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Abstract: Previously, the main problem of information extraction was to gather enough data. Today, the chal-
lenge is not to collect data but to interpret and represent them in order to deduce information. Ontologies are
considered suitable solutions for organizing information. The classic methods for ontology construction from
textual documents rely on natural language analysis and are generally based on statistical or linguistic approaches.
However, these approaches do not consider the document structure which provides additional knowledge. In
fact, the structural organization of documents also conveys meaning. In this context, new approaches focus on
document structute analysis to extract knowledge. This paper describes a methodology for ontology construc-
tion from web data and especially from Wikipedia articles. It focuses mainly on document structure in order to
extract the main concepts and their relations. The proposed methods extract not only taxonomic and non-
taxonomic relations but also give the labels describing non-taxonomic relations. The extraction of non-taxo-
nomic relations is established by analyzing the titles hierarchy in each document. A pattern matching is also

applied in order to extract known semantic relations. We propose also to apply a refinement to the extracted relations in order to keep only
those that are relevant. The refinement process is performed by applying the transitive property, checking the nature of the relations and
analyzing taxonomic relations having inverted arguments. Experiments have been performed on French Wikipedia articles related to the
medical field. Ontology evaluation is performed by comparing it to gold standards.
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1.0 Introduction

Knowledge organization systems are tools for classifying
and managing knowledge and information within organi-
zations. They cover all structured terminology systems
such as thesauri, taxonomies and ontologies (Pieterse and
Kourie 2014). Knowledge organization communities are
particularly interested in the elaboration of ontologies (Al-
meida-Campos and Gomes 2017). A special feature of on-
tologies is that they include not only taxonomic relations
among concepts but also known semantic relations (an-
tonymy, meronymy, etc.) and some even more complex (la-
beled relations).

Ontology can be manually built by knowledge engineers
and domain experts, resulting in tedious and cumbersome
tasks. Moreover, manual acquisition of ontologies requires
an extended knowledge of a domain and in most cases the
result could be incomplete or inaccurate (Hazman et al.
2011). Since the automatic construction of ontologies
constitutes a challenging task ontology construction has be-
come an important research area. It refers to deriving on-
tological elements (high-level concepts and their relations)
from input and building ontology from them (Shamsfard
et al. 2003). Ontology construction aims at semi-automat-
ically or automatically building ontologies from a given
corpus with limited human intervention. A large collection
of ontology construction methods from text has been de-
veloped in recent years. These methods focus on the ex-
traction of an ontology’s components, which are concepts
and relations. The concepts ate classes of objects grouped
according to their properties, and relations are divided into
taxonomic and non-taxonomic relationships. Taxonomic
relationships are used to organize concepts hierarchically,
whereas non-taxonomic relationships describe other kinds
of interactions between domain concepts. Discovery of
taxonomic and non-taxonomic relationships is the critical
task in the ontology building process. This problem is
largely studied in the literature and several tools have been
developed. Classic methods for relationship discovery fo-
cus on text analysis and can be classified according to the
chosen technique as distributional methods (Harris 1954;
Shen et al. 2012) or syntactic methods (Morin 1999; Rios-
Alvarado and Lopez-Arevalo 2013).

Distributional methods analyze the distributions of
term co-occurrences in order to calculate a semantic dis-
tance between the concepts represented by those terms.
Harris” hypothesis, which is the basis of word-space mod-
els, states that words that occur in similatr contexts often
share related meaning, These methods are robust and do
not require preliminary knowledge of the field. However,
as they disregard the context of sentences, these methods
are not adapted for a precise analysis of the corpus. More-
ovet, these methods tend to extract conceptual links of

different natures, which are difficult to dissociate without
the contribution of an expert from the field. Syntactic ap-
proaches focus on the properties of the studied language.
They set rules based on these properties in order to extract
ontology components. However, it is not reasonable to
specify a linguistic approach for each new study field. Most
syntactic approaches focus on lexico-syntactic pattern-
matching. They were introduced by A. Hearst in 1992 in
order to extract synonym and hyponym relations from un-
restricted text. Pattern-based approaches have been suc-
cessfully used in the area of information extraction and
ontology learning (Morin 1999; Panchenko et al. 2016;
Barriere 2016). The lexico-syntactic patterns are rules de-
scribing a formed regular expression of words and gram-
matical categories corresponding to the syntactic forms of
the relation and its arguments. These patterns characterize
the semantics of the relation. Applying patterns to the free
text gives a large number of extracted semantic relations.
The main problem of this technique is the complexity and
the diversity of the patterns which can express the same
relation. Indeed, in the patterns-selection process, patterns
must express propetly the semantic relations to give better
performance. The language used also has great impact on
the ability of defining patterns and generalizing them.

Classic ontology construction methods often privilege
analysis of the text. In the last decade, new approaches ap-
peared (Sumida and Torisawa 2008; Paukkeri et al. 2012),
which study the material structure of the documents to ex-
tract domain concepts. The structural organization of a
document also conveys meaning and expresses hierarchical
relations. These methods focus on titles, enumeration, defi-
nition sentence, underlined words, first and last part of a
document, etc. In this context, we have proposed (Zarrad
Doggaz and Zagrouba 2012; 2013) an approach to extract
the main concepts and relations of the ontology by analyzing
the structural meta-information of the document and espe-
cially the titles of each document. The concepts are filtered
by analyzing the document structure (title, style and hyper-
link). Taxonomic relations discovery is performed using both
syntactic analysis and lexico-syntactic patterns-matching
methods whereas non-taxonomic relations discovery is es-
tablished by analyzing the titles hierarchy of each document.
To retrieve non-taxonomic relations, we combine three
methods: title pattern detection, three-level analysis and two-
level analysis. The proposed methods extract not only taxo-
nomic and non-taxonomic relations but also give the labels
corresponding to each non-taxonomic relation.

In this paper, we describe an extended version of this
approach. We propose to improve the two-level analysis
and apply a refinement of the obtained relations set in or-
der to keep only those that are relevant. The two-level anal-
ysis extracts non-taxonomic relations by considering titles
belonging to two nested levels. Moreover, we propose to
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apply pattern matching technique to enrich the set of non-
taxonomic relations by searching such known semantic re-
lations as synonymy, meronymy, antonymy and causality
relations. Once the relations are extracted, a refinement
step is performed in order to eliminate redundancy and re-
move invalid relations keeping, therefore, only those that
are relevant. The refinement process is performed by ap-
plying the transitive property, checking the nature of the
relations and analyzing taxonomic relations having in-
verted arguments.

