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INTRODUCTION 

 

The present era is the era of Artificial Intelligence (AI). Every aspect of life feels the 

presence of AI. Knowledge representation is one of the prominent fields of AI. Like other 

fields of AI, contemporary knowledge representation techniques are far sophisticated than 

the previous knowledge representation techniques. But the souls of the today‘s knowledge 

representation techniques are present in the base of old knowledge representation 

techniques. The representation of natural knowledge into machine understandable form has 

a step by step history of progression. Initially, the knowledge was represented in simple 

statements with the associated meaning of TRUE and FALSE by using Propositional Logic 

(Lewis and Leibniz, 1918; De Morgan A., 1847; Boole G., 1848). Next, the Predicate 

Logic (Kowalski, 1974) was used for long time to represent complex statements. Instead of 

the Propositional Logic the Predicate Logic gave some more expressiveness to the 

knowledge representation. 

 After the era of Propositional and Predicate Logic the graph based representation 

was used for a long period. The Semantic Net (Richens, R. H., 1956) is a famous example 

of graph based knowledge representation technique. Semantic Net represents the 

knowledge with the help of nodes and links. The nodes usually describe the objects and 

labelled links describes the relationship among the objects. To represent the real world 

knowledge, Semantic Net can be used but links has no standard definition. Semantic Net 

lacks intelligence. The intelligence or the expressiveness of the network depends on the 

creator of the Semantic Net. Frame (Hayes, 1981) Slot and scripts techniques represent the 

knowledge in natural groupings of their existence and distribute it in hierarchy. All these 

representation techniques have their own advantages and limitations. These techniques are 

not suitable for internet based applications. They lack standardization and universal 

acceptability. 

The above described knowledge representation techniques are primitive in nature, 

also  both the expressiveness and reasoning ability has some limitation compared to latest 

XML based knowledge representation technique. XML based knowledge representation 

techniques are RDF (Klyne and Caroll, 2003; Brickley and Guha, 1999, 2004), RDFS 

(Brickley and Guha, 2000; Baader et al., 2002; Gennari et al., 2003), Topic MAP, OIL 
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(Ontology Inference Layer) and OWL (Web Ontology Language) (Decker et al., 2000; 

Smith et al., 2003, 2004).  

Reliable Taxonomy is the basis for any meaningful research in biology. Taxonomy 

is important for knowledge on Biodiversity. Taxonomic knowledge can also deal with an 

invasive alien species. Lyas et al., 2007 showed that how Taxonomic information‘s are 

important for agriculture as well as for Biodiversity. Additionally they proposed that the 

taxonomy based tools of Invasive Alien Species detection, identification, and research on 

ecological interactions between the pest, host, and ecosystem are all indispensable in 

planning defensive strategies and integrated control measures. Smith et al., 2011 showed 

approximately fifty case studies of a long period of time as to how taxonomic knowledge 

help agriculturist to solve the real world challenges. Unfortunately, systematic knowledge 

of taxonomy is much unstructured; most of them are available in the form of books. So, 

information retrieval is also very difficult from this unstructured knowledge. To make the 

unstructured knowledge into structured one, there are many knowledge organization 

techniques. Ontology is a very powerful tool for knowledge representation. The 

Taxonomic Knowledge has a great correspondence to the ontology. Bedi and Marwaha, 

2004 proposed a methodology for the conversion of Taxonomies into Ontologies. But 

manual ontology building is a tremendous labour intensive task. For the motivational 

purpose, we can refer two manually build ontology e.g. Soil Taxonomy Ontology (Das et 

al., 2012; Deb et al., 2015) and Microbial Ontology (Biswas et al., 2013) developed at 

IASRI. These two ontologies have taken large no of person months to build. Although we 

have unstructured data, we can make it structured, but through a very lengthy process so, 

the automated ontology learning approach is developed to face this knowledge acquisition 

bottleneck. But this approach has some serious limitation in text understanding, knowledge 

extraction, structured labelling and filtering (Zouaq et al., 2011). 

1.1 Motivation of the Study 

Agriculture domain is one of the biggest sources of knowledge but most of the available 

knowledge is in unstructured form. Ontology building is a way to convert the unstructured 

knowledge to a structured one for human as well as machine usage. Multiple authors have 

attempted to automatic ontology development by learning through plain text. In such a 

situation the learning is governed by the quality of text provided and the ontology. So 

developed ontology from plain text is prone to the spurious concepts to concepts extraction 

and also may place the concepts in the wrong hierarchy in the ontology. 
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Figure 1.1: Problem definition of the research 

On the other hand, the taxonomic text in a domain is a standardized text and the all 

the concepts of the domain are explicitly defined. The presented research work targets to 

developed ontology from taxonomic text. In agriculture this kind of ontology learning is not 

yet attempted. Keeping in view above, the present research work entitled “Ontology 

Learning from Taxonomic Text for Agricultural Knowledge Management‖ is proposed 

with the following objectives. 

Objectives: 

The objectives of the study are- 

1. To study the ontology learning algorithms. 

2. To develop the ontology learning algorithms for taxonomic text. 

3. To validate the developed algorithms in agricultural domain. 

 

 

1.2 Scope of the Thesis 

The present chapter introduces the significance of the automated ontology learning from 

taxonomy in the agriculture. The chapter outlines the advantages of the taxonomic text over 

the normal text. Based on the objectives of the study a detailed review of literature has been 

done and it is depicted in chapter 2. Chapter 3 discusses the methodology and tool used for 

the study. Chapter 4 discusses the results obtained from the study. Chapter 5 summarizes the 

work.  
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                        BACKGROUND  

 

Existence of a domain Ontology is the primary requirement for building any 

knowledge based application in any knowledge domain. Nowadays, it is a well-established 

fact that the Ontology learning is becoming an unavoidable step for facilitating the 

development of Ontology; as the manual process is not suitable for large scale ontologies. 

Maedche, A. and Staab, S. (2001) formally introduced Ontology learning in the field of 

knowledge management. Ontology leaning is based on the study embedded in the previous 

study of Linguistic, Statistics as well as the Machine learning. The Ontology learning can 

be subdivided into three major categories. After the introduction of Ontology learning, 

many attempts have been made to formalize the study of Ontology learning. Buitelaar et 

al., (2005) first introduced the concept of ―Ontology learning layer cake‖. In this chapter 

we tried to capture some of most prominent works on Ontology learning. Most of the 

literature suggested that the Ontology leaning methodology can be broadly classified into 

two categories- firstly, the Linguistic and secondly, the Statistics. Some of the studies are 

based on the hybrid of the both category. This chapter discusses both the category of 

Ontology learning methodology. In the last section of this chapter we have discussed some 

of the prominent Ontology learning systems. 

2.1 Linguistic Methodology of Ontology Learning 

Linguistic is the study of languages. The linguistic discipline mostly deals with the 

human language or the natural language. In this study, a scientific study is done to identify 

the relationship among the entities. In the Ontology learning from the natural text, it is 

compulsory to study and exploit the characteristics of the natural language. 

 

CHAPTER II 



5 

 

 

Figure 2.1 Linguistic methodology of Ontology leaning from plain text 

2.1.1 Linguistic pre-processing 

Linguistic preprocessing is a necessary task before the actual analysis of the text. The 

sentence detection, tokenization are the initial essential task for any linguistic analysis. 

After sentence detection and the tokenization, the Parts of Speech Tagging and 

Lemmatization done for further linguistic analysis. 

 

Plain Text 

Sentence Detection 

Tokenization 

POS Tagging 

Stemming and 

Lemmatization 

Linguistic 

Knowledge 

Extraction 

Relationship 

Extraction 
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 POS Tagging 

Parts of speech tagging is a very important preprocessing task in the Ontology learning 

process. Following are some of the prominent tools that have been used to develop and 

make the POS tagging easier. 

Brill, E. (1992) developed a rule based system for POS. The tagger shows better result 

than statistical techniques for identifying the Parts of Speech in the text. The developed 

tagger is tested on 5% of the Brown corpus. 

Schmid, H. (1994) developed a probabilistic model for part-of speech tagging. He used 

the decision tree to get the reliable estimate of the transition probabilities. He used 

modified version of ID3 algorithm for building the decision tree and got 96.36% accuracy 

on Treebank data. 

Lin, D. (1994) developed a parser based on the principle grammar called as Principar. 

It was implemented in C++. It is based on the message passing framework proposed by 

Dor et al., (1995). 

Minipar is a shallow NLP parser. It can identify the dependency relationship of the 

words in a sentence. It is enabled to find the lemma, POS name of the dependency path. 

Oliveira et al., (2001) developed two systems, namely TextStorm and Clouds for 

concept map induction.  They have used augmented grammar for POS tagging and co 

reference resolution. 

Drymonas et al., (2010) used GATE architecture for the POS tagging and other natural 

language task. 

Standford Parser (2012) is natural language parser is capable of parsing the natural 

language like English. The parser was developed by the Standford University. The package 

is Java implemented probabilistic natural language parser. The parser is also capable 

parsing several languages like Chinese, Arabic, French, German and Spanish. Before 

parsing the parse tag, the parts of speech of the words are needed to be analyzed. 

Sleator and Temperley (1995) published a series of paper that describes the Link 

Grammar Parser. They describe a new form of grammar that is an encoded form of English 

grammar. 

Petit et al., (2017) used Standford core NLP API to support common natural language 

preprocessing task and it includes tokenization, POS tagging etc. 
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 Lemmatization 

Lemmatization is one of the important Natural Language Processing task that help to 

bring the term into their root form (e.g.‗Running‘ and ‗Ran‘ should be run ). 

Petit et al., (2017) developed an Ontology learning system that used the Cornel API of 

Standford University to lemmatize the textual data. 

Drymonas et al., (2010) used the JNWL API to lemmatize the text. The JNWL is 

WordNet java library.  

2.1.2 Linguistic Knowledge Extraction 

Caraballo, S.A. (2001) developed a method, where nouns are clustered. They have 

used the hierarchical clustering and have produced a tree with unlabeled internal node. The 

unlabeled internal node are replaced the hypernym present in the WordNet.  

Cederberg, S. and Widdows, D. (2003) demonstrated the mathematical model of 

hypernym identification by Latent Semantic Analysis (LSA). They got significant 

improvement in the result for identifying the relationship of the concepts. They have used 

several supervised classification techniques (e.g. C4.5). 

Pantel, P. & Ravichandran, D. (2006) developed a system that is capable of 

automated labeling of the semantic class. They have used the top downclusteringapproach. 

The developed system also abled to identify the infrequent words that should be labeled. 

Riloff, E. and Shepherd, J. (1999) developed a semi-automated system which 

identifies the context window of the seed words as provided by the users. It also calculates 

the score on the basis of the window and the whole corpus and subsequently removes the 

stop words. Thereafter, it identifies the nouns and after  several iteration the system is able 

to find the new nouns and increase the seed word list size. 

Roark, B. and Charniak, E. (1998) developed an algorithm that is capable of 

extracting the semantic relationship among the corpus which is populated online. The input 

of the algorithm is parsed corpusand the noun is scored on the basis of co-occurrence 

statistics. The calculated score helps in the identification of nouns and semantic 

relationship. 

Sombatsrisomboon, R. et al., (2003) used the WWW as a corpus source. They used 

the search engine to find the domain related text which analyzed the text and selects the 
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hypernym/hyponym pattern from the extracted text. As the WWW is an enormous source 

of text; they restricted the volume through restriction on the search query phrases. 

Buitelaar et al., (2005) developed a well-accepted frame work of Ontology learning 

and proposed the ―Ontology learning layer cake‖. They divided the Ontology learning 

activities in some well-defined sub tasks which include the term extraction, synonym 

extraction, concept and concept hierarchy and lastly the rules generation. This is the base 

of the modern Ontology learning. 

Ciaramita et al., (2005) developed an unsupervised model that is capable of 

extracting the arbitrary relationship between the concepts present in biomedical corpus, 

namely GENIA. They have extracted the semantic relationship between the words by 

inducting the dependency tree.  

Hearst, M.A. (1998) developed a system that is capable of identifying the 

hypernym/hyponym relationship from the text based on lexico-syntactic pattern present in 

WordNet. The system identifies three kind of situation. First, whether both the hypernym 

and hyponym are present in WordNet and their relationship existence and Secondly,if the 

hypernym and hyponym are present but the relationship is non-existent and  lastly, all of 

them are non - existent.  

Ismail, R. et al., (2015) developed an Ontology learning system from Quran based 

on the lexico-synatactic pattern. They have succeeded to extract the ―part of‖, ―synonym‖ 

and ―definition‖. 

Panchenko, A. et al., (2016) developed a system which inducts the taxonomy from 

the natural text. The system is tested over four languages and three domains. 

Kaushik, N. and Chatterjee, N. (2018) proposed a system to identify the concept and 

their semantic relationship on the basis of the lexico - syntactic pattern. The proposed 

algorithm namely RelExOntisapplied in the agricultural domain. It has got reasonably good 

result. Term extraction output produces 75.7% precision and 60% recall.  

