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Abstract

Web services are used for developing and integrating highly distributed and heterogeneous
systems in different domains such as e-business, Grid services, and e-government systems.
Service discovery is a crucia process for Web service utilization. However, the issues
associated with service discovery that involves the Web service having data repositories are
not well addressed by the existing methods which focus on service capabilities, interface
signatures, or functionalities. These methods are inadequate to identify appropriate services
among the services which have similar functionalities, so it requires service consumers to
include additional aspects (i.e. content of service or reputation) to evaluate the services. An
effective service discovery mechanism is able to support the identification of the required
services in a dynamic environment and form composite services that provide the required
functionality. The service consumers and providers often have different views on the content
of services. The existing service discovery approaches, based on either functional or
non-functional attributes, do not address the issues associated with the impact of the diverse
preferences and subjective expectations of the service consumers and providers which are
generally used in searching for or in advertising Web services. This study attempts to
alleviate such diversity by proposing a consensus-based service discovery approach to model
subjective and fuzzy opinions. This will assist service consumers and providers in reaching
a common consensus so that the efficiency of service discovery can be increased. The
approach which is based on fuzzy group decison making methods and semantic web
technologies can be executed iteratively and therefore further fuzzy opinions and preferences
can be added to improve the precision of Web service discovery. The proposed approach
will be implemented as a prototype system and to be tested through various experiments in
order to demonstrate the effectiveness of the proposed approach.

Keywords: Moderated Fuzzy Discovery, Web Services Discovery and Composition, Group
Consensus, Fuzzy Preference Relations, Linguistic Query, Semantic Web, POPM
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CHAPTER 1 INTRODUCTION

1.1 Research background

The Web was originally used for sharing information among scientists. At the
beginning, this Document Web was used to store and share static information but it has gained
increasing attention due to the advance of Internet technologies and the enhancement of
hardware capabilities. The Web has changed its direction into being a Service Web which
provides not only support for document sharing, but aso the ability to enable organizations to
provide their applications or services via the Web — the Internet.  Consequently, the concept

of Web services[1],[2],[3] has become widely relevant.

A Web service is a set of related functionalities which can be automatically accessed
through the Web [3] and it makes information and software available and executable over the
Internet, so it can be utilized as a building block for applications [4]. Web services can be
registered (advertised) and queried (searched) by using Universal Description, Discovery and
Integration (UDDI) [5]. In the meantime the Web Services Description Language (WSDL)
[6] and the Simple Object Access Protocol (SOAP) [10] provide a machine-processable
interface in which components that contribute to a composite web service can be executed

automatically.

Two types of Web services are identified: simple and composite[9]. A simple service, a
primitive service, is standalone and Internet-based application which can fulfill consumers’
requests without any other Web services. A composite service is conceived as a
conglomeration of several ssmple Web services over a designated flow structure [7],[8].
These primitive services can be grouped and they interact with each other to provide
consumers a complete value-added service. For example, car dealer, insurance, and financial
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loan services can be combined as a comprehensive car sale service.

Widely available and standardized Web service technologies make collaboration among
different organizations possible. Web services are now used for developing and integrating
highly distributed and heterogeneous systems in different domains such as e-business, grid
services, and e-government systems.  With service popularity and complexity, the concept of
Service Oriented Architecture (SOA) or Service Oriented Computing (SOC) [23],[38],[55]
has been introduced and it has gained increasing significance in the research field of
information systems. It attempts to provide a systematic approach for service composition in

order to achieve Web services (components) sharing and reuse.

Two related concept in SOA / SOC are composite services and service composition. A
composite service is a complex Web service which is composed of a number of simple
(primitive) Web services. Service composition is the construction process of composite
services [8]. Idedly, different primitive Web services within a complex Web service can
come from diverse service providers and this leads to a new arduous problem — the issue of
service semantics.  Even though one output parameter of one primitive Web service has the
same name and type with an input parameter of another primitive Web service, it is not

necessary that these parameters can be linked up to form a consistent composite service.

The Semantic Web [13] has been proposed to dispose of the semantic issues. Many
academic researchers and developers are endeavouring to build ontology for Web services.
The goa of the Semantic Web is to make the Web services not only understandable by
humans but also by machines through adding semantic information to the advertised services
and to the service requirement specifications in order to increase interoperability among
primitive Web services. Several standards such as the Web Ontology Language (OWL) [14]

and the Web Ontology Language for Services (OWL-S or formerly DAML-S) [15] have been



introduced to achieve this goal. These standards help to handle the semantic issues that

occur in Web service utilization.

1.2 Motivation and objective

In order to fully realize the benefit of the automation of Web service composition,
service discovery is a crucia process for Web service utilization. Most of existing service
composition approaches [38],[42],[43] assume that al primitive services are ready-to-use in
someplace or can be identified via ssmple UDDI queries. Discovery or so-caled
matchmaking® is considered as a search problem in a bounded space. It takes service
consumers’ requests and a collection of services from services providers as input via its
discovery mechanism to identify a list of best matched pairs. Some researches [16],[18]
handle the discovery problem by incorporating Semantic Web technologies. However, there
are till two major problems that should be tackled in order to achieve an effective and

efficient discovery process.

Principally, the issues associated with service discovery that involve the Web service
having data repositories are not well addressed by the existing methods which focus on
service capabilities, interface signatures, or functionalities. These methods are inadequate to
identify appropriate services among the services which have similar functionalities, so it
requires service consumers to include additional aspects (i.e. content of service or reputation)
to evaluate services. In the context of Web service discovery, the representation of services
and the selection of searching criteria are the critical factors to determine the quality of the
output. Measuring the similarity between a service consumer’s requests and the provided
services in terms of: the software signatures; the capabilities; the syntax, and the semantics of

services is a common element in discovery [12],[16],[18],[51]. However, recent work on

! Inthisthesis, the term discovery will be used for consistency when discussing search or matchmaking.
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Web service discovery has not paid sufficient attention to the use of underlying data and

information about services as a search criterion.

Second, an effective service discovery mechanism to enable the formation of the
required composite services that provide the required functionality is able to support the
identification of the required servicesin adynamic environment. The service consumers and
providers often have different views on the content of services. Most of the existing service
discovery approaches such as [12],[16],[17],[18],[19],[49],[50] and [51], based on either
functiona or non-functional attributes, do not address the issues associated with the impact of
the diverse preferences and subjective expectations of the service consumers and providers
which are generally used in searching for or in advertisng Web services. Because
consumers and providers often have different views on the content of services, the selected
results may not conform to consumers’ expectations and this hinders the efficiency of service

discovery.

This study proposed a consensus-based service discovery approach which attempts to
use the underlying data and information about services as a search criterion (quality rating).
Pre-classified services provide supplementary information with a higher level of abstraction,
such as a quality rating for Cheap. This represents the capabilities and the underlying data
associated with services. The proposed method attempts to refine the search space and to
increase the precision rate in discovery. In the meanwhile, consumers are alowed to do
search by using linguistic terms such as Cheap or Comfortable.  Moreover, this
consensus-based approach models subjective and fuzzy opinions and assists service
consumers and providers in reaching a common consensus so that the cognitive differences
among service consumers can be mitigated and the efficiency of service discovery can be
increased. This approach, which is based on fuzzy group decision making methods and

Semantic Web technologies, can be executed iteratively and therefore further fuzzy opinions
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and preferences can be added to improve the precision of Web service discovery. The
proposed approach will be implemented as a prototype system and tested through various

experiments to demonstrate the effectiveness of the proposed approach.

1.3 Research approach

In this study, five research steps were adopted to solve the problems of service discovery

mentioned above. These are described as follows:

(1) Overdl literature review: reviewing the existing works about the Web services, Web
services composition, Service Oriented Architecture (SOA) / Service Oriented

Computing (SOC), the Semantic Web, and the tools for realizing these concepts.

(2) Research concept development: the research concept was generated mainly through
literature review. In addition brainstorming and consultation with experts at

international conferences was used to help identify a viable solution to the problem.

(3) Detailed literature review: the use of fuzzy set concepts being identified the research
process focussed on studies of fuzzy set and theory, related to reaching a consensus.
These were concerns with concepts such as. fuzzy opinion representation; fuzzy
majorities; fuzzy similarity measurement; fuzzy aggregation; reaching consensus,
resolution methods for group decision problems; and, the methodologies used to

collect imprecise preferences.

(4) Architecture development: the proposed approach was implemented as a prototype
system to solve the two mgjor issues of service discovery mentioned in Section 1.2.
The main modules were employed to pre-classify the Web services in terms of
different QoS terms. A method for reaching consensus over these terms used

among service consumers and providers was implemented.
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(5) Architecture verification: the proposed approach was tested through various
experiments in which the data were collected from several famous website. The

results demonstrate the effectiveness of the proposed approach.

1.4 Organization

The rest of this dissertation is structured as follows. Chapter 2 contains the literature
reviews which include the descriptions of Web service composition, discovery and its related
technologies. Chapter 3 will describe the fuzzy set theories which are used in reaching a
consensus. The proposed architecture, including its scope, constraints and implementation
considerations, will be presented in Chapter 4. Case studies and performance evaluations are
presented in Chapter 5. Chapter 6 concludes this work and proposes the future work.

Finally, the references and appendix are attached at the end of the dissertation.



CHAPTER 2 LITERATURE REVIEW

Based on SOA / SOC, severa Web services can be assembled into a composite web
service. In this chapter, literature related to Web services, service composition, service

discovery, and Semantic Web, will be reviewed and discussed briefly.

2.1 Web service

The major differences between traditional Web applications and Web services is that the
former are designed to be read and used by human and the latter are designed to increase the
interoperability among machines by providing a machine-processable format which can help
Web services to be searched and utilized autonomously. A W3C definition for Web services
is. “A Web service is a software system designed to support interoperable
machine-to-machine interaction over a network. It has an interface described in a
machine-processable format (specifically WSDL). Other systems interact with the Web
service in a manner prescribed by its description using SOAP messages, typically conveyed
using HTTP with an XML serialization in conjunction with other Web-related standards.”

[20]

In other words, Web services are self-contained, self-describing and modular applications
which can be published, located, and invoked across the web [22]. At the initial stage, Web
service is just a concept, but with the efforts contributed by the worldwide researchers and
developers, many standards [1],[5],[6],[10],[13],[14],[15] have been proposed to support the
implementation of Web services. Up to now, Web services are treated as the basic

components of the Service Oriented Architecture (SOA) shown in Figure 2-1.



Service
Broker

Service
Requestor

Service
Provider

BindUse (3)

Figure 2-1 Service Oriented Architecture [23]

Three different roles are identified within a SOA which are Service Broker, Service
Provider and Service Requestor. A Service Provider is the one who actually builds Web
services and provides services for Service Requestors to consume.  The Service Provider can
choose either actively or passively to advertise its Web services with detail descriptions on the
Web. A Service Requestor is the service consumer which seeks the Web services it needs.
A Service Broker acts as the mediator for Web services. It provides Service Providers the
ability to advertise their services in a registry and provides Service Reguestors a channel to
find the suitable Web services. A Service Broker helps Service Providers and Service
Requestors find each other, but it is not necessarily for the broker to deal with the subsequent

contracts and executions.

There are severa technologies that contribute to the realization of a SOA such as:
Universal Description, Discovery and Integration (UDDI) [5]: Web Services Description
Language (WSDL) [6]: Simple Object Access Protocol (SOAP) [10]: and, Web Ontology
Language for Services (OWL-S or formerly DAML-S) [15]. The detail of these
technologies will be explained in the following sections.
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2.1.1 Universal Description, Discovery and Integration (UDDI)

Web services can be registered (advertised) and queried (searched) by using Universal
Description, Discovery and Integration (UDDI) [5].
and consists of an XML schema for defining its data structures and APIs.

IBM made considerable efforts to develop the UDDI specifications to support more

complicated business logic and to promote UDDI as a public standard [23].

Table2-1 Four core data structuresin UDDI Registry [5],[23]

Categories

Type

Description

White pages

busi nessEntity

Containing descriptive information about a
business or organization such as the name,
address, telephone number, and other
contact information of a given business.

Yellow pages

businessService

Describing a service belong to a
businessEntity.  Representing a logica
service and containing  descriptive
information in business terms such as the
names and categories of the services.

Green pages

bindingTemplate

Providing technical information necessary
to invoke a Web service, typically givenin
the form of a URL and information about
method names, argument types, and so on.

tModel

Service Specification Detail: This is
metadata about the various specifications
implemented by a given Web service.
Human and programs can discover how to
interact with Web services they do not
know much aboui.

UDDI acts as adirectory service. A Service Provider implements its Web services and
registers them along with their detail descriptions at an UDDI server. When a Service
Requestor seeks for a service from UDDI, the UDDI server looks up the database for the

suitable services by searching the detail descriptions from a list of the registered services.
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Once a matched service is found, UDDI returns the identified service and its related
information to the Service Requestor. These descriptions are classified into four core data

types which are shown in Table 2-1.

One businessEntity (business company) could have many businessServices. Besides,
one businessService contains a list of binding Templates that in turn contain a tModel. The
bindingTemplate and the tModel represent the technical information about how to access and
exploit Web services. As mentioned above UDDI acts as a directory service, Service
Reguestors use SOAP (detall at 2.1.3) as the communication protocol to negotiate with a
UDDI server to obtain the WSDL (detail at 2.1.2) information of any suitable Web services.
Figure 2-2 shows the necessary detailed descriptions when a Service Provider advertises its

servicesin aUDDI registry server.

businessEntity: Information about the tModel: Descriptions of specificalions
party who publishes information about for services or VE!'LIE sels. Basis for
a servica technical fingemprints

businessEntities contain
businessServices

bindingTemplates contain references to
tModels. These references designate the
interface specifications for a service.

businessService: Descriptive
information about a particular famiby of
technical services

businessSenvices contain
bindingTemplates

i 1

bindingTemplate: Technicsal
information about a service entry point
and implementation specs

Figure2-2 The UDDI registry information model [24]

2.1.2 Simple Object Access Protocol (SOAP)

Simple Object Access Protocol (SOAP) [10] is a text-based (specifically XM L-based)
communication protocol which can be conveyed by other underlying transmission protocols

such as HTTP, SMTPR, FTP or any other proprietary messaging protocol. SOAP messages
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increase the interoperability of different executable components of Web services when these

components are distributed in the heterogeneous environment.

In other words, SOAP is atool used to exchange data. SOAP uses XML documents to
package and exchange messages among diverse counterparts. A SOAP message is

composed of four maor elements which are briefly in Table 2-2.

Table2-2 SOAP elements [10][26]

Element Descriptions
The root element of a SOAP message. Specify the
<Envolope> | encodingStyle and namespace xmlns:soap=

http://www.w3.0rg/2001/12/soap-envel ope
The application specific information (like authentication,

<Header>
payment and etc...)

<Body> Actual SOAP message (transmitted data)
Fault handling information and rules when a identified
error occurs

<Fault>

Figure 2-3 and Figure 2-4 are two simple examples to illustrate how SOAP messages are
used to cary data The former one shows that a name-value pair for a parameter is
Item-Apples which is a query request to a Web service and the response name-value pair is

price-1.90 that indicates that the price for item Applesis 1.90.

<?ml version="1.0"7>
<soap:Envelope
xmins:soap="http://www.w3.0rg/2001/12/soap-envel ope"
soap:encodingStyle="http://www.w3.0rg/2001/12/soap-encoding” >

<soap:Body>
<m: GetPrice xmlns:m="http://www.w3school s.com/prices'>
<m:ltem>Apples</m:ltem>
</m:GetPrice>
</soap:Body>

</soap:Envelope>

Figure2-3 An example for SOAP message to request an inquiry [26]
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SOAP was created by Microsoft for the data exchange in Microsoft .Net framework and
SOAP 1.1 was proposed to W3C in May 2000 [26] which means that SOAP is widely
accepted by the community. The architecture proposed by this dissertation is a'so powered
by SOAP due to its convenient referencing capabilities. In addition to the SOAP

specification, some Web service APIs are also available for building Web services [21].

<?xml version="1.0"?>

<soap:Envelope
xmins:soap="http://www.w3.0rg/2001/12/soap-envel ope"
soap:encodingStyle="http://www.w3.0rg/2001/12/soap-encoding” >

<soap:Body>
<m: GetPriceResponse xmlns:m="http://www.w3school s.com/prices'>
<m:Price>1.90</m:Price>
</m:GetPriceResponse>
</soap:Body>

</soap:Envelope>

Figure 2-4 An example for SOAP message to response an inquiry [26]

2.1.3 Web Services Description Language (WSDL)

Web Services Description Language (WSDL) [6] provides a machine-processable
interface through which components that contribute to a composite Web service can be
executed automatically. WSDL is also based on XML technology (an XML document) and
is used to define how to describe the details of a Web service, such as the location of the
service and the operations (methods) the service exposes. Those messages themselves are

described abstractly and then bound to a concrete network protocol and message format [20].

WSDL service definitions provide documentation for distributed systems and are used as
recipes for automating operation invocation [22]. WSDL alows descriptions of Web
services and their messages to be represented explicitly in a way that facilitates their
communication no matter what message formats or network protocols used. WSDL is now

used in conjunction with SOAP 1.1, HTTP GET/POST, and MIME [6].
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The major elements with in a WSDL document are shown in Table 2-3. The element
<portType> is the most important WSDL element. It describes a Web service and its
operation (like subroutine or function) which can be invoked and the messages involved.
The element <message> defines the name and type for a specific parameter. The <binding>

element defines the message format and protocol details for each <portType>.

Table2-3 Thebasic WSDL document structure [25]

Element Descriptions

<portType> | The operations performed by the Web service
<message> The messages used by the Web service

<types> The data types used by the Web service
<binding> The communication protocols used by the Web service
<definition>

<message name="getTermRequest">
<part name="term" type="xs:string"/>

</message>

<message name="getTermResponse">
<part name="value" type="xs:string"/>

</message>

<portType name="glossary Terms">
<operation name="getTerm''>
<input message="getTermRequest"/>
<output message="getTermResponse'/>
</operation>
</portType>

<binding type="glossaryTerms" name="b1">
<soap:binding style="document" transport="http://schemas.xmlsoap.org/soap/http" />
<operation>
<spap:operation soapAction="http://example.com/getTerm"/>
<input>
<soap:body use="literal"/>
</input>
<output>
<soap:body use="literal"/>
</output>
</operation>
</binding>
</definitions>

Figure2-5 Anexample for WSDL document [25]
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Figure 2-5 is a simple WSDL document. In this example, the Web service is
glossaryTerms and it has only one operation (function) called getTerm which involved one
input parameter getTermRequest and one output parameter getTermResponse.  The
<binding> element shows that this Web service can use SOAP as communication protocol.
The messages are conveyed by HTTP and the operation (function) is located at the following

URL: http://example.com/getTerm .

With the detailed abstract information provided by WSDL documents, one Web service
can be invoked by the other programs (Web services, agents or applications) regardless of the

environment in which the calling party exists.

2.2 Semantic Web

This section briefly reviews the technologies related to the Semantic Web such as
Ontology, Web Ontology Language (OWL), Web Ontology Language for Services (OWL-S)

and the integration of OWL-S and UDDI.

2.2.1 Semantic Web and ontology

The Web was originally used for sharing information among scientists. At the
beginning, this Document Web was used to store and share static information but it has gained
increasing attentions due to the advance of Internet technologies and the enhancement of
hardware capabilities. However, the large amount of data available on the Web can only be
understood by humans or by very specialized programs. The goa of the Semantic Web

[1],[13] isto make the data not only understandable by humans but also by machines.

Regarding the Web services, different primitive Web services within a composite Web
service derive from diverse service providers and contribution is prone to the semantic

misunderstandings. WSDL provides a machine-processable interface in which components
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that contribute to a composite Web service can be executed automatically. However,
machine-processable is not identical to machine-understandable. WSDL provides less
support for semantic description of Web services [9]. Even if one output parameter of one
primitive Web service has the same name and type as an input parameter of another primitive
Web service, it is not necessary that these parameters can be linked up to form a consistent

composite service.

The Semantic Web is designed to increase the interoperability among machines by
providing a machine-processable format with additional semantic information which can help
the primitive Web services be searched and utilized autonomously hence increasing

interoperability among Web services.

Rules/Query

URI/IR Unicode |

Figure2-6 Semantic Web Stack [29]

The definition of ontology is: “Ontology is a formal, explicit specification of a shared
conceptualization” [27]. The author of [28] introduced this concept into the domain of
Artificial Intelligent (Al) by extending the meaning of ontology to “Ontology as Vocabulary”.

The Semantic Web tries to create the vocabulary (ontology) for a specific domain and
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therefore different Web services in a heterogeneous environment can understand each other in

thiscontext. The stack for the Semantic Web is shown in Figure 2-6.

