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Abstract

Establishing semantic interoperability among hejer@ous information sources is
becoming a critical issue in the database commumiity the increase in both the amount
of data and the number of data producers. One @fctiallenging problems in the
multidatabase systems is to find the most viabléutem to the problem of

interoperability of distributed heterogeneous aatoous local component databases.
This has resulted in the creation of a global schewer set of these local component
database schemas to provide a uniform represemtafidocal schemas. Despite the
critical importance, current approaches to semaintieroperability of heterogeneous

databases have not been sufficiently effective.

Interoperability not only has to resolve the diffleces in data structures, it also has to
deal with semantic heterogeneity. Taking semanyidatterogeneous databases as the
prototypical situation, the presented work desaibew ontology (in the traditional
metaphysical sense) can contribute to deliveringpee efficient and effective process of

matching by providing a framework for the analysisd so the basis for a methodology.

An algorithm is proposed which detects the semalyicrelated classes from
heterogeneous database and a set of integratingtopgeare defined to integrate local
schemas based on the semantic relevance of thaessed. It provides a model

independent representation of virtual classesefitbbal schema.
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CHAPTER 1
INTRODUCTION

Due to the explosion of the internet and intraaetd the ongoing advances in the World
Wide Web, network and database technologies hawngeld from centralized to
distributed information systems. Most common probliaced by many organizations
these days is the uniform and scalable access lplaudisparate information sources
and repositories, including databases, knowledgeddile systems, digital libraries and
information retrieval systems. As these informat®ources get updated and change
constantly, it becomes difficult for users to natgy collect, evaluate and process data in
this open and dynamic universe [1]. Decision makeiten need information from
multiple information sources but are unable toa® fuse such information in a timely
fashion. This is due to the unpredictable stateativorks and connection at information
sources and due to the heterogeneous and evolatogerof information sources.

In recent years, there has been considerable shtereMultidatabase Systems (MDS)
which attempt to logically integrate a number adependent distributed DBMSs while
allowing the local DBMSs to maintain complete cohtof their operations. Thus a
multidatabase system is a distributed DBMS in whedth site maintains complete
autonomy

Semantic heterogeneity or semantic conflict is thain source of problems in
multidatabase design. Semantic heterogeneity engftesent in multidatabase systems
because of the lack of global schema definitiorr. |[&st few years a significant quantity
of multidatabase research has focused on resolihrg problem of semantic
heterogeneity or semantic conflicts.

Ontologies have been suggested as a way to sokeptbblem of information
heterogeneity by providing formal, explicit defioits of data and reasoning ability over
related concepts. Ontology mapping basically fosusen finding semantic
correspondences between similar elements of differentologies, thus allowing

applications to agree on the terms that they usenwtommunicating. It facilitates



communication by providing precise notions that d¢snused to compose messages
(queries, statements) about the domain [2].

An approach using ontology mapping for detectind artegrating semantically related
classes in an object-oriented multidatabase sygegmoposed in the thesis work done.
This process is a vital one in the realization afitdatabase systems, as the semantic
contents of local databases must be exploited béfi@ integration process takes place.
To create multidatabase without semantic confliatsignificant amount of research has
focused on schema integration both at logical dred donceptual level However, in
practice, semantic conflicts exist not only at figical or conceptual level, but also at the

instance or run-time level.

1.1 Need for Data Processing
One of the reasons for the original developmemtatabase systems was to overcome the
difficulties of supporting shared access to sevélas created by different application
programs. File based approach has many difficulities

» Separated and Isolated Data,

* Duplication of data

» Data Dependence

» Difficulty in representing data from the user'swie

» Data Inflexibility

* Incompatible file formats
To overcome these difficulties database managesysitem (DBMS) were created to
manage these autonomous files as a single ceetiatiallection of dataA DBMS is a
computerized record keeping system whose overgtigse is to maintain data and make
it available on demand [1]. This had several advge$ over an autonomous files
approach, namely it could be used to reduce dgbtcdtion, avoid data inconsistency,
allow sharing of data, increase security and maintategrity of the data. It was
successful and sufficient to meet user requiremfamtseveral years. However, today's
user data processing requirements and capabiliags changed and new applications
often involve accessing and maintaining data frawesal pre-existing databases and

software packages, which are typically located otorrgomous software and hardware



platforms distributed over the many sites of a éacpmputer network which leads to

heterogeneity and legacy problems, initiating adrfee timely and efficient solution.

One solution to above problem is to physically gnéde all databases into one to provide
location, replication and heterogeneity transpaydnd this approach will not be feasible

for large databases. Another approach could bedbgitegration of all data needed by
an application thus giving users an illusion oflabglly integrated database, shielded
from most types of heterogeneity without the datgrating to a new database and
without requiring the users to know either the tawa or the characteristics of the

different local databases and their correspondiBlyIBs. The latter approach thus forms
Multidatabase System.

1.2Introduction to Multidatabase System

A multidatabase system provides integrated acae$eterogeneous, autonomous local
databases. It resides unobtrusively on top of iexjsiatabase systems and presents the
illusion of a single database to its users. Unltke term distributed-database
multidatabase system always implies the integradfdmeterogeneous database systems.
The basic requirements assumptions for a multides& system include the following

* The local DBMSs have independent meta-data and kefsre joining the multi

database system.

* The local DBMS should participate in the multi dstae system with little or no

modification.

* The local DBMS retains autonomy with full contrales local data and processes.
As shown in figure 1.1 there are federated and derged (where there are no local
users) MDBS. A federated system is a cross betveeelistributed and a centralized
DBMS, it is distributed system for global users andentralized system for local users.
Federated systems differ from distributed datalmageragement systems in the level of
local autonomy provided. It could further be cléiesi as loosely coupled and tightly
coupled Federated MDBS where loosely coupled MDB&sdchot have global conceptual

schema.



To describe links between global and local dataxri@sons and who is responsible for
creating and maintaining these links, a tightlymed MDBS maintains global schemas

and these schemas are usually created and maohtaytee system DBA.

Multidatabase Systems

Non-Federated Federated
e.g. UNIBASE
Loosely-Coupled Tightly-Coupled
e.g. MRDSM
Single-Federation Multiple-Federations

e.g. DDTS, SIRUS-DELTA ¢ g MERMAID, MULTIBASE

Loosely-coupled: absence of mtegrated schemas, and end-users are responsible for performing the
integration.

Tightly-coupled: presence of integrated schemas generated by the MDBS's DBA(s)

Figure 1.1: Taxonomy of Multidatabase System Archicture [3]

A Loosely coupled MDB system on the other hand,vigles either importation or
negotiation technique or a powerful query langudges a site’s DBA or end user’'s
responsibility to perform the importation or negtibn facility while in latter case it is

end user’s responsibility to create a valid MDB g Figure 1.2 shows the reference



architecture for a tightly coupled federated muaitabase system. In the literature,
multidatabase systems are also called federatathatse systems, multidatabase language
systems and interoperable systems.

Two important dimensions of database integrati@t five the concept of coupling the
local DBMSs to build a multidatabase are schemaugeinstance and physical versus
virtual integration. Schema integration refershe tntegration of meta-data at the time
the multidatabase is designed, while instance ratem refers to the process of merging

guery results (from several local databases) atinug.

N\ A

SW Sn
Global Global
external external
schema schema
Global
conceptual
schema
S S,
Local Local Local Local

external external external external
schema schema schema schema

N

Local Local
conceptual conceptual
schema schema
Local Local
internal internal
schema schema
DB DB

Figure 1.2: Reference architecture for a Tightly Copled FMDBS [4]




In addition, a database can be integrated physgiaallvirtually. Physical integration
leaves no atomicity to local systems while virtuategration gives local system full
control of their own operations.

The distinction between different types of multadzdse systems can be seen clearly in

the taxonomy [2]. Bright’s classification schemel®wn as a continuum in Figure 1.3.

Multidatabase

Distributed Global Schema Federated Language Interoperahle
[gnase Multidatabase Database Systems Sgtems
Tightly Coupled Loosely Coupled

Figure 1.3: Different types of multidatabase systesi1].

At one extreme is the distributed database systemch is the most tightly integrated,
while the interoperable system is on the otheresm&. A distributed database is a
homogeneous database system that is physicallgraiesl at the schema level. In this
case the problem of semantic conflicts has beevedohit the stage of global schema
construction. Any new node added to the distribigstem must follow the predefined
terms in the global schemata. Unlike distributedabase, the semantic heterogeneity
present in existing local database systems causes pnoblems in designing all other
systems illustrated in Figure 1.3.