Atapattu, T.et al., (2017) described a system that is capable of extracting knowledge 

in the form of triples (concept-relation-concept). They used the subject verb object (SVO) 

to identify the triple extractor and used a heuristic based approach for SVO extraction from 

sentences. It extracts the hierarchy knowledge from the lecture slides and creates a concept 

hierarchy. 



9 

 

Snow, R. et al., (2005) is one of the highly cited article in the web that have 

generalized the lexico - syntactic pattern to identify the hyponym/hypernym relationship. 

For training purpose, they collected the noun pairs from the source (corpus) by using 

WordNet. For the pair, they have found the sentences where both the nouns are available 

thereafter they parsed the sentences and automatically extracted the pattern and trained the 

classifier based on the features. For testing they gave the noun pair and identification as to 

whether they follow the pattern they incorporated the machine learning concept to the 

lexico-synatactic identifier of the hypernym and hyponym. They checked the methods in 6 

million sentences parsed by the MINIPAR.They got significantly good result than the 

lexico- syntactic pattern. 

Sen, S. et al., (2015) described how Ontology can be used as a guide for any 

information extraction. It can also be helpful in the Ontology learning process. They 

claimed that Ontology can be used in two ways- firstly, the lexicon based approach and 

secondly, the thesauri based approach. The developed system enabled the tokenization, 

POS tagger, sentence splitter etc. processes. It also depicts that the Ontology can act as a 

repository for the domain knowledge and can further be used as a guide in Ontology 

learning process. 

Oliveira et al., (2013) developed the TextStorm /Clouds for use in WordNet for POS 

tagging, and it also have the ability to parse the sentences by the use of augmented 

grammar; thereafter the co reference resolution and raw conceptual mapping is done.  The 

resulting clouds are produced which are used in the creation of the formal conceptual map. 

2.1.3 Relationship Extraction 

Relation extraction is one of the important tasks for Ontology learning process. 

Following are the important relationship extraction approaches: 

Turcato, D.et al., (2000) developed a methodology for identification of the 

synonymous relationship in the aviation domain. They worked on the extraction of the 

domain and specific relation extraction through the manual and automated pruning 

methods. They have used the general purpose lexical database WordNet.  

Navigli, R. et al., (2003) developed a system known as OntoloLearn. The developed 

system has two phases - term extraction and semantic relationship extraction. To extract 

the semantic relation, they have used a domain appropriate semantic relation inventory. 

They have presented three classification rules that worked as a model to extract the 

semantic relationship among the concepts. For association of the appropriate relation of the 
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domain concepts, the inductive machine learning has been used. C4.5 is used to produce a 

decision tree which can select a particular rule for a particular situation. 

Girju, R. et al., (2003) developed a method to identify the part-whole relationship or 

meronymy. They have used thelexico -syntantic pattern to identify the meronymy 

relationship. The phrase level and sentence level pattern has been identified. This model 

also learned the semantic constraints from the text.   

Kambhatla, (2004) developed a methodology that enabled to extract the semantic 

relationship among the entities. He has used the Maximum Entropy model to combine 

lexical, semantic and syntactic relationship.  

Bunescu and Mooney (2005) proposed a kernel based novel approach to identify the 

relationship between entities. The approach can capture the relationship between the name 

entities. They generated a dependency graph and identified the shortest path among the 

entities. 

Ciaramita, M et al., (2005) developed a system in the field of molecular biology. 

Unsupervised learning has been used to extract the dependency and relationship among the 

concepts. 

Banko et al., (2007) developed a highly scalable system namely TEXTRUNNER 

and Open information Extraction Paradigm (OIE). They experimented over a wide range of 

domain by extracting the information from the web. The whole process is an unsupervised 

method of information extraction and relation extraction. 

Fundel (2007) developed a system called RelExand  itprovided an approach for 

relation extraction from  the free text. It is based on natural language processing and 

produced the dependency parse tree. They applied their method to 1 million abstract from 

MEDLINE and got good performance of 80% precision and recall. 

Angeli et al., (2015) developed a system that is capable of extracting the triple from 

the free text and identified the clauses of the entities. 

Kang, S. et al., (2015) developed a system takes plain text as an input and converted 

it to Semantic Application Design Language (SADL). The converted language helped in 

finding out the entity present in the language. 

Sordo, M. et al., (2015) developed a system that does the recommendation of music 

on the basis of information available of the albums in a textual form. The system pre-

processed the natural text and thereafter the dependency parsing and NER is done.  It also 
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combined the result of the dependency parsing and the NER for relationship extraction 

from the text.  On the basis of the analysis, it recommended the music. 

Hearst, M.A. (1998) suggested an algorithm that is capable of extracting the 

relationships between the concepts. The algorithm can capture the hypernym/hyponym as 

well as the meronym among the concepts. 

Kaushik, N. and Chatterjee,N in  (2018) succeeded to extract the relation among the 

concept and it  produced 86.89% precision. 

Ismail,R. et al., (2015)  in their series of work developed some algorithm for  

parsing  and extracting Ontology from  the Quran. They identified some lexico - syntactic 

pattern which identified the semantic relationship between an object extracted from 

English translated Quran. 

Panchenko, A. et al., (2016) developed a system which identifies the relationship 

between the concepts present in the natural text by lexico-syntactic pattern, substrings 

identification and crawling which are in the focused area of the domain. These outperform 

the entire similar model in that area. 

Atapattu, T., et al., (2017) worked on concept relation extraction from lecture slide 

in the discipline of computer science. They have taken 11 courses, 15 slides sets with 40 

slides per slide set. The found the 1838 triples extracted from 1731 sentences. 

Sen, S. et al., (2015) presented the way of Ontology in the relation extraction for 

Ontology learning. 

2.2 Statistical techniques 

Statistical Techniques are based on the frequency of the terms. This technique does 

not consider the meaning of the term. The statistical techniques involves - term extraction, 

concept extraction, taxonomic relation extraction and co-occurrence analysis. All the 

method considers the frequency distribution of the term. 

2.2.1 Contrastive Analysis 

Navigli, R. (2003) performed contrastive analysis, by using two type of corpus- one 

is domain relevant corpus and another is domain non relevant corpus. 

Frantzi, K. et al., (2000) described the importance of the C/NC value. The C/NC 

value is not purely based on the frequency of the terms present in the corpus. It gives better 

result than the pure frequency distribution of the terms and concepts.  
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Karoui, L.et al., developed a system that is capable of ontological concept extraction 

from the HTML document. They used modified K means algorithm for Contextual 

Concept Discovery (CCD). 

2.2.2 Co-Occurrence Measures 

Resnik, P. (1999) identified the semantic similarity between words using the branch 

count methods. He has considered the concepts of multiple inheritances. The relatedness of 

the objects identified on the basis of the co-occurrence of the words. 

Fortuna, B. et al., (2008) proposed anovel approach of Ontology learning based on 

term extraction, known as-OntoTermExtraction. They have used clustering method that 

cluster the document. It extracted the term from the cluster and thereafter identified the 

keyword from the cluster. 

Frikh, B. et al.,(2011) developed a hybrid model which considered both statistical 

and semantic relationships between the objects present in the text and it also developed 

Ontology from that text. They proposed hybrid model which is known as HCHIRSIM 

(Hybrid chir-statistics and similarity). The model emphasized on the coocurrence of the 

words to obtain the concepts.  

Paiva, L. et al., (2014) developed an automated Ontologylearning system using java 

technology and it has five subtasks. The subtasks are - document analysis, FP Growth, 

Association rule and Frequent Item set mapping.  They mainly focused on the co-

occurrence of the concepts from greater than 4-gram to 50-gram. 

Xiao, L. et al., (2016) suggested a method to utilize the instance relationship from 

DBpedia. The instances from DBpedia enforce supervised learning in any domain. 

Suresu, S. and Elamparithi, M. (2016)  developed the Probabilistic Relational Of 

Concept Extraction in Ontology Learning (PROCEOL). They find the term and concepts 

on the basis of co-occurrence of the pair - word. They have used markov logic network for 

the Ontology learning.  

Idoudi, R. et al., (2016) has developed an algorithm named on the Association Rule 

Mining in the domain of medical science. 

2.3 Some prominent system of Ontology learning 

Faure et al., (1998); Faure and Poibeau (2000) developed a system namely ASIUM. 

ASIUM learns sub categorization frames of verbs and ontologies from syntactic parsing of 
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technical texts in natural language. It is developed in French language. The ASIUM 

method is based on conceptual clustering. 

 De Chalendar and Grau (2000) developed a system to classify nouns in context. It is 

able to learn categories of nouns from texts, whatever their domain is. Words are learned 

considering the contextual use of them to avoid mixing their meanings. This system was a 

pre-processor of Ontology learning. 

Maedche and Staab (2000); Maedche and Volz (2001) developed a system of 

Ontology learning named TEXT TO ONTO.TEXT TO ONTO learns concepts and 

relations from unstructured, semi-structured, and structured data, using a multi-strategy 

method which is a combination of association rules, formal concept analysis and clustering. 

But this is based on the shallow natural language processing. This system fails to address 

complex levels of understanding. Mostly it identified concepts through regular expression. 

Yamaguchi et al., (2001) developed a system namely DODDLE II. DODDLE II is a 

Domain Ontology Rapid Development Environment. It can construct the hierarchical and 

non-hierarchical relationship of the domain concepts. For the hierarchical relationship it 

uses WordNet.  

Hahn and Schnattinger (1998); Hahn and Romacker (2001); Hahn and Markó 

(2002) developed a system namely SYNDIKATE. SYNDIKATE is a system for 

automatically acquiring knowledge from real-world texts. It is available in German 

language. It has the problem of co-reference resolution. 

Shamsfard &Barforoush (2002, 2003, 2004) developed a system namely HASTI. 

HASTI is an automatic Ontology building system, which builds dynamic ontologies from 

scratch. HASTI learns the lexical and ontological knowledge from natural language texts. 

This is available in the Persian language. 

Velardi et al., (2005) developed a system namely Ontolearn based on the algorithms 

like extractions of term, extractions of definition from natural language and also based on 

the parsing the definitions. Work only on plain text so it suffers from inherent Ontology 

learning problem. 

Fortuna et al., (2007) developed a system that integrates machine learning and text 

mining algorithms into an efficient user interface; lowering the entry barrier for users who 

are not professional Ontology engineers. The main features of the systems include 

unsupervised and supervised methods for concept suggestion and concept naming, as well 

as Ontology and concept visualization. 
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Drymonas et al., 2009 developed a system namely OntoGain based on the multi 

word concept extraction. It gives better result than the TEXT TO ONTO in terms of 

multiword of multiword concept extraction. 

Weichselbraun et al., (2010) developed a system that integrates the external source 

knowledge like DBPedia and OpenCyc for getting the automatic suggestions for labelling 

the concepts.  

Tamagawa et al., (2010) discussed how to learn large scale Ontology from Japanese 

Wikipedia. The large Ontology includes IS-A relationship; Class-Instance Relationship; 

synonym; object and data type properties of domain However, a big problem of weakness 

in upper Ontology arose against building up higher-quality general Ontology from 

Wikipedia. 

Xing Jiang and Ah-Hwee Tan (2010) developed a system CRCTOL, a semantic 

based domain Ontology learning system which is based on statistical as well as lexico-

syntactic pattern. The CRCTOL is based on Concept-Relation-Concept Tuple based 

Ontology learning.  

Gil and Martin-Bautista (2012)  proposed a novel model of an Ontology-Learning 

Knowledge Support System (OLeKSS) to keep the Knowledge Support System updated. 

The proposal applies concepts and methodologies of system modeling as well as a wide 

selection of Ontology Learning processes from heterogeneous knowledge sources 

(ontologies, texts, and databases), in order to improve KSS‘s semantic product through a 

process of periodic knowledge updating. 

Dong and Hussain (2013) developed a semi supervised Ontology learning based 

focused (SOF) crawler.  This embodies a series of schemas for Ontology generation and 

web information formatting. In this system the web pages are segregated by Support 

Vector Machine (SVM).  

Zhao & Ichise (2013) proposed Ontology learning is approach has been used for 

developing the Ontology. They used Linking Open Data (LOD) cloud which is collection 

of Resource Description Framework (RDF). They used domain Ontology for learning 

Ontology and called Mid-Ontology Learning. Mid-Ontology learning approach that can 

automatically construct a simple Ontology, linking related Ontology predicates (class or 

property) in different data sets.  

Kumara et al., (2013) gave an approach of clustering of the web services for 

efficient clustering. They adopted the Ontology learning to generate ontologies via hidden 

http://www.sciencedirect.com/science/article/pii/S0950705112001955
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semantic pattern. But they also mentioned the chances of failure of the Ontology based 

discovery of web services. 

Dasgupta et al., (2013) introduced a system DLOLIS-A based on description logic 

and analysis the semantic construction if IS-A relationship of the sentence. From the IS-A 

relationship they derive generated the Ontology in OWL Format. 

Gil and Martin-Bautista (2014) used heterogeneous sources like databases, 

ontologies and plain text for Ontology learning.  