Several standards were introduced to achieve this goa such as Web Ontology Language
(OWL) [14],[30],[31],[32] and Web Ontology Language for Services (OWL-S or formerly
DAML-S) [15]. These standards help to handle the semantic issues occurring in Web

service utilization.

2.2.2 Web Ontology L anguage (OWL)

The Semantic Web tries to build the ontologies for the Web in which information is given
explicit meaning, making it easier for machines to automatically process and integrate
information.  This concept can be realized by the Web Ontology Language (OWL) [14]. It

IsaW3C recommendation language for defining Web Ontol ogy.

OWL is based on XML, XML Schema, RDF and RDF Schema and it is derived from
DARPA Agent Markup Language and the Ontology Inference Layer, in short DAML+OIL.
In order to increase interoperability among machines, OWL is used to represent the meaning
and semantics of terms on the Web explicitly and to describe explicitly the relationships

between these terms.

Figure 2-7 shows three different species (sub-language) of OWL, OWL Full, OWL DL
and OWL Lite, whose expressive abilities are decreased in order but the computational
abilities are increased in reverse order. OWL Full is meant for users who want maximum
expressiveness and the syntactic freedom of RDF with no computational guarantees. OWL
DL (Description Logics) supports those who want the maximum expressiveness without
losing computational completeness. OWL Lite supports users primarily needing a

classification hierarchy with simple constraints. [14]
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OWL Full
OWL DL

Figure 2-7 Three speciesfor Web Ontology Language (OWL) [14]

In the simple example given in Figure 2-8, OWL is used to describe and define the
semantics of terms.  In this case, the term cost (line 11) is a subclass of price (line 13) and
the term value (line 31) is aso a subclass of price. Therefore, one communication
counterpart can deduce and understand that cost can be related to value when the others talk
about the notion price by using these different terms. Certainly, the power of OWL goes
beyond this example. OWL can express notions and their complicated relationships,

constraints, data types, and other metadata.

The W3C article [30] presents the abstract syntax of the Web Ontology Language (OWL)
and the test cases for the OWL approved by the Web Ontology Working Group can be found
in the document [32]. Tools for supporting OWL such as DAMLJessKB and OWLJessKB

can be found from [33],[34] respectively.
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1 <?ml version="1.0"?>

2 <rdf:RDF

3 xmins:pl="http://protege.stanford.edu/pl ugins/owl/proteget"
xmins:rdf="http://www.w3.0rg/1999/02/22-rdf-syntax-ns#"

5 xmins:xsd="http://www.w3.0rg/2001/X M L Schema#"

6 xmins:rdfs="http://www.w3.0rg/2000/01/rdf -schema#"

7 xmilns:owl="http://www.w3.0rg/2002/07/owl#"

8 xmins="http://local host:8080/tests/definition.owl#"

9 xml:base="http://| ocal host:8080/tests/definition.owl" >

10 <owl:Ontology rdf:about=""/>

11  <owl:Classrdf:ID="cost">

12 <rdfs:subClassOf>

13 <owl:Class rdf:1D="price"/>

14 </rdfs:subClassOf>

15 </owl:Class>

16  <owl:Classrdf:ID="airperiod">

17 <rdfs:subClassOf>

18 <owl:Class rdf:ID="airtime"/>

19 </rdfs:subClassOf>

20 </owl:Class>

21  <owl:Classrdf:ID="arrtime">

22 <rdfs:subClassOf>

23 <owl:Class rdf:ID="arrivaltime"/>

24 </rdfs:subClassOf>

25 </owl:Class>

26  <owl:Classrdf:ID="stop">

27 <rdfs:subClassOf>

28 <owl:Class rdf:ID="stops"/>

29 </rdfs:subClassOf>

30 </owl:Class>

31 <owl:Classrdf:ID="value"'>

32 <rdfs:subClassOf rdf:resource="#price"/>

33 </owl:Class>

34  <owl:Classrdf:ID="enroute">

35 <rdfs:subClassOf rdf:resource="#stops'/>

36 </owl:Class>

37 </rdf:RDF>

Figure2-8 An example for Web Ontology Language (OWL)

2.2.3Web Ontology L anguage for Services (OWL-S)

Web Ontology Language for Services (OWL-S), originally caled DAML-S. It is an
OWL-based ontology language which is used to describe the capabilities and properties of
Web services in unambiguous and machine-understandable form. Figure 2-9 is the top level
of the service ontology in OWL-S [15]. In OWL-S, a Web service will be represented by

three essential types of knowledge which are as follows:
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(1) ServiceProfile: Describe “what the service does?” Each Web service should
present its own ServiceProfile to describe the capability, functionality and / or the
contact information of aservice. These messages are normally for human users.

(2) ServiceModel: Elaborate “how the service works and how to use the service?”
This information contains the structure (workflow) of a service including input,
output, precondition and effects, usualy referred to as IOPE. If a Web service is
composed of several simple (primitive) services, OWL-Swill use an element called a
controlConstruct to describe the workflow among simple services. These flow
control constructs include Sequence, Split, Split+Join, Unordered, Choice,
If-Then-Else, Iterate, and Repeat-Until. These messages are the main body of a
OWL-S document.

(3) ServiceGrounding: Describe “how to access this service?” This message maps the
abstract interface to concrete binding information by specifying the communication

protocol, message formats, and other service-specific details such as port numbers.

ServiceProfile

ServiceGrounding
ServiceModel

Figure2-9 The components of OWL-S[15]

OWL-S can be regard as a specialization of OWL which is dedicated for the domain of

Web service.  An OWL-S document can therefore be understood not only by humans but

-19-



aso by machines. Briefly, ServiceProfile can be read and searched by humans; the
ServiceModd explains the workflow that the machines should obey when any process is

invoked viathe detailed protocol and format provided by ServiceGrounding.

2.2.4 The mapping between UDDI and OWL-S

Web service providers adopt standard UDDI as atool for advertising their Web services.
However, the information represented in UDDI lacks semantic meaning, so it cannot fully
support computers and people in cooperation. With the complementary support from
Semantic Web technologies, the detail descriptions for a Web service can be modeled by
OWL-S which is designed to handle the semantic issues associated with representing a Web
service. Retaining a list of semantic meanings in UDDI provides a convenient way to
support discovery of Web services, as the ServiceGrounding in OWL-S is able to locate
WSDL documents and the associated Web services. With OWL-S, the descriptions of Web
services can become machine-understandable concepts. Figure 2-10 shows the mappings
between UDDI and OWL-S [35]. This enables UDDI and OWL-S to work seamlessly

together for autonomous Web service discovery and execution.

The element qualityRating which resides in the ServiceProfile, shown in Figure 2-10, is
the parameter used to record the higher level abstractions about the quality provided by a
particular Web service. The proposed approach uses this element and its corresponding

tModel to evaluate every Web services.
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Figure 2-10  The mapping between OWL -S and UDDI specification [35]

Some elements such as e-mail, serviceName and textDescription are mapped directly
from ServiceProfile to UDDI, whereas the OWL-S specific attributes such as input, output,
and qualityRating are represented by the tModel structure. A detailed illustration of how to
import the OWL-S profile file into the UDDI registry is discussed in [35]. This mapping
brings the power of the Semantic Web into the UDDI registry. With this feature, information

stored in the UDDI registry can not only be understandable by humans but also by machines.
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2.3 Service composition

The technologies or standards related to service composition will be reviewed in this
section such BPEL4WS, CSSL, BPWS4J, etc... In addition, two different runtime strategies

(centralized and decentralized) will be introduced as well.

2.3.1 Service composition

Service composition is the construction process of composite services[8]. A composite
service is a complex Web service which is composed of several simple (primitive) Web
services. There are many research programmes endeavour in this field such as BPEL4AWS
[36],[37],[38], CSSL [9], WSIPL [41], WSCI [40], WSFL [39] and [8],[42],[43], etc. Some
of these focus on the mechanisms of how to compose Web services while others are

concerned with the semantic issues in composing a complex Web service.

The most frequently referenced language for Web service composition is the Business
Process Execution Language for Web Services (BPEL4WS) [36],[37],[38] which has been
developed jointly by IBM, BEA Systems, Microsoft, et a. BPEL4WS is a high-level
distributed XML-based language which is used for assembling Web services to form a
composite Web service. BPELAWS enhances the Web services interaction model by
supporting business transactions. The script language is used to describe the interactions
among Web services by clarifying the control flow constructs (sequential, concurrent,
conditional, etc.), the data structures and the activities (invoke, receive, compute, etc.) of a
composite Web service as summarized in Table 2-4. The BPEL4WS runtime engine

interprets BPEL4WS scripts to determine the execution process of a composite Web service.
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Table2-4 Summary of BPEL constructs and notation [44]

BPEL " .
e —— Description Notation
Control Flow Constructs
sequence sequential flow sequence ... end-sequence
switch conditional flow switch ... end-switch
while iterative flow while ... end-while
pick non-deterministic flow pick ... end-pick
flow concurrent flow flow ... end-flow.
link wait-notify type of synchronization source(linkld), target(linkid)
Data Structures
variable | variablesinclude a set of parts analogousto fields | variableName {partl, part2...}
Activities
invoke' synchronous (blocking) invocation on a partner P, | invoke(P, in, out)
sending data from an input variable in and
receiving the response in the output variable out
invoke® asynchronous (oneway, nonblocking) invocation | send(P, in)
on a partner P, sending data using an input
variable in (no response variable)
receive blocking receive of data from a partner P into a | receive(P, var)
variable var
reply send response to a partner Pfrom a variable var reply(P, var)
assign assignment. Multiple assignments can be specified | varl.pl.gl = var2.pl.g3
in a single assign statement, which executes
atomicaly
compute arithmetic or logical operation

The BPEL4WS flow constructs provide the ability for a developer to model the
concurrent tasks within a composite Web service and to invoke them simultaneously. It aso
allows a service to wait for the response from other Web services. It can be treated as a

workflow control language.

In other works [7],[8], the authors try to model semantic service requests for composite
Web services by enhancing OWL-S with language construct extensions. These works help
to achieve a uniform semantic representation of service requests before service composition.

It also enables discovery agents to unambiguously understand the service.

The authors of [9] define a Composite Service Specification Language (CSSL) which is
based on XML and is a WSDL-like language for composite services. This language extends
WSDL to provide the semantic feature of Web services and defines the specification of the
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control flow between composite service operations. This work [9] proposed an
ontology-based framework to accomplish service composition as shown in Figure 2-11.
They model the ontology using directed graphs in which the nodes represent the ontology’s
concepts, the unfilled nodes refer to WSDL concepts, the gray nodes refer to extended
features, and the edges represent relationships between the ontology’s concepts labelled with

the cardinality of the corresponding relationship.

In the research on service composition, most researchers focus on how to describe a
composite Web service or model the process of service composition by assuming that all
primitive services are ready-to-use or can be identified via simple UDDI queries. Therefore,
service discovery and selection are not the main concerns in this field. The proposed
approach of this dissertation, a consensus-based service discovery, tries to touch upon this
question to assist the consumer in service discovery and selection during the process of

service composition.
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Figure2-11 Ontology-based description of Web services [9]

The most interesting idea of the CSSL work [9] isthat the authors define a composability

model for Web services to determine whether two Web services are composable or not.  This
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composability model uses two set of rules, syntactic rules and semantic rules, to estimate the
composition possibility for two Web services. The syntactic rules concern (1) mode
composability and (2) binding composability. The semantic rules consider (1) message
composability, (2) operation semantics composability, (3) qualitative composability, and (4)

composition soundness.

2.3.2 Centralized and decentralized orchestration

The script languages introduced in Section 2.3.1 are used to describe the processes of
Web services. During runtime, the execution of a composite Web service is governed by a
runtime engine such as Business Process Execution Language for Web Services JavalTM Run
Time (BPW34J) [45]. Once a complex Web service is composed, it can be executed by a

BPWS4J engine as shown in Figure 2-12 [44].

,E., Web service compenent (HTTP server) co . )
BPWS4T Engine (HTTP/EIB server) reotive(cliet, ¢{mamel name2])
flow
LL Client sequence
—=—= Synchronous message —= Asynchronous message nl.name = c.namel
invoke{Al. nl {name}, al {ph street.city.zip})
Al AddressBook(1) end-sequence
sequence
Sy nl.name = c.name?
ﬂﬂﬂe_}"z AddressBook(2) invoke({A2. n2 {name}, a2 {ph street city.zip})
T ._}.},5""‘ A2 end-sequence
e name? -- -== |_| end—flow
: = ~_ddg, =--- addr? — r.cityl = al.cit}-‘
Client <~y r.city? = a2 city
Centralized ’ff.-_:,-c_\'“-;_;_;?‘ r.zipl = al.zip
Ccmp?sire i r.zip2 = al.zip
) E:3€1"-‘1CE IE_I inveke{TE, r{cityl, city2 zipl zip2}, dir{routes})
(FindR.oute) TR TraigRoute reply(client, dir{routes})

Figure2-12 Centralized orchestration of a composite Web service [44]

In this example, a client has composed three primitive services AddressBook(1),
AddressBook(2) and TrainRoute into a composite service called FindRoute. FindRoute
needs two names, namel and name2, from the client, then sends namel to AddressBook(1)
and name2 to AddressBook(2) for acquiring the addrl for namel and addr2 for name2

simultaneously. FindRoute extracts only the city and zipcode from the returned two
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addresses as input parameters for TrainRoute. TrainRoute will return the train route from

addressl to address2. Thisis so-called centralized orchestration or centralized execution.

Do D2
receive(client. c{namel name2}) receive(D0, n2 {name})
AddressBook(1} nl name = c.namel invoke(A2, n2 {name}. a2 {ph.street.city.zip})
D1 Al N 12 name = ¢.name? 12 city = al.city
flow 12.zip = alzip
send(D1. nl {name}) send{D3, £2 {city.zip})
AddressBook(2) send(D2, n2 {name})
Do Amas o end—flow
I% receive(D3. dir{routes}) D3
. ey reply(client. dir{routes}) flow
Client receive(D1. rl {city.zip})
Decentralized receive(D2, 12 {city.zip})
Composite n . enc}—ﬂow
Service receive(D0, nl {name}) reityl = rleity

invoke(Al, nl {name}. al {phstreetcity.zip})  rzipl =rlzip

(FindRoute) . ; -
1l city = al city r.city2 =12 city

TrainRoute

1l zip=al zip r.zip2 =2 zip
send{D3, rl {city.zip}) inveke(TE., r{cityl.city2,zipl.zip2}. dir{routes})
send(D0, dir {routes})

Figure 2-13 Decentraized orchestration of a composite Web service [44]

During the runtime, however, BPEL4AWS, WSIPL, WSCI, executed by BPWSAJ can be
modified for decentralized orchestration as shown in Figure 2-13. A BPW34J engine [45] is
required to be installed in each of the distributed primitive Web services. The code for
FindRoute will be divided and distributed to each of the corresponding BPWSA4J engine (DO,
D1, D2, and D3). FindRoute also receives namel and name2 from client, and then send
namel to D1 and name2 to D2 in parallel for acquiring the address. However, addrl and
addr2 will not be forward back to the DO. They will be directly sent to the D3 for carrying
out the TrainRoute and only the result of TrainRoute will be forward to DO. Thisis known
as decentralized orchestration. These research projects, [4],[44], try to smulate and analyze
the performances of different orchestration from various points of view such as throughput
and response time. They find the performance of decentralized orchestration is somewhat

better then centralized orchestration but it raises some questions in relation to fault handling.

Again, researchers in this field focus on how to handle the data flow and pay their
attention to fault propagation. They assume that all primitive services are easy to find and

locate. Service discovery and selection are not the main concernsin thisfield.
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2.4 Servicediscovery

This section will briefly review the research and developments related to Web service
discovery including three models for Web service discovery and two types of approach to

service discovery.

2.4.1 Three basic modelsfor Web service discovery

Service discovery is a crucia process for Web service utilization. Three basic models
for Web service discovery are identified: matchmaking, broker and peer-to-peer (P2P) as
shown in Figure 2-14 [11],[46],[48]. The job for all discovery mechanisms are (a) take
Service Requestors (consumers) description of the required Web service to interact with
advertisements of Service Providers, (b) find the Web service(s) that closely fit the description,

and (c) get a flexible matching which shows the relation between advertisement and requests

[46].
Matchmaking E?%E’ <2
Based on Registry = !
(UDDI)
Broker

Peer-to-Peer (P2P)

Figure 2-14 Three Models of Service Discovery [46]
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The first mode, matchmaking, is usually based on a centralized registry in which service
advertisements from various Service Providers are stored. When a Service Requestor
(consumer) seeks a service, he (she) submits his (her) requirements to the matchmaker. The
matchmaker compares the requirements with the descriptions in the advertisements (such as
ServiceProfiles) to find the suitable service(s). Then, the registry responds with detailed
descriptions of the found services (such as ServiceGroundings) to the Service Requestor.
Following reception of an embedded description, Service Requestors can invoke a service.

Relevant research can be found in [12],[16],[51].

The second mode, broker, is dlightly different from the previous one. It performs both
discovery and mediation for a client [46]. It also stores the advertisements of Web services
submitted by Service Providers and compares requests from Service Requestors with the
advertisements.  If any suitable serviceis found, the broker acts as a proxy server by relaying
the interactions (request-response) between a Service Requestor and a Service Provider.
That is, a Service Requestor talks to the Service Provider indirectly. Similar research can be

found in [49],[50].

There is no centralized registry in the third mode, peer-to-peer (P2P). In this scenario,
Service Requestors themselves find the Service Providers by message passing between peers.
There is no matchmaker or broker. When a Service Requestor seeks a service, it broadcasts
its requirements via a P2P network. Any Service Provider getting this request will compare
its capabilities with the requirements and responds to the Service Requestor when its
capabilities match the requirements. Thismode is useful for ad-hoc networks and ubiquitous

computing due to its dynamical nature. Relevant research can be found in [47],[52],[53].
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2.4.2 Functional service discovery — capability discovery

The OASIS research on service discovery [5] is based on technologies of pattern
matching and searching techniques that have been applied in the field of Very Large
Databases (VLDB). The proposed process searches for the required object in a huge amount
of data by the use of classified catalogues. For example, it compares the requested name,
address, type of service or region information to the data stored in the registry, and returns the
found bindingTemplate to the requestor if there is any match. The bindingTemplate
indicates the URL of the found service. Using the URL, clients can download the WSDL
description and then starts to interact with the service as shown in Figure 2-15. However,
UDDI provides a keyword search of Web services but not of capability [46]. It is hard to
find a specific airline booking service through this approach because the service is advertized

by its function.

- Web seryies
red|sty

P AUDDIeb RLY
Saervice-binding
URL Iocation of :
mptemeantation W S0L Weh SETvEf
hitp: Arabedy svatipl, wedl hittp fakcd s
1. Retriewe Inipl WSDL UAL sweinpl wsdl
For thodlelnstanes Detsll //—F Current access URI
hitps ffabedl2fsecvioe

Sarvice clisn 2. Dowrigadimptemantition WSDL

‘\ Webh service
T T ———— -

Itn plam entation
3 FArd servce acdrs 53 2 ey
; It httpi Afabedl 2 semiine
and invoke sefdce i3] <RI

Figure 2-15 Seeking flows for a specific service viaUDDI Registry

Functional service discovery means searching by functionalities which are provided by
Service Providers. It is not only a simple pattern matching but also semantic searching.
For example, Service Requestors may refer to ‘airline booking services’ to book a flight. The
discovery service should return booking services for airlines and not include other booking

services, for example, for football or concert tickets. It is known as capability discovery.

-29-



The work by a team at the Carnegie Mellon University (CMU), M. Paolucci et a.
[15],[35],[46],[50], integrates the OWL-S matching engine into UDDI which enables
capability search in a semantic context. It compares the Service Requestors’ requirements
with Service Providers’ capabilities based on semantic descriptions. The approach proposed
by this dissertation will also leverage their work to enable service discovery using semantic
descriptions. This study proposes a consensus-based service discovery approach which
attempts to use the underlying data and information about services as a search criterion
(quality rating). With this feature, Service Requestors can discovery services by using
linguistic terms (vague queries) such as Cheap or Comfortable during their search for aflight

booking service for example.

In [54], the authors argue that search by the information in the ServiceProfile is not
enough to find a service properly. The limitations arise due to the logical relationships
among the inputs and outputs of a process. Assume that a ssmple process produces two
outputs, 01 and 02. If a request requires both of these outputs, it will result in a positive
match when the search is simply based on the ServiceProfile. The authors of [54] develop
algorithms which do not search using the ServiceProfile but use the ServiceModel to examine
the detailed execution process of a Web service. They declared that analyzing the logical
nature within the process would increase accuracy. However, the authors of [11] criticize
thisidea and claim that the ServiceModel is not primarily provided to express properties to be
used for finding matches. Moreover, the use of underlying data referring to services as a

search criterion still has not been addressed in [54].