Henceforth, the multidatabase system referred éeckides the distributed database but
includes global schema multidatabase, federatedbdaé multidatabase language
systems, and interoperable systems. Therefore &invgodefinition of multidatabase
system is one in which there are local autonomatisbdses which require an integrated
view for the display of query results submitteddmyl users.

1.2.1 Schema Integration

In MDBS where a global schema or several globaksds are maintained, schema
integration has to be performed. Schema integrasotine process where information
from several local schemas is merged into a sigigeal schema. It provides global

users with distribution, local autonomy and heterogty transparency in their



interoperable access to the component databasesngDschema integration it is
necessary to identify local objects that are relate each other in some respect and
define their corresponding global objects. There several conflicts or heterogeneity

which makes schema integration a difficult task.

1.2.2 Semantic Heterogeneity

Even though the concept of multidatabase system$é&an around for several decades,
the development of multidatabase systems stillfasany obstacles. One obstacle is the
semantic heterogeneity or semantic conflict betwarent database systems.
Semantic heterogeneity refers to the fact that gegaent in different systems may be
subjected to different interpretations even whendbrresponding database schemas are
identical [5].

The main source of these conflicts is the differelasta abstraction/representation
mechanism used by different designers. Even wardbe presence of the many data
modeling methodologies that exist in today’'s cormmuenvironment. Database design
methodologies have evolved from those based oraroigical models to the currently
dominant object oriented database maodei@wever, not every organization changes its
database system whenever a “better” system isadkailn fact many large organizations
are still using database systems that are more 2bayears old [6] Database systems
designed of different database models, differergrguanguages, different DBMSs,
different version of same DBMS, or different opergtsystems and network protocols
increases the complexity of the schema integratroblem.

In the schema integration, semantic relevance aarddiected by classifying these
different concepts for example, when the term galarused in a local database, a
multidatabase designer would have several quedilethe term may represent monthly
or annual salary or the unit of measurement coel@ither U.S. dollar or Indian Rupees
or this term may represent an entity or may betaibate. Without precisely knowing
the relevant context information, the multidatabaggtem cannot be properly designed.
Thus the dimensions should be identified for thengonent schema by categorizing or
classifying all possible sources of semantic cot¥liSome commonly identified sources

from the literature are discussed below.



1.2.2.1Naming
Naming refers to the semantic relationship betwebject, attribute, or instance
name. These relationships include synonyms, homsramd unrelated term

* Synonyms:Synonyms are terms that represent similar concEptsexample,
the name of a company may be reported differentlglifferent systems like
“IBM” versus “International Business Machine” vessti.B.M".

 Homonyms: When the same name is used for two different cdscdfor
example, “school” may be used to represent a usityen one database while
it may represent a play school in another database.

* Unrelated terms: Unrelated terms are those that are not relatedécoother
directly, that is, they are neither synonyms nomboyms. For example, the
two terms “school” and “ID” are not directly reldteThese are different
concepts and can be related to each other onlyghr@xternally defined
business rules.

1.2.2.2Structure

Structural conflicts arise as a result of a différehoice of modeling constructs for
integrity constraints [7]. These conflicts includgpe differences, abstraction
differences, dependency conflicts, modeling cotdlicand cardinality conflicts,
among others [1].

 Type differences: Type differences arise when the same concept is
represented by different modeling constructs infed#nt schemas. For
example, the concept “skill” may be representeadragntity in one database
while being represented as an attribute in anathtabase.

» Abstraction differences: Abstraction is a process of simplifying complex
things [7]. Consider a relational database tablarasxample; the selection of
attributes would be an abstraction process. Indhse, abstraction differences
refer to different sets of attributes for the satnacept selected by different
database designers. For instance, in one dataddseident” table may have
three attributes. While in another database, aetafdy contain more than

three attributes but represent exactly the samaimga



e Cardinality conflicts: When a group of concepts are related among
themselves through different dependencies in diffedocal schemas. For
example, the one-to-many relationship between “mearsi and “employees”
may apply in one organization whereas the relabignsiay be one-to- one in
another organization.

» Key conflicts: Different keys are assigned to the same conceplifiarent
schemas. For example, “Reg_ID” and “SSN” could bo¢hutilized as the
primary key for the entity “employee”.

* Integrity conflicts: When different updating rules or computation fumts
are placed on the same concept, behavioral caffigse. For example, in
one database, a client record cannot exist withbat assignment of an
employee in one database, while in a second dadhisreferential integrity
constraint need not be enforced.

1.2.2.3Scaling and Type Conflicts
The concept of instance and Scaling and type asfloverlap but are not
encompassed by context differences [9].

» Data type differences: Data type differences arise when different data
types are used for the same concept. For exammde data type for
“Regn_No.” could be an integer in one databaseentmé same attribute
could be defined as a string in another database.

» Scale differences:Even when the same data type is used in different
databases, the same value could still mean the gantge The commonly
seen attribute price, for instance, has a numeviakle, which could be
Pounds in one database but may represent Rupaastimer.

1.2.2.4Instance Conflicts

* Instance identification conflicts: The problem of instance identification
conflicts is very similar to the naming conflictahing conflicts exist in
the level of schema integration. The instance ifleation conflicts, as the
name suggested, exist in the instance level. Sepihas there is an object
(instance name) “US” in one database that repregbatUnited States. In



a second database, an object name “USA” could septethe same
concept.

» Data value conflicts: Data value conflicts arise when the same object
instances have different values. Assuming thatethare two object
instances both called “Phone_No” in two differeatabhases and that these
objects both represent the same person’s phone erunnbthis case the
domain, naming and structure of these two objeetsdentical. However,
the value of the phone numbers stored in theseotyect instances could
be different. This difference at the instance lasétnown as a data value
conflict.

All the identified semantic conflicts from aboveeasummarized in Table 1.1. The
naming and structural conflicts focus on the metbbschema integration. The third and
fourth dimensions (domain and identification) iredee that the building of a
multidatabase system requires more than just schet@gration when considering the
challenge of integration at the instance level [XDpnflicts at the instance level often

require convergence rules or assertions to assikeiprocess of resolution.

Semantic Conflicts Identifiable Components

Naming Synonyms, Homonyms
Schema Conflicts

Structural Type, Cardinality, Key, Integrity,

Scaling and Type Conflicts Data Type, Data Scale

Instance Conflicts Instance ldentification, Data values

Table 1.1: Categorization of semantic conflicts inlatabases [1].



1.3 Introduction to Ontology

The term "ontology" comes from the field of philpéy that is concerned with the study
of being or existence. In philosophy, one can thout ontology as a theory of the
nature of existence. In computer and informatioierste, ontology is a technical term
denoting an artifact that is designed for a purpedach is to enable the modeling of
knowledge about some domain, real or imagined. IOgyo defines a set of
representational primitives with which to model @rdhin of knowledge or discourse.
The representational primitives are typically céssgor sets), attributes (or properties),
and relationships (or relations among class membeis the context of database
systems, ontology can be viewed as a level of atisdbn of data models, analogous to
hierarchical and relational models, but intended foodeling knowledge about
individuals, their attributes, and their relatioipshto other individuals. Ontologies are
typically specified in languages that allow abditat away from data structures and
implementation strategies; in practice, the langsagf ontologies are closer in
expressive power to first-order logic than langsageed to model databases. For this
reason, ontologies are said to be at the "semal@V&!, whereas database schema are
models of data at the "logical" or "physical" levé&ue to their independence from lower
level data models, ontologies are used for intégydteterogeneous databases, enabling
interoperability among disparate systems, and Bpegi interfaces to independent,

knowledge-based services.

1.3.1 Applications of ontology

The concept of ontology has been widely employeddaeral research communities. In
the artificial intelligence (Al) community, ontolegs have been used to capture domain
knowledge for knowledge-based systems. The knowleslgypically represented in the
knowledge-based system’s representation languaipg tise vocabulary provided by
ontology. In the distributed artificial intelligeac(DAI) community, which includes
research on distributed problem solving (DPS) andltiagent systems (MAS),
ontologies have been accepted as an effective miariacilitate collaboration and
communication among agents [11]. The need for ogtet has also been addressed in

the information retrieval area to facilitate senamformation searching. Other areas,



such as natural language processing (NLP), utibméologies to facilitate natural
language generation and interpretation [10]. Thalwese community is not an exception.
In particular, research on distributed, heterogasedatabases has begun to exploit

ontologies in order to support semantic interopditgbcross database search etc.

