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Abstract

With the advent of the World-Wide Web, end-users - individuals and organizations who
access information from the Web - have access to large amounts of information. In most
cases, a single information source cannot satisfy the needs of end-users. The end-users need
to compose information from multiple sources to adequately satisfy their requirements and
to get answers to their queries. Today, the end-users are responsible for manually composing
information. Ideally, the end-user should have tools that alleviate the burden of manual
composition by composing information from diverse sources automatically.

Before composing information from diverse sources, however, the composer needs to
resolve any semantic heterogeneity among them. Although considerable progress has been
made in resolving heterogeneity related to operating systems, and networking protocols,
little progress has been made towards solving problems that arise due to semantic hetero-
geneity. Such heterogeneity arises due to mismatches in the semantics of terms used in the
information sources. Mismatches occur because different organizations have different busi-
ness needs. Attempts at achieving agreement on the semantics of terms and maintaining
such agreement may be successful in small domains but is futile for large ones.

In order to resolve the semantic heterogeneity of information across information sources,
one must understand the semantics associated with the information. Despite advances in
technology, machines find it difficult, if not impossible, to decipher the exact semantics
associated with information. A popular approach to solving the problem of unspecified or
under-specified semantics is to use meta-data structures like ontologies that can be processed
by machines. Information sources increasingly come with ontologies that explicitly define
the terms used in the sources and their relationships.

Large information sources use large vocabularies. Large vocabularies, in turn, result
in large ontologies. Often, creating an ontology from scratch is unnecessary and more

expensive than constructing an ontology by reusing existing ontologies. A large number of
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ontologies are available and can be reused. Creators of ontologies need to perform a set of
common operations in order to reuse existing ontologies and create new ones from them.
In this work, I present an Ontology-Composition Algebra that consists of a set of basic
operators that can be used to manipulate ontologies. The algebraic operators can be used
to declaratively specify how to compose new, derived ontologies from the existing source
ontologies. A declarative specification allows easy replay of the composition task when
source ontologies change and the change needs to be propagated to the derived ontologies.
If there does not exist a means to quickly and easily update the derived ontologies when
the source ontologies change, the derived ontologies supply stale and often inconsistent
information to its clients.

As argued above, before multiple ontologies can be composed, the semantic heterogene-
ity among these ontologies must be resolved and a set of articulation rules established that
specify the correlation among related concepts across source ontologies. 1 have decoupled
the algebraic machinery that is used to manipulate ontologies from the component that de-
rives the semantic correspondence among ontologies to create two distinct components: (1)
Articulation-rule generating functions generate articulation rules among pairs of ontologies,
and (2) Algebraic operators use the articulation rules to compose the source ontologies.

Articulation-rule generation functions can be implemented as semi-automatic subrou-
tines that deploy heuristic algorithms to articulate ontologies. Empirical evidence shows
that semi-automatic articulation generating functions can be implemented and form an
useful component of information composition tools.

The Ontology-Composition Algebra has unary and binary operations that enable an
ontology composer to select interesting portions of ontologies and compose them.

I characterize the properties of the algebraic operators. I have identified the necessary
and sufficient conditions for the optimization of composition tasks. Not surprisingly, most
of these properties depend upon properties of the articulation generation function employed
to resolve the semantic heterogeneity among the ontologies being composed.

This work is a first-step in implementing an interoperation system that tackles seman-
tic heterogeneity among information sources by using ontologies to explicate the semantic
relationships in the information sources. The algebraic machinery introduced provides a
framework for the composition of ontologies and the declarative specification of composi-

tion tasks makes future maintenance easier when ontologies change..
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Chapter 1

Introduction

1.1 Heterogeneity Across Information Systems

The World-Wide-Web has enabled people to publish and access information easily. As
a result, the Web has a very large number of sources of information (web pages and their
underlying data repositories). End-users — people who access the World-Wide-Web — have
access to vast amounts of information published on the Web. The end-users are interested
in extracting information from this huge repository and deriving answers to queries. Having
good and comprehensive information is essential for effective decision making. They can
do so by searching for information across millions of web pages using keywords [BP98].
However, often no single information source can satisfy the needs of end-users. The end-
users have to sift through a large number of web pages — the results of a web-search
— and then manually extract, relate and compose the information they need. Relating
information from multiple sources is a hard problem because the sources of information are

often inconsistent.

1.1.1 Inconsistency Among Information Sources

Heterogeneity among information sources results from their differences in hardware, operat-
ing systems, network interfaces, access protocols, query languages, and communication and
messaging protocols. While there has been substantial progress on resolving these sources
of heterogeneity among information sources, little progress has been made in resolving het-
erogeneity arising from the differences in semantics of the information sources. Creators of

information sources use terms with specific intended meanings in their own contexts. We
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will refer to this meaning as semantics of terms throughout the thesis. Semantic hetero-
geneity arises because different sources have different vocabularies and semantics. Different
creators use the same term with different meanings. Thus, the semantics of information
from different information sources is different. Very often, two different sources use the same
term but associate different meanings to it (hyponymy), while different terms are used in
two sources to mean the same thing (synonymy).

Often, creators of information sources differ on how to classify objects. A creator of an
information source structures the information in the source such that the interests of the
creator are best satisfied. The creator is less concerned about the use of the information
source by a secondary system that uses the information since catering to the needs of such

a system is outside the scope of the creator’s responsibilities.

The Problem of Synonyms

In many cases, the creators also use different terms to refer to the same real-world object.
For example, one uses the terms truck in the United States of America and the term lorry
in the United Kingdom, respectively, to represent similar vehicles.

Consider the case of an American business owner who wants to expand her business
by opening an unit in the U.K. that supplies goods to British customers. She seeks trans-
portation options for her goods. Without knowing that a lorry is a truck, she will miss

information about valid transportation options available to her.

Differences of Scope

Often, the author of an information source uses the same term to denote multiple meanings.
Even if not entirely different, the scopes of the intended meaning of a term differs. Simple
scope differences that create troublesome inconsistencies abound.

Consider the example of a university, whose Personnel department and Payroll depart-
ment use the term employee with differing semantics. The Payroll department considers
a graduate research assistant, who receives a monthly salary, a employee. The Personnel
department classifies a graduate research assistant as a student and only the faculty and
staff of the university as employees. Each department has designed its information source
depending upon its needs. Not all graduate students are employees and not all assistants

are graduate students.
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Lack of agreement among information sources results in inconsistencies. A highway
police department, an architect, and a government registration agency defined the term
Vehicle differently. Registration in California covers houseboats, which are excluded from
the concern of the police and architects. The California Department of Motor Vehicles
(DMV) uses the term Vehicle to include vehicles that move on land as well as on water (like
Watercraft) whereas the California Highway Patrol (CHP) does not use the term Vehicle
to refer to vehicles that move on water. Since the CHP is not mandated to enforce the law
on California’s water bodies, it not interested in watercraft. Each of the two organizations
has defined the term Vehicle according to the needs of its own organization. Such problems
are common but rarely recognized until composition is affected.

In order to compose information obtained from the DMV and that obtained from the
CHP, one has to be cognizant of the differences of scope of the term Vehicle as used by
the two different organizations. The composer needs to know the exact specification of
the semantics of the terms used in the two different information sources used by the two
organizations to differentiate between the two overlapping semantics of Vehicle and avoid

mismatch-related inconsistencies.

1.1.2 Reasons for Semantic Heterogeneity Among Information Sources

In this section, we describe the reasons for semantic heterogeneity among information

sources. They are as follows:
1. Autonomy of information sources.
2. Variations due to linguistic biases.
3. Different publishing objectives.

Sources are autonomous, and hence, there is no reason for them to be mutually con-
sistent. Publishers of information have different viewpoints and different objectives for
publishing the information. In the absence of a global mandate, agreed upon by all pro-
ducers and consumers of information, publishers disseminate information, whose semantics
conforms to their different viewpoints, on the Worldwide Web.

In domains where there are a large number of publishers with different needs, establishing
an agreement between all publishers is impossible. Establishing global consistency will

involve protracted negotiations. The cost of reaching an agreement in any large domain often
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outweighs the benefits to the publishers. Only the end-users combining information from
multiple sources stand to gain. Besides, if the domain is growing or changing the negotiated
vocabulary will have to be frequently updated. Updating the agreed-upon vocabulary could

potentially again require lengthy negotiations.

1.1.3 The Problem with Semantic Heterogeneity

Whenever the information that is required to satisfy applications is inconsistent — since it
is obtained from inconsistent information sources — the inconsistency needs to be rectified
before an end-user can use the information. Instead of manually visiting several websites
and determining the price of a book, an end-user prefers an automated search engine that
searches multiple bookseller’s websites and then presents the prices and other information
regarding the book (like shipping and handling information) requested by the end-user on
one summary page. Ideally, an end-user should have access to an automated tool that will
reduce the manual labor involved in fully integrating the information. The automated tool
should gather and compose the information required by the end-user from multiple sources

and present the composed information to the end-user in the format the end-user desires.

When applications defer wholesale composition closer to the time of use, the end-user
must use the available tools to bring the sources together. For researchers this task is
natural; they do not expect that linkages among concepts have been provided to them.
For business users, as envisaged for the semantic web, that deferred approach is clearly
impractical; there is neither sufficient time nor the broad expertise at the point of need.
Besides, in the case where there are many end-users with similar applications, e.g., in a
travel-reservation application to book flight tickets and hotel rooms. the end-users have to
repeat the same task of linking concepts across sources before they can use the sources. If
the desired semantics of the applications, say as in several travel-reservation applications,
is simple, well defined and match well it makes more sense to establish the linkages between
the concepts correctly once and for all. The task of the end-users is then greatly simplified
since they do not have to understand the semantics of the sources and bring them together,
but can simply log-on to the application and have all the information from the different

sources available to them.
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1.1.4 A Hard Problem to Solve

Unfortunately, the composition of information from diverse, autonomous information sources
is a hard problem. It is not just a matter of matching words. For example, the organization
of class-subclass hierarchies in different sources are substantially different. This difference
in semantics results in inconsistencies when information is composed from heterogeneous
information sources. To achieve consistent information by composing information from
heterogeneous information sources, the differences between the class-subclass hierarchies in
the different sources must be identified. After identifying the differences, rules must be
established that allow consistent composition of information.

In the next section, I define a few terms that is used in the rest of the dissertation and

describe the problem that I address.

1.2 Scope of the Dissertation

In this work, I refer to databases, knowledge bases, and other sources of information includ-
ing information on the World-Wide-Web collectively as information sources. The creator
of an information source decides the contents, and the structure of the information that is
published.

The owner of an information source owns the information and controls how the infor-
mation can be accessed. The publisher of the information source publishes the information
and has the onus of deciding how the information is published. Oftentimes, especially in
scenarios on the web, the role of creator, publisher, and owner are all played by a single
individual or organization. An end-user is a person who seeks to use information sources to
access information (as opposed to those who developed or support the information sources).
An end-user or a group of end-users with similar objectives can deploy an application —
a program that is built to satisfy their requirements. I use the term expert to refer to a
person who understands the semantics of relevant parts of information sources from which
information needs to be composed.

In this work, I use the phrase, integration of information sources, to refer to an operation
that takes multiple information sources and composes them together to create one new, uni-
fied information source. I use the phrase, interoperation among information sources, to refer
to an operation that retrieves information from multiple information sources and composes

them. As a shorthand, I will refer to the phrase simply using the term “interoperation”
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when the context makes it clear.

1.2.1 Using Information from Multiple Information Sources

An operation using information from multiple sources can only be enabled meaningfully
based on an understanding of the semantics and the structure of the different information
sources. If an application wants to allow end-users to compose information from multiple
sources, it needs semantic-correspondence rules among the terms used in those sources. I
refer to these rules as articulation rules and a tool that generates the articulation rules as an
articulation rule generator in the rest of the dissertation. The generator of the articulation
rules between terms used in different information sources must know the exact semantics

of the terms used in the sources.

1.2.2 Use of Ontologies to Specify Semantics

Unfortunately, the semantics of terms in information sources is not very well documented.
Where documentation is available, it is often written in a natural language and cannot
be interpreted by a computer program. Despite substantial advances made in the field of
natural-language processing, computers still remain unable to interpret the full semantics
of natural languages. Therefore, even automated agents that use natural-language process-
ing remain inadequate to automatically resolve semantic heterogeneity among information
sources with high precision. Besides, even human experts sometimes misinterpret the se-
mantic intentions of the creator of an information source if those intentions are not well
understood.

The World-Wide-Web community has recognized that there is not sufficient seman-
tics available along with information sources that are published on the Web. In order to
remedy the situation, a vision of the Semantic Web has been proposed [HBLMO1]. In or-
der to achieve that vision, there has been a move towards using markup languages like
XML [xml99], DAML [damb], or OWL [owl04] that contain meta-data that specifies the
semantics of the data contained in documents. Marking up documents with more semantic
information than provided in HTML [htm] is a step in the right direction. However, se-
mantic markup, as is available today, is still inadequate to satisfy the requirements of many
applications. The semantic information provided by information markup is quite rudi-

mentary when compared to the semantic information provided by a carefully constructed
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ontology. Gruber defines an ontology as “a specification of a conceptualization” [Gru93].
Ontologies can provide precise definitions of concepts and objects used in an information

source.

The inadequacy of semantic markups is acute especially when end-users cannot tolerate
errors, e.g., in most business applications. Errors in information used can be very costly to
businesses. For example, the home address and the office address of a customer needs to be
clearly identifiable. A customer will not accept delivery meant for his office at his home or
vacation cottage. Such an error might require a costly re-route or result in missing delivery

deadlines.

To automatically compose information from diverse sources well-defined ontologies that
define and explicate the terms and relationships used in information sources is needed.
The tool matches the terms in the ontologies associated with the information sources and
establishes the semantic correspondence between terms across the ontologies in order to

enable interoperation among the information sources.

Cognizant of the need for specifications, increasingly, publishers of information are also
publishing ontologies that contain metadata intended to capture the semantics of the exist-
ing information sources. Publishers are also building new information sources that use only

terms and relationships defined in an associated ontology.

1.2.3 Composition of Ontologies

When information has to be obtained from diverse sources, it becomes necessary to compose
ontologies (corresponding to the diverse sources) that can serve the application domain.
Only in very small domains does one ontology satisfy the needs of the various organizations
in the domain. Furthermore, if an application spans multiple domains, the application needs
to use terms from multiple ontologies. Instead of creating a new ontology right from scratch
containing the terms that the application needs, it is cheaper to create an ontology for an
application by selecting and reusing portions of existing ontologies and composing them
to form a new application ontology. Reusing existing ontologies often results in significant
savings. Applications need the ability to select portions of existing matched ontologies that

are of interest, compose them, and create new ontologies [ME].
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1.2.4 Synchronizing Composed Ontolgies with Changes in their Sources

The information in information sources change rapidly. Organizations introduce new ter-
minology or expand the terminology they use in the information they publish. Thus, they
have an ongoing need to update the ontologies associated with these information sources.
When such an update occurs, any ontology derived from the source ontologies also
needs to change. Updating such derived ontologies in an ad hoc manner increases the
cost of maintenance. More importantly, there is always the chance that due to human
errors of omission the derived ontologies are not updated along with the source ontologies.
As a result, the derived ontology contains stale terminology. An ideal solution to the
synchronization problem between source and derived ontologies when source ontolgies are
updated is to have a tool that automatically triggers a systematic update to the derived
ontology when its sources change [OSSM98|. Such a tool requires an algebraic foundation

based upon which the updates can be systematically handled.

1.2.5 The Central Questions

In this dissertation, I attempt to solve the Ontology Composition Problem. Informally, the
Ontology Composition Problem is defined as follows: Given a set of ontologies O, how can
we select portions of existing ontologies from O and compose them to create a new ontology?

Any attempt to solve the ontology composition problem must answer the two following
two questions satisfactorily. I believe these questions are fundamental ones that need an

answer before one can establish an interoperation system for information sources. They are:

e How can we build a semi-automatic toolkit that generates articulation rules between

two source ontologies?
e Can we formally design an ontology composition system that

1. enables systematic composition of existing (source) ontologies to derive new on-

tologies based on the articulation rules and

2. helps in automatically updating derived ontologies when source ontologies change?

I outline my approach to addressing these problems in the next section. I have the former
question in Chapter 5, where I describe SKAT — the Semantic-Knowledge Articulation-rule-
generation Toolkit that we have built. The latter question is addressed in Chapter 6, where

I describe the algebraic basis of an ontology composition system — OntoComp.
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1.3 A Solution to the Ontology Composition Problem

In this section, I outline the strategy that I have designed to address the Ontology Com-
position Problem and describe the setting for the dissertation. I have designed a tool-kit
called ONION (ONtology compositION) that can be used to resolve semantic heterogeneity
among ontologies using SKAT and compose existing ontologies to create new ones using
OntoComp.

In this work, I consider only information sources whose semantics are specified precisely
using ontologies. These ontologies are structures represented using graphs whose nodes are
terms used in the information sources and edges define relationships among the terms. (for

a formal definition and examples, see Chapter 4).

1.3.1 The Need for a Semi-Automatic Approach

On one hand, since ontologies can be fairly large, establishing articulation rules manually
is a very expensive and laborious task. On the other hand, fully automating the process of

generating articulation rules is also not feasible.

Problems Faced while Automating Ontology Matching

First, as pointed out earlier, there is the analog of the symbolic grounding problem [Har90].
Can the semantics of the terms used in a system be deduced from the information contained
intrinsically in the system? Most ontologies have some descriptions of concepts in natural
languages and various flavors of rule-based languages like first-order logic [Smu95], descrip-
tion logics [BCMT03], etc..

Second, the structure of an ontology varies significantly from one ontology to another. I
will show in Chapter 5 that matching of ontologies based on structure alone produces very
poor results. Furthermore, even though ontologies explicitly specify some of the semantics
of the terms and their relationships, and some structural meta-data, the specifications are
often incomplete or inadequate to satisfy the needs of the various applications that use
them. Consider the scenario where the semantic information necessary for the application
to meaningfully and accurately use information from an information source is not avail-
able. Without access to the required semantics of the concepts in the source ontologies, an
automated articulation-rule generator cannot generate a precise and complete set of articu-

lation rules. Also, if the complete semantics of concepts in ontologies need to be captured,
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the ontologies need to be coded using more expressive languages. The more expressive a
language is, the less tractable it is. Thus, in my opinion, building a totally automated

articulation-rule generator is impossible [Rus12].

Expert-Aided Matching of Ontologies

End-users using a search engine still have to filter the useful information manually from the
results of the search. End-users performing similar searches have to repeat the filtration step
that is largely similar for similar searches. The person filtering out the necessary information
from the search results must understand the semantics of the information in the information
sources as well as the semantics and the purpose of the application the end-user has in mind.
Incomplete understanding of either semantics results in costly errors. Oftentimes, individual
end-users do not have the expertise to understand the semantics of the information sources.
Nor do they have the ability to incur the effort and the costs involved in fully understanding
the semantics an information source and then using information from them.

Thus, it is preferable to have an automated tool, aided by a human expert, set up the
interopeation environment. Of course, the human expert must understand the semantics
of the information sources as well as that of the application. The costs of deploying the
expert can then be shared among multiple end-users or applications. In such a scenario,
end-users can simply perform the search and get back exactly the information necessary
for their applications. Keeping this scenario in mind, I have designed a semi-automated
interoperation system.

In this setting, I assume that an expert knows the semantics of information across sources
and with the help of a tool identifies the articulation (a term first used in [Guh91]) — the
semantic linkages across the ontologies associated with the information sources. An expert
will have to put in less effort to extract and compose information from information sources

if a good automated tool is available than when the expert has no such tool available.

1.3.2 The Workflow of the Interoperation System
ONION has the following components:
1. Articulation-Rule Generator: SKAT generates articulation rules

2. Ontology-Composition Engine: OntoComp composes existing ontologies to create new

ontologies using the articulation rules and an ontology-composition algebra
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3. Query Processor: QueProc takes user queries and uses the source ontologies, the

articulation rules and the information sources to answer the queries.

4. Ontology and Articulation Rule Repository: OntoStore stores articulation rules and

newly created ontologies

Figure 1.1 shows the main components of the interoperation system and its interactions
with the expert and the end-user. ONTOCOMP takes in the source ontologies along with
the algebraic expression specifying the composition task and generates new ontologies as
defined by the algebraic specification. Similarly, the queries posed by the end-users might
have terms from the source ontologies but this information has not been explicitly shown
in the figure.

In the rest of the section, I will first outline the types of articulation rules used in ONION,

and then I will briefly describe the components of the system.

1.3.3 Ontology Articulation Rules

An articulation of two ontologies consists of the terms in one ontology that have semantic
correspondences in the other and vice versa, and the relationships among these terms.
Articulations are expressed as a set of rules, which I refer to as articulation rules. They
can be expressed in any logic-based language. In this work, I have chosen the language
of conjunctive queries to represent articulation rules because inference using conjunctive
queries is computationally faster than inference using rules expressed in other languages,

e.g., in full first-order logic. A conjunctive query is of the form:

MX) — g1(X1), .., g1(Xp)

In each subgoal g;(X;), predicate g; is a base relation, and every argument is either a variable
or a constant.

The expressiveness of conjunctive queries is less than that of first-order logic — that is,
all expressions in first-order logic do not have a semantically equivalent expression in the
language of conjunctive queries. In order to keep the system tractable, I chose the language
of conjunctive queries. In the next sub-section, I illustrate the types of articulation rules

used in the system with an example.
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Figure 1.1: The Workflow of the Interoperation System



1.3. A SOLUTION TO THE ONTOLOGY COMPOSITION PROBLEM 13

03\\\SubClassOf

hasA SubClassOf

InstanceOf

Articulation Rules:
true => (O2.Car SubClassOf O1.Vehicle)

(X InstanceOf O1.Car),(X hasA X.MSRP),(Y InstanceOf X.MSRP),
(Y hasA Y.Value), (Z InstanceOf Y.Value), (Y.Value > 40,000)

=> (X InstanceOf O3.LuxuryCar)

Figure 1.2: Ontologies and Articulation Rules
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1.3.4 An Example

EXAMPLE 1.3.1 I introduce a running example in Figure 1.2, which I will use through-
out the dissertation. O1, 02, and O3 are the ontology graphs for three ontologies. I only
show selected portions of the ontology graphs. A set of articulation rules that express the
relationship between O2.Clar and O1.Vehicle and a rule that expresses the relationship be-
tween O1.Car and O3.LuxuryCar is given below the figure. As a shorthand, we often write
a rule of the form: true = (Subj Prop Object) simply as (Subj Prop Object).

SKAT generates the following additional articulation rules that are not shown in the

figure:

(01.HouseBoat SubClass0f 03.Boat)
(01.Value Equals 03.Value)
(01.Denomination Equals 03.Denomination)
(01.Car SubClass0f 03.Automobile)
(01.Dollar Equals 03.Dollar)

After these rules are generated, they can be used by an application to compose information
from multiple sources and answer queries or perform tasks given by end-users. Without
matching the ontologies and establishing the articulation rules as shown in the figure, the
differences in vocabularies at the different information sources will make it difficult for
information to be composed from them. Thus, for the successful adoption and realization
of the Semantic Web, ontology matching and articulation technologies play a pivotal role.

a

1.3.5 Articulation Rule Generation

Before one can compose ontologies, they need to be articulated (also referred to as matched
or aligned). Articulation of ontologies establishes the semantic correspondence between
concepts across the source ontologies. Various ontology matching and alignment techniques
have been designed to articulate ontologies [NM00], [MFRWO00], [DDHO1]. I refer generically
to these algorithms as articulation-generation functions. Each function takes in two ontolo-
gies and generates a set of articulation rules between them. An articulation-rule generator
is the program that is an implementation of an articulation-rule-generation function, with

the help of a human expert who is knowledgeable about the semantics of the two ontologies.
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I have designed and implemented an articulation generator, SKAT (Semantic Knowledge
Articulation rule generation Tool), that uses articulation-generation functions that are semi-
automatic. That is, they have a manual as well as an automatic component. Though, in an
ideal world, I would prefer to take an entirely automated approach to solving the problem
of semantic interoperation, the precision achieved by using current technology mandates a

semi-automatic approach especially when the tolerance for errors is low.

Ontology Formats

The ontologies associated with information sources are based on some existing, known
vocabularies and data formats. To keep SKAT simple, I designed SKAT such that it does not
handle input ontologies in any data format, but only understands the ONION ONTOLOGY
FORMAT that I describe in Chapter 4. Native drivers and wrappers that translate an
ontology from a native format to ONION’s ontology format provide access to the source

ontologies.

A Semi-Automated Approach

To establish articulation rules and constructing new ontologies for applications, the expert
ontology composer uses two tools. First, the expert uses SKAT to match the terms in
the ontologies and generate articulation rules automatically. Then, the human expert who
knows the semantics of the two ontologies being articulated, verifies whether the articulation
rules are correct and relevant to an application. The expert can accept, delete or modify
the suggested articulation rules. SKAT logs the responses of the expert. In the future, when
the articulation generator has to articulate similar ontologies, it can use the logs to generate
articulation rules that are more accurate than those generated during the previous runs.
The articulation rules that the expert has ratified are stored in ONTOSTORE. An ontology
composer — an agent who wants to compose portions of existing ontologies and create new

ones can use the articulation rules in the future to compose ontologies.
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1.3.6 Ontology Composition: An Algebraic Approach

The composer of an ontology constructs the new ontology with a specific application (or a
group of applications having the same semantics) in mind. The composer must be knowl-
edgeable about the semantics of the source ontologies and the application in order to com-
pose and create an ontology that is most suitable for the application. First, the composer
selects concepts from ontologies of interest. He can use the ontology-composition algebra
to specify the portions of existing source ontologies that he wants to compose. Then, he
constructs an expression that expresses the composition task that needs to be performed
using the selected portions of the source ontologies. The composition task is expressed using
an ontology-composition algebra.

The ontology-composition algebra (see Chapter 6 for specification) comprises of unary
and binary operators that operate on ontologies and produce new ontologies. The algebra
provides a way to declaratively specify ontology composition tasks. The output of one
operation is a bona fide ontology that the composer can compose with any other ontology

to produce a new ontology.

The Maintenance Problem :

Let us assume that an expert expends the labor needed to construct a new ontology from
existing ontologies manually or by writing specific programs and scripts that create the
new ontology. Very soon this process has to be repeated when the source ontologies, on
which the new ontology is based, is updated. The cost of recreating the new ontology using
the individual primary sources, becomes prohibitive if there are frequent changes to the
primary ontologies. Since it is costly to achieve and maintain global semantic information

the approach of periodically recreating the same ontology is not scalable.

Advantages of an Algebraic Approach versus a Programmatic Approach

The primary advantage of having an algebraic framework is that it allows us to automatically
update ontologies created from source ontologies when the sources change. As a secondary
by-product, the algebraic characterization also allows us to optimize the composition tasks.
The properties of the algebraic operators determine the types of optimization that can be
enabled while composing the ontologies.

A declarative specification of the derivation process by which an ontology is created
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allows easy replay of the derivation after the source ontologies change and the change needs
to be propagated to the derived ontology. Besides, the properties of a declaratively specified
composition task can be characterized more easily than those of a programatically specified

one.

In our example shown in Figure 1.2, there are two choices. FEither the ual.com and
aa.com ontologies are composed into one airline ontology and then the hertz.com ontology
is articulated with the airline ontology, or the hertz.com ontology can be articulated with
each individual ontology. The former composition is more scalable because it performs one
articulation with the hertz.com ontology instead of two. Furthermore, in the presence of
multiple car-rental companies, the former strategy works even better since the number of
articulation it avoids is even greater than if an ontology-composition tool employed the

latter strategy.

