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ABSTRACT

	The majority of biographical texts contain lengthy unstructured text and are often written by the individual authors. Moreover, research has shown the importance of analysing this textual data to extract semantic meanings and connections among researchers. The study adopted the Stanford CoreNLP natural language processing technique to efficiently identify and extract named entities and semantic triples. Which are then mapped to academic biographic concepts and relationships to build a structured biography knowledge base. The machine-readable knowledge base was evaluated with the OntOlogy Pitfall Scanner (OOPS), an online ontology evaluation tool to check for consistency, structural, lexical patterns and general quality sustainance in this research. The resulting output was consistent and the knowledge base allows for the execution of complex queries with Sparql query language that can efficiently retrieve connections between named entities. This in turn provides a useful data source for future research in the areas of infometrics and scientometrics as well as for identifying relationshps and collaborations in research.
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1. INTRODUCTION 

Most biographical texts contain lengthy unstructured text often written by the individual authors, with a structural supplement of information about the authors family, education, works, research interest, and so on. A percentage of researchers’ have a textual form of their biography on their personal webpages. Extracting and mining of relevant academic profile information from unstructured text is difficult. Often, people are not only interested in extracting important information relating to the authors, conferences and papers[2,11] but are also interested in searching for semantic information from the text such as research interests and past positions held. Moreover, since textual biographies are unstructured, there is no standard procedure for machine processing that will enable the execution of complex queries to extract semantic information. Considering this, several researchers have investigated different ways to identify named entities in academic biographies[14,15,18], emphasizing the relevance of using the relationships between the identified named entities as alternate data sources. In this research paper, we present a semi-automated ontology learning technique for constructing academic biography ontology for reasoning by identifying named entities and their respective relationship from plain text which can then be easily processed and/or queried by computer algorithms.

The mining and extraction of semantic information relating to named entities and their respective relationship from a domain such as the academic biographies in order to build an ontology is not a linear process. The application of ontology as a means of representing domain specific conceptual knowledge has been useful in facilitating machines’ ability to process and query knowledge bases. In this research, we implement a technique for instantiating ontology from text using the Stanford CoreNLP to process textual input data to extract semantic triples of different circumstances in text and relate them to ontological concepts and relations in order to create biographical ontology.

2. Problem Statement 

Extraction and mining of relevant academic profile information (biographic information) from research authors webpages and other online sources is becoming interesting for statisticians and data analysts. Moreover, in recent times data analyst are not only interested in extracting authors profile information but are also interested in retrieving semantic information about the authors’ research interest, past positions held and so on. While current approaches for extracting relevant information relating to authors biographic information applies statistical and named entity recognition techniques.[14,13,15,22,23] The existing techniques lack the capability to translate the extracted profile information into a machine-readable form which can then be queried to retrieve suitable semantic information relating authors. This research presents a method for constructing and instantiating an academic biographic ontology from unstructured plain text which can then be machine processable.

3. RELATED WORKS 

Ontological tools are useful in this research, in that they provide a generalised conceptual model for distinct areas in the bibliographic subdomain which will help in solving some of the different semantic problems.[3] Ontology provides the building blocks for modelling some specific and relevant concepts. As a way of fulfilling its role, an ontology provides an abstract and simplified view of domain concepts and relations which can be used as the bases for building models. Ontology could be used for formalizing knowledge in a particular domain. It provides a solid base in the process of knowledge formalization which enables a clear explanation of the underlying assumptions as well as provision of a formal definition of the key components in the domain of interest.[10] One of the uses of ontology in any given domain is for semantic indexing and searching. The beauty of ontologies is that they provide a descriptive model and semantic index of information that makes it easy for semantic content search and retrieval.[20]

