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Finally, and most importantly, my love is with my great family, my parents,

De plus, les ontologies sont parfois considérées comme difficiles à prendre en main pour les personnes non spécialistes de modélisation, en raison de leur complexité, de leur taille ou des propriétés et relations qu'elles incluent.

Ainsi, un outil de visualisation doit être proposé pour les experts des INM.

L'outil aura deux buts, d'une part visualiser l'ontologie existante, d'autre part proposer des modifications relatives à la structuration de l'ontologie qui doit se construire de manière collaborative.

Des contributions sont proposées dans cette thèse sur ces deux sujets (construction du vocabulaire et visualisation). Deux approches sont présentées pour la construction, l'une reposant sur la connaissance experte et l'autre sur un corpus. Une mesure de similarité est introduite et évaluée. Pour la visualisation, notre proposition repose sur l'utilisation de cartes conceptuelles. Il s'agit alors de ré-écrire l'ontologie sous ce nouveau format et de proposer des outils permettant de distinguer les différents éléments et liens entre les éléments. Un outil a été implémenté, permettant de transformer les ontologies décrites en OWL pour les visualiser. 
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Introduction

T his chapter presents relevant information of the thesis such as the definition of research field related to the dissertation as well as an introduction about the context of this work, namely Plateforme CEPS 1 . Then motivations and objectives of the thesis are figured out. Consequently, the thesis contributions are presented for achieving the goals. Finally, the structure of thesis is given. The World Health Organization (WHO) defines traditional medicine as "the sum total of the knowledge, skill, and practices based on the theories, beliefs, and experiences indigenous to different cultures, whether explicable or not, used in the maintenance of health as well as in the prevention, diagnosis, improvement or treatment of physical and mental illness" [START_REF]Traditional, complementary and integrative medicine[END_REF].

Context

The WHO also proposes the definition of the terms"complementary medicine"

or "alternative medicine" as "a broad set of health care practices that are not part of that country's own tradition or conventional medicine and are not fully

1.1. Context
integrated into the dominant health-care system. They are used interchangeably with traditional medicine in some countries" [START_REF]Traditional, complementary and integrative medicine[END_REF]. So-called "CAM" is typically defined as a heterogeneous group of health care practices such as Ayurvedic medicine and other Indian systems of medicine such as Yoga, varieties of Chinese medicine, homeopathy, Swedish massage, Qi Gong [START_REF] Melorose | Statewide Agricultural Land Use Baseline[END_REF].

In the United State, the National Center for Complementary and Integrative Medicine (NCCIH)2 , formerly known as the National Center for Complementary and Alternative Medicine (NCCAM), defines CAM as "a group of diverse medical and health care systems, practices, and products that are not presently considered to be part of conventional medicine" [START_REF]Complementary and Alternative Medicine In the United States[END_REF].

In Europe, the CAMbrella Project3 recently defined CAM as follows:

"CAM, as utilised by European citizens, represents a variety of different medical systems and therapies based on the knowledge, skills and practices derived from theories, philosophies and experiences used to maintain and improve health, as well as to prevent, diagnose, relieve or treat physical and mental illnesses.

CAM therapies are mainly used outside conventional health care, but in many countries some therapies are being adopted or adapted by conventional health care" [START_REF] Eurocam | What is CAM[END_REF][START_REF] Mcintyre | The Regulation of Complementary and Alternative Medicine (CAM) in the EU[END_REF].

CAM and TM are now recognized as global health care phenomena (World Health Organization -WHO 2013). They almost occur in all WHO member states, encompassing specific therapies or treatment, healing systems, and health care professions. CAM plays a more and more important role in daily life and medicine. Nearly two-thirds of French and more than 100 million Europeans use it [START_REF] Ninot | Interventionn on-médicamenteuseI NM : un concept pour lever les ambiguïtés sur les médecines douces et complémentaires[END_REF]. In the United State of America, more than 30 percent of adults and about 12 percent of children use health care approaches developed outside of mainstream medicine (conventional medicine or West-ern medicine) [START_REF]Complementary, Alternative, or Integrative Health: What's In a Name?[END_REF]. The trend of using CAM in Cancer Care attracts more research [START_REF] Frenkel | Communication in Cancer Care: Discussing Complementary and Alternative Medicine[END_REF] and people working with cancer patients [START_REF] Ben-Arye | Attitudes Among Nurses Toward the Integration of Complementary Medicine Into Supportive Cancer 137 Care[END_REF].

A classification of CAM is very essential. There have also been many attempts to classify and categorize the various types of CAM/TM. ❼ Manipulative and body-based methods: therapies related to movement or manipulation of the body, such as chiropractic and massage therapy;

❼ Energy therapies: the manipulation and application of energy fields to the body such as Qigong, Reiki, and therapeutic touch.

In 2017, the Plateforme CEPS proposed a taxonomy of NPIs including five categories as follows (also illustrated in Figure 1. The objective 3 of Plateforme CEPS aims at building a search engine named Motrial6 to help NPI researchers to identify quickly main publications of NPI trials [START_REF] Ninot | Motrial, le premier méta-moteur de recherche des études cliniques sur les interventions non médicamenteuses (INM)[END_REF]. It will reduce not only search time but also errors in result of the search process. Besides, this search engine will also help them to identify authors and research team all over the world based on trial publications.

There are various ways to categorize search engines. According to our knowledge, search engines are divided into two groups: traditional search engines and semantic ones.

Traditional search engines work by matching query terms against a keywordbased index. They will fail to match relevant information when the keywords used in a query different from those used in the index, despite having the same meaning. As a result, not all the documents related to the search query can be retrieved. The ambiguity of the query also leads to the retrieval of irrelevant information.

Semantic search engines leverage domain-specific knowledge of ontologies to improve retrieved results. They do not only look for matching keywords, but attempt to identify the intent and deeper meaning of a search based on each of the words used in a query. An important role of ontologies is to expand search queries. It also serves as schemata or intelligent view over information resources. Thus they can be used for indexing, querying, and reference purposes over non-ontological datasets and systems.

The value of search engines is given by quality measures as for example precision and recall [START_REF] Kumar | Search Engines Evaluation[END_REF]. Precision ensures that a result retrieved by a search engine is relevant, while recall ensures that all relevant information have been retrieved. Some works have shown that adding domain knowledge, represented by ontologies, increases the quality of search engines [START_REF] Aravindhan | A Review on Ontology Based Search Engine[END_REF]. For this reason, the Platforme CEPS aims at integrating an ontology related to NPI domain into the Motrial. The objective 2, therefore, becomes crucial for the objective 3.

The objective 2 of Plateforme CEPS aims at building a shared ontology that will be considered as an open reference when dealing with NPIs. Ontology is a way of describing and linking data and their interrelations across the globe on the web [START_REF] Ahmed | Role of Ontology in Semantic Web Development[END_REF][START_REF] Dutta | Examining the interrelatedness between ontologies and Linked Data[END_REF]. An ontology, between other characteristics, defines a standard vocabulary for domain-specific researchers who need to share information and cross data in their fields. It includes definitions of concepts with relations among them for a specific domain. It is often encoded in machine-interpretable format [START_REF] Natalya | Ontology Development 101: A Guide to Creating Your First Ontology[END_REF]. Nowadays, ontologies is becoming increasingly an important role as backbones in ontology-based search engines. Once the NPI ontology is built, it will be used as a component of the search engine Motrial to expand and enrich queries.

In reality, the objective 2 would be a time-consuming work if it was performed manually by NPI experts. Therefore, an automatic or semi-automatic approach should be considered to help them to reduce time and human efforts in the development of the ontology. This thesis is designed to assist them to achieve this goal.

Motivations

In order to build an ontology, experts often follow one of ontology development methodologies such as METHONTOLOGY [START_REF] Fernández-López | METHON-TOLOGY: From Ontological Art Towards Ontological Engineering[END_REF], NeOn [START_REF] Figueroa | Neon methodology for building ontology networks: a Scenario-Based Methodology[END_REF], UPON [START_REF] De | A software engineering approach to ontology building[END_REF] etc. 4. Implementation: The purpose of this workflow is to encode the ontology in a formal language, for example, Web Ontology Language (OWL). This step must be performed by ontology engineers.

5. Test: In this final workflow, the consistency and the coverage of ontology are checked. Then the ability of answering competency questions is verified.

In the second workflow (Analysis), acquiring a set of NPI terms to develop the ontology is the most time-consuming task. In the beginning, the Plateforme CEPS had only few NPI terms and the NPI experts have been trying to find out more terms. They have used the traditional method to solve this problem by searching and reading articles, book or web pages on the Internet. As a 

Objectives and Contributions

This thesis focuses on the objective 2 of Plateforme CEPS (building an ontology of NPIs) which is crucial for the objective 3. We aim at helping the members of Plateforme CEPS to build a shared ontology in a collaborative manner.

We focus on two main goals.

❼ Initially, the Plateforme CEPS just had some seed NPI terms. One of the goals of this thesis is to acquire more NPI terms based on these seed terms. In reality, NPI terms are spread in many different knowledge bases and corpora. It is hard to distinguish NPI terms from the others.

Thus, we propose a method to acquire NPI terms based on semantic similarity from both sources. Given some seed terms, our method not only retrieves similar terms but can also get related terms.

❼ Ontologies are often complicate to understand by domain experts. Thus efficient visualizations are necessary for them to understand and work on domain knowledge. However, existing visualization tools are often designed for engineering experts. As a result, they are difficult to use by domain experts. Therefore, the remaining goal of this thesis is to develop a new ontology visualization tool for the experts who are working on many different domains, especially NPI domain.

The contributions of my PhD thesis are the following ones:

❼ NPI terminology acquisition goal:

-A methodology to acquire new NPI terms from some seed terms;

-A semantic metric to measure the similarity between two NPI terms;

-A web-based application to assist NPI experts to validate the NPI term candidates.

❼ Visualization goal:

-A MindMap-based notation to visualize elements of an ontology;

-A methodology, implemented in a Java-based tool, for transforming OWL format to FreeMind format which is imported by existing mind-mapping tools in order to create visualizations. Chapter 2

Structure of the thesis

Background

I

n the framework of Plateforme CEPS, researchers in various domains work together. Therefore, the need of a reference terminology is essential.

A terminology is a kind of Knowledge Organization Systems such as taxonomy, thesaurus, ontology with different semantic levels [START_REF]Knowledge Organization Systems: An Overview[END_REF][START_REF] Lei | Knowledge Organization Systems (KOS)[END_REF]. This chapter presents background knowledge related to Knowledge Organization Systems, how to encode and visualize them.

Semiotic and elements

A word often has more than one definition. According to the Oxford dictionary, there is an average of 28 meanings per word in the 500 most used words in English. As a result, our communication attempts sometimes fail because of misconceptions and ambiguity.

In order to avoid misunderstandings and confusion, communications need to be expressed by the triangle of reference (also known as triangle of meaning, or semiotic triangle) proposed by Ogden and Richard [START_REF] Kay Ogden | The Meaning of Meaning: a Study of the Influence of Language upon Thought and of the Science of Symbolism[END_REF], as illustrated in Figure 2.1. The triangle describes a simplified form of relationship between the speaker as subject, a concept as object or referent, and its designation as sign. The "SYMBOL" in Figure 2.1 can be a word, a term or a token.

Words have no exact or clear meaning, and meaning depends on context. It is essential to define terms or concepts to avoid this ambiguity. For example, when a word "orange" is presented, the corresponding reference may be a fruit or a color. The correct meaning can be well understood if the word is presented in the specific context.

The following parts introduce definitions of some basic elements used in the triangle of reference.

Token: A token is a sequence of continuous characters between two spaces, or between a space and punctuation marks [START_REF] Christopher | An Introduction to Information Retrieval[END_REF]. A token can also be an integer, real, or a number with a colon (for example, 2:00 is a token to indicate time).