Another important project in the field of service discovery is the Language for
Advertisement and Request for Knowledge Sharing (LARKS) [16]. It emphasizes that
matching should be based on other elements, NOT ONLY on keyword retrieval. The

semantics of requests and advertisements should be taken into consideration. The discovery
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process of LARKS contains both syntactic and semantic concerns. Table 2-5 shows the

frame structure of a LARKS specification used for service discovery.

Table2-5 The frame structure of a LARKS specification [16]

Context Context of specification

Types Declaration of used variable types
Input Declaration of input variables
Output Declaration of output variables
InConstraints Constraints on input variables

OutConstraints Constraints on output variables
ConcDescriptions  Ontological descriptions of used words
TextDescription ~ Textual description of specification

An overview for matchmaking using LARKS is shown in Figure 2-16. The LARKS
approach offers the option to use application domain knowledge in any advertisement or
request using a local ontology. Briefly, LARKS provides discovery based on capability or
functionality. This point of view is important to the researches thereafter. As mentioned
before, however, the approach proposed by this dissertation is not only interested in the
semantic issues but also the vague queries based on the quality rating of the underlying data

about Web services.

Matchmaker Agent x

Matching i AdvertisementDB
o ConceptDB
AuxiliaryDB

Result-of-Matching

Requester Agent

Service Request
in LARKS

: . .'nlncol Provider Agent n ConceptDB |
for providing %

the service

Process Request
on Local IS

Figure2-16 An overview for matchmaking using LARKS [16]
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In [11] and in earlier work [48], an algorithm to rank the corresponding Web services
according to OWL-S descriptions during the discovery process is proposed. In this
algorithm, all possible Web services will be analyzed in four stages: (1) the matching of inputs,
(2) the matching of outputs, (3) the matching of service category, and (4) the matching of
user-defined criteria.  Each Web service will be rated during these four stages and the results
will be aggregated to become the final assessment as shown in Figure 2-17. According to
the assessments, arank for Web services can be made for further selection. The ranking idea
has contributed to service discovery and is somewhat similar to what this dissertation
proposes. The concept of quality rating is also adopted by this dissertation. In addition to
the concept of quality rating, this dissertation also details a rating procedure, describing how
to evaluate a service using consensus based opinion, which has not been fully explored in

[11],[48].

FAIL

Figure 2-17 Therating procedures and ranking result for algorithm [11],[48]

Other work in functional discovery, such as [55], contribute their efforts in designing the

detailed discovery algorithm for functional context reasoning within semantic environments.

However, al studies mentioned in this section are based on functional or capability

search, but they have not paid sufficient attention to the use of underlying data and
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information on services as a search criterion.  This study proposed a consensus-based service
discovery approach which attempts to use the underlying data on services as a search criterion

(quality rating) to refine the search space and to increase the precision rate of discovery.

2.4.3 Non-functional service discovery — QoS-awar e discovery

Exactly matching services and those with similar functionalities will be discovered by
the capability discovery mentioned in Section 2.4.2, hence identifying a number of possible
services. It requires service consumers to include additional aspects (i.e. content of service)
to evauate these services. The purpose of non-functional service discovery is not only to
find the services with the correct capabilities but aso to find the best service which matches
the other non-functional concerns such as fees, security or availability. This concept is

referred to as QoS-aware discovery.

Csst Compasability Composiiion
Language Rules Plan 1
High Level ‘ CS5L Specification ‘... .
Descrighion oft.hp M L Y — N Composition v :
Desired Composilion | ﬂ /! } Plat | | Composits Service
_ -» Specificalion » Matchmaking J Selection - —» Ganeration | >
(Aoticns a.ba £ : | | | _| (Outsaurced Senvlces
Parformed) Wb 4 (=@ A Mepping between
~ B ’ e | i._ . Messages.
E “% L . Cantral Flow ste,|
LIDD! Business WEEE S Composition Quality of
Registries = ~ OO Plann Composition (QaC)

Parameters

=]

Figure2-18 Overview of proposed approach by B. Medjhed, et al. [9]

In [9], the authors are not only concerned with whether the composition can be
constructed, based on the capabilities, but also they are interested in the quality of the
composition. They identify three qualitative properties for the composition: fees, security
and privacy. Accompanied by the other common properties such as time, availability and
latency, the quality of a composed operation can be calculated to compare with the other

composition aternatives. The procedures of their approach are shown in Figure 2-18.
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To include the properties such as fees, security, privacy, time, availability and latency as
quality of composition for service selection process is an improvement [9]. However, these
aspects are technical viewpoints and therefore can be extended by considering the underlying
data on services as a selection criterion which is included in the approach proposed by this

research.

The authors of [19] tak about the idea of Qos-driven selection for Web service
composition. They observed that the selection among services with overlapping or identical
capabilities needs consumers to pay additional attentions to the services’ qualities. The
criteria they found included price, availability, reliability and reputation. They provide a
QoS-aware middleware for the selection of services which helps to maximize consumers’
satisfaction. Table 2-6 defines the quality criteria and their aggregation functions which are

used in the QoS-aware middleware.

Table2-6 QoS criteriaand their aggregation functionsin [19]

| Criteria | Aggregation function |
Price . qpr(p) — Zf;l dpr [Sia Op(ti))
Duration 9du(p) = CPA(P, 4du)

Reputation Qrep (p) = % Zi\il Qrep(sz')
Success rate | grat(p) = Hé\il(Qvﬂat(Si)z'i)
—— — TN )25

Availability dav(p) = IL: ., (gav(si)*¢)

QoS based on reputation is significant and deeply influences the concept of the approach
proposed in this dissertation. Nevertheless, a detailed discussion on the moderation of
reputation rating is out of the scope of the study [19] but it falls in the scope of the approach
proposed by this research. This dissertation details how to rate a Web service based on a

group of consumers’ opinions and thus achieve better satisfaction.

In the studies [58],[59],[60], the authors also observed that it is hard to find the most

useful service based merely on the explicit matching of parameters provided by Service
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Requestors and Service Providers. They assert that a consumer’s preferences or implicit
assumptions with respect to common knowledge in a certain domain should be taken into
consideration to increase the satisfaction of a service provision. For example, if there is a
consumer who lives in California looking for a Chinese restaurant, using only explicit
capability matching, it is possible to find a restaurant located in Hong Kong which serves
Chinese food, and the result is clearly unhelpful. There must be some implicit constraints to
refine the search range. They call this personalization and incorporate this feature into

UDDI / DAML-Sregistries to allow cooperative discovery and selection of Web services.

rRestaurant;:.—m—{Location]

(a :
\ & | :
+Q [American | .. City Tg
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Figure 2-19 Service ontology for restaurant booking [60]

As shown in Figure 2-19 [60], if a consumer looks for arestaurant (explicit condition), a
lot of services will be recommended. But if the individual’s personalization settings
(implicit) are considered, ‘such as lives in the California city center’, then only a few
restaurants in California will be provided. If further constrained to the commercial district
then only Avocado Garden will be a match. Consumers’ interests and preferences are
important factors in service discovery and selection. Personalization settings could help
consumers to find the more suitable services which conform to their preferences. However,

full personalization is very time consuming especially when search is based on the content of
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a service (e.g. the price level or quality of the meal). This dissertation tries to use a group
consensus as a basic condition to rank the eligible services and to filter out those services
which are not strongly related to the group consensus when search is based on the content of a
service. Consumers’ preference will be taken into account and opinions will be aggregated
to form an objective group opinion for the use of rating services. With this feature services

can be rated and classified by an objective opinion to obtain a better match.

Further, [56] reports on the comparison of different algorithms such as the naive
algorithm, Fagin’s algorithm, and the threshold algorithm. These algorithms aggregate
information from various data sources. The aim is to retrieve the overall top-k objects from
dataresources. [57] presents an approach for answering imprecise queries in web-accessible
databases. This approach is clamed to enable databases to support imprecise queries by
identifying a set of related precise queries which return the results that are more relevant to
the user’s queries. This approach is somewhat relevant to our approach in relation to the
idea of vague query. Nevertheless, the studies [56],[57] do not consider either the consensus

aspects or Web services.

The paper, [17], reports on supporting linguistic search on Web services and applying
quality rating to the content of a specific Web service. The authors of [17] tried to classify
services by considering the underlying data on services. However, the criterion selected to
do the classification has no soundness theory. The data or information on a service has been
arbitrarily classified by a provider according to the selected threshold [17]. This may hinder
its application since service consumers and providers may have inconsistent classifications for
the descriptive terms.  For instance, a consumer and a service provider may have different
means to evaluate the quality of service content, because they may adopt different criteria or
have different expectations. This dissertation proposes a method which iteratively

moder ates the inherent classification criterion based on a consensus of opinions.
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This section has introduced a number of service discovery mechanisms based on the use
of non-functional criteria to select appropriate services from a set of overlapping services
which provide similar or identical functions. Some of them proposed useful ideas such as:
ranking the services, QoS-driven methods, or, quality of composition. Some of them

describe the algorithms for Web service discovery.

However, most of them do not address the issues associated with the impact of diverse
preferences and subjective expectations of service consumers and providers which are
generaly used in searching or in advertising Web services. The service consumers and
providers often have different views on the content of services. This study attempts to
aleviate these differences by proposing a consensus-based service discovery approach to
model subjective fuzzy opinions, and to assist service consumers and providersin reaching a
common consensus so that the efficiency of service discovery can be increased. This
method is not proposed to replace most of the literature in this section. It is complementary
to the literature as it introduces another dimension (quality rating of underlying data) to Web

service discovery.
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CHAPTER 3FUZZY AGGREGATION AND FUZZY

PREFERENCE FOR GROUP CONSENSUS

This chapter is focused on studies of fuzzy set theory and the methodologies used for
reaching a consensus, including fuzzy opinion representation, fuzzy majority, fuzzy similarity
measurement, fuzzy aggregation, reaching consensus, resolution methods for group decision
problem, and the methodol ogies used to collect imprecise preference.  This literature will be

reviewed in the following Sections 3.1 to Section 3.4.

The approach proposed by this research is named “an approach to consensus-based
service discovery” which implies that the service discovery is based on a consensus. For
reaching a consensus, a Moderated Fuzzy Discovery Method (MFDM) has been proposed
which is the most important component in consensus-based service discovery and is based on

the aforementioned fuzzy set related methodol ogies in the following sequence.

The MFDM comprises several parts: (1) Similarity Aggregation Method (SAM)
[61],[62],[63],[64]: (2) Resolution Method for Group Decision Problems (RMGDP)
[65],[66],[67],[68],[69], and (3) Pseudo-Order Preference Model (POPM) [71],[72]. These
methods are processed in a sequence so that SAM s initiated first to gain a consensus on
distinct opinions and preferences. RMGDP then obtains the group preference over different
selection criteria.  Finally, POPM will be introduced to calculate the exact preference
relation when consumers’ preference is hard to distinguish or the preference relations between

two alternatives are imprecise.
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3.1 Fuzzy set theory

Ordinary sets, or crisp sets, are defined with an all or nothing membership concept.
The fuzzy set is not totally different from acrisp set asit is built upon the concept of the crisp
set. However, the value of a membership within afuzzy setisnot just 0 or 1. The values
can be smoothly spread between 0 and 1 [22]. It generalizes the notion of membership from
the black-and-white binary classification in the crisp set into the one that allows a partial
membership. When the value of membership is O, it means complete non-membership. If

the value of membership is 1, it represents a complete membership.

A fuzzy set could be defined in two ways: (1) by calculating membership values of those
members in the set separately, or (2) by defining membership function mathematically.
Generally, the former one is used when the set is composed of discrete members and the later

one is used when the domain is a continuous variable. For example, a fuzzy set ( Z) can be
defined through enumeration using the following expression [22]. Where the summation
and addition operators refer to the union operation and the notation u,(x)/x refersto a

element x with a membership degree u,(X). Those elements x, whose membership

valueis zero are not represented.

A=Y a0 1% = p1a (%) X+ 10 ()1 % + 1 (X)X + 1, (X )1 X

A fuzzy set for continuous members is show as follows. Four common types for the

membership function areillustrated in Section 3.1.1 to Section 3.3.4.

A:LuA(x)/x
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3.1.1 Member ship functions

There are various types of membership functions.
are trapezoidal, Gaussian, S- and Z- membership functions which will be introduced in

Section 3.1.1.1 to Section 3.1.1.4.

3.1.1.1 Trapezoidal membership function

A trapezoidal membership function can be specified by four parameters (parl, par2, par3,

pard). For example, Figure 3-1 shows atrapezoidal membership function for a fuzzy set ( f&)

with parameters (c-b, c, d, d+b).

pz(@) =

L%(a)l

X_ﬁ_bx c-b<a<c
1 c<ac<d
”‘*f)d*b d<a<d+b
0, a>d+b,a<c-b

.

Figure 3-1 Trapezoidal membership function [22]

3.1.1.2 S‘-membership function

An S-membership function is a smooth membership function with three parameters (parl,

par2, par3). For example, Figure 3-2 shows a S-membership function for a fuzzy set (Z)

with parameters (b, c, d).

ob ¢ 4 dib
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0, a<b
a-b)’
2 4.b b<a<c
px(@) = a-b)2
12 cacq
1 a>d
Il’tA*(a) A

b ¢ d

Figure 3-2 S-membership function [22]

3.1.1.3 Z-membership function

A Z-membership function is a smooth membership function with three parameters (parl,

par2, par3). Figure 3-3 shows a Z-membership function for afuzzy set ( Z) with parameters

(b, ¢, d).
0} a<b
a-b)’
2 ﬂ b<a<c
px(@) = a-b)2
1420 ccase
1 a>d
#;(a) A

v
Q

b ¢ d
Figure 3-3 Z-membership function [22]
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3.1.1.4 Gaussian membership function

A Gaussian membership function is specified by two parameters (m, ¢) where m and o
denote the center and width of the function, respectively. The shape of the function can be
controlled by adjusting the parameter 6. For example, a Gaussian membership function for a

fuzzy set ( Z) with center ¢ and width o is shown in Figure 3-4.

;Ll/j\ (a) A

Figure 3-4 Gaussian Membership Function [22]

3.1.2 Basic operation

The fuzzy sets can be operated as crisp sets. Since membership of a fuzzy set is a
matter of degree, the operation of fuzzy set should be defined accordingly. There are three

basic operations: union, intersection and complement [73],[74].
3.1.2.1 Union

The union operation can be defined in various ways.  The following example shows the

definition that is used in most cases. The union of two fuzzy sets A and B with the

membership functions 1;(x) and uz(X) isafuzzy set C, written as C=AUB, whose

membership function is related to those of A and B asfollows

(%) = mex{ 1 (¥, 115 (4], ¥x €U
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3.1.2.2 Intersection

Similar to union operation, there is no unique way to define the intersection operation.

~

According to the min-operator the intersection of two fuzzy sets A and B with the

~

membership functions u;(X) and uz(X), respectively, is a fuzzy set C, written as

Ezﬂﬂ I§,Whosemembershipfunctionisrelated tothoseof A and B asfollows:

(%) = Min[u5 (4, 15 (9], ¥x €U

3.1.2.2 Complement

The complement of afuzzy set (f&), denoted as Z IS represented as the collection of all

elements in the universe which are not included in the fuzzy set ( A ).

H (X) =1- u;(X),vxeU

3.2 Similarity Aggregation Method (SAM)

The consensus formation technique, SAM [61], [62], [63], [64], is adopted to resolve
different opinions about the terms used by service providers and consumers. SAM
aggregates different users’ fuzzy opinions to form a group’s fuzzy consensus opinion. It
employs a similarity measure to calculate the differences between individuals within the
group in order to obtain an index of consensus. The indexes of consensus for all pairs of
individuals can be used to form an agreed group fuzzy opinion. SAM ensures the
consistency of the definitions of fuzzy terms for providers and consumers. It involves the

following steps:
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Step 1.  Each user represents his/ her subjective fuzzy preference on one specific criterion

with a positive trapezoida fuzzy number. A trapezoida fuzzy number for a specific USER,
can be represented by four parameters, denoted as Q(a,h,G.d) where g <h <g <d.

Mg (X) is the membership function for a specific criterion Q

for USER and the non-zero
values of the user’s subjective preference occur between [a,,d,]. If the vaue of x fals
between [b;,c;], USER subjectively considers the truth value as 1; that is #g (X) =1.
Thisisshownin Figure 3-5.
H3(X)
A

.

& b G i

Figure3-5 A trapezoidal fuzzy number
Step 2:  This step obtains opinion similarity between USER, and USER,. The divergence
between (Si(ai,b,,ci,di) and Qj(aj,bj,cj,dj) can be calculated by the similarity
measure function denoted as S = S(@i,éj).

Jmin 5 (%), 1, (0} elx

Séi’éj =
@) [ (max{ g (%), 15 (x)})dx

(D)

For example, when consider two different opinions on a specific criterion Cheap, (6 ),

for USER and USER. Equation (1) can be transformed as follow:



[ (MIN{ 1y (X), L, (01X
[ (MaX] gy (X0, Ay, (X)})IX

S(Q| !Qj ) =
where  Hgpeqy (X) is USER ’s membership function for Cheap, and Heheap, (X) is USER ’s
membership function for Cheap.

Sep 3:  An agreement matrix, in Equation (2), can be formulated when the similarity

between each pair in the group is obtained (where n is the number of users).

1 S, - S - Sm_
s, 1 : = =
T FrS SRS S
AM = g tillse, S, (2)
1 .
§—7 Si 1

where § =S, =9Q,Q,)=5Q,,Q) andifi=jthen S =1.
Step 4: This step calculates an average agreement degree of one single user.

1 n

AUSER; )= =25
j=1

i# |

©)

Sep 5: Relative Agreement Degree (RAD) for each user can be derived from the following

formula.

A(USER,
RAD, = U @

> AUSER,)

Step 6: This step defines the weightings, W (i =1,2,...,Nn), for all the individuals’ opinions.

It could be equal weighting when any opinion is considered as important as the others.

Sep 7: This step calculates individual Consensus Degree Coefficient (CDC) as follows.
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CDC; =p*w, +(1- B)* RAD; where(0< B <1) (5)

B is used for differentiating the importance between individuals’ weightings and
relative agreement degrees. In genera case, f =0; that is each individual’s feedback is as
importance as the others. In such case, it can deduce that Consensus Degree Coefficient

(CDC) isequivaent to Relative Agreement Degree (RAD).

Step 8: According to the results derived from the previous step, each individual’s opinion on
the criterion can be gathered to form a group consensus opinion and produce (5 through the

following formula.
Q=2.(CDC xQ) (6)
i=1

This process, SAM, is applied to get the group consensus opinion on a specific criterion.
If more than one criterion is considered, then SAM should be applied repeatedly to obtain a
group consensus for each criterion.  Once all the consensus opinions on the different criteria
are obtained, the Resolution Methods for Group Decision Problem (RMGDP) can be initiated

to reach a consensus on their preferences over their different selection criteria (alternatives).
3.3 Resolution Methodsfor Group Decision Problem (RMGDP)

The objective of RMGDP s to resolve group differences and to reach a group consensus
on their preferences over different selection criteria [65],[66],[67],[68],[69],[75]. This
method can be divided into the following three phases: (1) transformation phase, i.e., to
transform the individuals’ opinions on different selection criteria into preference values; (2)
aggregation phase, i.e., to aggregate the individual preference values for obtaining the group
preference using OWA (Ordered Weighted Averaging) operator [70], and (3) exploitation
phase, i.e., to compute the ranking of the alternatives by group preference. These phases are

detailed in Section 3.3.1 to Section 3.3.3.
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3.3.1 Thetransformation phase

The first step of this phase is to form a collection of users into a group. Each user has
to evaluate a list of aternative criteria, and then assign an ordering preference to the

aternatives individually. The users alocate orderings based on their own preferences and

subjective judgments. For example, there is a list of aternatives, A={a,,a,,a;}, and
User, sortsthese three aternatives according to his’her preference such as A¥ ={a,,a;,a}
which means User, assigns 1% order to a,, 2™ order to a, and 3 order to a,, that is,
User, prefers the criterion a, to the other two criteria  This collection is called
“Preference Ordering / PO” [68]. For a specific User, , it can be reformulated as
O“ ={o/,05,..,05} , where m is the number of alternative and Of, means the order
assigned to alternative a.. In this example, O*={312} and it denotes the preference
ordering for User, who prefers a, to a, and a. Next, atransfer function is applied to
convert those individual ordering of alternatives to a “Preference Relation” [66],[68], pi']-‘,
which characterizes the ordering preference degree between alternative a and a; expressed

by user User, asfollows:

1 o o
K= fo* o ="(1+—1 - (7)
= fhoh =S - %

where pi:-< is a preference relation which denotes that a user User, has a subjective

ordering preference of the dternative & over dternative a@; and m is the number of

aternatives. The transformation function, f, will satisfy that increase in OT and decreasein
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Oik increases the value of pi'j(. This is due to the fact that the lower ordering number

represents that the user prefers the aternative, and vice versa

3.3.2 The aggregation phase

This phase computes the collective preference, p;. The value of P is an

aggregation of n users’ ordering preferences, { pﬁ pi?} , by means of afuzzy majority [67].