Bennett et al.[4] applied an integrated approach that combines machine learning and artificial intelligence technologies alongside with natural language processing techniques to accept unstructured natural language question text and convert it into structured information that is helpful in retrieving user desired information. The focus was to capture the users search intent and provide a matching information. The approach implemented a classification-based technique to classify questions in terms of metadata and structural elements. The problem what thus a classification based on metadata and structural elements which were limited in providing semantic information and as well excluding irrelevant answers. However, the structure of the data used in the experiment[4] is different from the biographic text considered in the research.
[bookmark: _GoBack]Several ontology development methodologies have been proposed. These different methodologies have however not delivered a complete standard for ontology development   in software engineering. Suarez-Figueroa et al.[19] presented the NeOn ontology development methodology. NeOn is a scenario-based approach that applies a different insight into existing ontology construction methodologies. However, this approach does not specify a workflow for the ontology development, rather it recognizes nine scenarios for collaborative ontology construction, re-engineering, alignment, and so on. Fawei et al.[7] defined 18 fine grain steps for constructing legal ontologies. The steps include competency question and some other processes aimed at retrieving some specific information which are necessary for applying the law in order construct an ontology for the law. However, the legal ontology emphasized here is developed for the purpose of legal question answering which differs from our intention. De Nicola and Missiko[6] proposed the Unified Process for ONtology (UPON Lite), an ontology construction methodology that depends on an incremental process to enhance the role of end users without requiring any specific ontology expertise at the heart of the process. The approach is established with an ordered set of six steps. Each step displays a complete and independent artefact that is immediately available to end users, which serves as an input to the subsequent step. This whole process reduces the role of ontology engineers.

The success of ontology engineering process largely depends on how well requirements are understood and translating them into an effective conceptual model plays a great role in ensuring a reliable representation of domain knowledge.[28] An overview of ontology design patterns which was presented in[9], where the author explores how ontologies are constructed in the legal domain. Current approaches on ontology development can be categorized as either “top-down" or “bottom-up". The manual development of ontologies from scratch by a knowledge engineer and with the support of domain experts is known as the top-down approach[12], which is later used to annotate existing documents. When an ontology is extracted by automatic mappings or extraction rules or by machine learning from vital data sources[12], then this is regarded as a bottom-up approach.  A large percentage of the research works on legal data harmonization apply a standardized formal language to express legal knowledge, its metadata, and its axiomatization.

Unger et al.[20] apply the template-based technique to translate natural language questions into RDF triples that directly represent the internal structure of the question. Deep linguistic analysis technique was used for question translation. The approach creates fillable slots in SPARQL templates to be filled with linguistic information. Zheng et al.[24] adopt an intersection approach between natural language question and SPARQL query workload for the automatic generation of the template. The intersection is measured based on similarity in graph pairs. Navarro-Almanza et al.[27] applied neural network model such as word embedding and sequence learning for identifying and extracting key concepts and relationships for structured knowledge representation. The approach enabled the construction of ontology in a more accurate and scalable form. Deep learning techniques have been actively investigated in ontology learning and has shown significant progress due to its ability to understand and encode complex linguistic patterns as well as context and word structure by transforming words into vector representation.[26, 30, 25] Sanagavarapu et l.[31] presents a deep learning framework that identifies and integrates new concepts and relationships into an existing ontologies thereby improving their coverage and semantic enrichment. The approach enhance the extraction of concepts and relations from raw text. A technique to build, analyse and enhance ontologies using deep learning was introduced.[29] The approach provides a flexible and useful framework that support the development of intelligent systems that organize and understand knowledge more efficiently.

4. METHODOLOGY 

In this section, we present our approach, which consist of two basic tasks along with some manual intervention in extracting relevant and necessary keywords:
· First, we extract structured information in the form of semantic triples from the input text.
· Secondly, the extracted triples are then used to generate an academic biographic ontology that can be easily processed by machines with some human intervention (see Figure 1).
To build the ontology, we manually extracted relevant keywords (both nouns and their relations) often found in academic biographies aside the named entities to build a gazetteer list of biographical keywords related to academic biographies. The gazetteer list provides a finite set of named entities like locations, organizations, date, etc. This list is helpful in searching for the occurrence of such keywords in a text. For example, given the text “John was born 2017” we can look-up 2017 in a gazetteer list to understand that it is a date. The essence is to use the gazetteer list as a lookup for extracting relevant keywords from the input plain text.
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Figure 1. Semi-automatic ontology generation tool.
4.1 Results and discussion 
Dataset
The dataset used for this research work was retrieved from Tang et al.[18], and they include annotated words appearing in web pages of researchers in a categorized form. The upper layer categories appear like the section sentences in the block. An academics’ homepage contains information such as researcher’s biography, contact details, photo, and a possible list of publications. One problem with this content is its noisiness as they contain HTML formatting tags as well as scripts which make it difficult for textual analyses. Moreover, since our interest in this research is academic biographies, we remove certain irrelevant information like publication list, photos etcetera from the content in order to derive plain text information only. The example below shows Kinshuk’s biography in the edited formatted.[18]