Liu et al., (2014) generated Ontology structure called Ontology graph. The 

Ontology graph defines Ontology and knowledge conceptualization. The Ontology 

learning process defines the method of semiautomatic learning and generates Ontology 

graphs from Chinese text of different domains.  

Petrucci et al., (2016) have used the deep leaning architecture to generate text from 

synthetic grammar. They trained Recurrent Neural Network (RNN) based architecture to 

OWL formulae from text. This is first attempts Ontology learning using the deep 

architecture. They also claimed that this methodology reduce engineering cost domain, 

improved the domain independence and can deal with the various language. 

 El Ghosh et al., (2017) developed an Ontology learning system on the legalisation 

domain. They proposed the middle out methodology and modularize the system into four 

subcomponents namely Upper Module, Domain Module, Core Module and Domain 

specific Module. First three are the top down and last one follows the bottom up approach. 

 Zhao et al., (2018) developed a system namely ROCP: A Rapid Ontology 

Construction Platform.  The system provided a question answering session with domain 

expert. It proposed a novel algorithm to extract the term from the domain. The system is 

capable to derive taxonomy on the basis of hyponymy height.   
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MATERIAL AND METHODS 

 

 

The Ontology Learning process involves key sub areas of Artificial Intelligence 

such as Semantic Web, Machine Learning and Natural Language Processing. This chapter 

starts with the discussion about the characteristics of taxonomic text and the manual 

process of developing Ontology from taxonomic text followed by the technology stack of 

Semantic Web. The present state of the art in the area of Ontology Learning is presented 

along with the proposed methodology of Ontology Learning from Taxonomic Text. 

3.1. Taxonomic Text and Manually developed Ontology 

This research deals with the development of the Ontology from a specialized kind of 

text i.e. taxonomic text. The taxonomic text comes under the natural text but it is not as 

much unstructured like the free text. The taxonomic text has some typical characteristics 

which makes it more structured. The characteristics of taxonomic text are exploited to 

generate the Ontology from the taxonomic text. 

Ontology creation task from scratch is a complex process. For creation of Ontology, 

in a domain, it requires in depth knowledge of that domain, as well as it requires techniques 

of knowledge representation. Development of Ontology requires much iteration to identify 

the concept to concept relationships and it includes the following major tasks: 

Class Creation: Class is heart of the any ontology. The class indicates the concepts 

available in the domain. 

Individual Creation: All instances of the class come under the Individuals of the 

Ontology.  

Property Creation:  Property is essential entity in the Ontology. A property may by 

two types object type property and the data type property. Object type properties are the 

property that establishes the relationships of Individuals to Individuals of the classes. On 

the other hand the Object type property establishes the relationships of Individuals with 

literals.   

CHAPTER III 

IIIIIIIII 
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Restriction Creation: There are value constraints and cardinality constraints are the 

two minds of restrictions use in ontology building. Value constraints are also known as 

domain range constraints. The cardinality constraints restrict the no. of Individuals in the 

Ontology 

The Soil Taxonomy Ontology (Based on USDA soil taxonomy) is considered    

here; which is developed by Das et al., (2010, 2012) and Deb et al., (2015) as a standard 

Ontology. Comparison of the Ontology by the developed algorithms with the standard 

Ontology is done. 

 

Figure 3.1 Manually developed Ontology of USDA soil taxonomy (Das et al., (2010, 

2012) and Deb et al., (2015)) 

 

Figure 3.2 The class and Individuals of the manually developed Ontology (Das et al., 

(2010, 2012) and Deb et al., (2015)) 
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Figure 3.3 Restrictions of the manually developed Ontology (Das et al., (2010, 2012) 

and Deb et al., (2015)) 

Another manually developed Ontology on bacteria and archaea has been used as a base 

standard Ontology for experimentation of the Ontology Learning process.  

Figure 3.4 Manually developed Ontology of Bacteria and Archea 

3.2. Semantic Web 

The term ―Semantic Web‖ was coined by Tim Berners-Lee, the inventor of World 

Wide Web (WWW) and the director of Word Wide Web Consortium (W3C).  It can be 

defined as   ―a web of data that can be processed directly and indirectly by machines‖. 
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3.2.1 Semantic Web Stack 

Semantic Web Stack has several layers; the functions and the relationship among the 

layers can be summarized as follows: 

 URI (Universal Resource Identifier) and UNICODE: URI is a string that is in a 

standardized form that uniquely identifies resources. UNICODE is a standard of 

encoding international character set which allows all natural language for use in web. 

 XML (eXtendible Markup Language): Itʼs schema and names space make sure that 

there is a common syntax in semantic web architecture. XML is a general purpose 

markup language for structured documents. 

 RDF (Resource Description Framework):Itis a data model,   that represents all data 

in a semantic web. Primarily it was made for acting as a metadata of the web 

documents, but it has the capability to store and transfer the data in triple format. The 

representation of data is in form of Subject-Predicate-Objectformat. 

 RDFS (Resource Description Framework Schema): It is the extended RDF 

vocabulary which describes the taxonomic class and properties. 

 Ontology Layer (OWL): Web Ontology Language extends the RDF and RDFS. The 

OWL has it three kinds, first the OWL Lite, OWL DL and OWL Full. OWL Lite 

describes the taxonomies and the simple constraints. OWL DL is intended to build for 

the support of the description logic power. OWL Full has no expressiveness constraint. 

 Simple Protocol and RDF Query Language (SPARQL):SPARQL is a similar SQL 

(Structured Query Language) for querying RDF data. SPARQL provides four forms of 

query results e.g. SELECT-returns list of the variables, CONSTRUCT-returns RDF 

graph, DESCRIBE-returns RDF graph describing the resources and ASK- return 

Boolean value whether query pattern matches or not. Some key words like ORDER 

BY, DISTINCT, OFFSET and LIMIT acts like the SQL query. 

3.3. Ontology Learning Layer Cake 

Buitelaar P. et al., (2005) proposed the methodology which decomposes the 

Ontology Learning tasks into several subtasks. The work beautifully summarizes the whole 

Ontology task into independent module, which gives the Ontology researcher a prescribed 

path to do Ontology Learning tasks. 
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Figure 3.5 Schematic representation of the „Ontology Learning Layer Cake‟ (Figure 

reproduced from Buitelaar P. et al., 2005) 

The first layer describes the extraction of the ―Terms‖from the domain documents. 

The ―Terms‖ act as fundamental semantic unit of the domain. It is also used as a potential 

source of ontological class. Second layer normalizes the extracted Terms and replaces the 

―Terms‖ with ―Synonyms‖. The first two layers are known as the lexical layer. The third 

layer is known for the identification of the Terms which can be used as the ―Concepts‖. 

The Terms can be considered as Concepts, if it follows some special criteria although it is 

somewhat a controversial issue. Some literature suggests the Concepts are a cluster of 

terms in a particular domain. The Terms can act as a concept, and it is dependent on the 

domain context. The concept can be intentional as well as the extensional point of view. 

Sometimes, the concept may be extracted from the lexical pattern of the extracted Terms. 

Next layer is devoted to find the taxonomic and non- taxonomic relations. It can be done in 

three ways firstly, the lexico syntactic pattern; secondly, the hierarchical clustering and 

lastly, the term sub sumption method of taxonomic relation extraction. Next two layers are 

used for relationship extraction and relation hierarchy extraction. Last two layers are about 

the General axioms and Axioms schemata. 

3.4. Working pipeline of the of Ontology Learning Process from taxonomic text 

The Ontology Learning from the taxonomic text has been summarized in the 

diagram (Figure 3.6). First task of the whole Ontology Learning process starts with the 

development of the corpus. Next, the usage of the hierarchical clustering is there which 

helps   to find out the parent child relationship among the object using the WordNet API. 

Simultaneously, the extraction of the taxonomic relation is done by the lexico-syntactic 

pattern. 
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Figure 3.6 Working pipeline of the Ontology Learning process from the taxonomic text 

3.4.1. Corpus Development 

Any natural language task starts with suitable corpus development. In this case, the 

development of our Corpus is from two sources – firstly, the automated scrapping from 

Wikipedia and secondly, the standard taxonomy book from a particular domain. For the 

development of the corpus, a couple of algorithms have been developed and are described 

in Algorithm 3.1.Figure 3.7 describes the process flow of Corpus development. 

 

Figure 3.7 Methodologies of Corpus development  

An algorithm has been developed for the enhancement of the corpus by using the 

resource of Wikipedia. The first set of keyword is supplied by the domain expert. Based on 
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the supplied keyword, a second level of searching is done on the basis of the extraction of 

the keywords from the first level.  

Algorithm 3.1 Corpus Enhancement by Wikipedia Scraping 

Step 1: Keywords from domain expert  

Step 2: for k in Keywords: 

Step 2.1: Download Content from Wikipedia 

Step 2.2: Append to Corpus 

Step 2.3: Extract Keywords from downloaded content 

[using rake library] 

Step 2.3.1: For k in New-Keywords: 

Step 2.3.1.1 Download Content from 

Wikipedia  

The corpus development process involved many of the packages which are available 

in the python. Some of the prominent packages involved in the corpus development are 

described below: 

nltk:NLTK or Natural Language Tool kit is a very powerful tool, facilitates 

working with human language or the natural languages. It also provides the facility to 

access more than 50 corpora and lexical resources. Word Net is one of the prominent 

resources that can be accessed through the nltk library.  

From nltk.tokenize packageword_tokenize, sent_tokenize etc. 

functionality has been used for developing the corpus. 

nltk.corpus:Another essential package in nltk library is nltk.corpusmay 

be used for the corpus management. It provides the access facility to a wide range of 

corpus (e.g. brown corpus). 

wikipedia: Wikipedia is a specialized library in python which facilitates the 

access and manipulation of the content of the Wikipedia. The method namely summary() 

has been used to scrap the contents of the Wikipedia. 

rake: For initial enhancement of the corpus , the classic Rapid Automatic 

Keyword Extraction(rake) library has been used . It is well suited to find the single 

word and multiword keywords from a single document. 

Algorithmia:Algorithmia is a library for co reference resolution. The 

nltk.PorterStemmer and nltk.WordNetLemmatizerare used for normalization 

of the text. Normalization also helps in the increase the density of the important words 
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3.4.2. Data Preparation 

Ontology Learning is a lengthy task which goes through different pipeline to extract 

different useful information for structuring the unstructured knowledge available in the 

natural text. Following data preparation or text preparation techniques are used in the 

different stages of Ontology Learning: 

 Sentence Detection: This is the first step of any text preparation technique in Natural 

Language Processing task. As the name suggests, this technique is used to segregate 

the sentence from the given taxonomic text. 

As in the earlier section 3.4.1., the nltk.tokenizefrom nltklibrary has been used 

for detection of the sentence from the corpus. 

Alfisols that have a thermic or warmer soil temperature regime tend to form a belt between the 

Aridisols of arid regionsand the Inceptisols ,Ultisols , and Oxisols in areas of warm ,humid climates 

.  Where the soil temperature regime is mesic orcooler , the Alfisols in the United States tend to 

form a belt between the Mollisols of the grasslands and the Spodosols andInceptisols in areas of 

very humid climates .In regions of mesic and frigid soil temperature regimes, Alfisols are mostly on 

late Pleistocene deposits or surfaces.  Inwarmer regions, they are on late Pleistocene or older 

surfaces if there are only infrequent years when the soils lose bases by leaching or if there is an 

external source of bases, such ascalcareous dust from a desert. Most Alfisols have a udic ,ustic , or 

xeric moisture regime ,and many have aquic conditions . 

Source: Key to Soil Taxonomy[2014] 

Figure 3.8 Example of some text snippet of the taxonomic text 

 

Alfisols that have a thermic or warmer soil temperatureregime tend to form a belt between the 

Aridisols of arid regionsand the Inceptisols ,Ultisols , and Oxisols in areas of warm ,humid 

climates .   

Where the soil temperature regime is mesic orcooler , the Alfisols in the United States tend to form 

a belt between the Mollisols of the grasslands and the Spodosols andInceptisols in areas of very 

humid climates . 

In regions of mesic and frigid soil temperature regimes, Alfisols are mostly on late Pleistocene 

deposits or surfaces.  Inwarmer regions, they are on late Pleistocene or older surfaces if there are 

only infrequent years when the soils lose bases byleaching or if there is an external source of bases, 

such ascalcareous dust from a desert. 

Most Alfisols have audic, ustic, or xeric moisture regime, and many have aquic conditions. 

Figure 3.9 Detection of the sentences available of the given text 
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 Tokenization: After sentence detection, the second task of data preparation is 

tokenization of the sentences.  Tokenization splits the sentence into list of words. 

nltk.tokenize:From the ntlk.tokenizepackageword_tokenize has been used for 

detection of the words.  

['Alfisols', 'that', 'have', 'a', 'thermic', 'or', 'warmer', '

soil', 'temperature', 'regime', 'tend', 'to', 'form', 'a', 'be

lt', 'between', 'the', 'Aridisols', 'of', 'arid', 'regions', '

and', 'the', 'Inceptisols', ',', 'Ultisols', ',', 'and', 'Oxis

ols', 'in', 'areas', 'of', 'warm', ',', 'humid', 'climates', '

.'] 