1.3.2 Ontology Mapping for Databases

Ontology mapping is the problem of finding semarticrespondences between similar
elements of different ontologies [1#s discussed above semantic heterogeneity occurs
whenever two contexts do not share the same isttpyn of information For example,

as shown in Figure 1.4, Swoogle returns 346 doctsn@hen searching for spring. The
top ranked results show that the same term has ohiffieyent meanings, e.g. one spring

means the season and the other spring means thedgnater.
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Figure 1.4: Swoogle snapshot

When the greater organization requires integratath,dproblems emerge because

database systems cannot “talk” or query one andatinectly. A mediator is required to



coordinate the communication and/or data exchangeeps just like as shown in Figure

1.5 where people try to say same thing in diffeveays.

Figure 1.5: People trying to say same thing in diffrent way [12].

To solve such semantic heterogeneity among differaformation systems many

approaches such as using synonym sets, term netwookcept lattices, features and
constraints have been proposed [10]. However tlaggeoaches are not sufficient to
solve the problem of semantic heterogeneity in nmeegs.

Ontologies are a key component to solve the proloesemantic heterogeneity, and thus
enable semantic interoperability between differgmplications and services. Given the
reality of multiple ontologies over many domainstalogy mapping that aims to find

semantic correspondences between similar elemémti§ferent ontologies has been the
subject of research in various communities [2].

Ontology mapping is “a necessary precondition ttaldish interoperability between

agents or services using different ontologies” [1Bhat is, the mapping between
ontologies provides the means for agents and =vio either translate Ontology
mapping is also widely used to support data integraand information transformation.



For example, Figure 1.6 illustrates a simple sdenarhere data are structured in
different formats in two data sources, D1 and DBicl are associated with ontologies
O1 and O2 respectively. To integrate instances fixirto D2, the mapping relation m

between O1 and O2 is needed.

Figure 1.6: Ontology mapping in supporting Data Inegration [12].

Many real world cases also demonstrate the neediritwlogy mapping to support
schema/data integration. For example, a web mddagtsuch as Amazon may need to
combine products from multiple vendors’ catalogs its own. A researcher may want to
merge his/her bookmarks with those of his/her petrs

Ontology mapping can thus be used to define upp&slagy which can be used as a

framework for analysis of databases.

1.4 Thesis Outline

The thesis is divided into following six chapters.

Chapter 1: Introduction to Ontology, Multidataba&Sgstem and the type of semantic
conflicts present to integrate schemas is discussed

Chapter 2: Literature Review section gives brialvey of research going on in the area
of semantic integration of heterogeneous databasesiltidatabase system

is discussed.



Chapter 3: After going through literature reviewne tproblem statement has been
identified and defined in this chapter

Chapter 4: The general concepts used in the thewsik are explained. It provides the
details of integrating operators used for integratf databases.

Chapter 5: Algorithm for calculating the semangtatedness and integrating databases
to generate global schema is proposed. Resultsmpiementation of
algorithm are given.

Chapter 6: Conclusion of the work done and scopduiure work is proposed in this

chapter.



CHAPTER-2
LITERATURE REVIEW

Semantic integration has been a long-standing exingd! for the database community. It
has received steady attention over the past twadds; and has now become a prominent
area of database research [1]. To provide a unifioterface and high level location
transparency for the users to retrieve data intarbgeneous database system, a global
schema is usually created by integrating schemathefcomponent databases. This
problem has been studied since the early 19804 715].

A variety of approaches to schema integration Haeen proposed in [16, 17, 18]. The
integration process requires establishing sematicespondences or matches between
the component schemas and then using the matcheerge schema elements [7, 14].
The multidatabase system’s designers usually wamsthe local schemas into a common
data model, compare local schemas to exploit teemantic correspondences and
identify their schematic differences, merge thealachemas into a global schema (or a
set of global schemas), and define the mappingsdeet the global schema and the local
schemas.

Irrespective of the approach used in the realinadioa multidatabase system, it is vital to
compare local schema contents to detect types lednsatic conflicts that may exist
among these local schemas as a natural conseqoémhmeal autonomy and evolution
over time [3]. A lot of research is going on in theea of semantic heterogeneity

detection and reconciliation.

The work of Kashyap and Sheth [19] proposes a mddel capturing semantic
similarities between objects (called semantic proki) with which they represent
semantic similarity between objects. Semantic sintyt between objects is represented
as SemPro(Q0;)={Context, Abstraction, (RD,),($,S)}. First component, Context
represents the context in which objects are beingpared, second component
Abstraction is the mapping used to relate the dosaf Q and Q, the third component

enumerates the domain definitions of &d Q, and finally the fourth component



enumerates the state of objects &d Q. The authors also provide taxonomy of
schematic conflicts and introduce the concept dfes@ correspondences to capture
structural similarities between objects. It is mtg¢ar in their work how the semantic
similarity between two objects is inferred (manyaliemi-automatic or automatic), and
how the contexts are defined and built. Also thenBe() function deals with two objects

at a time. This is impractical seems when dealiitg & very large number of objects.

Chen [20] describes an algorithm that integratdses@s semi-automatically. This
algorithm assumes that inter-schema correspondeacesprovided in the form of
assertions by the integrator. With this type ofat$sn it is possible to express a semantic
relationship between the classes’ parent and brédhe@xample from a database with the
class uncle from another database. This work doetake inheritance into consideration.

Li and Clifton [21] present a procedure that useslassifier to categorize attributes
according to their field specifications and datduga. They train a neural network to
recognize similar attributes. The list of discrimtiors they use includes data type, length,
format specifications, existence of constraintanfpry keys, foreign keys, candidate
keys, and so on), disallowing null values and axcestrictions. The focus of the work is
to identify similar attributes by grouping them andifferent groups, where ultimately
similar attributes will end in the same group. Thveork utilizes only the information that
is typically exists in schema definitions and datsb dictionaries and these are not
enough to capture real world semantics of schenectsbas it is widely understood in
the database community. Also, their work deals vatlvery limited set of semantic
conflicts. Finally, their works do not address magpvalues between similar attributes

that have incompatible domains.

Reddy et al. [22] has identified various types oblglems like naming conflicts, type
conflicts, key conflicts etcthat arise during the schema integration procése

methodology used for the creation of an integrateldema from a given set of local
database schema involves acquisition of semantwlauge pertinent to the objects of a

local objects schema. During knowledge acquisiporcess, for each property of a local



object, parameters that contribute to the semaméianing of the property are identified
(such as meta-properties) and their values (mdteespare captured. Further, concepts
such as object equivalence class and property alguice class are utilized to facilitate

the creation of the integrated schema

Ontology research is another discipline that deaith semantic heterogeneity in
structured data. Prior related research on ontobegybe considered from three different
points of view. One perspective is related to boddontologies. This aspect of research
discusses, e.g., “how to build a taxonomy tree*rmw good an ontology conforms to
the conceptualization of a community”. Building @oper ontology in terms of its
explication (i.e., how an ontology reveals impliagsumptions) and its accordance with
the conceptualization of the community is an imaittesearch issue [2].

Another perspective considers the representatioongflogies and reasoning based on
ontologies. Topics such as “how to represent anlogical definition” or “what features
are important in representing ontologies for reasgrare addressed.

The last perspective concerns semantic integradibmlatabase schemas. This topic
addresses issues such as “how formal ontologies hedip to solve heterogeneity
problems “, “what kind of heterogeneity problem d¢asolve”, “how do we relate formal
ontologies with schemas” or “how do formal ontoksgyiinteract with existing system

architectures” [23].

Wache et al. in [13] give a survey on ontology-lobbsdormation integration systems.
According to the way of exploiting ontologies irfarmation integration, they distinguish
three main ontology based approaches: single, phelliitnd hybrid. Single ontology
approach uses one global ontology to which all rinftion sources are linked by
relations expressed via mappings that identify tlrespondence between each
information source and the ontology. In multipléalagies approaches, each information
source is described by its own ontology and intgelmgy mappings are used to express
the relationships between the ontologies. The hylapproaches combine the two
previous approaches. Each information source Basah ontology and the semantic of

the domain of interest as a whole is described lgjobal reference ontology. In these



approaches there are two types of mappings betaea@nformation source and its local

ontology and mappings between local ontologiestaadjlobal ontology.