Kinshuk joined Athabasca University in August 2006 as the Professor and Director of School of Computing and Information Systems.  Before moving to Canada, Kinshuk worked at German National Research Centre for Information Technology as Postgraduate Fellow, and at Massey University, New Zealand as Associate Professor of Information Systems and Director of Advanced Learning Technology Research Centre. Kinshuk also holds Honorary Senior E-Learning Consultant position with Online Learning Systems Ltd., New Zealand, and Docent position with University of Joensuu, Finland. Kinshuk has been involved in large-scale research projects for exploration based adaptive educational environments and has published over 185 research papers in international refereed journals, conferences, and book chapters. Kinshuk is Chair of IEEE Technical Committee on Learning Technology and International Forum of Educational Technology and Society. Kinshuk is also editor of the SSCI indexed Journal of Educational Technology and Society (ISSN 1436-4522).

The edited version was reorganised such that the original content of the text represents the exact information. The edited version is reconstructed into a compatible xml format with each researcher’s biography made into pair with pair identification number for identifying individual researcher, while preserving the original content. The original dataset retrieved from source contains 537 individual researchers biographic information. After editing and clean up due to noisiness, the biography corpus constitute 67826 words with 2871 sentences. The dataset has diverse characteristics in that it covers different genders, both young and advanced researchers, nationalities, professionals and backgrounds as well as differing approaches and styles of biographic writings.Which includes factual, analytical and narative biographies. See a sample of xml derived text biography:

<pair id="3">
<bio> Kinshuk joined Athabasca University in August 2006 as the Professor and Director of School of Computing and Information Systems.  Before moving to Canada, Kinshuk worked at German National Research Centre for Information Technology as Postgraduate Fellow, and at Massey University, New Zealand as Associate Professor of Information Systems and Director of Advanced Learning Technology Research Centre. Kinshuk also holds Honorary Senior E-Learning Consultant position with Online Learning Systems Ltd., New Zealand, and Docent position with University of Joensuu, Finland. Kinshuk has been involved in large-scale research projects for exploration based adaptive educational environments and has published over 185 research papers in international refereed journals, conferences, and book chapters. Kinshuk is Chair of IEEE Technical Committee on Learning Technology and International Forum of Educational Technology and Society. Kinshuk is also editor of the SSCI indexed Journal of Educational Technology and Society (ISSN 1436-4522). </bio>
</pair>

However,    

4.2 Input Text Processing
The manual process of annotating semantic information from an input text for each researcher is tedious and time consuming. There have been recent works on information extraction technology that have been observed to be reasonably successful in extracting structured data from plain text. Hence, for the task of information extraction, we applied the Stanford CoreNLP tool for processing the input text. The Stanford CoreNLP contains a series of text processing components which are responsible in extracting specific information from the input text in the various processing steps.[16]
The tool takes a sentence and chunks it into a set of entailed clauses, and each of these clauses is then shortened to produce a set of sentence fragments. These fragments are then segmented into the Stanford NLP triples. The annotators are the underlying strength of the package which behaves like functions on top of the annotations. They perform certain operations like tokenization, parts-of-speech tagging (POS), lemmatization, named entity identification, dependency parsing, Stanford openie and natural logic to extract semantic triples from the plain input text. The Stanford CoreNLP provides a uniform interface for annotators to use annotation object to add extra information. Using the Stanford CoreNLP API, running a pipeline is made easy since it provides a minimal configuration code for user experience. The annotation pipeline can be applied to any form of text, either a paragraph or full document instead of applying to a single sentence (see Figure 2).
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Figure 2. Text processing pipeline.