 

Figure 3.10 Tokenization of first sentence (Figure: 3.9) into words 

 POS Tagging: Parts of Speech tagging is an essential task for NLP. It annotates each 

and every word with its corresponding Parts of Speech. POS helps to identify the 

pattern present in the text. 

Nltk POS Tagging: Parts of tagging can be done by the nltk.pos_tag()method. 

The pos_tag() method takes tokenized sentences as an arguments and returns the set of 

paired element i.e. actual word and corresponding parts of speech. 

[('Alfisols', 'NNS'), ('that', 'WDT'), ('have', 'VBP'), ('a', 'DT

'), ('thermic', 'JJ'), ('or', 'CC'), ('warmer', 'JJ'), ('soil', '

NN'), ('temperature', 'NN'), ('regime', 'NN'), ('tend', 'VBP'), (

'to', 'TO'), ('form', 'VB'), ('a', 'DT'), ('belt', 'NN'), ('betwe

en', 'IN'), ('the', 'DT'), ('Aridisols', 'NNP'), ('of', 'IN'), ('

arid', 'JJ'), ('regions', 'NNS'), ('and', 'CC'), ('the', 'DT'), (

'Inceptisols', 'NNP'), (',', ','), ('Ultisols', 'NNP'), (',', ','

), ('and', 'CC'), ('Oxisols', 'NNP'), ('in', 'IN'), ('areas', 'NN

S'), ('of', 'IN'), ('warm', 'NN'), (',', ','), ('humid', 'NN'), (

'climates', 'NNS')] 

 

Figure 3.11 Detection of Parts of Speech tagging (POS) of first sentence (Figure: 3.9) 

 Stemming and Lemmatization: Stemming and lemmatization both the methods are 

used for the normalization of the text. Stemming of the word means the removal of the 

beginning or the end of the word to extract the root word. For example, the words ‗studies‘, 

‗studying‘ normalized into ‗studi‘ and ‗study‘. For studies we get ‗studi‘ by removing the 

end part es and for studying we get study by removing the end part ing.  On the other hand, 

in case of lemmatization both studies and studying are converted into the word ‗study‘.  
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nltk.PorterStemmer and nltk.WordNetLemmatizer: PorterStemmer 

and WordNetLemmatizer are two prominent packages for stemming and lemmatization in 

the natural language task. For stemming the method stem () and for lemmatization 

lemmatize() is used. Both the method takes word as arguments and returns the 

stemmed or lemmatized word respectively. 

 Feature Engineering 

Natural Language Processing (NLP) is a cumbersome task because direct 

computation is not possible in the natural language. The language must be converted into 

some numeric representation so that the computational technique or machine learning 

technique can easily be implemented into the natural language. This conversion of the text 

into numeric representation is known as Feature Engineering. For engineering the features, 

the following three features of engineering technique namely; Count vector, TF-IDF and 

the Word Embedding using Word2Vec [Mikolov et al., (2013)] have been used.  A brief 

comparative study is also done among the feature engineering techniques. 

 Count Vector: Count Vector is based on the frequency of the word in a particular 

document. In this representation, the frequency of the unique word is attached with that 

word and used as an input of machine Learning as a vector. Equation 3.1 depicts the 

formula of count vector. 

                                               ……………..Equation 3.1 

This is the simplest representation of the terms of the text but it is unable to capture 

the inherent relationship present in the text. 

 TF-IDF (Term Frequency and Inverse Document Frequency): This method of 

text representation is an advanced form than the count vector representation. In this 

method of text representation, two types of frequency of a lexical entry are considered. It 

considers single document frequency and also considers frequencies in an overall 

document. Equation 3.2 depicts the formula for TF-IDF. 

 

                     
 

   
 …………………………………………Equation 3.2 
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The TFIDF model is advantageous over count because it consider a word on the basis of the 

frequency of in a particular document as well as the entire documents. 

 Word2Vec: Embedding techniques for word  

Word2Vec is a word embedding technique that represents an individual word as a 

real valued vector in a predefined vector space. This model of word representation is 

proposed by Mikolov et al. (2013). They proposed 2 models to produce the vector 

representation of the words; namely, CBOW or Continuous Bag of Words and SKIP Gram 

model. 

 

Figure 3.12 CBOW and Skip-gram architecture in Word2Vec (Figure reproduced 

from Mikolov et al., 2013) 
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Figure 3.13 Process of Taxonomy Induction 

For feature extraction python has several tools to deal with. Following feature 

extraction tools has been used in this study: 

sklearn:sklearn is a robust machine Learning library originated from Google 

summer code project 2017. sklearnbuild on the stack of packages like numpy, 

scipy, matplotlib, IPython, sympy and pandas. The major activities that 

can be achieved by the sklearn are clustering, cross validation, Datasets tests and 

generation, dimensionality reduction, ensemble methods, feature extraction, feature 

selection, parameter tuning, manifold Learning and supervised models. 

Feature extraction is done for broad three categories firstly the Count Vectorize, 

secondly the TFIDF and lastly Word2Vec. First and second category 

usedsklearn.feature_extraction.textto extract the features. 

CountVectorizer() and TfidfVectorizer() method has been used 

respectively for extracting count vector and TFIDF vector. Count vector extraction is done 

on the basis of word level and TFIDF vector has been extracted on the basis of word, 

character and n-gram level. 

The Word2Vec conversion keras.preprocessingpackage has been used to 

create two shallow networks e.g. CBOW and Skip-Gram for extracting the numerical 

representation of the word as COUNT VECTOR and TFIDF. 
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3.4.3 Classification of the text into Hierarchical and Non hierarchical 

In this study the taxonomic text available in agricultural domain has been used. One 

of the essential features of the taxonomic text is the distinguished taxonomic hierarchy 

present in the text. The taxonomic text is naturally divided into two parts- first, the text 

which contains the taxonomic hierarchy and second, the text which does not contains the 

taxonomic hierarchy.  In this research, the various methods to classify the text have been 

studied. The following classification techniques has been used and studied to develop the 

model and the developed model is used to classify the text into hierarchical and non 

hierarchical text: 

Algorithm 3.3 Classify text into Hierarchical and Non 

hierarchical 

Step 1: Input Text 

Step 2: Vectorize 

Step 3: Train using ML Technique 

Step 4: Test 

 Classification Techniques used for segregation 

In this research one study has been conducted on the taxonomic text to identify 

whether the encoding techniques have significant influence on the classification 

techniques. For classification , some standard classification techniques are used - Naïve 

Bayes Classifier, Linear Classifier, Support Vector Machine, Random Forest, 

eXtreme Gradient Boosting and Multilayer perceptron. 

Naïve Bayes Classifier is Machine Learning classification techniques based on 

Probability. Linear Classifier classifies the objects on the basis of linear combination of 

characteristics of the object. Support Vector Machine is a supervised hyper plane 

discriminatory classifier. It classifies objects by some hyper plane. For two dimensional 

spaces, it classifies object by the line and for three dimensional spaces it classifies objects 

by the plane; generally these planes are called as hyper plane. Random Forest is an 

ensemble learning process for regression and classification. It creates multiple decision 

trees to reduce the chance of over fitting like decision tree. eXtreme Gradient Boosting 

regularize version of the of the gradient; boosting helps to avoid the over fitting. 

In the section 3.4.2 there is an introductory discussion on sklearn and found that the 

sklearn is a very large Machine Learning library which is robustly capable of many 

Machine Learning tasks. Following packages are used to classify the taxonomic text into 

hierarchical and non hierarchical categories: 
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a) sklearnmodel_selection, 

b) preprocessing, 

c) linear_model, 

d) naive_bayes, 

e) metrics, 

f) svm, 

g) decomposition, 

h) ensemble 

3.4.4. Heuristic Keyword Extraction Methodology  

Literature suggested some methods that have use in general Ontology Learning 

methods for identification of the term and the concepts in the natural text.  Those are Count 

Based term extraction, TF-IDF and Dictionary based term extraction. 

In this research work, one method has been developed for extracting the keyword 

from the Rapid Automatic Keyword Extraction (RAKE). In the classical method of the 

RAKE, sentences are splitted into arrays of word and then it is splitted into sequence of 

words. Calculations of the metrics of particular keywords are done. After that, the 

selections of the keywords on the basis of the calculated metrics score are done. RAKE 

tool which is made available in the python are used. 

The rake_nltk package has been used for extracting the keywords. From 

rake_nltk, Rake()have been used for initialization of the model. 

extract_keywords_from_text()and  get_ranked_phrases ()has been used 

for the extraction of the keywords and getting descending order score wise keyword list 

respectively. 

 

Figure 3.14 Hybridization RAKE and W2V for heuristics Keyword Extraction 

Methods 
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Figure 3.15 Simplified flow chart of Hybridization of Keyword Extraction Methods 

Classical RAKE does not consider the semantics of the word. A hybrid heuristic 

method that combined the RAKE with W2V is used here. This new method considers the 

principle of RAKE. W2V works as a guide to identify which identified keyword is 

semantically correct. 

3.4.4. Hierarchy Induction from Taxonomic Text 

The study of the Taxonomic text suggests that this type of text has two distinct 

portion of text. The core taxonomic part of the text has uniform pattern for hierarchical 

relationships and the other part of the text is more like the plain text. The section following 

two sub sections describes the induction of the hierarchy from both type of text. 

 Taxonomy induction From Hierarchical Part of the Text 

Taxonomy Induction is the core work for Ontology Learning task. The taxonomy 

induction can be extracted using the Hearst Pattern. A tree based methodology has been 

suggested here with enhanced Hearst Pattern to induct the Ontology from the taxonomic 

text. 



31 

 

 

Figure 3.16 Pattern to Identify the Hyponyms and Hypernym (Figure reproduced from 

M.A Hearst et al., 1998) 

Algorithm 3.4 Taxonomy Induction by Enhanced Hearst Pattern 

Step 1: Input Hierarchical Text 

Step 2: H<- Hearst Pattern ()  

Step 3: If (H is True) 

 Step 3.1: Find (Parent, Child) 

    Else 

 Step 3.1: Return Null  

Step 4: End 

Algorithm 3.5 Recursive Taxonomy Induction from Hierarchical 

text 

Step 1: Input Text 

Step 2: findSubclass(level,line) 

  If (NextLineLevel==Level+1) 

   Parent<-line 

   Child<-line+1 

    findSubclass (level)     

Step 3: End of the function 
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 Taxonomy induction From Non hierarchical Part of the Text  

The Vectorize data are used to make hierarchical cluster that can help in identification 

of the parent child relationship from the non taxonomic data. Taxonomic class has been 

used for identification of the number of cluster in the non taxonomic class.  

 

Figure 3.17 Extraction of generalized class available in the taxonomic text 

Algorithm 3.6 Hierarchical Clustering for property 

identification 

Step 1: Input Nonhierarchical Text 

Step 2: Encode in W2V  

Step 3: AglomerativeClustering(No.of Taxonomic Class) 

3.4.5 Association Rule Generation: The hierarchy of the taxonomic and the non 

taxonomic text. This is important for extraction of the relationship among the taxonomic 

class and non taxonomic class. Association rule (Agrawal et al., 1993) mining is a 

methodology for extraction of association between objects on the basis of two measures - 

support and confidence. 

The support means how frequently an item set occur in the data and the confidence 

means often the rule generated are found to be true. 

This well established theory of association has been used for identification of the 

association of taxonomic class and the property of the taxonomic class automatically. 
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3.5. Tools 

The whole Ontology Learning process involved the following tools: 

3.5.1 Protégé 

Protégé is an environment for Ontology development. It provides the functionality 

for editing classes, slots (properties) and instances. One of its strengths is that it can 

automatically generate a user interface from class definitions, and thus can support rapid 

knowledge acquisition. At its core is a frame-based knowledge model (Noy et al., 2001) 

with support for meta classes. Protégé can be extended with backend for alternative file 

formats like XML, RDF, and OWL. Protégé not only allows developers to extend the 

internal model representation, but it also allows customizing the user interface freely. 

Protégé‘s user interface consists of several screens called tabs, which display different 

aspects of the Ontology in different views. Each of the tabs can be filled with arbitrary 

components. Most of the existing tabs provide a tree-browser view of the model, with a 

tree on the left and details of the selected node on the right hand side. The details of the 

selected object are typically displayed by means of forms. The forms consist of 

configurable components called widgets. Typically, each widget displays one property of 

the selected object. There are standard widgets for the most common property types, but 

Ontology developers are free to replace the default widgets with specialized components. 

Widgets, tabs and back-ends are called plug-ins. Protégé‘s architecture allows developers 

to add and activate plug-in arbitrarily.  

3.5.2 OWLSyntax and ProtégéOwl 

These two frameworks provide the facility to interact with the Protégé software. 

Protégé is used for the development of the Ontology. By using the API which is provided 

by the OWLSyntax and ProtégéOWL the extracted text can be used for the automated 

Ontology building. 