A fuzzy mgjority is obtained by combining the OWA (Ordered Weighted Averaging) operator
[70] with a fuzzy quantifier. The merging of the OWA operator and the fuzzy quantifier Q

specifies the collective ordering preference on each alternative as follow:
1 n
n
P} = Fo (i Pj) = D Wi b ®)
i=1

where W =Q(i/n)—Q((1—1)/n), and b, is the i-th largest value in the collection
{ pﬁ pi';} ). FQ is the OWA operator combining the fuzzy quantifier Q to aggregate the
individual preference values and to obtain the collective ordering preference of all users.

3.3.3 The exploitation phase

The exploitation phase has as a consequence the identification of the priorities of
alternatives of group preference.  Two well-known fuzzy ranking methods are used in this
phase which are: Quantifier Guided Non-Dominance Degree (QGNDD) and Quantifier

Guided Dominance Degree (QGDD) [65].
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3.3.3.1 Quantifier Guided Non-Dominance Degree (QGNDD)

The authors of [75] developed a method for fuzzy ranking by means of fuzzy preference
relations. The method determines the relative preference degree of aternatives. The
Non-Dominance Degree (NDD) of fuzzy ranking can be calculated for an individua

preference relation, and is formulated as follows:

Uypp =1- max{ p(j:i - pi(j:’o} (9)

From Equation (9), the membership function (&) can be interpreted as the

degree to which @, is not dominated by any other a;(j=1...m,j#i), where mis the

number of aternatives. The function o (&) is able to find the highest ranking of

aternatives. One criterion with highest value of NDD indicates that it is not dominated by
the remaining criteria.  For a linguistic quantifier Q (e.g. “most”), the NDD of the linguistic

quantifier is denoted as Quantifier Guided Non-Dominance Degree (QGNDD) as:

QGNDD (&) = Fo(1-dj, j=1.m,j#i) = Zm:vvi.bI (10)

where dj =max{ pj — p;.0} , w=Q(i/m)-Q((-1)/m), and b isthei-th largest value

in the collection (1-d},j=1.m,j#i). QGNDD(a) specifies the degree which a, is

not dominated by afuzzy majority of the remaining criteria[68].

It is recognized that the solution offered by Equation (10) is that the fuzzy mgjority of

the remaining aternatives @;(j =1...,m) does not dominate the alternative ;. All the

ordering preferences on the alternatives can be calculated by the application of Equation (10)

to prioritise their order.
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3.3.3.2 Quantifier Guided Dominance Degree (QGDD)

QGNDD cannot discriminate between the ordering of preferences, when U\pp Of

numerous alternatives are Unfuzzy Nondominated (UND) solutions [75],i.e. pypp (@) =1.

For instance, UND occurs when u(a,) > 0.8, which represents the “most” quantifier. In

order to avoid simultaneous existences of UND solutions, the resulting fuzzy ordering needs
to be validated by other fuzzy ranking methods, i.e. Quantifier Guided Dominance Degree

(QGDD). According to [65], the Quantifier Guided Dominance Degree (QGDD) which is
defined in Equation (11) can quantify the ordering preference dominance that @, hasover all
the others where a; (j=1,...,m) using the fuzzy majority concept. Asaresult, it is able to

prioritize the final collective ordering preference. Therefore, QGDD is used to validate the

fuzzy preference ordering of alternatives derived from Equation (11) as follows:
QGDD(&;) = Fo (py, j =1..m/i # |) (11)

m

where FQ(ai,aQ,...,am):Zvvi.h, W =Q@(/M-Q((I-1)/m), and b is the i-th largest

i-1
value in the collection (a,,a,,...,4,,). If the “UND” solutions have occurred (more than

one aternative has the UDD value is 1), then it will be better to make the final preference

ranking of each alternative by applying the results of QGDD.

3.4 Pseudo-Order Preference Model (POPM)

In Section 3.3, it is assumed that user preferences between various criteria are collected
by a popular method — “Preference Ordering / PO” [66]. PO can be used to gather the

ordering between different criteria but PO cannot distinguish the imprecise favourite degree
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(or distance) between two adjacent criteria. It is assumed that preference ordering over the
criteria is precise and the order for alternatives based on group preferences is complete. In
other words, PO requires users to provide their preference over different criteria in precise

sequences (complete order).

In some case, however, a user might depict that “These two criteria are almost identical
(indifferent) to me” or “I can not distinguish the importance between these two criteria”. In
such case, PO is not applicable because the users do not have enough knowledge or
information on unfamiliar criteria.  So it is difficult to provide the complete orders for
indifferent or indistinguishable aternatives. For example, some users find it difficult to
distinguish the relative importance of Cheap and Comfortable. In this situation, another
collection method, Pseudo-Order Preference Model (POPM) [71],[72], isintroduced to collect
users’ preferences. This does not require the usersto express their preference for aternatives
in complete order. The importance of aternatives is collected pair by pair in the form of

fuzzy preference relations.

Further, the POPM is aso helpful in facilitating a group of users in finding the most
important (top-N) alternatives, when numerous criteria exist. System complexity can be
reduced by limiting the number of alternatives and the performance can then be increased.
Once the top-N alternatives are produced, the RMGDP process, described in Section 3.3, can
be adopted to resolve the quantified consensus weightings for these important alternatives.

The steps for the POPM are detailed as following.

First, a number of users have to be formed as a group: User, , (k=1,...,m). Each user
hasto evaluate a set of dternativesA={a, |i=1,..., n}, and assign the relative importance to

each pair of dternatives, P(0f,0%), which denotes the value that the User, allocatesto the
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ordering preference of alternative @ over dternative a; based on their own preferences

and subjectivejudgments.  P(0f,0%) canbeusedin placeof the P usedin Section 3.3.

There are three fundamental preference relations existing in the classical preference
structure. These relations are: (1) Strict preference (P), (2) Weak preference (Q) and (3)
Indifference (1), and they are applied to represent an imprecise preference relation, based on

the richness of service information. P, Q, and | describe the imprecise ordering preference

degree between alternative @ and @; expressed by User, asfollows[71],[76]:

Strict preferencerelation: P (0%,0%) - P(0%,0%) > p (12)
Wezk preferencerelation: ¢ < P(0,0%) - P(0%,0%) < p (13)
Indifference relation: | P(0" ,O'j) - P(O‘} ,0“) < q (14)

where the preference threshold p and indifference threshold g are defined to distinguish strict

preference, weak preference, and indifference relations. When the difference between Oik
and 0;( exceed p, it indicates that User, strictly prefers Oik to o'j‘. Furthermore, if the

difference between Oik and 0;( is smaller than g, it means that Oik and o'j‘ are regarded

as no major difference between them.

The POPM follows the classical preference structure, which is described above, and has
a special case caled Semi-Order Preference Model (SOPM) that is adopted to reach the
consensus among a group of users. The SOPM is applied only when user’ preferences
remain imprecise, uncertain or ambiguous or there are too many aternatives. The SOPM
could help to identify the most important alternative (top-N) in numerous criteria and filter

out those that are insignificant.
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The SOPM, the special casewhen p=0,q= 0, isapplied to gain the nondominance set
of aternatives when the relative importance of each user is predictable [76]. In such cases,
the weak preference relation is neglected, and only the indifference threshold is employed to

discriminate between the preference and the indifference relation. The relations between

two aternatives for aspecific User, are shown as follows:

Va and a; € A,
Preferencerelation: P (0%,0%) — P(0%,0%) > q (15)
Indifferencerelation: | P(0',0%) — P(0%,0%) < q (16)

where indifference threshold g are defined to distinguish the preference degree between &

and a, .

According to the results derived from Equations (15) and (16), the collective preference

(p;) for the group of user, User,, (k=1,..,m), can be aggregated by the weighted sum of

k Ak . ;
P(0’,0;), as shown in Equation (17).

pec = Z w, - P(o"i,o'j), where Z w, =1, (17)

k=1 k=1

Since it is difficult to reach a full consensus while aggregating, soft-consensus [65] is
adopted for determining the group preference.  The weighting vector w, can be computed

by the OWA operator [70].

After the computation of pﬁ, the Outranking and Incomparability relations for the

group of users, User, , (k=1,..,m), can be determined by the following Equations [72]:
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Outranking relation: P’ -P;>q (18)

Incomparability relation: [P — P < q (19)

According to Outranking relation and Incomparability relation, the consensual
preference order of alternatives can be identified. It is based on the relative importance of
criteria for service discovery, which can assist in screening insignificant criteria in the

evaluation process.

Once the top-N alternatives are obtained, the RMGDP process, described in Section 3.3,
can be adopted in turn to gather the quantified consensus weightings for these important
aternatives. It isimportant that the steps for POPM / SOPM can be skipped when the users

are confident with their preferences and the number of alternativesis appropriate.



CHAPTER 4 THE PROPOSED ARCHITECTURE - AN

APPROACH TO CONSENSUS-BASED SERVICE DISCOVERY

4.1 Elaboration for the architecture and the key components

Web service technologies contain a set of standardized languages for describing
interfaces and communication protocols which increase software interoperability. Service
consumers or software developers can construct new services by composing existing services
over the Internet. The provision of service discovery is a step towards semi-automatic or
automatic Web service composition. Traditional information systems that may include
database systems (data repository) can be wrapped by Web service technologies to become a
service. In this case, the information associated with the interfaces and capabilities of the
service may not be sufficient for consumers to locate their required services, as they have
more interest in the contents within data repository. In addition, the users or systems may

use vague requests, so fuzzy terms may be included in the query.

Such situations require extra descriptions for the data. Having a higher level of
abstraction to describe the resident information or data could facilitate the service consumers
in identifying their required services. The proposed architecture ams to represent the
underlying data of Web services abstractly using fuzzy logic and semantic web technologies
in order to optimize the discovery process. It also allows service consumers to employ
imprecise terms in queries used to discover appropriate services. The architecture and key

components will be detailed in the following sections.

-B5-



4.1.1 General description and basic scenario

2 Services [Liscavered Registry

o i = Services Description

€ T1oB1| Vagie . Fuzzy
Discovery

Feedbag Semantic

Service Information
(Sernvice Category + Raw datu)

Figure4-1 The proposed architecture for a consensus-based service discovery

The proposed architecture, as shown in Figure 4-1, it comprises a number of components,
including Fuzzy Classifier, Fuzzy Engine, UDDI / OWL-S Registry, a Fuzzy Discovery, and a
Fuzzy Moderator. Furthermore, two behaviours are identified namely the Service Providers
(the right side) and Service Consumers (the left side). The basic scenario for this

architecture is divided into 6 steps which areillustrated as follows:

Sep 1. Various Service Providers prepare the advertisements for their services and publish

these advertisements to an UDDI / OWL-SRegistry for further inquiry.

Sep 2. For each service, Fuzzy Classifier will examine its service category and the raw data
for the purpose of forming a higher level abstraction of the underlying data provided by a
service. A higher level abstraction is “one” kind of quality rating for a specific service (or
Qo0YS), such as quality rating for Cheap, and will become part of the information advertised in
the Registry. This step is called pre-classification and is based on the inference rules preset

in the Fuzzy Engine.
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Sep 3:  Any Service Consumer (e.g. a consumer in Taiwan) expresses his / her needs to
Fuzzy Discovery for finding services. For example, a consumer may state “lI need a cheap
flight to UK”. This request is vague and contains a quality rating (QoS) description for the
desired services. Fuzzy Discovery will search the advertisements stored in the Registry
based on the higher level abstractions — Cheap and the basic capability — a flight from Taiwan

to UK. All requests from Service Consumers are processed individually.

Sep 4. After filtering, Fuzzy Discovery returns the appropriate services which fulfil both the
capability and quality requirements, where the capability information is provided by Service

Providersin Step 1 and quality ratings of the service are pre-classified in Step 2.

Sep 5:  Service Consumers or their agents provide their feedback about the discovery and /
or express their expectation of the specific term for quality rating, e.g. Cheap. Although
requests are processed individually, these user preferences will be accumulated in Fuzzy

Moderator.

Sep 6: Fuzzy Moderator will be activated to reach a consensus based on the accumulated
user preferences, for example, forming a consensus on the term Cheap. This would lead to
the modification to the inference rules and trigger another classification in step 2 with the new

consensus-based criterion Cheap.

The reasons to activate the Fuzzy Moderator will be discussed in Section 4.3.3. The
detail operations of UDDI / OWL-S Registry, Fuzzy Classifier, Fuzzy Engine, Fuzzy

Discovery, and Fuzzy Moderator will be elaborated in the following sections.

4.1.2 UDDI / OWL-S Registry

The proposed framework adopts standard UDDI as a tool for advertising Web services.

However, the information represented in UDDI lacks well-defined meaning, so it cannot fully
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support computers and people to work in cooperation. With the complementary support

from Semantic Web technologies, the descriptionsin UDDI can be modelled in OWL-S.

Service Providers use OWL-S descriptions such as ServiceProfile, ServiceModel and
ServiceGrounding to describe their services (but not including the values of quality ratings).
Therefore, these become parts of the ontology in the OWL database. The OWL database is
regarded as a data dictionary which resolves the different representations of one concept.
The OWL database provides the ability to handle the semantic issues for several components,

e.g. Fuzzy Moderator, Fuzzy Classifier and Fuzzy Discovery.

Retaining a list of Semantic Webs in UDDI provides a convenient way to discover Web
services, as the ServiceGrounding in OWL-S is able to locate WSDL documents and the
associated Web services. The description of services can be machine-understandable
concepts.  Figure 2-10 shows the mappings between UDDI and OWL-S[15]. This enables
UDDI and OWL-S to work seamlessly together for the autonomous Web service discovery

and execution.

This work adopts the general UDDI and OWL-S standards as tools to solve the semantic
issues. The performance and deployment issues for a UDDI Registry, however, are out of

the scope of this work.
4.1.3 Fuzzy Classifier and Fuzzy Engine

Fuzzy Classifier contains essential predefined knowledge for interpreting and classifying
(rating) the information residing in Web services. It consists of primitive and composite
fuzzy terms, modifier and quantification fuzzy terms, and fuzzy rules (i.e., inference rules for
the Fuzzy Classifier). Primitive terms are a set of atomic terms that represent a collection of

the raw data A primitive term is derived from a fuzzy set A which is defined as
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sz'qu(x)/x, where x is the actua value, u,(X) is a member function and the value

domain islocated between 0 and 1.

Composite terms are generated through the combination of primitive terms and fuzzy
rules. Because there is no specific QoS model provided in this case, it is assumed that the
ingredients of a composite term are independent to each other. Composite terms can also be
represented in fuzzy rules, whenever heuristic associations between terms are required. The
guantification terms are also used to model the probabilities of occurrences. A statement can
be altered by a modifier thereby making the statement a little more imprecise. In other
words, the statements associated with quantification and modifier terms are represented in

fuzzy rulesfor the purpose of reasoning.

The Fuzzy Classifier extends the aforementioned rules and their combinations to provide
powerful classifications on the data resident in services in order to produce higher level
informative declarations (quality rating or QoS value for Web services). After classification,
each service will be rated by a QoS value as a higher level abstraction of one specific concept.
This value will be inserted into the Registry as a part of the advertisement which was not
available in the original OWL-S descriptions. If it is required, each service stored in the
Registry can be rated from various perspectives, which means different QoS vaues will be

produced and inserted into the registry.

The fuzzy rules (inference rules) are stored in the Fuzzy Engine which drives the Fuzzy
Classifier to carry out the classification and evaluate the values of QoS for Web services.
The example shown in Figure 4-2 illustrates that a service, SS, providing only a widget with

price $100 will be rated to 0.8 when the specific inference rule, Cheap, is applied.
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Figure4-2 Anexamplefor the classification process

4.1.4 Fuzzy Discovery

Service Consumers express their needs to Fuzzy Discovery for finding services. For
example, one consumer (in Taiwan) may state “I need a cheap flight to UK”. Thisrequest is
vague and contains a quality rating (QoS) description for the desired services. Fuzzy
Discovery will search the advertisements stored in the Registry based on a higher level
abstraction — Cheap, the basic capability — a flight to UK and the context — departing from
Taiwan. All Web services compliant to these capability requirements will be selected from
the Registry and held in the Fuzzy Discovery for further filtering. Owing to the constraint,
Cheap, those Web services whose quality rating value for Cheap is considered not cheap will
be ruled out. The filtering criterion is based on the threshold 6. The value of 6 is
dynamic and is determined by the default setting in Fuzzy Discovery or by consumers’

personalization settings.

It is not mandatory to have vague inquiries. Sometimes, Service Consumers might
place the standing orders precisely, such as “I need a flight to UK. Budget is 100”. Insuch

case, Fuzzy Discovery provides a function that can convert crisp requests from Service
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Consumers into fuzzy requests. In this situation, this request, “Budget is 100", will be
transformed into fuzzy term — “QoS-Cheap exceeds 0.8” according to the inference rules
stored in Fuzzy Engine as shown in Figure 4-2. It is important to have crisp terms
transformed into fuzzy terms for the use of approximate reasoning, as the higher level
informative declarations (quality rating descriptions) for services have been represented in

fuzzy terms.

The use of Fuzzy Discovery enables the architecture to discover the required Web
services in away that allows Service Consumers to use vague queries and filter out those that
are insignificant as based on the quality rating about the underlying data about Web services.
Other linguistic vague inquiry methodologies could be applied into Fuzzy Discovery, such as
finding a ‘most’ Cheap or a ‘very’ Cheap flight, but these enhancements go beyond the scope
of this dissertation. The further descriptions on the linguistic search method, such as

Possibility Relational Universal Fuzzy (PRUF), can be found in articles [17],[22].

4.1.5 Fuzzy M oderator

At the initial stage, the arbitrary fuzzy rules are applied to classify each of the Web
services and produce a higher level abstraction about the underlying data provided by the
service. However, the initial fuzzy rules may not be objective so the query results might not
conform to consumers’ opinions. It is important to moderate the rules according to service
consumers’ feedback. Fuzzy Moderator implements a moderation method called Moderated
Fuzzy Discovery Method (MFDM) which bridges the gap between the expectations and
preferences of Service Providers and Service Consumers. This is the key feature of the

proposed architecture.

Fuzzy Moderator has the ability to keep track of the service consumers’ feedback after

they evauate the result of each vague query request and it is also capable of reaching one
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common consensus opinion from those subjective feedback opinions. Fuzzy Moderator is
able to incorporate iteratively users’ subjective opinions and preferences, and transform them
to less subjective ones. In principle, the more feedback gathered from users, the less
subjective the consensus is. This is due to the generalization of their opinions and
expectations. The feedback will be accumulated and calculated in the Fuzzy Moderator for
further ‘moderation’ use. 1t is assumed that the feedback collected in this study is gathered
by questionnaires but questionnaire is not the only way (or the most efficient way) to collect
user feedback. There are some manners applied in the field of data mining can be used to
automatically collect feedback from the Web logs. However, these studies go beyond the

scope of this dissertation.

This mechanism assists the service consumers and providers in reaching consensus on
using the fuzzy terms and the preferences over the selection criteria. It is assumed that Web
services consumers and providers possess different opinions and preferences on the required
services. The moderation mechanism ensures consensus by taking into account those
opinions and preferences which are accepted by the majority of service providers and

consumers.

The proposed of moderation is to modify the fuzzy rules. After the consensus has
been reached, the initial inference rules (fuzzy rules) can be moderated with less subjective
opinions. Therefore Fuzzy Classifier will be triggered to do another classification with new
consensus-based rules and new quality ratings for each service will be produced.
Consequently consumers are expected to have a greater level of satisfaction with the discovery

results, as the gaps between the consumers’ and providers’ expectations have been reduced.

The way of reaching consensus over their expected services among service providers and

consumers can be considered as a problem of aggregation of a number of opinions for group
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decision making. In this case, the problem is complicated by the introduction of the fuzzy
opinions by the consumers and providers. The detailed explanation about how to reach a

consensus was provided in Chapter 3 and will beillustrated by case studies in the future.

4.2 System range and constraints

The proposed architecture is illustrated in the context of Semantic Web services
throughout the dissertation. It is to serve the purpose of fully demonstrating the procedures
of the proposed approach by case studies. But the proposed approaches, a consensus-based
service discovery, and the approach for reaching a consensus, Moderated Fuzzy Discovery
Method (MFDM), are not limited in the field of Web service discovery. It can be applied in
any specific domain where service discovery is made based on the independent feedback
which represent the quality rating of the underlying content (QoS or reputation), and gaps
exist between the expectations and preferences of service providers and consumers. It is not
suitable to have providers setting their own QoS or reputation values subjectively. The
proposed approaches are helpful to form the values objectively based on the consensus, and it

can beiteratively applied for reaching a consensus to mitigate these gaps.