Bergamaschi et al. [24] introduced an approachntegrate schemas by extracting
similarity relations from schema definitions of qooment databases, not directly from
ontology. The approach is a semiautomatic relatextraction based on schema
definitions and needs supervision of an expert.eBasn the extracted relations they
introduce an algorithm to integrate schema defingi into a global homogeneous

schema.

After going through the research done in the afesemantic heterogeneity and schema
integration in multidatabase systems various seimaanflicts and challenges in schema
integration have been studied. Using ontology mapdor databases as framework,
where an approach is followed to form upper levetotogy by defining mapping

between different ontologies is used to detect séicaly related classes and to integrate

the local schemas by integrating operators to geaglobal schema.



CHAPTER 3
PROBLEM STATEMENT

3.1 Problem Definition

A multidatabase system (MDBS) is a database sy#tahresides on top of existing local
autonomous component databases systems and prasengfe database to its users.
MDBS usually maintains a single global databasesszh which is integration of all
component database schemas. As the amount of Watth@ number of data producers
are growing, it is becoming increasingly difficutt establish semantic interoperability
among heterogeneous information sources and parfgreemantic schema integration
in multidatabase system. Interoperability has sohee the differences in data structures,
and deal with semantic heterogeneity. Syntax defthe structure of the schema items
while semantics refer to the meaning of data. lis thork focus is on the part of

semantics related to the meanings of the terms as@tentifiers in schema definitions.

Taking semantically heterogeneous databases agrébetypical situation, it has been
described how ontology (in the traditional metaptsls sense) can contribute to
delivering a more efficient and effective processnatching by providing a framework
for the analysis, and so the basis for a methogoldfe objective is to use object-
oriented approach to integrate schemas of disetineterogeneous autonomous local
component database schemas into a global schermae3titing global schema provides
a uniform interface and high level of location sparency for retrieval of data from the
local component databases. To provide a model amgnt representation of virtual
classes of the global schema, a set of integrap@mators are defined to integrate local

schemas based on the semantic relevance of thesad.

3.2 Methodology



The step-by-step methodology followed to performmasetic integration in heterogeneous
multidatabase system.
» Study of Heterogeneous Multidatabase System.
* A thorough analysis of various semantic heterodggneonflicts and semantic
integration techniques.
» Study of Ontology and its application to resolvenftiots in heterogeneous
databases
» Design and Implementation of Algorithm to genenratgual global schema by
detecting and integrating semantically relatedsdasrom a heterogeneous local

component schemas.



CHAPTER 4
INTEGRATION OF HETEROGENEOUS DATABASES

4.1 Multidatabase System

A multidatabase system is a system that suppossuthiform access to a set of
autonomous databases called local or componenbaksa. It allows its users to access
and update data from multiple, pre-existing, autooos, and probably heterogeneous
databases [10]. The multidatabase system autortatmerforms query decomposition,
together with data model and access language tnanafions, to convert a global query
into an appropriate set of sub-queries for thelloedabases. If the query produces a
response, the sub-results coming from individuahloases are then transformed and
composed into the format of the multidatabase systesponse language. Distribution,
heterogeneity, and the effects of local autonomylamfal information sources are
transparent and therefore users of the multidatabas given the illusion of logically
integrated information. Preferably, local databadeinistrators retain full control over
their local information and operations; this prdgegn organization’s existing investment
in hardware, software and user training [25]. Tbleesna contains the format, structure,
and organization of the data in a system and natldlthse system maintains only the
global schema and the component database systerallpctaintains all user data.
Multidatabase systems permit data sharing amon @sel application programs which
lead to easier application program developmentthred construction does not disturb
the operation of existing application programs.

The architectures of multidatabase systems aréetivinto two broad categories namely
tightly coupled and loosely coupled multidatabagesteans. In a tightly coupled
multidatabase system, data is accessed using ghtob@&mas, which are created and
maintained by the multidatabase system adminisgatdn a loosely coupled
multidatabase system, users are responsible fatimgetheir federated schemas, either
by using import/export schemas or by using a pawepdery language [3].

In general, multidatabase systems realization fgdes are broadly divided into
techniques that support users with a powerful qlerguage that enables them to access
data that is stored in different local databasd$. [The second alternative of realizing a



multidatabase system is through schema integrdfor8, 17]. Using this technique
(Figure 4.1), the multidatabase system’s designetslly transform the local schemas
into a common data model, compare local schemasexploit their semantic
correspondences and identify their schematic diffees, merge the local schemas into a
global schema or a set of global schemas, and eléfim mappings between the global

schema and the local schemas.

Local Schema

Mapping Rules

Schema Correspondence Schema
Transformation Investigation Integration

Inte grated
Schema

Integration
Rules

Transformation
Rules

Investigation
Rules

Figure 4.1 Generic framework for integrating heterogeneous loal databases [27].
Schemas transformation is a process to transfoterdgeneous database schemas into
the global common data model and also to suppa@aygexpressed in the global common
data manipulation language have to be decomposedranslated into the local query
language and also query produces a response, theesuits coming from individual
local schemas are then to be transformed and cadpo® the format of multidatabase
system response language. A schema transformdtoaidsonly be applied to restructure
a schema if the resulting schema is equivalenh¢oariginal schema. Correspondence
assertions mean correspondence between tableslasgks; correspondence between
columns and attributes. Based on these assertiotegration rules are designed, the
work of [28, 29], show different method of usinget of primitive integration operators
to do the integrationVarious restructuring operators are proposed tcamen or
restructure schema objects of component schenmrasatve conflicts between them. The

mapping information is important for the decompositof a global query against global



schema and for this mapping strategy between tobaflschema and component
schemas is necessary i.e. mapping for attributesodject instances among a virtual
class and its constituent classes (classes inoting@a@nent schemas).

Regardless of the approach used to realize a ratdtidse system exploring the local
databases to determine their respective semantitertis vital and is considered the
most difficult task in the realization of a multtdhase system [3]. The benefits of a
multidatabase system cannot be exploited unlesscoineespondences between local
schema elements are clearly identified. As mucthefsemantic of the database schemas
and application programs are in the mind of datalolesigners and users, this makes the
process of comparing several databases, to disdbe@ar semantic relevance, a very
complicated task that depends on the human intagrahe World Wide Web is adding
an additional dimension to multidatabase systerabzegion; resources that can join a
multidatabase system are increasing in number iaed5. Creating and maintaining the
global schema, which requires the use of databatsgration techniques, is a critical
issue in multidatabase systems. Major issue inmsahmtegration is associated with
combining diverse schemas of the different databas® a coherent global view by
reconciling any structure or semantics conflicttMeen the local component databases
[22].

4.1.1 Object-Oriented Data Model

Object orientation perceives real world entitiessats of objects, where an object is an
abstract representation of a real world entity that a unique identity, embedded
properties and the ability to interact with othéjezts and with itself via messages [28].
Object-oriented data model is chosen as common whEdel to construct a global
conceptual model by set of integration operator® dbject-oriented model has grown in
popularity because of its simplicity in represegtcomplicated concepts in an organized
manner or we can say due to its semantic richnegsaailability. It can alsbe said that

in object-oriented data model there is only oneceph objectsas opposed to the two
concepts entities and relationship of the entitati@enship model. Using two concepts
may cause problems in the process of schema itigrand schema transformation

because the same real world object may be modslezhtity in one schema but as a



relationship in another schema [29]. As shown iguFé 4.2 objects represents single
concept where each component database particigatimgltidatabase are represented as
an object with a declared interface and hidden emgntation. Multidatabase system is
seen as a set of interacting objects whose interags achieved through message
passing. Heterogeneity is supported because detelshidden by encapsulating an
object’s implementation. Autonomy is supported lbseathe constituent objects are
allowed to change their implementation freely asglas they keep their interfaces

unchanged.

Object 2

Object 1

Message Passing

Hidden
Implementation

Hidden

Implementation

Message Passing Message Passing

Hidden
Implementation

Object 3

Figure 4.2: A Multidatabase System based on distriited object architecture[3].

