
Authors’ responses to the feedback of the

reviewers

Paper: From Manual to LLM-assisted: A

Mapping Review on Ontology Construction

Methods

First of all, we would like to sincerely thank the Editor and the reviewers
for their time, effort, and careful reading of our manuscript.

We appreciate the constructive comments and suggestions provided by the
reviewers. We have carefully considered all remarks and revised the manuscript
accordingly.

Please find detailed point-by-point responses below.

Reviewer 1

Comment 1. The clustering of ∼41 manual methods into k=11 clus-
ters produces many singletons and pairs whose practical value is un-
clear. The conclusion is very brief and offers no synthesis across
categories, no identification of open problems, and no discussion of
limitations.

Response: We thank the reviewer who gave us the opportunity to further
detail this aspect in the paper. Indeed, we agree that k = 17 (11 was a typo in the
text; in the images, the value was correct) is not that informative per se. There
are other k values that, although reaching a lower score, avoid the creation of
singletons. What we aimed to represent there is that the best k (but not only)
is capable of clustering similar construction methodologies. For visualisation
as well, we did not consider it profitable to show pictures of several clustering
varying the k value, also because choosing to visualise the cluster of another k
that is not based on the silhouette score would make our choice questionable
or subjective. Hence, we took the chance in the Discussion of that section to
clarify that the role of the visualisation with k = 17 is to demonstrate that the
methodology is able to cluster similar methodologies, although maybe for some
users, other splits may be more useful. We also introduced a global Discussion
at the end.
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Comment 2. No data deposit or long-term URL is provided, which
the SWJ survey track explicitly requires.

Response: We are happy to introduce a URL to allow other researchers access
to the resource: https://github.com/davide1797/ontology_constructions.
We also added it to the manuscript.

Comment 3. Some figures (especially 10 and 11) are difficult to
read at print size, and a copy-editing pass is needed for minor errors
throughout.

Response: We took the opportunity to enlarge the font size and points of
Figures 10 and 11. We hope now they are clearer. We also fixed small grammar
errors and typos.

Comment 1. With k=11 clusters and several singletons, what is
the practical guidance a reader should draw from the clustering?

Response: We thank the reviewer for this relevant observation. We agree
that the practical interpretation of the clustering results was not sufficiently
explained in the previous version of the manuscript. The objective of the clus-
tering analysis was not to propose a rigid taxonomy of ontology construction
methodologies, but rather to provide practical guidance by identifying groups
of approaches sharing similar characteristics. In the revised manuscript, we
clarified that large clusters represent recurrent methodological patterns and can
help practitioners select approaches according to their needs. Singleton clus-
ters should not be considered as clustering errors; instead, they correspond to
methodologies presenting distinctive features or original design choices com-
pared to the rest of the literature. We have added a discussion paragraph after
the clustering results to better explain the interpretation and practical value of
these clusters. In a nutshell, the best k is used to visualise an example of clus-
tering of methodologies rather than information by itself, and that singletons
are created for peculiar characteristics of some methodologies. With different k
values, we have not encountered singletons, but we chose k = 17 anyway since
it resulted in the best k in a more objective and numerical interpretation.

Comment 2. Why was Gower’s distance not considered for the
mixed categorical/binary/ordinal feature space instead of the custom
distance function?

Response: We recognise that our distance function was not standard and
we are grateful to the reviewer for this suggestion. We realised, indeed, that
the proposed distance is very similar to the one proposed by us, but with the
introduction of the normalisation that can make the learning process smoother
for categories with many labels. In our case, almost all the features were binary.
We repeated the experiments with the proposed metric, and we updated the
manuscript accordingly, with 18 now being the best k for the clustering.

Comment 3. For the semi-automatic LLM-based classification, was
any robustness check performed across different LLMs or prompts?

Response: We thank the reviewer who gave us the opportunity to better
detail that part. Indeed, we showed the result of one model, but we also tested
other ones like Sonnet and Gemini. The most interesting result was that they all
agreed on 4 clusters, and the categories were sometimes very similar or overlap-
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ping. We reported this result and our query on the paper for completeness and
reproducibility, and the various answers in a dedicated folder in the repository.
We also invite the Reviewer to have a look at the response to the Reviewer 2
Comment 4.

Comment 4. Could you provide a data deposit containing en-
coded feature tables, clustering scripts, LLM prompts/responses, and
README?

Response: The requested material is now available following the GitHub
link: https://github.com/davide1797/ontology_constructions.

Comment 5. Could the conclusion be expanded to discuss cross-
category findings, concrete open problems, and limitations?

Response: We introduced an inter-category evaluation and exploit it also to
evaluate findings, problems, limitations, and the potential utility of this contri-
bution in the future.

Comment 6. The representation of clusters in Figure 8 should be
improved.

Response: We took the opportunity to regenerate the image based on the
new classification and to improve its readability.

We thank Reviewer 1 for the constructive and encouraging comments, espe-
cially for helping us improve the clustering process and for suggesting that we
demonstrate robustness in the LLM-based classification.

Reviewer 2

Comment 1. Potentially out-of target. A survey must be introductory
to a certain extent. However, in this case (Sections Introduction and
Background Knowledge) the paper appears to be too introductory in
defining what is an ontology and a KG. In contrast, a contextualiza-
tion and scope of the survey at a general level is missing.

Response: We thank the Reviewer for this remark. We indeed agree that
the introductory part did not provide sufficient context, information, and scope
of the survey, postponing it to the next sections. We took the opportunity to
clarify some aspects that are, in our opinion, better detailed in the remainder
of the manuscript.

Comment 2. Engagement with existing literature. The NLP lit-
erature presented in the introduction (e.g. LeCun et al, 2015) feels
very broad and somehow generic. I expected to find some pointers to
existing challenges and approaches at the intersection between SW
and NLP to be fully examined in the other sections. Additionally,
existing surveys that overlap with this one are not presented. For
instance:
- Zengeya, T., & Fonou-Dombeu, J. V. (2024). A review of state of
the art deep learning models for ontology construction. IEEE Access,
12, 82354-82383
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- Li, J., Garijo, D., & Poveda-Villalón, M. (2025). Large language
models for ontology engineering: a systematic literature review. Se-
mantic Web Journal, 20(x), 1-45

Response: We thank the Reviewer for this remark. We took the chance
to broaden the context in the NLP field, which is evidently one of the most
impacted domains by these advancements. We also thank the Reviewer for the
two suggested papers. We actually were aware of the second one, but we waited
for its acceptance before introducing it in the paper. They have been discussed
in the Introduction in their complementary aspects with respect to our proposal.

Comment 3. Scattered methodology. The presentation of the sur-
vey method is clear. However, in the following sections a number
of additional methodological approaches are adopted to analyse pa-
pers without a specific rationale. For instance, clustering methods at
page 9. I suggest to create a methodology section that can include
all the methodologies adopted in the survey, being clearer about the
authors’ design choices.

Response: We thank the Reviewer for this remark. We agree that the intra-
category classification approaches and choices were not explicit or clarified. Af-
ter the picture of the general methodology, we deepened the intra-category
classification by enriching the paragraph Selection & Evaluation on page 6 and
with another specific schema.

Comment 4. Problematic usage of LLM-as-judge. In two different
sections (Review Methodology and Semi Automatic Ontology Cre-
ation) authors introduce the usage of a LLM (GPT) to automatize
their analysis. This is not necessarily problematic. However, if au-
thors propose a LLM-as-judge approach they should ensure that they
properly checked the model’s output and mitigated potential bias in
the pipeline. Additionally, using a commercial closed-sourced model
makes the methodology non replicable.

Response (same as Reviewer 1 Comment 3): We thank the reviewer who
gave us the opportunity to better detail that part. Indeed, we showed the result
of one model, but we also tested other models sucha as Sonnet and Gemini. The
most interesting result was that they all agreed on 4 clusters, and the categories
were sometimes very similar or overlapping. We reported this result and our
query on the paper for completeness and reproducibility, and the various answers
in a dedicated folder in the repository.
(in addition): We also accept the suggestion of proposing alternative free models
to perform the same evaluation. In the manuscript, we left the result that we
considered the best one in terms of label clarity and mapping, but we showed
some consideration based on the repetition of the experiment and some Sankey
diagrams to visualise the correspondences of the clusters of the different models.
In the repository, we added all the results provided by the models.