However, this architecture has its own constraints. Firstly, the proposed method is
based on pre-classification to evaluate a service. Any service that is initially entering into
the registry can only be searched by its capability and cannot be discovered by the value of
the quality rating. The value of quality rating may not be up-to-date but this problem can be
aleviated by shortening the pre-classification interval. However, dynamical classification
for each service is not supported in order to get better performance and avoid the superfluous
classification. Secondly, this architecture is based a conceptually centralized registry as used
in the matchmaking or broker systems described in Section 2.4.1. P2P is not supported

because it is unreasonabl e to have a provider evaluating his own service objectively.
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4.3 Implementation considerations

This section will describe the considerations for implementation such as implementation
suggestions, handling the outliers and the system sensitivity. The tools used to implement

the prototype will be listed for reference and the OWL ontology designed in the prototype

system will be described.

4.3.1 Implementation suggestions

The hardware and software used to implement the prototype system are listed in Table

4-1.

Table4-1 |Implementation suggestions

Hardware

CPU AMD 2500+
L2 cache | 512K
RAM 768MB DDR-II

Operation System

Windows X P Professional with Service Pack 2

Expert System Java Expert Shell System (JESS) [78],[79]
OWL Editor Protégé 3-1-Beta [77]

OWL Parser OWLJessKB [34]

UDDI Server juDDI v0.9rc4 [80]

HTTP Server Tomcat 5.5[81]

Database System MySQL 5.0[82] or textfile

Main Program Language | J2SDK 1.5[83]

Group Decision Making

Mathematica 5.0 [84], Matlab [85]

Figure 4-3 shows an ontology example, OWL expressed in which will be used in the
case studies. Different service providers may use terms, such as Sop, stops or enroute, to
represent the number of landings (or departures) during a given flight in their proprietary

systems. However, these terms are considered to be the same within the ontology.

Moreover, cost, fare and value are considered as Price.




Air_Time

Price (Departure_Tim§ @rrival_Tim§ < Stop >
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Figure 4-3 An example of OWL definition

4.3.2 Handling the outliers

The outliers are the feedback messages which are provided by malicious users during the
phase of feedback collection. It isnot difficult to recognize them. By the use of SAM, it is
easy to calculate the similarity between the new feedback and the activated one. If the
difference is greater than a threshold, it will be regarded as the outlier and it will not be taken
into consideration. However, how to determine an adeguate threshold is not the issue of this

dissertation. All feedbacks are not outliersin the case studies.

4.3.3 System sensitivity

The issue about how frequently the Fuzzy Moderator should be activated to calculate or
trigger the Fuzzy Classification to classify the services depends on the required system
sengitivity. If the system is to be sensitive, the processes can be executed automatically
when some thresholds are exceeded or at fixed intervals (e.g. every day, every week or every
3 months). Otherwise, the procedures can be manually activated when system is considered

to beinsensitive.

The sensitivity depends on numerous reasons such as the number of feedback messages,
the variation of the service content, etc. It depends on what kind of environment this
approach is applied to. It is not appropriate to have a conclusion here. In the case studies,

the system will be set in insensitive mode and the moderation processis triggered manually.
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CHAPTER 5 CASE STUDIESAND PERFORMANCE

EVALUATIONS

This study proposed a consensus-based service discovery approach which attempts to
use the underlying data and information about services as a searching criterion (quality rating).
With the help of classification, the proposed method could refine the search space and
increase the precision rate of service discovery. Fuzzy Classifier, which is used to do the
classification, contains essential predefined knowledge (criteria) for interpreting and
classifying (rating) the information resident in Web services. These criteria can be grouped
into two types. primitive terms and composite terms. Primitive terms are a set of atomic

terms that represent a collection of theraw data. A primitive term is derived from afuzzy set

A which is defined as /X:LuA(x)/x, where x is actua value, 1,(X) is a member

function and the value domain is located between 0 and 1. A Composite term is generated

through the combination of primitive terms (detailed in section 4.1.3).

Section 5.1 illustrates a case study with primitive terms and shows how the SAM process
(section 3.2) is applied to assist in reaching the consensus on a specific primitive term.
Section 5.2 presents a case study with a composite term and demonstrates how the RMGDP
process (section 3.3) is triggered to assist in reaching consensus weightings for the specific
composite term. Sometimes, when users are not confident with their preferences or the
number of classification terms is inappropriate, POPM (section 3.4) could be applied to refine
theterms. Such a case will be depicted in the section 5.3.  The performance evaluation for

each of these three cases will be presented at the end of each case study respectively.
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5.1 Casel - Flight booking case study with primitive term
5.1.1 Scenario and the moderation processfor Case|l

In Case I, the basic steps for Web services discovery are based on the scenario addressed
in Section 4.1.1 and the environment for this case is built upon the flight booking services.
Ten service providers prepare the advertisements for their flight booking services and publish
these advertisements to the UDDI / OWL-S Registry. The raw data (price of flight tickets
from Taipel to Shanghai) for these ten services were obtained from the Web site (source as

[86]) at June 2005.

In Case |, it is assumed that the search criterion, Cheap, isaterm for quality rating which

IS used to represent the cost of a flight ticket. Cheap is a primitive term and defined as a

fuzzy rule. This can be formulated as Cheap(Q), or 6 for brief, where Q represents the
actual cost (underlying data) for a specific flight. It is assumed that C~3mit (see Figure5-1) is

populated with an initiad value and denoted as 6”,“ =(0,0,1450016500) , where

a<b<c<d.
H cheap(x)
A
1
—// | » X
0 14,500 16,500 NTD($)
ab c d
Figure5-1 émn = (0,0,14500,16500)
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Given theinitial values for the fuzzy rule, the inference rule can be applied to derive the

classification result. For instance, if the ticket price is 14500 (NTD), then Cheap(Q) = 1,

according to above fuzzy rule. However, if the price is 15500 (NTD), then the Cheap(Q) =

0.5. Thevaues 1 and 0.5 represent the quality for two different flights under the primitive
term Cheap. Thisisthe way in which Fuzzy Classifier is used to classify each of the flights

stored in one specific service and the average value of all the classification results forms the
quality rating of one specific service. Initially, each of the ten servicesis rated by Emn and

thus each service gets a value which represents its higher level informative declaration

(quality rating or QoS).

Service consumers express their needs, “I need a cheap flight to Shanghai ”, to Fuzzy
Discovery in order to find appropriate flight booking services. This request is vague and
contains a quality rating (QoS) description for the desired services. Fuzzy Discovery will
search the advertisements stored in the Registry based on the primitive term — Cheap, and
satisfying the basic capability — aflight to Shanghai and the context — departing from Taiwan.
All flight booking services compliant with these capability requirements will be selected from
the Registry and held in Fuzzy Discovery for further filtering. Owing to the primitive term,
Cheap, those flight booking services whose quality rating value for Cheap is considered not
cheap will be ruled out. The filtering criterion is based on the threshold 6. The value of
6 is adaptable and is determined by the default setting in Fuzzy Discovery or by consumers

personalized settings.

Each of the ten services is rated by Emn, which is arbitrary initialized or preset under

the agreement of service providers. However, thisinitia C~Imit may not be objective so the

query results might not conform to consumers’ opinions and this gap decreases the precision
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rate of service discovery. It is important to mitigate the gap between the expectations and

preferences of service providers and consumers by moderating the Emit according to

consumers’ feedbacks.

Before the moderation process starts, consumers or users feedbacks should be gathered

and it is assumed that there are a group of consumers, denoted as User; (i =1,2,3,...,n), with
their different subjective opinions on the definition of the primitive term Cheap. These
feedbacks on the term Cheap can be denoted as C: (a,b,c,d) ,wherei indicates the i-th
user, and formulated as following fuzzy sets (see Figure 5-2).

C,(ay. by, c,.d,)=(0.0, 13500, 16500)

C,(ay, by, c,,d,)=(0.0,14500,14500)

(';:?'3(.93. b, C;5.d )= (0.0, 14000, 15500)

C,(ay.b,.c,. d,)=(0,0,11000, 13000)

X
H cheap( )
A
1 \ :Llcheapl (X)
o H cheap, X) —
Q Hcheap, (X) —-—--
,uchea\p4 (X) e
H—t—t—+—+—+— —t—"F—t—> X
0 11,500 12,500 13,500 14,500 15,500 16,500 NTD($)
11,000 12,000 13,000 14,000 15,000 16,000

Figure5-2 Four different fuzzy setsfor Cheap
During the moderation period, the SAM process is applied for gaining the consensus on
the primitive term Cheap. From the application of Equation (1), §; = S(éi,éj), the
degree of similarity for each pair’s opinions, User; and User;, on the term (or criterion)

Cheap can be derived. It shows as follows.
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~ = ~ =~ 86 .~ =~ ~ = 173
SC,,C)=9C,,C)=—,5C,,C,)=5C,,C)=—,
€. =S(C..C) = . S, C) = SC.C) = 1o
~ = ~ <~ 176 _ =~ =~ ~ <. 24
S(Cl,C3) = S(C3’C1) = o S(Cz’c4) = S(C4’C2) =0
181 2

~ = o~ 4 = = ~ ~. 48
S(Cl,C4) = S(C4’C1) = E ) S(C3’C4) = S(C4’C3) = @

Once the similarities of their opinions between all the pairs are obtained, an AM

(Agreement Matrix), Equation (2), can beformed. The result is shown as follows:

1 86 176 4
91 181 5
8 9 113 24
_ 91 178 29
S| e 113 4 a8
181 178 59
4 24 48 4

5 29 59

Once the AM is available, the average agreement degree can be obtained after the use of

Equation (3).
74598
A(USER, )= 82355
1289231
A(USER,) = 1409226
5242283
A(USER; )= 5702586
20884
A(USER,) = 25665

Through Equation (4), each individual RAD can be calculated and shown as follows:

74598 74598 1289231 5242283 20884 3407912R52A
RAD, = =+ ( 42 + + )=

82355 82355 1409226 L702586 25665 133A98585/37

1289231 74598 1289231 L242283 20884 GEEEER489245
RAD., = - =+ ( + + + )=

1409226 82355 1409226 L702586 25665 267397171274

5242283 74598 1289231 5242283 20884 6ER171924185
RAD, = =+ ( 42 + + )=

L702586 82355 1409226 L702586 25665 2RT3IVT1ITIZ2T74

20884 T4598 1289231 L242283 20884 30614252396
RAD, = =({ +- + + )=

25665 82355 1409226 K702586 25665 133698585637
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As mentioned previously, each individual opinion (feedback) is treated with equal

importance in Equation (5), sothat g =0, CDC, = RAD,, and

CDC, = Ry = 13343D6?99815286556236?
CDC, = A, = 2668?83398?418?91224?54
CDC; = RAD; = 2669?13791?912?41128?54
CDCy = RAD, = 133D366194325532536936?

With the application of Equation (6), the consensus on the term Cheap(Q) for four

different users can be aggregated from individual’s feedbacks, 6i (a&,b,c,d) where i

indicates the i-th user.

34079126526
133698585637
68838489245
267397171274
69171924185
267397171274
30614252396
133698585637
G - (0,0, 1780107500778250 1995452328287000
133698585637 133698585637

C = (0, 0,13314.333, 14925.007)

C-=

x C,(0,0,13500,16500) +

x C,(0,0,14500,14500) +

x C,(0,0,14000,16000) +

x C,(0,0,11000,14500)

)

Initially, a subjectively value, 6init =(0,0,14500,16500) , was given for the Fuzzy

Classifier to carry out reasoning. Before the moderation starts, consumers provide their
feedback and their opinions on the term Cheap, then a number of steps for reaching a

consensus have been taken. Finally, a moderated consensus value for the primitive term

Cheap is derived, namely C= (0,0,13314.333,14925.007), to replace the existing one
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(Emn ). Fuzzy Classifier could allow the less subjective value to evolve in order to achieve

better quality of service after more consumers’ feedback has been collected.
5.1.2 Performance evaluation for Casel

A case study with four different service consumers and ten different airlines was adopted
to evaluate the comparative performance of three different approaches. The proposed
approach Moderated Fuzzy Discovery Method (MFDM) is evaluated in comparison to the

Capability Discovery Method (CDM) and the Fuzzy Discovery Method (FDM) [17].
5.1.2.1 Capability Discovery Method (CDM)

In the first experiment, service discovery approach is based on the use of UDDI registry
and the capability search mechanism without involving any fuzzy discovery and higher level

abstraction mechanisms (quality rating). Thisis called the Capability Discovery Method.

The capability matchmaker suggests all the ten Web services to the consumers, since
they satisfy the capability constraints (flight booking service). Thus, each Web service
consumer starts to check whether the actual contents of the Web services can meet their
requirements or not. Figure 5-2 illustrates the fuzzy sets for service consumers that appear

in this case and Table 5-1 shows the results related to the precision rate.

In Table 5-1, service Consumer 1’s fuzzy set for Cheapis C,(a,,b,¢,,d,)=(0, 0, 13500,

16500). It means that Consumer 1 has a subjective opinion on cheap flight price which is
between 0 and 16500. As a result, there are only seven airline Web services can meet
Consumer 1’s requirement. SO the precision rate is 70% (7 / 10 = 0.7). Use the same
principle and apply it to service Consumer 2 , 3 and 4, then different precision rates can be

obtain at 0.5, 0.7, and 0.1 respectively.
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Table5-1 CDM precision rates for service Consumer 1to 4

(ofitemg | Ct cz c3 ct
ChinaEasternAir \% \%

DragonAir

FarEasternAir \% \ \% Y
MacauAir

TransasiaAir \% Vv

JapanAsiaAir

ChinaAir \ \% Vv

CathayAir

EvaAir \ \% \

ShanghaiAir \2 % %

Precision Rate 7/10=07 | 5/10=05 | 7/10=0.7 | 1/10=0.1

5.1.2.2 Fuzzy Discovery Method (FDM)

The second set of experiments in this case is carried out to test the Fuzzy Discovery
Method (FDM) [17]. FDM was deployed after the fuzzy classification had been conducted

on the underlying data about each service. In this experiment, Fuzzy Classifier adopts the
arbitrary Emn =(0,0,14500,16500), where a<b<c<d (see Figure 5-1), as the fuzzy
rule for classification according to the actual cost of a specific flight. Before the FDM is
applied for service discovery, each of the ten services will be rated by dnit and therefore

each service gets a value representing its higher level informative declaration (quality rating

or QoS) on the primitive term Cheap.

Before the FDM can be deployed, the Fuzzy Classifier have to conduct fuzzy

classification on the data provided by each service provider. The initia fuzzy set,

6”“ =(0,0,14500,16500) , is introduced to calculate primitive term Cheap for each service

provider. The classification results are shown in Table 5-2.
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Table5-2 Classification results for each service with C,

init

= (0,0,14500,16500)

Service %Orsc\r/g;s Service ?;Sc\r/:;g
ChinaEasternAir 0.4 | JapanAsiaAir 0
DragonAir 0 ChinaAir 0.16
FarEasternAir 0.5 CathayAir 0
MacauAir 0.47 EvaAir 0.23
TransasiaAir 0.52 | ShanghaiAir 0.16

Suppose that the threshold 6 = 0.25 is adopted for all web consumers. 6, the threshold,
is used in the Fuzzy Discovery to filter out those services that are less likely to meet the
requirement. In this experiment, Fuzzy Discovery only recommends four possible

satisfactory Web services, that is, ChinaEasternAir, FareasternAir, MacauAir and TransasiaAir.

Consumer 2 with fuzzy set 62(a2,b2,02,d2)=(0, 0, 14500, 14500) indicates that his / her

subjective cheap price sits between 0 and 14500. From the evaluation result shown in Table
5-3, it can be observed that only two flight booking services can satisfy his/ her requirement.
For service Consumer 2, the precision rate is 50% (2 / 4 = 0.5). In addition, the same

principle can be also applied to Consumer 1, 3, and 4 and the results are 100%, 100%, and

25% respectively for the precision rates.

Table5-3 FDM precision rates for Consumer 1 to 4 with 6 = 0.25

0=0.25
: C1 Cc2 C3 C4
FDM Suggestions

ChinaEasternAir \Y, \Y;
FarEasternAir \Y \Y, \Y, \Y,

MacauAir \Y; \Y;

TransasidAir \Y; Vv \Y;

Precision Rate for Specific Consumer | 4/4=1|2/4=05|4/4=1|1/4=025

If 0 is 0.5, only FareasternAir and TransasiaAir will be recommended and the precision

rates for FDM arerevealed in Table 5-4.
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Table5-4 FDM precision rates for Consumer 1 to 4 with 6 =0.5

0=10.5
FDM Suggestions cl c < “
FarEasternAir \ \% \ \Y
TransasiaAir \ \% \
Precision Rate for Specific Consumer | 2/2=1| 2/2=1|2/2=1|1/2=05

5.1.2.3 Moderated Fuzzy Discovery Method (MFDM)

The third set of experiments is conducted to test the Moderated Fuzzy Discovery Method
(MFDM). After four service consumers have made the requests via the Fuzzy Discovery and
give their feedbacks or opinions on the primitive term Cheap. The SAM method will be
conducted by Fuzzy Moderator to aggregate the group consensus on primitive term Cheap in

order to produce a more objective inference rule. This process has been detailed in section

511 and a moderated consensus value for primitive term Cheap is derived as

C-= (0,0,13314.333,14925.007). This consensual value will replace the existing one

(Cpfmit =(0,0,14500,16500) ). With the new derived fuzzy set, Fuzzy Classifier will be

triggered again in order to obtain new classification result for the term Cheap. This is

illustrated in Table 5-5.

Table5-5 Classification results for each service with moderated C = (0,0,13314.333,14925.007)

Service %Orsc\r/]:l;s Service ?;Sc\r/:;g
ChinaEasternAir 0.01 | JapanAsiaAir 0
DragonAir 0 ChinaAir 0.14
FarEasternAir 0.5 CathayAir 0
MacauAir 0.1 EvaAir 0.08
TransasiaAir 0.26 | ShanghaiAir 0.13

In this experiment, only two flight booking services are above the threshold 6 = 0.25,

that is, only two possible Web service, FarEasternAir and TansasiaAir, will be recommended
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by Fuzzy Discovery. Consumer 3 with fuzzy set C,(a,,bs,C,,d;)=(0, 0, 14000, 15500)

indicates that his / her subjective cheap price sits between 0 and 15500. From the result
shown in Table 5-6, two of the recommended flight booking services can satisfy service
Consumer 3’s subjective opinion. The precision rate has increased to 100% (2 / 2 = 1), due
to the contribution of the proposed moderation. By applying the same steps to the other
service Consumers 1, 2, and 4, their precision rates would therefore be 100%, 100%, and 50%

respectively.

Table5-6 MFDM precision rates for Consumer 1 to 4 with 6 = 0.25

0= 0.25
MFDM Suggestions 1 c2 <3 C4
FarEasternAir \2 \% \% \Y
TransasiaAir \2 \Y \%
Precision Rate for Specific Consumer | 2/2=1| 2/2=1|2/2=1|1/2=05

If 6 is 0.5, only FarEasternAir will be recommended and the precision rates for MFDM

are revealed Table 5-7.

Table5-7 MFDM precision rates for Consumer 1 to 4 with 6 = 0.5

0=0.5
1 2
MFDM Suggestions ¢ ¢ c3 A
FarEasternAir \% \ Vv Vv
Precision Rate for SpecificConsumer | 1/1=1| 1/1=1 |1/1=1| 1/1=1

5.1.2.4 Summary of Case |

Table 5-8 shows an integrated view of Table 5-1,Table 5-3,Table 5-4,Table 5-6 and Table
5-7. Theaverage precision rates for CODM, FDM and MFDM are indicated in Table 5-8 with

different thresholds.

From Table 5-8, it can be concluded that the proposed Moderated Fuzzy Discovery

Method (MFDM) has outperformed the Fuzzy Discovery Method (FDM) and the FDM has
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produced better precision rate than the Capability Discovery Method (CDM). In addition,

MFDM has performed twice as well asthe CDM in terms of precision rate.

Table5-8 Precision ratesfor CDM, FDM and MFDM with different thresholds

SpeticConomer | L | €2 | @ | & | pgcontae
0 025 05 |025| 05 |025| 05 [025] 05 | 0.25 0.5
CDM 0.7 0.5 0.7 0.1 0.5
FDM 1 1 0.5 1 1 1 |025| 05| 068 | 0.87
MFDM 1 1 1 1 1 1 0.5 1 | 087 1

Through the consideration of quality rating on the perspective Cheap, and the use of the
proposed moderation process, the precision rate of service discovery can be improved by
pre-classifying services and filtering out those services whose quality of underlying content is
not considered as arecommended service. This will save the consumers’ time while

selecting the suitable services.