3.5.3 WordNet 

WordNet (Miller et al., 1998) is a large lexical database of English. In this database, 

the nouns, verbs, adjectives and adverbs are grouped together.  It resembles to the 

thesaurus that makes the grouping of the words on the basis of their meaning. They define 

language as a pair of words, in which the first word describes the finite alphabet and the 

second one describes the sense of an alphabet. A word uses a particular supporting set of 

words that act as a context of the word. WordNet contains the following semantic relations: 

Synonym: Perhaps the most important resource of WordNet is the synset or the 

synonyms.  
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Antonym: Opposite name of the words. 

Hyponym: Hyperonymy, hyponymy or the ISA relationship is one of the most 

important kinds of relationship. This relationship is a transitive relationship and it helps to 

find out the parent child relationship of given texts. 

Troponymy: it captures the parent child relationship between the verbs. 

Entailments: Capture the relation between verbs. 

According to WordNet website (https://wordnet.princeton.edu/) WordNet 2.1 

contains 117097 Nouns with 81426 synset and 145104 word-sense pairs; 11488 Verbs with 

13650 sunset and 24890 word-sense pairs; 22141 Adjectives with 18877 synsets and 31302 

word-sense pairs; 4601 Adverbs 3644 synset and total 5720 word-sense pairs. In total, the 

WordNet 2.1 contains 155327 strings; 117597 synsets and 207016 word sense-pairs. 

3.5.4 JavaWordNet Library (JWNL) 

JWNL is a Java API to access the WordNet relational databases. It allows a 

developer the access to the use of WordNet resources in their programming environment. It 

contains 10 packages with approx 68 classes and interfaces. The JWNL provides a crisp 

list of classes and interfaces that enable the developer for   easy familiarization   with 

whole API and use it efficiently.  

3.5.5 DL4J (Deep Learning For JAVA) 

It is an Open source and distributed java framework, released under Apache License 

2.0 for Deep Learning facility. It is an extremely huge framework that captures almost all 

the aspects of deep Learning in Java. Presently, DL4J has approximately 900 packages and 

5850 classes and it is constantly increasing. This framework is compatible with Java and 

other programming languages like Scala, Closure etc. Training with DL4J occurs in 

cluster. It is compatible with Hadoop-YARN and Spark. It also integrated with CUDA 

kernel to conduct pure GPU operation and works with distributed GPU. DL4J supports 

many of the Deep Learning tasks and is divided into different modules. The NLP module 

for training and classification purpose is used. 

 3.6. Ontology Evaluation 

The evaluation of Ontology is a very cumbersome and challenging process. 

Unavailability of standard measures of Ontology evaluation is one of the biggest 

challenges in Ontology Learning. In this research work, a methodology for induction of the 

Ontology from the taxonomic text is developed.  Fortunately, the developed algorithms 

were evaluated with reference of manually developed USDA Soil Ontology. It is assumed 

https://wordnet.princeton.edu/
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that the manually developed Ontology is a standard one and the output of the algorithms 

with the standard Ontology is compared. Division of the evaluation process into three 

broad categories is done. Firstly, evaluation of the lexical entry and secondly, the 

evaluation of the hierarchical induction from the taxonomic text is done. Lastly, the 

evaluation of the non taxonomic relation which do not comes directly under the 

hierarchical relationships is done. 

The following evaluation measures are adopted for evaluation of the result of the 

developed algorithms: 

3.6.1 Precision Recall and F-Measures 

The Lexical Entry is the important word that has the significant meaning in the 

domain. For evaluation of the lexical entry we have used some  

Precision and Recall are two popular measure of performance of the information retrieval 

system. 

          
  

     
            

      
  

     
             

                 

                 

                  

The hierarchy extraction from the taxonomic text has two aspects the core hierarchy 

of the taxonomic text and the hierarchy extracted from the non taxonomic text. The 

taxonomic hierarchy is evaluated with the reference ontology. For evaluating the non 

taxonomic hierarchical relations the human evaluation (Muhammad et al., 2018) 

3.6.2 Support, Confidence and Lift 

The generated rules by using the principle association rule generation   are described 

in the section 3.4.5 can be evaluated by precision recall and human evaluation. Prominent 

measurement of rule to be included in the rule list is support and confidence. Support 

Confidence scatter graph is used   for visualization of the rules generated. Also 

measurement of the Lift for the visualization of the relevance of the rule that is generated 

from the text is done.    
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RESULTS AND DISCUSSION 

 

This chapter is dedicated to depict and discuss the results of Ontology Learning 

from Taxonomic Text. The objective wise results of this research work are included in the 

following sections and the critical discussion of the result has also been done in this 

chapter. The chapter is mainly divided into three sections. Section 4.1, 4.2 and 4.3 

discusses the results of the Objective 1, 2 and 3 respectively.  

4.1 Ontology Learning Algorithms 

Under Objective 1, the three major categories of algorithms have been studied. The 

literature survey of the Ontology Learning consists of mainly three categories of algorithms 

i.e. Lexical Entry Extraction, Taxonomy Induction and Non Taxonomy Extraction. 

Table 4.1: Activity list under study of Ontology Learning Algorithms 

 Lexical Entry Extraction 

 Count Vector 

 TFIDF(Term Frequency Inverse Document Frequency) 

 Dictionary 

 Taxonomy Induction 

 Top down hierarchy 

 Bottom up hierarchy 

 Non Taxonomy Relation Extraction 

 Association rule mining 

 

 

 

4.1.1 Lexical Entry Extraction 

The starting point of Ontology Learning algorithms pipeline is lexical entry 

extraction activities. The Lexical entry of a document suggests that important words, that 

have the potential to be a part of the Ontology. A traditional algorithm uses mainly three 

CHAPTER IV 
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categories of the formulas - the Count Vector, TFIDF and the Dictionary. The theoretical 

aspects of this category of lexical entry extraction techniques are discussed in the sub 

section Feature Engineering of the section 3.4.2 .In this chapter, the results of the first 

two categories i.e. the Count Vector and TFIDF particularly on taxonomic text is 

discussed.  

 Count Vector 

Figure 4.1, Figure 4.2, Figure 4.3 shows the results of   the Count Vector for 

finding the unigram, bigram and trigram from the text. The figure shows that the count 

vector is able to capture a frequently occurring single word keyword as well as the multi 

word keyword. The following figures are generated from the Corpus which is developed 

from the USDA soil taxonomy and Wikipedia. 

 

Figure 4.1 Unigram Higher Frequency Value in Corpus: USDA Soil Taxonomy (Order- 

Alfisols) 
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Figure 4.2 Bigram with Higher Frequency Value in Corpus: USDA Soil Taxonomy 

(Order- Alfisols) 

 

Figure 4.3 Trigram with Higher Frequency Value Corpus: USDA Soil Taxonomy 

(Order-Alfisols) 

The size of the developed Corpus is of approximately 1 million words. The Unigram 

count vector focused mainly on the frequently occurring single word. Twenty frequent 

words have been shown in the Figure 4.1, 4.2 and 4.3.   
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Similar to Unigram, Bigram and Trigram all are used to identify the important 

multiword term in the taxonomy. For taxonomic text, the n-gram term is very important 

because most of the taxonomic terms are multiword.   

 TFIDF (Term Frequency Inverse Document Frequency) 

The formula and concept of the TFIDF is already been discussed in the sub section 

TF-IDF (Term Frequency and Inverse Document Frequency) of the section 3.4.2 The 

following figure depicts the results of TFIDF in the developed Corpus: 

 

Figure 4.4 Lexical entry extractions from the taxonomic text using TFIDF 

The above described two methods of lexical entry extraction are based on the 

frequency of the particular lexicon. But in case of taxonomic text, lexical entry extraction 

from the taxonomic text is not sufficient because many of the extremely important terms in 

the taxonomic text has very less frequency sometimes it is as less as once. From both the 

methods, we have seen that it can identify the higher frequently occurred term like ‗soil‘ 

for unigram, ‗soil surface‘ for bigram and ‗mineral soil surface‘ for trigram. But it is 

unable to identify the terms like ‗udalfs‘, ‗typic udalfs‘ etc. which is more important for 

USDA soil taxonomy. The above discussed method of lexical entry extraction has 

miserably failed in the extraction of the lexical entry in the taxonomic text. In the sub 

section Heuristic Methods of identification of multiword keyword (lexical entry) by 

using hybrid method comprising of RAKE and W2V of the section 4.2.5, the proposed 

methodology to deal with this matter is discussed. 
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4.1.2 Taxonomy Induction 

Taxonomy induction is the core of any Ontology Learning task. The traditional 

Ontology Learning has used two kinds of techniques to induct the taxonomy. The top down 

hierarchical clustering and bottom up hierarchical clustering is being traditionally used to 

identify the taxonomy of a particular text.  

 Top down hierarchy 

Top down hierarchical clustering algorithms assumes that the whole data set is a 

single cluster. On the basis of the distance of the object, it splits the whole cluster into two 

clusters. This is an iterative process and the cluster is identified step by step. 

 

Figure 4.5 Algorithm of hierarchy induction of plain text by top down approach  

 Bottom up hierarchy 

The bottom up hierarchy follows the opposite principle of the top down approach. It 

assumes that each and every object is a cluster. The less distant clusters are merged to 

produce a single cluster.  
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Figure 4.6 Algorithm of hierarchy induction of plain text by bottom up approach  

4.1.3 Non Taxonomic Relation Extraction 

The second important relationship of the Ontology Learning process is the non 

taxonomic relationship. The non taxonomic relationship describes the relations apart from 

the hierarchical relation. In Ontology, it can be said that non taxonomic relationship is the 

property of a class. 

4.1.4 Association rule mining 

To establish the relationship between taxonomic and non taxonomic text, this 

technique is used on the basis of support and confidence. The following figure depicts the 

algorithm which is studied and the use of the results of this methodology is described in the 

section 3.4.5. 
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Figure 4.7 Extraction of the non taxonomic relationship by association rule mining 

(Figure reproduced from Alexander Maedche, 2001) 

4.2 Enhancement of Ontology Learning approach 

This objective extends the existing algorithms for taxonomic text and developed a 

working frame work for the Ontology Learning from the taxonomic text. It also includes 

the pre-processing task for natural language.  

Table 4.2: Activity list under the objective of development of Ontology Learning 

algorithms from taxonomic text 

 Extend the algorithms for taxonomic text 

 Classify the Taxonomic and Non Taxonomic Text 

 Heuristic Methods of Keyword Extraction Using RAKE and W2V 

 Enhanced the Hearst Pattern for Taxonomy Extraction 

 Connective Based Taxonomic Tree Induction 

 

 Develop a framework for Ontology Learning for the taxonomic text 

 Natural Language Processing for extracting the concepts, instance, properties etc.  from 

the taxonomic text 
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4.2.1 Study of Taxonomic Text 

A thorough study of the taxonomic text has been done. As a result of the study it 

was observed that the entity in the taxonomic text follows a particular pattern. For 

example, the USDA soil taxonomy used the ―are the‖ connectives to describe the parent 

child relationship. 

Table 4.3: Sentences present in the USDA soil taxonomy and the occurrence of the 

connectives to describe the parent child relationship 

Sentence Parent child Relationship 

Aqualfs are the Alfisols Aqualfs is a child of Alfisols 

Other Vermaqualf, TypicVermaqualfs Vermaqualf is the parent of 

TypicVermaqualfs 

 

 

Figure 4.8   Snippet example of USDA soil taxonomy where the “are the” connectives 

are highlighted  
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This pattern can also be observed in microbial taxonomy (A.Parte, 2012) 

 

Figure 4.9 Text snippet 1 from Microbial Taxonomy 

 

Figure 4.10 Text snippet 2   from Microbial Taxonomy 

After a thorough study, it is seen that the taxonomic texts are different in two ways. 

Firstly, they have the well-structured hierarchy description in terms of sentence and 

secondly, it has multilevel hierarchy. 
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4.2.2 Morphological Characteristics of the Taxonomic Text 

Morphologically taxonomic text is quite different from the normal text. Taxonomic 

text follows a uniform indentation throughout the text and same morphological indentation 

is maintained for equivalent hierarchical class. From the Figure 4.9 and 4.10 it can be 

observed that Family I, II, III and IV has same indentation, in the same way the entire 

Genus has maintained the same convention - thus indicating a definite pattern.  

In the chapter 3, Algorithm 3.5 described the usage of recursive taxonomy 

induction from hierarchical text.  This can be utilized to identify the existing pattern and 

use it for hierarchical relationship extraction from taxonomic text. 

4.2.3 Key characteristic features of Taxonomic Text 

a) The Taxonomic Text is relatively more structured than the normal text. 

b) Taxonomic Texts are domain specific so the terminological density of that particular 

domain is higher than the normal text. 

c) Normal text contains multiple hierarchies but taxonomic text mainly contains 

multilevel hierarchy. 

d) Extraction of the parent child relationship is not uniform in the normal text but in the 

case of   taxonomic text, it always exists. 