Comment 5. Scope of the survey. While the general aim of the
survey is clear, its scope is not entirely understandable. Specifically,
RQs are presented without a specific connection to the objectives
of the manuscript. This hinders following the flow of the narrative.
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For instance, “RQ6: What is the context of the methodology?” is
not explained nor logically connected to the overall work leaving me
wondering why this question was relevant for the survey. Dedicating
more space to contextualize the selection of these RQs is essential to
improve the manuscript making its contribution clearer and easier to
follow.

Response: We better clarified the rationale behind the decision of our RQs,
explaining that they represent to us the more relevant questions when choosing
a methodology, with the last one to distinguish it with respect to the others.
We made this clearer by making a reference between objectives and RQs.

Comment 6. Thoroughness of discussion. The three sections
where results are presented are very descriptive. They briefly answer
the questions with lists of items (e.g., type of evaluation approaches)
without discussing them. For instance, in the Semi-Automatic Sec-
tion (page 9), “RQ4: What metrics are available?” abruptly refers to
Table 7 without further discussion about these metrics. In other cases
(Figure 9, right, page 13) the survey appears to rely on some taxo-
nomical shortcuts creating the category “Specific procedure” that
might mean a wide range of things. I suggest rethinking all these
sections trying to identify some takeaways that one can get from the
survey. E.g., Table 12 (page 14) on automatic methods for ontology
construction shows a clear imbalance towards reference-based metrics
(F1, precision, recall, accuracy), which in the actual AI landscape are
contested since they are not reliable to assess models’ abilities out-of-
domain and their biases (e.g., a LLM can generate an ontology that
is biased towards specific socio-demographics). This is an interesting
insight about some directions that could be taken to design better
evaluation metrics.

Response: We thank the Reviewer for this comment; indeed, we now pro-
vide more meaningful insight and information for every question instead of just
referring to the table. This allowed us to summarise some aspects and pose
some open questions. We also agree that “Specific procedure” was not that
informative; we meant some specific mapping based on the data structures of
their dataset. We renamed the label “Data Mapping”.

Comment 7. Some colloquial passages. The paper is clearly writ-
ten but I suggest revising some passages that are too colloquial. E.g.
“It is not difficult to imagine that many papers are in common be-
tween the different sources”; “as you can see from Figure 8”.

Response: We thank and agree with the Reviewer for this remark. We re-
formulated some colloquial passages and fixed small typos and grammar errors.

Comment 8. No permanent links provided. The paper presents
several automatic methods supporting the survey but no link to the
code is provided nor a pointer to the list of selected papers.

Response (same as Reviewer 1 Comment 2): We have now introduced a
URL to allow other researchers access to the resource: https://github.com/

davide1797/ontology_constructions. We also added it to the manuscript.
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We thank Reviewer 2 for his comments, especially to make us improve our
manuscript in better clarifying the context, positioning, the evaluation method-
ology and the taken decisions, which evidently impacts the overall presentation.

Reviewer 3

Comment 1. Most of the research questions are answered through de-
scriptive reporting of the observed data rather than through insights
derived from the extracted and analysed evidence.

Response (same as Reviewer 2 comment 6): We thank the Reviewer for this
comment; indeed, we now provide more meaningful insight and information for
every question instead of just referring to the table. This helped us to summarise
some aspects and pose some open questions.

Comment 2. The exact criteria used to exclude papers during the
screening phase are unclear. Additionally, it is not explained how
these criteria were applied to papers retrieved from arXiv.

Response: We thank the Reviewer for this remark, which allows us to clarify
this aspect. The pipeline of paper selection (pp. 4-6) proposes three steps after
the Database Lookup that returned about 5 000 papers:

• Screening : we asked an LLM to filter out irrelevant papers for the scope
of the survey. We manually checked and, in some cases, reintegrated
excluded papers. The result was less than 1 000 papers.

• Duplicates Removal : with a script verifying titles, first author, and year,
we automatically removed almost all the duplicates. In this phase, we
also manually ruled out papers that were explicit extensions that did not
introduce novelty for the scope of the survey. At this point, we had about
400 papers.

• Inherence Filtering : by looking at the abstract, title, conclusions and,
if necessary, the entire content, we manually filtered the papers of our
interest for the survey. We ended up with 136 papers. We agree that
maybe this part was poorly described, also given the subjective nature of
the selection. We clarified the paragraph with more details and criteria of
how this has been performed.

As the comment suggests, we did not distinguish the venue of the selected
papers; hence, no particular conferences or journals were privileged, and arXiv
papers have been analysed as the other ones. We claim this choice was needed,
especially for recent works on LLMs, in which several proposals exist but may
not be mature enough.

Comment 3. Did the authors apply snowballing as part of the
search strategy?
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Response: For the generic search of papers, we did not apply snowballing,
but we used it when we fetched reviews. In that sense, we looked for cited
papers not returned by our query. However, the number of additional retrieved
papers was negligible with respect to the total number of papers, so we did not
specify the number of works introduced by snowballing in the review. We wrote
this as part of our strategy, but we took the opportunity to better clarify it in
the Inherence Filtering paragraph on page 6.

Comment 4. In “Step 8. Local Classification”, the parameters and
metrics used for comparison should be explicitly listed and defined.

Response (same as Reviewer 2 comment 3): We thank the Reviewer for this
remark. We agree that the intra-category classification approaches and choices
were not explicit or clarified. After the picture of the general methodology, we
deepened the intra-category classification by enriching the paragraph Selection
& Evaluation on page 6 and with another specific schema.
(in addition): we claim that the three intra-category classifications need spe-
cific classification criteria; hence, no generic metrics for the three are proposed.
Conversely, we specified 8 features for the first one, listed and described on page
8, and the criteria to classify the other two categories, respectively, on pages 12
and 18 (RQ8).

Comment 5. The paper provides numerous tables and figures;
however, it is not clear how these artifacts were generated or how
they can be traced back to the analyzed papers. All extracted data
features should be described, together with the analysis and harmo-
nization procedures applied. For example, what observations from
the primary studies led to the generation of Table 2? The same con-
cern applies to the tables and figures associated with Figures from
6 on. The data collection and validation procedures should also be
explained.

Response: We thank the Reviewer for this remark. We took the opportunity
to clarify, for each category, the extracted information. For Table 2, also to
answer another comment, we provided more information about the collecting
process and information to fill it. For the first category, we searched in the
selected papers the selected F1 - F8 features. The description of the process
allowed us to fill these features with their proper values (Table 6). This has been
done by seeking explicit and implicit information in the papers. For instance,
a methodology may explicitly state that it requires the existence of knowledge
(documents) or it can be implicit in some description of the steps. The definition
of every feature is available on page 8 (RQ8). For the second category, we
sought the strategies adopted for the manual and automatic parts. We proposed
some common labels to distinguish them, and we used them for the subsequent
classification steps. We agree that a clarification of the labels was not present
here; so, we added this clarification and definitions of the labels on page 12
(RQ8), which also helps understand the harmonisation of the labels. For the
automatic category, we sought the solved tasks and the adopted technologies
to solve them, and the classification is based on these two dimensions (Figures
13 and 14). Here, the labels are extracted from extracted reviews or directly
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from the cited paper. We better clarify the information search in every RQ8

paragraph and also added in the Appendix the created dataset for the semi-
automatic part, which indeed was not present in the first version. We took the
opportunity throughout to trace every result with the corresponding data by
providing a link to some tables or to our repository.

Comment 6. It should be clearly stated which data were extracted
from the papers (and their corresponding values) to answer each re-
search question.

Response: The extracted data correspond to the listed research questions
on page 4. By reading the papers, we analysed the aspects of interest, like
limitations, evaluations, metrics, context, and so on. For the visualisation, we
preferred a summary table for every research question within each category
for the RQ4 - RQ7. For the classification (RQ8), depending on the category,
we proposed a different classification and, according to the case, proposed a
visualisation to correlate the selected papers. We enriched the Selection &
Evaluation paragraph on page 6 to better highlight this aspect.

Comment 7. How is the term “feature” defined in Table 2?
Response: Table 2 shows a list of reviews on manual ontology construction.

