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Abstract

In computer science, ontologies enable formalized knowledge representation. The goal of
ontology extension is to correctly augment the existing ontology with foewalized
knowledge (e.g.concepts, relationships etc.).

This thesis addresses tloatology extensiorprocessbased on text mining methads
News analysis is theapplication of the extended ontologyn novel OntoPlus
methodologyintroducing usage dhe ontology content, structure arle co-occurrence
information is proposed for semautomatic ontology extensionThe OntoPlus
methodology allows transforming textual information into a structured conceptualized
form. The OntoPlus methodology is able to perm within different domains and
different information sources. The methodology enables extension of verynhaige
domainontologies.

The proposedntoPlus methodologyis evaluatedusing a well known Cyc ontology
and textual material from two domaiinsfinancial domain and fisheries & aquaculture
domain.We have foundhat the best results are achieved by combining content, structure
and ceoccurrence informatignwhere the combination of weights depends on the
domain In our casethe ontology contentand structure arenore important than eo
occurrence for data in financial domait the same timethe ontology content anthe
co-occurrence have higher importancedata infisheries & aquaculture domain.

The thesis also addressite process of busess news analysis i) the ontology
extensionwith relevant conceptg?) ontology populationwith entities, facts and events
extracted from text an@) reasoning Bsed on the obtained ontology. We introdace
pipeline for business news analysjswhich utilizes entity, event and fact extraction
service,the OntoPlus methodologyandthe Cyc ontology.Furthermore, & populatethe
Cyc ontology with a set of entities, events and facts extracted #&arollection of
financial news.We use ontology structuraand lexical features for obtaining matches
between existing ontology instances and new instances extracted from theTheéeb.
pipeline for business news analysigonstitutes a whole strategy of business news
analysis and question answering based on th@agy reasoning and information from
the news.

The experimentalesults demonstrate that using the propd3etbPlus methodology
based on thecombination ofthe ontology content, structure arntie co-occurrence
information and using the proposegipeline for business news analysigprovide a
potential to aggregatenew knowledge into the existing ontology¥he user obtains a
support inanalysis offinancialtextsand business information.
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Povzetek
Ontologije v r a | u n a lo mio g o Wfaanjaloo predstavitevznanja.Ci | | razgir.i
ontologijej e, da pravilno povela obstojelo onto

(npr. s pojmi, odnosi, itd.).

Di sertacija obravnava pr oces analizesbesgdihr j anj a
uporabotakor az gi rj ene ontologije pri aanlogjzi nov
predlagano novo metodologip OntoPlus, ki uvaja uporabo vsebinén strukture
ontologije terinformacijo o sopojavitah pojmov v besedilihMetodologija OntoPlus
omog | a pr e o bdsedikaw koaceptualiziranoobliko, lahko jo uporabimma
razlilnih podrmobigii hf ommazciazlIMeltmoido!l ogi j a
ontologije tudi v primerih, kold a pokri v.a vel domen

Predlagan metodologijoOntoPlus smo ocenli z uporabo znanentologije Cyc in
besedil iz dveh domenf i nan|l ne domene iribogopteanugatogili r i bi ¢
s mo , da se najboljgi rezul t entologijedsouktere) e j o s
ontologije in sopojaviev pojmoy prijedemeyg prispevka vsake
vidikov odvisenod domenen podanih virov podatkav V. nagem pri mer u st
finanl| ni d o meteuktura ontalogijgoljrp@mernbmi kot sopojawie. Po drugi

strani sta v dibogogstnai bolj rponeminit wsebinadntalogije in
sopojavit\e.
Disertacija se ukvarja tudi S procesom a

ontologijez ustreznimi pojmin primeri,i z | o| e ni miPredlagamiceveveddza | a .
analizo poslovnih novi¢ ki upomblja i42 ol anj e entitetstev, dogod
metodologijo OntoPlus in ontologijo Cyc. Poleg tega smontologijo Cycr az gzi r i | i

mnogico entitet, dogodkov i n deBRrisetnemo, izl c
uporabili strukturo ontologijein lekskalnez n a | i Vsebioeontdlogije, dab i nagl i
ustreznice med primeo b st oj el e ont ol ogi j e i thesadibsvi mi [
svetovnegaspleta. Cevovod za analizo poslovnih novicpredstavlja cetno strategijo

analize poslovnih novicinodgoxwrv na vpraganja, Wi st emanojlijjo

ontologije innainformaciji iz novic.

l zsl edki poskusov p ok meoglogijeOntRius, u ptoer naebl aj epl re
na kombinaciji vsebinagn strukture ontologije tesopojavitve informacij,kakor tudi
uporaba predlagaga cevovod za analizo poslovnih novig o mo adkriaaje
novega znanhpadatkih Satdmsupovapnikd podpremo @inal i zih f i nan
besedilin poslovnh podatiov.
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1 Introduction

This chapter introduces the terminology used is thesis presents the motivation, the
hypothesis anthe goals ofthe perfemedwork, and provides list of specific scientific
contributions of tkthesis.

1.1 Background

Semantic Web provides a common framework that allows data to be shared and reused
across application, enterprise, and community boundaries (W3C, 2011). tBeman
technology is a general tenmaferring to approaches asdftware that involves some kind

and level of understanding the meaningtbé information it deals witHSemantic
Technology and Linked Data Annotation, 2011). Ontologies are considered ome of t
pillars of Semantic Wehnd Semantic Technologi€Semantic Web. Ontology, 2011).

Gruber (1993 defined Ontology as an explicit specification of a conceptualization
consistingof the following main components: concepts, relations, functions, axioms and
instances.Furthermore, otologies enable effective domain knowledge representation,
knowledge sharing and knowledge re(Shandrasekaran et al., 1999

This thesisexplores the process of ontology extension motivated by potential usage of
the extended rtology for the analysis of téxal information. For instancen question
answering based on the news articles from the financial domain using semantic
information @ables providing better answessuming thathe semantic information
matches content dhe articlesUsage ofontologies allows to search not only within the
terms occurring in the query, but also within their semantically related concepts.

According to Jarrar 2005, the following challenges should be dealt with while
building any kind of ontology: Ontology reusability, Ontology application/task
independence and Ontology evoluti@ntology reusability implies the maximization of
ont ol usefgrdifferent purposes, across different applications and tasks. Ontology
applicationtaskindepgendence suggests that ontologies capture semantics at the domain
level and are independent of application requirements. Ontology evolution deals with
continuous growth and intensive maintenance of the emerging ontologies.

News reports are considered to dmee of the largest sources of information about
society.Newshasseveral characteristics that differentigtéom other domains, such as
containing many named entities (i.e., names of people, companies, locaions,
Following that,applying semantt technologiesasbeen found beneficidbr analyzing
news( Gr obel ni k an dTheveforedarge common 3ehse 4njtologies can be
an effective instrument for news analysis.

However, there exist several challenges while using text mining and semantic
technologies in news analysigicluding the fact thanews agencies produce huge
amounts of content. Additionally, newsources arelynamic, interactive and socially
biased. We can also find news on the same event reported by different agencies of diverse
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opinion, in different natural languages.

In our reseath we selectthe Cyc ontology (Cycorp, 201} as a foundation for
ontology extension, ontology population and news analysis Cyc Knowledge Base is
acommon sense ontology, which has bbeimg developed for more than 20 years (more
than 900 human years effort) and is used as a knowledge sourcth@Cyc Atrtificial
Intelligence system. klreadyaggregates more than 15.000 predicates, 300.000 concepts
and 3.500.000 assertiof8ycorp,what's in Cyc, 2011)but the knowledge is still very
sparse in vaous domains. For example, the annotation experiments, conducted on a
randomly selected subset of business news, have shown the insufficient representation of
financial domain in Cyc and the ways to effectively improve it by the meatie ayc
Knowledge Base extensiorfNovalija andM| a d ,e2009] Cyc wascharacterized as
relatively sparse and very tangled hierarchy by Noy and H§t®&7). Manual building
of large ontologies, such #ise Cyc Knowledge Base, demands a substantial amount of
human effor$, which is the reason that all domains are not covered yet in all details.
Further extension of such a large ontology is challenging as beshuse of its
complexity and interconnectivityl he OntoPlus methodologyproposedn this research
is meant tespeedup the process of building an extensive ontologytandake ontology
development more efficient

In this thesis the news sourcesfrom business and financi@lomainare considered
The extension of Cyawas neededo coverbusiness and financial domasnd as
expected,it is a demanding task. According to Zhang et aD0(Q), in the financial
environment the tasks are dynamic, distributed, global, and heterogeneous in nature. They
are characterized by the large amount of continually changing, ancglijgnenrganized,
information available, the variety of all kinds of information (like market data, financial
report data, breaking news, etc.) and many sources of uncertainty in the environment.
Mart2nez M o2005 eas wek ment@r sever@l reasomxplaining why the
creation of the ontologies in business and financial domain is difficult. Slow
standardization efforts and high complexity of the financial standards, high competition
and dynamics of the financial sector influence the implementatiorthe new
technologies. Consequently, therasea very few ontologies connected to the financial
sphere of life. At the same time, there is a high necessity in the creation of the extensive
financial ontologies which could be effectively used and reusgdthe financial
institutions.

In order to analyze news, we applytology based text annotation and ontology based
reasoning.Ontologies are commonly used for annotating textual data mainly based on
human language technologieBofitcheva et al., 2006The reasoning systems operate
based on logically formulated knowledge. Panton et al.2006 state,n order to mimic
human reasoning, Cyc uses background knowledge regarding science, society and culture,
climate and weather, money and financial systemaltih care, history, politics, and many
other domains of human experience.

Wh at i s obvious or natur al for a human min
using formalized knowledge representation and logical réesinstance, depending on
the contextpalmcan have different meaning

Thecoconutpalm is typicallyfoundalong sandy shorelined PALM is a plant

The doctor was holding pills on higlm 4 PALM is part of hand
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Cycbs representation | anguage 1is Kknown &
version of firstorder predicate calculus (FOPC). Using CyclL it is possible to correctly
encode the above statements, so that the machine explicitly understands them and uses
them for question answering.

In this thesis we show that ontology extensiand population with formalized
information extracted from business news ameasoning based on the extendst
populatedontologysupportthe user in analysis dusiness and financial news.

1.2 Terminology Specification

In this section we define the temoilogy used in our research. In the process of ontology
extensionthe OntoPlus methodology proposed in this thesigsesthe ontology content,

the ontology structure information arttie co-occurrence data between the existing and
candidate ontology conpts.

Ontology content of a particular conq# is defined as the available textual
representation of the referred concept. The ontology content includes a natural language
concept denotation (lexical entries for a particular concept) andatecdtnments adut
the conceptOntology structure of a particular concept is defined as the neiginbood
concepts involved in the hierarchical and +ioerarchical relations with the referred
concept. For instance, an example Cyc conGaphmonStockas the associatembntent
"Share; Ordinary share; The collection of Stock whose instances represent owners
(stockholders) who have only a residual claim on an Organization's assets after all debts
and claims generated by PreferredStocks have been' metl.the associatedrgcture
"Equities; shares; stocks; issues; class B stocks; class A stbels..Co-occurrence
information is represented by the occurrence of two or more concepts within a defined
textual block. The available textual information is used to find theccarrences
between existing ontology concepts and new domain concepts suggested for ontology
extension.

Ontology extensionin this thesis stands for adding new concepts to the existing
ontology or, augmentation of the existing textual representationeafetbvant concepts
present in the ontology with new available textual informati@xtension of the concept
comments, changing or adding concept denotaBgrOntology population we consider
adding new instances afconcept (a., LehmanBrother@as Busness MingchunSuras
Persor) or relation instances ., positionOfPersoninOrganization MingchunSun
LehmanBrothers Economjshto the ontology.

When representing a new term inside ontology, the information is described at two
layersi Specification laye and Instantiation layer. While structural information is
defined by finding existing related ontology concepts and their relationstigbe
specification layer factual information is obtained during ontology populatian
instantiation layer

For exanple, for Cyc concep€ommercialOrganizationwhich represents a subclass
of Organization whose primary goal is to generate a profit for its owners, usually through
the buying and selling of goods or services, a specification layer includes a number of
related Cyc concepts, such aBusinessRelatedThing3ankingOrFinanceCompany,
ManufacturingOrganization etc, a number of Cyc relations, such as:
companylsinindustryexecutiveVicePresiderdtompanyHasGeneralCounsshk
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The instantiation layer for ComméatOrganization includes instangesuch as:
FileMakerCommercialOrganization, Symante€CommercialOrganization,
ChevroletTheComparstc

The relation instances at the instantiation layer ofdbemercialOrganizatioare the
following: (companylsinindustryMicrosoftinc (IndustryOfRegionFn Softwarelndustry
UnitedStatesOfAmeri¢a (mainBusinessActivityOfOrgOccursAt CVSCorp
UnitedStatesOfAmerica)c

In our research we deal both with specification and instantiation layers. Specification
layer is mainly utilzed in ontology extensior(e.g, adding new conceptsand
instantiation layer is important for ontology populat{erg, adding new instances)

1.3 Motivation, Aims and Hypothesis

In this thesis a noveDntoPlus methodology is proposed for sealtomatic atology
extension based on text mining methods. Furthermeee, suggest gipeline for
business news analysjswhich utilizes entity, event and fact extraction serviths,
OntoPlus methodology and exploits Cyor reasoning and question answering.

The madivation for the performed work comes from the idea that business news
aggregatea large amount of interesting business, financial, organizational and personal
information, which can be discovered, combined and used in reasoning and question
answering bythe reasoning toelits. Using ontologies allowsreasoning within
semantically relatedoncepts and instances

The importance of ontology extension is interconnected with the dynamic nature of the
ontologies. When extending large ontologies with new cdsaemd populating them with
new instances;tiis necessary to identify thequivalent concepts and instances already
present in the ontology. It is also important to find the correct location and context for
new concepts and instances we insert into thelayy.

The hypothesis in this thesis is ttagaplyingthe suggested methodology for ontology
extension andhe pipeline for business news analysien a set of business news albw
for the efficient ontology based reasoning amews relatedquestion answerg.
Moreover,the user obtains a possibility of knowledgetraction from business news,
ontology extension and population with extractamhcepts, entities, facts and events.
Usageof the obtainedextended ancdpopulated ontology for reasoning and questio
answering providethe user withifeasibility to automatically analyze textual financial and
business information, to detect important infation and to save time

The main goabf this research is to contribute to the analysis of the financial news by
the means of semantic technologiesn particular by extendingand populatingthe
business andinancial parts ofthe Cyc ontology, which is known to have one of the
largest knowledgease in the world(OpenCyc, 2011)

Furthermore, we set a goal to shtwat by extendingthe Cyc ontology with new
concepts, populating Cyc with new instances extracted from business news and applying
Cyc reasoning technology, we can efficientl
in the financial textual data, answeariousquestions and combine the pieces of puzzle
together.
Utilizing the ontology lexical and structural featsireve aim tomake the process of
ontology extension more productive.
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In addition, in this research we set a goal to:
1. Specify the terminolgy used in the research;

2. Propose the methodology for ontology extension #repipeline for business
news analysis

3. Adapt the proposed methodologythe Cyc Knowledge Base extension;

4. Experimentally evaluate the proposed methodology for ontology s®tenn
severadifferent domains and differekhowledge representations;

5.Develop a user interface othe Cyc Knowledge Base extension for a selected
domain;
6. Experimentally evaluate the propogageline for business news analysig€xplore
a set of finacial news andleterminehe relevant financial concepts and instances;
7. Obtain a number of financial events and facts from a set of business news;

8. Identify asetof interestingnonttrivial queries for business news analysis

1.4 Scientific Contributions

There are several scientific contributions of this doctoral dissertation.

First, in this thesiswe proposea novel OntoPlus methodology introducing usage of
the ontology contentthe ontology structure information anthe co-occurrence data
between existig and candidate ontology concefts ontology extensionThere are
several methodologies for ontology learning, which use the available lexical information
from the ontology. Our methodology uses not only lexical, but also structural ontological
informaion, which allowsit to achievebetter results in ontology extension and ontology
populationprocesses

Second, we adaphe OntoPlus methodology for one particular scenariadhe Cyc
ontology extension.The suggested methodology contributes to large irdalhain
ontology extension, which is rarely handled by the methodologies for ontology learning.

Third, we condict experimentsusingthe OntoPlus methodologyon real world datan
two different domains having two knowledge representation lévdisancial domain
represented by glossary of financial term@Harvey, 2003 and fisheries & aquaculture
domain represented by Aquatic Sciences and Fisheries Abstracts (ASFA) thesaurus
(ASFA thesaurus, 2010We find that using a combination ofhe ontology content
structure andhe co-occurrence information is more beneficial for the extension of large
multi-domain ontologies, than using only content, onlyocourrence or only concept
denotation information.

Forth, we propose gipeline for business news analysiand explore the process of
business news analysis by the ontology extension and ontology population with entities,
facts and events extracted from text and reasoning based on the obtained ontology.

Fifth, we extend and populate Cyc with business arahtiral termsin news analysis
experimentsve usea collection of the financial news from tivahod Financewebsite
(Yahoo! Finance, 2010) We crawl (automatically collecfrom Web) a set of news
stories, extracentities,facts and events with fact eattion servic§OpenCalais, 201
and applythe OntoPlus methodology to map the extracted knowledge theeCyc KB.
Following that,a numbeiof queriesareanalyzedhroughthe Cyc reasoning interface.

Finally, gplying the OntoPlus methodology andhe pipeline for business news
analysiswe areable tocompetentlydeal with a specific and nemivial task of business
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news analysisto discover, combine and use in reasoning and question answering the
important information extracted from business news

1.5 Thesis Structure

The thesis is structured as followShapter 2 presents the related workClmapter3 we
discuss the materials and methods. This chagesents the ne®@ntoPlus methodology

for ontology extensiomand containghe adaptation of the propasenethodology for one
concrete scenario the Cyc Knowledge Base extensioRurthermore, in Chapte3 we
suggest thepipeline for business news analysisChapter4 describes the evaluation
strategies, data and experiments; The results of the experimentprarided in
Chapter5; the discussion is covered in Chap&&rwe provide the results summary
conclusionsand future workn Chapter 7In addition, the thesis contains the following
appendices: Appendix 10ntoPlus Applications in Financial Dmain, Appendix 2:
OntoPlus Applications in Fisheries & Aquaculture Domain, Appendix 3: OpenCalais to
Cyc Mappings, Appendix 4. Example of Financial News Analysis, Appendix 5: Example
of News Annotation withthe Cyc Tagger, Appendix 6: Publications, Appendi:
Biography.



2 Related Work

In this chapterwe describe the related work in the fields of ontology development and
news analysis.

2.1 Existing Approaches ofOntology Development

The automatic and serautomatic ontology extension processes are usoaityosed of
several phases. Most approaches include defining the set of the relevant ontology
extension sources, preprocessing the input material, ontology augmentation according to
the chosen methodology, ontology evaluation and revision phases.

While developing ontologies, it is important to follow a number of ontology design
criteria. While methodologies define the particular phases of ontology develogenxgnt
first, defining the sources, then, preprocessing material ¢te)design criteria dispy
the principles of buildingheontology(e.g., clarity, extendibility etc.)

Gruber(1995 defines the following desigeriteria for ontology developmentlarity,
Coherence, Extendibility, Minimal encoding bias and Minimal ontological commitment.
Jarar (2005 states two additional methodological principléee Ontology double
articulation principle andhe Ontology modularization principleThe ontology double
articulation principle implies the idea of separate domain and application axiomatizations,
where the domain axiomatization characterizes the vocabulary at the domain level and the
application axiomatization focuses on the usability of this vocabulary for certain
applicationsThe idea of the ontology modularization isttan ontologys built as a set
of small modules and later composed and used as one modular ontdlegynentioned
principles of ontology engineering allow for creationhaghly reusable, easily built and
maintained ontologies.

The classic methods and methodologies of ogiploeationareUs c hol d and Ki
method(1995, Gr¢ninger and(19% MBETHONTOLOBGY (Gacho g y
et al., 2005, OnTo-Knowledge(Sure and Studer, 20p2

Uschold and Kingds methodology for devel
stages

- Indentify Purpose,;

- Building the Ontology;

- Ontology capture;

- Ontology coding;

- Integrating Existing Ontologies;
- Evaluation;

- Documentation.

The met hodol ogy by Gr¢ninger and Fox can
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- Capture of motivating scenias,

- Formulation & informal competency questions;

- Specification of the terminology of the tofogy within a formal language;

- Getting informal terminology;

- Spedfication of formal terminology;

- Formulation of formal competency questions using the termgyabf the ontology;

- Specification of axioms and definitions for the terms in the logto within the
formal language;

- Establisling conditions for characterizing the completeness of the ontology.

One the most famous and frequently used methodologiddEFéIONTOLOGY and
On-To-Knowledge methodology. According to the developers&THONTOLOGY,
theMETHONTOLOGY framework includes:

- The identification oftie ontology development process;
- A life cycle based on evolving prototypes and

- the methodology itselfwhich specifies the steps for performing each activhg,
techniques used, the products to be output, and how the ontologies are to be
evaluated.

OnTo-Knowledge methodology distinguishes such phases of the ontology
development:

- Feasibility Study;

- Kickoff;

- Refinement;

- Evaluation and

- Application & Evolution.

Buitelaar et al(2005 state that the process of ontology development from text can be
organized in a layer cake of imasingly complex subtasks: teexraction at the bottom,
synonym extretion, conceptdefinition, establishment of coapt hierarchies, relation
identification and ruledefinition on the top. As Reinberger and SpyR805 state, the
following steps can be found in the majority of methods for ontology learning from text:
collecting, selecting and preprocessing of an appropriate corpus, discovering sets of
equivalent words and expressions, establishing concepts with the help of the domain
experts, discovering sets of semantic relations and extending the sets of equivalent words
and expressions, validating the relations and extended concept definition with help of the
domain experts and creating a formal representation. As sugges(€dolmelnik and
M| a d,e2006,i ontology learning from text is just one phase in the methodology for
semtautomatic ontology construction preceded by domain understanding, data
understanding and task definition and followed by ontology evaluation and ontology
refinement.In our research we focus on ontology extension assuming that the main
challenge is in finding the relevant concepts and relations in the existing ontology.

Prieto-Diaz (2002 utilizes topdown and bottorup processes for ontology
development. A more gerad top-down process embodies domain experts identifying the
key concepts in order to capture the high level ontology. The instruments for the text
analysis are used in the bottamp process for keywords extraction. In a similar whg,
proposed in thishiesisthe OntoPlus methodology incorporates tajpwn and bottorup
process, where the user is providing relevant keywords or glossary while the system uses
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the data to identify relevant parts of the existing ontology.

Fortuna et al(2007) developed an appach tosemtautomatic datalriven ontology
construction focused on topic ontology. The approach combines machine learning and
text mining techniques with an efficient user interface. The domain of interest is
described by keywords or a document collectiand used to guide the ontology
construction. OntoGef(Fortuna et al., 20Q7uses the vectespace model for document
representation. The tool operates basedmplying unsupervised, semsupervised and
supervisedearningmethods.

In the following sedbns we proceed with discussiom different approaches of the
ontology development.

2.1.1Natural Language Processing Basedpproach

Natural language processing is notably used for learning or extending ontologies
(Burkhardt et al., 2008; Sabrina et al., 2D0Unsupervised text mining for ontology
learning was elaborated by Reinberger and S0685. Cimiano et al(2005 suggest

an approach for learning concept hierarchies from text basedramal Concept Analysis
(FCA), a method mainly used for the datnalysisThe Web is considered a source of
text suitable for ontology extension (Agirre et al., 200p) where the English lexical
ontology WordNet(WordNet, 201) is extended &sed on clustering word senses.
However, our approach is more general bgldimg extension of any ontology that has
some lexical description of the concepts.

2.1.2Pattern Based Approach

Lexico-syntactic patteribased ontology learning is handled by Text2Qi@wniano and

V™ 1 k er),afratn@wbik for ontology learning and dabaven change discoveryhe

main aspects of the Text20nto framework include using so called Probabilistic Ontology
Model, user interaction and operation strategies for-diaé@n change discovery.
Text20nto allows learning ontological structures from text form of modeling
primitives, such as concepts, subclasses, instances etc. without connection to a certain
representation language. SPRAWaynard et al., 2009s a tool for automatic semantic
paternbased ontology populatioi®PRAT system combines nadhentity recognition,
ontologybased information extraction and relation extraction in order to define patterns
for the identification of a variety of entity types and relations between them.

SOFIE (Suchanek et al., 2009)assystem for automated ontojogxtension, which
can parse natural language documents, extract ontological facts from them and link the
facts into ontology. SOFIE uses logical reasoning on the existing knowledge and on the
new knowledge in order to disambiguate words to their mosaptelmeaning, to reason
on the meaning of text patterns and to take into account world knowledge aXioens.
work by Suchanek et al. (2009) resemblesapproach of ontology extensi@applied to
the Cyc ontologyaugmentation Cyc extension lao involves nteraction with logical
constraints from the knowledge base.

