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A B S T R A C T

Automatic ontology population is the process of identifying, extracting, and integrating relevant
information from diverse sources to instantiate the classes and properties specified in an
ontology, thereby creating a Knowledge Graph (KG) for a particular domain. In this study,
we evaluate two approaches for ontology population from text: KOnPoTe, a semantic technique
that employs textual and domain knowledge analysis, and a generative AI method leveraging
Claude, a Large Language Model (LLM). We conduct comparative experiments on three French
advertisement domains: real estate, boats, and restaurants to assess the performance of these
techniques. Our analysis highlights the respective strengths and limitations of the semantic
approach and the LLM-based one in the context of the ontology population process.

. Introduction

The web is flooded with human-generated texts promoting products, services, or places. These descriptive advertisements
ften present information in incomplete sentences, designed more to catch attention than to inform comprehensively. Identifying,
xtracting, structuring, and integrating information from this specialized content into an ontology enables automatic ontology
opulation to organize and effectively utilize this unstructured descriptive content. Ontologies organize information in a structured
anner by linking entities through semantic relationships. Ontology population involves enriching an ontology by adding concrete

nstances. The resulting instantiated ontology can then be used as a knowledge graph, providing an efficient representation of
nowledge that enables machines to reason and answer complex questions. This paper specifically addresses automatic ontology
opulation from textual advertisements by comparing a semantic approach with a Large Language Model (LLM)-based approach.
his work is an extended version of the papers by [1,2], providing additional details, new experiments, and more extensive analysis
f the results.

The two main contributions of this paper are:

• A comparative analysis of two ontology population approaches: KOnPoTe, a semantic method developed by [3], and an LLM-
based technique using the model Claude.1 Our experiments focus on three application domain ontologies: Real Estate, Boats,
and Restaurants. To the best of our knowledge, such a comparative analysis has not yet been presented within the semantic
web community.
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• A novel study examining short and incomplete French texts. This case study presents unique challenges for the population
process since most related work deals with full-length English text. Additionally, Claude has not been extensively evaluated
on French data. Thus, this work presents a preliminary exploration of Claude’s multilingual comprehension capabilities for the
French language through the use of French prompts and inputs.

This paper is organized as follows: Section 2 presents related work, Section 3 describes our case study, data, and the compared
pproaches, while Section 4 details the experiments and analyzes the results. Finally, the last section concludes and presents future
ork.

2. Related works

Ontology population refers to the process of adding instances to an ontology, either automatically or manually. Populating an
ontology from text often involves Information Extraction (IE) tasks, such as Named Entity Recognition (NER), Open Information
Extraction (OIE), Relation Extraction (RE), and event extraction, as presented by [4–7]. These techniques are widely studied within
he Semantic Web community, as evidenced by recent works such as [8–10]. Extracting relevant information is not the only task
o be performed; the population process itself requires the correct association of extracted instances with appropriate classes or
roperties, according to predefined ontological axioms. In this section, we explore two categories of approaches for populating
ntologies from textual documents: semantic approaches and techniques based on Large Language Models (LLMs).

2.1. Ontology population from a semantic perspective

Several semantic works, citing [11–15], discuss various methods of ontology population. Some approaches are based on
atural Language Processing (NLP) techniques and rely on Machine Learning (ML), as studied by [16], or Deep Learning (DL)

algorithms, as presented by [17], to identify entities and relationships from text. These ML and DL methods have demonstrated
emarkable performance, even when applied to diverse domains such as biomedicine and cybersecurity [18,19]. However, they

often require extensive human supervision and large training datasets as explained by [20,21]. In certain applications, supervised
ntology population approaches are constrained by the availability of annotated training data. To address this limitation and
educe supervision effort, researchers have introduced unsupervised [18], semi-automatic [22], and hybrid approaches [23]. Several

ontology population frameworks have been developed. For instance, ArtEquAKT is a web-based approach developed by [24]
for populating ontologies in the domain of artists. OntoLearn [25] is a framework that extracts domain ontologies from web
documents shared among virtual organization members. Other approaches include verb-based extraction for ontology population as
demonstrated by [26].