The intended goal is to show the classification features of those papers, some
of which are reused in our manuscript to classify papers in that category. We
clarified this aspect in the text (page 7, RQ4) and by changing the title columns
of Table 2.

Comment 8. Another major issue concerns the predefined cate-
gories of manual, semi-automatic, and automatic approaches. Are all
retrieved works complete methodologies, or is there a mix of method-
ologies and methods/techniques targeting specific tasks or activities?
If so, are all these elements truly comparable?

Response: We thank the Reviewer for this interesting point. For this, we
recall that the review only includes methodologies for ontology construction
or learning. If a methodology comprises both manual and automatic parts, it
clearly fits the definition of a semi-automatic approach, while the mix of manual
(resp. automatic) parts would lead to a bigger manual (resp. automatic) ap-
proach. We also emphasise that the distinction of the three categories is justified
in literature by the presence of existing works explicitly clarifying the context,
like “Manually vs semiautomatic domain specific ontology building”, “A system-
atic literature review of automatic ontology construction”, or “Semi-automatic
ontology construction based on patterns”. We claim this has been necessary
in the literature exactly to restrict the context of comparable works, given the
difficulty of comparing methodologies belonging to different categories. This
is also reflected by the three different evaluations provided in the manuscript.
We consider this reflection worth mentioning in the manuscript in the added
Inter-category Discussion section.

Comment 9. Why is “linguistic” considered a category within
Type (F1)? How was the list of features defined?

Response: The list of features (F1 - F8) on page 8 has been chosen by
taking inspiration from existing features of the cited review papers, and by
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introducing some other features of interest in our opinion, like agility. The goal
is to propose a set of features that help ontology designers choose a proper
methodology based on their context, skills, or application. Strictly speaking of
F1, the goal of this metric is to clarify a macro-objective of the methodology.
We easily identified methodologies being developed for a specific context or
application (project), others aiming to be fully reusable (framework), and others
tailored to reuse existing sources (integration). When reading about ontology
construction in linguistics, we realised that none of these types fitted it. Building
linguistic ontologies is neither limited to an application nor aiming to be a
general framework. It is, generally, a construction intended to integrate existing
linguistic resources, but it is not only that: it also needs to understand which
(linguistic) tasks are to be executed, how to align semantics (many versions of
synsets are available), the size of the integration, and so on. This is why we
claim that reducing linguistic construction to integration would be too simplistic
and that it deserves its own value in that feature. We thank the Reviewer for
this remark, which helped us in explicating this choice in the paper on page 8
(RQ8).

Comment 10. It is not clear what is meant by “local evaluations.”
Response: We agree with the Reviewer: we actually used two terms to refer

to the same process. We aligned “local evaluations” with what we called “intra-
category classification”. With this term, we mean the classification of the papers
within the categories in which they have been put.

Comment 11. Page 9: “For this, we reduce the 8 features to 3.”
Why was this reduction performed, and which features were retained?

Response: We adopted a robust technique in the literature for dimensionality
reduction called Principal Component Analysis (PCA). The advantage of this
technique is that we did not need to choose 3 features among the 8, but rather
it synthesises the information of the original 8 features into 3 (hidden) features.
There is, naturally, a loss of information in performing this process, but in the
case of selecting 3 features out of 8, this is negligible. Moreover, this process
has been done only for visualisation purposes, in order to show Figure 7 (b).

Comment 12. In general, the presentation of partial information
in tables creates uncertainty regarding whether all papers were ana-
lyzed. For example, should readers assume that papers not appearing
in Table 5 have no reported limitations, or that the table only presents
a subset of the results? Information should be reported for all studies,
including the explicit absence of particular characteristics.

Response: We are actually considering this matter. The tables represent
complete information: missing papers simply do not contain any informative
part to answer the specific RQ. For instance, in the context table, non-cited
papers are works for which a context has not been specified. We agree, however,
that tables may be interpreted ambiguously. The main concern is that, for some
tables, the papers for which the information is missing represent the majority,
and much space would be dedicated to uninformative rows of the tables. We
opted for an additional row containing the keyword “Others” and the reason
why they do not appear in separate rows. We also claim that adding the full
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list of papers in the Appendix and in the repository provides the necessary
information about what others include. We thank the Reviewer for this useful
remark; we are also open to suggestions on this.

Comment 13. Page 9, RQ5: The proposed description appears
somewhat ad hoc with respect to the application of machine learning
in this domain. Were automated methods that do not rely on machine
learning also considered?

Response: We actually considered, in the semi-automatic approaches, also
papers working with strategies that are not part of the set of ML algorithms,
as shown in Figure 10(b) on page 15 in which the different strategies for the
automatic part are shown. RQ5 is still valid for this section given that existing
approaches may benefit from existing ones or some datasets. We agree, however,
that the description may be ambiguous and we decided to modify the description
of that paragraph.

Comment 14. It is not clear how Figures 6a and 6b were generated,
nor how the conclusions derived from them were obtained.

Response: We report some sentences in the paragraph RQ8 to clarify this
aspect:
“having this non-geometrical distance function, agglomerative clustering is adopted
with the silhouette score [...] Figure 6(a) shows the corresponding silhouette
scores, with k = 18 as the best. Using the best k, we can then visualise the
clustered methodologies together. For this, we reduce the 8 features to 3. Prin-
cipal Component Analysis (PCA) is employed [...] we exhibit the 41 methods
in Figure 6(b).”
We understand that the distance between this portion of text and the figures
may complicate the understanding, and also, a clear discussion on the results
was missing. We introduced more information in the Discussion paragraph on
page 10. In brief, the two figures are the results of the clustering proposed
starting from Table 5: the first one is the silhouette score by varying k, and the
latter is the visualisation (in 3D after dimensionality reduction) of the clusters.
We also updated 6(b) with a clearer version.

Comment 15. Page 9, RQ8: The description provided is not suffi-
ciently clear.

Response: Also thanks to other comments, we enriched and improved the
description of RQ8 of the second category by describing the labels and the
information extracted for the classification.

Comment 16. Page 13, RQ8: The objective appears to be the
classification of methodologies. Based on the results presented, would
“clustering” be a more appropriate term than “classification”?

Response: We thank the Reviewer for this interesting point. Actually, clus-
tering is involved in two of the three intra-category classifications, so it does not
apply in any case to the third category. Apart from this, with “classification”,
we want to emphasise the goal of answering RQ8; while, by using “clustering”,
we may be referring to the technical strategy adopted. As said also for other
comments, the goal is to provide readers with a picture in which methodologies
are related according to the necessary features for adoption. In this sense, we
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are interested in positioning papers rather than grouping them tout court, al-
though grouping helped us in designing the pictures we aimed to propose. We
appreciated this comment and are actually considering where to introduce this
reflection in the paper in case of acceptance.
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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 generalising 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
categorisation. 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.

Keywords
Ontology, Construction, Review, LLMs

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 conceptualisations 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
manual creation is the best (or the only) possibility. Con-
versely, the development of Deep Learning LeCun et al.

1LIRMM, Université de Montpellier, France
2MISTEA, INRAE & Institut Agro, France
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(2015) models, especially in the field of Natural Language
Processing (NLP) Chowdhary and Chowdhary (2020), led
to automatic processes in which the conceptualisation is
inferred from available data (curated documents, vocabular-
ies, etc). Thanks to the shift of paradigm, many inferential
tasks became possible, reducing the demand for domain
experts. Following several reviews Asim et al. (2018); Al-
Aswadi et al. (2020); Zengeya and Fonou-Dombeu (2024);
Armary et al. (2025), we take a glance at the performance of
modern models in solving many tasks originally thought to
be only human-based, like term extraction, relation extrac-
tion, axiom learning, clustering (for synonyms), and so on.
As evidenced in Khadir et al. (2021), challenges in this
line consist mainly of training aspects, data availability
and quality, which often require a pipeline of models and
synthetic data creation. 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. Recently,
a survey on ontology construction with LLMs has been
proposed Li et al. (2026), in which many works are put
into correlation with the corresponding tasks of ontology
management. This work highlights how LLMs can indeed
fulfil several ontology-related tasks, but also shows the lack
of consensus in their adoption and the limited availability
of general strategies; these will be mentioned throughout.
Besides, their performance is debatable in general, since
benchmarking LLMs for an ontology task is still missing
overall. LLMs were not only introduced in semi-automatic
approaches. The availability of data (mostly in the form of
documents) can be used to construct ontologies that can
be proposed for the latest GraphRAG models Jiang et al.
(2026). Apart from retrieval, they brought to the community
advances in data fusion Huang et al. (2026), summarisation
Shukla et al. (2025), validation Sesen et al. (2025), and
explanation Zhang et al. (2026). Thanks to this synergy
between ontologies and NLP, the two areas are developing
in parallel, as the language models perform better with
high-quality, validated, and consistent graphs. Finally, the
database community is proposing some new research on how
to better store and index property graphs Angles (2018) in
order to bring benefits to GraphRAG performance.