In our work, patterns are not utilized, as we are assuming availability of keywords or
glossary terms that already represent new concepts used for ontology extension.
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2.1.3Networks/Graphs Based Appoach

The networks/graphs methods of ontology extensioludethe work of McDonald et al.
(1990 that apply the pathfinder networks approach, alloworgepresenting proximity
databetween pairs of itemdzurthermore, the spreading activation technigues also
shown to be suitable for sefautomatic ontology extensidhiu et al., 200%.

2.1.4User Dialogue Based Approach

The seni-automatic approach for ontologxtension presented {WVitbrock et al., 2008

is based on the userteractive dialogue systefior knowledge acquisition, where, the

user is engaged in a natutahguage mixedhitiative dialogue. The system contains a
natural language generation module, parsing module;pposéssing module, dictionary

assistant, user interaction agenda aneshdtiescriptor.

In our appoach the user playsan important role validating the proposed new
formalized knowledge.

2.1.5Approaches ofOntology Population

A number of approaches for automatic ontology population have ptbeemselvesas
effective tools of mformation extraction.Very often pattar based approaches for
ontology learningrom textare used for ontology population.

Described first by Hear$1992), the pattern based approach for instance and hyponym
extraction uses a defined set of patternsilevhanalyzing textual sources.
Etzioni et al.(2000 developed a KnowltAll system for named entity classification. The
approach performs pattern learning and can iteratively obtain new rules and new seeds.

Carlson et al(2010 present amethod of coupling the semi supervised learning of
caiegory and relation instance teactors for ontology population with category and
relation instancedn (Carlson et al., 20)0a number of categories (e.g., academic fields,
athletes) and relations ¢e, PlaysSport(athlee, sport) are extracted from @b pages,
starting with a handful of labeled training examples of each category or relation, plus
hundreds of millions of unlalex Web documents. Carlson et 2010 state that much
greater accuracy nabe achieved by further constraining the learning task, by coupling
the semisupervised training of many extractors for different categories and relations.

Several methoddiscusged below operate with enlarging dhe Cyc Knowledge Base
(Cyc KB) (e.g., Sajant et al., 20095hah et al., 2006

2.1.60ther Approaches

Extension of the existing ontology by automatically extending its relations was addressed
by several researchers. The approaches include learning taxonomic
(Cimiano et al., @04)/nontaxonomic relationgMaedche and Staab, 2QQthd extracting
semantic relations from text based on collocati@thesyer et al., 2001 However, inour
work wefirst of all, assume suggesting relevant existing relation instances.

Turney(2007) hasused a cabccurrence analysis technique for mining synonyms from
Web. Besidesthe ontology structure has been adequateded in the collective entity
resolution(Gt a jamd®t a d,e2009. Usage ofthe co-occurrence inthe OntoPlus
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methodologypresented in our researebas inspired by the work on collective entity
resolution and synonym extraction.

2.2 Cyc Extension andPopulation

Several methods of automatic ontology extensoperate with enlarging dhe Cyc
Knowledge Base. As it was stated bgnat (1995, one can think of Cyc as an expert
system with a domain that spans all everyday objects and actions. For example:

- You have to be awake to eat.

-Youcanusuallyseepdog 6 s noses, but not their hearts.

- Given two professions, either one is a specialization of the other or else they are likely to be
independent of one another.

- You cannot remember events that have not happened yet.

- If you cut a lump of peanut butter imlfy each half is also a lump of peanut butter; but if you cut a
table in half, neither half is a table.

Building of the Cyc ontology was initiated over 20 years ago. According to Cyc
method (Lenat and Guha, 1990), the phases to build ther@giogy ardollowing:

- Manual encoding of the explicit and implicit knowledge egming in the knowledge
sources;

- Knowledge codification that is aided by tools using knowtedljeady stored in the
Cyc KB;
- Delegating to the tools the majority of the work.

In each phase two tasks are performedD&velopment of a knowledge representation
and top level ontology containing the most abstracts concepts. 2. Representation of the
rest of the knowledge using these primitives.

The automated population of Cyc with namedtities involves the Web and a
framework for validating candidate fac{Shah et al., 2006 The usetbased dialogue
system for the Cyc KB extension was presented by Witbrock et @003.
Medelyan and Leg@008 describe the methodolodgr integrating Cyc and Wikipedia,
where the concepts from Cyc are mapped onto Wikipedia articles describing
correspondent concepts. Sarjant et(2009 use Medelyan and Leg@008 method to
augmenthe Cyc ontologyusing pattern matching and link ansiy

Taylor et al.(2007) have conductedesearcton Cyc microtheoriedn their work, they
considered the problem of how to automatically determinereto place new knowledge
into an existing ontology.

An interesting approach of extending and usingCyer answering cl ini
ad hoc queries is described (icenat et al. 2010). Even long and complex queries are
parsed into CycL fragments, which often carub&edtogether only in a single way after
applying various constraintsThe develope Semantic Research Assistant (SRA)
performs a set of database calls and then combines their results into answers to a specified
query.

In our research Cyextension and populatigriays a substantial role. Selected for our
research task of news analysIyic aggregatelsrgecommonsense ontology, suitable for
news formalizationand an inference system, which allovwerformng reasoning based
on the formalized knowledge.
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2.3 Existing Techniques of News Analysis

The analysis of news sources represents arritapt research challenge of our times.
News not only reflestthe different processes happening in the world, but also inflaence
the economic, political and social situatidvioreover, news sources contain an enormous
amountof information, which can beompiled together and analyzédough reasoning
and question answering

The study of business news is interdisciplinary comlinartificial intelligence
techniques and financidhtaanalysis.

2.3.1Artificial Intelligence in BusinessWorld

The discoveriesand developments in the 2tentury Artificial Intelligence (Al) have
changed the ambitions of scientists in different research areaBudkg (2008 stated in

her article about the industrial application of artificial intelligencehd@dtransformed or

way of thinking and solving problemias changed the consumer behaviors and improved
quality of life. Duong suggested thaigher forms of Al would be able to increase the
productivity of the economy.

On the other side, the information technology comityu have developed and
implemented a number of systems, applying various Al approaches for economic
purposes and business news analysis. The information technology artifacts for business
and financial tasks include, for instance, such tool as
ATRANS (Lytinen and Gershman, 198@eveloped in 1986, ATRANS was created to
operate in the domain of international banking telexes. This historically important system
automatically extracted the information required to ptate the transfer (the various
banks mentioned in the telex, their roles in the money transfer, payment amounts, dates,
security keys, etc.) anfbrmattedit for entry into the bank's automated transaction
processing system. For text analysis, the ATRAN&/elopers utilized cadeame
analysis and conceptual dependency formalism.

Al techniques, methods and tools constitute a central part of our research. The use of
the Cyc ontology andhe Cyc reasoning interface allows us to effectively analyze queries
based on the data obtained from the news.

2.3.2News Analysis Systems

Starting from1990s a number obther systems dealing with news analysis have been
developed(Andersen et al.,, 1992; Losch and Nikitina, 2009; lacobelli et al., )2010
JASPER(ANndersen etla 1992 is a fact extraction system developed and deployed by
Carnegie Group for Reuters Ltd., which usesteanplatedriven approach, partial
understanding techniques, and heuristic procedures to extract deetaipieces of
information fromtext. JASPIR combines frame based knowledge representation with
objectoriented processing, pattern matching, and heuristics whiotvslit to analyze
textual sourcesfficiently and quickly

The newsEvents Ontology developeg bosch and Nikiting2009 allows modding
of business events, the affected entities and relations betweenLibgch. and Nikitina
usea patterrbased approach with defined and specified EventRole paftarontology
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design.

lacobelli etal. (2010 have presented a system called Tell Me &levhich mines Web
for news stories based on the seed news storysaledts snippets of text from those
stories which offer new information beyond the seed story. The obtained new content is
classified as supplying: additional quotes, additional actadsltianal figures and
additional information depending on the criteria used to select it.

Several interesting approach&gich can be applied to news analysisal with data
mining and knowledge extraction from Web.

In (Chang et al., 20Q6the authorscompare the existing Web data extraction
approachesGhani et al.(2000 demonstrated the possibility to discover interesting
regularities about companies by extracting, and then mining information on the Web.
Etzioni et al. (2008 presented a®peninformation Extraction from Web wherein the
identities of the relations to be extracted are unknown and the billions of documents
found on the Web necessitate highly scalable processing.

Sodeland et al. (2010performed research on the adaptation of the Opfemnhation
extraction to domabkspecific relations. The key ideas of this approach include domain
specific class recognition with minimum manual effort, learning rules for relation
extraction based on limited training data and active learning over learesdo increase
precision and recall.

2.3.3Question Answering

Since part of our research includes utilization of large comsemse ontologies for
reasoning and question answering, in this subsection we present a number of different
guestion answeringystans. The discussed question answering systemsramly based

on large knowledge bases or ontologi{@sinstaltlPedoe, 2010; @ning et al., 2010;
Bradegko)et al. 2010

In TunstallPedoe (2010)a system called True Knowledge is described. True
Knowledge isa commercial, opedomain questiormnswering platform. True Knowledge
aggregates large knowledge base of common sense, factual and lexical knowledge,
natural language translation system and inference system.

An interesting approach was taken by the IBMntg(Ferrucci et al., 2010)which
created a system to play in a quiz show Jeopardy. In order to deWddgon
(Ferrucci et al., 2010Qyesearchers have used a number of machine learning techniques
and developed DeepQA architecture. DeepQA is asawely parallel probabilistic
evidencebased architecture. The overarching principles in DeepQA are massive
parallelism, many experts, pervasive confidence estimation and integration of shallow and
deep knowledge.

TheHalo project(Gunning et al., 2010)as updated to include design and evaluation
of a tool called AURA, which enables domain experts in physics, chemistry and biology
to author a knowledge base and then allows a different set of users to ask novel questions
against that knowledge base.

Bradgg k 0 et IsaVve.preqderitedl dy€tem which enables contextualized question
answering and provides document overview functionalities. Based on ontologies and
domain specific document collections, the system is able to obtain a high number of
relevant aswers.The systememploys AnswerArt (Dali et al., 2009 technology for
guestion answering arile Cyc ontology for providing semantic context to the document
collection from a particular domain of interesh order to contextualize question
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answering,Bra d e g k o e t hamel selectéd2 ASEA abstracts for a document
collection and extended Cy€ycorp 2011) by using WordNetWordNet 2011) and

ASFA ontology(ASFA thesaurus2010) For their experiment8r adegko et al
have usedhe subjecpredicateobject triplets extracted from ASFA documente
technology provided bBr a d e § k 0  esticcessiully illusteateEbWw theextended
ontology can contribute tquestion answeringn our research the same resourdbs (

Cyc ontologyandthe ASFA thesaurugare used in different type of question answering.
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3 Materials and Methods

This chapter describes the methodologies proposed in our research. We apoeidem
definition, a detailed specification ahe OntoPlus methodology applied in the processes
of ontology extension and ontology population, a methodology adaptiothdoCyc
ontologyextensiorand apipeline for businessnews analysis

3.1 Problem Definition

In this wction we describe the formal Iagound of the proposed methodology.
According to Maedche and Stagi®)01), Ontology Q) is a tuple:

0:={L,C,H¢,RH[ .F.G.A (1)

where
- L represents lexical entries for cepts and relations;
- Cis a set of concepts;

- Hc is a taxonomy of conceptsvhere taxonomy represents a collection of terms
organized hierarchically

- R is a set of noftaxonomic relations;

- H, is a set of taxonomic relations;

- F and G are the relationsannecting concepts and relations with lexical entries from
L;

- Ais a set of axioms.

In order to formalize the ontologgxtension angbopulation in more detailwe adapt
the Maedche and Staab ontology definition in the following way:

0:={L,C,H¢,RH,,I,F,G K A (2)

Where additionally
- I is a set of instancésdividualslike GeorgédVBush LehmanBrothergtc.)
- K are the relations connecting instances with lexical entrieslfrom
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3.1.10ntology Extension Problem

Following the ontology definition and the ontologytensionproblem can be defined in
the following way(Fortuna et al., 20Q7

i®:0,7F)- of

3)

- % is a transformationfrom existing ontology andextual sourcesgo extended
ontology;

- O represents an existing ontology, which we are extending;

-TF is a domain glossary textual source of information we use for ontology
extension;

- OFis an extendeantology.

The proposedntoPlus methodology enables extending the existing ontology by (a)
adding a new hierarchically related concept, by (b) augmenting textual representation of
the existing concept or, by (c) adding newoaxs.

(&) The following formula corresponds to adding a new hierarchically related concept
to the existing ontolog® (2):

fure ((L.C.He RHy ,1,F.GK,A)- @
(LGl }. CC{a, HS, RH,.LF€ G K,A

- cis a newhierarchically related concept;
- Icis a kxical entry for a newmierarchically related concept;

- HS is an extended taxonomy of concepts (by extending taxonomy we consider e.g.,
adding new concept to the existing taxonomy);

-F€is an extended set of relatis connecting concepts with lexical entries flofiby
extending a set of relations connecting concepts with lexical entries we consider e.g.,
adding new lexical entry for a specific ontology concept).

For instance, in the Appendix 1 we provide thedwihg example othe Cyc ontology
extension. The financial glossary terDEALER_LOANIis being added tdahe Cyc
ontology. Hence, the extended taxonomy of concepts includes the new ontology concept
DealerLoan which is a SUBCLASS dfoanAgreement

(b) Augmertation of the existing textual representation of the relevant conoetiie
existing ontologyO (2) with new lexical entries is displayed as:

f g (L,C,He,RH(,I,F,GK,A)- c
(L(;{IC},C,HC,R,Hr,I,Fe,G,K,A) ®)

For instance, fothe Cyc onblogy conceptOrganizationMergerthe existing textual
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representation can be augmented with new lexical entry from the financial glossary:
fiBusiness combinatian

(c) Adding a new axiom to the existing ontolo@y(2) is presented in the following
way:
fpi(LLC,He, R Hp,I,F,GK,A)-
(L,C,He, R Hf 1L F, G, K, A)

(6)

- A% is an extended axiom set (by extending a set of axioms we consider e.g., adding
an associative relationships between two existing ontology cts)cep

In Appendix 2, for instance, a set of Cyc axioms is extended with associative
relationshipChloroplastss CONCEPTUALLY RELATED toPigment

3.1.20ntology Population Problem
We definetheontology populatiortaskanalogically tahe ontology extensiotask:

tP:o01P)- of 7

- f Pis a transformation from existing ontology and textual sources to populated
ontology;

- T"is textual source of inforation we use for ontology population;
- O"is a populated ontology.

The pipeline for business news analysisnables population of the existing ontology
by adding (a) a new instance, by (b) adding a new fact. The following formula
corresponds to adding &w instance to the existing ontolo@y(a):

fury ((L.C.He R Hy  I,F,G K, A)-

(8)

(LC{LLCH_,RH, I C{i}, F.G K, A%

- i iIsanew possiblenstance
- lj is a lexical entry for a newmstance;

-k € is an extended set of relat®nonnecting instances with lexical entries fram

For example, in Appendix 4, from business news a new Company instance
BacheCommoditiesLimitedith lexical entryi Ba c he Co mmo dis éxiraeted L i mi t
and added tthe Cyc ontology.The Cyc ontologyis also populated with Person instance
ChristopherBellewflexical entry:i Chr i st opher Bel |l ewo
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(b) Adding a new fact or event to the existing ontold@y2) is presented in the
following way:

feg (LG He, RHp LF,G K, A)-

(LG ol L CHE RHE LG ), F.G, K A%

(9)

- i1, 12€ i are new possiblmstances;
- li1, Ii2€ liz are new possiblexical entries for newnstances;

Also, Appendix 4 illustrates how a new fa@bositionOfPersoninOrganization
ChristopherBellew BacheCommaoditiesLimited SeniorVicePresdergorateOffi@r) is
added tahe Cyc ontology.

3.2 Methodology for Ontology Extension

As a cardinal part of our researche \wropose a neWntoPlus methodology for text
driven ontology extension, which combines text mining methods with-arssted
approach and suppsrthe extension of muldomain ontologies.

Sincethe OntoPlus methodology is user based, users play a substantial rdhein
OntoPlus application. The target user group the OntoPlus methodology is a group of
ontology engineers, who build and maintéarge common sense ontologies.

The creation ofthe OntoPlus methodology is motivated by the fact that large
common sense ontologies with thousands of different concepts, instances and
relationships are hard to develdpence, the goal ofhe OntoPlus methodology is in
providing the ontology engineers with a simple way to transform the unstructured textual
information into a structured ontological foriV.e have developed an application foe
Cyc ontology augmentation, which allows the user to extéedCyc ontology with
information obtained from the specified domain gloss@aking the unstructured textual
information(domain glossary and domain keywords) and ontobmgn input, the system
is required to provide the user with formalized ontologicabvidedge.The software
application is discussed ahapters.

The proposed methodology for ontology extension includes the following phases:
Domain information identification, Extraction of the relevant domain ontology subset
from a multi-domain ontologyPDomain relevant information preprocessing, Composing
the list of potential concepts and relationships for ontology extensieer, validation,
Ontology extension, Ontology reus&he detailed description of seven methodology
phases and application of theethodology for extension dhe Cyc Knowledge Base are
given below.

The proposed methodology embodies three main modules: the Domain Information
Module (DIM), the Domain Subset Extraction Module (DSEM) and the Ontology
Extension Module (OEM)The graphichillustration of methodology modules is provided
below in Figure 1 Each of the modules pursues its own gbdle., the goal of the
Domain Information Module is in user identification of the domain relevant information;
the goal ofthe Domain Subset Exdiction Module is in automatdly acquiring the
existing ontology concepts and relationships for a specified domain; the gola¢ of
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Ontology Extension Module is in transforming textual resources specified by wsgidto
ontological form.

The main task fathe Domain Information Module is accumulating the relevant domain
information, needed for the ontology extension. The Domain Information Module
contains the domain keywords, determined by the user and a domain relevant glossary of
terms with descriptions

In the Domain Subset Extraction Module initially the mdiimain ontology is limited
to the particular domains of interegtor instance, the Uppdrevel Domain Extractor
extracts the domains of interest, in the way they are represented, frorrdomadin
ontology.Subsequently, the domain related knowledge is extracted from the onbylogy
the Domain Knowledge Extractor and the Relevant Ontology Subset is obtained

Domain Subset Extraction Module (DSEM) Ontology Extension

Module (OEM)

UpperLevel Domain Relevant

Domain Knowledge Ontology
Extractor ' Extractor ' Subset

Ontology Extender

! i 4 |
[ A4 i
1| Candidate Entries: |
1| for Each Glossary |:
Term- Ranked List off:

RelatedOntology |!
Concepsand |

Correspondent
Relations

Multi -Domain Domain Glossary

Ontology K[;?/\r/vnsrigs Term Names;

1
A 4

Te_rm_ Validated Entries:
Descriptions Glossary Term,
r' OntologyConcept,
B Relation

Figurel: TextDriven Ontology ExtensiorOntoPlusMethodology).
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The Ontology Extension Module is the most important methodology module where the
actual procedure of ontology extension takes place. For each glossathée@ntology
Extender fromOEM produces the ranked list of textually relatedstaxy ontology
concepts. In addition, the relationship for every teoncept pair is suggested. Based on
the suggested list of related concepts with relationships, the user makes a decision of
which terms from the domain relevant glossary should be addéé tintology and how
the glossary terms should be connected with the existing ontology concepts. Ontology is
extended after the user validati@the new formalized knowledge displayed with little
circles in Figure 1 is added to the ontolagyhe technicalaspects of the proposed
methodology are described the remaining of this section.

3.2.1 Phasesf Methodology for Ontology Extension

In detail, the proposed methodology for telxiven ontology extension accounts for the
following phasegill ustrated with amber n Figure J:
1.Domain information identificationThis takes place in the Domain Information
Module. The use(e.g., ontology engineenjlentifies the appropriate domain keywords.
As well, in this module a domain relevant glossary, containing teinthsdescriptions is
determined. We assume that the glossary terms are the candidate entry concepts for the
existing ontology. Consequently, the glossary terms might be in the following
relationships with the existing ontology concepts:
- Equivalence rekonship: the candidate concept represented by a glossary term is
equivalent to the existing ontology concept;
- Hierarchical relationshipthe candidate concept represented by a glossary term is in
the superclassubclass relationship with an existing datgy concept;
- Non-hierarchical relationshighe candidate concept represented by a glogsany is
in the associative relationship with an existing ontology term. The nature of the
relationship is not hierarchical;

- No relationshipthe candidate conceépepresented by a glossary term is not related to
the existing ontology concept.

2. Extraction of the relevant domain ontology subset from rdolthain ontology.
Extraction of the relevant domain ontology subset from ralaithain ontology based on
the specfied domain information takgdace in the Domain Subset Extraction Module. In
case of large commesense ontologies, such #s Cyc Knowledge Base, the user
entering new knowledge very often needs a particular ontology subset of his domain
interest.

Therefore, the domain keywords are mapped to the natural language representation of
the ontology domain information and a set of the relevant domains of interest is
identified.

Further, ontology concepts defined in these domains si@acéed. By concept
extraction we mean obtaining the content and structure of the ontology concept.
Correspondently, we find the textual representation (natural language denotation and
comments) as content for the particular ontology concept. The ontology structure of the
partiaular concept is represented by the natural language denotations of the hierarchically
and nonhierarchically connected ontology concepts. Besides that, the names of the
glossary terms are mapped to the natural language denotations of the conceptserom oth
domains and the correspondicgcepts are also extracted.
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Figure 2 lllustrative Extraction of Business & Finances Domain Subset from a-Multi
Domain Ontology. Dark circles represent the extracted relevant cancept

Figure 2demonstrates thexeaction of Business & Finandenowledge subset from
the multtdomain ontology. The ontology containsgrdomains Business & Finange
Transportation & Logistics and Politics.

The domain relevant glossary is composedhef financial terms with descriptions.
The correspondent financial concepts are extracted from the Business & Finances domain
defined by the usespecified keywords. Moreover, concepts from other domains with
concept denotations equivalent to the glossamy thames are extracted.

3.Domain relevant information preprocessinghe information from the domain
relevant glossary and the extracted relevant ontology subset are linguistically
preprocessed in the Ontology Extension Module. The preprocessing phasgesncl
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tokenization, stopvord removal and stemming. Textual information is represented using

a bagof-words representation with TFIDF weighting and similarity between two text
segments is calculated using cosine similarity between theiofoagrds represaations,

as commonly used in text minif@robelnik andM| a d ,e2006.i For each term from

the domainrelevant glossary we composebagof-words aggregating preprocessed
textual information from: (1) the glossary term name and (2) the term commeetdfor
concept from the extracted relevant ontology subset the following information is
considered: (1) the ontology concept content consisting of the preprocessed natural
language concept denotation and concept comment; (2) the ontology concept structure
consisting of the preprocessed natlesiguage concept denotation and natural language
denotations of hierarchically and nbrerarchically related concepts. In addition, for
relation identification, for each ontology concept we compose two additionalobags
words: one with natural language denotation of the concept and natural language
denotations of superclasses of this concept, another with natural language denotation of
the concept and natural language denotations of subclasses of this concept.

4. Compaing the list of potential concepts and relationships for ontology extension.
The ranked list of the relevant concepts and possible relationships suitable for ontology
extension is composed in this phase.

The combined content, structure andomcurrencesimilarity, similarity(t,c), is used to
rankontology concepts for each glossary term:

similarity (t,c) := 0 * similarit t,C
y (te) =4 | Yoontent® ©
+U_* similarit t,C
2 ystructur (t.c) 10
+0_* similarit t,C
3 yco—occur( ) ( )

I
H
_ec
I
'—\

The ®sine similaritysimilarityonten(t,C) between glossary tertrand ontobgy concept
c content is calculated and weighted with weightdefined by the userThe wsine
similarity similaritysyucrurdt,C) between glossary tertrand ontology concept structure
is calculated and weighted with weiglst We use Jaccard similarity to measure the co
occurrence of glossary ternand ontobgy concept:

similarityCO (t,0): = Nto (11

-oceur”™ NG + N(©) - (o)

N(t,c) is the number of textual documents where glossary temma ontology concept
c occur togetherN(t) is the number of documents where gevgstermt occurs and\N(c)
corresponds to the number of documents which contain ontology cooncepo
occurrence similarity is calculated based on the names of glossary terms and ontology
concepts denotations. Each textual document is composed eithee cbnitent of an
ontology concept or of the textual information about a particular glossary term (name and
description).

