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Abstract

Knowledge extraction especially from unstructured data such as texts has been always consid-
ered as one of the highly demanded requests with lots of applications in almost all industries.
Design and building of solutions that are capable of extracting knowledge, in an almost auto-
mated way, is not an easy task at all. Many researchers have proposed variety of methodologies
and algorithms to describe how one can give some structure to textual data with the ultimate
goal of knowledge extraction since decades ago. One of the key elements of those solutions is
to utilize ontology as a graph-like structure for representing knowledge. Building ontologies
especially from textual data, however, is not quite straightforward. To the best of our knowl-
edge, there is no yet a comprehensive methodology to describe how one can form an ontology
from processing textual data in a given domain of interest to be later used for explicit as well
as implicit (or semantic) knowledge extraction.

In this thesis, we propose a pipeline to describe how we can start from analyzing texts to end up
with an ontology, which is equipped with the most informative statements of that text corpus
about a given context, in order to be used for knowledge extraction. The proposed pipeline is
based on utilization of three different yet complementary data analysis methods including
(i) natural language processing, (ii) formal concept analysis, and (iii) ontology learning. In a
nutshell, the pipeline will start by mining the input text corpus (in a given domain of interest)
using state-of-the-art natural language processing techniques. The formal concept analysis
will then be used to form the concepts and build the hierarchies among them (i.e., a concept
lattice) as the cornerstone of the desired ontology. Finally, the most informative statements
extracted from text corpus will be embedded into the ontology, that has been derived from a
set of proposed algorithms applied on the aforementioned concept lattice.

To validate the accuracy of the proposed pipeline we tested it on a few toy examples as well as a
real use case in the context of pharmaceuticals. We could demonstrate that such an engineered
ontology can be used for querying valuable knowledge and insights from unstructured textual
data, and to be employed as the core component of smart search engines with applications in
semantic analysis. One of the advantages of our proposed solution is that it does not require
so much of human intervention, as opposed to many existing solutions whose performance
highly depends on the presence of a subject matter expert along the ontology engineering
process. It does not, however, mean that our proposed pipeline cannot benefit from existence
of such additional information resources to be further empowered by human expertise in
shaping ontologies.



Key words: Ontology Learning, Knowledge Representation, Formal Concept Analysis, OWL,
Unstructured Data

ii



Résumé

Lextraction de connaissances, en particulier a partir de données non structurées tels que
les textes, a longtemps était considérée comme une des demandes les plus souhaitées, avec
un grand nombre d’applications dans presque toutes les industries. La conception, ainsi
que la mise en place de solutions capables d’extraire des connaissances, de facon presque
automatique, est loin d’étre une tache facile. Depuis déja plusieurs décennies, différents cher-
cheurs ont proposé une variété de méthodologies et d’algorithmes afin de décrire comment
donner une certaine structure a des données textuelles, avec pour but ultime I'extraction de
connaissances. Un des éléments clés de ces solutions est d’utiliser une ontologie reposant
sur une structure de graphe, et rendant possible une représentation de connaissances. Ce-
pendant, la construction d’ontologies, en particulier a partir de textes, n’est pas aisée. A notre
connaissance, il n'y a pas encore de méthodologie compléte décrivant la construction d’'une
ontologie a partir du traitement de données textuelles, dans un domaine d’intérét donné,
pour étre par la suite utilisée pour I'extraction de connaissances explicites ainsi que implicites
(sémantiques).

Lobjectif de cette these est de proposer un pipeline décrivant comment partir de I’analyse
de textes pour finalement arriver a une ontologie comprenant les propositions les plus in-
formatives de ce corpus de textes sur un contexte donné, et dans le but d’étre utilisé pour
'extraction de connaissances. Ce pipeline repose sur l'utilisation de trois méthodes d’analyse
de données, tout aussi différentes que complémentaires, incluant (i) le traitement du langage
naturel, (ii) 'analyse formelle de concepts, et (iii) 'apprentissage d’ontologies. En résumé,
le pipeline débutera par une exploration du corpus de textes en entrée (pour un domaine
d’intérét bien défini), faisant usage des techniques de traitement du langage naturel les plus
avancées. L'analyse formelle de concepts sera par la suite utilisée pour former les concepts et
construire leurs hiérarchies (i.e., un treillis de concepts), constituant le fondement de 'ontolo-
gie désirée. Enfin, les propositions les plus informatives du corpus de textes seront intégrées
au sein de I'ontologie, dérivée au préalable d'un ensemble d’algorithmes proposés dans cette
these et appliqués au treillis de concepts susmentionné.

Afin de valider la précision de notre pipeline, nous I’avons testé avec quelques exemples
synthétiques ainsi qu’avec de vrais cas d’utilisation dans le contexte de I'industrie pharma-
ceutique. Nous avons pu démontrer qu'une telle ontologie obtenue peut étre utilisée pour
interroger d'importantes connaissances ainsi que des informations extraites de données tex-
tuelles non structurées, et peut étre employée comme élément central au sein d'un moteur
de recherche intelligent, avec des applications en analyse sémantique. Un des avantages de
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notre solution est de minimiser I'intervention humaine, contrairement a beaucoup d’autres
solutions déja existantes et aux performances fortement dépendantes de la présence ou non
d’'un expert en la matiére tout au long du processus de construction de I’ontologie. Lors du
processus de validation, nous impliquons toutefois toujours I'’expertise humaine, afin de
garantir la constante amélioration de notre ontologie.

Mots clefs : Apprentissage de 'Ontologie, Représentation des Connaissances, Formal Concept
Analysis, OWL, Données Non Structurées
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|§ Introduction

"It is vital to remember that information - in the

sense of raw data - is not knowledge, that knowledge
is not wisdom, and that wisdom is not foresight. But
information is the first essential step to all of these."

Arthur C. Clarke

1.1 Motivations

In today’s world, data is considered as a valuable asset. The volume of data being generated
in the past decades has dramatically increased compared to the past. Besides the availability
of huge amount of data, an incredible computational power as well as cheap data storage,
together with recent advances in the field of data science motivate all enterprises to invest
on generating actionable insights from their data assets. Many data assets are currently
unstructured, i.e., there is no well-defined tabular structure to store such data. But textual
data assets are among the most valuable unstructured data assets we have today. However,
extracting knowledge from textual data is not as easy as knowledge extraction from structured
data.

Many organizations, including pharmaceutical companies, are producing vast amounts of
data in the form of unstructured texts. These include manuals for products, articles about
launching new products, medical electronic reports, news articles and web-pages containing
market information, etc. In today’s competitive world, analyzing such data provides actionable
insights and competitive intelligence for large companies about their major competitors. The
primary application of this dissertation is Market and Competitive Intelligence (MCI), as one
of the major topics in pharmaceutical organizations. The ambition of MCI is to understand
the business environment around the company by analyzing and retrieving information from
its competitors data. This supports future-oriented decision making of the company based
on high quality and up-to-date insights. Nevertheless, the application of this study could be



Chapter 1. Introduction

expanded into other domains such as the medical area in which information extraction is
required from medical historical records.

Knowledge extraction from huge collection of text documents, however, requires an enormous
human effort in order to meticulously go through the content of each document. Therefore,
small and big companies are currently investing in automating this process by benefiting from
various advanced analytic techniques in Artificial Intelligence (Al).

One of the key challenges in dealing with textual data is the lack of proper knowledge repre-
sentation models. Providing an abstract view of important concepts and their relationships
would be a great starting point for giving structure to unstructured textual data. In other
words, there should be a more convenient way (such as an intelligent Al-based solution) than
visually screening all those documents by a human in order to extract knowledge and realize
the value hidden in the content of those text documents. Therefore, automating the knowledge
extraction process becomes a crucial task in the digital universe of unstructured textual data.

Ontologies have been proposed as a promising solution for representing knowledge. In this
research work, we are proposing an ontology learning technique for meaningful knowledge
extraction from textual documents by automatically acquiring the main concepts, properties
and their corresponding relationships for a domain of interest. Like any other information
extraction technique, learning ontologies requires powerful data analysis methods and an
extensive background knowledge, which could be gathered from both unstructured sources
such as text documents and structured sources in the form of tabular data bases.

As described in WordNet !, the background knowledge [1] refers to the "information that is
essential to understanding a situation or problem". The majority of the ontology learning
approaches highly rely on pre-built ontologies to construct the core of their ontology. This
dependency, however, introduces the challenge of re-adjustment of the core units whenever a
change is happening into the source ontology. The significance of the work in this dissertation
is the propose of a pipeline for learning an ontology from scratch which solely depends on
the provided text documents as its background knowledge and other official data sources for
enhancing the constructed ontology.

1.2 Problem Description

Ontology learning from text corpora is one of the promising research areas with the aim of
extracting explicit and implicit information from the body of text by transforming hidden facts
and patterns into shareable constructs. The process of ontology learning from text is to extract
it's fundamental components such as domain concepts, relations and potential axioms.

There is no doubt that Natural language processing (NLP) is a powerful toolset for analyzing
textual data. However, existing NLP methods also suffer from some shortcomings. One of them

Ihttp:/ /wordnetweb.princeton.edu/perl/ webwn?s=background%20knowledge
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is that existing classic modules in NLP had been trained on casual texts (usually from wikipedia
or web contents) and are barely trained on documents that contain a domain specific context
such as the medical domain. This may cause some issues when we use casual NLP tools for
the medical domain. This further strengthens the importance of training domain-specific NLP
tools for different contexts. Therefore, more powerful linguistic and statistical data analysis
and Al techniques are needed to enable valuable information extraction.

Another important concern when building ontologies from a corpus is that, the textual docu-
ments within the corpus may not be complete in the sense that relevant information about
that context may not be available in that corpus. Therefore, we may face a situation where
the learned ontology misses important data that could potentially change the engineered
ontology. To address such challenge, we suggest to further augment the corpus by other
domain-relevant textual data repositories to ensure the engineered ontology becomes as
precise as possible, although it is possible that such a comprehensive and precise ontology
may never be engineered. Nevertheless, the point is that if we can leverage other existing
resources besides the initial corpus for engineering the ontology for that domain, there are
no arguments for not doing so. There are many researches being conducted for addressing
the issue of incompleteness of background knowledge, where each of them is focused on a
specific requirement. For instance in the following studies, Wikipedia has been widely used
for the purpose of relation acquisition and word sense disambiguation [2], [3], [4] and [5].
Moreover, many authors used web search engines with the goal of text corpus construction
[6], [7], similarity measurements [8] and word collection [9], [10]. However, a fundamental
research that focuses on choosing the proper supplementary data source (besides an existing
text corpus) is long overdue and it highly depends on the application domain.

We are faced with the following challenges throughout the ontology construction process:

1. How to figure out if we have sufficient background knowledge to perform all ontology
learning tasks?

2. Which knowledge base could cover inadequate pieces of the original data?

3. And most importantly which statistical and linguistic techniques shall be used in each
step to guarantee the completeness of the constructed ontology based on the provided
data?

1.3 Literature Review

There were many studies being conducted in the scope of ontology learning from text corpora.
Before starting our discussion on the current prominent techniques and recent tools, let us
recap the key findings of a few performed surveys. The OntoWeb Consortium has conducted a
survey in 2003 on ontology learning techniques from text [11]. The findings highlighted in this
report are summarized as follows:
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1. There is no fully automated system for ontology learning from unstructured data.

2. There is no systematic approach for ontology learning from text and it is highly depen-
dent on the domain of interest and discretion of the ontology designer.

3. There is no general way for evaluating the correctness and completeness of the con-
structed ontology.

Another survey is presented in [12] with the goal of introducing a general framework for
classifying and comparing the state of the art Ontology Learning (OL) systems. This framework
composed of three dimensions concerning the following aspects of the OL systems: what
to learn, from where to learn and how to learn. In this study, the authors studied around 50
different OL approaches and only retained 7 prominent ones for detailed analysis according
to the framework. The summary of their finding over the the most recent techniques is the
following:

1. Most of the studies were focused on extracting taxonomic relation among classes and
there was less attention paid to non-taxonomic relation extraction.

2. The main concern of the majority of proven techniques is to generate domain related
ontologies. This decreases the possibility of generalizing the proposed approach across
different domains.

3. Despite an enormous effort of many researchers in various domain, fully automated
tools and techniques are still unexplored. Most systems and techniques require either
human involvement or support of a pre-built ontology.

4. Evaluation of ontologies requires more research and exploration and a formal, standard
method for assessing the constructed ontology is highly required.

5. Learning ontological axioms is missing in most of the studies.

Moreover, by placing the selected systems into the proposed framework, they could describe
the strengths and weaknesses of each dimension. Consequently, a general guideline is pre-
sented for researchers to choose the appropriate features for creating an OL system from
scratch or re-using existing techniques for their own domain of interest.

The third survey was conducted by Ding and Foo [13] on 12 ontology learning projects. The
authors claimed that most of the projects cover ontology learning from structured data. They
found out that discovering relations is more difficult than discovering concepts. In [14] ontol-
ogy learning is considered as composed of multiple subtasks. The authors mainly compared
the various approaches based on their effort on automating the different steps. Their study
has similar findings as in the aforementioned surveys such as:

4
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1. One of the open problems remains evaluating the ontology. No standard and formal
method has yet been discovered for proving the accuracy, efficiency and completeness
of the built ontology.

2. Not all of the ontology learning steps are automated. Full ontology development process
is still an open issue.

3. Ontology learning will remain as an active field of research due to its complexity and
importance in various research areas.

One of the latest survey in this domain was published in 2018 [15]. One of their finding is that
a combination of linguistic and statistical approaches provides better results and that data
preprocessing techniques play a crucial role in the performance of final ontology. Moreover,
none of the projects could fully replace human-based evaluation of ontologies with a new
approach. The authors provide comprehensive information about the major challenges in
ontology learning and also propose some solutions for further improvement of each phase. In
order to validate some of those conclusions, we will have a closer look at recent advances in
ontology learning systems and techniques:

OntoLearn [16], [17], [18], [19] is one of the prominent ontology learning systems, which is
based on both linguistic and statistical approaches for discovering domain terms, concepts
and relations. Term extraction has been achieved through part of speech tagging and sentence
parsing in order to produce syntactic structure of noun phrases and propositional phrases.
The next step which is called semantic interpretation, performs concept and glossary extrac-
tion by benefiting from WordNet. Generated terms are associated to existing concepts and
their corresponding definitions are extracted from WordNet. Finally, taxonomic relations
among concepts are established by discovering their respective hypernyms in WordNet. The
evaluation process of the constructed ontology is done through the performance measure
called F-measures. F-measure (also known as F_1 score or F-score) measures the accuracy
of a classifier by considering the harmonic average of precision and recall for computing the
final score (see [20] for more information). In their study, they estimated precision and recall
of the constructed ontology by using manually created tourism corpora.

Text-to-Onto discussed in [21], [22], [23], [24] follows a semi automated approach for con-
structing ontologies. The authors claimed that their proposed approach is applied to tourism
and insurance case study data. Likewise OntoLearn, Text-to-Onto also employs both statistical
and linguistic approaches for term extraction, concept formation and hierarchy construction.
It however considers both taxonomical and non-taxonomical relation extraction between gen-
erated concepts. For the purpose of term extraction, HTML and pdf documents are converted
into plain text and part of speech tagging is used for syntactic parsing of sentences. In order
to identify important sentences, they have used a syntactic structure analysis. However, this
tool employs a natural language processing system called Saarbruecken Message Extraction
System (SMES) [25]. Concept forming is achieved through the same process as explained in
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OntoLearn with a major difference in its background knowledge. For doing so, they have used
a domain-specific knowledge base which contains around 120,000 terms. Taxonomic relation
extraction is also very similar to OnfoLearn with an extra step of using lexico-syntactic patterns
for identifying hypernyms relation in the text. Association rule mining is applied in order to
generate non-taxonomical relations by identifying potential connection among concept with
user-defined support and confidence. In [26], authors used Text20nto for the main ontology
learning steps (concepts, taxonomies, relations and axioms extraction) from legal documents.

A semi-automated ontology learning system is also introduced by the Laboratoire d’automatique
Documentaire et Linguistiques de L'université de Paris named ASIUM [27], [28], [29]. It works
very similarly to previously described systems by employing both statistical and linguistic
techniques across all ontology learning phases. Their proposed method has been tested
on texts being extracted from the French newspaper Le Monde. The evaluation process of
the constructed ontology is then performed by two domain experts where they assessed the
extracted information by their correctness.

Other similar ontology learning systems are SYNDIKATE [30], [31] and TextStrom/Clouds
[32], [33]. The former applies a purely linguistic based approach and the later employs both
logic and linguistics techniques for discovering various components of an ontology from text.

As mentioned in the conducted ontology learning surveys [13], [12], [11], [34] and [15], the
main focus of the ontology learning community lies on 1) improving relation acquisition, 2)
labelling domain concepts and relations in an automatic or a semi-automatic way, and 3)
benefiting from available structured and unstructured data on the Web for relation acquisition.
Researchers have consistently studied the relation acquisition process. In [35], the authors
proposed a relation extraction approach which aims to identify the semantic relations between
extracted concepts from input text. In this study, the authors applied NLP techniques such
as lemmatization, syntactic parsing, part-of-speech tagging, named entity recognition and
word sense disambiguation patterns for analysing the input text. Generated named entities
are semantically attached with their corresponding properties. Relation extraction in [36] is
performed through syntactic dependencies. Dependency paths among terms are captured as
by using bi-grams and their corresponding scores are calculated via statistical measures of
correlation. Their proposed method is applied to the GENIA corpus [37]. They also applied
an in-depth analysis of processes for obtaining abstract concepts by the means of Selection
Restriction Learning [38]. Besides that, in [39] and [40], extraction of taxonomic relations is
achieved by means of different types of lexico-syntactic patterns. Moreover in [41], [42], the
authors presented a supervised approach which automatically identifies unknown hypernyms
based on a group of known hypernyms being collected in sets of text. Their proposed method
employs extracted dependency paths from parse trees.

[43] is also another recent study where the authors applied Google’s word2vec to emulate
an ontology learning system. Their approach, however, doesn’t recognize non-taxonomical
relations and only supports term/concept extraction and taxonomy generation. In the context
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of automatic concept and relation labeling, [44] proposed a method for non-taxonomical
relation extraction with the support of background knowledge and semantically tagged corpus.
In this study, the authors argued that extracting verbs from a part-of-speech tagging process
provides qualified information for relation labeling. Their technique has been implemented
as an extension to the aforementioned ontology learning tool called Text-to-Onto. On the
other hand, in [45], the author proposed a semi-automated technique for identifying concepts.
Once domain concepts are extracted, they have been labelled with the support of previously
provided set of seed terms. Another similar study has been conducted for generating domain
concepts and relations by employing statistical semantic parsing [46]. In this study, several
machine learning algorithms are applied for role extraction between the noun compounds
being generated from the input text. The authors also tackled the problem of attaching seman-
tic relations to the noun compounds. For this aim, primarily, multiple semantic relations are
identified for a collection of named compounds, then a classification algorithm is described
for automatic categorization of the relations. The proposed method, however is applied only
on small amounts of data in the domain of bioscience text. In [47], the authors proposed the
use of seed words as a guidance for ontology learning processes. One of the recent studies
in this domain is conducted in [48], where Fraga and Vegetti generated a text file with a set
of seed words to simplify the concept extraction process. Ontologies Translational Medicine
Ontology ([49]), is a good example of applications of ontology learning based on web data
in eHealth domain. [50], is another recent study in this domain where authors designed a
framework which enables concept formation and hypernym/hyponym extraction.

On the side of benefiting from Web data in the process of relation acquisition, [4] proposed a
method for the automatic acquisition of hyponyms and hypernyms for any term using search
engine and natural language processing techniques. Their approach follows 3 main steps: The
first step relates to the construction of a set of queries based on the patterns such as term1
is a term2 being generated from term pairs. In the second step, the corpus is constructed
based on the web-pages extracted by the search engine. Finally by employing sentence
parsing and syntactic structure analysis, their method achieved to extract taxonomic relation
between the terms. [51] also proposed a method for non-taxonomic relation extraction using
Web data. Based on their method, domain patterns can be learned through relevant verb
phrases being extracted from web-pages. The list of domain patterns is then used for labelling
non-taxonomic relations. In another study [52], the authors profited from the structured
Web data for constructing ontologies. Their proposed approach employs Wikipedia as a
background knowledge to generate relations between domain concepts. A similar method has
been proposed in [2] where Wikipedia plays a vital role in triplet extraction. Their technique,
which is called Catriple, automatically extracts category-property and category-value pair
type expressions (e.g. "Category:Books by writer” and "Category:William Shakespeare" where
"Books" is a property and "William Shakespeare” is a value). Similar to other approaches,
explicit and implicit properties are extracted through sentence parsing and syntactic rule
analysis. In [53], the authors proposed an ontology learning method called ISOLDE (stands for
Information System for Ontology Learning and Domain Exploration) which operates on sets of
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manually created text corpora, structured data from the Web (such as Wikipedia, Wiktionary
and a known German online dictionary called DWDS), and a named entity tagger.

1.4 Overview of the Thesis

The purpose of this thesis is to effectively decrease human involvement in the ontology
learning process to the greatest possible extent. We propose a pipeline which automate the
discovery of domain concepts, their corresponding individuals, as well as coarse-grained
relations (both taxonomic and non-taxonomic). Besides performing standard NLP techniques,
we applied an extremely powerful mathematical technique named Formal Concept Analysis
(FCA) for constructing the core components of the ontology. Moreover, the constructed
ontology is enhanced by means of an absolute knowledge base which has been proposed by
our domain experts. The effectiveness of our proposed method is assessed by its ability to
satisfy the following requirements:

1. Constructing a domain specific ontology with the minimum human effort.

2. Avoiding using any pre-built ontology and relying entirely on constructing an ontology
from scratch by benefiting from the strength of FCA generated structures.

3. The proposed mapping rules should have the potential for converting any FCA structure
into an ontological format.

In this thesis, we have addressed the following problems by taking advantage of FCA as the
core component of the ontology learning process as well as using a domain specific reliable
data source called OpenFDA:

1. Inefficiency of current NLP techniques for extracting domain specific named entities.

2. Difficulty in cleaning noisy text due to lack of integrated techniques and comprehensive
knowledge about domain of interest.

The ultimate goal of this thesis is to automate all phases of the ontology learning process by
means of linguistic (i.e. NLP) as well as statistical (FCA) techniques. The overall overview of
our proposed ontology learning process is shown in Figure 1.1 and a detailed explanation of
each phase is provided in each chapter of this thesis.

In chapter 2, we provide a comprehensive overview about applied NLP techniques and their
role in constructing coarse-grained ontological concepts, individuals as well as non-taxonomic
relations. Our ontology learning process initiates with analysing text corpora for the purpose
of extracting the most important contents by producing its abstraction view. It comprises four
main stages such as format conversion, text cleaning, text processing and generating abstraction
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Figure 1.1 - An overview of different phases in the proposed approach for ontology learning from
textual data and how the details of each phase are outlined in each chapter of this dissertation.

view in the form of XML document. The first box called "Natural Language Processing” is fed
by textual data along with set of seed terms being called controlled vocabularies, which led us
to extract the valuable content. As the output, it generates triplets of the form <subject, verb,
object> from those sentences containing at least one of the seed terms, which are then used
to assert non-taxonomic relations among ontological concepts. Furthermore, this chapter
also provides a complete explanation of the process of pulling out domain concepts as their
respective individuals. The corresponding box called "Clustering-Based Extraction of Domain
Concepts" performs combinations of standard data analysis and machine learning techniques
to generate the desired output. Correctness of the generated outputs is verified by the support
of domain experts.

Once high level ontology components are extracted, chapter 3 illustrates FCA’s vital role in
completing its missing pieces, such as taxonomic relations among sub-classes and asserting
their property axioms. A review of FCA's prominent techniques for fetching domain concepts
and relations is conducted. Despite the fact that utilizing other statistical techniques such as
co-occurrence analysis, latent semantic analysis, hierarchical clustering, association rule min-
ing, term subsumption, etc. is prominent for the sake of ontology learning from unstructured
data, there is a little work on employing FCA for ontology construction.

Lastly, chapter 4 presents our defined mapping rules for collecting pieces of ontologies which
were generated during the previous steps. A bottom-up approach was used for designing the
domain ontologies, therefore, the most specific concepts and their properties generated by
FCA’s special type lattice are firstly asserted into the ontology. To the best of our knowledge,
this is the first effort for clearly defining sets of mapping rules for converting FCA lattice into

9
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ontological components in the context of textual data. Ontology high level classes and their

corresponding individuals are then gathered based on the approach described in chapter 2
and non-taxonomic relationships among them are asserted by scanning the triplets of the
XML file being generated from NLP analysis.

After the core content, we also elaborate in chapter 4 on the implementation details of pro-

posed approach by a validation of the engineered ontology in a case study in the pharmaceuti-

cal domain by analysing a query-answering approach. Finally in chapter 5, we discuss our

conclusions and summarize the potential ideas for future work.

The bibliographical details of published papers of this dissertation is outlined below:
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¥4 Extracting Meaningful Statements
from Text

"You can dig out facts, but if you don’t go deep
enough, the facts won'’t tell you much."

- Jeff Catlin

2.1 Overview

As demonstrated in the ontology learning pipeline (in Fig. 1.1), the completeness and integrity
of an acquired ontology is highly dependent on the the quality of the output generated by
the text mining box. Therefore, applying significant linguistic techniques is a prerequisite
for generating ontological concepts and relationships. In this section we are going to discuss
about various natural language processing techniques which have been used in this research.

Figure 1.1 summarizes different steps required to produce an .xm! file containing the most
demanding and informative sentences from unstructured text documents. The unstructured
text is parsed into .zxt format using Apache Tika and the text cleaning process is done using
well known Python libraries for natural language processing. Then, sentence tokenization and
word tokenization are applied to all sentences as preliminary steps for part-of-speech tagging
in order to extract grammatical information from sentences. The information is then used for
chunking noun phrases (NP) and verb phrases (VP) in the form of NP-VP-NP. Finally, the set
of chunked phrases is converted into .xm! format to be imported into the ontology learning
box. In this chapter, we discuss about the main linguistic techniques which have been used in
our ontology learning process.

11
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2.2 Natural Language Processing (NLP)

2.2.1 NLP: Background and Context

Natural Language Processing (NLP) has originated approximately seven decades ago as a
branch of computer science and artificial intelligence that enables computers to process and
analyze large amounts of natural language data. Moreover, NLP techniques play a key role in
semantic knowledge extraction and reasoning from a domain of interest by deriving meaning
from human languages.

Nowadays, there is a rapid growth in demand for knowledge extraction from unstructured
data. Therefore, proper approaches and techniques are required to perform in-depth research
for extracting valuable information. Various methods are employed on different types of
documents in order to extract some knowledge from free texts. In [59], [60], [61] and [62], the
authors provide a complete overview of information retrieval tools and techniques being used
in the biomedical domain. Among all, famous biomedical IR/IE systems are listed as MEANS
[63],iHOP [64], EBIMed [65], GoPubMed [66], PubFinder [67] and Textpresso [68].

In the domain of information extraction from clinical documents, NLP techniques facilitate
automated terminology management, prediction analysis of the progress of various chronic
diseases and side effect analysis of disease treatment. For instance, in [69] the authors designed
an open-source NLP system called cTAKES (stands for "clinical Text Analysis and Knowledge
Extraction System") for IE from electronic medical records which is developed based on
existing information management architecture frameworks and the OpenNLP toolkit to create
linguistic and semantic annotations. Another study ([70]) has been conducted to develop an
information extraction system with the ability of identifying events (e.g. medical concepts),
temporal expressions (e.g. dates associated with events), and their corresponding temporal
relations in clinical text. The authors claimed that their proposed hybrid approach as a
combination of rule-based and machine learning techniques could achieve encouraging
results for information extraction from clinical texts. Moreover, other studies such as [71], [72],
[73], [71], [74] are among the recent attempts of benefiting from NLP in medical data analysis.

Information extraction from unstructured text by means of NLP techniques is not just applica-
ble to clinical and biomedical domains but is also intensively used for any online applications.
[75] covers a comprehensive study of information retrieval technologies, information extrac-
tion and text categorization and highlights both basic and mathematical background in NLP.
However, in online applications such as processing the content of web pages, standard NLP
techniques are not sufficient to generate accurate results. In [76], the authors proposed an
approach to transform text into a formal representation equivalent to relational database
entries. Their approach is based on a preprocessor called Webfoot and an existing NLP system
(CRYSTAL) to parse web-pages into logically coherent segments, and learn text extraction rules
from examples. Similar studies in this domain are [77] and [78].

As mentioned in [79] and [80], the common approach being used in any typical information
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extraction system based on NLP techniques consists of lower level and higher level analysis.
Lower level analysis consists of tokenization, part of speech tagging, chunking (shallow parser)
and named entity recognition. Higher level analysis such as morphological analysis, template
extraction, template combination etc. require careful modeling based on the application
domain.

The study of NLP began in 1950’s with machine translation systems where Donald Booth and
William Locke discussed around feasibility of translating the essential content of documents
in languages which are foreign to the reader using techniques developed in World War II to
break enemy codes [81]. In the 1950’s, NLP intensely evolved from an automatic to a statistical
machine translation system which is highly dependent on statistical models with parameters
being extracted from the analysis of bilingual text corpora [82], [83], [84], [83].

During the 1960’s, there was a huge interest in developing NLP systems such as SHRDLU,
with the capability of answering questions, executing commands and accepting information
with restricted vocabularies [85]. Another system, called ELIZA is developed as a computer
program for the study of natural language communication between man and machine by
means of pattern matching techniques [86]. Since then, there have been many studies in this
domain such as [87], [88], [89], [90] and [91].

NLP systems have been extensively used in filling the gap among real word unstructured
information and computer understandable data. Some notably successful progress occurred
in 1970’s in designing conceptual ontologies such as TaleSpin [92], QUALM [93], PAM [94]
and Plot Units [95]. At that time, many programming languages were also invented for NLP
applications. Prolog was one of those languages with rich set of syntaxes for writing grammars
and parsing input data in a top-down approach [96].