2.2. Ontology population from an LLM perspective

Large Language Models (LLMs) offer new opportunities for creating semantic representations [10,27] or generating triples in RDF
Resource Description Framework) format [28]. These models operate based on requests or prompts, where prompt engineering

involves designing specialized instructions to guide LLMs in generating output according to specified requirements [29]. Several
LLMs have been introduced [30], including OpenAI’s GPT [31], Anthropic’s Claude [32], and Google’s Gemini [33], each trained on
ifferent datasets and developed for specific tasks. Comparative studies have evaluated these models’ effectiveness across different
pplications. [34] demonstrated that GPT excels in language translation, product descriptions, and transcript summaries, while Bard

shows greater efficiency in information extraction and code-related tasks. [35] investigated Claude, GPT, Bard, and LLaMA across
various applications, finding comparable effectiveness in named entity recognition and language comprehension tasks. Recent studies
have analyzed LLMs’ capabilities in ontology population. [27] evaluated ChatGPT’s performance in extracting knowledge graphs
from texts, while [10] proposed a benchmark for evaluating language models’ ability to generate ontology-guided knowledge graphs
from natural language text. Additionally, [36] evaluated nine LLMs across three ontology learning tasks: term typing, taxonomy
iscovery, and the extraction of non-taxonomic relations.

3. Automatic ontology population from text

3.1. Case study

Fig. 1 illustrates our ontology population problem statement. Our case study focuses on the task of populating a domain ontology
provided as input from French textual descriptions, each presenting an object from a given domain. We are particularly interested
in such textual data because the sentences are short and incomplete, exhibiting some peculiar characteristics: sentences containing
few or no verbs, object properties, data properties, few named entities, and n-ary relationships.2

2 Complex relationships involving three or more classes, such as expressing that a real estate property is located at a certain distance from a given location.
2 
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Fig. 1. Ontology population process.

We previously developed KOnPoTe [3] which is an ontology population approach that has been designed for such context. We
explain briefly this approach in Section 3.3.

Although KOnPoTe has good performance in populating our domain ontology, its validation task remains time and human-
resource consuming (more details in Section 4.2). Given the related work, the LLMs have the potential to contribute to automatically
populate a domain ontology. However, it is necessary to investigate the extent to which LLMs are able to populate an ontology from
short incomplete text. Since we give the full ontology as input to the LLM, we consider only LLMs that have large token size
limitation. Among the state of art models that have shown interesting accuracy: Claude has the advantage of attaching a file of up
to 50 MB to the prompt which is useful in our context. For the GPT, Gemini and LLaMa models, the size of our input surpasses the
token size limitation.

3.2. Background and data

Our objective is to populate a domain ontology given as input with information contained in textual documents, where each
document in the corpus is a textual description of an object in the domain under consideration. In our case, we consider three
application domains: Real estate, Boats and Restaurants.

A domain ontology designates a formal, structured representation of knowledge that is designed by classes and their relationships.
It allows us to specify classes, properties (attributes or relationships between classes), instances (concrete examples of classes) and
axioms (logical rules). The latter define the semantics of the domain concerned. More formally, the ontology can be defined in our
context as a tuple (𝐶 , 𝑃 , 𝐼 , 𝐴, 𝑅) where 𝐶 is a set of classes, 𝑃 a set of properties (object properties and data properties) characterizing
the classes, 𝐼 a set of individuals and assertions, 𝐴 a set of axioms formulated in OWL (Web Ontology Language) and 𝑅 a set of
SWRL (Semantic Web Rule Language) rules. Ontology population refers to the process of adding elements to 𝐼 .