Ontology concepts with similarity  similarity(t,c) larger than
similarityma(t, ¢"®y*(1 7 b) are suggested to theser, wheresimilarityma(t, c")
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represents the highest similarity value between ontology concepts and a glossdry term
andb is a user defined parameter.

similarity(t,c) 2 S|m|Iar|ty ma>3 (1- b)

(12
0¢hel

To propose the relationship of equivalence we use sglitg distance between
glossary term names and the related concept names. In the case of equivalence, the user
can extend textual representation of the related ontology concept. Hierarchical
relaionship:igl ossary term t i s s propasddcwhansteke f or
similarity similaritys,ft,c) between the glossary tertnand subclasses of the related
conceptc is higher than the similaritgimilaritysy{t,c) between the glossary tertrand
superclasses of the related conagpt is a user defined parameter:

similaritysub(t,c)

290+1
similaritysup(t,c)

(13
0¢oc1

We rank the hierarchical (subclass) nelas using thequotientin the left part of
formula (13.

Currently we do not propose hierarchical relationghig| ossary term t |
of C 0 n sire@We agssudme that the existing ontology concepts, which are already
embedded into the hierarghcontain a valid superclass information. If we do not find
equivalence or hierarchical relationships between glossaryttenu the related concept
c or if the nature of the relationship is not clear (for instance, when the related ontology
concept hasno subclasses), we propose +oerarchical associative relationship:

Agl ossary term t is conceptually related t

5.User validation. Furthermore, in OEM the user validates the candidate entries
results consisting of the glossary terragjsting ontology concepts and glossary term
ontology concept relationships. In case of the equivalence relationship the user can extend
the textual representation of the existing ontology concept by addicgmment,or
adding or changing the natural larmge denotation. In case of the hierarchical
relationships the user can add subclasses to the existing ontology concepts. If the nature
of the relationship is not clear, the user can create an associative relationship or choose
any other relationship beegn a glossary term and existing ontology concept. Moreover,
the list with validated entries in the relevant format is created.

6. Ontology extensiorilhe ontology extension tak@dace in the Ontology Extension
Module. It represents adding new conceptd elationships between concepts into the
ontology. Since in phase 5, the user validatdsetcandidate entry results, ihgse 6 we
have a list of final entry results. For instantem Appendix 1we havethe following
user validatedelationships connéed to the new ontology concdpéalerLoan

Suggested relationship: DealerLo@SUBCLASS to LoanAgreement

Suggestedalationship: DealerLoan iEONCEPTUALLY RELATED to FinancingByBorrowing

7.0ntology reuseThe ontology reuse phase serves as the coonelitik between
separate ontology extension processes. As a part of the new extension process, we reuse
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the previously extended ontology in the Domain Subset Extraction Module and in the
Ontology Extension Module.

3.2.2Text Mining Usage

Text mining plays a ceral part in our ontology extension methodolo®mnce users
extend the ontology with information from their domain of interes, dmmain
information for ontology extensiorwe use domain keywords and domain relevant
glossary. With text mining techniquease are able to transform unstructured textual
information into formalized knowledge.

As it is described above, in section 22e £xtual informationn our methodologys
represented using bagof-words representation with normalized TFIDF weightiagd
similarity between two text segments is calculated using cosine similarity between their
bagof-words representation addition, we use@ chain of linguistic components, such
as tokenization, steword removal and stemmingvhich allows for normalizirg the
textual representation of ontology concepts and a domain relevant glossary of terms with
their descriptions.

3.2.3Conceptsimilarity Identification

For concepsimilarity identification in theOntoPlus methodology we use a combination
of the ontology cacept contentthe ontology concept structure arde co-occurrence
data between existing and candidate ontology concepts.

The otology concept denotation artide ontology concept comment carry the same
semantic weight. As well, we attribute the same sgimaveight to the glossary term
name andhe glossary term comment.

Experiments on different domains and knowledge representations allow definimng the
coefficients from formulg10) 1 in particular, how much weight should be attributed to
content, struetre or ceoccurrenceln addition,b coefficient allows varying the number
of results presented to the user in a conarstgescenario.

3.2.4Relation Extraction

The initial observationsof the domain relevant glossarieshow that the name and
comments of ta glossary terms often contain references to the superclasses and
subclasses of the related ontological conceptdlowing this idea, we have included into

the OntoPlus methodology a relation identification part (formula 13). Eventually, this
step allowsautomatic classificatioof the unstructured terms from the domain glossary
into the ontology.

3.2.5User Interaction

The OntoPlus methodology is mainly targeted at the ontology enginégysople, who
develop and maintain large ontologies, suctha€yc KB.

User interaction comes in two forms The users define the domain relevant
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informationi domain keywords and domain relevant glossary.
Afterwards, ser interactiorplays a filtering role in th©ntoPlus methodologyAt the
end, the users decide, whichncepts and relationships they want to have in the ontology.

With user validation we are able to avoid the insertion of thera@vant ontology
concepts and relationships.

3.3 Methodology Adaption for Cyc Ontology

We have adapted the proposed methagiplm order to obtain an exhaustive specific
methodology forthe Cyc Knowledge Base extensiamd demonstrated its suitability for
ontology extension using realorld data The motivation forthe OntoPlus adaptation to

the Cyc ontology extension lies in éhactual usage of extendéue Cyc ontology for
business news analysiEhe OntoPlus methodology adapted to Cyc extension is required

to provide a user with relevant new Cyc concepts and their relationships to the existing
Cyc concepts. The methodology atiion forthe Cyc ontology is intended for usage by
Cyclistsi agents, who inspect and modify the Cyc Knowledge Base.

3.3.1Structure of Cyc Knowledge Base

Currently, Cyc operates on one of the largest knowledge bases in the contemporary IT
world.

tisst ated as fna formalized representation
knowledge: facts, rules of thumb, and heuristics for reasoning about the objects and
events of ycerpgwhdtain Cylc201)eandd divided into the large number
of Aimi crotheorieso, each of which represent
knowledge domain.

At the present time, the Cyc KB contains nearly two hundred thousand ternas and
average ofseveral dozen harentered assertions about/involving each teidew
assertions are continually added to the KB by human knowledge enterers. Additionally,
term-denoting functions allow for the automatic creation of millions of-atamic terms,
such asl(iquidFn Nitrogen; and Cyc adds a vast number of assertionsedB by itself
as a product of theferenceprocesgCycorp,what's in Cy¢2011J.

There exist several reasons for using @your news analysis task:

- The large number afommonsensessertios currently existing ithe Cyc KB;

- Context sensitivity bthe Cyc ontology;

- Existence of several version of the system available under diffelex@nses

(OpenCyc, ResearchCyc);
- Cyc API, which allowsone toprogrammécally connect tadhe Cyc ontology.

3.3.2 Specific Aspectsof OntoPlus Application to Cyc Extenson

Figure 3displays the Cyc adaptation of the proposed methodology for-agtainatic
ontology extension.The graphical representation of the ontology extension process,
shown in Figure 3, demonstrates adding new conceptet@yc Knowledge Baselhe



26 Materials and Method:

methodology phases are illustrated with numbers. Sgexific aspects ahe OntoPlus
adaptatiorto Cyc extensiorare based othe microtheories (MtContexts in Cyc2011)

that Cyc use$o represent thematic subsets of the ontoldjgrotheories are cadictions

of facts, which appear to be true for a particular toNi@mely, the knowledge base in

Cyc is divided into various microtheorjeghich contain a set of facts valid in a particular
context.In such way, while extendinidpe Cyc ontology, we can s&tt the microtheories
relevant for our domains of interest, and obtain the concepts and relationships from the
selected microtheories. Becautdtee Cyc KB is an extremely large common sense
knowledge base, restriction to the relevant domain subset allawmdee efficient
methodology application.

In the Domain information identification phasen the Cyc adaptation of the
methodology for ontology extension we identify the Domain Keywords and the Domain
Glossary for the domains of interest. For research gegpae use a financial glossary,
composed by Harvef2003 andthe ASFA thesaurugASFA thesaurus, 2010)

The Relevant Ontology (Cyc KB) Subset is extracted irDibmnain Subset Extraction
Module.The UpperLevel Domain Extractor uses Domain Keywords téagba number
of domain relevant Cyc microtheories by mapping microtheory natmedomain
keywords from the list. Furthermore, the Knowledge Extractor provides a set of concepts
defined in the domain relevant microtheories. Additionally, the conceptarinatefined
in other microtheories, but contain the natural language denotations correspondent to
glossary term names, are extracted into the Relevant Ontdle@yc KB) Subset.

The Domain relevant information preprocessing phased Composing the lisbf
potential concepts and relationships for ontology extensidiow subsequently. The
Ontology Extender takes the Domain Glossary and extracted Cyc concepts as an input.
The bagof-words containing term name and term description is composed for each
glossary term. A set of bagf-words is composed for every extracted Cyc concept:
concept denotation and concept comment; concept denotation, denotations of concepts in
the hierarchical and nemerarchical relationships with extracted Cyc concept; concept
derotation and denotations of superclasses of the extracted concept; concept denotation
and denotations of subclasses of the extracted concept. In order to find the related Cyc
concepts for each glossary term we uselDF weight and cosine similarity for ntent
and structure similarities and Jaccard similarity foocourrence similarity.

Our experiments show that the best results are obtained giving more weight to content
and structure for the financial domain and more weight to content andcoorenceor
fisheries & aquaculture domain.

Cyc concepts with combined similarity larger ttamilarityma(t,c")* (1 7 b), where
similarityma(t,c™) represents the maximum combined similarity value between Cyc
concepts and a glossary terfior a particulaiglossary term, are suggested to the user.

We use stringedit distance between glossary term names and related concept
denotations to propose the relationship of equivalence. In this case the user can extend
Cyc textual representation of the related em¢ add information to Cyc comment, add
or change the Cyc concept denotation.

In case the similarity between the glossary téramd subclasses of the related Cyc
concepftc is higher than the similarity between the glossary teamd superclasses ofeth
related Cyc concept by 9, we propose hi erglassaayhtearnctaida r el at i
subcl ass f or.If ®ydo nat fnah egeivalencecon hierarchical relationships
between glossary termand the related Cyc concept, we proposea nonthierachical
associative relationship.gl ossary term t is conceptually r
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Figure3: TextDriven Ontology Extension (Cyc KB Adaptation)

In theUser validation phaséhe user has the opportunttydynamically construct new
assertions in the Knowledge Entry (KE) format which can be then automatically
integrated intahe Cyc KB.

Afterwards,the Cyc KB extension takeplace in theOntology extension phas&he
Ontology reuse phaseccurs when the new tsef knowledge is added tine Cyc KB.

3.4 Methodology for News Analysis

In this thesis we explore hoalargecommonsense ontology can hesed foranalysis of
textual information, in particular, fdusinessiews analysis.
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In order to analyze news, we sligharacterize the hare of the information present
Concretely business news usually contailspecific domain information (such as
business, economic, financial terms), commsense information, different named entities
(such as names of people, looas, organizations et@nd information from other
domains

With the OntoPlus methodology presented in the previous sections we can effectively
handle the extension aflarge ontology with specific domain information. At the same
time, the ontology usefor news analysis, already contains comraense knowledge,
which allowsoperatingwith commonsense information extracted from news.

The Cyc ontologypopulation with named entities extracted from news can be done
with assistance of different entity, vt and fact extraction services.

For our research task we have utilized OpenCalais fact extraction service
(OpenCalais201]). OpenCalais (lacobelli et al., 2010) is a Thom&auters free Web
service that performs named entity recognition and extralztsonships and events from
text. OpenCalais uses natural language processing techniques and machine learning to
recognize instances of named entities. OpenCalais uses not only manually created
databases of entities, but also textual features, suclap®lization, for new entities
identification.

OpenCalaissupports a rich set of semantic metadata, including entities (39 types),
events and facts (76DpenCalais English Semantic Metadata, 201The examples of
OpenCalais entities includeompany, Brson, Country, Product, ProgramminglLanguage
etc. Typical OpenCalais events and facts are CompanyFounded, CompanyLocation,
Merger, Arrest, MovieRelease etcin addition, OpenCalais also providea
GenericRelationtype, which basically contains aple subect-predicateobject.

The Cyc Knowledge Base and OpenCalais tool provide a user with a unique base for
news analysisThe knowledge base in Cyc contains knowledge represented in different
business and finance related contextaicrotheories, such asinancialTransactionMt
BusinessGMtBusinessMoneyMtAccountingMt ProductGMt etc These microtheories
define and describe money, general (capitalist) business practices, accounting concepts
and principles, the major businestated organizations and actie#, formal products
etc. In addition, a number of business and financial concepts are defined in
UniversalVocabularyMt- the microtheory which contains the definitionaksertions
about everything in Cyc's universe of discourse.

In this section we proposa pipeline for business news analysiswhich allows
analyzing large amousibf business and financial textual informatidrhe pipeline for
business news analysis targeted at people who are interested in analyzing large amount
of textual information fom media, connected to business. The purpose of the proposed
pipeline is in providing a line of steps for transforming large numbers of texts with
business and financial knowledge into formalized ontological form and performing
analysis based ahe obtaired ontologies. The pipeline requires a set of business news as
an input. It is based on the fact extraction service and ontology with reasoning tools.

3.4.1Phases oPipeline for Business News Analysis

In Figure 4we have defined pipeline for business newsnalysisusing OpenCalais for
entity, event and fact extractiothe OntoPlus for the Cyc ontology population and
reasoning based on the extended and populated ontology.
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In detail, the proposegipeline for businessnews analysisaccounts for the following
phasesNews websitedefinition, News crawling, Concept, entity, event, fact extraction
from news, Concept, entity, event, faopping tothe Cyc KB, Questions definition,
Questions answering.

1. News websitadefinition. In the first phase of theipeline for businessnews
analysis a list of websites, which contain business news, is definethe user (e.g.,
business or financial analyst)

2. News crawling.The newsarticlesare crawled from the RSS feeds of the provided
websites and afterwards, news cleaning is performed. Every nemsrepresents a
separate textual file.

3. Concept, entity, event, faektraction from newsln this phaes a set of financial
conceptsis extracted from bsiness newsUsing N-grams extractor from TextGarden
tools (TextGarden, 2011)it is possible to get all igrams from the textual news
collection and map them to the terms in the Harvey financial glo@daryey, 2003)

With a fact extraction service, such as OpenCalais tool, we are able to extract the
information about entities, events and facts present in our news collection.

4. Concept, entity, event, factapping tathe Cyc KB.In this phas@ntologyextension
and ontology population are performed. Witie OntoPlus methodology we are able to
extendthe Cyc KB with terms from the financial glossary, which occurred in our news
collection. For ontology population we have created a set of mappings between
OpencCalais entities, events and facts types and Cyc coficepitsctions and predicates.
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We also applythe OntoPlus methodology for concept disambiguation in the ontology
population process.

5. Questiondefinition. For question definition a set of quiess, involving reasoning
aspects is composeHor the business news analysis we have composed business related
questions.

6. Questionanswering.The questions are asked usthg Cyc reasoning interface and
Cyc proofs are analyzed.

3.4.2Methodology Support

Extraction of entities, events and facts with fact extraction service and mapping them to
Cyc usingthe OntoPlus methodology provides a simple and effective watheiCyc KB
population with information from the newsigure 4demonstrates that th@peline for
businessnews analysisin phase 4 usethe OntoPlus methodology to map entities,
events and fact extracted from newsghe Cyc KB. The OntoPlus methodology is used

in mapping for named entity disambiguation between new entities extracted from the
news and existing instancesthe Cyc ontology.

In order to perform the ontology population, we have created a set of mappings
between OpenCalais types and Cyc concepts and relations.

Table 1:Mapping Support

Mapping Support in Knowledge Entry Format Mapping Support in Knowledge Entry Format
Constant: OpenCalaisFactExtractionMt. Constant: OpenCalaisAttributeFn.
In Mt: UniversalVocabularyMt. In Mt: OpenCalaisFactExtractionMt.
isa: Microtheory. Truth Value: :default.
isa: BinaryFunction.
Constant: OpenCalaisFactEvent. resultlsa: OpenCalaisAttribute.
In Mt: OpenCalaisFactExtractionMt. arglsa: (1 CharacterString).
Truth Value: :default. arglsa: (2 Thing).

isa: Collection.

Constant: OpenQaisAttribute. Constant: extractedOpenCalaisFactEvent.
In Mt: OpenCalaisFactExtractionMt. In Mt: OpenCadisFactExtractionMt.

Truth Value: :default. isa: BinaryPredicate.

isa: Collection. argllsa: Event.

arg2lsa: OpenCalaisFactEvent.
Constant: OpenCalaisFactEventFn.

In Mt: OpenCalaisFactExtractionMt. Constant: extractedOpenCalaisAttribute.
Truth Value: :default. In Mt: OpenCalaisFactExtractionMt.

isa: UnaryFunction. isa: BinaryPredicate.

resultlsa: OpenCalaisFactEvent. arglisa: OpenCalaisAttribute.

arglsa: (1 CharacterSing). arg2lsa: Event.

The examples of mappy support operations are given in TableThe support
operations include creating Cyc microtheo@penCalaisFactExtractionMt - the
contextual space, where all information about the entities, events and facts extracted with
OpenCalais are added. In adulit, we create Cyc function®©penCalaisFactEventEn
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OpencCalaisAttributeFn Cyc collections @penCalaisFactEventOpenCalaisAttribute
and Cyc predicates extractedOpenCalaisAttributeextractedOpenCalaisFactEvent
which are used in the mapping process.
Table 2 presnts an example of mapping O@alais Fact/Event type of Merger into
theCyc KB.

Table 2:Mapping OpenCalais Fact/Event Mergdr Cyc Fact/Event Merger

Mappings

In Mt: OpenCalaisFactExtractionMt.

Direction: :forward.

f: (implies
(and
(extractedOpenCalaisFactEvent ?FACTEVENT (OpenCalaisFactEventFn "Merger"))
(extractedOpenCalaisAttribute (OpenCalaisAttributeFn "company” ?C) ?FACTEVENT)
(extractedOpenCalaisAttribute (OpenCalaisAttributeFn "company" ?C1) ?FACTEVENT)
(not (equals ?C ?C1))
)
(and
(isa ?FACTEVENT OrganizationMerger)
(isa ?C Business)
(isa ?C LegalCorporation)
(isa ?C1 Business)
(isa ?C1 LegalCorporation)
(mergees ?FACTEVENT ?C)
(mergees ?FACTEVENT ?C1)

))-

From the Table 2 it is posble to see, thatif the extracted event or fact
(?FACTEVENT is a Merger, then the correspondent different company attributes
(?C, ?C1) are instantiated as CyBusinessand LegalCorporation and the relation
instances about companiesnasrgeesn event or fact TFACTEVENT are added.

Appendix 3 provides more examples of OpenCalais to Cyc mappings.

Algorithm 1 presents the procedure foapping OpenCalais Generic Relation type to
the Cyc Knowledge Base.

Generic relations in this research eg@nt a relation, for which no predefined type
was found. The generic relations aggregate subject, predicate and object triplets obtained
from text.

ProceduremapGenericRelationToOntologs an input takes the ontolo@y and the
generic relatiorGR, conssting of subject, predicate and object. As an output, we retrieve
the modified ontology, populated with named entities from the generic relation and the
information connected to the event present in text.

The functionfindNamedEntitiegprovides a list of la named entities present in text,
e.g., in the subject or object of the generic relation.
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Algorithm 1: Mapping OpenCalais Generic Relations to Cyc KB.

O: ontologyused inmapping(seeformulal)

GR< SUBJECT; PREDICATE; BJECT>: generic relation

SUBJECT: subject from thiext, part of the generic relation

PREDICATE: predicate from the texpart of the generic relation

OBJECT: object from the texpart of the generic relation

E: st of events in the ontology O

NES set oftextual representatigof named entitiesvith correspondertypes

NE: set of named entitiecBach named entity is attual or potential instance @

procedure mapGenericRelationToOntology (O, GR<SUBJECT, PREDICATE,
OBJECT>

NES YBECT= findNamedErities (SUBJECT)

for NESI’ NESSUBJEC'I
NE; = mapNamedEntityToOntology (O, NBS
if (not(isinOntology (NE)))
O.POPULATE (NB)
NE*“TORS ADD(NE;)

NES BECT= findNamedErities (OBJECT)
for NEST NES™*™"

NE; = mapNamedEntityToOntology (O,B§)
if (not (isinOntology (NB))

O.POPULATE (NB
NE*“TORS ADD(NE))

E = findOntologyEvents(O)
NE, = mapPredicateTontologyEven{(O, E, PREDICATE)
if (not (isinOntology (NE)))

O.POPULATE NE)

for NEaI' NEACTORS
O.ASSERT ACTORS, NE, NE)

return (O)

For each discovered named entity we find a relevant instance from the ontology using
function mapNamedEntityToOntologyhis similarity based function obtains from the
ontology all possibly relevant instances. By applyiihg OntoPlus methodobgy we are
able to identify the most similar instance for the defined named entity. If no relevant
instances are obtained, the ontology is populated with correspondent named entity.

With the function findOntologyEventsve are able to find a set of everits the
ontology.

With the function mapPredicateToOntologyEventvhich also useghe OntoPlus
methodology, wenbtain the most relevant event type for the predicate from the generic
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relation. Finally, we assert the information about named entiles facti or st he
correspondingvent.

Following the mapping of extracted entities, facts and eventghetGyc KB, Cycis
used for reasoning based on the obtained new knowledge and existing ontological rules.
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4  Experiments

The evaluatiormethodologyis provided in details irthis chapter. In our research we
specify ranking, tagging and question answering experiments in order to determine how
successfily our methods help to extend ontojogaind to analyze business news

4.1 Evaluation Methods

In order to evaluate the propos@dtoPlus methodologyfor ontology extension antthe
pipeline for business news analysisve have conducted a series of experiments on the
data sourcesaddressing different aspts of the proposedeathodologiesThree types of
conducted experiments included:

- Tagging experiments;

- Ranking experiments;

- Question answering experiments.

4.1.1Tagging Experiments

Because the available news collection included only business and financial news (and no
fisheries & aquaculture news), tagging experiments have been executee financial
domain. Tagging experiments show how the business news taggittg ontology
componentamproves after ontology extension with the domain relevant glosEaiy.
tagging experimets we have calculated the precisidqRrecisionag) and recall
(Recalkag) of news taggindpefore and after adding terms to the ontology

TF{ag

Precision_r = (14)
AG
TPtag " I:Ptag

where
- TPg represents thénancial termgagged correctly in the business news;

- FPiag representghe nonfinancial termstaggedas financial termsn the business
news.

Tptag
Recal e
eCaLI'AG TP__ +FN
tag tag

(15)

where
- FNwg represents theontagged financial termis the business news.
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Appendix 5 provides an example of news annotation withCyc taggeri a tool,
which allowstaggingtext with formalized knowledgérom the Cyc ontology.

4.1.2Ranking Experiments

We have attributed speciattention to our ranking experiments and to the evaluation of
the OntoPlus methodology for ontology extensionThe ranking experimentare
conducted in two domains: financial domain and fisheries & aquaculture domain.
Ranking experiments demonstrate how usthg OntoPlus methodology we can semi
automatically extend the large lexical ontology with new corceptd identify the
correspondingrelationships between existent ontology concepts and domain glossary
terms.

For the proposedOntoPlus methodology evaluation we have used two evaluation
techniques- manual evaluation by human experts and gold standard based approach
(Dellschaft and Staab, 2008

The evaluatiorof the OntoPlus methodologyis performed at the lexicalaxonomic
(concept hierarchy) and ndaaxonomic levels. For the lexical evaluation the mapping of
the glossary terms to the existent ontology concepts is performed. At the taxonomic level
the evaluation of the suggested hierarchically related conceptsuggdsted superclass
subclass relationships is implemented. Finally, at the non taxonomic relations level the
evaluation of the suggested associatively related concepts and associative relationships is
done.While the gold standard based approach is usqeketform lexical and taxonomic
evaluation, the manual evaluation is used at thetawonomic level.

Maedche and Staal2002 have used the normalizestiing edit distance to identify
how similar two ontologies are. Normalized string edit distance betvoe¢ology
concept denotations and glossary term names is used as a baseline measure in the
evaluation of the proposéantoPlus methodology.

In order to define how successful the proposed methodology is in practice, we have
used a number of evaluation me@sucommonly used for ontology learning evaluation,
as follows.

Precision of the top suggested conc@frecisiorkank) defines the percentage of the
glossary terms for which the equivalent and hierarchical, associative or any related
ontology concepts havobtained the highest position in the suggested ranked related
concept list:

TP

Precisi — rank 16
remsmnRANK — +EP (16)
rank rank

where
- TPank represents the correct related concepts identified,;
- FPrank represents the false related concepts identified.