The results show that CDM is the most imprecise way for service discovery.
Nevertheless, CDM uses general UDDI inquiries where no additional pre-classification is
needed before service discovery. Both of FDM and MFDM need the additional computation
cost for classification (time for evaluating the QoS terms of all services). In this experiment,
the time for pre-classification process is less than 1 second. MFDM consumes extra
0.921875 second for SAM processing time.  Briefly, if CDM is treated as a basis, then FDM
consumes less than 1 additional second and MFDM requires an extra 1.732875(+-0.5)
seconds. The additional time is trivial but it does increase the computational cost when
FDM and MFDM are applied. The cost might vary according to the amount of data and the
number of feedback classifications. Considering the time gained from the increase of
precision rate and the time saved by filtering out the less significant services, MFDM s a

better solution for service discovery.
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In Case I, however, only one perspective, Cheap, is used. Different weightings from
different service consumers for the ingredients of a composite term are not considered. In
addition, the number of consumersis small in Casel. Therefore, in the next case study, a
larger scale of exercises with multiple criteriawill be conducted in order to examine the issues

associated with scalability.

5.2 Casell - Flight booking case study with composite term

5.2.1 Scenario and the moderation processfor Casel|

In the previous case, only one perspective on quality, Cheap, is considered and the
number of consumers is relatively small.  For this reason, a larger scale case with multiple
criteriawill be considered in this section to examine the performance of the proposed method.
This section presents a case study with a composite term and demonstrates how the RMGDP
process is triggered to assist in reaching the consensus over the weightings for the ingredients
of acompositeterm. The MFDM applied in Case || comprises two parts. SAM and RMGDP.
These parts are processed in a sequence so that SAM isinitiated first to gain a consensus from
the distinct opinions on the specific primitive terms. RMGDP then obtains the group

preferences on the different selection criteriawhich are the ingredients of a composite term.

The context of Case Il is also based on the flight booking services. Advertisements of
nine service providers are included in the UDDI / OWL-S Registry. The raw data (price of
flight tickets from Taipel to London) for these nine services were obtained from the Web site
(source as [87],[88],[89]) a August 2005. The feedback in this case is gathered from thirty

practical consumers by questionnaires.

Service consumers may express their needs, “I need a satisfactory flight to London”, t0

Fuzzy Discovery for finding flight booking services. Fuzzy Discovery will search the
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advertisements stored in the Registry based on the QoS term — Satisfaction, and satisfying the
basic capability — a flight to London and the context — departing from Taiwan. All flight
booking services compliant with these capability requirements will be selected and held in the
Fuzzy Discovery for further filtering. Owing to the QoS term, Satisfaction, those services
whose quality rating value for Satisfaction is considered not good enough will be ruled out.
The filtering criterion is based on the threshold 6. The vaue of 6 is adaptable and is

determined by the default setting in Fuzzy Discovery or by consumers’ Settings.

In Case |1, Satisfaction is a composite term defined as a fuzzy rule which represents the
overall quality of aflight ticket. This term is denoted as Satisfaction(Q), or 6 for brief,

where Q represents the underlying data for a specific flight. Satisfaction( Q) can be rated

from five different independent perspectives on a flight ticket and it is derived from the

following primitive terms:

1. Cheap: It isameasurement of the cost of aflight ticket. It is denoted as Cheap(Q)

~

or C. Itisthesame asthe primitive term used in the previous case.

2. DepartureTime: It indicates the desirable (ideal) flight departure time (in minutes). It
is denoted as DepartureTime( Q) or D.

3. ArrivalTime: It indicates the desirable flight arrival time (in minutes). It is denoted as
ArrivalTime( Q) or A.

4. TravelTime: It represents the desirable duration of total travelling time. It is denoted
as Travel Time( Q) or 'F Notice: 'F is not the difference between Z and 5

5. Sops. It represents the number of stops aflight has to make before reaching destination.

It is denoted as Sops( Q) or S.
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H cheapt™)

A
1
—// | » X
0 700 1000  GBP
ab c d
Figure5-3 C,, =(0,0,700,1000)

It is assumed that Emn (as shown in Figure 5-3) is populated with an initia value and
denoted & C, =(007001000) . Similaly, D = (600,66010801260) |,
T... =(0,01700,2200) , A =(720,78011401260) , and S, =(0,022) where

a<b<c<d. Thus, theinitial degree of the composite term Satisfaction(Q), or (Smit , can

be obtained by assigning them with equal weighting and adding them up:

~ ~

Qur =1/5x C:nit +1/5x Dy, +15x% -ﬁnit +1/5 % 'Z}nit +1/5 x énit

Given the initial values for the fuzzy rule, the inference rules can be used to derive the
classification result. For instance, if the ticket price is 700 (GBP), then C:nit = Cheap(Q)
= 1, according to the fuzzy rule shown in Figure 5-3. However, if the price is 850 (GBP),
then Emn = Cheap(Q) = 0.5. The value of 1 and 0.5 represents the quality for two
different flights according to the definition of the primitive term Cheap. The same way can

be applied on D,;,, T, 'Z}nn, and énit to derive the composite term énit' This is the
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way which Fuzzy Classifier is used to classify each of the flights stored in one specific service
and the average value of al classification results forms the quality rating of one specific

servicein related to the composite term Satisfaction.

~

Initially, the arbitrary initialized values, C,., D, T.., Ay, ad S, with equa
weighting will be used as inputs to derive émn , and each of the nine services will be rated by
Qnit and thus each service gets a value which represents its higher level informative

declaration (quality rating or QoS). However, thisinitia émn may not be objective so the
query results might not conform to consumers’ opinions and this gap decreases the precision
rate of the service discovery. It is important to mitigate the gap by moderating the (Smn

according to consumer feedback. Later, these arbitrary initialized values will be replaced by
the consensus values derived from the SAM resolution process. After the RMGDP process,
the initial equal weighting will also be modified to reflect the situation based on consumer

feedback.

The SAM Process:

Consider a group of service consumers, User, (i=123,...,30) , having different
subjective opinions on the definition of the primitive term Cheap. These preferences for the
term Cheap are listed in Table 59 and it can be denoted as C~3i(a1-,b|,(‘,,,di), where i
indicates the i-th user, and formulated as fuzzy sets. For example:

C,(a,b,c,d;) =(00450,600),

C,(a,,b,,c,,d,) =(0,0,500,650),

C,(a,,by,c,,d;) = (0,0,500,700),

C,(a,,b,,c,,d,) =(0,0,600,800), ..., and
Cso(aso , b30 1 C301 dso) = (0,0,600,700)
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Consumer feedback or preferences for the remaining terms, DepartureTime, Travel Time,

ArrivalTime, and Sops, were also collected from the same 30 consumers. These are denoted

s D(a.h.c.d), T(a.b.c.d), A@.b,c.d), ad S(.b.c.d), ad ae

recorded in Table 5-10 to Table 5-13.

Table5-9 Consumers’ preferences for Cheap

C(a.b,c.d)
i=1] (0,0,450,600) | i=16] (0,0,500,700)
i=2| (0,0500650) | i=17| (0,0,600,700)
i=3| (0,0500,700) | i=18| (0,0,700,900)
i=4| (0,0,600,800) | i=19| (0,0,600,900)
i=5| (0,0,700,900) | i=20| (0,0,700,1000)
i=6| (0,0400500) | i=21| (0,0,800,1100)
i=7| (0,0500,700) | i=22| (0,0,500,700)
i=8| (0,0,800,900) | i=23| (0,0,700,900)
i=9| (0,0550,700) | i=24| (0,0,800,1000)
i=10| (0,0500,800) | i=25]| (0,0,600,800)
i=11| (0,0,400500) | i=26] (0,0,700,900)
i=12 | (0,0450,650) | i=27| (0,0,600,700)
i=13| (0,0,600,800) | i=28]| (0,0,750,850)
i=14 | (0,0,650,900) | i=29| (0,0,700,800)
i=15| (0,0,350,500) | i=30]| (0,0,600,700)

Table5-10 Consumers’ preferences for DepartureTime

D (a,b,c,d)
i=1] (540,660,960,1080) | i=16] (420,540,660,780)
i=2| (420,540,900,1020) | i=17| (360,480,600,720)
i=3|  (360,480,600,720) i=18 | (600,720,840,960)
i=4|  (420,540,600,720) i=19| (600,720,840,960)
i=5| (600,720,840,960) i=20| (480,600,660,780)
i=6| (720,840,1020,1140) | i=21| (480,660,780,900)
i=7| (660,780,900,1020) | i=22| (420,540,720,840)
i=8|  (480,600,840,960) i=23| (600,720,840,960)
i=9| (1260,1320,1380,1440) | i =24 | (420,540,600,720)
i=10| (840,960,1140,1260) | i=25| (420,540,660,780)
i=11| (420,540,660,780) i=26| (480,600,720,840)
i=12| (360,480,660,780) i=27 | (720,840,900,1020)
i=13|  (420,540,660,780) i=28| (600,720,840,960)
i=14|  (480,600,840,960) i=29| (540,660,720,840)
i=15| (600,720,900,1020) | i = 30 | (900,1020,1140,1260)
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Table5-11 Consumers’ preferences for Travel Time

T.(a,b.c,d)
i=1] (0,0,1350,1590) | i=16] (0,0,1410,1530)
i=2| (0,0,1170,1470) | i=17| (0,0,1350,1710)
i=3| (0,0,1350,1650) | i=18| (0,0,1350,1410)
i=4| (0,0,1410,1590) | i=19| (0,0,1410,1470)
i=5| (0,0,1290,1530) | i=20| (0,0,1350,1650)
i=6| (0,0,1230,1470) | i=21| (0,0,1410,1470)
i=7| (0,0,1470,1590) | i=22| (0,0,1470,1650)
i=8| (0,0,1350,1470) | i=23| (0,0,1530,1710)
i=9| (0,0,1470,1530) | i=24| (0,0,1470,1710)
=10| (0,0,1410,1650) | i=25]| (0,0,1350,1530)
i=11| (0,0,1470,1590) | =26 (0,0,1350,1650)
i=12| (0,0,1350,1650) | i=27| (0,0,1470,1710)
i=13| (0,0,1350,1410) | i=28| (0,0,1410,1530)
i =14 | (0,0,1290,1410) | i=29| (0,0,1470,1710)
i =15 | (0,0,1470,1710) | i=30| (0,0,1410,1650)

Table5-12 Consumers’ preferences for ArrivalTime

Aa.b,c,d)
i=1] (540,660,960,1080) | i=16] (420,540,720,840)
i=2| (480,600,1080,1200) | i=17 | (660,780,840,960)
i=3| (540,660,960,1080) | i=18| (660,780,960,1080)
i=4| (480,600,660,780) | i=19 | (840,960,1140,1260)
i=5| (780,900,1020,1140) | i=20| (780,900,1080,1200)
i=6| (480,600,840,960) | i=21| (720,840,1140,1260)
i=7| (480,600,900,1020) | i=22| (420,540,600,720)
i=8| (480,600,840,960) | i=23| (540,660,780,900)
i=9| (480,600,840,960) | i=24| (570,690,840,960)
i=10| (960,1080,1200,1320) | i=25]| (600,720,840,960)
i=11| (720,840,1020,1140) | i=26| (900,1020,1140,1260)
i (780,900,1080,1200) | i =27 | (900,1020,1200,1320)
(660,780,900,1020) | i=28 | (780,900,960,1080)
(600,720,1140,1260) | i=29| (420,540,600,720)
(420,540,660,780) | i =30 (900,1020,1140,1260)

Table5-13 Consumers’ preferences for Sops

S(a.b.c.d)
i=1 | (0012 | i=11 | (0,001 | i=21 | (0,001
i=2 | (0,001) | i=12 | (0,012 | i=22 | (0,0,12)
i=3 | (0,012 | i=13 | (0,012 | i=23 | (0,012
i=4 | (0001) | i=14 | (0,001 | i=24 | (00,12
i=5 | (0012 | i=15 | (0012 | i=25 | (0,0L2)
i=6 | (0012 | i=16 | (0012 | i=26 | (0,012
i=7 | (0012 | i=17 | (0,023) | i=27 | (0,0,12)
i=8 | (0,001) | i=18 | (0,012 | i=28 | (00,12
i=9 | (00,12 | i=19 | (0,023) | i=29 | (0,012)
i=10 | (00,,2) | i=20 | (0023) | i=30 | (0,012
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By the use of Equation (1), S; = S(C~3i ,61-), the degree of similarity for each pair’s

opinions, User; and User;, on the term Cheap can be calculated as follows:

~ = ~ ~. 2 ~ = ~ <~ 7
S(Cvcz) = S(CZ’Cl) =5 S(C27’C30) = S(C301C27) =740
23 13
= = ~ 2\ 7 ~ = ~ =~ ., 53
S(Cl’CS):S(C3'C1):_a S(C28’C30):S(Csovczs):_,
8 131
~ = ~ ~. 3 ~ = ~ o~ 4
S(C1’C4) = S(C4’C1) :Za e S(ngicso) = S(Cso’ng) :a

Once the similarities of opinions between all pairs are obtained, the AM (Agreement
Matrix) for the term Cheap can be formed asfollows. AM isa 30 x 30 matrix. For brevity,

remaining elements of this matrix are omitted and the complete matrix is attached in the

appendix.
1 % % % o O O O O
221 2 B g o o o o
=+ £ 1 £ oo o o @
2 2 £ 1 O o O o
=l o o o o O o O o
o o o o o 1 % % 1
O o O O O % 1 % %
O o O O O % % 1 %
o o o o o 1 % % 1

of the primitive term Cheap

Once the AM for aterm Cheap is available, Equation (3) is used to obtain the average

agreement degree.  For brevity, only four users areillustrated.



4046636820883

A(USER,)) = 0.7566
5348279736 800
3530282949 451
A(USER,) = = 0.8068
4375865239 200
912005413
A(USER,;) = ————— = 0.8353
1091817520
A(USER;) = W =0.8453
57076503120

of the primitive term Cheap

Through Equation (4), each individual RAD can be calculated. Again, only four RADs

are demonstrated for brevity.

RAD, = 0.7566 + (0.7566 + 0.8068 +0.8353 +0.8453) = 0.2332
RAD, = 0.8068 + (0.7566 +0.8068 +0.8353 +0.8453 ) = 0.2487

RAD., = 0.8353 + (0.7566 + 0.8068 +0.8353 +0.8453) = 0.2575
RAD., = 0.8453 + (0.7566 +0.8068 + 0.8353 +0.8453) = 0.2606

of the primitive term Cheap

As mentioned previously, we treated each individual opinion (feedback) with equal

importanceso 8 =0 and CDC, = RAD, (see Equation (5)).

CDC, = RAD, = 0.2332
CDC, = RAD, = (.2487

CDC,, = RAD,, = 0.2575
(__'I)(__TBD = R.‘.I.I)3D = 026[}6

of the primitive term Cheap

Through the use of Equation (6), the primitive term Cheap can be aggregated from 30

different consumers’ opinions, Ei (a.,b,c.d) where i=123,..,30.
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C =0.2332x C,(0,0,450,600) +
0.2487 x C,(0,0,500,650) +

0.2575x C,,(0,0,700,800) +
0.2606 x C,,(0,0,600,700)

C = (0, 0,596.1289, 778.4472)

Initially, a subjective value, Emn = (0,0,700,1000) , was given to carry out reasoning.

Before the moderation starts, consumers provide their feedbacks and opinions on the term
Cheap, and then a number of steps for reaching consensus have been taken. Findly, a

moderated consensus vaue for primitive term Cheap is derived, that is

C= (0,0,596.1289,778.4472) , to replace an existing C,,, . Following the same steps, the

consensus value for the remaining primitive terms, DepartureTime, Travel Time, ArrivalTime,
and Satisfaction, can be obtained as follows:

D= (500.906,623.325,770.581,890.581) ,

T =(0,0,1388.56,1580.58) ,

A = (621.255,741.255,994.676,1064.68) , and

S =(0,0,0.95,1.95)

The above replace existing D, , -an, Z}mt, and §mt respectively. Fuzzy Classifier

could use the less subjective values, 6, D ,1?,/&, and §, to attain better effectiveness in

service discovery, since the new values represent consumers’ have consensus on the definition

of different terms.
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The RMGDP Process:

The SAM method allows service providers and consumers to reach a consensus on the
definitions of primitive terms and derive new values for these terms. However, even with

1

the new values of C : D T, and § the difficulty of determining the value for the

compositeterm Satisfaction(Q) or 5 still exists. This results in the adoption of the equal

~

weighting assigned to Einit : 5”]“, T Amt, and énit which are the contributing elements

for the value of 6 . Note that default weighting (equal weighing approach) may not be a

realistic assignment. In order to model the composite term in away that can be acceptable to
service consumers and providers, it is essential to take their preferences into account. Thus,
the service consumers have to express their preference on terms Cheap, DepartureTime,
Travel Time, Arrival Time and Stops, explicitly in the order accorded to their importance (thisis
so caled preference ordering). Through the use of RMGDR, the group consensus on the
importance of different criteria based on their subjective preferences can be reached. Finally,
two indexes, GDD and GNDD, can be used to determine the weighting for each individual

criterion. Asaresult, the composite term can be defined less subjectively.

Assume that there is a list of alternatives, A={a,,a,,8;,8,,a}, where a, represents

primitive term Cheap, a, is DepartureTime, a, is TravelTime, a, isArrivalTime, and ag

iIs Sops. Furthermore, each consumer k, denoted as User, (k=123,...,30) , sorts these

aternatives descendingly according to his / her preference as shown in Table 5-14. For

example, User, has a preference A ={a,a,,a,4a,8,} which means User, prefers a, to
a, and a, to a, and User, assigned 1% order to a,, 2" order to a,, 3 order to a,, 4™

orderto &, and 5" order to a,.
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Table 5-14 Individual preferenceson alist of alternatives, A={a,,a,,a,,a,,a}
User # Sorted list User # Sorted list User # Sorted list
k=1] A{13254} k=11| A{13245} k=21 | A{32451}
k=2 | A{13254} k=12 | A{13245} k=22 | A{135.24}
k=3 ] A{15324} k=13 | A{24351} k=23 | A{4,2513}
k=4] A{25134} k=14 | A{34251} k=24 | A{32451}
k=5] A{34512} k=15| A{12435} k=25| A{324,15}
k=6 | A{13452} k=16 | A{13245} k=26 | A{32415}
k=71 A{15324} k=17 | A{14253} k=27 | A{14235}
k=8| A{53421} k=18 | A{53124} k=28 | A{24531}
k=9] A{12354} k=19 | A{14235} k=29 | A{3,24,15}
k=10 | A{3,2145} k=20 | A{24531} k=30 | A{14325}

For a specific

where m is the number of alternative and Of, means the order assigned to alternative a_.

For instance, A’={a,&,a,a,a} can be reformulated as O° ={14,352 . All the

User, , data in Table 5-14 can be reformulated as O ={0/,0},..,0

individual preferences of aternatives are reformulated as shown in Table 5-15.