In 1980’s, new machine learning algorithms from the world of computer science brought a
revolution in natural language processing. During this decade, some basic machine learning
algorithms such as decision trees could replace complex sets of hand-written rules [85], [97] by
similar hard "if-then" rules. On the other hand, statistical models improved the performance
of existing NLP systems while dealing with unfamiliar and imprecise real world data. IBM
research widely contributed to developing complicated statistical models with the goal of
introducing more adaptable, robust and user friendly NLP systems. Later on, focus shifted
towards inventing new machine learning algorithms which support unsupervised or semi-
supervised learning approach and could handle non-annotated real word data such as content
of World Wide Web.

Nowadays, deep neural network based approaches [98] play a key role in many natural lan-
guage processing tasks such as language modelling [99] and parsing [100], [101]. Additionally,
neural network architectures simplify the process of extracting semantically similar words and
their roles in the sentence from the unstructured text corpora.

Currently NLP is heavily interconnected with information retrieval and there is has been a

13



Chapter 2. Extracting Meaningful Statements from Text

huge interest in this field from many researchers and developers from diverse domains during
last 50 years. "Ask Me Anything" is one of the recent studies being conducted in [102] in which
a type of neural network architecture, called dynamic memory network (DMN), is used to
process input sequences and questions, and produces relevant answers. Another relevant
study is [103], where the authors proposed a method for solving the problem of language
model smoothing in the context of information retrieval. Their proposed method primarily
estimates a language model for each document. Subsequently, document ranking is obtained
based on the likelihood of the query to the respective language model.

2.2.2 NLP: Tricks and Techniques

NLP techniques are applicable to almost all types of unstructured text documents. In this
section, we briefly introduce primary NLP techniques such as fokenization, noisy word removal,
parsing and part-of-speech tagging, lemmatization and chunking. It should be emphasized
that a tailored pipeline of NLP techniques could be applied depending on the application
domain. For instance, in keyword-based document classification, the text cleaning process
(such as stop words and punctuation removal) might be essential to achieve a more accurate
result. Conversely, retaining punctuation marks such as :) is required for the purpose of
sentiment analysis as they carry valuable emotional information.

¢ Tokenization: this is the process of breaking a text into sentences, words, punctuation
marks and other meaningful elements, which is prerequisite for the next processing
steps.

Although, it seems an easy task to split the text using white spaces, tabs, newlines or
any similar characters, it is of great importance to consider that the syntax is not strictly
defined in natural languages and the same character might be used for various purposes.
This gets more challenging when we are analyzing biomedical text in which specific
expressions and drug names contain hyphens, forward slashes and any other type of
token boundaries (i.e. "15 mg/day", "HER2./neu"). In this situations, the tokenization
process becomes a challenging task and using any type of end line symbols, like full
stops, does not provide highly accurate results.

In [104], the authors discriminated among tokenization approaches for space-delimited
languages and unsegmented languages. Based on their study, in space-delimited lan-
guages, such as most European languages, words boundaries are mainly indicated by
white-spaces. Hence, any word being followed by space, could be considered as an
individual token. This approach successfully splits words constructed as sequences of
alphabetic characters. However, for unsegmented languages, since words boundaries
are not space-delimited, approaches other than simple lexical analysis are required.
Therefore, word tokenization requires more lexical and morphological information. To
the best of our knowledge, no general solution has been developed with high accu-
rate precision. However, some algorithms have been developed to obtain an overall
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approximation for different languages.

The following box, demonstrates an example of a sentence and its corresponding tok-
enized form:

Trastuzumab; is treatment for all <HER?Z positive+ > & breast cancer.
DisplayName is: Herceptine
https:/len.wikipedia.org/wiki/Trastuzumab —

[’Trastuzumab’, ’;’, ’is’, ’treatment’, ’for’, ’all’, ’<’, ’HER2’,

’positive+’, ’>’, ’&’, ’breast’, ’cancer’, ’.’, ’DisplayName’, ’is’,

>:?, ’Herceptine’, ’https://en.wikipedia.org/wiki/Trastuzumab’]

* Text Cleaning and Text Simplification: The quality of the input textual data might
be extremely poor, therefore several preprocessing steps may be required to prepare
more appropriate text corpora. In the following, we briefly introduce some of potential
techniques being used for treating noisy sentences while keeping their core concepts
and meanings:

1. Stopwords removal: Stopwords are words that are frequently used in any text docu-

ron "nom
’

ment. Some examples of stopwords are "of", "are”, "the", "it", "is", etc. Depending
on the application domain, more words can be added to or removed from the
list of stopwords. For instance, document classification or document indexing is
highly dependent on extracting keywords from the provided documents. Hence,
removing common stopwords, modal verbs such as "would", "could", "should",
and human expressions such as "lo/, "wow" has a huge effect on document sim-
plification for the successive NLP steps. On the other hand, in sentiment analysis,
which has application in many domains such as marketing or customer relation-
ship management, NLP techniques must be applied on comments of reviewers
or surveys of responses with the objective of extracting their expressed opinion
in a domain of interest. Hence, some human expressions such as "hahaha", "lol",
"brb", etc. are informative and should not be removed from the original text.

There are two common approaches for stopwords removal from text corpora. The
first approach is relaying on the frequency of a word within a document. Hence,
all words occurrences must be counted in the given corpus. Words appearing
in excess of a given threshold are then removed. The other approach is to use
a predefined list of stopwords defined in language specific libraries. Stopwords
Corpusis available in the Natural Language Toolkit (NLTK) [105] which contains
2400 stopwords for 11 languages. Figure 2.1 demonstrates list of NLTK’s stopwords
for English:

Removing stopwords from the previous sentence results in:
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['i*y 'me’, 'my', 'myself’', 'we', 'our', 'ours', 'ourselves', 'you', 'your', 'yours’,
'yourself', 'yourselves', 'he', 'him', 'his', 'himself', 'she', 'her', 'hers',
'herself', 'it', 'its', 'itself', 'they', 'them', 'their', 'theirs', 'themselves’,
'what', 'which', 'who', 'whom', 'this', 'that', 'these', "those', 'am', 'is', 'are’,
'was', 'were', 'be', 'been', 'being', 'have', 'has', 'had', 'having', 'do', 'does’,
'‘did', 'deing', 'a', 'an', 'the', 'and', 'but', 'if', 'or', 'because', 'as', 'until’,
'while', 'of', 'at', 'by', 'for', 'with', 'about', 'against', 'between', 'inteo',
'through', 'during', 'before', 'after', 'above', 'below', 'to', 'from', 'up', 'down',
'‘in', 'out', 'on', 'off', 'over', 'under', "again', 'further', 'then', 'once', 'here’,
'there', 'when', 'where', 'why', "how', 'all', 'any', 'both', 'each', 'few', 'more',
'most', 'other', 'some', 'such', 'ne', 'nor", 'not', 'only', 'own', 'same', 'seo',
‘than', 'too', 'very', 's', 't', 'ecan', 'will', 'just', 'den', 'should', 'now']

Figure 2.1 — English stopwords in NLTK.

[’Trastuzumab’, ’;’, ’treatment’, ’<’, ’HER2’, ’positive+’, ’>’,
’&?, ’breast’, ’cancer’, ’.’, ’DisplayName’, ’:’, ’Herceptine’,
’https://en.wikipedia.org/wiki/Trastuzumab’]

2. Punctuation removal: In linguistics, punctuation marks are a set of marks such as
comma, full stop sign, question mark, apostrophes, brackets and any other type of
non-lexical orthography that are used in writing to clarify the meaning. In general,
as discussed in [106], there are three types of punctuation marks: delimiting
(comma, dash, parenthesis), separating and disambiguating. Some punctuations
such as comma, could fall into multiple categories based on their role in the
sentence.

How to deal with punctuation marks depends on the application domain. As
discussed in [107], punctuation marks play a crucial role in syntactic processing
and not all of them must be removed from the input text. For instance, consider
the application of sentiment analysis to marketing based on the classification of
customers reviews about a specific product. To do so, considering both human
generated text as well as emotion icons such as :D, :), :(is crucial to correctly differ-
entiate between very happy, happy and sad. Therefore, removing such punctuation
marks would heavily impact the accuracy of sentiment analysis. On the other hand,
in text summarization, where the ultimate goal is to retain the core content and
to create a coherent summary of the main points, removing the aforementioned
punctuation marks is crucial.

Most of natural language processing packages (like NLTK), are trained to distin-
guish among different roles of a punctuation mark within a sentence. Example of
that is the dot sign that might have different roles; the first role is indicating the
end of a sentence and the second role is to mark an abbreviation, such as "E.g."
and the main challenge is to recognize that the dot sign in "E.g." is not a sentence
separation mark ("E." and "g") but it indicates an abbreviation. Punkt tokenizer is
a useful NLTK tokenizer which has been trained to identify abbreviations [108]. In
the following box, punctuation marks such as <, +, &, *, ; are removed:
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[’Trastuzumab’, ’treatment’, ’HER2’, ’positive+’,
’breast’, ’cancer’, ’DisplayName’, ’Herceptine’,

*https://en.wikipedia.org/wiki/Trastuzumab’]

3. Removal of URLs and email addresses: Many URLs, hyperlinks and email addresses
exists in text documents extracted from World Wide Web. Depending on the re-
quired criteria for the type of information to be extracted in a specific domain,
one might require to remove urls and hyperlinks. In the following, this process is
applied by means of a Python’s regular expression pattern defined as:

"r = re.compile(r" (https?: (7: [-\ w.]1[(?:%[\ da-fA-F]2))+)")".

[’Trastuzumab’,’treatment’, ’HER2’, ’positive+’, ’breast’,

>cancer’, ’DisplayName’, ’Herceptine’]

4. Other data cleaning processes: There exist many other types of data cleaning steps
such as "splitting attached words" , "slang words removal”, "words standardiza-
tion", etc. which might be required depending on how noisy the input data is.
For instance, in the application of social media analysis, natural language pro-
cessing must deal with completely informal text data being generated by humans
in social forums such as Twitter. In social media like Twitter, attaching a hash
tag to any word, is a common expression that people use to categorize some
Tweets. Words such as "#HappyLife" and "#RainyDay" can be splitted into their
normal forms using simple rules and regular expressions. In Python, a short
line of code" ".join(re.findall(’ [A-Z]["A-Z]*’, text)) could extract all
attached words in "fext" and join them by a space sign.

Additionally, preprocessing is also needed to normalize words and convert them
into their proper form. Words for expressing human feelings mainly contain longer
characters such as "Sooooooo Saaaaad" and defining regular expressions in the
formof’’. join(’’. join(s) [:1] for _, s in itertools.groupby(text)) con-
verts it to its normal form "So Sad".

Moreover, depending on the application domain, formatting characters must also
be treated differently. Typically, retaining formatting characters such as HTML tags
(e.g. "&lt, &gt, &amp") does not provide valuable information for understanding
and analyzing the text. Therefore, removing these components could noticeably
simplify the sentences and increase the quality of input text.

» Parsing and Part-of-Speech tagging: Text parsing enables syntactic analysis that ex-
plores various dependencies among words in a sentence and represents them in the
form of a data structure called parsing tree. The most famous tools for parsing sentences
are Natural Language Toolkit (NLTK), Stanford Parser [109], General Architecture for
Text Engineering (GATE) [110], Principar [111]), Minipar [112] and Link Grammar Parser
[113].

Part-of-speech (POS) tagging on the other hand, is the process of labeling words with
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their corresponding part of speech which indicates their syntactic role, for example,
noun, verb, adverb, etc. Many studies have been conducted to increase the accuracy
of POS-tagging process using both rule-based and statistical-based approach. In [114]
authors applied inductive learning of statistical decision trees to part-of-speech tagging
in natural language processing. They claimed that their system outperforms the previous
models, especially when dealing with unknown data. In [115], a statistically based
approach is introduced for designing a new tagger, called Trigrams’n’lags (TnT), based
on Markov models. [116] also proposed a statistical model (based on Maximum Entropy)
which simultaneously uses many contextual features to predict the POS-tag of words.
Conversely, the authors of [117] applied a rule-based approach which automatically
acquires the rules and tags the words with comparable accuracy to stochastic taggers.
Brill Tagger [117] and TreeTagger [114] are also among famous part of speech taggers
which have been used in various domains.

Machine learning algorithms have been immensely used in old and still state of the
art POS tagging process. In [118], the authors applied a specific type of recurrent
neural network called bi-directional LSTM (Long Short-Term Memory) ([119]) for POS
tagging. Their proposed method is evaluated across 22 languages and its performance
is measured at different levels of granularity. Compared to its counterparts such as
CRF and HMM taggers [120], their model is less robust to label noise. Another study is
conducted in [121] where the authors applied weightless artificial neural networks ([122])
for accelerating the POS tagging. Despite the accuracy of their proposed approach,
which matches or outperforms the-state-of the art methods, it doesn’t successfully tag
the languages such as Arabic, Hebrew and Syriac. Besides aforementioned techniques,
rule-based POS tagging is used in [123], where the focus is to apply a set of predefined
rules for tagging the words.

For instance, the following output is generated by importing the sentence "Trastuzumab
is treatment for HER2 positive breast cancer.” and running the NLTK’s parts-of-speech tag-
ging module. Please note that it is not necessarily a subsequent step after text cleaning
and, depending on the use case, one may need to design a sequence of appropriate text
mining operators to extract required information. Part of speech tagging tremendously
helps to identify the role of each word (i.e., whether it is a name or verb) in a given
sentence.

[(°Trastuzumab’, °’NNP’), (’is’, ’VBZ’), (’treatment’, ’NN’), (’for’,
>IN’) , (’HER2’, ’NNP’), (’positive’, >JJ’), (Pbreast’, ’NN’),
(’cancer’, ’NN’), (.7, ?.%)]

As shown above, the tag-set of the input sentence mostly contains nouns indicated by
NN and NNP. Let’s use another example with more diverse types of part of speech tags
as well as some homonyms:
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Word POS-Tag | Stands for...

After IN preposition/subordinating conjunction
the DT determiner

heart NN noun, singular

attack NN noun, singular

he PRP personal pronoun (I, he, she)

decided VBD verb, past tense

to TO to

attack VB verb, base form

his PRP$ possessive pronoun (my, his, hers)
cancer NN noun, singular

with IN preposition/subordinating conjunction
medication | NN noun, singular

Table 2.1 — Words and their corresponding pos-tag.

After the heart attack, he decided to attack his cancer with medication

[(’After’, ’IN’), (°the’, ’DT’), (’heart’, ’NN’), (’attack’,

’NN’), (C,?, ?,?), (he’, ’PRP’), (’decided’, ’VBD’), (’to’, ’T0’),
(’attack’, ’VB’), (’his’, ’PRP$’), (’cancer’, ’NN’), (’with’, ’IN’),
(’medication’, ’NN’)]

Parts of speech tagging can be important for syntactic and semantic analysis. Therefore,
for something like the sentence above, the word attack has different roles and meanings.
The first attack in the above sentence represents a disease symptom (in the context
of heart attack), while the second attack indicates the verb meaning resisting against
cancer. In other words, the same word appears in two different roles, i.e., noun and verb.
There are plenty of words being used under different meanings and different roles in a
sentence that need to be distinguished during POS tagging. Handling such homonyms
while pre-processing a text is crucial for the subsequent text analysis steps.

Table 2.1 summarizes the list of words and their corresponding part of speech tags in
the above example. The following command lines provide a long list of available tag sets
in NLTK:

>>> nltk.download(’tagsets’)
>>> nltk.help.upenn_tagset ()

Lemmatization and Stemming: In natural language processing, converting the tokens
into their root forms (i.e., stems) reduces the complexity of text by handling various
morphological variants of one term. Even though the basic functionality of lemma-
tization and stemming methods, which do such conversion, is the same, they have
slightly different approaches to do so. In the stemming process, the stem form of the
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word is mostly acquired without having any knowledge about the context of the word
occurrence, such as it’s part of speech tag. To do so, some rules are defined to strip off
anything that looks like a suffix from the end of the word. The Table 2.2 demonstrates
some rules and examples from this approach.

Rules Examples

SSES —>SS | Caresses —>Caress

IES —>1 Ponies —>Poni

SS —>SS Caress —>Caress

S—> Cats —>Cat

EED —>EE | Agreed —>Agree

ED —> Plastered —>Plaster
ING — Monitoring —>Monitor
Y—>I Happy —>Happi

Table 2.2 - A few stemming rules and examples for conversion of words into their stems.

Contrary to stemming, lemmatization gets the root form of the word considering it’s
part of speech tag within a sentence. For instance, the lemma of the word "talking"
is "talk" which is matched in both stemming and lemmatization. However, the word
"meeting" can be either the base form of a noun or a verb ("fo meet"); unlike stemming,
lemmatization will correctly select the appropriate lemma depending the word’s part of
speech tag in the sentence:

"in our last meeting": meeting — meeting
"We are meeting again tomorrow": meeting — meet

Like other natural language processing techniques, lemmatization and stemming are
application dependent processes. In applications such as search engines and document
clustering, which highly rely on terms and keywords, we should apply lemmatization
or stemming. However, in other type of applications, where acquiring semantic infor-
mation is also valuable, these steps must be dropped. As an example, the attached affix
"er"and "est" to the adjectives makes them have different semantic meanings (i.e. "slow
, Slower, slowest" have semantically different meaning). Considering the fact that the
stemmed form of a verb might not be an actual word, in this study we considered the
lemmatized form of the verb for the task of non-taxonomical relation acquisition in
ontology learning process.

To better understand the differences between a stemmer and a lemmatizer, the outcome
of stemming and lemmatizing for the following text is provided using the WordNet
lemmatizer in Python’s NLTK library. The WordNet lemmatizer provides a list of valid
lemmas for all words within a text.
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"Roche is a Swiss multinational healthcare company that operates worldwide
under two divisions: Pharmaceuticals and Diagnostics. It controls the American
biotechnology company Genentech, which is a wholly owned affiliate."

Lemmatized form:

[’Roche’, ’is’, ’a’, ’Swiss’, ’multinational’, ’healthcare’,
’company’, ’that’, ’operates’, ’worldwide’, ’under’, ’two’,
’division’, ’:’, ’Pharmaceuticals’, ’and’, ’Diagnostics’, 7.7,
’>It’, ’control’, ’the’, ’American’, ’biotechnology’, ’company’,
’Genentech’, ’,’, ’which’, ’is’, ’a’, ’wholly’, ’owned’,
‘affiliate’, 2.°]

Stemmed form:

[’roch’, ’is’, ’a’, ’swiss’, ’multin’, ’healthcar’, ’compani’,
’that’, ’oper’, ’worldwid’, ’under’, ’two’, ’divis’, ’:’,
’pharmaceut’, ’and’, ’diagnost’, ’.’, ’It’, ’control’, ’the’,
’american’, ’biotechnolog’, ’compani’, ’genentech’, ’,’, ’which’,
’is’, ’a’, ’wholli’, ’own’, ’affili’, ’.°]

* Chunking: Another step in natural language processing is called chunking (or shallow
parsing), which is the process of splitting a sentence into syntactically correlated seg-
ments called chunks, or base phrases. Chunking uses a sentence with its part of speech
tags as input and provides an output in the form of chunks. Each chunk consists of a
few tokens in a row that constructs a meaningful phrase. Like part of speech tagging
rules, there is a standard set of chunk tags such as Noun Phrase (NP), Verb Phrase (VP),

As illustrated in Figure 2.2, chunking divides a sentence into segments, where each
segment consists of a series of tokens and their corresponding POS tags. The segments
being tagged as NP, contain a few tokens in a row and are called Noun Phrase Chunk
(NP). They have been extracted based on a defined rule. The other segments, containing
a single token, are tagged with their part of speech only, and do not belong to any chunk
box.

Figure 2.2 — Noun Phrase (NP) chunking with NLTK

NP-chunking deals with extracting chunks corresponding to a single noun phrase. To
create an NP-chunker over one or multiple sentences, a grammar must be defined as
shown in the following box:
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grammar = "NP: {<DT>?7<JJ><NN><JJ><NN>}"

For the sentence provided in Fig. 2.2, a chunking grammar is defined using a simple
regular expression. The rule describes the NP chunk to be formed whenever the chunker
finds an optional determiner (DT) followed by any number of adjectives (JJ), any number
of nouns (NN), any number of adjectives (JJ) and then any number of nouns again (NN).
Once a chunk parser is created with a given grammar on the sentence, the result which
is in a tree form can be graphically displayed just like Fig. 2.3.

S

Trastuzumab NNP has VBZ NP in IN treating VBG NP

major JJ impact NN the DT high JJ stage NN metastatic JJ breast NN cancer NN

Figure 2.3 — Noun Phrase (NP) chunking tree.

It is also possible to define multiple chunking rules (also called "tag patterns") within
a single regular expression. The following tag pattern (in the box below) consists of
four rules. The first rule is defined for extracting a noun phrase NP. The second chunk
contains prepositions followed by NP. The third rule is slightly different in that it contains
arecursive rule based on other tag patterns which creates an in depth structure for the
chunking tree. Finally, the last rule is the combination of predefined chunks to extract
the part of the text being tagged as NP and continued as a VP. The tree in Fig. 2.4 shows
the chunked form of the sentence "Herceptin reduces platelet counts and causes liver
problems" based on the defined grammar.

grammar = r"""

NP: <DT|JJINN.x*>+

PP: <IN><NP>

VP: <VB.*><NP|PP|CLAUSE>.*
CLAUSE: <NP><VP>

CLAUSE and CC VP
NP VP causes VBZ NP
Herceptine NNP reduces VBZ NP liver NN problems NNS
3
platet NN counts NNS

Figure 2.4 — Recursive chunking tree.

¢ Named Entity Recognition NER: This is a process with the task of identifying the main

categories and atomic elements of a sentence. These categories refer to specific types of
entities such as persons, dates, locations, diseases, medications. NERs provide critical
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Named Entity | Examples

Date July, 1998-07-26
Facility Brunswick

GPE Asia, South East
Location Rhine river
Oraganization | Roche

Money 500 million francs
Percent Seventy pct, 67.45%
Person President Obama
Time 15:30 p.m. , Midnight

Table 2.3 - Commonly used named entity types.

information for various NLP applications. For instance, assume that a text corpus has
been provided as input for a Question Answering (QA) system, containing information
regarding different treatments for breast cancer being launched by various companies.
Now the question is "Which company launched Herceptin first?" and one of the docu-
ments in the corpus contain the right answer in the following sentence:

Herceptin side effects are reported as fever, infection, cough,
headache and trouble sleeping. These side effects are reported
based on clinical trials being done in Roche that launched the

product in June 2011.

The answer for this question has the form of "Company X launched Herceptin" where
X is a noun phrase which refers to a named entity of type Company. Knowing this fact
extremely improves the precision of information retrieval system by narrowing down the
search space to only those sentences with correct type of named entity, i.e., Company.
This allows the system to ignore the first sentence in the retrieved document, since it
only contains one named entity Herceptin with the type Drug.

Table 2.3 shows commonly used named entity types and examples. It is however possible
to create human-made artifacts based on the application domain such as GPE: geo-
political entities such as city, state/province, or country based on some geographical
dictionary like "gazetteer” [124].

The main challenge in NER is that many terms are either ambiguous or not known in
available dictionaries. For instance, the name May is likely to be part of a named entity
of type Date, but could also belong to type Person. The word Alexion, on the other hand,
is more likely to be of type Person, but needs to be marked as the type Company in
Alexion Pharmaceuticals phrase.

Various powerful and rich NER libraries have been developed, among which the spacy
NER Model is a Python library which provides an exceptionally efficient system for
identifying pre-defined names entities such as Company-name, Location, Organization,
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Product-name and the possibility of adding arbitrary artifacts to the entity recognition
model. Likewise, the Stanford Named Entity Recognizer is a Java library which is effec-
tively trained to distinguish different names entity types such as Organization, Person
and Location in different languages.

As an example, the following text is imported into the spacy NER library. As illustrated in
Figure 2.5, 6 types of names entity types are recognized by NER system and 10 words are
tagged with their corresponding category. For instance "Roche”, "Genentech", "SIX Swiss
Exchange" are correctly tagged as "Organization (ORG)". On the other, trained system
could properly attach "Person” as names entity of "Fritz Hoffmann La Roche".

Roche AG is a Swiss multinational healthcare company that operates
worldwide under two divisions: Pharmaceuticals and Diagnostics.
Its holding company, Roche Holding AG, has bearer shares listed on
the SIX Swiss Exchange. The company headquarters are located in
Basel. Roche was founded in 1896 by Fritz Hoffmann La Roche and

controls the American biotechnology company Genentech.[125]

Roche AG ORG

Swiss NORP

two CARDINAL

Roche Holding AG ORG

the 5IX Swiss Exchange ORG

Basel GPE

1896 DATE

Fritz Hoffmann La Roche PERSON
American NORP

Genentech ORG

Figure 2.5 — Extracted names entities using spacy.

Training NER systems requires appropriate data in order to reach extremely high ac-
curate results. Therefore, the crucial step is training the NER engine with appropriate
data sources containing well defined named entity annotations. In [126], the authors
summarized named entity recognition and classification algorithms ranging from rule-
based systems, to statistical models and applied machine learning techniques such as
Neural Nets. A comparison of NER tools is also studied in [127] in which the authors
compared the existing NER tools in order to identify those suitable for the biographical
texts processing domain.

As explained earlier, a pipeline of NLP techniques must be tailored and customized
based on domain requirements. In our proposed method, textual documents play a sig-
nificant role in the process of ontology learning, therefore choosing a proper set of NLP
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techniques is of great importance. Considering that the output from the text processing
step must be in the form of subject, verb, object triplets in order to be integrated into an
ontology learning pipeline, the following combination of NLP techniques is employed.
Firstly, we performed format conversion and text normalization with the purpose of
eliminating noisy components from MCI documents retrieved from online resources.
Moreover, in order to extract relevant triplets, we implemented POS tagging to capture
syntactic relations among words. Subsequently, a specific chunking grammar of the
form NB VB NP is applied on POS-tagged sentences. Lastly, further filtering is applied
on the extracted triplets by considering only those triplets where either their subject or
object was included in provided controlled vocabularies. It must be emphasized that all
VPs are converted into their lemmatized form in order to be used as non-taxonomical
relationship between generated subjects and their corresponding objects.

2.3 Application of NLP for Ontology Engineering

In this section we guide you, step by step, through the applied text processing pipeline which
helps us giving some structure to unstructured data embedded in text documents. The output
of text the processing step is stored in the form of triplets to enable further processing by other
techniques discussed in the next chapters. The proposed approach for ontology engineering
from textual data requires some preprocessing steps as discussed below:

2.3.1 Plain Text Extraction

Extracting plain text from input documents is prerequisite for further text analysis steps. For
the purpose of corpus construction and prior to any text processing task, plain text extraction
is first conducted to exploit relevant meta data by removing any image and extract pure
domain text from the input documents ([128]). For doing so, a parser is required to analyze
the document contents and convert all .pdf files to .txt format. Apache Tika ' [129] which is a
content analysis toolkit, perfectly fits this purpose by detecting and extracting meta data and
text from different file types (such as .ppt,.xls and .pdf). ApacheTika has been also widely used
in many other applications such as search engine indexing and translation.

For the sake of implementation, "fika-python" has been used as the port of ApacheTika in the
Python environment. The provided example in Figure 2.6 demonstrates an example of the
original .pdf file (Figure 2.6a) and its corresponding plain text (Figure 2.6b) as analyzed by
tika-python library.

Ihttps:// tika.apache.org/
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(b)

Figure 2.6 — Plain text extraction using content analysis Toolkit, (a) Original PDF file , (b)
Extracted plain text using ApacheTika.
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2.3.2 Text Cleaning

Considering that the original pdf files are extracted from online sources such as news, blogs
and published reports of companies, the quality of the generated plain text by Tika is somewhat
noisy when the content contains external elements (captions, footnotes, etc.). Therefore, text
cleaning is an essential prerequisite for constructing a high quality ontology.

Text cleaning is the term we used to describe the overall process of cleaning all irrelevant pieces
of data which are captured in the corpus such as web links, email addresses, non-English
sentences, etc. We have divided our text cleaning process into two major steps which are
mainly accomplished with low level rule-based scripts:

1. Language detection: Language identification has been done in order to extract English
text only. Text language detection is a key task in our pre-processing pipeline because
its failing will nullify subsequent processes.

Likewise any other NLP technique, in the context of language detection, certain soft-
wares and libraries are well suited to certain languages. For instance, NLTK package has
been strongly trained for English texts and FreeLing ([130]) is well trained for Spanish
documents. "langdetect” ([131]) is a Python library which supports language detection
using defined "detect () " function and supports 55 languages out of the box. Another
Python package is called "spaCy-CLD" ([132]) which adds language detection to spaCy’s
text processing pipeline using defined function LanguageDetector ().

For the purpose of detecting and considering all English documents, we have used
a hybrid method by defining a customized function (called 1ang_detector()) and
"langdetect"” package. This method uses the powerful strength of both langdetect and
NLTK stop words packages and accurately distinguish English texts by comparing the
result of our customized, NLTK based function with output of langdetect and considers
only those documents being detected as English by both methods.

Figure 2.7 visualizes the main steps of stopwords based language detection approach.
Once the the text is imported for language identification, its content gets tokenized
by NLTK tokenizer. In the next step, the intersection of tokenized text with stopwords
of 21 languages being defined in NLTK is calculated and the language with highest
common words with input text is selected as the output. Additionally, an in-parallel
language investigation process is also done using langdetect on the same input data in
order to increase the accuracy of identified language for text. Finally the target language
is selected based on a simple comparison of generated output from both language
detection streams.

2. Tokenization: Tokenization, as a prerequisite step for any NLP process, is the task of
splitting any document into sentences and then into words. From the view point of im-
plementation, tokenization has robust capabilities compared to native Python splitting
function (" .split () ") such that it tokenizes a sentence into words and punctuations.
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Figure 2.7 — Customized method for text language detection.

For instance, consider the following original sentence: "Abbott Laboratories is an Amer-
ican health care company. Abbot’s reported revenues in 2017 was 27.39$ billion". The
following box demonstrates tokenized and splitted version of sentence above. As shown,
tokenizer treats ,s, $, and - as separate tokens which is extremely crucial because coun-
teractives have their own semantic meaning and parts of speech tags.