Today, a wide variety of construction techniques address
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 and the human skills. To
support ontology practitioners in selecting a methodology,
understanding similar alternatives, and being aware of the
ramifications of the choice (context, metrics, weaknesses,
etc), this study conducts a comprehensive review of
ontology construction methods, from purely manual to LLM-
supported. We bring the following contributions:

1. Through a comprehensive systematic search, we
broaden and update the literature on manual (which
has not been updated since 2020), semi-automatic
(including LLM) and automatic ontology construction,
classifying papers in their categories.

2. We answer relevant questions that affect the method-
ology adoption.

3. We propose an inter-category classification to help
researchers in finding a methodology that fits their
needs.

This review followed the Petersen et al. (2008) method-
ology, whose step definitions are mentioned below. The
classification has been done on 136 works, and several
additional reviews have been taken into account to propose
classifications, metrics, and papers. The papers, resources,
code, and classifications are available in a publicly accessible
repository *.

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 of the selection. Section
Mapping Review provides global statistical analysis,
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 conceptualisation. 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 conceptualisation 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 conceptualisation 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 rejected 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.

∗https://github.com/davide1797/ontology_
constructions/tree/main

Prepared using sagej.cls

https://github.com/davide1797/ontology_constructions/tree/main
https://github.com/davide1797/ontology_constructions/tree/main


Di Pierro et al. 3

• 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 report here only those that will appear in the
remainder of the paper:

• 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 the proportion of covered items

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.

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 major or minor, 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 follow 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 into a KG in which HC and HR are sets of
edges with label ⟨isA⟩, and I is a set of ⟨instanceOf⟩
edges. There are many alternatives to KG representation
Hogan et al. (2021), each associated 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 referred to the
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
outperformed 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,

†https://www.w3.org/TR/owl2-primer/
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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 generalising to multiple tasks Radford et al. (2019).

The LLM’s ability to solve diverse tasks with human-level
performance comes 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 excel at understanding and
relating 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 challenging;
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 increasingly incorporated into evaluation
frameworks 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 help in understanding their role, but we also
provide the readers with a brief description, although
most of the methodology is not new. Some steps require
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 relevant
papers. The basic logical operators AND and OR are
generally supported by the most popular scientific
search engines for complex query answering.

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
within to the scope of this review. As an example,
by searching for “ontology” and “learning”, papers
regarding ontologies in the educational field are
returned, 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 applied existing solutions are excluded.
Moreover, methodologies that are too closely tied
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. Intra-class Classification: Every paper is classified
and compared within its category. The parameters and
metrics for comparison are highly dependent on the
corresponding category.

Formulating Research Questions
To conduct this study, it is imperative to specify which
questions we aim to answer. Questions should provide
enough information to categorise ontology construction
methods, clarify the reasons for which they have been
conceived, and clarify their advantages and disadvantages. A
goal of this contribution is to provide sufficient information
for practitioners when selecting a construction methodology.
To facilitate the reuse of a methodology, it is fundamental
to known how it has been evaluated (RQ4), if it has
origin from another methodology or is completely novel
(RQ5), the contexts in which it is applicable (RQ6), and
its limitations (RQ7). Apart from this, we can come across
several methodologies presenting similar scenarios of use.
This is why we also propose an internal classification (RQ8)
within the three categories of ontology creation approaches.
To do this, a preliminary split into the three categories (RQ3)
is necessary. We also propose global statistics of this research
trend (RQ1 and RQ2).

Hence, the proposed questions are the following ones:

• 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 relevant papers. The main sources
of information are the most renowned academic databases
like Scopus, Scholar, and IEEE Xplore. We decided to
analyse two sets of papers: (i) from the last 10 years for
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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.

Figure 2. Intra-category classification methodologies.

ontology learning, and (ii) manual ontology construction

with no time filter. We used a string pattern to craft relevant
papers based on logical operators. The chosen queries,
applied to titles, are shown in Listing 1:

Listing 1: Search query patterns 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.

‡https://www.sciencedirect.com/
§https://scholar.google.com/
¶https://ieeexplore.ieee.org/Xplorehelp/
searching-ieee-xplore/search-engine
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Reviews are particularly taken into account in order to fetch
papers that might be missed by our definition of criteria.
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, this information could
not have been retrieved automatically for every paper; hence,
an exhaustive manual check 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 the 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
Many papers are expected to overlap across the different
sources. For this reason, duplicates have been removed.
We also removed 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 introduce novelty in the scope of
the review, i.e., proposing a new methodology for ontology
construction or learning. Filtering is performed by examining
first the abstract, title, and conclusions, and, if necessary, the
entire content. In order for a paper to be considered in line
with the scope of the survey, the following criteria were taken
into account: goal, novelty, and reproducibility. For goal, we
mean that the work actually solves a problem of ontology
construction/learning, and so excluding related (but distinct)
lines like population, enrichment, and so on. There are,
evidently, papers working for more tasks, but construction or
learning is mandatory in order to be included; for novelty,
we mean that the work is clearly positioned in the state-
of-the-art and does not represent a smaller improvement of
an existing work; finally, for reproducibility, we mean that
the workflow is well-described in its steps, and the adopted
datasets are standard or well-described. Review papers in
this phase are excluded, although they have been used to
retrieve or consider possible relevant papers not returned
by the query. Non-accessible papers were excluded in this
phase as well. In the end, 136 papers have been selected for
the final comparison. This part was inherently manual and
time-consuming, but it took advantage of the first filters that
shrank the workload.

Selection & Evaluation
Each paper has to be sorted according to the category it
belongs to. Distinguishing among manual, semi-automatic,
and automatic constructions facilitates an intra-category
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. Intra-category evaluations are based, when
possible, on features from the literature (especially reviews)
and/or others provided in this manuscript. Withing each
category, this contribution aims to classify papers according
to its scenarios of use, requirements, limitations, etc. We
refer to these conditions that impact the adoption of
every methodology as generic “features”. The selected
metrics for every category are described later. Given the
different nature of the three categories, the classification
of the selected papers has been designed differently.
Indeed, for the “manual” category, features concern more
engineering processes, steps, or human interactions; the
“semi-automatic” one refers to the chosen algorithm/strategy
followed for the automatic/manual part and, finally, the
“automatic” one concerns more the possible tasks and the
types of suitable models to deal with them. To the best of
our knowledge, no existing review on this topic proposes
a quantitative/visual classification of the methodology to
highlight similar works based on features concerning
reusability.
In Figure 2, we provide a more detailed description of how
the intra-category classification is provided for the three
categories:

• manual: by taking inspiration from existing surveys
Fernández-López and Gómez-Pérez (2002); Cristani
and Cuel (2005); Jones et al. (2007); Dahlem and Hahn
(2009); Iqbal et al. (2013); Nefzi et al. (2014); Sattar
et al. (2020), we reused some existing features like
agility or orientation, introduced new ones like type
or documents and filled, for every selected paper, the
values for all the 8 features. Starting from this created
dataset, we propose a clustering based on Gowen’s
distance and the silhouette score to find the best k.
Then, to provide a visualisation of the clustering, we
propose a dimensionality reduction to synthesise the 8
features into 3 and visualise the clusters as a 3D plot.

• semi-automatic: we distinguish, for every paper, the
technique adopted for the manual and automatic
parts. Then, we propose two classification strategies:
(i) based on embedding similarities starting from
textual features leveraging a sentence transformer,
and (ii) based on Huang and He (2024), in which
an LLM behaves like a classifier. A discussion of
the similarities and differences of the results is also
presented.