Learning Accuracy(Hahn and Schnattinger, 1998howsthe degree to which the
proposed methodology correctiyredicts the superclass for the candidate ontology
concept (represented by a glossary term) tedmed:
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n LA
LA = 54 — (17)
i=1 "
ecpP
1—~ if FP =0
‘TSl? | 18
LAYET ep (18
! ! if FP ., O
f FR + DR '
where

- nreresentghe number of concept hypotheses for the target;
- SR is the length of thehortest patlfrom the top node ahe concept hierarchy to the
maximally specific concept subsuming the instance to be learned in hypothesis
- CP, is the length of thepath from the top node to that concept node in hypothesis
which iscommonboth to the shortesath (as defined above) and the actual path to
the predicted concept (whether correct or not);
- FP; is the lengtlof the path from the top node to the poted false;
- DP; is the nodedistancebetween the predicted false node and the most specific
common concept still correctly subsuming the target in hypothesis
In addition, we have used a hit rate measure used in the evaluation of recommendation
systems The hit rate displays the number of haad their position withintop N
suggestions(Deshpande and Karypis, 2004We specify the hit rate measure as
following:

a_HR

HR =T ITTI 19
4 HIT(tu)
oulu

HR : = 0] (20)

where

- tis a candidate concept for ontology extension;

- urepresents a user;

- HIT(t,u) is a birary function. For the candidate concepnd useu it returns 1 if the
correspondent related ontology concepts have been found among the top N
suggestions and 0 otherwise;

- Uis a set of users

-T represents the set of candidate &gy concepts (glossa terms).
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4.1.3Question Answering Experiments

The pipeline for business news analysiss evaluated within question answering
experiments.Question answeringxperimentsreveal the capacity of Cyc to answer
business news related questions before and agezxtension and population thfe Cyc
Knowledge BaseAs well as in the tagging experiments, because the available news
collection included only business and financial news (and no fisheries & aquaculture
news), question answering has been conducted otiysiness and financial domakor
question answering experiments we have calculated precision of ontology population
(Precisionews popu) and the precision of news related question answéRrgLisiorna):

TP
- _ newspopul
Precision -\ opUL™ 5 = (21)
newspopul newspopul
where
- TPhews popuire€presents theorrect instances inserted to the ontotogy
- FPrews popuirepresents thalse instances inserted to the ontology
LS
Precision =9 (22)

=
QA" TR +FPy

where
- TPqarepresents the corregtieryanswers;
- FPqarepresents the falspieryanswers

4.2 Domains of Interest

According to the first phase of our methodology, domain knowledge identification should
be made in the itial phase As described above, the financi@lusiness and financial)
domainhas been selected as a primary domain of interest. In addition, we have performed
ranking experiments in fisherie& aquaculture domain. Two domains are described
below in the ftlowing subsections.

4.2.1Financial Domain

The financial (business and financialomain is characterized by the dynamic and
concentrated information flow.

Business and financial domain represents the notion of business organizations
organizations, whiclprovide goods and services, and available information about them.
The area of finance includes knowledge about money, investments, markets, risks.

Thefollowing areexample concepts from the business and financial domain:

ACCOUNT In the context of bookleping, refers to the ledger pages upon which various assets,
liabilities, income, and expenses are represented. In the context of investment banking, refers to the status



Domains of Interest 39

of securities sold and owned or the relationship between parties to an undensyitidizate. In the context
of securities, the relationship between a client and a broker/dealer firm allowing the firm's employee to be
the client's buying and selling agent. See: Account execatigeunt statemerfHarvey, 2003).

BROKER- An individualwho is paid a commission for executing customer orders. Either a floor broker
who executes orders on the floor of the exchange, or an upstairs broker who handles retail customers and
their orders. Also, person who acts as an intermediary between a bugesedler, usually charging a
commission. A "broker" who specializes in stocks, bonds, commodities, or options acts as an agent and
must be registered with the exchange where the securities arel tradtthesis of dealer (Harvey, 2003).

COMPANY- A propiietorship, partnership, corporation, or other form of enterprise that engages in
business (Harvey, 2003).

MONEY- Currency and coin that are guaranteedlagal tender by the government (Harvey, 2003).

COMMERCIAL PAPER Shortterm unsecured promissoryptes issued by a corporation. The maturity
of commercial paper is typically less than 270 days; the most common medagty is 30 to 50 days or
less (Harvey, 2003).

MORAL HAZARD The risk that the existence of a contract will change the behavioreoboboth
parties to the contract, e.g., an insured firm will take fewer fire precaufldassey, 2003).

Although in our experiments we have used a stable collection of business imews, t
data obtained from business and financial information sourgg=neralis nonstructured
and continuously changind@here exist a large number of documents displaying different
types of business and financial datthey often contain numerical values, date and time
stamps,and references to various named entities,hsas people, organizations, and
locations.

4.2.2Fisheries and Aquaculture Domain

The fisheries& aquaculture domain in our reseaishrepresentetly the data from areas
of science, technology, managemeftmarine, brackish water, and freshwater resources
and environments.

The typical concepts in this domain are the following:

ALLOZYMES- Variant forms of an enzyme that are coded by different alleles atatime locus are
called allozymesWikipedia, 2011

ANHYDRITE- A mineral- anhydrous calcium sulfaf CaSOA4. It is in the orthorhombic crystal system,
with three directions of perfect cleavage paraltethe three planes of symmetry (Wikipedia, 2011).

TRANSPIRATION A process similar to evaporation. It is a part of the water cycle, and it is thefloss
water vapor from parts of plants (similar to sweating), especially in leaves daotirmalstems, flowers and
roots (Wikipedia, 2011).

CHOLESTEROL- A waxy steroid of fat that is manufactured in the liver or intestines. It is used to
produce hormones ancell membranes and is transported in the blood plasma of all mammals. It is an
essential structural compent of mammalian cell membranes (Wikipedia, 2011).
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FOVEA- A part of the eye, located in the center of the macula region of the (efikgpedia,2011).

Since for our experiments in fisheries & aquaculture domain we are using a thesaurus,
which contains a set of terms with specified relations described beloviisberies &
aquaculturedata is characterized by the defined structure. Moreovenatuge of data is
more academally groundedsince selected data sources cover mainly research papers.

4.3 Data Description

For our news tagging experimsenve have used the RSS feeds data Yahoo! Finance
(Yahoo! Finance2010 website

The news collectiomsed in the currergxperimentaccounts foraround 3400rahoo!
Finance news.

In ranking experimest for the financial domain, we have selected the Ha(2603
financial glossary which can be found at the Yahoo! Finance website
(Yahoo! Finance, 2010)The Harvey financial glossari2003 contains around 6000
hyperlinked financial terms. The typical financial glossary enatesdemonstrated on the
Figure 5

TERM: Endowment
COMMENT: Gift of money or property to a specified institution for a speci
purpose.

TERM: Recession
COMMENT: A temporary downturn in economic activity, usually indicated
two consecutive quarters of a falling GDP.

Figure 5 Example Financial Glossary Entries.

Fisheries & aquadture domain, represented by the Aquatic Sciences and Fisheries
Abstracts (ASFA) thesaur&SFA thesaurus, 2010has been selected asa@urce for
our second domain of interesfhe ASFA thesaurus contains around 9900 terms
involving several types of rafionships: equivalence relationships (USE, Use For UF),
hierarchical relationships (Broader Term BT, Narrower Term NT), associative
relationships (Relatedéfm RT) and notes (SN).

Figure 6 shows how thesaurus relationships are used to compose a COMBIENT f
particular term in the fisheries & aquatic thesaurus, in order to get the equivalent content
as provided by a glossary (term and its comment/description). In detail, we take the
names of the equivalent, hierarchical, associative terms for the spe&BEA term,
notes about the specified ASFA term and merge them together into textual comment
about the specified term. For instance,tfir ASFA termCollagendisplayed m Figure 6
the comment is composed outtbé hierarchically related (BT) ASFA terfroteinsand
theassociatively related (RT) ASFA ter@onnective tissues
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<DESCRIPTOR>Collagen
</DESCRIPTOR>
<BT>Proteins</BT>
<RT>Connective tissues</RT>

TERM: Collagen
COMMENT: Proteins
Connective tissues

<DESCRIPTOR>Rare edis
</DESCRIPTOR>

<UF>Rare earth elements</UF>
<BT>Metals</BT>
<NT>Actinides</NT>
<NT>Lanthanides</NT>
<RT>Transition elements</RT>

TERM:Rare earths
COMMENT: Rare earth
elements Metals Actinide
Lanthanides  Transition
elements

Figure 6 ASFA Thesaurus Transformation.

In our question answeringxperiments we havaesedthe collection ofaround 3400
Y ahoobusiness newisems

Cyc took have been selected as a base for news tagging, ontology extension and
guestion answering in our research experiments.

All datasets used for the experiments can be obtained by the request from the author of
the thesis.

4.4 Experimental Settings

This sectiondescribes the settings for the tagging, ranking and question answering
experiments conducted in this research. We have attributed different specifications to
each type of experiments according tgiisposes.

4.4.1Tagging Experiments

In spite of the facthtat Cyc contains a very extensive knowledge base, the representation
of the financial and economical information in it is far from complete.

Tagging experiments show how the business news tagging improves after ontology
extension with the domain relevaglbssary.

The tagging/annotation experiments provide testing on a random subset of 100 Yahoo!
Finance newg#ems We have identified the financial terms, occurring most frequently in
the selected news, tagged the terms withCyc Tagger and checked tpeecision and
recall of news tagging. Furthermore, we have added the simplest assertions about the
missing financial terms into Cyc and again found the precision and recall of news tagging.
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4.4.2Ranking Experiments

Ranking experiments demonstrate how ugimgOntoPlus methodology we can semi
automatically extend the large lexical ontology with new concepts and identify the
correspondent relationships between existent ontology concepts and domain glossary
terms.

In order to evaluate the suggested methodolegy,have conducted a number of
experiments on a subset of 100 randomly selected terms from each domaineresourc
(Harvey financial glossary (Harvey, 2008)e ASFA thesaurus (ASFA thesaurus, 2010)

The selected terms might be in the equivalent, hiereathand associative
relationships with the existing ontology concepts. The human experts annotated the
selected terms from the financial glossary and fisheries & aquaculture thesaurus with the
correspondent equivalent and hierarchically related termstiie@yc Knowledge Base.

The extensive size dihe Cyc Knowledge Base does not allow the experts to annotate the
selected glossary term with all associatively related concepts from the ontology.

We have performed the domain information preprocessing andcaah of the
relevant domain ontology subset frotthe Cyc Knowledge Base according to
methodology phases describedchrapter 3 Usingformulas (10, (12) and (18 from the
OntoPlus methodology, we are able to define a list of related Cyc concepts le@tcdh
possible relationships for each glossary tefime Cyc Knowledge Base is then extended
with the concepts corresponding to the chosen terms based on the ranking proposed by
the methodology.

We have used precision and hit rate measures to idengfyiniportance of the
ontology concept content, ontology concept structure armtccorrence for establishing
relatedness between glossaerms and ontology conceptSubsequently, we have
evaluated each measure by estimating the quality of concept ranking.

In addition, within the gold standard based approach, we have used learning accuracy
to measure the quality of the hierarchical (subclass) relation identification.

4.4.3Question Answering Experiments

Question answering experiments demonstrate the capaciByofto answer business
news related questions before and after the extensiaheo€yc Knowledge Base.
Question answering experiments contain the evaluation giipledéine for business news
analysis

We have performed the question answering evaluamording to two scenarios.
Firstly, we assumed that we have a simple question and we want to get an answer using
an unextended and extended Cyc Knowledge Base.

Secondly, we have extracted all correspondent financial concepts using TextGarden
tools (TextGarden, 2011) and all entities, events and facts, using OpenCalais service
from the pool ofaround3400 business news from year 2008, and inserted thenthmto
Cyc KB usingthe OntoPlus methodology.

Following that,we havecomposed antkestedwith Cyc reasoning toolsa number of
queries given in Table 3 We have evaluated obtained results with precision of question
answering.

In addition,in order to evaluate how efficidptthe ontology population is performed,
we have selected 50 business nemg&les and calculated the precision of the suggested
new ontology instances population.
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Table 3:Experimental Queries.

Query

14.
15.

16.

17.
18.
19.
20.

Get companies with more than 100 employees

List companies, which participated in mergers (or acquisitions) and the bankruptcy of whic
reported in the news

List people in high positions in companies/organizations with residenbésirict Of Columbia
(US)

Are there any people, accused of something or convicted in something, who work ir
companies or organizations (>100 employees)?

Which corporations were reported in the news as issuing securities?

Get business ptrers from IT sector for particular company (expl: Enterra Solutions)

List companies, which produce cars and their affiliates

Get companiesompetitors and products, which they produce

Where are company customers locatedet locations of cuemers for companies

Was any company founded before year 19907 What does it produce?

Get companies, which were involved into layoff activity, and their residence. List layol
Michigan-State and in Georgigtate.

Get companies, against igh there were reported lawsuits

List company meetings of a particular company (Atsc) and conference calls of a pa
company (ParTechnologyCorporation)

Were there reported any companies, which have participated in reorganization enestat

Get stock ticker symbols of companies in difficultiedankruptcy of which was reported in tt
news or which had any labor issues or lawsuits reported

Get person profile contact details of a person, person attributes (age, birthdebgldce, gendel
etc). ExamplesAlexisMcgee JenniferPaige

Were there any family relation found between employer/employee?

Who works where? Get all analysts

Get people reported working as economists in companies from financial sector
Which US companies were involved in IPO activity?
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5 Results

The results of the experimensovided in this chapteconfirm the applicability of the
suggested methodology for ontology extensioth&dlCyc Knowledge Base gmentation.
Extending and populatinghe Cyc ontology,we can better analyze textual data, in
particular business news and effectively perform reasoning on the news related
information.

We have organized results of the experiments into three graggng experiments
results, ranking experiments results consistingcaricept rankingevaluation relation
rankingevaluation the Cyc KB extensiorand question answering results.addition, in
this chapter welemonstrat¢he software prototypéor the Cyc ontology extension.

5.1 Tagging Experiments

As we already rantion in section 4,lthe tagging experiments have been conducted only
for thefinancial domain, since no newvasavailable for fisheries & aquaculture domain.

In thetagging experiment e&vhave fond 231 financial terms in the random sanygdle
100 Yahoo!Finance news articles We have manually performed the evaluation of
business news tagginghe precision of business news tagging increases froft éd
87 % and the correspondingecall - from 46 % to 81 % after adding the simplest
assertionglexical labels and instanigpe information)about the missing terms into Cyc.
This is confirmingselection ofthe Cyc ontology as a base for ontology extension
experiment.The Cyc ontology has still spader extension as for financial domain with
terms relevant for financial news analysis.

5.2 Ranking Experiments

According tothe OntoPlus methodology, for each glossary term the user wants to add to
the ontology, a ranked list of the related ontology cotscispcreated.

As discussed ighapter 3we assume the following relationships between the glossary
terms and existing ontology concepts:

- Equivalence relationship;

- Hierarchical relationship;

- Non-hierarchical (associative relationship);
- No relationsip.
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5.2.1Concept Ranking

In the present experiment we have evaluated the quality of concept ranking depending on
the different proportions of ontology concept textual content, ontology concept structure
and ceoccurrences of glossary terms and ontology cotscdditionally, we have taken

into the account the importance of the established relationship between the top suggested
related ontology concept and candidate concept for the ontology extension. We have
grouped equivalent and hierarchical relations ne group assuming that these relations

are the most important in the ontology extension process. Besides, we have also
considered associative relations and a union of all the three considered relations
(equivalent, hierarchical and associative relatioefrred to as any relations.

Figure 7and Figure8 show the precision of the top suggested concept depending on
content, structure and -@xcurrence information for the financial glossary #malAFSA
thesaurus reggtively. The vertical grey lines are pitioned in order tanarkthe different
content weights.For instance, Figuré provides the performance in the financial domain
when only structure is used (the content weight and thaccorrence weight are set to
0).
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Figure 7:Performance of theontent, structure and eoccurrence weighting measures
(Financial glossary)Precision (P) of concept ranking (Top 1).
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Figure 8:Performance of the content, structure aneocourrence weighting measures
(ASFA thesaurusPrecision (P) of conceptmking (Top 1).

Precision of the top ranked concept is 61 % when analyzing any of the three
considered relations (Any Rels), 30 % when considering associative relations (Assoc
Rels) and 31 % when the top ranked concept is in the equivalent or hierarelatiahs
(Eqv and Hier Rels) with a correspondent glossary term.

For the financial glossary the best results are obtained by comhmengntology
content, the ontology structure andhe co-occurrence information with giving more
weight to content and rsicture and less weight @xcurrence. Fothe ASFA thesaurus,
co-occurrence plays a substantial role. In this case the best results are obtained by giving
more weight to content and -c@currence and less weight to structure. The potential
explanation osuch performance can refer to the different domain and structural nature of
the financial glossary and fisheries & aquaculture thesaurus.

In addition, Table 4 and Table frovide more detailed evaluation of the quality of
ranking for the best performing vghiting measures. The following weighting measures
have been used for the financial domain: content weigtQ.5, structure weight,=0.4
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and ceoccurrence weighiz=0.1

Table4: Evaluation of the top suggested candidate conceptitology extension
(Financial glossary)

100 Random Terms

HR (Top 1) HR (Top 5) HR (Top 10)
Weighting Measure
Eqv or Any Eqv or Any Eqv or Any
Hier Rels Rels Hier Rels Rels Hier Rels Rels
Baseline- Name: [1.0] 18 o8 o4 36 o5 40
Content
(cosine similarity): [1.0] 32 65 60 92 68 95
Co-occurrence
(Jaccard similarity): [1.0] 30 48 48 62 52 73
Content: [0.5]
Structure: [0.4] 38 68 66 95 76 98
Co-occur: [0.1]

Table5: Evaluation of the top suggested candidadacepts for ontology extension
(ASFA thesaurus)

100 Random Terms

HR (Top 1) HR (Top 5) HR (Top 10)
Weighting Measure
Eqv or Any Eqv or Any Eqv or Any
Hier Rels Rels Hier Rels Rels Hier Rels Rels
Baseline- Name: [1.0] o 37 o5 38 27 40
Content
cosine similarity): [1.0
( ): [1.0] 32 72 52 88 56 o1
Co-occurrence
imilarity): [1.
(Jaccard similarity): [1.0] 33 71 49 89 51 90
Content: [015
Structure: [0.0] 42 84 63 96 66 96
Co-occur: [0.5]

For fisheries & aquaculture domain we have eettent weightt;=0.5 structure
weight ,=0.0, co-occurrence weighi;=0.5.

The efficiency of usinghe OntoPlus metiodology in a certain domain is validated
through the specified baselinAs a baseline measure we use mapping glossary term
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names to Cyc concept denotations, using normalized sdigdistance to rank the
relations (equivalent or hierarchically relat€gic concepts and any related concepts) for
each glossary term. Furthermore, we have compared the best performing weighting
measures with other methods, which use only cosine similarity between textual content of
the document@~ortuna et al., 20Q7r only co-occurrence analys{§urney, 200

Table 4 and Table 5 contain the information on the hit rates (HR) for top 1, top 5 and
top 10 suggested candidate concepts for ontology exteridienresults of baseline are
given under Baseline Name [1.0] and shw that by using baseline measure on both
datasets fod0 % of terms, the related Cyc concepts have been found among the top 10
suggested concepts (when considering any of the three relattbedast column in the
tables marked as Any Rels). Comparirigto the results of the best performing
combination of content, structure andaxcurrence (986 for financial domain and 9%
for fisheries & aquatic domain respectively), we demonstrate that by combining textual
the ontology contentthe ontology struaire andthe co-occurrence information we can
provide the user with more than double number of concepts suitable for the ontology
extension than using the baseline.

In addition, we have performed a sensitivity analysisbigarameter(12). Figure 9
displays the hit rate (HR) for the equivalent and hierarchically related concepts depending
on b coefficient. It is possible to notice that higher hiesaboth in financial and fisheries
& aquaculture domains are obtained whigher b values. Figurel0 shows howb
coefficient influences the number of concepts presented to the user. Thebloalaes
imply the fewer number of the displayed concepts.
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Figurel: Nu mber of Concepts (NC) dependin

5.2.2Relation Ranking

In our methodology weanautomaticallysuggesnot only the related existing ontology
concepts, but also a relation: the equivalent, hierarchical (supdass associative
relations between existing ontology concepts and candidate concepts for ontology
extension.

For the relation identification experiment we have evaluated the precision of the
suggested equivalent relations and a hierarchical (subcldaspmewhich obtained the
highest position according to our methodology.

Table 6displays the evaluation of the equivalent relations and tepbclass relations
suggested for each candidate ontology concept.

The results in Table &how the precision (Pdf 29.5 % for subclass relation
identification in financial domain and the precision of 20@3for subclass relation
identification in fisheries & aquaculture domain. Thegsion for equivalent relation
identification is 60.0% for the financial domain ad 94.7% for fisheries & aquaculture
domain.

Although it is not possiblgo statistically compare the resultds the OntoPlus
methodology with the resultsf other methods and tools, in this thesis we report on the
achievements of Text20nto framewof®mi ano and VYand SRRAT too2 0 0 5
(Maynard et al., 2009 The authors of Text20nto framework report a precision of 17.38
% for subclas®f relation identification on the subset of tourisetated texts. The
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evaluation inSPRAT performedon 25 randomlyselected Wikipedia articles about
animabk shows the precision of 48.5 % for subclass identification and48.0 % for
synonym recognition.

Table6: Evaluation of the equivalentjdrarchical (subclass) relatiordentification

100 Random Terms
Glossary/ P

Weighting Measue (Eqv Rels %I)D) (Top 1 Subclass Rels, %)

Financial glossary:

Content: [0.5]

Structure: [0.4] 60.0 29.5
Co-occur: [0.1]

ASFA thesaurus:
Content: [0.5]

Structure: [0.0]
Co-occur: [0.5]

94.7 20.3

The evaluatio of the top suggested equivalent or hierarchical (sutckagations is
given in Table 7 The first column displays the number of concepts for which either
equivalent or subclass relations, or both of them have been suggested automgtieally.
other thee columns show the number of concepts for which the correct automatically
suggested either equivalent or subclass relations, or both of them have been found among
top 1, top 5 and top 10 suggested relations.

Table7: Evaluation of the top suggesteduaglent & hierarchical (subclass)
relations

100 Random Terms

Number of
Glossary/ Concepts
Weighting with Eqv or HR HR HR
Measure Subclass Rels (Top 1) (Top 5) (Top 10)
Found
Financial glossary:
Content: [0.5]
Structure: [0.4]
Co-occur: [01] o7 36 56 60
ASFA thesaurus:
Content:  [0.5] 80 31 40 a1

Structure: [0.0]
Co-occur: [0.5]

Evaluation of the suggested equivalent or hierarchical (subclass) relations shows that
for 60 terms from the financial domain and for 41 concdpisn the fisheries &
aquaculture domain the correct automatically suggested relations have been found among
top 10 suggested relatians

The sensitivity analysis fdy ando parameters is givemiFigure 11 and Figure 12
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Figure 11 and Figure 1display the learning accuracy dependingbaii2) ando (13)
for the candidate ontology concepts from financial glossary and ASFA thesaurus.

It is possible to notice that the higher learning accuracy (LA) is obtainecwitbe7
in the financial domain ang= 0 . 7bO( ®@in fBHefes & aquaculture domain.

Figure 13 and Figure 1ghow the numbeof proposed relationships depending on
b (12) and o (13) for the candidate ontology concepts from the financial glossary and
ASFA thesaurus.
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Figurel3 Number of Proposed Rel ati dqrAinancialps ( NR)
glossary)

Both in the financial and fisheries & aquaculture domains highalues lead to the
fewer number of relationships proposed to the user.
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5.2.3Examples of Cyc KB Exension

Table 8 and Table $rovide concrete examples of Cyc extension according to the
proposed methodologyhe related Cyc concepts, which obtained the top position among
the suggested related Cyc concepts and in the suggested equivalent, hierarchical
(subclass) and associative relations, are highlighted in Boldexample from Table 8
shows that using the proposed methodology and assuming that we would like to extend
the Cyc KB with a termLife insurancerom the financial glossary, we get the composed

list of the ranked related Cyc concepts:

- Lifelnsurance,

- Endowmentifelnsurance;

- InsurancePlan;

- FHAMortgagelnsurance;

- VAMortgagelnsurance,

- InsuranceClaimForm;

- MedicallnsuranceClaimForm.