All other symbols are tokens themselves except apostrophes and quotation marks in a word (with no space), which in many cases symbolize acronyms or citations [START_REF] Hacohen-Kernerasaf | Experiments with Language Models for Word Completion and Prediction in Hebrew[END_REF].

Term: A term is a lexical unit that has an unambiguous meaning when used in a text of a specific domain [START_REF] Christopher | An Introduction to Information Retrieval[END_REF]. Terms are the linguistic representation of concepts in a knowledge domain. They are often treated as a single lexical unit even though they might be composed of more than one orthographic word. A set of domain-specific terms constitutes a specialized lexicon or a terminology [START_REF] Eduardo | Multi-word terminology extraction for domainspecific documents[END_REF].

Multi-token term: A multi-token term (multi-word term) is a term that is composed of two or more words. The unambiguous semantics of a multi-token term depends on the knowledge area of the concept it describes and cannot be inferred directly from its parts [START_REF] Frantzi | Automatic recognition of multi-word terms:. the C-value/NC-value method[END_REF][START_REF] Sanjuan | A symbolic approach to automatic multiword term structuring[END_REF].

Controlled vocabulary: A controlled vocabulary is a list of terms that have been enumerated explicitly [START_REF] Philip | Controlled vocabularies taxonomies and ontologies[END_REF]. This list is controlled by and is available from a controlled vocabulary registration authority. All terms in a controlled vocabulary should have an unambiguous, non-redundant definition [START_REF]InfoGrid. What are the differences between a vocabulary, a taxonomy, a thesaurus, an ontology, and a meta-model[END_REF]. A set of terms is a truly controlled vocabulary if people agree on and have to pick from it whenever they want to refer to the same thing. For example, "Yes, No" is one controlled vocabulary; so is "Mr., Ms., Miss, Mrs., Dr."; another could be "Cat, Poodle, Mammal, Collie, Dog, Manx, Bulldog".

Despite being enumerated explicitly, a term of a controlled vocabulary is still misunderstanding sometimes if it lacks a clear description in a specific context. In order to avoid this problem, terms need to be organized into a structured system. The next section presents so-called Knowledge Organization Systems [START_REF]Knowledge Organization Systems: An Overview[END_REF][START_REF] Lei | Knowledge Organization Systems (KOS)[END_REF].

Knowledge Organization Systems

The rapidly increasing amount of information in domain knowledges poses challenges to retrieval, integration and reuse of information related to specific contexts. Efficient methods for organizing knowledge systems are crucial and plays more and more important roles. In order to strengthen semantic meaning and give a specific context of words or terms, people often organize them into Knowledge Organization Systems (KOS) such as taxonomy, thesaurus, ontology [START_REF]Knowledge Organization Systems: An Overview[END_REF][START_REF] Lei | Knowledge Organization Systems (KOS)[END_REF]. Following parts present definitions of those systems.

Taxonomy

A taxonomy is a collection of controlled vocabulary terms organized into a hierarchical structure [START_REF] Philip | Controlled vocabularies taxonomies and ontologies[END_REF]. Each term in a taxonomy is in one or more parentchild relationships to other terms in the taxonomy. In practice, the parentchild relationships are often "is-a" type. However, different types of parentchild relationships such as "whole-part", "genus-species", "type-instance" may be included in a taxonomy. In some taxonomies, a term can have multiple parents. Such taxonomies are called poly-hierarchy [START_REF]InfoGrid. What are the differences between a vocabulary, a taxonomy, a thesaurus, an ontology, and a meta-model[END_REF]. For example, in the 

Thesaurus

A thesaurus is a networked collection of controlled vocabulary terms. This means that a thesaurus might has associative relationships in addition to parent-child relationships [START_REF]InfoGrid. What are the differences between a vocabulary, a taxonomy, a thesaurus, an ontology, and a meta-model[END_REF]. It stores more metadata than a taxonomy. A thesaurus can be considered as a taxonomy with additional metadata. There- fore, the terms "thesaurus" and "taxonomy" are sometimes used interchangeably [START_REF] Philip | Controlled vocabularies taxonomies and ontologies[END_REF]. A thesaurus might store some relationships of terms such as "Opposite", "Use For". For example, "Yes" is an opposite term of "No", "Doghouse" is used for "Dog". These relationships help search systems to redirect to the preferred term of a particular term that is not considered to be the best one.

For instance, in Figure 2.3, if someone inputs the term "Dog", then a search system can output the term "Doghouse" thanks to the advantage of the "Use For" relationship.

Ontology

Ontologies are playing a more and more important role in many fields as efficient knowledge representation. There are many definitions of ontologies, but some definitions proposed by following authors achieved more agreement than the rest. In 1993, Grubber originally defined an ontology as a "specification of a conceptualization" [START_REF] Thomas R Gruber | A translation approach to portable ontology specifications[END_REF]. Later, in 1997, Borst introduced a definition in which the conceptualization should be shared view and must be expressed in formal format. Specifically, he defined an ontology as a "formal specification of a shared conceptualization" [START_REF] Nico | Construction of engineeriing ontologies for knowledge sharing and reuse[END_REF]. Guarino then detailed the notions of con- They include information about their meaning and constraints on their logically consistent application. ❼ Instances (also called Individuals): are occurrences of a specific element.

In Figure 2.4, they are displayed in italic strings under their corresponding classes. For example, 4A185048W is the value of the attribute Seri-alNo and is an instance of the class Laptops.

❼ Taxonomy: is a hierarchy of concepts in which a superclass and a subclass are related to each other by a "is-a" relation.

Another popular example of ontology is about wine knowledge1 . This ontology has classes for groups of wines (Bordeaux, Merlot, and so on). The From taxonomy to ontology, the semantic meaning of terms is strengthened.

Those Knowledge Organization Systems are useful for people when they want to clearly describe terminology. It is necessary to represent those systems by computer languages in order to make computer understand and to enable information exchange between computer applications. The next section will introduce several models to encode Knowledge Organization Systems.

Encoding Knowledge Organization Systems

Knowledge Organization Systems can be encoded by traditional technologies such as XML, JSON, even HTML. However, those technologies are often limited for local purposes. Nowadays, in the increasingly demand in globally exchanging and sharing data, Knowledge Organization Systems are often represented by Linked Data technology in the framework of Semantic Web [START_REF] Lei | Knowledge Organization Systems (KOS) in the Semantic Web: A Multi-Dimensional Review[END_REF].

The Semantic Web [START_REF]Semantic Web[END_REF] is an extension of the current World Wide Web. It aims at organizing the available information and resources in a structure so that computers can easily access and understand. The initial version of the Web was designed in a way that humans could easily understand the content of the pages and navigate among them. Computers, on the other hand, have very limited capability of processing and understanding of unstructured information. The Semantic Web provides a common framework for defining and sharing the explicit semantics of the presented information in a machine readable form.

As can be seen from the Unicode is used in layers of the Semantic Web in order to support all natural languages over the world. RDF helps data to be easier linked and shared. OWL enables computers to perform complicated tasks by utilizing domain-defined information with the support of a formal reasoning model.

The following presents in detail some key technologies in Semantic Web 

Resource Description Framework (RDF)

Resource Description Framework (RDF) [START_REF]W3C. Resource Description Framework (RDF)[END_REF] is a standard model for sharing and exchanging data on the Web. It represents resources (in particularly web resources) as statements in expressions of the form subject-predicate-object which is known as "triples". A collection of RDF statements forms a directed, labeled graph namely RDF graph. The subject and object are two resources represented by the graph nodes. The predicate is represented by the edge linking the subject and object. URIs are used to name the subject, predicate and object of an RDF statement. In some cases, the subject and object may be a blank node (anonymous resource). The object may be also a Unicode string literal. Using this model, RDF allows structured and semi-structured data to be mixed, exposed, and shared across different applications.

There are several serialization formats to represent RDF data. The following introduces some popular serializations.

❼ RDF/XML: an XML-based syntax defined by the W3C. It serializes an RDF graph as an XML document. It can be read and written by existing tools for XML. RDF/XML is difficult to read and write by human.

Despite it is still used today, many RDF users prefer other RDF serializations because of their human-friendly features.

❼ Turtle: a compact and human-friendly format. Its syntax is similar to the syntax used to express RDF queries in the SPARQL. This format is very common in the Semantic Web community.

❼ N-Triples: a very simple and line-based RDF serialization. This format is easy to parse because one triple is represented in one line.

❼ JSON-LD (JavaScript Object Notation for Linked Data): a serialization using JSON to encode Linked Data. It is designed for developers who are familiar with traditional JSON. Its primary goal is to enable developers transform their existing JSON to JSON-LD without much effort.

Resource Description Framework Schema (RDFS)

Resource Description Framework Schema (RDFS) or RDF Schema [START_REF]RDF Vocabulary Description Language 1.0: RDF Schema (RDFS)[END_REF] is a schema language providing a data-modeling vocabulary to add semantics to RDF model. It is used to describe taxonomies of RDF classes and properties.

RDFS is written in RDF, but it also extends definitions for some RDF elements (for example, rdfs:range and rdfs:domain are used to set the range and domain of resources). RDFS provides some classes to describe groups of related resources and the relationships between them. It also allows to describe the meaning of a relationship or a class in human-readable text (for example, rdfs:label allows to define human-readable names of resources). RDFS is also used to indicate that a class is a subclass of a more general class (for instance, rdfs:subClassOf is used to show that "Music Therapy" is a subclass of "Art Therapy").

Web Ontology Language (OWL)

In computer science and artificial intelligence, ontology languages are formal languages used to describe ontologies. They allow the encoding of knowledge about specific domains and often include reasoning rules that support the processing of that knowledge. Some popular ontology languages are: OWL, CycL, DAML+OIL, F-Logic. Among them, OWL is mostly used by people working on ontologies.

Web Ontology Language (OWL) [START_REF]W3C. Web Ontology Language (OWL)[END_REF] is a formal language designed by the W3C to represent ontologies in the framework of Semantic Web. As can be seen in the Figure 2.5, OWL is built on RDF and RDFS (RDF Schema). It adds, among other vocabulary of RDF and RDFS, more vocabulary for describing resources on the Internet. For example, vocabulary to express the disjointness (owl:disjointWith), equality (owl:equivalentClass, owl:equivalentProperty, owl:sameAs), cardinality (owl:cardinality), restriction (owl:allValuesFrom, owl:someValuesFr

The primary purpose of an ontology is to specify and represent things with formal and implicit meanings. This can be realized by using concepts and instances which are called classes and individuals in OWL respectively [START_REF]Introducing RDFS & OWL[END_REF].

❼ A class in OWL is a group of individuals which share some properties.

The built-in class named Thing is the class of all individuals and is the superclass of other OWL classes.

❼ Individuals are members or instances of OWL classes. Thus individuals inherit semantics and properties defined in the classes to which they belong. There are two types of property in OWL: 

❼

Concept Map

A concept map is a diagram that organizes and represents concepts and relationships among them. The concepts are usually enclosed in circles or boxes.

The relationships between two concepts are indicated by a connecting line with labels which are referred to as linking words or linking phrases. 

Discussion

As can be seen from Figure 2.8 and Figure 2.10, a topic in Concept Map may have multiple children and parents. This is useful in modeling complex relationships between topics. However, it is quite confused compared with MindMap in representing simple and concentrated topics. That is the main reason why in the Platforme CEPS we choose MindMap to visualize the NPI ontology which is a hierarchical and focused knowledge domain.

In this chapter, we presented problems related to terminologies, from unstructured knowledge (word, term, controlled vocabulary) to structured knowledge (taxonomy, thesaurus, ontology). We also introduced some methods to encode and visualize the Knowledge Organization Systems. As we mentioned previously in Chapter 1, the objective of the Plateforme CEPS is to develop an ontology for NPIs. One of the first important steps is NPI term acquisition.

The next part presents the challenges and our solution in detail.

