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ABSTRACT

In most contemporary approaches to pattern disgower graphs, either quantitative
anomalies or frequency of substructure is used ¢asure the relevance of a pattern. In this
thesis, we address the issue of discovering infowmaubgraphs within RDF graphs. In the
context of Semantic Searchrelevance of such subgraphs depends on the anodumseful
information conveyed to a user. This in turn depend the meaning (semantics) of the edges in
the subgraph. We introduce heuristics that guidigseovery algorithm away from banal (both
low information and low relevance) paths towardsrenmformative and relevant ones. This
guidance is based on weighting mechanisms (driyerelationships) for the edges in the RDF
graph. We present an analysis of the quality ofgbeerated subgraphs with respect to path
ranking metrics. We then conclude by presentingitiohs about which of our weighting
schemes and heuristics produce higher quality sypigr:



DISCOVERING INFORMATIVE SUBGRAPHS IN RDF GRAPHS

By

WILLIAM H MILNOR III

A.B., University of Georgia, 2001

B.S., University of Georgia, 2002

A Thesis Submitted to the Graduate Faculty of Thev&rsity of Georgia in Partial Fulfillment

of the Requirements for the Degree

MASTER OF SCIENCE

ATHENS, GA

2005



© 2005
William H Milnor I

All Rights Reserved



DISCOVERING INFORMATIVE SUBGRAPHS IN RDF GRAPHS

Electronic Version Approved:

Maureen Grasso

Dean of the Graduate School
The University of Georgia
December 2005

by

WILLIAM H MILNOR I

Major Advisor:

Committee:

John A. Miller

Amit P. Sheth
Hamid R. Arabnia
Krzysztof J. Kochut



DEDICATION

To my wife Emily and my son Haines for all theiwéoand support...



ACKNOWLEDGEMENTS

Thanks to all SemDIS project members. | especiallguld like to thank Cartic
Ramakrishnan and Matt Perry for their direct pgiion and assistance, as well as Boanerges
Aleman-Meza for his insightful comments and revisguggestions. | would like to thank both
Dr. Amit P. Sheth and Dr. John A. Miller for thesnsdom and direction, as well as for the
opportunities that they have each given me throughoy academic career. | would like to
thank Dr. Hamid R. Arabnia and Dr. Krzysztof J. IKat for being on my committee. | would
further like to thank Dr. | Budak Arpinar, as wall Dr. Krzysztof J. Kochut for their suggestions
and insight.

Research in this thesis was funded in significaat by the NSF Medium ITR Project
"SemDis: Discovering Complex Relationships in SeticaWeb, " (Grant number: 11S-0325464,
Pl. Dr. Amit Sheth,http://Isdis.cs.uga.edu/projects/semdiahd the NSF Small ITR Project
“Semantic Association Identification and Knowledd@iscovery for National Security
Applications,” (Grant Number: 0219649, PI: Dr. Arsiheth). We also thank Semagix, Inc. for
the donation of the Semagix Freedom Toolkitp://www.semagix.com/

| must express the utmost gratitude to my wife Enidr all her support and motivation
through my academic career, as well as to my sangddor making me smile no matter how
tough things can get.

! Views and conclusions presented here are those of the author aimbiaithrs, and do not represent the views of National
Science Foundation.



TABLE OF CONTENTS

Page
ACKNOWLEDGEMENTS .....uittiiiiiiiiiiiiiiiee ittt ettt s s e e eees e e e e s e n s %
LIST OF FIGURES ... ..ottt eeeees ettt e et e e e eaeaaaaeeaeaaeasssasnnnsaseeeeaaaeaeaaaaaaaaaaens Vil
LIST OF TABLES .. ..o sttt ettt et e e e aaas s nnnnbbbbeebbeeeee e viii
1. INTRODUCTION ... e e e e e e e e e e e e e e e e s s s s s s as e bbb e e e eeeeeeaeessssannnnnnnnes 1
2. BACKGROUND AND MOTIVATION ...ttt eeeeeeeeeeennnnns 3
2.1 ONtolOgy aNd EXIFACTHION .....cevviiiiiiiiiceeeeeiiiiee ettt 3
2.2 RDF @nNd RDFS ... .t eereeer ettt e e e e e e e e e e e e e e e e e e s s et e e e e e e e e e aaeeeas 3
2.3 RDF QUETY LANQUAGES. ....ceeiiiriiiiiiaeiiee e e e e ee ettt e e e e e e e e e e e s e eanneeeesennnnna s 4
2.4 RDF DAtA STOIES ...covuiiiieiiiiiiiie e s ettt e e et et e e e e e et e s e e e e e e nnn e e e e enrnnns 6
2.5 SeMANTIC ANAIYEICS ...ueiiiie et e e e e e e 7
2.6 SemMaNtiC ViISUAIZALION ..........uuuiiiiiieeeee e e e e e e 11
3. RELATED WORK ....cottiiiiiiiiieee et e e e e st n e e nae e e e e e e e e e e e e e e e 13
4. ALGORITHMS ...ttt e s e e e e e e e e e e e e e e e e as 14
4.1 Candidate-graph generation algorithm...............coooooeeeiiiiiiii e 14
4.2 Display -graph generation algorithm ..............ovvieeeceiiiiiiece e 15
4.3 SYSIEM ATCNITECTUIE ...t e e e e e e e e e e e ee e e e e eeeeeeeennnnnns 16
5. HEURISTICS ...t 18
5.1 Class and Property Specificity (CS and PS).ceeeeeeoiiiiiiiiiiiiieeeeee e 18
5.2 Instance Participation and SeleCtiVity (IPS)u .. ..euiiiiiiiieiiiiiiieeiiiiee v 19
5.3 The Span HeuristiC (SPAN) .......ooiiiiiiceemmmi ettt e e e e e e e e ee e e e eeeeaeeees 20
5.4 SEMANTICS IN HEUFISTICS .......oii i e ettt ettt ettt e e e s e e e e e e e 25
6. DATASET AND SCENARIO ...cooiiiii et e e e e e 27
7. RESULTS AND EVALUATION L...uiiiiiiiiiiiiiiiisimmm e eeeesessssssssssssssssssssssssseeeeeessssssannnns 29
7.1 Evaluation using Path RaNKS..........coccooiirei e 29
7.2 Measuring Candidategraph quality............ooeeeeuiiiiiiiiii e e e e 30
7.3 Measuring Display-graph qUality...........oooiiiiuiiiiii e 33
7.4 Successive Displaygraph qUality ..........cooooeeiiiiieeiiemmce e, 36
7.5 Comparison of Different qUErY tYPeS. ... e 37
7.6 TIMING EVAIUALION. .......ccoiiiiieeeeeee e ereeee s s s e e e e e e e e eeeannnnes 41
7.6 Sample QUENY RESUIL .......oeiiiiee e eera e e e e e e e eeeeeees 42
8. CONCLUSIONS AND FUTURE WORK .........uuuiiiiimmmmneiriiiiiiiiiiiiieiieeeeeeeeaaeeeeeeeeeee e A4
8.1 Using Closeness for Node EXPanSION.....ccooiiiiiiiiiiiiiiiiiieee e e eeeeeevieeeeeeeeeeens 45
8.2 Defining and Specifying CONEXL..........ccceeereeiiiiiiiiiiee e 45
8.3 Candidate-graph and ranking MEetriCS .............uuuut e seie e 45
REFERENGCES ...ttt e e e e e e e e e e e e 47
APPENDIX .ottt eeeee ettt e e e e e ——————— e e e e e e e e e e e e e e e e e aa 53
A.1 Evaluation Using Multiple HOP LIMIES .......uueeiiiiiiiiieiieeeiiicie e e eeeeeeeveeeeee e 53
A.2 SCENANO SCREMAS ....coiiiiiiiiiiii e e ettt seeea e s s s e e e e e e e e e e eeeennnanes 56

Vi



LIST OF FIGURES

Page

Figure 2.1: Semagix Freedom’s Knowledge Modeler..............ovviiiiiiiiiiieiiiieeeeeeeeeeens 12
Figure 4.1: SyStem ArCHITECTUIE ..........uuiiieeeeeiiiiiiiitiit e e e e e e eee et eeeeees 17
Figure 5.1: Instance Participation SeleCtiVIty..............uuuiiiiiiiiiiiiiiriceee e 19
Figure 5.2: Multiple classification Of INSTANCES o .....uuviiiiiiiiiiiiiiiiieee e 21
Figure 5.3: Span MetriC COMPUIATION .........ceememmiiiie e e e eeer e e e e e e e eeeeeeeeeeeeeeeeeeeennnans 23
Figure 5.4: Influence of the Schema Cover FactQr...............coooiiiiiiiiiiiiiieeeeee e 25
Figure 6.1: Sample QUErY RESUIt.........uuiieeeeeeeeec e e e e e e 28
Figure 7.1: Quality of the Candidategraph ............ccccuviiiiiiiiiiiiiiiiiee e 31
Figure 7.2: Percentage of All Paths Found in Caateid-graph............cccoeeeiiiiiiiiiiiiii s s 32
Figure 7.3: Percentage of Total Score Found in @atel -graph.........cccccceeieeiiiiiiiiiiiinininn, 33.
Figure 7.4: Quality of the Display-graph .........cccooii i e e e e e e e e e e eeeeannes 34
Figure 7.5: Quality of Display-graph with respect to corresponding Candidaggaph.......... 35
Figure 7.6: SucCesSIVe CUITeNt FIOW ........oceeeeeiii i e e e e e 36
Figure 7.7: Successive Displaygraph QUality..........oooiiiiiiiiiiiiiiiii e 37
Figure 7.8: Quality of Candidategraph for Inter-domain QUEreS ..........covveeeeeeiiiiiieeeeeeennn. 38
Figure 7.9: Quality of Candidategraph for Intra-domain QUENEeS ..........ccoveeeeeeiiiiiieeeeeeeenn. 39
Figure 7.10: Percentage of Total Paths found indickte -graph........cccovvvviiiiiiiiiieieeeeeee, 0.4
Figure 7.11: Percentage of Total Score found inditkie -graph.........ccccccvveiiiiieiiiiiinninnnnnn. 1.4
Figure 7.12: TouchGraph for Scenario QUery ReSUlt...........ccovvvvviiiiiiiiiiiie e eeesieeeeee e, 43
Figure A.1: Quality of Candidategraph for 5 hop limit.............oooiiiiiiiiimmmmii e 53
Figure A.2: Quality of Candidategraph for 6 hop limit...............ooovviiiicemmeiii e, 54
Figure A.3: Quality of Candidategraph for 7 hop limit.............ooooiimiiommmi e 55
Figure A.4: Quality of Candidategraph for 8 hop limit...............ooovmiiiiceeeeiii e, 56
Figure A.2: Schema for the BUSIN@SS ONtOIOQY.cceeeiieiiiiiiiiiiiiiiiiiiiiie e eeeee e 57
Figure A.2: Schema for the Entertainment ONtology..........cccvvvvvriiiiiiiiiiiiiiee e eeeeeee e, 58
Figure A.3 Schema for the Sports ONtoIOgGY .......coeviiiiiiiiiiiiiee e 59

Vii



Table 2.1: Example Query Syntax
Table 7.1: Timing results...............

LIST OF TABLES

viii



CHAPTER 1
INTRODUCTION

As development of ontologies and utilization ofnstard languages such as RDF and OWL
for knowledge representation is approaching widssgr industrial use, more attention is being
given to the possibilities of the Semantic Web sewhnologies thereof. Large-scale applications
have already been deployed in industry as wellesgarch. Companies such as [Semagix],
[Cerebra], and [Ontoprise] have developed commigyciavailable products which utilize
technologies and techniques from Semantic Web r&sea Developmental tools such as
[Protégé] are receiving much attention, as are arebe based applications, resulting in
prototypical applications such as Passenger Tiiss¢ssment [Shethetal05], and commercially
deployed applications such as Anti-Money Laundeiangl Know Your Customers [CIRAS].
Semantic technology has been defined as technallbgying execution time processing of the
meaning of and associations between informatiorij&f03]. Such technologies represent
meaning through explicit and implicit relationshipather than focusing on objects and entities
as in XML. Semantic Web technologies are thosd #loit knowledge representation,
ontology, identification and disambiguation, andsening over relationships for enhancement of
current information systems.