The proposed approach generates an ontology com-
posed by a set of concepts and semantic relations. The ex-
tracted relations can be taxonomic or labelled. We note
that the built structure is semantically richer than a thesau-
rus. In a thesaurus, the relations between terms atre either
synonymy or taxonomy or association. We do not find in
a thesaurus labeled relations such as “tuberculosis, rifadine,
treatment.” This kind of relation is found only in ontolo-
gies. To test and evaluate the proposed approach, we use a
French corpus collected from Wikipedia articles related to
the medical field. The evaluation of the extracted relations
is performed using two repositories: the thesaurus MeSH
and the category system of Wikipedia.

In the next section, we present a review of research
dealing with relation extraction. The architecture of the
proposed ontology construction process is presented in
section 3. The methods for discovering non-taxonomic re-
lations by analyzing titles are detailed in section 4. Section
5 concerns the refinement step. The experimental and
comparative study is given in section 6. Finally, we give
some conclusions, and we present some perspectives.

2.0 Related work

One of the fundamental tasks in ontology construction is
the extraction of taxonomic and non-taxonomic relations
between domain concepts. A taxonomic relation is also
called a hyponym/hypernym relation. A noun phrase X is
a hyponym of a noun phrase Y if X is a subtype or in-
stance of Y (Snow et al. 2005). For example, from the con-
cept “school,” which is a subtype of “educational institu-
tion,” a taxonomic relation can be established between
“school” and “educational institution.” Thus, “school” is a
hyponym of “educational institution” and conversely “ed-
ucational institution” is a hypernym of “school.” A non-
taxonomic relation represents an interaction between con-
cepts. In other words, the two concepts A and B are linked
by a non-taxonomic relation if A is semantically related to
B. These relations can be active/passive relations, causal
relations, locative relations, etc. A label is generally as-
signed to a non-taxonomic relation. Its role is to describe
the relation between the two concepts. The less explicit
and more complex use of words for specifying relations

other than hypernymy causes the tasks of discovering and
labeling non-taxonomic relations to be more challenging
(Wong et al. 2012).

Methods dealing with relations discovery focus gener-
ally on the analysis of the text (Kermanidis and Fakotakis
2007). In the last decade, several approaches tried to build
ontologies by analyzing the material aspects of the texts.
Indeed, the visual properties of texts are not just an orna-
ment of the text but constitute an important component
implied in their significance. Several methods dealing with
ontology construction focus on items belonging to the
document structure. They analyze titles, page layout, char-
acter policy, etc. Among methods dealing with document
structure, several focus on titles belonging to each docu-
ment in order to extract ontology components. Generally,
titles have an important role in the text. They are textual
objects which are visible by typographical properties (bold,
numbered, etc.) or dispositional ones (tabulation, line
feeds before or after enumerations, etc.). These properties
enable the titles to play an important role in the level of
the material organization of the text. According to Jacques
and Rebeyrolle (20006, 3), “The nested titles of sub-sec-
tions belonging to a given section reflect the nested rela-
tions existing between these sections.” The text can be
then considered not like a linear succession of paragraphs
but like a structure of elements of high level, which in-
clude other elements. The document’s structure can be
viewed like a division into sections and sub-sections, usu-
ally equipped with a title. In addition to providing the seg-
mentation and visual organization of the text, the titles
contribute to the construction of semantic content.

We find in literature several methods that use Wikipedia
articles as a corpus for relation extraction (Hazman et al.
2011; Medelyan et al. 2013; Filipiak and Lawrynowicz 2014).
Indeed, Wikipedia is the largest and most popular general
reference work. It is a semi-structured knowledge source
that is rich in terms of semantic and lexical information.
Moreover, Wikipedia articles are highly structured with titles
that conform to specific guidelines (length, precision, etc.).
This encyclopaedia contains not only structured texts but
also explicit information such as infoboxes and categories.
Most recent work focuses on exploiting categories and in-
foboxes from Wikipedia to establish relationships between
domain concepts. Categories are a system of thematic clas-
sification of Wikipedia articles. They are found at the bot-
tom of each article page. The categories were used in many
ontology construction approaches (Ponzetto and Strube
2007; Suchanek et al. 2008). However, we note that category
hierarchy in Wikipedia contains duplication and sometimes
it is inconsistent compared to other manually created hierar-
chies like WordNet. Another widely used technique for ex-
tracting relations is the use of infobox (Wu et Weld 2007;
Abd El-atey et al. 2012). An infobox is a preformatted table
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of dynamic data that summarizes important information
about a topic and that is located generally on the right of the
article. The problem related to the use of this table is that
the extracted knowledge is mostly limited to named entities
with proper names, such as cities, persons, species, movies,
organizations, etc.

Paukkeri et al. (2012) propose a method based on doc-
ument structure in order to extract taxonomy. In this study,
each Wikipedia article is specific to a domain concept.
Three different approaches are proposed to reduce the di-
mensionality of the processed data. The first approach
uses a combination of heuristic criteria exploiting the doc-
ument structure (titles, underlined words, first and last part
of a document) by means of fuzzy logic. The second is a
language independent approach based on statistical analy-
sis and key phrase extraction. The third approach is based
on the classic measure TF-IDF (Joachims 1997). The Term
Frequency TF(w,d) is the number of times the word “w”
occurs in document “d” whereas the IDF factor indicates
the opposite frequency of a document. The IDF factor
aims at giving a more important weight to the least fre-
quent terms considered as discriminant. We note that, in
the approach proposed by Paukkeri et al., the document
structure was used only for concept extraction and is not
involved in relation extraction tasks.

Sumida and Torisawa (2008) propose to extract taxo-
nomic relationships using hierarchical layouts in Wikipe-
dia. These layouts concern title hierarchy, numbered lists
and bulleted lists. This method also uses a machine learn-
ing technique, pattern-matching method and other existing
methods for extracting relations from definitions and cat-
egory pages. Their system extracts more than 1.4 X 10¢
taxonomic relationships from the Japanese version of
Wikipedia with 75.3% as precision value.

Patrick Arnold (2014) also uses Wikipedia articles to ex-
tract semantic relations. However, he focuses more on the
text of Wikipedia articles, especially Wikipedia definitions,
rather than on the existing category system or infobox. His
method covers not only taxonomic relations but also se-
mantic relations such as “equal,” “has-a” and “part-of.”
Precision values range between 74% and 81% with an av-
erage of 79%. Kazama and Torisawa (2007) consider the
first sentence of a Wikipedia article as the definition sen-
tence and extract the concepts from the definition sen-
tence. They exploited syntactic patterns to identify the hy-
pernym in the definition sentence.