• automatic: we distinguish, for every paper, the task(s)
that it aimed to solve, and the adopted strategies. The
visualisation as a 2D chart makes it evident for a
reader to understand what the relevant papers dealing
with a specific task are or, conversely, which are the
tasks for which a strategy has already been adopted
successfully.

Prepared using sagej.cls



Di Pierro et al. 7

Mapping Review
Before presenting the three core sections, we provide some
basic statistical analysis by looking at how the production
of approaches evolved through time. Hence, we report in
this section the following metadata and charts to provide
preliminary insights into 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
3).

• For every category, number of articles per year:
illustrates the publication trend of publications
according to the three categories from 2016 (Figure
4).

• 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
5)

• Most popular paper venues: Figure 6.

Figure 3. Number of selected publications per year.

Figure 4. Number of selected publications per year and
category from 2016.

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 motivates 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),

Figure 5. Number of citations per year and category from 2016.

Figure 6. 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 introducing
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. Over the years, 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 the state-of-the-art can be updated
in the field. Apart from updating the literature, the two main
gaps with respect to existing reviews are:
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• 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 1 the detected
features (when available) of the selected reviews on manual
ontology construction. We highlight in the Table that the
metrics are almost all related to the software engineering
process and that, in recent years, as evidenced by the last
cited paper, more features are related to the LOD and
FAIR principles, so aspects like reusability, localisation, and
interoperability become imperative.

RQ5: Is there any starting methodology/dataset adopted?
Different methodologies take inspiration from existing,
stable, or popular ones. The majority of the works extend
earlier methodologies, adapting them to modern needs.
These extensions cannot easily be inferred solely 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 2 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. Here, it is evident how Methontology represented
a milestone in the field, although recent works also extend
agile methodologies like NeOn or LOD.

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 3 the methodologies explicitly
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 RQ8 will clarify these aspects.

RQ7: What are the limitations of the methodology? Most
common methodologies have been extensively studied, 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 4 lists the most relevant reported
limitations. We specify that we mention only explicit
limitations provided by the authors in the papers or by
authors of papers who extended the cited one. Here again,
it is evident that only recent methodologies are suitable
for current needs like reproducibility and integration. From
this point of view, the FAIR principles have revolutionised
the field, and earlier methodologies can be used more as a
starting point rather than a complete solution.

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 provide an immediate
overview 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. We
claim ontology construction in linguistics is neither
limited to an application nor aiming to be a general
framework. However, it is not only an integration,
given that it also needs to understand which tasks are
to be executed, the design of semantics alignment, how
to guarantee the presence of the target language(s)
and other possible factors. This is why we claim that
linguistics deserves its own value in that feature.

• expertise (F2): it specifies whether the methodology
can be used by novice users (n) or requires a certain
experience in knowledge representation (y).

• 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
stakeholders (y), or if it happens only after the
development (n).
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Review Classification 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, conceptualisation 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, conceptualisation, 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 1. 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)
Others No papers extended.

Table 2. Summary of manual methodologies extensions.

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
Others Unspecified context.

Table 3. Summary of papers’ contexts for manual construction.

• 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.
To do this, we checked explicit, implicit, and reference
information to fill Table 5. 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 straightforward 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, the rest of the features are categorical and, hence,
only equality (0) or inequality (1) is evaluated. For this
purpose, we applied the Gower’s distance Gower (1966)
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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 conceptualisation 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).
Others No explicit limitations.

Table 4. Summary of papers’ limitations.

defined in this way:

Si,j =
Σp

k=1wi,j,ksi,j,k
Σp

k=1wi,j,k

with si,j,k = 1− |xi−xj |
Rk

with Rk being the range of the k-th
variable and thus ensuring 0 ≤ si,j,k ≤ 1, and wi,j,k = 1 in
our case for every feature.

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 7a shows the corresponding silhouette scores, with
k = 18 as the best. Using the best k, we can then visualise
the clustered methodologies together. For this, we reduce the
8 features to 3. Principal Component Analysis (PCA) Wold
et al. (1987) is employed for dimensionality reduction. After
the reduction, we exhibit the 41 methods in Figure 8, divided
by clusters identified by colours. For the textual list of the
cluster division, see Appendix.

Discussion The proposed clustering aims to combine
methodologies that can be adopted within similar contexts
or under the same conditions. Selecting among a number
of methodologies can be time-consuming, and the final
choice is likely to be one of the most popular approaches,
overlooking possible alternatives. We claim that this
classification is beneficial for those searching for an
approach for their requirements, with all the main distinctive
characteristics represented. We claim that, conversely
to automatic approaches, these are less affected by
technological evolution, and that is why, for instance,
Methontology is still among the most used. This justifies
our solution of not filtering by age in the presented
approaches. This clustering is highly sensitive to the choice
of k. Although k = 18 is the one providing the highest
silhouette score, the presence of singletons, for instance,
is not sufficiently informative for those seeking to identify
methodologies similar to the singleton value. The scope of
the visualisation for the best k is to highlight that the best
split generally fulfils the task of separating methodologies.
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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 5. Summary of manual ontology creation methodologies with their corresponding features F1-F8, used as the dataset for the
clustering classification.

For alternative splits, we refer the reader to the repository||,
in which the splits from k ∈ [11, 20] are shown. The most
evident limitation of this classification is the dependence
on the selected features, although we claim they are
representative of the current and historical needs in the field,
as also supported by the literature.

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

∥https://github.com/davide1797/ontology_
constructions/tree/main/data
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(a) Silhouette Scores for the Different K s. (b) 3D Clustering Chart of Manual Methodologies.

Figure 7. Comparison of Silhouette Scores and 3D Clustering.

Figure 8. Distribution Pie Chart of Manual Methodologies for
F1.

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 visualisation 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 6 the list of metrics
for the semi-automatic papers. As evidenced in the Table,
the metrics are almost all aligned with the traditional ML
ones, overlooking the engineering process that is, however,
present. The OOPS evaluation is more concerned with the
engineering aspect, evaluating the potential reusability and
integration of the resource. Many recent works introducing
LLMs still have problems in identifying generic and reusable

metrics for the model part. The lack of reproducible metrics
is also one of the reasons why, to date, a shared methodology
for LLMs is not yet available.

RQ5: Is there any starting methodology/dataset adopted?
Semi-automatic methodologies rely on pattern extraction
techniques for the automatic part, which require existing data
sources to infer or derive knowledge. We report in Table 7 the
resources used for the approaches. In most cases, the dataset
used is not known in the literature. Generally, these datasets
are not large enough to train a fully automatic pipeline or
the context (as for the Medical Guideline Ontology) is too
specific.

RQ6: What is the context of the methodology? As
for manual ontology, semi-automatic construction may be
specifically tailored to a domain. The specificity of this
research line appears to be common, given the number of
non-standard datasets adopted or the evaluation based on
experts’ revision. We report in Table 8 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 Table 9. Also present in this category is the lack of
correct evaluation when LLMs are involved. Above that,
the difficulty in generalising across different domains and
datasets is also evident, as it is part of the motivation for
choosing this class of approaches.

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. For this classification, for every selected paper, we
identified the manual and automatic parts adopted in the
methodology. Then, we identified several common labels
to clearly distinguish them. The harmonisation has been
done manually based on the definition provided below. The
statistical presence of these labels is shown, respectively, in
Figures 10a and 10b. The definitions for every label are the
following ones:
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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 6. 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 7. Datasets for semi-automatic ontology construction 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)
Unspecified context Others

Table 8. Contexts of semi-automatic ontology creation papers.

• manual: Creation and experts’ revision: it involves
the definition of concepts by exchanging opinions
with experts; Middle-out: it follows a middle-out
approach, starting from some basic concepts and then
spreading; Scraping: it relies on existing sources on
the web that can be analysed automatically; Relational
database mapping: it maps data directly from a
relational database; Ontology Development 101: it
follows the Ontology Development 101 methodology;
NeOn: it follows the NeOn methodology; HCOME:
it follows the HCOME methodology; UponLite:

it follows the UponLite methodology; McGinty et
al.: the methodology follows the McGinty (2018)
approach.