A practical need for such technologies has arisea W new opportunities in business
markets [Sheth05]. Non-technical issues such akehaneed or readiness to accept new
technologies has played an important role in ingustioption. One area in which the significant
use of Semantic Web technologies has been prouwbati®f risk and compliance applications in
industry. New governmental provisions, and therefand resources required to comply, have
revealed a need for Semantic Web technologieslknamd compliance. Since the September 11,
2001 attacks in New York, and the numerous corpoaaid financial scandals in recent years,
this is especially the case in the areas of natieaurity and financial crimes. With the passing
of the Patriot Act in 2001 and the subsequent Sm®aAct in 2002, the government and
financial sectors have had to increase focus onddwenting tasks of assessing risk and
compliance [Sheth05]. The necessity of this fatas been reiterated with the recent bombings
in London. Such necessity presents an immediatetipal application area for Semantic Web
technologies. [Sheth05] discusses several speafications of relevance in the area of
semantic analytics.

In such applicationdVhyandHow two entities are related are the crucial questtbas must
be answered; and discovering relevant sequencesatifonships between two entities answers
these questions. A discovery process thereforeines)investigation of relationships between
entities. To this end, we envision a system wtsabportsits users in discovering ways in
which a pair of entities are related. It is veilkely that semantic search engines of the future
will need to support such a discovery process. s Parspective coincides with the Semantic
Web vision [Berners-Lee01]. To this end, we inigegge techniques that provide users with a
chain of relationships between entities in respdosgueries of the following kindWhat are
the most relevant ways in which entity X is relatecentity Y?” The notion of relevance is
critical to the definition of such a query. Thisdomes clear when one considerssimall-world



phenomenoifMilgram67][Albert02]: given a knowledgebase and/dwo entitiesX andY there
may be a myriad of relatively short, insignificatains {.e., six degrees) of relationships linking
the two. Hence, the need for a way of semanticadigstraining and discovering the possible
ways in whichX andY could be related.

In [Faloutsos04] the authors address this issuafofmation overload by developing an
algorithm to extract relatively small, but mostensint subgraphs. They define tBennection
Subgraph Problenas follows:

Given: an edge-weighted undirected graphverticess andt from
G and an integer budgbkt

Find:  a connected subgraphcontainings andt and at mosb
other vertices that maximizes gdodnessfunction g(H).

However, the authors do not consider this probleith wespect to semantics. We therefore
adapt this approach in order to recast the proldefmding and ranking complex relationships
between RDF resources (Semantic Associations [Amy88]) into that of finding informative
subgraphs composed of the most relevant.

The data set used in [Faloutsos04] is akin to éakoetwork, and their weighting scheme is
based on frequency of co-occurrence of names in Péges. Clearly, this weighting scheme
will not work for finding relevant subgraphs in R@Faphs, since the semantics of each property
type in RDF is different. Therefore a systematiaywf weighting edges based on the semantics
conveyed by the ontology represented using RDFmnsahiRDFS] is needed. To extend the
approach in [Faloutsos04] to the more general ods®n RDF graph, we propose heuristics for
edge weighting that depend indirectly on the sermsntf entity and property types in the
ontology and on characteristics of the instancea.di&tore specifically, we defin€lassand
Property Specificity, Instance Participation Seileity and aSpan Heuristic We evaluate the
generated subgraphs using the path ranking scheoggested in [AnyanwuO5],[Aleman-
Meza05],[Lin03]. Chapter 2 presents background raadivation for this work, and Chapter 3
presents related work. In Chapters 4 and 5, weusdssoour heuristics and algorithms,
respectively. This is followed by a discussion lo¢ tdataset for the respective experiments in
Chapter 6. Chapter 7 presents the results andatiais thereof. We conclude in Chapter 8 with
a look at future research directions.



CHAPTER 2
BACKGROUND AND MOTIVATION

In this chapter, we present a brief discussion ackground and motivation for our work in
the SemDis project. We start with a discussionowfologies and standard Semantic Web
representation languages, as well as corresporgliegy languages and storage systems, and
finish with a discussion on Semantic Analytics.

2.1 Ontology and Extraction

At the core of Semantic Web technologies is theceph of ontology. Gruber defines
ontology as an explicit specification of a concafization, an abstract view of the world
[Gruber03]. It represents agreement over, concepis how they are related. Named
relationships between concepts are at the headeofantics [Sheth03]. Traditional search
engines and applications have focused on entytetsidentifying meaning through relationships
is how actionable information can be representethénSemantic Web. By using agreed upon
ontologies to annotate and interpret such relatimss an abstract view of the relevant domain
can be acquired and utilized in practical applaadi

In order to populate an ontology representing iestiend relationships that exist across
heterogeneous data, relational metadata must lbected into a knowledge base or data store.
Knowledge extraction can be done using semi-autenfidandschuh02] techniques, with such
tools as SemTag [Dill03] and CREAM [HandschuhO3hdaautomatic [Hammond02]
techniques, using SCORE or Semagix Freedom [Sefnagix

Whether extraction is done automatically or senteéanatically, there are two central issues
related to extraction: entity identification andigndisambiguation. Automatically identifying
entity objects and relationships between them degicn documents and web sources is
necessary for obtaining meaningful information—tlgsespecially the case when extracting
from data sources that contain non-domain specditent. Entity disambiguation resolves the
correspondence between the possibly many desergptbdthe same entity in different sources,
and is thus key for determining whether two ergisbaring the same name are in fact the same
entity. In order to analyze relationships existmgween entities, the data must be integrated
into a common format that can be utilized by a leingpplication. The approach taken by
Semantic Web technologies is to generate semardtadata annotating heterogeneous data in
order to represent a unified abstraction of tha fi@heth05], provided that the same ontology is
used.

2.2 RDF and RDFS

Being that an ontology is a collection of conceqtsl relationships between said concepts,
RDF and RDFS provide a natural fit for representamgl querying semantic metadata. RDF
provides a graph model, in which nodes represenitiesn and edges represent labeled
relationships between entities, as well as a tripledel, in which each triple represents a



statement (subject, predicate, and object) indigatin explicit relationship between a pair of

entities [RDFSemantics]. Each of these models @lsws for the expression of attributes about
entities. RDFS (RDF Schema) is a semantic extansfoRDF used to model vocabularies

schemas. It allows for the description of conceptsups of related resources, and possible
relationships between these concepts as well asigp@sattributes on them. In our lab, we

develop algorithms for reasoning over the RDF/$lrmodel. Such algorithms are integral to

discovering semantic associations (discussed itioge2.5.1), and relevant subgraphs thereof,
for semantic analytics (discussed in 2.5).

RDF and RDFS are recommended by the WWW Consortaund,various query languages
as well as storage systems have been developeueidace with RDF/S data. Some such
languages and storage systems are described b&oma more comprehensive survey on RDF
qguery languages, the reader is referred to [Hadse04

2.3 RDF Query Languages

Population and maintenance of ontologies are not useful with the capability to access
and query the knowledge represented within. Bewa description of two of the most widely
used RDF query languages, as well as an RDF laegihag currently has the status of a working
draft. While each of these languages has beeremmgited in current systems, none of them
provide a natural interface for complex relatiopsbased queries such as those for semantic
associations [AnyanwuO05]—finding all ways in whiclvot entities are related including
associations of arbitrary length.

2.3.1 RQL

RQL, developed by ICS-FORTH research labs, is dadstve language for querying RDF
and RDFS resources [Karvounarakis02]. It providesnterface for navigating an RDF graph
model, and for retrieving specific nodes and edgédse language relies on a functional approach
based on Object Query Language (OQL). RQL suppamteralized path expressions using both
edge and node labels. Supporting such featutesyigor Semantic Web applications such as e-
Marketplaces and Knowledge Portals [KarvounaraKis02

Basic RQL queries allow access of RDF descriptionsspective of any corresponding
schema. Navigation of class and property hierasglas well as properties between classes, in a
schema(s) is also possible due to the rich sepefators provided by the language.

RQL queries utilize three basic statements: a SHLE@tement indicating what to retrieve,
a FROM statement which uses path expressions tbMainable names to specific locations in an
RDF model, and an optional WHERE statement for taimgng values of the bounded variable
names.

2.3.2 RDQL

HP Labs has developed RDQL [Seaborne04] and hasitad it for W3C recommendation.
RDQL is an evolution from multiple query languagasd it has been implemented in various
RDF data storage systems.

The language accesses RDF resource descriptiomg asjraph model with an underlying
representation as a list of triples. Following@LSike syntax, an RDQL query specifies what



to retrieve via a SELECT statement, what tripletgras to match via a WHERE statement,
Boolean expressions over values of literals andslJBhd from which documents to retrieve
data, via an optional FROM statement. Each clanse WHERE statement is expressed as
labels and variables for nodes and edges, henaentterlying triple-centric representation. By
repeating variables for nodes in multiple clauskea ®WHERE statement, an RDQL query can
essentially allow the use of path expressions. ¢l@w to effectively utilize a complex WHERE
statement, a user or application must have knowledghe schema as such knowledge is not
integrated into RDQL.

2.3.3 SPARQL

SPARQL is the query language part of a protocol Rk query language for RDF data
stores [Prud’hommeaux05]. The SPARQL descript®rcurrently in its third version as a
working draft; however, it has already been impletaed in the Corese Semantic Web query
engine [Corese], as well as in the Redland RDF ippbn Framework [Redland]. The
language is based on matching graph patterns RD&ngraph. It operates over a listsoibject,
predicate, objectriples.

SPARQL provides a similar basic syntax as RDQL vt#LECT and WHERE statements
specifying what to retrieve and which patterns tateh, respectively. (Other statements differ
from those in RDQL, yet offer similar functionaljty The language provides facilities to RDF
data as URIs, blank nodes, and literals, as weahlasbility to extract subgraphs and create new
graphs based on queried graphs [Prud’hommeaux05].

2.3.4 Sample Queries
Table 2.1 gives a sample query for each of the@uages discussed above

Table 2.1 Example Query Syntax.Retrieve all researchers who
authored a publication

Language | Query Syntax

RQL select RESEARCHER, PUBLICATION

from {RESEARCHERY} Isdis:authors {PUBLICATION}
using namespacésdis = http://Isdis.cs.uga.edu/sample.rdf#

RDQL SELECT ?researcher, ?publication

WHERE (?researcher Isdis:authors ?publication)

USING info FOR <http://Isdis.cs.uga.edu/sample.rdf# >
SPARQL | PREFIX Isdis: http://Isdis.cs.uga.edu/sample.rdf#

SELECT ?researcher, ?publication

WHERE { ?researcher Isdis:authors ?publication }




2.4 RDF Data Stores

With the proposal and recommendation of query laggs for RDF, a natural successor is
the development of storage systems which proviggamentations of said languages. Below is
an overview of three of the most popular RDF davaages, followed by a brief description of
robust storage system, developed in the LSDIS lhddich provides more suitable capabilities
for semantic analytics.

2.4.1 Jena

Jena is a Java API and toolkit [McBride01] for sigrand accessing RDF models, which
complies with recommendations from the RDF Core kMay Group [RDFCore]. The
architecture provides main memory storage backed pgrsistent triple store. The triples are
stored in database tables for statements. Fossiocethe persistent triple store, Jena provides a
SQL-based implementation of RDQL, offering compiitip with Oracle, MySQL, and
PostgeSQL.

Jena utilizes the ARP parser for compliant pargihgRDF, and provides an API over the
storage which is based on the graph model of RId¥na also provides multiple, flexible graph
representation over its triple store [CarrollO4lljowing high-level interface manipulation of
RDF graphs. For reasoning over RDF, and even QWtha provides simple manipulation of the
underlying triples. Both forms of manipulation pide ample interfaces for programmers.
External reasoning systems can also be integratediena.

2.4.2 Redland

Redland is a set of modular, object based librasiegen in C [Redland]. It provides APIs
for manipulating RDF graphs and triples stored ainnmemory, database, and files.

Redland represents all concepts in the RDF modeledisas additional concepts. It provides
multiple layers in order to satisfy the requirenseoit various types of applications—the top layer
is intended to be the main access point for sughlicgtions, but the lower layers can be
interfaced as well [BeckettO1]. These stacked riayeere designed to cover the lower four
layers of the “Semantic Web layer cake”, and thydieations should interface with appropriate
Redland layer.

For traditional querying of RDF data, Redland pde& implementations of RDQL and
SPARQL. It also offers other querying capabiliteech as computing the neighborhood of a
node. However, results of experimental evaluatpyesented in [Janik05] indicated that
performance for such graph querying in Redlandiisegpoor.

2.4.3 Sesame

Sesame, developed by Aduna, is an open sourcebdaeat application framework for RDF
which supports inferencing over RDF Schema [Braeks]. Features include parsing and
serializing various syntaxes for RDF implementagices well as, implementations of three RDF
guery languages (RDQL, RQL and SeRQL). Furtheryugegration is supported for Oracle,
SQL Server, PostgreSQL, and MySQL. Flexible demplegt of Sesame is provided through
main-memory storage of RDF graphs, as well as,igierg storage capabilities of files and



databases. Through a flexible access API, Ses#ers support for both local as well as remote
access over HTTP, RMI, and SOAP.