In Chapter 6, I discuss the issues involved with optimization of the ontology-composition
task and show how on the basis of an ontology-composition algebra, OntoComp optimizes

tasks requiring ontology composition.

When an application seeks to compose information from multiple sources, it uses the
new application ontology and the articulation rules to identify correspondences between
concepts in the application ontology and similar concepts in other information sources. Us-
ing the articulation rules, the tool can compose required information from multiple sources

to answer queries that the end-users had posed to the system.

Articulation rules generated by the articulation generation function form the basis for the
composition of ontologies. The binary operators of the algebra depend upon the articulation
rules generated by the articulation generation function. For example, an ontology composer
seeking to intersect two ontologies must know which concept in one ontology is similar to
which concepts in the other. Not surprisingly, therefore, the properties of the algebraic

operators are determined by the articulation generation functions.

Though significant progress has been made in designing ontology matching and align-
ment techniques [MGMRO02], [DDHO1], [MBRO1], [NMO00], [MFRWO00], to the best of
my knowledge, no prior work has been done in identifying desirable properties of such func-
tions, especially in settings where these algorithms are used for ontology composition. In

this work, I identify and state desirable properties of such articulation generation functions.
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1.3.7 The Query-Processing Engine

As discussed in Section 1.2.1, a query-processing engine uses ontology articulation rules
and existing ontologies to translate queries. The translated queries use the vocabularies of
the individual information sources and can be answered by them. The question of answer-
ing queries using articulation rules and ontologies is beyond the scope of the thesis. The
interested reader is referred to my work in [Mit01, ALMO02, ALMO04].

1.4 The Hypotheses and the Organization of the Dissertation

In this section, I specify the hypotheses that I verify in the dissertation and describe the

organization of the dissertation.

1.4.1 The Hypotheses

In this dissertation, I verify the following hypotheses:

Hx. 1 An automated articulation generator is able to partially match concepts, based
on the structure and terminology used in the ontologies they appear in, thereby resolving
semantic heterogeneity among the ontologies.

Hx. 2 In comparison to a totally manual approach of resolving semantic heterogeneity,
automated articulation generators reduce the amount of time that needs to be put in by a
human expert articulator.

Hx. 3 If ontologies are composed using an algebraic framework, the number of articu-
lations that must be performed are less than that when all ontologies are articulated on a
pair-wise basis, thereby enabling scalability.

Hx. 4 An algebra can be designed to describe the composition of ontologies.

Hx. 5 The properties of the operators in an ontology-composition algebra determine
whether a task of composing ontologies can be rewritten as equivalent tasks. The most
optimal equivalent task with respect to a cost function can then be chosen for execution.

Hx. 6 The properties of articulation generation functions determine the properties of
the operators in an ontology-composition algebra.

I argue that each hypothesis holds in the following chapters. Together, by proving the
six hypothesis, I form a foundation based on which applications can enable interoperation
among information sources by effeciently composing ontologies after resolving the semantic

heterogeneity among them.



1.4. THE HYPOTHESES AND THE ORGANIZATION OF THE DISSERTATION 19

To prove the hypotheses, in this dissertation, I describe ONION, a toolkit, which enables
interoperation among autonomously maintained information sources. I provide algorithms
for its most crucial components and demonstrate their successes. Specifically, I show that
SKAT can establish articulation rules among multiple ontologies semi-automatically. I also
demonstrate that information from multiple sources can be composed using an ontology-
composition algebra. Furthermore I have characterized the properties of the operators of
the algebra, and shown that the properties are determined by those of the articulation rules,

which form the basis of the composition of ontologies.

1.4.2 Organization of the Dissertation

The organization of the rest of the dissertation is as follows. In Chapter 2, T discuss
the motivation behind building an interoperation system. In Chapter 3.2.2, I lay out the
conceptual architecture of an ontology management system. In Chapter 4, I specify a
common ontology format that input ontologies must be wrapped to before the different
components of the ONION system can process them. In Chapter 5, I describe SKAT, ONION’s
articulation-generator, and the several heuristic algorithms that it uses. I also show the
experimental results obtained using SKAT. In this chapter, I verify the first two hypotheses.
Chapter 6 contains the definitions of the ontology composition algebra and its operators.
In this chapter, I validate the third and fourth hypotheses. I also discusses the effect of the
articulation generation function on the algebraic operators. I discuss the properties of the
operators and show how these properties determine the level to which ONION can compose
ontologies optimally — with respect to suitable cost functions — thereby validating the last
two hypotheses. In Chapter 7, I discuss related work and compare and contrast the ONION
approach with these works. I conclude the dissertation in Chapter 8, and lay the ground
for some future work by me and others by raising questions that arise out of the present

work and are yet unanswered.



Chapter 2

Motivation

In the following chapter, I describe the ONION system. However, before I outline the
system architecture in the next chapter, in this chapter, I disucss the motivation behind the
design of the system and substantiate the reasons for the choices I made in this work. To
substantiate my choice, where necessary, I briefly compare and contrast my approach with

alternative approaches.

2.1 Global Consistency

To avoid the problem of information sources having different semantics, some researchers
have tried to build a standard ontology or global schema and then build information sources
that conform to that ontology or schema [GKD97], [KLSS95].

Even though this approach has worked for small communities, coming up with an ac-
ceptable standard for vocabulary in larger domains is impossible, especially among groups
that have different applications in mind. There continue to be extensive debates about es-
tablishing a single top-level ontological taxonomy underpinning all terms in existence. The
expectation is that a comprehensive ontology is reusable and will also impose consistency

onto the world.

2.1.1 Updates to Ontologies

Most of the focus of ontologists has been on developing ever larger, static ontologies [Gru93].
Without an explicit contextual constraint they will differ in scope and structure, even though

the developmental efforts were typically initiated in a specific application domain. When

20
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new, related applications arise, existing ontologies must be broadened. For instance, to
serve a set of intelligence queries [HPK] hundreds of new definitions had to be added to
the already very broad Cyc ontology [Tek97]. When that ontology had to serve chemistry
students and take a challenge examination for an Advanced Placement Test in chemistry,

it required many more updates and revisions [all04].

2.1.2 Assumptions of Global Consistency

Global consistency is often assumed by applications that want to exploit the wealth of
information that is available today. However, as soon as domain boundries are crossed,
there will be a need to compose information from multiple Web sources. The ontologies
used to answer questions posed in a high-school advanced-placement test in chemistry is of
little use to military planners dealing with chemical weapons. When queries are answered
using composed information whose semantics do not fully match, the quality of the answer

suffers since major mismatches can occur.

2.1.3 Problems with a Globally Consistent Ontology

While global consistency might be wonderful for the users of information systems, it also
has significant costs for the providers of information, and in many cases the costs will be
greater than the benefits for specific information providers. A globally consistent ontology

has the following problems:

1. Unnecessarily large size: The ontology contains a large number of concepts that are

useless for the purposes of several end-users and information providers.

2. Imprecise definitions: The definition of the concepts in a non-specific context are a
result of compromises. These definitions do not precisely reflect the semantics of the

concepts used in the information sources or in the applications.

Problem 1 results in degradation of performance.

Problem 2 results in inaccuracies. Publishers use ontologies associated with information
sources because they promise to provide the exact semantics of the concepts used in the
information sources. If committees are needed to achieve global consistency by defining
and standardizing terms, the committees are likely to make compromises since members

often have conflicting and irreconcilable interests. As a result, the precision of the ontology
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suffers and the promise of providing the exact semantics of concepts is broken. Inaccuracies

abound due to the use of imprecise definitions of the terms used in the information sources.

2.1.4 Errors due to Differences in Scope

Consider the case where the creator of an information source wants to publish some informa-
tion about a particular concept. Unfortunately, the global ontology contains no term whose
defined semantics is exactly the same as the semantics of the desired concept. Instead, the
global ontology has a similar concept. In such a scenario, the creator of an information
source often makes a compromise. She chooses the term representing the concept that is
nearest to the one she is seeking. Thus, in essence, she has used the same concept name
with a slightly different semantics. However, this difference of semantics is not captured
anywhere and results in misinterpretations by subscribers of the information source. Mis-

interpretations often result in missed business opportunities or even catastrophic losses.

2.1.5 Trying to Achieve Global Consistency

I describe below the process of achieving global consistency, outline the costs of being
consistent especially when the objectives of the agents that use the information differ, and

then discuss the most serious issue: the cost of maintaining consistency over time.

Errors due to Inconsistencies:

There have been a number of efforts to achieve consistency across multiple sources, typically
by merging their terminologies with as much care as is possible. For large terminologies the
efforts are large [MRB™96]. Problems arise in combining ontologies when the objectives of
the sources differ [RLO02]. If the exact semantics of terms are lacking, a term can be unified
with another term that is at a higher level than the ideal match. Information retrieved on

the basis of such unification can be misleading and excessive information will be retrieved.

Manual Disambiguation:

When the application’s objective is to study and understand, the end-user can reject mis-
leading information. Often, the volume of information retrieved is larger than necessary,
and the searcher is assured of missing little. The end-user is overloaded and has to remove

the chaff to retrieve the required information. Ranking of retrieved material can help in
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dealing with excessive volume. However ranking based on popularity, as provided by Google
[BP98] is not always the best for a service-provider or a business and does not eliminate

the need to filter information manually.

Merging Ontologies:

Merging of large ontologies is a major effort [RL02]. Automating the integration task
is desirable. Most merging tools are based on linguistic similarity. To get more matches
thesauri might be used [MWO02], [GMJ]. Terms that are spelled similarly may differ in
meaning, sometimes because they have a common etymology, as ‘vehicle’ for transport, and
‘vehicle’ in chemical engineering. However, even though terms in a specific domain tend to

be unambiguous, the confusion increases when the coverage of the ontology increases.

2.1.6 Cost due to Lack of Precision

The cost of missing relevant information (type 1 errors) can greater than the benefits of
avoiding excess information (type 2 errors). This scenario occurs when the information
being searched is relatively rare and finding it is crucial.

When the information that the end-user is searching for is abundantly available, the
opposite scenario exists. The benefits of getting comprehensive information is less than
the cost of weeding out the type 2 errors. For routine purchases, missing a few suppliers,
say 2 out of 10, can mean missing one with a slightly better price than that of the chosen
supplier. However, the purchaser saves the cost of locating those two suppliers, since to
locate them he might have to look through the information corresponding to 50 potential
suppliers. In the limit, to be absolutely assured of finding all suppliers, thousands of unlikely
potential suppliers will have to be inspected. Usually, if we try to reduce type 1 errors, the
number of type 2 errors increases rapidly, and vice-versa. The right balance between the
cost and benefits of additional processing needs to be struck. Using a broad-based engine,

say Google, to achieve that goal is not likely to be successful in reducing the cost [BP98].

2.1.7 The Cost of Precision

To avoid such ‘information overload’ business groups that interact are developing precise,
controlled ontologies. Since the groups design the ontologies carefully and focus on a specific

domain, as petroleum trading or short-haul trucking, they tend to be modest in size, and of
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high quality for their limited application. Information in sources with well-defined ontolo-
gies can be profitably combined and used for complex applications, say in an emergency-
management application, where petroleum products have to be shipped to supply a disaster

site. However, before the ontologies can be combined, they need to be matched.

2.1.8 The cost of being consistent

Terms used in a domain are intended to allow people to communicate effectively. People
use short, specific terms and abbreviations when they communicate with their peers. Of-
ten, members of the audience find themselves confused while listening in on a meeting of
specialists. It is a major achievement for a scientist to become fluent in multiple domains.
In addition to having to learn new words, and acquire new meanings for old terms, there
will also be differences in abstraction and structure. A homeowner will use the term ‘nail’
for pointed things to be hit with a hammer, while a carpenter talks about brads, sinkers, in
addition to modifiers as 8-penny nails, etc. For the homeowner to acquire the carpenter’s
terminology will be costly. To require the carpenter to just use the term nail and then
specify length, diameter, head size and material engenders much inefficiency.

Structural differences create further mismatches. The traditional task of builders of
ontologies has been to define a single ordered structure for the domain terminology, in the
form of a hierarchical tree or lattice that is effective for the sponsoring audience. Medical
experts think of the human body as composed of parts that are identified according to their
function, while a tailor is content with a decomposition according to external shape. A
cannibal may have yet a different model. Even a surgeon has a different mental model of
the parts of the human body than that of a general practicioner.

When people use information that was not designed specifically for their purpose, we
often encounter arrogance: ‘I can’t see why they classified x in category y’, forestalling
attempts at cooperation and integration. When data is used for unintended purposes, the
error rate is rather high, say when billing data is used for medical research, since differences

at low levels in clinical hierarchy would not affect billing.

2.1.9 The cost of maintaining consistency

Global agreement is hard to achieve, and even if it is achieved at an instant, our knowledge,

and hence the meaning attached to the terms, changes over time. Everyday new discoveries
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expand our knowledge and change our views of the universe. The intellectual process of
splitting and lumping concepts, essential to the progress of science requires updating of
source ontologies. Derived ontologies have to be updated then as well, a substantial effort
when all possible related linkages have to be re-verified. Cyc addresses that problem through
its use of micro-theories, but has not solved the issue in a formal manner [Guh91].

The most serious issue in dealing with large, integrated ontologies is their maintenance.
For extremely large ontologies, the maintenance required to keep the ontology up-to-date
will require all available resources. Development and maintenance costs increase more
rapidly than the size of the sources, due to the exponential increase in possible interactions
between designers of the standard ontologies.

I have no quantitative information on the cost of ontology maintenance (preliminary
evidence of its enormity is available in [Jan00]). The reintegration of changes in ICD-9
codes into UMLS induced a delay of several years. A comprehensive model of maintaining
medical ontologies has been proposed, but not yet assessed in a large scale [OliverSSM:98].
Given that ontology maintenance is likely to be similar to software maintenance, I presume
that over the life-time of an ontology maintenance costs will range from 60% to 90% [Bro95],

with increasing values for large collections [Jon98].

Updating Global Ontologies:

Even sources that have the same semantics at the beginning can diverge after maintenance
updates. For the sources to have the same semantics even after the updates, the following

must occur:

e If a new term is added, all parties must agree on the exact semantics of the new term.

e If an existing term is updated, all parties must agree to the change in semantics of
the updated term. Furthermore, the parties involved must change their information
sources such that each use of the term, including pre-existing uses, in the information

sources is now consistent with the updated semantics.

The maintainers of the information sources that use a standard ontology must agree
on the updates being proposed to that ontology. In fast changing fields like medicine,
updates to standard ontologies are proposed based on newly discovered theories. Some of

these theories result in controversies. Owners of information sources who target entirely
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different applications than the proposers of the ontology update, or have differences in
philosophy with the newly discovered theories do not want to accept the proposed updates.
Furthermore, some participants might see the changes required to support the proposed
updates as an unnecessary imposition since restructuring the information source will require
substantial effort on their part without substantial benefits.

In quickly changing fields, arriving at a consensus on proposed updates to the standard
ontology within a short period of time is not even feasible. Besides, the cost of such nego-
tiations are often unacceptable to the ontology-owners. Therefore, sources are maintained
autonomously resulting in heterogeneity among them.

Soon, we see multiple standard ontologies emerging and being used by information
sources in the same domain, proving the goal of one standard ontology a myth. From the
world of one integrated ontology, we return to a world having several ontologies requiring
interoperation.

Besides, even if the owners, publishers, subscribers and users of information all decided
upon a standard ontology and put in the resources to maintain it, it will be prohibitively
expensive to restructure existing legacy information systems so that they conform to the
standard ontology. The need for resolution of semantic heterogeneity and interoperation

will therefore remain.

2.2 Interoperation versus Integration

ONION allows the sources to be updated and maintained independent of each other and
enables the composition of information via interoperation. In order to answer queries posed
by end-users, information is retrieved from individual sources and then composed as needed.
Obviously, a scalable system needs to make intelligent choices as to which information
is essential and needs to be transferred from the sources. Besides reasons of autonomy,
interoperation provides advantages associated with distributed systems like having no single
point of failure resulting in high availability.

An information interoperation system differs from an information integration system.
While the former maintains the autonomy of the individual information sources, the latter
integrates all the information available from multiple sources into one new integrated source.
A typical example of an information integration approach is a data warehouse. Large

corporations, like Walmart, maintain huge data warehouses where they have integrated and
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stored information that is available to the organization from all its various sources, say for
example, its suppliers or its various stores from all over the country. Data warehouses can
work in a one-company setting, under tight controls from a parent company. However, the
technique is infeasible if the intent is to enable access to data and information from a large
number of information-producing organizations that must remain autonomous.

For an interoperation system to work, only the articulation of the individual sources
must be established accurately. The interoperation system requires only the subset — the
intersection of the sources relevant to the application at hand — of the information to be
correctly matched, while an integration system requires matching and integrating entire

information sources.

2.2.1 The Need for Interoperation

Most information sources are built to satisfy specific requirements of the individuals or
the businesses that created them. The booksellers “amazon.com” and “Barnes and Noble”
have created websites that provide access to their inventory of books. The purpose of the
website is to sell books directly over the Internet to customers. The end-users would like
an integrated datawarehouse that lists books, their sellers, their prices, and reviews of each
seller side by side. Big booksellers like “amazon.com” and “bn.com” may not want their
prices provided side by side with those of a deep-discount bookseller. Furthermore, generally
booksellers want to retain control over their information. Among other things, retaining
control over their information source allows them to make updates as and when required
without having to inform the integrated data-warehouse and hence their competition of
their changes. The booksellers want to keep their information sources autonomous and
integrating the information in them to create a single source is not a viable option. Besides,
if the integrated data-warehouse seeks to have a comprehensive listing of books and their
prices as provided by all booksellers, the warehouse becomes unwieldy due to the huge
amount of data and the frequent updates it has to entertain. Querying in such huge data
warehouses often becomes slow unless a large amount of money and effort is spent to

structure and index the data extremely efficiently.

2.2.2 The Synchronization Problem for Updates to Information Sources

In the rest of the work, I will refer to information sources whose information is obtained

directly from the source of the information as primary information sources and information
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sources that are constructed using information obtained from primary information sources
as secondary information sources e.g., data warehouses or sources with aggregated data.

Researchers have created secondary information sources by integrating data and infor-
mation from various primary sources [CIA00], [RKST94]. However, secondary information
sources often result in the presentation of stale data. For example, when information in the
OPEC website [ope] was updated, the CIA Factbook, which contained information about
OPEC, was not updated to reflect the changes in the OPEC. Consequently, the informa-
tion available from the CIA Factbook was stale until the next year’s edition of the CIA
factbook was released. To avoid staleness of data, as soon as any information in any pri-
mary source changes, the secondary information sources must also be updated [OSSM98].
Oliver [OSSM98] cites cases where such updates took several years. If the primary sources
change frequently, updating the secondary source to keep it consistent with the primary
source becomes a costly affair. Oliver also found that when the structure of the primary
information sources change, manual work is necessary to update the secondary sources of
the information [OSSM98].

2.2.3 Cost of Merging Information Sources

When the expert resolving the inconsistency does not know the purpose and scope of use
of the information and the number of sources is large, it becomes nearly impossible for the
expert to achieve useful resolution of the inconsistency. When the inconsistencies between
information sources cannot be resolved, a complete integration of such sources is infeasible.
I have already discussed the issues involved in obtaining a global resolution of inconsistencies
between information sources in sub-section 2.1 above.

Composition of ontologies for an application by merging has been performed for many
instances [JSV198]. It serves immediate needs effectively, and avoids the long-term main-
tenance problem. If an organization has to maintain one integrated ontology, it has to
spend more time and effort than when it has to maintain multiple smaller ontologies. If an

organization can use ontologies maintained by others, the savings are even greater.

2.2.4 The Maintenance Problem

Even if the sources can be merged to an integrated source, maintaining the large integrated

source is prohibitively costly due to the sheer amount of information present and due to
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the cost of synchronizing the source with the individual primary sources. Since it is costly
to achieve and maintain global semantic information — information about the standard-
ized semantics of concepts used across information sources — the merging approach is not
scalable.

Therefore, we have desiged ONION to be an interoperation system based on an ontology-
composition algebra. The declaratively-specified algebra helps maintain the formal rela-
tionships between the source ontologies and the derived ontologies such that they can be
automatically replayed when the source ontologies change and the derived ontologies have

to be synchronized with the sources.



Chapter 3

Architecture

In this chapter, I describe the conceptual architecture of the ontology management system
that T built. In the next chapter, I describe their design and implementation details. The

ontology management system can be conceptually divided into the following components:

1. Ontology Pre-processor

2. Articulation Rule Generator
3. Ontology Composer

4. Ontology Repository

5. Ontology Viewer

6. Query Processor

Figure 3.1 shows the different components of the interoperation system. I describe the

functions of the different components in the rest of the chapter.

3.1 Ontology Pre-processor

The Ontology Pre-procesor is the module that pre-processes the source ontologies. 1 pro-
vide a brief description of its specification below and then elaborate on its function. The
description lists the input and output of the module. The function of the pre-processor is

dependent upon the needs of the individual ontology management system that it is a part
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of. Generally, I foresee this module being responsible for converting the source ontology into
a format and rule language the ontology management system can accept. The component
can be totally automated or semi-automatic where the pre-processing is facilitated by using
interactive assistance from a human expert.

An example of a pre-processor is the set of interdataworking wrappers made available
by Sergey Melnik [Mel].

e Ontology Preprocessor: Module to pre-process ontologies.
Input: Source Ontology.
Output: Pre-processed Source Ontology.

Function: To wrap source ontologies into formats and rule languages supported

by the Ontology Management system.
Facilitator: Optional expert input depending upon implementation.

Example: Interdataworking wrappers [Mel].

In Figure 3.1, the source ontologies O1, 02, 08, and O/ are associated with the knowl-
edge bases KB1, KB2, and KB3. The wrappers shown in the figure pre-process the source
ontologies to make them compatible with the input format for the ONION System. The
pre-processed ontologies are referred to as Ontl, Ont2, Ont3, and Ontj.

3.1.1 The Articulation-Rule Generator

An articulation rule generator takes two pre-processed source ontologies as input and out-
puts a set of articulation rules. As indicated before, the articulation rules express the
corresponences between the concepts in the two pre-processed source ontologies.

The specification of the articulation rule generator is as follows:
e Articulation Rule Generator: Module to match ontologies and generate semantic ar-
ticulation rules.
Input: Two pre-processed source ontologies
Output: A set of articulation rules

Facilitator: Human expert
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Function: To generate rules that establishing the semantic correspondences
among concepts in the source ontologies iteratively using input from the human ex-

pert.

Example: SKAT

A domain expert deploys the articulation-rule generator by providing it with the names
or references of the two ontologies that must be matched. The articulation-rule generator
matches the two ontologies by identifying articulation rules (semantic bridges) between
concepts in the the ontologies. Associated with each rule is a confidence score indicating

how close the matches are according to the module.

As indicated before, the domain experts verify and accept the correct rules. The expert
has the final word on the articulation-rule generation and is responsible to correct incon-
sistencies in the suggested articulation rules.This module may perform several iterations
of consulation with the domain expert and refining of articulation rules before the final
set of articulation rules are accepted. This iterative process terminates when the expert is

satisfied by the set of rules generated by the articulation-rule generator.

The expert has the option to indicate whether a rule is valid, invalid, or irrelevant for
the purposes of the application. A valid rule is stored by the articulation-rule generator
in a repository. An invalid or irrelevant rule is deleted from the set of articulation rules
but logged along with the response of the domain expert for future use. The stored rules
in the articulation repository and the over-ridden rules in the logs, can be used in future.
These rules are used when (according to the expert) the ontologies that are being articu-
lated are from the same domain as the ontologies whose articulation rules are available in
the articulation repository and the logs. For reuse in later articulation-rule generation, the
expert will assess if the two applications are similar. The articulation rules in the articu-
lation repository positively reinforce the articulation rules generated between the new pair
of ontologies. If the rule was over-ridden or rejected during a previous run, it negatively
influences the confidence score for the rule generated. The amount by which the score is

reduced can be provided by the expert before deploying the articulation-rule generator.

An example of the articulation-rule generator used in the ONION system is SKAT.
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3.2 Ontology Composer

The ontology composer is a module that takes in two or more pre-processed ontologies,
and an algebraic expression specifying the composition task. The algebraic expression is
used to select and articulate portions of existing ontologies to create new ontologies. If
the ontologies have not been matched previously or if the articulation rules among the
ontologies are not available to the module, it calls the ontology-rule articulation engine to
generate the articulation rules among the ontolgies. Then, based on these articulation rules
the ontology composer constructs the new ontology specified by the algebraic expression.

A brief description of the Ontology Composer module is as follows:
e Ontology Composer: Module to compose existing source ontolgies and create new
ontologies.

Input: Two or more source ontologies, an algebraic expression describing the

desired composition.
Output: Composed new ontology.
Facilitator: None, fully automated operation based on inputs.

Function: Select portions of existing ontologies, and create a new ontology as
specified by the algebraic expression. The composition of the selected portions of
existing ontologies is based on the set of articulation rules generated by calling Module

2.

Example: OntoComp

An example of an ontology composition module is OntoComp used in ONION.

3.2.1 The Ontology Repository

The ontology repository is a central store used to store ontologies and articulation rules.
The items stored in the Ontology Repository are as follows:
e Large modified source ontologies
Stored: by the Ontology Pre-processing module.

Duration: are stored as long as they are needed by the other modules that operate
on them, like the Articulation-Rule Generator or the Ontology Composer. After the

composition task is over, they are deleted.
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e Articulation Rules
Stored: by the Articulation-Rule Generator.

Duration: are stored until

— they are invalidated by changes in the source ontologies or
— they are no longer necessary because all applications using the articulation rules
or ontologies derived from the articulation rules have completed and will no
longer be run in the future.
e Log of expert input
Stored: by the Articulation-Rule Generator.
Duration: is stored as long as all the ontologies and applications that the input
is related to are valid.
e Newly composed ontologies
Stored: by the Ontology Composition module.
Duration: are stored as long as they are needed or may be needed by any appli-

cation or information source.

A brief description of the ontology repository is as follows:
e Ontology Repository: Module to store modified source ontologies, articulation rules,
and newly created and composed ontologies
Input: Ontology/Rule-Set to be Stored or Loaded.
Output: Result of Store or Load operations.
Facilitator: None, totally automated component.

Function: To store ontologies and rule-sets that are too large to be retained in
main memory or that need to be stored persistantly due to the requirements of the

application.

Example: RDFStore [Mel02], Jena [WSKRO03]

The most rudimentary ontology repository may be a simple file system, however, for
most practical systems a repository with a database system at the back-end will be used,
as in RDFStore [Mel02], Jena [WSKRO03], etc.
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Ontologies can be can be stored and retrieved from the ontology repository using their
names or references like URIs. As mentioned before, the responses of the expert during the
articulation-rule generation phase are stored can be used as hints in the future when the
same ontologies need to be re-articulated due to some updates or when ontologies similar
to those source ontologies are being articulated. The repository may also be used for
storing intermediate ontologies created during the composition step, and query execution.
For example, in the figure, we see that a derived ontology Ont5 is stored in the ontology
repository. Ont5 contains the ontologies Ont3, and Ont4, as well as the articulation ontology

Art2 between them.

The Ontology Viewer

The Ontology Viewer module provides a graphical user interface so that a human expert
can visualize source ontologies and the articulation rules among concepts in the source on-
tologies, select portions of the ontologies, and interact with the Articulation-Rule generator
module. The module must also allow the expert to add, delete or modify the suggested
articulation rules.

Typically, a domain expert initiates a session by calling into view the ontologies of
interest by supplying the URLs (maybe local files) of the source ontologies). Ideally, the
viewer should allow the expert to refine an existing ontology, select portions of ontologies
that are of interest for the current application, import additional ontologies into the system,
drop an ontology from further consideration and, most importantly, modify existing or
suggested articulation rules, and specify new articulation rules.