• automatic: Spanning Tree: it relies on spanning
tree algorithms for hierarchy creation; Singular
Value Decomposition (SVD): it exploits Singular
Value Decomposition to uncover latent semantic
structures; Semantic Similarity: it measures the
semantic relatedness between terms or concepts to
infer axioms or synonyms; Stanford CoreNLP: it
uses the Stanford CoreNLP toolkit to perform natural
language processing tasks, such as tokenization,
parsing, and named entity recognition; LSTM: it
employs LSTM to learn semantic patterns from textual
data; Model checking: it applies model checking
techniques to verify the consistency and correctness
of ontology structures; Clustering: it groups similar
concepts or entities into clusters to facilitate ontology
generation; Data Mapping: it maps concepts and
relationships from structured or semi-structured data
sources into an ontology; LLM-based: it leverages
LLMs to automatically extract and generate concepts
and relationships from data; Association Rules: it
discovers frequent associations and dependency rules
within data to identify semantic relationships.

For the classification, 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
approach is proposed as a combination of a generation and
classification task. These two classifications benefit from the
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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.
Others No explicit limitations.

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

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

(ii) Huang and He (2024) proposed a methodology based
on the generation of labels for the instance set, and then
a clustering based on the same set of labels, reformulating
a 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; the 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.

The prompt has been designed to guide the model to select
a consistent and general enough set of clusters for the
proposed dataset, without specifying a range of numbers
of clusters. The four classes are not only the result of the
GPT model, but have also been proposed by the models
Claude and Gemini. The labels were often similar or
overlapping. We report only the GPT labels, but we refer
the reader to the repository††. We also tested three open-
access models: nemotron-3-ultra-550b-a55b
(Nemotron), laguna-m.1 (Poolside), and
dolphin-mistral-24b-venice-edition (Mistral)
to better allow the reproducibility of this experiment. In this
case, we preferred the labels provided by the model based
on Nemotron. To provide a visual correspondence among
the answers provided by the different models, we show two
Sankey diagrams in Figure 11 and 12 in which we show
(for paid and open-access) how many papers in a cluster are
present in another cluster. These representations indicate
that, for paid models, GPT and Gemini tend to agree more
than Sonnet on the meaning of the clusters, while the free
models seem less susceptible to model choice.
The designed prompt is the following one:
Given this dataset of semi-automatic
ontology construction approaches,
[dataset]

can you identify general clusters to
group them? Return only the names
of the clusters and their basic
characteristics?

Then, Table 10 shows how the LLM classified the cited
works according to the labels it designed, while the full
created table is available in the Appendix.

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 shown in Figure
9, the points Kommineni et al. and Qiu et al. are 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
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 supports the hypothesis that
the LLM is capable of capturing the features we used
for methodology comparison, capable of reproducing (or
improving) 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 10, 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 by creating
new scenarios and challenges. Apart from the traditional
language challenges (interpretation, POS-tagging, entity
disambiguation), this research also addresses consistency
preservation, rule generation, and contextual reasoning,
all of them while considering account performance or
scalability matters. The evolution of this research follows
all the major breakthroughs of Machine/Deep Learning

∗∗https://huggingface.co/sentence-transformers/
all-MiniLM-L6-v2
††https://github.com/davide1797/ontology_
constructions/blob/main/res/LLM_semiautomatic.txt
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Figure 9. 2D Plot of the Classification of Semi-automatic Approaches.

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); 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 10. LLM-based classification for semi-automatic ontology approaches.

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

Figure 10. Frequencies for manual and automatic methodologies in semi-automatic approaches.
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Figure 11. Sankey Diagrams for the correspondences of
approaches identified by the models Gemini, GPT, and Claude.

Figure 12. Sankey Diagrams for the correspondences of
approaches identified by the models Poolside, Nemotron, and
Mistral.

in the last few decades, given that all the most popular
models have been adopted within the scope. The contribution
of this section includes a classification based on two
dimensions: the adopted strategies and the solved tasks.
This demonstrates 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 methodolo-
gies. Following the Machine Learning metrics, the evalu-
ation is mostly computed as the coverage of the correct
axioms (triples) automatically extracted. We report in Table
11 the list of metrics used for the different approaches.
Compared to the semi-automatic approaches, this category
presents more variety in tasks, which is also responsible
for more metrics. We also found more metrics concerning
the engineering part: apart from OOPS, we also encoun-
tered the A(ttribute)/I(nheritance)/R(elationships)/C(oncept)
Richness that provide a glance at the information distribution
of the ontology; for instance, highlight if the number of
properties is not proportionate to the number of classes. More

error functions are also available, but most papers still rely on
the most common metrics.

RQ5: Is there any starting methodology/dataset adopted?
In some cases, extensions or improved variants of existing
models are available. For automatic methodologies, datasets
are crucial, and many considerations depend on them. We
report in Table 12 the resources used in the papers. Here, it is
much more evident that the resources are widely adopted in
literature. Their size, generality, and quality allow pipelines
for automatic ontology learning.

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 13
the context (when available) of the proposed approach.
Compared to the previous approaches, here more tasks
related to linguistics are present, which are indeed supported
by large datasets. Domain-specific contexts are also present,
although less common than other ones.

RQ7: What are the limitations of the methodology?
Limitations may arise when the proposal is too limited
to a domain or the evaluation is lacking in comparison.
Limitations are shown in Table 14. As reported by the authors
themselves, the lack of a human evaluation hampers the
trustworthiness of the results. The output of these approaches
can be fully adopted to improve some ML tasks, but they
are rarely resources to be shared by practitioners. This is
also one of the other major differences between this class
of approaches and the others: for this one, the benefit is,
in general, a new large source coming from heterogeneous
data or an enrichment of existing ones. These outputs are
not intended to be shared, manipulated, or reused by other
researchers manually due to their size, complexity, and lack
of traceability in most cases. Hence, the dimensions of size
and purpose distinguish the two extremes: while the manual
approaches tend to produce smaller and reusable resources,
the automatic ones tend to produce bigger and trainable
outputs.

RQ8: How to classify the methodologies? Reviews
generally propose information about the technologies used
to achieve the task. In other cases, the authors preferred
to distinguish the learning tasks themselves. Ontology
construction can indeed refer, depending on the approach
used, to axiom learning, taxonomy learning, relation
extraction, etc. For this reason, we combine the two
dimensions, providing a complete overview of the presented
approaches, addressing both the what and how dimensions.
The classification is split into two ranges of time: 2016-2023
(Figure 13), and 2024-2025 (Figure 14).

Discussion With this classification, we are able to provide
partial views of the landscape, organised 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 is evident which architectures have been
utilised 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 evolution of
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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 11. Metrics for automatic ontology construction approaches.

Figure 13. Classification of Automatic Strategies from 2016 to 2023.
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Figure 14. Classification of Automatic Strategies of 2024 and 2025.

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 12. Datasets for automatic ontology construction approaches.

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

Inter-category Discussion

The landscape of ontology construction is a continuously
evolving field in which principles, ideas, and evaluations
are periodically redefined, retraced or reconsidered. More
precisely, technological breakthroughs like transformers, on
one side, have proposed many alternatives in the field, but,
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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)
Unspecified context Others

Table 13. Contexts of automatic ontology creation papers.

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.
Others No explicit limitations.

Table 14. Limitations of automatic ontology creation papers.

on the other side, new metrics are required to evaluate
not only the result, but the contribution of the LLM itself.
This has to be considered when deciding to follow one
of the mentioned methodologies. The motivation for this
contribution is the difficulty in having a clear vision of all the
consequences, metrics, limitations, and technical contexts for
every methodology or class of methodologies. Nonetheless,
we can provide a concise summary when to choose at least
one category over the others, based on the insights of the
previous sections.
Manual construction is the most established research line
among the three. This was due to the fact that, in the
early stages of the discipline, no alternative could have been
available and, still today, there are strong reasons to propose
manual constructions. This line has to be generally preferred
exactly when no alternatives are available; e.g., no existing
data to train, no LLM trained on the concepts we desire.

