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Abstract

An Ontology can be defad as dormal representation of a set of concepithin adomainand
the relationships between those conceptse developmenbf the semantic welinitiative is
rapidly increagng the number of publicly available ontologies. In such a distribetedronment,
complex applications often ad to handle multiple ontologigas order to provide adequate
domain coverage.

Surprisingly, there is a lack of an adequate frameviarienablingthe use ofnultiple ontologies
transparentlywhile abstracting the particulaontological structures used by that framework.
Given that anyontologyrepresents the views of its authorauthors, using multiple ontologies
requires us to deal with several significant challenges, some stemming from the méture
knowledgeitself, such as cas of polysemyor homography and some stemming from the
structureghat we choose to represent such knowlegligfe.

The focus of this thesis is to explore a set of techniques that woill @i to overcome some of

the challengefound when using multiple ontolags thus making progress in the creation of a

functional information access platform for structured sources. In this thesis we try to address the
guestion AHow do we integrate and use inforn
ontologie® dhis quesbn is becoming crucial as the world gets more connected. As the amount

of information grows, so does the amount of resources that encode domain knowledge in different
forms. At the same time, as we deal with problems that span a large number of damchias, s

search, question answering and semantic analysis, theforeedncurrent access toultiple
ontologiesbecomes ever more satident.

We modelour approacton the general framework proposed in Federated Search and transpose
the set of problems to the ontologicdbmain.We start by illustratinghte variety of available
ontologiesand focusing on automatic ontology creation. ¥eceed tadescribethe use of pre

active ontology selection to guide tloatology selectionprocess at the query levalVe then
propose a set of opmorsfor ontological searcltentered on the udsrinformation needs and
expand the basioperatorsetthrough composition of basic operatovée address the problem of
graph merging within Ontology Search and propose a scoring metric for resulis tiaséd in

the proposed operator set

Finally, we present results of usirthe FederatedOntology Search(FOS)enginein a setof task
based evaluatian Our task set is comprised tfpe checkingor question answeringconcept
coverage, concept disambiguation and content recommendsiiershow that in all of the
evaluatedasksthe FOS systerautperformghe use ofndividual ontologies.
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1. Introduction

In everyday life we use structured and sstnictured information collection$hey play

a fundamental role in providing information thva¢ can use to fulfill daily tasks such as
purchasing decisionspap routes and voting decisionéet, when it comes to computer
applications that use structurebmain information, most applications usanly one
information sourcethus limiting themsel& severely inthe breadth and amount of
supporting information used within the goal of that applicafidre main reason for this
is the lack of a transparent and efficient way to access, process and utilize a set of
structured domain information sourc€ven that ay encoded representationdgmain
knowledge represents the views of its authaudhors, using multiple sources requise

to deal with several significant challenges, some stemmingmfrthe nature of
information itself, such as polysemydastructural ambiguity, and some stemming from
the structures that we choose to represent the collective data, such as graph merging.

The focus of this thesis is to explore a set of techniques that will allow us to overcome
some of these cHanges, thusmaking progress inthe creation of a functional
information access platform for structured sources. Inttil@siswe try to addresshe
guestion fiHow do we integrate and wuse info

resources that moddbmainknowle d g e ? 0

This question is bexning crucial as the world gets more connected. As the amount of
information grows, so does the amount of resources that enlcodain knowledgen

different forms. At the same time, a®& deal with problems that span a largenber of
domains, such as search, question answering and semantic analysis, the need to use
domain knowledge becomes ever more-gelflent. The problem is that, unlike the
expert sy st emmch foocused onhaesmall Auinber of domains, the current

problems require a global solution to the domain knowledge access problem.

Within computer science, the resources that encode world and domain knowledge are

called taxonomies, dictionaries, knowledge bases, expert systems or more generally



Ontologies. Eaclmame represents a slight variation on the properties of the domain
resource, but as usual, the number of definitions far outhnumbers the things being defined.
As a first stepowards a general approach we consider tlimseain resource® be a

type of onblogy, which we now define.

Despite severalefinitions (Guarino 1998)an Ontology can be defined as a model that
represents a domain and is used to reason about objects in that domain and the relations
between them. It is usually composed of concepts, oeltbetween those concepts,
concept properties and instances. Within the scope of this work we consider taxonomies,
semantic netgQuillian 1967)and lexical resources such as Word(idiller 1995) as
ontologies. The use of ontologies is now widespread in areas as diverse as biomedical

research, information extraction and knowledge engineering and management.

For the purposes of our research, an ontology can be as simple as a seeatawatik
(Quillian 1967) where no distinction is made between concepts andnioss$, and the

only relation possible is of the-a type, or as complex as CY({Cenat 1995)with a clear
distinction between concepts and instances, where multiple inheritance is allowed and
there is an extremelyah set of possible relationkh order to accommodate the breadth

of representational possibilities we redtice representation to the general form of graph,
where the nodes represent concepts and the edges represent relations, making no
assumption as to the limit of what relations can exist. This casts the majority of the
addressed probleas agraph approacproblem addressing ontology merging as a form

of graph merging.

In the last decades the number of available ontologies roasmgonsiderably. Several
proprietary and opedomainontological resourcesuch asCYC (Lenat 1995) SUMO
(Niles and Pease 20QX)mega(Philpot, Fleischman et al. 2003%cone(Fahiman 200h
ThoughtTreasurgMueller 1997) Wordnet (Miller 1995), VerbNet (Schuler 2003)
Framene(Baker, Fillmore et al. 998) and Prpbank(Kingsbury and Palmer 200Bave
become available. Swoog{Bing, Finin et al. 2004has now indexed more than 10 000

ontologies. These resources offer the promise of easdgssible operdomain



ontological information but theexigence of such diverse ontologies raises the issue of
information merging and reusA. comparison of the ontologies reveals both redundant
and complementary coverage, kibe variety of frameworks and languagessed for
ontology development makes it a clealje to merge query results from different
ontologies The number of available languages for ontological knowledge engineering
such as RDF, OWL, DAML+OIL and CYCLcombined with the existencef

independent interfaces aggravates the issue

The problem isot just seen in general domains, where one would expect the knowledge
to be more readily available, but also in more specific domains such as the medical
domain.In the medicaldomain the number afntologies haslsogrown considerably.
Theseontologiesenable the use of previous medical knowledge in a structured way
Applications of medical ontologies include:ome effective search of patient recqrds
hospital quality improvement programsgifs)automatic ICB9 coding for insurance
reimbursement, prelimary symptorrbased dhgnosis ambiguity reduction when
choosing medical testsand tassification of diseases, symptoms, and other medical
concepts. For example, when trying to answer whether a patient was pregjiial