A brief description of the Ontology Viewer is as follows:
e Ontology Viewer: Module to enable the expert interact with the ontology management
system.

Input: URIs of two modified source ontologies, or names of ontologies and their

articulation rules as stored in the Ontology Repository.

Output: Display of the two input ontologies and the articulation rules between

them.
Facilitator: Human Expert

Function:Displays the source ontologies and the articulation rules generated be-

tween the ontologies. Human expert interacts with the system using this GUI. Input
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of human expert logged for future use.

3.2.2 The Query Processor

The query processing module has not been implemented as part of this work. However,
the algebraic framework that forms the basis of the implementation is complete and is
discussed in Chapter 6. The algorithms for query rewriting and optimiztion are available
in [Mit01, ALMO02, ALMO04]. The query processing module is responsible to processing
queries posed to the system. There are two types of queries that can be posed to the

System:

e Ontology-level Queries: These queries can be used to select and retrieve concepts in
the ontologies and the relationships among them, and to create new ontologies or
“ontology views” — a composition of concepts selected from various ontologies put
together using articulation rules to form a new ontology. Not surprisingly, such a
query can be translated to an equivalent expression using the ontology composition

algebra.

e Instance-level Queries: These queries can be used to retrieve instances of concepts
present in the ontologies and information sources. The correspondences between in-

stances of concepts are also expressed using the articulation rules.

For a detailed discussion and examples, about the two types of queries that should be
supported by an interoperation system, please see Section 5.2.

After the expert has articulated the ontolgies, the end-user can use the query system
to query the information available across multiple source ontologies. The query processing
module accepts queries from end-users, and experts, wraps or rewrites the queries using
the vocabulary of the ontologies if needed, divides the query into subtasks, executes them
using the available ontologies and information sources, and presents the results in a format
comprehensible by the end-user. An end-user can also use the viewer can to interact with
the system to run queries against a set of ontologies and their articulations. A user can
select a set of pre-articulated ontologies and pose queries against them.

The query processor uses the articulation rules to reformulate the query, and executes
it generate its solution. The query engine — the heart of the automated query-answering
system — rewrites each query as a composition task. The composition is based on the

established articulation rules. Optimization of the queries is enabled using the properties
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of the ontology composition algebra, which I study in detail in Chapter 6. Queries are
rewritten based on the articulation rules, and decomposed into subqueries. Each subquery
is then redirected to a information source, evaluated there and the results are then composed
to answer the original query.

A brief specification of the query processing module is as follows:

e Query Processor: module used to query the information in the ontology management

system and the information sources.
Input: A query

Output: One of i) a newly composed ontology, ii) selected portions of existing
ontologies, and iii) instances of concepts in the information sources, satisfying the

query constraints.
Facilitator: None, fully-automatic.

Function: Retrieve the ontologies, concepts, relationships and instances of con-

cepts that satisfy the requirements laid out in the query.

To conclude, in this chapter, I presented the architecture of the ontology composition
system and briefly described its components. In the next chapter, I discuss the design
and implementation of the components that were implementated as part of the ONION

interoperation system.
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The ONION Ontology Format

In this chapter, I describe and discuss the ONION ontology format.

In this chapter, I specify the ontology format that ONION requires the input ontologies
to be in — the ONION ontology format. Before I describe the ontology format, however,
I provide a few definitions that I will use in the rest of this chapter and the dissertation.

Finally, I describe the components of ONION and discuss how the system works.

4.1 The ONION Ontology Format

Heterogeneity among information sources needs to be resolved to enable meaningful infor-
mation exchange or interoperation among them. The two major sources of heterogeneity
among the sources are as follows: First, different sources use different data formats and
associated modeling languages to represent their data and meta-data. In the rest of the
dissertation, I will refer to the data format and the modeling language together as the on-
tology format. Second, sources using the same data format differ in their semantics. The
ONION system uses a common ontology format, which I describe below. It expects all ex-
ternal ontologies, presumably in different formats, to be translated to this common format
before it can resolve the semantic heterogeneity among the objects in the ontologies that it
is articulating.

Melnik et al., [Mel00] have shown how to convert documents from one modeling format
to another, e.g., from RDFS [rdf00] to DAML4OIL [damO1]. Wrappers convert the

ontologies represented using their formats that I want to support within the ONION format.
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4.2 Declarative versus Programmatic Specification of For-

mat Converters

An expert who seeks to set-up an information integration or information interoperation
system has to build individual wrappers to extract information from individual information
sources and convert ontologies from one format to another. Another alternative to this
approach is where the expert declaratively specifies a set of rules. These rules tell the
system how to convert from a format native to the information source to the ONION format
and then build an engine that takes in such specifications and performs the conversion.
That is, I could first write rules that transform parts of one ontology from one format to
another. Tools like OntoMorph [Cha00] make it easier to write translators to translate
between data and knowledge formats declaratively.

However, often the transformations of objects from one format to another are quite
complex and can be more naturally expressed procedurally. Expressing them declaratively
requires a very expressive rule language. Deductions in more expressive rule languages
are often not tractable. Also in ONION, I would have to create and manipulate articulation
rules that not only have semantic information but also have information about transforming
ontology formats. Besides, by converting to the ONION format, I eliminate the necessity of
n? pairwise conversions among n ontologies and instead reduce it to n conversions (of all
the ontologies to the common format). Similarly, formatted ontologies can share the same

converter, so that the number of converters needed is considerably smaller than n.

4.3 Declarative Specification of Articulation Rules

While ONION can only process ontologies in the ONION ontology format, it refrains from
requiring all ontologies to be converted to use a common vocabulary. It addresses the prob-
lem of establishing correspondences among ontology formats and the problem of establishing
articulation rules among the concepts in the ontologies differently. This difference is be-
cause the number of modeling formats used to represent ontologies is distinctly smaller than
the number of vocabularies existing in various fields where ontologies have been deployed.
While I can write individual wrappers to convert the small number of ontology formats that
I intend to support (currently XML, RDF, DAML+OIL, OWL) to one common format,

the total number of different concepts and features used across all ontology formats are
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rather large and creating a huge, integrated, common, global ontology format with all these
different concepts and features is untenable. Furthermore, even if such an ontology could
be created, it would not be maintainable.

Instead of coupling the two tasks, namely, resolving heterogeneity due to formatting, and
resolving those arising from semantic heterogeneity, in ONION I take a layered approach. In
the first, the heterogeneity due to different ontology formats are handled and in the second
layer, I resolve semantic heterogeneity. Due to the widespread acceptance of standards like
XML and RDF, the degree of heterogeneity with respect to ontology and data formats has
reduced considerably. The problem of resolving heterogeneity of ontology formats is out of
the scope of this work. For the handful of ontology formats in wide use today, I leverage
the work done by Melnik [Mel] and others on the problem of converting between ontology
formats. Instead, I focus on building a tool to resolve semantic heterogeneity and compose

ontologies.

4.4 A Common Ontology Format

Information sources were, are, and will be modeled using different formats. I do not foresee
the creation of a de facto standard data format that all information sources will use. The

reasons for this stand are as follows:

1. Despite efforts, standardizing data and ontology formats have not succeeded in the

past.

2. Even when standards arise, they are updated because either the initial design was
not adequate or because the needs of the community have evolved. Updates result in
versions of standard ontology formats. Once there are multiple versions of ontology

formats, there is need to interoperate among them.

3. Different parties have different organizational needs. Standardization results in com-
promises. A standard ontology format will not meet the needs of certain organizations

who need to move beyond the standard and proceed with its own ontology format.

Building an articulation-rule generator that resolves semantic heterogeneity among infor-
mation sources and accepts inputs in all types of ontology formats is extremely difficult,
complex and time-consuming. The ONION toolkit can only articulate ontologies represented

using the ONION ontology format.
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The ONION ontology format is a very simple format for representing ontologies. Un-
like the recent formats DAML+OIL [damO1] or OWL [owl04], which has a number of
classes defined, e.g., Class, Datatype, Thing, etc., the ONION ontology format only has
nodes representing “concept”s. RDF [rdf99] is used to describe resources and their prop-
erties, and make statements about resources. Correspondingly, in the ONION ontology
format, I can represent concepts and their attributes. The format has similarities with
RDF-Schema [rdf00] in that it has relationships that have similar semantics to properties in
RDF-Schema like “SubClass’. 1 describe the format in detail and point out the similarities
and differences with RDF and RDF-Schema below.

ONION matches ontologies that have been reformatted using the ONION ontology format
to generate articulation rules. In order to allow for minimal-effort translations from various
ontology formats, like DAML~+OIL or OWL, I could have chosen the the common ontology
format to be arbitrarily complex. I would then have inherited all the constructs in XML,
XML-Schema [xml], RDF, RDF-Schema, DAML+OIL, OWL, UML [uml00], etc. into the
ONION ontology format with some modifications done to handle the case where the same
constructs have different semantic meanings in the different formats. However, processing
such complex ontologies would require more complex software. To make the articulation
generation simple, I take a different approach and strive to keep our format simple. In the
next two subsections, first, I give an example of two ontologies expressed in the ONION

ontology format, and then specify the ONION ontology format.

4.5 Motivating Example

To illustrate the ONION ontology format for ontologies, I use selected portions of three on-
tologies that I manually constructed. The portions of the ontologies Transportation, Car-
rier, and Factory have been selected (and greatly simplified) (Fig.4.1). I have used SKAT
to generate the articulation rules between the Transportation ontology with the Carrier
and the Factory ontologies. These ontologies model the semantic relationships “SubClass ”,
“Attribute 7, “FEquivalent’, and “Instance ” that are represented as edge labels ‘S’,‘A’) ‘E’,
and ‘I’ respectively. For the sake of clarity, a few of the most obvious edges have been omit-
ted. Apart from the above mentioned relationships, the individual ontologies also contain
other binary relationships between terms that SKAT does not interpret. The ontologies are

expected to have rules that define the properties of each realtionship, e.g., the ontologies
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will have rules that indicate the transitive nature of the SubClass relationship. SKAT gener-
ates these links (without the relationship labels; those are supplied by the expert manually)
between that the corresponding terms in the two ontologies. Typically the relationships are
either SubClass or Fquivalent, or Instance. However, they can be any arbitrary relationship,
e.g., the relationship shown as PSToFuroFn between the price in PoundSterling and Furo
supplied by the expert. The expert verifies the matches generated by SKAT, refines the
matches it generates and supplies the exact relationships. The articulation generator uses
these rules and they are also used while answering end-user queries.

I discuss the specifications of the graphical model and the semantics of the relationships

that ONION can interpret in the next section.

4.6 A Graph-Oriented Conceptual Model

The formalization of the ONION ontology format — loosely speaking, a subset of RDF [rdf99]
— is modeled on the work done by Gyssens et al., [GPVG90]. At its core, I represent an
ontology as a graph. Formally, an ontology O = (G, R) is represented as a directed labeled
graph G and a set of rules R. The graph G = (V, E) comprises a finite set of nodes V' and
a finite set of edges E. R is expressed as Horn clauses.

An edge e belonging to the set of edges FE is written as (ny, a, ng), where n; and ny are
two nodes belonging to the set of nodes V' and « is the label of the edge between them. The
label of a node n is given by a function A(n) that maps the node to a non-null string. In
the context of ontologies, the label is often a noun-phrase that represents a concept. The
label « of an edge e = (n1, @, ng) is a string given by o = §(e) where ¢ is a function that
returns the label of the edge e. The label of an edge is the name of a semantic relationship
among the concepts (that are represented as nodes) in the edge and it can be null. The
domain of the functions A and ¢ is the universal set of all nodes and edges, respectively
(from all graphs), and their range is the set of strings (from all lexicons). I assume that the
function A maps a node to a unique label, that is, no two nodes in the same ontology share
the same label. Thus, I will use the label of a node as a unique identifier of the node. As a
short-hand, instead of writing out an edge with a node and providing its label separately, I
will abuse the notation for the sake of clarity, and while representing an edge substitute the
label of a node for the node and write an edge e = (A(n1), @, A(n2). All ontologies used in

this work also satisfy the condition that between two concepts there exists not more than
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EuroToPSFn

Figure 4.1: Two Ontologies and Their Articulations
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one relationship. Further work needs to be done to eliminate this constraint and is beyond
the scope of this dissertation.

The graph in the ONION ontology formalism can be expressed using RDF [rdf99]. Each
edge in our graph is expressed using an RDF sentence. The two nodes in an edge are the
subject and the object of the sentence and the relationship among the nodes is modeled
as the property of the subject. In order to provide collection semantics RDF allows a
construct called “containers”, however, to keep our model simple, the ONION ontology
format does not provide a construct to express containers in the graphical format. The
onus is on the ontology designer to encode collection semantics or other desired semantics
using rules associated with the ontology. Generally, the children of a node in the ontology
graph are unordered. In order to express order among the children of a node, I use an
“order” relationship explained below. As mentioned above, the ONION ontology format is
expressed in RDF. By choosing RDF, I can leverage the various tools that are available for
RDF and do not have to write parsers and other tools for our model.

Rules in an ontology are expressed in a logic-based language. The choice of the rule
language, in principle, is left open to the ontology constructor. However, to keep the
system simple, I have chosen the language of Horn Clauses as the rule language. Although,
theoretically, it might make sense to use first-order logic or any other rule language with
greater expressive power, in order to limit the computational complexity I use a simpler

language like Horn Clauses. A typical rule » € R in an ontology is of the form :
CompoundStatement —> Statement

A Statement is of the form (concept Relationship concept). A concept is either a Node or
a variable that can be bound to one or more nodes in the ontology graph. Like an edge in

the ontology graph, a Relationship also expresses a relation between the two concepts.

4.7 Semantic Relationships in ONION

SKAT can generate better articulation rules (Chapter 5 for a detailed description of the
articulation rule generation techniques) if it has some semantic information about the rela-
tionships used in the ONION ontology model.

Certain data formats allow only strictly typed relationships with pre-defined semantics.
For instance, relationships like SubClass, Attribute, etc., have very clearly defined seman-

tics in most object-relational databases. A system that knows the exact semantics of the
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relationships in a conceptual model can use the information, for instance, to find better

matches between concepts in two ontologies or to perform type-checking and flag errors.

Other models allow any user-defined relationships, without any restriction. For instance,
relationships like OwnerOftend to be interpreted according to the semantics associated with
them by the local application. Such relationships need not be strictly typed. A general sys-
tem that imports a model allowing relationships that are not strictly typed does not know
the application-specific semantic interpretation of these relationships. Such an approach
provides enormous flexibility and can accommodate a large number of relationships. How-
ever, since the semantics of these relationships are not exactly known by the system, it

cannot use them for matching related concepts or for type-checking.

Before I describe the ONION ontology format, 1 will define a few terms that we use
below. A Class represents a concept. It is usually an abstraction for a group of objects
with a common set of properties. An Object is an instantiation or member of a class. This
usage is consistent with the usage of the term in object-oriented databases. The Instance
relationship (described below) expresses the relationship between an Object and a Class.
Note that I use the term “Object” to represent both an instantiation of a class and also
to represent the last part of a sentence. However, the sense in which the term is used is
clear from the context in which it is used. The ONION ontology format encourages the use
of a set of strictly-typed relationships with precisely defined semantics. SKAT supports the
following pre-defined relationships, whose semantics it uses while generating articulation

rules:

SubClass

Property

Instance

Value

The semantics of these relationships are explained below.

In the following description, I use the term Literal to denote a string and the terms Class

and Object to denote classes and objects in the sense it is used in object-oriented databases.
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4.7.1 SubClass

This relationship relates two concepts each of type Class. The relationship indicates that
one concept is a subclass of another. For example, the statement (Vehicle SubClass Car)
denotes that the concept Caris a subclass of concept Vehicle. Any instance of the class Car
is also an instance of the class Vehicle and all the attributes of the class Vehicle are also
attributes of the class Car. The relationship SubClass is transitive, and in the absence of an
explicit rule in an ontology that states that the SubClass relationship is transitive, ONION
will add such a rule to the ontology before reasoning or rewriting the queries using the
rules. The inverse of this relationship is SubClassOf or SuperClass. That is, (A SubClass
B) is equivalent to (B SubClassOf A) and (B SuperClass A) under the interpretation of the
ONION system.

4.7.2 Property

This relationship indicates that a concept is a property of another concept, e.g., an edge
(conceptA Property conceptB) indicates that conceptA has a property named conceptB. This
relationship, also referred to as Attribute in some information models, has typically the same

semantics as attributes in (object-)relational databases. The relationship has two forms:
1. Property: Class = Class
2. Property: Object = Object

In the first form, the subject and the object of the sentence with the relationship Property
are both of type Class. For example, in Figure 1.2, we have an edge labeled ‘A’ between Car
and Price. That edge is written in the ONION ontology format as a sentence: (Carrier.Car
Property Carrier.Price). In the second form, subject and the object of the sentence are
both of type Object. For example, in the sentences (Car Instance MyCar), (Price Instance
MyPrice), (MyCar Property MyPrice) we see that the objects MyCar and MyPrice are
related using the relation Property.

The following rule holds:
((B Property A) A (C SubClass A)) = (B Property C)

The inverse of the Property relation is the relation isPropertyOf . That is, (A Property
B) is equivalent to (B isPropertyOf A) under the interpretation of the ONION system.
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4.7.3 Instance

This relationship indicates that an object is an instance of a class. Therefore, the first
concept in the relationship is of type Object and the second of type Class. For example, an
edge (Car Instance MyCar) indicates that MyCar is an instance of the Class Car. The

following rule holds:
((B Instance A) N (C SubClassB)) = (C Instance A))

The inverse of this relationship is the relationship InverseOf. That is, (A Instance B) is
equivalent to (B InstanceOf A) under the interpretation of the ONION system.

4.7.4 Value

This relationship is used in the following scenarios:

1. Value: Class = Class

2. Value” Object = Object — Literal

In the first sense, it expresses the relationship between two classes. Typically, the first class
is a class that is a “property” of another class and the second class is the value of this
property. For example, we use (Steelpoor Property Material), (Material Value Steel) to
express that the value taken on by the Class Material is the Class Steel. In the second
sense, the relationship represents the value of an attribute of an object, e.g., (Car Instance
MyCar), (MyCar Property CarAge), (Age Instance CarAge), (CarAge Value “5”). Thus
the object of the relationship Value, “5” is of type Literal and the subject CarAge is of type
Object.

4.8 Sequences

XML is becoming a popular format for expressing data and meta-data on the web. Like
SGML and other markup languages primarily designed to express documents, XML imposes
order among its elements. By itself, the graphical ONION model, described above, does
not impose order among the children of a node. To express order, I introduce a special
relationship, namely Sequence, which is very similar to the container Sequence in RDF as
well as in some SQL extensions and object-oriented models. For example, a list ranking

cars can be described using the edges
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(MoneyLineRanking Sequence CarRankingList),
(CarRankingList : 1 HondaAccord), and
(CarRankingList : 2 FordTaurus).

The intermediate node Car RankingList represents the list object and its elements form an
ordered sequence. In an edge of the form (conceptA Sequence conceptB) the first concept
can be a Class or an Object and the second concept is an Object representing the list. The
individual elements of the list can be objects or classes and are related to the list-object via

the relationships : 1,: 2,...,: N, where the list has N elements.

4.9 The ONION Ontology Format and SKAT

In the ONION format, I do not require that every relationship must belong to the small
set of relationships whose semantics are predefined. The model is flexible enough to allow
any other user-defined relationship. SKAT will not be able to use the relationships, whose
semantics it is not aware of, unless the creator of the source ontology explicitly specified
the semantics of the relationships using rules. For example, if the source ontology uses a
relationship Is-A and has a rule expressed in the ONION rule language (i.e., as Horn Clauses)
that says that Is-A is transitive, SKAT can use that information to generate matches. The
articulation rules that SKAT generates uses only the relationships whose semantics are

predefined to establish correspondences among nodes in the source ontologies.

4.9.1 Interpretation of Relationships

An expert invokes SKAT with two source ontologies. SKAT only matches concepts in the
two source ontologies and does not attempt to match the relationships among ontologies.
SKAT uses only those relationships whose semantics it clearly understands (by virtue of
them belonging to the set of relationships defined in the ONION ontology format) to derive
meaningful matches among the nodes in the ontologies that are being articulated and ignores
the relationships whose semantics it does not know.

Let us suppose that two different ontologies have the relationships Buyer and OQuwner
expressing the obvious relationship between a car and the person who buys it and owns it
respectively. In most cases, the two terms refer to the same person, but different terms are
used because of the differences in context. The Ford dealer that sells a car uses the term

Buyer to refer to the person who buys the car. The Department of Motor vehicle registers
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the car in the name of the same person but lists the person as Owner. Such relationships
that are similar are not detected by SKAT since it does not try to match relationships.

While matching the nodes, SKAT checks to see if the same relationship holds between a
pair of nodes and make deductions based on that, but unless two relationships in the source
ontologies are indicated to be equivalent using explicit rules, it does not try to determine the
similarity among relationships in the source ontologies. Therefore, it treats the relationships
Buyer and Owner as distinct. Although it is perhaps not difficult to use the same techniques
that I use to match nodes to match relationships, again I have taken a design decision to
match only nodes and not relationships, so as to keep SKAT simple.

A workaround to the problem caused by SKAT not matching relationships is to reify the
two ontologies, that is, to model the relationships as nodes themselves. To allow such model-
ing, sc Onion allows two more special relationships with pre-defined semantics: rel:domain
and rel:range. For example, an edge, ¢ = (A Buyer B) can be modelled by two edges
e1 = (A rel:domain Buyer) and ex = (Buyer rel:range B). Once the relationships are mod-
eled as nodes, as shown above, the articulation-rule generator can match them and establish

semantic correspondences between two relationships from distinct source ontologies.

4.10 Reference and Subsumption

4.10.1 Object Definition in Semi-Structured Models

Several data formats now in common use for databases and ontolgies were designed pre-
dominantly to model documents, e.g., XML [xml04], SGML [sgm], OEM [ACMO01]. In
such data formats, where there are nested objects and entities, an object is modeled as a
subtree in a graph. The entire subtree rooted at a node comprises the object that the node
represents. When a query asks for the object, the entire subtree is returned. Such models

assume that an object subsumes all objects that are in its subtree.

4.10.2 Objects in ONION

In our model, I intend to keep the concept of an object as simple as possible. Faced with
the question of defining the scope of an object in the ONION ontology format, I take a
minimalistic approach. In the ONION ontology format, a single node represents a concept

and is either a class, or an object, or a value. All edges are referential in nature. Thus,
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when a query asks to select an object, only the node representing the object is returned and
not the entire sub-graph reachable from that concept-node. This minimal definition of an
object helps me keep the articulation rules and the resulting ontology intersections as small
as possible. The larger the intersection, the greater the cost of managing the articulation
and the greater the cost of any operation that requires manipulating the articulation e.g.,
while using the articulation to answer queries. Therefore, I decided to keep the definition

of an object as simple as possible.

4.11 Specifying the Semantics of Relationships Using Rules

In the ONION ontology format, apart from the graph model, an ontology can also contain
a set of rules specified declaratively. I provide this feature to facilitate the translation
of ontologies that have features that do not have an equivalent in the ONION ontology
format. For example, an ontology might use a relationship that does not have an equivalent
relationship in ONION. The semantics of such a relationship can be specified as a rule
associated with the formatted ontology. Currently, these relationships and rules are not
interpreted by ONION. Of course, despite having the rule language, I do not expect that all
features taken from all possible ontology formats and modeling languages can be expressed
using the Onion model. However, in order to maintain a simple ontology model, I forsake

the ability to be more inclusive with respect to models.

4.12 Translation of Ontologies and Articulation-Rule Gener-

ation

If the articulation-rule generator understands only one ontology format, ontologies that that
generator will match must be translated to the common ontology format. So if a feature
in an ontology format cannot be translated into our common ontology format, it will not
be matched with similar features carrying similar semantic messages in other ontologies by
the articulation-rule generator. Therefore, it is important for the translation process to be
as complete as possible. Of course, such information can still be accessed directly from the
individual ontology and the engine associated with the individual sources, but the ontology
articulations will be ignorant of such information even if that information is semantically

related to information in other ontologies that are being used by the application. Ontologies
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expressed in different ontology models and modeling languages are converted into the ONION
ontology format by using wrappers.

In this section, I have discussed how I avoided the problem of heterogeneity among
ontology formats by designing a common ontology format to which ontologies need to be
converted before ONION can use them. I have also discussed the features of the ONION
ontology format that the articulation-rule generator expects all input ontologies to be con-
formant with.

However, the second important problem of semantic heterogeneity among the concepts
used in the source models still remains. In the next section, I will summarize various
methods that I use to automatically suggest ontology articulations.

To conclude, in this chapter, I presented the specification of the ONION ontology format.
In the next chapter, I discuss in detail how SKAT works and the heuristic algorithms it

employs.



Chapter 5

Articulations and their Generation

As indicated in the previous chapters, an articulation between two ontologies matches the
two ontologies and established the correspondence rules among concepts across the two
ontologies. The linked concepts have semantic similarities that are useful for the application
for which the articulation is constructed. In this chapter, I first motivate the need for an
articulation, show the use of articulation rules to answer queries, and then discuss how

SKAT generates articulations semi-automatically.

5.1 The Need for Articulation

The creators of information sources use different vocabularies to express the information
contained in the sources, even when the information is from the same domain. To satisfy
the needs of end-users, applications require information from multiple information sources.
An application can utilize the information from two sources completely and accurately only
after establishing the precise semantic correspondences among the objects in the two sources.
Missing correspondences - both matches and mismatches - result in errors of omission (cited
as type 1 error in Chapter 1). The conclusions drawn using wrongly matched information are
erroneous (type 2 error due to semantic mismatches). Therefore, for information sources
using diverse vocabularies, an application that interoperates between the sources needs
precise and complete articulations of the ontologies that contain the specification of those
vocabularies.

Articulations play a crucial role when two software applications, representing two dif-

ferent parties - individuals or institutions - have to cooperate to achieve a common goal. In

53



54 CHAPTER 5. ARTICULATIONS AND THEIR GENERATION

order to achieve their goal, the applications must communicate and exchange information.
The information sources associated with the two different applications often use different
vocabularies. In the last chapter, I stated why getting multiple applications and informa-
tion sources to agree to one common vocabulary is futile. In the absence of a common
vocabulary, the applications can communicate meaningfully only if information from the
source corresponding to the applications that is sending a message is translated accurately
using a vocabulary that the applications who is receiving the message can interpret. Again,

ontology alignment and articulation is the answer [Hov98].

Even when the aim is not to interoperate but to integrate multiple sources of informa-
tion, articulation of the various ontologies corresponding to the sources is essential. While
constructing the Unified Medical Language System [MRB196], the medical terminology
used in the different machine- readable medical information sources had to be first matched
and aligned before they could be merged. The work done by Hovy [Hov98] is another
example where ontologies had to be articulated. In his effort, to create a single top-level
ontology of world knowledge, Hovy had to match and reconcile terms used in the ontologies
Sensus [KL94], Cyc [cyc], and MIKRO [Mah96] that purported to represent common sense
knowledge. All three ontologies were rather large. Hovy articulated 6000 concepts from
Sensus [KL94] with 5000 concepts of MIKRO [Mah96] and 3000 concepts of CYCJcyc].
To match large ontologies, one needs to consider a large number of potential node-pairs
although most of them eventually do not match. Matching such large ontologies without
automated tools involves an unacceptably huge manual cost. Besides, experts who manu-
ally match very large ontologies, often miss potential semantic links between objects across
sources and sometimes misinterpret the semantics of objects in the sources to establish
wrong matching rules because no expert can envisage all the possible consequences of a

match. Such omissions and errors result in losses from imprecision and lost opportunities.