After automatic relation identification the equivalent relatiavith Cyc concept
Lifelnsurance hierarchical (subclass) relation with Cyc concémsurancePlanand
associative relations with Cyc concepts Endowmentdtifelnsurance
FHAMortgagelnsurance VAMortgagelnsurancge InsuranceClaimForm
MedicallnsuranceClaimForrare suggested.
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Table8: Examples of Cyc KB extension (Financial glossary)

Concept Suggested  Suggested Suggested Suggested
Related Cyc Eqv Hier-Subclass Associative
Concepts Rels Rels Rels
FOREX Foreign Foreign
MoneyModeExchange MoneyModeExchange
FinancialExchange FinancialExchange
Exchange®JserRights ExchangeOfUserRight:
BondExchange BondExchange
MSExchangeServe MSExchangeServe
objectTenderec objectTenderec
NewYorkMercantile NewYorkMercattile
Exchange Exchange
MonetaryExchangeO MonetaryExchangeO
UserRights UserRights
LIFE_ Lifelnsurance Life
INSURANCE Insurance
Endowment Endowment-
Lifelnsurance Lifelnsurance
InsurancePlar InsurancePlan
FHAMortgage FHAMortgage
Insurance Insurance
VAMortgagelnsurance VAMortgagelnsurance
InsuranceClaimForrr InsuranceClaimForn
Medicallnsurance Medicallnsurance
ClaimFom ClaimForm
ROTATION Movement-Rotation MovementRotation
[Strategy]
IndustryOrEconomic IndustryOrEconomic
SectorType SectorType
Strategy Strategy
Assets Assets
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Table9: Examples of Cyc KB extension (ASFA thesaurus)

Concept Suggested Suggested Suggested Suggested
Related Cyc Eqv Hier-Subclass Associative
Concepts Rels Rels Rels
AQUATIC_ AquaticOrganism Aquatic
ORGANISMS Organism
OrganismType OrganismType
ByHabitat ByHabitat
SEDIMENT _ Sediment Sediment
MIXING
Mixing Mixing
SECRETION SecretionEvent SecretionEvent

SecretiorBodily ~ Secretion
-Bodily

Gland Gland

Excreting Excreting

From Table 9 it is possl to notice that for the terrAquatic organisnfrom ASFA
thesaurus, we get the following list of the ranked related Cyc concepts:

- AquaticOrganism
- OrganismTypeByHabitat

Furthermore, we get a suggested equivalently related Cyc coAgapticOrganism
and hierarchically related Cyc concéptganismTypeByHabitat

Figure 15 displays two illustrative examples the Cyc KB extension with user
interaction, one in fisheries & aquatic domain (with teRare earthsfrom ASFA
thesaurus) and the other in finaadaomain (ternRecessiofrom financial glossary).

As proposed in our methodology, the user gets a ranked list of relevant Cyc concepts
for each glossary term and confirms the relationships between the glossary term and the
proposed concepts. ASFA thesaal definesRare earthsas a narrow term foMetal.
Using our methodology, foRare earththe user obtains a related concéfgtal and
suggested relationshift Rar e ear t h | s dor 8nancial lassay temonf Met al
Recessiorthe user obtains twaelated Cyc concepfs top ranked Recessidaconomic
with suggested hierarchical relationshipRecessi on eqg&@lomo#amd c Recess
Cyc concepDownturnwith associative relationshift Recessi on conceptuall
Downturno.
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ASFA Thesaurus Term:
Rare earths

' (Recession conceptually related

E Suggested relationship: :
! Downturn) :

' (Recession equals to Recessigonomic)

li l
i I | Suggested relationship: :
I |

Financial Glossary Term: Recessio

Figurel5: Cyc KB ExtensionUser Validation
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The combination of usenteraction approach with automatic concept suggestions for
ontology extension prevents automatic method from establishing wrong relationships
betwesn ontology concepts, at the same time making the extension process faster and
more effective than purely manual. It means that using the proposed methodology the
user is able to compatarge numbers ofyc concepts with glossary terms anthblsh
relatonships in more effective wathan just using the manual search for the relevant
concepts in Cyc.

5.3 Question Answering Experiments

In this sectiorwe demonstrate the results of the evaluation of the progmpetine for
business news analysidn partialar, we illustrate the relevance of the proposed Cyc
ontology extension fonews analysis anduestion answering ibusiness andinancial
domain.

As it is stated in the experimental settings, we have performed the question answering
evaluation using twecenarios. Firstly, we assumed that we have a simple question and
we want to get an answer usithige original (prior to the extensior@ndthe extended Cyc
Knowledge BaseThe first scenario illustrates how specific usara bottomup approach
cansemiautomaticallyextend an ontology based on their questions of interest applying
the OntoPlus methodology.

5.3.1lllustrative Question Answering

The following example illustrates the relevance of the proposed Cyc ontology extension
for question answering in thimancial domain.

For the research purposes we have selected the following questions business
cycle phases

What phase of the business cycle was Egyphi2008?
Was Indonesia in contraction in 20087

Using the existing originalCyc KB we get no gmopriate answers because of the
insufficient representation of business cycles in Cyc.

Figure 16presents the textual definition of business cyrld its phases which we use
to implement the notion of business cycles in Cyc.

Using the proposed methodglpfor semiautomatic ontology extension, we obtain a
ranked list of related Cyc concepts for the correspondent glossary term (Table 10).

To enter new assertions intike Cyc KB we usethe KE text format which facilitates
the knowledge entry process. Wdese the Cyc concepfycleSituationas a superclass
for glossary ternBusiness Cycle:

KE text:
Constant: BusinessCycle.
In Mt: UniversalVocabularyMt.
isa: TemporalObjectType.
genls: Cycle - Situation.
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c o0 mme n tRepetifive cycles of economic expansion and
official peaks and troughs of the U.S. cycle are determined by the
Nati onal Bureau of Economic Resea
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recession. The

rch in Cambridge,

TERM: BUSINESS CYCLE

Bureau of Economic Research in Cambridge, MA.
Phases of Business Cycle:

TERM: CONTRACTION
COMMENT: A slowdown in the pace of economic activity.

TERM: TROUGH
turns into an expansion.

TERM: EXPANSION
COMMENT: A speedup in the pace of economic activity.

TERM: PEAK
COMMENT: The upper turning of a business cycle

COMMENT: Repetitive cycles of economic expansion and recession. The
official peaks and troughs of the Uc§cle are determined by the National

COMMENT: The lower turning point of a business cycle, wlzemmntraction

Figure 16 Business Cycle Definition.

Table 10Rel at ed Cyc Concept

s fyal é€6d .ossary

Glossary Term Ranked Related Cyc Concepts

BUSINESS CYCLE

Trough

Cycle-Situation
RecessiofEconomic
MacroeconomicEven

(a type of FluidReservoil

Furthermore, we create a set of business cycle ph@sesréction Expansion Peak
and Trough as subclasses for Cyc concelptacroeconomicEventThe following code

displays the example of tl@ontractionphase definition:

KE text:
Constant: ContractionBusinessCyclePhase.
In Mt: UniversalVocabularyMt.
isa: TemporalObjectType.
genls: MacroeconomicEve nt.

c o mme n A slowdlown in the pace of economic activity 0.

In Mt: UniversalVocabularyMt.

f:(relationAllExists properSubSituations
ContractionBusinessCyclePhase).

BusinessCycle
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In addition, we create a predicate used for answering questions conneltesintss
cycle phases of the specific countries.

KE text:
Constant; economylnBusinessCyclePhase.
In Mt: UniversalVocabularyMt.
isa: TernaryPredicate.
arity: 3.
argllsa: GeopoliticalEntity.
arg2lsa: TemporalThing.
arg3lsa: MacroeconomicEvent.

For the ilustrative question answering example we estimate the business cycle phases
by using the GDP growth ratethe percentage increase or decrease of Gross Domestic
Product (GDP) from the previous measurement cycle. We identify that aGBitnis
already implenented inthe Cyc KB asgrossDomesticProduct

The following rule defines the conditions of being in the contraction business cycle
phase for the particular country in the specified year. We assume that the contraction
phase occurs when the real growtteraf GDP in the referred ye@&R (GDP)y,decreases
comparatively to the real growth rate of GDP in the previous @a(GDP)y,1 but is
still higher than the real growth rate of GDP in the following YER(GDP)yn1:

GR(GDP) yn1> GR(GDP) v,>GR(GDP) yi1 (23

KE text:
In Mt: UniversalVocabularyMt.
f:
(implies
(and
(evaluate ?SUCCESSORL1 (PlusFn ?Y 1))
(evaluate ?PREDECE SSOR1 (DifferenceFn ?Y 1))
(evaluate ?PREDECESSOR? (DifferenceFn ?PREDECESSORL1 1))
(grossDomesticProduct ?X (YearFn ?SUCCESSOR1) ?S1GDP )
(grossDomesticProduct ?X (YearFn ?PREDECESSOR1) ?P1GDP
(grossDomesticProduct ?X (YearFn ?PREDECESSOR?2) ?P2GDB
(grossDomesticProduct ?X (YearFn ?Y) ?YGDR
(evaluate ?S1GR (QuotientFn ?S1GDP ?YGDP))
(evaluate ?YGR (QuotientFn ?YGDP ?P1GDP))
(evaluate ?P1GR (QuotientFn ?P1GDP ?P2GDP))
(greaterThan ?P1GR ?YGR)
(greaterThan ?YGR ?S1GR)
(isa ?PHASE ContractionBusinessCy clePhase)
(dateOfEvent ?PHASE (YearFn ?Y)))
(economylnBusinessCyclePhase ?X (YearFn ?Y) ?PHASE)).

The expansion, peak and trough phases occur under the following conditions:

Expansion
GR(GDP) yn1 < GR(GDP) y,< GR(GDP) yp1 (24)
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Peak

GR(GDP) yp1< GR(GDP) y»>GR(GDP) yne1 (25)
Trough

GR(GDP) vp1> GR(GDP) y,< GR(GDP) yru1 (26)

For question answering the information frahe Cyc KB about the GDP levels of
Egypt and Indonesia in P6-2009 is used:

Cyc KB assertions:

(grossDomesticProduct Egypt(YearFn 2009)
(BillionDollars 470.4))

(grossDomesticProduct Egypt(YearFn 2008)
(BillionDollars 450.1))

(grossDomesticProduct Egypt(YearFn 2007)
(BillionDollars 419.9))

(gr ossDomesticProduct Egypt(YearFn 2006)
(BillionDollars 392.1))

(grossDomesticProduct Indonesia - TheNation
(YearFn 2009)(BillionDollars 968.5))
(grossDomesticProduct Indonesia - TheNation
(YearFn 2008)(BillionDollars 927.7))
(grossDomestic  Product Indonesia - TheNation
(YearFn 2007)(BillionDollars 874.4))
(grossDomesticProduct Indonesia - TheNation

(YearFn 2006)(BillionDollars 822.6))

After extendingthe Cyc KB with notion of business cycle and business cycle phases,
using the inbrmation about GDP frorthe Cyc KB, it is possible to get answers for the
previously asked questions:

Query:
(economylnBusinessCyclePhase Egypt (YearFn 2008) ?PHASE)

Query result:
*[Explain]  PeakBCPhase2008

Query:
(economylnBusinessCyclePhase
Indonesi a- TheNation (YearFn 2008) ContractionBCPhase2008)

Query result:
Query was proven True *[Explain]

According to the rules introduced intbe Cyc KB, Egypt was in the peak business
cycle phase and Indonesia was in the contraction phase of the business cycle in 2008.
PeakBCPhase2008 and ContractionBCPhase2008 are the corrgmndent


http://shodan.ijs.si:3642/cgi-bin/cyccgi/cg?cb-cf&c498
http://shodan.ijs.si:3642/cgi-bin/cyccgi/cg?cb-inference-answer&1258&0&0
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instances of PeakBusinessCyclePhase and
ContractionBusinessCyclePhase Cyc collections

The results obtained in the illustrative question answering experiment are comparable
with GDP growth rates in Egypt and Indonesia in 20009 (Central Intelligehce
Agency, The World Factbook, 201@isplayed in Table 11

Table 11 GDP Growth Rates in Egypt and Indonesia.

Country GDP Growth Rate Year est.
Egypt 7.2% 2008
Egypt 4.5% 2009
Indonesia 6.3% 2007
Indonesia 6.1% 2008
Indonesia 4.4% 2009

5.3.2News Based Question Answering

In our second question answering experiment we have performed news analysis
extracting financial concepts with a help of TextGardéhextGarden 2011) tools
OpenCalaiservice orall entities, events and facts frahe news collection and inserting

them intothe Cyc KB usingthe OntoPlus methodology.

Table 12 Extracted Entities by OpenCalais

Selected Calais Entity Types Number of Extracted
Entities

Company 8322
Continent 587
Country 3950
Currency 2409
EmailAddress 49
Facility 1143
FaxNumber 1
IndustryTerm 13537
Marketindex 1702
Organization 8207
Person 8300
PhoneNumber 227
Position 8218
Product 349
ProvinceOrState 2973
Region 278
Technology 845
URL 985

We have used Mrams extractor from TextGandeools for analysis of the collection
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of around3400 business news and for mapping the extractgplafs to all relevant
concepts from the financial glossary (Harvey, 2003).

Applying the OntoPlus methodology, we have managed to put the knowledge about
981 financial concepts intthe Cyc KB.

Following that, a number of queries (Table 3) were tested using Cyc reasoning tools.

From the collection oaround3400 newsstoriesa fact extraction service managed to
extract 55607 entities, and 33294 facts & eseatit of which 16335 generic relations.

The numberof extracted entities by OpenCalais type is provided in Tablet1g.
possible to notice that the most popular entity types, which occur in businessanews
Industry terms(13537) Companies(8322) People (8300) Positions (8218) and
Organizationg8207)

The number extracted facts and events by OpenCalais typmvident inTable 13

Table 13 Extracted Facts/Events by OpenCalais

Selected Calais Relation Number of Selected Calais Relation Number of
Types Extracted Types Extracted
Relations Relations

Alliance 41 ContactDetails 74
AnalystEarningsEstimate 5 CreditRating 47
AnalystRecommendation 56 DebtFinancing 13
Bankruptcy 43 DelayedFiling 5
BonusShareslssuance 3 Dividend 45
BusinessRelation 91 CompanyTicker 757
Buybacks 28 CompanyUsingProduct 15
CompanyAccountingChange 0 EmploymentChange 28
CompanyAffiliates 167 EmploymentRelation 45
CompanyCompetitor 107 EquityFinancing 10
CompanyCustomer 82 FDAPhase 14
CompanyEarningsnnouncement 247 IndicesChanges 19
CompanyEarningsGuidance 52 IPO 7
CompanyEmployeesNumber 83 JointVenture 19
CompanyExpansion 32 Merger 38
CompanyForceMajeure 12 PatentFiling 0
CompanyFounded 110 Patentlssuance 0
Companylnvestment 87 PersonAtributes 167
CompanylLaborlssues 58 PersonCareer 5870
CompanylLayoffs 56 PersonCommunication 254
CompanylLegallssues 15 PersonEducation 42
CompanyListingChange 4 PersonEmailAddress 27
CompanyLocation 795 PersonRelation 27
CompanyMeeting 11 PersonTavel 44
CompanyNameChange 2 Productlssues 56
CompanyProduct 128 ProductRecall 19
CompanyReorganization 134 ProductRelease 18
CompanyRestatement 0 Secondarylssuance 6

CompanyTechnology 231 StockSplit 0
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According to the extracted events and $adbusiness news contain a substantial
amount of information about Personal card®®&/0) Communication between business
related peopl€254) company ticker§757), location of companie&95)etc.

What rarely occurred in our business news collectiodidrnot occur at all, is the
information about patés (Patent filing(0), Patent issuanc€0)), information about
changes of some company properties (Company accounting cfign@empany listing
changg4), Company name chan@2), Company restateme() etc.).

Using the OntoPlus methodology and OpenCalai® Cyc mappings we have
populatedhe Cyc Knowledge Base with entities, events and facts extracted from business
news.

Table 14 illustrates the precision of ontology population for selected eyt and
fact types from selected 50 business néMre precision of ontology populatiatisplays
boththe quality ofthe entity, event and faektraction with fact extraction service and the
quality of entity, event and fact mapping to C¥ar instanceif a continententity has
beenextracted by OpenCalaserviceand the same continemistances already modeled
in Cyc, then the precision illustrates how correctly OpenCalais continent entity is mapped
to Cyccontinent instance

Table 14: Precisionof Ontology Population

Selected Calais Entity, Fact, Event Number of Precision of
Types Extracted Ontology

Entities Population
Continent 6 100%
Country 17 100%
Currency 3 100%
Facility 31 100%
IndustryTerm 123 82%
Marketindex 13 100%
Orgarnization 100 85%
Person 78 92%
Position 64 88 %
Product 3 100%
ProvinceOrState 29 93%
Technology 8 100%
URL 23 100%
All: ~91 %

It is possible to notice that the precision is high for companies, geographical entities,
such as countries, caménts,market indices, products, UREs$c

Following that, we have conducted a question answering experiment using queries
presented in experimental settirgsd Cyc reasoning toofer ontology based reasoning
The pecision of questioanswering is praded inTable 15
The result values provided in Table 14 state that ontology population with information
from business news with a combination of the ontology based reasoning can contribute to
the effective query processing.

Different types of quees aml different queries givdifferentresultingprecision, but for
most of the selected queries the precision of question ansvesicegd90 %.
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Table 15 Evaluation of News Based Question Answering

. Experimental Queries (Questions) Precision

1 Get conpanies with more than 100 employees 95%

2 List companies, which participated in mergers goguisition$ and the 100%
bankruptcy of which was reported in the news

3 List people in high positions in companies/organizations with resid 100%
in District Of Columbia (US)

4 Are there any people, accused of something or convicted in some 100%
who work in large companies or organizations (>100 employees)?

5 Which corporations were reported in the news as isséngritie® 67 %

6 Get businesgartners from IT sector for particular company (ex 100%
Enterra Solutions)

7 List companies, which produce cars and their affiliates 100%

8 Get companiesompetitors and products, which they produce 100%

9 Where are company customers locateda locations of customers fa 100%
companies

10 Was any company founded before year 19907 What does it produc 100%

11 Get companies, which were involved into layoff activity, and tt 100%
residence. List layoffs in MichigaBtate and in Georgi&tate.

12 Get companies, against which there were reported lawsuits 100%

13 List companymeetingsof a particular company (Atsc) and conferer 100%
calls of a particular company (ParTechnologyCorporation)

14 Were there reported any companies, Wwhibave participatedin 90%
reorganizatioror restatement?

15 Get stock ticker symbols of companies in difficultiesbankruptcy of 100%

which was reported in the news or which had any labor issue
lawsuits reported
16 Get person profile contact @tails of a person, person attributes (a 98 %
birthdate, birthplace, gender etc). ExamplesAlexisMcgee,
JenniferPaige

17 Were there any family relation found between employer/employee? 100%

18 Who works where? Get all analysts 97 %

19 Get peopleeported working as economists in companies from finar 100%
sector

20 Which US companies were involved in IPO activity? 100%
All: ~97%

lllustrative results obntology based reasoning agdestion answering are given in
Figurel7 and Figue 18 Figurel7 shows the Cyc reasoning tools proof for query:

Are there any economists working in companies from the financial sector?
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Proof:
(companySecteEP LehmanBrothers FinanciaectorSP) in StandardAndPoorsDataMt
(positionOfPersoninOrgaization MingchunSun LehmanBrothers Economist)

OpenCalaisFactExtractionMt
ISA (isa MingchunSun Person) in EverythingPSC

Figure 17 Economists in companies from financial sectdmgchun Sun.

The proof in Figure 1&ays thatLehman BrothersLehmarmrother9 is a company
from the financial sectdfFinancialsSectorSpandMingchunSuns a person, who works
at a position gositionOfPersoninOrganizatignof economist Economist in Lehman
Brothers LehmanBrothersgompany.

Figure 18 demonstrates hoWyc reasoning tools find an answer for the following
query:

Are there any companies from Georghtate in USA involved into layoff activities?

Proof:
(capitalCityOfState Georgi&tate CityOfAtlantaGA) in UnitedStatesGeographyMt

(actors  CompanylayoffsinouncedDeltaAirLine®T-2011:03-14-16-19-59  DeltaAirLines) in
OpenCalaisFactExtractionMt

(residenceOfOrganization DeltaAirLines CityOfAtlantaGA) in OpenCalaisFactExtractionMt
:GENLPREDS (genlPreds capitalCityOfState geographicallySubsumes) in EvegRBi@
:ISA (isa DeltaAirLines Business) in EverythingPSC

JISA (isa CompanylayoffsAnnouncedDeltaAirLisi2$-2011-03-14-16-19-59 EmployeelLayoff) if
EverythingPSC

Figure 18 Get companies, which were involved into layoff activity from Gedtpse
(USA): Délta AirLines.

From the proof at Figure 18e can notice that Atlant&C{tyOfAtlantaGA)is a capital
city (capitalCityOfStatg of Georgia state, USAQeorgiaStatg. Delta Air Lines
(DeltaAirLines)is a company, which has residences{denceOfOrganizaih) in Atlanta
(CityOfAtlantaGA.

It is possible to see thatate geographically incorporatege¢graphicallySubsumpes
capital city.Also, the proof says that Delta Air LineBdltaAirLineg participated in an
event, connected to the layoff€dmpanylaytisAnnouncedDeltaAirLineBT-2011-03-
14-16-19-59).

Consequently, thextension ofthe Cyc Knowledge Base according to the proposed
OntoPlus methodology, population dhe Cyc Knowledge Base with entities, events and
factsextractedrom business newallows usesto perform a question answering based on
the extendednd populatedntology.
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5.4 Software Demonstration

In order to demonstrate tl@@ntoPlus methodology in practice, as a part of this research,
we have developed a software prototype.

The software(size: 4.85 MB)is implemented in Java programming languablee
software architecture includes several components, such as user interface component,
preprocessing componenipntology subset extraction component amstnilarity
calculation componeniThe gal of the user interface componenttli® communication
with the useri specification of the domain relevant information (domain glossary;
domain keywords; content, structure andocgurrence weights etchy the user and
displaying the results (a list gfossary terms with related ontology concepts and potential
relationships) to the user. The preprocessing component has a number of functions for
stemming, tokenization, stop words removal etc. The goal of ontology subset extraction is
to obtain the releantdomainsubset othe Cyc ontologybased on domain glossary and
domain keywordsi relevant Cyc concepts with comments. Finally, the similarity
calculation component contains functions for similarity calculation between existing and
candidate ontology cwepts.

The software works witlthe Cyc Knowledge Base and glossary files in textual
formats

According tothe OntoPlus methodology, the user should initially select the relevant
domain informatioi domain glossary and domain keywords.

Figure 19 andrigure 20demonstrate the process of entering information about domain
into the software choosing the domain relevant glossary and domain keywords.

| £:| Cyc Glossery Concept Classifier (===
Domain Information Classifier Results
Glossary File: £/ Open =
Look In: ‘lj ontoplus_demo ‘V|
[} asfa_test.txt
[ fin_test.txt
[ fin_test2.txt E
Domain: [ | Business [ | Transport [) ontoPlusi2ppt
File Name:  [asfa_testtd |

Files of Type: Al Files [~

Domain Keywords:
———— -] -]

Next Glossary Concept: Exit Application:

Figure 19 OntoPlussoftware demonstration. Choosing glossary file.
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Fish, Aquaculture, Biology, Chemistry

Domain Keywords: Get

Figure 20 OntoPlussotware demonstration. Domain keywords.

The user chooses the similarity weightareights, which are put on content, structure
and ceoccurrence information (formula 10The weights are assumed to be between 0

and 1. The content is represented by thegtrinv adommse, it he structure is

by the stgenistspposy a lwlgenioi@ i/ r ef er rledalstriuctoralt he upp
ter msspaemdi i referred to the | owaaurrehceise | stru
represented by the stringlvai eo-odturrence . I n addition, the wuser
devi ati orevisiera s uwbi éh is also assumed to tak
(formula 12).

Figure 21shows the process of the weight selection (where the user put half weight on
content andhe other half on structure).

E=3(HoEEx

Classifier Results

Relations Weights: |coms:05 genls+specs:0.5 | Get

Get Similar Concepts:

Relation Weights: coms:0.5 genls+specs:0.5

Figure 21 OntoPlussoftware demonstration. Content, structureooaurrence weights.

After entering the available domain information and selecting similarity weights, the
user can obtain the relevant related concepts relationships and extend the ontology
with correspondent new knowledge.

Figures 22 and 28emonstrate obtaining related concepts and suggested relationships



SoftwareDemonstration 69

in the financial domain and fisheries & aquaculture domain.

For instance, for the financiallagsary termAMERICAN_DEPOSITORY_RECEIPT

usingthe OntoPlus methodology we have obtained a number of related Cyc coricepts
AmericanDepositoryRecej@BtockSertificate, BankOrganization, CertificaBT.

As well, a number of suggested relationships is igiex\.