Whereas Jena and Redland offer a triple-centricesgmtation of the RDF model, Sesame
offers a node-centric representation from whiclodas neighborhood is computable, yet due to
its implementation in Java imposing high memorytgoSesame provides poor quality graph
search capabilities [Janik05].

2.4.4 BRAHMS

BRAHMS [Janik05] is a C++ based main-memory storsggem for RDF developed under
the SemDis project [SemDis] in the LSDIS Lab at thaversity of Georgia. BRAHMS was
developed to provide a high performance main-memsgsfem supporting intensive querying of
an RDF graph as required by algorithms for discdogesemantic associations; thus, it provides a
node-centric view of RDF as does Sesame. Howeegensive experiments comparing
BRAHMS to the above RDF storage systems illustrdtsier graph querying functionality
offered by BRAHMS.

Currently, BRAHMS offers read-only capability fotosng RDF data, but it is being
extended to provide modification capabilities. will provide a Java-based interface to the
underlying graph model implementing the interfaspscified in the SemDis APl [SemDisAPI],
thus providing a high-quality main-memory storagstem for ongoing research in semantic
discovery.

2.5 Semantic Analytics

Systems that go beyond basic search and integratipabilities by offering users an
interface for performing ontological computationdaformulating complex relationship type
gueries are becoming extremely valuable [ShethDRIBRS Such systems will incorporate
capabilities to automatically perform such compoteg and queries over semantic metadata.
Automatic analysis of semantic metadata requiresching and mining through possibly
multiple heterogeneous data sources in order towercmeaningful complex relationships
connecting entities within and across the datacavaring such relationships can become very
intensive considering the potential size of an lmgy. For instance, consider the SWETO
ontology [Aleman-Meza04]. SWETO is a real-worldtaogy containing more than 800,000
entities and over 1,500,000 explicit relationshijggdween them. Sample queries for complex
relationships in SWETO have generated results & ttiousands. SWETO is a sparsely
connected graph, and in a highly connected gragm emaller data set could result in millions
of results. Thus, care must be taken to obtaimnfoemation most relevant to a query.

2.5.1 Semantic Associations

Within semantic metadata, a pair of entities can domnected by multiple complex
relationships. As RDF captures the meaning oftieatby relating them to other entities, it is a
natural fit for storing and acquiring such conndtti Such relationships are a fundamental
aspect for the Semantic Web [Thacker03]. We ddfiese complex relationships as “Semantic
Associations” [Anyanwu03]. While these associagiaan be very simple, such as explicitly
stated relationships, they can also contain vanoiggmediate entities forming longer, complex



relationships. A Semantic Association is definedween two entities as a semantic path of
alternating entities and relationships. There rhaya multitude of such associations between
any given pair of entities. There are two methfmisuncovering what is meaningful (semantic
associations) through semantic analytics:

association identification, and

association discovery
Further determining which associations are consdieneaningful is at the heart of semantic
analytics.

2.5.2 Association Identification

To identify meaningful associations, a query prsoesnust be given predefined rules which
indicatea priori what is considered meaningful. Such rules camxpgressed as patterns of
relationships in the data (“a person is a residdna country that harbors a known terrorist
group” may be a meaningful association in terrothsteat assessment applications), or as
inference rules (if a charity maintains bank aceésum a bank based in a blacklisted country, and
the charity is associated with blacklisted peotiien that charity is funding terrorist activities).
Current commercial solutions, such as Know Your tQuer or Anti-Money Laundering
[CIRAS] support such capability. Rule-based anedythowever, require explicit knowledge by
the user of patterns or rules considered meaningfddving such knowledge for a diverse,
complex domain is infeasible, especially when datdistributed over multiple heterogeneous
data sources. To this end, automating associammtification will ease the burden paced on
the analyst of checking all patterns of interest.

Furthermore, an analytic system may incorporatekingn techniques to determine the
relevance of associations matching the specifietiepes. For compliance in some of the
aforementioned application areas, ranking the tesafl an analyst's query is required. For
instance, the EU Third Money Laundering Directieguires banks to take a “risk sensitive”
approach to Customer Identification Program appboa. This means that banks must verify
the identity of beneficial owners in an order basedvhich beneficial owners pose a greater risk
in comparison with others.

2.5.3 Association Discovery

Discovery of meaningful associations involves mgnithe relevant data in order to find
associations that are meaningful in respect tovangdomain. Data mining is the discovery of
implicit patterns, rules and complex relationshigsiding in large data sets. In defining
semantic associations, [Anyanwu03] defindxaperty Sequencdetween two nodesandy, as
a finite sequence of properties (labeled edgesyimch the properties express a uniform
directionality between andy. Thus, in each pair of connected nodes in theessmpy each node
is the origin of one property and the terminus bther property Based on the definition of a
Property Sequen¢Anayanwu03] describes three types of associatwinich are relevant to the
context of this thesis:

1. Two nodesx andy are -pathAssociatedf there is a sequence of properties between
them such that all properties in the sequence Qdlothe set of properties defined in

2 Eitherx is the origin of the first property in the sequence waiglthe terminus of the last property,»is the terminus of the
first property and is the origin of the last property.



the corresponding schema(s), and eithés the origin and; is the terminus or visa
versa.

2. A pair of nodex andy are -joinAssociatedf there exist two property sequencps,
and ps, which are joined at an intermediate nageand eitherx andy are the
respective origins gbs, andps or x andy are the respective terminus fms; andps.

3. A pair of nodex andy are -IsoAssociatedf there exists two property sequenpss
and ps representing the same pattern of properties @abetiges), and andy are
either the respective origins or the respectivenir@uses.

These definitions were refined in [ShethetalO5fatax the restriction of directionality on the
properties:

1. Two entities aresemantically connected there exists an alternating sequence of
properties and entities &&mantic pathconnecting them.

2. Two entities aresemantically similarif there exists a pair of matching property
emanating from them.

3. Two entities aresemantically associateifl they are eithesemantically connectear
semantically similar

Corresponding techniques for mining such associatican be extremely useful when no
predefined rules are specified. However, data rgimnlimited by the fact that it cannot reveal
the significance of an association. This limitatican be overcome by incorporating ranking
schemes and/or heuristic based search methods.eldpagwg such techniques for relevant
association discovery in a semantic web is theshzEfghe SemDis project in our Lab.

2.5.4 Ranking

To aid the analyst in determining what is meanihgfua mountain of information, ranking
techniques can be implored. Such ranking can Herpeed based on user criteria. For instance,
an analyst may specify that associations spanniagynentities are more important than those
spanning few entities. This may be the case iagpiication for anti-money laundering where
money from a certain activity may change hands nmtangs over in order to elude detection.
Another way for an analyst to specify what may bEanmngful is through the use of a notion of
context [Aleman-Meza03]. For instance, an anafsstessing the threat posed by an airline
passenger may indicate that associations involairggntext of aviation training or simulation
are of greater importance than other associatiddghough such criteria may be specified prior
to query processing, criteria based ranking diffesen rule-based techniques in that results are
not ordered based on specific patterns or inferemes.

In [Aleman-Meza05], the authors discuss a rankicigeme for semantic associations which
offers an analyst multiple criteria for ranking sertic associations. Said criteria are categorized
into two types of groups: semantic and statisticBlhe semantic metrics described aomtext
which are ontological regions defined as groupscarficepts and relationshigubsumption
which pertains to the hierarchical classificatidnconcepts andtrust, which is determined by
how trusted is a source from which entities areaeteéd. The statistical metrics discussed are
rarity, which is defined as how rare entity types andlieipschema properties are in the
corresponding datasgtppularity, which relates to how many relationships involvepecific
node (nodes with high in-/out- degrees), @sdociation length Each of these criteria can be
given a weight indicating how important a criterisrwith respect to one another.

3 The authors only discuss thifs:subClassOfelationship with no consideration to tits:subPropertyOfelationship.



Technigues based on non user specified criterialamein use. These techniques typically
involve ranking based on novelty or rarity of as@sation [Lin03]—Ilooking for anomalies in
the data. For instance, an analyst using an agtigit for passenger threat assessment may
perform a query involving an architect with citizfap in Saudi Arabia. The analyst should be
more concerned about results connecting the mlatflight school in the U.S. rather than those
connecting him to an urban technical school. Hmvewovelty of associations may not be of
interest in applications for anti-money launderingwhich malicious individuals would want
their relations to one another to seem common.

Other non user specified criteria based rankinghrtegies incorporate heuristics in
determining order of relevance. The authors off{&@)8] discuss a need to determine an order in
which to serialize a resulting discovered subgraphey describe structural based heuristics, in
which all property types are considered equallgvaht, using thresholds on: number of triples
with the same source and edge label, and numb#ipt#s with the same source; as well as
semantically based heuristics, i.e., consideringtviyipes (sub classes) of person for which the
person is searching and general knowledge of symest

[AnyanwuO5] provides the user a modulative releeamodel for specifying a conventional
search mode or a discovery style search mode. relesance model is then combined with
semantic and information theoretic techniques, el &, heuristics to determine in what order
to rank the resulting semantic associations. Rstance, obscure and unpredictable results are
considered significant, and therefore ranked highthe discovery mode, yet the same results
would be ranked very low in respect to the conwsrai search mode. In [Anyanwu05], two of
the factors which determine the rank of a semaasisociation are: 1) the probability of
occurrence of a labeled edge in the associatioh that less probable edges indicate greater
information gain, and 2) refraction of an assooiativhich determined by how much it deviates
from possible paths represented in the correspgndohema(s). Aside from specifying a
relevance model, a user of SemRank can add keywwords query increasing the rank of
semantic associations which contain a property witabel matching the keyword—this is the
final factor used in determining the SemRank vétuea semantic association.

2.5.5 Heuristic Based Discovery

Due to the possible enormity of these result gatsgcessing analytic queries can be quite
intensive with respect to technical resources reggiexcessive time or memory. In [Alesso04],
the authors discuss two groups of search algorithmsformed and informed. Traditional
uninformed (or exhaustive) search techniques saclepth-first searctandbreadth-first search
are inefficient due to high costs of processingetifhepth-first searchand memory allocation
(breadth-first searcli—both algorithms are in EXSPACE. Thus, informed l{euristic based)
search algorithms can reduce the risk of such ssteresource allocation by usit@g priori
knowledge to guide the search. For an exampleitigo, see the description of [Eliassi-Rad05]
in chapter 3. Heuristic based approaches are ainol rule-based approaches in that certain
associations can be ignored during processing. edewy where rule-based applications will
ignore an association as soon as it deviates frgiwen rule, heuristic-based applications will
use other factors in determining when to discomtianalysis of an association.

While such algorithms are more efficient in ternis@source allocation, the down-side is
incompleteness of search results. While pruningearch space, results that are actually
important to the analyst may be determined irrelely the heuristics such that what is returned
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to the user is not contextually relevant. Thuse caust be taken in how the heuristics determine
relevance while performing a search. In this paperdiscuss an algorithm which incorporates
multiple heuristics; and we developed a systemdasethis algorithm in which an analyst can
configure which heuristics are used and the impoegahereof.

2.6 Semantic Visualization

The ability to browse and visualize an ontologyciigcial to semantic analytics [Sheth05)].
Current tools such as Protégé and Semagix Freedomdp interfaces for schema creation
which allow a user to graphically visualize and mpatate the hierarchical structure of classes
and properties in a schema. Figure 2.1 [Shethaadi®4] illustrates a graphical user interface
for Semagix Freedom in which a user can definesthecture of schema classes (in the left-hand
pane) as well as specify possible relationshipsatributes of a class (in top and bottom right-
hand panes, respectively). Such capabilities tagsiser to gain a cognitive understanding of
schema structure.

A more crucial capability for semantic analytissthe ability to visualize search results.
While automatic analysis can reveal meaningful @issions in information, it will be useful for
an analyst to have the ability to further browse émtology based on the results. Furthermore,
an ability to actually navigate the individual Isks crucial to gain further insight. Figure 7.12
illustrates a TouchGraph [TG] representation of tesults of an analytic query. Such
technology provides an analyst with an interfaceisoialize multiple semantic associations that
exist between two given entities. As any two giegrtities can be connected by an enormous
number of semantic associations, the ability ts@né the analyst with a subset containing the
most relevant associations is the motivation betiiedvork presented herein.