4.2.4 Corpus Development of Taxonomic text 

The Ontology Learning Process involves building of Ontology automatically from 

the text. In this case the Ontology building is done automatically from the taxonomic text. 

The taxonomic text is very crisp in terms of concept density, for that reason the statistical 

relationship extraction among the concepts is difficult. In order to increase the domain 

related terms and the easy extraction of the relationships among the objects; we have 

selected two sources for development of the Corpus. The primary source is the taxonomy   

book for a domain and the secondary source is the Wikipedia.  

In chapter 3, Algorithm 3.1discusses the methodology for extracting the 

domain term on the basis of given keywords by the domain expert and tried to increase the 

size of the Corpus. Limitation of the iteration for 2 is there, because after the second 

iteration it would increase the non domain term and it is difficult to extract the exact 

relation from the text and development of the Ontology.  
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Figure 4.11 the graph showing the decreasing ratio of domain and non domain terms 

with increasing iterations 

A graph (Figure 4.11) is plotted where x axis is the number of scrapping iterations in 

the Wikipedia and y axis is the ratio between the domain word and non domain word. The 

result shows that upon increasing the number of iterations of scraping decreases the 

relative frequency of domain term. Thus, it indicates that the number of iterations should 

be limited to 2 else there is a chance of degradation in the quality of the Corpus which can 

produce an inconsistency in the results expected. 

Below is a table (Table 4.4), which shows the increase in the domain term upon 

increment of seed words from 2 to 5.  

Table 4.4 Word count after the automated extraction of the domain term 

Particulars Taxonomic 

Text 

Seed 

Word=2 

Seed 

Word=3 

Seed 

Word=4 

Seed 

Word=5 

Word 

Count 

668957 676493 683246  

 

703412 724355 

Domain 

Term 

75564 76223 79508 84698 89925 

It can be seen that increment of seed word from 2 to 5 resulted in the increment of 

the domain term from 76223 to 89925. This resulted in the enhancement of the developed 

Corpus by increasing the domain term density.  

In the module of Corpus development, the Ontology engineer or domain expert can 

give the seed word for Wikipedia scraping. The snapshot of the console result of Wikipedia 

scrapping is shown below:  
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Figure 4.12 Results of scraping of Wikipedia on the basis of given keyword „soil‟ 

From the Figure 4.12, it can be seen that there is a successful scrapping of the 

content of the given domain specific seed word from Wikipedia and dumping into local 

system- resulting in the enhancement of the volume of the Corpus. It will ultimately benefit 

for NLP tasks of better extraction of concept of a particular or a given domain. 

 Output of the resulting Corpus 

Collection of the text of a particular domain is the prime aim of a Corpus 

development. In this research the Corpus development is based on the two source of 

domain text. Firstly, the chapters of the taxonomy book (Key to Soil Taxonomy, 2009) 

taken as an input in pdf format input for Corpus development. Secondly, the pdf format is 

converted into several other format i.e. text, .arff by using Python packages for easy 

machine readability. 

Below is a snapshot of the developed Corpus 

 

Figure 4.13 Developed Corpus in a standard text file format 
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The electronic copy of the developed Corpus is shown below. 

 

Figure 4.14 Text snippet of the electronic copy of the developed Corpus 

 Key observation from Corpus development 

a) The taxonomic text is a great source of domain knowledge but to impose natural 

language processing technique the Corpus size should be sufficiently large. 

b) To make the Corpus size automatically large we have used the available API‘s. 

Table 4.5 Enhancement of the Corpus specification of the packages 

Packages Functions used 

Wikipedia summary() 

RAKE RAKE() 

extract_keywords_from_text() 

nltk.tokenize word_tokenize() 

sent_tokenize() 

 

The packages like Wikipedia, RAKE, nltk.tokenize are used for providing domain 

content, identifying keywords for further iteration process and helping both the packages 

Wikipedia and RAKE respectively. 

The soil taxonomy Corpus is now well developed wherein the algorithms described 

below is applied for automated Ontology development. 

4.2.5 Enhancement of the Ontology Learning algorithms for taxonomic text in the 

developed Corpus 

Taxonomic text is used for imposing the enhanced algorithms. Firstly, the proposal 

of the initial segregation of the text is done. For segregating the text, several classification 
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techniques as mentioned in the sub section of Classification Techniques used for 

segregation of section 3.4.3 have been used. Then, a heuristic method for identification of 

the important multi word that has the potential to be a class in the Ontology is developed. 

Next, an enhancement of the Hearst pattern suitable for the taxonomic text is done as per 

the pattern developed by Hearst et al., (1992) and Seitner et al., (2016). 

 Segregation of the taxonomic text 

A consideration of   the taxonomic text as mixer of two types of text - the 

hierarchical text and non hierarchical text is counted here. Hand crafting of the data into 

two classes- ―H‖ for hierarchical i.e. core taxonomic and ―NH‖ for non hierarchical i.e. 

non-taxonomic text is done on the basis of the availability of the core taxonomy (existence 

of parent-child relationship). It is shown below. 

 

Figure 4.15 USDA soil taxonomy training data for taxonomic Hierarchical (“H”) and 

Non Hierarchical (“NH”) text based on handcrafting  

The results of the handcrafted training data will be helpful for further automated 

segregation of the text into Hierarchical and non-hierarchical data in the whole Corpus. 

The handcrafted NH and H classified data set is converted into .arff file format for 

easy machine readability and usage in the application of further classification techniques. It 

is shown below. 



50 

 

 

Figure 4.16 Pre processed .arff text data file of taxonomic text 

Experimental Setup for classification - the Taxonomic and Non Taxonomic Text 

Encoding Techniques: Encoding techniques are the essential techniques for 

making the text data suitable for machine learning. All the theoretical aspects of the 

encoding techniques are described in the Feature Engineering sub section of the section 

3.4.2. The count vector, TFIDF and W2V technique has been used for encoding. For 

TFIDF, usage of the three variants of TFIDF i.e. the word level, n-gram and character level 

is there. 

Input: In this experiment, the input is the taxonomic text 

Below is the snapshot of the training dataset used for classification before conversion into 

encoded format. 

 

Figure 4.15 Snapshot of the training data for use in classification before encoding 
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The encoded format is shown in the figures (4.16 and 4.17) below:

 

Figure 4.16 Snapshot of the encoded data for Count Vector, TFIDF (Word level, n 

gram and character level) 

 

Figure 4.17 Snapshot of the encoded data for W2V describing   a matrix representation 

of a single word 
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The following tables give the details of the parameters used in encoding API‘s. 

Table 4.6: Parameters used in the CountVectorizer API 

Parameters Value 

analyzer 

 

word 

 

binary 

 

False 

 

decode_error 

 

strict 

 

lowercase 

 

True 

 

max_features 

 

None 

 

min_df 

 

1.0 

 

ngram_range 

 

(1, 1) 

 

preprocessor 

 

None 

 

strip_accents 

 

None 

 

token_pattern 

 

None 

 

tokenizer 

 

\\w{1,} 

 

vocabulary 

 

None 

 

 

 

Table 4.7: Parameters used in the TfidfVectorizerAPI for word level 

Parameters Value 
analyzer word 

token_pattern r'\w{1,}' 

max_features 5000 

 

Table 4.8: Parameters used in the TfidfVectorizerAPI for character level 

Parameters Value 

analyzer char 
token_pattern r'\w{1,}' 
ngram_range (2,3) 
max_features 5000 
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Table 4.9: Parameters used in the TfidfVectorizerAPI for ngram 

Parameters Value 
analyzer char 
token_pattern r'\w{1,}' 
ngram_range (2,3) 
max_features 5000 

 

The overall classification module starting from input of the taxonomic text to 

encoding next training thereafter testing it and further the use of the developed model for 

text segregation is depicted below: 

 

Figure 4.18 Flow chart of the process of classification and segregation of taxonomic 

text into hierarchical and non hierarchical categories 

  Comparison of the encoding and classification techniques used for segregating 

the taxonomic text 

The classification techniques which are used in the study are described in the sub 

section Classification Techniques used for segregation of the section 3.4.3. Similarly the 

encoding techniques used for converting the textual data into a numeric one or Machine 

learning framework readable format is discussed in the Feature Engineering  sub section 

of the  section 3.4.2. 

  A graph is plotted (Figure 4.19) to compare the encoding and classification 

techniques used for segregation of the taxonomic text for identifying the best possible 

combination of both the classification and encoding techniques. 
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Figure 4.19 Graphical representations of the comparisons among different 

classification techniques on taxonomic text where Y-axis depicts the accuracy 

and X-axis depicts the different classification techniques used 

It can be seen from the graph and by using factorial CRD on accuracy data set that- 

there is no significant interaction between the encoding techniques and the classification 

techniques used at 5% level of significance. So, it may be concluded that- the selection of 

the encoding and classification techniques do not influence the segregation process of 

separating the taxonomic part from the non taxonomic one. 

The result depicting before and after the segregation process of the text into 

hierarchical and non hierarchical category is shown in the snapshot below: 

 

Figure 4.20 Snapshot of the Word Cloud before segregation of the text into 

hierarchical and non hierarchical category 
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Figure 4.21 Snapshot of the Word Cloud after the segregation of the text into 

hierarchical and non hierarchical category 

The above snapshot (Figure 4.20) depicted that the density of the taxonomic text is 

lesser than the generalized or non taxonomic texts. In a similar way , the snapshot (Figure 

4.21) depicted just the reverse i.e. increase in the density of the taxonomic text than the non 

taxonomic one- this is the result of the segregation process which thus overcomes the 

problem of low density but important key words helping in the process of easy 

identification of the class in Ontology Learning. 

 Heuristic Methods of identification of multiword keyword (lexical entry) by 

using hybrid method comprising of RAKE and W2V 

  A hybrid method of RAKE and W2V is developed and used for multiword keyword 

extraction from taxonomic text. It will be helpful for identifying the components of the 

Ontology (class, property and individuals) thus a way towards automated Ontology 

learning. 

  Two snapshots (Figure 4.22a, Figure 4.22b) below depicted the results of keyword 

extraction using RAKE. 
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Figure 4.22 a Snapshot of Keyword extraction from taxonomic text using RAKE 

 

Figure 4.22b Snapshot of Keyword extraction from taxonomic text using RAKE 

  The result shows that the extractions of the keywords are not consistent and is not 

identifying domain related multiword keywords. For taxonomic text the multiword 

keywords are important but all the multiword extracted by RAKE are not be useful for the 

taxonomic domain.  

  The result thus shows that RAKE is an efficient tool for multiword keyword 

extraction, but it did not work well in case of taxonomic text. RAKE did not work well 
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because for a particular taxonomic text, the Corpus size is not very large; which resulted in 

the less frequency of the multiword keywords. 

After seeing the failure of the RAKE technique alone in identification of multiword 

keyword, a hybrid method by taking W2V along with RAKE is developed.  It 

simultaneously harnesses the encoding potential inherent in the W2V, and is also capable 

of capturing of the multiword keyword mediated by RAKE, thus ultimately a meaningful 

multiword keyword extraction can be done for identifying components of a particular 

domain of Ontology. 

  The snapshot of the hybrid method of RAKE and W2V is shown:  

 

Figure 4.23 Snapshot of the multiword keyword extraction by using   the hybrid 

methods of RAKE and W2V 

W2V acted as a guide to the RAKE. Figure 4.23 depicted the results of meaningful 

multiword keyword extraction from the taxonomic text. It shows the improvement in the 

extraction of the domain term.  

 Extraction of hierarchical relationship using enhanced Hearst Pattern from 

Taxonomic text 

 Hearst pattern is one of the popular techniques that have been used in 

several experiments to identify the parent child relationship, which is a characteristic of 

taxonomic text. Here an enhanced the Hearst pattern is used, according to the Hearst et al., 

(1992) and Seitner et al., (2016).  

The results of the usage of the enhanced Hearst pattern and extraction of parent 

child relationship are showed in the Figure 4.24 and 4.25 respectively.  It thus helps in 

automated removal of the irrelevant terms in a hierarchical taxonomic relationship – thus 

further strengthening the automation of Ontology Learning. 
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Figure 4.24 List of the Enhanced Hearst Patterns to extract the hierarchical 

relationship from   taxonomic text 

 

Figure 4.25 Snapshot of the extraction of the semantic relationship i.e. parent child 

relationship which has been extracted from the text 

 

 Connective Based Taxonomic Tree Induction for extracting hierarchical 

relationship from Taxonomic text 

Hierarchical relationship extraction through enhanced Hearst Pattern is a much 

generalized way of extraction. Connective based taxonomic tree extraction method is more 

specific if knowledge on the pattern of the relationships existing among the entities in a 

domain text is known. A connective is a word or a collection of words that establishes the 

relationship between the classes identified in the taxonomic text. The connectives preserve 

the pattern throughout the text. A connective varies from taxonomy to taxonomy. For this 

experimental set up, USDA soil taxonomy have been used. Some of the connectives are 
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used for describing the classes in the ontology which are in same hierarchy and can be 

called as equality connectives (EC), while the others are used to identify the parent child 

relationships in the ontology called as Hierarchical connective (HC).  