Suggested relationship: AmericanDepositoryReceipt might be EQUIVALENT to:
AmericanDepositoryReceipt

Suggested relationship: AmericanDepositoryReceipt might be SPECS to: Certlitate

Suggested relationship: AmericanDepositoryReceipt mighPIEES to: StockCertificate

Classifier Results

Relations Weights: |coms:0.5 genls+specs:0.5 | Get

Get Similar Concepts:

Concept: AMERICAN_DEPOSITORY_RECEIPT - Certificates issued by a LS. depository bank, representing foreign shares held by the bank,
Similarity: 0.29071067082161084 AmericanDepositoryReceipt - The collection of all American depository receipts (ADR). Atype of #80Deposito
Similarity: 0.10559802817747305 StockCertificate - A specialization of #50fficialDocument and #5CertificateDocument. Each instance of #551=
Similarity: 0.10498659090573303 BankOrganization - The collection of all #80rganizations that are in the banking business, whether in the pri
Similarity: 0.09557076594058292 Certificate-IBT - The callection of actual hardcopy (#5CertificateDocument) or electronic (#5DigitalCertificat

Suggested relationship: AmericanDepositoryReceipt might be EQUIVALENT to: AmericanDepositoryReceipt

l

Il | ] |

Cerfificates issued bya U2 d

.AmericanDepositoD«I UniversalVocabularylt |+ Add
4 4
AmericanDepositoD{ BankOrganization w | conceptuallyRelated |+ 8 UniversalVocabularyMt |+ Add

Next Glossary Concept: Exit Application:

Figure 22 OntoPlussoftware demonstration. Resdiltéinancial domain example.

For the ASFA termnrALLOZYMESusingthe OntoPlus methodology we got one related

Cyc termEnzymeMoleculand one suggested relationship:

Suggeste relationship: Allozymes mights be SPECS to EnzymeMolecule
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Classifier Results

Relations Weights: |coms:0.5 co-occurrence:.g |

Get Similar Concepts:
Concept: ALLOZYMES - Enzymes

Similarity: 0.11431387786957938 EnzymeMaolecule - This is the collection of (individual) enzyme molecules, which are globular protein

Suggested relationship: Allozymes might be SPECS with difference in similarities 0.51099676523076722 to EnzymeMoalecule

4| i [ K

Enzymes
Allozymes UniversalVocabulary Mt = m

Allozymes EnzymeMolecule = m: UniversalVocabularyMt = m
Next Glossary Concept: Exit Application: Exit

Figure 23 OntoPlussoftware demonstration. Restiltéisheries & aquaculture domain
example.

The created software allows working witie Cyc Knowledge Base in the interactive
regime. Moreover, the user can also obtain a separate textual file with the pool of
suggested concepts and relations for the whole domain glossary.



71

6 Discussion

In this thesiswe addresshe process of seraiutomatic textriven ontology extension
using the ontology content, structure aride co-occurrence information with application
of the extended ontology for news analysis.this chapter we compare the proposed
OntoPlus methodology wth different ontology learning methodologies The proposed
pipeline for business news analysig comparisorio variousnews analysiand question
answeringapproaches ias welldiscussed in this chapter.

6.1 Methodology for Ontology Extension

In this thesis w proposd a novel OntoPlus methodology for textlriven onblogy
extension. In contrast with many other methodologies for ontology extension, our
methodology deals with ontologies and knowledge bases, potentially covering more than
one domain. However, it allows restricting the area of ontology extension to ificspec
domain and users deal only with their sphere of interest.

The OntoPlus methodology is based on considering advantages and shortcomings of a
number of ontology learning approach&he OntoPlus methodology aggregates several
ontology extension phasediscussed in datls in cdapter 3 While developingthe
OntoPlus methodology we took to the account tletassica stages of ontology creation

Uschold and King, 1995; Grl¢2005nSgre and $tuder, F o x ,

2002) such aspurpose ad motivating scenarios identification, buildirthe ontology,
evaluation etc

In general, the majority of methods for ontology learning from text include the
following steps(Reinberger and Spyns, 2008pllecting, selecting and preprocessing of
an appopriate corpus, discovering sets of equivalent words and expressions, establishing
concepts with the help of the domain experts, discovering sets of semantic relations and
extending the sets of equivalent words and expressions, validating the relations and
extended concept definition with help of the domain experts and creatingnal for
representation. Automatirte search of related concepts and correspondent relationships
for candidate ontology conceptthe OntoPlus allows for more efficient solutionsfo
ontology extension.

In a similar way to Priet®iaz (2002) the OntoPlus methodology incorporates top
down and bottorup processes, where the user is providing relevant keywords or glossary
while the system uses the data to identify relevant parts ekibng ontology.

Analogically to the approach presented KVitbrock et al., 2003)the OntoPlus
methodology relies upon user, in particular, upon user interaction and user validation of
suggested relationships between existing and candidate ontologgpts.

Along with many other researchgiilsenat and Guha, 1990; Lenat, 1995; Shah et al.,
2006; Witbrock et al., 2003; Medelyan and Legg, 2008; Sarjant, &0&l9; Taylor et al,
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2007; Lenat et al., 2010yve have selected Cyc for our ontology extensiot population
tasks and ontology based news analysis. Cyc aggregates a large esems@mntology,
suitable for news formalization, and an inference system, which atbo@$o perform

reasoning based on the formalized knowledge.

Text20nto frameworKCimi an o and )JVor bniolegy learrzn@ &n8 SPRAT
tool (Maynard et al., 200%or ontology population can be compared to our methodology
in a number of ways. In Text20ntthe user specifies a corpusext collection used in
ontology learningln ow case, the user defines a set of domain keywords and determines
the domain relevant glossary. We expect that the efforts of keywords and glossary
specification do not exceed the efforts of textpuis identification. Asn Text20nto, user
interaction in he proposed methodology helps avoidng adding to the ontology
irrelevant concepts and relationships. Unlike the authors of Text20nto and SPRAT tools,
we do not usdinguistic patterns for concept and relatiolentification. Instead, we use
statisticalyy driven approaches what makes our methodology more language independent.

The experimental results show that by exploiting ontology structure information, the
OntoPlus methodology achievesprecision of 29.94 for subclass relatioilentification
in the financial domain and precision of 20.34 for subclass relatioientification in the
fisheries & aquaculture domain. Theepision for equivalent relatiomdentification is
60.0% for the financial domain and 94% for fisheries & aquaculture domawilthough
Text20nto and SPRAT results cannot be directly compared to our results, in order to
provide a different perspective on ontology extension problem, we report them in this
thesis. e authors of Text20nto framework obtained a precision of 1%3&r
subclassof relation identification on the subset of tourisetated texts(Cimiano and
Volker, 2005. The creators ahe SPRAT tool report the precision of 48&for subclass
identification and 48.06 for synonym recognition on a subset of Wikipedi&cks about
animal (Maynard et al., 2009 Although there is no specified bottom line for ontology
extension problem, we can say that quantitative resultised®ntoPlus evaluation look
competitive if we compare them with other methodologies for ontolegsningi for
instance, with methodologies, which use only content or onlyccarrence informatian

If we compare the proposed methodology to the approaches used in OntoGen
(Fortuna et al., 2007 we can notice resemblance in using text mirt@chnology for
handling textual data and measuring similarity. While in our case, we deal with extension
of general mulidomain ontology, OntoGen focuses on topic ontology construction and
applies several machine learning and data visualization methatda¢hnot used in our
approach.n such way the OntoPlus methodology is able to perform within different
domains and different information sources. For this reason, we can say that the proposed
methodology goes beyond the topic ontology constructioniyfaret al., 2007).

The OntoPlus methodology allows for the effective extension of the very large
ontologies such aghe Cyc Knowledge BaseThe methodology provides the user with
required concepts and relationships in the form of the ranked tiste\aluation of the
OntoPlus methodology confirms that combining textutdle ontology content,the
ontology structure anthe co-occurrence information we can provide the user with higher
number of concepts suitable for the ontology extension tising only concept
denotationsonly theontology content or onlthe co-occurrence analysis.

The OntoPlus methodology allows transforming textual information organiz¢d
different knowledge representation leveiso a structured conceptualized form. Unlike
the appoach in (Sarjant et al.,, 2009), the proposed methodology works even if no
taxonomically structured data is available as @&put. Manual building of large
ontologies, such athe Cyc Knowledge Base, demands a substhatiaount of human
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effort. Further &tension of such a large ontology is challenging as well. From the
hundreds thousands of concepts, the proposed methodology is able to find the concepts
and relationships the user needs and present them in a ranked list based on their
relevance. The utilation of the lexical and structural information of the extensive
knowledge bases and ontologies contributes to their infinite extension and reuse.

Consequently, the applicability to very large nwdidimain ontologies, the possibility
of diverse textual soces utilization and the usage of the language independent
approaches represent tsieengths of the proposed methodology. However, the proposed
methodology as presented in this thesis is mainly applicable for extension of the ontology,
which has a suffient lexical representation of its components.

In this research the evaluation of tBatoPlus methodology was performegith Cyc
running on the server and tl@ntoPlus implementing software running on the client
machine.More extensive evaluation of tl@ntoPlus methodology can follow from the
deployment of the proposed methodology in publie.g., on the OpenCyc (OpenCyc,
2011) website, witltrowdsourcing toolge.g., Mechanical Turk, 2011for review With
help of Mechanical Turk, domain specialists @dentify the correct proposed related Cyc
concepts and relationships.

6.2 Pipeline for Business News Analysis

The thesis addressdbe process of business news analysis by ontokggnsion,
ontology population with entities, facts and events extracteanfitext and reasoning
based on the obtained ontology.

The pipeline for business news analysigresented in this tlses is based on the wide
spectrumof business entities, events and facts, ontologically represented. Wet do no
perform Open information exitdon, asdo (Etzioni et &, 2008;Soderland et al. 2010)
However, at the same time, while ontologically representing supjedicateobject
textual triplets, we automatically connect the predicate to the most related event from the
ontology.

As in (Soderland et al., 2010we populatethe ontology with new information.
Analogically to(TunstaltPedoe, 2010and (Lenat et al., 201Q)we use a large common
sense ontology for reasoning and question answering. We use néhepasiary source
of data as approaches (Andersen et al.,, 1992; Losch and Nikijn 2009;
lacobelli et al., 2010d0.

AsinBr adegko eweusaheCyc ¢nblodly Gnd ASFA in our experimetits
the OntoPlus methodology tests are performed thie Cyc KB with ASFA thesaurus as
domain relevant resource. However, our question answering experiments are based on the
extension and population tiie Cyc ontology and reasoning based on the extended and

populated ontology. In their question answering experim@ras e gk o et usal . (2
only synonymic and hierarchically related tsrmAt the same time, Cyc has an
i mpl emented reasoning system, which goes f

guestion answering.

If we compare our techniques to the existing methaidhews analysis, we can notice
that similarly to(Losch and Nikitina, 2009), we utilize semantic information from the
ontology. As in (lacobelli et al., 2010), we extract facts from a set of news stories.
However, our approach for news analysis is frrgemantically driven, since we also use
ontology to reason based on the facts obtained from business news and esgns®n
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facts, existing in the ontology.

The pipeline for business news analysipresented in thishesisconstitutes a whole
strategy of hbsiness news analysis and question answering based on the ontology
reasoning and information from the news. In our research we combine different tools
fact extraction system and commsanse knowledge base with inference system, which
allows to automatiglly extract facts from textual sources, populate the ontology and
reason based on the populated ontology.

Comparing our techniques of ontology based news analysis with other existing
approaches, we can say that usex¢endedarge commorsense ontologiesuch aghe
Cyc Knowledge Base and reasoning based on the information existing in these ontologies
can provide usexwith awider speatum of results than usingpecific separatentologies
for news eventsr different pattersbased system3he resultof the expements justify
the suitability ofthe OntoPlus methodology for ontology extension and the applicability
of large lexical ontologiessuch asthe Cyc Knowledge Baseto analysis of textual
sourcesin particularbusiness news
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7 Conclusions

7.1 Summary

In this research we have set a goal of contributintpe analysis of the financial news by
means of semantic technologies particular by extending and populating the business
and financial ontology in Cyc, whids known to have one of the largest knowlebgss

in the world.Utilizing the ontology lexical and structural feature, we aimed to make the
process of ontology extension more productive.

The OntoPlus methodology for textiriven ontology extension, cdsming text mining
methods and useénteraction approach, has been suggested and exposed to evaluation.
The evaluation of our methodology has been accomplished in two rather different
domains; for the financial domain a glossary was available while fofigheries &
aguaculture domain a thesaurus has been used as a source of termddedbi® dhe
existing ontology. In this research we demonstratedtiieaproposed methodology works
for textual data structured at different knowledge representatiols.leve

Manual building of large ontologies, such the Cyc Knowledge Base, demands a
sulstantial amount of human efforEurther extension of such a large ontology is
challenging as well because of itsngaexity and interconnectivityThe OntoPlus
methodolgy presented in this research is meansgeedup the process of building an
extensive ontology and lower the price of doing it.

With the OntoPlus methodology for each glossary term the user is provided with a
ranked list of related ontology concepts andhnked list of potential relations. We have
found that the importance of the ontology content, structure th@do-occurrence
information can vary for different domains and knowledge representations used in the
process of ontology extension. The besules are achieved by combining content,
structure and coccurrence information for our data in the financial domAtrthe same
time, the ontology content anthe co-occurrencearemore important for aufisheries &
aguaculture data.

Furthermore, the #tsisaddresseshe process of business news analysis by ontology
extension and ontology population with formalized knowledge extracted from text and
reasoning based on the obtained ontology. In our researghopesed theipeline for
business news analys We showedthat ontology extension can provide better
annotation possibilities for textual data, such as business mavatyzing news with
means of semantic technologies, such as large corsemse ontologies arrg@asoning
systems, we werable toanswer a number of business queries.

We have found that usirthe OntoPlus methodology for the ontology extension with
relevant conceptsising thepipeline for business news analysi®r ontology population
with entities, events and facts extracted from newms utilization of the obtained
extended and populated ontology for reasoning and question answering provide a user
with a possibility to automatically analyze textual financial and business data, to detect
important information and to save time.



76 Conclusions

7.1.1Methodology for Ontology Extension

In our research we have proposed a n@mioPlus methodology for ontology extension.
Theproposed methodologyperates with lexical and structural ontology informatibime
OntoPlus methodology useshé combination ofthe ontdogy content,the ontology
structure information anthe co-occurrence data between existing and candidate ontology
conceptsand consists of several methodology phases:

1.Domain information identification.The user identifies the appropriate domain
keywards. As well, in this module a domain relevant glossary, containing terms with
descriptions is determined.

2. Extraction of the relevant domain ontology subset from rdoltiain ontology.The
relevant domain ontology subsstobtainedbased on the spemtl domain information.
The domain keywords are mapped to the natural language representation of the ontology
domain information and a set of the relevant domains of interest is identified. Further,
ontology concepts defined in these domains are extracted.

3.Domain relevant information preprocessinghe information from the domain
relevant glossary and the extracted relevant ontology subset are linguistically
preprocessed. The preprocessing phase includes tokenizatiofwostbpemoval and
stemming. Tetual information is represented using kEfgvords representation with
TFIDF weighting and similarity between two text segments is calculated using cosine
similarity between their bagf-words representations. For each term from the domain
relevant glossgr we compose abagof-words aggregating preprocessed textual
information from: (1) the glossary term name and (2) the term comment. For each concept
from the extracted relevant ontology subset the following information is considered: (1)
the ontology conga content consisting of the preprocessed natural language concept
denotation and concept comment; (2) the ontology concept structure consisting of the
preprocessed natural language concept denotation and natural language denotations of
hierarchically and nonthierarchically elated concepts.In addition, for relation
identification, for each ontology concept we compose two additionatdfagerds: one
with natural language denotation of the concept and natural language denotations of
superclasses of thi®icept, another with natural language denotation of the concept and
natural language denotations of subclasses of this concept.

4. Composing the list of potential concepts and relationships for ontology extension.
The ranked list of the relevant conceptsd possible relationships suitable for ontology
extension is composed in this phase. Cosine similarity between glossary term and
ontology concept content is calculated and weighted with weight defined by the user.
Cosine similarity between glossary termdaontology concept structure is calculated and
weighted with weight defined by the user. We use Jaccard similarity to measure the co
occurrence of glossary term and ontology concept.

Ontology concepts with similarity larger thaa defined similarity threhold are
suggested to the user.

To propose the relationship of equivalence we use stglitg distance between
glossary term names and the related concept names. In the case of equivalence, the user
can extend textual representation of the related ontatogcept. Hierarchical subclass
relationship is proposed, when the similarity between the glossary term and subclasses of
the related concept is higher than the simitabetween the glossary terrand
superclasses of the related concept.

5.User validaion. Furthermore, the user validates the candidate entries results
consisting of the glossary terms, existing ontology concepts and glossargreiogy
concept relationships. In case of the equivalence relationship the user can extend the
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textual represntation of the existing ontology concept by adding comment, adding or
changing the natural language denotation. In case of the hierarchical relationships the
user can add subclasses to the existing ontology concepts. If the nature of the relationship
is not clear, the user can create an associative relationship or choose any other
relationship between a glossary term and existing ontology concept. Moreover, the list
with validated entries in the relevant format is created.

6. Ontology extensiorit represents adding the new concepts and relationships between
concepts into the ontology.

7.0ntology reuseThe ontology reuse phase serves as the connection link between
separate ontology extension processes. As a part of the new extension process, we reuse
the previously extended ontology.

The novel features dhe OntoPlus methodology include (a) the combinationtbé
ontology content, structure arle co-occurrence information in the ontology extension
process, (b) the usage of ontology structure itutdxXormat, (clthe possibility to obtain
the relevant domain ontology subset from mdtimain ontology, (d) théeasibility of
application tahe Cyc ontology extension.

Text mining plays a central part in our ontology extension methodology. As domain
information we use domain keywords and domain relevant glossary. With text mining
techniques we are able to transform the unstructured textual information into formalized
knowledge.

The OntoPlus methodology is mainly targeted at the ontology enginéepele,
who develop and maintain large ontologies, suclthasCyc KB. The user interaction
comes in two ways. The users define the domain relevant informatidamain
keywords and domain relevant glossary and afterwards, user interaction plays a filtering
role in theOntoPlus methodology. With user validation we are able to avoid the insertion
of the nonrelevantontology concepts and relationships.

Furthermore, we have adapted the propd3etbPlus methodology in order to obtain
a comprehensivepecific m¢hodology forthe Cyc Knowledge Base extensiofhe main
adaptations compared to the methodology describedeahes based on microtheories
(Contexts in Cyc2011)that Cyc is using to represent thematic subsets of the ontology.

In experiments the suggedtemethodology for textlriven ontology extension,
aggregating the elements of text mining and user interaction approach for ontology
extension, was used for inserting the new knowledgetmGyc Knowledge Base.

The experimenthave been performed in éndifferent domains having two knowledge
representation levels financial domain represented by the glossary of financial terms
(Harvey, 2003 and fisheries & aquaculture domain represented by Aquatic Sciences and
Fisheries Abstracts (ASFA) thesau(@sSFA thesaurus, 2010)

7.1.2Pipeline for Business News Analysis

We have handlediews analysigproblemwith a pipeline for business news analysis.
The pipeline for business news analysiaggregate®btaining entitiesevens and facs
with fact extraction servie, the OntoPlus methodology foithe Cyc ontology population
and reasoninfased on the extended and populated ontology

The following phases have been defined ingipeline for business news analysis
1. News websitdefinition. A list of websites, whicltontain business news, is defined.
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2. News crawling.The newss crawled from the RSS feeds of the provided websites
and afterwards, news cleaning is performed. Every retisle represents a separate
textual file.

3. Concept, entity, event, faektradion from newsA set of financial concepts
extracted from business news. Usinggtms extractor from TextGardetools
(TextGarden, 2011)it is possible to get all fgrams from the textual news collection and
map them to the terms ithe Haney financial glossary (Harvey, 2003With fact
extraction service, such as OpenCalais tool, we are able to extract the information about
entities, events and facts present in our news collection.

4. Concept, entity, event, faoapping tathe Cyc KB.In this phase ontology extension
and ontology population are performed. Witle OntoPlus methodology we are able to
extendthe Cyc KB with terms from the financial glossary, which occurred in our news
collection. For ontology population we have created a afetmappings between
OpenCalais entities, events and facts types and Cyc coficeptsctions and predicates.
We also applythe OntoPlus methodology for concept disambiguation in the ontology
population process.

5. Questiordefinition. For question defition a set of questions, involving reasoning
aspects is composed. For the business news analysis we have composed business related
guestions.

6. Questioranswering.The questions are asked usthg Cyc reasoning interface and
Cyc proofs are analyzed.

In order to perform the Cyc ontology population, we have created a set of mappings
between fact extraction service types and Cyc concepts and relations. Additionally, we
have proposed an algorithm for subjpoedicateobject textual triplet mapping the Cyc
Knowledge Base.

In our news analysis experiments have used a collection of the financial news from
the yahoo websitdYahoo! Finance, 200 We have crawled set of news stories,
extracted entities, facts and events with fact extraction sef@perCalais, 201D and
appliedthe OntoPlus methodology to map the extracted knowledge ihi® Cyc KB.
Following that, a number of queries have been analyzed thrthggRyc reasoning
interface.The experiments confirmed utilizirggpipeline for business newsnalysisit is
possible to effectively obtain and analyze information from the news and perform
ontology based reasoning.

7.2 Scientific Contributions

The majorcontribution of this thesis is in proposing a no@aitoPlus methodology for
text-driven semiautomatic ontology extension usitige ontology contentthe ontology
structure information anthe co-occurrence data between existing and candidate ontology
concepts.

Second contribution adur worklies in theOntoPlus methodology adaptation to one
paticular scenarid the Cyc ontology extension.

Third contribution of this thesigs the evaluation of the proposedntoPlus
methodology for ontology extensiam real world data in two different domains having
two representation levels financial domainrepresentedy the glossary of terms and
fisheries & aquaculture domain represented by the thesalingsexperimental results
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have demonstrated that using a combinatioth@bntology content, structure atfte co-
occurrence information is more benedicifor the extension of large mutiomain
ontologies, than using only content, only-axcurrence or only concept denotation
information. Moreover, our contribution to the ontology extension based on textual
information is in defining the best combinatioh content, structure and @ecurrence
measures for financial domain and fisheries & aquaculture domain. We have found that
combining content, structure and-gocurrence information for our data leads to the best
results in the financial domain. Howeyeombiningthe ontology content andhe co-
occurrence information is more effective for fisheries & aquaculture data.

Then, we have explored the process of business news analysis by the ontology
extension with relevant financial concepts, ontology petan with entities, facts and
events extracted from text and reasonbagsed on the obtained ontologihe forth
contributionof our researches in proposing aipeline for business news analysis

As a fifth contribution, we have extended and pomadahe Cyc ontology with
business and financial terpentities, events and facts obtained from news

Finally, gplying the OntoPlus methodology and &ipeline for business news
analysiswe were able to competently deal with a specific and non trivialafllsiness
news analysis, to discover, combine and use in reasoning and question answering the
important information extracted from business news.

In order to achieve the described contributions we were guided by the aims stated in
Introduction sectionHere wesummarizehe work done for each goal:

1. We have specified the terminology used in the resdassdtion 1.2)

2.We have proposed the methodology for ontology exten@eation 3.2)and the
pipeline for business news analysi&ection 3.3

3. We hawe adapted the proposed methodologth®Cyc Knowledge Base extension
(section 3.3)

4.We have experimentally evaluated the proposed methodology for ontology
extension in different domains and differertknowledge representations
(section 5.2)

5. We have createsbftware with user interface ftiie Cyc Knowledge Base extension
for a selected domaiisection 5.4)

6. We have evaluated the propogedeline for business news analysi&gection 5.3
We have explored a set of financial news and deteunihe relevant financial
concepts and instancéwse have extendethe Cyc ontology with 987 financial
concepts and 55607 entities)

7.\We have obtaied a number of financial events and facts from a set of business
news (by analyzing business news, we haweurfd 33294 facts & events
section 5.3

8. We have identified a set of interesting non trivial queries for business news analysis
and answered them usirtpe Cyc ontology andthe Cyc reasoning interface
(section 5.3)
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7.3 Future Work

Different paths for future work arise from the presented research ideas and métbods.
expect ourOntoPlus methodology to be exploited for various ontology learning and
ontology alignment purposes.

The future workin the direction of ontology extension shouidclude further
augmentatiorof the Cyc Knowledge Basand testinghetextual data analysis in different
domains

For number of other domains (besides financial domain and fisheries & aquaculture
domain) the best combination of content, structure andccarrence for ontology
extension should be identifiedAs well, nore exhaustive experiments across several
domains involving a number of ontologies from the same domain would be needed to
investigate how properties of the ontology relate to the usetiloiesontent, structure
and cooccurrence information.