>> input_string = "Abbott Laboratories is an American health care
company .Abbott’s reported revenues in 2017 was 27.39$% billion"

>>nltk_word_tokenize(input_string)

[>’Abbott’,’Laboratories’, ’is’, ’an’, ’American’, ’health’,
’care’, ’company, ’.’, ’Abbott’, ’’s’, ’reported’, ’revenues’,
’in’, ’2017°, ’was’, ’27.39°, ’$’, ’billion’]

>>input_string.split()

[’Abbott’,’Laboratories’, ’is’, ’an’, ’American’, ’health’,
’care’, ’company, ’.’, ’Abbott’s’, ’reported’, ’revenues’, ’in’,
’2017°, ’was’, ’27.39%’, ’billion’]

Tokenization, as a fundamental step for syntactic analysis of a corpus, is isolated into
sentence tokenization and word tokenization. Sentence tokenization is the process of
splitting the text into separate sentences based on punctuations and characters. Many
applications and natural language processing tools require their input to be divided into
sentences for many reasons such as counting average number of words per sentence
or part of speech tagging. Considering the fact that parts of speech tagging is in the
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NLTK Tokenizer Name Python syntax Output

TreeankWordTokenizer | >>>tokenizer = TreeankWordTokenizer ['The’, 'patient’, "could’, "n't", 'sleep’, 'after’, 'his’, "first, "chemotherapy’, session’]

>>>from nltk.tokenize import TreebankWordTokenizer

>>>tokenizer.tokenize ("The patient couldn't sleep after his first chemotherapy session")

PunktWordTokenizer >>>tokenizer = PunktWordTokenizer() ['The’, "patient’,’ couldn’’, " 't’, ’sleep)’, "after’, 'his, "first, ‘chemotherapy’, 'session’]

>>>from nltk.tokenize import PunktWordTokenizer

>>>tokenizer.tokenize ("The patient couldn't sleep after his first chemotherapy session")

‘WordPunctTokenizer >>>tokenizer = WordPunctTokenizer () ['The’, "patient’, "couldn’, ", 't ’sleep), "after’, 'his’, 'first, 'chemotherapy’, 'session’]

>>>from nltk.tokenize import WordPunctTokenizer

>>>tokenizer.tokenize ("The patient couldn't sleep after his first chemotherapy session")

Table 2.4 — Syntax and output of Python NLTK Tokenizers on the same text.

core of NLP processes for our proposed method, Python NLTK’s sentence tokenizer
("sent_tokenize()") is firstly applied on input text. This tokenizer is robustly trained to
decide where to cut a sentence based on defined punctuations and characters.

Once the input text is tokenized in the level of sentences, word tokenization is required
to break each sentence into words. Python NLTK provides multiple word tokenizers as
shown in the inheritance tree in Figure 2.8 ([133]). As the name declares, WhitespaceTo-
kenizer divides text at whitespaces. TreeankWordTokenizer, however, uses conventions
being defined in Penn Treebank corpus [134] and it works by separating contractions. On
the other hand, PunctWordTokenizer splits the text based on punctuation while keeping
it with the word instead of separate tokens. Lastly, WordPunctTokenizer is slightly differ-
ent such that it splits all punctuations into separate tokens. Table 2.4 clearly presents
the difference among outputs of aforementioned tokenizers on the same input string.

~

Python NLTK Tokenizers

WordPunciTokenizer

L WhitespaceTokenizer

o J ~

Figure 2.8 — Python NLTK Tokenizers.

PunktWordTokenizer is no longer exposed in newest versions of Python. TreeankWord-
Tokenizer is selected to be applied on converted version of documents into plain text.
It is shown in our exploratory analysis that TreeankWordTokenizer was more accurate
compare to its counterparts for treating punctuation marks, periods and standard con-
tractions as separate tokens. An example of tokenized plain text is provided in Figure

2.9. As shown in the result "(", ":"), commas and single/double quotes being followed by
white spaces are splitted accurately.

. Punctuation removal and Stop words elimination: One of the major steps in text
cleaning is to eliminate non-informative words and characters. Punctuations such as
commas, apostrophes, quotes, question marks, and stop words like "the”, "to", "as",
"in" don’t have much contribution in overall meaning of a sentence. Hence, excluding

these words could remarkably reduce the search space and considerably influence
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Bio Rad Announces Acquisition of Quantase Ltd.

Leading Provider of Specialty Diagnostics

Acquiring Additional Newborn Screening Tests

Strengthening Its Broad Portfolio of Genetic

Disorders Testing Products and Services

HERCULES, CA, April 10, 2002 Bio Rad Laboratories, Inc. (AMEX BIO and BIO.B)
announced today the acquisition of Quantase Ltd. of Perth, Scotland, a company
specializing in newbom screening diagnostic products. Terms of the acquisition were not
disclosed. This acquisition strengthens Bio Rad as a market leader in newborn screening tests for
Phenylketonuria, Galactesemia, Glucose 6 Phosphate Dehydrogenase (G 6 PD)
Deficiency. It also enhances the company@s leading position in genetic disorders testing
by adding to its portfolio of DNA, immunoassay and HPLC based tests for sickle cell
anemia, metabolic disorders, and thalassemia

9 This acquisition strengthens our position in serving the genetic screening market and
provides a foundation for us to further our innovation in genetic screening products and
services, @ said David Schwartz, President of Bio Rad Laboratories. @Quantase has an
excellent reputation for quality products and broad customer acceptance throughout the
world.¢ The current market for newborn screening tests is estimated to be more than $100
million worldwide and is growing at a rate of approximately 10 percent per year.
Newborn genetic screening is compulsory in the United States and in most developed
nations around the world.

Bio Rad Laboratories, Inc. ( is a multinational manufacturer and

distributor of life science research products and clinical diagnostics. It is based in
Hercules, California, and serves more than 70,000 research and industry customers
worldwide through a network of more than 30 wholly owned subsidiary offices.

Various statements made within this press release may constitute "forward looking
statements" for purposes of the Securities and Exchange Commission’s "safe harbor"
provisions under the Private Securities Litigation Reform Act of 1995 and Rule 3b 6
under the Securities Exchange Act of 1934. The forward looking statements contained
herein involve risks and uncertainties that could cause results to differ materially from
the Company's expectations

Ron Hutton, Treasurer

Bio Rad Laboratories, Inc.

Phone: 510 724 7000

E mail: investor_relations@bio rad.com

Trademarks « Site Terms + EU Recycle Program -« Privacy + Feedback
Copyright © 2011 Bio Rad Laboratories, Inc. All rights reserved

Page 1 of 1Bio Rad Laboratories

1403 2012

(a)

[[*'search', ‘Whole', 'Site’, 'Log", 'In/Shop', 'Register', ‘'announcements’, 'Corporate', 'Life’, 'Science', 'Research’, 'Clinical’, 'Diagnostics’,

‘Informatics®, ‘Sadtler’, ‘Process’, ‘Separations’', ‘Life’, "Science’, ‘Education’, ‘'Food’, ‘Animal’, ‘Environment’, ‘Testing®, ‘corporate’, ‘news’,
‘archives', '2012°, ‘2011", '2018', '2089°, '2008', '2007', '2006', '2005°, '2004', '2003, '2002°, '2001', '2000', '©4/10/2002', 'Bio’, 'Rad’, 'Announces’,
‘Acquisition®, ‘of", 'Quantase’, ‘Ltd", ".'],

['Leading', 'Provider', ‘of', "Specialty', 'Diagnostics’, 'Acquiring’, °Additional’, ‘Newborn', ‘Screening', ‘Tests', ',", 'Strengthening®, 'Its', 'Broad’,
'Portfolio’, 'of', 'Genetic', 'Disorders', 'Testing', 'Products', 'and', 'Services', 'HERCULES', *,*, 'CA', ',', 'April', 'l1@', *,", '2002', 'Bio", 'Rad’,
‘Laboratories®, *,", 'Inc.”, *(', "AMEX', 'BIO", 'and’, 'BIO.B", ')", 'announced’, ‘today’, ‘the', ‘acquisition’, ‘of', 'Quantase’, °'Ltd.’, 'of’, 'Perth’,

',", 'Scotland', ',", 'a', ‘company', ‘specializing’, ‘in’, ‘newborn’, ‘screening’, 'diagnostic’, ‘products’, '.'], ['Terms', 'of', 'the’, ‘acquisition’, 'were’,
‘not’, 'disclosed’, '.'],

['This', 'acquisition', 'strengthens', 'Bio', 'Rad', 'as', 'a', 'market’, 'leader’', 'in', 'newborn’', 'screening', 'tests', 'for', 'Phenylketonuria’,

',', 'Galactosemia’, ',", 'Glucose’, '6', 'Phosphate’, ‘Dehydrogenase’, "(*, 'G', '6', 'PD*, ")", 'Deficiency', '."], ['It", ‘also’, 'enhances’, "the",
‘companyi¢¥s®, ‘leading’, ‘position’, ‘in’, ‘genetic’, ‘disorders’, ‘testing', by, ‘adding’, "to', ‘its', ‘portfolio’, ‘of’, ‘DNA*, *,", ‘immunoassay’,

‘and’, 'HPLC', 'based', 'tests', 'for', 'sickle', 'cell’, ‘'anemia‘, ',', 'metabolic’, 'diserders', ',', 'and', 'thalassemia’', '.'], ['i¢XThis', 'acquisition’,
‘strengthens’, ‘our’, ‘position’, 'in', ‘serving', "the’, ‘genetic’, 'screening’, ‘market’, ° rovides ‘a', "foundation®, 'for', 'us', "to', 'further’,

‘our®, ‘innovation®, ‘in ‘genetic’, ‘screening’, ‘products’, ‘and’, ‘services’, *,', ‘i¢i’, , 'David®, *Schwartz®, *,", °'President’, ‘of’, 'Bio", 'Rad’,

‘Laboratories®, '.'], ['i¢#Quantase', ‘has', 'an’, ‘excellent', ‘reputation’, 'for', ‘quality’, ‘products', ‘and', 'broad’, ‘customer', ‘acceptance', 'throughout',
‘the’, 'world.i¢4', 'The', 'current', 'market’', 'for', 'newborn', 'screening', 'tests', 'is', 'estimated', 'to', 'be', 'more’, 'than’, '$', '18@', 'million’,
‘worldwide’, ‘and’, 'is’, ‘growing’, ‘at’, 'a’', ‘rate’, 'of’, ‘approximately’, '18', ‘percent’, ‘per’, ‘year', *.'], ['Newborn', ‘genetic', ‘'screening', "is",
‘compulsory’, 'in', 'the®, ‘United’, 'States', ‘and’, ‘"in', 'most’, ‘developed’, ‘nations’, ‘around', ‘the', ‘world‘, '.'], ['Bio', 'Rad', 'Laboratories’, ',’,

‘Inc.”, '(', "is', 'a', 'multinational’, ‘'manufacturer ‘and', ‘distributor’, 'of', 'life', 'science', 'research’', 'products’, ‘and', 'clinical’, 'diagnostics’,

[It", 'i ‘based’, "in', 'Hercules', °,', ‘California’, *,", 'and’, 'serves’, 'more', ‘"than’, '78,800°, ‘research’, 'and', 'industry', ‘customers’, ‘worldwide’,
‘through', 'a', 'network®, 'of', 'more', 'than', '30', ‘wholly', ‘owned', 'subsidiary', 'offices', '.'], ['Various', 'statements', 'made’, 'within', 'this', ‘press’,
‘release’, ‘may’, ‘constitute’, *°°', ‘forward®, 'looking', ‘statements’, "''", ‘for', ‘purposes’, ‘of’, 'the', 'Securities’, 'and’, 'Exchange’, ‘Commission’, "'s",
'*°', "safe', 'harbor', "''", 'provisions', ‘under’, "the', 'Private’, 'Securities®, ‘'lLitigation’, ‘Reform’', 'Act’, ‘of', '1995', ‘and', 'Rule’, '3b', '6', 'under’,
‘the", 'Securities’, 'Exchange’, ‘Act’, ‘of', "1934°, ".'], ['The', "forward’, "looking', ‘statements’', ‘contained’, ‘herein’, ‘involve', ‘risks’, ‘and’,
‘uncertainties', ‘that', ‘could', ‘cause’, ‘results’, ‘to', ‘differ’, 'materially’, 'from', ‘'the', 'Company', "'s", 'expectations', '.'], ['Ron’, 'Hutton', *,",
'Treasurer', 'Bio', 'Rad', 'Laboratories’, ',', 'Inc', '.'], ['Phone’, ':', '518', '724', '7@8@', 'E', 'mail’, , 'investor_relations’, ‘@', 'bio', ‘rad.com’,

‘Trademarks®, 'a€¢’, 'Site’, ‘Terms', '&€¢’', 'EU’, "Recycle’, 'Program', "&€¢', 'Privacy', 'a€¢', 'Feedback', 'Copyright’,
|, *Inc.”, "All*, ‘rights’, 'reserved’, '.'], ['Page’, '1', 'of’, '1Bio’, 'Rad’, 'laboratories’, '14.03.2012']]

(b)

Figure 2.9 — Plain text tokenization. (a) Extracted plain text using ApacheTika, (b) Tokenized
text using NLTK TreebanckTokenizer.
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2.3. Application of NLP for Ontology Engineering

the quality of generated output. However, there is no universal answer for keeping or
removing punctuations and stop words and it highly depends on the domain of interest.
In sentiment analysis, for instance, where the semantics of given text is extremely crucial,
removing stopwords and punctuations will produce ambiguous results. Therefore, the
approach of punctuation and stopwords removal is not generalizable to all domains and
depending on the application, they must be treated in different ways.

In the context of ontology engineering from textual data, our desired outputs are triplets
of the form (subject, predicate, object). Therefore, preserving the punctuation marks and
stop words considerably adds extra complexity to the process of triplet extraction. For
instance in "Apple’ is [recently] launched the "AppleWatch".! &it has multiple attractive
colors.", we better to omit punctuation marks and simplify the sentence into "Apple
is recently launched the AppleWatch. it has multiple attractive colors."” as they add no
remarkable value to the final result.

For this purpose, punctuation elimination and stop words removal are applied on tok-
enized version of plain text from previous step and the result is shown in 2.10a. Although
applying these steps could considerably clean the text, still some noisy data such as
combination of ascii characters, short tokens (having length < 2) and numbers are
present in the output (see Figure 2.10a). In order to accomplish the desired output from
text analysis for ontology engineering and to create highly accurate and normalized text,
some extra cleaning processes are also applied. As the result, Figure 2.10b demonstrates
the final output of text cleaning process on the running example.

2.3.3 Relevant Statements Extraction

In NLB text simplification is the process of reducing syntactical and lexical complexity of a text
while preserving its meaning [135], [136]. In syntactic simplification, the long and structurally
complex sentences are converted to shorter and simpler sentences. On the other hand, lexical
simplification replaces words with simpler and common terms and expressions.

For the purpose of non-taxonomical relation extraction for the ultimate domain ontology
and considering the structure of facts within an ontology, extracting set of triplets of the form
<subject-predicate-object> is required. In this expression, the "predicate” which denotes a
relationship between the "subject” and the "object” can be replaced by part of speech of "verb”.
Therefore, in this section, syntactic text simplification is performed in order to identify relative
clauses in the form of "Subject-Verb-Object” through POS tagging and chunking processes.

In order to simplify a sentence, extracting its structure is highly required to identify the
components to be separated out. Obviously POS tagging and chunking could effectively
obtain the desired output.

* POS-Tagging: As explained in previous section, POS tagging is the process of converting
provided sentence to the list of tuples in which each tuple is in the form of (word , tag).
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[['search®, ‘Whole', 'Site', ‘Log’, 'InShop', 'Register’, ‘announcements’, ‘Corporate’, 'Life', 'Science’, 'Research’, 'Clinical’,
'Diagnostics’, 'Informatics', 'Sadtler’, 'Process’, 'Separations', 'Life', 'Science', 'Education’', 'Food', "Animal', 'Environment’,
‘Testing’, ‘corporate’, 'news’, ‘archives®, ‘2012°, '2011°, '201@', '2009', '2008', '2007', '2006', '2005', '2004°, '2003°, '2002°,
'2001°, "2000°, '04102002°, 'Bio’, 'Rad’, ‘Announces’', 'Acquisition’, 'Quantase’, ‘Ltd'],

['Leading', 'Provider', 'Specialty', 'Diagnostics’, 'Acquiring’, 'Additional’, 'Newborn', 'Screening', 'Tests', 'Strengthening®, 'Its',
‘Broad’, 'Portfolio’, 'Genetic’, 'Disorders', 'Testing', ‘Products®, 'Services', 'HERCULES', 'CA', "April’, "1@°, "2002', 'Bio’, 'Rad’,
‘Laboratories’, "Inc’, "AMEX', 'BIO', 'BIOB', 'announced', ‘today’, 'acquisition’, 'Quantase’, 'Ltd", ‘'Perth’, ‘Scotland®, ‘company’,
‘specializing’, 'newborn’, 'screening', ‘diagnostic', ‘products’],

['Terms', ‘acquisition’, ‘'disclosed'], ['This’', 'acquisition', 'strengthens', 'Bio’, 'Rad', 'market', 'leader', 'newborn', 'screening’,

"tests’, 'Phenylketonuria’, ‘Galactosemia’, 'Glucose', "', 'Phosphate’, ’'Dehydrogenase’, ' ‘6", 'PD', 'Deficiency'], ['It', 'also’,

"enhances”, , ‘leading’, 'position’, ‘genetic’, ‘disorders’, ‘testing’, ‘add rtfolio®, 'DNA°, 'immunoassay’, "HPLC®,

‘based', 'tests', 'sickle', ‘cell’, ‘anemia’, 'metabolic’, ‘disorders', ‘'thalassemia'], [[I "acquisition’, 'strengthens', 'position’,

"serving’, ‘genetic’, ‘screening’, ‘market’, ‘provides’, ‘foundation', 'us’, "innovation®, "genetic’, ‘screening’, 'products’, ‘services’, "I¢%',

"said’, 'David’, 'Schwartz', 'President’, 'Bio’, 'Rad’, 'Laboratories’], ['i¢XQuantase’, ‘excellent’, 'reputation’, 'quality’, ‘products’, ‘broad’,
"customer', 'acceptance', 'throughout', ‘worldi¢k', 'The', ‘current', 'market', 'newborn’, 'screening', 'tests', 'estimated', '108°, 'million’,
‘worldwide', ‘growing', 'rate’, 'approximately’ 1@', ‘'percent’, ‘'per', 'year'], ['Newborn', 'genetic', 'screening', 'compulsory', ‘United', 'States’,
‘developed’, 'nations’, ‘around’, ‘world'], ['Bio’, 'Rad', 'Laboratories’, 'Inc’, ‘multinational’, 'manufacturer’, 'distributor’, "life’, 'science’,
‘research’, ‘products’, ‘clinical’, ‘diagnostics'], ['It', 'based’, 'Hercules', 'California’, 'serves', '7000@°, 'research’, 'industry’, 'customers’,
‘worldwide’, ‘network’, '38', 'wholly', ‘owned', 'subsidiary®', ‘offices'], ['Various', 'statements', ‘'made’, ‘within', ‘press’, 'release', 'may’,
"constitute’, ‘forward', ‘looking’, ‘statements’, ‘purposes’, "Securities’, 'Exchange', 'Commission’, ‘safe’, ‘harbor', ‘provisions’, ‘Private’,
‘Securities’, ‘Litigation’, ‘Reform', *Act’, "1995', 'Rule’, *3b", '6", 'Securities’, 'Exchange’, "Act’, '1934°], ['The', 'forward’, ’locking®,
‘statements’, ‘contained’, ‘herein’, 'involve', 'risks', 'uncertainties', ‘could’, ‘cause’, 'results', ‘differ’', 'materially’, ‘Company', 'expectations’'],
['Ron’, "Hutton', ‘Treasurer’, 'Bio’, 'Rad’, 'Laboratories’, 'Inc'], ['Phone’, '51@', '724' 7000, , 'mail’, “investorreelations®, ‘bio”, ‘radcom’,
‘Trademarks', '&€¢°, °Site’, 'Terms', '3€¢°, 'EU’, 'Recycle’, 'Program’, '3€¢’, 'Privacy’, , 'Feedback”, 'Copyright',, '2011°, "Bio’, 'Rad’,
‘Laboratories’, 'Inc', 'All', ‘rights', ‘reserved'], ['Page’, '1', '1Bio', 'Rad’, 'Laborateries’, '14832812°']]

(a)

[['search', 'Whole', 'Site', 'Log', 'InShop', 'Register', ‘'announcements', 'Corporate’', 'Life’', 'Science', 'Research', 'Clinical', 'Diagnostics’,
"Informatics’, 'Sadtler', 'Process', 'Separations', 'Life', 'Science', 'Education’, 'Food', 'Animal’, 'Environment®, 'Testing', 'corporate’, 'news",
‘archives', 'Bio', 'Rad', 'Announces’', 'Acquisition’, 'Quantase’', 'Ltd'], ['Leading', 'Provider', 'Specialty', 'Diagnostics’', 'Acquiring’', 'Additional’,
'Newborn®, 'Screening’, 'Tests', 'Strengthening', 'Its’', 'Broad', 'Portfolio', 'Genetic', 'Disorders’, 'Testing', "Products’, 'Services', 'HERCULES',

"CA', 'April', 'Bio', "Rad', 'lLaboratories’, 'Inc', 'AMEX', 'BIO', 'BIOB', 'announced', 'today’', "acquisition’, "Quantase’, 'Ltd', 'Perth’, 'Scotland’,
"company', ‘'specializing', ‘newborn®, ‘screening', 'diagnostic’, ‘products'], ['Terms', 'acquisition’, ‘disclosed’'], ['This', 'acquisition®’, ’strengthens’,
'Bio', "Rad', 'market’, 'leader’, 'newborn’', 'screening', 'tests', 'Phenylketonuria‘, ‘Galactosemia®, 'Glucose’, 'Phosphate’, 'Dehydrogenase’, 'PD", ‘'Deficiency’],
['It", "alsc’, 'enhances’, ‘companys', 'leading’, ‘position’, ‘genetic’, 'disorders’, ‘testing’, ‘adding’, 'portfolio’, 'DNA', ‘immunoassay’, 'HPLC®,
‘based’, 'tests', ‘sickle’, ‘cell’, ‘anemia’, ‘metabolic’, ‘disorders’, ‘thalassemia’], ['This', ‘acquisition’, “strengthens’, ‘position’, ‘serving’,
‘genetic’, 'screening’, ‘market’, ‘provides’, 'foundation', ‘us', ‘innovation’, ‘genetic’, ‘screening’', ‘products’, ‘services '|, ‘said’, 'David’, 'Schwartz’,
‘President’, 'Bio', *Rad’, ‘Laboratories’'], ['Quantase’, ‘excellent’, ‘reputation’, ‘quality’, ‘products’, ‘broad’, 'customer’, 'acceptance’, ‘throughout’,
‘world®, 'The', ‘current’, 'market’, ‘newborn’, ‘screening’', ‘tests®, ‘estimated’, 'million’, ‘worldwide', 'growing’', 'rate’, ‘approximately’, ‘percent’,
‘per’, ‘year'], ['Mewborn®, ‘genetic’, ‘screening’, “compulsory’, ‘United’, ‘States’, ‘developed’, “nations’, ‘around’, ‘world'], ['Bio’, 'Rad’, 'Laboratories’,
*Inc’, "multinational’, ‘manufacturer®, ‘distributor”, ‘life’, ‘science’, ‘research’, ‘products’, ‘clinical’, ‘diagnostics'], ['It", "based’, ‘Hercules®,
‘California’, ‘serves’, “research’, “industry’, ‘customers’, ‘worldwide’, ‘network’, ‘wholly', ‘owned’, ‘subsidiary’, ‘offices’], ['Various', ‘statements’,
‘made”’, ‘within®, ‘press’, ‘release’, 'may’, ‘constitute’, ‘forward®, ‘loocking’, ‘statements’, ‘purposes’, 'Securities’, 'Exchange’, ‘Commission®, ‘safe’,
‘harbor®, ‘provisions®, ‘Private’, “Securities’, ‘Litigation’, ‘Reform’, "Act’, ‘Rule’, *3b’, ‘Securities’, ‘Exchange’, "Act’'], ["The', ‘forward", "loocking-,
‘statements’, ‘contained’, ‘herein’, “involve’, ‘risks’, ‘uncertainties’, ‘could’, ‘cause’, ‘results’, ‘differ’, ‘materially’, ‘Company’, ‘expectations’],
['Ron®, 'Hutton', 'Treasurer', 'Bio', 'Rad', 'Laboratories’, 'Inc'], ['Phone’', 'mail®, 'investorrelations', 'bio', 'radcom’', 'Trademarks', 'Site®, 'Terms',
'EU', 'Recycle', 'Program', 'Privacy’', 'Feedback’', 'Copyright', 'Bio', 'Rad', 'lLaboratories', 'Inc', 'All’, ‘'rights’', 'reserved'],

['Page’, '1Bio', 'Rad', 'Laboratories']]

(b)

Figure 2.10 — Output text after text cleaning steps are applied. (a) Text after stop words and
punctuation removal , (b) Cleaned text.
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The tag is a signifier of word’s part of speech and indicates whether the word is a noun,
adjective, verb, etc.

In order to assign linguistic information on extracted tokens from cleaned corpus, we
have used pos-tag() function from NLTK library. Figure 2.11 shows pos-tagged tokens
from our running example.

[[(*search', "NN'), (‘'Whole', 'NNP'), ('Site’, 'NNP'), ('Log’, 'NNP'), ('InShop', 'NNP'), ('Register’, 'NNP'), ('announcements', 'NNS'), ('Corporate’, 'NNP'),

(Life’, "NNP"), ('Science’, 'NNP'), ('Research’, 'NNP'), (*Clinical’, "NNP'), ('Diagnostics’, 'NNPS'), ('Informatics', 'NNP'), ('Sadtler®, 'NNP'), ('Process’, 'NNP'),
("Separations®, 'NNP'), (‘Life’, 'NNP'), (*Science’, 'NNP'), ('Education’, "NNP'), ('Food’, 'NNP'), ('Animal®, 'NNP'), ('Environment’, *NNP"), ('Testing’, 'VBG'),
("corporate”, '33°), (‘news’, 'NN'), (archives’, 'VBZ'), (‘Bio’, 'NNP'),” ("Rad’, 'NNP'), (‘Announces’, "NNP®), ('Acquisition’, 'NNP'), (*Quantase’, 'NNP'), (‘Ltd', 'NNP')],
[(’Leading’, "VBG'), ('Provider’, 'NNP'), ('Specialty’, 'NNP'), ('Diagnostics®, 'NNPS'), (‘Acquiring’, 'NNP'), (‘Additional’, 'NNP'), ("Newborn, 'NNP'), (Screening’, *NNP"),
(‘Tests®, 'VBZ'), ('Strengthening’, 'VBG'), ('Its', 'PRPS'), (‘Broad’, "NWP), (‘Portfolio’, 'NNP'), ('Genetic*, 'NNP), (‘Disorders’, "NNP'), ('Testing', "NNP),
(*Products’, "NNPS'), ('Services', 'NNPS'), ("HERCULES', 'NNP'), (*CA', 'NNP'), (‘April', 'NNP'), (‘Bio’, *NNP*), (‘Rad’, 'NNP'), ('Laboratories’, 'NNPS'), ('Inc’, 'NNP'),
CAMEX', "NKP*), ("BIO', 'NNP'), (‘BIOB', "NNP®), ('announced', 'VBD'), (*today’, 'Mi"), (‘acquisition’, 'NN'), (*Quantase’, 'NNP'), (‘Ltd', 'NNP'), (‘Perth’, 'NNP'),
(*Scotland’, "NNP'), (‘company’, "NN'), ('specializing’, 'VBG'), (‘mewborn’, 13'), ('screening’, 'VBG'), ('diagnostic’, '33°), (‘products’, "NNS')], [(‘Terms', 'NNS'), |
("acquisition®, 'NN'), (‘disclosed’, 'VBD')], [('This', 'DT*), (‘acquisition’, 'NN'), ('strengthens’, 'VBZ'), ('Bio’, 'NNP'), (‘Rad’, 'NNP'), (*market’, 'NN'),

("leader’, "NN'), (‘newborn’, '33°), ('screening’, 'NN'), ('tests', 'NNS'), ("Phenylketonuria’, 'NNP'), (’Galactosem: NNP'), ('Glucose’, “NNP'), ('Phosphate’, NNP'},

(*Dehydrogenase™, "NNP"), (*PD', “WUP'), (“Deficiency’, ‘NN')], [(*Tt, "PRP"), (*also’, 'R8'), (‘enhances’, "VBZ'), (*companys’, 'NN'), (‘leading’, "VBG'), ('position, "N'),

(*genetic®, '33'), (‘disordens’, “NNS'), (“testing’, 'VBG'), (‘adding’, "VBG'), (‘portfolic’, "NN'), (‘DNA", "NNP'),”('immuncassay’, 'VBP*), ('HPLC', 'NNP'), (‘based’, "VBN"),
(“tests®, 'NNS'), ('sickle’ vap ) ( cell', 'NN'), (‘anemia’, 'NN'), (‘metabolic', 'NN'), (‘disorders’, 'NNS'), ('thalassemia’, 'VBP')], [(*Quantase’, 'NNP'), ('excellent’, '31'),
4 rsputat)uh NN .