11



%8 Knowledyge Modeler

Edit

Gl el v w

| %

EntityClassTree
W] entity
[#] persan
&~ ] place
@[] thing
[®] Organization
[#] Deragatory Terms
@ [#] ID Dacument

Ld Passport
[#] Content Category
[#®] OCC High Risk Business wpe
[#] Watchlist

] Relationships
|/ entity
|9 [ thing

Attributes
|3#) entity

@ [#] thing

& thing® located in place
@ ¥ ID Document
B person is identified ky 1D Document®
[#] Passport

synomym:  STRING

@ ¥ D Document
Expiration Date:  STRIMG
[#] Passpart

Figure 2.1 Semagix Freedom’s Knowledge Modeld6hethandAvant04]

12



CHAPTER 3
RELATED WORK

Reasoning and knowledge discovery over graph datdels has been studied in the Graph
mining community and more recently in the contexthe Semantic Web. The remainder of this
section highlights work which is most relevant too

The work most directly related to graph-based keolge discovery and reasoning for the
Semantic Web is that of Semantic Associations. ieoliest of our knowledge this is the only
existing work of this type. The nature of web dpitbert02] often leads to an overwhelming
amount of associations between two entities. Tobainthis problem, [AnyanwuO05][Aleman-
Meza05] propose to rank Semantic Associations. Asalernate approach, the method in
[Mukherjea04] filters the search space before cdmguassociations. They adapt Kleinberg's
hub and authority scores [Kleinberg99] to compum@artance of Semantic Web resources and
then only consider nodes with importance greatan gome threshold when computing Semantic
Associations. Their preprocessing step based oorteapce thresholds is likely to discount those
paths that contain even a single unimportant nddar approach to this problem is
fundamentally different from these two. We try fadf the ‘best’ set of associations which
contain a visuallycomprehendible number of resources.

There has been a considerable amount of work dotieei field of graph mining to detect
patterns in graphs. Patterns discovered are cleaizad either by their anomalous nature or
frequent occurrence, among other things. Efficigigbrithms have been developed for many
variations of the frequent subgraph discovery probl[Yan03][Huan04][KuramochiO2].
Community and group detection is another well-gddiraph mining problem which attempts to
discover communities and groups based on link amalirhe problem has been studied on both
the web graph [Flake02][Gibson98] and other dats [g&libi04]. These graph mining problems
focus on graphs with single node types and sindtge dypes, however. For the Semantic Web
we need algorithms which take into account the seicg of different node and edge types.
Novel Link Discoverywas introduced in [Lin03] and involves findingovet paths between
entities, novel loops, and significantly connected nodes. The oulogy used in this work
considers different node and edge types but difien® ours in that importance is determined
purely from rarity. Thus, in the context of a seti@aweb, novel links would be those links that
display rare patterns of relationships (labeledesiigr types of semantic associations. Also the
paths examined in [Lin03] are considerably shotkem the ones we examine. In [Eliassi-
Rad05], the authors discuss pruning a potentiaigd search space using a heuristics-based
search method. The heuristics they describe @wspidncy statistics for node types and edge
types in order to define a probability model for asering the uncertainty of an edge’s
occurrence in the semantic graph.” The heurigtitsmpt to find only leskkely paths between
a pair of nodes.

4 A visually comprehensible number of resources is a graph whicheaasily visualized on a single screen. See Figure 7.12
for an example query result which can be entirely visualized argkesicreen.
5[Lin03] definesnovellinks as connections that may indicate previously unkown, but isigmifkinds of connections.

13



CHAPTER 4
ALGORITHMS

In [Faloutsos04], the authors develop two algorghmhich take as in put a weighted graph
to obtain a display graph connecting two resouré¢es. our purposes we compute weights on an
RDF graph (as explained in chapter 5). The autpoesent an algorithm for extracting a so-
calledcandidate grapHrom an input graph. They also propose an algoritased on electrical
circuits to extract alisplay graphfrom thecandidate grapHor a given budgeb. Hence, the
goodnesgunction—mentioned in th€onnection Subgraph Problestatement—is a measure of
maximum delivered current through the electricalvoek that is present in a display graphbof
nodes. For our purposes we refer to theseCamdidate -graph and Display -graph,
respectively.We therefore define agraphas a graph composed of the edges and entitiehiwhic
appear in (a subset of) the semantic associatiomsecting a pair of entities We assume that
the properties (edges) in the RDF graph are unéideconsider a query which asks to find the
relevant ways in which entity is related to entityX. We make this assumption of undirected
edges to prevent the exclusion of a path of themfoyawe -3 %I® Y, wherdl<i<n.

By relaxing the directionality restriction on edges& obtain a graph in which edge distances are
symmetric, i.ed(u,v)is equal tad(v,u) as are edge weights, ive(u,v)is equal tov(v,uy.

4.1 Candidate -graph generation algorithm

The candidate -graph generation algorithm is based on a notion of distabetween two
nodes. The algorithm grows a Ssiround the source nodand a seT around the sink nodg(s
andt are referred to as the roots of their respectiuts) sentil a certain threshold is met: a
maximum number of total nodes or maximum numbecuifedges betwees andT. At each
iteration, a pending list is maintained for eachthese sets which consists of those nadeS

andnl T and adjacent to some nodd S8T. The setSandT are expanded by choosing from

the pending list the node with shortest distanceitioers or t. For an edg€u, v) the distance
betweenu andv is given by the following formula, and the lengitha path is the sum of the
distances between its edges:

(degree (u)+ degree (v))? (1)
w(uv )

distance (u,v) = log

wherew(u,v)is the weight orfu,v).
The aim of our initial experiments is to determthe quality of theCandidate -graph in
terms of its ability to capture the best paths leetthe query endpoints.

6 A -graphmust contain the two endpoints for the respective semantidaisos.
7 This is not strictly the case when the SPAN heuristicésl uas discussed in section 5.3
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4.2 Display -graph generation algorithm

The display graph generation algorithm prunes teeetated candidate graph down to a
smaller size while ensuring that the resultant pdugraph conveys maximum information. In
[Faloutsos04] the authors present a rather eleg@uation to this by modeling the graph as an
electrical circuit where the edge weights represkatconductance values in the circuit. They
use the fact that current flows from high voltageldw voltage, to impose direction on an
otherwise undirected graph. By modeling the cam@idgraph as an electrical network, where
the first entity in the query is the sours@and the second entity is the sipknformation flow
through the graph is analogous to the flow of aurtbrough an electrical network frogto t.
Using Ohm’s law and Kirchoff's law, a system ofdar equations is created with voltages at
each node as a variable in these equations. Edghts are analogous to edge resistance in an
electrical network.

Let R(u,v) be the resistance of edgev), let I(u,v) be the current flow fronu to v and let
V(u) be the voltage at. We then have Ohm’s Law:

V() -vV) )

"u,v:il(uv) = RUY)

giving the relationship between voltage, current eesistance, and Kirchoff's Law:

"vist: 1(uv)=0 )

u

stating that the current flowing into a node mugua the current flowing out of a node
ultimately giving us the system of linear equations

= YOO @
where

Ru)= R(u,v) (5)
is the total resistance of edges incidentiamd

V(s)=1, V()=0 (6), (7)

Solving this system of equations gives voltagesaah node and currents on each edge. The
voltages and currents are then used to flow al@tigsofrom sources to sink. This step takgs
time, which motivates the need for the Candidatglgrgeneration process. The greedy display
generation algorithm attempts to find a displaypgraf at mostb (set to 100 in our experiments)
nodes which maximize the amount of total curreivdeed from the start node to the end node.
Starting with an empty subgraph, this algorithmaterely adds paths until meeting the budget
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At each of the iterations, a dynamic programmirggpeathm is used to make the greedy choice of
which path to add to the subgraph. The greedy ehigithe path which has the maximum ratio
of delivered current to number of new nodes addetie¢ subgraph. Delivered current is defined
as follows:

F(s, u) = I(s,u) (8)
(5= Uyrt) = L8 = Uy ) Uiaoth) (©)
Iout(ui—l)
Where
Iout(u) = I (U,V), " V:V(U) >V(V ) (10)

\

In our experiments we test the model based on ruflev used to compute these display
graphs

4.3 System Architecture

Figure 4.1 illustrate the architecture of systemcWwhsupports querying an RDF metadata
store using the above described algorithms. Twotpare of significance: the metadata store is
annotated by multiple schemas (which is the mdtwafor our Span heuristic presented in
section 5.3), and the returned results are indhm Df a subgraph which can be visualized by an
analyst. The system operates by allowing an anhtdyspecify a pair of entities, as well as, the
desired settings for the heuristics, which are fleento the algorithms for discovery of a relevant
subgraph.
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CHAPTER 5
HEURISTICS

RDFS vocabulary allows users to represent classes poperties thereby indirectly
imposing meaning on resources defined by the tgpeslationships in which a resource can be
involved. Hence we define three quantities indlyebiased on semantics and RDF statement
types and frequencies. Our aim in doing this isge semantics to compute edge weights thereby
guiding the algorithm in the subgraph discoverycpss. We formally define a schema S as the
union of the following sets:

C :{C‘(C,rdf:typerdfs:CIa$>}
=] :{pK p,rdf:typerdf:Property) Usc,cd Cci rdfs:domah(p) Ucd rdfs:range(p)}-

Further, we define an RDF data store=(P,I) where p= s and | is the set of
corresponding instance triples:

I ={<s, p,o)‘(s,rdf:typeQ),(p, rdf:type rdf:Property), (o, rdf :typeC2>}

We assume a resource that is classified as annoestaf classes belonging to different
schemas in our data set is uniquely identified teyURI. In other words, no data integration
operation is required.

5.1 Class and Property Specificity (CS and PS)

Intuitively more specific resources and properti@savey more information than general
ones. For instance, a schema may contain a highdtass nameBersonwith many subclasses
such asEmployeeand Trustee In such a schema, classifying an entity airsteeconveys
more information about the entity than classifyings aPerson

As a result of thedfs:subClassOf and rdfs:subPropertyOf properties provided by RDF
schema it is possible to impose a partial ordewhgroperties and classes in the schema
resulting in a well formed hierarchy of classes anaperties. For a given propeny let d(pn)
be the length of the longest path in the hieratchg that containg;, and for a given class, let
d(gw) be the length of the longest path in the hierartkg that contains;. Properties and
classes at the root of their respective hierarcbgstin the schema are considered most general
while those at the leaves of these trees are cemesldmost specific. Therefore a measure of
specificity can be associated with each class opgaity commensurate with its position in its
hierarchy. Let the depth of an arbitrary propentyts property hierarchy ba(p) and the depth
of an arbitrary class in its class hierarchydg¢g). Therefore, the specificity of property and
classc; are given by

18



_ d(p) _ dle)) (11)
(pi) d(piH) (Cj)_d(cjm)

Every resource that is an instance of the dassassigned the weight(c,) . If a resource is an
instance ofk distinct classes it is assigned the val@)=maxXn(c )}. To convert this node
1EXEK

weight into an edge weight, the value is equallstributed among all edges incident on the
resourca. This weighting scheme favors nodes with lowerrdégsince the node specificity is
divided equally among its incident edges, therekxuges incident on nodes with high degree
will get a lower weight. We feel that nodes invedvin fewer relationships convey more specific
and hidden information.

rdf:itype
—p—»  rdf:Property
lives_in  lives_in RDF Schema

lives_in
lives_in §
lives_in

ouncil_member_of

council_member_of
council_member_of
)f lives_in
council_member_g& R
o council_member_of

Figure 5.1 Instance Participation Selectivitylllustrative example
for Instance Participation Distribution Instance
Participation Selectivity (IPS)

RDF Instances

5.2 Instance Participation and Selectivity (IPS)

Another rule-of-thumb is that rarer facts, or staats, are typically more informative than
frequently occurring ones [Lin03]. Consider the rapée shown in Figure 5.1. The example
shows two relationshigs/es_inandcouncil_member_dadefined on the class®ersonandCity.
The instance®y,p.. pm Of the classPersonare members of the council @ity ¢, hence the

8 As previously stated, we consider edges in an RDF graph to bectedir Hence, the degree of a nadis the sum of the in-
and out-degrees of i.e.degree(uf in-degree(u) + out-degree(u)
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relationshipcouncil_member_obetween eaclps,p;.. pm to ci1. Instances of clasBersonpm+1,
Pm+2:--- -2, Pe-1, Pk represent people who live @ity ¢; and therefore are related ¢ by the
relationshiplives_in.From the perspective of the nocle following an edge labelddes_inwill
lead to one node among-m possible nodes. In contrast, following an edgeelizd
council_member_oiill lead to one node among nodes. Given that rarer paths are considered
more informative, the amount of information gaindsy choosing to traverse the
council_member_atfelationship to a node in the sghfp,. pm} is more than the gain achieved
by choosing to traverse ttiges_inrelationship to a node in the sepmfi, Pm+2,---P-20 Pe-1, P -
This is akin to choosing the hop with maximum imfi@ation gain [Anayanwu05].