The constructor of a new ontology, who wants to reuse existing ontologies to create the
new one, must first articulate selected portions of the existing ontologies before they can
be composed to create the new ontology. Often, designers of new applications also need to
create new ontologies. Even though the application is new, it might have similarities with
existing applications. The concepts and relationships used in the new application is often
not exactly the same as those in any one existing ontology but is similar to concepts and

relationships used in several available existing ontologies. The designer of the application
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can create the new ontology specifying the vocabulary used in the new application by select-
ing and composing concepts and relationships from existing ontologies. The sub-ontologies
that are composed to create the new ontology contain concepts that are semantically re-
lated. If the correspondences between concepts across the sub-ontologies are not identified,
the sub-ontologies remain disjoint in the new ontology. To identify the correspondences
between concepts across the sub-ontologies, the designer of the application or a domain
expert employed by the designer, needs to articulate the sub-ontologies before composing
them.

In the rest of the chapter, I discuss algorithms that SKAT uses to generate articulations

semi-automatically.

5.2 The Use of Articulation Rules for Query Answering

An important use for articulation rules is to answer queries those require information from
multiple information sources. These queries can be posed either on the ontologies or on the

instances of the concepts in the ontologies.

5.2.1 Ontology-level Query Answering

As indicated earlier, a large number of ontologies are available today. Typically, such
ontologies are stored in a repository and retrieved from a server when necessary [Ont]. A
key component of an ontology management and retrieval system is an articulation generator.

An ontology management system treats ontologies as first-class objects. That is, the
system allows end-users to specify operations to manipulate ontologies and execute queries
to select portions of ontologies stored in a repository. In the remainder of the dissertation, I
will refer to queries that manipulate ontologies as ontology-level queries and refer to queries
that are posed to information sources and select the information or instance data stored in
the sources as instance-level queries.

A query-execution engine that executes an ontology-level query uses the articulation

rules to match the ontologies before composing selected portions of multiple ontologies.

EXAMPLE 5.2.1 Ontology-level Query Answering: Consider the scenario where a
buyer wants to buy several items from multiple suppliers. The buyer and each supplier have

published his or her own ontologies. Each ontology lists a set of items, their attributes and
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specifications, and the relationships between items in the ontology. In Figure 5.1, I show

selected portions of the three ontologies:

The ontology named Buyer_Ontology contains a class Door, which has subclasses Alu-
minum Door, Steel-frame Door, Glass Door. There are two suppliers shown above: Sup-
plierl and Supplier2. The first supplier Supplierl sells among other items two types of doors
Doorl and Door2. The frames of the two doors are made of Wood and Steel respectively.
The second supplier Supplier2 can supply doors as well. It stocks two types of doors: (i)

Metalic_Door - doors made of Aluminum and (ii) Wooden_Door - doors made of wood.

Now, the buyer wants to answer the following query:

What are the items that the buyer wants to buy that can be supplied by the suppliers?

One possible plan to answering the query is as follows. First, obtain the intersections of
the buyer ontology with each supplier ontology. Then, take the union of those intersections
and from the union select the items that the buyer wants to buy. Articulation rules relating
items that the buyer wants to buy (and are in the buyer ontology) to items that a supplier
can supply (items in a supplier ontology) must be first established before the intersection

of the buyer ontology with the supplier ontology can be computed.

For the ontologies shown above, the following describes how a buyer wanting to buy
aluminum doors, steel-frame doors and glass doors for various parts of a new building being
constructed can find out which of these the available suppliers can supply, namely Supplieri
and Supplier2. The domain expert, using SKAT, identifies that Supplieri. Doorl is a subclass
of Buyer_Ontology. Door and Supplierl.Door?2 is a steel-door that is semantically matches
‘Buyer_Ontology. Door. Steel-frame Door’ and that Supplier2.Door.Metallic_Door matches

‘Buyer_Ontology. Door. Aluminum Door’.

Using the above-mentioned rules, we get the intersections of the Buyer_Ontology, and
Supplier] and Supplier?2 respectively as shown in Figure 5.2. The union of these two inter-

section ontologies is shown in Figure 5.3.

If the buyer is interested in buying steel-frame doors, aluminum doors and glass doors,
a simple selection of those concepts, from the union of the intersections, indicates that
only the steel-frame doors and aluminum doors can be supplied by Supplier! and Supplier2

together and they cannot supply glass doors.

Thus, we see how articulation rules can be used to answer ontology-level queries. O
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Buyer Ontology

SC
Steel-frame
Door
Supplier2 Ontology

Supplierl Ontology SC SC

Prop Prop Prop | Prop
@ @ @@ Material
(Wood>  CSteeD |

Val Val Val Val

uminum>  (Wood>

Key: SC = SubClass, Prop = Property, Val = Value

Figure 5.1: Three source ontologies: Buyer, Supplierl, and Supplier2
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Buyer_ Supplierl Intersection Ontology

Buyer.Steel frame Door Equ Supplierl.Doorl

Buyer_Supplier2_Intersection Ontology

Key: SC: SubClass, Equ: Equivalent

Figure 5.2: Pair-wise intersection of the Buyer ontology with the Supplierl and Supplier2
ontologies

Buyer_Supplierl_Supplier_2 Intersection Ontology

Key: SC: SubClass, Equ: Equivalent

Figure 5.3: Intersection of the three ontologies Buyer, Supplierl, and Supplier2
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5.2.2 Instance-level Query Answering

Articulation rules are also useful to answer instance-level queries. Typically, the end-users
pose these queries. The results of the queries are individual instances (or their attributes)
of the classes of objects present in the information sources. Whereas an ontology-level
query can identify the suppliers those can supply the sports cars a buyer wants to buy, an
instance-level query retrieves all individual instances of sports cars that all suppliers can
supply and that meet the specifications of the buyer.

To answer queries using information sources in the presence of articulation rules that are
first-order-logic rules I require an inference engine. However, if I use conjunctive queries as
the query language and also the articulation-rule language, I can reduce the problem to that
of answering queries using views used in information integration systems [LRO96] and in
description logics [BLRI7], [CGL99a]. There are two variations of the problem of answering
queries using views that apply to answering queries using our ontology-based information
systems: global-as-view (GAV) and local-as-view (LAV). T describe the two variations and
provide examples of both below.

In the GAV approach, the concepts used in queries are obtained from some global
ontology. The global ontology contains concepts from the source ontologies. In the LAV
approach, terms used in the global ontology are different from those used in the source
ontologies. The terms used in the source ontologies are defined based on terms in the
global ontology. In this work, I have assumed that there is no stand-alone global ontology.
Therefore, I utilize the union of the concepts in the source ontologies as a global ontology.
Thus, the ONION framework conforms to the global-as-view model. T discuss the two models

and give an example of how I use the global-as-view model below.

The Global-as-View Model

In the global-as-view model, the end-user poses a query using terms in the global ontology.
An articulation rule relates a concept - the consequent of the rule - in one ontology to
one or more concepts - appearing in the definition (antecedent) of the rule - obtained
from other ontologies. If a concept appears in the query, and also in the consequent of
an articulation rule, the system can rewrite the query. In a rewritten query, one or more
concepts that appear as a consequent in an articulation rule is replaced with the antecedent

of the articulation rule. Such a replacement creates another query equivalent to the original
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query. All possible equivalent (yet distinct) queries are obtained by systematically replacing
the concepts by their definitions. The answer to the original query is the union of the answers
to all the equivalent rewritings of the query [Ull97]. ONION takes each query that needs
evaluation and divides it into sub-queries. A sub-query contains all concepts in the original
query pertaining to one ontology. The query processor then sends the each sub-query to
individual sources for evaluation. The results to the sub-queries returned by the individual

sources are then used to answer the main query.

EXAMPLE 5.2.2 For example, let O1 and O2 be two ontologies from the automotive

domain that defines different types of cars. Now, consider an instance-level query

((?X Instance0Of 02.BlueCar) AND
(?X InstanceOf 02.NewCar))

The query asks for all instances of new, blue cars. More formally, the query asks for all
X such that X is an instance of the class BlueCar as defined in ontology O2 and the class
NewCar as defined in the same ontology O2. Now, assume that a domain expert has supplied
the following articulation rules that establishes the correspondences between instances of
cars whose information is available in information sources conforming to ontology 01(02)
and instances of cars whose information is available in information sources conforming to

ontology 02(03):

( ((X InstanceOf 01.Car) AND
(X 01.Color0f "Blue"))
=> (X InstanceOf 02.BlueCar))

and

( ((X Instance0Of 03.Car) AND
(X 03.ManufacturedIn Y) AND
(Y Equals "2003"))

=> (X InstanceOf 02.NewCar) )

where X represents instances of cars and the variable Y represents the years the cars
were manufactured in.

QueProc, ONION’s query processor, will rewrite the query as:
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((?X InstanceOf 01.Car) AND
(?X 01.Color0f "Blue") AND
(?X InstanceOf 03.Car) AND
(?X 03.ManufacturedIn Y) AND
(Y Equals "2003")))

Since the query is a conjunction of several conjuncts, the query is divided into sub-
queries each containing a subset of all the conjuncts as shown below. The first sub-query
contains all the conjuncts that contain concepts from ontology O1, and the second sub-query

contains all the conjuncts that contain concepts from ontology O3.

((?X InstanceOf 01.Car) AND
(?X 01.ColorOf "Blue"))

and

((?X InstanceOf 03.Car) AND
(?X 03.ManufacturedIn Y) AND
(Y Equals "2003")))

The first sub-query is posed to the source corresponding to ontology O1 and the second
sub-query is posed to the source corresponding to ontology O3. The intersection of instances
bound to the variable X in the results returned by the first source and those instances bound
to X in the results in the second source are returned as the answers to the original query.
O

The Local-as-View Model

The local-as-view variation requires a global ontology based on which the concepts of each
source ontology are defined. As argued before, the ONION framework does not assume the
presence of a global ontology and therefore does not use this model. However, for the sake

of completeness, I describe the paradigm briefly below.

EXAMPLE 5.2.3 Consider the following example:

((?X InstanceO0f 0G.Car) AND
(?X 0G.SoldIn "CA"))
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Now, assume the following concepts definitions (analogous to database views) from the

ontologies are available:

((X InstanceOf 0G.Car) AND
(X 0G.Color0Of "Blue")
=> (X InstanceOf 01.BlueCar))

and

((X 0G.SoldIn "CA™)
=> (X InstanceOf 02.CASales))

It is easy to see that the query can be answered using the concept definitions as follows:

((?X InstanceOf 01.BlueCar) AND
(?X InstanceOf 02.CASales))

a

This problem has been studied in the context of information integration, in knowledge-
bases [AYL95], databases[LMSS95], and description logics [CGL99b], and is commonly re-
ferred to as answering queries using views. Several existing optimal algorithms can perform
the rewriting and evaluation of queries in such a setting. However, since ONION does not
assume the existence of a global ontology and thus does not support the local-as-view model,

I will not elaborate on these algorithms any further.

5.3 Storage of Ontologies and Their Articulations

ONION does not store the individual ontologies corresponding to the sources it seeks to
interoperate but assumes that the ontologies are available to it and can be fetched when
required. This choice of storage of ontologies ensures that the ontologies are stored and
maintained at their sources and provides greater autonomy to the publishers of the ontolo-
gies. Because ONION fetches ontologies only when needed, the fetched ontologies contain
the latest versions made available by the individual sources. Fetching the latest version of
an ontology helps ONION ensure that it avoids the problems that can occur when decisions

are made based on stale information.
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As mentioned in Chapter 3.2.2, the articulation rules are stored in OntoStore for future
use. Since ONION does not have the permissions to store the articulation rules at the
locations where the ontologies themselves are stored, the articulation rules are stored at a

central repository accessible to ONION.

The articulation rules may be stored in a central repository or in a distributed one
— the choice is orthogonal to the current work. For the current work, I assume that all
articulation rules are stored in a central repository. When an end-user poses a query to the
system, the query-rewriting engine translates the query using the articulation rules such
that each translated query or its sub-queries uses the same vocabulary as that used in the

individual information sources.

In the next section, I discuss how articulation rules are generated semi-automatically.

5.4 Semi-automatic Generation of Articulation Rules

As indicated in the previous chapters, often different sources use different terminologies to
describe the objects in the sources. The same term, used in different sources, often has
overlapping or somewhat different semantics, e.g., the term “nail” has entirely different se-
mantics in a “cosmetics” ontology and the “carpentry” ontology. Similarly, different sources,
often, use different terms to refer to semantically similar objects, e.g., the terms “truck”
and “lorry” in two transportation ontologies might refer to the same class of objects. Even
though ontologies expose some of the semantics of the terms and their relationships, they
often remain incomplete or inadequate if we consider the needs of the various applications

that use them.

In this section, I will discuss a semi-automated algorithm for resolving the terminological
heterogeneity among the ontologies and establishing the articulation rules necessary for
meaningful interoperation. This algorithm forms the basis for the implementation of SKAT.
The algorithm uses multiple heuristics to generate articulation rules. Such heuristics are
based on the terms and relationships used in the ontology, the structure of the ontology
graphs, and the instance data available for each ontology concept. No single heuristic works
best across all domains. Empirical evidence shows that combining the information obtained
by using multiple heuristics provides a better match between semantically related terms in

the ontologies than using a single heuristic.
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5.4.1 Application-specific Articulations

As mentioned above, ONION builds application-specific articulations using SKAT and On-
toComp. Application-specific articulations are focused and retain only information that is
necessary for the application. For example, ontologies on two travel sites might list the
diferent products it has to offer that will help a user make air, car and hotel reservations.
However, if a business application only wants to rent cars locally for its business purposes,
it is not interested in the air and hotel portions of the ontologies. If the source ontologies
are large, then creating and maintaining articulation rules for the air and hotel portions of
the source ontologies would incur additional cost and unnecessary overload. To avoid such
unnecessary costs, I build ontologies that are cognizant of the needs of the application and,
in our example, retain only articulation rules regarding car rentals.

Application-specific articulations also result in more accurate results, since the articu-
lations are based on the specific needs of the application. Consider the following example.
There are sources of information about flights that take place between two destinations.
A civilian application that needs to book tickets for passengers on a flight ignores a sortie
that a military unit will conduct and only considers a flight to be undertaken by a com-
mercial airline, for the civilian can not travel in military aircraft. Thus an articulation-rule
generator that is articulating two ontologies for such a civilian application should not try
to match the two types of flights that take place. However, when the military wants to
move personnel from one location to another, it can avail itself of either option depending
upon space and cost considerations. An articulation-rule generator that is matching two
ontologies for a military application will match a “sortie” with “commercial flights” and
may establish a rule that says that, for the purposes of this application, a “flight” and a
“sortie” can be used interchangably.

Even two experts creating applications using the same source ontology for similar clients
in the same domain may not agree on the desirable semantics for the applications. The
primary objective for one client of a commercial travel agency is minimizing the cost, while
for another it is a combination of cost and frequent flyer miles. Similarly, two organizations
using the same commercial airline for their transportation needs differ significantly when
their objectives are different, — say one is interested in moving goods and freight while
the other is primarily interested in moving personnel. While building an interoperation
system, it is important to cater to the differences among different clients, organizations

and experts. In our framework, since ONION builds articulations only with respect to
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a particular application, the differences of opinion between two experts can be respected.
Each expert has the freedom to build articulations that cater to the needs of the semantics of
the application. It is no surprise, then, that two ontologies can have multiple articulations,
each tailored towards a particular application.

Thus, in this sub-section, I have argued for the creation of multiple articulations between

two ontologies depending upon the applications the articulations will be used for.

5.4.2 Primitives Used in Articulation Rules

The preliminary articulation rules generated by SKAT are of two types - ones that are simple
statements of the form (Match ‘Department of Defence’ ‘Defense Ministry’) expressing
matches between equivalent concepts and the more complex rules expressed as conjunctive
queries that the domain expert supplies.

SKAT uses the relation (Match Conceptl Concept2) to indicate that the two concepts
Conceptl and Concept2 are related (above an acceptable threshold supplied by an expert
and the threshold can vary from application to application). Match does not indicate the
exact semantic relationship between the two concepts, for example, whether they have a
class-subclass relationship, or are equivalent etc. Therefore, Match gives a coarse relatedness
measure and must be refined to more precise semantic relationships, if such refinement is
required by the application. Such refinement can be performed by more automatic functions
or derived using the assistance of a human expert.

For example, the human expert might indicate that by default all concepts that Match
are to be taken to be equivalent unless otherwise noted by the expert. In the current imple-
mentation, I depend upon the human expert to modify the Match relations to more precise
relationships using the ONION viewer. The relationships used in articulation rules can be any
of  the special relationships listed in  Chapter 2, ie., any  of
(SubClassOf, PartOf, AttributeOf, InstanceOf, ValueOf ) . Additionally, the articulation

rules use the two primitives
o FquivalentTo and
e Fquals.

The relationship FquivalentTo holds between two classes of objects and expresses that the

classes are equivalent. Two classes are equivalent if the set of real-world entities they
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Figure 5.4: An articulation between the United Airlines Ontology and the TRANSCOM
Ontology

represent are exactly the same. The relationship Equals holds between a class or a variable
and a value, e.g. (Y Equals “40,000”) indicates that the variable Y takes the value “40,000”.

The articulation rules may also contain a relationship from the individual source on-
tologies provided a reference to the source ontology is included in the articulation rule. For
example, the relationship OG.SoldIn is used in an articulation rule above. Note, that the on-
tology reference OG is used along with the name of the relationship SoldIn to unequivocally

specify which relationship is being referred to.

5.4.3 An Example

In Figure 5.4, I show an example articulation. On the left hand side, is a portion of the
United Airlines Ontology and on the right a portion of the TRANSCOM Ontology. These
ontologies were constructed manually for experimentation. The objective of the application
is to transport military men and materiel from Washington D.C. to Al Jabar Airbase in
Kuwait. A combination of commercial flights and special purpose sorties is to be used to

meet the transport objective.
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The United Airlines source has flight, whose DepCity is Washington D. C. (IAD)
and ArrCity is Frankfurt(FRA). This corresponds to a flight from Washington D. C. to
Frankfurt. There exists an articulation rule, supplied by the domain expert, that says that
the connection relation is transitive.

The TRANSCOM source has a sortie that runs from Rhein Main AFB in Frankfurt,
Germany to Al Jabar airbase in Kuwait.

SKAT establishes the articulation rules semi-automatically. The rules indicate that the
Frankfurt airport is the co-located with the Rhein Main AFB. It tells us that if there is
a sortie or a flight between two cities, then there is a connection between them. It also
indicates that DepCity in the United ontology is the same as From in the TRANSCOM
ontology. Due to lack of space in the figure, the rule that states that United.ArrCity is
equivalent to TRANSCOM. To is not shown.

Using these rules, an inference engine can easily establish that there is a connection
between Washington D. C. and Al Jabar Airbase, Kuwait.

The automated tool generates and suggests the simpler articulation rules to indicate the
terms in the two ontologies that are related. The expert then validates these suggestions
and the final set of articulation rules are stored to be used for composing ontologies and

answering queries posed to the information sources.

5.5 Generation of Ontology Articulations

As indicated in the last chapter, ONION employs SKAT to generate a set of articulation rules
between two source ontologies. SKAT uses several matching algorithms and provides the
human expert with a confidence score associated with each matching rule it suggests. The
scores from the different matchers are combined to determine the overall matching score
between terms across ontologies.

OntoComp or QueProc recalls the articulation rules from the repository when the task
involves composing portions of the two ontologies.

Since SKAT is modular in nature, one can plug any application-specific matching algo-
rithm in to the driver that generates the articulations. I believe that a set of basic matching
algorithms will be useful in a wide variety of applications. In the rest of the chapter, I first
describe a windowing algorithm that is used in order to perform the matching scalably and

then show a set of heuristic matching algorithms and empirical evidence of their efficacy.
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The heuristic matchers used by SKAT are of broad types - iterative and non-iterative.

5.5.1 The Windowing Algorithm

The algorithms described in the rest of the chapter are based on computing the similar-
ity score between all pairs of terms, such that the two terms in a pair are from different
ontologies. For very large ontologies, this quadratic computational complexity is unaccept-
able since it gets very time-consuming and expensive. To avoid such cases, and make the
algorithms more scalable, SKAT deploys a “windowing” algorithm as described below.

A window consists of a connected subgraph of an ontology graph and the set of rules
in the ontology such that the concepts and relationships used in the rules all appear in
the subgraph. SKAT partitions each ontology into several windows, and constructs pairs of
windows by selecting one window from each ontology such that a window does not appear
in two such pairs. The concept names in a window is matched to the concept names that
appear in the paired window. The computational complexity of the algorithm is reduced
by not computing the similarity between all pair of terms but by computing the similarity
only between pairs of terms where two terms in a pair are from “corresponding” paired
windows.

The expert provides SKAT with an estimate of the number of terms permissible in a
window, say N. The expert is guided by the fact that the algorithm will compute O(N?)
similarity scores between pairs of terms for each pair of window. I assume that the expert
knows the sizes of the ontologies and the maximum amount of computational resources
available (maximum computational complexity permissible) and makes a judicious choice
of N.

SKAT performs the following computation. Let an ontology O; have |O1| number of
terms, and is being articulated with another ontology Oy having |Os| terms. Without loss
of

generality assume, |O1] > |O2|. O; is divided into P windows of approximately equal
number of terms 7. SKAT constructs the windows by traversing the ontology graph in a
breadth-first manner. The first T terms visited are put into first window, the next T terms

in the second window and so on. SKAT selects P by choosing the minimum P that satisfies:
1. P+T < |0, and

2. T<N.
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0> is also divided into the same number of windows as O;. The windows in each ontology
are numbered sequentially according to the order of their creation from 1 to P.

By default, in the next stage of the algorithm, SKAT tries to match the i‘h window of Oy
to the windows numbered i — k,i — k+1,...,7 4+ k. The domain expert provides the value
for k. Clearly, a larger value of k increases the amount of computation. The assumption in
this matching is that the two ontologies have the same granularity and are similar in their
structure. That is why, the top window of one ontology is matched to the top windows of
the other and the bottom window with the bottom windows of the other. If this assumption
is not true, the expert can override this default behavior by creating windows in the source
ontologies using a GUI and indicating the pairs of windows that he or she wants SKAT to
match. SKAT finds the articulation rules between terms taken from the indicated windows.

Currently, if windowing is done, SKAT cannot match large ontologies with different
granularities. In the future, the work can be extended to support matching ontologies
with different granularities, by enabling the expert or the automated component to omit

subgraphs of concepts from the more detailed ontologies.

5.5.2 Non-iterative Algorithms

Non-iterative algorithms are ones that identify the matching concepts in the two ontolo-
gies in one pass. Our linguistic matcher employs only non-iterative algorithms since the
techniques SKAT uses do not generate additional matches if more than one iterations are

allowed.

Linguistic Matching

The linguistic matcher looks at all possible pairs of terms from the two ontologies it is
matching and assigns a similarity score to each pair. If the similarity score is above a
threshold, then the linguistic matcher generates an articulation rule and forwards it to the
expert for verification. Increasing the threshold decreases the number of articulation rules
suggested, and decreasing the threshold reduces the number of articulation rules suggested.
The expert is in charge of increasing or decreasing the threshold.

The linguistic matcher expects a concept name to be represented as a string of words.
The matcher constructs all pairs of words where the two words in a pair come from strings
obtained from different ontologies. The matcher uses a word-similarity table generated by

a word relater, which I describe below. The matcher looks up a word-similarity table to
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determine the similarity between all such pairs of words. Finally, the matcher computes the
similarity of the strings based on the similarity of the pairs of words.

The lexical matcher computes the similarity between pairs of strings s and s2 as follows.
First, it strips the strings of all stop-words: prepositions, conjunctions, pronouns, and
interjections. A word is a continuous run of alphanumeric characters in a string that may be
hyphenated. Spaces or underscores demarcate words in a string. Stop-words are identified
by looking up a table of stop-words. I constructed a table of stop-words containing common
prepositions, conjunctions, pronouns, and interjections. This table can be extended in the
future by adding more words.

The rest of the algorithm is run on these stripped strings. After the stripping, let s1
be the string with fewer number of words between the two strings that are being matched
. After obtaining the similarity between pairs of words, SKAT obtains the best “matching”
between the words. The best matching is found by successively selecting the pair with
the highest similarity score such that the words in the pair have not occurred in any pair
selected before. Finally, SKAT sums the existing matching scores and obtains the average
by dividing the sum by the number of words in s1. This average gives us the matching score
between sI and s2.

The detailed algorithm is as follows:
e match( String s1, String s2, WordSimilarityTable wst)

— List similarityList;
— for each word w1l in sl:

* for each word w2 in s2:
similarityScore « wst.lookup( w1, w2 );

Add (wl, w2, similarityScore) to similarityList;

Sort similarityList on the similarity score of the tuples;

Set matchedWords « null;

floatingPointNumber matchingScore «— 0.0;

for each tuple (w1, w2, ss) in similarityList:
x if both wl or w2 is in matchedWords continue;

* else

matchingScore « matchingScore + ss;



5.5. GENERATION OF ONTOLOGY ARTICULATIONS 71

add w1, and w2 to matchedWords;
— similarityScore « similarityScore / min( size(sl), size(s2) );

— return similarityScore;

For example, say, given the strings Department of Defense and Defence Ministry, the
algorithm generates a matching score between the words: match(De fence, Defense) = 1.0.
Furthermore, it generates match(Department, Ministry) = 0.74. I will describe algorithms
below to compute the similarity between words below. The heuristic algorithms, used by
SKAT, generate these numerical similarity scores. They indicate the degree of similarity
as computed by the algorithms between the two words. Given the similarity between the
words as computed by the algorithm, SKAT calculates the similarity between the two strings

as follows:

match("Department of Defense",

"Defence Ministry") = (1 + 0.74)/2 = 0.87.

The denominator is the number of words in the string with fewer words between the two
strings.
If the generated similarity score is above a pre-supplied threshold, then the two conceptsl

are said to match, and SKAT generates an articulation rule,
((Match “Department of Defence” “Defense Ministry”),0.87),

where 0.87 is the confidence measure with which SKAT generated this match. The confidence
measure varies betwen 0 and 1.

Constructing the Word-Similarity Table:

I have experimented with several ways to generate the table containing the similarity be-
tween all pairs of words. First, SKAT checks if the words are spelled similarly, and then
derives word similarity using methods that can be differented into two main classes: a)
thesaurus-based, and b) corpus-based.

Thesaurus-Based Word-Relator: I have devised matching algorithms based on dic-
tionaries or semantic networks, like Nexus [Jan00] and WordNet [wor]. WordNet gives us a
list of synonyms for each word. If the two words are found to be synonyms, then SKAT re-
turns a similarity score of 1.0. If the words are found to be synonyms from WordNet, which

is a manually generated thesaurus, during our experiments, we took the matching score of
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the words to be 1. Now, whether doing so makes sense is arguable. In our experimental
data, the we did not see any accidental matches between different word senses of the same
word. The value of the matching score for the synonym lookup is a configurable parameter
and can be modified to any other number by the expert.

If the two words are not synonyms, it looks at the the number of words that are “sim-
ilar” in the defnitions of each word. The matcher repeats this process of looking into the
definitions of words to find their similarity recursively until a specified recursion depth is
reached at which point SKAT requires the word-similarity to be supplied to the algorithm.
The definitions of words are treated as strings and we use the string matching algorithm
described above. To generate the word-similarity used in the leaf-level of the recursion tree,
SKAT first checks whether the words in the pair are stated as synonyms in WordNet [wor].
If WordNet indicates that the words are synonyms, their similarity score is 1.0. If the word
pair does not occur in WordNet, the tool generates a word-similarity score for the pair of
words using the Corpus-Based Word-Relator, that gives a score for the degree of similarity
of words between 0 and 1. Any other dictionary that provides synonyms can be used to
replace WordNet. We initially experimented with the Nexus system [Jan00] but later on
replaced it with WordNet.