Several approaches aim to extract relations between do-
main concepts by combining a document structure analy-
sis with a syntactic method. Most of these approaches use
pattern matching techniques. The work by Aussenac-Gilles
and Kamel (2009) concerns ontology construction from
XML database specifications. The approach initially con-
sists of studying XML tags and their hierarchy to extract

taxonomic and non-taxonomic relations between domain
concepts. Moreover, the remainder of the text is analyzed
using lexico-syntactic patterns. The corpus utilized con-
tains very short and synthetic texts so the proposed ap-
proach is poor in terms of number of concepts and rela-
tions. Moreover, the same concept may be classified in dif-
ferent levels of the hierarchy. In other words, we find in
the ontology different occurrences of the same concept.
Each occurrence has its own properties. Hence, some ex-
tracted concepts and relations in this approach are incon-
sistent. In Snow et al. (2005), the approach proposed learns
syntactic patterns for automatic hypernym discovery. Tax-
onomic relations are extracted automatically from text us-
ing dependency paths and WordNet. Barbu and Poesio
(2009) propose the use of patterns to build taxonomies of
concepts from raw Wikipedia text. The construction pro-
cess starts with the generation of concept hierarchies from
WordNet. The concepts in each hierarchy are then mapped
onto Wikipedia pages. The authors assume that the con-
cepts that are classified under the same node in a taxonomy
are described in a comparable way in Wikipedia. Finally,
lexico-syntactic patterns describing semantic structures are
automatically learned.

Compared to extended work on relation extraction, lit-
tle attention has been given to labelling non-taxonomic re-
lations. Label extraction is the more intricate task in the
ontology construction process. To our knowledge, works
dealing with label extraction are usually based on syntactic
analysis and particularly on the occurrences of verbs in
sentences (Sanchez and Moreno 2008; Weichselbraun et al.
2009; Punuru and Chen 2012). In this paper, we present
an approach that gives taxonomic and non-taxonomic re-
lationships. For most non-taxonomic relationships, the
proposed method also provides the corresponding labels.
The originality of this approach is that it analyzes the doc-
ument structure and primarily the title hierarchy in order
to extract taxonomic or labelled relations.

3.0 Proposed approach for ontology construction

The proposed approach analyzes the text structure and es-
pecially the titles of the documents to extract the ontology
concepts and relations. Our approach consists of four
principle steps as described in Figure 1. The first step con-
sists of the selection and pre-processing of the corpus
documents by applying NLP tools. We focus then on the
extraction of concepts of the ontology that correspond to
the relevant terms of the field. The relations linking these
concepts are extracted in the third step. Finally, we apply a
refinement to these relations in order to keep only those
that are relevant. The ontology construction steps are de-
scribed in more detail in the following sections.
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Figure 1. Ontolobgy learning process.

3.1 Corpus building and pre-processing

The first step of the proposed approach is the selection of
the corpus documents. In the proposed approach, we use
HTML Wikipedia documents. The selection of these doc-
uments is performed using Google Web Search API. It is
a library tool given by Google programmers to extract the
results of a request. A set of keywords describing the field
followed by a set of search parameters is introduced. As a
result, we obtain a set of URLs corresponding to the web-
sites that are representative of the field and that verify the
defined search criteria.

Once the corpus is built, we focus on the analysis of
the collected documents using several natural language

processing (NLP) tools. Text pre-processing is an essential
part of our system, since the characters, words and sen-
tences identified at this stage ate the fundamental units
passed to all further processing steps. It is composed of
three steps: tagging and lemmatization, HTML parsing
and stop-sets generation.

Tagging identifies the grammatical category of each
word whereas lemmatization gives the canonical form of
an inflected word. To perform these operations, we use the
TreeTagger tool developed by Helmut Schmid (1994). The
HTML parsing extracts data by analyzing the tags of the
HTML documents. In our approach, we use HtmlParser
1.6, which is a free java library for the extraction and the
text processing of a web corpus. The last step of corpus
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pre-processing consists of the removal of the stop-words
and the stop-titles that appear in the corpus. Indeed, tex-
tual documents contain generally many words that occur
frequently in the texts but have no informational content
(e.g., articles, prepositions, conjunctions). To remove these
words, we define a general stop-set containing common
and non-informative words. We also define a stop-title set
to eliminate words that occur frequently in titles of general
structured texts and especially in Wikipedia articles (refer-
ences, external link, bibliography, etc.).

3.2 Concept extraction

After the preprocessing step, we focus on the extraction
of terms that are candidates to be the concepts of the on-
tology. These terms are called candidate terms and are de-
noted by CT. They are linguistic units that qualify objects
or notions of the real-world. In the proposed approach,
we use a syntactic method that extracts not only simple
terms but also nominal groups called nominal noun
phrases. We are interested in the most abundant noun
phrases containing specialized terminology. Thus, accord-
ing to the canonical syntactic structure of the CT, we de-
fine two classes of noun phrases:

— One-Noun-phrase-Class (Clj): contains noun phrase
composed of one word. This word is either a “Name”
or a “Named_Entity;”

— Two-Noun-phrase-Class (Cly): composed by noun
phrases containing two words and having as syntactic
structure the sequence “Name + Adjective” or
“Named_Entity + Adjective.”

We notice that, in the French language, the adjective is usu-
ally located after the noun (“le chat noir”) while for Eng-
lish, it is exactly the other way around (“the black cat”).

Once the CT is extracted, a filtering process is applied
in order to keep only the most important terms that cor-
respond to the main concepts of the studied field. The
concept extractor step is established by analyzing the
structure of the text including titles, styles used and hyper-
links that appear in these documents. To measure the rele-
vance of a CT in the corpus, we define the CR-ICF meas-
ure inspired from the classic TF-IDF measure (Joachims
1997). The proposed measure is the product of two fac-
tors CR (corpus relevance) and ICF (inverse corpus fre-
quency).

Let C = {di, da, ... , dm} be a corpus of “m” HTML
documents (d;). The corpus relevance CR of each candi-
date term “S” is the sum of its normalized relevance (NR)
in all the documents of the corpus. It is computed as fol-

lows:

CR(S) = 1L, NR(S, d;) = Z;n:l(z R(5.d))

“Da(sea) D
where n4(j) is the number of CT in the document “d;”” and
R(S,dj) is the relevance of the CT “S” in the document
“dj.” The denominator is the sum of the relevance of all
the syntagms in this document.

The relevance of a CT “S” in a document “d;” is de-
fined as the sum of its “title” relevance Rrige(S) and its
“style” relevance Rsy1e(S) in the document. In fact, titles,
hyperlinks and words having bold or italic style generally
represent elements carrying relevant information. We have
focused on these elements in order to filter the candidate
terms.

The normalized relevance of a CT “S” in the document
“d;” is used to avoid the problems related to the length of
the document.