Although this condition may appear restrictive, in reality,
it is often the case since new needs emerge frequently, for
example, in nature (PFAS spread, climate change, etc) or in
industrial scenarios (new data management, data migration,
etc). The evaluation here relies mostly on the produced result
(e.g., fairness) and on the reproducibility of the process
(communication with experts, tools/diagrams, etc).
Automatic construction is quite often associated with the
bottom-up approach, where some data existed before being
conceived as a KG. To prefer this approach, not only should
data exist, but also a pipeline of curation, alignment, and
transformation should be proposed. When this line is chosen,
it is expected that the data are qualitatively good enough
to represent the needed concepts; hence, the evaluation is
mostly based on the ML performance. The relation with
experts can (and in most cases should) be present, but it is
quite often limited to validation and generally not considered
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a key factor in the whole process.
Semi-automatic construction represents an added value for
quite well-known domains for which structured resources
are missing or not suitable for a defined task. Before the
LLMs, this line was conceived exactly as an intermediate
layer between the other two. Currently, given the variety of
tasks in which LLMs are involved, the positioning of this line
is blurry. As shown above, there are some works in which
LLMs are fully integrated into some manual pipelines in
which they mimic the behaviour of an expert or a facilitator
of formal writings (CQ generation, SPARQL queries, etc.);
but there are also LLMs entering the automated part and
involved in preprocessing, preparing, or summarising the
data (e.g., documents) from which the graph is generated.
As for the automatic part, the machine evaluation is
fundamental, while some aspects related to the interaction
and flow within the methodology are less stressed. In all
cases, introducing LLMs raises considerations of how to
evaluate their work, recognise hallucination, and manage
inconsistencies. Table 15 highlights the general cases and
conditions of every line of methodology.

Class Requirements Evaluations

Manual Presence of
human experts,
awareness of the
tools to design
knowledge, new
or unknown
domain.

fairness,
quality,
interaction
with
experts,
flow.

Semi-
automatic

(Partial)
availability of
data, existing
domain,
fine-grained
ML/LLM
contribution,
awareness of the
ML/LLM
technicalities and
limitations.

ML,
coverage,
quality,
statistical,
and
explanation
metrics.

Automatic Availability of
large datasets,
well-defined and
existing domain,
strong ML/LLM
architecture, ML
pipeline from
data curation to
evaluation.

ML,
coverage,
quality,
statistical,
and expla-
nation/visu-
alisation
metrics.

Table 15. Classes of methodologies with their requirements
and evaluations.

Beyond all these considerations, there are also “human
limitations” to take into account. The chosen methodology
is quite often governed by the methodology that the
stakeholders can lead to completion and understand.
This is one of the reasons why, for instance, in many

interdisciplinary projects (like those involving medicine)
manual graph construction is still often preferred. Time is
also a fundamental dimension of the decision. Although it is
impossible to say in general which methodology (or class) is
faster, according to the requirements of the project, designers
may prefer one solution over the other based also on this
criterion.
Overall, choosing the methodology involves countless
factors, and the majority of them refer to data (both input
and output) and the humans responsible for producing the
result. We also emphasise that the distinction of these three
categories is well represented in literature by the presence of
existing works D’Avanzo et al. (2008); Blomqvist (2009);
Zulkipli et al. (2022) explicitly clarifying the context. We
claim this has been necessary exactly to restrict the context
of comparable works, given the difficulty of comparing
methodologies belonging to different categories. This is also
reflected by the three different evaluations provided in the
manuscript.
Future developments in this research would still need to be
classified according to the proposed categories, evaluated,
and compared, in line with the objectives of not duplicating
existing literature and keeping track of the progress.

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 fulfils two objectives: to update the state-of-the-art in
the field, especially in the areas of manual conceptualisation
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 (possibly
simpler) conditions may emerge.
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D (2017) Foundations of modern query languages for graph
databases. ACM Computing Surveys (CSUR) 50(5): 1–40.

Armary P, El-Vaigh CB, Narsis OL and Nicolle C (2025) Ontology
learning towards expressiveness: A survey. Computer Science
Review 56: 100693.

Arrar D, Kamel N and Lakhfif A (2024) A comprehensive survey
of link prediction methods: D. arrar et al. The journal of
supercomputing 80(3): 3902–3942.

Asim MN, Wasim M, Khan MUG, Mahmood W and Abbasi
HM (2018) A survey of ontology learning techniques and
applications. Database 2018: bay101.

Babaei Giglou H, D’Souza J and Auer S (2023) Llms4ol: Large
language models for ontology learning. In: International
Semantic Web Conference. Springer, pp. 408–427.

Badr KBA, Badr ABA and Ahmad MN (2013) Phases in
ontology building methodologies: A recent review. Ontology-
Based Applications for Enterprise Systems and Knowledge
Management : 100–123.

Bakker RM, Di Scala DL and de Boer M (2024) Ontology
learning from text: an analysis on llm performance. In:
Proceedings of the 3rd NLP4KGC International Workshop on
Natural Language Processing for Knowledge Graph Creation,
colocated with Semantics. pp. 17–19.

Basheer R and Alkhatib B (2024) Darkonto: An ontology
construction approach for dark web community discussions
through topic modeling and ontology learning. Human
Behavior and Emerging Technologies 2024(1): 7914028.

Bautista-Zambrana MR (2015) Methodologies to build ontologies
for terminological purposes. Procedia-Social and Behavioral
Sciences 173: 264–269.

Ben Mahria B, Chaker I and Zahi A (2021) A novel approach
for learning ontology from relational database: from the
construction to the evaluation. Journal of Big Data 8(1): 25.

Benjamins VR and Fensel D (1998) The ontological engineering
initiative (ka) 2. In: Formal Ontology in Information Systems.
Citeseer, pp. 287–301.

Berners-Lee T et al. (1998) Semantic web road map.
Bischof S, Filtz E, Parreira JX and Steyskal S (2024) Llm-based

guided generation of ontology term definitions. In: European
Semantic Web Conference. Springer, pp. 133–137.

Blomqvist E (2009) Semi-automatic ontology construction based
on patterns. Linkopings Universitet (Sweden).

Borst P, Akkermans J, Pos A and Top J (1995) The physsys
ontology for physical systems. In: Working Papers of the
Ninth International Workshop on Qualitative Reasoning QR,
volume 95. pp. 11–21.

Bosso F, Ruberto S et al. (2025) Ontology learning for hybrid
threats .

Cahyani DE and Wasito I (2017) Automatic ontology construction
using text corpora and ontology design patterns (odps) in
alzheimer’s disease. Jurnal Ilmu Komputer dan Informasi
10(2): 59–66.

Capuano A, Rinaldi AM and Russo C (2020) An ontology-driven
multimedia focused crawler based on linked open data and
deep learning techniques. Multimedia Tools and Applications
79(11): 7577–7598.

Casteleiro MA, Prieto MJF, Demetriou G, Maroto N, Read WJ,
Maseda-Fernandez D, Des Diz JJ, Nenadic G, Keane JA and
Stevens R (2016) Ontology learning with deep learning: a case
study on patient safety using pubmed. In: SWAT4LS.

Chandolikar N, Shilaskar S, Peddawad D and Bhosale S (2019)
Semi-automated ontology building using deep learning to
provide domain-specific knowledge search in the marathi
language. In: 2019 International conference on applied
machine learning (ICAML). IEEE, pp. 108–113.

Chang Y, Wang X, Wang J, Wu Y, Yang L, Zhu K, Chen H, Yi X,
Wang C, Wang Y et al. (2024) A survey on evaluation of large

Prepared using sagej.cls



22 Semantic Web Journal XX(X)

language models. ACM transactions on intelligent systems and
technology 15(3): 1–45.

Chen J and Gu J (2021) Adol: a novel framework for automatic
domain ontology learning. The Journal of Supercomputing
77(1): 152–169.

Chen X, Jia S and Xiang Y (2020) A review: Knowledge reasoning
over knowledge graph. Expert systems with applications 141:
112948.
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Appendix
In this section, we report the supplementary data to trace the proposed results. This appendix includes: the clusters for the
best k obtained from the manual ontology classification in Table 16, the created semi-automatic methodologies dataset in
Table 17, and the created automatic methodologies dataset in Tables 18 and 19.