(for hospital quality improvenrmd measures), one needs to consider similar terms (such as
Ecotrin, Bayer pain relieveretc). Also, when performing (semi)automatic patient4€D
coding, it is useful to map conditions that can be described in various HWegd Attack

can be also stateds AMI or Ml or Myocardial Infarctionor simply Infarction). For
preliminary diagnosis at the point of care, ontologies can help by quickly returning
diseases that have a given set of symptoms (instances of symptoms and diseases are
conceptsrelatedbyegh isympt om of 0 rel ati onship)

As an effort to solve some of the problems mentioned previously, sgvepaietary and
public ontological resources, either in the form of the ontology data or as a public web
service,such as MESHLipscomb 2000)and SNOMED(Spackman, Campbell et al.
1997) have become availabl&JMLS (Bodenreider and Journalsy a resource that
combines a number of other resourcssyapidly becoming a de facto standard for

medical ontologies, containing more than 100 dictionai@er medical ontologies



include: RadLex (Radiology Information ResoujceOMIM (Online Mendelian
Inheritance in Ma)) MEDCIN (medical terminology) LOINC (Logical Observation
Identifiers Names and Codem)d ICD-9/ICD-10 Codes

The existence of the integration problems across both general and specific domains
suggest an urgent need for frameworks and techniques that faltothe effective
integration of theinformation contained in the different sources that pertain to these
domains.The necessity of using more that ontology can be illustrated by practical
scenarios such as Question Answering, Content Recommendation and Sentiment
Analysis. In all of the opedoman problems, it is unlikely that one single ontology will

provide the required coverage for concept understandingantdntcorrelation.

In Question answering, there is the need to verify that potential answers are of the
expected answer type. For exdme , given the question Awhat
are expecting a city to be the answer. Thus every candidate answer should at least be of
the type city. While it is possible to have one ontology that covers all the cities in the
world, that is butone single type of question, if we take multiple type of questions we
quickly realize that in order to adequate type check potential answers we will need to

combine several ontologies.

In content recommendation, we need to first identify the concegttsdlate to both the
content that we will base our recommendation as well as the content that we might
recommend. Again in this scenario in order to correctly identify the concepts of interest,
as well as correlate them across content, we will most lilegjyire the use of several
ontologies. By and largehé inexistence of general purpose framework significantly

hampers the development of solutions that rely on these ontologies.

Currently, the main approaches to a solution for these problems focustaogy
integration, by creating a mapping between the concepts and relations of different
ontologies. Some cases, such éme Semantic Webroject(BemersLee, Hendler et al.

2001) primarily rely on merging two ontologies by establishing a full mapping between



them Some efforts have tried to produeemerged ontolgy automaticallyusing a
bottomup approachsuch as F&-Merge (Stumme and Maedche 200Xhost involve
some degree of sermupervised mapping. Other approacheshsag the one taken by
CYC, try to absorb other ontologies into a singfein ontology while maintaining
coherence(Reed and Lenat 2002)0ne dsadvantage of these approaches is the
prohibitive cost of producing a mapping or absorbing an ontology, given their increasing
scale and rate of availability. Another disadvantage is that ot alvays possible to
establish a onto-one mapping betweethe concepts and relans in one ontology and
the concepts and relations amother Furthermore, there is the problem of keeping the
mappings updatecs the original ontologies evolve. A large number of available
ontologiesare considered woskn progiess andareupdated frequently, whicimpliesa
constant updating anymappings associated with those resources.

The aforementionedpproacks have several drawbacks, atiscussedn (Klein 2001,
Serafini and Tamilin 2005kuch as (i) noscdability, (ii) loss oflanguage and reasoning
specificity of distinct ontologies,(iii) loss of privacy and autonomy of ontological
knowledge(iv) language level mismatches such as syntax mismatches, differences in
logical representation and different semantic primitives and (v) Ontology level
mismatches, such as fdifence in scope, coverage and granulantgking this challenge

thus far too daunting in practicA.second approach is to query more than one ontology
via different interfaces, and interpret the results of each ontology individually, essentially

movingthe entire challenge from the ontology provider to the application builder.

We propose tobuild an ontological middleware levethich supports retrieval and
merging ofsmall fragments of ontologsewhich permitais ta
1 Query multiple ontologies and themerge the query results from multiple
knowledge base systems, much like Federated Search in information réieval
and Callan 2005)



1 Follow ontological chais and inferences across ontologies, using partial query
results from one ontology to query another. This is a more complex version of

crossdatabase joins, where the data schemas are sufficiently compatible.

The majority ofapplications that use ontg@al information would benefit from an
approach that models the information need, queries the relevant ontologies and retrieves
the best result while providing a single unified interface to the client applicéitiom.

look to other domains for inspirath on how to proceed, we can find a similar problem in

the field of Federated SeardCallan 2000; Fryer 2004)nformaton Retrieval is usually

based on a single database model of text retrieval. tButope with proprietary
information spread around the world separate databasedistributed information
retrieval explicitly models multiple databases for text retriekakh database is queried
independently, the results are merged when possible and a new global ranking is
established.

In the same fashion, we can model our ontologies as individual sources, construct a query
that describes the information need, query eaiology independently and mergbet

results into one ranked list.

Using Federated Ontology Search we can parallelize query executionregplecting
the structure of the individual ontologies, taking advantage of both redundant and
complementary knowtlge in the available ontologies to improve the eoall

performance of the system.

Thehypothesis governing this thesisass follows; by using a federated approachhwpe

to be abldo overcomehe problem of ontology integration and retisat preventhe use

of multiple ontologies within open domain applicatiodis thesis will defend and
explain the advantages of incorporating the set of available ontologies using a federated
approach and decompose the problem into four sub problems, namely: Resource
selection, Query Execution, Result Merging and Ranking.



1.1. Motivating Example

Although there are many applicable areas for this research, type checking in the factoid
QA domain is suitable to prove the utility of our approach. The advantages of this are
threefold. First, the application of this research in factoid QA can be well defined and the

ontological operations involved are conceptually clear but yet not trivial. Second, the

training and test data created for the TREC QA evaluafidasrhees 2003)consisting

of corpora, question sets and answerskpyovide the required evaluation material.

1.1.1. Question Answering

In Question Answering, the goal is to take a question in natural language and provide an
answer also in natural language. In the JAVELIN | question answering sfistdrarg,
Mitamura et al 2003)a set of modules is used, specifically the Question Analyzer (QA
modulg module, which analyzes the question; the Retrieval Strategist (RS) modules,
which retrieves the relevant documents; the Information Extractor (1X) module, which
analyzes thelocuments retrieved by the RS and provides candidate answers; and finally
the Answer Generator (AG) module which analyzes the candidate answers and generates
a final ranked list of answers. Ontological information is typically used within JAVELIN

to deternne the relation between the expected answer type and the candidate answers or
to provide answer verification, if the answer can be found directly in an available

ontological resourcé&o, Hiyakumoto et al. 2006)

1.1.2. Example 1

For this example | etds assume t hestribede have
in Tablel.