The ICF factor indicates the opposite frequency of the
studied “corpus.” It is based on the occurrences of the CT
in other corpora of different fields in order to check
whether the extracted CT is a general term or is specific to
the studied field. A candidate term occurring frequently in
other corpora will be considered as a general word (i.e., the
term is not specific to the studied field) and consequently,
it will be removed. The ICF measure aims at giving a more
important weight to the least frequent terms in the other
corpora, considering them as relevant. The ICF factor of
a CT “S” is computed as follows:

Icl

where “Cy” is the “j"” corpus and | C| is the total number
of the corpora.

Once CR and ICF measures are computed for each CT,
we calculate CR-ICF values. A filtering step is then applied
and the CTs having a CR-ICF value higher than a given

threshold ate considered relevant and selected as concepts

of the study field.
4.0 Relations extraction

The main advantage of the proposed approach is its ability
to extract, in addition to taxonomic relations, those that
are non-taxonomic. In the ontology, taxonomic relations
play a role in classifying concepts from the most general to
the most specific. In order to extract such types of rela-
tions, we propose two methods: a syntactic analysis
method and a pattern matching technique. The first
method focuses on the two classes of domain concepts,
“Cly” and “Cly” in order to extract hierarchical relations.
The concepts of the class “Cly” are composed of one
word while those belonging to “Cl,” are composed of two
words. In the grammatical context, an adjective is a word
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which modifies the meaning of the word that precedes it
by making it more specific. Thus, from a concept C1=N;
belonging to “Cli»” and a concept C,=Ni+adj belonging
to “Cly,” a taxonomic relation is then defined between
“Cy” and “Cy.”” As an illustrative example, let us consider
the case of the medical concepts Ci="artery,” C,="“pul-
monary artery” and Cs=“femoral artery” In anatomy,
“pulmonary artery” and “femoral artery” are two types of
the “artery” concept. Thus, two hierarchical relations are
established between Co="“pulmonary artery” and C;="ar-
tery” on the one hand and between C3=“femoral artery”
and C;="‘artery” on the other hand.

We propose also a pattern matching technique in order
to extract taxonomic and non-taxonomic relations. For
taxonomic relations extraction, our method searches for
contexts that mark the hyperonymy relations. For this task,
we use first the Marshman’s patterns (Marshman 2008),
which are specific to hyperonymy relation in the French
language. Then, the relations are filtered in order to elimi-
nate those that are invalid.

The pattern matching technique is also used to retrieve
non-taxonomic relations. The synonymy, meronymy, an-
tonymy and causality relations are the most frequently used
by pattern matching works. We use the patterns defined
respectively in Cartier (2015) and Morlane-Hondere and
Fabre (2010) to extract synonym and antonym terms. The
study of meronymy relation is performed by combining
the patterns defined in Loffler-Laurian (1994) and Matsh-
man et al. (2002). The patterns presented in Marshman et
al. are also used to learn causal relations. The patterns used
when applying this method usually give relevant results.
Nevertheless, they are language specific and cannot be
generalized to corpora belonging to other languages.
Moreover, they deal with specific relations (synonymy,
meronymy, antonymy, causality) and cannot easily generate
domain relations. But, in the case of a domain corpus, we
find several relations related to the studied field. For exam-
ple, in the medical field, several terms are associated with
side effects,” etc. To
learn such kinds of relations, we must define specific pat-

EEINT3 2

the labels “symptom,” “treatment,
terns (is a symptom of, is a treatment of, etc.). In other
words, for each semantic relation, we should define the as-
sociated patterns. We conclude that this method depends
on the studied domain and cannot be generalized.

To resolve this problem, we propose new methods that
extract labeled relations and that are not dependent on the
studied domain. The set of extracted relations is larger and
semantically richer than that given by pattern matching
techniques. We propose three methods based on title hier-
archy that are pattern detection, three-level analysis and
two-level analysis. These methods analyze the document
structure, especially the title hierarchy of the documents.
Indeed, the titles in a document are often chosen to ex-

press some organization of the text content. The hierarchy
of titles corresponding to each document is then repre-
sented by a tree structure. The proposed approach has the
advantage of extracting non-taxonomic relations as well as
the associated labels.

We give below some notations which are used in the
rest of this paper:

— R denotes the set of all extracted relations.

— TR corresponds to the set of “taxonomic relations”
and NTR corresponds to the set of “non-taxonomic
relations.”

— A taxonomic relation between two concepts “concept:”
and “concepty” is represented by the pair (“concepti,
concepty”). These two concepts correspond to the ar-
guments of the relation where “concept,” is a sub-con-
cept of the “concept;.”

— A non-taxonomic relation is represented by the triplet

concepty,” “lab”) where “lab” is the label

of the relation linking the two concepts “concept;” and

2 <«

(“concept,

“concept2.”

— TermSet(T) denotes the set of terms belonging to a title
T:

TermSet(T) = {term,, term,, ...term,}
Where “n” is the number of terms composing the title
wp

— C describes the relation of inclusion between titles. We
note: T>» < T to indicate that the title ““T” is a subtitle
of the title “T.”

— “Ttree(A)” is a tree that describes the hierarchy of titles
in each document “A.” It is defined by identifying the
“root,” the “nodes” and the “edges” of this tree.

— Root: title of the document A.

— Nodes: The set of titles and sub-titles belonging to the
document A.

— Edges: each edge (T4, T2) corresponds to a relation of
inclusion between two titles belonging to the same doc-
ument A, i.e. Toc T}

The structure analysis method is composed of three
phases: title pattern detection, three-level analysis and two-
level analysis. These methods are described in the follow-
ing sections.

4.1 Title pattern detection

To extract non-taxonomic relations, we propose analyzing
the syntactic structure of the titles. For that, we manually
define a syntactic pattern that determines the two argu-
ments of each extracted relation as well as the correspond-
ing label.
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Principle: if there are two titles “Ty” and “T2” belong-
ing to the same article such that:

— Tz C T1

— T is composed by a single noun phrase “Term™

— “T4y” has the syntactic structure:
“Siab prep Termy, Termy, ... and Term,”
where “prep” is a preposition belonging to the set of
prepositions PrepSet = {”de,””de l',””de 12"} (Prep

Set = {of }).

Then, “n” relations of the form (Term;, Term’, Spp), for
1 < i < n, are extracted.

The extracted relations are classified as taxonomic or
non-taxonomic according to the value of “Sp.” Thus, if
“Sab” is equal to “type” or “kind,” the relation is consid-
ered taxonomic. Otherwise, “n” non-taxonomic relations,
having “Sp,” as label, are defined. The set of labels gener-
ated in this step is called “LabSet.”