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. Best clusters of manual ontology creation papers.
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Paper Manual Automatic

Wang et al. Wang et al. (2017a) Creation and experts’ revision Spanning Tree

Rani et al. Rani et al. (2017) Creation and experts’ revision SVD

Qiu et al. Qiu et al. (2017) Middle-out Semantic Similarity

Fawei et al. Fawei et al. (2019) Creation and experts’ revision Stanford CoreNLP

Chandolikar et al. Chandolikar et al. (2019) Scraping LSTM

Dera et al. Dera et al. (2020) Scraping Stanford CoreNLP

Ma et al. Ma et al. (2021) Relational database Model checking

Zhao et al. Zhao et al. (2021) Scraping Semantic Similarity

ten Haaf et al. ten Haaf et al. (2021) Scraping Clustering

ElAssy et al. ElAssy et al. (2022) Creation and experts’ revision Data Mapping

Tang et al. Tang et al. (2023b) Ontology Development 101 Noy et al. (2001) LLM-based

Mesmia et al. Mesmia and Mouhoub (2023) Scraping Data Mapping

Pan et al. Pan et al. (2023) NeOn Suárez-Figueroa et al. (2011) Data Mapping

Sobhogol et al. Sobhgol et al. (2023) Relational database Data Mapping

Kommineni et al. Kommineni et al. (2024) Creation and experts’ revision LLM-based

Doumanas et al. Doumanas et al. (2024) HCOME Kotis and Vouros (2006) LLM-based

Huang et al. Huang et al. (2024b) UponLite De Nicola and Missikoff (2016) LLM-based

Wu et al. Wu et al. (2025) Creation and experts’ revision Association Rules

Gadusu et al. Gadusu et al. (2025) McGinty et al. McGinty (2018) Data Mapping

Lichtnow et al. Lichtnow et al. (2025) Ontology Development 101 Noy et al. (2001) LLM-based
Table 17. Classification of semi-automatic methodologies.
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Paper Tasks Strategies

Casteleiro et al. Casteleiro et al. (2016) Relation Extraction Distributional Semantics

Hamano et al. Hamano et al. (2017) Relation Extraction Specific

Albukhitan et al. Albukhitan et al. (2017) Concept/Taxonomy Extraction CBOW, Skip-gram

Cahyani et al. Cahyani and Wasito (2017) Relation Extraction, Matching Specific

Mathews et al. Mathews and Kumar (2017) Concept Learning, Taxonomy Extraction Specific

Wang et al. Wang et al. (2017b) Relation Extraction Specific

Zhang et al. Zhang et al. (2017) Relational Extraction NLP Pipeline

Potoniec et al. Potoniec et al. (2017) Taxonomy Extraction Pattern Mining

Albarghothi et al. Albarghothi et al. (2018) Relation Extraction NLP Pipeline

Aggoune et al. Aggoune (2018) Ontology Mapping Specific

Kaushik et al. Kaushik and Chatterjee (2018) Ontology Mapping Specific

Petrucci et al. Petrucci et al. (2018) Concept Learning RNN, Encoder/Decoder

Alobaidi et al. Alobaidi et al. (2018) Concept/Relation Extraction NLP Pipeline

Deuna et al. De Uña et al. (2018) Ontology Mapping Pattern Mining, Rule-based

An et al. An and Park (2018) Ontology Mapping Rule-based

Zhao et al. Zhao et al. (2019) Axiom Learning Embedding

Capuano et al. Capuano et al. (2020) Concept Extraction CNN

Zaouga et al. Zaouga and Rabai (2021) Concept Learning, Relation/Rule Extraction NLP Pipeline, Pattern Mining

Ben et al. Ben Mahria et al. (2021) Ontology Mapping Specific

Chen et al. Chen and Gu (2021) Concept/Relation Extraction LSTM, CNN

Mhammedi et al. Mhammedi et al. (2021) Ontology Mapping Rule-based

Huang et al. Huang et al. (2021) Terms clustering Latent Dirichlet Analysis

Heidari et al. Heidari et al. (2021) Relation Extraction Attention-based

Heidari et al. Heidari et al. (2021) Relation Extraction Attention-based

Lakzaei et al. Lakzaei and Shamsfard (2021) Ontology Mapping Rule-based

Meriah et al. Meriah et al. (2021) Concept Extraction NLP Pipeline

Felin et al. Felin and Tettamanzi (2021) Axiom Learning Evolution, Rule-based

Xie et al. Xie et al. (2022) Relation Extraction Latent Dirichlet Analysis

Leshcheva et al. Leshcheva and Begler (2022) Ontology Mapping Rule-based

Tissaoui et al. Tissaoui et al. (2022) Concept Extraction Latent Dirichlet Analysis

Elnagar et al. Elnagar et al. (2022) Relation Extraction NLP Pipeline
Table 18. Classification of semi-automatic methodologies (2016-2022).

Prepared using sagej.cls



Di Pierro et al. 31

Paper Tasks Strategies

Taye et al. Taye et al. (2023) Concept/Relation Extraction NLP Pipeline, Transformer-based

Al-Aswadi et al. Al-Aswadi et al. (2023) Concept Extraction LSTM

He et al. He et al. (2023) Ontology Alignment Zero-shot LLM

Babaei et al. Babaei Giglou et al. (2023) Concept/Taxonomy/Relation Extraction Zero-shot LLM, Fine-tuned LLM

Schaeffer et al. Schaeffer et al. (2023) Text-to-Ontology Specific

Hertling et al. Hertling and Paulheim (2023) Ontology Mapping Few-shot LLM

Zhao et al. Zhao et al. (2023) Ontology Mapping LSTM, CNN, Encoder/Decoder

Mateiu et al. Mateiu and Groza (2023) Text-to-Ontology Zero-shot LLM

Hari et al. Hari and Kumar (2023) Relation Extraction Transformer-based

Yin et al. Yin et al. (2024) Domain Ontology Transformer-based

Dong et al. Dong et al. (2024) Concept/Relation Extraction Zero-shot LLM, Fine-tuned LLM

Yang et al. Yang et al. (2024) Domain Ontology Zero-shot LLM

Al-Subhi et al. Al Subhi et al. (2024) Instantiation Transformer-based

Basheer et al. Basheer and Alkhatib (2024) Relation Extraction Skip-gram

Mai et al. Mai et al. (2024) Concept/Taxonomy/Relation Extraction Few-shot LLM

Toro et al. Toro et al. (2024) Concept Discovery, Relation Extraction RAG, Zero-shot LLM

Lo et al. Lo et al. (2024) Framework Fine-tuned LLM

Pisu et al. Pisu et al. (2024) Relation Extraction Transformer-based

Abolhasani et al. Abolhasani and Pan (2024) Text-to-Ontology Zero-shot LLM

Coutinho et al. Coutinho (2024) Framework Few-shot LLM

Bischof et al. Bischof et al. (2024) Annotations generation Zero-shot LLM

Fathallah et al. Fathallah et al. (2024b) Domain Ontology Zero-shot LLM

Fathallah et al. Fathallah et al. (2024a) Framework Zero-shot LLM

Fathallah et al. Fathallah et al. (2024a) Framework Zero-shot LLM

Dasilva et al. da Silva et al. (2024) Framework Zero-shot LLM

Zhang et al. Zhang et al. (2024) Framework Zero-shot LLM

Huang et al. Huang et al. (2024a) Domain Ontology Embedding

Bakker et al. Bakker et al. (2024) Text-to-Ontology Zero-shot LLM

Feng et al. Feng et al. (2024) CQ Generation, Relation Extraction, Matching Zero-shot LLM

Sanaei et al. Sanaei et al. (2024) Concept/Taxonomy/Relation Extraction RAG

Goyal et al. Goyal et al. (2024) Concept/Taxonomy/Relation Extraction Zero/Few-shot LLM

Joachimiak et al. Joachimiak et al. (2024) Domain Ontology Zero-shot LLM

Ymele et al. Ymele and Jiomekong (2024) Concept/Taxonomy/Relation Extraction Fine-tuned LLM

Lippolis et al. Lippolis et al. (2025) Framework Few-shot LLM

Bosso et al. Bosso et al. (2025) Text-to-Ontology Few-shot LLM
Table 19. Classification of semi-automatic methodologies (2023-2025).
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