To define this heuristic formally, we define thetino of thetypeof an RDF statement. The
type of an RDF statements,p,0 is defined as the triple= C;,P;,Cc wheretypeOf(s)= G

and typeOf(o)= G. Further, | | is thus the number of statements of typm a given RDF
instance base. We therefore definstance Participation Selectivifpr each RDF statement as

= 1/] | giving greater weight to those statement typeghvhre less common or more rare.
Going back to Figure 5.1, let Person, lives_in, City and = Person, council_member_of,
City . According to this example,=1/(k-m)and :=1/mand ifk-m>mthen >

Attributing further to the possible rarity of tgpe of an RDF statement is the notion of
multiple classifications resulting from annotatwgh multiple schemas. These multi classified
entities can allow for the instantiation of implitypes of RDF statements not defined explicitly
in the corresponding schemas. For instance, aty entvhich is classified as aActor in a
schema for the entertainment domain (Figure A.@)ctalso be classified asSpokespersom a
schema for the business domain (Figure A.5). dfRDF data were to contain a statement such
that e acts_ina moviem, instantiating the explicit statement type Actor, acts_in, Movie,

then the implicit statement typé = Spokesperson, acts_in, Movidas been instantiated.

5.3 The Span Heuristic (SPAN)

In [Anyanwu05] the authors define a ranking mekimown asRefraction.Given a path of
the formvy, @, W, &... 8.2, -1, &-1,Vih from vy to v, wherevil Resourcesindgl Properties”i
1 i n, this path is said taefract if there exists at least a pair of statementge,vis1

Vit1,841,Vir2 - SUCh thatggsle,e,, T s). In other words a path passes through more than on

schema. Figure 5.2 illustrates an ontology in White instances may be annotated by multiple
schemas as well as a semantic association whigep#srough multiple schemas.
Refractionmeasures the extent to which a given path confaones schema. As mentioned
earlier, one of the characteristics of a discovprgcess is the detection of anomalous
information. We consider resources that are it&amf classes belonging to different schemas
as being indicative of anomalous paths betweengilien entities, since they tie different
domains together. This is especially important nvia@alyzing semantic data that has been
annotated by multiple disparate schemas, andoibssible only by allowing entities to belong to
several classes. What makes such paths anomalodsherefore interesting, is the fact that
these paths represent a deviation from the expgatts suggested by the individual schemas.
For example, in our scenario in Figure 6.1 an mstaof the clas®ersonmay be classified as
both an instance otlass Actor in the Entertainmentdomain and an instance of class
SpokesPersoim theBusinesglomain. Such an instance serves to link diffesehemas.
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Figure 5.2. Multiple classification of instances.

We therefore need a heuristic that favors the emdiof suchrefracting paths to our
subgraph. Let us consider the example in FigureFoBevery node in a given RDF graph we

can define a set calle@chemaCover 5sci s Utypeof(v) =

c}. TheSchemaCovefor each of the

nodes in the set, u, w, V2 V3 V4, vs} is shown adjacent to the respective node in FeduB. To
favor paths that span as many schemas as podsélsearch algorithm favors nodes that are
classified under as many “new” schemas as posatbéach step. By “new” we mean schemas
that have been least recently encountered alongrtecydar path. LetSDiff(u,v) represent the
number of new schemas seen as a result of tragdrsimu to v, where the value &Diff(u,v) =
|SchemaCover(v)-SchemaCover(u)jhe idea behindSDiff is to ensure that the candidate
discovery algorithm chooses a node that is in av"ngchema. Howeve8Diff alone does not
ensure that the search will continue through thew'nschema. To combat this problem we
define the Cumulative Schema Differenc€SDiff(u’,u,v) = 1+SDiff(u,v)+SDiff(u’,v) for

vi adj[u] - {u¢ measuring the number of different schemas thatrwaved in a pair of edges

(u’,u) and(u,v), whereu’ is the predecessor nodeudthe node adjacent toon the shortest path
to its respective root—as described in section. 4\ then normalize thiSumulative Schema
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Difference(CSDiff) measure to compute a factoy,, ., (for a two-hop patliu’,u,v)) between 0

and 1 by using the maximum possible valu€8Diff (as given in the denominator of equation
12):

OBy, &, wherem is the number of schemas (12)
" 1+2(m- 1)

Adding 1 to the tw&Diff terms prevents from obtaining asalue of O in the case that nodes
u’, u andv are all classified in the same schema(s) as oothan We must then add 1 to the
normalization factor as well to ensure that aNalues are between 0 and 1. This is justified
since the additions are performed in all cases,amadhus a constant increaseC®Diff and the
corresponding normalization factor.

We then obtain the adjusted weight given by:

VV((U,V) = ue®udv * \N(u’vl) (13)

The effect of the factor is to bias edge weights in the following way. &s&sor nodes that
are instances of classes belonging to schemas ththerthose of the current and previous node
are more likely to be visited, quantified by theot@Diff terms of CSDiff More specifically, in
the case of the example in Figure 5.4, a part@giong is imposed by the adjusted weight@u,

Vi), on the nodes as follows v; Vvs3 Vo Vvs. The nodev is therefore visited next. However,
the measure is not sufficient to distinguish between nodealircases. Consider the example in

Figure 5.4. Nodes; andv, have the same value ffs, ,,, ; butvi should be more desirable than

Vo because it has a larg&chemaCovewralue. For such cases, we define a factor called
SchemaCoverFactor(u, v)

1 [SchemaCovu) +|SchemaCové/)  \yherem s the number of schema&t®)
2 m

(uv)=
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{A.B8.C,D}

SDiffiu. v
SDifffu,va)
SDviffiu,vy)
SDifffuvy) A C Di-fA, B} = 2

SDifffuvs) =|{A}-{A, B} =0 o ACD)
SDifffu vy} =4, B, C, D}-{A}| =3

SDifffu vo) =|{B}-{A}| =1

SDifffu’,vy) =|{A, B, C}-{4}| =2
SDifffuvy) =|{A. C, D}-{A}| =2
SDifftu vs) =|{A}-{A} =0

Figure 5.3. Span metric computation

As per the calculations shown in Figure 5.4, thistdr treats the nodeg preferentially over
nodev, i.e.vi V. thus resolving the ambiguity. The value &f, ,, iS computed at each step
during the discovery process in contrast toahmiori values of edge weights computed using

and shown in equation 16.5,,,, IS then used to adjust the weightu, \) "i1£i£n.

Thus, if SPAN is used, the distance measure us#teicandidate -graph generation algorithm
is augmented:

(degree (u)+ degree (v)) (15)

distance (u,v) = log w(uv y
' u® u® v

Finally, using these heuristics, the weight of dgeeis calculated by the following equation

(Puoy )+ A ) R )
_ Y72 degree(u) degree(v)
w(u,v) = n

(16)

+ (uv)

where p, v IS the property connecting the resource nadandv, and is the type of the
Statemen(u, pu®v'v> .

As discussed in the beginning of chapter 4, we idenghe edges in an RDF graph to be
undirected. However, there is a caveat to thisnasng the span heuristic. When the heuristic
is used, the distance on an edge/) is dependent on the node from whose expansiaras
added to the results, i.e!, and its classifications. Thus, whitfu,v) is dependent on the
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classifications ofr’, d(v,u) is dependent on the classificationsvbuch that node was added
to the results by expanding In this cased(u,v)may not be equal t(v,u)
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SDiffu,v) =|{A, B, C, D}A, B}|= 2
SDiff(u’,vi) =|{A, B, C, D}-{A}| =3
CSDiff= 1+SDiff(u, \) +SDIff(U’, vy)
b _ CSDiff

U®ud® v, 1+ Z(m' 1)
b _ 1+3+2

u® u® v 1+2(4_ 1)
SDiff(u,\}) =|{B,C,D}A, B}| = 2
SDiff(L ,v») =|{B,C,D}-{A} =3
CSDiff= 1+SDiff(u, \s) +SDiff(u’, )
b _ CSDiff

u'® u® v, 1+ Z(m' 1)

1+3+2

bu'® u® v = m = 0.8571

=0.8571

Since
h h

auv) :% Sc emaCov(u);Sc emaCovéy) _ 075
h h

a(u,v2)=% |SchemaCovéu) +|SchemaCovéy, ) 0625

m

And,

wiuv,)= e ey * wluy,)
Becausev(u,V) is calculated using(u, V)
w(u,w)t w(u,w)

\ w((u,v,)t w(u,v,)

even If bu'® u® Vi = bu'® u® Vy

Figure 5.4. Influence of the Schema Cover Factor. Without using th
Schema Cover Factor, the weights (in respect t&EBwN
heuristic) on the edges,(v;) and (i, v») are equal, even
though the scheme coverage of the two edges desatif.

5.4 Semantics in Heuristics

These heuristics are clearly based on the struadfirthe semantics expressed in the
schema(s) by which the data is annotated:

Without the hierarchical relationshipgd{s:subPropertyOfand rdfs:subClassQf
expressed in the schema(s), the class specifi€i§) @nd property specificity (PS)
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heuristics would not be possible as all classesmngerties would share the same
level of specificity.

Without edge labels and entity classifications,eyf statements, such Bgrson
council_member_of Cifyas used in the instance participation selectiy®s) heuristic
would not be possible as all edges would indicagesame meaning (as is the case in
the data set used in [Faloutsos04]). Furtherntbese labels allow the representation
of multiple relationships between entities, rathhem single meaningless connections.
Without the notion of multiple classifications fentities, as well as the ability to
annotate data with multiple schemas, the span (§PwNristic would not be possible:
a semantic association can only span multiple sekeafmt including entities which are
multiply classified across multiple schemas.

An algorithm incorporating these heuristics cawlln analyst to specify what aspects of
the semantics are the most significant. To thib, @my subset of the heuristics can be used in
computing a relevant subgraph between a pair oésio@ased on these four heuristics, there are
2* (16) combinations of the heuristics, and we usehed these combinations in our empirical
evaluation (see chapter 7) of applying our hewsstio the algorithms described in [Faloutsos04].
In each subset of the heuristics, we consider échistic used to be of equal significance.
Thus, if only two heuristics are use, the final gigiof an edge is the sum of the weights given
by the respective heuristics; if all four are ustb@, final weight is the sum of the weight given
by all four heuristics

9 In our experiments, we compare all 16 combinations, including usingunisties. In this case, all edges are given the same
weight; thus, the semantics represented in the data aredgnore
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CHAPTER 6
DATASET AND SCENARIO

The types of datasets used in semantic analytidicafipns typically contain sensitive
information and are therefore not publicly avai@ablThus, in order to apply the aforementioned
algorithms and heuristics, we needed to simulaetipulation of the ontology schemas used in
these applications. To this end, we used a syntldetaset for our experiments which also
provided us control over characteristics of theada@his helps us ensure that our results are not
unduly affected by unknown aspects, i.e., connggtivelative instance distribution, etc. of the
dataset. Collection of real world data followsadmost opportunistic approach since availability
often dictates design. As a result there is roonskaw in instance data population. This skew
may not always reflect real-world distributions,vees observed in our experience with SWETO
[Aleman-Meza05]. Consequently, we used an operrcsou tool, TOntoGen [Perry05],
developed in the SemDis project, that takes astiamet of ontology schem@&and a properties
file specifying relative distributions of instancefsclasses and properties that would be expected
in the real world. For example, consider two aasis theBusinesontology (Appendix Figure
A.2.): Trusteeand Employeelt would be reasonable to assume that if theré&@@®€ instances of
the clas€Employeehen there aranlikely to be 1000 instances of the class Trustee. lostaof
the classTrusteeare more likely to number less than 100. These rmusnhre domain specific.
Our method for assigning values to these relatig#&idutions is empirical and a discussion of
this issue is beyond the scope of this thesis.r&gelt of running this algorithm is an RDF graph
that contains nodes and edges that are instanatssses and property types belonging to any or
all of the classes in the given schemas. The gi@pbur experiments contains 30,000 nodes and
45,000 edges.