The title pattern detection step is presented in Algo-
rithm 1.

Example:
Let us consider two titles “T'y” and “T%” such that T
Ty
T1: Tool of medical biology // Outil de la biologie
médicale

T5: Macroscopic examination // Examen mac-
roscopique

The title “T>” is composed of a single noun phrase that is
“macroscopic examination.” So, |Termset(T2) | =1. More-

EENNTS EENNT3

over, the title “Ty” is of the form “term” “prep” “term;”
where “term” corresponds to “tool” and “term;” corre-
sponds to “medical biology.” By applying the proposed ap-
proach, we obtain one non-taxonomic relation “R” =
(medical biology, macroscopic examination, tool). This re-
lation has as label “tool” and is valid and relevant, in the
medical field, since macroscopic examination is a tool of

medical biology.
4.2 Three-level analysis

The purpose of the “three-level analysis” is to retrieve la-
beled non-taxonomic relations between domain concepts
by analyzing three levels of the title hierarchy in each doc-
ument (Algorithm 2). The three-level analysis step is per-
formed by analyzing the titles “T1,” “T2” and “T53” appear-
ing in three nested levels of the title hierarchy and relies
on the following heuristic:

Let “Ty,” “T2” and “T5” be titles composed of one
noun phrase with T3CT,cTy. If “T” is a label (T2 €
LabSet), then a non-taxonomic relation “R” labeled by

Algorithm 1 Title Paffern Defection

Inputs: {Fdges, T NI, prepSet}
Oulpuits: {RT, RNT, LabSet}
LabSet=10

For eachu; € Fdges \\ u; is an edge of the form(7;, 7o) where 7=7;.

{

Extract_args, T3, T2) /Extraction of the arguments of u;

If((T: = Siap prep Si, 52,...59) && (prep € prepSet) &&(Termsel(TPE1L))
ffChecking the syntactic structure of 7; and the number of noun phrases conposing 72

Then
{

If (Szs = "type") /Hifthelabel of therelation is "type"

Then For j from 1 toxn do

T&R= TR (i, Termset(T)
Else For ; from 110 » do
{

HExtraction of a taxonomic relation

NIR =WIRV (5. Termset(T)), Sup) Extraction of a non-taxonomic relation

Labet= LabSetw {Sia)

ffExtraction of the label
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Algorithm 2 Three-level analysis

Inputs: {Edges, ] MIR, LabSef}
Oudputs: { RT, RNT}

For eachu; € Edges \\ wjis anedge of the form (7}, T2) where 7T,

{

Extract_args@, Ts, T2) //Extraction of the arguments of u;

If(3u’ € Bdges fu'= (T3 T2) HTscTz

Then If(([Termset(T))|= |Termset(7P)|= [Termset(T|=1) && (Termset(T2) € LabSef))
#Checking the titles” length and the nature ofthe noun phrase composing 72

Then
{

If(Termset(T) ="type™) #f the relation label is "type"
Then Tg= TR (Termset(T)) Termset(Ta)
/fA taxonomic relation linking the terms belongingto the titles of higher and lower levels
ffis extracted and added to the set of Taxonomic Relations T®
Else /IR = MIRV (Termset(T7) Termset(T, Termset(72)
/A non-taxonomnde relationthat has as labelthe noun phrase belonging to the title of the
ffmedium level is extracted and added to theset of Taxonomic Relations IR

“Ty” and having as arguments Termset(“T;”) and
Termset(“T5”) is extracted:

R = (Termset(T), Termset(T3), Termset(T2))

In the same manner as the title pattern detection approach,
we consider a relation that has “type” as label to be taxo-
nomic.

Example:
Let us consider the three nested titles “T4,” “T%” and
“T5” extracted from a Wikipedia document where T3 C
Tz (e T1Z
T: Bronchioliti
T, Treatment
T5: Physiotherapy

“T4,” “T2” and “T'3” are composed of a single noun phrase.
Moreover, the syntagm composing the title “T%” consti-
tutes a label in the medical field (Termset(T2) € LabSet).
A non-taxonomic relation R = (bronchioliti, physiother-
apy, treatement) linking bronchioliti and physiotherapy is
then generated. This relation is labeled “treatment,” which
means that the physiotherapy is a treatment of bronchio-
litis.

4.3 Two-level analysis
We propose, also, analyzing the titles belonging to two

nested levels and composed of one noun phrase in order

to see whether a relation could be generated.

Let T1 (T1=S1) and T (T>= S») be two titles composed
of one syntagm such that T> < T. Depending on the na-
ture of the syntagms “S;” and “S,,” the extracted relation
is classified as either taxonomic or non-taxonomic. Indeed,
if one of the two syntagms is a label already found then a
non-taxonomic relation is generated otherwise a taxo-
nomic relation is defined. Therefore, if:

1. Neither “Sy” nor “Sy” is a label (Si ¢LabSet and S,
¢LabSet) then a relation R = (S1, Sp) is extracted. The
expert has the task of validating the type of the ex-
tracted relation. If the domain expert considers the re-
lation non-taxonomic, he performs the task of giving
the label of the relation.

Example:
We extract from a Wikipedia article the two nested
titles:
Ti= tooth decay // catie dentaire
T>= devitalization // dévitalisation
When applying the two-level process, we obtain the re-
lation (tooth decay, devitalization). We note that neither
“tooth decay” nor “devitalization” is a label in the med-
ical field. To evaluate the relation, we call on a domain
expert. The latter fixes the relation as non-taxonomic
and gives the label “treatment” to describe the relation
between arguments. Other relations such as (cholera,
media) are extracted by applying the two-level analysis
on other Wikipedia articles but are rejected by the do-
main expert.
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2. “Sy” is a label already found (S € LabSet), then no
relation is generated as the corresponding relation was
already extracted by the three-level analysis method.

3. “Sy” is a label (S; € LabSet), then a non-taxonomic
relation R = (S1, X, Sy) labelled by “S;” and having as
first argument “S;” is generated. To define the second
argument of “R,” we propose analyzing the paragraph
that follows the title ““T>” in order to extract the missing
argument “X.” For that, we seck in this paragraph terms
written with accentuated styles (bold, italic, etc.) and
expressions corresponding to specific patterns. Indeed,
pattern-matching methods are proven to be efficient
when the relations labels are determined.

4.3.1. Patterns

To extract the missing argument “X” of the relation R =
(S1, X, Sz), where “S;” is the syntagm composing a title
“Ty” and “S;” the syntagm composing a title “T2” with
T>cCTi and Sy € LabSet, we define the two patterns “Py”
and “Py”

“Py”is of the form: S; (adj) (of Sp)is A
(de Sy) est A

“P,”is of the form: A is S, (adj) (of S1) // A est Sz (adj)
(de Sy)

// Sz (ad))

where (adj) and (of Sy) are optional.