Chapter 2. Background For the challenges on NPI terminology acquisition, we consider that the core problem is how to identify which terms are similar to the seed terms. In order to realize that, we need to have a semantic similarity measure for the context of NPI. This motivates us to study related works on semantic similarity literature. These items constitute a small portion of the total PMC collection and there are no current plans to include them in PubMed.

Biomedical resources

BioPortal [START_REF] Salvadores | BioPortal as a Dataset of Linked Biomedical Ontologies and Terminologies in RDF[END_REF] is the biggest repository of biomedical ontologies on the The authors in [START_REF] Spasić | FlexiTerm: a flexible term recognition method[END_REF] described FlexiTerm which is a method for automatic term extraction from a domain-specific corpus. They proposed two steps for the term recognition process including: linguistic filtering and termhood calculation. In the first step, linguistic filtering is used to select term candidates.

Then a termhood calculation, based on a frequency-based measure as evidence, is performed to identify a candidate as a term. In order to improve the quality of termhood calculation, the authors used the bag-of-words approach to manage syntactic variation. The method was evaluated on five biomedical corpora and achieved good results with precision (94.56%), recall (71.31%) and F-measure (81.31%).

The authors in [START_REF] Zhang | JATE 2.0 : Java Automatic Term Extraction with Apache Solr[END_REF] developed a toolkit named Java Automatic Term Extraction (JATE). It is free available as a modular, adaptable and scalable library. The power of this tool comes from 10 algorithms implemented within the Apache Solr framework. It advances existing ATE tools mainly by enabling a significant degree of customization and adaptation thanks to the flexibility under the Solr framework.

The authors in [START_REF] Antonio | Biomedical term extraction: overview and a new methodology[END_REF] presented a methodology for automatic term extraction in biomedical domain. This methodology offered several measures based on linguistic, statistical, graphic and web aspects [START_REF] Antonio | Integration of linguistic and web information to improve biomedical terminology extraction[END_REF][START_REF] Antonio | Biomedical Terminology Extraction: A new combination of Statistical and Web Mining Approaches[END_REF]. The authors modified some baseline measures (i.e. C-value, TF-IDF, Okapi) and proposed the new hybrid measures F-TFIDF-C and F-OCapi, which combine C-value with TF-IDF and Okapi respectively to obtain better results [START_REF] Antonio | Towards a Mixed Approach to Extract Biomedical Terms from Text Corpus[END_REF]. Their proposed measures improve precision of multi-word term extraction in biomedical domain. The results showed that their method outperforms state-of-the-art methods [START_REF] Antonio | Yet Another Ranking Function for Automatic Multiword Term Extraction[END_REF]. Finally, they combined their contributions to develop a tool named BioTex [START_REF] Antonio | BioTex: A system for biomedical terminology ex-traction, ranking, and validation[END_REF] to automatically extract biomedical terms from documents. It is available as a web application and as a Java library for using in programming.

This system allows users to manually validate extracted terms and export the list of the terms. 

Corpus-based similarity measures

Corpus-based measures are generally used to compare words, sentences or texts based on NLP techniques. They most often only rely on statistical analysis of word usage in texts, e.g. based on the analysis of word (co-)occurrences and the linguistic contexts in which they occur.

In recent years, approaches based on distributional hypothesis has achieved much success. The general principle is representing words as real number vectors in Vector Space Model which is known as distributed representation for words. This idea was first proposed in [START_REF] Rumelhart | Learning representations by back-propagating errors[END_REF] and has become a successful paradigm, especially for statistical language modeling [START_REF] Republic | Statistical Language Models Based on Neural Networks[END_REF]. The detailed idea of the approaches is using a sliding window with a specific size through a text corpus and get the probability of words appearing together with the center words of the window. The words surrounding the center words are called context words. For example, if the window size is 5, then there are 5 context words behind and 5 context words ahead the center words. Two well-known methods can be used in this step to get the probability of the context words:

count-based method by using LSA [START_REF] Han | UMBC EBIQUITY-CORE: Semantic Textual Similarity Systems[END_REF], Glove [START_REF] Pennington | Glove: Global Vectors for Word Representation[END_REF] techniques and learn-based method by using word2vec algorithm [START_REF] Mikolov | Linguistic regularities in continuous space word representations[END_REF]. After words are represented as vectors, the similarities between them are calculated by measuring the angles between their corresponding vectors. The well-known Cosine measure is often used for this purpose [START_REF] Singhal | Modern Information Retrieval: A Brief Overview[END_REF].

The world-wide-web is the largest database on earth, and the context information entered by millions of independent users averages out to provide automatic semantics of useful quality. In [START_REF] Cilibrasi | The Google Similarity Distance[END_REF] the authors presented a new theory of similarity between words and phrases based on information distance and Kolmogorov complexity. They used the world-wide-web as database, and

Google as search engine. Then they constructed a method to automatically measure the similarity between words and phrases by using Google page counts.

They used WordNet as an objective baseline to compare the performance of their method. The method was turned out to agree well with the WordNet semantic concordance made by human experts. The mean of the accuracies of agreements is 0.8725. Besides, the authors also showed that their method could be a good translation tool with the accuracy even reaching to 100% on their test set between English and Spanish. The method is also applicable to other search engines and databases.

Hybrid similarity measures

Statistical word similarity measures have limitations that related words can have similarity scores only as high as their context overlap. Also, word similarity is typically low for synonyms having many word senses since information about different senses are mixed together. Knowledge-based measures, otherwise, have high accuracy as the knowledge domains are manually constructed by human. However, their vocabularies are often limited. As a result, many words cannot be found in the dictionary. A solution to reduce the above issues is using additional information from WordNet. Hybrid measures are combinations of knowledge-based and corpus-based approaches to take advantage of both methods.

The authors in [START_REF] Han | UMBC EBIQUITY-CORE: Semantic Textual Similarity Systems[END_REF] developed a metric which measures the semantics of a word without considering its lexical category. For example, the noun "husband" is semantically similar to the verb "marry" in the UMBC Phrase Similarity

Service. The metric gives highest scores to similar words and lowest scores to dissimilar words. In order to realize the idea, they constructed a model by combining LSA word similarity and WordNet knowledge. However, their word similarity model is restricted by the size of its predefined vocabulary. That means for some words being out of the vocabulary, it is impossible to calculate the similarity among these words. In order to solve this problem, the authors presented two approaches relied on lexical features and semantic features [START_REF] Kashyap | Robust semantic text similarity using LSA, machine learning, and linguistic resources[END_REF].

Discussion

According to our observations and experiments, the knowledge-based similarity measures often have high accuracy. Because knowledge bases are manually created and validated by experts. They are also organized in good structures.

However, the knowledge bases cannot cover all domains. WordNet is a general dictionary, so it does not include many terms in biomedical domain. Even UMLS is a big biomedical resources, it does not include all NPI terms. As a result, when two terms are not found in their vocabularies, it is impossible to calculate the similarity between them.

The similarity measures based on corpus have good coverage as text corpus include tremendous documents. Google News and Freebase are two of the biggest text corpora on the Internet. Unfortunately, a corpus-based similarity is dependent on quality of a corresponding text corpus. Therefore, existing similarity measures such as UMBC and Google News word2vec do not return good accuracy for computing the similarity between NPI terms. This is our motivation to propose a semantic similarity measure for NPI domain. Our methodology is detailed in the next chapter.

Chapter 5

Methodology

T

his chapter presents our methodology to automatically collect NPI terms for the NPI ontology development. Two approaches for term extraction are introduced with limitations of each approach. Besides, some similarity measures are discussed in this part along with a comparison between them.

The main idea of our methodology is an expansion of the existing seed NPI terms. Starting from the seed terms taking from the NPI taxonomy (Figure 1.1), we find new terms that are semantically related to them. This process is then repeated for the retrieved new NPI terms until meeting requirements from NPI experts. The challenge here is how to know if a new term is semantically similar to the seed terms in the NPI context. Following parts will present approaches to address this challenge.

Term extraction

In this section, we introduce two approaches to extract terms from two kind of sources: knowledge bases and text corpora. Those terms are considered as candidate NPI terms. 

Exploiting knowledge bases

This approach exploits existing external knowledge resources such as dictionaries, lexicons or thesauri. We mainly rely on the semantic relationships in the hierarchy to explore the new terms. In the scope of this thesis, we focus on exploiting terminologies of WordNet and existing ontologies from BioPortal.

Extracting terms from WordNet

In this method, we search WordNet item that match with the seed term. After that, we get every synsets of that matched term. Since NPI terms are nouns, we keep noun synsets only and remove the rest. From the noun synsets, we get synonyms, hyponyms and hypernyms of the associated term.

For example, starting with the seed term "Physiotherapy", we get a noun synset. From this synset, we can extract the synonyms including "physical therapy", "physiatrics" and the direct hyponym "rehabilitation".

These above works can be done with WordNet API for the traditional version (Figure 5. 

Extracting terms from ontologies in BioPortal

To the best of our knowledge, BioPortal is the largest biomedical ontology repository. This method directly gets terms which are available in existing ontologies in BioPortal. We present the process with steps as follows.

Step 1 (Get ontology classes related to the initial terms): This step uses "Term Search" endpoint of BioPortal API to search entire terms and properties of BioPortal repository with parameter "q" being the initial term.

The retrieved result is a JSON string containing a list of ontology classes which includes information such as ontology id, preferred label, alternative labels (synonyms), parent classes, child classes. The step is repeated with synonyms of the initial term as the "q" parameter. For example, starting from the seed term "Phytotherapy", we get some classes such as"Phytotherapy"of the Medical Subject Headings (MeSH),"Botanical Therapy" of the National Cancer Institute Thesaurus. From the former, we get the synonyms terms "Herb Therapy" and "Herbal Therapy". For the latter, we retrieve terms including "Herbal Medicine", "Botanical Therapy", "Herbal Therapy", "Herbalism". This example is illustrated in Figure 5.3.

In reality, labels of the same classes may be highly different because of various conventions in naming process. There is no standard rule for labeling concepts in an ontology, the same concepts in the same domain of knowledge might be assigned with different labels in diverse ontologies. For example, in BioPortal, some labels of classes are named as "medicine, alternative", or "alternative medicine", instead of "alternative medicine". In other ontologies, labels can be named with brackets such as "medicine complementary (alternative).

In some ontologies, we found terms that are indicated specific languages.

Therefore, the process of querying BioPortal to get synonyms can obtain terms in other languages than English.

Limitations

We did some experiments with the two knowledge-based approaches, and we found two limitations of them:

❼ Limited coverage: the input words cannot be found in the dictionary. For instance, the terms "Zootherapy", "Virtual Reality Therapy" do not exist in WordNet vocabulary. While"Hortitherapy", "Thermalism", "Lithotherapy" cannot be even found in both WordNet and BioPortal.

❼ Different context: each ontologies are designed by different users with various point of view. That is why even when an input term is matched in the knowledge base, its relevant terms are not NPI terms.

Hence, we need to use other approaches to avoid the aforementioned lim-

itations. An approach based on text corpora will be discussed in the next part.

Exploiting text corpus

According to NPI experts at the Plateforme CEPS, many NPI terms exist in text documents on the Internet, for example in Wikipedia, PubMed. Among such databases, PubMed is a reference and has more NPI terms compared with This motivates us to propose an automatic method in order to extract the candidate NPI terms. The process, illustrated in Figure 5.4, includes two steps as follows:

Step 1 (Retrieve NPI-related documents): The purpose of this step is to create a text corpus including text documents related to the given NPI terms (the seed NPI terms). We focus on getting results from PubMed and Wikipedia. Furthermore, we enrich the set of retrieved documents with web pages returned by Google search engine. Finally, the retrieved documents are stored as text files which are input for the next step.

Step 2 (Extract terms by BioTex tool): In this step, we use BioTex tool [START_REF] Antonio | Yet Another Ranking Function for Automatic Multiword Term Extraction[END_REF] to extract biomedical terms from the texts retrieved in the previous step.