Ontology

CcYc




Wordnet

U.S. Gazetteer|

Table 1 - Available Ontologies for example 1

Let 6s consi dMatisthdlargest citgis Germamy?

Part of the QA modul eds r espaeredetermhea, t i es
amongst other things, the type of answer we are expecting and the constraints on that
answer. In this case the QA module determined that the type of andaeation with

an additional constraint that the answer must logtya Table 2 shows a partial output

from the QA andlrable3s hows Javelinds output
Question What is the largest city in Germany
Answer Type location

Subtype Constraint| city

Table 27 Output of the Question Analyzer. We can see the constraints

expected in the answer.

AG output

Rank | Answer Judgment
1 Italy Not a City
2 Berlin (Correct) | Correct

3 Horten Incorrect
4 Norway Not a City
5 South Africa Not a City
6 Dusseldorf Incorrect
7 Spain Not a City
8 Moscow Incorrect
9 France Not a City




10 Swiss Not a City
11 London Incorrect
12 Oslo Incorrect
13 Cologne Incorrect
14 Pretoria Incorrect

Table 31 Output of the Answer Generator

As we can see the correct answer is ranked secontiefuidre, the first ranked answer,
as well as several others, violatbe constraints set by the QA module because it is not a
city. We need a way to enforce those constraints on theidesdaedanswers. One
possibility is to use ontological knowledge to verify these constraints, but tlisge®QA

is an open domain argane single ontology most likely will not not provide adequate

coverage for the type of interest

Consider an example wdfi illustrates the federated ontology search approach. The main
idea in this case is that we would submit each of the candidate answers along with the

answer type constraints for verification.

| will show the procedure for the first two answers in thekeanset. The rest of the

answers would proceed in similar fashion.
Constraints city, location
a) Answerl :ltaly

a. The available ontologies are queried regarding if there is any relation
between Italy and city

relation(taly,[city, location)?

Wordnet uU.S.

Gazetteer



b. The results aredallected. Each result contains a confidence of the

correctness of the result as well as a source confidence

>
T A
Wordnet CcYC

u.S.
Gazetteer

______________________

Confidence(R) = x Confidence(R) =y Confidence(R) =z

L

[ Merging and Ranking ]

c. Merge and rank the results. When two results are merged, their

confidence is boosted



Confidence(R) = x Confidence(R) = y Confidence(R) = z

~

Confidence(Ry) = xy

d. Finally a ranked list is produced by the server and the highest ranking

answer is that Italy is a country rather than a city.

Rank Result

1 Confidence(Ry) = f(x,y)

11



Where the confidence &% is given by a functioithat combines andy.

also, since the ranking msed on the confidendéx,y) > z

12



b) Answer 2:Berlin

a. Step a would be the same as before

b. The results are collected. Each result contains a confidence of the

correctness of the result as well as a source confidence

I —— u.s
CyC Gazetteer

&
&

______________________

Confidence(R) = x Confidence(R) =y Confidence(R) =z

|

[ Merging and Ranking ]

c. Merge and rank the results. When two results are merged, their

confidence is boosted.



&

" “Confidence(®@=x Confidence(®@=y | Confidence® =z
\ . /

&

Confidence(Ry) = xyz

d. Finally a ranked list is produced by the server shows Berlin as the only

answer

Rank Result
1 Confidence(Ry3) = xyz

g

After applying this procedure to dhe answerslTable4 shows the final ranked list of

answers. We can see thla¢ correct answer is now on ranked first

AG output
Previous Rank | New Rank | Answer Judgment
2 1 Berlin (Correct) | Correct
3 2 Horten Incorrect

14



6 3 Dusseldorf Incorrect
8 4 Moscow Incorrect
11 5 London Incorrect
12 6 Oslo Incorrect
13 7 Cologne Incorrect
14 8 Pretoria Incorrect

Table 41 Output of the Answer Generator

1.2. Basic Definitions

1.2.1. Ontologies and Graphs

Although there is no consensual definition aftology a good start comes from G.
Stumme and A. Maedche (Stumme and Maedche, 2001). The authors claim that most
ontologies share a few common items such as

1 Concepts, a hierarchickd-A typerelation anl further relations.

1 Some ontologies have constraints, functions or axioms

A basic ontology definition could given by a tuple=Q(C; is & R), where C is a set
whose elements are called concesa establishes a partial order on C and R is a set

whoseelements are called relation names. An example is given below.

is a

A 4

vertebrate

hyponym

synonym

Figure 1 - an example of a basic ontology
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A graph definition could be given by G = (V,E) where V is the set of vertices and E is

the £t of edges. An example is given below.

Figure 2 - A graph structure

Given the two definitions one can see that grappsesenthe basic structure of

ontologies very well. Vertices are consideredaapts, Labeled edges as relations.

Query is a request for information from the set of existing ontologies. It is comprised of
operators, as defined in secti®2.1

Resultis the rooted directed acyclic grafRDAG) that results from executing a query.

1.3. Challenges to be addressed

In creating a federated approach to ontology querying, several challenges must be

addressed and will shape the solutions we will develop.

Federated Search identifies thkesy area®f research for a problem solution. We will

show that the same problems apply in the area of Federated Ontology Search:

Resource selectionfocuses on the problem of selecting the correct ontologies from
within the available ontology set. In order to isase efficiency and reduce ambiguity,
the selected ontology set will provide the range of possible answers to the query as well

as corroborating evidence for the answers provided.
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Query Execution will focus the actual querying mechanism and the set ofatipes
required to provide a query language that is both powerful and fine grained enough to

provide the desired functionality.

Result merging and scoringwill focus on the challenges of taking each individual result
and merging the results that corrodter each other. This is one of the central topics
addressed by this thesis. Scoring refersanking the results in terms of the amount of

information they are providing and the relevance of that information.

1.4. Summary of contributions

The main contributios of this thesis are

A framework to incorporate, query and locally merge the knowledg#ained in a set
of ontologies. This framework addresses the issues of ontology selection, ontology

querying and result merging and scoring.

A systemtha implemerts the proposed ideas, creating a platform available for research
that incorporates a number of available resources with a unique and transparent interface,

running as a web service.