The snapshot of the hierarchical relationship extraction by HC and EC in individuality 

and in using both are   shown below: 

 

Figure 4.26 Snapshot of Hierarchical relationship extraction - Hierarchical 

Connectives<HC>: “are the” from input sentence 1 and input sentence 2 of the 

taxonomic text (Figure reproduced from Deb et al., 2018). 

 

Figure 4.27 Snapshot of Hierarchical relationship extraction Equality <EC>: “other” 

from input sentence 1 and input sentence 2 of the taxonomic text (Figure 

reproduced from Deb et al., 2018). 
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Figure 4.28 Snapshot of Connective based hierarchy extraction using both HC and EC 

from taxonomic text (Figure reproduced from Deb et al., 2018). 

Figure 4.26, 4.27 and 4.28 describes an iterative process of inducting the hierarchy 

from the taxonomic text using HC and EC.   

The result shows that HC and EC connectives are able to identify all the available 

hierarchical relationships present in the soil taxonomy from order to sub group level. 

 Development of a framework for Ontology Learning from   the taxonomic text 

In this research one framework has been developed for learning Ontology from the 

taxonomic text. The developed framework acted as a guide in the Ontology learning 

process.  

According to the developed framework, the taxonomic text is first segregated into 

two different classes - the taxonomic text and the non taxonomic text. After the segregation 

into the respective categories, the taxonomic text is used for generating the taxonomic 

hierarchy (parent child relationship) whereas; the later text is used for generation of non 

taxonomic hierarchy. The Framework has led to the development of algorithm library 

which has ultimately led to its implementations for Ontology Learning. 
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Figure 4.29 Developed Framework for Ontology Learning from Taxonomic Text 

(Figure reproduced from Deb et al., 2018) 

From the Figure 4.29, it can be seen that a particular category of taxonomic text is 

taken as the input and it is preprocessed (sentence detection, tokenization etc.). It is then 

used for making algorithm library ultimately leading to automated Ontology development. 

 

 Natural Language Processing Unit 

  Specialized natural language i.e. taxonomic text is used for the purpose of natural 

language processing. Almost all the module of this research involved natural language 

processing   task. Figure 4.30 and Figure 4.31 depicted the ER Diagram and Class Diagram 

of the NLP unit respectively. 
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Figure 4.30 Snapshot of an ER diagram for a NLP Module 

From the above (Figure 4.30), it can be seen that there are 4 entities (POS_LIST, 

Sentence, Token, Connectives and POS_Tagged_Sentence). These entities are 

interconnected and able to store extracted text from Corpus. It is also used to store the pre-

processed data temporarily and supply in need. 

 

Figure 4.31 Snapshot of a Class diagram for a NLP Module 
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From the above (Figure 4.31), it can be seen that the classes of this class diagram 

includes- Sentence Detector, Tokenizer, Name Finder, POSTagger, TaxonomyInductor. 

All the classes are interconnected for proper working of the NLP module. 

 

Figure 4.32 Snapshot of a sentence detection which is done by NLP unit from the 

Corpus 

 

Figure 4.33   Snapshot of POS tagging of the sentences done by using NLP 
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Figure 4.34 Snapshot of the De Tokenization of the sentences with parts of speech 

tagging done by using NLP 

The above figures (4. 32 - 4.34) depicted the snapshots of the results of a NLP 

module from the Corpus. 

4.2.6 Extraction of Hierarchical relationships from Non taxonomic text 

Non taxonomic text is very important for capturing the properties of the taxonomic 

text. The taxonomic class is handled by the methodology described in the sub section 

Extraction of hierarchical relationship using enhanced Hearst Pattern from 

Taxonomic text and sub section Development of a framework for Ontology Learning 

from the taxonomic text of the section 4.2.5. The second part of the text i.e. non 

taxonomic text is handled in this section. For dealing with this kind of text, we have 

followed the methodology described in the section 4.1.2 i.e. the traditional taxonomy 

induction methodology. In sub section Segregation of the taxonomic text of the section 

4.2.5 we have seen that there is no significant influence of the encoding techniques in the 

classifications for the taxonomic text.  Here, the extraction of the hierarchy is done by the 

hierarchical clustering techniques with two kinds of encoding techniques - firstly, TFIDF 

and secondly, the W2V representation of data. 

 

Table 4.10   : The packages used for hierarchical clustering of non taxonomic text 

Packages Parameters 

gensim.models.word2vec 

size=150, window=15, 

min_count=2, 

workers=multiprocessing.cpu

_count() 

sklearn.decomposition default 

nltk.stem.porter default 

nltk.Corpus default 
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sklearn.cluster:AgglomerativeC

lustering 
default 

scipy.cluster.hierarchy:dendro

gram, linkage,leaves_list 

truncate_mode='lastp', 

p=12, 

show_leaf_counts=False, 

leaf_rotation=90., 

leaf_font_size=12., 

show_contracted=True, 

 

For hierarchical clustering, the objects should be arranged in the Euclidean space for 

capturing the inherent hierarchy present in the text. Below (Figure 4.35 and 4.36) shows 

the text object representation in TFIDF and W2V encoding techniques respectively. 

 

Figure 4.35   Snapshot of Text object representation in TFIDF 
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Figure 4.36 Snapshot of Text Object Representation inW2V 

The results from the above graphs (Figure 4.35 and 4.36) depicted the plot of the 

same text object denoting that TFIDF is a poorer representation technique than W2V.  

It is at par with the report, that W2V uses approximately 300 dimensions of object 

representation (Mikolov et al., 2013) which is lacking in TFDIF. 

   

Figure 4.37 Snapshot of   Text Object Representation with true label 

The snapshot (Figure 4.37) denoted the representation of W2V format with true 

labeling of domain terms 
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Figure 4.38   Snapshot of the Dendogram of   Hierarchical Cluster using W2V encoded 

text as input 

It has been observed that for hierarchical clustering, the W2V representation works 

well; so among both the representation techniques, the W2V representation is chosen and 

the further tasks for extracting the hierarchical relationships from the non taxonomic text is 

done. 

 

Figure 4.39   Snapshot of the Truncated Dendogram of Hierarchical Cluster using 

W2V encoded text as input 

In the above figures (4.38 and 4.39), non taxonomic text encoded in W2V is taken as 

input and hierarchical clustering is done to extract the generalized class hierarchy available 

in the non taxonomic text. Using WordNet the content of the cluster is checked and the 

output is given in the form of a generalized class. This generalized class broadens the scope 

of capturing the properties (for e.g. location, geographical area, colour of soil etc.) of the 

identified taxonomic class (for e.g. Alfisols, Aqualfs etc.) 
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Table 4.11   : Some snippet of the identified generalized class from Dendogram of   

Hierarchical Cluster using W2V encoded text as input using WordNet  

Identified  Generalized Class  

Hypernyms: location  

Hypernyms: taxonomic_group, taxonomic_category, taxon  

Hypernyms: geographical_area, geographic_area, geographical_region, geographic_region 

Hypernyms: blood_group, blood_type 

Hypernyms: property  

Hypernyms: large_integer 

It has been noticed that the generalized class captured by WordNet   gave consistent 

result except one. 

4.2.7 Association rule mining between taxonomic class and generalized class from the 

text 

The principles of Association rule mining is discussed in the section 3.4.5. This 

principle will help in the adherence of the generalized class, which is generated from the 

non taxonomic text with the taxonomic class, generated from taxonomic text. 

This result will pave a path ahead towards automated Ontology Learning. 

Table 4.12: Some examples of the rule generation from soil taxonomy 

Sl.No. Antecedent  Consequent 

1. {mollic_epipedon, sandy, United_States}  Typic_Albaqualfs 

2. {Aqualfs, kandic_horizon, natric_horizon}  

 

Endoaqualfs 

3. {moist}  Chromic_Vertic_Endoaqualfs 

 

4. {United States, forests}  Aquandic_Endoaqualfs 

 

5. {Overlie cindery, fragmental, fragmental,}  

 

Histels 

6. {Alaska,Siberia, and Canada.}  

 

Typic_Hemistels 

7. {gypsic, petrogypsic}  

 

Nitric Anhyorthels 
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The above table signifies that the individuals of the generalized class which is 

present in the column Antecedent is matching appropriately with the individuals of the 

taxonomic class present in the column Consequent. 

4.3 Validation of the Ontology Learning Algorithms in Agricultural Domain 

Table 4.13: Activity list under the Objective Validation of the Ontology Learning 

Algorithms in Agricultural Domain 

 Develop and populate the Ontology from selected domain by the developed 

prototype 

The following tasks are done: 

o Lexical Entry Extraction 

o Concept Hierarchy From core Taxonomy 

o Concept Hierarchy from Non Taxonomy 

o Relation Extraction Using ARM (Association Rule Minning) 

 Validate the developed Ontology with manually developed Ontology by suitable 

tools and techniques 

The following tasks are done: 

o Evaluation of Lexical Entry Extraction 

o Evaluation of Concept Hierarchy Core Taxonomy 

o Evaluation of Concept Hierarchy from non taxonomic text 

o Evaluation of Non Taxonomic Relation Extraction 

 Compare the enhanced algorithms with the existing algorithms of Ontology 

Learning  

 

 

4.3.1 Development and population of the Ontology from a selected domain by the 

developed prototype 

A working pipeline for Ontology Learning from Taxonomic text has been 

developed. This section describes the output of populated from the Taxonomic Text. The 

developed methodology is tested upon the USDA soil taxonomy.  
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Figure 4.40: Snapshot of populated Ontology from Taxonomic text 

 

Figure 4.41: Snapshot of the populated soil properties from Taxonomic text 

Figure 4.40, Figure 4.41 depicts snippet of the results from populated Ontology. The 

automated process of Ontology Learning from Taxonomic Text has populated 

approximately 1500 taxonomic classes out of 1900 taxonomic classes. Approximately, 

0.26 million taxonomic relationships have been captured out of 0.31 million. 

Approximately, 11 generalized classes has been identified which has the potential to 

capture the property of the taxonomic class. 

 



71 

 

4.3.2 Validation of the developed Ontology with manually developed Ontology by 

suitable tools and techniques 

To validate the developed methodology, a set of algorithms have been tested in the 

USDA soil taxonomy. The validation is done in the soil taxonomy chapter available in the 

mentioned taxonomy text. In the following sub section, each chapter is used as a dataset for 

proper validation of the methodology that has been developed.  

 

 Validation of Lexical Entry Extraction from Taxonomic Text 

The lexical entry extraction has been done by the developed methodology described 

in the section 3.4.4. In this study, 10 chapters of the book ―Key to soil Taxonomy‖ is 

taken as dataset and validated. 

 

 

Table 4.14: Performance measure of Lexical entry extraction methodology of term 

identification using F- Score 

Dataset 
Term 

Identified 

Total 

Term 
Precision Recall F-

Score 

1 7385 10401 0.83 0.73 0.78 

2 4296 6072 0.84 0.73 0.78 

3 4102 6107 0.81 0.69 0.74 

4 3494 5948 0.8 0.60 
0.68 

5 2238 2858 0.79 0.79 
0.79 

6 1096 1645 0.8 0.68 
0.74 

7 4901 6936 0.82 0.72 
0.76 

8 7593 10686 0.84 0.73 
0.78 

9 3022 4460 0.81 0.69 0.75 

10 2168 2799 0.84 0.79 
0.82 

Table 4.13 depicted the performance measurement of the Lexical Entry Extraction. 

This extraction of the lexical entry is for two class identification i.e. whether a term should 

be included in the Lexical Entry List or not. The observation shows that the term extraction 

unit gives reasonably good results by looking into the F score column of the table.  
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 Validation of extraction of Concept Hierarchy from the Core Taxonomy 

In this study, a comparison between the identified class and actual taxonomic class 

is done. The taxonomic text used for the study consisted of 4 levels (Order to Subgroup). 

The developed algorithm is able to identify all the classes available in the taxonomic text 

upto the Great Group level. It also identified nearly 78% of the classes in the Sub Group 

level. It is shown in the bar diagram below: 

 

 

Figure 4.42 Comparison between the identified and the actual classes from the USDA 

soil Taxonomy 

 

Table 4.15:  Results of the taxonomic relation extraction available in the taxonomic text 

among the taxonomic classes 

Dataset( Book 

Chapters) 

Relations Existed in 

the taxonomic text  

Identified Extracted Relations  

1  72000 58200 

2  52332 43904 

3  29250 23700 

4  5400 4260 

5  3840 3264 

6  38976 32480 

7  80928 64224 

8  23100 18700 

9  8240 8240 

10  15900 12750 

 

For an Ontology Learning Task identification of the Class is not wholly sufficient; 

the hierarchical relationships among the classes are also important. In the Table 4.15, it has 

been seen that approximately 81% of the hierarchical relationships has been extracted 

using     methodology. 

 Validation Relations present in the Taxonomic and non Taxonomic Text 
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Using Association rule mining a relation is tried to be extracted between the 

taxonomic and non taxonomic text. Here, 10 chapters of the book ―Key to soil Taxonomy‖ 

is taken as dataset. A total of 8564 relations are existing, among which 4320 relations are 

extracted, which is 50%   of the total existing relationships. 