Using encapsulation, methods, and inheritancs, ppbssible to define almost any type of
data representation. Consequently, object-oriemedels have been used not only to
model the data, but also to model the data mod#élat is, object-oriented models have
seen increased use as canonical models into wHiokhar data models are transformed
into and compared. The object oriented model haghgh expressiveness and is able to

represent all common modeling techniques presesthier data model. In general, tightly



coupled systems integrate the diverse sourceddfigence through a global conceptual
scheme, normally denominated canonical model, gimogi a uniform vision of the
diverse component at a high level [28]. The usa c&nonical model hides the structural
differences between the different components amdsgto the user the illusion to be
accessing a simple centralized database. The gkdi@ma proposed in an object-
oriented data model is a virtual schema becauseal data are stored for this schema.
Thus, the classes in the global schema are callediclasses and the objects associated
with the classes are called virtual objects.

4.1.2 Heterogeneity in Multidatabase System

The system heterogeneity concerns the differenceshé low level architectural
platforms local component databases, such as hegdwafiguration, operating systems
and communication facilities. At these level, diffiet systems techniques is used by
different DBMSs such as query processing strateggcurrency control mechanism and
transaction management facilities. The physicakdogieneity/syntactic heterogeneity
refers to the differences in the data represemtattanay concern the encoding of same
data values into integers or real of different gpélext, it may concern different
implementation of the data model, e.g., of tabledifferent relational systems. The
formats of manipulation procedures, e.g., of SQEkrms, also often differ. Finally, the
data models themselves can differ. Data of intarest be in a relational database, and in
an object-oriented database.

The Schematic and semantic heterogeneity referthd@odiscrepancies between data
names, values, and the conceptual structures. Beterogeneity refers to difference
among local definitions, such as attribute typesmats, or precision [30]. Schematic
heterogeneity means, all component databases hiéedt data model structure where
equivalent and related data concepts are presemtharning conflicting structural
representation. It can also be said that all lcoahponent databases model having same
real world concept but structured in a differenthmer. Semantic heterogeneity refers to
differences or similarities in the meaning of loadta. For example, two schema
elements in two local data sources can have the satended meaning, but different

names. Thus, during integration, it should be redlithat these two elements actually



refer to the same concept. Alternatively, two scaeslements in two data sources might
be named identically, while their intended meanimgs incompatible. Hence, these
elements should be treated as different thingsnduntegration. It is vital to compare

local schema contents to detect type of schemandlicts that may exist among these
local schemas. Schematic heterogeneity arises wiiermation that is represented as
data under one schema, is represented within thensx in another, for example as
relation or class names. Semantic relationshipgd®t the local databases determine
how local classes should be integrated in the ¢lstlaema. Various types of semantic
relationships are possible between different schelyjacts. These can be defined in
many ways, such as in terms of the real world dbjdtey represent or with respect to
their intended meaning and use [8]. Schema objectdifferent databases are either
semantically related or semantically incompatil8emantically related schema objects
represent the same real world concept. Semantigatlympatible objects, on the other
hand, are objects that cannot be semanticallyeeland therefore cannot be merged into

a global object when building a multidatabase.

4.2 Ontology Based Approach for Database Integratio

For the purposes of database integration, thetiwadi philosophical (metaphysical)
notion of ontology is useful where it is the setlihgs whose existence is acknowledged
by a particular theory or system of thought [13hisTview was summarized by Quine,
who claimed that the question ontology asks castéied in three words ‘What is there?’
and the answer in one ‘everything'.

From the perspective of database integration, datdbase can be regarded as a theory
that acknowledges the existence of a set of object:tology [11]. Some care needs to
be taken to distinguish this traditional metaphgsigse of the word ontology from one
that has recently developed in Computer Scienceravha ontology is regarded as a
specification of a conceptualisation [23] and hasrbapplied to a wide range of things,
including dictionaries.

Ontology provides a framework and suggests a psofes the analysis needed for

semantic matching. This process focuses on the rgemanf the database, identifying



semantic divergence and it aims to purge this dmmece to produce an ontological
model.

Explicit and formal definition of semantics of tterms guided many researchers to apply
formal ontologies as a potential solution of sentaheterogeneity. A formal ontology
consists of logical axioms that convey the meamhterms for a particular community
[23]. Consensus on ontological definitions amongminers of a community is an
important difference between ontologies and con@dptnodels. While conceptual
models are application-dependent, ontologies ahg lmased on people’s understanding.
Formal ontology is considered more than schemanidiefis in databases. Schemas are
mainly concerned with organizing data in databagasnal ontologies are concerned
merely with the understanding of the members of dbemunity and helps to reduce
ambiguity in communication. It is important to ndkat schema definitions are based on
the ontology definition and vice versa, they conpayt of the knowledge about ontology

of a community.

4.2.1 Role of Ontology for Global Schema Generation

There are mainly two trends for using ontologies@rolving semantic heterogeneity.
One uses ontologies for translating queries, ar tesults [11]. This approach is suitable
whenever schemas are subject to frequent changbsasuDTDs in XML data, when
many data sources are involved, or the number wblwed data sources changes
frequently such as data sources in the Internetitation of this approach is high
processing cost, since for every query, ontologest be processed to derive required
mappings also human supervision to validate exddasimilarities is not possible, due to
the need for immediate action and lack of humaresugion makes this approach less
reliable.

Another approach uses ontologies for the generatighobal schemas [23]. It is suitable
whenever the schemas are not subject to frequearigels. In this approach, database
schemas commit to the ontology of a community. Toidone by relating every term in
the schema delineations to a definition in the logtp of the community. In Figure 4.3

two databases DB and DB, commit to an Ontology by referring to the terms defined



in the Ontology p. Such relation can be establigkiiter by hard links or by using the
same terms as they are defined in the ontology.
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Figure 4.3: Global schema generation based on a camn ontology produced by

integration of ontologies [23].

In order to find out whether and how elements fidifferent schemas are related, we use
similarity relations are used. Global schema cargéeerated by a schema integrator
based on the result of merging ontologies. Thush wntological approach not only
suggest a global schema, but also try to find la#l possible meaningful mappings
between the generated global schema and the compgobemas for instance, the
schema integrator suggests a class in the globainsz as well as the mapping of this
class and its attributes into one or more classe¢lhd underlying local schemas. As the
number of underlying databases and the commuriitiggase, the number of derived
mappings increases, even though many of them mapenased by the applications. A
statistical analysis or human supervision to maindaly the valid mappings and schema

items can help to overcome this disadvantage oéase of unrelated mappings.



4.2.2 Merging Ontologies by Means of Similarity Reltions

Merging ontologies is based on finding similarities differences between schema
definitions. Based on the four concepts of sintiksi mentioned below, similarity
relation between two coherent schema definitions loa identified. Let RWS (be a
function that represent real world semantics obatology.

» Disjoint definition: This level has the lowest degree of similarity.olf@entology
p and q of different community are said to be djd RWS(p) N RWS(q) = 9
for instance, narrow street and high way truck.

» Overlapping definition: Two ontologies p and g are said to overlap if Rgy$(
RWS(q)# @ i.e. the conjunction of two class definitions canhe proven to be
false.

* Inclusion definitions: Ontology p is included by another ontology q IMB(p) is
subset of RWS(q). For instance, “man” is a subephof “person”.

» Equal definitions: This level has the highest degree of similaritywoTontologies
p and g are said to be equal if RWS(p) = RWS(q)ifstance, “vehicle” and
“transportation facility” are equal if they havestiame definition.

Deriving similarities between ontologies requiresnenon references in two ontologies

and a reasoning system for matching. The commaogreefes can be provided by a

higher level ontology such as the library of ongés on the Ontolingua [31] site or by a

thesauruses such as WordNet [32]. Finding simiéaritan also be done by experts
familiar with both communities or by a hybrid sentiamatic method.

The similarity relations are used to merge two mgies. The above discussed similarity

relation definitions in the respective communites considered for merging process and
explicitly establish similarity relations

» If two definitions are equal, the result of mergisga unique definition which is
referred to by both original terms. That is, diffiet terms in the local schema
definitions can refer to the same concept for exansgnonym terms such as
“Person” and “Resident” as shown in Figure 4.4

 If definition G specializes (then the subconcept or subrelation similarity \wél

explicitly established between them (e.g., “Stutiant “Person” in Figure 4.5).