For the input processing task, a selected number of the default annotators were used. The core annotators for extracting semantic triples are the Natural Logic in NLP (natlog) and Open Information Extraction (openie). The natlog component works based on a model of natural logic to do inferencing on natural language. It decomposes an inference problem into chunks of atomic edits that connects the premises to the hypothesis. This decomposition enables lexical entailment relations for every edit using a statistical classifier to generate the relations through a syntax tree with respect to semantic properties of the nodes and put together the resulting entailment relations along the edit sequence.[5] For example, the sentence Tom is a member of ACM can entail (Tom, member, ACM). Netlog applies proof theory for lexical mutation of a sentence with respect to a more general or specific terms which in turn preserves or negates the truth of the premise. The openie extracts relational tuples, specifically binary relations from a natural language text[1] in two processing stages. Here, the first stage of the processing process splits sentence into chunks of shorter statements. For example, the sentence Tom is a member of ACM is chunked into simple clauses such as Tom member ACM, Tom be member ACM, Tom be member, and so on. While the necessary context is not altered. The binary parse tree of these clauses is then traversed recursively to find an edge that produces an independent clause. However, most biographic text contains implicit information which are hard to decode. One most common problem with Standford parser is pronominal anaphora resulotion. For example, James and John has published over 40 journal articles and his first publication is during his PhD. The occurrence of duplicate words in both the predicate or subject or object parts in some instances. For example, “James would would move”. Others include handling complex compound nouns, polysemy and ncorrect triple extraction. 
4.3 Named Entity Identification
Also, we applied the Stanford CoreNLP named entity recogniser[16] to identify and extract named entities in the input text. The identification of the named entities is based on a predefined classification such as name of persons, organizations, locations, dates and so on. The named entity recogniser works by matching words extracted from the input text to the reference list (Stanford trained models). Here matching words are retrieved as named entities. This task is to extract the set of named entities from the input text. For example, the sentence Tom started working at the Atlantic Systems Guild 1986. The identified named entities will be Tom as a Person and 1986 as Date. Where Tom and 1986 are extracted as Person and Date respectively.   
4.4 Triple Extraction
The interest here is to extract semantic triples from the input text and relate them to concepts and relations defined in the gazetteer list to create and instantiate the ontology. Relevant triples are extracted by matching each set of triples (subject, predicate, object) to the gazetteer list nouns and relations as well as named entities. Matching concepts and relations are retrieved as relevant triples. Where a match is not found, the triples are identified as irrelevant concepts and relations, and are hence, discarded. Triples are a collection of three entities that represents a statement about an information, which is expressed as s-p-o (Subject-Predicate-Object). Also, triples are used in Resource Description Framework (RDF) data model to describe atomic data entity. Here, the predicate describes the relationship between two resources. Semantic triples are important because they form the nodes or relations in the ontology-based domain model and they are part of the triple structure, which is compared to the domain model to find a match.
4.5 Modelling primitives
The concepts and relations extracted as relevant triples are used to develop an ontology. These triples are translated into RDF triples based on ontology modelling primitives such as concepts, instances, taxonomies and relations. Here, one to three-word concepts forming the subject and object of the triples are used to create ontology classes. However, for the purpose of class hierarchy definition (subclass-of-relations), apart from the named entities, we created a taxonomy based on some basic intuition on biographic text.[8] For example, Atlantic Systems Guild in the sentence “Tom started working at the Atlantic Systems Guild 1986” is classed as an Organization. The classification of the named entities is also identified and created as ontology classes. For example, the named entities (Person and Date) as to Tom and 1986 as it appears in the sentence. The concepts Person and Date are used to create ontological classes. Whereas ontological instances are identified based on common nouns. Common nouns are the names for a person, place, and thing.
4.6 Triple Extraction with Sparql Query
Sparql query language is the W3C recommended language for querying RDF data published on the web. The query layer provides an interface to the knowledge base. The Sparql query language allow querying the classes and subclasses of the ontology to discover the resources which are directly classified under them. Sparql query works based on graph pattern matching. It enables user to specify the set of triple patterns which is known as basic graph pattern. The triple patterns are defined with respect to (subject, predicate, object) and are similar to the RDF triples. To execute a sparql query, the query is parsed into abstract syntax form and then transformed into abstract query, which would then be executed on an RDF dataset. In this research, the sparql query language is applied to retrieve semantic information from the developed ontology. For example, the following query retrieves the ‘subject’ and ‘object’ of rdfs:subclassOf relations information from the knowledge base (see Figure 3. for Sparql Query output). 

[image: ]
Figure 3. Sparql Query Output


Suppose that we want to extract researchers working in the German national research centre out of the 537 individual researchers biographic information retrieved. Sparql query such as select subject and object where the object property is ‘work_at’ retrieve person and name of a company (see Figure 4 for sparql query and output).