We search in the paragraph following the title “T%” expres-
sions that have as syntactic form “Py” or “P,.” For each
extracted expression matching the pattern “P;” or “P»,” a
non-taxonomic relation of the form (S, A, Sy) is then gen-
erated.

Example:

Let consider the two nested titles “T'1” and “T2” where
Ty = tuberculosis (tuberculose) and T> = treatment
(traitement). As “treatment” is a label, the two-level
analysis will generate a non-taxonomic relation R = (Tu-
berculose, X, treatment). To extract the missing argu-
ment X, we analyze the paragraph following the title
“T5” searching for an expression matching the defined
patterns “Py” and “P».”

Ti= tuberculosis // tuberculose

T>= treatment // traitement
... Rifadine is a treatment that can be used to treat tu-
berculosis of bone // ... La rifadine est un traitement
qui peut étre utilisé pour traiter la tuberculose osseuse
We remark that the sentence “rifadine is a treatment”
(rifadine est un traitement) matches the pattern Pa (A is
S»), so the relation R= (tuberculosis, rifadine, treatment)
is extracted.

4.3.2. Styles

In addition to patterns, we are interested in the styles used
and links that occur in the paragraph that follows the sub-
title. Common formatting (bold, italic, etc.) is usually used
to highlight words that are assumed to be important in the
context in which they appear. Because it is expected that
the paragraph contains the desired argument, this one
probably appears among the terms with specific styles.

In order to minimize errors and extract only interesting
relationships, we propose a restriction of the length of the
textual content that appears with a particular style. Thus, we
are interested only in textual content composed by a maxi-
mum of two noun phrases. Each extracted noun phrase is
considered as the second atgument of the relation.

Example:

As an example, we consider a Wikipedia article dealing
with “cancer.” Among the subtitles of the title “cancer,”
we focus on “treatments.” When applying the two-level
process, we obtain the relation (cancer, treatment). Since
“treatment” is a label, the relation is considered non-tax-
onomic. We focus on texts written with different styles in
order to extract the second argument. Several relevant re-
lationships are extracted, which we cite as examples:

(cancet, chemotherapy, treatment) //

(cancer, chimiothérapie, traitement)

(cancet, radiotherapy, treatment) //

(cancer, radiothérapie, traitement)

(cancert, ultrasound, treatment) //

(cancer, ultrason, traitement)

In summary, the two-level analysis is formalized in Algo-
rithm 3.

5.0 Ontology refinement

Once the concepts and relations ate extracted, we proceed
to enrich our ontology by discovering new concepts and
new relations. We have proposed previously (Zarrad, Dog-
gaz and Zagrouba 2013) an enrichment method that ex-
tracts new concepts and new relationships and integrates
them into the obtained ontology. A refinement of the ob-
tained relations is then performed in order to keep only rel-
evant relations. The refinement process is performed by
checking three types of relations: transitive relations, con-
flictual relations and inverted relations.

5.1 Transitive relations

In this paragraph, we aim to eliminate redundant relations
by referring to the transitive property. To do this, we focus
on taxonomic relations already extracted. Among these re-
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Algorithm 3 Two-level analysis

Inputs: {Edges. TR MIR, LabSet}
Oulpuis: {RT, RNT}

For eachy; € Edges \; is an edge of the form (T3, T9 where T2cT;.

{

Extract_args@, T;, T2 #Extraction of the arguments of u;

If(Termset(TD|=Termset(T2)|=1)&&(Termset(T;) ¢ LabSef))
f{Checking the number of noun phrases composing 77 and 72 as well as the nature of noun phrase

ffcomposing T;

Then If(Termset(T2) € LablSef) //Checking the nature of noun phrase composing 72

Then
{

MR = MIR Search Patem (ParagT9), Py, P
/Search_Patternis a function that analyzes the paragragh followingthe title T2by
Hseeking expressions of the form P; or Pz and retumns non-taxonomic relations

NTR= HMIRL Search_Style (Parag(T2)

/Search_Style is a functionthat analyzes the paragraph following the title T2 by seeking
{fnoun phrases having accentuated styles (bold italic, etd) and retums ron-taxonomic

relations

}

Else W= TR (Termset(T)) Terrmset(T7)

#A taxonomic relation between the two noun phrases conposing 77and 72 is extracted and added

fto the set of Taxonomic Relations T®

lations, we check whether there are relations which can be
deduced using the transitive property:

Let R1 = <S1, Sz), R2 = (83, S4) and R3 = (81, 84) be three
taxonomic relations. If the noun phrase S; = S;3 then the
relation “R3”is considered as redundantand is removed
since it can be deduced from “R;” and “Ry.”

Example:
Ri= (disease, genetic disease) //
(maladie, maladie génétique)
Ro= (genetic disease, cancer) //
(maladie génétique, cancer)
R3= (disease, cancer) //
(maladie, cancer)

According to the transitivity principle the relation “Rs” is
then removed. Indeed, “Rs” can be deduced from “R;” and
‘KR2.7)

5.2 Conflictual relations

Two relations “R;” and “R,” are considered conflictual if
they have the same arguments but one is taxonomic while

the other is non-taxonomic. Hence, the two relations Ry =
(termy, termy) and Ry = (termy, termy, termy,,) are conflict-
ual and cannot coexist together. To resolve this problem,
we favor the taxonomic relations that we consider more
relevant than those that are non-taxonomic. Indeed, the
methods used for taxonomic relation extraction are more
reliable than those used for non-taxonomic relation dis-
covery. Actually, when applying hierarchy analysis, espe-
cially title pattern detection and three-level analysis, we fo-
cus only on the hierarchy of the titles and not on text con-
tent. This could generate non-taxonomic instead of taxo-
nomic relations. For this reason, we favor taxonomic rela-
tions over those that are non-taxonomic, and we consider
that taxonomic relations have higher priority.