If a definition G overlaps with €then an additional new concept or relation will
be declared as the conjunction of the two defingicAlthough the conjunction of
the two definitions may not be proven false, we may have any instance of
such a concept, practically. Yet, if instances wfhsoverlapping concepts exists,
the relevance of the new overlapping concept neagsrvision of an expert e.g.,
concepts “Staff’ and “Student” or “Lecturer” and r&luate student” in Figure
4.5. Deciding whether such a concept is relevanthie application domain or not
should be done by an expert. Assigning a termeanttw concept or relation can

be done automatically or by an expert, as well.
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Figure 4.4: Merging Ontologies using the concept afquality [23]



Ontology ¢

Ontology p

-

¢ Trrelevant \\ ‘Administration
~.___-7 Staft’
Graduate
Sindeiit

- -
- —
- -

=T

¢ ‘Teaching
', Assistant /

Figure 4.5: Merging ontologies using the Inclusiomelation [23]
4.3 Proposed Integration Approach
Using above ontology approach as a framework amgdidering the similarity concepts
and semantic heterogeneities discussed, an in@gratpproach using integrating

operators for global schema generation is proposed

4.3.1 Deriving Semantically Related classes

From the above similarity concept used for ont@segisemantic relationship are derived
through which classes can be related to each dihetetermining how local classes
should be integrated in the global schema. ConsigéDB;, LDB,, LDBs....... LDB, as

n local or component schemas and,;LCC,, LCs........ LC, as n local classes in each



component schema. Let add() be a function thatnetine expanded or added arguments
in global schema and type() be a function thatrnstthe set of classes.

» Equivalent ClassesA class LG of local schema LDBIs said to be equivalence
to class LG of local schema LDBif it represents same real world concept and
have same schema name regardless of differenagmber of attributes and data
types. For example, class {-Student (roll-no, name, age, class, result) aadscl
LC,-Student (regn-no, name, fathers_name, birth-dalass, result) are
considered equivalent even though ;tStudent has five attributes and J-C
Student has six attributes and result of;4S2udent is in form of CGPA and
marks of LG-Student is in the form of percentage. The exteftsC;-Student
and LG-Student could be identical (LELC,), disjoint (LG N LC, = &) or
overlapping (LG N LC, # @).

» Synonymous ClassesThese Classes have the same definition as equivale
classes except that the names of class &i@l LG are synonymous and have
different name.

Homonymous ClassesTwo classes are said to be homonymous if the\esemt
different real world concepts but have the sameenahhese classes cannot be
merged into a common class in the global schemait as semantically
heterogeneous.

» Containment of Classes: A class LG of local schema LDBis said to be
contained in a class LLGf local schema LDBIif type (LG,) is subset of type
(LC;) and add (LG is a subset of add(LAL LC; is a subclass of LLC For
instance, LDB-Employee (number, name, job, birth-date, saladgress) is a sub
class of LDB-Person (no, name, birth-date, address). The diifter in the name
of the key can be seen (number in LEBmployee and no in LDBPerson, still,

in a unified global representation LEMployee is a subclass of LRPerson).

Semantic relationship is defined at the attributgel many attributes are said to
correspond to each other and therefore can besamexl as one set of global attribute.

For example consider two classes;ldd LG of schema LDB and LDB; respectively



where class LDBStudent (roll-no, name, age, class, result) amdsclLDB-Student
(regn-no, name, fathers_name, dob, class, readts@émantically related attribute where:
roll-no = regn-no

name = name

age = map(dob)

class =class

result = map(result)

Here map(result) is a mapping function that corsvpercentage into CGPA for result
and map(dob) converts it into age. Thus it providegping to generate global set of
attributes.

User defined global schema can also be generateddban the user's perspective
whether he/she wants the result in CGPA formateocgntage format or whether father’s
name should be included or not in the set of attelor age should be represented in

DOB format or directly as age.

4.3.2 Integrating Operators

The integration operators are applied to set oéll@tasses to generate virtual classes.
Thus global schema or integrated schema constiaitestual classes constructed from
the set of local classes of component databasésipating in multidatabase system.

The selection of integration operator depends omaséic relevance present between the
local classes or on the basis of the user's petisped-ollowing are the set of class

integration operators to generate global clasafantegrated schema in multidatabase.

¢ Generalize Operator: The generalize operator creates a common superafass
Clasg from LDB; and Classfrom LDB, (as shown in Figure 4.6). It integrates
local classes by generating a common superclaseto. Before integration using
generalize operator, local classes have to beerklaith equivalence, synonymy

or containment semantic relationships.
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Figure 4.6: Generalization Concept
From n local databases LB DB,, LDBs......... LDB, with n local classes C1,
C2, C3......... Cn, the global class can be generatedgugémeralize operator
which derives common attributes from all the lodakses and by taking union of
all the objects of the local class. Thus attribuiesirtual class (V@ and virtual
objects (V@) of virtual class is represented as follows
VC,=CLNCZ%N.......0Cmy
VCo=Cl,hUCHU........UCn
For instance, as shown in Figure 4.5, Global clasgenerated by integrating

common attributes of the local classes bus, cangpand boat.
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Figure 4.7: Generalisation of local classes.



¢+ Specialization Operator: It is reverse of generalization. The specialization
operator creates a common subclass of Classl fioBi bnd Class2 from LDB
(as shown in Figure 4.8). It integrates local adasby generating a common
subclass to them. Before integration using speeaadperator, local classes have

to be related with equivalence, synonymy or comeint semantic relationships.

Subclass

f

Superclass1 Superclass2

Figure 4.8: Specialization Concept.

From n local databases LB.DB,, LDB;......... LDB,, with n local classes C1,
C2, C3......... Cn, the global class can be generatedgusprecialize operator
which performs union of attributes from all the dbaclasses and by taking
intersection of all the objects of the local clasbus attributes of virtual class
(VCy) and virtual objects (Vg) of virtual class is represented as follows
VC,=CLl,UC2U........U Cp
VCo=ClbNCHN .........N Crnp
For instance, as shown in Figure 4.9, Global clag®r is generated by taking

union of local classes student and employee.

STUDENT EMPLOYEE
name: string name: string
dob: string dob: string
address: string address: string
course: string salary: float

TUTOR

name: string

dob: string

address: string
course: string
salary: float

Figure 4.9: Specialization of local classes [3].



+«+ Combine Operator: The Union operator integrates C1 from LD&d C2 from
LDB; into a virtual class as new class. Only new cladisappear in the Global
Schema. It merges equivalent or synonymous lo@asels into a single virtual
class. The type of the virtual class is the unibalbattributes that belong to C1,
C2,ieenn. Cn, taking into consideration teguivalent local attributes appear
once in virtual class regardless of their schenwirdlicts.
Thus if Considering n local databases LDBDB,, LDBs;......... LDB, with n
local classes C1, C2, C3......... Cn, the global class langenerated using
Combine operator by taking union of all the atttésuof the local class. Thus
attributes of virtual class (V4 and virtual objects (Vg) of virtual class is
represented as follows
VC,=CLlLUC2U........UCp
VCo=ClbUCHU.........UCp
For instance as shown in Figure 4.10 Global classd? is generated by taking
union of all the objects and the attributes of ldeal schemas Citizen, Foreigner,

Lecturer and Prof

Citizen Foreigner Lecturer Prof
wage Wage salary salary

Person
salary

Global Schema

_—

Citizen Foreigner Lecturer Prof

Figure 4.10: Combine operator to merge local classe
+« Import Operator: Import operator is responsible for importing locédsses to
the global level without merging them with claséesn other local schemas. It

provides direct mapping.



To import class C1 from LDB the attributes of virtual class (\Cand virtual
objects (V@) of virtual class is represented as follows

VC,=VCl,

VCo=VClo
Aggregate Operator: The aggregate operator is an overloaded operatbcam
be applied to both objects and attributes of theall@lasses. It integrates local
class by aggregating them into higher level aggeegass.
For n local databases LRBLDB,;, LDBs......... LDB, with n local classes C1,
C2, C3......... Cn, attributes of virtual class (YCGare specified by user as an
argument to the operator. The virtual objects YGf virtual class is simply the
union of all the other objects of local class anid represented as follows

VG =Cl,hUCHU.........UCn

For instance as shown in Figure 4.11 Product dlaggiobal schema contains
three attribute where pricel is from DB1 and priceZrom DB2. This class is

useful if to compare prices of both the databases.

Database: DBI Database: DB2
DBI1-PRODUCT DB2-PRODUCT
name: string name: string
price: float price: float

aggregate(DB1-PRODUCT.name, DB1-PRODUCT .price.
DB2-PRODUCT.price)

PRODUCT
name: string
pricel: float
price2: float

Figure 4.11: Aggregate operator to generate globalass [3].



From the above discussion, an algorithm is designgidh give step by step process to
generate global schema containing virtual classeddtecting semantically related
classes in heterogeneous databases and by useggaitthg operators discussed above to
integrate semantically relevant classes.