We choose this tool instead of other tools such as FlexiTerm [START_REF] Spasić | FlexiTerm: a flexible term recognition method[END_REF], JATE [START_REF] Zhang | JATE 2.0 : Java Automatic Term Extraction with Apache Solr[END_REF],

because BioTex is optimized for working with biomedical text. It takes texts as input and return a list of potential biomedical terms which is sorted by score in descending order. The higher score a term has, the greater probability it is a biomedical term.

The resulted list of this approach is supplemented by related terms which are extracted from knowledge bases (BioPortal, WordNet). The combined list then becomes input for the following phase.

Term ranking

In this phase, we perform two tasks corresponding to two steps as follows:

Step 1 (Pre-filtering): This step aims at removing bad candidate NPI terms in order to reduce computational space for the next step. Firstly, we cluster the seed NPI terms into some clusters. In order to do that, we need to represent terms as vectors in Vector Space Model (the detail is presented in 5.2.3.1). Then a bad candidate NPI term is defined as a point outside the clusters. Our idea is illustrated in Figure 5.5.

Besides, a term is also a bad candidate NPI term if it is existed in the blacklisted term list. The blacklist includes every terms in Disease Ontology, After this step, we have a shorter list of candidate terms which is the input for the next step.

Step 2 (Ranking): In this step, the remaining terms in the space of the clusters (and not in the blacklist) are calculated NPI score by the equation 5. is as follows: Given a cluster including n NPI terms S = {s 1 , s 2 , ..., s n }, a candidate term c which is in the same cluster with all terms of S. Firstly, we need to calculate the similarity for each pair (c, s i ) where s i ∈ S. Then the NPI score is computed as the maximum value of the similarity of every pairs. This idea is applied for other candidate terms with other clusters.

If we have N P I score(c k , s i ) ≥ δ (here δ is a similarity threshold which is determined through later experiments) then c k has the high probability to be a NPI term. A best position is proposed to assign each potential NPI term c k to the correct node in the NPI taxonomy.

The challenge here is how to measure the similarity between two terms in the context of NPI? or how to calculate sim(c, s i ) where c is a candidate term and s i is a seed NPI term.

In the following, we present some existing similarity measures that can be used to deal with the problem. From their limitations, we propose a new similarity measure based on text corpus for NPI domain.

Edit-based similarity measures

In For example, dist Levenshtein (kitten, sitting) = 3. Levenshtein distance between two strings of the same length is strictly less than the Hamming distance. For example, dist Levenshtein (f law, lawn) = 2 (delete "f" from the front; insert "n" at the end), while dist Hamming (f law, lawn) = 4.

The above distance values is commonly transformed to their similarity value by counting the compensation of its normalized value. For example, the Levenshtein similarity is calculated by the formula:

sim Levenstein (s 1 , s 2 ) = 1 - dist Levenshtein (s 1 , s 2 ) max(|s 1 |, |s 2 |) (5.2)
As can be seen from the examples above, the Edit-based measures only relies on the sequences of characters of the words and their ordering. The meanings of the words are not taken into account. As a result, these measures cannot calculate semantic similarity of two words. Indeed, according to the computational method of these measures, the similarity score of two words "dog" and "animal" is zero since they do not share any character. This means that they are not related each other despite the fact that they have the closed semantics. In this case, semantic similarity measures are essential to be used.

The semantic measures enable to overcome the limitation of such Edit-based measures by comparing the semantics of the words. In practice, semantic measures rely on existing structured knowledge bases (for example, taxonomies, thesauri, ontologies) and text corpora [START_REF] Harispe | Semantic Similarity from Natural Language and Ontology Analysis[END_REF]. Following content of this thesis will present two kinds of semantic similarity measures: knowledge-based and corpus-based.

Knowledge-based similarity measures

The similarity based on knowledge is calculated by leveraging the "is a" relation between terms in existing knowledge bases. In this part, we focus on two well-known resources: WordNet and UMLS. Path-based measures are used to compute the similarity between to concepts in those resources.

The general idea of Path-based approach is measuring the distance between concepts (nodes) in in the hierarchical taxonomy (tree). This distance is computed by counting nodes between the shortest "is a" path that connects the two concepts. The similarity score between concept a and b is thus calculated by the formula:

path(a, b) = 1 shortest is a path(a, b) (5.3)
where shortest is a path(a, b) is the shortest path connecting the two concepts (nodes) a and b by the "is a" relation. 

Distributional similarity measures

In general, this method relies on the distributional hypothesis (Harris, 1954):

"words that appear in the same contexts share semantic meaning".

Several approaches have been proposed to define the context of a word.

An initial approach considers the context of a word as a document of a text corpus in which the word occurs. According to this approach, each document is known as a bag of words. Then, by counting the occurrences of words in the documents through a text corpus, the documents are represented as vectors in which each dimension corresponds to a separate word. If a word occurs in a document, then its value in the corresponding dimension of the vector is non-zero. There are several ways to compute those values, which are known as term weights, such as TF (term frequency), IDF (inverse document frequency), and TF-IDF (the combination of TF and IDF) [START_REF] Christopher | An Introduction to Information Retrieval[END_REF]. Such vectors, called document vectors, capture the relative importance of the words in the documents. The set of document vectors establishes a document-word matrix which is considered as a semantic model in Vector Space Model (a well-known model which has been widely used in Information Retrieval) [START_REF] Harispe | Semantic Similarity from Natural Language and Ontology Analysis[END_REF].

Other approaches consider the appearance of words in paragraph, sentence, word window as the context of words. Recent works achieved much success in using word window as context for representing words as vectors in Vector

Space Model [START_REF] Mikolov | Efficient Estimation of Word Representations in Vector Space[END_REF] and [START_REF] Mikolov | Distributed Representations of Words and Phrases and their Compositionality[END_REF]. We follow the idea from the authors and apply it to the domain of NPIs.

Vector representation of words

In order to calculate the similarity between words, effective representations of them are necessarily considered. Word vectors are one the most common types of word representation in the current NLP literature nowadays. There are some methods to represent a word in the vector form such as: one-hot encoded vector (or local representation), word embeddings (or distributed representation).

The former, one-hot encoded vector, is a naive and simple method. A vector representation of a word is a vector where 1 stands for the position where the word exists and 0 everywhere else. For example, given a dictionary = ['alternative', 'medicine', 'treatment', 'therapy', 'complementary', 'herbal'],

then the vectors representing words 'medicine' and 'therapy' look like [0, 1, 0, 0, 0, 0] and [0, 0, 0, 1, 0, 0] respectively. Obviously, the Cosine measure between these two vectors is zero. Consequently, the similarity between two words 'medicine' and 'therapy' is nothing. In other words, this representation method is not meaningful. Hence, we apply the word2vec technique with specific training data for NPI domain. Our process includes three steps as illustrated in Figure 5.8.

Step 1: Creating NPI text corpus As we mentioned above, there are many NPI terms appearing in PubMed articles. However, only a number of articles in PubMed are free access. The remaining ones allow users to access to their abstracts. Therefore, we create the text corpus of NPI by retrieving a subset of PubMed abstracts. This work is done by using PubMed API (esearch, efetch services).

Starting from the seed NPI terms, we use PubMed API to retrieve XML records corresponding to PubMed abstracts that relate to the seed terms. We then use an XML parser to extract only titles and abstract texts which are saved to text files in order to use in the next step.

In order to have a better quality text corpus in context of NPI, we filter PubMed abstracts so that only articles belonging to species Human are retrieved.

Chapter 5. Methodology Tokenization This task is to separate tokens (words, symbols etc.) by space in order to get words like "medicine" instead of "medicine." (with period), "medicine," (with comma) or "medicine;" (with semi-colon) etc.

Term modeling The purpose of this task is to link tokens of multi-token terms by underscore. For example, we want to have "alternative medicine"

(with underscore linking the two tokens) instead of "alternative medicine" (which is tokenized as separated tokens "alternative" and "medicine"). In order to do this, we use compound terms in MeSH to detect and link separate tokens as multi-token terms. With the remaining terms that do not exist in the vocabularies of MeSH, we use phrase modeling approach to learn combinations of tokens [START_REF] Mikolov | Distributed Representations of Words and Phrases and their Compositionality[END_REF]. The main idea of this approach is looking for tokens that co-occur (i.e., appear one after another) together much more frequently than a threshold. The formula 5.4 proposed by [START_REF] Mikolov | Distributed Representations of Words and Phrases and their Compositionality[END_REF] is used to determine whether two tokens A and B constitute a phrase.

count(AB)count min count(A) * count(B)

* N > threshold (5.4) where:

❼ count(A): the number of times that token A appears in the text corpus;

❼ count(B): the number of times that token B appears in the text corpus;

❼ count(AB): the number of times that the tokens A and B appear together in the text corpus in order;

❼ N : the total size of the vocabulary of the text corpus;

❼ count min : a user-defined parameter to ensure that accepted phrases occur at least the number of times;

❼ threshold: a user-defined parameter to indicate the score in the left of the formula must be greater than a threshold in order to tokens A and B constitute a phrase.

Note that in this step we do not need to remove stop words from the text corpus because we want to keep origin contexts of each word in the documents.

Besides, the most common words in the corpus that do not carry necessary information are automatically discarded by a simple subsampling approach mentioned in [START_REF] Mikolov | Distributed Representations of Words and Phrases and their Compositionality[END_REF]. The underlying idea of the approach is to counter the imbalance between rare and frequent words in the training set (for example, "in", "the", and "a" provide less information value than rare words). Each word w i in the training set is discarded with probability P (w i ) which is calculated by the formula:

P (w i ) = 1 - t f (w i ) (5.5)
where f (w i ) is the frequency of word w i and t is a chosen threshold, typically around 10 -5 as mentioned in [START_REF] Mikolov | Distributed Representations of Words and Phrases and their Compositionality[END_REF]. gram models [START_REF] Mikolov | Efficient Estimation of Word Representations in Vector Space[END_REF] to predict the context words, we have word vectors that represent each word in the space of its context words. We choose Skip-gram model because it is better than CBOW model for semantic similarity and relatedness of biomedical terms [START_REF] Zhu | Semantic relatedness and similarity of biomedical terms: examining the effects of recency, size, and section of biomedical publications on the performance of word2vec[END_REF] which is mainly considered in our work.

Calculating similarity between two words

After having vector representation of words, we can easily compute the similarity between two words by Cosine measure of two vectors corresponding to the two words. Let x(x 1 , x 2 , ..., x n ) and y(y 1 , y 2 , ..., y n ) are vectors of word w 1 and word w 2 respectively, then we have the similarity sim(w 1 , w 2 ) which is calculated by the equation:

sim(w 1 , w 2 ) = cos(x, y) = x ➲ y |x| 2 |y| 2 = n i=1 x i y i n i=1 x 2 i n i=1 y 2 i (5.6)

The similarity for multi-token terms

Although multi-token terms were established in the "Term modeling" taks of the preprocessing step, many other ones cannot be recognized. Therefore, there are not corresponding vectors for those terms. As a result, the similarity between them cannot be calculated directly. Some approximate similarities are presented in the following content.

Average vector

Given two multi-token terms A and B:

❼ A = A 1 A 2 ...A n (A i is a token of term A) ❼ B = B 1 B 2 ...B m (B j is a token of term B)
❼ X i and Y j are vectors of A i and B j Then vectors of A and B are X and Y respectively, which are calculated as follows:

X = n i=1 X i n Y = m j=1 Y j m
Finally, sim(A, B) is computed as for two words (single terms).

Average Cosine Similarity

In fact, multi-token terms can be split into a set of tokens. Therefore, the similarity between them can be computed by using approximate methods. The idea of computing similarity value between two multi-token terms is inherited from the token-based similarity measures.