The detailed algorithm is as follows:

e GenerateSimilarity (word wl,word w2,dictionary dict,depth dep)

— if wl and w2 are synonyms in dict, return 1;
— if (dep == 0) return similarity-score using corpus-based method;
— else

* defl « dict.Jlookup( wl );

* def2 « dict.lookup( w2 );

* List similarityList < new List;

* for each word wdl in defl:

- for each word wd2 in def2:
Add (wl, w2, GenerateSimilarity( wdl, wd2, dep-1)) to similar-
ityList;
* Sort similarityList on the similarity score of the tuples;

* Set matchedWords <+ null;
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*

floatingPointNumber matchingScore < 0.0;

*

for each tuple (w1, w2, ss) in similarityList:
- if either w1l or w2 is in matchedWords continue;
- else
matchingScore < matchingScore + ss;

add w1, and w2 to matched Words;

*

similarityScore « similarityScore / min( size(defl), size(def2) );

* return similarityScore;

EXAMPLE 5.5.1 We saw above how the similarity between the terms “Department of
Defense’ and “Defence Ministry” was determined using WordNet. We now show another
example where there are no synonyms like “Department” and “Ministry” and the words
have some overlap but are not very closely related for the purposes of the application.
While generating articulation rules for an application in the transportation domain, SKAT
encountered the terms “truck” and “boat”. The definitions of truck and boat are “an
automotive vehicle suitable for hauling”, and “a vessel for water transportation” respectively
in WordNet. If the specified depth is 1, SKAT does not look into the definitions of vehicle
and wvessel to determine their similarity. Since they are not exactly the same, SKAT sets
their similarity to 0 (or gets their similarity scores using a corpus-based method if one is

available). If however, the depth were set to 2 (or more),

match(truck, boat) = match( “automotive suitable hauling”,

“vessel water transportation” )

Note that the stop-words have not been shown since, as mentiioned above, SKAT strips
them before matching the two definitions. To match the two definitions SKAT invokes the
algorithm as indicated above where SKAT treats each definition as a string and identifies
the matching score between the strings by breaking down the definitions into its component
words. SKAT looks up the definitions of all pairs of words such that each word in a pair
is taken from a different string. For example, SKAT tries to match wehicle and wvessel,
discovers their definitions both have transportation in common, and generates a similarity
score between vehicle and vessel while no such similarity is found between water and any
word in the definition of truck. The algorithm then combines the similarity of the words in
the definitions to find the similarity score between the two definitions, and propagates that

similarity up to generate a non-zero similarity score between truck and boat.
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a

Corpus-Based Word Relater: The linguistic matcher also generates word similarities
using a corpus-based matching algorithm. The word relater uses a corpus of documents be-
longing to the domain of the ontologies that are being matched. SKAT generates similarities
among terms in the corpus based on the context in which the terms occur [Sch92].

I identify the contert in which a word, w, appears by looking at words that appear in
a 1000-character neighborhood of all occurrences of w in documents in the corpus. The
1000-character neighbourhood of a word w contains all complete words that appear in the
500 characters preceeding w and also all complete words that appear int he 500 characters
succeeding w. For example, consider the word “looking” in the first sentence of this para-
graph. We now show the 50-character neighborhood of the word “looking”. The words “a”,
“word”, “w”, “appears”, and “by” appears in the 25-character neighborhood preceeding
the word “looking” and the words “at”, “words”, “that”, “appear”, and “in” appear in
the 25-character neighborhood following the word “looking”. Together, they constitute the
50-character neighborhood of “looking”. Note that the word “which” appears partially in
Together, they constitute the 50-character neighborhood of “looking”. Note that the word
“which” occurs partially the 25-character neighborhood preceeding the word “looking” and
therefore is not included in the 50-character neighborhood of “looking”. Words that ap-
pear partially in a neighborhood are not considered to be in the context of the word whose
neighborhood SKAT is constructing. In a pre-processing step, the word relator looks at all
words that appear in all the documents in the corpus. For each occurrence of a word w, the
relator identifies the words in context of w. The number of rows in the context vector, V,,,
of a word w is equal the number of words in the corpus. Let V,,[i] = ¢. This implies that
the " word in the corpus occurs with a frequency ¢ in the 1000-character neighbourhood
of the word w. Let the word w occur n times in the set of documents out of which in m
contexts of w the #th word appears. ¢ = m/n and is a fraction between 0 and 1. The
cosine of the context vectors of two words gives a measure of the similarity of contexts in
which the two words appear [RW86]. SKAT’s word relator uses this similarity measure to
generate a matrix of word similarities that gives the similarities between all pairs of words.
The linguistic matcher then uses this matrix. The generation of the word similarity matrix
is done as a pre-processing step to avoid incurring the cost at runtime.

Ideally, along with each ontology, SKAT would have access to a corpus of documents.

The terms used in the documents appear in the ontology. The semantics of the terms are
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specified in the ontology. In such a case, SKAT can derive the context vectors of the terms
in the ontology from its associated corpus of documents. However, for the experiments that

I ran, the ontologies did not have an associated corpus of documents.

If a corpus is not supplied with an ontology, SKAT’s word relater generated a corpus
associated with an ontology by searching the web using the search-engine Google. SKAT
performed the search using 10 keywords and retrieves 200 documents. SKAT uses 10 key-
words because Google allows using a maximum of 10 keywords for any particular search. An
expert assisting the word-relater chose the 10 keywords carefully so that the searching the
searching the web with those keywords would return a set of documents that use the terms
that occur in the in the sense in which they are used in an ontology. Empirical evidence
shows that a corpus of 200 pages proved adequate to produce good matches.

The linguistic algorithms match the concepts based on their names. Therefore, it is
imperative that the constructor of the ontologies chooses very accurate concept names. That
is, the concept name should accurately reflect the semantics associated with the concept
for the linguistic matcher to generate accurate matches. Often, a concept name comprised
of few words is inadequate to capture the exact semantics of a concept. In this scenario, if
each concept in an ontology is described using natural text, the matching of the descriptions

will result in more accurate matches assuming that the descriptions themselves are precise.

Performance of the Linguistic Matching Algorithm: SKAT uses linguistic match-
ing algorithms that do not have a theoretical limit on the number of words a concept name
can have. The runtime of the algorithm is quadratic in the number of words in the on-
tologies. Since the articulation rules are usually generated “offline” much prior to their
actual use, a quadratic runtime is acceptable if the number of words is reasonable. The
time taken to determine the matches, when the number of words is large, is unacceptable
to applications that need the matches to be determined in real time, but such uses are rare
in our case. Besides, if the concept names have a large number of words, and are in essence
descriptions of concepts, a better and faster matching can be produced by using techniques
used for determining document similarity in information retrieval.

Analysis of the Linguistic Matching Algorithm: The linguistic algorithm dis-
cussed above break up each concept name into a list of words and then determine the
similarity scores of all possible pairs of words such that two words in a pair belongs to two

different ontologies.

To avoid computing the similarity between a pair of words multiple times, SKAT resorts
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to dynamic programming. SKAT stores the similarity between a pair of words upon gener-
ating it and reuses that similarity value instead of re-computing it if the similarity between
the same pair is required in the future.

Another optimization that the linguistic matcher uses is as follows. It pre-processes the
similarity scores between all pairs of words in the corpora once and stores these similarity
scores in the OntoStore repository. The number of such similarity scores is large and the
pre-processing step saves the computation of these similarity scores during run-time that
is, when the expert invokes SKAT, which in turn invokes the linguistic matcher. In this
scenario, while computing the similarity between concept names, SKAT simply looks up the
similarity between individual pairs of words instead of computing them. Since looking up
the similarity between a pair of words is cheaper than computing the similarity on the fly,
the algorithm runs faster.

SKAT performs the above-mentioned optimization whenever possible. Of course, SKAT

performs the optimization only if the following conditions are satisfied:

e The corpus of documents is available before the articulation is generated, and

e The cost of pre-computing the similarity scores of all word pairs is acceptable to the

application.

The cost for pre-computing the similarity scores for all pairs of words is quadratic with
respect to the number of words. If the number of words in the corpora are not too large
in comparison to that of the two ontologies, the application would be better off by pre-
computing the similarity scores instead of computing them on demand. The tradeoff be-
tween how much extra processing - introduced by the pre-computing - is acceptable is
dependent upon the needs of the application and the amount of resources available to the
system. An application that caters to clients for whom the ontologies must be matched in

real-time would pay the extra cost to pre-process the similarity scores.

5.5.3 Iterative Algorithms

Iterative algorithms are algorithms that perform multiple iterations over the two source on-
tologies in order to generate articulation rules between them. Articulation rules generated
in one iteration are used to generate additional articulation rules in subsequent iterations.
Since the non-iterative algorithms alone cannot generate all desired matches without gen-

erating false matches, SKAT uses a combination of strategies to reinforce correct matches,
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generate missed matches, and eliminate false matches.

Structure-based Heuristics

These algorithms look for structural isomorphism between subgraphs of the ontologies to
find matching concepts. For the ontologies I have experimented with, I observed that a
purely structure-based matcher - one that simply looks for isomorphism between subgraphs
in the ontologies without considering concept names - performs very poorly and is inade-
quate.

Therefore, SKAT uses a structure-based matcher that it calls after some preliminary
matches generated by other matchers, like the linguistic matcher are available. The algo-
rithm used by SKAT to match concepts in two ontologies O1 and O2 based on their structure
are as follows: Let OI.A4 be a node in ontology OI. Let A; be a set of nodes in ontology
01, related using the relationship R to a concept represented by OI1.A. That is, in the
ontology graph, each element of O1.A4; is related to node O1.A4 using the relationship R.
Similarly, let O2.B1 be the set of nodes related using the same relationship R to a concept
represented using a node O2.B. Let T be a threshold percentage supplied by the expert. Let
01.A1(02.B;) have fewer elements than 02.B1(0O1.A1). SKAT computes the percentage p
of the number of attributes in the set O1.4;(02.B;) that have a matching attribute in the
set 02.B1(01.A1). If p > T, then generate a match between O1.A and O2.B.

For example, consider the following selections from two ontologies O1 and 02 respec-

tively:

(CreditCard ON.offeredBy Bank)
(Visa SubClass0Of CreditCard)
(MasterCard SubClass0f CreditCard)

(CreditAccounts ON.offeredBy CreditUnion)
(VisaAccount SubClassOf CreditAccounts)
(MasterCardAccount SubClass0f CreditAccounts)

ON.offeredBy is the relationship offered By whose semantics is defined in a third ontology
ON. Both O1 and O2 uses this relationship. Now assume SKAT has generated the following

rules:

(Match Bank CreditUnion)
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(Match Visa VisaAccount)

(Match MasterCard MasterCardAccount)

The structural matcher considers the two concepts “CreditCard” and “CreditAccounts”
and sees that their parents match (Bank and CreditUnion). All their children match on a
one-to-one basis (Visa with VisaAccount, and MasterCard with MasterCardAccount). The
matches between the parents and the children of the nodes causes the structural matcher
to generate the match

(Match CreditCard CreditAccounts).

Currently, SKAT uses the algorithm indicated above where the relationship R is one
of {AttributeOf, SubClassOf} or where the corresponding relationships match exactly (in
the example above, ON.offeredBy). Although the articulation model does not interpret a
relationship called superClassOf, SKAT runs the algorithm above in both “directions” for
the subClassOf relationship. That is, if the subclasses of nodes O1.4 and O2.B match,
SKAT increases the similarity score between O1.4 and O2.B. Similarly, if the superclasses
of O1.A and O2.B match, SKAT increases the score between O1.4 and O2.B. For example,
if the linguistic matcher has matched nodes, O1.A4 and O2.B in the ontology-graphs, the
structural matcher looks to match their children (also parents), O1.C, and 02.D, if the
linguistic matcher has not already matched them. If a substantial percentage (above a
threshold percentage supplied by the expert) of the parents of OI.C have been matched
with those of O2.D, and the children of O1.C have been matched with those of 02.D, then

an articulation rule matching O1.C and O2.D is generated.

Expert-supplied Articulation Rules

SKAT is a semi-automatic articulation-rule generator and depends on expert-supplied feed-
back. SKAT accepts expert-supplied articulation rules and uses them as the starting point
to generate further articulation rules using the iterative algorithms described above.

Pre-Processing: The expert can help the tool preprocess the ontologies before the
automated articulation generation algorithms try to match them. In the pre-processing
step, the tool removes stop-words and stems words to their root words. The expert can
choose and edit a list of suggested stop-words and either provide a stemming procedure or
specify a table (or individual rules) of root words.

Seed-Rules: The expert can supply an initial set of seed rules that contain information

specific to the needs of the application that will use the articulation. For example, a rule
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(Match US.President FRG.Chancellor)

indicates that the expert wants the matcher to match the node representing the US President

with that representing the German Chancellor. Similarly, a rule like
(Mismatch Human.nail Factory.nail)

indicates that the expert does not want the term nail from the Human ontology match
with the term nail in the Factory ontology. A expert supplies a Mismatch statement to
instruct SKAT to override matches generated by the SKAT’S automated component. In case
a Mismatch statement conflicts with an articulation rule provided by a human expert, the
conflict is logged and SKAT halts. A human expert has to resolve the conflicting rules and
correct them before SKAT can proceed any further.

Context Identifier Removal Rules : In the experiments described below, an appli-
cation sought to match ontology graphs obtained from the government websites of NATO
countries to identify government departments and entities that are similar in their func-
tion in the different countries. The expert wanted SKAT to generate a match between the
parliaments of two countries. For example, the expert wanted SKAT to match the node
labeled ‘Finnish Parliamentary System’ in the ontology graph of Finland with that labeled
‘The UK Parliamentary System’ in the ontology graph pertaining to the United Kingdom.
The expert supplied a set of preprocessing rules that remove the “context-identifiers” from
the labels of the nodes. Specifically, SKAT reduced the label such as ‘Finnish Parliamen-
tary System’ to ‘Parliamentary System’ and the ‘The UK Parliamentary System’ to ‘The

Parliamentary System’, thereby paving the path for the matcher to generate a match.

5.6 Experiments & Results

SKAT uses an implementation of the linguistic methods and the structural methods (using
Java as the programming language). I experimented with three sets of ontologies represented
in RDF[rdf99] on a Linux PC platform (650 MHz Pentium III, 256 MB primary memory) :

1. Transportation Source: Ontologies constructed manually to represent a domestic air-
line (terminology used on United Airlines website) and a Air Force ontology (termi-
nology used by TRANSCOM ).

2. Government Source: Ontologies constructed manually from the NATO government

web sites representing each web-page associated with an department of the government
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as a node. The edges in the ontology graph were derived from the links between the

pages.

3. Construction Source: Ontologies constructed from civil engineering catalogues. One
ontology contains terms referring to supplies that a supplier carries. The second

ontology contains terms referring to objects that a purchaser wants to procure.

The United Airlines ontology was manually constructed using information from the
website http://www.ual.com . A human ontology constructor picked phrases from the
airlines web pages that represents a concept name and manually input the relationships
among them. The TRANSCOM ontology contains concept names as used in the Air Force
Office of Scientific Research (AFOSR) and was kindly made available by Mr. Mark Gorniak.

The NATO government ontologies were also constructed manually by using information
in the websites of NATO countries. The NATO website [nat] has a link to the government
websites of its member countries. From the government websites of each member country,
an ontology was constructed. Each concept name in the ontology is obtained from either
the anchor tag of a link in a webpage or the title of the webpage (chosen manually). The

relationships between the concept names are manually provided.

The third set of experimental data was obtained from catalogs used in the construction
industry. This set of data was provided to us by our colleagues in the civil engineering
department [Law]. Each catalog is converted to an ontology by minimally supplying the

relationships among objects that are missing.

There was no expert-provided input information supplied to our algorithms since we
wanted to compute the accuracy of the automated components of SKAT. I measured the
accuracy of the generated matches by comparing the results generated by the automated
matcher with those expected by a human expert. I counted any match deleted by the expert
as a false positive and lowered the precision figures, and lowered the recall value when a

matching rule that SKAT failed to find was added by the expert.

5.6.1 Results of Experiments

The results of the experiments are as follows:
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Source Number of Nodes | Run Time
NATO (UK vs. Finland) 25 x 30 195 sec.
Transportation 27 x 30 215 sec.
Construction 72 x 178 121 min.
Table 5.1: Sizes of Ontologies and Run Time for Matching
Threshold Ezxpert- Automatically- Correct Matches | Recall | Precision
Indicated Matches | Generated Matches
.75 10 8 5 0.5 0.625
7 10 11 8 0.8 0.73
.65 10 13 8 0.8 0.62
.6 10 16 9 0.9 0.56

Table 5.2: Precision and Recall of Ontology Matching for Transportation Ontologies

Time taken to match the ontologies :

I ran SKAT to to generate matches between each pair of ontologies. The recursion depth
was set to 1 and the word similarities using the corpus-based method was pre-computed.

The average time taken for 10 runs on each pair of ontologies is reported below:

Apart from the two ontologies that I reported on above, the construction source also
comprised two very large ontologies (over 500 nodes in each). The experiment with the large
ontologies was aborted because SKAT could not complete matching the large ontologies in

more than several hours.

Precision and Recall

Table 5.2 shows the precision and recall values of the matching performed by SKAT while ar-
ticulating the transportation ontologies. Table 5.3 contains the results for the Construction
Ontology, and

Table 5.4 shows the results for the NATO Ontology.

Out of the matches generated, even after turning off the structural matcher, all matches

in the Construction and Transportation ontologies were generated, whereas all except 2

correct matches in the NATO ontologies were generated.
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Threshold Ezxpert Automatically Correct Matches | Recall | Precision
Indicated Matches | Generated Matches
.75 26 18 15 0.58 0.83
7 26 26 19 0.73 0.73
.65 26 30 20 0.77 0.67
.6 26 40 21 0.81 0.53
Table 5.3: Precision and Recall of Ontology Matching for Construction Ontologies
Threshold Ezxpert Automatically Correct Matches | Recall | Precision
Indicated Matches | Generated Matches
.75 12 8 7 0.58 0.88
7 12 9 8 0.67 0.8
.65 12 11 8 0.67 0.73
.6 12 15 9 0.75 0.6

Table 5.4: Precision and Recall of Ontology Matching for NATO Ontologies

False Positive Results

Since the algorithm is heuristic in nature, we encountered some false positives like Ar-
rival Time with To. If we lowered the threshold to 0.60 (Match Airline Destination 0.61).
Further lowering the threshold to 0.50 introduces more false matches (Match FlightNum-
ber Sortie 0.52), (Match Equipment Materiel 0.54).

I investigated the results to determine the reason why false positives were generated. 1

discuss the causes of obtaining false positives in decreasing order of their importance below.

1. Poorly chosen concept names: The target ontology had two concepts “From” and

“To”. Unfortunately, these terms are frequently used in various contexts in documents.

Since they were the only words in the concept names, they were not pruned out with

other stop-words. More representative concept-names would increase the accuracy of

our algorithms. Another way to avoid such false matches because of unrepresentative

concept-names is to augment the concept-names by introducing some representation of

the “context” in which it appears in the ontology. For example, a simple augmentation

can be to tag the name of a concept with the label of its parent node.

2. Low choice of threshold: Since the same threshold does not work for all domains, the

threshold may be lower than what should be optimally set for a particular test-case.

Such a choice results in a large number of false positives. The threshold should be
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increased in such cases.

3. Quality of the corpus: The suitability of the corpus to the matching task influences
the matches generated. Most of the documents we had in our corpus were obtained
from websites of commercial airlines and news reports or other articles about airlines.
In a number of these articles, the term “destination” occurred in contexts that were
very similar to the term “airline”. Consequently, SKAT determined a match between
the terms “Airline” and “Destination”. The expert rejected this match because for the

purposes of the application, airlines and their destinations are quite distinct concepts.

4. Ambiguity of word senses: We have not encountered this error in our small data sets
and thus do not make any effort to disambiguate the senses in which words are used in
the ontology concept names. While looking up the thesaurus, we are optimistic. That
is, if any one sense of a word matches with any sense of the second word, we declare
them as synonyms. The matching senses might not be the exact senses the words are
used in the two ontologies and thus, we might be inadvertently introducing errors.
However, in our experiments, we did not find such a case and have not remedied the
situation in our tools. In the future, in order to improve the precision of the matching
process, we can take into account the context in which the concept appears in the

ontology and determine the accurate senses accordingly before matching them.

Other Observations
I summarize some of the other the results of the several experiments below:

e A purely structural method that requires exact concept-name match, as has been used
in existing tools [MFRWO0O0], fails to generate even 50% of the matches expected by
the expert. This result is not surprising since despite having useful information, the
structure of the ontologies used hardly encodes sufficient semantics to use them solely

for ontology matching.

e Adding linguistic heuristics gave significantly better results, especially, the corpus-
based heuristic provided the expert supplied the matcher with a good representative

set corpus of documents from the applicable domain.

e However, a multi-strategy approach works best. On the average about 75% of the

matches were generated, with less than 5% false positives that the expert indicated
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was not correct. The linguistic method generates on the average about 60-70% of
the matches (recall with 95% precision). Adding the structural matcher boosts the
matches by 5-10%. The human expert provided us with the other 30% of the rules

that were not generated automatically.

I believe that the human task is simpler once the automatic articulation rule generation
algorithms have matched the ontologies. The human expert now has to use the Viewer
and click on an existing articulation rule to remove it or use the text-box on the Viewer
to modify the articulation rule. As shown above, since the automated algorithms are
reasonably precise, the human has significantly less work than when the human expert
has to match the ontologies from scratch. However, a large-scale, formal user-study

has not been performed and has been designated as important future work.

Parameters Influencing the Performance of the Algorithms

The performance of the algorithm depends upon several parameters:

e Thesaurus-based Method: A general-purpose thesaurus results in very poor results

with substantial numbers of both type 1 and type 2 errors occurring. The precision
and recall numbers were lower than 75%. Domain-specific thesauri produce better

results but are harder to obtain.

Corpus-based Method: A corpus-based method produced better results than the
thesaurus-based method. In the aircraft example, solely employing the thesaurus-
based method produced a 30% recall (at 90% precision). A corpus-based method,
where we obtained a corpus by searching the web with a few keywords from the

domains, boosted the match to 60%. Combining the two, we obtained a recall of 70%.

Scalability: Initially, we tried the corpus-based method with a preprocessing step
of collecting the corpus and building up the word-context vectors. The linguistic
matcher, while matching the ontologies, constructed the word similarities as needed.
However, for a test case with 300 nodes in each ontology took an hour to run on a
Pentium III machine (650 MHz.) with 256M memory. It becomes clear that for larger
ontologies, the algorithm does not scale well if we compute the word similarities while
matching the ontologies. For the algorithm to scale, SKAT had to build the corpus

and construct the word-context vectors a priori, and pre-compute the similarity of
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all pairs of words in the corpus. With this pre-processing, the corpus-based method
can be thought of as equivalent to a lookup based method, where the word-similarity
matrix is constructed from the words in the corpus. This variation of the corpus-based

method scaled well and for our ontologies finished within a few minutes at worst.

e Quality: The quality of the matches were very dependent on the quality of the corpus
available. I experimented with corpora of size 50 pages, 100 pages, 200 pages and 1000
pages. Corpora of size 50-100 pages resulted in low recall figures for the matches. A
size of 200 web pages often proved adequate to generate a recall of 70%, although in
most cases having a corpus of 1000 pages increased the recall less than a few percentage

points.

In an alternate experiment, I compared the results obtained by running the experi-
ments where I had obtained the corpus using the search engine Alta Vista [alt] instead
of obtaining them using the search engine Google. The recall figures decreased an av-
erage of about 8% points over the 3 sets of experiments I ran but the precision figures
were similar. If we accept the premise that Google returns more relevant documents
than Alta Vista, then my results can be explained to indicate that the quality of the
ontology matching obtained depends on the relevancy of the documents to the domain
of the ontologies. Further investigation on the correlation between the relevance of
the documents of the corpus with the precision and recall of ontology matches needs

to be performed (see discussions on future work in Chapter 6).

Result of Combining Multiple Heuristics

In Figure 2.1 in Chapter 2, we show two ontologies - the United Ontology and the TRANSCOM
Ontology and the matches generated. For this experiment, I used a hybrid method that uses
WordNet as a thesaurus, and a corpus generated by searching Google. For example, the
page “http://www.etrackcargo.com/Help/Agents/Fieldwas part of the corpus. The confi-
dence scores of the matches are as follows when the threshold was set to 0.7:

A word-relater that consults WordNet generates only the first two matches. I ran the
word-relater with a maximum recursion depth value of 1. That is, the relater looks into the
definition of the two words for similar words but does not proceed any further recursively.
The confidence score between Cargo and Payload was not higher than 0.7 using the corpus-

based word-relater. Thus, the corpus-based word-relater would not generate this match.
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Table 5.5: The matches between the United and TRANSCOM Ontologies
Term in United.ont Term in TRANSCOM.ont Confidence Score

Passenger Passenger 1.0

Cargo Payload 1.0

Departure Time Time (in From subtree) 0.90
Arrival Time Time (in To subtree) 0.88
Arrival City Destination 0.79
Name Location Name 0.75
Departure City Origin 0.72
Airport Airforce Base 0.71
Flight Sortie 0.70

Thus, we see that a hybrid method gives us a better accuracy than any one method alone.

Choice of an Appropriate Threshold

Unfortunately, to the best of my knowledge, in the existing literature, there exists no
analytical way of determining the correct threshold for ontology matching. The choice of
the best threshold value depends upon the application, the source ontologies being matched,
how the similarity scores are calculated, the accessories the matching algorithms use, e.g.,
the quality of the thesauri or the corpora used, and the tradeoff between precision and
recall that is suitable for the application. Therefore, I believe for real-life situations, one
should choose a threshold and then tune it by experimenting with progressively increasing
and decreasing the threshold and observing its effect on the quality of the results.

In this example, we see that with a threshold value of 0.7, we generate all the desired
matches and no false matches - the ideal solution. However, achieving a 100% recall and
100% precision is not achievable in all cases. From this and several other experiments, we see
that setting a threshold of 0.7 gives the most number of matches with the a 95the matches are
false positives. However, in a significant number of cases the value of the threshold varies
depending upon both the corpus supplied and the ontologies being matched. Therefore,
we suggest that for an unknown application or an unknown corpus, when running the first
time, the matching threshold be set to 0.7. There is no one threshold value that will provide
satisfactory for all applications. A threshold of 0.7 will not always produce the best results.

However, in scenarios where the desired threshold was not known, in our experiments, a
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threshold of 0.7 provided a good starting point. When experts are not satisfied with the

quality of the results, they can increase or decrease the threshold to get better matches.

5.7 Summary

In this chapter, I have discussed several heuristic methods to produce simple matching rules
between concepts in ontologies that are being aligned. I found that a multi-strategy method
based on initial linguistic-similarity followed by structural matching generates matches be-
tween ontologies with reliable accuracy. The work of an expert then reduces to validating the
suggested rules or supplying new rules instead of having to match entire source ontologies

from scratch.



Chapter 6

An Algebra for Ontology

Management

In this chapter, I develop an algebraic approach to managing ontologies. Often, creating
an ontology from scratch is unnecessary and more expensive than constructing an ontology
by composing selected parts of existing ontologies. In this chapter, an algebra is used to
declaratively specify how to derive ontologies by composing existing ontologies. A declara-
tive specification of the derivation process makes the composed ontology easy to maintain
since such a specification allows easy replay of the composition task when source ontologies

are updated and the update must be propagated to derived ontologies [Jan00].