The implementation of Algorithm for integrating eptor is done in C++. Algorithm and

the implementation is discussed in next chapter.



CHAPTER 5
PROPOSED ALGORITHM AND RESULTS

To perform semantic integration of heterogeneoualdses an algorithm is proposed
which identifies semantically related classes amdgrates them using the integrating
operators. The approach used for integrating datmbas based on the concept of

integrating ontologies.

5.1 Algorithm
Let LGy, LCoiniiiiiiiiiiiiiiiiiiiiei e, LC, be local classes of the component
database schemas LRBDBs.......c.ovvvoiiiiiiieenn, LDB, where n is the number of

the local databases participating in Multidatab&gstem. A global schema is a set of
virtual classes Vg VC......... VC, generated by integrating these local classes where
is number of classes in global schema. Only sewelhtirelated classes from local
databases can be integrated to generate a glaisal cl

5.1.2 Detecting Semantic Relatedness

To find semantic relatedness between classes efdggneous local database following
steps are performed.

A. A database is created of maximum possible namesabdiss. For example, if a
university database is considered then each log@bdse will contain student
class with different names such as stud, studenttetiatabase of these names is
created and each name is assigned a weight befivaed 1 on the basis of their
frequency of usage. For example student is use@ w@mnmonly as compared to
stud so student is assigned less weight as compastdd.

B. The name of the classes from each local databastated by assigning weights
on the basis of their semantic relatedness. Ihdrae is completely semantically
related then they are assigned weight 0. As tretaehess decreases, the weight
increases. It ranges in between 0 and 1. If theenamthe classes is totally
heterogeneous then they are assigned with weigHeterogeneous or unrelated

classes are not included for integration process.



Semantic relevance of name of local class dléss is thus given by equation (a)
Ni = WE(LCi ) and iI=1,2,...N.e e (@)

where N is measure of semantic relevance of name of thgescLG Wt is a

function that returns corresponding wt. of the stéfdocal database L®btained

from the database of relevant terms. Here ‘i’ repres the'l local database and n

is the number of component databases.

. Next step is to find the semantic relatedness letvilee attributes of the class of

each local class. Considering a general template aéss, mapping between the

attributes is found, foe.g. if we have employee class with salary in dollareme
local database and employee class with salarygeasiin another local database,

a mapping function needs to be defined. A convariiaction can be defined for

converting the dollars into rupees.

i) Thus to find semantic relevance between attributes,things need to be
evaluated. First is to find the semantic relevanteghe name of the
attribute with that of template class. The nameth®d corresponding
attribute could be either similar, synonymous osubstring. Fore.g.
Location in one database can be Loc in anothebdatacould be Place or
in third database it could be Location itself.

i) Second is to see if the domain of the attributeinsilar to the domain of
the attribute of the generic template of the ctamssidered. Two domains
are similar if a mapping from the first domain tecend one can be
defined. The template could be any class from drikeolocal database or
a default template could be designed.

If Domain (At of LC;) = Domain (Atfof LCy) then

Attj of LCi= map(Atfof LCy )...vvvvviinnnnn. (b)
where Attj is theti‘ attribute of local class L@Gnd =1, 2, ..... , N
Attis the ]h attribute of local class L&and j=1, 2, ...... , m

i, k-representsfiand K local database respectively and
m is the number of corresponding attributes.
map() is a function that defines mapping betweenatiributes and L{s

considered as a generic template class.



iii) Semantic relatedness of attributes of class cas thes calculated as
follows:

¥ corresponding attributes between classes LCyand LG

¥ No.of attributes in LCp+2 No.o f attributes in LC;

Ai=1-— .. (¢)

where i, k-represent® and K local database respectively.
D. From equation (a) and (c), total relatednegs¢R each class can be calculated

using following equation

Whered. is multiplication factor to keep;fh the range 0-1

E. A threshold value(T) is assumed between 0 and lthedotal relatedness is
compared with this value
If (Ri<T)then
The class is considered to be semantically related
else
It is treated as semantically heterogeneous andois included in
integration process.
5.1.2 Integration Method ()
Using integrating operators, virtual global classcreated to integrate semantically
related classes. Steps followed for integration are
A. Input the relevant local classes 1.@.Cy,....c.vvvviiniiiiiiiiinann.n. LC, of local
databases LDBLDB;.........ccooeviiiiiiiiiiennnn. LDB, respectively.
B. Select the Integrating operator to be used fognatgon
a. If Integrating operator == Generalize then
I. Global _attribute _list = Intersect(att_gJratt_argp[]....att_arg[])
ii. Global_class = Union(L(LC........ LCy)
att_arr[] is the attribute list of local class L@here i=1,2,....... N
b. Else if Integrating operator == Specialize then
i. Global _attribute _list = Union(att_af}; att_arg[]....att_arg[])
ii. Global_class = Intersect(LCC,....... LCh)
att_arr[] is the attribute list of local class L@here i=1,2,....... N

c. Else if Integrating operator == Combine then



i. Global _attribute _list = Union(att_ajf}; att_arg[]....att_arg[])
ii. Global_class = Union(L(LC........ LCy)
att_arr[] is the attribute list of local class L@here i=1,2,.......
d. Else if Integrating operator == Import then
I. Input the Local database to be imported
ii. Global _attribute _list = attribute list of selettecal database.
iii. Global_class = local class of selected local databa
e. Else if Integrating operator == Aggregate then
I. Global _attribute _list = argument list given byeus
ii. Global_class = Union(L{LC........ LCh)
C. Display the Virtual Global schema generated.
5.1.3 Global Schema Generation Algorithm
Input: Set of Local classes of heterogeneous coematatabase
Output: A Virtual Global Schema
Steps:
Il To detect semantic relevance of local classes

i. for local class LCe local database LDBvhere i=1to n

a.calculate R
b. if(R<T)
LCi is semantically related;
Else
LC; is semantically heterogeneous;
/I Integration of semantically related classes
ii. Call Integration Method() ;

5.2 Results and Discussion



Using the above algorithm a program in C++ is impated to perform integration of
semantically related databases. To show how semaiivance is calculated, a Hospital

scenario is considered where semantic relevanagdss doctor is found.

5.2.1 Implementation of Semantic Relevance DetectiAlgorithm

Consider following classes Medical_Employee, Dod Boctor of three local Databases
LDB,, LDB,, and LDB; respectively.

Medical_Employee

Emp_no Name Sex| Designation Place | Income
D00105 | Aditya Sharma | M | Surgeon Banglore | 50,000
D001010| Shirin Chandna | F | Gynecologist | Delhi 35,000
N40059 | Geeta Rao F | Nurse Delhi 12,000
D20054 | Rashmi Gupta F | Cardiologist Mumbai | 51,000
N40159 | S. Venkatavi F | Head Nurse Banglore | 15,000

Table 5.1: Class Medical_Employee of Local DatabasédB ;

Doc

SSN Fname Lname Loc Sex| Income Phone_No
U0012342| Rajat Narang Michigan M $8,000 | 3345278901
E9803421| Sadie Hewqgill NY F | $6,000 | 4267893232
U0022342| Prashant | Malviya | Chicago M | $8,000 | 8322696601
E7803421| Kurson Hwang NY F $7,500 | 8866232311
U0012342| Peter Fleming | Michigan M | $4,500 | 3345278901

ID Name | Location DOB Sex| Salary email Contact _no
ID5004 g::]“dehej Mumbai | 26/05/83 | E | 450K | rsandhu@gmail.con 9944553251
ID6004 EZ{I';OSh Pune | 26/03/78 |M | 500K | paritosh@fms.com | 9832567899
ID4600 i?vf;il Delhi | 2/12/1980| F | 320K | shreyal@aiims.org| 8843298023




ID7632 grt‘)'('a‘:‘o"’i“ Noida |23/6/72 |M | 600K |soberoi@pgiorg | 9423156783
ID9604 \éfg‘j‘ér Gurgaon | 15/08/82 | M | 550K | vishkap@yahoo.cor| 8097623411

Table 5.2: Class Doc of Local Database LDB

Table 5.3: Class Doctor of Local Database LDB

To find the semantic relevance of the class, ¥irste Name of each local schema class is
assigned a weight using Table 5.4 which shows agleterms for Hospital Database. The
weight is assumed according to the generalizedeusathe term, for instance to create a
database of Doctor in a hospital, database desigyenerally use the term “Doctor” or
substring of Doctor such as “Doc”. These termsaasigned less weight. Other term like
Medical_employee is assigned more weight becausmibe used for other employees in
hospital, for eg. A nurse or a head nurse is addled as Medical_employee or term like
Dr. is also used by PhD scholars.