[image: ]
Figure 4. Sparql query with object property defined


Series of other sparql queries were tried to evaluate the suitability of the semiautomatically created ontology. In the queries, we want to retrieve researchers holding honorary position as well as those who made publication during the summer and indexing journal of education will extract the respective subject and object with the object properties “hold”, “publish_in”.and “index” (see Figure 5, 6 and 7 for sparql queries and outputs). 
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Figure 5. Sparql query with object property defined
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Figure 6. Sparql query with object property defined
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Figure 7. Sparql query with object property defined

5 ONTOLOGY EVALUATION
For ontology evaluation, we applied an online ontology evaluation tool OntOlogy Pitfall Scanner (OOPS) to evaluate our ontology (See Figure 8. for OOPS ontology evaluation result). The evaluation was based on its structural and lexical patterns related pitfalls. The essence of the evaluation is to ascertain how free is our ontology from the basic critical and important pitfalls. The result shows that our ontology is free of critical pitfalls such as polysemous elements as well as synonymous classes. However, two important cases where identified (P38 and P41). Though, important but does not alter the functionality of the ontology. Other pitfalls such as (P08 and P13), which are “missing annotations and inverse relationship not explicitly declared.” Since, the ontology development is still in progress, these pitfalls are seen to be irrelevant. As the construction progresses, proper consideration will be given to this class of pitfalls. Moreover, it is not all the pitfalls[8,17] that are necessary for evaluating our ontology. Other issues like naming criteria were consistent while definition of classes, equivalent properties, class hierarchy, primitives and “is-a” relations were not misused.
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Figure 8. OOPS ontology evaluation result.

6. Conclusion

Analyzing and extracting meaning information from free text biographies found in the web page of researchers or in academic articles is essential when using online content for webometrics or scientometrics research. Often web pages contain HTM tags and scripts that are meant only for formatting and display, not for analysis. Researchers may be interested in analyzing just a specific portion of web page. Therefore, methods that can filter out irrelevant code and automatically organize content into meaningful sections, which are highly helpful content for webometrics. This research attempted to fill this gap by applying natural language processing technique to extract named identities and respective relevant concepts and properties for generating and instantiating a biographic ontology of personal academic biographies. However, it is important to highlight at this point that the system does not address some of the challenging issues encountered such as complex compound nouns, polysemy and so on. The generated ontology not only organizes the information clearly but also allows for logical reasoning to reveal hidden relationships and supports execution of complex queries through semantic web technologies such as SPARQL. This research has simply described a methodology for the creation of a knowledge base. Further work will focus on retrieving free text biographies from academic web pages on the web, and then using the methods described in this research, create a publicly available knowledge base which can serve as a data source for future infometrics and scientometrics researches.
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tology. For example, the following query

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

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

PREFIX prop: <http://www.semanticweb.org/bjfaw/ontologies/2018/9/untitled-ontology-24#>
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WHERE { subject pvop‘wovk_ad Tobject}

Retrieves the following information from the knowledge base (see Figure 3. for Spagl Query
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OntOlogy Pitfall Scanner!

00Ps! (OntOlogy Pitfall Scanner!) helps you to detect some of the most common pitfalls appearing when developing ontologies.
enter 3 URT or paste an OWL document into the text field above. A list of pitfalls and the elements of your ontology where they appear will be displayed.

Scanner by URI: [Scanner by URI

Example: http://oops.linkeddata.es/example/swc_2009-05-09.rdf

2xml version="1.@"2> -
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Scanner by direct input:

Evaluation results

It is obvious that not all the pitfalls are equally important; thei
pitfall has an importance level attachet ating how important

Want to help?

impact in the ontology will depend on multiple factors. For this reason, each
. We have identified three levels:

= Suggest new pitfalls
= Provide feedback

= Critical @ : It is crucial to correct the pitfall. Otherwise, it could affect the ontology consistency, reasoning, applical
= Important @ : Though not critical for ontology function, it is important to correct this type of pitfall.
= Minor O : It is not really a problem, but by correcting it we will make the ontology nicer.
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below). You can use the following HTML code to insert the badge within your ontology documentation: = EKAW 2012
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