While the results and evaluation herein are basethis synthetic dataset, we are currently
expanding SWETO to have a richer schema with moterasting relationships as well as
developing an ontology based on medical docume8tsch datasets will potentially allow user
evaluation through the opinions of domain experr instance, a medical researcher could
perform a query and verify the relevance of thelltes

As a motivation for the domains used in our datasesider the following example. A fraud
investigator with the Securities and Exchange Cassion (SEC) receives the following piece of
information about a week after the stock prices EmtertainmentCompany_ 9983ummet.
Actor_5567sold 70% of his shares &ntertainmentCompany_ 99&he week afteCapt 8262
sold all of his shares in the same company. Bathstictions took place two weeks before the
prices plummeted. The example subgraph shown inr€ig.1 might help an investigator
visualize the connections between the resoukctsr 5567andCaptain_8262

10 See section A.2 of the appendix for illustrations of the 3 schas®abin our synthetic dataset.
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Figure 6.1. Sample Query ResulExample snippet of a subgraph
returned for the query(Actor_5567, Captain_8262) on our
synthetic dataset— Nodes in the above graph aoe-cotled
according to the ontology to which their class hg®
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CHAPTER 7
RESULTS AND EVALUATION

We recognize the fact that the notion “best” supbr& very subjective and dependent on the
user’'s perspective. It is however desirable to haveobjective measure that could be used to
guantify the quality of a generated subgraph. Hsee of judging relevance of paths, i.e. path
ranking, has been addressed in [Anyanwu05] andijaleMeza05]. In [Lin03] the authors use
rarity of the path as a measure of its interestingnesgeftly, these are the only three efforts
that measure path relevance in relational datath&iefore use these path ranking mechanisms
to evaluate the quality of both th€andidate -graph and theDisplay -graph In our
experiments th€andidate -graphsgenerated contained 30db@odes and thBisplay -graphs
were restricted to a maximum of 100 nodes makiegitkasy to visualize. The results presented
herein are values averaged over 30 queries.

7.1 Evaluation using Path Ranks

In our data set there are over 60 million pathenfth 13 between the two endpoints used in
Fig. 4. Paths of this length are unlikely to benmiich interest to the user. To evaluate our
subgraphs, we run an exhaustk«nop limited Depth-First Search (DFS) on the input dgrap
between the two entities. We use a depth limit &ioPs for our experiments for feasibility of
path enumeration for ranking. Note that both ha&ndidate -graph and Display -graph
generated do contain arbitrary length paths, bubmlg consider paths of length at most 9 for
fairness of comparisemn We represent the paths returned byktmpDFS as the sdtGPathsg
(paths of up to 9 hops in the full grapfhere are therefore 30 distineGPathsg sets, one for
each query in our experiments. We rank the patleaal of thé=-GPaths sets using the ranking
mechanisms proposed in [Anyanwu05] and [Aleman-N8&k& addition to what we caRarity
Rankbased on the method suggested in [Lin03]. The adrik pathp based on th&®arity Rank
scheme is given by the inverse of the number digpttat share the same type as patbach of
the ranking mechanisms applied to the B@Paths results in a list of ranked paths. Let us
assume that this leads to ranking from Xl where M is the rank of the least relevant patt L
this set of ranked paths be representedF@RankedPaths We therefore have three distinct
scales FGRankedPathssets) against which the quality of bo@andidate -graph and the
Display -graphcan be measured. In all of the graphs shown b#iew-axis represents the 16
possible combinations of the 4 heuristics we vigeclassand property specificity (CS and PS),
Instance Participation Selectivity (IP&hdThe Span Heuristic (SPAN)

11 This was the observed number of nodes inGhedidate -graph for all the 30 queries used in our experiments. Further
investigation revealed that this was an artifact of the corwityabf our dataset.
12 See the appendix for a discussion on other k-limits for evalu@tingidate Graph Quality
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7.2 Measuring Candidate -graph quality

To measuré€andidate -graphwe compare the best paths in the entire graphasetin the
Candidate -graph. Let CGPaths represent the set of paths in t@andidate -graph with
maximum length 9. For each paflanddate CGPathg we count the number of patips
FGRankedPathssuch thatrank(p) > rank(Randidgard- This gives us the rank of each path in the
Candidate -graph with respect to all paths in the $86RankedPaths The score of a path is
calculated by the cardinality of (9 hop) pathshe full graph minus rank of the path, formally
given by:

score(Randidate) = \FGRankedP!shs9 - rank(P.andidate) (17)

The quality of theCandidate -graphis therefore calculated as the sum of the scordke
Candidate -graphdivided by the sum of thietop ranked paths iRGRankedPaths where the
Candidate -graphcontainsk paths, formally given by:

(Score(Qandidate)) (18)
Q(CG Pathg ) — _ Peandicad CGPathg

|CGPathg |
GFGRankedesg - r)

r=1

Figure 7.1 shows that the Candidatgraph containingk paths obtained using our edge
weighting schemes achieves between 80—90% of tre $leat can be achieved by choosing the
top-k ranked paths from the full graph (entire datage3@)00 nodes and 45,000 edges). The
Candidate -graphs in our results typically contain 30-40%tlé& paths in the entire graph
between the endpoints yet are 80-90%ga®d” as the top paths in the entire graph between the
two endpoints.

30



Figure 7.1. Quality of the Candidate -graph

The use of heuristics to prune a search spaces pogeaestion as to what is being lost by
using the algorithm. In order to gain insight intdformation loss, we calculated what
percentage of the total number of paths was fountthe Candidate -graph (Figure 7.2). We
then compared these percentages to the percenftaige tal score found in théandidate -
graph (Figure 7.3). To determine the percentage ofttte score in &andidate -graph, we
calculated the score obtained by summing the sobr@l paths for a query. What is most
interesting about Figures 7.2 and 7.3 is that tebpw the same trend as one another.
Furthermore, the percentage of total paths fourndery similar to the percentage of the total
score obtained in théandidate -graph
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Figure 7.2. Percentage of All Paths Found in Candidate -graph

In regards to timing, it takes approximately a féwndred milliseconds to compute
Candidate -graphs. This satisfies our requirement of an adgve subgraph generator, as
described section 4.3, but further timing comparsswith other algorithms would be necessary.
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Figure 7.3. Percentage of Total Score Found in Candidate-graph

7.3 Measuring Display -graph quality

Similar to Candidate -graph quality, we compare the paths in thesplay -graphto the
best paths in the entire graph. Let the B&Pathsrepresent the paths in tiésplay -graph
The rank of a path in thRisplay -graphis computed exactly the same way the rank of h jpat
the Candidate -graphis computed, as is the score.

score(Rspay) =|FGRankedPts,| - rank(Ryqys,) (19)

The quality of a display graph is computed by conmgpits cumulative score to the best
possible display that could be obtained from thikea set of paths in the full graph. We refer to
this best possible display Bseudo-Display -graph In our experiments we usebadgetof 100
nodes for ouDisplay -graphs Starting with an emptyseudo-Display -graph and the path
with rank 1 in the seFGRankedPathswe add paths to theseudo-Display -graph until size
(number of nodes) of thieseudo-Display -graph matches the size of the correspondigplay

-graph The cumulative score of thigseudo- Display-graph yis then computed as the sum of
the scores of the paths. The quality @iaplay -graphis therefore given by:
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SCOre(gisplay) (20)

Paisplay] DGPaths

Score(guseudo)
Ppseuad Pseudo Display

Q(DGPathsk

Figure 7.4 shows that starting with Gandidate -graph giving 80—90% quality, the
corresponding computddisplay -graph captures a maximum of 84% of the score that can be
obtained by computing Bseudo-Display -graph from the besk paths in the full graph, where
the Display -graph containsk paths Our results show the quality of Displaygraphs with
respect to SemRank [Anyanwu05] to be surprisingly + 43%. Further investigation of the
methods used revealed that the difference betweeranhking scheme in [Aleman-Meza05] and
that in [Anyanwu05] is that in the former instanuede degrees affect the rank of a path (nodes
of lower degree being favored) whereas in the rdattek of path is determined purely by
properties in the path. Our heuristics favor lodegree nodes and hence the observed trend. A
personal communication with the authors of [Anya@®&jurevealed that extending SemRank to
include the effect of nodes is an intended follgwta this work.

Figure 7.4. Quality of the Display -graph — Note that all weighting
heuristics turned off results in poor graph qualitgontrast
with all heuristics turned on
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As another method of comparingDasplay -graphto aCandidate -graph, we created a
Pseudo-(k)-Display -graph by starting with an empty graph, and then addingcessive top
ranked paths until the number of paths inRiseudo-(k)-Display-graph matched the number of
paths in theDisplay -graph Figure 7.5 shows that th&isplay -graphscomputed from the
Candidate -graphscaptures a maximum of 85% of the score that capblbeined by creating a
graph of the bedt paths—théseudo-(k)-Display-graph

Figure 7.5. Quality of Display -graph with respect to corresponding
Candidate -graph
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Figure 7.6. Successive Current FlowCurrent Flow in 5 Successive
Display -graphs relative to the best

7.4 Successive Display-graph quality

With the intention of validating the current flowowhel for subgraph relevance [Faloutsos04]
we conducted the following experiment. We compuidtht we term asSuccessiv®isplay -
graphs To construct these displayge successively run thBisplay -graph generation
algorithm on the candidate graph. At each suceessn we discount the paths used in previous
displays. This results in the next best Displagraph at every successive run. This process is
repeated five times in our experiments to obtaia Display -graphs. The current flow in each
of these Display -graphs is plotted relative to the current flonthe first Display -graphs on a
log scale in Figure 7.6. The quality of these Displayraphs is plotted relative to the quality of
the first Display -graph in Figure 7.7. There is a large differebo¢h in the current flow and
the display quality between the first display ahd hext display. This confirms that there is a
correspondence between current flow in the Displayaphs and their quality. This in turn
supports the electricity based model for RDF greglhvance. Note that the plots below are
averages of the relative differences of succestisfg@ays over all ranking schemes.

36



Figure 7.7. Successive Display-graph Quality The quality of 5
Successive Display-graphs relative to the best

7.5 Comparison of Different query types

We differentiate our queries into two types: Ind@main and Intra-domain. As the names
suggest Inter-domain queries are those that settls far queries involving entities that are
classified as instances of classes belonging ferdiit schemas. Intra-domain queries seek to
find paths between entities of classes belongirthécsame schema. Of the 30 queries used for
our evaluation, 15 are inter-domain queries andrgSntra-domain queries.
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Figure 7.8. Quality of Candidate -graph for Inter-domain Queries.

In Figures 7.8 and 7.9 we present the Candidageph quality Q(CG-Patbsfor the Inter-
domain and Intra-domain queries, respectively,nratdiempt to gain insight into which of our
weighting schemes work best for each query type.

Figure 7.8 shows peaks at tH¥ and the 16 combinations of settings of the four heuristics
viz. Instance Participation Selectivity (IPS tH¥)2and Span + Instance Participation Selectivity
(the 10"). IPS favors rarer paths, based on the raritgawh statement in the path, and since
paths passing through multi-classified nodes arerrahe 2° combination results in better
quality Candidate -graphsthan other settings. Combining SPAN with IPS"(t@mbination)
results in even better Candidatgraphs as paths traversing multiple schemas are race than
those remaining within a schema. IPS and SPANefber are better settings to discover Inter-
domain Display -graphs.
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Figure 7.9. Quality of Candidate -graph for Intra-domain Queries.

Figure 7.9 also shows a slight peak at tfec@Bmbination of settings, but not as defined as in
Figure 7.8. Furthermore, the"l@ombination of settings in Figure 7.9 actually wha dip in
Candidate -graphquality compared to the ranking metrics describefleman-Meza [Aleman-
Meza05]. This is due again to rarity being favolyd SPAN and IPS: most paths between
gueries in the same domain will not traverse mi@tgiomains, and thus, the use of SPAN adds
no benefit for inter-domain queries. In fact, tipeality of theCandidate -graph for Inter-
domain queries portrays little variability among @etting combinations. Intuitively, this occurs
because there is not much variability in respectht affect of the heuristics within a single
domain. For instance, there is little variety ¢atesment types within a domain, whereas
undefined statement types (undefined in respeahyoof the individual corresponding schemas)
may occur when considering multi classified erditie
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Figure 7.10. Percentage of Total Paths found in Candidate-graph.

The difference between query types is reiterate8ligyre 7.10 and Figure 7.11. The former
figure illustrates the percentage of paths existmthe full graph which were actually found in
the Candidate -graph The top line represents the percentages foa-shdmain queries, while
the bottom line represents the same for Inter-dongpieries. As shown by the figure, on
average a greater percentage of paths exist foa-tttmain queries than for Inter-domain
gueries. The number of paths for Inter-domain iggeis typically greater than that for Intra-
domain queries. Averaged over the queries, we djmgroximately 15,000 to 30,000 paths for
Inter-domain queries, while we find between 5,06@ 40,000 for Intra-domain queries. Paths

between entities are typically shorter within a ém and are thus more likely to lie within a
Candidate -graph
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Figure 7.11. Percentage of Total Score found in Candidate-graph.