An evaluation of this system tdwo different problem areas, namely tygeecking and
content recommendation. Thevaluation will follow a taslbased evaluation

methodology.
A test set that can be used by other apaches to evaluate and developther the

methodologies proposed in this researthis test set will be madeuplic and will

contain labeled data as well as the results obtained in this thesis, as an improved baseline.
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1.5. Evaluation of results

Given the subjective nature of ontology evaluation we will demonstrate the results of this
thesis using a &k based evaluiain where we will compare using the proposed federated
approach versus a baseline of the individual ontologies, when used separately. We will do
so within two different tasks, Type Checking within question answering and Content
Recommendation. Content Resmendation is in tur composed of several sub tasks,
specifically; String Coverage where we measure the coverage provided by the
Federated ApproachConcept CeDisambiguation, where we measure the ability to
disambiguate concepts using the Federated Ampro and finally Concept Set
Matching, where we measure the ability to match sets of concepts using the federated
approachThese taskwiill allows us to observe the impact of using a federated approach
in coverage and precision within theain task of cortent recommendatiorsing FOS,

we demonstrate a performance increase of 30% using the F1 measure. on type checking
better than both the individual baselines and the baseline formed by summing the
individual baselines. Also, Using FO%g demonstrate amarease in precisioaf 47%

on Content Recommendatiomvhen compared tthe baselines obtained by usinge th
individual ontologies as well as the baseline obtaining by combining the individual

baselines.

1.6. Overview of thesis organization

This document is odnized as follows. In the rest of this chapter we will give a
motivating example, define the basic principles of ontologies and graphs and provide an
overview of the federated approach to ontology querying. In Chapter 2 we will talk about
the related anddzkground work and how it relates to the current work. In Chapter 3 we
will describe innovations on the automatic process of ontology creation. We will then talk
about ontology selection in Chapter 4, followed by ontological search in chapter 5 and we
will conclude the presentation of the framework in chapter 6 with discussion result
merging and scoringn Chapter Ave will present the results of the experiments and the
discussion of those results and finally in Cha@eve will conclude with final remark

and futuire work
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1.7. Summary

In this chapter we explained and motivated the goal of this thesis, which is to create a
framework for ontology integration and search. We described the main problems with the
current approaches and provided an hypothesis ésadlution of the challenges that the

creation of such a framework presents.

To achieve our goal with these challenges in mind we use the idea of federated search
and transport the sub problems found in federated search to the domain of federated
ontology search. Out approach assumes independence of ontological resources and
provides an elegant way to incorporate new resources without having to merge them in
their entirety. Rather we focus on merging the results of small operations on each

ontology, represnted in graphs.

We give a motivating example and describe the fundamental definitions that will be used
throughout this document. Finally we describe the expected evaluation metrics and

baseline and layout the organization of this thesicument.
We lelieve that this thesis represents a significant improvement over the current methods

of ontological integratioby creating an extensible framework that is representation and

location independent while providing the parallelism required for efficienlsitiay.
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2. Background and Related work

The work described on this thesis is orthogonal to many areas, such as Information
Extraction, Information Retrieval, Ontology Management, Graph Merging, Federated
Databases and Semantic Analysis, makinmfracticalto adequately cover and explain

all the correlations between the aforementioned areas and Federated Ontology Search.
Therefore we will limit ourselves to works that have a direct comparison with the work
described in this thesis, either as a whole or gceig parts. More specifically we will

look at works that have an impact in the two main areas of this thesis, hamely ontology

selection and result merging.

2.1. Ontology Selection

Ontology selection deals with the selection of an ontology given a query. SWBOG
(Ding, Finin et al. 2004uses trditional Information Retrieval techniques to retrieve
semantic web documents (SWD), specifically character bas&@fakhs n-character
segmerd of the text which spanmter-word boundaris, or URIrefs as keywords. The
system indexes ontologies primarilystgned with the OWL languagehich supplies by
design a set of metadata which is extremely useful for identification of the SWD. Since
the words are usually compounded into URIref terms, thiGréim approach is
particularly efficient to index and retriebe SWD.While this gproach providesan
efficient index for the qcquiredntologies each ontology is considered tatally
independent resourc&WOOGLE lacks the ability to merge tlEquiredontologies,
either globally or in partrepresenting a catalad ontologies rather a unified ontological
resource. The ontology selection returns all the ontologies that contain the required term,
much like retrieving documents, proving little understanding of the different grouping of
each retrieved ontology in m@sct to different representations of concepts.

Link analysis is used ifPatel, Supekar et al. 2003; Zhang, Vasconcelos @084)to
rank ontologies in respect to queries in the OntoSearch system and in the OntoKhoj
system. Alani and Brewster i(Alani and Brewster 2005¢reate the AKTIVERANK

algorithm, aggregate a number of measures that look into the structurakeseaf
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concepts such as concept similarity and structural delBsiti. these works allow for the
ranking of ontologies as a independent resources, but they do not provide rankings for
individual query results, that is, they do not segment the partjgotton of the ontology
that answers the performed query, thus not allowing foreffextive merging of the

ontology subsets

Necessary to the task of ontology selection is the subtask or concept identification, where
the concepts in the query are idéatl in the ontologies. Resnik i(Resnik 1995uses
information content, as defined (Ross 1976)to determine the semantic similarity of

two concepts, the author restricts himself to the use ed ridations to calculate the
coneept similarity While this is extremely useful, it does not provide a complete solution
for ontologies that contain more tharaigype relationships, since onlyasrelations are
considered. One could think of extending tieationship set used in det@ning the
similarity measure to include other relationships, but the characteristics of each relation
type differ thus making it impossible to extend the algorithm ea%igyng and Conrath
(Jiang and Conrath 1997combines a lexical taxonomy with corpus statistical
information to measure semantic similarity between words and condégtsechnique
suggests promising results for local domain ontologies, but the lack of coverage of the
lexical taxonomy, as well athe need to have common corpora for the available
ontologies reduces the suitability of the technique for the application to an open ended set

of ontologies.

2.2. Result Mapping and Merging

Although work as been done in ontology integration sucfRasd and Lenat 2002nd

(Hovy, Fleischman et al. 20Q3\here the goal is to incorporate several ontologies into

one larger ontology, recently the focus seems to be in ontology magpingur
perspective, incorporating several ontologies inte comprehensiveesourceanevitably

leads to integration problemd.ovy and FIl ei s c h nsaggeshattherse Kk o n
is a threshold above which every new concept being added causes an increasing number
of collisions with existing concepts, makingimpracticable to merge a large set of

ontologies.
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Stumme and Maedche {Stumme and Maedche 2004ased their work on the work of
Gant er a n(Ganter Ad IWille B987yvork on formal concept analysis. Their
method, theFCA-Merge is semautomatic method for merging ontologies that uses
natural language techniques to derive a lattice of concepts which is then explored by a
knowledge engineer. The FEM¥erge assumes that a corpus relevant to both ontologies
to be merged iswvailable and relies on the availability of classified instances in those
ontologies.The assumption of the existence of a corpus common to both ontologies
reduces the usability of this method for a large set of ontologies, despite a generally high

level of accuracy in the experiments performed.

