarghothi et al. (2018); Kaushik and

Chatterjee (2018); Zhao et al. (2019); Li and Chen (2020); Chen and Gu (2021); Huang et al.
(2021); Lakzaei and Shamsfard (2021); Tissaoui et al. (2022); Al-Aswadi et al. (2023); Hari
and Kumar (2023); He et al. (2023); Taye et al. (2023); Zhao et al. (2023); Al Subhi et al.
(2024); Bakker et al. (2024); Basheer and Alkhatib (2024); Goyal et al. (2024); Huang et al.
(2024a); Lo et al. (2024); Mai et al. (2024); Pisu et al. (2024); Sanaei et al. (2024); Toro
et al. (2024); Ymele and Jiomekong (2024)

Recall Albukhitan et al. (2017); Hamano et al. (2017); Albarghothi et al. (2018); Kaushik and
Chatterjee (2018); Zhao et al. (2019); Li and Chen (2020); Chen and Gu (2021); Hari and
Kumar (2023); Huang et al. (2021); Lakzaei and Shamsfard (2021); Tissaoui et al. (2022);
Al-Aswadi et al. (2023); He et al. (2023); Taye et al. (2023); Zhao et al. (2023); Al Subhi
et al. (2024); Bakker et al. (2024); Basheer and Alkhatib (2024); Dong et al. (2024); Goyal
et al. (2024); Huang et al. (2024a); Lo et al. (2024); Mai et al. (2024); Pisu et al. (2024);
Sanaei et al. (2024); Toro et al. (2024); Ymele and Jiomekong (2024)

Accuracy Cahyani and Wasito (2017); Hamano et al. (2017); Kaushik and Chatterjee (2018); Petrucci
et al. (2018); Zhao et al. (2019); Fumagalli et al. (2020); Tissaoui et al. (2022); Al Subhi
et al. (2024); Huang et al. (2024a); Pisu et al. (2024); Bosso et al. (2025)

Coverage Mathews and Kumar (2017)
F-Score Albarghothi et al. (2018); Zhao et al. (2019); Li and Chen (2020); Chen and Gu (2021);

Lakzaei and Shamsfard (2021); Tissaoui et al. (2022); Zhao et al. (2023); Bakker et al.
(2024); Basheer and Alkhatib (2024); Goyal et al. (2024); Hari and Kumar (2023); Huang
et al. (2024a); Lo et al. (2024); Mai et al. (2024); Pisu et al. (2024); Sanaei et al. (2024);
Toro et al. (2024); Ymele and Jiomekong (2024)

A/I/R/C Richness Ben Mahria et al. (2021); Chen and Gu (2021)
Mean Score Analysis Zaouga and Rabai (2021)
Associative Probability, Perplexity Xie et al. (2022)
p-value, t-value Al-Aswadi et al. (2023)
Hits@K He et al. (2023)
AUC Score Huang et al. (2024a)
Mean Squared Error Yin et al. (2024)
OOPS Lippolis et al. (2025)
Non-standard metrics Potoniec et al. (2017); Aggoune (2018); Capuano et al. (2020); Felin and Tettamanzi (2021)

Table 12. Metrics for automatic ontology construction approaches.

evolution of the field. Within this context, it is clear that
large language models (LLMs) play a dominant role, often
appearing in multiple variations depending on their specific
training strategies, highlighting both their versatility and
widespread adoption in recent research and applications.

Conclusion

In this work, we propose a two-level classification of
ontology construction methodologies in the literature. The
first one depicts the type of construction, which has a large
impact on the needed experience, tools, or computational
power. Secondly, an intra-category classification helps in
understanding under which conditions the existing work
can be reused, and whether some works can be grouped
according to these reusability features. We claim that this
work fulfills two objectives: to update the state-of-the-art in
the field, especially in the areas of manual conceptualization
and LLM support, and to provide end-users with the
necessary information about the methodologies they can use
and the possible alternatives. Finally, this work intends to
represent a current functional classification, but different
facets can be explored. With the progressive injection

of LLMs within manual methodologies, the distinction
between the categories will likely become blurrier, and new
(hopefully simpler) conditions may emerge.
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Figure 10. Classification of Automatic Strategies from 2016 to 2023.

Figure 11. Classification of Automatic Strategies of 2024 and 2025.
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Dataset Paper(s)
PubMed Casteleiro et al. (2016)
Flickr Hamano et al. (2017)
Pizza ontology Mathews and Kumar (2017)
DBPedia Potoniec et al. (2017); Chen and Gu (2021); Felin and Tettamanzi (2021); Goyal

et al. (2024); Sanaei et al. (2024); Ymele and Jiomekong (2024)
YAGO Zhao et al. (2019)
CS corpus, Music corpus Huang et al. (2021)
University, Hotel, Transportation ontology Lakzaei and Shamsfard (2021)
NorthWind Mhammedi et al. (2021)
New York Times, WebNLG Hari and Kumar (2023)
Family Ontology Mateiu and Groza (2023)
BBC, CNN, OSAc Taye et al. (2023)
MM-S14 Dong et al. (2024)
WikiData, Wiki-NRE, SciERC, WebNLG Feng et al. (2024)
WordNet, GeoNames, UMLS, Schema.org Goyal et al. (2024); Sanaei et al. (2024); Ymele and Jiomekong (2024)
Gene ontology, Food ontology Goyal et al. (2024); Sanaei et al. (2024); Ymele and Jiomekong (2024)
WikiPedia, arXiv Lo et al. (2024)
Open English WordNet Mai et al. (2024)
Computer Science ontology Pisu et al. (2024)
New dataset He et al. (2023); Joachimiak et al. (2024); Yin et al. (2024)
Non-standard datasets Cahyani and Wasito (2017); Mathews and Kumar (2017); Wang et al. (2017b);