Table5-15 O ={0f,q},..,0}

0" ={0},0;,0;,0;,05}
k=1 {13254} k=11 {13,245} k=21 {52134}
k=2| {13254} k=12 | {13245} k=22 | {14235}
k=3| {14352 k=13| {51324} k=23| {42513}
k=4| {31452 k=14| {53124 k=24| {52134
k=5| {45123} k=15| {1,24,35 k=25| {42135}
k=6| {15234} k=16 | {13,245} k=26| {42135}
k=7| {14352 k=17 | {13524} k=27 | {13425}
k=8| {54231} k=18| {34,251} k=28| {51423}
k=9| {12354} k=19| {1,34,25} k=29| {42135}
k=10| {32,145} k=20| {51423} k=30| (14325)

For any two ordering preference values, 0,0, assessed by User,, a preference

relation, pi'j< in Equation (7) (Section 3.3.1), shows that User, has a subjective ordering

preference of the alternative a over dternative a;.

ordering o* :{01'(,0'2‘,..,051} can be transformed again into preference relation (pi']-‘) as

follows: (Note that pi? ~ pifs are omitted for brevity.)
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05 075 0625 1 0875 [ 05 075 0625 1 0.875]
025 05 0375 075 0.625 025 05 0375 075 0.625
p;|0.375 0.625 05 0875 075 |,p;|0375 0625 05 0875 0.75

[N

0 025 0125 05 0375 0 025 0125 05 0375
10125 0375 025 0625 05| [0125 0375 025 0625 05
[ 05 025 0.125 0375 0.625] 05 0875 075 0625 1 |

075 05 0375 0625 0.875 0125 05 0375 025 0625
p°(0.875 0625 05 075 1 |, p’ 025 0625 05 0375 075
0625 0375 025 05 075 0375 075 0625 05 0875
0375 0125 0 025 05 0 0375 025 0125 05 |

After transforming preference orderings into fuzzy preference relations, the collective
preference relation pi? can be calculated by using Equation (8) (Section 3.3.2). Inthiscase,

all consumers’ opinions are treated on an equal basis so that the corresponding OWA operator

with the weighting vector would be w = (1/30, 1/30, 1/30, 1/30 ...1/30, 1/30, 1/30) and the

p; isasfollows:

[ 05 05167 04833 0575 0.6542
04833 05 04667 0.5583 0.6375
p;| 05167 05333 05 05917 0.6708
0425 04417 04083 05 05792
10.3458 0.3625 0.3292 04208 05 |

Moreover, the Quantifier Guided Dominance Degree (QGDD) and Quantifier Guided
Non-Dominance Degree (QGNDD) could be obtained using Equation (10) and Equation (11)
(Section 3.3.3). Thelevd of three alternatives importance is evidently identified through the
application of QGDD and QGNDD. Thisresult is shown in Table 5-16. It isinteresting to
note that both QGDD and QGNDD have drawn the same conclusion that is, a,(Travel Time)
> a,(Cheap) > a, (DepartureTime) > a, (ArrivalTime) > a,(Sops) which is shown in

Figure 5-4 and Figure 5-5.
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Table5-16 QGDD, QGNDD and the consensus weightings for alternatives

QGDD a a a a, a5
for (Cheap) | (DepartureTime) | (TravelTime) | (ArrivalTime) | (Sops)
aternatives | 05573 0.5365 0.5781 0.4635 0.3646
QGNDD & a, a, a, as
for (Cheap) | (DepartureTime) | (TravelTime) | (ArrivalTime) | (Sops)
aternatives | 0.9917 0.975 1 0.8875 0.7292
consensus way wa, wa, wa, Wag
Wmatgetlﬁ:;?\isor (Cheap) | (DepartureTime) | (TravelTime) | (ArrivalTime) | (Sops)
fromQGDD | 02229 0.2146 0.2312 0.1854 0.1459
CONSENsUs wa, wa, wa, wa, wag
W;' gg;?\f;’r (Cheap) | (DepartureTime) | (TravelTime) | (ArrivalTime) | (Sops)
from QGNDD | 0.2164 0.2127 0.2182 0.1936 0.1591
QGDD and QGNDD for alternatives
11
QGNDD, 0.9917 QGNDD, 1
095 | w
08 QGNDD, 0.887 QG{[: 0.7292
065 | QGDD, 0.5573 QGDD, 0.5781
0.5 QGDD, 0.5365 \‘\‘
GDD, 0.3646
035 | QGDD, 0.4635
0.2
al a2 a3 a4 a5
Figure5-4 QGDD and QGNDD for alternatives
0.5 The consensus weights for alternatives
0.2312
03 | 0.2229
0.21 |
0.19
0.17
0.15
0.1459
0.13
wal wa2 wa3 wad wab
| —e—CW from QGDD —#— CW from QGNDD |

Figure5-5 The consensus weightings (CW) for alternatives

-90 -




In addition to identifying preference orderings, the value of QGDD and QGNDD can
also be used to calculate the weightings for each alternative. The consensus weightings for

dternatives that are derived from QGDD and QGNDD ae given by

Woepp = (0.2229,0.2146,0.2312,0.1854,0.1459) aI‘IdWQGNDD =(0.2164,0.2127,0.2182,0.1936,0.1591) .
That is, the consensus weightings for the primitive term Cheap is 0.2229 (derived from

QGDD) and the composite term Satisfaction( Q) or (5 can be moderated as:

~ ~ -~ ~ ~

Q =02229x C +0.2146x D +0.2312x T +0.1854 x A +01459x S

5.2.2 Perfor mance evaluation for Casel |

This section describes the evaluation of the proposed approach. The evaluation is based
on a case study that comprises thirty different service consumers and nine different airlines
services from different service providers. The proposed approach Moderated Fuzzy
Discovery Method (MFDM) is evaluated in comparison to Capability Discovery Method

(CDM) and Fuzzy Discovery Method (FDM).
5.2.2.1 Capability Discovery Method (CDM)

The CDM method is a service discovery approach, which adopts the function or
capability of the service as the main criterion for searching. In the first set of experiments,
CDM was adopted without involving any fuzzy discovery and higher level abstraction
mechanisms (quality rating). In this method, the capability matchmaker suggests all the nine
Web services to the consumers, as they satisfy the requirements in terms of capability
constraints. This method is therefore inappropriate as each consumer has to interrogate the
data repositories of each service in order to discover the required service. Table 5-9 to Table

5-13 illustrate the fuzzy sets for the service consumers appeared in Case Il. Table 5-17
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shows the results related to the precision rate.  The fuzzy set for Consumer 1, for example, is

represented as follows:

C,(a,,b;, ¢, d,) = (0,0,450,600)

D, (a,,b;,c,, d,) = (540,660,960,1080)
T.(a, b, ¢, d,) = (0,013501950)
A(a,,b;, ¢, d,) = (540,660,960,1080)
S(a,b,¢,dy) =(0,01.2)

Table5-17 CDM precision rates for Consumer 1, 2, 29, and 30

CDM
Suggestions C1 C2 e C29 C30
(No filtering)
AlitaliaAir v v
BritishAir
Cathay PecificAir \ Vv Vv
EvaAir
KImRoyal DutchAir v} Vv Vv
KoreanAir
MalaysianAir
SingaporeAir \% Vv Vv Vv
ThalAir v v
;gg:ﬁgr(‘gf;:ﬁ; 5/9=05556 | 3/9=03333 | ... |5/9=05556 | 4/9=0.4444

El(ai,bl,cl, d,) = (0,0,450,600) means that Consumer 1 has a subjective opinion on

the price for a flight (between 0 and 600 (GBP)). Consider the other primitive terms,

~

D,, T, A, S, only five services can meet Consumer 1’s requirements.  So the precision rate

iIs55.66% (5/9 = 0.5556). The same principle can be applied to other service consumersin
order to evaluate the precision rates. Table 5-17 shows the derived precision rates 0.5556,
0.3333, 0.5556, and 0.4444 for the Consumer 1, 2, 29, and 30, respectively. Again, precision

rate for the other consumers are omitted for brevity.

-92-



5.2.2.2 Fuzzy Discovery Method (FDM)

The second set of experiments is carried out to test FDM [17]. FDM was deployed

after the fuzzy classification has been conducted on the underlying data about each service.

In this experiment, Fuzzy Classifier adopts the initial composite inference rule, émn =1/5 x

~

C.: + 15 x ISinit + 1/5 x -ﬁnit + 1/5 x Z}nn + 1/5 x énn' to calculate the value for
composite term Satisfaction according to the actual content of a specific flight. Before FDM
Is applied for service discovery, each of the ten services will be rated by @mt and therefore

each service gets a value representing its higher level informative declaration (quality rating
or QoS) on the composite term Satisfaction. The classification results are shown in Table

5-18.

Table5-18 Classification results for each service with Satisfaction, Qnit , with equal weightings

) QoS Valuefor ) QoS Valuefor

Service . . Service . .
Satisfaction Satisfaction
AlitaliaAir 0.6 | KoreanAir 0.5
BritishAir 0.76 | MalaysianAir 0.86
Cathay PacificAir 0.8 | SingaporeAir 0.82°
EvaAir 0.65 ThaiAir 0.65
KImRoyal DutchAir 0.83 * added when value >= 0

Suppose that the threshold 6 = 0.45 is adopted for all consumers. 0, the threshold, is
used in the Fuzzy Discovery to filter out those services with less possibility to meet the
requirement. In this experiment, Fuzzy Discovery recommends all nine Web services.
From the information presented in Table 5-9 to Table 5-13, Consumer 2 has the following

preferences for Satisfaction:
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C,(a,,b,,c,,d,) = (0,0,500,650)
D,(a,,b,,c,,d,) = (420,540,900,1020)
T,(a,,b,,c,,d,) = (0,0,11701470)
A,(a,.b,,c,,d,) = (480,600,1080,1200)
S,(8,.b,.¢c,,d,) = (0002)

Ez(az,bz,cz,dz)=(0,0,500,650) indicates that Consumer 2 has the subjective

opinion on Cheap which lies between 0 and 650 (GBP), Travel Time lies between 0 and 1470

minutes, and Sops is between 0 to 2 stop. Consider the al the primitive terms,

C,,D,,T,,A,,S,, only three airline services can satisfy the consumer’s requirements, and

therefore the precision rate for Consumer 2 is 33.33% (3 /9 = 0.3333). The same principle
is applicable to other consumers. Table 5-19 illustrates that Consumer 1, 2, 29, and 30 gain
values of 55.56%, 33.33%, 55.56%, and 44.44% respectively for their precision rates. The

precision rates for the other consumers are omitted for the sake of brevity.

Table5-19 FDM precision rates for Consumer 1, 2, 29, and 30 with 6 = 0.45

0=0.45
FDM C1 C2 C29 C30
Suggestions
AlitaliaAir \ Vv
BritishAir
Cathay PecificAir \ Vv Vv
EvaAir

KIimRoyal DutchAir v Vv \%

KoreanAir

MalaysianAir
SingaporeAir \% \Y Vv Vv
ThaiAir
Precision Rate for
Specific Consumer

5/9=05556 | 3/9=0.3333 |... | 5/9=0.5556 | 4/9=0.4444
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5.2.2.3 Moderated Fuzzy Discovery Method (MFDM)

The third set of experiments is conducted to test MFDM. These experiments first

employ SAM to gain the consensus from the distinct opinions on the specific primitive terms

(6, IS,'IT,Z, and §) and then employ RMGDP to obtain the group preferences on the

different selection criteria which are the ingredients of the composite term (Section 5.2.1).
MFDM was deployed after the fuzzy classification has been conducted on the underlying data
about each service. In this experiment, Fuzzy Classifier first replaces the initial primitive
terms and it adopts the moderated primitive terms with equal weightings to calculate the value
for composite term Satisfaction according to the actua content of a specific flight.

According to Section 5.2.1, this less subjective inferenceruleis as follow:

-~ ~ ~

Q =1/5x C +1/5x D +1/5x T +15x A +1/5x S, where

C = (0,0,596.1289,778.4472),

D = (500.906,623.325,770.581,890.581) ,

T =(0,0,1388.56,1580.58) ,

A = (621.255,741.255,994.676,1064.68) , and

S =(0,0,0.951.95) .

Before MFDM is applied for service discovery, each of the nine services will be rated by

the moderated (5 and therefore each service gets a value representing its higher level

informative declaration (quality rating or QoS) related to the composite term Satisfaction.

The classification results areillustrated in Table 5-20.
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Table 5-20 Classification results for each service with moderated Satisfaction, CS , with equal
weightings

) QoS Valuefor ) QoS Valuefor
Service . _ Service : .

Satisfaction Satisfaction

AlitaliaAir 0.45 | KoreanAir 0.36

BritishAir 0.48 | MalaysianAir 0.59"

Cathay PacificAir 0.71" | SingaporeAir 0.57

EvaAir 0.58° ThaiAir 0.52°

KImRoyal DutchAir 0.25 * added when value >= 0

Suppose that the threshold 6 = 0.45 is adopted for all consumers. 0, the threshold, is
used in the Fuzzy Discovery to filter out those services with less likelihood of meeting the
requirement. In this experiment, Fuzzy Discovery recommends only seven services which
are satisfactory, that is, AlitaliaAir, BritishAir, CathayPacificAir, EvaAir, MaaysianAir,
SingaporeAir, and ThaiAir. According to the information presented in Table 5-9 to Table

5-13, Consumer 29 has the following preferences for Satisfaction:

629 (a29’ b29’ Coo; dzg) & (0,0,700,800)

D4 (89, By, s, g) = (540,660,720,840)
Tho (B0, Dsg, g ) = (0,014701710)
Ap (80,00, Co, 0,0 ) = (420,549,600,720)
Szg (a29’ b29 1Cog) dzg) = (0,0,:LZ)

The above reveas that Consumer 29 has a subjective opinion on Cheap which sits

between 0 and 800 (GBP), Travel Time which lies between 0 and 1710 minutes, and Sops

rests between O to 2 stops.  Consider the all the primitive terms, 629, 529,T29, :&29, §29 , only

four airline services can satisfy the consumer’s requirements. However, the precision rate
for Consumer 29 has increased to 57.14% (4 / 7 = 0.5714), due to the contribution of the
moderation. Table 5-21 shows service Consumers 1, 2, 29 and 30 obtain their precision rates

57.14%, 42.86%, 57.14% and 42.86% respectively by employing the MFDM.
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Table5-21 MFDM precision rates for Consumer 1, 2, 29, and 30 with 6 = 0.45 (with equal
weightings)

0=0.45
MFDM
(equal weightings)
Suggestions

AlitaliaAir v Vv
BritishAir
Cathay PecificAir \ Vv Vv
EvaAir
MalaysianAir

C1 C2 e C29 C30

SingaporeAir \% \Y Vv Vv
ThalAir

Precision Rate for

Specific Consumer 4/7=05714 | 3/7=04286 |... |4/7=05714 | 3/7=0.4286

After the completion of the SAM process, the RMGDP process is applied to acquire the

consensus weightings for the predefined five criteria.  According to Section 5.2.1, the

consensus weightings derived from QGDD is W, = (0.2229,0.2146,0.2312,0.1854,0.1459) .

Therefore, the composite term Satisfaction with consensus weightingsiis as follow:

~

Q =02229x C +02146x D +02312x T +0.1854x A +0.1459x S

This new moderated (5 will be employed for fuzzy classification in order to obtain new

classification results on Satisfaction. Table 5-22 illustrates the classification results.

Table5-22 Classification results for each service with moderated Satisfaction, (5 , With consensus

weightings

) QoS Valuefor ) QoS Valuefor

Service . _ Service : .
Satisfaction Satisfaction
AlitaiaAir 0.48 | KoreanAir 0.33
BritishAir 0.45 | MalaysianAir 057
Cathay PacificAir 0.72" | SingaporeAir 0.55
EvaAir 0.58° ThaiAir 0.5
KImRoyal DutchAir 0.27 * added when value >= 6
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If 6 = 0.45 is also adopted for all consumers. Fuzzy Discovery will recommends only
seven satisfactorily services, that is, AlitaiaAir, BritishAir, CathayPacificAir, EvaAir,
MalaysianAir, SingaporeAir, and ThaiAir.  According to the information presented in Table

5-9 to Table 5-13, Consumer 30 has the following preferences for Satisfaction:

Cao (g0, By, o B = (0,0,600,700)

ISSO (aso, b30, Cso> dso) = (900,1020,1140,1260)
Too (850, Bag  Cop ) = (0,0,14101650)

ZSO (aso, b30, Cap> dso) = (900,1020,1140,1260)

io (aeo’ bso 1C301 dso) = (0,0,1,2)

It shows that Consumer 30 has a subjective opinion on Cheap which sits between 0 and
700 (GBP), Travel Time which lies between 0 and 1650 minutes, and Stops rests between 0 to
2 stops. Considering the all the primitive terms, only three airline services can satisfy the
consumer’s requirements and the precision rate for Consumer 30 is 42.86% (3 / 7 = 0.4286).
Table 5-23 shows service Consumers 1, 2, 29 and 30 obtain their precision rates 57.14%,

42.86%, 57.14% and 42.86% respectively by employing MFDM.

Table5-23 MFDM precision rates for Consumer 1, 2, 29, and 30 with 6 = 0.45 (with consensus
weightings)

0=0.45

MFDM c1 c2 C29 C20
(consensus weightings)

Suggestions
AlitaliaAir v v

BritishAir

Cathay PecificAir \ % Vv
EvaAir

MalaysianAir

SingaporeAir \ Vv v v
ThaiAir
Precision Rate for
Specific Consumer

4/7=05714 | 3/7=04286 |... |4/7=05714 | 3/7=0.4286
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5.2.2.4 Summary of Case |

Table 5-24 shows an integrated view of Table 5-17, Table 5-19, Table 5-21 and Table
5-23. It showsthe average precision rate for Capability Discovery Method, Fuzzy Discovery
Method, Moderated Fuzzy Discovery Method (with equal weightings) and Moderated Fuzzy

Discovery Method (with consensus wei ghtings).

Table5-24 Average precision rate for CDM, FDM and MFDM with 6 = 0.45

Precision Rate for # of Average
e _ C1 c2 |...| C29 | C30 -
Specific Consumer Suggestions Precision Rate
CDM 9 0.5556 | 0.3333 |... | 0.5556 | 0.4444 0.3926
FDM 9 0.5556 | 0.3333 |... | 0.5556 | 0.4444 0.3926
- dMV\'/:e?g'\fmngS) 7 05714 | 04286 |...| 05714 | 04286 |  0.4476
(Conseng"ls':\?v';’.'ghtmgs) 7 05714 | 04286 |...| 05714 | 04286 |  0.4476

From Table 5-24, it is observed that the proposed MFDM has outperformed CDM and
FDM. With the derived consensus weightings, it also produces better average precision rates
(i.e., 5.5%) than CDM and FDM and the number of suggested services has been reduced by
two. Note that the average precision rate for FDM isidentical to the rate for CDM. Thisis
because that both of FDM and CDM have the same number of recommended services when 60
= 0.45. In addition, MFDM with equal weightings and MFDM with consensus weightings

have the same performance when 6 = 0.45.

For any vaue chosen for the threshold (8) lying between 0.45 and 0.5, MFDM also
produces better average precision rates (5.5% ~ 12.41%) than CDM and FDM as shown in
Table5-25. Inthis case, MFDM with consensus weightings suggests only six services and it

produces even better precision rate than the MFDM with the equal weightings (6.91%).
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Table5-25 Average precision rate for CDM, FDM and MFDM when 0.45< 6 < 0.5

Precision Rate for # of Average
e _ C1 c2 |...| C29 | C30 o
Specific Consumer Suggestions Precision Rete
CDM 9 0.5556 | 0.3333 |... | 0.5556 | 0.4444 0.3926
FDM 9 0.5556 | 0.3333 |... | 0.5556 | 0.4444 0.3926
MFDM 7 0.5714 | 0.4286 |...| 0.5714 | 0.4286 |  0.4476
(equal weightings)
(Consenmg\?vgghtings) 6 06667| 05|..|06667| 05| 05167

The average precision rates with the other thresholds, 6 = 0.5 or 0.55, are shown in Table
5-26 and Table 5-27 which also demonstrate that MFDM is able to produce better results than

CDM and FDM and the number of suggested services has been greatly reduced by four and

five.
Table 5-26 Average precision rate for CDM, FDM and MFDM with 6 = 0.5
Precision Rate for # of Average
e i C1 c2 |...] C29 | C30 o
Specific Consumer Suggestions Precision Rate
CDM 9 0.5556 | 0.3333 |... | 0.5556 | 0.4444 0.3926
FDM 9 0.5556 | 0.3333 |... | 0.5556 | 0.4444 0.3926
MFDM
(equal weightings) D 0.6 06 |... 0.6 0.8 0.5533
MFDM
(consensus weightings) 5 0.6 06 ... 0.6 0.8 0.5533

Table5-27 Average precision rate for CDM, FDM and MFDM with 6 = 0.55

Precision Rate for # of Average
. . C1 c2 |...| C29 | C30 .
Specific Consumer | Suggestions Precision Rete
CDM 9 0.5556 | 0.3333 |... | 0.5556 | 0.4444 0.3926
FDM 8 0.625| 0.375|...| 0.625 0.5 0.4417
MFDM 4 05| 05|..] 05| 075| 0475
(egqual weightings)
MFDM
(consensus weightings) 4 0.5 05]... 0.5 0.75 0.475

In concluson, MFDM has produced a higher average precision rate than CDM by

5.5%~16% and FDM by 3~16% with various thresholds. In Case Il, moreover, MFDM with
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consensus weightings can perform a better average precision rate than MFDM with equal
weightings (at least the same rate). The reason why the average precision rate of MFDM is
not increased dramatically is that the initial values for Satisfaction were set by an experienced
person and these values are close to the consensus values.  Even though it does increase the
average precision rate by 3%~16%, it is observed that the number of recommended servicesis
significantly reduced (by 22%~55%). In other words, with the provision of MFDM, service
consumers do not have to obey the advertisements preset by the service providers and they are
able to use more objective values to eliminate unnecessary consideration of detaills and

increase the precision rate of locating the required services at the same time.

Instead of using a threshold, the discovery mechanism could only suggests those services
which best match the consumers’ requirements. In other words, the discovery mechanism
only highlights those services with the most significant Satisfaction values (best choice).
Under this scenario, FDM recommends airline MalaysianAir (Satisfaction value 0.86),
MFDM (with equal weightings) recommended airline CathayPacificAir (Satisfaction value
0.71) and MFDM (with consensus weightings) suggested airline CathayPacificAir
(Satisfaction value 0.72). Table 5-28 shows that the average precision rates have
dramatically increased to 90%. This aso resulted from the effectiveness of moderation

process.