Operations in the algebra are defined on the basis of an articulation-rule-generating
function (defined below) that generates rules expressing semantic correspondence between
concepts across ontologies. The properties of the operators depend upon those of the
articulation-rule-generating function deployed. I have identified the necessary and suffi-
cient conditions that the articulation-rule-generating function must satisfy in order for the
algebraic operators to satisfy properties like commutativity, associativity and distributivity.
Based on whether these properties are satisfied, a task of composing multiple ontologies
can be expressed as multiple equivalent algebraic expressions. Using a cost model, the most

optimal algebraic expression can be chosen and executed to derive the composed ontology.

88
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6.1 Composition of Ontologies

Applications that reuse the same ontology can easily communicate with each other because
the terms they use come from the same ontology. In this chapter, I describe an algebra that
is used to declaratively specify how to derive ontologies by reusing and composing existing
ontologies. A declarative specification allows easy replay of the composition task when
the source ontologies change and the change needs to be propagated to derived ontologies.
Besides, the properties of a declarative specified composition task can be characterized and

validated more easily than those of a programmatically specified one.

The ontologies being reused and composed are often independently created and main-
tained. Thus, they differ in the semantics of the terminologies they use. Before composing
two ontologies with different semantics, one needs to resolve their semantic heterogeneity.
The composers of the ontologies need to know the correspondence between terms used in

the two ontologies before they can perform the composition.

To resolve semantic heterogeneity among ontologies, I assume that there exists functions
that take in two ontologies and generate articulation rules between them. I refer to functions
that generate articulation rules as articulation-rule-generating functions. 1 have discussed
in Chapter 5, how I have implemented sc Skat that contains an implementation of such

articulation-rule-generating functions.

Articulation rules generated by articulation-rule-generating functions form the basis for
the composition of ontologies. Assuming the existence of an articulation-rule-generating
function that identifies the semantic matches between terms across ontologies implies that
the algebra no longer has the onus of identifying, understanding and reasoning about the
semantics of the source ontologies. In this way, I have decoupled the semantic component of
ontology composition from the algebraic machinery in order to make it simple to construct,

maintain, and reason about each component.

Composers of ontologies can select parts of the ontology that is of interest to the appli-
cation, for which a new ontology is being created, using an unary operator Select. They can
compose two ontologies or their selected parts using the binary operators Union, Intersec-
tion, and Difference. The binary operators of the algebra depend upon the articulation rules
generated by the articulation-rule-generating function. For example, to compute the inter-
section of two ontologies I need to know which concept in one ontology is similar to which

concepts in the other. Not surprisingly, therefore, the properties of the binary operators
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are determined by those of the articulation-rule-generating functions.

In this chapter, I identify the necessary and sufficient conditions that must be satisfied
by the articulation-rule-generating function in order for the algebraic operations to satisfy
properties like commutativity, associativity and distributivity. An expression, correspond-
ing to an ontology-composition task, can be rewritten by rearranging the operators and
operands based on the properties satisfied by the operation. A composer can rewrite a
given expression to generate all minimal expressions - expressions that do not have redun-
dant sub-expressions - equivalent to the given expression. Using a given cost model, the
composer can optimize the expression by choosing the equivalent rewriting of the expres-
sion with the least cost. The chosen rewritten expression is then executed to derive the

composed ontology.

Even though a lot of work has been done on suggesting heuristics for mapping schemas
and aligning ontologies [MGMRO02], [DDHO01|, [MBRO1], [NMO00], [MFRWO00], to the
best of my knowledge, no prior work has shown how the properties of heuristic composition
algorithms affect the task of composition of ontologies (or the information sources they

describe).

Camara, et al., [CFMO02], describe a partial algebra for integrating ontologies. However,
their work only focuses on obtaining an Union of ontologies. Unlike the ONION approach,
where the ontologies and articulation rules can contain any relationships, they restrict
themselves to only three relationships (equivalent, is-a, and part-of). In addition, they do
not consider the effects of the articulation-rule-generating function on the properties of the
composition operation.

The rest of the chapter is organized as follows. In the next section, I describe and define
some preliminary concepts that I use in the sequel. In Section 4.3, I describe the algebra
and its operators — Select, Intersection, Union, and Difference. In Section 4.4, I discuss

the properties of the operators and then conclude.

6.2 Preliminaries

For ease of description of the algebra, 1 will introduce the following terminology:
For a Sentence s=(Subject R Object), Nodes(s) contains Subject(or Object) provided Sub-

ject(correspondingly Object) is not a variable ( that is, it is a node in some ontology graph).
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For an ontology O1, Nodes(O1) represents the set of nodes consisting of each node that be-
longs to the ontology graph for o1.
For a set of rules R, Nodes(R) represents the Union of Nodes(s) for all s, such that s is

a Sentence in any rule r € R.

EXAMPLE 6.2.1 In example in Figure 1.2, for the set of rules

R = {(02.Car SubClassOf O1.Vehicle),(O2.HouseBoat SubClassOf O1.Vehicle)},
Nodes(R) = {02.Car,01.Vehicle, O2.HouseBoat}.

|

I use Edges(E,n), where E is a set of edges and n is a node in an ontology graph, to
represent all edges in F incident upon or incident from the node n. Formally, Edges(E,n) =
{se E| I, l:s=(nln")ors=(n,l,n)} Iuse Edges(E,N), where N and E are a set
of nodes and edges respectively in an ontology graph, ro represent a set of edges S € FE.
Both nodes (the node from which an edge is incident from and the node to which it is
incident upon) of each edge in the set S must belong to the set of nodes N. Formally,
Edges(E,N) = {s = (n1,l,n2) € Eln1,n2 € N}.

6.2.1 Articulation Rules and Articulation-Rule-Generating Functions

As discussed in the previous chapter, SKAT uses one or more procedures to generate the
set of articulation rules between pairs of ontologies. I will refer to procedures that generate
articulation rules between ontologies as articulation-rule-generating functions (see Chapter
5 for implementation information). An articulation-rule-generating function takes as input
two ontologies (domain: the set of all possible ontologies O) and outputs a subset of the set

of all possible rules (range: the set of all possible rules R) between them
f:0x0 — 2%

The articulation generation must be a complete function. That is, given any two ontologies,

the function always:
1. terminates and

2. outputs a set of articulation rules.
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An articulation rule r belonging to a set of articulation rules generated between two on-
tologies O1 and O2 is such that 301.n € Nodes(r) and 302.n" € Nodes(r) for some nodes
n and n’ in O1 and O2 respectively.

EXAMPLE 6.2.2 In the running example in Figure 1.2, I show a few of the articulation
rules generated by an articulation-rule-generating function. For lack of space, all articula-
tion rules are not shown in Figure 1.2 , but I show two rules graphically, and two textually
at the lower part of the figure. The two graphical rules are shown by dotted arrows span-
ning different ontologies in contrast to the edges in an ontology indicated by solid arrows.
Specifically, I see that O2.Car is related via the relationship SubClassOf to O1.Vehicle.
Similarly O3.Boat is related via the relationship SubClassOf to O1.Vehicle. 1 show the rule
expressing the first relationship both graphically and textually, and the second only graph-
ically. The second articulation rule indicated textually at the bottom of the figure gives
a Horn Clause that indicates the relationship between O2.Car and O3.LuzuryCar. Any
instance of O2.Car that has a O2.M SRP that has a 02.Value that is greater than 40, 000
is a O3.LuzuryCar. Of course, such a rule should also consider the O2. Denomination of
the O2.MSRP but for the sake of simplicity I have omitted the denomination from the
rule.

a

For the sake of describing the algebra below, I now define the terminology related to

articulation-rule-generating functions.

Definition 6.2.1 (Direct Relation) Let f be an articulation-rule-generating function ar-
ticulating ontologies O1 and O2. f, is said to directly relate two nodes n1 € O1, and ny € 02,

iff there exists a relationship R and f generates an edge (n; R ng) or an edge (ny R ny). O

EXAMPLE 6.2.3 In the running example, the articulation function that generated the
articulation rules directly relates the nodes O2.C'ar and O1.Vehicle , and the nodes O3. Boat
and O1.Vehicle. O

If an articulation-rule-generating function f directly relates two nodes n; and ng, I will
denote that hereafter as (ny f:drel ng).

I now define a property of an articulation-rule-generating function called transitive con-
nectivity. 1 show below in Section 6.3.3 that this property is required for the Intersection

operator (defined in Section 6.3.2) to be associative (defined in Section 6.3.3).
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Definition 6.2.2 (Transitive Connectivity) An articulation generator function fis tran-

sitively connective iff it satisfies the following condition:
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vO1,02,03 € O,YO1.A € O1,YO2.B € 02,Y03.C € O3 :
If Jry € £(01,02),3ry € f(O2,03) |

(O1.A,02.B € Nodes(ry)), (02.B,03.C € Nodes(rs)),
Then 3(rs,rq) € f(O1,03),

J01.D € 01,303.FE € O3 |

(O1.A,03.E € Nodes(rs)),(01.D,03.C € Nodes(ry))
d

In other words, if the articulation-rule-generating function discovers that O1.4 is related
to 02.B and 02.B is related to 03.C), then a transitively connective articulation generation
function will discover that O1.A4 is related to some node in 03, and 03.C'is related to some

node in O1.

EXAMPLE 6.2.4 In the running example, if fdiscovers (O2.Car SubClassOf O1.Vehicle)
and (03.Boat SubClassOf O3.Vehicle), a transitively connective articulation generator will
find some node in O2 that is related to 0O3.Boat (it might generate the edge (02.HouseBoat
SubClassOf 03.Boat)) and some node in O3 (presumably either O3.Automobile or

O3.LuzuryCar) that is related to O2.Car. O

A desirable property of an articulation-rule-generating function is concept-level mono-

tonicity.

Definition 6.2.3 (Concept-level Monotonicity) An articulation-rule-generating func-
tion fis said to be concept-level monotonic only if it satisfies the following condition:
Let C; be a concept represented by a node N; in ontology O;.
VO1,02,03,04 € O,YC; € O;,3Rel|
If C1=0C5,0y =00y, and
(N1 Rel Ny) € f(O1,02) g
Then (N3 Rel Ny) € f(O3,04).

Between any pair of concepts, a concept-level monotonic articulation-rule-generating
function always generates the same articulation rules irrespective of the ontologies or on-
tology contexts (neighborhoods) in which the nodes representing the concepts occur. To
see how concept-level-monotonic articulation-rule-generating functions work, construct two
ontologies 01 and 02 each with a single concept ¢! and c2. Let fbe a concept-level mono-

tonic articulation-rule-generating function. Let f generate all the set of articulation rules R
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between the ontologies O1 and O2. While articulating any pair of ontologies containing the
concepts cI and ¢2, f must generate R for it to be concept-level-monotonic. Thus, whenever
the concepts ¢! and c2 occur across ontologies being matched, falways generates the set of

rules R between c! and c2.

For example, consider an ontology matcher that implements an articulation-rule-generating
function based only on the labels of nodes, say, using natural language processing systems
that generate similarities of noun phrases. Such a function is concept-level monotonic since
it only checks the node-labels, which remain the same in the source ontologies as well as in

the intermediate ontologies.

On the other hand, an ontology matcher that articulates the ontologies based on the
structure of the ontology graphs is not guaranteed to be node-level consistent. Articulation
rules generated by a structure-based ontology matcher depend upon the neighborhood in
which a node appears - that is the nodes in close proximity to it. During the process of
ontology composition selected portions of ontologies can be grafted into intermediate on-
tologies. When performing operations like select, intersection, or difference, not all nodes in
the source ontologies are selected into the intermediate ontologies. Therefore, the context
in which nodes appear in source ontologies and that in which nodes appear in intermedi-
ate ontologies differ. Thus, when matching two intermediate ontologies, a structure-based
matcher may generate different artiulation rules while articulating a pair of nodes in the

source ontologies and the same pair in the intermediate ontologies.

EXAMPLE 6.2.5 Concept-level Monotonic Function: I now illustrate a concept-
level monotonic function by giving an example. In the running example, let us suppose
that an articulation-rule-generating function f generates a rule (03.LuzuryCar SubClassOf
02.Car) based on its price. However, let us assume that in two intermediate ontologies
0/ and 05 that contain O8.LuzuryCar and O2.Car respectively, only the concepts useful
for describing the appearance and functionality of the cars have been chosen but not their
prices. Now if fcannot generate the rule between O8.LuzuryCar and O2.Car - which might
be perfectly reasonable - fis not concept-level monotonic. Of course, fcan be made concept-
level monotonic if it can follow a link from O4.LuzuryCar to the source ontology O3, and
from O5.Car to the source ontology O2.Car and look up the price information and then

generate the rule between O4.LuzuryCar and O5.Car based on their prices. O
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Requiring articulation-rule-generating functions to be concept-level monotonic places a
strong restriction on such functions, however, as I will show later, the property is necessary
for a sequence of two intersection operations to be associative. Associative operations allow
flexibility in the order of execution of a composition task and this property is used to
optimize the composition process.

In this work, I do not consider articulation rules that might introduce new nodes.

6.3 The Ontology-Composition Algebra

In order to formalize the task of composing ontologies, I propose an algebra for the compo-
sition of ontologies. If I use the algebraic framework to compose ontologies systematically,
I can enable optimizations depending upon the properties of the operators. In this section,
I describe the ontology-composition algebra and in the next section I discuss properties of
its operators.

The algebra has one unary operator: Select, and three binary operations:

Intersection, Union, and Difference.

6.3.1 Unary Operator

Select:
Using the Select operator, an ontology composer can select portions of an ontology that
might be of interest. For example, a car-dealer is interested about cars does not care about
houseboats. The car-dealer will select only portions of ontology 02 that contain terminology
about cars and delete the portions that are not related to cars.

The Select operation has four forms. One form of the Select operation selects all nodes

that are reachable from a particular node.

1. Reachability-based Select:
This form of the Select operator selects all nodes that can be reached from on a start

node and is defined as follows:

Definition 6.3.1 (Reachability-based Select) Given an ontology O=(G,R), G=(V,E),
and a node n € N, Select(O,n) = (G, Ry,) where G,, = (N,, E,) is a subgraph of G

such that for all nodes n’ € N,,, there exists a path from n to n’ in G. The set
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E, ={e = (n1 R ny) € E|ni,n2 € N,} is such that each edge in E,, expresses a re-
lationship between nodes n1 and ne where both nodes n; and no are in NV,, Similarly,
R, = {r € R|Nodes(r) C N,} is the set of rules obtained from R containing all rules

in O whose concepts are all in N,,. O

The next three forms of the Select operation are based on a set of nodes, a set of

edges, or a set of rules.

2. Node-based Select:
This form of the Select operation is based on a given set of nodes and is defined as

follows:

Definition 6.3.2 (Node-based Select) Given an ontology O = ((N, E), R), and a
set of nodes V,

Select(0,V) = (G, R,) where G = (V, E,).

The set E, = {e = (n1 R n2) € E|ni,ne € V} and the set

R, ={r € R|Nodes(r) CV}. O

3. Edge-based Select:
This form of the Select operation is based on a given set of edges and is defined as

follows:

Definition 6.3.3 (Edge-based Select) Given an ontology O = ((V, E), R), and a
set of edges E’,

Select(O, E') = (G, R.) where G = (V., E').

The set V. = Nodes(E') and the set

R. = {r € R|Nodes(r) CV}. 0

4. Rule-based Select:
Similarly, this form of the Select operation is based on a given set of rules and is

defined as follows:

Definition 6.3.4 (Rule-based Select) Given an ontology O = ((V, E), R), and a

set of rules R/,
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Select(O,R') = (G, R") where G = (V,, E,.).
The set V, = Nodes(R’) and the set
E, ={e € E|Nodes(e) C V}. O

EXAMPLE 6.3.1 In the running example, the ontology O& contain the edges

(08. LuzuryCar SubClassOf O3.Automobile), and (O3. LuzuryCar hasA O3.RetailPrice).
Select(03, Automobile) would contain all nodes reachable from the node O3. Automobile,

that is, the nodes (LuzuryCar, RetailPrice, Denomination, Value, and Dollar), and

the edges between them.

Select(03, { Automobile, LuzuryCar}) would on the other hand only select the nodes
{O3.LuzuryCar, O3. Automobile} and the edge (O3. LuzuryCar SubClassOf O3.Automobile).
O

Note that a rule 7in R that does not involve any node in O has Nodes(r) = ¢. The rule
r is included in the selected ontology since the empty set is a subset of N. For example, a
rule expressing the transitivity of the relationship SubClassOf
(X SubClassOf Y), (Y SubClassOf Z ) = (X SubClassOf Z)
contains only variables X, Y, and Z and no concepts from any ontology. The rule r is
included in any selected ontology S since potentially, r can be used to reason about the
relationships and concepts in S.

There are edges (and rules) that are not present in the source ontology but can be
derived using the edges and rules available in the source ontology. There is a case for in-
cluding such edges and rules in the results of the select operation. For example, suppose
the ontology O had edges (LuzuryCar SubClassOf Car), and (Car SubClassOf Vehicle)
Select(O, {Vehicle, Car } ) contains the last edge. On the other hand
Select(O, Vehicle, LuzuryCar) includes the nodes Vehicle, and LuzuryCar but includes
no edges since there are no edges between Vehicle and LuzuryCar in the source ontology.
Select could be defined to add an edge (LuzuryCar SubclassOf Vehicle) if such a relation-
ship could be derived from the ontology O, for example, using a rule that said that the
relationship SubClassOf is transitive.

Similarly, it is easy to see that Select could be defined to introduce additional rules
over and above the ones that the current Select operation includes in the selected ontology.
However, in order to generate these derived edges and rules, the ontology composition engine

would need to interpret the rules of the ontology. In order to allow the ONION framework
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to be applicable to different ontologies with different interpretation semantics for rules and
because potentially, the expert could derive an infinite number of facts in certain scenarios
(say with recursive rules), the ontology composition engine does not interpret the rules
so as to maintain its simplicity. Moreover, interpreting rules and deducing relationships
and additional rules during a select operation would result in the select operation being
extremely expensive to compute, especially in the presence of recursive rules where the
recursion results in a potentially infinite number of instances (of classes). An alternative
future work is to only derive relationships from a limited, well-understood set of special
relationships that results in a finite number of edges in the selected ontology graph, e.g.,

derive SubClassOf relationships between all nodes while performing the select operation.

6.3.2 Binary Operators

Each binary operator takes as operands two ontologies that must be articulated, and gener-
ates an ontology as a result, using the articulation rules. The articulation rules are generated

by an articulation-rule-generating function.

Intersection:
Intersection is the most important and interesting binary operation.

Definition 6.3.5 (Intersection) The intersection of two ontologies O1 = ((N1, E1), R1),
and O2 = ((N2, E2), R2) with respect to an articulation rule generating function fis:
Ol 2 = 01Ny 02, where Ol = (NI, EI, RI),

NI = Nodes(f(01,02)),

EI = Edges(E1,NINN1)+ Edges(E2, NI N N2) + Edges(f(0O1,02)) , and

RI = Rules(O1, NI N N1) + Rules(O2, NI N N2) + f(01,02))).

g

Nodes in an Intersection:

The nodes in the intersection ontology are those nodes that appear in the articulation
rules. An edge in the intersection ontology are the edges among the nodes in the intersection
ontology that were either present in the source ontologies or have been output by the
articulation-rule-generating function as an articulation rule. The rules in the intersection
ontology are the articulation rules that are present in the source ontology that use only

concepts that occur in the intersection ontology.
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SubClass |,

Qa8 '

@ SR L Price LuxuryTax
Ol 02

Ol

ArticulationRules = { (O2.LuxuryCar SubClass O1.Car),
(O1.MSRP Equ O2.Price)}

Figure 6.1: Composition of Ontologies

Consider the example in Figure 6.1. The ontology labeled OIis the intersection ontology.
Based on the articulation rules, the nodes O1.MSRP, O1.Car, O2.Price, and O2. LuzuryCar
are in the intersection and the associated edges between these in the source ontologies O1,
and O2 respectively and the two edges introduced by the articulation rules (O2. LuzuryCar
SubClassOf O1.Car), and (O1.MSRP Equals O2.Price) are also in the intersection. The set
of rules, ArticulationRules, shown below the ontology graphs in the figure are also included

in the intersection ontology.

Several object-representation models or document-representation languages [PGMJ95],
[xml04]), represent an object as a sub-tree (or sub-graph) rooted at(reachable from) a node
corresponding to the object. However, in ONION’s knowledge model, each node represents
a concept. Therefore, the intersection ontology contains only the nodes that appear in an
articulation rule and not the entire sub-graph reachable from those nodes. By including
only the nodes and not the sub-graph, ONION keeps the intersection ontologies small and
relevant, avoiding the inclusion of possibly irrelevant concepts in the intersection. The label
of a node in an intersection ontology contains the URI of the source ontology from which the
node was obtained. If the attributes of the object corresponding to the node are required,

the onus is on the application to obtain them from the original source.

Note, unlike the set-theoretic Intersection, this definition of Intersection includes nodes
from both V1 and V2 in the intersection ontology. If there are concepts that are common

to both ontologies, both the nodes representing the same concept across the ontologies are
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included in the intersection along with an articulation rule that indicates that both the nodes
refer to the same concept. For example, let f be an articulation-rule-generating function
articulating two ontologies O1 and O2. They have two nodes referring to the same concept.
The nodes have the same label, say, Ol.x and O2.2. The function f indicates that they
represent the same concept by generating the rule Ol.xz Fquals O2.z. In the intersection
ontology, I would retain both Of.x and O2.x and the edge generated by f between them

instead of collapsing them into one node.

Union:

The second binary operator that is used to compose ontologies is the Union.

Definition 6.3.6 (Union) The Union OU between two ontologies O1 = (V'1, E1, R1) and
02 = (V2, E2, R2) with respect to an articulation-rule-generating function fis expressed as
OU = 01Uy O2 = (VU, EU, RU) where

VU =V1UV2U VI,

EU = E1UE2U El 5, and

RU = R1U R2U RI, 2, and

where OI1 2 = O1 Ny O2 = (VI 9, El 2, RI; 2) is the intersection of the two ontologies.

O

Nodes in an Union:

In the example in Figure 6.1, the Union of the ontologies O1 and O2 include all the

nodes, edges and articulation rules shown in the figure.

The articulation rules indicate relationships between nodes in the two source ontologies
and thus introduces new edges ( the set E1; ) that were not there in the source ontologies.

S

Though queries are often posed over the Union of several information sources, I expect
this operation to be rarely applied to entire source ontologies. The Union of two source
ontologies is seldom materialized, since the objective is not to integrate source ontologies
but to create minimal articulations and interoperate based on them. However, I expect that
larger applications will often have to combine multiple articulations and here is where the

Union operation is handy.



102 CHAPTER 6. AN ALGEBRA FOR ONTOLOGY MANAGEMENT

Difference

The third binary operator in the algebra is Difference.

Definition 6.3.7 (Difference) The Difference between two ontologies O1 and 02, using
an articulation-rule-generating function f, between two ontologies O1 = ((V'1, E1), R1) and
02 = ((V2,E2), R2), written as OD = O1 — 02, is expressed as OD = ((VD, ED),RD),
where VD = V1 — VI 5, ED = E1 — El, 5, and RD = RI — RI; 5, and where OI 5 =
01Ny 02 = (VIi2,El 2, Rl 2) is the intersection of the two ontologies using f. O

That is, the difference ontology includes portions of the first ontology that are not
common to the second ontology. The nodes, edges and rules that are not in the intersection
ontology but are present in the first ontology comprise the difference.

In the example in Figure 6.1, the difference between the ontologies Of and 02, is given
as: 01-02 = ((InexpCar,Null),Null). The difference between O and O2 contains the node
InexpCar since that is the only node that is present in O that does not have a related node
(related by an articulation rule) in O2. Since there are no edges between the node InexpCar
and itself and since the node InexpCar does not appear in any rule in the source ontology
01, the edges and rules in the difference ontology are Null.

The Necessity of the Difference Operator:

One of the objectives of computing the difference ontology is to optimize the maintenance
of articulation rules. An articulation might need to be updated when one of the source
ontologies that it articulates is changed. A change in the source ontology is to be forwarded
to the articulation engine. The articulation engine then checks if the changes are confined
to the difference between the ontology and the other ontologies that it has been articulated
with. If the change happens to be in the difference, and it does not occur in the intersection,
the change is not related to any of the articulation rules that establish semantic bridges
between ontologies. Therefore, the articulation rules do not need to be changed. If the
changes to a source ontology, instead, are not in the difference, the articulation in which it
occurs needs to be updated to reflect the change in the source ontology.

The other objective of having the Difference operator is to introduce a form of limited
negation for the sake of completeness of the algebra. For example, during the composition
process a composer can exclude a set of concepts from the composed ontology using the

Difference operator.
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6.3.3 Properties of the Operators

I defined the operators in the algebra on the basis of the articulation rules produced by the
articulation-rule-generating function. Not surprisingly, therefore, most of the properties
of the binary operations are based on the properties of the articulation-rule-generating
function.

In this sub-section, I examine the following properties of the binary operators:
1. Idempotence

2. Commutativity

3. Associativity

4. Distributivity

5. Existence of Identities

6. Existence of Inverses

Idempotence

Idempotence is a very important property that should hold for operations like Union and
Intersection. Intuitively, the Union (and Intersection) of an ontology with itself should
result in the same ontology. I now examine when the property holds for the algebraic
operators.

Idempotence of the Union Operator

Theorem 6.3.1 The Union operator is not idempotent in general. O

Proof: The Union operation is idempotent if and only if O1 Uy O1 = O1. Let OU =
O1U; O1 and let AR = f(O1,02). From the definition of the Union operation, it follows
that Nodes(OU) = Nodes(AR) U Nodes(O1) U Nodes(O1). For Union to be idempotent,
I need Nodes(OU) = Nodes(O1) = Nodes(O1) U Nodes(AR). For the last equation to
hold, Nodes(AR) C Nodes(O1). That is, the articulation-rule-generating function must
not generate any new nodes.

Even if the articulation-rule-generating function does not generate any new nodes, and

the nodes in OU and O1 are the same, the former contains more edges and rules by virtue
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of the definition of the Union operator. The extra edges are self-edges between a node and
itself generated by fthat are included in the Union ontology. Since the edges and rules of
OU and O1 are not the same, OU # O1, and the Union operator is not idempotent. -

Semantic Idempotence
Although the strict definition of idempotence is not satisfied, I introduce the concept of

semantic idempotence.

Definition 6.3.8 (Semantic Idempotence) An binary operator is semantically idempo-
tent if and only if the result of the operation on two copies of the same ontology results in
an ontology from which if all self-edges and self-rules are removed, the resulting ontology is

the same as the source ontology. O

Recall that self-edges are edges between one node and itself and a self-rule is a rule that
has only one node (concept) in its definition.

Consider an articulation-rule-generating function fthat does not generate any new nodes
VU = V1, EU = E1+Edges(f(0O1,01)), RU = R1+f(01,01). Clearly, Edges(f(O1,01))
and f(O1,01) both only contain self-edges and self-rules. Therefore, the Union operator

using fis semantically idempotent.

Theorem 6.3.2 The Union operator is semantically idempotent if and only if the corre-

sponding articulation-rule-generating function generates only self-edges and self-rules. O

A duplicate eliminating Union operator can be defined as an operator that is similar to
Union, except whenever an articulation rule of the form (O1.A Equals O2.B) is generated
by its associated articulation-rule-generating function, instead of both O1.A and O2.B in
the union, it includes only one of them. Under such a definition, the duplicate eliminating
Union operator does not have two copies of the same node provided f only generates rules
equating a node with itself. In such a case the duplicate-eliminating Union is semantically
idempotent.