Zhang et al. (2017); Aggoune (2018); Alobaidi et al. (2018); Kaushik and
Chatterjee (2018); Petrucci et al. (2018); Capuano et al. (2020); Guimarães and
de Carvalho (2020); Li and Chen (2020); Ben Mahria et al. (2021); Heidari et al.
(2021); Meriah et al. (2021); Tissaoui et al. (2022); Xie et al. (2022); Al-Aswadi
et al. (2023); Zhao et al. (2023); Al Subhi et al. (2024); Bakker et al. (2024);
Basheer and Alkhatib (2024); Huang et al. (2024a); Toro et al. (2024); Bosso
et al. (2025); Lippolis et al. (2025)

Table 13. Datasets for automatic ontology construction approaches.

Context Paper
Biomedicine Casteleiro et al. (2016); Alobaidi et al. (2018)
Arabic language Albukhitan et al. (2017); Albarghothi et al. (2018); Taye et al. (2023)
Alzheimer Cahyani and Wasito (2017)
Language-independent, image-based Hamano et al. (2017)
Intrusion detection Zhang et al. (2017)
Agriculture Kaushik and Chatterjee (2018)
Dependent on DBPedia Capuano et al. (2020)
Portuguese language Guimarães and de Carvalho (2020)
Security domain Li and Chen (2020)
Relational databases Ben Mahria et al. (2021)
Chinese language Chen and Gu (2021)
Business Heidari et al. (2021)
Information security Meriah et al. (2021)
Couchbase mode Mhammedi et al. (2021)
Project Risk Management Zaouga and Rabai (2021)
Dependent on YAGO and DOLCE Elnagar et al. (2022)
Constructivist Learning Xie et al. (2022)
Topic discussion Basheer and Alkhatib (2024)
WikiData schema Feng et al. (2024)
Ironmaking Huang et al. (2024a)
Artificial Intelligence Joachimiak et al. (2024)
Threats Bosso et al. (2025)

Table 14. Contexts of automatic ontology creation papers.
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Paper Limitation(s)
Hamano et al. (2017) The performance depends on the images, and is problematic

with concepts with multiple semantics or images with many
objects.

Zhang et al. (2017) Lack of quantitative evaluation and errors detected.
Li and Chen (2020) For some experiments, elder approaches lead to better

performances.
Basheer and Alkhatib (2024) Much uncontrolled text mining quality of the data.
Lo et al. (2024) Limited to taxonomical relationships
Mai et al. (2024) Without fine-tuning, LLMs cannot adapt to specific domains.
Yin et al. (2024) The method is time-consuming, the adopted bigram model is

not satisfactory yet, and human intervention to correct
inconsistencies is unavoidable.

Lippolis et al. (2025) Lack of complete evaluation on the complete result set.
Table 15. Limitations of automatic ontology creation papers.
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Appendix
In this section, we report the full classification data on the
manual ontology classification. The obtained clusters are
shown in Table 16.

Cluster Paper(s)
0 Plinius van der Vet et al. (1994), Sensus Swartout et al. (1996), Mikrokosmos O’Hara et al.

(1998), Daponte and Falquet (2018), Fawei et al. (2018)
1 PhysSys Borst et al. (1995), Jacksi (2019), Tang et al. (2023a)
2 Samod Peroni (2016), Abdelghany et al. (2019), Linked Open Terms Poveda-Villalón et al.

(2022)
3 Onions Gangemi et al. (1996), (KA)2 Benjamins and Fensel (1998), Hcome Kotis and

Vouros (2006), Dogma Jarrar and Meersman (2009)
4 Grüninger & Fox Gruninger (1995), Diligent Pinto et al. (2004)
5 Tove Fox (1992), Uschold & King Uschold and King (1995), Methontology

Fernández-López et al. (1997), Ontology Development 101 Noy et al. (2001)
6 NeOn Suárez-Figueroa et al. (2011), Grounded Ontology Nabi and Asif (2015)
7 eXtreme Hristozova and Sterling (2002), Saad and Shaharin (2016)
8 Debruyne and Meersman (2012), Bautista-Zambrana (2015)
9 Idef5 Peraketh et al. (1994)
10 Kads Wielinga et al. (1992), Scim John et al. (2018)
11 Li et al. (2009), Yamo Dutta et al. (2015)
12 Upon De Nicola et al. (2005), UponLite De Nicola and Missikoff (2016)
13 Cyc Lenat et al. (1985), Dolce Gangemi et al. (2003), Li and Alian (2018), OntoDi Yunianta

et al. (2019), Oda Sharma and Jain (2024), Tailhardat et al. (2024)
14 On-To-Knowledge Sure et al. (2003), Zhang et al. (2018), Olivares-Alarcos et al. (2022)
15 DynamOnt Gahleitner et al. (2005)
16 OmMas Yunianta et al. (2017), Ahmad et al. (2018)

Table 16. Clusters of manual ontology creation papers.
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