Table 5-28 Average precision rate for CDM, FDM and MFDM with best choice

Precision Rate for # of Average
. _ C1 c2 |...|] C29 | C30 o
Specific Consumer Suggestions Precision Rate
CDM 9 0.5556 | 0.3333 |...| 0.5556 | 0.4444 0.3926
FDM 1 0 0 .| O 0 0
MFDM
(equal weightings) 1 1 1 1 1 0.9
MFDM
(consensus weightings) 1 1 1 1 1 0.9

-101 -



5.3 Caselll - Flight booking case study with numerouscriteria

In Case I, RMGDP sub-process can be used to obtain the consensus weightings on
different selection criteria which are the ingredients of a composite term. It is assumed that
consumers’ preferences between various criteria are collected by a popular method —
“Preference Ordering / PO” which requires users to provide their preference over different
criteriain a precise sequence (complete order). Sometimes, however, users are not confident
with their preferences and it is difficult to have consumers provide the complete order for
alternatives to which they are indifferent or they find indistinguishable. For example, some

users cannot distinguish the relative importance of Cheap and Comfortable.

In addition, to have too many insignificant criteriais harmful to the system performance.
It is good to find out what the most important (top-N) aternatives are when numerous criteria
exist. System complexity can be reduced by limiting the number of alternatives and the
performance can then be increased. Once the top-N alternatives are produced, the RMGDP
process, described in Section 3.3, can be adopted to resolve the quantified consensus

weightings for these important alternatives.

In Case Ill, Pseudo-Order Preference Model (POPM), described in Section 3.4, is
introduced to help consumers to collect preferences on indifferent or indistinguishable
aternatives and it also helps to reduce the system complexity by selecting only the top-N

aternatives for moderation.

5.3.1 Scenario and the moderation process for Caselll

In Case Ill, the Pseudo-Order Preference Model (POPM) is introduced to collect
consumers’ preferences in the situation which does not require the users to express their

preference for aternatives in complete order. The scenario of Case Ill is aso based on
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searching an appropriate flight booking service. Four consumers and ten airline services are
included in Case Ill.  Consumers have their different subjective opinions on the ingredients
of the composite term Satisfaction. In Case Ill, six primitive terms comprise the composite

term, Satisfaction, to represent the overall quality of aflight ticket. These primitive terms, or

dternatives, are Cheap(a,), MultimediaEquipment(a,), Food(a;), Airtime(a,), Seatsize( ay),

and FlightServiceOfCrew(a,). It is assumed that consumers in Case Il cannot easily

distinguish the relative importance of some of the aternatives and only the top-3 alternatives

are required, hence gaining better performance by reducing the system complexity.

First, POPM can be adopted to prioritize the order of various alternatives by identifying
the relatively most important criteria (top-3) accepted by the four consumers in order to filter
out the remaining three less significant criteria.  For each consumer k, his / her preference

over these six aternatives is not collected (transformed) from a complete order of the sorted
aternatives. Instead, it is gathered pair by pair by using preference relations ( pi'j‘)

[66],[68],[75], asfollows:

(05 06 08 03 04 0.7] (05 08 09 06 07 1
04 05 07 02 0.3 06 02 05 06 03 04 07
, |02 03 05 0 01 04| , |01 04 05 02 03 0.6
Pi=107 08 1 05 04 09/'™ 7|04 07 08 05 06 09|
06 07 09 06 05 0.8 03 06 07 04 05 08
03 04 06 01 02 05] |0 03 04 01 02 05
(05 09 08 06 07 1] 05 08 09 04 0.6 0.7]
01 05 04 02 03 06 02 05 06 01 0.3 0.4
, |02 06 05 03 04 07| , [01 04 05 0 02 03
Pi=104 08 07 05 04 09" Tlos 09 1 05 07 08|
03 0.7 06 06 05 08 04 0.7 08 0.3 05 06
|0 04 03 01 02 05| 103 06 07 02 04 05]
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In fuzzy preference relations, the importance of alternatives is collected pair by pair.

For example, P/ = P, =1 means that both User, and User, completely prefer a, to

3. Ps; =06 and p;; =0.4 indicatethat User, dlightly prefer a, to a,.

Each consumer possesses a fuzzy preference relation and all fuzzy preference relations
can be aggregated to calculate the collective preference relation ( p”c- ) by Equation (8) or (17)

(Section 3.3.2, Section 3.4). In this experiment, the linguistic quantifier ‘most” with pair [0.3,
0.8] is applied to conclude that “most of the consumers agree to six aternatives / criteria for

the flight booking service discovery”. The corresponding OWA operator with the weighting

vector for ‘most” will be w=(0.00,0.40,0.50,0.10) andthe p; isasfollows:

(05 078 0.84 047 062 0.82]
019 05 058 019 03 058
014 039 05 008 023 047
048 079 087 05 048 0.89
034 069 073 047 05 0.78
012 039 047 01 02 05|

P =

By applying various thresholds (g=0.1~0.9) and Equations (18~19), the distinct
preference order for six aternatives can be derived, as shown in Table 5-29. Findly, the
grouped preference order for the six primitive terms is determined when a common
indifference threshold is applied [72]. To identify a distinct top-3 it can be seen from the

following table that g = 0.3, 0.4 or 0.5 will provide such a division. In these cases

{Cheap( a, ), Airtime( a,), Seatsize( a;)} > {MultimediaEquipment( a, ), Food( a, ),

FlightServiceOfCrew(a,)} .
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Table5-29 Derived distinct preference orders for six alternatives with various thresholds

'rﬁgghi:ge Derived Preference  Order
g=0.1 {a;,a,} >{as} >{a,} >{a;,a.}
q=0.2 {a,,a,} >{a;} >{a, a;,a:}
9=0.3 {a,,a,,a5} >{a,,a;,a:}
g=0.4 {a,,a,,a;} >{a,,a;,a,}
g=0.5 {a;,a,,a5} >{a,,a;,a,}
q=0.6 {a,,a,,a85,8,} >{a;,a.}
q=0.7 {a,,a,,a5,8,} >{a;,a,}
g=0.8 {a,8,,85,8,,8;, a5}
g=0.9 {a,,a,,a5,a,,a,,a4}

According to Table 5-29, the top-3 aternatives (a,,a,,a;) are selected to be the most
important primitive terms which are used in Fuzzy Moderator for calculating the consensus

weightings. These three primitive terms will be denoted as Cheap(é), Airtime('F), and
Seatsize(é). The four consumers should bring themselves to an agreement over the
definition of these three primitive terms (é,f . §). For instance, Cheap was initialy

defined as Emn =(0,01450016500). However, the four consumers have different views

on these definitions which are formulated as the following fuzzy sets:

Cy(a,. b ¢, d,) = (0,0,13500,16500 ),
C,(a,.by.c,.d,) = (0,0,14500,14500)
C,(ay, by, cy.dy) =(0,0,14000,15500),
C,(ay.b,.c,.d,) = (0,0,11000,13000 )
S,(a,.b.cp.d)=(15.22525),

S, (ay,by.cd)) = (11,2,2),

Sy (az,by,cq,d;) = (0.8,1,2,3),
S,(a,.b,.cq.d,)=(0.61218.25),
T,(a,.b.c,.d) = (0,0,2.52.5).
T,(a,,b,,c,.d;) = (0,0,2.5,3.5),
Ti(as.b;.c5.d;) = (0,0,1.8.2.8),
T,(a,.b,,c,.d,)=(0,0,1.53)
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In the following, Similarity Aggregation Method (SAM) is applied to calculate the
consensus vaue for Cheap(é ), Airtime(f), and Seatsize(g). After the application of
SAM, theinitial subjective value, Gmn = (0,0,14500,16500) , which was given for the Fuzzy
Classifier to carry out reasoning has been modified to the new derived consensus value:

C= (0,0,13314.333,14925.007) . The same principle is applicable to the other two

primitive fuzzy terms Airti me('F) and Seatsize( S ), and therefore their consensus values are

'F=(0,0,2.0666,2.9379) and §=(0.89111.2008,2.0105,2.5181) respectively.  For

more detailed procedure, please refer to Section 5.1.1.

When the preference order and consensus vaue of the three primitive terms have been
resolved, it is able to adopt the RMGDP process (Section 3.3) to carry out transformation,
aggregation, and exploitation processes in order to reach a consensus on the weightings of

criteriawhich comprise the composite terms Satisfaction.

Assume that each consumer provides his / her preferences on a list of aternatives,

A={a,a,,a,} where a is Cheap, a, is Airtime, and &, is Seatsize, using a preference

ordering o* :{Olk,og,..,o,';} (m is the number of aternatives). For instance, each

consumer k, denoted as User, (k=1,2,3,4), provides his / her preferences on aternatives by

the following preference ordering O'={312} , 0°={132 , O°={123 and
O*={231 . For any two ordering preference values, 0,",0;‘, assessed by User, , a
difference-scale transformation function, pi'j‘ in Equation (7), shows that User, has a

subjective ordering preference of the aternative a over dternative a;. For each

consumer, the preference ordering O ={0,05,..,05} can be transformed into fuzzy
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preference relation ( p;) asfollows:

050 0.75 0.25] [0.50 1.00 0.75]
p; =|0.25 050 0.00|, p; =000 050 025,
1075 1.00 0.50] 1025 0.75 0.50]
(050 0.75 1.00] (050 0 0.25]
p; =|025 050 0.75(, p;j=[1.00 050 0.75|.
10.00 0.25 0.50] 1075 025 0.5 |

After transforming preference orderings into fuzzy preference relations, the collective
preference relation (pi?) can be calculated by Equation (8). In this case, consumers’
opinions are treated on an equal basis so that the corresponding OWA operator with the

weighting vector will be w = (1/4, 1/4, 1/4, 1/4) and pi? isasfollows:

0.500 0.625 0.563
pc=|0.375 0500 0.437
0.437 0.563 0.500

Moreover, Quantifier Guided Non-Dominance Degree (QGNDD) and Quantifier Guided
Dominance Degree (QGDD) could be obtained by using Equation (10, 11), and the consensus
of four consumers is reached as shown in Table 5-30. In the exploitation process, the
derived values of QGDD and QGNDD are used to determine the complete order and
weightings for each aternative. The complete order of primitive terms is the same as the

preference order of the service criteria.  The consensus weightings, as shown in Table 5-30,

for aternatives derived from QGDD and QGNDD are formulated as

Wieop = (0.3959,0.3333,0.2708) and W, = (0.3636,0.3409,0.2955) , that is, the consensus

weighting for Cheap is 0.3959 when consensus weighting from QGDD is adopted. Thus,

theinitial composite term, Satisfaction, with new consensus weightings can be moderated as:

-~ ~

Q =03959x C +03333x T +02708x S

- 107 -



Table5-30 QGDD, QGNDD and the consensus weightings for alternatives

& a, a5 Consensus wa, wa, wa,

QGDD for | (Cheap) | (Airtime) | (Seatsize) | Weightingsfor | (Cheap) | (Airtime) | (Seatsize)
Alternatives Alternatives

05938 | 05000 | 0.4063 | fromQGDD | 0.3959 | 0.3333 | 0.2708

QGNDD a a, as Consensus wa, wa, wag

for (Cheap) | (Airtime) | (Seatsize) | Weightingsfor | (Cheap) | (Airtime) | (Seatsize)
Alternatives

Alternatives | 1000 | 09375 | 08125 | from QGNDD | 0.3636 | 03409 | 0.2955

5.3.2 Performance evaluation for Caselll

To examine the performance when numerous criteria are involved in service discovery, a
case study with four different service consumers and ten airline service was adopted to
evaluate three different methods namely Capability Discovery Method (CDM), Fuzzy
Discovery Method (FDM), and Moderated Fuzzy Discovery Method (MFDM). Three
different sets of experiments were carried out in order to gain their average precision rates and

to examine their average performance.

In the first set of experiments, Capability Discovery Method is used without involving
any pre-classification mechanism. The CDM suggests all the ten Web services to the
consumers, since al of them satisfy the requirements in terms of capability constraints.  So,

the Web service consumers have to interrogate the data repositories to discover the required
service. In one instance, Consumer 1’s fuzzy set for Cheap is (él(al, b,c,,d,)=(0, 0, 13500,
16500)). It meansthat Consumer 1 has a subjective opinion on the price which is between 0
and 16500. S,(a,,b,,c,,d,) = (15, 2, 25, 25) and T,(a,,b,,c,,d,) = (0, 0, 2.5, 2.5) are

the Consumer 1’s subjective opinion on Seatsize and Airtime. There are only five airline
Web services which can meet Consumer 1’s requirement. SO the precision rate is 50% (5 /
10 = 0.5). In the same round, the service Consumers 2, 3 and 4 obtain different precisions

0.3, 0.7, and 0.1 respectively.
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FDM with the same case study was used to carry out the next set of experiments. FDM
was deployed after Fuzzy Classifier has conducted fuzzy classification on the data of each

service. In one of experiments, the FDM only recommends six possible satisfactory services.

Consumer 2 has a subjective opinion for Satisfaction in which éz(az,bz,cz,dz) = (0, 0,

14500, 14500), S,(a,,b,.c,,d,) =(1, 1, 2, 2) and T,(a,,b,,c,,d,) = (0, 0, 2.5, 35).

Its subjective Cheap price sits between 0 and 14500 dollars, Seatsize lies between 1 and 2
units and Airtime sits between 0 to 3.5 hours. Therefore, only two airline Web services can
satisfy its requirement. For Consumer 2, the precision rate is 33.3% (2 / 6 = 0.333). In
addition, Consumers 1, 3, and 4 gained 83.3%, 83.3% and 16.7% for the precision rates

respectively.

For the last set of experiments, SAM, POPM and RMGDP are adopted altogether for
MFDM to aggregate the group consensus on the composite term Satisfaction in order to
produce less subjective inference rules. With the new derived inference rules, Fuzzy
Classifier was able to gain new fuzzy vaues of Satisfaction and consequently MFDM only

suggested three possible satisfactory services. For instance, Consumer 3 has inference rules

for Satisfaction (53(a3,b3,C3,d3) = (0, 0, 14000, 15500), S,(a,,b,,c,,d;) =(0.8, 1,2, 3),

'i';(a3, b,,c;,d;) = (0, 0, 1.8, 2.8)) such that its subjective Cheap price sits between 0 and

15500 dollars, Seatsize lies between 0.8 and 3 units, and Airtime sits between 0 to 2.8 hours.
So, only three airline services can satisfy Consumer 3’s subjective opinion. However, the
precision rate has been increased to 100% (3 / 3 = 1), due to the contribution of MFDM.

Consumers 1, 2, and 4 have their precision rates 100%, 66.7%, and 33.3% respectively.

After al experiments have been carried out and the result of each experiment was

recorded, each consumer’s satisfaction rates with the recommended services were classified
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and averaged according to three different methods for the investigation of their precision rates.
Figure 5-6 shows that the MFDM with 75% precision rate has the best performance. FDM
has produced correct recommendations in just over half of the cases. CDM has only a 40%
precision rate. It can be concluded that the proposed MFDM has outperformed FDM (by
20.8%), and FDM has produced better precision rate than CDM (by 14.2%), and MFDM has

in this cases performed nearly twice aswell (by 35%) asthe CDM in terms of precision rate.

Average Precision Rates for CDM, FDM and MFDM

100.0%
90.0%

80.0% 75.0%
70.0%
60.0% 54.2%
50.0% 100% % /
40.0% /
30.0% /
20.0% /
10.0% /

0.0% %

Capability Discovery Fuzzy Discovery Moderated Fuzzy
Method Method Discovery Method

Figure5-6 Average Precision Rates for CDM, FDM and MFDM
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CHAPTER 6 CONCLUSION AND FUTURE WORKS

Service discovery isacritical process for the automation of Web service composition and
utilization. The existing functiona service discovery methods focus on search using service
capabilities, interface signatures, or functionalities, but these methods have not paid sufficient
attention to the use of underlying data and information on services as a search criterion.
Since the issues associated with service discovery that involves the Web service having data
repositories are not well addressed by the existing methods, these methods are inadequate to
identify appropriate services among the services which have similar functionalities. It
requires service consumers to include additional non-functional aspects (i.e. content of service

or reputation) to evaluate the services.

Although there are a number of service discovery mechanisms based on the use of
non-functional criteria to select appropriate services from a set of overlapping services which
provide similar or identical functions, the aspects used for discrimination, such as such as fees,
security, privacy, time, availability and latency, are technical viewpoints. These can be
extended by considering the underlying data on services as a selection criterion. Moreover,
current Web service discovery mechanisms are based on the search of service advertisements
which are often provided by service providers. However, most of existing non-functional
discovery methods do not address the issues associated with the impact of the diverse
preferences and subjective expectations of service consumers and providers which are

generally used in searching for or in advertising services.

In order to resolve the above issues, this research introduced a consensus-based service
discovery approach which incorporates. the Semantic Web; fuzzy logic, and, group consensus
methods, to improve the precision rate of identifying appropriate services. The main

contribution of this work is that it presents a moderated service discovery mechanism which
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allows services to be discovered not only by the general business advertisements but also can
be discovered according to a higher level abstraction (QoS) of its content using severd

different perspectives (different QoS terms).

Another contribution of this research is that the proposed method, Moderated Fuzzy
Discovery Method (MFDM), provides a method to calculate the value of any QoS parameters
from a group of users. Since service providers and consumers may have different
perspectives on the selection criteria, the proposed MFDM provide the ability to mitigate this
divergence by allowing providers and consumers to reach the consensus on the discovery
criteria and the weightings of these criteria.  MFDM is not proposed to replace most of
existing discovery methods. It is complementary to them as it provides a way to calculate
the value of predefined QoS parameters. It can be applied in any specific domain where
service discovery is made based on independent feedback representing the quality rating of
the underlying content (QoS or reputation), and where gaps exist between the expectations
and preferences of service providers and consumers. It is not suitable to have providers
setting their own QoS or reputation values subjectively. The proposed approaches are
helpful to form the values objectively based on a consensus, and it can be iteratively applied

for reaching a consensus to mitigate these gaps.

The advantage of the proposed method, MFDM, is its |earning mechanism as the MFDM
can be triggered iteratively and it allows the service consumers and providers to have arbitrary
opinions initially and the system will assist them in moderating their expectations and
reaching a group consensus during the process. The more feedback that is gathered from the
users, the less subjective the consensus is, since the subjectivity of users’ opinions is

decreasing and the objectivity of the group’s consensus is increasing.
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Three cases, each with a number of experiments, have been carried out to demonstrate
the effectiveness of the proposed method. The first set of experiments introduced a
non-functional discovery criterion, Cheap, which is a higher level abstraction from the
existing Web services attributes in the trial environment. The QoS term, Cheap, represents
the quality rating of each service in terms of the cost. The proposed method helps
consumers and providers to reach a consensus on the selection criterion Cheap and therefore
service consumers can, not only discover the services with correct capabilities, but can also
locate their desired cheap services by ranking the services according to the QoS term, Cheap.
The second set of experiments introduced a composite QoS term, Satisfaction, which
comprised five primitive QoS terms (Cheap, DepartureTime, ArrivalTime, Travel Time and
Sops). In this set of experiments, the proposed method enables consumers and providers to
reach a consensus on the each of the primitive terms and helps to calculate the degree of
Satisfaction by reasoning with the weightings of different primitive terms.  Thus, consumers
in the second set of experiments can discover the services with higher satisfaction ratings.
The third set of experiments demonstrated how the Pseudo-Order Preference Model (POPM)
is applied to help consumers to collect preferences on indifferent or indistinguishable criteria
and how to reduce the system complexity by selecting only the top-N QoS criteria before the
consensus reaching process. After three sets of experiments, the overall result has shown
that the proposed method could facilitate consumers and providers to reach a consensus on the
discovery criteria, and therefore the proposed method conducts a better average precision rate
than other service discovery methods (by 3%~35%) and can greatly reduce the number
recommended services (by 22%~55% reductions) which is very useful in helping consumers

evaluate the services.

The proposed approach can produce the values for QoS terms and it is applicable to a

number of QoS models, such as [90],[91],[92]. Currently, it is assumed that there is only
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simple dependency among the selection criteria, which in some cases may not be realistic.
The design of a layered QoS model based on an application domain can be considered as
future work. Such a QoS mode should have the ability to keep track of the relationships
between different layered QoS terms and have the ability to deal with partia criteria
Furthermore, the SAM and RMGDP processes can be extend to improve the scalability of the
proposed approach because these processes are based on matrix calculations which can be
extend by divide-and-conquer ways to attain a better performance when there are a large
number of participants involved in the moderation process. It is assumed that users will
change their subjective opinions and preferences in line with the group consensus.  This may
not be the case when users have very strong opinions or when they used to change their mind
quickly, and therefore a sophisticated negotiation (or personalization) system is required to be

in placein order to relax this assumption in the future.
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