Using the Barwisé&eligman theory of information floyBarwise and Seligmah997)
Kalfoglou and Shorlemme¢Kalfoglou and Schorlemmer 2002yeated the VAP
method, a method for automatic ontology mapgpi IFMap generates a logic
isomorphism given two ontologies. This method relies on a partial transfationthe
source ontologies to étn clauses, which is theused to discover theasiorphism if
any. The result is stored for future refereridespite providing an interesting approach to
ontologies in similar domains, it does address the issue of using ontologidterent
domains. That is, if no such isomorphism exist between ontologies, -ti&Fmethod

does not allow us to use both ontologies.

Ontology mapping and alignment has been tackled by Noy and Musen through the
creation of several tools that work glsig-ins for the opersource Protég€000 ontology

editor (Grosso, Eriksson et al. 1999)he first tool was SMARTNoy and Musen 1999)
followed by PROMPT(Noy and Musen 2000and PROMPTDIFHNoy and Musen
2002) . The tools use linguistic similarity metrics for matching concepts. The authors
claim that PROMPT ot only uses linguistic similarity but also the similarities of the
surrounding structures of the concepts to be merged. A set of heuristics is then applied to
the performed the merging procedure. The PROMPT tool, as well as Chimaera
(McGuinness, Fikes et al. 200Qrovide semautomatic guidance for the knowledge

engineerSimilarly the SHOE systertHeflin, Hendler et al. 2003)rovides with a set of
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heuristics designed to align ontologies, offering the user a set of suggestions regarding
ambiguous conceptll of these tool focus on providing guidee to the knowledge
engineer, thus not supporting full automatic mapping. Furthermore, these tools create
maps at the ontology level and not at partially on an on demand basis.

Another approach is to use machine learning to develop a mapping betwelegiesto
examples of this kind of approach are given by Lacher and (Gemther and Groh 2001)

with the CAIMAN system, Doan et. alDoan, Madhavan et al. 2004)ith the GLUE
system, use a set of practical similarity measures to indentfiylasi concepts. A
Bayesian approach is used by Prasad et(Pahsad, Peng et al. 2008)r deciding
between similarity comparisong&ven though it presents an intriguing application of
several promising machenlearning techniques, the GLUE system is meant to be just a
component of a moreneompassing tool, envisaged to have a strong htintaraction
component, which would be suitable for an on demand querying system like the one we
propose. The CAIMAN system considersthe concepts in an ontolpgimplicitly
represented by the documents assigbhedeach concept. Using machine learning
techniques for textlassification, a concept ingersonal ontology is apped to a concept

in communityontology This is an irgresting perspective but it assumes the existence of
documents assigned to each concept in the ontologies, which is not the case in most
available ontologies, thus making it unsuitafolea general approach.

OntoMorph(Chalupsky 2000presents a method for translation of symbolic knowledge,
integrated wihin the PowerLoom knowledge representation syst@vtacGregor,
Chalupsky et al. 1997Jsing syntactic rewriting through pattern matching, the author
claims that the potential of this translation system is adequate to handle complicated
syntactic transformations. Semantic rewriting is applied to conflate large classes of
concepts.The OntoMaph system focuses on provided a rule based language that can
describe complex concepts but, unlike the proposed approach, it does not focus on the

retrieval and integration of the knowledge contained in heterogeneous sources.
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DRAGO (Serafini and Tamilin 2005)ises the pedp-peer paradigm with Distributed
Description Logics to supply distributed reasoning services in multiple ontologies.
Within what the authors call the contextual reasoning paradigm, the authors propose a
distributed tableau algorithm to avoid the drawbacks of scalability and proprietary
information and is able to provide with a distributed verifiability capabibiRAGO as
system works by enabling a peerpeer network of ontologies, but it does not provide a
central query point for those ontologies. Thus, each ontology can use the other
ontologies, but an external user might find it difficultaiccess the combined knowledge

in the available ontologies due to a lack of a central access point.

Piazza (Halevy, Ives et al. 2003proposes a language based in XQuéBpag,
Chamberlin et al. 2002hat is used to described semantic queries and that can be used
with RDF style sources, although pririha developed for XML.OBSERVER (Mena,
lllarramendi et al. 2000)ses interontology relationshigsich as synonyms, hyponyms

and hypernyms to rewrite @squeries to obtain translations across ontolodiesiore
extensive survey on the subject can be foun@aifoglou and Schorlemmer 2003hd

in (Noy 2004) By and large, the methods for querying multiple ontologies so far hinge
on the useunderstanding the structures that define the ontologies to be queried. Unlike
the FOS method, the ref er rsmosqplgdefjnethee n guag
information need, but rather requires a knowledge of the structure of the target ontology,
that is, the query must specify some portion of the concepts as well as the specific

structure of the ontology.

24



3. Automatic Ontology Creation

Although the main focus of this thesis is the problems that arise from querying and
integrating the knowledge contained in different ontologies, recent developments in
semantic analysis have produced a new type of ontology that is poised to have a
significant impact on the number of available ontologies. The availability of mechanisms
for the automatic creation of ontological resources from unstructured text will most likely
lead to a large increase in the number of available ontologies. Given the nisage
nature of the most promising approaches {Yates, 2007 #150} the type of ontologies and
the level of noise in the information contained in those ontologies is expected to present
challenges to the integration of that knowledge with current ontoloffiesrder to
explore these types of ontologies and to allow the user to understand the issues central to
this theme, this chapter focuses on the automatic creation of ontologies and the
introduction of an algorithm for the extension and creation ontologes a semi

structured source.

3.1. Automatic Creation of Ontologies from Semi Structured
Resources

Most of the currently available ontologies were hand created by experts, but a new field
is emerging that deals with the automatic creation of ontologiedlyls#eawould like to

take unstructured text and mine the knowledge contained in the text to create an ontology
that describes it, similarly to the process that human experts employ in constructing
ontologies. Several approaches have demonstrated somsessucthkis area, such as in
(Snow, Jurafsky et al. 20Q5pbut general text mining for ontology building is still too
noisy for use in a full automatic process. Fortunately we can address the issue by
focusing omanintermediate step of sorts, the use of setnictured text.

Large sources of encyclopedic knowledge are becoming readily available in wiki like
form. Resources such as Wikipedi@enoyer and Gallinari 2006)the largest
collaboratively edited source of encyclopedic knowledieotzsch, Vrandecic et al.
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2005; Volkel, Krotzsch et al. 2006)Scholarpedia(lzhikevich 2007) Citizerdium
(Sanger 2007and the recentlyalunched, incipient Google Knols Project are examples of
semistructured encyclopedic knowledge bases that provide a natural way to collect
human knowledgéLih 2003) with the advantage of naturally solving, to a large degree,

the problem of consensus.