We study three application domains:
The first one is real estate sales. The corresponding corpus is made up of house ads and the ontology describes knowledge about

house sales. It contains classes such as the main class Property (designating the real estate), House, Room, etc. It also contains
properties, for example the object property contains (linking a real estate property to its parts, or a house to its rooms), or the
data property areaInM2 (associating a house to a numerical value). The ontology also contains axioms, such as the fact that a
Property can only be located in a maximum of one Municipality. Finally, SWRL rules are defined.

The second domain that we examine is boat sales. The corresponding corpus is made up of boat sales ads, and the ontology
contains classes such as the main class Boat and other parts of the boat such as the class Engine, etc. It also contains properties,
for example the object property hasEquipment (linking a boat to its equipments), or the data property enginePower (associating
an engine to a numerical value).

The third domain is Restaurants. The corresponding corpus is made up of restaurants’ descriptions, and the ontology represents
knowledge about the restaurant domain. It contains classes such as the main class Restaurant, Menu, etc. It also contains
properties, for example the object property hasPrice (linking a menu or a dish to its price), or the data property nbPlaces,
associating a Restaurant to the maximum number of places.

Table 1 presents a comparison between the ontologies. We notice that the real estate and the restaurant ontology are more
sophisticated than the boat ontology. Indeed, it contains more classes, data properties and object properties. Moreover, the real
estate ontology has a higher number of properties domain and range class expressions. A class expression is an expression involving
several classes. For example, the domain of the object property contains is represented by the expression of the union of the classes
Property and House. Additionally, the boat ontology has a hierarchy with smaller depth (2 sub-class levels and 1 sub-property
level). One last distinguished difference is that the boat ontology does not contain neither n-ary relationships nor SWRL rules.

Regarding the textual descriptions, all corpora are composed of 20 French classified ads per domain that were extracted from
websites3.

Table 2 shows the ontologies and the corpus sizes. We notice that the restaurant ontology is the largest compared to the other
ontologies, due to the number of classes and properties represented in this ontology, as presented in Table 1. The size of the text
is relatively medium, with the maximum number of characters being 25,000 for the boat corpus, as shown in Table 2. The number
of documents remains limited (see the explanation of the time-consuming evaluation task in Section 4.2), but it is sufficient to

3 The house ads were extracted from: https://www.lecoindelimmo.com/ the boat ads from: https://www.hisse-et-oh.com/, and the restaurant ads from:
https://www.normandie-tourisme.fr/
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Table 1
Comparison between the Real estate, Boat and Restaurant ontologies.

Comparison criteria Real Estate Boats Restaurants

Nb Classes 65 40 116
Nb Object Properties 14 11 17
Nb Data Properties 31 23 21
Nb Domain Class Expressions 7 0 1
Nb Range Class Expressions 11 11 6
Class hierarchy Depth 4 2 3
Property hierarchy Depth 2 1 1
N-ary relationships Yes No Yes
SWRL rules Yes No Yes

Table 2
Comparison between input size for the three domains.

Data Token number Character number

Ontology Corpus Input Ontology Corpus Input

Real Estate 28K 6,673 34K 108K 20K 128K
Boats 37K 8,976 46K 105k 25K 130K
Restaurant 51K 6,249 57K 124K 19K 143K

establish a complete comparison between both categories of ontology population approaches. These different documents provide
the necessary examples to demonstrate the strengths and limitations of both approaches, enabling a meaningful comparison of their
differences.

We present hereafter the approaches tested: KOnPoTe and the LLM-based approach.

3.3. KOnPoTe

We developed KOnPoTe, a semantic approach that automatically populates a domain ontology from textual descriptions of an
bject. It stands for "Knowledge graph/ON-tology POpulation from TExts". Fig. 2 summarizes the main steps of this approach. In this

section, we give a brief explanation of KOnPoTe. More details are described in [3]. Firstly, a terminology comparator is applied to
oth the text and the ontology. It aims to create correspondences between text mentions and ontological entities (classes, properties,
nd individuals), taking into account the syntactic variations in keywords. For example, it detects the classes House, Garden, etc.
n the document shown in Fig. 2. Next, two analysis steps are implemented: a text-based analysis and a knowledge-based analysis.