S

‘Y, ( pr‘udu(ts NNS'), (‘broad’, '33%), (' customer”, N’ ), (‘acceptance’, 'NN'), (" thruughuut "IN'), (‘world', 'NN'), (‘The', * R
‘), (‘market’, NN) (*newborn®, *33'), (‘screening’, 'VBG'), ('tests’, s ), (‘estimated’, "VBN'), (" R CD) (wur‘ldw)ds ‘IN'), (‘growing', "VBG'),
, appmx)matsly "R8"), (‘percent’, "MI'), (‘per’, ‘TN), (‘year', 'NI)], [(‘Newborn’, "MNP'), (‘genet 33'), (*screening®, "VBG'), (’compulsory’, 'NN')
e, NWPY), (“States’, 'NWPS'), (*developed’, 'VBD'), (‘nations’, ‘NNS®), (‘around’, ‘TN'), (‘world", ‘NN’ ), 1 Bio, "NNP'), ( Rad*, "NNP' ) (‘Laboratories’, NNPS®),
(Ine’, W), (° nultinational’, ‘33'), (‘manufacturer’, "IN'), ('distributor’, 'NN'), (‘1ife’, “NN'), (‘science’, 'NN'), (‘reseanch’, 'NN'), ('products’, 'Mis'), ('clinical’, '31°),
NNS')], [(‘Tt', "PRP'), (*based’, 'VBN'), ('Hercules', 'MWP'),”(‘California’, "NNP'),” (*serves’, ‘VBZ'), (‘research’, "NN'),” (*industry’, 'NN'), (*customers’, "NNS')
vee'), (* netwurk statements’, 'NNS'), ('made’ 'VEN'),
(*looking', ‘VBG'), ('statements', ‘NNS'), (

("worldwide®
("within®

*NN'), (wholly', 'RB'), (‘owned’, 'VBD"), ('subsidiary’, 'NN'), (‘offices’, 'NNS')], [(‘Various', '33'),

(‘release’, 'NN'), (‘may', 'MD'), ('constitute’, 'VB'), ('forward )
("Securities *, NNP'), (*Commission’, 'NNP'), (‘safe’, "33°), (harbor’, * provisions’, 'NNS'), ('Private’, NNP'), (’Securit
('Litigation’, ', NPT, (CAct, NNP) ("Rule’, "NNP*), ('3b", 'CD"), ('Securi “NNP*), (Exchange’, "NNP'), (‘Act’, “NNP')], [('TH
("looking®, 'VBG'), ('statements’, 'NNS'), (* cunta)ned 'VBN'), (herein®, 'RB'), (‘involve’, 'VB'), ('risks’, 'NNS'), (‘uncertainties®, 'NNS'), ("could
(*results®, 'NNS'), (‘differ’, 'VB'), (matemally 8'), (*Company’, 'NWP'), (‘expectations’, 'NNS'}], [(*Ron’, 'NP'), (‘Hutton’, 'NNP'), (‘Treasurer'
(*Rad’, 'NNP'), ('Labnraturies NNPS'), ('Inc’, ‘NNP® )] [(*Page’, "NN'), (*1Bio', 'CD'), ('Rad’, 'NNP'), (" Laboratories’ , "NNPS* )]]

2

Figure 2.11 — The processed text after POS Tagging

As shown in Fig. 2.11, nouns are mainly appearing after determiners ("DT" pos tag)
and adjectives ("AD]" pos tag) and could be either the subject or the object of a verb.
As an example, considering the original sentence as "Bio-Rad Announces Acquisition
of Quantase", the pos-tagged on cleaned sentence is "("Bio, 'NNP’), (Rad, 'NNP’), (An-
nounces, 'VBP’), CAcquisition, 'NNP’), (Quantase, 'NNP’)", in which "BioRad" has the
role of subject of observed verb "Announce".

* Chunking: Once pos-tagged tokens are generated, chunking is applied with the goal of
segmenting and labelling sequence of tokens which follow required rule. In order to
design a chunker, we have defined a chunking grammar which declares the rule of how
chunking must be done. Considering the desired form of each chunk (i.e. "Subject-Verb-
Object"), "Noun Phrase (NP)" is defined as optional determinator and any number of
adjectives being followed by any type of noun pos-tags. Moreover, Verb Phrase (VP) is
simply defined as any type of verb pos-tag in NLTK (i.e. base form-VB, past tense-VBD,
past participle-VBN, etc.). Lastly, a chunk is a sequence of (NBVENP) which entirely
matches the required structure. Figure 2.12 displays a defined grammar as well as a few
extracted chunks from the whole plain text.

2.3.4 Chunks Filtering

The goal of our proposed method is to provide a generic information extraction framework
which is adoptable to any provided textual data with diverse domains. However, the output
of discussed method enables us to produce highly accurate results with minimal human
effort. Existing diversity in the content and context of collected documents often brings many
challenges for information seeking users. In order to reduce search space for the sake of non-
taxonomic relation extraction of ultimate domain ontology, our proposed method employs
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(CHUNK

(NP Bio/NNP Rad/NNP)

(VP is/VBD)

(NP multinational/J] manufacturer/NN))
(CHUNK

(NP automated/J] platforms/NNS)

(VP streamline/VBP)

(NP workflow/]] increase/NN)

(NP clinical/1] laboratory/NN efficiency/NN))
_ (CHUNK
Grommdr = (NP Bio/NNP Rad/NNP)
NEF - 1) Y FadeNN. Tae (VP aquired/VED)

(NP Helix/NN Diagnostics/NNS))
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(a) (b)

Figure 2.12 — Extracted chunks based on a predefined grammar. (a) Chunking grammar, (b)
Examples of extracted chunks.

the use of defined controlled vocabularies for extracting the most needed information from
input corpus.

Therefore, as the next step, generated chunks are filtered based on the content of their re-
spective subject or object. In this process, those chunks that do not contain at least one of
the controlled vocabularies in their subject or object segments are filtered out and removed
from the list. Applying this process could remarkably reduce the size of subject-verb-object
(SVO) triplets. More importantly it guarantees that only relevant statements are extracted from
documents. For instance, let us assume that names of pharmaceutical companies such as
"Bio Rad , Roche, Johnson&Johnson, etc.") have been provided as the controlled vocabularies.
Applying the last step of filtering results in removal of the second chunk among those four
being presented in Figure 2.12, as it does not contain any of those controlled vocabularies
mentioned earlier.

2.3.5 XML Representation of SVO Triplets

Representing data in an interchangeable and standard format is highly crucial for any infor-
mation extraction system. In proposed method, the output of text processing section will be
delivered as one of the input parameters for ontology engineering from unstructured data.
Therefore, once required information is extracted in the form of chunks, it is parsed into XML
format based on some specified rules.

XML representation of subject-verb-object triplets is achieved through retaining each chunk in

a separate xml bucket < SVO > ... < /SV O > which composed of three main sub elements:

1. <Subjectname="sub"> NP </Subject >

2. < Predicatename="predicate" > VP < /Predicate >
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3. <Objectname="object"> NP </Object >

XML representation of a few extracted chunks is shown in Figure 2.13. It must be noticed that,
for the sake of simplification, the lemmatized form of all VPs are extracted and replaced in
XML representation.
<?xml version='1.8" encoding="utf-8'7>
<root>
<5VO0>
<«Subject name="sub”>Bio Rad</Subject>
<«Predicate name="predicate"”>is</Predicate>
<0Object name="obj">multinational manufacturer</Object>
</svo>
<5VO>
<Subject name="sub">Bio Rad</Subject>
<Predicate name="predicate”>acquire</Predicate>
<0Object name="obj">Helix diagnostics</Object>
</svo>
<5VO>
<Subject name="sub">Helix diagnostics</Subject>
<Predicate name="predicate">produce</Predicate>
<0Object name="obj">Testkits</Object>
</svo>
<sSVO>
<Subject name="sub">Mindray</Subject>
<Predicate name="predicate”>collaborate</Predicate>
<0Object name="obj">Novartis</Object>
<[svo>
</root>

Figure 2.13 — XML representation of SVO chunks.

2.3.6 Clustering-Based Extraction of Domain Concepts

Note that the main objective of the proposed approach is to construct a domain ontology
from unstructured textual data. Therefore, discovering proper ontological classes is one of
the primary challenges. In other words, we would like to know what the main classes exist
that can describe different words within a text corpora such as companies, products, humans,
etc. Named entity recognition (NER) as a technique in NLP will be usually used for labeling
different words within a corpus with their corresponding entity. However, you may not end up
with a trustworthy list of entities mainly due to the fact that most of the NER modules have
been trained on domain specific data. Therefore, we decided to take a different approach to
verify if we can correctly identify the groups of words which have been talked about in the
input documents. In the following we describe our customized approach for pulling domain
specific ontological classes.

The advantage of the proposed approach is that it enables us to identify the group of products
for which we need to extract some complementary information from other resources (such as
"OpenFDA") later on. Moreover, it verifies that one can identify groups of words that in some
sense belong to the same family (such as products, or companies, etc). Those families of words
will be later established as the main classes for constructing desired ontology. Furthermore, it
will be determined which word must belong to which class (based on the group to which it is
assigned).
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Binary Table Representation of SVO Triplets

Once the triplets containing controlled vocabularies are extracted from text corpus, we have
created a binary table by mapping subjects and objects of the triplets to the verbs with which
they form a triplet. A binary table is represented in the form of # =< X,Y,I > where X
denotes the set of individuals (rows) that are characterized by a set Y of attributes (columns),
where I denotes the binary relation between members of sets X and Y. For the sake of clarity,
an example of binary table is presented in Figure 2.14, where the set of all subjects and objects
in the list of SVO triplets are considered as rows, and the set of all verbs in those triplets are
considered as columns, but in two different forms Vj,;,; and V. In other words, the number
of columns in the binary table is twice as big as the number of unique verbs in triplets SVO,
while the number of rows in the binary table is the number of unique subjects and objects in
those triplets. For each triplet SVO, the subject Sis linked to V,;,; and the object Ois linked to
Vopj, 1., I(S, Vupj) = 1 and 1(O, Vypj) = 1.

The argument behind defining two forms for each verb in the binary table is explained in
following example. Imagine we have the triplet (Google, Hire, John Smith). Although Google
and John Smith are both related to verb Hire, they are different in the sense that the former
can be characterized by its feature that is being able to hire someone, while the latter is
characterized by its feature that can be hired by some organization. Figure 2.14 demonstrates
how different extracted triplets will contribute in creating our desired binary table. In this
example, a binary table is created using SVO triplets of the form subject,verb,object. For each
verb V within a triplet SVO, two columns Vj,;; and V,y,; will be created in order for the verb
to be linked to the subject S and object O (both as individuals inserted in rows of the binary
table). As an example, for the triplet (Roche , Hire , DataScientist) two crosses denoted by
red boxes are added to the table. The blue and green boxes mark the contribution of (Apple,
Produce, AppleWatch) and (Herceptine, Treat, Cancer) in creating table, respectively.

A [ B [ ¢ D E ' F G

\Fromal Context  |hire-subj _ |hire-obj |produce-subj |produce-obj |treat-subj  |treat-obj
|Roche X JO X |0 |0 |0

INag 0 [x |0 [0 0 0
|Herceptine 0 |0 |0 X 0
|Cancer |0 0 0 |0 |0

|DataScientist 0 I}x b 0 |0 |0

AApple X [0 (X Jo 0 0
|AppleWatch 0 |0 0 X Jo 0

Figure 2.14 — Binary table of SVO triplets.

Clustering of Extracted Objects

Once the binary table is created, we applied K-means clustering algorithm to group similar
subjects and objects being located in rows. For this aim, we represented each row by a binary
vector w of size | Y|, where w(i) =1 if y; € Y, and w(i) = 0 otherwise. Here |Y| denotes the
cardinality of the column set Y in the binary table and y; denotes the i*" attribute (i.e., i'"
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column in the binary table). Clustering could satisfy our initial motivation which was to
extract ontological classes by accurately grouping similar domain artifacts together. Figure
2.16 depicts the output of K-means clustering for K = 3 and Figure 2.15 shows examples
of instances that are categorized into three separate clusters. It indicates that the most of
individuals that belong to the same class are really part of the same group (mainly Companies,
Products or People). These three groups then form the basis of the ontological classes being
used in next phases of ontology learning.

In Figure 2.15, extracted subjects and objects are clustered into three categories based on
the similarity of their attributes (i.e., columns). Each circle represents a row and each cluster
is identified by a separate colour. For the sake of visualization, the instances of clusters
are projected into a two dimensional space, where each dimension represents one of the
two principal component of the data. Figure 2.16 depicts examples of individuals that are
categorized into three clusters we identified in Figure 2.15. The colour of each column is
consistent with the colour of its corresponding cluster in Figure 2.15. This table shows that
each cluster identifies a separate group of individuals (here Persons in cluster-1, Products
in cluster-2, and Companies in cluster-3). These three clusters form the first three classes
in the ontology. Individuals within each cluster will then be considered as instances of its
corresponding ontological class.

+ © Cluster 1

© Cluster 2

3 ) @ Cluster 3
l °©

-3 -2 -1 0 1 2 3

Figure 2.15 — Subjects and objects of triplets SVOs are clustered into three categories based on
the similarity of their attributes.

Abaxis sales team Apple Healthkit Dako

Beijing Leadman ELISA testing kits Apple

Grifols product manager M5 Ultrasound systems DiaSys

Sarah Li MIA FORA NGS analysis software Johnson&Johnson
Dr Michael OReilly biothreat detection applications Luminex

Richard Yang xTAG CYP2Dé6 Kit Mindray

Thomas Mac Mahoncurrently iCa biosensors Trinity

Figure 2.16 — Examples of individuals that are categorized into three clusters identified in Fig.
2.15.

We also suggested to have the possibility of adding / removing or even merging some of
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those classes, depending on a domain expert knowledge if it is available. To show such a
possibility, we have created a fourth class and named it as Location, where its instances were
initially grouped in one of those initial three clusters. How to choose an optimal number of
clusters is always debatable. For instance by increasing number K of clusters in the beginning,
the chance of appearing a new cluster that automatically identifies instances of the class of
location would increase. However, it may also cause further separation of a bigger class (such
as Products) into smaller groups (which can be later merged according to a domain knowledge
expert).

2.4 Conclusion

In this chapter we described how we can extract relevant statements, containing valuable
information about a domain of interest, from a text corpus. The ultimate goal of this work is to
engineer an ontology to be used for knowledge extraction from unstructured data. Having a
list of triplets of interest (containing some predefined controlled vocabularies) is a prerequisite
for the rest of pipeline which will be described in the following chapters.

We first started by cleaning the text corpus so that it becomes ready for some processing. We
then applied a sequence of natural language processing techniques to extract the triplets of
interest. Those triplets contain information about controlled vocabularies which are of great
interest for ontology engineering. We use those triples in later chapters as the input to our
engineered ontology in the form of relationships between different ontological classes. In next
chapter we will focus on formal concept analysis as a promising data analysis method to build
a cornerstone of the desired ontology.
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8] Building Cornerstone of Ontology
from Concept Lattice

"There is hidden order in Nature, to be found only by
patient search."

- Garrett Birkhoff

3.1 Overview

In the previous chapter, we studied how we can generate a list of triplets that represents the
most relevant statements about a domain of knowledge within a text corpus. In this chapter,
the focus is more on how to build a set of formal concepts and a hierarchy among them that
describes a domain of interest. The extracted formal concepts will form the cornerstone of the
desired ontology.

In this chapter we demonstrate how formal concept analysis (FCA) can be utilized for the
purpose of generating a concept lattice from formal contexts, In the following, we first start
with an overview of FCA, and then we move to an in-depth discussion on how we can benefit
from FCA for our purpose. We further look into how we can speed up the existing algorithms
for formal concept generation and concept lattice construction.

Moreover, we provide some background knowledge about FCA, where it will be used in the
next chapter to shape the backbone of the ontology. The ultimate goal is to further augment
the ontology using extracted knowledge from a text corpus (see previous chapter).

3.2 Formal Concept Analysis (FCA)

3.2.1 FCA: Background and Context

Formal Concept Analysis (FCA) was introduced and studied by Wille [137],and Ganter [138],
[139] as a powerful mathematical theory and a conceptual framework for structuring and
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analyzing knowledge extraction and data visualization. FCA extracts the key concepts of the
application domain and represents their hierarchical structure according to the concept lattice
also known as the Galois Graphs. The strength of FCA in any application relies on using some
general rules of mathematical logic to extract domain concepts which can be hierarchically
grouped together according to their common attributes.

3.2.2 Formal Context and Formal Concepts

At the core of FCA there is a binary table containing rows and columns in which each row
represents a specific domain object and each column corresponds to a domain attribute.
Domain specific objects and attributes are connected through Boolean values (i.e., zeros and
ones or False and True), so that each object has a set of attributes and might not be related to
the rest. In the table, the cross sign X’ is used to indicate a relation among a specific object
and its respective attributes, so that if an object does not have a value, the intersection of that
object and attribute will remain empty.

Formal Context: The following definition is provided by Will and Ganter [138] as short mathe-
matical explanation for formal context:

Definition 1 A formal context is defined as a triplet K : (X,Y, I) which represents a binary
relationship I < (X x Y) between a set of objects X, and a set of attributes Y .

Formal context enables basic procedure of FCA by providing simple representation of data in
the form of binary table. Basically, a formal context can be constructed based on any set of
objects (as table rows) and attributes (as table columns) as well as binary relationship among
them. There is no restriction on the nature of objects and attributes. Persons, physical objects,
processes, numbers, etc. are just a few examples of objects and attributes of some formal
contexts.

Consider a binary table with the size of (n*m) in which n is the number of rows and m is the
number of columns. The set of objects are defined as X = {xy, ..., x,} , the set of attributes are
defined as Y = {y1, ..., ym}, and if the intersection among x; and y; is not empty in the formal
context, then the relation I(x;, y;) = 1 is valid which indicates object x; has attribute y;.

Notably, FCA generates two types of outputs from a given formal context called Formal Con-
cepts and Concept Lattice. Generally speaking, each formal concept is a human interpretable
unit of knowledge from the application domain. Moreover, the set of formal concepts can be
partially ordered in a subconcept-superconcept hierarchy known as concept lattice.

Definition 2 [138] For a formal context (X, Y, I), concept-forming operators are up denoted by
w:2X — 2Y and down denoted by ‘d’: 2¥ — 2% such that for AC X and B Y they are defined
as:
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Animal | Plant | Lives on Land | Lives in Water
Dog X X
Cat X X
Oak X X
Potato X X
Carp X X
Water Illy X X
Reed X X X

Table 3.1 — Formal Context of plants and animals."

At:={yeY|Vxe A: I(x,y) =1}
B%:={xe X|VyeB:I(x,y) =1}

Definition 3 [138] A formal concept in a formal context (X,Y,I) is defined as a pair of (A, B) ,
where AC X,B< Y and A" = B and B® = A.

A Formal Concept is a segment of a formal context in which different objects share the same
attributes. According to Definition3, each formal concept consists of two parts named extent
and intent. For a formal concept (4, B), the set A is called extent and expresses those objects
having attributes in common with B. Alternatively, the set B is called intent and represents
the attributes assigned to all objects within A. Mathematically speaking, the set of all extents
and intents of a formal context (X, Y, I) are defined as following:

e Ext(X,Y,I) ={B%BcY}

e Int(X,Y, ) ={AY|Ac X}

In the following, we use the formal context that is represented in Table 3.1 as a running
example for clarifying different operations of FCA. It represents a set of entities with some of
their characteristics such as where they live and if they are animals or plants, etc. The set of
objects and attributes in this example are the following.
X ={Dog,Cat,Oak,Potato,Carp,WaterIlly, Reed}
Y ={Animal,Plant,LivesonLand, LivesinWater}

In Table 3.1, each binary relation (displayed by cross sign) express that object x has the attribute
y. An example of formal concept for that context is the pair {(Cat, Dog), (Animal, Liveson Land)}
which indicates both Cat and Dog have the following attributes in common. They are both
animal and live on land, i.e., having Animal and Lives on Land crossed in that table for both Cat

lExample is captured from: https://www.slideshare.net/ssakpi/ formal-concept-analysis
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and Dog. Moreover, there is no other object than Cat and Dog that have these two attributes
in common (in that context). In other words,
(A1,B1) = ({Cat,Dog},{Animal, Liveson Land})
{Cat,Dog}* ={Animal, Liveson Land}
{Animal,LivesonLand}® = {Cat, Dog}

Clearly, many formal concepts might exist within a formal context. In theory, the number of
formal concepts grows exponentially with the size of the binary table, i.e., O(min{2",2™}). Two
more formal concepts of formal context 3.1 are shown in the following tables and highlighted
as rectangles. They correspond to
(A2,B2) = ({Cat,Dog,Carp},{Animal})
(As, B3) = ({Reed, Water Illy},{Plant, Livesin Water})

Animal | Plant | Lives on Land | Lives in Water Animal | Plant | Lives on Land | Lives in Water
Dog X X Dog X X
Cat X X Cat X X
0ak X X 0ak X X
Potato X X Potato X X
Carp | X | X Carp X X
Water Illy X X Water Illy X X
Reed X X X Reed X X X
() (b)

Figure 3.1 — Two examples of formal concepts from Table 3.1. (a) (A2, Bs), (b) (A3, Bs).

3.2.3 Concept Lattice

As mentioned above, FCA also returns the hierarchical relationship among established con-
cepts in the form of a line diagram called Concept Lattice. A conceptual hierarchy, which is in
the form of sub-concept_super-concept of formal concepts is defined in [138] as follows:

Definition 4 For formal concepts (A1, B1) and (A2, B2), the sub-concept_super-concept rela-
tionship < is formalized by: (both conditions must be satisfied)

(A1,B1) = (A2, By): <= (A1 € A)

(A1, B1) = (A2,B2) : <= (B12B»)

In Definition 4, the order relation < describes the partial order between all formal concepts. A
partially ordered set is a pair (B, <) in which P is a set and < is a binary relation on P [140]. As
an examples, we can make the subset of {0, 1} (which is: S = {®},{0},{1},{0,1}) as a partial order
with €. This is because for all A, B, C in S, the following axioms of partial order are satisfied:

¢ Reflexive: Ac A
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e Antisymmetry: ASB,BC A= A=8B

e Transitive: ASB,BcC=AcC

The order relation (shown in Definition 4) together with the set of all formal concepts of a
formal context K = (X, Y, I) can be transformed into a complete lattice denoted by 28(KK) which
could be illustrated as a Hasse Line Diagram [141].

The corresponding concept lattice of the formal concept in Table 3.1 is shown in Figure 3.2
which consists of 11 formal concepts being represented by 11 circles. A number is assigned
to each formal concept, which corresponds to extents and intents that are attached to the
rectangle. The nodes are connected through arrows which have been established based on
the extracted partial order < relation.

The super-concept of any chosen node is reachable by following the ascending path (of
generated line diagram) from that node. Note that a concept might have multiple super-
concepts. For example, concept 1, concept 2 and concept 3 are super-concepts of concept 6
since there are paths of ascending edges from the node representing concept 6 to the nodes
representing concept 1, concept 2 and concept 3. Similarly, we can find sub-concept(s) of a
concept by following all descending paths starting at that concept. Considering concept 9, its
sub-concepts are concept 10 and concept 11.

In the main theorem on concept lattices introduced by Wille [142], it has been proven that
2A(K) is a complete lattice in which for any set of its formal concepts, there is a join-mutual
superconcept (supremum) and a meet-mutual subconcept (infimum) in 28(K). Understanding
the following definition and lemma of [138] is prerequisite for discussing the completeness of
a concept lattice:

Definition 5 Let (P, <) be a partially ordered set and O be a subset of P. A lower bound of O is
an element s € P such that s < o for all o € O. Likewise, the Upper Bound of O is defined as an
element t € P such thato < t forallo € O.

The greatest element in the set of all lower bounds of O is called Infimum (join) of O and the

lowest element in the set of all upper bounds of O is called its Supremum (meet)

Lemma 1 For any given formal concepts (Ay, B1) and (Az, By):

* Infimum (Greatest Lower Bound) of (A1, By)and (A, By) is defined as:
(A1,B1) A (A2, By) := (A1 N Ap), {(B1 U By)4}¥)

* Supremum (Lowest Upper Bound) of (A1, B1)and (A, By) is defined as:
(A1, B1) V (A2, By) := ({(A; U A2) "}, (By N By))
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Carp Cat Dog Oak Potato Reed Waterllly

Livesinater
Carp Reed Waterl |y

LiveOnLand
Cat Dog Cak Potalo Reed|

Animal Plant
Carp Cat Dog Cak Potato Reed Waterllly

Animal Livesininiater|
Carp

Animal LiveOnLand
Cat Dog

LiveOnLand Plant LivesintWater Plant
Oak Potato Reed Reed Waterllly

LiveOnLand LivesinWater Plant]
Reed

Animal LiveOnLand Livesinyater Plant

Figure 3.2 — The Concept Lattice of formal context defined in Table 3.1
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In the running example, we can simply read the infimum and suprimum of any two concepts
from the generated lattice diagram. For instance, concept 7 is the greatest lower bound of
concept 2 and concept 4 because it is the highest concept which is reachable by descending
paths from both concept 2 and concept 4 in the diagram. Similarly, concept 4 is the lowest
upper bound of concept 7 and concept 9 because it is the lowest node that can be reached from
both concepts via ascending paths.

With the support of above explanations, we can use the following definitions for characterizing
the hierarchical structure of generated lattice by FCA:

Definition 6 [138] A partially ordered set (P, <) could be considered as a lattice if and only if
for every pair of elements O € P, S € P, their infimum O A S and suprimum OV S exist in P.

More discussion about the algebraic theory of lattice is out of the scope of this work and is
comprehensively studied in [143]. A complete lattice is defined in Definition 7. In a complete
lattice, there is no restriction on the number of formal concepts which obey the rule of
Definition 6. In other words, for any arbitrary chosen set of formal concepts, there must be an
infimum and a supremum in lattice.

Definition 7 [138] A partially ordered set (P, <) could be considered as a complete lattice if
and only if for any arbitrary set of elements {py, ..., pn} < P, their infimum N\{py,..., pn} and
suprimum\/{p1, ..., pn} exists in P.

This definition must also hold for the most general formal concept T (which is located at top
of the line diagram and groups all the objects of a formal context) and the most specific formal
concept L (which is located at the bottom of line diagram and groups all the attributes of
formal context).

In order to precisely formulate the algebraic properties of a complete lattice, we must consider
definitions of supremume-irreducible and infimum-irreducible. In a lattice, the supremum-
irreducible elements are those from which there exists one and only one edge going downward.
Likewise, the infimum-irreducible elements are those from which there is one and only one
edge going upward. Therefore, the supremum-irreducible elements cannot be written as the
supremum of two other elements, and the infimum-irreducible elements cannot be written as
infimum of two other elements.

We now appeal to a general theorem of [138], which states the completeness of FCA lattice
based on previously provided terminologies and with the support of Definition 7:

Theorem 2 ConsideringK = (X, Y, I) as a given formal context, its corresponding concept lat-
tice B(K) is a complete lattice with the following suprema and infima for any arbitrary set of
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formal concepts {(A;, Bi)li € I} € B(K):

V (A;, B)) = ({(U AD“4, N By)

iel iel iel

A (A1, B) = (N A, (U B

iel iel iel

In a complete lattice we call a set of elements supremum-dense if every lattice element is a
supremum of elements from this set. Likewise, a set is called infimum-dense if every lattice
element is an infimum of elements from this set.

An arbitrary complete lattice L = (L, <) is isomorphic to B(K) if and only if there are mappings
Y:X—L, u:Y —V such that:

e y(X)isinfimum—denseinL
e u(Y)issupremum—denseinL

o y(xX)=u(y) iffIx,y)=1

3.2.4 Reduced Labelling and Galois Sub Hierarchy (GSH)

A concept lattice contains redundant information in the sense that the extent and intent of
all concepts overlap with some of their sub-concepts and super-concepts [137]. To make it
a bit clearer, let us consider only one of the nodes of a complete lattice we earlier defined in
Figure 3.2. For instance, the extent of concept 7 contains all the objects x whose names are
also repeated in its super concepts which are reachable by ascending the path from concept
7. Likewise, its intent contains all attributes that are repeated in its sub-concepts and are
reachable by descending the path from concept 7.

"Reduced Labelling" or "Galois Inheritance Lattice" was introduced in [144] as a solution to
replace each formal concept (A, B) by its reduced form (R(A), R(B)) such that R(A) and R(B)
contain the non-redundant elements in A and B, respectively. It has been proven that for an
object x € A in Galois lattice, there exists a smallest concept y(x) := x4 (x4 containing x
in its extent and for each attribute y € B, there exist a largest concept u(y) = ({ y}d, i y}d} ) with
y in its intent. y(x) denotes the object concept associated to x, and u(y) denotes the attribute
concept corresponding to y.

Figure 3.3a represents the reduced form of the full lattice depicted in Figure 3.2. In reduced
form, the name of any object x is only attached to the node which illustrates the smallest
concept with x in its extent. Likewise, the name of any attribute y is only attached to the node
representing the largest concept with y in it’s intent.

As illustrated in Figure 3.3a, the reduced form of a lattice contains empty concepts having no
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instance in their extent and intent. Depending on the application domain, one might need to
eliminate such nodes since they do not add/introduce any additional information. Bypassing
these nodes yields an abstract structure which is called a Galois Sub Hierarchy (GSH) (pruned
concept hierarchy or a AOC-Poset), and has been widely applied as a data modelling tool in
various domains [145],[146],[147] , [148],[149].

As shown in Figure 3.3b, this canonical sub-order representation of the original lattice is
deduced from Figure 3.3a in which concept 1 and concept 11 are removed due to the empty
R(A) and R(B).

It has been shown that the size of GSH is at most equal to the total number of objects and
attributes. Moreover, an introduced object is inherited from bottom to top and similarly
an introduced attribute is inherited from top to bottom. Due to the difference in size of
Galois inheritance lattice (i.e., returned graph after reduced labeling) and GSH (i.e., returned
lattice after reduced labeling plus removal of concepts with no extent and intent), most of
the proposed algorithms directly generate GSH instead of deriving that from reduced form of
complete Galois lattice.

Many algorithms have been introduced for building GSH, with further comparison discussions
on how they differ in terms of running time and computational complexity [150]:

* Ares [151] is an incremental Algorithm which accepts as input a Galois sub hierarchy
and a new object with set of it’s attributes (Y;,,) and provides the modified version
of an existing hierarchy which includes the new object as well. For doing so, the Ares
Algorithm traverses the initial GSH on each node (with its corresponding set of intent
Yeurrent), and checks if Yyew = Yeurrents Ynew < Yeurrents Ynew 2 Yeurrent OF Yyew and
Ycurrent are not comparable by set inclusion. If the Algorithm fails to find the new object,
it inserts the new object as a new concept to the lattice and binds it to its superclasses
and subclasses.