Table 4.16 Comparisons between the existed relations and the extracted relations in 

the taxonomic text 

DDaattaasseett   RReellaattiioonnss  EExxiissttss   EExxttrraacctteedd  RReellaattiioonnss   

1  1584 800  

2  1212 560  

3  456 234  

4  780 453  

5  1284 640  

6  876 472  

7  952 460  

8  512 258  

9  568 282  

10  340 161  

 

 

Figure 4.43 Scatter plots of Support and Confidence metrics of the generated rules 

from the Taxonomic Text 

Figure 4.43 depicts the support confidence scatter plot of the rules. The rules are 

depicted as star symbol in the plot, and most of the generated rules are in the middle 

portion of the graph that means the rules generated have a sufficient chance to be repeated.  
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Figure 4.44 Description of lift of generated rule where Y axis depicts the percentage 

value of the lift and the X- axis depicts the rule number 

Figure 4.44 depicts the extracted rules from the given text. Where the Y-axis depicts 

the percentage value of lift and the X-axis depicts the rule number. The graph suggests that 

the lifts of the extracted rules are stable. Lift describes the ratio between the expected 

confidence and the actual confidence. That means it is safe to rely on the extracted rule 

because most of the rules are equal or above 10 % of the lift. 

4.3.3 Comparative discussion of the enhanced algorithms with the existing algorithms 

of Ontology Learning  

Comparing of the existing Ontology Learning algorithms with the enhanced one is 

difficult. In many aspects, this study is totally different from the existing Ontology 

Learning problem.  Introduction of segregation of the hierarchical text into non hierarchical 

one through the classification technique is done. For the conventional Ontology Learning, 

consideration of the whole text into a single category was there, but in this study, it has 

been realized that the taxonomic text has significant morphological differences than the 

plain text. So, introduction of the segregation of the taxonomic text into hierarchical and 

non-hierarchical is done.  This approach is not comparable with existing Ontology 

Learning approaches. 

In the section 4.1.1 the existing lexical entry extraction algorithms has been 

discussed. In subsequent subsections,   it is seen that the conventional methods are unable 

to extract multi word important keywords. For combating the situation, introduction of a 

heuristic method in the taxonomic text for extracting actual important words are done. In 

the sub section Heuristic Methods of identification of multiword keyword (lexical 
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entry) by using hybrid method comprising of RAKE and W2V of the section 4.2.5 the 

results depicted betterment over the conventional methods of lexical entry extraction. 

In the sub section Taxonomy induction From Hierarchical Part of the Text of 

the section 3.4.4 we have discussed the extraction of hierarchy from plain text using Hearst 

pattern. The traditional method was unable to extract even a single true hierarchy from the 

taxonomic text. Here the enhancement of the pattern according to our text is done. This 

enhancement is very much dependent on the domain and text available in that domain. It 

worked well in this domain and it need not necessarily mean that it will work in the next 

domain. To combat this situation, Ontology engineer may need to find the new pattern that 

will be capable of extraction of hierarchy in the new domain.  

In conclusion, it can be said that after a thorough study of the Taxonomic text, it is 

seen that it can be classified into hierarchical and non-hierarchical one. A hybrid 

methodology for keyword extraction using RAKE and W2V is done which heuristically 

can extract the domain related important multiword keywords. Using enhanced Hearst 

Pattern and Hierarchical clustering with the help of WordNet, the hierarchical relationship 

is extracted from both the core taxonomic and non taxonomic text respectively. 

Association rule mining has been used in the study, to find the relationship between the 

taxonomic and non taxonomic text which is pertinent for automation of Ontology 

Learning.  Validation of the developed as well as enhanced algorithm has been done in the 

Agricultural domain (USDA Soil Taxonomy) using standard validation technique of 

information retrieval like Precision recall, F-Score, Percentage success for relationship 

extraction, Support-Confidence –Lift for the generated rule from taxonomic text.  
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SUMMARY AND CONCLUSION 
 

 

In this research work, Ontology Learning from specialized text i.e. the taxonomic 

text has been studied. This study is unique for dealing with the mentioned text. The study 

dealt with the challenges of natural language processing of taxonomic text. On the other 

hand, it also exploits the typical characteristics of the taxonomic text.  

This study has developed a framework of Ontology Learning and it is tested in the 

taxonomic text available in agriculture particularly the USDA soil taxonomy. The 

Ontology Leaning task starts with the population of the Corpus. Here the Corpus 

development starts with two sources of data one is the taxonomic text of the user and the 

second source is the automated scraping from the Wikipedia, which increases the domain 

related content in the Corpus.  

After the development of the Corpus, the pipelines go through some pre-processing 

of the natural language available in the Corpus. The pre-processing includes the sentence 

detection, tokenization, POS tagging, stemming and lemmatization. 

After the basic pre-processing task, the input text is trained and tested on some 

classification techniques. The developed model helped in classifying the text into 

hierarchical and nonhierarchical text. 

Before entering into the core task of the Ontology Learning extraction of the key 

phrase identification is very important. A detailed study has been done for the existing 

keyword extraction methodology used in the Ontology Learning. The popular methods 

W2V (Word to Vector) and RAKE (Rapid Automatic Keywords Extraction) methods are 

taken into considerations and a heuristic hybrid method of keyword extraction has been 

developed. The developed hybrid method gives better results than the existing two 

methods. 

From the above description, it is clear that the pipeline is bifurcated into the 

taxonomy extraction and non taxonomic relationship extraction. In taxonomic hierarchy, 

the extraction is done on the POS tagged input text by the lexico syntactic filter (Hearst 

Pattern) with tree based (Connective based) given approach. The extracted taxonomy is 

CHAPTER V 
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compared with the manually developed ontology. The lexico-syntactic taxonomy 

extraction method gives reasonably good result compared to the manual ontology. 

The second part of the bifurcation is to identify the non taxonomic relationship 

among the entity that is not the part of the taxonomic hierarchy. To extract the non 

taxonomic relationship the Word2Vec model is used to encode the input text. 

The present study deals with the Ontology Learning from taxonomic texts. The 

developed methodology has been validated in the agricultural domain. This study critically 

analyzes the present method of ontology development and proposed an approach that 

works better in the taxonomic text. 

In future, the Ontology pruning and maintenance may be considered. Further the 

present framework can be extended for deep learning enabled pipeline that may improve 

the result of Ontology Learning. 
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Ontology Learning From Taxonomic Text for Agricultural Knowledge 

Management 

ABSTRACT 
 

Ontology Learning from Taxonomic text is a novel approach of learning Ontology 

from semi structured taxonomic text. The traditional ontology learning within the 

available literature mostly focuses on the ontology learning from the huge corpus of 

text. The present study mainly concentrates on the ontology learning from the 

specialized kind of text i.e. the taxonomic text. This study dealt with the 

exploitation of the typical characteristics of the taxonomic text. The study 

eventually is subdivided into mainly four broad areas. First, it has developed a text 

corpus from the taxonomic text of USDA soil taxonomy and enhanced the corpus 

by the automated scraping of the Wikipedia, with the help of seed word given by 

the domain experts. After the development of the corpus, the keyword extraction 

was a challenging task for this research. A heuristic methodology has been 

developed which is used for the extraction of the keyword. The heuristic method is 

based on the RAKE guided by the W2V methodology. Second part of the study 

dealt with the taxonomy induction from the text which contains the core taxonomy. 

To segregate the core taxonomy part, we have used machine learning techniques 

for the classification of text. Third part of the study dealt with the taxonomy 

induction from the non taxonomic part of the text. We have used the hierarchical 

clustering to induct the taxonomy from the text. Fourth and last part of the work is 

dealt with the finding of the connections between the taxonomic and non taxonomic 

class that has been inducted by the second and third part of the work. Several 

empirical results have been provided and validated using suitable tools and 

techniques in USDA Soil Taxonomy. Total study involved a wide range of 

technologies and software. Most of the algorithms are implemented in Python 

programming language. Some of the experiment involves Java and SQL server. We 

have also used protégé for the study of existing manually developed ontology.  

Keywords: Ontology Learning; taxonomic text; USDA soil taxonomy; RAKE; W2V 
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ANNEXURE 
 

Code Snippet #1 Sentence detection 

tokenizer=nltk.data.load('tokenizers/punkt/english.pickle') 

raw_sentences = tokenizer.tokenize(text) 

print(raw_sentences) 

 

 

Code Snippet #2 POS tagging of the sentences 

 

 
for sentence in raw_sentences: 

    pos_tagged=nltk.pos_tag(word_tokenize(sentence)) 

    print(pos_tagged) 

    pos_sentence=[] 

    for i in range(0,len(pos_tagged)): 

         pos_sentence.append(pos_tagged[i][1]) 

    pos_joined_sentence=" ".join(pos_sentence) 

    

pos_joined_sentence="("+str(line_number)+")"+pos_joined_senten

ce 

     

 

 

Code Snippet #3 Corpus enhancement from Wikipedia 
 

for user_keyword in user_keywords: 

    try: 

        text=wikipedia.summary(user_keyword) 

        file.write(text) 

        #file.close() 

        keywords=[] 

        r.extract_keywords_from_text(text) 

        keywords=r.get_ranked_phrases() 

        for keyword in keywords: 

            try: 

                text=wikipedia.summary(keyword) 

                file.write(text) 

                keywordsL3=[] 

                r.extract_keywords_from_text(text) 

                keywordsL3=r.get_ranked_phrases() 

                for keyword in keywordsL3: 

                    try: 

                        text=wikipedia.summary(keyword) 

                        file(write(text)) 

                        i=i+1 

            except: 

                        pass 

            except: 

                pass 

                 

    except: 
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        pass 

 

Code Snippet #4 Identification of Nouns in the text 
 

dataset=[] 

for raw_sentence in raw_sentences: 

    pos_tagged=nltk.pos_tag(word_tokenize(raw_sentence)) 

    pos_sentence=[] 

    for i in range(0,len(pos_tagged)): 

        if(pos_tagged[i][1]=="NN" or pos_tagged[i][1]=="NNS" 

or pos_tagged[i][1]=="NNP" or pos_tagged[i][1]=="NNPS"): 

            pos_sentence.append(pos_tagged[i][0]) 

    pos_joined_sentence=" ".join(pos_sentence) 

    #print(pos_joined_sentence) 

    dataset.append(pos_joined_sentence.split(" ")) 

print(dataset)      

 

Code Snippet #5 

 

# Create the node to add to the Graph 

 
soil_taxonmy = URIRef(LDT["soil taxonomy"]) 

# Add the OWL data to the graph 

graph.add((soil_taxonmy, RDF.type, OWL.Class)) 

graph.add((soil_taxonmy, RDFS.subClassOf, OWL.Thing)) 

graph.add((soil_taxonmy, RDFS.label, Literal(“text from NLP at 

runtime”))) 

graph.add((soil_taxonmy, RDFS.comment, Literal("text from NLP 

at runtime")))      

# Bind the OWL and LDT name spaces 

graph.bind("owl", OWL) 

graph.bind("ldt", LDT) 

 

 

Code Snippet #6 
frequent_itemsets = apriori(df, min_support=0.01, 

use_colnames=True) 

association_rules(frequent_itemsets, metric="confidence", 

min_threshold=0.01) 

rules = association_rules(frequent_itemsets, metric="lift", 

min_threshold=1.2) 

f.write(str(rules)) 

 

 

Code snippet #7 use of Word Net for non hierarchical class 

identification 

sentences=sent_tokenize(" sentence extracted from cluster") 

dataset=[] 

for sentence in sentences: 

    dataset.append(sentence.split(" ")) 

print(dataset) 

for group in leaves: 

    for leaf in group: 

        try: 

            for i,j in enumerate(wn.synsets(leaf)): 
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        #print('Meaning', i, 'NLTK ID', j.name()) 

        #print('Definition:', j.definition()) 

                print('Hypernyms:', ', 

'.join(list(chain(*[l.lemma_names() for l in 

j.hypernyms()])))) 

        except: 

            pass 

 

# Seed for the RNG, to make the results reproducible. 

seed = 1 

thrones2vec = w2v.Word2Vec( 

    sg=1, 

    seed=1, 

    workers=multiprocessing.cpu_count(), 

    size=300, 

    min_count=50, 

    window=10, 

    sample=1e-3 

) 

thrones2vec.build_vocab(sentences) 

model = w2v.Word2Vec(sentences, size=300, window=5, 

min_count=3, workers=multiprocessing.cpu_count()) 

# fit a 2d PCA model to the vectors 

X = model[model.wv.vocab] 

pca = PCA(n_components=2) 

result = pca.fit_transform(X) 

 

# create a scatter plot of the projection 

pyplot.scatter(result[:, 0], result[:, 1]) 

words = list(model.wv.vocab) 

for i, word in enumerate(words): 

 pyplot.annotate(word, xy=(result[i, 0], result[i, 1])) 

pyplot.show() 