The text-based analysis examines the correspondences obtained and uses textual indicators to populate the ontology. First, it
opulates the ontology according to the types of ontological entities detected in the correspondences. For example, a match with
 class instantiates that class, while a match with a property instantiates that property, using the text to find the most appropriate
ubject and object of assertions. Further treatments are carried out, for example, to associate individuals from successive matches

within the same sentence. Only the assertions that do not generate inconsistencies are added to the ontology. In the example shown
n Fig. 2, this step creates, among other things, instances of the classes House, Garden, LivingRoom, and an assertion of the

data property areaInM2 for this room with the value 50.
The knowledge-based analysis does not exploit any textual indicators but relies on the ontology knowledge and the set of

assertions already created in the text-based analysis. It aims to ensure that the graph representing object property assertions of
one document is as close as possible to the shape of a star, where the center corresponds to the individual representing the subject
of the document in question (for example, the real estate property described in the document, in other words Property1 in the
example from Fig. 2). In this step also, only the consistent properties are added to the ontology. In the example shown in Fig. 2,
this step adds, among other things, the assertions of the object property contains that link the instance of the class House to the
various instances of the Room sub-classes (BedRoom, LivingRoom, etc.).

3.4. LLM-based approach

As the research area of LLMs is evolving rapidly in many ways and applications, several models and techniques have been
published [37–39]. Among the benchmark of released LLMs, we have chosen to launch experiments on multilingual models that
have shown remarkable zero-shot abilities in natural language processing tasks and that have large token sizes since we are dealing
with French textual data and giving an ontology as input.

The model Claude is the most suitable regarding the following case study constraints:

• Language: Claude is a multilingual model and can handle French data.
• Input nature: Compared to the rest of the models, Claude has a high window context and token size limitation that covers our

input size (refer to Table 2).
4 
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Fig. 2. Outline of the KOnPoTe approach, applied to an example document.

Fig. 3. Outline of the LLM-based approach, applied to an example document.

Our approach, illustrated in Fig. 3, uses the models in a zero-shot pipeline, which means that we exploit the model’s pre-acquired
linguistic understanding, obtained during its general training, without providing it with specific training for the population task.
We designed the approach to take into account the following elements, which specify our objective:

• Input: ontology in Turtle format + the textual descriptions.
• Output: populated ontology (Turtle format).
• Task: automatic ontology population from text.
• Language: French is the language used in the prompt, the ontology entities, and the text.

The LLM performs according to the input prompt. We would like to point out that each model has a specific prompting technique,
and models may process the same task differently using the same prompt. Therefore, a prompt engineering step, detailed in
Section 4.1, is established to determine the most efficient prompt for our task. This step is deemed indispensable in the case of
such an approach, as the model’s response is highly dependent on the input prompt.

The experimental protocol, detailed in Section 4.2, presents the different prompts used. Prompt engineering involves the use
of a user-guided schema during the prompting process, in order to improve the consistency of the triples generated and integrate
domain-specific knowledge to enhance the fidelity of the triples generated by the LLM.

We have tested the version Claude-Instinct-1.2 of this model and interrogated it directly using a zero-shot prompt, in other
words, without any prior prompt tuning (few-shot, chain-of-thought prompting, etc.) and without any model fine-tuning, in order
to ensure a fair comparison with KOnPoTe. The approach takes as input a prompt containing a textual explanation of the task to
be performed, as well as a corpus document and the ontology.

Note that this approach is equivalent to KOnPoTe in terms of input, output, and treatments (we consider the population process
as a black-box). The LLM generates triples according to the input prompt. A prompt engineering step, detailed in Section 4.1, is
established to determine the most efficient prompt for our task.
5 
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Fig. 4. Original French prompts applied to the real estate domain.