Relevant Terms of a Hospital Database

Related Terms Weight Can be used

for nurse or
head nurse

Doctor

Medical employee

General practitioner

Employee

Surgeon

Medical practitioner

Doc 0.25

Dr. 0.75
]

Nurse Nurse 0

Sister 0.25

Employee 0.6

Medical_employee 0.7

Medical_staff 0.6




Table 5.4: Relevant Terms used in a Hospital Datals&
Considering class Doctor of Local Database L@B a generic template class,= 0.4

and Threshold T=0.4.
For class Medical_employee (Emp_no, Name, Sex,gdaesbn, Place, Income) of Local
Database LDRB
N; = Wt(Medical_employee)=0.7
Here no. of attributes that can be mapped to atetof generic template class
ID = Emp_no
Name = Name
Sex = Sex
Location = Place
Salary = Income
Thus using equation (c),As calculated as follows
A; = 1-(5/(8+6)) = 0.65
Next is to calculate total semantic relatednesw&/Rch is
R.=0.4 (0.7 +0.65) =0.54

For Local Database LDBDoc (SSN, Fhame, Lhame, Loc, Sex, Income, Phone_no

N, = Wt(Doc)=0.25
Here No. of attributes that can be mapped to atidof generic template class

ID = SSN

Name = map (Fname, Lname)

Sex = Sex

Location = Loc

Salary = map(Income)

Contact_no = Phone_no
Using map function Fname, Lname can be mappedsasgée Name by concatenating
the two names with space. Similarly Income in dsliean be converted to Rupees using
map function.
Thus using equation (c)As calculated as follows

A = 1-(7/(8+7)) = 0.54



Next is to calculate total semantic relatedness/Rich is
R,=0.4(0.25+0.54)=0.316

Since class doctor of Local database D8 considered as the template class so total
semantic relevancezR 0.
Now if we compare the total semantic relevancdldha three class with threshold value
it is found that
. Ri>T
a. Medical_Employee is Semantically Heterogeneous soriot included in
Integration Process
i. Ro<T
a. Doc is semantically related to Doctor and is ineldidfor Integration
Process

iii. Rsis used as template class so it is included ieghation Process.

5.2.2 Programming Results

Next step is to generate global schema using lategy operators. A Program in C++ is
made to generate global schema. Using the aboegard classes Doc and Doctor, a
global schema class Doctor is created.

Following is the output of the Program:

Initially it inputs the local Class Doc of Local tdhase LDB and local class doctor of
Local Database LDB Figure 5.1 and Figure 5.2 shows the snapshohefprogram
output which inputs the attributes and the classe®of the local class participating in

integration process.



E¥ Turbo C++ IDE L= [ 12 |

Enter I Local class name : Doc
Enter number of attributes in local class:b

Enter 1 attribute name :Id

Enter 2 attribute name :Mame

Enter attribute name :Sex

Enter attribute name :Location

Enter attribute name :Contact

Enter attribute name :Salary

Enter II Local class name : Doctor

Enter numbher of attributes in local class:8
Enter 1 attribute name :Id

Enter 2 attribute name :MHame

Enter 3 attribute name :Sex

Figure 5.1: Snapshot 1 of Program Output
BN Turbo C=+ IDE [ | B

Enter 4 attribute name :Location

Enter 5 attribute name :Contact

Enter 6 attribute name :8alary

Enter [II Local class name : Doctor

Enter number of attributes in local class:B
Enter 1 attribute name :Id

Enter attribute name :Mame
Enter attribute name :Sex
Enter attribute name :Phone
Enter attribute name :Location
Enter attribute name :Salary

Enter attribute name :DOB

2
3
4
5
Enter 6 attribute name :email
?
8
)

Enter Uirtual class name of Global Schema :Doctor

Figure 5.2: Snapshot 2 of Program Output

* Import Operator: Figure 5.3 shows the snapshot of the program {honin
operator is selected as the integrating operatamports class Doctor of local
database LDB



@ Turbo C++ IDE E=RECE X

Enter Uirtuwal class name of Global Schema :Doctor

Following are the Integrating operator
1. Generalize

2. Specialize

3. Combine

4. Import

5. Aggregate

Select one option 4

CLass 1 of Databhase 1:
Id

Name Sex Location Phone Salary

CLass 2 of Datahase 2:
Id Hame Sex Phone Location email Salary
Enter Local database to he imported :Class 2

Virtual class Doctor of global schema contains following:

1. Integrating Operator : Import

2. Local Class : Doctor

3. Set of Attributes in virtuwal class =

Id Hame Sex Fhone Location email Salary

Figure 5.3: Snapshot 3 of Program Output

» Generalize Operator: Figure 5.4 shows the snapshot of the program

Generalize operator is selected as the integrafiegator.
BN Turbo C++ IDE [I=a0=0g] X

Enter 8 attribute name :=DOB
Enter Virtuwual class name of Global Schema :Doctor

Following are the Integrating operator
1. Generalize

2. Specialize

3. Comhine

4. Import

5. Aggregate

Select one option 1

CLass 1 of Database 1:
Id Hame Sex Phone Location Salary

CLass 2 of Database 2:
Id Mame Sex Phone Location email Salary

Virtual class Doctor of global schema contains following:

1. Integrating Operator : Generalize

2. Set of local classes : Doctor Doc Doctor

3. Set of Attributes in virtuwal class :=Id Mame Sex Fhone Location
Salary

Figure 5.4: Snapshot 4 of Program Output

» Specialize Operator:Figure 5.5 shows the snapshot of the program iti@pee

operator is selected as the integrating operator.



& Turbo C++ IDE | 0

Enter 8 attribute name :DOB

Enter Uirtual class name of Globhal Schema :Doctor

Following are the Integrating operator
1. Generalize

2. Specialize

3. Combine

4. Import

5. Aggregate

Select one option 2

CLass 1 of Database 1:
Id Mame Sex Location Phone Zalary

CLass 2 of Datahase 2:
Id Mame Sex Phone Location email Salary

UVirtual class Doctor of global schema contains following:

1. Integrating Operator : Specialize

2. Set of local classes : Doctor

3. Set of Attributes in wirtual class :

Id Mame Sex Phone Location email Salary

Figure 5.5: Snapshot 5 of Program Output

» Combine Operator: Figure 5.6 shows the snapshot of the program if Idoen
operator is selected as the integrating operator.

EH Turbo C++ IDE b | [

Enter 8 attribute name :DOB
Enter Uirtual class name of Global Schema :Doctor

Following are the Integrating operator
1. Generali=ze

2. Specialize

3. Comhine

4. Import

5. Aggregate

Select one option 3

CLass 1 of Database 1:
Id Mame Sex Location Phone Salary

CLass 2 of Database 2:
Id Mame Sex Phone Location email Salary

Uirtual class Doctor of global schema contains following:

1. Integrating Operator - Comhine

2. Set of local classes @ Doctor Doc Doctor

3. Set of Attributes in virtuwal class :

Id MHame Sex Phone Location email Salary

Figure 5.6: Snapshot 6 of Program Output



CHAPTER 6
CONCLUSIONS AND FUTURE SCOPE

6.1 Conclusions

In the presented work, various semantic problemscbiema integration in creating a
global schema for a multidatabase system are studie solve such problem and create
global schema for federated database systems,dheejpt of ontology is used as a
framework. Similar to the approach used for ontm@sgthat forms upper level ontology
by defining mapping between them is used in crgatan global schema from
heterogeneous databases.

The semantic relevance between classes of diffdomal databases is found using
similarity concepts as used in merging ontologiEse semantically related classes are

then integrated using integrating operators disulifisat generates global database.

An algorithm to detect semantically related classesl database integration using
integrating operators for creating global databasegroup of homogeneous virtual
classes from heterogeneous local classes is prdpoBeis approach is useful in sense

that global schema can be generated dynamicafigiathe user’s perspective.

6.2 Future Scope

In the presented work, only part of the algorittevautomated, an automated tool can be
designed based on the algorithm proposed to gen@tabal schema.

Maintaining global schema or to reflect changethaglobal schema with the evolution

of the local schema with time, could be used fourfel research.
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