An interesting aspect of Figure 7.10 is what wefse¢he 18" combination: SPAN and IPS.
For both Inter-domain and Intra-domain queries, thedidate generation algorithm obtains
subgraphs containing nearly the same percentatmadfpaths indicated by the peak for Inter-
domain and the dip for Intra-domain queries. Tyes$ of paths between entities of different
domains are likely to be rare resulting in a gredkenefit when using a combination of the
SPAN and IPS heuristics. Due to the commonalitgath types within a domain, the opposite is
illustrated for Intra-domain queries.

Figure 7.11 illustrates similar comparison withpest to the percentage of the total score
rather than the number of paths. This graph waergéed by computing the score given by
obtaining a subgraph containing all paths betwewities in a query, and then comparing that to
the score for the correspondi@andidate -graph The figure shows the same trends as in
Figure 7.10 with the combination of SPAN and IP@rgg similar results for both Intra-domain
gueries ant Inter-domain queries. Considering thigure 7.11 compares the score of a
Candidate -graphwith the score of all paths, this trend shouldhbeored in Figures 7.10 and
7.11.

7.6 Timing Evaluation
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In regards to timing, we compared the speed ofxduagstive search over the full graph to
the speed for computing @andidate -graph and performing a subsequent exhaustive search.
The exhaustive search method used isidirectional join algorithm. We built a generated
database table for the triples in the RDF graphripée table The table contains a pair of tuples
for each triple: the second tuple in each pairnisreverse of the first. We utilized secondary
indexes on the endpoint of each triple. The atgoritakes as input the two entities anktlzop
limit. It then iteratively joins thdriple table on itself from opposite directions, where each
directional table corresponds to one of the endpoirAfter each directional join, the current
tables (produced from either direction) are joiadthe growing edges of the tables) to find the
associations of less than lendgth The algorithm halts upon joining the two directl tables
such that the resulting table contains all assiociatof lengthk.

Table 7.1 shows results ferhop limits from 5 to 8. The first second colunmthe table
shows the average time, over the same 30 querekingll of our evaluation, for the exhaustive
search over the full graph; whereas, the third molshows the average time foCandidate -
graph search (computing @andidate -graph and performing a subsequent exhaustive search
on theCandidate -graph). (All times are given in milliseconds.) The tl@a®lumn shows the
ratio of theCandidate -graph search to the full graph exhaustive search. Wthieratios for a
k-hop limit of 5 or 6 shows poor results for the garting aCandidate -graphto exhaustively
search over, the ratios ferhop limits of 7 and 8 show much better resultshilé/the time for
an exhaustive search increases by at least an ofdaagnitude 10 with each successive hop
limit, the same increase is much less f@andidate -graphsearch.

Table 7.1 Timing results. Comparison of an exhaustive search over
the full graph to Candidategraph search (computation of a
Candidate -graphand a subsequent exhaustive search over

the -graph).
- . . f
k-hop limit | Full graph search) | Candidate -graph searcl ) | Ratio: /
5 504 2389.313 4.740699
6 1,686 2617.063 1.552232
7 17,354 3808.938 0.219485
8 1,261,099 76063.88 0.060316

7.6 Sample Query Result

Figure 7.12 shows the TouchGraph [TG] represemtatioa result obtained for the query
described in the scenario in chapter 6. The samassociation described in Figure 6.1 for the
scenario is shown by the darkened nodes and etige.other, smaller association illustrated in
Figure 6.1 also appears in Figure 7.12. Cleahlg,result is a visualizable subgraph containing
the relevant associations. The heuristics for ¢jusry were Instance Participation Selectivity
and Property Specificity.
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Figure 7.12. TouchGraph for Scenario Query Result. This is an example
result from the scenario query. The image higltéidhe path
described in the scenario which was obtained inghalts.
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CHAPTER 8
CONCLUSIONS AND FUTURE WORK

In this thesis we address the growing need foreba&ichniques to discovery meaningful
associations in a Semantic Web. To this end, we lsapted the algorithms presented in
[Faloutsos04] for use in semantic analytics. Quntibution was three-fold:

1. We utilize the degree of a nodewvhen computing the distance on an efg®).
Due to the fact that we are applying the descrilgdrithms to (a main-memory
representation of) an RDF graph model, we are tbkmowa priori the degree of
V.

2. We apply the algorithm to graphs with multiple tgpaf edges, as defined in the
schema(s), rather than one edge-type, i.e., cormme of names.

3. We compute edge weights based on the structureeoémantics by which the
instance base is annotated.

We then conducted extensive empirical evaluatiothefresults of 30 analytic queries using
all possible combinations of our heuristics for gating edge weights. The evaluation included
separate examination of the affects of the heasistin each of the algorithms developed in
[Faloutsos04], as well as examination of both haloanain and inter-domain queries.

Our results suggest that using edge weights gestelat our weighting scheme results in
highly relevantCandidate -graphs where relevance is judged using established atking
metrics. Further evidence supporting this claim lsarseen from quality of tHaisplay -graphs
In our experiments, the ranking metrics proposedAfeman-Meza05] show that the quality of
the Display -graphs are best when using Class Specificity (CS), IretaParticipation
Selectivity (IPS) and Span together. Results fer $uccessive Displays serve to support the
electricity flow based model for RDF subgraph relese, besides validating our edge weighting
schemes. Results presented in this paper seempvemyising for application domains like
Ontology based Scientific Discovery where the &bt visualize relevant relationships between
metadata entities is crucial. As a follow up tostiwork we plan to apply our techniques to
develop tools for finding correlations between @lyglation patterns and patterns of gene
expression within a cell line in the Glycomics [81@] domain.

We further propose to develop algorithms to suppadries involvingh endpoints for RDF
graphs. For instance, in the scenario describegihean analyst may want to ask a question
such as “how do the two individuals in questioratelto one another in respect to the company
in which they sold all of their stocks?” Due t@tbandidate generation algorithm’s linear time
reduction of the search space, the algorithm cbelé&xtended to generate a candidatgaph
containing neighborhoods around all entity nodethequery. A neighborhood would be found
for each node, continually growing until the stogpcondition is met. Furthermore, changes to
the stopping conditions would have to be made @eoto ensure that cut edges exist for all
neighborhoods.
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8.1 Using Closeness for Node Expansion

The method for deciding which node to expand next loe altered to consider the distance
from one node to all nodes in the query. We haguh investigating methods that determine
how close one node is to all other nodes. Theeet&o notions of closeness [Friedkin91]:
“closeness centrality” is a measure of how close ande is in respect to all other nodes,
whereas “betweenness centrality” is a measure iofwige closeness respective to each pair of
nodes in the graph. To use these notions for dateli-graph generation, closeness measures
can be restricted to consider the closeness ofla morespect to only the nodes specified in the
guery. Our intuition is that the notion of closesevill help in neighborhood growth by ensuring
that the neighborhoods grow towards one anothem. the current implementation, these
neighborhoods grow in a random direction irrespeatif one another.

For answering such queries withpoints, new methods for displaygraph generation need
to be investigated. The current sense of netwtoWw fconsiders one source and one sink;
however, this is not conducive for queries witlpoints. One method for closeness based on
network flow [Brandes05] considers multiple soueral sink nodes for an electrical network.
However, care must be taken in deciding which gumedges are source nodes and which are sink
nodes.

One further issue pertaining isplay -graph generation based on network flows is the
direction imposed on an edge by the sense of ddwildw in a network of electrical circuits. It
may be the case that an edge ), wherei < j, exists in the highest ranked path from nede
nodet. Yet, upon solving the system of linear equatioesessary to determine the downhill
flow in the electrical networky; may be found to be downhill formy; and thus, while the
highest ranked path may have been found irCwedidate -graph, no path containing the edge
(w, u) can be added to the resulting display graph. TPlssibility increases the need to
investigate other methods of generatirigisplay -graph

8.2 Defining and Specifying Context

Another interesting direction involves formaliziige notion ofContextand investigating
Context-Aware Subgraph Discoveaigorithms. Furthermore, results of a query cdwddused
define context. For instance, a localized repregiem of the schema(s) could be generated
respective of the resulting subgraph, and then tefated for further querying.

8.3 Candidate -graph and ranking metrics

While we have shown that the algorithm and hewsstor Candidate -graph generation
return high quality results, it is evident that Display -graph does not perform quite so well
compared to ranking metrics, even given a highityu@landidate -graph One reason for this
is the direction imposed on edges by computingagals and currents on nodes and edges,
respectively. Consider a situation in which thghleist ranked path in th@andidate -graph
contains an edgeu(Vv), such thau is closer (in respect to number of hops) to there® node
than isv, yet upon solving the system of linear equatiohe,voltage orv is greater the voltage
onu. In such a situation, the highest ranked patth@Candidate -graph cannot be added to
the Display -graph A further disadvantage of generating isplay -graphis the need to
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solve the system of linear equations: this becowery time consuming as the size of the
Candidate -graphincreases.

Thus, due to the performance of the former algorjtalong with its linear time reduction (a
node and/or edge is visited only once durandidate -graph generation) of the search, a
system could be developed to combine candidatergime and ranking metrics. The resulting
combination would be a two step process: prunedéaech space to obtairCandidate -graph,
and then search for all paths utilizing a rankiogesne. The outcome could either be all paths
listed in order of rank, or a subgraph containing topk paths (as in the case of tReeudo-
Display -graph).

46



[Adibi04]

[Aleman-Meza03]

[Aleman-Meza04]

[Aleman-Meza05]

[Albert02]

[Alesso04]

[Anyanwu03]

[Anyanwu05]

[BeckettO1]

[Berners-Lee01]

REFERENCES

Jafar Adibi, Hans Chalupsky, Eric MelzcdaAndre Valente. The KOJAK
Group Finder: Connecting the Dots via Integrated\ledge-Based and
Statistical Reasoning. In Proceedings of the Sntteelnnovative
Applications of Artificial Intelligence Conferen¢gAAI-04), 2004.

B. Aleman-Meza, C. Halaschek, |.Mpinar, and A. Sheth, Context-
Aware Semantic Association Rankingiyst International Workshop on
Semantic Web and Databas®&serlin, Germany, September 7-8, 2003,
pp. 33-50

B. Aleman-Meza, C. Halaschek, A.etBh I. B. Arpinar, and G.
Sannapareddy, “SWETO: Large-Scale Semantic Web-Beztt In
Proceedings of the 16th International Conference $aftware
Engineering & Knowledge Engineering (SEKE2004): Wé&brop on
Ontology in Action, Banff, Canada, June 21-24, 2Qfpt 490-493.

Boanerges Aleman-Meza, Christian lablzhek-Wiener, 1. Budak
Arpinar, Cartic Ramakrishnan, and Amit Sheth. RagkiComplex
Relationships on the Semantic Web. To AppearlBEE Internet
Computing, Special Issue - Information Discovergeblles & Haystacks
May-June 2005.

Albert, R., and Barabasi, A.-L., "Stdit®l mechanics of complex
networks", Reviews of Modern Physics 7J (JanuaB22047-97.

H. Peter Alesso: Semantic Search Tdolgyo SIG SEMIS Semantic
Web and Information Systems. 2004
http://www.sigsemis.org/columns/swsearch/SSE1104/

Kemafor Anyanwu, Amit P. Sheth:Queries: enabling querying for
semantic associations on the semantic web. WWW :288B 699.

Kemafor Anyanwu, Angela Maduko, Amit &h, SemRank: Ranking
Complex Relationship Search Results on the Semawéb. The 14th
International World Wide Web Conference, (WWW200Ghiba, Japan,
May 10-14, 2005

Beckett, D., The Design and Implemeatatof the Redland RDF
Application Framework. inTenth International World Wide Web
Conference(Hong Kong, 2001), ACM.

T. Berners-Lee, J. Hendler, and.&3sila, “The Semantic Web: A new
form of Web content that is meaningful to computeii unleash a

47



[Brandes05]

[Broekstra02]

[Carroll04]

[Cerebra]

[ChakrabartiO4]
[CIRAS]
[Corese]

[Dillo3]

[Eliassi-Rad05]

[Faloutsos04]

[Flake02]

[Friedkin91]

[Gibson98]

revolution of new possibilities”, Scientific Amedn, May 2001.

Ulrik Brandes and Daniel Fleischer:
Centrality Measures Based on Current Flow. Procnd2ZSymp.
Theoretical Aspects of Computer Science (STACS 'DECS 3404, pp.
533-544. (c) Springer-Verlag, 2005.

Broekstra, J., Kampman, A. and HaemglF.v., Sesame: A Generic
Architecture for Storing and Querying RDF and RDEh&ma. in
International Semantic Web Conference 20&ardinia, Italy, 2002).