General idea of token-based similarity is separating compound terms into tokens using some separators (space, hyphen, punctuation, special characters) and also converting to lowercase. Then, the similarity score between two original terms is computed by measuring the degree of similarity between their collections of tokens. It means that the similarity score between two strings are calculated by comparing their tokens rather than the whole term themselves.

For example, if we want to compute the similarity between two terms "alternative medicine" and "complementary therapy", we calculate the similarity of each pair ("alternative", "complementary"), ("alternative", "therapy"), ("medicine", "complementary") and ("medicine", "therapy").

Now we can apply a similarity measure for single words in order to compute the similarity score between two tokens. Having the similarity scores between every pair of tokens, the two widely used aggregation methods, Ex-tendedJaccard and Monge-Elkan, are used to calculate the similarity between two multi-token terms. In this thesis, we use a simple method called average cosine similarity (ACS) for the same purpose. It is calculated by the formula:

ACS(A, B) = 1 nm ( n i=1 m j=1 sim(A i , B j )) (5.7) 
where A i and B j are tokens of multi-token terms A and B respectively.

Term validation

This phase, illustrated in Figure 5.10, is manual work of NPI experts on the list of the potential NPI terms retrieved from the automatic phases above. For each potential NPI term, NPI experts discuss together to decide whether it is a NPI or non-NPI term. Finally, the new NPI term is positioned into the correct category of NPI taxonomy. The decision is based on knowledge and experience of NPI experts. Therefore, it is out of this thesis' scope. However, we also build a web-based application to aid the experts working on the validation (see Appendix A for more detail). Results and Evaluation T his chapter presents experiments and results of the NPI term acquisition process followed by a discussion. The evaluation is included to estimate between the NPI similarity measure with the others.

Results

Initially, we had the seed NPI terms as presented in the Table 6.1.

Firstly, we collected 439,244 PubMed abstracts related to the seed NPI terms and 504,044 compound MeSH terms for training data. This work was done by our tool with the support of the PubMed API and Java. The retrieved documents were preprocessed before being put into the Gensim word2vec tool 1 to produce word vectors.

In term extraction phase, by exploiting Wikipedia, we collected wiki pages, related to the seed NPI terms, which are then extracted to get title and content only. The retrieved texts were processed by BioTex tool 2 to extract terms which were supplemented with the terms extracted from BioPortal. As a result we achieved a list of 3,686 candidate terms which is the input for the In term ranking phase, we used K-means algorithm implementation in Python to perform the clustering task on the set of seed terms. Through our experiments and observations on the visualization of the clustering result (Figure 6.1), we found that the clusters were the best with parameter k = 3 (k is number of clusters). The seed terms thus were clustered into 3 clusters as listed in Tables 6.2, 6.3 and 6.4. Then we calculated and compared the distances from each candidate term to the centroids of their clusters. If the distances are greater than the maximum distance of items to the centroid of their cluster, then those candidate terms are removed.

In the last step of this phase, our proposed method was used to compute the NPI score of candidate terms. Some achieved results are illustrated in Tables 6.5 and 6.7. Based on the results, NPI experts will make final decisions.

After this second phase (term ranking), the list was pre-filtered and ranked to become a shorter list with 2,767 potential NPI terms which was the input for the term validation phase.

Finally, the list of potential NPI terms was validated by NPI experts to get 389 new NPI terms. The summary of the experiment is illustrated in 

Evaluation

In order to estimate our similarity measure for NPI, we prepared test data IsN P I(c) to predict new NPI terms based on their NPI scores as follows:

IsN P I(c) =        T rue if N P I score(c) ≥ δ F alse if N P I score(c) < δ (6.1)
By assigning different values for δ, we can calculate the precision with each specific value of δ by formulas 6.2.

P recision δ = tp δ tp δ + f p δ (6.2)
where:

❼ tp δ (true positive): number of NPI terms which are predicted correctly;

❼ f p δ (false positive): number of Non-NPI terms which are predicted as NPI terms.

We did experiments with different thresholds δ for our method and UMBC measure [START_REF] De | A software engineering approach to ontology building[END_REF] to make a comparison between them. Then we got the results as illustrated in the Figure 6.3.

There are two reasons that helps our method got better result than the UMBC measure:

❼ The first reason is because we have trained the model on a subset of PubMed documents related to NPIs. That means we put the NPI context to the calculation process. Where as, UMBC has been trained on many text copora that are not related to NPIs. As a result, it has many noises when it is used for NPI domain.

❼ The second reason is because we have used the Skip-gram model with the word2vec algorithm which outperforms the LSA model used in UMBC. Finally, a ranking process was performed to figure out the potential terms which was then manually evaluated by NPI experts. The best positions in the NPI taxonomy were also suggested for the potential terms. These tasks have done with our proposed similarity measure for NPIs which outperformed UMBC similarity measure as a baseline.

As mentioned previously, our work limits on supporting NPI experts to collect NPI terms. After having a list of terms, experts in the Plateforme CEPS put the terms into WebProtege to make an OWL ontology for NPIs. This ontology was then imported to BioPortal1 in order to share and get feedback from community [START_REF] Loc Nguyen | Defining a Collaborative Ontology for Non-Pharmacological Interventions[END_REF]. A full ontology for NPIs is the goal of the Plateforme CEPS. However, in the first steps, they just built a lightweight ontology [START_REF] Davies | Lightweight Ontologies[END_REF] including a taxonomy and synonyms, related terms [START_REF] Gérazine | Ontologie des interventions non médicamenteuses[END_REF]. Developing a domain ontology is a collaborative and iterative work, therefore the experts often discuss together to make decisions. A visualization of the resulted ontology on a big screen is thus crucial for them at the time of discussion. This motivates us to propose a method to visualize the ontology. Our method does not only limit to this ontology, but it can also use for other ontologies. The next part will detail our idea. Although several ontology visualization tools have been introduced in the literature, most of them are not complete, as they are not able to visualize all elements of a large ontology. Some of tools such as OWLViz [START_REF] Horridge | [END_REF], OntoGraf [74] and TGViz [2] only focus on each part of an ontology, not the whole. Thus, users do not have an overview of ontology structure. Besides, several tools like WebVOWL [START_REF] Lohmann | Visualizing ontologies with VOWL[END_REF], OWLGrEd [6] and SOVA [START_REF] Kunowski | SOVA[END_REF] are powerful and can visualize most of key elements of ontologies. But they display a lot of ontology elements on screen. As a result, this makes the visualization confused in case of large ontology.

A feature that users, especially domain experts, would expect from ontology visualization tools is the ability to customize colors for each sub domain of ontologies. As far as our knowledge, there does not exist any ontology visualization tool that meets this requirement. Most of them focus on putting different colors for corresponding components of ontologies.

In this chapter, we present an approach using elements of MindMap to visualize ontology elements. According to [START_REF] Biplab | Some observations on mind map and ontology building tools for knowledge management[END_REF], there are some similarities between Chapter 9

Related Works

V isualization of ontologies is not an easy task because ontologies are often complicated and have large amount of data. An ontology is not only a hierarchy of concepts but also includes relations among concepts and various properties related to each concept. Furthermore, each concept may have many instances attached to it. Hence, it is not simple to create a visualization that will effectively display all this information on a limited screen.

There are two common categories of ontology visualization tools:

-Hierarchy-style visualization mainly focuses on basic structure of an ontology and organizes it as a tree. Those tools, therefore, depict merely classes, "is-a" relations and sometimes individuals of an ontology. They bring a simple and friendly visualization to end-users.

-Graph-style visualization allows to visualize an ontology as a graph with nodes and edges with labels. This kind of visualization is close to the nature of ontologies. It is prefered by ontology developers.

Hierarchy-style visualization

OWLViz [START_REF] Horridge | [END_REF] is a mapping visualization plugin designed for Protégé. It allows the user to view an ontology as a concept map. One of the primary require-ments in our research was the ability to create mind maps and topic maps.

Therefore, this functionality within Protégé would significantly raise its stock.

OWLViz is one of the solutions to this dilemma. However, OWLViz does not illustrate the relationships between each object, nor does it allow the user to create or edit the ontology within this view. It can only display the relation of Super-class and Sub-class ("is-a" relation).

OntoGraf [74], also a plugin of Protégé, gives support for interactively nav- 

MindMap-based visual notation

In this section, we define a visual notation for the user-oriented representation of ontologies. It provides graphical depictions for elements of the OWL ontology by combining existing MindMap elements. In order to have a unity between visualization tools, we use some colors of the color scheme which is proposed in [START_REF] Lohmann | VOWL 2: User-Oriented Visualization of Ontologies[END_REF] for class types of ontologies. Our proposal is detailed in Table 10.1.

Transforming OWL into FreeMind XML

The idea of our transformation is based on mappings between elements of OWL ontologies to elements of FreeMind documents in 

Results and Evaluation

I

n this chapter, we present results and evaluation of the MindMap-based ontology visualization method. A comparison is made to show advantages and disadvantages of our method and the others.

Results

We use Apache Jena1 , a free and open source Java framework, to build the tool named OWL2MM. The tool has an OWL file as input and an FreeMind file as output. It has some options to allows users to choose: displaying elements with label (rdfs:label) or local name; multiple colors for class types or sub domains.

The tool also allows users to use predefined colors or customize with their own colors. When end-users choose the option to make different colors for each sub domain instead of each class type of ontologies, the result is showed in FreeMind mind-mapping tool as in Figure 11.5.

Evaluation

We chose some well-known ontology visualization tools and made comparisons between OWL2MM and them. The first comparison, Table 11.1, is based on elements of an ontology that tools are able to visualize. The candidate NPI terms retrieved from the above approach were manually validated by NPI experts in the final step to get the official list of NPI terms.

This list is be used to construct an ontology for NPI.

In the part II, we introduced a method to visualize an ontology as a MindMap. This method provides a simple view of ontology to domain experts Besides, we find that our contributions have some limitations. We thus present some works that remains to be done in the following.

14.1 NPI term acquisition improvement

Linguistic pattern-based method

Our current method highly depends on the quality of input documents. However, we cannot know which documents contain rich NPI term candidates. In theory, taking the whole NPI text corpus as input might solve this problem.

But in practice, it is not possible because this will take much time for extracting and ranking term steps. Therefore, we plan to use a linguistic patterns 115 to directly acquire NPI terms from the text corpus. The intuitive idea can be realized in the following steps:

❼ Step 1 (POS tagging text corpus): For a start, a NPI relevant text corpus is gathered. Then we perform POS tag the whole corpus.

❼ Step 2 (Noun phrase recognition): A simple chunking technique is used in this step to combine adjectives and nouns in order to make noun phrases.

❼ Step 3 (Candidate extraction): This step aims at extracting every pair (N P 1 , N P 2 ) that appears together in the text corpus same as Hearst patterns [START_REF] Marti | Automatic acquisition of hyponyms from large text corpora[END_REF] such as: N P 1 also known as N P 2 ; N P 1 aka N P 2 ; N P 1 also called N P 2 ; N P 1 which is called N P 2 ; N P 1 which is named N P 2 ; N P 1 or N P 2 .

❼ Step 4 (Term retrieval): Given a term N P 1 , which is a noun phrase, its semantically related term is N P 2 if N P I 1 and N P 2 appears together more than n times in the candidate pairs retrieved in the previous step.

Here n is a threshold determined by users.

Rule-based post-filtering step

According to the NPI experts at the Platforme CEPS, if NPI terms are found in the UMLS metathesaurus, they often have the UMLS semantic types related to NPIs as listed in Table 14.1. Therefore, we plan to use simple rules to enhance the accuracy of our current method. This proposal is used along with the linguistic pattern-based approach above and our current method as a post-filtering step. The underlying idea can be expressed as follows:

❼ Firstly, candidate NPI terms are retrieved by our current method or the linguistic pattern-based approach;

❼ Next, we check every candidate NPI term in the UMLS metathesaurus.