As an illustrative example, let us consider the following
nested titles appearing in a Wikipedia article:

Tye: Dyspnea “Dyspnée”

T¢. Causes “Causes ”

Ts1: Chronic dyspnea “Dyspnée chronique”
Ty: Acute dyspnea “Dyspnée aigtie”

When applying the three-level analysis method, we extract
the two relations “R;” and “Ry:”
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R; = (dyspnea, chronic dyspnea, cause)
R, = (dyspnea, Acute dyspnea, cause)

We notice here that the two retrieved relations ate invalid
and that the links between “dyspnea” and “chronic dysp-
nea” on the one hand and “dyspnea” and “acute dyspnea”
on the other hand are hierarchical. Indeed, the two subti-
tles “chronic dyspnea” and “acute dyspnea” are used by
the article’s author not as causes of the disease but in order
to detail the causes of dyspnea in chronic and acute cases.
The causes of dyspnea are then described in the para-
graphs that follow each subtitle. Thus, the two relations
“Ry” and “Ry” are not correct and have to be removed. Let
us assume, also, that we have a taxonomic relation R =
(dyspnea, chronic dyspnea). Since the two relations “Ry”
and “R” are conflictual, the relation “R;” will be removed
and only the relation “R” is retained. The same principle
can be applied to some examples of relations extracted
when applying the title pattern detection step.

5.3 Inverted relations

The last step of relation refinement focuses on taxonomic
relations having inverted arguments. Let “R;” and “Rz” be
two taxonomic relations such that:

Ri = (termy, termp)
Ry = (termy, termy)

In other words, “term;”is considered as a sub-concept of
“term;” and “term;”is also considered as a sub-concept of
“termy.” This double inclusion cannot be retained. Only
the valid relation is kept. The other is removed from the
set of taxonomic relations.

In order to select the valid relation, we classify the tax-
onomic relations in four classes according to the method
used for their selection:

— Ci: The relations extracted using pattern’s recognition
method;

— Gz The relations extracted using title pattern detection
and three-level analysis methods and that have the term
“type” as label;

— Cas: The relations selected by syntactic analysis;

— Cg: The relations selected by the two-level method then
validated and classified as taxonomic ones by the do-
main expert.

In order to resolve the conflict and choose the relevant
relation, we focus on method reliability. We check the rel-
evance of each relation by considering the method that has
been used to extract it. Thus, we assign the weight a; for
each class “C;” reflecting the importance given to the

method used. For each extracted relation “R,” we assign a
binary value “Ti(R)” such as Tj(R) is equal to one if “R”
belongs to “C;,” otherwise T;(R) = 0. We then compute
the relation weight “T'(R):”

T(R) = Y a;* Ty(R) (eq.3)
with:

=1
O<oyy<y<az<a,<l1

(eq. 4)

The greatest weight is assigned to relations identified by
the domain expert (ay). It is interesting to note that this
weight is chosen such that a relation validated by a domain
expert eliminates any other relation. Hence, the constraint
oy + ay + az < ay of eq. 4. We note that a relation “R”
can belong to different classes. The syntactic analysis also
gives interesting results. Indeed, the adjective makes a term
more specific, so that a term “T}” composed by a term
“T,” followed by an adjective is usually a sub-concept of
“T,.”” Thus, the relations belonging to the class “C3” have
the second priority. The third priority is assigned to the
class “C” These relations extracted when analyzing the
titles” hierarchy and having “type” as label can be consid-
ered taxonomic. We give the last priority to the class “Cy,”
which is the least efficient.

The coefficient constraints ensure that two inverted re-
lations belonging to two different classes could not have
the same weight. The relation having the highest weight is
retained, the other one is removed.

6.0 Experimental study

To evaluate the proposed ontology building approach, we
are interested in French Wikipedia articles related to the
medical field. This field is terminologically rich and has
been the focus of several research projects (Sawsaa and Lu
2014; Tang et al. 2017). Our corpus is composed of 1,222
Wikipedia medical articles. 189,900 CT are extracted from
the corpus where:

— 110,929 CT belong to class “Cli.” Some examples of
CT belonging to “Cly” ate: lung, cell, tumor, disease, etc.
— 78,971 CT belong to class “Cl,.” Some examples of CT
of the class “Cly” are: genetic disease, human body, im-

mune system, etc.

Then, we apply the relation extraction approach, we obtain
as result 17,114 relations:
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— 3,765 taxonomic relations obtained by performing a
syntactic analysis of the corpus: 1,854 before enrich-
ment and 1,911 when applying enrichment step.

— 3,463 taxonomic relations and 5,722 non-taxonomic te-
lations extracted when projecting the lexical-syntactic
patterns on the corpus.

— 4,164 relations (taxonomic and non-taxonomic) ob-
tained by exploring the hierarchy of titles in each docu-
ment.

The evaluation of the ontology relations is first conducted
by a domain specialist using a random sample of 500 rela-
tions. He checks to see whether each retrieved relationship
is relevant to the medical field. Then, we compute the pre-
cision and recall values. We use the same definitions of
precision and recall known in information retrieval (IR)
(Powers 2011). The second step of ontology evaluation
consists of comparing our ontology to other existing on-
tologies and knowledge repositories. In order to compare
ontologies, we were inspired by the measures proposed in
Brank et al. (2005). The authors propose two measures:
precision and recall. We note that these measures and
those known in IR (Powers 2011) are not the same. In
Brank et al., precision is the percentage of the ontology
lexical entries that also appear in the gold standard, relative
to the total number of ontology words. Recall is the per-
centage of the gold standard lexical entries that also appear
as concept identifiers in the ontology, relative to the total
number of gold standard lexical entries. We apply these
measures not only for lexical entities (concepts) but also
for the evaluation of ontological relations. A way to
achieve more tolerant matching criteria is to consider all
subclasses of each lexical entry and all their subclasses be-
longing to lower levels. Then, instead of testing whether
the extracted taxonomic relation (“Cy,” “Cy”) appears also
in the gold standard, we propose to check whether the
concept “Cy” belongs to the whole set of subclasses of
“Cy” that we note Sub(Ci). The same idea is applied for
recall measure. To distinguish these measures from known
precision and recall measures, we call them Pgolq and Reola-

The precision values given by relation extraction meth-
ods are given in Table 1. To compute these values, we use
simples composed by 500 relations. As we can note, the
syntactic analysis and the three steps of title hierarchy anal-
ysis give the best results. The pattern recognition approach
extracts at the same time taxonomic and non-taxonomic
relations. Nevertheless, this method gives better results for
taxonomic relation discovery. We note also that the num-
ber of extracted relations is relatively high. This is due to
the long list of patterns used.

When exploring the hierarchy of the titles in each doc-
ument, we extract not only taxonomic relations but also
non-taxonomic. The resulting set of non-taxonomic rela-

tions is automatically labelled without the intervention of
the expert. The corresponding precision values are inter-
esting and validate our intuition. We obtain as recall values
54.55% for taxonomic relations extraction and 73.42% for
non-taxonomic. The corresponding F-measure values are
58.56% and 72.73%. Before checking the relations argu-
ments, the two-level analysis step gives a total number of
3,018 relations. We obtain 739 relations with a label as sec-
ond argument. We scan the paragraph that follows each
subtitle by checking patterns and styles used in order to
extract the missing argument of each relation.