J. J. Carroll, I. Dickinson, C. Dolli). Reynolds, A. Seaborne, K.
Wilkinson. Jena: Implementing the Semantic Web dR@oendations.

The 13th International World Wide Web Conferen®®WW2005), New

York, New York, USA, May 17-22, 2004

Cerebra, Inchttp://cerebra.com/

Deepayan Chakrabarti, Yiping Zh&hristos Faloutsos: R-MAT: A
Recursive Model for Graph Mining. SDM 2004

Semagix-CIRAS Anti-Money Laundering,
http://www.semagix.com/solutions_ciras.html

Semagi Inc.

Corese  Semantic Web  Fectory
sop.inria.fr/acacia/soft/corese/index.html

DILL, S., EIROL, N., GIBSON, D., GRUHL, DO. GUHA, R,

JHINGRAN, A., KANUNGO, T., RAJAGOPALAN, S., TOMKINSA.,

TOMLIN, J. A., AND ZIEN, J.Y. 2003. SemTag and Seek
Bootstrapping the semantic Web via automated samannotation. In
Proceedings of the 12th International World Wide bMEonference
(WWW-2003) (Budapest, Hungary, May 20-24 2003).

Tina Eliassi-Rad and Edmond Chdusing Ontological Information to
Accelerate Path-Finding in Large Semantic GraphsP@babilistic
Approach. American Association for Artificial Illigence 2005

Homepagéuttp://www-

Christos Faloutsos, Kevin S. McCuyrledndrew Tomkins: Fast
discovery of connection subgraphs. KDD 2004: 118-12

Gary Flake, Steve Lawrence, C. Lee Gilesans Coetzee. Self-
Organization of the Web and Identification of Conmtes. IEEE
Computer, 35(3), 66-71, 2002.

Noah E. Friedkin. Theoretical foundmis for
centrality measures. American Journal of Sociold(6):1478--1504,
May 1991.

David Gibson, Jon Kleinberg, Prabhakaaglavan. Inferring Web
Communities from Link Topology. In Proceedings ointi ACM

Conference on Hypertext and Hypermedia, pages 325-Rew York,
1998.

48



[Gruber03]

[Guha03]

[Hammond02]

[Handschuh02]

[HandschuhO3]

[Haase04]

[Huan04]

[Janik05]

[Jena]

[Karvounarakis02]

[Kleinberg99]

[Kuramochi02]

[Lassila99]

[Lin03]

Thomas Gruber. It Is What It Does: TReagmatics of Ontology.
Invited presentation to the meeting of the CIDOhExptual Reference
Model committee, Smithsonian Museum, Washingtor;. DMarch 26,

2003.

Ramanathan V. Guha, Rob McCool, Eric Mill&emantic search.
WWW 2003: 700-7009.

HAMMOND, B., SHETH, A., AND KOCHUT, K2002. Semantic
Enhancement Engine: A Modular Document EnhancerRé&itorm for
Semantic Applications over Heterogeneous ContentReal World
Semantic Web Applications. V. Kashyap & L. Shklads., I0S Press.

HANDSCHUH, S., STAAB, S., AND CIRAVEM, F. 2002. S-
CREAM Semi-automatic CREAtion of Metadata. In Prexdiegs of the
13" International Conference on Knowledge Engineeriramd
Management (Siguienza, Spain October 1-4 2002).

HANDSCHUH, S., AND STAAB, S. 2003. ERM CREAting Metadata
for the Semantic Web. Computer Networks. 42: 578;%sevier.

Peter Haase, Jeen Broekstra, Andreashd&hemRaphael Volz. A
Comparison of RDF Query Languages. Rmoceedings of the Third
International Semantic Web Conference, Hiroshinagpah, 2004

Luke Huan, Wei Wang, Jan Prins, SPIN: MgniMaximal Frequent
Subgraphs from Graph Databases. In Proceedings hef 2004
Conference on Knowledge Discovery and Data MinlBf5KDD2004),
2004.

Maciej Janik and Krys Kochut. BRAHMS: Workbench RDF Store
and High Performance Memory System for Semantic ogiasion
Discovery. Ininternational Semantic Web Conference 20(@Galway,
Ireland, 2005). (to appear).

Jena Homepadd#tp://www.hpl.hp.com/semweb/jena.htm

G. Karvounarakis, S. Alexaki, €hristophides, D. Plexousakis, M.
Scholl, RQL: A Declarative Query Language for RD¥FWW2002, May
7-11, 2002, Honolulu,Hawaii, USA.

Jon M. Kleinberg: Authoritative Soescin a Hyperlinked Environment.
J. ACM 46(5): 604-632 (1999)

Michihiro Kuramochi, George Karypi&rew — A Scalable Frequent
Subgraph Discovery Algorithm. In Proceedings of 200EEE
International Conference on Data Mining (ICDM), 200

O. Lassila and R. Swick. Resource Opson Framework (RDF) Model
and Syntax Specification, W3C Recommendation. 1999.

Shou-de Lin, Hans Chalupsky: UnsupervisadkLDiscovery in Multi-
relational Data via Rarity Analysis. ICDM 2003: 1778

49



[McBrideO1]

[Milgram67]
[Mukherjea04]

[MySQL]
[Ontoprise]
[Oracle]

[Page98]

[Perry05]

[Polikoff03]

[PostgreSQL]

[Protégé]

[Prud’hommeaux05]

[RDFCore]

[RDFS]

[RDFSemantics]

[Redland]

[Seaborne04]

McBride, B. 2002. Jena: Implementing tRDF Model and Syntax
Specification. Proceedings of the Second Internati®vVorkshop on the
Semantic Web (Hong Kong, China, May 1 2001).

Stanley Milgram, “The Small World Prayh”, Psychology Today, May
1967. pp 60 — 67.

Sougata Mukherjea, Bhuvan Bamba: BieRtMiner: An Information
Retrieval System for BioMedical Patents. VLDB 200866-1077

MySQL: http://www.mysql.com/

Ontoprisehttp://www.scai.fraunhofer.de/829.0.html

Oracle Corporatiomttp://www.mysgl.com/

L. Page, S. Brin, R. Motwani, T. Winogrdiihe PageRank Citation
Ranking: Bringing Order to the Web", Stanford DadjitLibraries
Working Paper, 1998.

Matthew PerryTOntoGen: A Synthetic Data Set Generator for Seimant
Web Applications, AIS SIGSEMIS Bulletin Volume 2 Issue 2 (April -
June) 2005, pp. 46 - 48

|. Polikoff and D. Allemang, “Semantid@echnology,” TopQuadrant
Technology Briefing vl.1, September 2003.
http://www.topquadrant.com/documents/TQ04 _Semaihgchnology B
riefing.PDF

PostgreSQhittp://www.postgresql.org/

Protégéhttp://protege.stanford.edu/

Eric Prudhommeaux and Andy Seabo 2005. SPARQL Query
Language for RDF. W3C Working Draft, available at
http://www.w3.org/TR/rdf-spargl-query/

RDF Core Working Groupttp://www.w3.0rg/2001/sw/RDFCore/

RDF Vocabulary Description Language 1.0 RDBchema

http://www.w3.0org/TR/rdf-schema/
RDF Semantidgtp://www.w3.org/TR/rdf-mt/

Redland Homepadstp://librdf.org/

Seaborne, A. 2004. RDQL - A Query uagg for RDF. W3C
Submission, WWW Consortium (Cambridge, MA 2004)aiable at
http://www.w3.0rg/Submission/2004/SUBM-RDQL-2004010

50



[Semagix]

[SemDis]

[SemDisAPI]

[SeRQL]

[Sesame]

[Sheth02]

[Sheth03]

[ShethandAvant04]

[ Sheth04]

[ShethDROPSO05]

[Sheth05]

[Shethetal05]

[Thacker03]

Semagix, Indittp://www.semagix.com/

Semantic Discovery: Discoverying Complegldionships in Semantic
Web. http://Isdis.cs.uga.edu/projects/semdis/

SemDis API.
http://Isdis.cs.uga.edu/projects/semdis/sweto/imepage=5

J. Broekstra and A. Kampman: The SeRQL Quanguage. Technical
Report, Aduna, 2003.

Sesambttp://www.openrdf.org/

A. Sheth, C. Bertram, D. Avant, B. HamwohoK. Kochut and Y. Warke.
Semantic Content Management for Enterprises and Wedb, IEEE
Internet Computing, July/August 2002, pp. 80-87.

A. Sheth, I. B. Arpinar, and V. KashydRelationships at the Heart of
Semantic Web: Modeling, Discovering, and Exploitirgomplex
Semantic Relationships,” Enhancing the Power ofitbernet Studies in
Fuzziness and Soft Computing, M. Nikravesh, B. AzR®. Yager and L.
Zadeh, Springer-Verlag, 2003.

Amit Sheth and David Avant. SeticaWisualization: Interfaces for
exploring and exploiting ontology, knowledgebasstehogeneous content
and complex relationships. NASA Virtual Iron BWdorkshop, March 31
and April 2, CA

Amit Sheth, William York, Christopher dinas, Meenakshi Nagarajan,
John A. Miller, Krys Kochut, Satya S. Sahoo, Xiaoah Yi,“ Semantic
Web technology in support of Bioinformatics for Géyn Expression,”
W3C Workshop on Semantic Web for Life Sciences,2870ctober
2004, Cambridge, Massachusetts USA.

Amit Sheth. From Semantic Searchingegration to Analytics.
http://drops.dagstuhl.de/opus/volltexte/2005/46/

Amit Sheth. Enterprise Applications @n&ntic Web: The Sweet Spot
of Risk and Compliance. Invited paper: IFIP Intional Conference
on Industrial Applications of Semantic Web (IASW300 Jyvaskyla,
Finland, August 25-27, 200%ittp://www.cs.jyu.fi/ai/OntoGroup/IASW-
2005/

A. Sheth, B. Aleman-Meza, |. B. Amin C. Halaschek, C.
Ramakrishnan, C. Bertram, Y. Warke, D. Avant, F.A$pinar, K.

Anyanwu, and K. Kochut, Semantic Association |d&dtion and

Knowledge Discovery for National Security Applicais, Journal of
Database Management on Database Technology, 18(33.3Jan-March
2005, Eds: L. Zhou and W. Kim

Sanjeev Thacker, Amit Sheth, and Statel. Complex Relationships
for the Semantic Web. Spinning the Semantic Web,FBnsel, J.

51



[TG]
[Xu05]

[Yan03]

Hendler, H. Liebermann, and W. Wahlster (eds.), NPfEss, pp. 297-
316.

TouchGraph Homepaghttp://www.touchgraph.com/

Jennifer XU and Hsinchun Chen. Criminal Wetk Analysis and
Visualization. In Communications of the ACM, Volen#8, Issue 6,
100-107. 2005

Xifeng Yan, Jiawei Han. CloseGraph: Mini@josed Frequent Graph
Patterns. In Proceedings of the 2003 Conference Koowledge
Discovery and Data Mining (SIGKDD2003), 2003.

52



APPENDIX

A.1 Evaluation Using Multiple Hop Limits

While we feel that using a 9-hop limit to evaluaile heuristics against ranking metrics is
satisfactory, in this section we provide figurespifying evaluation based on hop limits of 5, 6,
7 and 8. However, comparing these two figuresigmiie 7.1, we see that evaluation for paths

limited to 9 hops indicates similar candidate gyalanging from that of 5 and 6 hop limits to 7
and 8 hop limits.

Figure A.1. Quality of Candidate -graph for 5 hop limit.

Figures A.1 through A.4 reveal a 75-95% score fa guality of the Candidate Graph
algorithm based on the heuristics presented herdmterestingly, the Figures A.3 and A4
portray better quality of candidate graphs in rdgano 7 and 8 hop limits for ranked paths as
compared to limits of 5 or 6 hops. Intuitivelyjghndicates that high quality paths of longer
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sufficient length are being obtained during candidgeneration. Evaluation of these inter- and
intra-domain queries for these hop limits indicagmsilar trends to those seen in Figures 7.8 and
7.9 in that intra-domain queries show higher quatitgeneral than inter-domain queries. Again,
this is likely due to the typicall longer paths faufor inter-domain queries over that of intra-
domain queries.

Figure A.2. Quality of Candidate -graph for 6 hop limit.
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Figure A.3. Quality of Candidate -graph for 7 hop limit.
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Figure A.4. Quality of Candidate -graph for 8 hop limit.

A.2 Scenario Schemas

Figures A.5, A.6, and A.7 are graphical represéntatof the 3 schemas (business domain,
entertainment domain, and sports domain) used&synthetic dataset.
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Figure A.2. Schema for the Business Ontology
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Figure A.2. Schema for the Entertainment Ontology
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Figure A.3. Schema for the Sports Ontology
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