Idempotence of the Intersection Operator

Now, consider the intersection operator. Let O = O1NO1 = ((VI,EI),RI). For,
intersection to be idempotent, I need VI = V1. That is, the articulation-rule-generating
function generates articulation rules for all nodes in the source ontology. Similar to Union,

it is easy to see that the intersection operator is semantically idempotent, if and only if,
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the articulation-rule-generating function that generated the articulation rules between an
ontology and itself generates only self-edges and self-rules for each node in the ontology.
This requirement is obvious since the same ontology is matched to itself and one would

expect a set of rules to be generated that matches each node to itself.

Theorem 6.3.3 The intersection operator is semantically idempotent if and only if the
corresponding articulation-rule-generating function generates only self-edges and self-rules

and generates at least one self-edge or self-rule for each node in a source ontology. ]

Idempotence of the Difference Operator

The Difference operator should not be idempotent, nor should it be semantically idem-
potent. However, a difference operation using a “well-behaved” articulation-rule-generating
function - one for which Intersection is semantically idempotent - should return the null

ontology.

Definition 6.3.9 (Null Ontology) The NullOntology is an ontology whose sets of nodes,

edges and rules are all null sets. O

Theorem 6.3.4 The difference operator returns a Null Ontology, if and only if the corre-
sponding articulation-rule-generating function generates only self-edges and self-rules and

generates at least one self-edge and self-rule for each node in a source ontology. ]

Semantic Idempotence and Soundness of Articulation-Generation Functions

The semantic idempotence property serves as a sanity check to make sure that the
articulation-rule-generating functions that are employed are semantically meaningful and
intuitively correct. In order to guarantee that an articulation-rule-generating function is
idempotent, ONION would have to check over the set of all (potentially infinite) ontolo-
gies. In practice, one can simply check to see that for the purposes of an application, the
articulation-rule-generating function is idempotent for all ontologies used by the applica-
tion. That is, although the functions are not proven to be idempotent, ONION can check to
see that none of the ontologies that is useful for the application can be used to prove that
the function is not idempotent. This checking has not been implemented currently and is

left as important future work.

Definition 6.3.10 (Unsound Articulation-Generation Functions) An articulation-
rule-generating function fis termed unsound if either the Union or the Intersection operator

defined using fis not semantically idempotent. O
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For the purposes of the compositions, OntoComp does not use any unsound articulation-

rule-generating function.

Commutativity

Commutativity of operators is another important and desirable property. If an operator
is commutative, the operands can be swapped. For certain cost models, the order of the
operands influence the cost of the operation. An optimizer that is generating a plan for
the composition of the ontologies can optimize the composition by swapping the operands
if the operator is commutative.

By the symmetry of the definitions of Intersection and Union, it is easy to see that these
operations are commutative if and only if the articulation-rule-generating function they are

based on are commutative.

Theorem 6.3.5 The Intersection (and Union) operator is commutative if and only if the

associated articulation-rule-generating function is commutative. O

Automatically proving an articulation-rule-generating function to be commutative is
not always feasible or is prohibitively expensive. In the absence of an automated proof
of commutativity, an ontology composition system requires input from the provider of the
articulation-rule-generating function, or an human expert familiar with the function must
indicate whether it is commutative. In the absence of such manual input, the query system
conservatively assumes that the operation is not commutative if it cannot prove otherwise

and eschews any optimization that results from assuming commutativity.

Associativity

Associativity enables optimization of a composition task by allowing the reordering of the
executed operations. A composition engine can decide on the optimal ordering of the oper-
ations based on a cost model. Typical cost models potentially use available statistics about
the size of the ontologies and their intersections. I now show an example that illustrates

the optimization that can be enabled using the associativity of the Intersection operator.

EXAMPLE 6.3.2 For example, assume OntoComp needs to compute Plan X : (O1 Ny
02) Ny O3 where O1 and O2 are very large ontologies and O3 is very small. The resulting
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intersection will obviously be small. If the Intersection operator with the articulation-rule-
generating function f is associative, I could rewrite the above composition as Plan Y :
O1nN¢ (0O2Nf 03). If a query planner chose to execute Plan X, the query processor would
spend a lot of time articulating the two large ontologies O1 and O2, and then articulate it
with O3, the small ontology. On the other hand, if the Intersection operator was associative,
an intelligent query planner that knows the sizes of the ontologies would opt for Plan Y.
The plan, Plan Y involves articulating a large ontology, O2, with the small ontology O3,
and then articulating the resulting small ontology with the other large ontology O1. The
presence of a small ontology in both articulations would make Plan Y faster and require

less storage for the intermediate steps. O

Intersection

I now give the necessary and sufficient conditions for the Intersection to be associative, i.e.,

for (Ol NARules 02) NARutes O3 = O1 NARules (02 NARules 03) to hold.

Theorem 6.3.6 The Intersection operator using an articulation-rule-generating function f

is associative iff f is concept-level monotonic and transitively connective. O

Concept-level monotonicity of an articulation-rule-generating function indicates that the
function either always matches two concepts or never matches them, irrespective of the on-
tologies they are in. A stricter form of a transitively connective articulation-rule-generating
function is one that is transitive. Although a transitive articulation-rule-generating func-
tion is sufficient, transitivity is not necessary for Intersection to be associative. I now show
two examples that illustrate that transitive connectivity of the articulation-rule-generating

function in Theorem 6.3.6, is necessary.

EXAMPLE 6.3.3 Consider the example where O1 = (car, null, null),
02 = (truck, null, null) and O3 = (vehicle, null,null). That is, the three ontologies simply
have one node each and no edges or rules. Let f be an articulation-rule-generating function
that is not transitively connective, and the articulation rules between O1 and O2 be as
follows:

f(01,02) = null. Articulating this null ontology with O3 returns null. Therefore,
O = ((0O1ny 02) Ny O3) = null. On the other hand, let the articulation rules
£(02,03) = ((02.Truck SubclassOf O3.Vehicle)). Therefore,
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(02N 03) = OI = ((02.Truck,03.Vehicle), ((O2.truck SubclassOf O3.Vehicle)),null).

Let f(OI,01) = (O1.Car SubclassOf O3.Vehicle).

Then, (O1Ny (02Nf 03)) = (0OINfO1) =

OI, = ((0O1.Car,03.Vehicle), ((O1.Car SubclassOf O3.Vehicle)), null).

Since OI; # Ols, the Intersection is not associative but depends upon the order of the
operand ontologies. Thus, if the articulating generating function is not transitively connec-

tive, Intersection is not associative O

In a number of practical situations, the Intersection operator is not provably associative.
Such a situation arises when the articulation-rule-generating function is programmatically
specified and it is prohibitively expensive to prove its properties. In such a scenarion,
reordering the order of execution of two intersections changes the resulting ontology since
Intersection is no longer associative. However, the person wishing to compose the two
ontologies does not necessarily have a preference in the order in which the ontologies are
composed since the results will be semantically equivalent though not exactly the same. In
such a scenario, the articulation-rule-generating function is not provably strictly transitively
connective. That is, the intersections are not entirely independent of the order of the
operands. Since the composer does not have a preference of the order, he might instruct
the system to assume associativity. If the composition system is able to assume associativity,

it is free to reorder the operands and enable optimization.

Union
The Union operation is associative if and only if
VO1,Y02,YO3|(0O1 Uy (0O2Uf 03)) = ((O1 Uy O2) Uy O3) (6.1)

where fis the articulation-rule-generating function and O1, 02, and O3 are ontologies. 1

now identify the necessary and sufficient conditions under which Union is associative.

Theorem 6.3.7 The Union operation is associative if and only if the associated articulation-
rule-generating function f is concept-level monotonic. O
Difference

I now show that the Difference operator is not associative (nor should it be) under any

conditions.
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Theorem 6.3.8 Difference is not associative under any conditions. O

Proof: I need to show that O1 — (02 — 03) is not equal to (O1 — O2) — O3. Let
01,02,03 contain only one node each: nj,ns, and n3 (respectively). Let f generate rules
Rule(ni,n2), Rule(ny, n3), Rule(ng, ng) while articulating O1 and O2, O1 and O2, and O2
and O3 respectively. Using the definition of difference, (02 —03) is a null ontology since the
only nodes in O2 and O3, namely ny and ng are related by f. Thus O1 — (02 — 03) = O1.
Again (O1 — 02) is a null ontology since the only nodes in O1 and O2, namely n; and
ny are related by f. Therefore, (O1 — O2) — O3 is a null ontology. Thus, difference is not

associative. .

Associativity and Articulation-Generation Functions

It follows from the necessary and sufficient conditions that the Intersection operation is not
associative when the articulating generating function is not concept-level monotonic. When
a function generates articulation rules based on the context of the nodes, the function is
not guaranteed to be concept-level monotonic.

Several data integration systems employ structural matchers [MBRO1], [NMO00], [MWJ99],
[MFRWO00]. These matchers depend upon the structure of the two source ontologies, (that
is they depend upon the presence of certain edges between nodes in the source ontologies)
to generate articulation rules between them. If structural matchers are used to generate
articulation rules, the corresponding articulation-rule-generating function is not concept-
level monotonic. Therefore, the operators like Intersection, using structural matchers as
the articulation-rule-generating function, are not guaranteed to be associative.

The reason why Intersection is not associative is explained below. Inherently, Intersec-
tion is a “lossy” operation. That is, all edges in the neighborhood of a node may be included
in an intersection ontology. Thus, when the intersection ontology is composed with another
ontology, the articulation-rule-generating function finds the node in a different context (that
is, in a neighborhood that has a different set of edges than in the source ontology). Since the
matching and generation of articulation rules are based on the context (e.g., in structural
matchers), the articulation rules generated between a pair of nodes in derived ontologies
(like intersection ontologies) will not be the same as those generated between the nodes in

the source ontologies.
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Therefore, if the articulation-rule-generating function depends upon structural match-
ers, optimizations enabled by associativity must be disabled unless the structural matcher
is guaranteed to be concept-level monotonic (and transitively connective). Articulation
generating functions that are based on linguistic matchers just look at concept-names and
thus typically satisfy concept-level monotonicity conditions. Therefore, with respect to opti-
mizing compositions of ontologies, linguistic matchers are preferred to structural matchers.
However, if the structural matchers generate significant semantic matches that are neces-
sary for the application, the composer should use the semantic matcher and not strive to
achieve concept-level monotonic articulation-rule-generating functions or to optimize the

composition process.

Distributivity

Recall that two operators ¢ and 7 are distributive with respect to a set of operands O, if

and only if
V01,02,03 € O : ((O1 0 O2) m O3) = ((O1 m O3) o (O3 ™ O3)) (6.2)

Similar to associativity, I show that the Union and the Intersection operations, using
a concept-level monotonic articulation-rule-generating function, are distributive. The dis-
tributivity property, again, enables the OntoComp to rewrite and reorder a composition

task to optimize its performance.

Theorem 6.3.9 : (O1U;02)Nf 03) = (01N 03) U (02N O3) iff the articulation-rule-

generating function f is concept-level monotonic. O

6.3.4 Identities and Inverses

In this subsection, I identify identity elements and define the notion of complements for the
Ontology Composition Algebra. I want to define the notion of identity elements in order to

define the complement or inverse operation.

Identity Elements

I introduce two identity elements: ¢ and U.
The first identity element ¢ is defined to be a Null Ontology. That is, ® = ((¢, @), ¢),

where ¢ is the null set. The Null Ontology contains an empty set of nodes, an empty set
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of edges and an empty set of rules. It is easy to verify that: O1U; & = 01, O1 Ny ® = @,
O1 —® = 01, and ® — O1 = @ for any reasonable articulation-rule-generating function f
that does not generate any articulation rules when one of the operators is the Null Ontology.

The second identity element is U - the Universal Ontology. The Universal Ontology is de-
fined as the articulated union of all ontologies in the domain of discourse for the application
where the algebra is being used. I now derive the necessary and sufficient conditions on the
articulation-rule-generating function for the Ontology Composition Algebra to satisfy the

properties given below. These conditions are similar to the ones for semantic idempotence.

1. AUy U is semantically equivalent to U if I ignore self-edges (rules of the form
(O1.n Equals O1.n)) if and only if the articulation-rule-generating function gener-

ates only self-edges.

2. A—U = @ if and only if the articulation-rule-generating function associated with the

difference operator generates at least one self-edge for each node in A.

However, ANy U = A does not hold in general since the intersection, by definition, may
include nodes in U that are not in A. ANy U contains A and the nodes in U that are related

to nodes in A and their associated edges and rules.

Inverse Elements

Unfortunately, unlike a Boolean Algebra [Boo54], the Ontology-Composition Algebra does
not have one unique inverse or complement element. I define two inverse elements, one
based on the Union operator and the other on Intersection.

The Union-complement of an ontology O1, denoted by O17;, is the ontology obtained by
taking the union of all ontologies in the domain of discourse except O1. It is easy to verify
that O1}, Uy O1 = U if and only if fis concept-level monotonic. The ontology U is obtained
by taking the union of all ontologies and O1’ Uy O1 is also obtained in the same manner. If
fis concept-level monotonic, it is consistent. That is, for any pair of concepts occurring in
any of the source ontologies, f (i) either generates a rule in both cases (corresponding to the
computation of the two unions) between two concepts, (ii) or it does not generate a rule in
either case. As a result the two unions produce the same ontology.

The Intersection-complement of an ontology O1, denoted by O1/, is the ontology defined
as U—O1. Again, from the defnition, it follows that O1;N;O1 = @ if and only if fis concept-

level monotonic. Again, if f generates (or does not generate) the same set of rules between
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pairs of concepts while constructing U and articulating U with O1 and while articulating

O1 with O1’; consistently the equation above holds.

6.4 Summary

In this chapter, I highlighted an algebra for the composition of ontologies. The algebraic
operators depend upon the properties of an articulation-rule-generating function that gener-
ates the rules on which the algebra is based. The primary advantage of the algebra enables
efficient and systematic automated maintenance of the composed ontologies when source
ontologies are updated. A secondary advantage is that optimizations can be enabled if the
operations are commutative, associative and distributive. I identified the necessary and suf-
ficient conditions that articulation-rule-generating functions must satisfy for the operators
to be idempotent, commutative, associative, and distributive. As an important corollary,
I find that linguistic matchers are better behaved than structural matchers in the sense
that they allow more scope for optimizing the process of composing ontologies. The algebra
provides a declarative framework for specifying how ontologies are composed from source
ontologies. Such a specification can be readily replayed automatically when the ontologies

change and the composition has to be reconstituted.



Chapter 7

Related Work

In this chapter, I discuss related work and compare my work with them.

7.1 Information Extraction

Before the processing of information from an information source can be automated, the
information should be present in a form that a machine can interpret. Since ONION can
only handle ontologies formatted using its common ontology format, described in Chapter
4, the source ontologies must be formatted to the common format. In order to do so, the
ontologies must be “wrapped”. In this section, I examine the various ontology formats in
vogue today and briefly discuss the strides that have been made in constructing wrappers

for them.

7.1.1 Wrappers

Researchers have made some progress and extracted such information using semi-automated
wrappers [KMA198]. However extracting information using wrappers is expensive.
Wrappers are programs that, given an unstructured webpage, extract information and
structure it according to some pre-defined needs of the application invoking it. Writ-
ing wrappers requires a thorough knowledge of the information source that it will wrap.
Wrapped information will be processed and composed using a machine. The extracted in-
formation is converted to a format, language, and vocabulary that the composing process
understands. When the source changes or when the requirements of the target change, the

wrappers have to be modified. Today, websites not only change their content but also their
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layout quite frequently. Thus, maintenance of wrappers can be very costly for these fast
changing websites.

Most wrappers are semi-automatic [KWD97, Kus00, CMMO01, Sod99, MMKO01, AK97,
Hsu98] . That is, it involves a significant amount of human intervention to wrap an infor-
mation source. To enable large-scale automated access to information sources, we need to
interpret the semantics of the website using a machine.

Another approach to making the data on websites and other information sources machine
processible is to use meta-data to describe the data that appears on the websites. Meta-data
is additional data that describes the data available from the information sources. It aids a
machine to understand data from websites and other sources. In the rest of the section, we

examine the different choices for markup languages.

7.2 Markup Languages

In this section, I discuss the related work on data and object models and markup languages

that are used to represent data in information sources primarily over the Internet.

7.2.1 OEM

The Object Exchange Model (OEM) [PGMJ95], has been used to represent meta-data. It
contains atomic and complex objects. Each object has a label and a value. For complex
objects, the value can be a sequence of multiple OEM objects. The value of an object
can be inlined or it can be a reference. These models are tree-structured. For nodes with
multiple ancestors, the models do not require the entire subtree rooted at the node to be
duplicated under both its parents. Instead, the node (say n) exists as the child of one of its
ancestors (the value field of one ancestor, say p) and a unique identifier is associated with
that node (say, N). The value field of the other ancestor object (say p’) contains a label
that expresses the relationship (say [) of the ancestor object (p’) and the node (n) and a
value that is a reference(&/N) to the node (n) using its unique identifier(N). The use of
this reference to the node (n) helps preserve the tree structure of the models, since such
models were designed to represent documents that require serialized entities.

Unlike OEM, ONION a concept is represented using only a node and not by a sub-
tree. Thus, to maintain the minimality of the intersection of two source ontologies, the

Intersection operation only contains an individual node and not the entire subtree rooted
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at the node.

7.2.2 SGML and HTML

The problem of meta-data representation and sharing has been addressed in the research
on information retrieval. For websites, a common place to make metadata available is to
provide it along with the markup of a webpage. Documents have long been marked up
using the Standard Generalized Markup Language, ( SGML ) [sgm]. The de facto standard
for marking up web documents is the Hyper Text Markup Language (HTML) [htm]. The
primary focus of HTML is on presenting information so that it can be browsed by a human
being and not on enabling machine-processing of the information. The simplicity of HTML
has ensured that it has been very well adopted. Jeffrey Veen [vee] describes the capabilities
of HTML well by saying that it is “a very simple way to describe a limited set of information
for transmission and display on the web.” For example, the following creates a simple web-

page displaying the name of the author:

<!DOCTYPE html PUBLIC "-//W3C//DTD HTML 4.01 Transitional//EN"
"http://www.w3.org/TR/html4/loose.dtd">

<HTML>

<CENTER> Prasenjit Mitra </CENTER>

</HTML>

Obviously, for richer semantic interpretation of data, a richer language is needed to
express markup. Undoubtably, SGML fits such a description for a language, but does not
provide readily sharable specification, since it is a meta-language itself. Different publishers
have defined widely varying specifications with SGML. HTML started out as one such
specification. Therefore, there is a need for languages beyond SGML and HTML, in order

to represent information whose semantics is uniformly specified.

7.2.3 XML: Extended Markup Language

The Extended Markup Language (XML) provides a good compromise between retaining
the simplicity of HTML and providing the flexibility (of expressing metadata) in SGML.
XML, with its tagged elements, is a step forward towards providing metadata that describes
the semantics of the data in a document.

Our very simple html webpage would now be written in XML as follows:
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<?xml version="1.0" encoding="IS0-8859-1" 7 >

<name> Prasenjit Mitra </name>

The XML document is interpreted by a browser for page-layout representation. Note that we
have used a tag that is more meaningful than that in the HTML version and if the semantics
of this tag is specified and accessible by a machine, the document becomes processible by a

machine.

7.2.4 The Semantic Web: A Layered Approach

XML, on its own, however, can not express the semantics of the published information.
Machines cannot interpret tags to derive sufficient semantics required for applications. To
the computer, the XML tag <book> has as much meaning as the HTML tag <i>. We
need precise definitions of the tags and their semantics, documentation of what object a tag
represents, a description of relationships among the objects associated with the tags, and
at least a precise specification of the constraints on these objects. Therefore, very soon, we
realize the need for expressing relationships among objects in a document and providing
richer descriptions.

A language that lets us capture the semantics of a tag would require features that
would make the language unduly complicated and unwieldy. Interpretation of the language
and deduction of the full semantics would be very slow. I believe that the most elegant
and practical solution is to take a layered approach. That is, the solution is to employ a
framework that has multiple layers - each layer is entrusted with capturing a clearly defined
subset of the semantics of the world of discourse. For example, instead of designing a more
complicated markup language that would provide a construct to express relationships among
elements described in the document, it is easier to design a layered metadata description
framework. In this framework, XML provides the basic metadata in the form of tagged
elements in a document. Over and above this layer that tags objects, we seek to build other
layers that expresses relationships amongst them, and provides other rules and constraints

that can be used to derive other meaningful information useful to the application at hand.

7.2.5 RDF: Resource Description Framework

In order to express relationships among XML documents and elements present in XML docu-

ments, we need a framework to describe such objects. The Resource Description Framework
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(RDF) was designed with such an objective in mind.

Once again, we could express meta-data about our simple web-page using RDF in XML
serialization syntax. In the following document, we express the fact that the webpage at
“http://www-db.stanford.edu/” prasen9” has a “Creator” named “Prasenjit Mitra”. The
term “Creator” has a precisely defined semantics that is available at

“http://mydescription.org/schema/”.

<7xml version="1.0"7>

<rdf :RDF
xmlns:rdf="http://www.w3.0rg/1999/02/22-rdf -syntax-ns#"
xmlns:s="http://mydescription.org/schema/">
<rdf :Description about="http://www-db.stanford.edu/ prasen9">

<s:Creator>Prasenjit Mitra</s:Creator>

</rdf :Description>

</rdf :RDF>

RDF as its name suggests provides a framework to describe resources. The RDF Model
and Syntax Specification [rdf99] indicates that “All things being described by RDF expres-
sions are called resources. A resource may be an entire Web page, .... A resource may be
a part of a Web page, e.g., a specific HTML or XML element within the document source.
A resource may also be a whole collection of pages; e.g. an entire Web site. A resource may
also be an object that is not directly accessible via the Web; e.g. a printed book.”

Resources are identified by an Uniform Resource Identifiers (URIs also known as URLs)
[URI]. URIs help refer to a resource declaratively instead of using a description of how to

obtain the resource (specifying the machine, access protocol etc.) to identify objects.

7.2.6 RDF Schema

RDF allows us to model objects and their relationships using a simple model that can
be expressed as a graph. The relationships among the resources are expressed in terms
of properties and values. However, only the objects and their relationships might not be
enough for the purposes of an application. Not only do we need to define properties of
resources, but also describe classes of resources.

Consider the example in Pease[pea]. He shows how we can express that the property

motherOfis a subProperty of the property parentOf using the DAML statement: (motherOf



118 CHAPTER 7. RELATED WORK

subProperty parentOf) Once we have established such a rule, we can use it to derive the
statement (Mary parentOf Bill) from the statement (Mary motherOf Bill)
RDF Schema [rdf00] provides a language to define classes of resources and to specify

restrictions on combinations of classes and properties.

7.2.7 OWL: Web Ontology Language

It is easy to see that even RDF Schema provides very basic functionality and is not sufficient
to express several constructs. For example, RDF-Schema does not have any construct to
express that two classes are disjoint. A language that can be used to express even richer
relationships among the data is required. The DARPA Agent Markup Language (DAML)
was designed to be a layer on top of RDF in which one can express relationships between
relationships and specify constraints on such relationships.

DAML also provides the ability to express constraints including cardinality constraints
and qualified constraints. The former can be used to express minimum and maximum
cardinality constraints on an object. For example, we can specify that Mary has between
1 and 3 children. The latter constraints can be used to specify restrictions on the type
of objects. For example, we can state that “at most 2 of the children of Bill are of type
Doctor” [dama]. DAML was the precursor to DAML+OIL, which finally got supplanted by
OWL, the Web Ontology Language, as a standard. By and large, OWL and DAML+OIL
are very similar except a few changes and improvements made in OWL.

In this section, I outlined the various formats that can be used to mark up documents
and express meta-data about information sources. I have argued that HTML and XML
are too primitive to satisfactorily model ontologies in, and even though DAML4OIL is
more expressive than RDF, it is less tractable than RDF. RDF, thus, provides the most
appropriate middle-ground for the ONION system.

In the next section, we examine the work related to the articulation-rule-generating

algorithms implemented in SKAT.

7.3 Ontology Matching and Articulation

As in [CHG], [GBMS99], and [Kar96], I assume that information sources are independently

created and maintained, remain autonomous and do not conform to a standard ontology.
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7.3.1 Karp’s Interoperation Framework

Karp [Kar96] proposes a strategy for database interoperation. His strategy is based on
posing queries to multiple network-accessible databases. The system determines which
databases contain relevant information to answer the query and consists of “translators
that can interconvert among different schema languages”. While building ONION, I extended
Karp’s approach to apply not only to databases, but also to knowledge bases and information
sources.

In Karp’s system, each database comes with a schema, which is saved in a Knowledge
Base of Databases. Correspondingly, ONION requires that associated with each information
source is an ontology, but it does not require all ontologies to be saved in a central repository.
Karp proposes that the knowledge base contain descriptions of relationships among the
conceptualizations used in different databases. These descriptions are similar to articulation
rules used in ONION. I assume that the schema and ontologies associated with information
sources have been pre-processed in a lower layer of the system into one common format
such that they are no longer described in different languages. That is, the interoperation

enabled by ONION is on the semantic level and not at the language level.

7.3.2 Ontology Alignment

The problem of ontology matching and alignment has been studied for some time. Tools
like OntoMorph [Cha00], PROMPT [NMO0O], and Chimaera [MFRWOO] help significantly
automate the process. However, these tools do not contain a built-in linguistic matching
component that deduce the similarity of concepts without any human input. Due to the
extensive linguistic matching component, SKAT provides a greater degree of automation
while keeping the option of a human expert to ratify the suggested articulation.

Noy, et al., have proposed PROMPT [NMO00], an algorithm and tool available for auto-
mated ontology merging and alignment. Like ONION, PROMPT is also a semi-automatic
tool. PROMPT does not attempt to determine linguistic similarities between concept
names, but the tool can use matches generated by a linguistic matcher to generate fur-
ther matches. Thus one can use ONION’s ontology matching algorithm to generate matches
between concepts across ontologies and then use these matches as a starting point and
generate further matches using PROMPT.

The structural matching algorithm used by SKAT has similarities with
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Anchor-PROMPT[NMO1], an algorithm that was independently developed and used in
Prote’ge’[GMF102]. Anchor-PROMPT uses two anchors, concepts in an ontology with a
path between them. Those two concepts have already been matched to corresponding con-
cepts in another ontology, that too are connected by one or more paths. Anchor-PROMPT
considers all possible pairings of paths where the two paths in a pair come from different
ontologies but are between the chosen anchors in the two ontologies. For each path-pair,
Anchor-PROMPT increases the similarity score between corresponding concepts in the path.
That is, the similarity score between the n'® concept in one path with that of the n!* con-
cept in the other path is increased, where n lies between 2 and the minimum length of the
two paths. Consequently, when two concepts that appear at the same distance from their
corresponding starting anchors in multiple paths, their similarity score gets consistently in-
creased and has a greater chance of exceeding the threshold similarity score. Our algorithm
can be thought of as a special case of Anchor-PROMPT since it considers only small paths
of length 3 - the matching candidates, their parents, and children. Since the ontologies I
used were of varying granularity, I observed that matching based on distance from anchors
produced less than 50% accuracy when longer paths were considered. Therefore, SKAT

considers only small paths while matching based on structural similarity.

McGuiness, et al., have proposed Chimaera [MFRWO0], another tool that has been used
to match ontologies. The focus of the Chimaera is on providing end-users with a graphical
user interface using which they can align ontologies and merge them. It uses rudimentary
name similarity techniques to suggest matches and looks at the limited structure of the on-
tologies. However their work too does not perform deep linguistic matching of the concept
names and would be unable to decipher the linguistic matcher generated by ONION. For ex-
ample the similarity between flight and sortie, as required by the transportation application,

would not be deciphered by Chimaera.