If a matching term is found and it has one of the UMLS semantic types as in Table 14.1, then a weight α is added to the existing similarity score of the corresponding candidate NPI term. This means that those candidate terms have higher capability to be NPI terms. The weight α is determined by users through experiments. 

Term linkage

Although in our current method, the potential positions are suggested for new NPI terms, however, the suggestions are not correct in some cases. For example, in case there are more than one position having the equivalent similarity score. Therefore, the work to assign a new NPI term to a correct position in the NPI taxonomy need to be improved. We plan to propose a method that considers the context of target terms. More specifically, we will rely on the similarity between the candidate term and not only the target term but also its child nodes and parent nodes in the NPI taxonomy. Furthermore, we want to enrich the NPI taxonomy with relationship and axiom layers in order to make a full ontology for NPIs.

MindMap-based ontology editor

Our current MindMap-based visualization tool for ontologies does not support users to save their modification on the visualizations to OWL format. The changes of ontologies must be performed in ontology editors. Therefore, an ontology visualization tool should be upgraded to become an ontology visualization editor allowing users to modify and save the visualization to OWL file. As our knowledge, OWLGrEd desktop application has already supported visualizing and editing ontologies by visual graphical interaction [START_REF] Barzdins | UML Style Graphical Notation and Editor for OWL 2[END_REF]5]. However, this tool uses UML style to visualize ontology elements, as a result it is complex for domain experts. Our future work aims at developing a simple and friendly MindMap-based ontology editor for domain experts. 
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  my great thankfulness to my advisors Prof. Anne Laurent and Prof. Grégory Ninot for all their help and guidance that they have given me during my PhD journey. I would like to thank my thesis jury members for accepting to review my work. Special thanks to Prof. Maria Rifqi and Prof. Florence Sedes for their valuable comments and remarks as reviewers of my dissertation. My sincere thanks also go to Samuel Szoniecky and Raphael Trouillet for their time to act as examiners for my work. I would also like to express my sincere gratitude to Prof. Thérèse Libourel and Prof. Sylvie Rapior for their precious support and comments. My special thanks go to my friend DuyHoa Ngo for the valuable discussions via Skype between Australia and France. I wish to thank my colleagues at the Laboratoire d'Informatique, de Robotique et de Microélectronique de Montpellier (LIRMM) and the Plateforme CEPS for interesting discussions as well as relaxed coffee time. I would like to thank the Ministry of Education and Training of Vietnam (MOET) for the scholarship and the Hanoi University of Mining and Geology (HUMG), where I work, which helped and gave me an opportunity to study in France. Also, I am grateful to all my good friends in Montpellier who are not mentioned by names but have always been beside me whenever I needed their assistance and helps in work as well as my life. They really made me less homesick by sport activities (football, badminton, ping-pong, tennis, volleyball) and exciting BBQ parties. iii Résumé Le volume de données disponible croît de manière très importante et ouvre d'importants défis pour les exploiter. Les domaines scientifiques du Web sémantique et des ontologies sont alors une réponse pour aider à traiter les données de manière efficace. Ainsi les ontologies sont actuellement devenues incontournables dans de nombreux domaines d'application pour représenter la connaissance experte. Le domaine que nous considérons dans nos travaux est celui des Interventions Non Médicamenteuses (INM) nommées Non-Pharmacological Interventions (NPIs) en anglais. Elles sont de plus en plus étudiées sur le plan scientifique. Elles sont liées à divers secteurs : psychologie, thérapies manuelles, nutrition, activités sportives adaptées, solutions e-santé, etc. Avec l'augmentation de leur usage, il devient de plus en plus nécessaire d'évaluer leur efficacité de manière scientifique, dans une démarche pilotée par des spécialistes et expliquée de manière claire et accessible aux utilisateurs. Pour ce faire, il est essentiel de disposer d'une classification évolutive et consensuelle effectuée au niveau international pour les spécialistes. Dans ce domaine, le développement d'une ontologie est crucial pour faciliter les recherches bibliographiques et mettre en place des bonnes pratiques. Dans nos travaux, nous nous sommes intéressés à deux enjeux majeurs liés à la construction d'une telle ontologie, d'une part comment effectuer la collecte du vocabulaire et d'autre part comment aider à la compréhension par visualisation. La construction manuelle de l'ontologie est en effet fastidieuse et longue. En particulier, la collecte des termes liés au domaine des INM nécessite beaucoup d'efforts et de temps tant le champ du vocabulaire est large. Ainsi le terme INM vii viii lui-même est parfois remplacé par d'autres (médecines alternatives, médecines douces, etc). Une méthode automatique ou semi-automatique est alors vue comme une aide importante pour la construction de la représentation de la connaissance.

"

  Non Pharmacological Interventions (NPIs) are science-based and non invasive interventions on human health. They aim to prevent, treat, or cure health problems. They may consist in products, methods, programs or services whose contents are known by users. They are linked to biological and/or psychological processes identified in clinical studies. They have a measurable impact on health, quality of life, behavioral and socioeconomic markers. Their implementation requires relational, communicational and ethical skills." (Plateforme CEPS, 2017). Some examples of NPIs are: Mindfulness-based stress reduction (MBSR) which is a program using mindfulness to reduce pain from patients; Eye move-ment desensitization and reprocessing (EMDR) which is a form of psychotherapy using eye movements to help trauma victims in processing distressing memories and beliefs; Diet programs such as Cohen diet, Mayo diet. The Plateforme CEPS [59], founded in 2011, is an Academic Collaborative Platform of methodology experts in clinical non-pharmacological research. Its mission is to foster the monitoring, design, implementation and publication of interventional studies dedicated to the assessment of NPIs' efficacy. In other words, the Plateforme CEPS is involved in improving the quality of NPI studies. This work requires a multidisciplinary approach, from the biological sciences to the human sciences, from technological engineering to mathematics, from economics to political science, from history to philosophy. A single scientific discipline can not capture the complexity of an action of a NPI on human beings. The Plateforme CEPS is operated by the Paul Valéry University in Montpellier, France. Financial support comes from the Contrat de Plan Etat Région -CPER 2015-2020 and Metropole de Montpellier and National Health Agencies. Althrough the definition of NPIs has just been defined by the Plateforme CEPS since 2017, other equivalent definitions were mentioned earlier such as Complementary and Alternative Medicine (CAM), Integrative Medicine, Traditional Medicine (TM) [61].
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  example animal controlled vocabulary mentioned above, if the Cat is a broader term for Manx, the Dog is a broader term for Collie and Bulldog, and the Mammal is a broader term for Dog and Cat, then the controlled vocabulary becomes a simple taxonomy (see Figure 2.2).
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 22 Figure 2.2 -An example of taxonomy "Animals"
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 23 Figure 2.3 -An example of thesaurus "Animals" (taken from [67])
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 24 Figure 2.4 -An example of ontology "Computers"
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 2 Figure 2.4 shows an illustration of the Computers ontology.
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  Bordeaux class has sub classes like Sauternes, StEmilion. Specific wines such as ChateaudYquemSauterne, ChateauChevalBlancStEmilion are instances of the sub classes, respectively. Each wine has some descriptions like body, color, flavor which are properties of wine classes. The relation between Bordeaux class and its sub classes is the "is-a" relation which creates a taxonomy.
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 25 the Semantic Web is basically built on languages specifically designed for data and semantics such as Extensible Markup Language (XML), Resource Description Framework (RDF), Web Ontology Language (OWL). It use URIs to identify things on the Internet.

Figure 2 . 5 -
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 2 Figure 2.9 is an example of a FreeMind document associated with the mind map for the NPI taxonomy mentioned previously in Figure 2.8.
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 2 Figure 2.10 shows an example 2 of concept map.
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 283329 Figure 2.8 -A mind map of the NPI taxonomy created by FreeMind
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 210 Figure 2.10 -An example of concept map
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 314 Figure 3.1 -NPI term acquisition process

  Internet. It has more than 700 ontologies up to the time of writing. The ontologies in BioPortal are encoded in OWL, OBO and other formats. A large number of medical terminologies distributed by the U.S. National Library of Medicine are represented in its own proprietary format.The Unified Medical Language System (UMLS)[START_REF] Bodenreider | The Unified Medical Language System (UMLS): integrating biomedical terminology[END_REF][START_REF] Lindberg | The Unified Medical Language System[END_REF], created in 1986 and maintained by the U.S. National Library of Medicine, is a compendium of many controlled vocabularies in the biomedical sciences. It provides a mapping structure among these vocabularies and thus allows one to translate among the various terminology systems. UMLS may also be viewed as a comprehensive thesaurus and ontology of biomedical concepts. It is intended to be used mainly by developers of systems in medical informatics. The UMLS integrates over 2 million names for some 900 000 concepts from more than 60 families of biomedical vocabularies, as well as 12 million relations among these concepts.Vocabularies integrated in the UMLS Metathesaurus include the NCBI taxonomy, Gene Ontology, the Medical Subject Headings (MeSH), OMIM and the Digital Anatomist Symbolic Knowledge Base[START_REF] Bodenreider | The Unified Medical Language System (UMLS): integrating biomedical terminology[END_REF].

4. 2

 2 Automatic term extractionAutomatic Term Extraction (ATE), or Automatic Term Recognition (ATR), is a subtask of information extraction which aims at identifying or extracting automatically technical terminology from unstructured texts. It is a prerequisite step in developing knowledge systems.

4. 3

 3 Semantic similarity measures 4.3.1 Knowledge-based similarity measuresKnowledge-based measures rely on formal expressions of knowledge explicitly defining how the compared entities, i.e. concepts or instances, must be understood. They often take advantage of pre-defined dictionaries or ontologies as semantic graphs or semantic networks.WordNet[START_REF] Miller | Introduction to WordNet: An On-line Lexical Database *[END_REF] is a large lexical database of English. It is the most important resource available to researchers in computational linguistics, text analysis, and many related areas. Its design is inspired by current psycholinguistic and computational theories of human lexical memory. Nouns, verbs, adjectives, and adverbs are grouped into sets of cognitive synonyms (synsets), each representing one underlying lexicalized concept. Synsets are interlinked by means of conceptual-semantic and lexical relations.There are some algorithms for computing the semantic similarity between two given words or concepts using the knowledge-base WordNet taxonomy. The algorithms are classified in two different groups: Path-based measure and Information content-based measure. Path-based Measures In the path-based measures, the similarity between two concepts is a function of the length of the path linking the concepts and the position of the concepts in the taxonomy. Information content-based measure This type of measure assumes that each concept includes much information in WordNet. The IC based measures compute the similarity using the information content of each concept. The more common information two concepts share, the more similar the concepts are. In the biomedical domain, semantic similarity measures have been evaluated on the Systematized Nomenclature of Medicine-Clinical Terminology (SNOMED CT); Medical Subject Headings (MeSH); and the Unified MedicalLanguage System (UMLS), a collection of biomedical source vocabularies that includes SNOMED CT and MeSH[START_REF] Pedersen | Measures of semantic similarity and relatedness in the biomedical domain[END_REF].
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 1 and with SPARQL or Apache Jena for WordNet RDF version (Figure 5.2).
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 156 Figure 5.6 -NPI score calculation
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  general, Edit-based similarity compares two strings based on individual characters. Depending on the computation method, some following Edit-based similarity measures are frequently used in practice: ❼ Hamming distance: Number of positions in which two strings (of equal length) differ. In other words, it measures the minimum number of substitutions required to change one string into the other, or the minimum number of errors that could have transformed one string into the other. For example, dist Hamming (karolin, kathrin) = 3. Levenshtein distance: Minimum number of character insertions, deletions, and substitutions necessary to transform one string into the other.

Figure 5 .