4. Experiments and comparison

This section presents our experiments on the domains of real estate, boat sales, and restaurants. KOnPoTe is tested via the
executable provided in [3]. The Claude-Instant version is tested directly via the API.4

4.1. Prompt engineering

The response generated by an LLM is highly dependent on the prompt given to the model. In this section, we detail the prompt
engineering used to determine the most appropriate prompt. Several works have discussed the impact of prompt engineering on
LLM performance and the variance of responses generated for the same task using different prompts. [40,41] have shown that the
response has a strong correlation with the prompt given as input. [42] have proposed a catalog of prompt engineering techniques,
so-called patterns, which have been applied when interacting with ChatGPT. These techniques are proposed and tested only on the
LLMs GPT and Bard. However, these patterns have not, to our knowledge, been tested on Claude, which is addressed in this paper.

In addition to that, the prompt engineering techniques described were developed primarily for English-language prompts, and
their effectiveness has not been evaluated for prompts in other languages. In our study, we aimed to interrogate the French-
language capabilities of the Claude model, as we were working with French-language data (ontologies and text). Our preliminary
experiments showed that when prompting the model using zero-shot English prompts, the generated results were translated to
English. Specifically, the IRIs (Internationalized Resource Identifiers) that were initially in French were translated to English by
Claude. Therefore, we decided to conduct our experiments by prompting the model in French, in order to generate results directly
in that language.

We illustrate in Fig. 4 the original French prompts used in our experiments and provide in Fig. 5 their English translation. The
use of French-language prompts allowed us to obtain French-language outputs from the model, without requiring an additional
translation step. This approach was crucial for our study, as we aimed to evaluate the model’s performance on the original
French-language data, rather than on translated content.

We create the prompt progressively by studying the response given by each prompt specifying how to populate the ontology
domain. Fig. 5 illustrates the 4 prompts used (translated to English) and the result generated by Claude for each prompt to populate
the ontology from the document presented in Fig. 2.

Prompt 1 is a basic prompt that specifies the task only. It generates triples of the form (subject, predicate, object) from ontology
instances. However, the format of the result of this prompt cannot be directly exploited in the validation step. To remedy this, we
specify the desired format, Turtle, in Prompt 2.

Analyzing the result of Prompt 2, we notice that the LLM did not respect the ontological axioms given in the input ontology,
did not automatically detect the main class Property of the ontology, and did not generate the assertions related to this class (its
parts, price, etc.). At this stage, the LLM is unable to detect this class, as it is not aware of the context. According to [42], the model
lacks the context of the words used in the prompt. We have clarified this context in Prompt 3 and explicitly instructed the LLM to
respect the ontological axioms.

At this stage, Prompt 3 populates the classes in our ontology, but it also generates information that is not contained in the text.
For example, the result of Prompt 3 in Fig. 5 mentions that the property has gas heating and an electric water heater, but this

4 https://www.anthropic.com/api
6 
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Fig. 5. English translation of the prompt engineering steps.

information is not mentioned in the ad text. The addition of these extra instances can be due to an LLM hallucination. To limit
this confusion, we explicitly specified in Prompt 4 to populate the ontology only with information mentioned in the input text, by
adding the word ‘‘exclusively’’ to Prompt 3, which reduced the number of hallucinated assertions. This last prompt (Prompt 4) has
been tested on the real estate domain and has been adapted for the other domains. Prompt 4 remains the most suitable for our
automatic ontology population task. This prompt is used and evaluated according to the experimental protocol detailed hereafter.

4.2. Experimental protocol

The house sales corpus and the real estate ontology used in our tests are provided by KOnPoTe,5 except that we only considered
the first 20 ad descriptions in this corpus. The results obtained for the boat sales and restaurant domains, as well as those of the
Claude-based approach, are available online.6 They are evaluated using the same protocol as [3].