* Ceres [148] computes both the elements of GSH and its corresponding Hasse diagram
at the same time. First, the Algorithm sorts the columns of a given context based on
their number of cross signs. In the next step, attribute concepts are produced based
on grouping attributes sharing the same extent. Object concepts are also produced for
those intents being covered by intents of the attribute concepts. The Algorithm also
produces edges among extracted nodes on the fly.

e Pluton [150] is a combination of three main successive operations: TomThumb [152]
which generate an ordered list of simplified extents and intents which could be mapped
to linear extension of GSH; ToLinext then merges consecutive pairs consisting of a
simplified extent and a simplified intent belonging to the same concept; finally ToGSH
generates corresponding edges of the Hasse digram of GSH.

* Hermes [146] generates GSH of given formal context in 5 main steps: given a domain
context %, it first removes redundancy from given context by keeping identical rows
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Figure 3.3 — Reduced labeling and Galois Sub Hierarchy of Figure 3.2.(a)Lattice with reduced
labelling, (b) Galois sub hierarchy.
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and columns in a new context called £;. Then, the Algorithm computes domination
relationship ([153]) among columns by deciding which columns are included in which
other columns, and keeps the result in £p,;;. In the next step, %; and Apy,, are
combined and simplified in a sense that no two rows and columns are repeated £;pom.
Finally, the main elements of the Hasse diagram are extracted whose intents are rows of
Aipom and whose simplified labels are the labels of these rows in £;p,;,,. The Hasse
diagram of generated concepts is then constructed.

3.3 Accelerating NextClosure Algorithm

In this section, we discuss our proposed approach for reducing the execution time of one
the well-known FCA algorithms called NextClosure, for generating formal concepts of a given
formal context. Our two-fold approach involves a two-step process. First, we implement
a modified form of NextClosure, named binary-based, which accelerates the process of its
concept forming operators. Second, we take advantage of parallel processing in Python for
implementing the proposed binary-based NextClosure. Our experiments prove that parallel ex-
ecution of binary-based NextClosure significantly reduces the execution time of the Algorithm
for sparse density and high dimensional (in the number of objects) input formal contexts.

Nevertheless, detailed discussion of our contribution in accelerating NextClosure Algorithm
requires an in-depth knowledge of how it performs for generating canonical concepts of
given formal context. The following section provides a general overview of well known FCA
algorithms for constructing formal concepts. Furthermore, a detailed description and imple-
mentation of NextClosure is presented by means of multiple pseudocodes.

3.3.1 Overview of the NextClosure Algorithm

Several algorithms have been proposed for computing formal concepts of a given context. In
general, FCA algorithms are divided into two categories: incremental algorithms [154], [155],
[156], [157] versus batch algorithms such as [158], [159], [160] , [161], [162], [163]. Incremental
algorithms produce, at each step i, the set of concepts and their corresponding diagram. Batch
algorithms, on the other hand, generate concepts and the line diagram for the entire formal
context from scratch.

In [164], the authors studied the main characteristics of various algorithms for constructing
formal concept sets from a binary table. As shown in Table 3.2, the main features of all Algo-
rithms are gathered in a formal context in which each attribute corresponds to the technique
being used to generate concepts by different algorithms. For instance, attributes of columns 2
to 6, are various solutions to avoid generating the same concept multiple times.

In the following we shortly review some of the algorithms used for extracting formal concepts
and the hierarchy between them.
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Attr1 | Attr2 | Attr3 | Attr4 | Attr5 | Attr6 | Attr 7 | Attr8 | Attr9 | Attr 10
Bordat X X
Ganter X X
Close By One (CBO) X X
Linding X X
Chein X X X
Nourine X X X
Norris X X
Godin X X X X
Dowling X X X
Titanic X

Table 3.2 — Properties of FCA algorithms for constructing concept lattices. [164]. Att 1: incremen-
tal; Att 2: uses canonicity based on the lexical order; Att 3: divides the set of concepts into several
parts; Att 4: uses hash function; Att 5: maintains an auxiliary tree structure; Att 6: uses attribute
cache; Att 7: computes intents by subsequently computing intersections of object intents; Att 8:
computes intersections of already generated intents; Att 9: computes intersections of nonobject
intents and object intents; Att 10: uses supports of attribute sets.

Figure 3.4 — Concept Lattice of the context defined in Table 3.2

Bordat follows a tree based top-down approach for retrieving and sorting domain concepts.
Repetitive concept generation can be avoided by efficiently searching tree based structure of
concepts.

NextClosure is proposed by Ganter [138] which computes all intents and extents, and pseudo-
intents of a formal context in a certain linear order called lectic order. The main advantage of
NextClosure is to apply an efficient canonicity test to extract only subset of formal concepts.

Close by One (CbO) [161] follows a similar approach as NextClosure for selecting a subset of
concepts. Its time complexity is however higher than NextClosure due to an intermediate step
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to compute closures more effectively. Different versions of this Algorithm have been proposed
as FCBO (Fast Close By One), PFCBO (Parallel Fast Close By One) [165] which are used for
improving canonicity test and speeding up the process of formal concepts extraction.

Chein has been introduced in [159], where the authors proposed an incremental Algorithm
which iteratively generates a new layer of concepts based on previously constructed pairs of
extent-intent. In each iteration, the intent of new concept is calculated based on intersection
of intents of two existed concepts.

The Nourine Algorithm has also been proposed as a semi-incremental Algorithm which
is based on a lexicographic tree with nodes and edges labeled by concepts and attributes
respectively [166]. Nourine’s Algorithm consists of two sub-algorithms. First, concepts are
incrementally constructed in the form of a concept tree; the tree structure is then used to
construct the line diagram or the lattice.

Dowling proposed [154] another incremental Algorithm for computing what they called
knowledge spaces from two branches of knowledge. The authors argued that their proposed
approach is suitable for integrating different knowledge spaces into a common knowledge
space.

In [164], algorithmic complexity of mentioned approaches is studied for various size of formal
contexts. However, different implementations of various algorithms have their own advantages.
It has been shown that NextClosure is one of the most promising methods for constructing
domain concept as it spends much less implementation time compared to its counterparts
due to efficient canonicity test in each iteration.

As mentioned above, one of the main characteristics of NextClosure is generating concept
intents and extents in lexicographic ordering. This specific mathematical ordering prevents the
Algorithm to check whether each of 2" subset of attributes could be an intent or not. Therefore,
it takes much less time than other approaches for extracting concept intents. The following
definitions and theorems (originally introduced in [138]) are crucial for understanding the
approach of this Algorithm:

Definition 8 Suppose that Y =11,...,n} is the set of positive integer numbers from 1 to n, then
lexicographic ordering among A,B< Y with i €{l,..., n} is defined as following:
A< Biff A<; B for some i, where

A<;BiffieB-Aand An{l,..,i—1}=Bn{l,..,i—1}

Definition9 For Ac Y and i € {1,...,,n}, the closure operator among A and i is defined as
following:
A®i:={(An{l,...i— 1) u{ih4
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Theorem 3 The lexicographic successor of B, where B C Y -also called the least intent greater
than B- is defined as follows:
B* = B®i wherei is the greatest one with B<; B& i

An approach for implementing NextClosure is presented in Algo. 1. In general, the Algorithm
attempts to discover all closures by exploiting lectic ordering. Starting from an empty set &, in
each iteration, a new candidate is compared with previous concept (based on Definition 8)
and if the condition is fulfilled, a new concept is generated by closure operator of Definition 9.

For the sake of clarity and in order to demonstrate how the Algorithm works, consider the
formal context of animals and plants from Table 3.1. The Algorithm always starts with applying
closure operator on a null attribute set and generates the base intent for all subsequent formal
concepts (A = (ohv = ). Now, we should calculate A™ = @ = & @ i where i is the largest
one with A <; A® i. For doing so, we start the test for:

i = {Animal, Plant, Lives on Land, Lives in Water}

and test whether A <; A® i. From the base concept (Y = ({7}, {})), we take the attribute
set, Y = {} and calculate Y @ {Lives in Water} ('Lives in Water’ has the highest position
in columns). First we compute {&} n{Animal, Plant,Lives on Land}= {2}, then we ap-
pend {Lives in Water}and generate {J}U{Lives in Water}={Lives in Water}.
Hence, {T}® {Lives in Water} ={{Lives in Water}d}” ={Lives in Water}. Ac-
cording to feasibility condition in Definition 8,

(D} <rives in water {Lives in Water}

Therefore, theset {Lives in Water}isadded as the intent of next concept in lectic ordering
of set of concepts. Iterating over this process, NextClosure determines all the formal concepts
of the context in Table 3.1. The Algorithm stops when the extracted set of intents is equal to Y
in given formal context.

The implementation of this approach using native Python operators is given in Algo. 2. It is
an almost textual translation of the mathematical definition. This implementation is very
compact and it is particularly well suited for doing theoretical work.

Lexical ordering of the concepts as well as operational complexity of union and intersection
operators in the & operator for generating the next intent from the previous intent could expo-
nentially increase computational complexity of NextClosure. On the other hand, processing
a large and dense data table requires fast algorithms, methods and tools that enhance the
performance of the existing algorithms.

There are multiple dimensions that have to be considered. Very often, data analysis on large
datasets requires some ad-hoc solutions. Therefore, key parts of algorithms should be easily
implementable or at least easily adjustable. In naive implementation of NextClosure, applying
union and intersection operators on the sets of integers is not very efficient from an execution
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Algorithm 1 Generating formal concepts using NextClosure Algorithm [138], [167]

Input: (X, Y, ) # a formal context
Output: {(A;, B;)} # formal concepts with lexic. ordered intents By <... < B)

. By = (@M% #the least intent

i=1

while B; # Y do
B; = (B;)* #replace the current intent B; with the next intent Bl.+ (see below)
A;j=(B)?
i++

end

N a R b

B* = Bo k where k € {1,..., n} is the greatest one for which B<; B& k
Bek=(Bn{1,2,..,k-1}u{knd)”
B <kB’ > keB'\Band Bn{1,2,..,.k—-1}=B'n{1,2,...k—1}

Algorithm 2 Set-based computation of next intent from previous intent in NC.

1: def NextIntent(B): # returns the next intent B from the previous intent B
2 for i from n-1 to O:

3 res = set(range(i)).intersection(B) # computes BN{0,1,...,i —1}
4: B’ = Up(Down(res.add(i))) #returns B & i (full detail is skipped)

5 if LexoLessThan(B,B’,i): return B’ #returnB'ifB<; B’

6: def LexoLessThan(B,B’,i): # check whether B <; B’

7. if i not in B’-B: return False#toseeifi€ B'\B

8: h = set(range(i))

9: if h.intersection(B) == h.intersection(B’): return True
10: else: return False
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time point of view.

To tackle this problem, we proposed a new two-phased approach called parallelization of
binary based NextClosure([58]) which reduces the computational cost of implementing the
NextClosure using binarization and parallelization of codes in the Python environment. The
first step (binarization of NextClosure) deals with implementing the binarized version of the
original. The second aspect (parallelization of binary version) is to show how NextClosure can
be sped up using parallelization techniques by activating all processing cores of modern CPUs.

3.3.2 Binary-based Implementation of NextClosure

The binary based implementation of NextClosure is proposed which speeds up the process
of NextClosure’s concept forming operators based on set-notations without changing the
underlying logic of the Algorithm [58]. In the binary based implementation, we use another
property of Python namely integers of arbitrary length. We can easily see that the set-operators
can be implemented as logical operators on bit-string which are representing set membership
relations. In this implementation an object x € X having attributes y € Y is represented by
a bit-string where each 1 represents the presence of an attribute and 0 the non-presence.
Therefore, an object x € X can be represented as a long integer in Python. This way we
can speed up the execution of NextClosure by skipping unnecessary computations that are
imposed by the nature of set-based calculations.

The main idea is very simple and works as follows. The first step is to interpret each binary
row/column of the formal context K as an integer number expressed in the base 2 numeral
system. For instance, considering the third object (corresponding to the third row of Table 3.1)
is identified by [1,0, 1,0], and we view it as number 1 +4 =5 (reading from left to right provides
20 4+ 22 = 5), because the attributes of this object include 0 and 2. Note that in contrary to the
standard notion, in which the attributes are indexed from 1 to n, in the binary version we
index the attributes from 0 to n — 1 as it makes computation easier.

A formal context K = (X, Y, I) in the binary-based approach is transformed into two vectors
of rows and columns with m and n elements, respectively. In vector of rows, each element
corresponding to one row of the table K indicated by a number. For example, the number
2" —1 corresponds to an object which has all the attributes and number 0 corresponds to an
object which does not have any attributes. Similarly, each element of columns, corresponds to
a column of table I, lies in the range 0 and 2™ — 1.

Such a representation makes many computations easier. For instance, the intersection of the
current intent Bwith 0, ..., i can be easily implemented in binary representation by calculating
the remainder of the division of B by 2. The union operator U with an attribute {i} which is
currently not present can also be easily implemented by adding 2¢. The Algo. 3 summarizes
the functions used for the implementation of binary based NextClosure.
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Algorithm 3 Functions used in NextClosure - Binary approach - Python notation.

1: def Up(A): # up operator, A is a number representing a subset of objects.

2: r = 2%*n - 1#assume that objects within A have all attributes in common
3: for j from O to m-1: #iteration over rows of the table

4: if A & 1 « j:#if j-thbitof Ais 1 (meaning that A contains j-th object)
5 r = r & rows[j] #logical "and" between r and j-th row of table

6: return r

7: def Down(B) : # down operator, B is a number representing a subset of attributes.
8 r = 2%+m - 1#assume that attributes within B have all objects in common
9: for i from O to n-1: #iteration over columns of the table
10: if B & 1 « i:#ifi-thbitof Bis1 (meaning that B contains i-th attribute)
11: r = r & cols[i] #logical "and" between r and i-th column of table

12: return r

13: def LexoLessThan(B,B’,i): # checks whether B <; B’ (lexographic inequality)
14: if i==0: return True
#whether BN {0,1,...i—1}=B'n{0,1,...i — 1}
15 if (B % 2%xi) != (B’ J, 2%%i): return False
# if i belongs to B’ but not to B
16: if not (B & 1 « i) and (B’ & 1 « i): return True
17: else: return False

18: def Oplus(B,1i): # for the computation of B @ i where B indicates subset of attributes
190 if i==0 : r =0

20: else: r = B Y 2%*i#computing intersection BN{0,1,...,i —1}

21: r = r + 2%*xi#union with {i}

22:  return Up(Down(r))

23: def NextIntent (B): # the next intent that is lexocographically bigger than B
24: for i from n-1 to O:

25: B’ = Oplus(B,i) # computing B @ i, starting from biggest i
26: if LexoLessThan(B,B’,i) #if B <; B’ then the next intent is B’
27 return B’

28: def NextClosure(): #returns all the intents of a formal context
29: res = [ ] #anemptylistof intents
30 Y = 2%xm - 1# corresponding to the set of all attributes

31: B = Up(Down(0)) # the least intent corresponding to (@)hu

32 res.Append(B) # store the least intent

33: while B != Y do: #until the current intent is not the set of all attributes
34: B = NextIntent (B) # replace the current intent with the next one

35: res.Append (B) # store the next intent

36: endwhile
37: return res
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3.3.3 Parallel Implementation of Binary-based NextClosure

Parallel computing is gaining high interest from different researchers and there is a huge shift
in many hardware manufacturers to improve computing power of their devices by developing
processors with multiple cores. Therefore, many researchers in different domains are develop-
ing new ideas on re-designing algorithms which could fully utilize the power of multi-core
systems.

Parallelization of formal concepts extraction has been also widely studied in the past years. In
[168], authors proposed a parallel Algorithm based on the closure search space partitioning
for computing formal concepts. In their proposed method, dividing the closure search space
into several subspaces is based on some predefined criteria. An intermediate structure is also
employed in order to recognize the valid subspaces (i.e. the subsets having higher probability
to generate formal concepts) and efficiently search for closures. The parallelization is then
applied on independent task of searching formal concepts in subspaces. The authors only
provided the mathematical formalism of their approach and no implementation is presented.

In [169], a new NextClosure-based Algorithm called ScalingNextClosure has also been proposed
to extract the formal concepts in a partitioned search space. Their proposed Algorithm has
two main steps: 1) determining potential partitions, 2) generating formal concepts within each
partition using the original NextClosure Algorithm. They have argued that the since concept
forming process could be independently applied on each partition, the parallelization of for-
mal concepts extraction can be directly achieved by decomposing the search space. However,
their work does not consider the evaluation of context density in the final performance and not
enough information is provided regarding number of computers being used, environmental
configuration and etc.

A complementary work of [169] is done in [170] in which the authors exhibit a new strategy for
creating a formal context by considering workload balancing among nodes. Their proposed
Algorithm calculates the workload for each node based on the number of attributes in the
formal context as well as the maximum size of each partition.

A similar work is also in [171] in which a parallel version of the Algorithm being presented in
[172] and [173] is proposed. Their proposed Algorithm is very similar to the famous Close-
by-One Algorithm ([174]) with a recursive procedure for computing formal concepts. In
the proposed recursive approach, each node generates a disjoint set of formal concepts by
simulating the sequential procedure. However, the authors have not mentioned which data
structures are used for implementing the Algorithm.

On the other hand, authors in [175] have presented a slightly different approach for construct-
ing concept lattice based on divide and conquer strategy. Their strategy is to generate a full
lattice by merging partial lattices (applying Cartesian product on each pair of partial lattices).
At the core of their strategy, a new technique has also been proposed to identify invalid nodes
and they claimed that this approach largely outperforms classical NextClosure in the sense
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that it could rapidly identify invalid nodes. However, no result has been shown on how their
Algorithm behaves compared to original NextClosure.

The main contribution of our work in parallelizing concept formation using NextClosure relies
on simulating a binary-based version of NextClosure on each available core of a multiprocessor
machine. However, although it might not be the best parallel implementation, it fulfills the
required flexibility for the algorithms to maintain the possibility of their easy adjustment
to new situations. It has been shown that parallel computation can significantly speed up
the execution even further, especially for large datasets. Finally, the effect of the number of
processors being involved in processing on the time spent for the execution is studied. We
show that the time required for the execution decreases as the number of cores increases. This
is particularly important for the analysis of Big Data.

To show the implementation of a parallel version of the binary-based NextClosure Algorithm,
we decided to illustrate how to parallelize the up operator. This parallelization is straightfor-
ward as discussed in the following.

Algorithm 3 shows that the up operator requires an iteration over all the objects corresponding
to the rows of the binary table for a given formal context. For large datasets, this iteration
could be very time-consuming. Using all available cores can speed up this operation (that
is frequently used in the NextClosure implementation) by simply asking each core to iterate
over a subset of rows. In other words, we split the binary representation in equal chunks
and send them to workers. Once the processing of each worker is finished, the results of all
workers are merged to return the final output. This simple technique can significantly seed
up the execution time. The Python code for how the up operator can be parallelized in the
binary-based version is given in Algorithm 4. Although the full details of the implementation
are not provided, it gives an idea of how to parallelize the up operator in the NextClosure
Algorithm.

Algorithm 4 Parallelization of the up operator in the binary-based code.

1: def UpParallel(worker, A): > each worker is assigned to a core

2: Results = [worker.apply_async(Up, args=(A, RowIndexStart, RowIndexEnd))
for core in range(NumberOfCores)] > each worker is responsible for processing a
chunk of table

3: Y =2%xn - 1

4: for res in Results:

5: Y=Y & res.get() > merging the results obtained by workers
6: return Y

~

: with multiprocessing.Pool (NumberOfCores, Func, FuncArg) as workers:
8: NextClosure(workers) > execute NextClosure using all workers

The following comparisons are conducted to show the behaviour of the proposed approach
for a wide range of context size. For the sake of implementation, a machine with the following
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specifications is used: 1x AMD64 with 8 core Processor @ 3.11 GHz, RAM: 16 GB, OS: Windows
10 Pro.

Figure 3.5 shows that the time required for the execution using the binary-based approach
is less than set-based version. Moreover, the difference between corresponding execution
times increases as the number of objects increases. That means the significance of binary
computation in reducing the required time for the NextClosure execution is highlighted es-
pecially for large datasets with large numbers of rows/columns. We further compared our
binary code with the concepts module written in Python ([176]) that is frequently used to
analyse formal contexts. Table 3.3 reports the average time spent for executing NextClosure
on different-sized datasets. The results are averaged over 5 different simulations. It clearly
shows that the binary-based approach is much faster than the concepts module, even for small
datasets. These numbers should not be considered as an absolute comparison, because both
implementations are aiming at very different targets. The intention is only to show that our
basic implementation is quite efficient, which also underlines the importance of the parallel
results, since we compare them with a quite efficient sequential Algorithm.
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Figure 3.5 — The binary-based execution (blue curve) of the NextClosure Algorithm requires less
time (vertical axis) than its set-based version (green curve). The number of attributes in this
simulation is set to 15 and the number of objects (horizontal axis) is varied from 300 to 900.
Each simulation is repeated 5 times with different datasets to make sure that the result is not
biased by the choice of the binary table. The dots on the curves indicate the mean spent time
and the error bars indicate the corresponding standard deviation.

The next comparison, shown in Figure 3.6, is conducted to investigate whether parallel pro-
gramming can speed-up the NextClosure implementation and if yes, under which conditions.
The expectation was that if the number of rows is sufficiently large, parallelization has a pos-
itive effect in reducing the time required for NextClosure executions. This, however, might
not be the case if the dataset is too small. The reason is that task distribution between the
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Table 3.3 — Average time required for executing NextClosure using binary-based and Python
module concepts.

Spent time [s] for executing NextClosure
Table size Binary- concepts Mod-
based ule
10 x5 0.0004 0.0013
20 x 10 0.0055 0.0257
50 x 10 0.0180 0.2309
100 x 10 0.0365 1.0131
200 x 12 0.2316 12.368
300 x 15 1.2937 140.37

available cores is also time-consuming. Therefore, it might not be reasonable to spend some
time for task distribution over available cores when a sequential approach can handle the task
itself in a very short amount of time. The same argument can be used for explaining why we
did not parallelize the down operator since the number of attributes in our examples is not
big enough. The hypothesis is tested by executing the NextClosure Algorithm on databases
with 15 attributes; but with several number of rows ranging from 3000 to 9000. As depicted
in Figure 3.6 the average time spent for executing NextClosure using the proposed parallel
approach (with all the 8 cores of the machine) is less than for the best sequential approach
when the number of rows is bigger than roughly 4200. When the number of rows is small, the
sequential approach takes less time in average.

Finally, in order to see how the time required for the NextClosure execution varies as a function
of the number of cores involved in processing, we applied NextClosure using different numbers
of cores. Figure 3.7 shows that when the number of rows corresponding to the number of
objects in a dataset reaches a certain level, then the time required for NextClosure decreases as
the number of cores increases. This makes sense because parallelization in general speeds up
the execution. This statement is, however, not always true. In the case when the number of
objects is small the execution time goes up with the number of cores. This is because that the
task distribution among the cores is time-consuming and this time actually increases with the
number of cores.

3.4 AProposed Hybrid Approach for Constructing Concept Lattice

In addition to formal concepts, concept lattices are frequently used for knowledge representa-
tion [177] and data mining [178] especially for transforming data into human understandable
structures.

Many studies have been conducted on the construction of concept lattices from binary relation.
Essentially not all of the proposed algorithms are originally designed for computing both
concepts and the Hasse diagram. Bordat’s [158] and Godin’s [179] algorithms, for instance, are
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Figure 3.6 — Parallel versus sequential execution of the NextClosure Algorithm. The time (vertical
axis) required for the parallel execution of NextClosure (blue curve) is less than the time needed
for our best sequential implementation (green curve) if the number of objects is sufficiently big
(here > 4200). The figure depicts the average time spent for executing the NextClosure Algorithm
on databases with 15 attributes and different number of objects (horizontal axis). Each database
is created artificially as a binary table whose elements are independently chosen as 0 and 1
with probability 0.5. Each simulation is repeated for 5 times. Error bars indicate the standard
deviation of the corresponding spent times.

designed to generate both the formal concepts and the concept lattice. NextClosure, on the
other hand, requires an additional effort to build the line diagram of generated concepts.

In [166] the authors proposed an efficient Algorithm called Nourine Algorithm, which can be
used for building lattices in a general framework. The authors argued that this model improves
algorithms [159, 157, 158, 179, 155] for Galois lattice generation as well as [180] for building
Dedekind-MacNeille completion and [181] for maximal antichain formation from a partially
ordered set.

However, the Nourine Algorithm is suitable for both, generating formal concepts and building
concept lattices, and is fast in building concept lattices compared to many other algorithms,
NextClosure is still the most sophisticated method for concept generation due to it’s deeper
insight to avoid redundant generation.

To utilize the benefits of the NextClosure and Nourine algorithms together, we propose a hybrid
approach which combines the advantages of NextClosure (for generating formal concepts)
and of the Nourine’s Algorithm (for building concept lattice) [57]. It has been shown through
the implementation that especially for a dense formal context, such a hybrid model usually
outperforms pure NextClosure and pure Nourine.
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Figure 3.7 — Parallel execution of the NextClosure Algorithm using different number of cores.
Three databases with 15 attributes and different number of objects are chosen. Increasing the
number of cores reduces the time spent when the number of rows is sufficiently large (red curve
corresponding to 10,000 rows). If the number of rows is not big enough (blue curve with 1,000
rows), the time spent increases with the number of cores. This is because the time required for
task distribution over the cores itself is not negligible. For the intermediate number of rows
(green curve with 5,000 rows) the time spent lies between the two extremes. Once again each
dataset is created artificially as a binary table whose elements are independently chosen as 0 or
1 with probability 0.5. Each simulation is repeated for 5 times. Error bars indicate the standard
deviation of the spent time.

Nourine is an incremental Algorithm for building concept lattice of a given formal context
K = (X, Y, ]) in two main steps:

1. Generating the family & = {(F;,y(F;))} in a lexicographic tree format (Algo. 5): This
Algorithm receives as the input a basis 2 = {X\y% | y € Y} as a set of subsets of objects,
and returns a set of pairs {(F;,y(F;))} which is isomorphic to the set of formal concepts
{(A;, Bj)}, calculated by NextClosure. Algo. 5 returns the list of all extent complements
X\ A; and the list of all intents B; named F; and y(F;), respectively.

2. Computing covering relations of elements & Algo. (6): In the second step, Algorithm
benefits from the lexicographic tree of the family & from the previous step to calculates
the adjacency lists ImSucc of the covering graph. It has been proven that the computed
adjacency lists of the covering graph by Nourine is isomorphic to the Galois lattice of a
formal context.

Let us consider the given context of Table 3.1. For simplicity, we renamed rows and columns
and the alternative table has been generated as shown in Table 3.4. Based on definition,
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Algorithm 5 Generating formal concepts using Nourine Algorithm [166], [182]

Input: (X, Y, I) # a formal context
Output: {(F;,y(F;))} # a family of pairs describing formal concepts

1: B = {X\yd | ye Y} #the basis: a set of subsets of X
2. & ={@} #theroot of lattice

3: for each Bin % do

4: foreach Fin & do

5: F'=FuB

6: ifF¢esF

7: F =FU{F'} #append F to F

8: y(F")=y(F)ul{yg} #notethatB=X\(yp)?and ypeY
9: end
10: end
11: end

Algorithm 6 Building concept lattice using Nourine Algorithm [166, 182]

Input: & = {F;}, {y(F;)}, 2 # basis 9 and the family of pairs {(F;,y (F;))}
Output: {ImSucc(F;)} # immediate successors of {F;}, i.e., ImSucc(F;) — F;

1: for each F in & do
2 count(F)=0

3: foreach Be Z\%Brdo #we define By = {X\y%|yey(F)}
4 F'=FUB

5: count(F)) ++

6 if |[y(F)| = count(F') +|y(F)|

7 ImSucc(F) = ImSucc(F) U {F"}

8 end

9: end

10: end
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Ila|/b|c|d
1 |x X
2| x X
3 X | X
4 X | X
5| x X
6 X X
7 X | X|X

Table 3.4 — Animal and planet formal context 3.1 with simplified name of rows and columns.

P = {a = {3467},b = {125},c = {66},d = {1234}}. Considering: F 5 = {UBdBII c 93}, the
family: & = {{}, {3467}, {125},{1234567}, {56}, {34567}, {1256}, {1234},
{123467},{12345},{123456}} is then calculated for the given basis. As explained, each element
g is represented by a pair (F,y(F)) where y(F) = {B € #|B < F}. For instance, y ({34567} =
{ac}) where a, c are elements of basis 28. For the purpose of the tree based representation of
the extracted family, for each element F = {34567} of 4 with a < c, the Algorithm associates
a path from the root to a marked node in the tree. Each marked node is considered as a fix
point in the corresponding Galois lattice. The tree representation of the constructed family is
shown in Figure 3.8.

abcd

Figure 3.8 — Nourine lexicographic tree of generated family %g. For each F € %4 a path from
root to a circled node is associated and tagged with values of F. Its corresponding circled node is
also tagged with y(F).

The corresponding concept lattice of (¥4, C) is generated based on computing the adjacency
matrix which stores information on the selected covering element for each F < 4. For each
element of g, one successor is chosen from list of candidates (all belong to &) that satisfies
the following condition in Theorem 4 ([166]):
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Chapter 3. Building Cornerstone of Ontology from Concept Lattice

Theorem 4 LetF,F' € & such that F c F'. Then F' is immediate successor of F (F < F') ifand
only if{By\ F = By \ F|VBy, B, € A(F', F)}.

In the theorem above, for each pair of elements (F', F) from F g, we have A(F', F) = y(F') \'y(F).

The corresponding Galois lattice of the lexicographic tree presented in Figure 3.8 is shown in
Figure 3.9. Note that the generated Galois lattice by Nourine is isomorphic to the lattice in
Figure 3.2 such that the intent of each node in Figure 3.9 is equivalent to its corresponding
node in Figure 3.2. Nourine’s auxiliary tree structure enormously speeds up the process of
constructing the concept lattice for the extracted concepts of the given formal context.