These resources represent an intermediate step between unstructured text and structured
knowledge and are seen as potential viable sources of knowledge for automatic

construction of medical ontologies.

In this chapterwe propose a general framework to mine structured knowledgeVifisam

like resourcesind apply it to the creation of a medicataaogy. Thechapterproceeds as
follows: we first discuss related work, and then describe the general framework for
building a medical ontology from Wikipedi@resented as a test ca¥¢e demonstrate

our Directional Feedback Edge Labeling algorithm oask tof labeling the relations in
Okinet, a Wikipedia based medical ontology. We conclude with a description of the

Okinet browser as well as some interesting and promising ideas for future work.

3.2. Related Work

MaedchéMaedche and Staab 2002; Maedche 2GD2) Navligli et al(Navigli, Velardi

et al. 2003)explored semautomatic methods for concept and relation extraction,
focusing on builthg ontologies from broad domain documents. Blake and(Blake

and Pratt 2002)vorked on extracting relationships between concepts from medical texts.
Khoo et al(Khoo, Chan et al. 2002hatched graphical patterns in syntactic parse trees in

order to look for causal relations.

Several pieces of pvious work focused on the link structure of Wikipedia to derive
structure. KozlovgKozlova 2005)mined the link structure in Wikipedia for document
classification. Milne et alMilne, Medelyan et al. 2006)sed the basic link structure to
construct domain specific thesauri and applied it to the agriculture domain. Bhole et

al.(Bhole, Fortuna et al. 200@sed document classification techniques to determine
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appropriate documents in Wikipedia that were later mined for social information (people,

places, organizations and events).

3.3. The Wikipedia Structure

Wikipedia gemral structure consists of article name which is unique within the
particular wiki structure and thus suitable forcancept nameand links connecting
articles, which are suggestive of semantic relations between them. Each article is
typically dividedin sections and sometimes contains tables that synthesize information

pertinent to the article.

Within the different types of intearticle links, we often findredirects (articles that
consist solely of a link to another article) and when we find §pe f link we can
interpret the two concepts described by those articles as synonyms. Each article is

normally inserted into one or more categories, thus creating a set of hierarchical relations.

Even though each link seems to carry semantic informatbmneen two concepts, only a
small percentage is typically used in mining Wikipedia, namely rddirects and
categories The main challenge of this work is to assign the correct semantic label to the

extracted links deemed of interest, when the link tsanredirect.

3.4. General Methodology

We propose that we should take an inclusive approach rather than a selective approach to
create a medical ontology, where we start by including all the article names as concepts
and all the existing links as potential agbns. We subsequently rely on extracted

features to assign labels, finally discarding links without labels.

The goal is to first create a directed unlabeled graph that mimics the link structure, use
the extracted features to generate a small amoulatbefed data and run @irectional
Feedback Edge Labeling Algorithm to extend the labels to the rest ifkis, discarding

the links withconfidence below a preset threshold.
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3.5. Feature Extraction

For every link extracted we store a set of features tieassociated with that link. The
set of fatures consisif the following:
1 Document Title
0 The title of the document where the link was found. This corresponds to
the source concept.
1 Section Header Path
o The path composed of the sections up to the secti@remhe link was
found. E.g. Diagnosi¥ Symptoms.
1 Context
0 The context surrounding the link. This consists of the 3 words before and
after the link.
1 Link Type
0 The type of link. This can beedirect anchor, categoryor regular.
1 Part of List
0 Binary feature that is positive if the link was foundhin a list, such ag
Fatigug HeadacheNauseaand Vomiting

In Table 1 we show an example of the information that the extraction of one link

generates.

Sample Feature Extraction

Concept fever

Document Title Influenza

Header Path Symtpoms and diagosis >
Symptoms

Context Extreme coldness and
fever

Link Type regular
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Part of List yes

Table 1.Sample Feature Extraction

Even though we extracted five features, for the purposes of this work, we used only three
features. We expect to use the remanfeatures in future work for the purpose of

increasing performance.

3.6. Generating Labeled Data

Once we process the entire Wikipedia, we have a directed unlabeled graph where each
edge represents a relation between two concepts. For each edge we alssdtavt a

associated features.

After we decide the set of labels we are interested in, we use a combination of heuristics
to bootstrap the labeling process. Besides using the redirect anchor and category links to

label synonyms and hypernyms, we rely onfti®wing two strategies.

3.6.1. List Based Labeling

Uses articles that list concepts and assigns labels to the instances of those lists that are
under corresponding sections. E.g. if we find fever under the section symptoms in article
flu and fever is also irhe list of medicalsymptoms article, then we assign symptom as
label for the link between flu and fever

3.6.2. Context Based Labeling

Assigns the section title as label if the context shows that the link is displayed within a
list. E.g. If we findi fever, headdwe and nauseander the sectiosymptomsinderarticle

flu, we assigrsymptonas a label for the link betwedn andfever

After the bootstrapping process, we have a directed graph with a partially labeled relation
set. In the next section wetroducethe Directional Feedback Edge Labeling Algorithm
which starts with a small such set of labeled links and uses graph probability propagation
to label the remaining links/relations in the ontology.

29



AS an

exampl e, | etds conmpedadpagest he f ol

Page 1- Influenza

Symptoms and diagnosis [edit]
Symptoms of influenza can start quite suddenly one to two days after infection. Usually the first symptoms are chills or a chilly sensation, Symptoms of
but fever is also common early in the infection. with body temperatures ranging from 38-39 °C (approximately 100-103 F}[ 52] Many people Influenza
are so ill that they are confined to bed for several days, with aches and pains throughout their bodies, which are worse in their backs and . '
e
legs Il Symptoms of influenza may include: ke Nasopharynx

- Runny or stuffy

= Body aches, especially joints and throat Systemic nose
“Fever - Sore thioat
= Extreme coldness and faver (usually highy -Aches
= Fatigue 3
= Headache Muscular —= Respiratory
- (Exveme) g 5 - Coughing
= rritated watering eyes tiredness R ; E
= Reddened eyes, skin (especially face), mouth, throat and nose e Gastric
= Abdominal pain (in children with influenza B)'S] Joine i - Vamiting

It can be difficult to distinguish between the common cold and influenza in the early stages of these infections [ but a flu can be identified

Symptoms of influenza, 1Y, with feverand &

by a high fever with a sudden onset and extreme fatigue. Diarrhea is not normally a symptom of influenza in adults, (51 although it has been cough the most camman sympmm[‘

seen in some human cases of the HEN1 "bird flu

"1%4] and can be a sympton in children %] Research on signs and symptoms of influenza

found that the best findings for excluding the diagnosis of influenza (having ratios less than 0.5 between the likelihood of having flu if one does not have the symptom to the likelihood if one
does have the symptam) were-[51]

Highest sen:

Finding:
Fever

Cough

ve individual findings for

iagnosing influenzal5?]

sensitivity specificity
68-86% | 25-73%
84-98% 7-29%

Nasal congestion| 68-91% | 19-41%

Notes to table:

= The ranges given represent different studies that were reviewed.