Particular attentiorshouldbe devoted to better automatic identification of hierarchical
relations and extraction of different types of #wvararchical relationspartwhole
relations, relation instecesof the existing ontologpredicates for the particular dompin

In case of ontology population, the named entity disambiguation problem should be
resolved at a higher level and several approaches for concept disambiguation should be
tested.

Also, aninteresting future work approach would be better fact identification and
extraction from text with subsequent ontology population with facts.

Finally, the pipeline for business news analysishould be modified in order to
analyze various textual informan, for examples, news from other domains.
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Appendix 1: OntoPlus Applications in Financial Domain

Appendix 1 shows the application thie OntoPlus methodology in the financial domain.
For each financial glossary term (glossary term nanggossary term description)he
most similar related concepts frothe Cyc ontology (similarity;the Cyc concept
denotatiori the Cyc concept comment) are providdad.addition,for each financial term,
a list of potential equivalent, hierarchical and associative relationstiipsthe Cyc
ontology concepts shown below.

Glossary Term : CREDIT_UNION - A not -for - profit institution that is
operated as a cooperative and offers financial services such as low -
interest loans, to its members.

Similarity:  0.41030743790527824  CreditUnion - Each instance of
#$CreditUnion is a financial cooperative #$Organization of individuals

with a common affiliation (such as employment, labor union membership,

or place of residence). Credit unions accept deposits of members, pay

interest (or dividends) on t hem out of earnings, and primarily provide
consumer installment credit to members.

Similarity: 0.235638122037419 SaleByCreditCardWithLowAPR - A
specialization of #$SaleByCreditCard. Each instance of
#$SaleByCreditCardWithLowAPR is a purchase in which th e buyer (see the

predicate #3$buyer) pays by using some instance of #$CreditCardWithLowAPR
(q.v.).

Similarity: 0.21863625313983168 CooperativeOrganization - A cooperative
is an organization in which each of its members contribute to the

organization's cap ital. In return the members get dividends and the

right to vote in the organization's elections (for board of directors).

Similarity: 0.2030559187186898 TradeUnion - An organization of workers
formed to mutually benefit all of its members. If an employ er
establishes itself as a union shop, then all of its employees must be

members of that particular trade union.

Similarity: 0.15709656044375866 CooperationEvent - A collection of all
instances of #$SocialOccurrence that can be called 'cooperations'. Fo r
each #$CooperationEvent COOP the following hold: (i) there are at least

two #$IntelligentAgents AGT1 and AGT2 such that (#$partnersinCooperation

AGT1 AGT2 COOP), (i) AGT1 and AGT2 share a GOAL, (iii) there are

subevents ACT1 and ACT2 of COOP, both of wh ich are #$PurposefulActions,

such that ACT1 is performed by AGT1 with the intent of furthering GOAL

and ACT?2 is performed by AGT2 with the intent of furthering GOAL, (iv)

AGT1 believes that ACT2 furthers GOAL and AGT2 believes that ACT1

furthers GOAL, and (v) the fact ACT1 and ACT2 both further GOAL is not

an unexpected coincidence: it was a part of AGT1's expectation that an

act like (i.e. of the same kind as) ACT2, performed by AGT2, would

further GOAL; and it was a part of AGT2's expectation that an act like
ACT1, performed by AGT1, would further GOAL.
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Similarity: 0.14808573359998406 FinancialOrganization -
#$FinancialOrganization is a specialization of #$Organization. Each

instance of #$FinancialOrganization is primarily or significantly

engaged in th e #$Financiallndustry or whose activities focus on that

industry. Instances of both #$CommercialServiceOrganizations (e.g.,

banks and brokerage houses) and #$NonProfitOrganizations (e.g.,

#3$InternationalMonetaryFund) may be instances of
#$FinancialOrganiz ation. Specializations of #3$FinancialOrganization
include #$BankOrganization, #$FinancialExchange, and

#$InvestmentOrganization.

Similarity: 0.14156338878911331 Institution - A sub -collection of
#$O0rganization. Each instance is an organization founded a nd united for
a specific purpose.

Similarity: 0.13429055303235912 FederalUnion - The collection of all
federal unions. A type of #$GovernmentRelatedEntity and
#$GeopoliticalEntity. The collection #$FederalUnion is an
#$ArtifactualFeatureType and a #$Face tinstanceCollection.

Similarity:  0.13078561183986503 Operation - A specialization of
#$MedicalCareEvent. Each instance of #3$Operation is a medical care
event in which a medical professional cuts a part of a living body,

either to examine what's inside ( a diagnostic, exploratory surgery) or
to treat an ailment (an instance of #$MedicalTreatmentEvent).
Generally, an operation will have one or more poper sub - events that is

an instance of #$Surgery (or, specifically, #$SurgicalProcedure (g.v.)).

Similarit y: 0.12617666645287612 OfferingForSale - The collection of
OfferingForSale events includes events in which an agent offers one or
more things for sale to one or more other agents.

Suggested relationship: CreditUnion might be EQUIVALENT to: CreditUnion
Suggested relationship: CreditUnion might be SUBCLASSwith difference in
similarities 0.7906575760833375 to FinancialOrganization

Suggested relationship: CreditUnion might be SUBCLASSwith difference in
similarities O .6414717954484694 to FederalUnion

Suggested relationship: CreditUnion might be SUBCLASSwith difference in
similarities 0.5099274027331723 to Operation

Suggested relationship: CreditUnion might be SUBCLASSwith difference in
similarities 0.498593683386 054 to TradeUnion

Suggested relationship: CreditUnion might be SUBCLASSwith difference in
similarities 0.4822113409875642 to OfferingForSale

Suggested relationship: CreditUnion might be SUBCLASSwith difference in
similarities 0.32450600883292235 to CooperativeOrganization

Suggested relationship: CreditUnion might be CONCEPTUALLY RELATED to
SaleByCreditCardWithLowAPR

Suggested relationship: CreditUnion might be CONCEPTUALLY RELATED to
CooperationEvent

Suggested relationship: CreditUnion might be CONC EPTUALLY RELATED to
Institution
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Glossary Term: CERTIFICATE_OF_DEPOSIT - Also called a time deposit this
is a certificate issued by a bank or thrift that indicates a specified
sum of money has been deposited. A CD has a maturity date and a

specified inte rest rate, and can be issued in any denomination. The

duration can be up to five years.

Similarity: 0.446691676348582 CertificateOfDeposit - The collection of
receipts for bank (or other financial institution) deposits in

certificate form. #$CertificateOf Deposits bear interest and are payable

either on a specific date or after the passage of a specific amount of

time.

Similarity: 0.22881086464541786 MakingABankDeposit - A collection of
events; a subset of #$MoneyTransfer. In an instance of
#$MakingABank Deposit, an #3$Agent - PartiallyTangible (or representative
thereof) deposits currency, checks, or other financial tender into a

bank account (usually the #$Agent - PartiallyTangible's personal bank
account, or the bank account of the company for which they wor k). An

agent may make a deposit in person at the bank, but it might also be
made by mail, over the telephone, electronically via modem, at an ATM
machine, etc.

Similarity: 0.22208788198712837 Certificate -IBT - The collection of
actual hardcopy (#$Certifi cateDocument) or electronic
(#$DigitalCertificate) instances of a certificate. Examples include

instances of #$Passport and #$BirthCertificate.

Suggested relationship: CertificateOfDeposit might be EQUIVALENT to:
CertificateOfDeposit

Suggested relationship: CertificateOfDeposit might be SUBCLASS with
difference in similarities 0.5160952892511015 to MakingABankDeposit

Suggested relationship: CertificateOfDeposit might be SUBCLASS with

difference in similarities 0. 3852179136529344 to Certificate -IBT
Glossary Term: DEALER_LOAN- Overnight, collateralized loan from a money

market bank made to a dealer financing his position by borrowing.

Similarity: 0.3892853352816869 FinancingByBorrowing - The collection of

#$BorrowingSomething events in which money is borrowed. Examples

include borrowing money from a bank under an authorized #$LoanAgreement

(a #$Loan - WrittenLegalAgreement) and borrowing money from a friend under

a #$Loan - BylnformalOralAgreement. Specialization S of
#$FinancingByBorrowing include #$BridgeFinancing and
#$EnteringintoAMortgageAgreement.

Similarity:  0.1616247547044806 LoanAgreement - A collection of
#$TemporaryUserRightsAgreements. In each #$Agreement, one party will
give something of value (usual ly money) to a second party, and the

second party will pay the money back, often paying interest as well.
Among other options, the parties can agree that there will be repeating
#$Paying events, with the same amount paid each time; or they may agree
that all the money will be paid back all at once.
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Similarity: 0.1493517014071036 BorrowingSomething - A collection of
events; a subcollection of #$TemporaryChangeOfUserRights. In an

instance of #$BorrowingSomething, an agent takes temporary control of

someth ing, usually with the permission of its owner(s). Generally, the

lending agent expects the borrowing agent to use the object for one of

its normal functions (see #$intendedBehaviorCapable).

Suggested relationship: DealerLoan might be SUBCLASS with difference in
similarities 0.7407791027576881 to BorrowingSomething

Suggested relationship: DealerLoan might be SUBCLASS with difference in
similarities 0.5195975775666641 to LoanAgreement

Suggested relationship: Deale rLoan might be CONCEPTUALLY RELATED to
FinancingByBorrowing
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Appendix 2: OntoPlus Applications in Fisheries & Aquaculture
Domain

Appendix 2 shows the application tie OntoPlus methodology in the fisheries &
aguaculture domain. For each fisheries &amuture glossary term (glossary term name
T glossary term description), the most similar related concepts tiner@yc ontology
(similarity; the Cyc concept denotation the Cyc concept comment) are provided. In
addition, for each fisheries & aquacultdeem, a list of potential equivalent, hierarchical
and associative relationships witie Cyc ontology concepts is shown below.

Glossary Term: ALLOZYMES- Enzymes

Similarity: 0.11431397786957938 EnzymeMolecule - This is the collection
of (individual) enzy me molecules, which are globular protein molecules

that can act as biological catalysts in a broad spectrum of biochemical

reactions.

Suggested relationship: Allozymes might be SUBCLASS with difference in
similariti es 0.5030667769204702 to EnzymeMolecule

Concept: ZINC - Heavy metals Ferromanganese nodules Metalliferous
sediments Zinc compounds Zinc isotopes

Similarity: 0.716015620694725 Zinc - A piece (i.e., specific collection

of nearby molecules) of #$Zinc.

Similarity: 0.23687802675660904 Metal - An instance of

#$TangibleStuffCompositionType. Every instance of #$Metal is a tangible

object having certain characteristic physical and chemical properties.

Instances of #$Metal are good conductors of electricity a nd heat, and
most instances of #$Metal are solids at room temperature (although all

instances of #$Mercury, for example, are liquids at room temperature).

Solid instances of #$Metal have a shiny luster, and are highly

malleable. Specializations of #$Meta | include #$Mercury, #$Potassium,
#$Brass, #$Lead, and #$Iron.

Suggested relationsh ip: Zinc might be EQUIVALENT to Zinc
Suggested relationship: Zinc might be SUBCLASS with difference in
similarities 0.694670148702147 to Metal

Concept: CHLOROPLASTS - Cells Chlorophylls Chromatophores Photosynthetic
pigments

Similarity: 0.5913888161282679 Chloroplast - A green plastid with an
internal membrane system incorporating the pigment molecules that are

essential to photosynt hesis.

Similarity: 0.3900282501626628 Pigment - instances are pieces of a

chemical compound that impart color.
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Suggested relationship: Chloroplasts might be EQUIVALENT to Chloroplast
Suggested relationship: Chlorop lasts might be CONCEPTUALLY RELATED to
Pigment.
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Appendix 3: OpenCalais to Cyc Mappings

Appendix 3 demonstrates mappings between OpenCalais entity, fact and event types and
the Cyc ontology elements@ncepts, predicate=c.). For instance, for each Op@alais

entity type synonymous collection frothe Cyc ontology is provided. As well, for each
OpenCalais relation type, a number of assertions connecting synonymous concepts from
the Cyc ontologyareprovided.

Entity Types Examples:

City

Constant: City.

In Mt: CalaisOntologyMappingMt.

isa: CalaisOntologyEntityType.

In Mt: CalaisOntologyMappingMt.

f: (synonymousExternalConcept City TheCalaisOntology "City").

Industry Term

Constant: IndustryType.

In Mt: CalaisOntologyMappingMt.

isa: CalaisOntologyEntity Ty pe.
In Mt: CalaisOntologyMappingMt.

f: (synonymousExternalConcept IndustryType TheCalaisOntology
"IndustryTerm").

Political Event

Constant: PoliticalEvent.

In Mt: CalaisOntologyMappingMt.
isa: CalaisOntologyEntityType.

In Mt: CalaisOntologyMappingMt.

f: ( synonymousExternalConcept PoliticalEvent TheCalaisOntology
"PoliticalEvent").

Position of Person in the Organization
Constant: PersonTypeByPositionInOrg.
In Mt: CalaisOntologyMappingMt.

isa: CalaisOntologyEntityType.

In Mt: CalaisOntologyMappingMt.

f: (sy nonymousExternalConcept PersonTypeByPositionInOrg
TheCalaisOntology "Position™).
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Geographical Region

Constant; GeographicalRegion.
In Mt: CalaisOntologyMappingMt.
isa: CalaisOntologyEntityType.

In Mt: CalaisOntologyMappingMt.

f:  (synonymousExternalConcept GeographicalRegion  TheCalaisOntology
"Region").

Event/Fact Types Examples:

Bonus Shares Issuance
In Mt: OpenCalaisFactExtractionMt.
Direction: :forward.
f: (implies
(and

(extractedOpenCalaisFactEvent ?FACTEVENT (OpenCalaisFactEventFn
"BonusSharesl ssuance"))

(extractedOpenCalaisAttribute  (OpenCalaisAttributeFn "company" ?C)
?FACTEVENT))

(and

(isa ?FACTEVENT IssuingASecurity)
(isa ?C Business)

(isa ?C LegalCorporation)

(actors ?FACTEVENT ?Q))).

Business Relation
In Mt: OpenCalais FactExtractionMt.
Direction: :forward.
f: (implies
(and

(extractedOpenCalaisFactEvent ?FACTEVENT (OpencCalaisFactEventFn
"BusinessRelation"))

(extractedOpenCalaisAttribute (OpenCalaisAttributeFn "company” ?C1)
?FACTEVENT)

(extractedOpenCalaisAt tribute (OpenCalaisAttributeFn "company" ?C2)
?FACTEVENT)

(not (equals ?C1 ?C2)))

(and

(isa ?FACTEVENT BusinessEvent)
(isa ?C1 Business)

(isa ?C1 LegalCorporation)

(isa ?C2 Business)

(isa ?C2 LegalCorporation)

(actors ?FACTEVENT ? C1)
(actors ?FACTEVENT ?C2)
(businessPartners ?C1 ?C2))).
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Company Affiliates
In Mt: OpenCalaisFactExtractionMt.
Direction: :forward.
f: (implies
(and

(extractedOpenCalaisFactEvent ?FACTEVENT (OpencCalaisFactEventFn
"CompanyAffiliates™))

(extractedOpenCalaisAttribute (OpenCalaisAttributeFn
"company_affiliate" ?C1) ?FACTEVENT)
(extractedOpenCalaisAttribute (OpenCalaisAttributeFn
"company_parent" ?C2) ?FACTEVENT))
(and

(isa ?FACTEVENT BusinessEvent)
(isa ?C1 Business)

(is a ?C1 LegalCorporation)

(isa ?C2 Business)

(isa ?C2 LegalCorporation)

(actors ?FACTEVENT ?C1)

(actors ?FACTEVENT ?C2)
(affiliatedWith ?C1 ?C2))).

Company Competitor
In Mt: OpenCalaisFactExtractionMt.
Direction: :forward.
f: (implies
(and

(extractedOpenCalaisFactEvent ?FACTEVENT (OpenCalaisFactEventFn
"CompanyCompetitor"))

(extractedOpenCalaisAttribute (OpenCalaisAttributeFn  "companyl”
?C1) ?FACTEVENT)

(extractedOpenCalaisAttribute (OpencCalaisAttributeFn  "company?2"
?C2) ? FACTEVENT))

(and

(isa ?FACTEVENT BusinessEvent)
(isa ?C1 Business)

(isa ?C1 LegalCorporation)

(isa ?C2 Business)

(isa ?C2 LegalCorporation)

(actors ?FACTEVENT ?C1)

(actors ?FACTEVENT ?C2)
(competitors ?C1 ?C2))).

Company Cu stomer

In Mt: OpenCalaisFactExtractionMt.
Direction: :forward.

f: (implies
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(and

(extractedOpenCalaisFactEvent ?FACTEVENT (OpenCalaisFactEventFn
"CompanyCustomer"))

(extractedOpenCalaisAttribute (OpenCalaisAttributeFn
"company_provider" ?C1) ?FACT EVENT)

(extractedOpenCalaisAttribute (OpencCalaisAttributeFn
"organization_customer" ?0) ?FACTEVENT)))

(and

(isa ?FACTEVENT Buying)
(isa ?C1 Business)

(isa ?C1 LegalCorporation)
(isa ?0 Organization)
(actors ?FACTEVENT ?C1)
(acto rs ?FACTEVENT ?0)
(customers ?C1 ?0))).

Company Founded
In Mt: OpenCalaisFactExtractionMt.
Direction: :forward.
f: (implies
(and

(extractedOpenCalaisFactEvent ?FACTEVENT (OpenCalaisFactEventFn
"CompanyFounded"))

(extractedOpenCalaisAttribute (OpencCalaisAttributeFn "company" ?C)
?FACTEVENT)

(extractedOpenCalaisAttribute (OpencCalaisAttributeFn  "year" ?Y)
?FACTEVENT))

(and

(isa ?FACTEVENT Event)

(isa ?C Business)

(isa ?C LegalCorporation)

(foundingDate ?C (DateFromStringFn ? Y))
(actors ?FACTEVENT ?C ))).

Company Product
In Mt: OpenCalaisFactExtractionMt.
Direction: :forward.
f: (implies
(and

(extractedOpenCalaisFactEvent ?FACTEVENT (OpencCalaisFactEventFn
"CompanyProduct"))

(extractedOpenCalaisAttribute  (OpenCalai sAttributeFn "company" ?C)
?FACTEVENT)

(extractedOpenCalaisAttribute (OpenCalaisAttributeFn "product” ?PR)
?FACTEVENT))

(and
(isa ?C Business)
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(isa ?C LegalCorporation)
(isa ?PR ProductTypeByBrand)
(makesProductType ?C ?PR))).

Employment Relation
In Mt: OpenCalaisFactExtractionMt.
Direction: :forward.
f: (implies
(and

(extractedOpenCalaisFactEvent ?FACTEVENT (OpencCalaisFactEventFn
"EmploymentRelation"))

(extractedOpenCalaisAttribute (OpenCalaisAttributeFn
"person_employer" ?PE) ?FACTEVENT)

(extractedOpenCalaisAttribute (OpenCalaisAttributeFn
"person_employee" ?PEML) ?FACTEVENT))

(and

(isa ?PE Person)
(isa ?PEML Person)
(employer ?PEML ?PE))).

Person Career
In Mt: OpenCalaisFactExtractionMt.
Direction: :forward.
f: (implies
(and

(extractedOpenCalaisFactEvent ?FACTEVENT (OpenCalaisFactEventFn
"PersonCareer"))

(extractedOpenCalaisAttribute  (OpenCalaisAttributeFn "person” ?P)
?FACTEVENT)

(extractedOpenCalaisAttribute (OpencCalaisAttributeFn  "position”
?POS) ?FACTEVENT)

(extractedOpenCalaisAttribute  (OpenCalaisAttributeFn "company" ?C)
?FACTEVENT))

(and

(isa ?P Person)

(isa ?C Business)

(isa ?C LegalCorporation)

(isa ?POS PersonTypeByPositionInOrg)
(positionOfPersoninOrganization ?P ? C ?P0S))).

Product Release
In Mt: OpenCalaisFactExtractionMt.
Direction: :forward.
f: (implies
(and

(extractedOpenCalaisFactEvent ?FACTEVENT (OpencCalaisFactEventFn
"ProductRelease"))
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(extractedOpenCalaisAttribute  (OpencCalaisAttributeFn "product"” ?P)
?FACTEVENT)

(extractedOpenCalaisAttribute  (OpenCalaisAttributeFn "company" ?C)
?FACTEVENT)

(extractedOpenCalaisAttribute (OpencCalaisAttributeFn "datestring”
?D) ?FACTEVENT))

(and

(isa ?FACTEVENT Event)

(isa ?C Business)

(isa ?C Le galCorporation)

(isa ?P ProductTypeByBrand)

(makesProductType ?C ?P)

(performedBy ?FACTEVENT ?C)
(dateOfProductRelease ?P (DateFromStringFn ?D)))).
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Appendix 4: Example of Financial News Analysis

Appendix 4 containgin example of particular financial news analylisthe process of
financial information analysighe Cyc ontology is extended with relevant financial terms
occurring in news (for instance, suchEserging Market Furthermore, OpenCalais is
used for etity, event and fact extraction from text and Cyc is populated with new concept
and relation instances obtained from financial news. Appendix 4 also provides answers to
a possible query related to the information from the specified financial news.

News Content :

Oil sets new record near $121 a barrel: Financial News
Supply disruptions in Nigeria, where a strike and attacks by militants
has hit production, has supported a market that is nervous about any
threats to supply.
Tensions with Iran ratcheted hi gher when the world's fourth - biggest oil
producer refused to accept intrusive inspections of its nuclear program
that the West fears could be linked to weapons.
U.S. light crude for June delivery was up 7 cents at $120.04 a barrel,
by 7:55 a.m. EDT after earlier touching a record high of $120.93.
London Brent crude was up 33 cents at $118.32 a barrel, after an
earlier record of $119.07.
Gold was also strong, as oil's advance helped spur a rebound from a
four - month low last week. But gold is still some wa y below a record of
$1,030.80 an ounce reached on March 17.
"The downward move in oil last week now seems like only a correction,"
said Christopher Bellew, senior vice president at Bache Commaodities.
"The effect of the credit crisis in the United States is reducing
people's disposable incomes and you'd expect this to have an impact on
the oil price, but it's not having any impact."
Demand from emerging markets such as India and China is more than
compensating for the U.S. downturn, he said.
Goldman Sach s predicted oil could soar towards $150 -$200 a barrel
because of a lack of adequate supply growth.
"The possibility of $150 - $200 per barrel seems increasingly likely over
the next 6 - 24 months, though predicting the ultimate peak in oil prices
as well as t he remaining duration of the upcycle remains a major
uncertainty," the bank said.
The U.S. investment bank had predicted back in 2005 that oil was
entering a "super - spike" period.
Oil prices further into the future have also risen sharply, with prices
out to 2016 above $110 a barrel.
VULNERABLE
Oil has nearly doubled in the past year and is up by a quarter since
the start of 2008 partly due to the problems in Nigeria, plus weakness
in the U.S. dollar, which has boosted the price of commodities
denominat ed in the U.S. currency.
Last week, oil retreated almost $10 a barrel, partly due to a reduction
in speculative positions and as strikes affecting Nigeria and the North
Sea came to an end.

Exxon Mobil (NYSE:XOM - News) said on Tuesday it had returned oil
output in Nigeria to normal levels after an eight - day strike, but Shell
(LSE:RDSA.L - News) said its production there was still down by about

164,000 barrels a day due to recent militant attacks.
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"A lot of this is supply - driven, with the market very vuln erable to any
disruption in supplies,” said Mark Pervan, a senior commodities analyst
at the Australian & New Zealand Bank.

"We're seeing large oil - producing countries coming up as a question
mark," he said.
U.S. President George W. Bush is expected to t alk with officials from

Saudi Arabia about the effects of high fuel prices on the U.S. economy
on his trip to the world's top exporter later this month.
Bush has called on the Organization of the Petroleum Exporting

Countries to raise output to help bring down prices.

The U.S. dollar, whose decline in the past months has been driving

speculative  investments in  dollar - denominated crude and other
commodities, was weaker versus the euro on Tuesday on continued doubts

about the health of the U.S. economy desp ite upside surprises from

recent economic indicators.
Later in the week on Wednesday, traders will watch the weekly U.S.
government report on fuel inventories, which is expected to show a 1.8
million - barrel build in crude stocks, a 1.1 million - barrel rise in
distillate inventories and a 100,000 - barrel fall in gasoline stocks.
(Additional reporting by Baizhen Chua in Singapore; editing by James
Jukwey)
(1 row)

Example of Cyc extension with financial terms from news:

Clossary term occurred in news . Emeging market
Glossary term comment: Countries in the process of building market - based
economies are broadly referred to as emerging markets.