[l

123467

becd
123456

abcd
1234567

Figure 3.9 — Nourine’s Generated Galois lattice of the lexicographic tree in Figure 3.8. Note that
this lattice is isomorphic to the lattice of Figure 3.2

As discussed above and shown in Algorithm 1, NextClosure computes all fixpoints of an
arbitrary closure operator in a lexicographic order. It is however, not designed to generate
the corresponding concept lattice. We have extended the original NextClosure Algorithm
to generate the corresponding concept lattice of a lexicographically ordered set of intents.
For doing so, an adjacency matrix M (with size p x p where p is size of extracted intents) is
created to indicate which concepts are adjacent. We set M(i, j) =1if C; — C; and M(i, j) =0
otherwise.

In the following we assume that all formal concepts of a given context are available and so
we have access to the list of all intents {Bj, ..., Bp}. If the formal concepts are generated by the
NextClosure, the list of intents are lexicographically ordered. Without loss of generality, we can
assume that the intents are sorted as follows:

By < By <..<Bp,
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where By and B, correspond to the attributes of the most general concept C, and the most
specific concept Cp, respectively. Thanks to the lexicographically ordered intents, a concept C;
is never a super-concept of C; (i.e., Cj £ C;), if j < i. This is because B; is never a subset of B;
when Bj is lexicographically less than B; (i.e., Bj < B; = Bj # B; = C; A Cj, Yj <i). (Further
details about lexicographically ordered sets and their properties is presented in [167].)

A direct consequence of the statements above is that the entries of the adjacency matrix M (i, j)
for all j <i are 0. In other words, the adjacency matrix M is an upper-triangular matrix. Note
that if we did not have access to the list of lexicographically ordered intents, we could not easily
argue that the lower triangular entries of the adjacency matrix M are all zero. This feature
significantly speeds up generating concept lattices using naive methods, because we do not
need to spend time for calculating half of the entries of the adjacency matrix M. However,
even by using this trick we will show later that it does not outperform Nourine’s Algorithm for
building concept lattice.

Algorithm 7 illustrates how concept lattices can be built using lexicographically ordered intents
calculated by NextClosure. In summary, if j < i, we set M (i, j) = 0 and for the rest of the entries
in the adjacency matrix (i.e., for j > i), we set M(i, j) =1 (i.e., C; — Cj) only if three conditions
are simultaneously fulfilled:

1. j>i
2. BiCBj

3. No other B, exists such that B; c B;,, € B;

Although generating formal concepts is significantly sped up by lexicographically ordered
intents (as it is the case in NextClosure), naive methods for building concept lattices (from
those calculated formal concepts), e.g. Algorithm 7, is not the most efficient method. This is
because NextClosureis originally designed for generating formal concepts and not for building
concept lattices. In contrast to NextClosure, Nourine’s Algorithm was originally designed for
building lattices including the concept lattice, although it can also be used for generating
formal concepts.

NextClosure relies on a list of intents which are lexicographically ordered, the Nourine Algo-
rithm on the other hand, does not provide an ordered list of intents at all. Therefore, the
Nourine’s Algorithm is not as fast as NextClosure for generating formal concepts. However,
due to the maintenance of an auxiliary tree structure for representing the formal concepts,
Nourineis one of the most efficient algorithms that currently exist for building concept lattices
(see [166, 182] for more information on Nourine’s Algorithm).

Our proposed hybrid model (Algorithm 8) benefits from the advantages of both NextClosure
and Nourine. It generates the set of formal concepts {(A;, B;)} using the NextClosure 1 and then
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Algorithm 7 Extended NextClosure for constructing concept lattice using lexicographically
ordered intents. NextClosure.

Input: a list of lexicographically ordered intents By < By <...< B,

Output: a p x p adjacency matrix M, where M(i, j) = 1 indicates C; — C;

1: M(i,j)=0, Vi,j

2. fori=1:pdo

3: temp=|[True,.., True] #alistof pBoolean True
4. forj=i+1:pdo #we onlyneed tocheckforj>i

5 if templjl == False # there was an m < j such that B; < B,  B;
6 jump to the next j

7: ifBl' ¢Bj

8 jump to the next j

9 fork=j+1:pdo

10: If Bj < By #if the condition is true then B; € Bj < By = M(i, k) =0

11: templk] = False #to prevent unnecessary check for M(i, k) with k > j
12: end

13: M, j)=1

14: end

15: end

transform it to a set of {(F;,y(F;))} using F; = X\ A; and y(F;) = B;. Then it applies Nourine'’s
Algorithm 6 on the set {(F;,y(F;))} to build the concept lattice.

Algorithm 8 Generating formal concepts and the concept lattice using hybrid Algorithm.

Input: (X, Y, I) # aformal context
Output: a p x p adjacency matrix M, where M(i, j) = 1 indicates C; — C;

M(i,j)=0Vi,j

Generate formal concepts {(4;, B;)} using NextClosure Algorithm 1
Create a set {(F;,y(F;))} = {(X\A;, Bj)}

Find {ImSucc(F;)} using Nourine Algorithm 6

M(k, i) =1forall F, € ImSucc(F;) # Fisconnected to Fj,i.e., F — F;

a ok en

We first illustrate that the concept lattices generated by Algorithm 7 (Figure 3.10) and Algorithm
6 (Figs 3.11) for a given formal context (X, Y, I) (Table 3.5) are isomorphic. Each formal concept
in these two figures are represented by an ellipse. Note that each red ellipse in the lattice
of Figure 3.11 corresponds to a blue ellipse in the lattice of Figure 3.10 with (F;,y(F;)) =
(X\A;, B)).

We then compare the time spent for generating formal concepts and building concept lattices
using the different algorithms mentioned before. For this purpose we created a variety of
artificial formal contexts with different size and sparsity (see Table 3.6).

Figure 3.12 clearly shows that NextClosure requires much less time than Nourine for generating
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Table 3.5 — A formal context with the object set X = {0,1,2,3,4} and the attribute set Y =
{a,b,c,d,e}. For this formal context, the corresponding basis that is given as input to the
Nourine Algorithm is B = {X\y? | ye Y} = {{0,2,3},11,3,4},{1,2,3},{0,3,4},{1,2,4}}.

I(xy) a b C d e
0 0 1 1 0 1
1 1 0 0 1 0
2 0 1 0 1 0
3 0 0 0 0 1
4 1 0 1 0 0

Table 3.6 — List of formal contexts, created artificially, that are used for the comparisons. Here,
Density determines the fraction of 1 in the corresponding binary table.

Formal Contexts
Name | Objects | Attributes | Density
D1 25 26 50%
D2 26 17 76%
D3 500 15 30%
D4 1000 20 15%
D5 1000 15 60%
D6 2688 30 11%
D7 500 15 60%
D8 600 15 50%
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([0,1,2,3.4].[D

//l\

([0,31.['=D ([0,2],[vD (0,41, [e¢D ([1,21.[4D (1,41, [aD
([0]. [b','¢', 'eT) (21, [v','d) ([4].[a. e ([1], [a',"d7y

(0.ra, b, e, 'd, eT)

Figure 3.10 — The concept lattice in Table 3.5 generated by Algorithm 7 using lexicographically
ordered intents derived using the NextClosure Algorithm 1. Each concept C; is represented by
a blue ellipse and contains its corresponding (extent, intent), i.e., (A;, B;). The very top ellipse
corresponds to the most general concept and the very bottom one corresponds to the most specific
concept.

Figure 3.11 — The concept lattice in Table 3.5 generated by Nourine’s Algorithm [166]. Each
concept C; is represented by a red ellipse and contains its corresponding (F;,y(F;)). Note that
this lattice is isomorphic to the lattice of Figure 3.10. Note also that each red ellipse in this lattice
corresponds to a blue ellipse in the lattice of Figure 3.10 with F; = X\ A; and y(F;) = B;.

formal concepts. This difference gets bigger when datasets are getting bigger.

Figure 3.13 shows the time spent for building the concept lattices using the Nourine Algorithm
6 and the Extended NextClosure Algorithm 7 (that uses formal concepts calculated by NextClo-
sure). Results indicate that Nourine performs much better than its counterpart. Note that the
time reported for building concept lattices is only for the calculation of the adjacency matrix
and not drawing the graph.

Although NextClosure performs faster than Nourine for generating formal concepts, Nourine
builds the concept lattice much faster than Extended NextClosure. Therefore, the pure Nourine
(algorithms 5, 6) outperforms the pure NextClosure (algorithms 1, 7). The hybrid model
(Algorithm 8, or equivalently algorithms 1, 6), however, can compete with the pure Nourine
(see Figure 3.14). That means, although as our results show the hybrid model not always
outperforms pure Nourine, we can see that for large datasets with high density (i.e., a large
percentage of 1 in the binary table of the corresponding formal context), the hybrid model

68



3.5. Conclusion

surpasses the pure Nourine Algorithm. Therefore, in the context of Big Data and depending
on the characteristics of the formal context (such as the density), it might be worth to first
generate formal concepts using the NextClosure Algorithm, and then to build the concept
lattice using Nourine's Algorithm. Our prediction is that for very big datasets with large density,
the hybrid model surpass the pure Nourine Algorithm while for very large datasets with low
density, the pure Nourine Algorithm outperforms the hybrid model.

35
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25| |EEE NC
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Figure 3.12 — The average time spent for calculating formal concepts using the NextClosure
Algorithm 1 (blue) and the Nourine Algorithm 5 (red) for different datasets in Table 3.6. Error
bars indicate the standard deviation (each implementation is executed 5 times with a different
random dataset).
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Figure 3.13 - The average time spent for building the concept lattice using the Nourine Algorithm
6 (red) and the Naive Algorithm 7 (blue) for some of the datasets in Table 3.6. Error bars indicate
the standard deviation (each implementation is run 5 times with a different random dataset).

3.5 Conclusion

In this chapter we described one of the major components of the proposed ontology learning
pipeline from textual data. We demonstrated how FCA can be used to extract formal concepts
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Figure 3.14 — The average time spent for both generating formal concepts as well as building
concept lattices using pure NextClosure (Algorithms 1, 7) (blue), pure Nourine (Algorithms 5,
6) (red) and our proposed hybrid Algorithm 8 (green), for different datasets in Table 3.6. Time
for pure NextClosure is not reported for datasets D5-D8 because it was shown to be more time
consuming than pure Nourine and the hybrid model for large datasets.
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as well as the hierarchy between them. The next step was then to further process the concept
lattice in order to get a more suitable reduced form (i.e., GSH) to be used as the cornerstone
of the ontology (which will be described in next chapter as the third phase of our processing
pipeline).

The key methodology we used in this chapter was FCA, where we described two of the most
well-known algorithms for extracting formal concepts as well as building concept lattices
such as NextClosure and Nourine. We further proposed solutions to speed up the processing
time using binarization and parallelization of the NextClosure Algorithm. We also proposed a
hybrid model where we could benefit from the advantages of both NextClosure and Nourine
for the purpose of formal concept extraction, and lattice generation, respectively. Throughout
this chapter, we also reviewed previous works on FCA and its significance for addressing many
challenge in the domain of data analysis and knowledge representation.
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Ontology Engineering Based on
Prominent Mapping Rules

"You can get significant analytical lift when you
combine information from the variety of sources
available to you"

- Seth Grimes

4.1 Overview

In this chapter, the aim is to propose a methodology for building an ontology using Galois
Sub Hierarchy (GSH) [145],[146],[147] , [148],[149] that was derived from a formal context.
In the last two chapters, it has been shown how the most relevant statements within a text
corpus can be extracted, and how a formal context can be further transformed into a GSH,
respectively.

To build an ontology from a GSH, we need to identify and provide all other components
whose presence is needed for having a well-formed ontology. In this chapter we will start
with reviewing some background information about ontology, and then we will introduce our
methodology for how to convert a GSH structure to an ontology based on a set of proposed
mapping rules. The built ontology is then further completed using triplets of interest that have
been extracted from text.

4.2 Ontology: Background and Context

4.2.1 An Introduction to Ontology

The term ontology is raised from philosophy and explains the nature of reality to address what
exists in a specific domain [Wikipedia]. In computer science, however, it means a model for
describing a domain consisting different concepts, properties and relationships between the
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Chapter 4. Ontology Engineering Based on Prominent Mapping Rules

concepts in the form of directed graphs.

Among other definitions, [183] has defined ontologies as a "formal, explicit specification of a
conceptualization”. There exists two major components in this definition: specification and
conceptualization. "Explicit specification of a conceptualization" means that an ontology is
a formal description of the main concepts and relationships that could exist for an agent or
among a community of agents.

The word conceptualization represents the intentional semantic structure which encodes the
implicit knowledge constraining the structure of a piece of a domain. Specification, on the
other hand, is used for making ontological commitments that are defined as an agreement to
use a vocabulary with which queries and assertions are exchanged among agents and grants
the consistency for communication. This definition also requires the name of the concepts
and also how they are connected to each other to be explicitly defined with a rich formal
language such as Web Ontology Language (OWL) [184].

Hierarchical classification of domain specific items in the form of subsumption relations
(also called taxonomical relations) generates the backbone of any ontology. The usefulness
of ontology, is however, beyond structuring the concepts in a hierarchical manner and is to
express a set of axioms and restrictions which enable inference of additional knowledge and
implicit relationships. Nevertheless, the term ontology is most often confused with taxonomy
and thesaurus. This misunderstanding is mainly caused by diverse approaches for metadata
management in a specific domain. To resolve the ambiguities between different terms and in
order to create a shared vocabulary for better communication and collaboration, the authors
in [185] classified different types of knowledge base systems based on their inherent structure
and types of content.

. Thesaurus Ontology
- Taxonomy Lattice £
List -
Less Complexity More
Concepts Concepts, Concepts. Concepts,
) Hierarchical . I Concepts,
o Formal Hierarchical Formal hierarchical
e 107 P .- 5 b - i L A
reiations hierarchical relations, B
L p i relations,
relarions ssociaiive Formal associative
relaions 1.
relations,

Inference rules

Figure 4.1 - Structural complexity of Knowledge Base Systems. ([185])

Knowledge based systems may have different levels of complexity. As illustrated in Figure
4.1, lists are at the simplest end of the spectrum as they solely contain linearly organized
items and their corresponding attributes. Taxonomies on the other hand, have a hierarchical
structure being composed from several is-a abstractions among domain items and their
attributes. Therefore, as a restriction, they may not necessarily comprise a comprehensive
domain knowledge. A formal representation of a taxonomy by describing domain objects in
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terms of their corresponding attribute set is called lattice. High level mathematical rigour of
the lattice enables a taxonomy to be manipulated using FCA. A detailed overview around FCA
and lattices is provided in previous chapter. Thesaurus could be considered as an extension
of a taxonomy in which further enhancements are offered such as integration of semantic
relationships as well as a definition of equivalence of specified domain items. It performs
beyond hierarchical relationships and is intended to contribute to the reasoning power that is
to be built into the applications. Ontologies are located at the rightmost side of the spectrum,
as they are more complex than their counterparts. They extend knowledge base systems
beyond controlled vocabularies, make intensive use of axioms for specification, and enable
software agents to exchange, share, reuse and reason about the concepts and relations based
on inference rules in the form of meta-relations, constraints, and conditional rules.

Despite the fact that a complete set of inference rules and a collection of structured infor-
mation is highly required from computers to be able to conduct automatic reasoning, fully
automated ontology learning is still not an easy task in real world problems. Hence, the
majority of ontology learning systems mainly rely on creating lightweight ontologies for a
wide variety of applications such as knowledge management, data integration and document
retrieval [186], [187].

4.2.2 Ontology Learning Languages

Expressing domain concepts, relationships and axioms in a formal machine readable language
is a crucial task in ontology learning. In this regard, an ontology language is required to encode
the captured information about a specific domain into ontology and must be amenable for
automated processing. Description Logic (DL) [188] is a family of knowledge representation
languages that is mostly used for modelling ontologies, because it provides a logical formalism
for Web Ontology Languages as standardized by World Wide Web Consortium (W3C) [189]. It
helps to model the relationship between three kinds of entities in a domain of interest. These
entities are respectively called concepts, roles and individual names. Concepts represent sets
of individuals, roles represent binary relationship between the individuals, and individual
names represent a single individual in that domain. Description logic is in fact a prominent
paradigm for knowledge representation and reasoning.

We clarify the statements above by providing an example. Assume that we have an ontology
that is defined in the context of animals and their types of species. It uses concepts such
as Birds to represent the set of all birds and Mammals to represent the set of all individuals
classified as mammal. For instance, elephant and eagle can be represented as individuals
belonging to the class Mammals and Birds, respectively. Moreover, a role such as isEating
is used to represent the relationship between animals and their foods. For example isEat-
ing(elephant,grass) indicates that elephant (as an instance of Mammals) is related to grass (as
an instance of Foods) via relation isEating.

Description Logic consists of a set of statements called Axioms. There are three important
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groups of axioms in DL called (i) assertional axioms (ABox), (ii) terminological axioms (TBox)
and (iii) Relational axioms (RBox). ABox axioms represent the knowledge about individuals.
This knowledge consists of the concepts that individuals belong to, and their relationships
with other individuals. Concept assertions are among the most common ABox axioms. In our
example Mammals(elephant) asserts that the individual named elephant is an instance of the
concept Mammals. Using Role Assertion, we can define relations among named individuals.
For instance isEating(elephant,cabbage) states that "elephant isEating cabbage". Likewise,
TBox axioms describe relationship between defined concepts. The fact that all Mammals are
Animals is expressed by the concept inclusion Mammals € Animals which means concept
Mammals is subsumed by concept Animals. Using these kinds of formatting for representation
of knowledge simplifies inferring further facts about named individuals (i.e. "elephant is an
Animal" can be implicitly deduced, although it may not be explicitly expressed earlier. RBox
axioms are used for modeling relationships between the roles.

Although DL covers variety of constructors for building complex concepts from simpler ones,
it provides a few number of constructors for creating complex roles such as role inclusion, role
equivalence and disjointness. But on the contrary, it has been used for development of other
languages with richer axioms such as Web Ontology Language (OWL). OWL can be considered
as the most important application of DL [184], [190] which exploits the strength of DL such as
practical reasoning techniques and adds new set of axioms like the range and domain to the
ontology properties. Another interesting feature of OWL, that is missing in DL, is called Keys
which can be used for data integration. Similar to key constraints in databases, we can specify
that two named individuals are supposed to be equal if they agree on certain property values
and class memberships by using those keys. Moreover, OWL provides a mean for naming
an ontology and interchanging ontological axioms between two ontologies. A characteristic
which is not present in DL at all.

OWL contains three main sub languages called OWL Lite, OWL DL and OWL Full [184]. OWL
species have different levels of semantic expressivity, various set of constructs and reasoning
complexity. As discussed in [184], OWL Lite supports only simple constraints such as binary
(0 and 1) cardinality and can be used to express taxonomy in a domain. OWL DL on other
hand, supports high level of expressiveness while preserving computational completeness and
decidability which enables a reasoner to infer new implicit knowledge from data. However, it
has restrictions such as an ontology class can not play the role of class (as subclass of other
classes) and an individual (instance of another class) at the same time. OWL Full is suitable for
users who need maximum expressiveness and also syntactic freedom with no computational
guarantees. Thus, no reasoner can support complete reasoning over all features of OWL Full
since there is no guarantee over completeness of OWL Full implementations.

Choosing among OWL sub languages is highly dependent on the application domain and may
vary across domain requirements. The major difference among OWL Lite and OWL DL lies in
the level of expressiveness constructs. On the other hand, depending on the requirement for
meta modelling over ontological classes, users may or may not move from OWL DL to OWL
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Full.

Definition of the main components of an ontology is the same over all OWL sub languages. An
OWL ontology consists of:

* Classes: which describe the main concepts in a domain. An OWL ontology class may
have multiple subclasses representing more specific domain concept.

* Properties: OWL properties are either object properties to describe relations between
classes and relate an object to another object, or datatype properties to describe individ-
uals of classes and relate domain objects to data type values.

* Restrictions: are defined as formal descriptions indicating the conditions to be met by
asserted expressions in order to get accepted by the reasoner.

» Axioms: are a set of constrains describing ontological classes and valid types of relation-
ships among them. They must be defined with a high level of expressiveness in order
to permit additional knowledge extraction by the reasoner and to add semantics into
ontology.

4.2.3 Reasoningin Ontology

Reasoning over ontologies and knowledge bases is the main motivation for formal represen-
tations of a domain of interest. By reasoning, we mean deriving implicit facts which are not
explicitly expressed in an ontology or a knowledge base. In the following, we have summarized
the major tasks that must be done by a reasoner [191]:

* Feasibility of ontology concepts: determines if the descriptions of the extracted concepts
are not contradictory, i.e., checking whether an individual can exist as an instance of a
defined concept. A concept is unsatisfiable, if no individual can exist that would be an
instance of that concept.

* Subsumption of concepts: determines whether concept C subsumes concept D, i.e.,
whether the description of Cis more general than the description of concept D.

* Consistency of ABox with respect to TBox: determines whether individuals in ABox do
not violate descriptions and axioms described by TBox.

* Individuals verification: checks whether the individuals are instances of concepts.
* Retrieval of individuals: finds all individuals that are instances of a concept.

* Realization of an individual: finds all concepts that an individual belongs to, especially
the most specific ones.
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Many reasoning Algorithms have been designed which satisfy the aforementioned points by
checking deductive consequences or deriving all deductive consequences from the inserted
axioms [192, 193, 194]. Many studies have been conducted on comparing the performance of
these Algorithms and discussing around their specification [195] which is not in the scope of
this work.

One of the interesting yet complex concepts within the context of ontologies, is the use of open
world reasoning. In most of the ontologies and particularly in OWL, Open World Assumption
(OWA) refers to the statement that "if something is not known in the ontology, it must be
considered as missing rather than false". By contrast, reasoning with Close World Assumption
(CWA), is about returning "No" whenever some part of information is not provided. Let’s clarify
both concepts with the example of: "S1: Andreas is an employee of Roche." and assume the
following statement is true: "S2: A person can only be employee of one company.". Now consider
anew statement as "S3: Andreas is an employee of Novartis.". In a CWA system, this generates
an error because of what we have previously stated in S2 that a person can be employee of
one company and we assume that Roche and Novartis are different companies. In an OWA
system, this however, would infer a new statement as "S4: If a person can only be employee of
one company, and if Andreas is an employee of both Roche and Novartis, the Roche and Novartis
must be the same company.”

OWL uses OWA reasoning with negation as unsatisfiability. Hence, it considers the ontology as
a knowledge base with incomplete information in which inferring new information is possible.
However it is not always possible to entirely define the concepts and relations from the very
beginning especially for data domains such as people, companies, universities, etc. [196]. By
making the effort in describing domain concepts as complete as possible (using primitive and
defined class types which will be discussed later), we can avoid any inconsistency in inferred
information.

4.2.4 Ontology Learning from Text

The term Ontology Learning is the process of extracting the main concepts and relationships
in a specific domain. Many studies have been conducted in this domain. In [13], the au-
thors summarized the main characteristics of various ontology learning systems with detailed
information around their corresponding Algorithms. The major findings of their study are
highlighted as: 1) the majority of ontology learning systems benefit from a base ontology rather
than building their own ontology from scratch, 2) one of the major challenges is extracting
ontological relations based on NLP techniques and 3) NLP techniques could provide consider-
ably promising results for domain concept extraction. Another report has been published by
the OntoWeb Consortium [11] around 36 ontology learning methodologies from unstructured
text. Another survey report is published in [12] with a slightly different approach. In this study,
the authors provide a three dimensional framework for classifying around 50 ontology learning
systems. These dimensions are built based on what to learn (based on domain application),
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from where to learn, and how to learn the ontology (if ontology is constructed from scratch or
generated by leveraging pre-built ontologies). This study highlights mainly taxonomic relation
extraction and does not cover that much of non-taxonomic relation extraction among onto-
logical concepts. Moreover, most of the analyzed systems were employing a semi-automated
method for ontology construction. In [197], the authors introduced the concept of ontology
learning layer cake and compare ontology learning techniques of some articles in constructing
different layers.

Open issues and challenges in constructing ontologies are discussed in [198], in which the au-
thors proposed some improvements for preventing human involvement in the entire process.
In this paper, the significance of logic based techniques has been studied for the purpose of
forming axioms in ontology. The study of ontology learning approaches from unstructured
and semi-structured data has been conducted in [34]. In this article, the authors argued that
NLP techniques could function efficiently in ontology construction from unstructured data.
Nevertheless, in semi-structured data, data mining techniques are also required. For ontology
evaluation, they described five levels namely: lexical (vocabulary), hierarchical, contextual,
syntactic, and structural levels. The last comprehensive study which we found was performed
in 2018 in [15]. In this article, the authors categorized ontology learning techniques and their
corresponding Algorithms into three classes namely linguistics, statistical and logical. Based
on their study, data mining, machine learning and information retrieval are categorized as sta-
tistical techniques for extracting domain specific concepts and associations among them. On
the other hand, NLP plays its role in almost every level of ontology learning (term extraction,
concept formation, relationship extraction, axiom generation, etc.) by providing linguistic
techniques.

Our proposed method, takes advantage from both linguistic as well as mathematical tech-
niques for constructing domain ontology from scratch. As shown in Figure 4.2 and explained
in the previous chapters, powerful NLP techniques have been involved in almost every step of
ontology construction from pre-processing of text documents to concept and relation extrac-
tion. On the other hand, statistical techniques such as FCA and clustering play complementary
roles in assembling additional pieces of the puzzle including taxonomic relationship among
domain concepts. Once a comprehensive knowledge about an unfamiliar domain has been
acquired through the previous steps, we have defined and implemented a rich set of mapping
rules to interpret the output of each step into ontological axioms by means of selected ontology
learning module (OWLReady for Python). Indubitably, further treatments are also required to
evaluate constructed ontology and to ensure its completeness and correctness.

In the following sections, we deep dive into the applied approach as well as the defined
mapping rules for translating the output of each box into the ontological language. Our
approach starts from understanding the scope of an unfamiliar domain to importing detailed
specifications of its corresponding ontology. Since the major distinction of our proposed
method relies on taking advantage of FCA for generating the backbone of the desired ontology,
we will mainly focus on converting GSH into ontological classes and their corresponding
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Figure 4.2 — Ontology learning pipeline.

sub-concept/super-concept hierarchy (i.e. taxonomical hierarchy).

4.3 Towards Building an Ontology

The very first step for learning an ontology from any text corpus is to grab a comprehensive
knowledge about its domain. We could determine the scope of our domain by sketching a list
of questions such as:

1. Which are the main concepts in the domain?
2. Through which types of relationship are these concepts connected?
3. Which types of questions must be answered via the generated ontology?

4. Who are the main users of the ontology?

We applied our proposed approach to a case study in the domain of Market and Competitive
Intelligence (MCI). Hence, answering the aforementioned questions could bring us to the point
that the final ontology should represent extensive knowledge about name of the companies,
name of the people, as well as some information regarding which products have been launched
by each company. The end users were employees in the section of reporting of the company
with the task of producing reports to the senior managers with regular updates about what is
happening outside the company. The outcomes of our analysis are published in [54] and [55].

Judging from the list of questions, the final ontology will include information on various
companies and their products. We can further extend the work by incorporating other pieces
of data such as information about employers and employees, classification of products based
on their type which enable us to generate appropriate answers to the question like "what is
the list of products being launched/produced/announced by a company?"
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4.3.1 Comprehensive Overview of Construction Approach

Exploring domain concepts is the first step towards building the backbone of any ontology
which could be performed using a fop-down, bottom-up or a combined approach. However,
there is no defined rule indicating which of these three methods operates better, and it entirely
depends on the application domain as well as on the personal view of the ontology designer.
In the top-down approach, for instance, the most general concepts are primarily extracted.
Further specialization of any of the high level classes is then performed in order to display a
comprehensive view about the domain of interest. On the contrary, the bottom-up approach
starts with defining the most specific domain concepts and proceeds with grouping those
classes in order to produce more general classes. Finally, as the name indicates, a combined
development process makes use of both the top-down and bottom-up approaches by first
defining the most prominent concepts and then generalize and specialize them appropriately.

Insertion of Text Mining Outcomes into Ontology

Since our initial data is in the form of an unstructured text corpus extracted from multiple
unknown sources (e.g. web based content through RSS feed, published annual reports, etc...),
we decided to investigate the primary domain concepts (such as Companies, Products, People,
Locations) by employing both NLP and clustering techniques. Apart from the main concepts,
this approach also yields a complete list of instances within each category as well as relation-
ships among them. Clearly, extracted concepts are interpretable into ontological classes. On
the other hand, a set of instances along with their relationships construct the most significant
components of an ontological ABox which is a list of individuals within each class as well as
non-taxonomical relationships among them.

Figure 4.3 demonstrates how the outcomes of analysing text documents could be interpreted
into the main components of an ontology. A complete description of our approach for catego-
rizing groups of individuals (subjects and objects) into multiple classes is provided in Section
2.3.6.

Company

Product

Trastuzumab

Apple
Roche produced Trastuzumb
Apple launched Apple healthkit
Roche located-in Basel

Apple hired Sarah Li

Sarah Li based-in SanFrancisco

Location

\>[]SanFrancisco
People

Figure 4.3 — Example of high level ontological classes, non-taxonomical relationships and
individuals within each class. Clustering subject and objects yields ontological classes and their
corresponding individuals. Non-taxonomical relationships are generated through analyzed
triplets with NLP techniques.

79



Chapter 4. Ontology Engineering Based on Prominent Mapping Rules

Nevertheless, this analysis yields no hierarchical relationships among classes. Moreover, one of
the main requirements by external users was to obtain some extra information about instances
of class Products which are either in the group of drugs or devices (e.g: Trastuzumab as drug
and Apple healthkit as a device). Therefore, further separation of individuals of class Products
must be performed by benefiting from an extra data source.