Gal, et al., [GMJ] have improved web search by matching ontologies. They have sug-
gested a set of algorithms that automatically match terminologies in two Web resources.
They too look at similar words and consult a thesaurus. However, their algorithm aims
at improving web search on the fly, and not at generating articulation rules. Besides,
ONION’s linguistic matcher is substantially more sophisticated than their ontology match-
ing algorithm since it uses a novel recursive algorithm to derive matches depending upon
the definition of words. ONION’s lexical matcher also uses a corpus-based algorithm and

couples it with the thesaurus-based algorithm to generate more and precise quality matches
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than the matcher proposed by Gal, et al.

Doan, et al., [DMDHO02], [Doa02], [DDHO01] have proposed the GLUE system for on-
tology matching and the LSD system for schema matching. Like our approach, GLUE
also uses multiple strategies and combines them to generate matches between ontologies.
GLUE deploys a learning-based strategy to match ontologies. It leverages different types
of information like data instances, taxonomic structures, like in our approach, to generate
matches.

To the best of our knowledge, GLUE does not look into linguistic similarities between
concept names. Our experiments show that at least in several domains, the concept names
provide sufficient semantic clues about the nature of the concepts they represent. Thus,
concept names are an important source of information that can be used for matching ontolo-
gies and should not be ignored. Second, a learning-based approach has increased starting
costs since for the success of the approach a well-constructed training set is very important.
In contrast, even though the ONION system can utilize seed rules, our approach can be
minimally bootstrapped without providing any seed rules and can still generate matches

between ontologies. ONION learns from the feedback provided by the expert.

Partitioning of Knowledge-Bases and the Windowing Algorithm

I have used a very simple ad-hoc windowing algorithm. MacCartney, et al., [MMAUO03|
have proposed an elaborate algorithm for automatic partitioning of large knowledge bases
into smaller units in the context of theorem proving. They identify and exploit the implicit
structure of the knowledge in the knowedge base to find effective partitions. They have
studied the effects of the partitioning and proposed message passing algorithms to guarantee
the soundness and completeness of their reasoning. Extending the windowing algorithm in
this work using principled partitioning of the ontologies so that we can achieve maximal

efficiency without sacrificing the accuracy of the ontology matching is left for future work.

Matching Relationships across Ontologies

SKAT does not match relationships across ontologies. However, just like a concept is repre-
sented using different terms in different ontologies, a relationship may be represented using
different terms in different ontologies. For example, the Foundational Model of Anatomy
(FMA) [RSB98] and GALEN’s [RGG194] common reference model have the relationships
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PART_OF and isBranchOf that have similar semantics. SKAT bypasses the problem by ex-
pecting these relationships to be either translated into equivalent relationships in the ONION
Ontology Format or reified into concepts. If the relationships are reified into concepts, the
concept-matching algorithm matches them.

Zhang and Bodenreider [ZB04] have developed an algorithm to match associated re-
lationships across ontologies by analysing paths between equivalent concepts across the
ontologies. The algorithm expects concept matches have been already determined and uses
matching concepts as anchors. Using two concepts as anchors, the algorithm finds all paths
between these concepts and their matching concepts in both ontologies. They only consider
paths of length six or less. In case multiple patterns are found to match one relationship,

the pattern that occurs most often is chosen as the match.

7.3.3 Schema Matching and its Similarities with Ontology Matching

The problem of ontology matching has similarities with the problem of schema matching in
databases. There exists several schema matching tools, e.g., [YMHFO01],[MBRO1], [DDHO01],
[MGMRO02|, [PGMU96|, [CHG] etc. Most of these approaches are not adequate when the
primary differences among sources are due to differences in terminology in sources with
little structural similarity or when instance data is not available. These methods provide
poor results due to the absence of good structural similarity or the absence of instance data
in our applications.

The Clio project, designed at IBM Almaden Research Center, also attempts to solve
the schema matching problem.Clio[ YMHFO1] bases its matches upon instances of classes
and their attributes and cannot match the schemas in the absence of instance data. Our
articulation generator uses multiple strategies and makes use of instance data. However,
since we augment them with linguistic and structural analysis of the data, we can articulate
ontologies that do not have instances available with them.

Cupid[MBRO1] and the similarity-flooding algorithm[MGMRO02] bank on the schema
structures for generating its articulations and again does not make use of the linguistic
information available in the information sources.

LSD[DDHO1] uses a learning-based approach where the tool requires some manual work
in identifying suitable test cases that are representative of the schema that will be matched in
future. ONION also employs a semi-automatic articulation generator but the manual effort

is required after the matcher has already generated a suggestion. For large ontologies,
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constructing suitable test cases and identifying the matches and mismatches among the
ontologies for LSD takes a large amount of manual effort. Whereas in ONION, the expert
needs only to verify the matches generated and provide the rules only for cases where the
articulation generator erred. The articulation generator for ONION logs the responses of
the expert and uses this information to generate better articulations in future. Using a
systematic approach to construct articulations and logging the input provided by an expert
allows us to quickly recompute the articulation between the modified ontology and other
ontologies.

The Tsimmis[PGMU96| and the Coin[CHG] projects entirely depend upon rules written
by human beings to enable mediation.

As part of the linguistic algorithms, ONION leverages the work done at Stanford on
the SKEIN system. Jannink [Jan00] proposed and implemented the SKEIN system that
develops a Word Nexus. As indicated in the previous chapters, the Nexus is built from either
of two dictionaries (Websters and the Oxford English Dictionary) and contains graphs of
words connected to each other. A directional connection is generated when a word appears in
the definition of another. The distance between words gives a measure of their similarities.
The SKEIN system also provides other algorithms to determine the similarities between
words. ONION has been coupled with the SKEIN system and utilizes the word similarity
measures generated by SKEIN. This generated similarity is used as a heuristic among many
other heuristics that ONION uses to determine the articulation rules. Jannink [Jan00]
has shown that the manual and machine effort can be significantly reduced by using our
methodology with respect to the construction of a Nexus (graphical thesaurus-like structures

derived from the Webster’s and the Oxford English Dictionary).

7.4 Ontology Management Algebras

The primary inspiration of developing an Ontology Management Algebra comes from the
seminal work of Codd [Cod70] on the relational algebra for database management. Ontolo-
gies are analogous to schemas in relational algebra. Techniques used for ontology matching
have also been used for schema matching and vice-versa. Our articulation of ontologies
has similarities with joining multiple tables in a database system. Query optimization,
more specifically join optimization, depends upon the properties of the operators in the

relational algebra. Similarly, the composition of ontologies using our algebra depends upon
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the properties of the ontology composition algebra.

The immediate inspiration for my work comes from the work of Wiederhold [Wie94],
who proposed the necessity of an algebra for ontology composition. The current work
brings the vision to reality in that it defines the algebra, and characterizes the properties
of the algebraic operators. I have shown how the properties of the algebra depend upon
articulation generation functions and thus argued for the careful design and implementation
of such functions.

To the best of my knowledge, there exists no other comprehensive work on an on-
tology management algebra. After the initial publication of my ontology management
algebra [MKWOO0], the following similar works have also been published in the research

literature.

7.4.1 An Algebra for Composing Spatial Ontologies

Camara, et al., [CFM02], describe an algebra for composing spatial ontologies. However,
their work only obtains an “Union” of ontologies. Unlike my approach where the ontologies
and articulation rules can contain any relationships, they re-strict themselves to only three
relationships (equivalent, is-a, and part-of). In addition, they do not consider the effects of
the articulation generating function on the properties of the composition operation. How-
ever, since they are restricted to this basic set of connections, they can use the semantics

of these relationships while obtaining the union of ontologies.

7.4.2 Model Management

Recently, Bernstein, et al. [Ber03], [BLP0O] have proposed an an “algebra” for model
management, which has similarities to our ontology algebra. The setting of their work is
meta data management and they have used their algebra to build a model management
platform [MRBO03]. In their work, the operands are models and mappings between models.
They describe models as abstract concepts that are similar to concepts in our ontologies.
Models, like ontologies, have nodes.

Their work has identified a set of algebraic functions that can be used to manipulate
models - Match, Merge, Diff, Compose, Apply, and ModelGen. Match takes two models as
input and returns a mapping between them. This operation is similar to an articulation

generation function in my framework. The elegance of ONION in my view lies in its layered
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approach. On one hand, the layer responsible for establishing semantic correspondences de-
pends upon semantic interpretations and is encapsulated within the articulation generation
function. On the other hand, the algebraic machinery mechanically manipulates ontologies
and does not attempt to interpret the semantics of the ontologies. The algebraic machinery
depends upon the existence of the articulation generation function. In Bernstein’s work,
the two layers have been flattened into one. That is, some operators, like Match, require

semantic interpretation of the ontolgies, while others, like Apply, do not.

From their preliminary descriptions, their “diff” operator is analogous to “difference” in
my work, “merge” is similar to a duplicate-eliminating “union” that we have defined. Their
algebra does not have an analog to Intersection but they have a “match” operator that is
analogous to an articulation generation function. However, they require the root nodes of
each model to match. Their mappings must be expressed using a “mapping” structure that
primarily represents binary relationships, whereas we have a rule language to express my
articulation rules. Their description of the algebra is at a rudimentary stage. Unlike in
my work, they have not yet studied the properties of the algebraic operators and have not

shown how the semantic matching functions influence them.

7.4.3 The Maintenance Problem

Oliver [Oli00] in her dissertation highlighted the problems that arise due to changes in on-
tologies. She observed that such changes are frequent in the medical informatics domain and
proposed a methodology for change management and synchronization of local and shared
versions of a controlled vocabulary. I believe that, though such change management and
synchronization can resolve problems that arise due to heterogeneity of information can
succeed in controlled domains like medical vocabularies, it has no significant chance for
wide-spread success in large uncontrolled domains like publishing on the World Wide Web.
Therefore, an interoperation approach is vital if information from multiple uncontrolled
sources need to be composed. The ontology management algebra provides a description
language for expressing composition tasks that derive new ontologies. Changes in source
ontologies can be systematically and easily propogated to the derived ontologies automati-

cally in this algebraic framework.
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7.5 Composition

In this sub-section, I outline other knowledge composition efforts that are related to my

work.

7.5.1 Composition of web services

Sheng et al. [SBDMO02] have built and demonstrated a platform for the rapid composition
of Web services in a peer-to-peer enironment. Their approach is based on using statecharts
to declaratively specify the composition of composite Web serices from its components. A
member identifies itself as part of a community and registers with the community. This
approach though more streamlined than our interoperation scenario would involve the will-
ingness of individual members converging to a basic agreement over to standards, protocols

and semantics. The assumption of reaching an agreement does not hold in our scenario.

Rapid Knowledge Composition

Rapid composition for new applications has been demonstrated within the DAML and
RKF projects. Participating knowledge engineers must comprehend an ontology in order to
accurately gauge how changes to it will affect the performance of the associated information
source. At a workshop, a presentation [Cha00] described preliminary efforts to align and
merge two ontologies containing over 3000 concepts a piece. The original structure of the
merged ontology was so fragile that no substantial transformation or enhancement was

feasible. Many current approaches envisage much larger ontologies [cyc].



Chapter 8

Conclusions and Future Work

In this chapter, I summarize the contributions of this dissertation. I also outline extensions
to the related research that needs to be performed in the future. To implement an ontology
interoperation system that enables a user application to interoperate among heterogeneous
information systems, there are many issues that are beyond the scope of my work and still

need to be resolved.

8.1 Summary of the Results in the Thesis

In Chapters 2, 3, and 4, I have outlined the ONION system. ONION enables interopera-
tion among heterogeneous information system. The primary roadblock towards building
an automated interoperation system arises due to semantic heterogeneity among the infor-
mation sources. This work lays out the foundation for building an interoperation system
and provides a partial implementation. In Chapter 3, I have described how I constructed
a semi-automated articulation-rule generator. The semi-automated articulation-rule gen-
erator interacts with a domain expert to resolve semantic heterogeneities and establish
articulation rules. Based on the existence of a function that generates articulation rules
between ontologies, I have designed an algebraic framework for ontology management. I

summarize the contributions of my work below.

8.1.1 A Graph-Oriented Model for Ontologies

In order to enable interoperation among ontologies, several problems that arise due to het-

erogeneity of the information sources must be tackled. Problems due to heterogeneity of
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platforms, operating systems and messaging interfaces have been addressed before. This
dissertation looks at important problems that arise due to the heterogeneity of the infor-
mation in the sources. One of the problems of heterogeneous information sources is that
the semantics of the information differs from source to source. To automate the accurate
processing of information from heterogeneous information sources, publishers of informa-
tion are also publishing meta-data - data describing the semantics of the information - like
ontologies.

However, there has been no agreement on the format and language used for representing
ontologies. In the ONION system, I proposed and used a simple graph-oriented model to
represent ontologies. The simplicity of the graph-oriented model gives us allows for fast
computation. Concepts in ontologies are represented as nodes in the ontology graphs and
the relationships among concepts as edges. Rules expressing constraints that the concepts
must satisfy are encoded as Horn Clauses - simple logic-based rules. Simple wrappers have
been built to convert ontologies from their native formats to the ONION Ontology Format.
Converting all ontologies into the ONION Ontology Format, simplifies the construction of
the articulation generator. The articulation generator now has to deal with only one simple
ontology format. It can focus on only resolving the semantic heterogeneity in the informa-
tion sources rather than simultaneously having to resolve heterogeneity due to differences

in ontology formats.

8.1.2 SKAT: The Articulation-Rule Generator

SKAT deploys semi-automatic techniques to generate articulation rules between ontologies.
SKAT generates articulation rules and presents them to a domain expert to ratify the rules.
The expert can verify a rule and delete it if it is not accurate or correct it. The expert
can also provide other new rules that the automated component failed to generate. The
responses of the expert are logged and can be used in future articulation-rule generations
between similar ontologies.

I have described several heuristic algorithms that comprise the automated component of
the articulation-rule generator. While non-iterative algorithms make a single pass over the
two ontologies, others (iterative algorithms) must make several passes over the ontologies
until the set of generated articulation rules converges to a stable set. Iterative algorithms
use the articulation rules generated after one pass to generate more articulation rules in

subsequent iterations.
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The algorithms discussed in the previous chapters match ontologies based on the names
of their concepts, dictionaries like WordNet or the Nexus, corpus-based word-similarity
methods, the structure of the ontology graphs, the instances of concepts (if available) and
inference using expert-supplied seed rules. I show that no individual strategy works best in
all cases. Instead, a hybrid strategy that combines the scores generated by several matching
algorithms discovers more valid matches with high precision.

The matching algorithm that generated the most number of matches among the ontolo-
gies that I experimented with is the lexical matching algorithm. This algorithm depends
upon the fact that concept names contain semantic information about the concept. It
matches all pairs of concept names where the two names in a pair are obtained from the two
distinct ontologies that are being matched. After generating the matches, articulation-rule
generator selects the matches with a score above the expert-supplied threshold and shows
them to the expert for validation. The algorithm uses dictionaries, semantic networks, and
corpuses of documents to determine the matches between concept names.

I realize that automatic resolution of semantic heterogeneity automatically can never be
perfect; human interaction is essential. Even then imprecision will remain. In the end, the
assessment must be based on the benefits of integration, versus the cost due to errors that

are a result of imperfect resolution of heterogeneity.

8.1.3 Ontology Management Algebra

As we have seen in the previous chapters, an ontology contains named concepts and their
relationships, along with constraints that the concepts adhere to. Creating an ontology from
scratch is an expensive endeavor. Since a large number of ontologies from various domains
exist, it is a lot more pragmatic - less expensive - for publishers of information to create the
ontology of their liking by reusing existing ontologies. Besides, existing ontologies that have
been used, have been reviewed and well tested and tend to be more accurate than newly
created ontologies. I have proposed and studied an ontology management algebra that can
be used to select and compose portions of existing ontologies to create new ontologies.
The ontology management algebra has unary and binary operators. The unary operators
provide several variations of the select operation. A publisher can use the select operation
to select any relevant subset of concepts, relationships and rules from existing ontologies.
The three binary operators are based on the availability of an articulation-rule-generating

function. These operations can be used to compose selected portions of existing ontologies.
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The Union operation creates a new ontology consisting of the concepts in the two operand
ontologies and the relationships and rules introduced by the articulation-rule-generating
function among them. The Intersection operation creates a new ontology that contains
the shared concepts, that is, concepts in one of the operand ontologies that have a related
concept in the other. The Difference operation creates a new ontology that contains concepts

in the first ontology such that there exists no related concept in the second operand ontology.

Since the definition of the operations are based on the articulation-rule-generating
function, the properties of the ontology management algebra are defined by those of the
articulation-rule-generating function. The algebraic operators do not obey the laws of com-
mutativity, associativity, and distributivity for all possible articulation-rule-generating func-
tions. However, for certain articulation-rule-generating functions, these properties hold. In
these cases, an ontology composition engine, can reorder the operands and operations in
an ontology composition expression and optimize the composition task. The advantage of
expressing a composition task declaratively using an ontology management algebra is that
when the ontologies change, the composition task can be easily replayed to reconstruct the

derived ontologies automatically and does not involve human intervention.

8.1.4 Modularity of Onion

The ontology algebra I have shown, however, is not restricted to being applicable to only the
articulation generator used by ONION. The algebraic framework developed is modular in
nature since it is decoupled from SKAT the articulation-rule generator. It assumes the pres-
ence of an articulation-rule-generating function. The articulation-rule-generating function
can be an automated matcher like PROMPT or Chimaera or may be a manual effort. The
algebra is based on the articulation rules - the output of the articulation-rule-generating
function. Thus, the properties of the articulation-rule-generating functions influence the
properties of the algebraic operators. To the best of my knowledge, the rules generated by
PROMPT and Chimaera match concepts across ontologies and express them as rules. Thus,
they have the same properties as Skat’s articulation-rule-generating functions. Therefore,

the algebraic framework developed in this dissertation is equally applicable to them.
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8.2 Future Work

Since this dissertation outlines a new approach to integration of information, it is also quite
incomplete and open to extension. The research outlined in this thesis raises a number of
questions that need intensive investigation. In the rest of the chapter, I initially outline the
ways in which the ONION system can be extended, and then I discuss broader issues that

must be investigated in order to design better interoperation systems.

8.2.1 Extensions to Onion
Optimizing OntoStore

ONION stores its ontologies, their articulations and logs of expert feedback as RDF-triples.
One option is to store these triples in databases. Though years of research has made
database systems optimized and scalable, since they were not designed to store one large ta-
ble consisting of triples (corresponding to the ontologies), substantial research and progress
is necessary before an RDF-store can achieve the performance levels and scalability of tra-
ditional database systems. Problems of this nature have been encountered in the Protege
project [pro04].

Presently, I implemented a central repository storing all the ontologies of interest.
ONION is a system that attempts to solve problems in distributed systems. Therefore,
it makes sense to design a distributed ontology store. However, if SKAT has to incur a large
number of round-trip communication costs in order to articulate ontologies the system will
become very slow. In the future, to avoid such numerous round-trips, one can build an
ontology cache. Before each use, the version of the ontology in the cache is checked with
the version of the ontology at its source. If the version has changed, and the application has
indicated that the latest version of the ontology be used, the latest version of the ontology
is fetched from source before proceeding. If the application does not need the latest version

of the ontology, the cached version is used to boost performance.

Eager versus Lazy Approach

This issue is similar to the issue with respect to compilation versus interpretation for pro-
gramming languages.
As argued above, before information from multiple sources can be composed, the on-

tologies used to express their vocabularies must be articulated. An articulation generator
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has to decide when to articulate the ontologies. A system taking an eager approach would
pre-articulate the ontologies and establish the articulation rules in advance before the need
arises to use the articulation rules. Such articulation rules are stored and used while an-
swering queries or otherwise composing information from multiple sources. An alternative
approach is to take a lazy approach towards establishing articulation rules. In such a sce-
nario, the rules are established on demand in order to answer a query. The rules can then
be cached for future use to avoid regenerating them in the near future. ONION is built
on the eager approach - that is, it pre-articulates ontologies before their articulation is re-
quired. However, the question of whether an eager approach is better than a lazy one needs

experimental validation in a realistic setting.

Articulation-Rule Generation Algorithms

Substantial scope exists to design better articulation-rule generation algorithms, since the
performance of ONION and other state-of-the-art ontology and schema matchers leaves am-
ple room for improvement. I discuss a few improvements I intend to perform in the near
future. However, I believe that there exist entirely new paradigms for articulation-rule gen-

eration that remain unexplored and will be discovered in the near future.

Corpus-Based Matcher: SKAT matches concept names associated with ontology con-
cepts using the corpus-based method. Typically, concept-names are constructed using less
than ten words. However, some sources contain short textual descriptions, along with
the concept names. If I treat these descriptions as extended “concept names” and run
SKAT, preliminary results (not shown in the dissertation) show that SKAT can generate
good matches. Continuing along, on the other end of the spectrum, entire documents can
be associated with concepts and an articulation-rule generator can derive useful informa-
tion and match concepts based on the documents associated with it. However, I suspect
that in such cases document similarity algorithms will outperform SKAT’s name-matching
algorithm. How many words defines “large” concept names and the number beyond which
ONION’s name-matching algorithms perform worse than document similarity algorithms has
not been studied in this dissertation and will be pursued in future.

Another investigation that needs to be performed is to identify metrics to evaluate how
relevant the corpora the matching algorithm uses is to the domains of the source ontologies.

Once the metric has been fixed, we will study the effect of the quality of the corpora on the
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quality of the ontology matches generated automatically.

Instance-Based Matcher:

If the information about instances of concepts in ontologies are available, the information
can be used to generate additional matches. Instance-based matching heuristics have been
used to successfully match schemas in databases [YMHFO01]. Such matchers look at data
types, and extract other features like lengths of attributes, numerical or lexical statistics
of attributes, and match classes based on such feature vectors. Though SKAT can handle
ontologies, whose concepts also have instances associated with them, oftentimes, businesses
are reluctant to make instances available. Thus, I have designed our algorithms assuming
that no instance data is available.

However, if such information is available, one can extend the matcher to use instance
information. An interesting approach is to use heuristic algorithms based on information
theory. Kang and Naughton [JK03] have proposed using a schema-matching algorithm
based on the mutual information of the values in pairs of columns in two database tables.
I believe that instead of mutual information, conditional entropy is a better measure. I
performed initial experiments that prove this belief.

For instance-based methods, there are several low-level questions that also need inves-
tigation. For example, how should we treat null-data? The fact that many instances of a
column are null might be valuable information that might help us match the columns of
a database better. So, in instance-based methods, do we generate better matches ignoring
null-values, treating null-value as another type of value or by treating each null as poten-
tially different values? The right semantics of null and how nulls should be treated is an
open question.

An example of another question that requires empirical validation is how much data is
required for instance-based methods to make statistically significant deductions.

Inference-based Heuristics:

Currently, I have not implemented inference-based heuristics, and ONION does not use
inference-based heuristics. Here, I discuss how inference-based heuristics can be used for
generating articulation rules for the sake of completeness. An inference engine can reason
with the rules available with the ontologies and any seed rules provided by an expert to
generate matches between the ontologies. A future enhancement to having the expert

explicitly specify the matches is to use an inference engine like TRIPLE [DS02].
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Inference-based heuristic matchers rely upon rules that express properties of relation-
ships. Instead of specifying the entire set of individual matches that were not generated
automatically, the expert can supply a much set of logical rules. Using the available facts,
the expert-supplied logical rules and an inference engine, the articulation-rule generator
can generate the set of articulation rules that are essential for the application. Since this
feature has not yet been implemented, I have included some examples of cases where using
an inference engine is essential below.

Using Type Information in Matching:

Currently, in ONION the concept nodes are not typed. In the future, we can implement
typing support. When type information is available, an articulation-rule generator can use
the type information associated with a node to pre-screen matches. Matching nodes must

be of the same type or one must be of a type that is a subtype of the other.

8.2.2 Extensions to the Ontology Composition Algebra

Articulation Rules

At present, the Ontology Composition Algebra can handle articulation-rule-generating
functions that generate articulation rules all of whose nodes are in the source ontologies. In
the future, one can easily extend the algebra to allow the more general form of articulation
rules, where an articulation rule can introduce and use a concept not present in any of the
source ontologies.

For example, while articulating between PoundSterling and Guilders, an articulation-
rule-generating function ffirst generates an intermediate node called Euro. Then, fgenerates
an articulation rule to convert between PoundSterling and the Furo and another rule be-
tween the Guilder and the Furo. Not surprisingly, the presence of such an intermediate
node influences the properties of the algebraic operators. For example, if an articulation-
rule-generating function generates intermediate nodes, the intersection operation between
ontologies can not be guaranteed to be associative. Thus, I do not consider such articulation-
rule-generating functions in this work but it is an interesting problem to handle in future.

Extending the Operators

Intersection: As future work, I intend to extend the system by incorporating a duplicate-
eliminating Intersection operation. To use this extension, the application must indicate a
preferred ontology out of the two source ontologies being articulated to the system. For all

articulation rules of the form O1.A EquivalentTo O2.B, if the preferred ontology is O1,
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02.B is not included in the set of nodes of the intersection ontology. For all edges e such
that Nodes(e) contains O2.B are rewritten replacing O2.B with O1.A. Similarly, if O2 is
the preferred ontology, all occurrences of O1.A are replaced by O2.B in the ontology graph
of the intersection ontology.

Like a duplicate-eliminating Intersection, I also intend to implement a duplicate-eliminating
Union.

An investigation characterizing the duplicate-eliminating Intersection and Union also

needs to be undertaken.

8.2.3 Information Extraction and Data Mining

In order to obtain maximum automation, especially in rapidly changing sources where
manual extraction of information is inefficient, one must study the problems of extracting
structured and unstructured data from the Web. It is important to investigate techniques

for mining the data to extract accurate information.

8.2.4 Maintenance and its effect on Information Integration

Though I have designed the system to be easily maintainable, I have not extensively studied
the problems caused by frequent changes of websites. As information and software invento-
ries grow, one needs more and more resources to keep them up-to-date. What modifications
or enhancements does ONION or a similar system need to allow rapid re-deployment of the
toolkit in the face of frequent updates? Do the operators that I have defined suffice or
do we need more to serve a wide range of real-world applications? More investigation is
necessary to determine how we can rapidly regenerate articulations without having to run
the entire articulation-generation toolkit and perform a thorough performance evaluation

of the articulation-generation algorithms in such a setting.

8.2.5 Applications and Scalability

Apart from the Semantic Web for which ONION was developed, the problem of data integra-
tion and interoperation is acute in several fields. One must work closely with scientists who
use large sources of distributed information like in domains such as bio-informatics, medical

informatics, and operations research to find settings to deploy the tool I have developed.
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I have not evaluated ONION for large systems and the issues of scalability in real-world

applications will require many related investigations.

8.2.6 Query Rewriting and Optimization in Peer-to-Peer Systems

Peer-to-peer systems have several similarities to the distributed, autonomous and heteroge-
neous systems that I have worked on. My work on query rewriting and optimization has the
potential to be used in peer-to-peer systems. We need to investigate the similarities and dif-
ferences between the setting of this dissertation with peer-to-peer systems and accordingly
modify our algorithm to design an efficient query rewriting and optimization algorithm for
peer-to-peer systems. While researching information-processing systems, we need to design
and use tools and algorithms from a wide range of fields from database system design, query
optimization, data mining and information extraction to natural language understanding,

graph visualization and human computer interaction, and computational logic.

8.3 The Web

Much work is needed to extend the ONION system or build a new successor system that
can handle a variety of formats available on the web, and deals with the rapid changes
of large amounts of information. Many of the existing solutions work for small domains
but when confronted with very large numbers of information sources and large amounts of
information — a significant part of which might overlap — the existing techniques fall flat.
While dealing with information on the World-Wide-Web the issues like enabling security,
and privacy, also take on paramount importance and must be researched thoroughly. There
is also the issue of large amounts of information hidden in the deep Web that needs to be

extracted and interoperation among such deep websites enabled.
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