= Sensitivity is the proportion of people having influenza who exhibit the symptom.
= Specificity is the proportion of people not having influenza who do not exhibit the symptom.
= All three findings, especially fever, were less sensitive in patients over 60 years of age.

Since antiwiral drugs are effective in treating influenza if given early (see treatment section, below), it can be important ta identify cases early. Of the symptoms listed above, the
combinations of findings below can imprave diagnostic accuracy 1) Unfortunately, even combinations of findings are imperfact. However, Bayes Thearem can combine pretest probability

Page 2 Leukemia

Portugués
Pyccrmii

Shaip

Simple English
Sloventina
Cpncwn / Srpski
Srpskohrvatski/
CpnexoxpeaTer
Basa Sunda
Suomi

Svenska

ng

Tiéng Viét
Tiirkge
YVipaineska
w
Zemaiteska

=

Symptoms [edit]

Damage to the bone marrow, by way of displacing the normal bone marrow cells with higher numbers of immature white blood cells, results in a lack of blood platelets, which are important

in the blood clotting process. This means people with leukemia may easily become bruised, bleed excessively, or develop pinprick bleeds (petechiae).

White blood cells, which are involved in fighting pathogens, may be suppressed or dysfunctional. This could cause the patient’s immune system to be unable to fight off a simple infection or
to start attacking other body cells. Because leukemia prevents the immune system from working normally, some patients experience frequent infection, ranging from infected tonsils, sores

in the mouth, or diarrhea to life-threatening pneumania or opportunistic infections.

m

Finally, the red bload cell deficiency leads ta anemia, which may cause dyspnea and pallor
Some patients experience other symptoms. These symptoms might include feeling sick. such as having fevers, chills, night sweats and other flu-like symptoms, or feeling fatigued. Some
patients experience nausea or a feeling of fullness due to an enlarged liver and spleen: this can result in unintentional weight loss._ If the leukemic cells invade the central nerous system,
then neurological symptoms (notably headaches) can occur.

All symptoms associated with leukemia can be attributed to other diseases. Consequently, leukemia is always diagnosed through medical tests.

The word leukemia, which means 'white blood’, is derived from the disease's namesake high white blood cell counts that most leukemia patients have before treatment. The high number of
white blood cells are apparent when a blood sample is viewed under a microscope. Frequently, these extra white blood cells are immature or dysfunctional. The excessive number of cells
can also interfere with the level of other cells, causing a harmful imbalance in the blood count.

Some leukemia patients do not have high white blood cell counts visible during a regular blood count. This less-common condition is called aleukemia. The bone marrow still contains
cancerous white blood cells which disrupt the normal production of blood cells. However, the leukemic cells are staying in the marrow instead of entering the bloodstream, where they would
be visible in a blood test. For an aleukemic patient, the white blood cell counts in the bloodstream can be normal or low. Aleukemia can occur in any of the four major types of leukemia,
and is particularly common in hairy cell leukemia.

Causes and risk factors [edit]

There is no single known cause for all of the different types of leukemia. The different leukemias likely have different causes. Known causes include na
viruses such as Human T-lymphotropic virus, and some chemicals. notably benzene and alkylating chemotherapy agents for previous malignancies.
with a small increase in the risk of developing acute myeloid leukemia in adults 1 A few cases of matemal-fetal transmission have been reported [)

| and artificial ionizing radiation,
se of tobacco is associated

Leukemia, like other cancers, results from somatic mutations in the DNA which activate oncogenes or deactivate tumor suppressor genes, and dlSrup\ the regulation of cell death,

T

i me mm o mls AF avimmmsien bn cmdintinm ar mmeainamamin anbhatamans amd acn laks ba ke infimmand b e abin fantars

e iiminne Tlammn mmtabinma maars ma e Ann—ban

From these pages, by applying the heuristics described, we would extract the following

relationships, not shown in full here in benefit of clarity. In this case we focus on the

symptom_ ofelationship

From Page 1

Headach&y, symptom_ofA influenza
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FeverA symptom_ofA influenza
FatigueA symptom_ofA influenza
Abdominal Paimy symptom_ofA influenza

From page 2

InfectionA symptom_ofA leukemia
FatigueA symptom_ofA leukemia
Diarrhea”A symptom_ofA leukemia
Penumonia symptom_ofA leukemia

Headach&y, symptom_ofA leukemia

From these links, we could construct the following symptom_of ontology.

[ |
'_infection_,
r======7
“oneumonic - -fatigue
" leukemia e - - ——— - " influenza |
“““““ . headache i~ ahbin
poL " abdominal pain'
. diarrhea | fommmmmm e Sl
1 fever

Figure 3 - Ontology Extraction Example
As we can see, even with this tiny ontology, we are already able to answer the query
AWhat dieseefaateisgheay headache and fever as

can produce a set of labeled relations, which will be expanded using the Directional Edge

feedback algorithm.
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3.7. Directional Feedback Edge Labeling Algorithm

The Directional Labeling Algoritim relies on neighboring edge trends and directionality
to update probabilities of possible labels that can be assigned to an unlabeled relation.
The steps of this algorithm are described in Algorithm 1.

Each unlabeled edge starts with equal probaklilitiabel assignment. At each iteration,

in STEP 1, for each node we update the probabilities of the labels of the outgoing edges
by smoothing them with the overall probability distribution of labels over the outgoing
edges of that node (essentially mulgipp the two probability distributions). This assures

we take into account both our current belief about that edge and the overall information
contained in the edges going out of that node. To give an intuition why both types of
information are importantonsider the example in Figure 1. The dashed and the dotted
edges represent edges which were labeled during the bootstrapping phase. The dashed
edges represent lab8ymptomO&nd the dotted edges represent lalrelats The solid

edges are unlabeled anaetefore it is natural to assume that, in the absence of other
information, each label is equally likely. However, based on the already labeled outgoing
edges at ¢ the unlabeled edge {Ci0) has a 2/3 probability to have lal@ymptomOf
and1/3 probabity to have labellreats Therefore, our initial belief of the edge(C,0)

needs to be updated by incorporating this new information.

""~.,. igure 1. Example of Direﬁ_ctiéinal Labeling

: 0.5,0.5 @

Figure 4 - Example of Directional Labeling.
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For each nod€, perform Steps 1 and 2, then repeat u
convergence.