In our context, asserting corresponding classes of Companies, Products, People, Locations into
an ontology and further appending the class Products into more sub classes, introduces the
challenge of re-adjusting the asserted relationships among individuals of class Products with
other classes. Therefore, a top-down approach has been followed for exploring high level
ontological concepts, while construction of ontology is performed in a bottom-up manner.
For doing so, once we obtained a comprehensive knowledge about which potential classes
could exists in the final ontology, we took a reverse approach for constructing the ontology,
concentrating on a specific class (Products) first, and then asserting other ontological classes,
individuals and non-taxonomical relationships. The procedure is explained in the following
subsections.

Contribution of External Data Source in Ontology Construction

Note that our primary attempt was to generate a domain ontology from scratch and not to
re-use any built ontologies such as ICD ! and SNOMED 2 within our ontology construction
pipeline. Conducting our study in the domain of pharmaceutical companies brought us
the opportunity of getting familiar with a rich data source called FDA dataset. FDA is the
abbreviation of "Food and Drug Adminstration" and is a federal agency of the United States De-
partment of Health and Human Services with multiple responsibilities such as protecting and
assuring the quality of newly launched products 3. The information of any officially launched
device and drug products has been kept in a database which is publicly accessible through
an API called OpenFDA * [199]. OpenFDA contains multiple endpoints for accessing high
quality information of drugs, devices, foods, etc. Nevertheless, for the purpose of extracting
information for instances of class Products, we have used Drug and Device end points only.
Dataset of each endpoints is available in the format of JSON being stored in multiple pdf files,
which are updated regularly. For each product, its corresponding data contains two main
sections: (1) meta: containing metadata about each product such as disclaimer, link to data
license, last-updated date, etc. and (2) results: an array of extra features assigned to each
product based on the type of endpoint. Figure 4.4 demonstrates how the output looks for
"TRASTUZUMAB" as one of the extracted instances from our analyzed text. For the purpose of
simplicity, we have selected a few features and we have removed long descriptions from each
field.

Thttps:/ /www.who.int/classifications/icd/en/
2http:/ /www.snomed.org/

Shttps:/ fwww.fda.gov/

4https:// open.fda.gov/about/
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{

“meta”:{
“disclaimer”: "Do not rely on openFDA to make decisions regarding medical care...”,
“terms": "https://open.fda.gov/terms /",
“license": "https://open.fda.gov/license/”,
“last_updated": "2019-04-20",

“results": {
“skip": 0,

}

“results™: [

{

“drug_interactions": [

"7 DRUG INTERACTIONS No formal drug-drug interaction studies with KADCYLA have been

conducted..”
L

“geriatric_use": [

"8.5 Geriatric Use of 495 patients who were randomized to KADCYLA in the randomized trial ..."

L
“description™: [

1
“mechanism_of_action™: [
"“12.1 Mechanism of Action .."
L
“indications_and_usage": [
INDICATIONS AND USAGE KADCYLA .."

1
“set_jd": "23f3c1f4-0fc8-4804-a9e3-04cf25dd302¢"
1
“storage_and_handling_table™: [
"<table width=\"90%\">.."

“pregnancy": [
L

“nursing_mothers": [
'8.2 Lactation Risk Summary..."

L

“spl_product_data_elements": [
“KADCYLA ADO-TRASTUZUMAB .."

L
“boxed_warning":
"WARNING:...

L

“adverse_reactions_table™: |
“<table width=\"90%\" ID=\"table6\"> <caption=>.."
L
“openfda™: {
"product_ndc": [
"50242-088",
"50242-087"
!

eneric_name": [
'ADO-TRASTUZUMAB EMTANSINE"
L
"brand_name": [
“KADCYLA"
L
“manufacturer_name": [
"Genentech, Inc."
L
“unii*: [
"SE2KH7TO6F"
L
“recul: [
"1658084",
"1658087"
1
“substance_name": [
“ADO-TRASTUZUMAB EMTANSINE"
L
“product_type": [
"HUMAN PRESCRIPTION DRUG"
L
“route”; [
"INTRAVENOUS"
L
“application_number"; [
“BLA125427"
1
b
“adverse_reactions™; [
"6 ADVERSE REACTIONS .."

“clinical_studies": [
"14 CLINICAL STUDIES..."
L
“overdosage": [
"10 OVERDOSAGE .."
1
}

Figure 4.4 — OpenFDA features for TRASTUZUMAB.
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Concepts Derivation Using FCA

Further separation of the extracted products is performed through FCA. Therefore, a formal
context has been constructed with rows as name of the products and columns as selected fields
from OpenFDA. It must be noted that not all of the fields are relevant (such as "overdosage,
unii, application-number, product-ndc, etc."), hence, a human based feature selection process
is applied. The list of selected features along with their description as well as corresponding
values are summarized in Figure 4.5

Selected Endpoint Feature Name Description Potential Values

The list of active ingredients of a drug product SEPIA OFFICINALIS JUICE, KEROSENE,
AMANITA MUSCARIA VAR. MUSCARIA
e FRUITING BODY, SODIUM CHLORIDE,
substance_name FUMARIA OFFICINALIS FLOWERING TOP,
ALUMINUM OXIDE, POTASSIUM ARSENITE
ANHYDROUS

Drug endpoint

brand_name Brand or trade name of the drug product. Tbuprofen, Amoxicillin, Famotidine, etc

Specifies type of product HUMAN OTC DRUG
product_type HUMAN PRESCRIPTION DRUG

Regulation Medical Specialty is assigned based on the regulation (c.g. 21 CFR Part 888 is AN = Anesthesiology
Orthopedic Devices) which is why Class 3 devices lack the “Regulation Medical Specialty” field. | CV = Cardiovascular
Two letters indicating the medical specialty panel responsible for reviewing the product. See link | CH = Clinical Chemistry
for further detail DE = Dental
EN = Ear, Nose, Throat
GU = Gastroenterology, Urology HO = General
Hospital
HE = Hematology
IM = Immunology
medical_specialty MI = Microbiology
NE = Neurology
Device endpoint OB = Obstetrics/Gynecology
OP = Ophthalmic
OR = Orthopedic
PA = Pathology
PM = Physical Medicine
RA = Radiology
SU = General, Plastic Surgery
TX = Clinical Toxicology

An indicator that the device is essential to, or yields information that is essential to, the Y = Device is used for life sustaining purposes.

life_sustain_support_flag ‘ e der ia, 1o, or yit 18 €53 ) ! ; EP
- support. restoration or continuation of a bodily function important to the continuation of human life. N = Device is not used for life sustaining purposes

Figure 4.5 — Selected fields from Drug and Device endpoints of OpenFDA.

Once feature selection is done, the corresponding formal context is constructed for those
drug/device individuals being extracted from text. A general view of constructed formal
context is provided in Figure 4.6. The structure of formal context of Figure 4.6 is called many-
valued context which occurs frequently in many real applications. The binary table structure of
a many-valued context £ = (X, Y, W, I) consists of a set of objects X, a set of attributes Y with
their corresponding values W and the binary relations I in which each relation I(x, y, w) = 11is
read as "object x has the attribute y with value equal to w".

Given that FCA Algorithms are only designed for analyzing binary tables with one-valued
attributes, a transformation process is required for the table of Figure 4.6. The word Conceptual
scaling is originally defined by Ganter in [200] as the process of transforming any many-valued
context into a one-valued formal context. In the context of conceptual scaling, a separate
scale is defined for each many-valued attribute of the table. We should recall the following
definitions due to [200]. The first definition corresponds to the formal definition of scale as
follows:
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Substance Brand ProductType Product_ Medical Life
Name Name Code Spaciality Sustain
Support
Flag
Sodium Aluminium SILICEA | Mezereum HUMAN HUMAN brt brw CN | TX Y N
chloride oxide oTC PRESCRIPTION
DRUG DRUG
device-01 X X X
drug-01 X X X X X
drug-02 X X X X
device-02 X X X
device-03 X X X

Figure 4.6 — Multi valued context of FDA drug/device binary table.

Definition 10 A scale for a many-valued attribute y of a many-valued context # = (X, Y, W, 1),
is a formal context Sy, := (Xy, Yy, 1) such that {y(x)|x € X} € X,.

This implies that for any attribute y of a many-valued context, the formation of a new formal
context (named scale) is required whose objects are attribute values, and whose attributes
are the new attributes that will replace y in the derived one-valued context. The objects and
attributes of the scale are called scale values and scale attributes recursively. For the sake of
clarity, the nominal scale of the attribute ProductType is constructed in Figure 4.7:

roduct Product
S Type_ Type_
ProductType HUMAN OTC DRUG HULLAN PRESCRIPTION
) DRUG
HUMAN OTC DRUG X
HUMAXN PRESCRIPTION DRUG %

Figure 4.7 — Scale of the attribute ProductType of table in Figure 4.6.

To achieve a one-valued context, scaling of all the attributes of the many-valued context is
required. The combination of all the scales is called a scale schema and is formally defined as
follows:

Definition 11 A scaling schema for a set Y of many-valued attributes is family of scales for all
attributes of Y: Syly €Y.

The scale schema of the multi-valued context of Figure 4.6 is shown in Figure 4.8:

The goal of the last step of conceptual scaling is to obtain derived context by applying scale
schema to the many-valued context. The derived one-valued context of Figure 4.9 is gained by
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Product Product
S Type. Type
L L
. MAN OTC DRUG MAN PRESCRIPTIC g
ProdllcﬁT}pe HUMAN OTC DRUG HUMAN PRESCRIPTION S R ~
LifeSustainSupportFlag
HUMAN OTC DRUG X ¥ x
HUMAN PRESCRIPTION DRUG X R
N X
Brand Brand Substance Substance
Name Name S Name_ Name_
i SILICEA |  Mezsreum . Sodium chloride Aluminiuny oxide
BrandName SubstanceName
. x . . <
SILICEA Sodium chloride X
X . .
Mezereum Aluminium oxide X
X X
Medical Medical ProductCode | ProductCode
spaciaite.C | Spaciaite S o o
. < T N hoy ~ - -
MedicalSpeciality ProductCode
CN X brt X
X X brw X
X X

Figure 4.8 — Nominal scaling schema for table in Figure 4.9.

replacing each value by the corresponding row of the respective scale. The formal definition
of Derived context is also provided in :

Definition 12 From a scaling schema (Sy|y € Y) for the many-valued context £ = (X, Y, W, I),
the derived context (X, N, J) is defined by

N:= U {ytxY)
yey

and
xJ(y,n) <= neYy,andyx)Iyn

Substance | Substance Brand Brand Product Product Product | Product .. Medical Medical Lite Life
Name_ Name_ Name Name Type. Type, Code Code Spaciality | Spaciality Sustain | Sustain

Sodium | Al SILICEA | Mezerenm HUMAN HUMAN ot orw k= X Suport | support
chloide orc | rrEscrpTION a2 2
DRUG DRUG N N
device-01 X X X
drug-01 X X X X X
drug-02 X X X
device-02 X X
device-03 X X X

Figure 4.9 — Single valued context of FDA drug/device binary table.

By constructing the formal context in a standard format, our data gets ready to be analyzed
by FCA with the goal of generating sub-concept and super-concept relationships among
formal concepts through GSH. Constructing a GSH is just the beginning of the long journey of
building the desired ontology. The following section demonstrates the conversion of any GSH
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into ontological classes and taxonomical relationships. For the purpose of simplicity, we will
discuss our method on the toy example of animals and plants formal context (Table 3.1) and
its corresponding GSH of Figure 3.3b.

It has been discussed that FCA formalizes the notion of a concept and a concept hierarchy
by means of concept lattice. Ontologies, on the other hand, are frequently used to represent
conceptual knowledge of an application domain in a structured way. Although the notion of
a concept as set of objects sharing a set of attributes as well as their conceptual hierarchy is
fundamental for both FCA and ontologies, the description of concepts and the way they are
obtained are significantly different.

In the following, we discuss our mapping Algorithms being applied on the extracted lattice (in
the form of GSH) to turn it into a domain ontology. The constructed ontology from the GSH is
represented with the OWL-DL. Our method consists of the two following steps:

1. Formal specification of ontological classes
2. Asserting of taxonomic relationship among ontological concepts

3. Concept intents and extents to ontology properties and individuals

In the following, for each step, we have provided an example with detailed explanation.

4.3.2 Formal Concepts to Ontological Classes

As mentioned in section 3.2.4, GSH provides a high fidelity with respect to the original knowl-
edge and also preserves an abstract view of concepts. Being shown in the Hasse diagram of
Figure 3.3b, the process of omitting empty concepts from Figure 3.3a produces a modified
conceptual hierarchy including either object concepts (simplified form of extents) or attribute
concepts (simplified form of intents).

Both types of concepts in GSH contain information about a domain of interest. For instance,
looking at the attribute concepts in Fig. 3.3, concept 4 indicates a group of individuals with the
capability of living in water and concept 3 presents a group of individuals live on land. On the
other hand, although concept 8is introduced without any feature, it must be considered as a
new ontological class being implicitly retrieved from initial data along with its corresponding
objects (i.e., Oak, Potato) as group of individuals inheriting specifications of their parent
concepts (Plant and LiveOnLand).

Therefore, all fixed points of GSH are preserved in the final ontological hierarchy because they
correspond to the domain concepts and carry explicit or implicit information of initial data
set. Referring to the GSH of Figure 3.3b, for each fixed point, there will be an asserted class in
the final ontology.
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4.3.3 Concepts Hierarchies to Taxonomic Relationships

’

Sub-concept or super-concept hierarchy among two formal concepts is identified as "is-a'
relationship between their corresponding ontological concepts. Figure 4.10 demonstrates a
simple taxonomy of the GSH presented in Figure 3.3b. In OWL, subsumption (or taxonomic
relations) mean inclusion of necessary implication from existing relations. For instance, in
Figure 4.10, we can deduce that "all instances of concept 6 are also instances of concepts 2 and
3."

Thing

T_. Concept 2

Concept 6
Concept 7

[ oConcept3

t: Concept 8
Conc.ept 8
L . Concept 10

e Concept 4
'C: Concept 7
Concept 9

——— Concept 10

Lo Concept5
———= Concept 8

T—- Concept 10
———= Concept 9
———= Concept 10

Figure 4.10 — Desired hierarchy in final ontology created from GSH of Figure 3.3b.

There exist two types of concepts in the GSH called single inheritance (concepts with only
one super class) and multi inheritance (concepts that form polyhierarchies and have multiple
super classes). As an example, in figure 3.3b, concept 6 is a subclass of of both concept 2 and
concept 3, meaning that all instances of concept 6 (Cat and Dog) are also instances of concept 2
(as Animal) and concept 3 (Living on Land).

Establishing taxonomical relationship is straightforward for single parent concepts. Never-
theless, manual assertion and maintenance of poly-hierarchies structure introduce many
limitations to ontology design. For instance, in a dynamically changing domain, adding a
new class requires readjustment of the existing hierarchies as well as forming additional re-
lationships which might be missed by the ontologies. Therefore, an automated reasoner is
required to restore polyhierarchies by inferring new subsumptions and semantic information,
maintaining multiple inheritance, and verifying the consistency of the asserted ontological
concepts, based on the precise descriptions inserted within the ontological classes. OWL
constructors enable ontologiests to specify classes with high level of expressiveness; universal
restriction (only), existential restriction (some), number restriction (min, max, exactly) and
Boolean operators (or, and, not) can be combined to build rich expressions. Besides prior
capabilities, OWL also supports defining primitive or defined classes. Primitive class refers
to a class which has only necessary conditions. Conversely a defined class has at least one
necessary and sufficient condition. For instance, in Figure 4.11, "A" and "B" are asserted as

86



4.3. Towards Building an Ontology

primitive ontological classes. On the other hand class "C" which is subclass of "A"is inserted
as group of individuals having "has-part" relation with individuals of class "B". Thus "C"is a
defined ontological class with necessary and sufficient condition which allows deduction in
two direction:

e If an individual is in class "C", then it is also an individual of class "A" and it has a
relationship "has_part" with one of individuals in class "B".

 Ifan individual sits in class "A" and also has a relationship "has_part” with a member of
class "B" then it is definitely an individual of class "C" as well.

Thus for an individual to be accepted as an instance of class "C”, it is both necessary and
sufficient to be a subclass of "A" and to have a relation called "has_part"” with at least one (or
some) individuals of "B".

Has at least one relationship
with class B

has_part

New class definition (Implies Indv1 belongs to C)

Figure 4.11 — Defined class with necessary and sufficient condition.

We have treated the problem of automatic poly hierarchies assertion into an ontology by
applying an introduced design technique called Normalization (or untangling) by [201]. Nor-
malization is the process of decomposing poly hierarchies into simple trees with independent
disjoint skeleton taxonomies. This is accomplished by coding subsumption relationships
with rich set of definitions and restrictions rather than a simple assertion of parent-child
relationships. For doing so, one single hierarchical path among the child class and one of its
super classes (called target class) is retained and the path from child to its other super classes
are dissolved. Dissolving class paths have the following requirements:

1. Adding the restrictions of other super classes (not the target class) to the specification of
the multi-inheritance ontology class.

2. Removing any subsumption of the target class under other super-classes from the
specification of the target class.

For clarifying the normalization method, let us apply the above statements on concept 6 in the
example of Fig. 3.3b which is subsumed under two super classes (i.e. concept 2 and concept 3).
Without normalization, class assertion in OWL looks like the following:

"concept 6 EquivalentTo (concept 2 and concept 3)"
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However applying normalization changes the class expression such that concept 6 will pri-
marily belong to one of its super classes, say concept 2. Thus, it replaces the hierarchical
subsumption under concept 3 (indicated through a dotted arrow in Fig. 4.12b) by adding
the restrictions of concept 3 to the specification of concept 6. Algorithm 9 demonstrates the

Target parent

concept 2

concept 2

) Througy ™~
hag Some Ough -
Speczf/bal/ons) "

.......................... A
With specification of “has some (specifications)”

concept 6
concept 3

Dissolved parent

Formal assertion: Formal assertion:
“concept 6” EquivalentTo (“concept 2” and “concep 3”) “concept 6” EquivalentTo (“concept 2” and (*has some (specifications)”))

(@) (b)

Figure 4.12 - Dissolving poly hierarchy among classes through normalization, (a) Poly hierarchy
before normalization, (b) Poly hierarchy after normalization.

fundamental steps of our proposed method for asserting both single and multi parent con-
cepts into the domain ontology. Our normalization has been applied through the famous
ontology design pattern called Value Partitions which is a proven solution published by "The
Semantic Web Best Practices Working Group" [202]. By creating Value Partitions, we can refine
the description of various classes in order to cleverly resolve the multiple inheritance issues
explained above.

The following Algorithm executes the ontology development process from GSH. Considering
the fact that in each iteration, all formal concepts have an equal possibility of being selected
and asserted into an ontology, this Algorithm implements a combination development process
([203]) based on the type of input concept. We might start with a top-level concept such as
concept 2 and to relate it to the most general concept in ontology called Thing. Conversely, if
the input concept is located in the lowest level of the lattice, it gets asserted in the level of the
most specific classes (the leaves of the ontology hierarchy). Algorithm 9 inserts different type
of node into the ontology. In the following, further explanations are provided for each line of
the proposed Algorithms:
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Algorithm 9 Embed a lattice node (node_name) into ontology.

1: procedure NODE_EMBEDDING(node_name, ONTO = onto)
2 successor_list — successors(node_name)
3 if Len(successor_list) == 0 then
4 Add-to-Onto(node_name)
5: return True
6 end if
7 for successor in successor_list do
8 if ONTO[successor] is None then
9: Node_Embedding (successor)
10: end if
11: end for
12: if len(successor_list) ==1 then
13: direct_parent = successor_list[0]
14: if ONTO|[direct_parent] is None then
15: Node_Embedding(node_name = direct_parent)
16: end if
17: Add-to-Onto (node_name,direct_parent)
18: return True
19: else
20: direct_parent = successor_list[0]
21: node_vps_list=[]
22: for successor in successor_list[ 1 : ] do
23: successor_vp_name = successor +"_VP"
24: if ONTO[successor_vp_name] is None then
25: Add-to-Onto (successor_vp_name, "ValuePartition")
26: Primitive-to-Defined (node_name = successor, new_vp = succes-
Sor_vp_name)
27: end if
28: return True
29: node_vps_list — node_vps_list.append(successor_vp_name)
30: end for
31: end if
32: if ONTO|[direct_parent] is None then
33: Node_Embedding (node_name = direct_parent)
34: end if
35: Add-to-Onto(node_name, direct_parent, node_vps_list)
36: return True

37: end procedure
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Algorithm 10 Add new node to ontology.

1: procedure ADD-TO-ONTO(node_name, DirPrt = None, IndirPrtsVPs = [] , ONTO=onto)
2 if DirPtr is None then
3 direct_parent=Thing
4 else
5: direct_parent = ONTO[DirPrt]
6 end if
7 if IndirPrt is None then
8 with ONTO:
9 types.new_class(node_name, (direct_parent, ))
10: return True
11: else
12: vp_classes =[]
13: for ipvp in IndirPrtsVPs do
14: vp_classes — ONTOlipvpl]
15: end for
16: with ONTO:
17: types.new_class(node_name, (direct_parent, ),
18: exec_body=lambda ns: ns.update({"defined_class": True,
19: "has_vp": vp_classes})
20: end if
21: return True

22: end procedure

Algorithm 11 Convert primitive class into Defined class.

1: procedure PRIMITIVE-TO-DEFINED(class_name, new_vp, ONTO=onto)
2 if ONTO[new_vp] in ONTO|[class_name].has_vp then

3 pass

4 else

5: ONTO[class_name] .equivalent_to.append(

6 ONTO["has_vp"] . some (ONTO [new_vp]))

7 return True

8 end if

9: end procedure
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Procedure of Node_Embedding (new_node) described in Algo. 9:

Input parameter — node_name (a single fix point from GSH)
Extract a list of successors of node_name and keep them in successor_list — (Line 2)

If successor_list is empty, new_node gets appended into the ontology as sub class of
Thing (the most general concept in any ontology) — Lines (3-6)

Verify that all super classes of new_node (listed in successor_list) have been already
asserted into the ontology. For any not-yet-inserted super class successor, recursively
call the Algorithm with successor as input parameter (Node_Embedding(successor)) —
Lines (7-11)

If new_node is a single parent concept, check if its parent is already asserted into the
ontology. If not, create the corresponding parent ontological class and directly connect
new_node to its only successor. — (Lines 12-18)

If new_node is a multi-parent concept, the first successor is selected as its direct parent.
— (Line 20)

Initialize a list node-vps-list to keep subclasses of value partition class for all indirect
parents of new_node. — (Line 21)

Continued in the next page (|)

Node_Embedding (new_node) Algorithm procedure (continue):

For each indirect parent of new_node, the Algorithm verifies if its corresponding class has
been asserted under ValuePartition class. If not, a new subclass of ValuePartition class
is created and the primitive indirect parent class is converted into a defined ontological
class respectively. As an example, considering concept 2 and concept 3 as direct and
indirect parents of concept 6, respectively. The Algorithm constructs concept3-VP as
a subclass of the ValuePartition class and converts the primitive class of concept 3
into a defined class (using Primitive-to-Defined() function) by asserting "has_VP some
concept3-VP" to class definition of concept 3. — (Lines 22-34)

node-vps-list is appended by the recently imported subclass of "ValuePartition" class.
— (Line 29)

Once the multiple hierarchy is resolved, the Algorithm embeds the new_node along with
its corresponding direct and indirect parent(s) into the ontology using Add-to-Onto()
function. (e.g.: concept 6 will be added with the following expression: "class con-
cept6(concept2): equivalent-to [concept2 & has_VPsome(concept3_VP)]") — (Lines 32-36)
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Procedure of Add-to-Onto described in Algo. 10:

¢ Algorithm 10 accepts four input parameters. The name of the new node to be added
(node_name), its respective direct parent (DirPrt), the name of its corresponding indirect
parents value partition class (if there exists any, IndirPrtsVPs) and the name of the
ontology ONTO.

¢ The Algorithm behaves differently based on whether some values are provided for the
input parameters DirPrt and IndirPrtsVPs. We forced the presence of the arguments by
assigning the most general class in the ontology as the default value for DirPrt (None
means Thing) and an empty list for IndirPrtsVPs indicating that there is no indirect
parent by default.

e If IndirPrtsVPs is empty for the new node, it must be interpreted as a single parent
ontological class. Therefore it gets connected to DirPrt through OWLReady syntax. —
(Lines 7-10)

¢ Otherwise (where the node has multiple parents), append all value partition classes of
IndirPrtsVPs into the pre-initialized list called vp_classes. — (Lines 11-15)

¢ The last step is to assert the new node along with the defined restriction into ontology.
— (Lines 16-19)

Procedure of converting Primitive to Defined class described in Algo. 11:

¢ Algorithm 11 accepts three input parameters, the asserted primitive ontological class
name (class_name), the restriction to be added into "equivalent to" section of ontology
class in order to convert it into defined class, and the ontology name ONTO.

* The Algorithm first verifies that the input restriction is not asserted into the ontology. —
(Lines 2-3)

¢ Ifthe above condition is not fulfilled, the Algorithm expands the "equivalent-to" attribute
with the restriction on "has_vp" relation. — (Lines 4-7)

Figure 4.13 demonstrates the generated ontology with the asserted and inferred taxonomical
(IS-A) relationships. Node colors indicate types of ontological classes. Primitive classes are
highlighted in yellow and defined classes are highlighted in orange. As shown in sub-figure
4.13a, the initial ontology is automatically constructed as a simple tree such that classes in
the asserted hierarchy have no more than one superclass. In sub-figure 4.13b, however, the
reasoner could automatically identify the inferred hierarchies and correctly classified the
inheritance structure for the concepts with poly hierarchy.
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Figure 4.13 — Asserted ontological classes and relationships from GSH, (a) Ontology classes with
asserted relationships, (b) Ontology classes with inferred relationships.

4.3.4 Concept Intents and Extents to Ontology Properties and Individuals

The power of the our proposed approach is to use FCA in the core of the ontology development
process. In the previous sections, a combined approach is discussed for extracting and
asserting the essential elements of the desired ontology. In this section, we will further discuss
the power of FCA in augmenting the constructed ontology and enhancing class definitions.

In the proposed approach, although attribute concepts and object concepts are treated in the
same way while being asserted as ontology classes, their encompassed information must be
imported differently as explained below:

* Concept intents: If the respective node of the asserted ontological class enfolds any
attribute(s) (like Animalin Concept 2), it must be considered as class properties in ontol-
ogy. Class properties describe the internal structure of an ontology class. OWL models
these properties as annotation properties which provide various pieces of information
or meta-data about that specific class. It must be considered that class properties are
applied to the class rather than to instances of the class and could not be used in any
semantic interpretation from the OWL point of view. In order to attach semantics into
an annotated class attribute, Meta Modelling is introduced by [204] and also discussed
in [205] as the process of separating the conceptual model (terminological box - TBox)
from data model (Assertional box - ABox).

For the purpose of clarification, we discuss the following example which is originally
presented in [206]. Let us consider the conceptual hierarchy shown in Figure 4.14. In
this hierarchy, the concept Bird represents the set of all birds and has a subclass of Eagle
which states the fact that all eagles are also considered as birds. This is what has been
denoted as Class View in the TBox represented in Fig. 4.14. On the other hand, an
individual Harry is assigned as an instance of the concept Eagle which constructs a data
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Figure 4.14 — Meta Modelling.

model of our knowledge base. The combination of asserted conceptual knowledge (e.g.,
Eagle) and data model (e.g., Harry) allows implicit knowledge extraction by inferring the
fact that Harry is also a Bird.

In some cases we may want to also characterize or make assertions about eagles such as
" Eagles are among endangered species". In other words, although Eagle has been defined
as a class, we may also be interested in using Eagle also as an individual. In order
to formally represent this statement, a new ontological concept EndangeredSpecies
is created which contains all species that are endangered. This class may contain
individuals such as mammals or eagles (EndangeredSpecies class is now a meta-class as
its individuals are also classes).

In this example, the word Eagle is asserted as an ontological class (defined as a subclass
of Birds with an individual Harry), as well as an individual (belonging to the class Endan-
geredSpecies). We could have both as separate views in the TBox. Figure 4.14 represents
the structural and conceptual description of TBox in which EndangeredSpecies is in fact
a meta-concept for Eagle.

Meta modelling is named as punning in the context of OWL and refers to the possibility
of assigning the same IRI for the same names with different natures. For instance,
applying meta modelling on the previous example, results in the assignment of the same
IRI for Eagle as a class and Eagle as an instance of class EndangeredSpecies.

Despite the fact that meta modelling is a conscious solution to handle semantic attach-
ment to imported class properties, it is not supported by OWLReady. In OWLReady, the
given entity must be a class, an individual, an object property, a data property or an an-
notation property and it cannot have more that one of the above types. Hence the same
name must not be used for two distinct entities, even if they have two different types (e.g.
class vs. property). On the other hand, without invoking the OWL punning process, the
asserted annotation properties do not participate in any inference or reasoning process
and they act as additional information or meta data for that class.

To allow class properties to be engaged in the reasoner’s inference process, we decided
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Figure 4.15 — Property value constraint associated with class C3.

to use the concept of Blank Node (bn) constructs [207], [208] which is represented by a re-
striction in OWL (noted as 3R.{i} in description logic, where R is a property and i is an in-
dividual or a literal). For example, the following representation indicates that all individ-
uals belonging to corresponding ontological class of "concept 3" in Figure 3.3b have char-
acteristic of "Lives On Land" (i.e. C3 E 3has—characteristic{Lives On Land}):

(C3, rdfs:subclassOf, -bn)

(-bn, rdf:type, owl:Restriction)

(-bn, owl:onProperty, has-charactristic)
(-bn, owl:hasValue, Lives On Land)

or alternatively: (where "onto" is the name of constructed ontology):

(C3 a owl:class
rdfs:subClassOf [ a owl:Restriction ;
owl:onProperty onto:has-characteristic;

owl:hasValue onto:Lives On Land])
The representations above, make "C3" a subclass of an anonymous class defined by

the property restriction class. In order to enable the aforementioned property value
constraint on any class (such as "C3"), a separate ontological class must be created
which retains all attributes of the initial formal context 3.1 as its instances. This is a
valid insertion due to the presence of all distinct attributes of the formal context in con-
structed GSH (i.e. the minimum size of GSH is equal to the number of distinct objects
and attributes of the formal context). As shown in Figure 4.15, once property value
restriction is explicitly asserted into an ontology (highlighted arrow line named "has-
characteristic" from class "C3" to individual "Lives On Land" from class "Attributes"),the
reasoner can infer that the property must also be satisfied by all of its instances and also
the instances of its sub-classes (dotted lines from instances of class "C6" and "C8" to
"Lives On Land").