 5 Figure 5.7 shows an example of Path-based measure in biomedical knowledge base UMLS. According to the taxonomy, the similarity score between two terms "bacterialinf ections" and "yeastinf ections" is 0.25.
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 25957 Figure 5.7 -Similarity measure based on the shortest path (taken from [65])
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 58 Figure 5.8 -Word vector training process
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 593 Figure5.9 -CBOW and Skip-Gram model[START_REF] Mikolov | Efficient Estimation of Word Representations in Vector Space[END_REF] 
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 510 Figure 5.10 -Manual term validation process by NPI experts

  term ranking phase. This work was done by our tool with the support of the BioPortal REST API and wikipedia library in Python.
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 61 Figure 6.1 -Clustering the seed terms with K-means (k = 3)
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  including 1373 terms (376 NPI terms and 997 Non-NPI terms) which are handlabeled by NPI experts at Plateforme CEPS. Assuming that c is a potential NPI term, N P I score(c) is a function to compute the NPI score, δ is a score threshold to identify a term being a NPI term or not, we propose the function
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 63 Figure 6.3 -Precision by NPI score threshold
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 87919289939194 Figure 9.1 -Visualization of General Medical Science ontology by OWLViz

  owl:DeprecatedClass A bubble node of MindMap with black label, light grey background and light black border rdfs:subClassOf A fork node with text "isa", transparent background and black label, to express A is a sub class of B. owl:ObjectProperty A fork node and an arrow link to describe a relation from class C (domain) to class D (range). owl:DatatypeProperty A tooltip or a popup window (stored in note element of MindMap) with a black bold text as the heading and text lines including a pair of name and value. Individuals A tooltip or a popup window (stored in note element of MindMap) with a black bold text as the heading and a text line including individuals (instances) separated by a comma.

Figure 11 .

 11 Figure 11.1 is a part of an OWL ontology "Wine" with RDF/XML syntax which is input data of our tool. A corresponding part of a FreeMind document as an output of our tool (with the option "customize colors by class types") is illustrated in Figure 11.2.
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  term acquisition improvement . . . . . . . . . . . . . . . . 14.1.1 Linguistic pattern-based method . . . . . . . . . . . . . . 14.1.2 Rule-based post-filtering step . . . . . . . . . . . . . . . 14.2 Term linkage . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14.3 MindMap-based ontology editor . . . . . . . . . . . . . . . . . . he explosion of data on the Internet leads to challenges in working with them. Semantic Web and ontology are required to address those problems. Health care, especially NPI, is receiving more and more consideration from researchers and community. The missions of Plateforme CEPS are thus crucial to contribute in improving quality of life. This thesis contributes a part to support Plateforme CEPS realizing the missions. As we mentioned in the Part I, NPIs are involved in multidisciplinary domain. For this reason, NPI terms are often confused and not general. Many NPI terms cannot be found in general knowledge base such as WordNet which is a large lexical database of English. Therefore, we proposed two approaches to acquire NPI terms from ontologies in BioPortal and from unstructured texts such as abstracts in PubMed, web pages in Wikipedia and Google. The main idea of those two approaches is an expansion of the seed NPI terms step by step. In other words, we collect new terms that have semantically similarity with the seed NPI terms. BioPortal is the most comprehensive repository of biomedical ontologies over the world. There are 694 ontologies with 8,841,123 classes stored in Bio-Portal at the time of this writing. Although there are not any ontologies on NPI domain, but many NPI terms are found in classes of some ontologies in BioPortal. This motivated us to extract candidate NPI terms by searching classes that include the seed NPI terms. From the retrieved classes, we ex-113 Chapter 13. General Conclusion tracted their synonyms and parent classes as well as their child classes. The synonyms of their parents and children are also extracted as candidate NPI terms.PubMed comprises more than 28 million citations for biomedical literature from MEDLINE, life science journals, and online books. Most of NPI terms can be found in the PubMed database. In order to collect NPI terms from PubMed, we must address two tasks: first, how to extract candidate terms from unstructured texts in PubMed abstracts; second, how to get only NPI terms and eliminate non-NPI terms. For the first task, we used a stateof-the-art tool BioTex to get a list of biomedical terms. Those candidates were filtered by comparing to the seed NPI terms using a semantic similarity measure in the second task. Three types of similarity measure including edit-based, knowledge-based and distributional ones were introduced and compared. Among them, the distributional similarity measure gained more good results over the remaining in context of NPI.
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  who do not have much knowledge on computer science as well as ontology engineering. To fulfill the objectives of this part, we first proposed a notation based on MindMap for ontology visualization. Each component of an ontology is represent by an element or a combination of elements of a MindMap. Finally, we built a tool to transform an OWL ontology to a FreeMind document which is then imported by existing Mind-Mapping tools to make a visualization of the ontology as a MindMap. the ontology development process, ontology engineers and domain experts need to have a collaborative framework to work together. Therefore, a global approach which integrate different phases in ontology development is essential. It should include modules for preparing data, designing and implementing as well as visualizing the ontology being built. Discussion and version management functions need to be taken into account because ontology development is often a collaborative work between different experts. It is a motivation for our future work to develop a tool integrating the modules into a framework to help experts in building ontologies.
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  MindMap is a diagram used to organize and visualize information in hierarchical structure. It uses images, words in order to represent ideas around a central concept. Those ideas are connected directly to the central concept by edges, and the same principle is repeated for their child ideas. An example of MindMap for the NPI taxonomy is represented by FreeMind too'l in Figure 2.8.

	2.4 Visualizing Knowledge Organization Sys-
	tems
	2.4.1 MindMap
	Aforementioned models to encode Knowledge Organization Systems are
	As OWL is built on RDF, it is also represented in triples. It supports a variety of syntaxes such as RDF/XML, RDF/Turtle, OWL2 XML, OWL2 efficient for computer understanding and interpretation. Whereas, they are ❼ font (parent element: node): contains information about the format of complex for people to understand when they look into their syntaxes. Visual representations of Knowledge Organization Systems are thus necessary. The node text including: name, size, bold, italic.
	Functional, Manchester and others. Figures 2.6 and 2.7 are examples of the next section will introduce methods to visualize those Knowledge Organization
	Systems.

Object properties (owl:ObjectProperty) link individuals (instances) of a OWL class to individuals of another OWL class. ❼ Datatype properties (owl:DatatypeProperty) link individuals (instances) of OWL classes to literal (data) values. OWL adds more semantics to RDF and RDFS. It makes properties and classes of OWL more implicit. OWL can express two instances, in different data sources, are the same. For example, the instance "Barack Obama" on Wikipedia is the same with the instance "Barack Hussein Obama" on BBC News although the labels are different. This is essential to create Linked Data where data represented in different schemas can be joined together. OWL is based on description logic, so it supports reasoning to infer new information based on available resources. For example, if A is subclass of B, and B is subclass of C are two statements defined in OWL format, then OWL can infer that A is also subclass of C. wine ontology based on a wine class encoded by OWL with different syntaxes.

Figure 2.7 -RDF/Turtle syntax

2.3.4 Simple Knowledge Organization System (SKOS)

The Simple Knowledge Organization System (SKOS)

[START_REF]W3C. Simple Knowledge Organization System (SKOS)[END_REF] 

is a Semantic Web vocabulary created by W3C for expressing and publishing semi-formal knowledge organization systems such as thesauri, taxonomies, classification schemes, subject heading lists or any other type of controlled vocabulary (ontologies are the most formal knowledge organization systems)

[START_REF] W3c | SKOS Simple Knowledge Organization System Reference[END_REF]

. SKOS aims at defining hierarchical structures which have weak and ambiguous semantics. In other words, it is used for organizing knowledge, while OWL focuses on knowledge representation. SKOS can be used alone or in combination with OWL. The main units of SKOS are concepts, known as SKOS Concepts, with labels and definitions. Those concepts are organized into a hierarchy with broader and narrower relations. Since SKOS is built upon RDF, thus it is also represented in triples and can be serialized in RDF syntaxes

[START_REF] Jupp | Simple Knowledge Organisation System (SKOS)[END_REF]

.

A

FreeMind document is an XML-based file format which is created by Free-Mind mind-mapping application to store visual diagrams. It is popular and supported by most existing mind-mapping applications.

The list of elements and their attributes of a FreeMind document as follows:

❼ map (root element): an XML element, with a single required attribute "version".

❼ node (parent element: node, map): main content element with attributes: id, text, link, folded, color, position (left or right, only for children of the root).

❼ edge (parent element: node): an element to connect nodes. This element has attributes: style, color, width.

❼ arrowlink (parent element: node): an element to show relationship between nodes other than edges. It has attributes: color, destination (id of the target node), startarrow (arrow style), endarrow (arrow style).

  The latter, word embeddings, is an effective method achieving much success recently. A word is represented by its around context words or, say another way, it is embedded in the space of other words. Each word is represented

	by a distribution of weights across those context words. As a result, vector
	representation of words look like [0.65, 0.78, 0.42, 0.82, 0.95]. There are some
	techniques to perform this representation such as original LSA with context
	words counted from word-document matrix, LSA word similarity with context
	words counted word-word co-occurrence matrix, word2vec with context words
	learned from shallow neural network (CBOW and Skip-gram models). The
	last technique word2vec outperforms the first two techniques [50].

Table 6 .

 6 1 -List of seed terms

	#	Term	#	Term
	1 Non-Pharmacological Interventions	2 Psychological Health Interventions
	3 Art Therapy		4 Health Education
	5 Psychotherapy		6 Zootherapy	
	7 Physical Health Interventions	8 Physical Activity
	9 Physiotherapy		10 Manual Therapy
	11 Thermalism		12 Nutritional Health Interventions
	13 Dietary Supplements	14 Nutritional Therapy
	15 Digital Health Interventions	16 eHealth Devices
	17 Therapeutic Games	18 Virtual Reality Therapy
	19 Other Health Interventions	20 Ergonomic Tools
	21 Phytotherapy		22 Cosmetic Therapy
	23 Wave Therapy		24 Lithotherapy	
	25 Alternative Medicine	25 Complementary Medicine
	27 Natural Medicine	28 Traditional Medicine
	29 Integrative Medicine	30 Behavioral Medicine
	31 Alternative Therapy	32 Complementary Therapy
	33 Complementary Treatment		

1 https://radimrehurek.com/gensim/models/word2vec.html 2 http://tubo.lirmm.fr/biotex/ 69

Table 6 .

 6 2 -Seed terms in the first cluster

	#	Term	Cluster label
	1 Non-Pharmacological Interventions	
	2 Psychological Health Interventions	
	3 Health Education		
	4 Physical Health Interventions	
	5 Physical Activity		
	6 Nutritional Health Interventions	
	7 Dietary Supplements	
	8 Digital Health Interventions	
	9 eHealth Devices		
	10 Other Health Interventions	
	11 Ergonomic Tools		

Table 6 .

 6 [START_REF] Barzdins | UML Style Graphical Notation and Editor for OWL 2[END_REF] -Seed terms in the third cluster

	#	Term	Cluster label
	1 Zootherapy		
	2 Thermalism		
	3 Phytotherapy		
	4 Lithotherapy		
	5 Alternative Medicine	
	6 Complementary Medicine	
	7 Natural Medicine		
	8 Traditional Medicine	
	9 Integrative Medicine	
	10 Behavioral Medicine	

Table 6 .