In Table 2, we present a description of the extracted
relations and the corresponding precision values when ap-
plying the two-level analysis step. We note that 2,077 new
non-taxonomic relations are retrieved. Among them, 434
relations are rectified by the expert by modifying a relation
argument or label.

Afterwards, we apply a refinement to the set of all ex-
tracted relations in order to eliminate redundancy and re-
move invalid relations. The resulting set of relations is
composed of 5,679 taxonomic relations and 8,065 non-
taxonomic. The number of relations that are removed re-
ferring to the property of transitivity is thirty-six. The anal-
ysis of conflictual relations gives forty-one pairs of rela-
tions (taxonomic and non-taxonomic). We keep only taxo-
nomic relations that correspond to a precision value of
85.37%. In the last step of relation refinement, we analyze
relations having inverted arguments. Four pairs of taxo-
nomic relations are retrieved. We choose the values
{ay =0.6, a3 =0.25, a, =0.1, a; =0.05} that verify equ.
4. By giving priority to each class of relations referring to
the methods used, we keep only those that are relevant.
This step gives 100% as precision value.

To compare our results to other existing ontologies, we
chose those dealing with the same field and the same lan-
guage. We used the French version of Medical Subject Head-
ings (MeSH) and the category system in Wikipedia. MeSH
is a taxonomic hierarchy of medical and biological terms
suggested by the U. S. National Library of Medicine
(Soualmia et al. 2004). This thesaurus contains about
27,582 classes that represent the basic concepts in the
medicine field. The category system of Wikipedia corre-
sponds to a thematic classification system of Wikipedia ar-
ticles that appears at the bottom of each article page. It
was used for evaluation in other works (Paukkeri et al.
2012). We focus on the French category “medecine” which
contains twenty-eight subcategories. Each of these subcat-
egories gives rise to other subcategories, etc.

When computing the Pgolq and the Ryoiq 001 a random
sample of about 100 taxonomic relations extracted by our
system, we conclude that 31.68% of these relations appear
also in MeSH and 28.71% appear in Wikipedia categories.
To compute recall, which corresponds to the percentage
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Method Extracted relations
Taxonomic relations | Precision | Non-taxonomic relations | Precision
Syntactic analysis 1854 84% X X
Patterns matching 3463 60.31% 5722 41.22%
Title pattern detection 20 100% 96 64.58%
Titles” Hierarchy Analysis | Three-level Analysis X X 191 90.05%
Two-level Analysis 1780 62.8% 2077 78,75%

Table 1. Evaluation of the proposed methods.

Number of extracted relations

Correct relations (Precision values)

Rectified relations

Patterns 14 71.43% 0
Styles 2063 57.8% 21%
Table 2. Evaluation of two-level analysis step.
Reference Measures
Repositories Peoia Ryola
MeSH 31.68% | 43.56%
Wikipedia Categories 28.71% | 53.06%

Table 3. Ontologies compatison.

of the gold standard relations that also appear in our on-
tology, we use a sample of similar size. The results are
given in Table 3.

We notice that our ontology gives more interesting re-
sults than the two referenced systems. Moreover, MeSH
and the category system of Wikipedia give mainly taxo-
nomic relations. However, we notice that many relations
given by these two repositories are not taxonomic. For ex-
ample, when exploring the medical category, we find that,
on the one hand, the category “discipline of chemistry”
(discipline de la chimie) is a subcategory of “chemistry”
(chimie). On the other hand, the category “biochemistry”
(biochimie) is a subcategory of “discipline of chemistry.”
The first relation is not a taxonomic relation. These two
relations could be replaced by a single non-taxonomic re-
lation labelled “discipline” linking the two concepts
“chemistry” and “biochemistry.”” Many other examples of
such relations are found either in MeSH or in the catego-
ries of Wikipedia. In our ontology, this problem does not
arise since we extract directly the non-taxonomic relation
with the associated label.

7.0 Conclusion

In this paper, we have presented an extended version of
our approach that deals with building ontology using doc-
ument structure. The proposed methods focus mainly on
the title hierarchy to extract semantic relations. These
methods extract not only taxonomic relations but also
non-taxonomic relations. Most of these relations are la-
belled automatically. Relations discovery is performed in
three steps: title-pattern detection, three-level analysis and
two-level analysis. The latter two approaches have the ad-
vantage of not being language specific. In three-level anal-

ysis step, we have defined several assumptions in order to
detect the relation type, the relation arguments and the cor-
responding label in case of non-taxonomic relation. The
methods proposed for relations discovery give a large
number of relations. We propose to apply a refinement to
the set of all extracted relations in order to remove redun-
dant and invalid relations keeping only relevant ones. The
refinement process is performed by applying transitive
property, checking the nature of the relations and analyz-
ing taxonomic relations having inverted arguments. A
comparison with a gold standatd is finally performed in
order to evaluate the generated ontology. The proposed
approach is evaluated on French Wikipedia articles related
to the medical field. Nevertheless, we note that this ap-
proach could be applied on other fields to extract taxo-
nomic and non-taxonomic relations. Indeed, in the pro-
posed approach, the relations labels are extracted automat-
ically. Therefore, any kind of relations could be extracted.
We note that the relations arguments are composed either
of a “name” or a “name” followed by an “adjective.” We
are interested in these nominal groups since they are those
most used in technical texts.

As future work, it might be interesting to extend the
extraction of concepts to more complex noun phrases.
They may include, in addition to the “noun,” a preposition,
a proper noun, an adverb, etc. We mention as examples
“Ministry of Finance,” “Monte Carlo analysis” and “sex-
ually transmitted diseases.” Such CT are semantically rich
and often appear in technical corpora. Moreover, a refine-
ment of the set of concepts having more than one hyper-
nym can be conducted. In other words, if “term;”is, in the
same time, a sub-concept of “term;” and a sub-concept of
“terms,” it would be interesting to select the relevant rela-
tion and remove the invalid one. We have noted that, in
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some cases, there is a taxonomic relation between “term,”
and “terms.” We aim also to apply a refinement to non-
taxonomic relations that have the same arguments but
have different labels. Indeed, if “R;”is of the form (termy,
termy, laby) and “R,”is of the form (termy, termo, laby), it
would be judicious to check the link between the two terms
“term;” and “term;” and specify the correct label.

Furthermore, we aim to increase the corpus size in or-
der to improve precision and recall values. Considering the
fact that the field on which we work is wide and contains
a huge number of concepts, we will probably obtain more
interesting results when the number of documents in the
corpus is high. For the time being, evaluation is performed
by only one domain expert. A deeper evaluation realized
by several domain experts is planned for future work.
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