The blank node constructs could be considered as class attributes in the object oriented
programming paradigm. OWLReady as an ontology-oriented programming interface
significantly supports the discussed assertion by representing the blank node as a class
attribute. This is shown below:

C3.has-characteristic.append(Lives on Land’)
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¢ Concept extents: FCA enables us to generate new ontological classes which are not
explicitly defined within the initial data. For instance, we can interpret the existence of
"concept 6" as a set of instances who are "Animals" and also "Live on land". Attaching
extents to object concepts could be considered as individuals of their corresponding
ontological classes.

The following flowchart depicted in Fig. 4.16 demonstrates how the asserted ontological
classes are fed by the attached extent/intent information to their corresponding node
in GSH. extents and intents have been coded differently in the source file of GSH graph
which simplifies distinction among them. Algorithms 12 and 13 are used for asserting
class properties and individuals, respectively.

) ) e onto_class <=-- Get
list_objects =-- list of node extents oyt .
/ Reed node ‘”%‘ list_attributes <— list of node intents e ”““"éf"aggm'”g'm'
A

is empty
list_objects?

Add list_objects
content as individuals
of onto_class

)/-«\ Add list_attributes
- content as properties
of onto_class

is empty
list_attributes?

Figure 4.16 — Augmenting asserted ontological class with concept information.

Algorithm 12 Assert class properties to corresponding ontological classes of attribute concepts.

1: procedure ASSERT-PROPERTIES(node_name, ONTO=onto)

2 atts_list — list of attributes being attached to node_name

3 for att in atts_list do

4 atts_name — "Att_" + att

5: if ONTO[atts_name] in ONTO[node_name].has_characteristics then
6 pass

7 else

8 ONTO[node_name].equivalent_to.append(

9: ONTO["has_characteristics"].some(ONTO[att_name]))

10: end if
11: end for
12: end procedure
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Algorithm 13 Assert class individuals to corresponding ontological classes if object concepts.

1: procedure ASSERT-OBJECTS(node_name, ONTO=onto)

2 objects_list — list of objects being attached to node_name
3 for obj in objects_list do

4 obj_name — "Obj_" + obj

5: if obj_name in ONTO[node_name].instances() then
6 pass

7 else

8 ONTO[node_name](obj_name)

9 end if

10: end for

11: end procedure

4.3.5 Indicate Ontology Class Disjointedness

As mentioned above in the context of Open World Assumption (OWA), OWL considers the
ontology as an incomplete knowledge base. This implies that if something is not explicitly
stated in the ontology, it can happen and should not be considered as false by the reasoner.
Therefore, in order to avoid any inconvenient result, impossible facts must be clearly asserted
into the ontology.

More specifically, this applies into the disjointedness relationship among the ontological
classes. In OWL, the default assumption is that all classes are overlapping unless disjointedness
axioms are asserted among them. In other words, in OWL, an instance can belong to multiple
classes, and if there is no notion of disjointness defined between those classes, OWL will not
detect that disjointness automatically.

Thanks to representations of concepts in GSH, we can determine pairs of disjoint concepts
(which have been asserted as ontological classes) by means of meet or infimum denoted by
N\ and join or supremum denoted by \/ from Definition 5. As explained above, FCA generates
a complete lattice in which each subset of concepts possesses a meet and join. GSH, on the
other hand, is a partial lattice such that not all pairs have a meet or join (or both). Based on
the definition provided in [209], for a given lattice L and its pairs of elements a and b, we can
say that a and b are "disjoint"if and only if a A\ b = @ (a and b have no meet).

Table 4.1 demonstrates pairwise meet comparisons of all fix points of GSH in Figure 3.3b.
This is a symmetric matrix, therefore its upper diagonal has been left empty. For any pair of
concepts, if there is no greatest common subconcept in the GSH, disjointedness axioms must
be inserted among their corresponding ontological classes.

Let us consider "concept 6" and "concept 10" in Table 4.1 (to be asserted as disjoint classes
in ontology). If we assume that these two classes are not disjoint, thus it is possible for an
instance to be attached to both classes of "concept 6" and "concept 10". On the other hand,
observing their corresponding information in Figure 3.3b, "concept 6" is representing the
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meet (/\)
concept 2
concept3 | concept 6

concept 2

concept3 | concept4 | concept5 ‘ concept 6 | concept?7 | concept8 ‘ concept9 | concept 10

concept4 | concept7

concept5 concept 8 concept 9

concept6 | concept6 | concept6

concept7 | concept7 = concept 7

concept 8 = concept 8 concept 10 | concept 8

concept 9 = concept 10 | concept9 concept 9 concept 10

concept 10 - concept 10 | concept 10 | concept 10 - - concept 10 | concept 10

Table 4.1 — Meet comparison matrix of concepts of GSH in Figure 3.3b. Highlighted cells in red
indicate disjoint concepts (ontological classes).

group of animals that live on land with two attached instances (Cat, Dog). However, "concept
10" represents group of individuals which are plant and have the capability of living in both
water and land (with an attached instance of "Reed") which is in contrary to the specifications
of (Cat, Dog) since none of the instances of "concept 6" can live in water. Thus, disjointedness
axioms must be asserted among ontological classes of "concept 6" and "concept 10".

Therefore, one additional step is required to explicitly state disjointedness among the already
asserted ontological classes from the previous steps. The pseudo Algorithm for asserting
disjointedness is provided in Algorithm 14 which accepts two input parameters, GSH as well
as constructed ontology. This Algorithm computes the corresponding list of predecessors
for each fix point of GSH. The result of calculation ("pred”) is kept in a Python dictionary
(line 2). Lines 3-8 apply a pairwise comparison among all nodes using a pre_defined function
("get_common () "). Then, disjointedness is asserted among any two nodes having no common
predecessors using "AllDisjoint()" function of OWLReady (line 6).

Algorithm 14 Add disjointedness axioms among ontological classes.

1: procedure MAKEDISJOINT(Graph = gsh , ONTO=onto)
2 preds < predecessors (Graph)

3 for nodel , node2 in preds do

4 if not common(nodel,node2) then

5: with ONTO:
6

7

8
9:

A11Disjoint ([ ONTO[nodel] , ONTO[node2]])
end if
end for
end procedure

4.3.6 Expanding the Set of Classes and Individuals

As mentioned earlier, we followed a bottom up approach for asserting ontological classes
and their corresponding individuals. Once the assertion of class Products is performed, the
corresponding classes of Companies, People, Locations are also introduced to the ontology.

Based on our explanations in Section 2.3.6, subjects and objects of triples are clustered and
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further refined to ensure that the most accurate individuals have been located within each
cluster. Algorithm 15 is defined for the purpose of importing these classes along with their
individuals into the ontology. Detailed procedure of this Algorithm has been explained in the
following box:

Algorithm 15 Import classes and individuals.

1: procedure DICT-TO-ONTO(input_dic , ONTO = onto)
2 for k,vin input_dic.items() do

3 if ONTO[K] is None then

4 Add-to-Onto(k)

5: else

6 forind in vdo

7 if ind not in ONTO[k].instances() then
8 ONTO [k] (ind)

9: end if

10: end for

11: end if

12: end for

13: end procedure

Description of Dict-to-Onto procedure proposed in Algo. 15:

* Algorithm requires one input parameter as a simple python dictionary with name
of classes as keys and their corresponding list of individuals as values. (e.g., input-
dic = {{Companies’ = ['Roche', Applé,...), People’ = ['SarahlLi,..], Locations' =
[Basel',) SanFrancisco,...1})

* An iterator meets all keys and values of the input dictionary. For each key, it asserts
an ontological class as subclass of the most general class Thing using the function of
Algorithm 10. — (lines 3-5)

e New individual will be asserted into corresponding ontological class. — (lines 5-12)

4.3.7 Non-taxonomical Relationships from SVO Triplets

As mentioned above, there exist two types of properties in OWL named object property and
data type property. The role of object properties is to connect two individuals of any ontology
class(es) to each other. The connections among individuals of Figure 4.3 - such as ’based-in’
among 'Roche’ from class ‘Companies’ and 'Basel’ from class 'Locations’ - are examples of
potential objects properties in the ontology. In contrast, the usage of a data type property is to
attach literal data (e.g., strings, numbers, datetypes, etc.) to the asserted individuals within an
ontology. For instance, 'hasRevenuee’ could be a data type attached to one of the individuals of

class ‘Companies’ as a number indicating revenue of a company.
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Thanks to extracted subject-verb-object (SVO) triplets, we can further improve our ontology
by asserting non-taxonomical relationships in the form of object properties and data type
properties. Regarding object property assertion, for every SVO, the corresponding individuals
of its subject and object are identified and then associated in the ontology. For example, for the
triplet of '(Apple, hired , Sarah Li)’, the directional relation 'hired’ from ’Apple’ to "Sarah Li’ will
be created. Moreover, right after adding each object property, we also add its corresponding
inverse relation (i.e., 'inverse-hired’ in the previous example). Such directional relation is
necessary to capture both types of relation that can be derived from one verb, i.e., hiring
someone or being hired by some organization.

For the purpose of asserting data type properties, our method acts as following. If for any
of the SVO triples, the corresponding class of subject is detected but no individual name is
matched with its respective object, a new data type property with the type of string will be
added to the corresponding individual of the subject. Even though, this might not be a 100%
accurate approach for obtaining ontological data type properties, it guarantees all extracted
information from text analysis has been captured and asserted into the ontology. There is
always a way to improve an engineered ontology by incorporating human knowledge. Thus
verifying the correctness and consistency of asserted information will be achieve by applying
a classifier (reasoner) as well as benefiting from a subject matter expert.

Both object properties and data type properties can be created in OWLReady by defining a
new class and specifying its domain and range. Algorithm 16 is defined for asserting the
information of each set of triplets into the ontology.
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Algorithm 16 Assert object/data type properties.

1: procedure TRIPLETS-TO-PROPERTIES(xml_triplets, ONTO=onto)
2 tree — ET.parse('xml-file.xml’)

3 root < tree.getroot()

4 for svo in root.findall(’svo’) do

5: subj < svo.find ('subject’).text

6 pred — svo.find ('predicate’).text

7 obj — svo.find (‘object’).text

8 subj_class < onto.subj.__class__

9 obj_class — onto.obj.__class__

10: if subj_class and obj_class then

11: pred_name — pred + "_OP"

12: if ONTO[pred_name] is None then

13: with ONTO:

14: types.new_class (pred_name , (ObjectProperty, ),
15: exec_body = lambda ns: ns.update ({"domain":
16: sub_class, "range":0bj_class})

17: end if

18: ONTO[subjl.ONTO[pred_name].append(ONTO[obj])

19: else

20: if ONTO([subj] is not None and ONTO[obj] is None then
21: pred_name — pred + "_DP"

22: with ONTO:

23: types.new_class (pred_name , (DataProperty, ),
24: exec_body = lambda ns: ns.update ({"range":[str]})
25: end if

26: ONTO[subjl.ONTO[pred_name].append(obj)

27: end if

28: end for
29: end procedure
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Description of the procedure for converting Triplets to Properties proposed in Algorithm 16

The Algorithm requires the xml file as well as name of the the constructed ontology as
input parameter.

As shown in Figure 2.13, each triple is recorded in a branch called 'SVO’ with sub
branches of subject, 'predicate, and ‘object’. In order to get access to the name of each
branch, the content of the xml file is parsed into tree format and its root is preserved in
"root" varaible. — (lines 2,3)

An iterator iterates over triplets and for each triplet, its corresponding subject, predicate
and object part are extracted. The corresponding ontological class of subject and object
is also extracted. — (lines 4-9)

Then the Algorithm verifies if subject and object are both presented in the ontology. In
this case, the predicate must be asserted as an object property class among subject and
object. In order to identify object properties from data type properties, we decided to
append "_OP" to the name of the object property classes and "_DP" to end of data type
property classes. — (lines 10-11)

If the corresponding object property class is not previously asserted into the ontology,
the next lines will be executed. OWLReady allows dynamic assertion of ontological
classes using "types.new_class()" clause. For asserting an object properties, we should
assigns its domain and range classes. (here "subj_class" and "obj_class" respectively). —
(lines 12-17)

Once the object property class is asserted or found in the ontology, the next line con-
structs the relationship among "subj" and "obj" as individuals of classes "subj_class" and
"obj_class" respectively. — (line 18)

Triplets-to-Properties Algorithm procedure (continue):

The next lines will be executed if only corresponding individual of "subject"” is found
in the ontology (i.e. there is no equivalent individual for objects in the ontology). As
explained above, in order to transfer the whole extracted information from the text
into the desired ontology, such objects are asserted as data type properties to their
corresponding subject. Although OWLReady supports many other data types such as
int, float, bool, etc., for the sake of simplicity, we fixed the range of all data types as "str".
— (lines 20-25)

the last line constructs the desired relationship among "subj" and "obj" of triplet with
"pred" being changed to "pred_DP". — (line 26)
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4.4 Validating and Querying the Ontology

In the previous sections, we have discussed the implementation details of the proposed
techniques for automatically constructing the core pieces of a domain ontology. In this
section, we are going to discuss around the correctness and completeness of the designed
ontology based on an ontology classifier (reasoner) and user defined queries.

As mentioned above, the implementation of the proposed pipeline has been performed using
an ontology programming interface for Python, called OWLReady, which allows the ontology
designer to manipulate and modify its components within the programming environment.
Moreover, OWLReady syntax is very similar to a well-known ontology editing tool called Protégé
5 and dot notation. For the sake of visualization and querying, we imported our ontology into
Protégé. It comprises well-known query languages such as SPARQL and DL Query which enable
manipulating and retrieving information from asserted and classified ontology, respectively.

The constructed ontology using the proposed pipeline contains 359 classes, 726 individuals,
127 object properties and 5 data type properties. Figure 4.17 shows a screenshot of Protégé
environment where the constructed ontology has been imported. For the purpose of simplicity,
not all the classes are expanded and only relationships among high level classes and their sub
classes are shown.

Figure 4.17 — The screenshot of constructed ontology from (subject, verb, object). Not all classes
and sub classes are expanded.

Since the core content of this ontology has been extracted from real documents containing
information about competititors in the pharmaceutical areas, we assigned artificial names
(all started by "Concept_" term) to all subclasses of class product, to protect confidential
information. The information about 187 products, including both drugs (medicines) and
devices, are extracted from OpenFDA database. GSH of single valued context of the size
187 * 907 is then constructed using Galois sub-hierarchy builder ® tool. The dot file of the
corresponding GSH lattice has been extracted and analysed by the pygraphviz library in

Shttps:/ /protege.stanford.edu/
6https:/ /sourceforge.net/projects/gshbuilder/

103



Chapter 4. Ontology Engineering Based on Prominent Mapping Rules

Python. The generated GSH consists of 232 nodes and 314 edges. Note that the number of
nodes in the GSH is not necessarily equal to the number of rows (i.e., the number of objects in
single-valued context). The maximum number of nodes in the GSH is equal to the sum of the
number of objects and attributes. Subsequently, the set of defined mapping rules are applied
to the analysed GSH as well as to the extracted triples of the form (subject, verb, object).

One of the crucial tasks of any ontology designer is to validate its correcteness and complete-
ness. Inconsistency in an ontology can be caused by any invalid asserted facts into ABox or
TBox including instantiating an unsatisfiable class, instantiating disjoint classes, conflicting as-
sertions, conflicting axioms with nominals or no instantiation possible. We have validated the
constructed ontology by running "sync_reasoner () "- as the OWLReady classifier - which is
capable of re-classifying ontology classes and instances using HermiT reasoner [193].

4.4.1 Querying the Constructed Ontology

Querying the ontology and assessing the results could also verify the correctness of the infor-
mation into the ontology. To do so, we imported the .ow! file of the constructed ontology into
Protégé. As shown in Figure 4.18, running the reasoner on the imported ow! file, properly re-
classifies the instances and classes without any inconsistency report. "Concept_181"1is chosen
as an example to clarify how the reasoner could infer not explicitly asserted relationships based
on class definition. In Figure 4.18a, it has been explicitly asserted that "Concept_181"is a direct
subclass of "Concept_38" and also an indirect subclass of "Concept_174" and "Concept_180".
Another specification of "Concept_181"is that it represents a class in which all its individuals
have "ANTIMONYTRISULFIDE" as their substance. This characteristic has been inherited
from its direct superclass "Concept_38". On the other hand, some extra information is shown
in the highlighted rows of Figure 4.18b which indicates that all individuals of "Concept_181"do
not only have "ANTIMONYTRISULFIDE", but also contain "SOLANUMDULCAMARATOP" and
"CAUSTICUM" being inherited from its indirect superclasses "Concept_93"and "Concept_179",
respectively. The inferred hierarchy of "Concept_180"is also shown in Figure 4.19

Query-answering is also considered an alternative approach for validating the annotated
axioms within an ontology. Protégé supports querying the imported ontology in multiple ways.
Among all SPARQL is frequently used for retrieving data from RDF models. It however, does
not support OWL entailments and inferring and only provides the asserted statements. On the
other hand, DL Query requires simple formulation of OWL expressions for inferring implicit
information from explicitly annotated statements. In the following, multiple examples of
implemented queries are shown. The corresponding result of each query is also provided with
some explanations.

* Query-01: (DL Query)

- Question: Which products (as well as their individuals - if asserted any ) have
medical specification of "Hematology" or "Immunology'™
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Figure 4.18 — The result of applying reasoner in order to re-classify ontology classes and individ-
uals.
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Figure 4.19 — "Concept_180" is a multi-parent ontological class. By runnign the reasoner, it
inherits all specification of its super classes as shown in Figure 4.18b .

— Answer: The result of query is provided in Figure 4.20. The ontology returns the
correct output. Although, the medical speciality of Hematology (HE) and Immunol-
ogy (IM) is not asserted in individual levels, they have been displayed in the result
since they inherited all asserted and inferred properties of their ontological classes.

* Query-02: (SPARQL Query)

— Question: List of people being hired by companies?

— Answer: The result of query is provided in Figure 4.21. As mentioned in previ-
ous chapters, the non-taxonomical relationships among individuals have been

extracted from text. Considering extracted information from documents, the result
are sound and accurate.

* Query-03: (DL Query)

— Question: Find all classes and individuals having the type of "Human OTC Drug™?

— Answer: "Human OTC Drug" has been explicitly asserted as characteristics of
classes "Concept_27" and "Concept_142". Running the reasoner and executing the
query, could correctly classify new inferred relationship. As the result, not only indi-
viduals of "Concept_142"have been displayed (Obj_Flasher, Obj_InfraredHematomaDetector,
Obj_Shell, Obj_Temography, Obj_Trabeculotome, Obj_Trephine), but also instances
of sub_classes of "Concept_27" and "Concept_142" are shown. This is due to the
fact that all sub_classes of an ontological class (as well as their individuals), inherit
the properties of their super_classes.

* Query-04: (SPARQL Query)

— Question: List of companies having collaboration with each other?

— Answer: All companies having "collaborated" as an object-property among them
are shown. This information is imported from list of extracted triplets.

As shown above, both validation approaches have proven the correctness and completeness
of the designed ontology. In a nutshell, the reasoner is used to check whether the constructed
ontology is logically consistent and it is well represented in OWL. Moreover, we followed a
query answering approach to verify the coherence of the content of the ontology with domain
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Figure 4.20 — List of products with medical speciality of Immunology or Hematology.

Active Ontology x Entiies x Classes * Individuals by class x OWLViz x| DL Quer

S ery:
PREFIX rdf: <httpy//www.w3.0rg/1999/02/22-rdf-syntax-ns# >
PREFIX owl: <http://www.w3.0rg/2002/07 fowl# >

PREFIX rdfs: <http://www.w3.0rg/2000/01/rdf-schema#>
PREFIX xsd: <http://fwww.w3.0rg/2001/XMLSchema#>

PREFIX : <file://C:/Users/jabbaris/eclipse-workspace/Roche-python/svo.owl# >

SELECT ?Company ?People
WHERE {

{?Company :hired ?People}
1

Company People
Apple several_scentists
Apple Dr_Michael_OReilly
Apple Yves_St_Laurent_CEQ_Paul_Deneve
Mindray Sarah_Li
Apple AccuVein_employees
Apple farmer_iPhone_engineers
Apple top_engineers
Apple Senseonics_employees
Apple C8_MediSensors_employees
Apple battery_power_experts
Apple experts
Apple Nag

Figure 4.21 - List of people being hired by companies. Query returns exactly the same subjects
and objects having non-taxonomical relationship of "hired" within xml file.
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Figure 4.22 — Products and their individuals with characteristics of "Human OTC Drug".

Active Ontology = Entities = Classes x Individuals by class = OWLViz = DL Quer

PREFIX rdf: <http:/fwww.w3.0rg/1999/02/22-rdf-syntax-ns#=

PREFIX owl: <http:/Mww. w3.0rg/2002/07 lowl#=

PREFIX rdfs: <http:/mwww w3 0rg/2000/071/rdf-schemas=

PREFIX x5d: <http:/Mww.w3.0rg/2001/XMLSchema#=

PREFIX . =fileil/C:IL ip owiE=

SELECT ?company1 ?company2
WHERE { ?company1 -collaborates ?company2}

company1 company2
Trinity Thermo_Fisher
Mindray Novartis
Grifols Hologic
Menarini Oxford
Luminex sims_PLC
Abaxis University_of_Californias_San_Francisco_WMedical_Center
Luminex Bass_Berry
Canon Toshiba
JPMorgan_Chase Siemens
JPMorgan_Chase Clifford_Chance_LL PMeridian
Eisai Sekisui_Medical

Figure 4.23 — Companies and their collaborators.
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knowledge by testing it against multiple test cases. This not only proved the ability of the
generated ontology in information retrieval and knowledge extraction, but also confirmed the
accurate formal structure such as hierarchical and non-hierarchical taxonomies, asserted and
inferred relationships, annotated domain axioms, etc.

4.5 Conclusion

In this chapter, we started by reviewing the background of ontology, and then we described
how to build an ontology using a precise set of prominent mapping rules. We showed how a
GSH structure, derived from analyzing OpenFDA, can be transferred into different components
of ontology.

We then augmented the cornerstone of the constructed domain ontology using triplets of
interest extracted from texts. Our proposed pipeline is then validated by applying rules for
building a real ontology in the domain of pharmaceuticals. Moreover, we could extract valuable
insights by querying the engineered ontology.

Our proposed method can be generalized regardless of the domain of interest, and it can be
considered as a promising approach for (semantic) knowledge extraction from textual data.
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"We can only see a short distance ahead, but we can
see plenty there that needs to be done."

- Alan Turing, Computing Machinery and
Intelligence 1950

Knowledge representation in the form of standard knowledge bases such as ontologies is
crucial for extracting explicit and implicit information from unstructured textual data. Most
previously proposed ontology learning methods and systems suffer from the lack of access
to a comprehensive repository of a domain knowledge, as well as being too specific to a
given domain of interest (i.e., the lack of ability to easily generalize to other contexts). Our
proposed approach in this thesis for ontology learning from textual data demonstrates an end
to end pipeline for addressing the aforementioned challenges to some extent by utilizing two
powerful data analysis methods known as Natural Language Processing (NLP) and Formal
Concept Analysis (FCA).

In particular, the following difficulties for ontology learning from unstructured textual data
have been identified and addressed in the previous chapters. The major challenges are: 1)
The inability of current techniques to analyse textual data and extract domain specific named
entities, 2) Selecting a proper knowledge base to enhance missing information within original
data, 3) Determining a robust and powerful technique for constructing the backbone of the
ontology, 4) defining a set of mapping rules which guarantees the correctness of asserted
facts into the ontology, and 5) evaluating the accuracy and completeness of the engineered
ontology based on the provided information. To prove that the proposed pipeline works well,
we applied our Algorithms to a toy example (in Chapter 4) by providing a set of mapping rules
to construct a consistent ontology. The consistency and correctness of the generated ontology
based on the proposed mapping rules have been verified by running the reasoner (classifier)
as well as querying asserted information.
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5.1 Summary of Contribution

The major contribution of this dissertation in the filed of ontology learning from unstructured
data is summarized as follows:

Chapter 2 addresses the first two problems by benefiting from NLP techniques to extract
essential information in the form of short sentences being coded as triplets of subject-verb-
object. Extracted triplets provide a twofold solution. Firstly they enable us to pull out high level
ontological classes and their respective individuals. Secondly they empower the constructed
ontology by delivering a complete list of non-taxonomical relationships among the asserted
individuals (ABox),

Chapter 3 provides a comprehensive explanations around Formal Concept Analysis (FCA)
as a powerful mathematical technique used for developing the backbone of our desired
ontology. Our major contribution in the domain of FCA relies on analysing the existing
Algorithms for producing domain concepts as well as their corresponding lattice diagram. Our
emphasis was on accelerating two famous FCA Algorithms called NextClosure and Nourine
by parallelizing their binary based implementation. Moreover, a new hybrid approach is
proposed for generating both formal concepts and a concept lattice. It has been shown that
out method could noticeably outperform the original version of the Algorithms depending on
density of provided input binary table.

Chapter 4 summarizes all necessary steps towards the creation of a domain ontology with
an adequate quality. A set of mapping rules has been defined and implemented each for
completing a specific piece of ontology engineering pipeline. The first set of mapping rules
are entirely dependent on the output of FCA. They mainly address the development procedure
of taxonomical relationships among ontological classes, assertion of the main characteristics
and properties of each class, as well as declaring their corresponding individuals. Multiple
Algorithms have been proposed for assembling various pieces of the ontology construction
puzzle. Resolving poly-hierarchy among ontological classes and sub classes has been issued
by means of normalization or untangling. Untangling of multi-parent classes is achieved by
initiating all classes in a tree-based format and letting the reasoner infer new relationships
among classes. This allows automatic readjustments of sub/super class relationships once a
new update occurs inside the ontology with no human effort. Another major contribution
is to define an Algorithm which allows to characterize or make assertions about a specific
ontology class. Although meta-modeling (punning in OWL) has been proposed as a solution
for this problem, it is not supported by the utilized ontology oriented programming paradigm
(OWLReady). Therefore, a new design approach has been proposed based on the concept of
blank nodes and defining more restrictions in the ontology class definition. One additional
Algorithm is defined which tackles the problem of asserting FCA objects into ontological
instances. This is the final step of converting ALL extracted information by FCA into an
ontology. It must be clarified that the correctness of all aforementioned Algorithms is verified
by running on a toy example. They have been further applied on a real world data set being
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pulled from an open source database (OpenFDA).

The constructed ontology has been augmented by benefiting from text-based triplets being
retrieved from textual documents. A set of high level classes are also asserted which provided
enhancements in ontological TBox. On the other hand, by having triplets of the form subject-
verb-object, we could magnify ABox axioms by asserting both subject and object as instances
and verb as relationship among them. It must be noted that the automatic assertion of inverse
relationships is also made among object and subject as "object verb-inverse subject”.

All proposed methods and Algorithms of this thesis have been applied on a real case study
from a pharmaceutical company where final goal was to extract knowledge about Market and
Competitive Intelligence (MCI). In this case study a group of pdf documents, with a set of
controlled vocabularies are provided as input, where we applied the standard NLP techniques
to extract domain specific concepts and individuals. Moreover, additional analyses have been
applied on specific concepts and their corresponding individuals and a bottom up approach
has been conducted for designing and constructing the final ontology. More specific classes
and relationships are also asserted to generate the backbone of the ontology. Assertion of extra
concepts, individuals and their relationships further improved the quality of the engineered
ontology, which tremendously helped in increasing the quality of the information extracted
from the engineered ontology-based knowledge base.

5.2 Discussion and Future Work

Nowadays, new data are being produced more than any time before, and so many new
scientific and non-scientific disciplines have been proposed to the globe. It is often the
case that someone wants to discover a new domain but he lacks a basic knowledge about that
context. Building ontologies from unstructured data is a good starting point for deriving a set
of taxonomies and concept hierarchies for a given unknown domain.

Besides building the cornerstone of a knowledge model, our proposed model can be used
to classify new words into one of the existing ontological concepts (or a perhaps a new one)
depending on the characteristics or attributes that the new words share with the existing ones
(i.e., previously learned words). Moreover, we can use this method for indexing documents
to be used by smart search engines (where documents are tagged by not only their own
keywords, but also by other words that are somehow linked to the content of the documents
in a semantic way). Another application of the proposed method for learning ontology is
to derive implication rules and semantic knowledge. The possibility to further adjust the
engineered ontology and to incorporate subject matter expert knowledge to come up with a
better ontology is also appealing.

So far, we mainly discussed about some of the potential applications of the proposed method.
We would also like to mention some of the future works to be done for the purpose of improving
the proposed method. The first topic is around NLP, and how to improve text preprocessing
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so that more meaningful triplets are extracted from the corpus. Dealing with huge number
of documents is also another challenge. Using entity detection (e.g., which word is disease
or medication) for building entity-specific ontologies (such as ontologies for diseases and
medications, separately) and then connecting those ontologies via relational formal contexts
(such as the one that links diseases to medications) also seems to be a right approach for
learning more accurate and complete ontologies in a given domain of knowledge (such as
medicine). As another example for future topic, we can also mention how to effectively
update an ontology that has been created some time ago after receiving more documents in a
given corpus. Adding more and more automation for handling big and complex graphs (as a
consequence of a big corpus) is also a topic of interest for research.

The power of FCA has been proven in creating the cornerstone of desired ontology. Therefore,
taking advantage of other types processing infrastructures that are readily available can speed
up the implementation of its Algorithms even further and open the door for FCA to become
more widespread also in the context of Big Data.

On the whole, the aforementioned questions and suggestions provide some interesting insights
into future research directions for ontology learning from any unstructured textual data.
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