 6 5 -Top candidate terms using ACS to calculate NPI score

	#	Candidate term	NPI score	Closest seed term	Is NPI
	1 psychodynamic psychotherapy	0.909100472 psychotherapy	Yes
	2 eclectic psychotherapy	0.827152254 psychotherapy	Yes
	3 massage physiotherapy	0.819917806 physiotherapy	Yes
	4 pt physiotherapy	0.81054997	physiotherapy	Yes
	5 immobilisation physiotherapy	0.793248715 physiotherapy	Yes
	6 interpersonal psychotherapy	0.781985492 psychotherapy	Yes
	7 art psychotherapy	0.777390757 psychotherapy	Yes
	8 couple psychotherapy	0.77106033	psychotherapy	Yes
	9 supportive psychotherapy	0.76110063	psychotherapy	Yes
	brief psychotherapy	0.756509859 psychotherapy	Yes
	rehabilitation	0.756469097 physiotherapy	Yes
	physiotherapy manipulation	0.753760891 physiotherapy	Yes
	ayurveda	0.746957455 phytotherapy	Yes
	psychodynamic therapy	0.738788117 psychotherapy	Yes
	ethnomedicine	0.734458289 zootherapy	Yes
	parent-infant psychotherapy	0.729624925 psychotherapy	Yes
	expressive psychotherapy	0.725312732 psychotherapy	Yes
	individual psychotherapy	0.717097224 psychotherapy	Yes
	homeopathy	0.717019641 phytotherapy	Yes
	immobilization physiotherapy	0.716897153 physiotherapy	Yes
	short-term psychotherapy	0.715192848 psychotherapy	Yes
	rational psychotherapy	0.714876664 psychotherapy	Yes
	integrative psychotherapy	0.714842356 psychotherapy	Yes
	cbt		0.713947944 psychotherapy	Yes
	medicine	0.707301836 complementary medicine	No
	otorhinolaryngology	0.703660769 thermalism	No
	rational-emotive psychotherapy 0.699626188 psychotherapy	Yes
	psychoanalytic therapy	0.697056604 psychotherapy	Yes
	folklore	0.690546695 zootherapy	No
	shamanism	0.689552871 zootherapy	No

Table 6 .

 6 6 -Top candidate terms using UMBC to calculate NPI score

	#	Candidate term	NPI score	Closest seed term	Is NPI
	1 nutrition therapy	1	nutritional therapy	Yes
	2 education health	1	health education	Yes
	3 complementary therapy no	1	complementary therapy	No
	4 physical therapy physiother-	1	physiotherapy	No
	apy				
	5 he health education	1	health education	Yes
	6 pt -physiotherapy	1	physiotherapy	Yes
	7 he -health education	1	health education	Yes
	8 school health	0.9660684	health education	No
	9 health education profession	0.9348058	health education	No
	alternative treatment	0.9226736	alternative therapy	Yes
	alternative medicine therapy	0.9028952	alternative therapy	Yes
	nutrition intervention	0.89406794 nutritional health inter-	Yes
				vention	
	health education and aware-	0.89172745 health education	No
	ness				
	medical nutrition therapy	0.88933265 nutritional therapy	Yes
	nutrition disorder therapy	0.8890289	nutritional therapy	Yes
	mental health education	0.8876382	health education	Yes
	dance therapy	0.88399255 art therapy	Yes
	community health education	0.88018155 health education	No
	public health education	0.8789342	health education	No
	dental health education	0.87686723 health education	No
	health education resource	0.87598723 health education	No
	art psychotherapy	0.8737393	art therapy	Yes
	marketed as dietary supple-	0.8733861	dietary supplement	No
	ment				
	drugs -health education	0.8692732	health education	No
	virtual reality immersion ther-	0.86924887 virtual reality therapy	Yes
	apy				
	nutritional intervention	0.8691811	nutritional health inter-	Yes
				vention	
	health education study	0.868764	health education	No
	national health education	0.8685779	health education	No
	combination dietary supple-	0.86734766 dietary supplement	Yes
	ment				
	health education specialist	0.8608667	health education	No
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	visualization tools are often difficult to use by domain experts, for instance
	for focusing on subparts of the domain. In this chapter, we introduce a new
	8 Problem Statement method allowing to visualize ontologies as MindMaps that are known as effi-
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	9 Related Works ontologies into FreeMind 1 documents which can then be imported in any mind-
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Table 10 . 2 . 93 Table 10 .

 1029310 1 -MindMap-based visual notation for ontology elements

	OWL element	FreeMind representation	Description
		A bubble node of MindMap with
	owl:Thing	black label "Thing", white back-
		ground and light black border
		A bubble node of MindMap with
	owl:Class	black label, light blue back-
		ground and light black border
	owl:Class (External	A bubble node of MindMap with
	class, different base	white label, dark blue back-
	URI)	ground and light black border

  Append RootN ode to D f reemind ; 6 L class ←-List of first level classes of D owl ; Add IsaN ode to L node ;

		Chapter 11
	Algorithm 2: Visiting an OWL class and create corresponding Free-Algorithm 1: Transforming OWL document to FreeMind document Mind elements input : D owl = OWL document input : C = OWL class output: D f reemind = FreeMind document output: L node = List of FreeMind elements <node> 1 D f reemind ←-Ø; 2 M apElement ←-XML element <map>; 1 IsaN ode ←-f mSubClassOf () ; // FreeMind element <node>
	3 Append M apElement to D f reemind ; 4 RootN ode ←-f mT hing() ; 2 3 SubN ode ←-Ø; // FreeMind element <node> // <node> corresponding to
	owl:Thing 4 E text ←-Ø;	// labels of equivalent classes of C
	5 // Subclasses of 5 L equiv ←-List of equivalent classes of C;
	owl:Thing	
	7 L node ←-Ø;	// List of FreeMind elements <node>
	Add IndiN ode to L node ;	
	if C has subclasses then	
	L sub ←-List of subclasses of C;
	foreach class S ∈ L sub do
	VisitClass(S, L node );
	end	
	end	

8 foreach class C ∈ L class do 9 VisitClass(C, L node ); Append L node to D f reemind ; L node ←-Ø; end L attr ←-List of properties of D owl ; AttrN ode ←-Ø; foreach property P ∈ L attr do if P is ObjectProperty then id1 ←-ID of domain; id2 ←-ID of range; AttrN ode ←f mObjectP roperty(id1, P label , id2) ; // P label : label of P else if P is DatatypeProperty then id ←-ID of domain; AttrN ode ←f mDatatypeP roperty(id, P domain , P range ) ; // P domain : label of domain, P range : label of range, Add AttrN ode to L node ; end Append L node to D f reemind ; 6 foreach class E ∈ L equiv do 7 E text ←-E text + E label ; // E label : label of E 8 end 9 C label ←-C label + E text ; // join C label and E text into a string if C is external class then SubN ode ←f mExternalClass(C label ); else if C is decprecated class then SubN ode ←f mDeprecatedClass(C label ); else SubN ode ←f mClass(C label ); end Add SubN ode to L node ; L indi ←-List of individuals of C; IndiN ode ←-Ø; // FreeMind element <richcontent> foreach individual I ∈ L indi do IndiN ode ←f mIndividual(I label ) ; // I label : label of I end

Table 11 .

 11 

	1 -Visualization capabilities of OWL2MM and other tools
		OWL2MM	OWLViz	OntoGraf	SOVA	OWLGrEd	TGViz	WebVOWL
	Classes	x	x	x	x	x	x	x
	equivalentClass	x	x	x	x	x	x	x
	subClassOf	x	x	x	x	x	x	x
	Object properties	x		x	x	x	x	x
	Datatype properties	x		x	x	x		x
	Individuals	x		x	x	x	x	x
	disjointWith				x	x		x
	Intersection				x	x		x
	Union				x	x		x
	Complement				x	x		x
	It can be seen from Table 11.1 that WebVOWL, OWLGrEd and SOVA are
	powerful. However, WebVOWL and SOVA have overlooked visualizations of
	large ontologies. OWLGrEd uses UML-style notation that is difficult to read
	and requires a training for domain experts. Our tool, OWL2MM, aims at a

That is why the tool focuses on visualizing class hierarchy, but not complicated contraints as disjointWith, Intersection, Union and so on. OWL2MM also centres on representing classes and object properties on screen, instead of many elements of ontologies. Data properties and individuals are displayed in popup or tooltips of MindMap nodes. They just appear when users hover mouse or click on corresponding nodes. In constrast, OWLGrEd, SOVA and OntoGraf display individuals on screen. This makes the visualization more complicated and confused for the ontologies that have a big number of individuals.

Table 14 .

 14 1 -The UMLS semantic types related to NPIs

	#	Semantic Type	#	Semantic Type
	1 Activity		23 Mental or Behavioral Dysfunction
	2 Behavior		24 Natural Phenomenon or Process
	3 Biologic Function	25 Occupation or Discipline
	4 Biologically Active Substance	26 Occupational Activity
	5 Biomedical Occupation or Disci-	27 Organism
	pline			
	6 Body System	28 Organism Attribute
	7 Daily or Recreational Activity	29 Organism Function
	8 Disease or Syndrome	30 Organization
	9 Educational Activity	31 Phenomenon or Process
	10 Environmental Effect of Humans	32 Physical Object
	11 Food		33 Physiologic Function
	12 Fungus		34 Plant	
	13 Health Care Activity	35 Professional or Occupational Group
	14 Health Care Related Organization	36 Qualitative Concept
	15 Human		37 Quantitative Concept
	16 Human-caused Phenomenon or Pro-	38 Research Activity
	cess			
	17 Idea or Concept	39 Research Device
	18 Individual Behavior	40 Self-help or Relief Organization
	19 Intellectual Product	41 Sign or Symptom
	20 Manufactured Object	42 Social Behavior
	21 Medical Device	43 Therapeutic or Preventive Proce-
			dure	
	22 Mental Process	44 Vitamin	
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BACKGROUND COLOR="#ffffff" COLOR="#000000" STYLE="bubble" TEXT="Thing"> <font NAME="SansSerif" SIZE="14"/> </node> owl:Class <node ID="2" BACKGROUND COLOR="#aaccff" COLOR="#000000" STYLE="bubble" TEXT="Class"> <font NAME="SansSerif" SIZE="12"/> </node> owl:Class (External class, different base URI)

<node

ID="3" BACKGROUND COLOR="#3366cc" COLOR="#ffffff" STYLE="bubble" TEXT="Class"> <font NAME="SansSerif" SIZE="12"/> </node> owl:DeprecatedClass<node ID="4" BACKGROUND COLOR="#cccccc" COLOR="#000000" STYLE="bubble" TEXT="Class"> <font NAME="SansSerif" SIZE="12"/> </node> rdfs:subClassOf <node ID="5" STYLE="fork" TEXT="is-a"> <font NAME="SansSerif" SIZE="8"/> </node> owl:ObjectProperty <node ID="6" STYLE="fork" TEXT="owl:ObjectProperty"> <arrowlink COLOR="#b0b0b0" DESTINATION="nodeID" EN-DARROW="Default" ENDINCLINATION="143;0;" ID="Arrow1" STARTARROW="None" STARTINCLINA-TION="143;0;"/> <font NAME="SansSerif" SIZE="8"/> </node> owl:DatatypeProperty <richcontent TYPE="NOTE"> <html> <head> </head> <body> <h4>Data properties: </h4> <p> <font size="3">Datatype name: Datatype value</font> </p> </body> </html> </richcontent> Individuals <richcontent TYPE="NOTE"> <html> <head> </head> <body> <h4>Individuals: </h4> <p> <font size="3">Individual 1, Individual 2, Individual 3</font> </p> </body> </html> </richcontent> Assuming that mm-Thing, mm-Class, mm-ClassExternal, mm-DeprecatedClass, mm-subClassOf, mm-ObjectProperty, mm-DatatypeProperty, mm-Individual are names of FreeMind elements corresponding to OWL ontology elements, respectively in Table 10. ❼ fmObjectProperty(id1, text, id2): returns mm-ObjectProperty with ID, TEXT and DESTINATION replaced by the parameters "id1", "text" and "id2".

❼ fmDatatypeProperty(id, name, value): returns mm-ObjectProperty with "id", "name" and "value" from parameters.

❼ fmIndividual(names): returns mm-Individual with "names" being individuals.

The transformation is formulated in the Algorithm 1.

VisitClass(C, L node ) is a recursive function to visit an OWL class in order to read its properties and relations connected to it. Then this function creates corresponding elements of FreeMind document as formulated in 

Retrieved NPI terms

Up to this time, we achieved the list of NPI terms as follows.