A Gold Standard (GS) is established for each domain to evaluate the accuracy of both techniques. This GS serves as a reference
ontology with validated labels representing the textual corpus for each domain. We manually reviewed the textual corpus to populate
the GS.

We compared the assertions generated by both approaches with those of the GS for both domains. We calculate, for each domain,
precision (Prec.), recall (Rec.), and F1-score (F1-sc.) using the following formulas:

𝑃 𝑟𝑒𝑐 . = 𝑇 𝑃
𝑇 𝑃 + 𝐹 𝑃 𝑅𝑒𝑐 . = 𝑇 𝑃

𝑇 𝑃 + 𝐹 𝑁 𝐹 1 − 𝑠𝑐 . = 2 × 𝑃 𝑟𝑒𝑐 . × 𝑅𝑒𝑐 .
𝑃 𝑟𝑒𝑐 . + 𝑅𝑒𝑐 .

A true positive (TP) is a correct assertion, a false positive (FP) is an erroneous assertion, and a false negative (FN) is a missing
assertion. Both macroscopic (mac) and microscopic (mic) values are calculated for each evaluation metric. The macroscopic score
averages the metrics for each ad (all ads have the same weight), while the microscopic score takes into account the sum of all TP, FP,
FN (all assertions have the same weight). Thus, an ad generating many assertions has more impact on the microscopic metric, while
an ad generating few assertions has more impact on the macroscopic calculation. We also check the consistency of the resulting
ontologies using the Pellet reasoner.7

We decided to launch experiments on only 20 ads per domain, since the evaluation of both approaches is time- and resource-
consuming. Indeed, the creation of the GS for each domain is not the only labor-intensive task; there is also the comparison between
each ad’s assertion and the corresponding GS assertion to determine the correct, mistaken, and missing ones. This comparison task
involves three verification rules:

1. We ignore the class instance assertions since they are often redundant with property assertions. For example, with the
assertion (Distance1, distanceToTown, Caen), we know via the definition of the domain of distanceToTown that
Distance1 is an instance of the class Distance.

2. We ignore properties that lead to counting the same element multiple times. For example, if there is a property and its inverse,
the reasoner translates an assertion of the first property into an inverse assertion of the other. We end up with two equivalent
assertions. In this case, all assertions of one of the two properties are ignored. As another example, we can cite the case where
a property is never populated by itself but only through its sub-properties. In this case, we ignore this property so that an
assertion (true or false) does not count twice, as inferred assertions are taken into account.

5 https://zenodo.org/records/5776752
6 https://zenodo.org/records/11664135
7 https://github.com/stardog-union/pellet
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Table 3
Results of the two approaches on both domains.

Domain Approach Prec. Rec. F1-sc. Prec. Rec. F1-sc.
(mac) (mac) (mac) (mic) (mic) (mic)

Real Estate KOnPoTe 0.94 0.90 0.92 0.93 0.87 0.90
Claude 0.77 0.59 0.66 0.77 0.56 0.65

Boats KOnPoTe 0.91 0.92 0.92 0.91 0.92 0.92
Claude 0.77 0.75 0.76 0.80 0.75 0.77

Restaurants KOnPoTe 0.92 0.77 0.82 0.90 0.71 0.80
Claude 0.73 0.62 0.65 0.82 0.67 0.75

Fig. 6. Example of real estate ontology populated by Claude and KOnPoTe from a house sale ad and the corresponding Gold standard.

3. The approaches may generate equivalent individuals without detecting that they are equivalent. In this case, we assume that
an equivalence axiom (owl:sameAs) is missing and we count it as a missing assertion (an FN). This avoids counting twice an
erroneous FP and FN.

To summarize, this evaluation step involves determining, for each instance in each description text from each domain generated
by both approaches, prior equivalences with the GS instances. We also need to calculate the number of missing sameAs links in
case of undetected equivalences and to ignore assertions that repeatedly represent the same property. More explanation about this
evaluation step is presented in [3].