Related to Cyc Concepts:

Similarity: 0.15292962681763106 Market

Similarity: 0.14681682020166828 ProductPlannin gAndDevelopment
Similarity: 0.14625050469620562 Countr y

EmergingMarket is SUBCLASS of Market

OpencCalais Entities, Events and Facts Extracted:

Entities: Events & Facts:

Company: Company Ticker

Australian & New Zealand Bank Exxon Mobil Corporation, XOM, NYSE

Bache Commodities Limited The Shell Transport & Trading Company
Exxon Mobil Corporation Plc, RDSA.L, LSE

THE GCOLDMAN SACHS GROUP, INC.
The Shell Transport & Trading
Person Career:

Country: George W. Bush, President, United

China States, political, current

India Christopher Bellew, senior % ice
Iran president, Bache Commoditie s Limited,
Nigeria professional, current

Saudi Arabia Mark Pervan, senior commodities analyst,

Singapore Australian & New Zealand Bank,
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United States professional, current
Currency: Generic Relations:
cent it, oil, return
UsD George W. Bush, talk
oil producer, intrusive inspections of
Industry Term: its nuclear progr am, accept
bank We, large oll - producing countries, see
investment bank George W. Bush, the Organization of the
large oll - producing countries Petroleum Exporting Countries to raise
oil output, call on
oil last week oil, retreat
oil price oil, soar
oil prices THE GOLDMAN SACHS GROUP, INC., oail,
oil  producer predict
investment bank, predict
Natural Feature: oil, enter
North Sea large oi | - producing countries, come
Organization: Quotation:
Organization of Petroleum - Mark Pervan, We're seeing large olil -
Exporting Countries producing countries coming up as a
U.S. government question mark
George W. Bush, the Organization of the
Person: Petroleum Exporting Countries to raise
Christopher Bellew output to help bring down prices
George W. Bush
James Jukwey Christopher Bellew , senior vice
Mark Pervan president, Bache Commodities, The
downward move in oil last week now seems
Position: like only a correction.
oil producer Christopher Bellew, Demand from emerging
President markets such as India and China is more
senior commodities analyst than compensating for the U.S. downturn
senior vice president Mark Pervan, senior c ommodities analyst,
Australian & New Zealand Bank, A lot of
this is supply - driven, with the market
very vulnerable to any disruption in
supplies
Examples of  Cyc population by mapping entities, events and facts to Cyc

using OntoPlus:

ABache ConmmodLitmi tedod is | NSTANCE Bodines€y c

concept

AfBache Commodities Limitedo i s | NS&gepaddepdeatiomf Cyc

AUni ted Stia tEQWYIYALENTtoCyc concept Unit edStatesOfAmerica
Afcento is EQUI VALENT tQent€UynitedStates c e pt

Au.S. government 0 i s EQUI VALENT t o
#3$UnitedStatesFederalGovernment

i Mar k P e rissNSTANCE of Cyc concept Person

AChristopher Bellewd is | NSTARGEN of Cyc

Cyc

concept

iseni or vVice presidento i s EQUI VALENT

conc

0 |


http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c2733
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c6269
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SeniorVicePresident - Corpo rateOfficer

Christopher Bellew, senior vice president, Bache Commodities Limited,

professional, current A Cyc Assertion : (positionOfPersoninOrganization
ChristopherBellew BacheCommoditiesLimited SeniorVicePresident -
CorporateOfficer )

Possible  Query :

- Find corporate officers in Bache Commodities Limited
Answer:
ChristopherBellew
SeniorVicePresident - CorporateOfficer
Creation Time : after 0.009 seconds (at 17:27:20 today)
Steps to This Answer : 8
Justifications : [Full]
«# ( positionOfPersoninOrganization ChristopherBellew
BacheCommoditiesLimited SeniorVicePresident - CorporateOfficer ) in
OpenCalaisFactExtractionMt
@(isa genls TransitiveBinaryPredicate )in  UniversalVocabularyMt
“#(genls SeniorVicePresident - CorporateOfficer VicePresident -
CorporateOfficer )in  UniversalVocabularyMt
“#(genls VicePresident - CorporateOfficer Corpora teOfficer ) in
UniversalVocabularyMt
«# ( positionOfPersoninOrganization ChristopherBellew
BacheCommoditiesLimited SeniorVicePresident - CorporateOfficer ) in
OpenCalaisFactExtractionMt
@(isa genls TransitiveBinaryPredicate )in  UniversalVocabularyMt
#(genls SeniorVicePresident - CorporateOfficer VicePresident -
CorporateOfficer )in  UniversalVocabularyMt
#(genls VicePresident - CorporateOfficer CorporateOfficer ) in

UniversalVocabularyMt


http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c177976
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c177976
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c177976
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c200718
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c177976
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-inference-answer-full-justification&16801&0&0&0
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c11688
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c200718
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c200719
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c177976
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c200716
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c15888
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c0
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c4844
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c94062
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c0
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c177976
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c38593
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c38593
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c94062
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c0
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c38593
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c16986
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c94062
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c11688
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c200718
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c200719
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c177976
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c200716
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c15888
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c0
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c4844
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c94062
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c0
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c177976
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c38593
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c38593
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c94062
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c0
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c38593
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c16986
http://shodan.ijs.si:3602/cgi-bin/cyccgi/cg?cb-cf&c94062
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Appendix 5: Example of News Annotation with Cyc Tagger

Appendix 5shows howthe Cyc tagger (a toplwhich allows text annotation witie Cyc
ontology elements) is used for financial news taggi@ygc concepts are provided in
curves and start with A#$0 symbol s.

Oil ( #$0il ) sets (  #$PuttingSomethingSomewhere ) new ( #$NewArtifact )
record ( #3$Record - Extrem eValue #$PhonographRecord #$PhonographRecord -LP
#$Record ) near $ (  #$Dollar - UnitedStates )121 a barrel ( #$Barrel -
UnitOfVolume #$Barrel - Container ): Financial News ( #$News)
Supplydisruptions in Nigeria ( #$Nigeria ), where a strike and attacks
(#$Attack - Military  Operation ) by militants ( #$Militant ) has ( #$possesses )
hit ( #$ShootingAndHittingSomething #$HittingAnObject ) production
(#$Production - Generic ), has (#$possesses) supported
(#$SupportingSomething - TransferringPossession  #$CorroborationEvent ) a
market ( (#$Mar ketTypeByFocalProductTypeFn #$FinancialAsset)
#$GroceryStore #$ProductTypeByMarketCategory #$Market ) that is nervous

( (#$MediumToVeryHighAmountFn #$Nervousness) ) about any threats ( #$Threat
#$threatToTypePossiblyPresentinRegion #$sitTypePosesThreatToType

( #$SubcollectionOfWithRelationToTypeFn #$Collection
#$sitTypePosesThreatToType #$Collection) ) to supply ( #$GivingSomething
#$MakingSomethingAvailable ). Tension ( #$Tension #$Stress - Feeling ) with
Iran ( #$Iran ) ratcheted higher when the world ( #$PlanetEarth )'s fourth -
biggest oil ( #30il ) producer ( #$Producer - Movie #$Producer
#$ManufacturingOrganization ) refused ( #$Refusing - CommunicationAct ) to
accept intrusive inspections ( #$Inspecting ) of its nuclear program

( (#$ResearchingAndDevelopingFn #3$NuclearRelatedMateri al) ) that the West
fears ( #$Fear ) could be linked ( #$ConnectingTogether ) to weapons
(#$Weapon). U.S. (  #$UnitedStatesOfAmerica ) light crude ( #$Petroleum -
LightCrudeOil ) for June ( #$June ) delivery ( #$BirthEvent ) was up (#$Up -
Generally ) 7 cents ( #$Cent - UnitedS tates ) at % ( #$Dollar -
UnitedStates  )120.04 a barrel ( #$Barrel - UnitOfVolume #$Barrel - Container ),
by 7:55 am. EDT after earlier touching ( #$AffectingSomething
#$TouchingSomethingBriefly  #3$Touching - Handling - Management) a record
(#%Record - ExtremeValue #$Phonog raphRecord #$PhonographRecord -LP
#$Record ) high (  #$highAmountOf ) of $ (  #$Dollar - UnitedStates )120.93.
London ( (#$CityNamedFn "London" #$Ontario - CanadianProvince) ) Brent crude
(#$BrentCrudeQil )wasup (  #$Up- Generally ) 33 cents ( #$Cent - UnitedStates )
at $ ( #$Dollar - UnitedStates )118.32 a barrel ( #$Barrel - UnitOfVolume
#$Barrel - Container ), after an earlier record ( #$Record - ExtremeValue
#$PhonographRecord #$PhonographRecord -LP #$Record ) of $ ( #$Dollar -
UnitedStates  )119.07. Gold ( #$Gold - SubindustrySP ) was also strong
(#%$Strong ), as oil ( #3$0il )'s advance ( #$Improvement - Transformation )
helped ( #$HelpingAnAgent ) spur (  #$Spurring - PromotingSomething ) a rebound
(#$Rebounding ) from a four -month low last week ( #$CalendarWeek
#$WeeksDuration ). But gold ( #$Gold #$GoldColor ) is stil some way
(#$Path - Customary ) below a record ( #$Record - ExtremeValue
#$PhonographRecord #$PhonographRecord -LP #$Record ) of $ (  #$Dollar -
UnitedStates )1,030.80 an ounce ( #$Ounce  #$Ounce -Troy  #$Ounce -
UnitOfVolume ) reached (  #3$Reaching #$ArrivingAtAPlace )on March ( #$March )
17. "The downward move ( #$MovementEvent ) in oil ( #3$0il ) last week
(#$CalendarWeek #$WeeksDuration ) now ( #$Now- Indexical ) seems like only
(#%0nly - NLAttr ) a correction (#$Correction  )," said ( #$Informing
#$Speaking ) Christopher Bellew, senior vice president
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(#$SeniorVicePresident - CorporateOfficer ) at Bache Commodities
(#$CommodityProduct ). "The effect (#$eventOutcomes
(#$SubcollectionOfWithRelationFromTypeFn  #3$Situation  #$%eventOutcomes

#$Event) ) of the credit ( #$CreditAccount ) crisis ( #$Crisis ) in the
United States ( #$UnitedStatesOfAmerica ) is reducing (#$DecreaseAction
#$ReducingALiquid #$WeightLosingProcess #$DecreaseEvent ) people
(#$Person )'s disposable income ( #$approximatePay #$income
(#$SubcollectionOfWithRelationFromTypeFn #$MonetaryRate #%income
#$SocialBeing) ) and you'd expect ( (#$HavingPropositionalAttitudeFn
#$expects) ) this to have ( #$possesses ) an impact ( #$Colliding ) on the
oil ( #30il ) price ( #$basicPrice #S$totalCharge #$cost
(#$SubcollectionOfwithRelationFromTypeFn  #$MonetaryValue #$basicPrice
#$TemporalThing) (#$SubcollectionOfWithRelationFromTypeFn
#$MonetaryValue #S$totalCharge #$TemporalThing)
(#$SubcollectionOfWithRelationFromTypeFn #$MonetaryValue #$cost
#$TemporalThing)), but it's not having ( #$possesses ) any impact
(#$Collidi  ng)." Demand ( #$Need- SystemCondition #$Demanding -
CommunicationAct ) from emerging ( #$TransferOut ) markets
( (#$MarketTypeByFocalProductTypeFn  #$FinancialAsset ) #$GroceryStore
#$ProductTypeByMarketCategory #$Market ) such as India ( #$India ) and
China ( #%China - PeoplesRepublic ) is more than compensating

( #$MakingReparationsForSomething ) for the U.S. ( #$UnitedStatesOfAmerica )
downturn ( #$Downturn ), he said ( #3$Informing #$Speaking ). Goldman Sachs
(#$GoldmanSachsGroup ) predicted ( #$MakingAPrediction ) oil ( #30il ) cou Id
soar ( #%Gliding ) towards $ ( #$Dollar - UnitedStates )150 -$ ( #$Dollar -
UnitedStates )200 a barrel ( #$Barrel - UnitOfVolume #$Barrel - Container )
because of a lack ( #3$Deficiency ) of adequate supply

( (#$MakingAvailableFn  #$Provisions)  #$Supplies ) growth (  #$Tumor
#$GrowthEvent ). "The possibility of $ ( #$Dollar - UnitedStates  )150 - $
(#$Dollar - UnitedStates  )200 per barrel ( #$Barrel - UnitOfVolume #$Barrel -
Container ) seems increasingly likely over the next 6 -24 months
(#$CalendarMonth ), though predicting ( #$MakingAPrediction ) the ultimate
peak ( #$Mountain ) in oil ( #30il ) prices ( #%basicPrice #$totalCharge
#$cost (#$SubcollectionOfWithRelationFromTypeFn #$MonetaryValue
#3$basicPrice #$TemporalThing) (#$SubcollectionOfWithRelationFromTypeFn
#$MonetaryValue #$totalCharge #$Tempora [Thing)
(#$SubcollectionOfWithRelationFromTypeFn #$MonetaryValue #$cost
#$TemporalThing) ) as well as the remaining duration ( #$Time - Quantity ) of
the upcycle remains a major uncertainty,” the bank ( #$Bank -
Topographical ) said ( #S$Informing #$Speaking ). The u. S
(#3$UnitedStatesOfAmerica ) investment bank ( #$InvestmentBank ) had
(#$possesses ) predicted ( #$MakingAPrediction ) back in 2005 that oil

(#%0il ) was entering ( #$Transferin ) a  "super -spike"  period
(#$Timelnterval ). Qil ( #30il ) prices ( #3$basicPrice #$totalCha rge #$cost
(#$SubcollectionOfWithRelationFromTypeFn  #$MonetaryValue #3$basicPrice
#$TemporalThing) (#$SubcollectionOfWithRelationFromTypeFn
#$MonetaryValue #3$totalCharge #$TemporalThing)
(#$SubcollectionOfWithRelationFromTypeFn #$MonetaryValue #$cost
#$TemporalThing) ) further into the future ( #$TheFuture - Generic ) have
(#$possesses ) also risen ( #$AscendingEvent #$IncreaseEvent
#$GettingUpFromBedAfterSleeping ) sharply ( #$SharpEdged ), with prices
(#$basicPrice #S$totalCharge #$cost
(#$SubcollectionOfWithRelation FromTypeFn #$MonetaryValue #$basicPrice
#$TemporalThing) (#$SubcollectionOfWithRelationFromTypeFn
#$MonetaryValue #$totalCharge #$TemporalThing)
(#$SubcollectionOfWithRelationFromTypeFn #$MonetaryValue #$cost
#$TemporalThing) ) out to 2016 above $ ( #$Dollar - UnitedStates )110 a
barrel ( #%$Barrel - UnitOfVolume #$Barrel - Container ). VULNERABLE
(#$VulnerableThing ) Oil (  #3$LubricatingSomething ) has ( #$possesses )
nearly double ( #$PairFn ) in the past ( #$ThePast - Generic ) year
(#$YearsDuration #$CalendarYear ) and is up ( #3Up- Generally ) by a quarter
(#%$CalendarQuarter ) since the start ( #$startingPoint
(#$SubcollectionOfwithRelationFromTypeFn  #$TimePoint  #$startingPoint
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#$TemporalThing) ) of 2008 partly due to the problems

( #$PhysiologicalCondition ) in Nigeria ( #$Nigeria ), pl us weakness
(#$Weak) in the U.S. ( #$UnitedStatesOfAmerica ) dollar ( #$Dollar -
UnitedStates ), which has ( #Ppossesses ) boosted (  #$PromotingSomething )
the price ( #3$basicPrice #$totalCharge #$cost
(#$SubcollectionOfWithRelationFromTypeFn  #$MonetaryValue #$basicP rice
#$TemporalThing) (#$SubcollectionOfWithRelationFromTypeFn
#$MonetaryValue #$totalCharge #$TemporalThing)
(#$SubcollectionOfWithRelationFromTypeFn #$MonetaryValue #3$cost
#$TemporalThing) ) of commodities ( #$CommodityProduct ) denominated
(#$NamingSomethi ng) in the U.S. ( #3UnitedStatesOfAmerica ) currency

(#$Currency #3UnitOfMoney ). Last week ( #$CalendarWeek #$WeeksDuration ),
oil ( #$0Oil ) retreated ( #$RetreatingFromAnArea ) almost $ ( #$Dollar -

UnitedStates )10 a barrel ( #$Barrel - UnitOfVolume #$Barrel - Container ),
party due to a reduction ( (#$SubcollectionOfWithRelationFromFn
#$LiquidTangibleThing #$outputsCreated #$ReducingALiquid) ) in
speculative  positions  ( #$PositionVector  #$PersonTypeByPositionInOrg
#$AnimalTypeByPosture  #$PersonTypeBySocialFeature ) and as st rikes
( #$HittingAnObject ) affecting ( #$ActionOnObject ) Nigeria ( #$Nigeria ) and
the North Sea ( #$NorthSea ) came to ( #$ComingTo - BodilyFunctionEvent ) an
end ( #%endingPoint #$EndOfCordlikeObject #$EndingScene
(#$SubcollectionOfWithRelationFromTypeFn #$TimePoin t #$endingPoint

#$TemporalThing) ). Exxon (  #$ExxonCorporation ) Mobil (  #$MobilCorporation )
(NYSE ( #$NyseKSTemplateMt #8NyseKSMt #$NewYorkStockExchange ):XOM - News
(#$News)) said ( #$Informing #$Speaking ) on Tuesday ( #$Tuesday ) it had
(#$possesses ) returned  ( #$ReplyingToAQuestion  #$ReturningSomething
#$ReelectionForOffice ) oil ( #3$0Il ) output ( #$outputsRemaining
#%outputsCreated  #$%outputs  (#$SubcollectionOfWithRelationFromTypeFn
#$SomethingExisting #$outputs #$CreationOrDestructionEvent)
(#$SubcollectionOfWithRe lationFromTypeFn #$SomethingExisting
#$outputsCreated #$CreationEvent)
(#$SubcollectionOfWithRelationFromTypeFn #$PartiallyTangible
#$outputsRemaining #$PhysicalTransformationEvent) ) in Nigeria
(#$Nigeria ) to normal ( #$Normal - Usual ) levels ( #$LevelOfAConst ruction )
after an eight - day strike, but Shell ( #$ShellOilCompany #$ShellProgram )
(LSE ( #%$LondonStockExchange  (#$InstanceWithRelationToFn  #$Airport -
Physical #$airportHaslATACode "LSE") ):RDSA.L - News ( #$News)) said
(#$Informing #$Speaking ) its production ( #3$Production - Generic ) there was
still down ( #$Down- Generally ) by about 164,000 barrels ( #%$Barrel
UnitOfVolume #$Barrel -Container ) a day ( #$DaytimeHours #$CalendarDay )
due to recent militant attacks ( #$Attack - MilitaryOperation ). "A lot
(#$LotOfLand )  of  this is supply -driven, with the market

( (#$MarketTypeByFocalProductTypeFn  #$FinancialAsset)  #3$GroceryStore
#$ProductTypeByMarketCategory #$Market ) very vulnerable
(#$VulnerableThing ) to any disruption ( #$DisruptionEvent ) in supplies
(#$Supplies )," said ( #$Info rming #$Speaking ) Mark (  #$Mark - TheProgram )
Pervan, a senior commodities ( #$CommodityProduct ) analyst ( #$Analyst ) at
the Australian ( #$TheAustralian - Newspaper ) & New Zealand ( #$NewZealand )
Bank ( #%$Bank - Topographical ). "We're seeing ( #$VisualPerception ) larg e
oil - producing countries ( #$Country ) coming ( #$Emission ) up as a question
mark ( #$QuestionMark - TheSymbol )," he said ( #$Informing #$Speaking ). U.S.
President (  #3$UnitedStatesPresident ) George W ( #$GeorgeWBush). Bush
(#$Bush - MusicGroup ) is  expected  (( #$Havin gPropositionalAttitudeFn
#$expects) ) to talk ( #$Talking ) with officials
(#$OrganizationRepresentative ~ #$PublicOfficial ) from Saudi Arabia
(#$SaudiArabia ) about the effects ( #$eventOutcomes
(#$SubcollectionOfWithRelationFromTypeFn  #$Situation  #$eventOutcome S
#$Event) ) of high ( #$highAmountOf ) fuel (  #$CombustibleFuelSubstance )
prices ( #$basicPrice #$totalCharge #$cost
(#$SubcollectionOfWithRelationFromTypeFn  #$MonetaryValue #$basicPrice
#$TemporalThing) (#$SubcollectionOfWithRelationFromTypeFn
#$MonetaryValue #S$totalCharge #$TemporalThing)
(#$SubcollectionOfwithRelationFromTypeFn #$MonetaryValue #$cost
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#$TemporalThing) ) on the U.S. ( #$UnitedStatesOfAmerica ) economy
(#$EconomicSystem ) on his trip ( #$Travel - TripEvent ) to the world
(#$PlanetEarth )'s top exporter (#$exports
(#$SubcollectionOfWithRelationToTypeFn  #$GeopoliticalEntity ~ #$exports
#3$FirstOrderCollection) ) later this month ( #$CalendarMonth ). Bush
(#$Bush - MusicGroup ) has ( #$possesses ) called on the Organization
(#$Organization ) of the Petroleum ( #$Petrole um CrudeOil ) Exporting
( #$ImportExportEvent ) Countries ( #$Country ) to raise ( #$LiftingAnObject
#$RaisingLivingThings  #$Resurrection ) output ( #$outputsRemaining
#$outputsCreated  #$Soutputs  (#$SubcollectionOfWithRelationFromTypeFn
#$SomethingExisting #$output s #$CreationOrDestructionEvent)
(#$SubcollectionOfWithRelationFromTypeFn #$SomethingExisting
#$outputsCreated #$CreationEvent)
(#$SubcollectionOfWithRelationFromTypeFn #$PartiallyTangible
#$outputsRemaining #$PhysicalTransformationEvent) ) to help
(#$Helpin gAnAgent ) bring ( #$Conveying - Generic ) down prices ( #$basicPrice
#S$totalCharge #$cost (#$SubcollectionOfWithRelationFromTypeFn
#$MonetaryValue #$basicPrice #$TemporalThing)
(#$SubcollectionOfWithRelationFromTypeFn #$MonetaryValue #$totalCharge
#$TemporalThi ng) ( #$SubcollectionOfWithRelationFromTypeFn
#$MonetaryValue #3$cost #$TemporalThing) ). The u.s.

(#3$UnitedStatesOfAmerica ) dollar ( #$Dollar - UnitedStates ), whose decline

in the past ( #$ThePast - Generic ) months ( #$CalendarMonth ) has
(#3$possesses ) been driving (#$RelentlesslyCoercingAnAgent
#$DrivingAGolfBall #$TransportinvolvingADriver ) speculative investments
(#$InvestmentVehicle ) in dollar - denominated crude and other commodities
(#$CommodityProduct ), was weaker versus the euro ( #$Euro ) on Tuesday
(#$Tuesday ) on continued ( #$Continuation ) doubt (  #$Doubt ) about the
health of the U.S. ( #$UnitedStatesOfAmerica ) economy ( #$EconomicSystem )
despite upside surprise ( #$Surprise ) from recent economic indicators
(#$EconomicindexPredicate ). Later in the week ( #$CalendarWe ek
#$WeeksDuration ) on Wednesday ( #$Wednesday), traders ( #$Trader ) will
watch ( #$WatchingSomething ) the weekly ( #$Weekly ) U.S. government

( #$UnitedStatesFederalGovernment ) report ( #$WrittenReportOnSituation
#$WrittenReportOnSituation -CW on fuel ( #$Combust ibleFuelSubstance )
inventories, which is expected ( (#$HavingPropositionalAttitudeFn
#$expects) ) to show ( #$DisplayingSomething ) a 1.8 million - barrel build
(#$AnimalTypeByPhysicalBuild ) in crude stocks ( #$Stock
#$BiologicalSubspecies  #$Stock -GunPart  #$Stock TypeByBusinessAndClass
(#$UnitOfCountFn #$Stock) ), a 1.1 million - barrel rise in distillate
inventories and a 100,000 - barrel fall ( #$FallingEvent ) in gasoline
(#$GasolineFuel ) stocks ( #$Stock #$BiologicalSubspecies #$Stock - GunPart
#$StockTypeByBusinessAndCl  ass  (#$UnitOfCountFn  #$Stock) ). (Additional
reporting ( #$RegisteringAComplaint #$Reporting ) by Baizhen Chua in
Singapore ( #3$Singapore #3$CityOfSingapore );  editing (#$TextEditing

#SEditingOfCW ) by James (  #$James- MusicGroup ) Jukwey) (1  row
(#$RowOfObjects #$D isputeEvent )
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