STEP 1.Let py be the probability of thé" outgoing edge
(out d n 033|ble; from nod€ to have the&k™ label @out'qf.
. Update the outgoing edge probabiliti¢

m possible labels
n
Ri® A Pik

(=l
Pk K M ]

| . ..
ad*a Pi)

1=1 j=1

STEP 2. Update the incoming edge probabilities similar
the previous step.

STEP 3.0nce convergence is reached via the above
steps, assign the maximum probability label to an edg

long as this probability is higher than a predefir
threshold.

Algorithm 1. Directional Feedback Edge Labeling.

In STEP 2, we then perform the same procedure for each node, but based on incoming
edges. Because an edge is an incoming edge for a node and an outgoing edge for another,
the label probability disibution for that edge is influenced by the label distributions in

both its endpoints. Therefore, after a number of iterations, the label probabilities can be

influenced by other label probabilities at any distance in the graph.

Back to the example inigure 1, the edge (CCi0) has a 2/3 probability to be labeled
SymptomOfif we look only at the outgoing edges from Whereas it has a probability of

1 to be labeledreatsif we look only at the incoming edges t@,CThis justifies the need

to performthe same operation for both incoming and outgoing edges. The need to
perform both steps iteratively is twofold: to assure convergence and to allow knowledge
to propagate across the netwohiter convergence, we select only the edges with labels

above a prdefined threshold and discard the rest as unreliably labeled.
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3.8. UMLS and Okinet

UMLS is perhaps the most important medical ontology currently available. It uses a
semantic network to combine the knowledge contained in the set of available dictionaries
and dows for easy access to a set of standard ontological relations. The work of mapping
the vocabularies demands a large human effort and is very time consuming. Due to the
structure of UMLS, certain semantic relations exist only at the semantic netwokk leve
This means that in UMLS we are not able to determine symptoms of particular diseases,
but rather between classes of concepts. For example, we are not able to find out what are
thesymptoms_diu, but rather what categories of concepts could repregenitems of

flu, which is a problem.

Okinet thus exist as complement to UMLS, allowing the rapid and automatic creation of
relations at the instance level, which enables the use of inference processes using both

ontologies.

3.9. Experimental Setting

In order totest our approach, we used Wikipedia as a test case, even though the
methodology could be applied to any other wiki like resource. Our goal is to create an

ontology of causes, treatments, symptoms, diagnoses and side effects.

We started by selecting dle concepts contained in thst of diseasesarticle, which
contains 4000+ diseases and syndromes. We then expanded our article set to include all

the articles that linked or were linked to by any of the articles contained in the current set.
Next we prformed the feature extraction process followed by the bootstrapping

procedure. The results were manually checked to create a gold standard set. This resulted

in an ontology with 4308 concepts and 7465 relations divided as depicted in Figure 2.
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Figure 2. Distribution of relation labels.

Results

We experimented using small percentages of the labeled data as a training seed for the
Directional Edge Feedback Labeling algorithm while considering the remaining edges
unlabeled. The results of the labelingaithm were then compared with the original
labels. In our experiments, we varied both the percentage of the labeled training data
(seed size) as well as the threshold above which we assign a label. We evaluated the
results using precision and recall:

Predsion The percentage of label assignments that were correctly assigned to the proper

class.

Recall The percentage of possible labels that were correctly assigned.
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Figure 3. Algorithm performance with threshold 0.9 and variation on the seed size

In Figure 3 we can see the results of varying the size of labeled seed set at a threshold for
label assignment at 0.9, which means that we only assign a label with high confidence.
Even though we are only showing micro precision and micro recall, the resuita¢oo
precision and recall were very similar and were thus not presented for simplicity
purposes. Each point in the average line represents 100 hundred runs with a labeled seed
size of the indicated value. The precision and recall average vary betwesnd®0%

while seeds vary from 10% to 90% of the total labeled set.

Even though the results are very promising, we explored ways to boost the results at
small seed sizes. Due to the propagation nature of this algorithm, by stopping after a few
iterations we are in fact preventing lorrgnge labeled edge influences and therefore we
can restrict the process of labeling an edge to local neighborhood in the graph. Figure 4
shows the results of stopping the labeling algorithm after two iterations. Given the
number of iterations, only edges with a fast convergence rate will update the probabilities
distribution enough to get assigned a label. This means that the higher the threshold, the

more accuracy we get, even though the recall is sharply reduced. Thatomars
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particularly useful in situations where the precision is more important than recall. Using

this technique we would be able to extend the labeled data set with highly accurate labels.

Edge Feedback Labeling - Seed 0.1 - K2

0.9
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0.7
0.6 + Micro Precision
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' \l\ —— Micro Precision Avg
0.4 .
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0.2 \'
0.1 I\l

0 0.2 0.4 0.6 0.8 1
Threshold

Figure 4. Precision and recall with 10% seed size, algorighopped after two iterations and varying the
assignment threshold.

Finally we looked at our algorithm as way to reduce uncertainty. Figure 5 shows the
results of taking the two highest confidence labels for each edge and considering as

correct if eitheiof the assigned labels is correct.

Edge Feedback Labeling - Two Best
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Figure 5. Precision and Recall when considering looking at the two labels with the highest probability
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4. Ontology Selection

In this chapter we will focus on the sub problem of ontology selection. Ontology
selection dela with selecting the appropriate resources to query givgoeaific query.

As the number of ontologies grows so domsmber of ontologies that contain
information that might be considered pertinéata given queryThe first question one
must addresssihow to decide if an ontology does indeed contain pertinent information
given a query. This problem is not the main focus of this thesis and as such the
approaches takeare notexhaustive. Even though we will discuss several possible
approaches, a lot dte work will be left as future work. Our contribution here is twofold.

On one handve propose a characterization methodology for ontologies. On the other
hand wediscuss the possible scenarios and the variables that are relevant to the problem
and suggdsdifferent approaches to the problem of ontology modeling, while taking a

pragmatic approach for practical considerations.

The chapter is organized as follow&e will start by proposing a general method for
Ontology Characterization arakscribingcurrent ontological representation languages.
We then propose an approach to ontolagydeling and selectionand discuss the

practical implications of such approach.

4.1. Characterization of Ontological Resources

The challenge of retrieving and merging knowledgenf multiple ontologies is amplified

by the fact that to date there are no simple methodologies to describe and classify
available ontologies. Even in vertical domains, such as the medical domain, there is a
considerable diversity in the resource spackickv includes highly focused resources
(e.g. radiologyspecific ontology), broad collections of resources (e.g. UMLS), and
institution-specific ontologies. These differ drastically in terms of coverage, relevance,

and scope.
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We propose a more formal chaterization of ontological resources which describes

resources according to the following dimensions

1. Scope(or coverage) is the percentage of broad semantic topic