4.3. Results and discussion

Table 3 shows the results of both approaches. The KOnPoTe approach outperforms the Claude model-based approach on
all domains. Indeed, KOnPoTe achieves better results on all the metrics calculated. The Claude-based approach has a relatively
lower precision (73%–82%), which means that some of the assertions generated are false (around 20%). Moreover, recall is low
(59%–75%), indicating that many assertions are missing (almost 25%).

Fig. 6, Fig. 7, and Fig. 8 show examples of real estate, boat, and restaurant texts, the assertions generated by each approach,
and the corresponding GS for each example.

When analyzing the examples, we notice that Claude has generated some mistaken assertions (object properties with wrong range
and domain) compared to the GS and KOnPoTe. Indeed, the real estate ontology provided as input specifies that only instances of
Property can contain instances of PropertyPart. The class Garage is a subclass of PropertyPart, so Garage1 described
in Fig. 6 can only be contained by a Property. However, we can see that the individual Garage1 is contained by an instance of
House, and not an instance of Property, which makes the ontology inconsistent according to the Pellet reasoner. On the contrary,
KOnPoTe has created a consistent and correct assertion.

An example of an n-ary relationship is illustrated in Fig. 6. The example shows that the real estate is located 15 min from Caen.
We can see that the population is correctly done by KOnPoTe: Property1 is located at a distance distance1, and distance1
is associated with the notion of 15 minutes and with the city of Caen. For Claude, the distance1 instance created does indeed
concern the city of Caen, but it is neither associated with Property1 nor with the notion of 15 minutes.

Another example of an n-ary relationship is illustrated in Fig. 8. The example indicates that the restaurant opens every day at 11
am and closes at 2 pm. Neither KOnPoTe nor Claude populated it correctly. In fact, both approaches detected only the OpenTime1
or OpenHour1 but did not instantiate the rest of the properties (startHour and endHour). The correct n-ary relationship, as
instantiated in the GS, is that Restaurant1 has an opening time OpenTime1, and this latter has an opening hour OpenHour1
which starts at startHour 11 and ends at endHour 2.
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Fig. 7. Example of boat ontology populated by Claude and KOnPoTe from a boat sale ad and the corresponding Gold standard.

Fig. 8. Example of Restaurant ontology populated by Claude and KOnPoTe from a restaurant description and the corresponding Gold standard.

On the other hand, KOnPoTe tends to generate redundant individuals. In the example shown in Fig. 6, it generates 9 bedroom
instances and one parental suite instance, whereas Claude generates, rightly, only 4 bedroom instances and one parental suite
instance. However, Claude does not tend to instantiate all the classes and individuals. In fact, when analyzing the missing assertions,
we find that most of them are missing instances of classes or data properties. An example of a missing class instance assertion is
illustrated in Fig. 8. Restaurant1 serves a lot of dishes, and some of them are special or signature dishes. The model instantiates
only the most common dishes but not the lesser-known ones (e.g., Snack1 in Fig. 8 which is special vs. Burger1 that is a
more common dish). The same problem is detected when instantiating the boat equipment: for example, a boat that has a lot of
sophisticated equipment, the model recognizes and populates only the common ones (radar, GPS, etc.). On the other hand, KOnPoTe
instantiates all the classes and individuals if they are present in the input ontology.

Another example of a missing property instance assertion is illustrated in Fig. 7, where the data property enginePower with
a value of 85 is not instantiated by Claude, in contrast to KOnPoTe.

Nevertheless, Claude is more robust to syntax variations and performs better in detecting abbreviations. Indeed, in the example
shown in Fig. 7, it detects BD as Boat Draught and instantiates the data property boatDraught with the correct value, while
KOnPoTe does not detect it.

A detailed analysis of all the generated domain ontologies has enabled us to deduce the strengths and limitations of both
approaches. These are summarized in Table 4.

KOnPoTe performs rather well but often generates several equivalent individuals. Conversely, Claude does not generate this
type of redundancy but, instead, produces inconsistent assertions in terms of reasoning. Indeed, the ontology generated by Claude
is inconsistent for 90% of the real estate ads, 60% of the boat ads, and 75% of the restaurant ads. This inconsistency arises because
9 
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Table 4
Comparison of the strength and limitations of Claude and KOnPoTe.
Approach Highlights Limitations

KOnPoTe -Consistency of results
-Explainability of results
-Detection of n-ary
relationships

-Redundancy of generated
individuals
-Confusion in complicated
cases

Claude -No redundancy of
individuals
-Detection of abbreviations

-Inconsistency of results
-Inexplainability of results
-Confusion in complicated
cases

the domain and range axioms are not always respected by Claude. On the other hand, such errors are not possible with KOnPoTe,
as each step of the approach ensures that candidate assertions do not generate inconsistencies, and they are excluded if they do.

When it comes to assertions of n-ary properties, neither approach performs perfectly, but KOnPoTe handles them relatively well,
hereas Claude struggles more, particularly in linking individuals together. However, the LLM-based Claude has the advantage of
etecting abbreviations in the text, while KOnPoTe is not capable of detecting them unless they are explicitly mentioned in the
nput ontology.

Additionally, both approaches fail in the most complicated cases, which require a deep understanding of the text, as such
information may not be explicitly expressed or easily detected from the text itself.

5. Conclusions and future work

This work presents a comparative study of two different approaches for automatic ontology population: a semantic approach
using KOnPoTe and an approach based on large language models (LLMs) using Claude. The study demonstrates that each approach
has its own strengths and limitations.

The semantic KOnPoTe approach leverages the reasoning capabilities of ontologies, making it more efficient at maintaining
consistency and logical coherence within the populated ontology. However, it has certain limitations, notably a tendency to introduce
redundant individual assertions. On the other hand, the LLM-based approach excels at detecting implicit information but is less adept
at handling consistency constraints and does not generate redundant individuals.

Additionally, KOnPoTe has been specifically developed for the context of French descriptive texts, which was the use case
evaluated in this study. In other contexts involving different types of texts or languages, an alternative approach may need to be
implemented. A key advantage of the LLM approach is the relative simplicity of its application via Claude’s available API, making
t more immediately deployable compared to the design and implementation effort required for a semantic approach customized to

the characteristics of the document corpus.
An interesting perspective for future work is the development of a hybrid approach that combines the strengths of both methods.

Such an approach could leverage the LLM to propose candidate assertions, which would then be vetted and potentially corrected
by enforcing consistency using ontological knowledge and the reasoning capabilities of KOnPoTe. This would allow the LLM to
contribute its generation capabilities while ensuring logical coherence. The hybrid approach could further incorporate a knowledge-
based analysis module, inspired by KOnPoTe, to supplement the ontology with consistent assertions that may be missed by the
LLM.

Ultimately, this comparative analysis highlights the complementary nature of semantic reasoning approaches and more flexible,
language model-driven methods for the challenging task of ontology population from text. A synergistic combination of these
paradigms presents an attractive path toward more robust and context-adaptable ontology population systems.
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Appendix

The original French version of Fig. 2, Fig. 6, Fig. 7 and Fig. 8 is illustrated respectively by Fig. 9, Fig. 10, Fig. 11, and Fig. 12.
10 



A. Sahbi et al. Data & Knowledge Engineering 156 (2025) 102392 
Fig. 9. French version of Fig. 2 (KOnPoTe outline).

Fig. 10. French version of Fig. 6 (real estate ontology population example).

Fig. 11. French version of Fig. 7 (boat ontology population example).
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Fig. 12. French version of Fig. 8 (restaurant ontology population example).

Data availability

Data will be made available on request.
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